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This study compares the sentiment classification performance of Naive
Bayes and Support Vector Machine (SVM). It uses 28247 user reviews for the
Google Play Store app TIX ID collected from Kaggle. The reviews were first
translated into English, then their sentiment was labeled using VADER. After
completing text preprocessing, feature extraction via TF-IDF combined with
1l-gram and 2-gram features, and class balancing through random
oversampling, test results show that SVM achieved an accuracy of 93.45%
and an Fl-score of 93.78%, which outperforms Naive Bayes’ respective
scores of 90.90% accuracy and 91.72% F1-score. Experiments in this study
found that the Support Vector Machine (SVM) outperformed Naive Bayes
across all three evaluation metrics: precision, recall, and Fl-score. This
verifies that the approach consisting of VADER annotation, TF-IDF feature
extraction, and SVM can effectively conduct sentiment analysis on mobile
application reviews, and meets the needs of the industry.

This is an open-access article under the CC BY-SA license.
BY SA

1. Introduction

The rapid development of information technology and mobile applications has significantly changed
the way people interact with digital services. In Indonesia, the increasing use of smartphones and
internet access has encouraged the growth of various digital applications, including online ticket
booking servicess [1], [2]. One of the most widely used movie ticket booking applications in Indonesia
is TIX ID, which has received millions of downloads and a large number of user reviews on Google Play
Store [3]. These reviews contain valuable information regarding user experiences, opinions, and
satisfaction toward the services provided by the application.

User reviews play an important role in evaluating the quality of digital services because they reflect
user perceptions directly [4]. However, the large volume of reviews and their unstructured text format
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make manual analysis inefficient and time-consuming. Therefore, sentiment analysis is needed to
automatically identify and classify user opinions into sentiment categories such as positive and
negative.

Sentiment analysis is a computational technique for identifying the emotional polarity, whether
positive or negative, expressed in a piece of text [5] . Sentiment analysis is a subfield of Natural
Language Processing (NLP) that focuses on identifying and interpreting opinions, emotions, and
attitudes expressed in textual data [6]. In recent years, various machine learning algorithms have been
widely adopted for sentiment classification, particularly in the analysis of user-generated reviews on
digital platforms. Among these methods, Naive Bayes and SVM have consistently demonstrated strong
performance in text classification tasks [7], [8]. SVM is particularly effective in handling high-
dimensional textual data and constructing robust decision boundaries between classes [9], [10]. In
contrast, Naive Bayes is valued for its simple implementation, [11] computational efficiency, and
competitive performance across a wide range of text mining applications.

Before classification can be performed, textual data generally undergo several preprocessing and
feature extraction stages. One of the most commonly used feature extraction techniques is Term
Frequency—Inverse Document Frequency (TF-IDF), which transforms text into numerical vectors by
assigning weights based on the importance of words within a document and across the entire corpus
[12]. Previous studies have shown that TF-IDF is effective in improving the performance of sentiment
classification models [13]. Nevertheless, sentiment datasets often exhibit imbalanced class
distributions, where one sentiment category contains substantially more instances than another. Such
imbalance may negatively affect classification performance, particularly for minority classes [14]. To
mitigate this issue, random oversampling can be employed to increase the representation of minority-
class samples and improve model learning.

In addition, this study employs Valence Aware Dictionary and sEntiment Reasoner (VADER) as an
automatic labeling approach. VADER is a lexicon- and rule-based sentiment analysis tool specifically
designed to evaluate sentiment in social media content and online reviews [15]. Its ability to process
informal language patterns, punctuation emphasis, and common expressions makes it suitable for
analyzing user-generated textual data.

Considering these aspects, this research develops a sentiment analysis framework for TIX ID user
reviews by integrating VADER-based automatic labeling, TF-IDF feature extraction, random
oversampling, and classification using Naive Bayes and SVM algorithms. The primary objective is to
compare the effectiveness of both classifiers in distinguishing positive and negative sentiments
expressed by TIX ID users. Through this comparison, the study seeks to provide empirical evidence
regarding the suitability of these approaches for sentiment analysis of mobile application reviews.
Although VADER, TF-IDF, random oversampling, Naive Bayes, and SVM have been widely applied in
sentiment analysis, their use on TIX ID user reviews has been rarely explored. This study compares the
performance of Naive Bayes and SVM using sentiment labels generated by VADER and validated
through user star ratings. In addition, the combination of TF-IDF feature extraction and random
oversampling was employed to address class imbalance and improve classification performance. The
contribution of this research lies in providing a benchmark of Naive Bayes and SVM on TIX ID reviews,
evaluating the reliability of VADER-generated labels, and demonstrating that the proposed
preprocessing and balancing approach can improve the accuracy of both classification models.

2. Method
This study followed a structured sentiment analysis workflow adapted from previous research and
adjusted to suit the characteristics of TIX ID user reviews. The main stages included data collection,

preprocessing, sentiment labeling, feature extraction, data balancing, classification, and performance
evaluation. A summary of the research workflow is shown in Figure 1.
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Figure 1. Research Workflow

The dataset used in this research is a publicly available collection of TIX ID user reviews from the
Google Play Store, which was sourced from Kaggle [16]. It consists of 28,247 review entries stored in
CSV format, with several attributes such as reviewld, userName, content, score, at, and appVersion.
However, this study only utilized two main fields, namely the review text (English-translated content)
and the rating score. The translated English reviews were specifically chosen because VADER sentiment
analysis relies on an English-based lexical approach. The dataset used in this study is publicly available
online and can be accessed through https://www.kaggle.com/datasets/ahmadseloabadi/tix-id-app-
reviews-from-google-play-store. Table 1 presents an overview of the dataset by describing each of its

attributes in detail.

Table 1. Description of Dataset Attributes

Attribute Description

reviewld A unique alphanumeric code automatically generated by the Google Play Store to identify
each review.

userName The display name of the Google account that submitted the review.

userlmage A URL linking to the reviewer’s Google profile picture.

content The original review text written by users, mostly in Indonesian and sometimes mixed with
English (code-switching).

text The English-translated version of the content field, used as the main input for VADER
sentiment labeling and TF-IDF feature extraction since VADER relies on an English lexicon.

score The star rating given by the user, ranging from 1 (lowest) to 5 (highest). In this study, it is
used to validate the sentiment labels generated by VADER.

thumbsUpCount The number of users who marked the review as helpful (“thumbs up”).

reviewCreaatedVersion
at

replyContent

repliedAt

appVersion

The version of the TIX ID application installed by the user when submitting the review.
The timestamp indicating when the review was posted.

The developer’s response to the user review, if available; otherwise, it remains empty.
The timestamp showing when the developer’s reply was posted.

The application version recorded in the dataset, which may be the same as
reviewCreatedVersion depending on how the data was collected.
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2.2. Text Preprocessing

Preprocessing plays an important role in sentiment analysis because it converts raw textual data
into a cleaner and more structured format that can be effectively processed by machine learning
algorithms. The quality of preprocessing directly affects the performance of the sentiment classification
model [17]. In this study, preprocessing was carried out in two stages. The first stage involved text
cleaning, including the removal of URLs, non-alphabetic characters, and unnecessary whitespace,
followed by case folding to convert all text into lowercase form. The second stage consisted of
tokenization, stopword removal, and lemmatization. Tokenization was used to divide sentences into
individual words, while stopword removal eliminated common words that carry little sentiment
information, such as conjunctions and prepositions [18]. Finally, lemmatization was applied to
transform words into their base forms while preserving their linguistic meaning and context.

2.3. Sentiment Labeling Using VADER

VADER is a lexicon-based sentiment analysis approach developed to assess sentiment in social
media and online review texts. VADER is a rule-based model capable of handling characteristics of social
media text such as emoticons, abbreviations, and excessive punctuation. VADER leverages a sentiment
lexicon containing words with predetermined sentiment values, and combines word-level scores to
produce a sentence-level sentiment score [19]. It also accounts for intensifier words such as “very” and
negation words such as “not” when determining sentiment polarity. VADER produces four output
scores: positive (pos), negative (neg), neutral (neu), and a normalized compound score ranging from -1
(most negative) to +1 (most positive). Sentiment classification is determined based on the compound
score: a value of 20.05 is classified as positive, <-0.05 as negative, and values in between as neutral
[20]. VADER'’s key advantage is that it provides sentiment scores directly without requiring labeled
training data, making it practical for automatic labeling at scale before applying supervised machine
learning algorithms.

2.4. VADER Validation

To verify the reliability of VADER labels, a validation was conducted by comparing VADER-
generated labels against star ratings as a proxy ground truth. Star ratings 1-2 were classified as negative,
ratings 4-5 as positive, and rating 3 was excluded due to ambiguity. Validation metrics included
accuracy, precision, recall, and Fl-score. This validation step was performed before advanced
preprocessing to ensure that the labels used in classification are reliable and valid.

2.5. TF-IDF Feature Extraction

Term Frequency—Inverse Document Frequency (TF-IDF) is a text weighting technique that
combines the frequency of a word in a document (Term Frequency) with the uniqueness of that word
across the entire document collection (Inverse Document Frequency). This method assigns higher
weights to words that are important and unique, and lower weights to common words. TF-IDF is
calculated by multiplying the TF value of a word by its IDF value, where TF measures how often a word
appears in a document and IDF measures the word’s importance across the corpus. TF-IDF effectively
reduces the influence of overly common words, as words appearing in all documents receive an IDF
close to zero [21]. Furthermore, TF-IDF helps illustrate the importance of words that appear more
frequently in the document, while assigning lower weights to words that are common across the
corpus[22]. This study applies TF-IDF with a unigram and bigram configuration (n-gram range of 1 to 2)
to capture both individual words and contextual word pairs[23], which has been shown to improve
classification performance in text-based sentiment tasks.

2.6. Random Oversampling

Random oversampling is a technique for handling class imbalance by increasing the number of
minority class samples in the training dataset. Class imbalance occurs when the number of samples in
one class significantly exceeds the other, causing the model to be biased toward the majority class and
perform poorly on the minority class. Class imbalance can negatively affect the performance of
classification models, particularly when the number of samples in one class is substantially lower than
in another. To address this issue, random oversampling was applied by increasing the number of
minority-class samples through duplication of existing observations until a more balanced class
distribution was achieved. Unlike synthetic sampling methods, random oversampling does not create
new instances, allowing the original characteristics of the data to be preserved. To ensure a fair
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evaluation, the oversampling process was performed only on the training set, while the test set was
left unchanged so that it continued to reflect the actual distribution of the dataset.

2.7. Classification Using Naive Bayes

This study employed the Multinomial Naive Bayes algorithm, a probabilistic classification method
that is widely used in text mining because of its simplicity and computational efficiency [24]. The model
applies Bayes’ theorem to estimate the probability of a document belonging to a particular sentiment
class. TF-IDF feature vectors extracted from TIX ID user reviews were used as input for the classification
process.

During model training, the TF-IDF features and their corresponding sentiment labels were provided
to the classifier. The Multinomial Naive Bayes model was initialized with an alpha value of 1.0 to prevent
zero-probability issues during probability estimation. The model then learned the distribution of terms
associated with each sentiment category and utilized the learned probabilities to classify unseen
reviews into positive or negative sentiments. The overall training workflow of the Multinomial Naive
Bayes model is presented in Figure 2.
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Figure 2. Naive Bayes Model Training Workflow

Figure 2 illustrates the main stages of the training process, including TF-IDF feature input, model
initialization, model training, probability estimation based on Bayes’ theorem, prediction of testing
data, and generation of sentiment classification results.

2.8. Classification Using SVM

In addition to Naive Bayes, this study employed Support Vector Machine (SVM) using the
LinearSVC implementation for sentiment classification. SVM is a supervised learning algorithm that has
been widely adopted in text classification tasks due to its ability to handle high-dimensional feature
spaces and effectively separate classes. The TF-IDF feature vectors extracted from user reviews served
as the input representation for the SVM model.
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The training process involved feeding the model with TF-IDF features and their corresponding
sentiment labels from the training dataset. The LinearSVC classifier was configured with a regularization
parameter of C = 1.0. During training, the model identified an optimal hyperplane that maximized the
separation between positive and negative sentiment classes. Once trained, the model was applied to
classify unseen review data and predict their sentiment labels. The overall workflow of the SVM
classification process is presented in Figure 3.
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Figure 3. SVM Model Training Workflow

Figure 3 illustrates the main stages of the SVM training workflow, including feature input, model
initialization, training, hyperplane optimization, sentiment prediction, and generation of classification
results.

3. Results and Discussion

3.1. Dataset Collection Results

The dataset used in this study was obtained from a CSV file sourced via Kaggle and successfully
loaded for analysis. It consists of 28,247 user reviews of the TIX ID application collected from the Google
Play Store. The dataset includes 12 attributes, namely reviewld, userName, userimage, content, score,
thumbsUpCount, reviewCreatedVersion, at, replyContent, repliedAt, appVersion, and text. An example
of the dataset is shown in Figure 4.

As illustrated in Figure 4, the data contains reviews written in both Indonesian and English,
accompanied by star ratings (score) on a scale of 1 to 5, as well as additional metadata such as the
review submission date (at), application version (appVersion), and developer responses (replyContent).
The text column, which represents the English-translated version of user reviews, was selected as the
main input for this study because the VADER sentiment analysis lexicon is designed for English language
processing. Meanwhile, the score column was utilized only as a reference for validating VADER
sentiment labels.

The sample data also demonstrates a wide range of linguistic variations, including informal
language (e.g., “Ga bisa bayar coyyyy”), non-standard spelling, and concise positive remarks such as

152



“Great apps!”. This reflects the inherently unstructured and diverse nature of real-world user-
generated content, which emphasizes the importance of implementing a structured preprocessing
pipeline prior to the classification stage.

3.2. Initial Preprocessing Results

After the ‘dropna()” process was applied, the number of records in the dataset decreased from
28,247 to 12,007 entries. During the data checking stage, no duplicate records were detected. The
“cleaning_text function was then used to clean the text data by removing unnecessary elements such
as special characters, emojis, URLs, and extra spaces. After that, case folding was carried out to convert
all text into lowercase format for consistency. For example, the review “Can’t pay coyyyy, what can |
do?” was transformed into “can t pay coyyyy what can i do” after going through the cleaning and
normalization steps. A summary of the initial preprocessing results is provided in Table 2.

Table 2. Initial Preprocessing Summary

Stage Column Example Result
Text Cleaning clean_text Can t pay coyyyy what can | do
Case Folding case_folded can t pay coyyyy what can i do

3.3. VADER Labeling Results

VADER sentiment labeling was conducted on 12,007 cleaned review records. Based on the results
presented in Table 3, the dataset was classified into 8,196 positive reviews (68.26%), 1,197 negative
reviews (9.97%), and 2,614 neutral reviews (21.77%). The neutral class was subsequently excluded from
the dataset, resulting in a final total of 9,393 records used for further analysis. The predominance of
positive sentiment indicates that users generally tend to express favorable opinions when they are
satisfied with the application. Although negative reviews account for a relatively small portion of the
data (9.97%), they remain valuable as they provide important insights for identifying areas that require
improvement.

Table 3. VADER Labeling Results Distribution

Sentiment Count Percentage Status
Positive 8,196 68.26% Retained
Neutral 2,614 21.77% Removed
Negative 1,197 9.97% Retained
Total 12,007 100% -

3.4. VADER Validation Results

Validation of the VADER-generated sentiment labels was carried out using 9,206 samples and
compared against star ratings, as summarized in Table 4. The evaluation results show an overall
accuracy of 92.68% with a weighted F1-score of 92.46%, indicating that the labels produced by VADER
are generally reliable and appropriate for use in the training process.

In terms of class-wise performance, VADER achieved its strongest results on the negative class,
with a precision of 94.77%, recall of 96.83%, and an Fl-score of 95.79%. This strong performance is
likely due to the fact that negative reviews often contain clear and explicit negative terms that are easily
recognized by the VADER lexicon. For the positive class, the performance was comparatively lower,
with a precision of 77.55%, recall of 67.21%, and an Fl-score of 72.01%. This difference can be
attributed to the nature of the data, where many positive reviews are expressed using informal
Indonesian language, slang, abbreviations, and code-switching between Indonesian and English, which
are not fully captured by VADER’s English-based lexicon. In addition, positive sentiments are sometimes
conveyed implicitly, making them more difficult to detect accurately. Despite these limitations, the
overall accuracy of 92.68% still indicates that VADER-based labeling is sufficiently dependable for use
in this research.

It should be noted that star ratings were used only as a practical substitute for ground-truth labels
because manually annotated sentiment data were not available. Although ratings generally reflect user
satisfaction, they do not always match the sentiment expressed in the review text. For example, users
may provide a high rating while mentioning specific complaints, or their ratings may be influenced by
factors unrelated to the written review. To reduce ambiguity, reviews with a rating of 3 were excluded
from the validation process. Therefore, the validation accuracy of 92.68% should be interpreted as the
level of agreement between VADER labels and user ratings rather than a direct measure of true
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sentiment accuracy. Future studies could improve this validation by using manually annotated review
data.

Table 4. VADER Validation Classification Report

Class Precision Recall F1-Score Support
Positive (VADER) 77.55% 67.21% 72.01% 1,290
Negative (VADER) 94.77% 96.83% 95.79% 7,916
Accuracy 92.68% - - 9,206
Weighted Average 92.36% 92.68% 92.46% 9,206

3.5. Advanced Preprocessing Results

The advanced preprocessing stage further refined the text into a cleaner and more structured
representation. Table 5 presents a step-by-step illustration of how a sample review was transformed
throughout this process. Initially, tokenization was applied to divide the case-folded text into individual
words or tokens. This was followed by stopword removal using the NLTK English stopword list, which
eliminated frequently occurring words such as “can,” “t,” “what,” “i,” and “do,” as they do not carry
significant sentiment information.Next, lemmatization was performed to reduce words to their base or
normalized forms. For instance, elongated or repeated character expressions such as “coyyyy” were
standardized into “coy.” After completing all preprocessing steps, the resulting ‘text ml’
representation of the example review became “pay coy.” This condensed form preserves the essential
meaning of the original text while making it more suitable for TF-IDF feature extraction and subsequent
modeling.

Table 5. Advanced Preprocessing Step Summary

Stage Column Result (Example)
Tokenization tokens [can, t, pay, coyyyy, what, can, i, do]
Stopword Removal tokens_sw [pay, coyyyy]
Lemmatization tokens_lem [pay, coy]

Join (final) text_ml pay coy

3.6. Data Splitting Results

The 9,393 labeled records were divided into training and testing sets using an 80:20 split, resulting
in 7,514 training samples and 1,879 test samples. As presented in Table 6, a stratified sampling
approach was applied to preserve the original class distribution across both subsets. The results show
that the proportion of classes remained highly consistent between the two sets, with the training data
consisting of 87.26% positive and 12.74% negative samples, while the test data contained 87.28%
positive and 12.72% negative samples. This near-identical distribution indicates that the stratified
splitting method was successfully implemented, ensuring that both training and testing datasets are
representative of the overall data distribution and suitable for reliable model evaluation.

Table 6. Dataset Split Distribution

Subset Total Positive Negative Proportion
Training set 7,514 6,556 (87.26%) 958 (12.74%) 80%
Testing set 1,879 1,640 (87.28%) 239 (12.72%) 20%
Total 9,393 8,196 1,197 100%

3.7. TF-IDF Feature Extraction Results

The TF-IDF vectorization was configured using an n-gram range of (1,2), with ‘'min_df=5" and
‘max_df=0.8", resulting in a total of 1,380 features extracted from the training data. These features
consist of both single-word terms (unigrams) and two-word combinations (bigrams), such as “able,”
“access,” “add payment,” “admin fee,” and “alfamart.” The final training representation formed a
matrix with dimensions (7,514 x 1,380), indicating that each of the 7,514 training documents was
converted into a 1,380-dimensional feature vector based on TF-IDF weighting. An analysis of feature
importance shows that the highest-weighted term was “good” (0.185), followed by other frequently
influential terms such as “nice,” “ok,” “easy,” “great,” “app,” and “helpful.” The dominance of positively
oriented terms among the top features is consistent with the overall sentiment distribution of the
dataset, which is largely positive.

”u ”u

3.8. Data Balancing Results
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The original training dataset consisted of 6,556 positive samples and 958 negative samples,
producing a highly imbalanced class distribution with a ratio of approximately 6.8:1. This imbalance
could potentially lead the model to become biased toward the majority (positive) class during training.
To address this issue, RandomOverSampler was applied to the training data by synthetically increasing
the minority class through random duplication. As a result, 5,598 additional negative samples were
generated, bringing the negative class count to 6,556—equal to the number of positive samples. After
resampling, the training dataset became fully balanced, with 6,556 samples for each class and a total
of 13,112 records, as summarized in Table 7.

Table 7. Class Distribution Before and After Oversampling

Class Before Oversampling After Oversampling
Positive 6,556 6,556
Negative 958 6,556 (+5,598 duplicated)
Total 7,514 13,112

3.9. Naive Bayes Classification Results
The Multinomial Naive Bayes (MNB) model was trained using the balanced training dataset and
subsequently evaluated on the original (unmodified) test set. The complete performance evaluation is

reported in Table 8.

Table 8. Naive Bayes Classification Report

Class Precision Recall F1-Score Support
Negative 58.99% 93.31% 72.29% 239
Positive 98.93% 90.55% 94.56% 1,640
Accuracy 90.90% - - 1,879
Macro Average 78.96% 91.93% 83.42% 1,879
Weighted Average 93.85% 90.90% 91.72% 1,879

As presented in Table 7, the Multinomial Naive Bayes model obtained an overall accuracy of
90.90% and a weighted F1-score of 91.72%, indicating a strong overall classification performance.

For the positive class, the model achieved excellent results, with a precision of 98.93%, recall of
90.55%, and an F1-score of 94.56%. This strong performance can be attributed to the model’s effective
learning of dominant positive word patterns present in the training data.

In contrast, performance on the negative class was comparatively weaker, with a precision of
58.99%, recall of 93.31%, and an Fl-score of 72.29%. Although the high recall value shows that most
negative reviews were successfully identified, the relatively low precision indicates that a number of
positive reviews were mistakenly classified as negative (false positives).

This is also supported by the confusion matrix results, where 1,485 instances were correctly
predicted as positive (true positives), 155 positive samples were misclassified as negative (false
negatives), 223 negative samples were correctly classified (true negatives), and 16 positive samples
were incorrectly predicted as negative (false positives). The lower precision in the negative class is likely
due to the independence assumption inherent in Naive Bayes, which limits its ability to capture more
complex contextual relationships between words.

3.10.SVM Classification Results
The LinearSVC model demonstrated better performance compared to Multinomial Naive Bayes, as

summarized in Table 9.

Table 9. SVM Classification Report

Class Precision Recall F1-Score Support
Negative 69.08% 87.87% 77.35% 239
Positive 98.16% 94.27% 96.17% 1,640
Accuracy 93.45% - - 1,879
Macro Average 83.62% 91.07% 86.76% 1,879
Weighted Average 94.46% 93.45% 93.78% 1,879

As shown in Table 9, the model achieved an overall accuracy of 93.45% with a weighted F1-score
of 93.78%, indicating strong classification performance. For the positive class, the model produced a
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precision of 98.16%, recall of 94.27%, and an Fl-score of 96.17%, reflecting highly accurate
identification of positive reviews.

For the negative class, performance was lower than the positive class but still improved compared
to Naive Bayes, with a precision of 69.08%, recall of 87.87%, and an Fl-score of 77.35%. Although
precision remained relatively modest, it was notably higher than the Naive Bayes result (58.99%),
indicating fewer false positive predictions.

The confusion matrix further shows: 1,546 true positives, 94 false negatives, 207 true negatives,
and 32 false positives. Compared to Naive Bayes, SVM increased the number of correctly classified
positive samples (+61) and reduced false negatives (-61), demonstrating better classification reliability
for the majority class.

The accuracy improvement of 2.55 percentage points over Naive Bayes (93.45% vs. 90.90%) is
meaningful in text classification tasks, as it reflects more consistent performance across both classes.
This improvement can be explained by the fundamental difference in the models. Unlike Naive Bayes,
which relies on conditional probability assumptions and treats features independently, SVM identifies
an optimal separating hyperplane in the high-dimensional TF-IDF space. This margin-maximization
strategy allows SVM to better capture complex relationships between features, making it particularly
effective for high-dimensional text data.

To provide additional insights beyond the quantitative results, some misclassified reviews were
manually analyzed. Three common patterns were identified. First, very short negative reviews
containing few explicit negative words were frequently misclassified by Naive Bayes. This is likely
because the model relies heavily on the presence of sentiment-related terms, making it less effective
when reviews provide limited textual information. In contrast, SVM was able to classify some of these
reviews more accurately, likely due to its ability to better utilize TF-IDF features. Second, reviews
containing sarcasm or indirect criticism presented challenges for both models. Although some reviews
included positive words, their actual meaning reflected dissatisfaction, making them difficult to
correctly classify using lexicon-based labeling and TF-IDF representation. Third, reviews containing
informal abbreviations or slang reduced classification performance. These expressions are often poorly
represented in the vocabularies used by VADER and TF-IDF, limiting the model's ability to capture
sentiment. These findings suggest that, while random oversampling helps address class imbalance, it
cannot fully address issues related to language variation and contextual meaning. Future studies might
benefit from using more sophisticated text representations or sentiment resources specifically
designed for Indonesian-language reviews.

4. Conclusion

This study successfully applied both Naive Bayes and SVM algorithms for sentiment classification
of TIX ID application user reviews using VADER-based automatic labeling and TF-IDF feature extraction.
The overall pipeline included systematic text preprocessing, sentiment labeling using VADER, validation
against star ratings, advanced preprocessing steps (tokenization, stopword removal, and
lemmatization), TF-IDF feature extraction with unigram—bigram configuration, and
RandomOverSampler to address class imbalance. The Naive Bayes model achieved an accuracy of
90.90% with a weighted F1-score of 91.72%, showing good overall performance, particularly for the
positive class (F1-score = 94.56%). However, its performance on the negative class was weaker
(precision = 58.99%), mainly due to the independence assumption, which limits its ability to capture
contextual relationships between words. Meanwhile, the SVM model outperformed Naive Bayes with
an accuracy of 93.45% and a weighted Fl-score of 93.78%, showing better performance across all
evaluation metrics. The superiority of SVM is attributed to its margin-maximization approach, which
identifies an optimal separating hyperplane in a high-dimensional TF-IDF feature space, making it more
effective for text classification tasks. VADER validation against star ratings also produced strong results,
with an accuracy of 92.68% and a weighted Fl-score of 92.46%, confirming that VADER-generated
labels are reliable for training purposes. In addition, because star ratings served only as a proxy ground
truth rather than human-annotated sentiment labels, future studies should incorporate manually
labeled samples to more rigorously validate automatic labeling approaches such as VADER| Based on
these findings, SVM is recommended as the most effective method for sentiment classification of TIX
ID reviews, while VADER-based labeling provides a practical alternative to manual annotation for large-
scale datasets. Future work is recommended to incorporate Indonesian-specific sentiment lexicons,
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word embedding techniques such as Word2Vec, GloVe, or FastText, and transformer-based models like
IndoBERT to further improve performance on mixed-language (Indonesian—English) review data.
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