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Purpose - This study aims to analyze user review sentiment toward the Gojek
Driver application and compare the performance of two classification algorithms,
Support Vector Machine (SVM) and Naive Bayes, using Optuna as a framework
for hyperparameter tuning.

Methods - The study collected and labeled user review data into positive and
negative sentiment categories. Text preprocessing involved cleaning, case
folding, normalization, tokenization, stopword removal, and stemming. Features
were represented using TF-IDF. The dataset was then divided into training and
testing sets, and SVM and Naive Bayes models were trained using automated
hyperparameter optimization with Optuna. Model performance was evaluated
using accuracy, precision, recall, F1-score, and confusion matrix.

Findings - The application of SMOTE to the Optuna-tuned SVM model produced
better performance than the other models tested in this study. The best model
achieved an accuracy of 0.868, a highest cross-validation accuracy of 92.72%, and
a weighted average F1-score of 0.87. These results indicate that SVM was more
effective in handling high-dimensional TF-IDF features and complex decision
boundaries.

Research implications - The findings support the use of automated sentiment
analysis to assist operational decision-making and improve the quality of Gojek
Driver services. The proposed approach can accelerate the identification of
service-related issues and provide a basis for proactive responses to user
feedback.

Originality - This study offers an original contribution by directly comparing
SVM and Naive Bayes on a Gojek Driver review dataset while applying Optuna-
based hyperparameter tuning. It highlights the effect of automated tuning on
both algorithms within a TF-IDF representation framework for ride-hailing
service data, a topic that remains underexplored in the specific context of Gojek
Driver within the local literature.

Correspondence Author: ®rudi@trilogi.ac.id

To cite this article : N. Madjid & R. Setiawan. (2026). Sentiment Analysis of Gojek Driver Application Reviews
Using Support Vector Machine and Naive Bayes with Optuna-Based Hyperparameter Tuning. Journal of Deep
Learning, Computer Vision and Digital Image Processing, 4(1), 1-14.
https://doi.org/10.61255/decoding.v4i1.948

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

BY SA

Page 1 of 14


https://doi.org/10.61255/decoding.v4i1.948
https://doi.org/10.61255/decoding.v4i1.948

Journal of Deep Learning. Computer Vision and Digital Image Processing
N. Madjid and R.Setiawan Analisis Sentimen Aplikasi Gojek Driver

INTRODUCTION

Digital service applications such as Gojek Driver have become an important part of everyday life in
Indonesia, particularly in supporting mobility, platform-based work, and service interaction between
drivers and users. As a large-scale digital platform, Gojek Driver receives substantial user feedback
through platforms such as the Google Play Store. These reviews provide valuable information about
service quality, user experience, technical problems, and perceived platform performance[1], [2], [3],
[4]. However, manually evaluating large volumes of user reviews is inefficient and difficult to sustain,
especially when the data continue to grow over time [5], [6]. Automated sentiment analysis is
therefore necessary to classify user opinions into positive and negative sentiment categories and to
support service quality improvement in digital platform ecosystems.

Previous studies have applied various machine learning algorithms for sentiment analysis in digital
application contexts. Naive Bayes has been widely used in sentiment classification because of its
simplicity and efficiency [7], [8], [9]. Decision Tree algorithms have also been applied in several
sentiment analysis studies involving user feedback and application reviews [10], [11], [12]. Other
studies have employed K-Nearest Neighbor to classify sentiment patterns in user-generated textual
data [13], [14], [15], while Support Vector Machine has frequently been used because of its strong
performance in text classification tasks [16], [17], [18]. A comparative study on sentiment
classification for the Satu Sehat application reported that SVM achieved higher accuracy, at 87.95%,
than Naive Bayes, which reached 81.65% [19]. This finding suggests that SVM can perform better in
sentiment classification, particularly when dealing with imbalanced data, which remains one of the
main challenges in sentiment analysis.

Although prior studies have contributed to the development of sentiment analysis for digital
applications, several methodological limitations remain. Many existing studies have not fully
integrated lexicon-based automatic labeling, imbalance handling through the Synthetic Minority
Over-sampling Technique, and automated hyperparameter optimization using frameworks such as
Optuna. These components are important because sentiment datasets from application reviews often
contain unequal class distributions, noisy informal language, and high-dimensional textual features.
Without proper imbalance handling and parameter optimization, classification models may produce
biased performance, particularly toward the majority class. This issue is especially relevant in the
context of user reviews, where negative and positive sentiment may not be evenly distributed.

In this context, the Gojek Driver application provides a relevant case for sentiment analysis. The
application has a large and diverse user base, and its review data reflect various user perceptions of
platform reliability, service quality, technical functionality, and operational experience. This study
analyzes user sentiment toward the Gojek Driver application by comparing two widely used
classification algorithms, namely Naive Bayes and Support Vector Machine. Naive Bayes was selected
because of its ability to perform classification efficiently even with limited data [20], [21]. SVM was
selected because of its capability to construct strong decision margins and its suitability for
imbalanced text classification problems [22], [23], [24]. Previous studies also indicate that SVM can
achieve strong performance when combined with SMOTE for imbalance handling [25], [26].

This study further integrates Optuna-based hyperparameter tuning to automatically optimize model
parameters and improve classification performance. By combining SMOTE and stratified train-test
splitting, this study examines whether the proposed methodological configuration can produce more
accurate sentiment classification models than approaches without optimization. The main
contribution of this study lies in its comparative evaluation of Naive Bayes and SVM for Gojek Driver
review sentiment analysis, with attention to class imbalance handling and automated
hyperparameter optimization.

This study seeks to address the existing research gap by offering an optimized sentiment analysis
approach for digital application reviews, particularly in the case of Gojek Driver. The findings are
expected to contribute academically to the development of machine learning-based sentiment
analysis in Indonesian digital service contexts. Practically, the results may assist platform managers
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and service developers in identifying user concerns more efficiently, monitoring service quality, and
responding proactively to user feedback.

METHOD
Data Collection

The data used in this study were obtained from user reviews of the Gojek Driver application
published on the Google Play Store. Data collection was conducted in February 2025 using the Python
library google-play-scraper, which enables the extraction of review data based on the application ID.
The application ID used in this study was com.gojek.partner. A total of 14,990 user reviews were
collected and used as the dataset for sentiment classification.

Text Preprocessing

Text preprocessing was conducted to prepare the review data for sentiment labeling and model
development. The preprocessing process began with case folding, in which all text was converted
into lowercase to ensure consistency. The data were then cleaned by removing URLs, numbers, HTML
tags, emojis, symbols, and non-alphabetic characters. After the cleaning stage, informal words and
abbreviations were normalized into standard forms using a lexicon-based normalization dictionary.
Tokenization was then applied to split each review into individual word tokens. Common words that
did not carry substantial sentiment meaning were removed through stopword removal, while
stemming was conducted using Sastrawi to reduce Indonesian words to their root forms.

After preprocessing, the textual data were transformed into numerical features using Term
Frequency-Inverse Document Frequency (TF-IDF). To prevent data leakage, the TF-IDF
representation was fitted only on the training data and then applied to the corresponding validation
or testing data.

Lexicon-Based Sentiment Labeling

Sentiment labeling was performed using a lexicon-based approach. Each token in the review data
was mapped to the Indonesian sentiment lexicon, Lexicon InSet, which contains word polarity scores.
The sentiment score of each review was calculated by summing the polarity scores of all tokens in
the review. Reviews with a total sentiment score greater than or equal to zero were categorized as
positive, while reviews with a total sentiment score below zero were categorized as negative.

After the labeling process, the dataset consisted of 4,825 positive reviews and 10,165 negative
reviews, with a total of 14,990 labeled reviews. This distribution indicates a class imbalance, as
negative reviews constituted the majority class.

Data Splitting and Class Imbalance Handling

The dataset was divided into training and testing sets using an 80:20 split. To examine the effect of
class distribution control during data partitioning, this study evaluated two experimental scenarios.
The first scenario used a non-stratified train-test split, while the second scenario used a stratified
train-test split to preserve the original class distribution in both the training and testing sets. A
random state value of 42 was applied to ensure reproducibility.

To address class imbalance, the Synthetic Minority Over-sampling Technique (SMOTE) was applied
only to the training data. SMOTE was not applied to the testing data because the testing set must
retain the original data distribution to provide an unbiased evaluation of model performance. During
cross-validation, Stratified K-Fold with 10 folds was applied to the training data. In each fold, TF-IDF
was fitted only on the training portion, and SMOTE was applied only to the training fold. This
procedure was used to minimize the risk of data leakage during model validation..

Hyperparameter Optimization Using Optuna

Hyperparameter optimization was conducted using Optuna to improve the performance of the
classification models. The objective function was based on accuracy, calculated as the average score
across all cross-validation folds on the training data. For the SVM model, the search space included
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the regularization parameter C from le-3 to 1le2 using a log-uniform distribution, the kernel type
consisting of linear and rbf, and gamma from 1le-4 to lel using a log-uniform distribution. The
gamma parameter was evaluated only when a non-linear kernel was selected because gamma does
not affect the decision boundary of a linear kernel. For the Naive Bayes model, the search space
included the alpha parameter from 1le-3 to 10 using a log-uniform distribution. The complete
hyperparameter search space is shown in Table 1.

Table 1. Hyperparameter Search Space

Algorithm Hyperparameter Search Space
SVM C: 1e-3 to 1le2, log-uniform; kernel: linear
and rbf, gamma: le-4 to 1lel, log-uniform
Naive Bayes alpha: 1e-3 to 10, log-uniform

Optuna performed 50 trials to identify the best hyperparameter combination for each model. The
objective function was evaluated based on the accuracy score obtained during cross-validation. After
the best hyperparameters were identified, the selected model was retrained on the training data and
then evaluated on the testing data.

Model Evaluation

Model evaluation was conducted on the testing data that had been separated before model training.
The evaluation metrics included accuracy, precision, recall, F1-score, and confusion matrix. Accuracy
was used to measure the overall proportion of correct predictions. Precision was used to evaluate
the proportion of correctly predicted sentiment labels among all predicted labels for each class.
Recall was used to assess the model’s ability to identify actual class instances. F1-score was used to
balance precision and recall, particularly under imbalanced class conditions. The confusion matrix
was used to provide a more detailed view of correct and incorrect predictions for each sentiment
class.

RESULTS AND DISCUSSION
Results
Training and Evaluation Results of SVM Without Stratified Train-Test Split

Table 2 presents the hyperparameter tuning results of the Support Vector Machine (SVM) model
using Optuna without applying the stratified train-test split technique. The best parameters obtained
were a C value of 9.9034, a linear kernel, and gamma set to scale. It should be noted that, for a linear
kernel, the decision hyperplane is computed based on the linear dot product between features.
Therefore, the gamma parameter does not affect the decision boundary when the selected kernel is
linear. In this configuration, the model achieved the highest cross-validation accuracy of 0.9272,
indicating strong validation performance.

Table 2. Hyperparameter Tuning Results of the SVM Model Using Optuna

Parameter Value

C 9.9034

Kernel linear
Gamma scale

Highest CV Accuracy 0.9272

Figure 3 shows that the SVM training accuracy remained consistently high and approached 100%,
while the validation accuracy increased as the amount of training data expanded. The validation
accuracy reached 92.72%, suggesting that the model had good generalization ability. The learning
curve indicates that the model was able to learn the training data effectively while still maintaining
stable validation performance.

4 | Journal of Deep Learning, Computer Vision and Digital Image Processing



Journal of Deep Learning, Computer Vision and Digital Image Processing
N. Madjid and R.Setiawan Analisis Sentimen Aplikasi Gojek Driver

Learning Curve SVM

0.94

Accuracy
o
©
5

—e— Training Accuracy
Validation Accuracy

4000 6000 8000 10000 12000
Jumlah Data Training

Figure 3. Learning Curve of the SVM Model Without Stratified Train-Test Split

Figure 4 presents the validation curve for the C parameter. The curve shows that accuracy increased
substantially at lower C values, particularly around 0.01 to 1, before stabilizing at high training
accuracy and approximately 92% validation accuracy when C exceeded 10. This pattern indicates
that the selected C value of 9.9034 was located within a favorable parameter range. A smaller C value
made the model more tolerant of classification errors, while a larger C value could increase the risk
of overfitting because the model becomes stricter in separating classes. Overall, the combination of
the learning curve and validation curve suggests that the SVM model without stratified train-test split
achieved high and stable performance.
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Figure 4. Validation Curve of the SVM Model Without Stratified Split

Training and Evaluation Results of Naive Bayes Without Stratified Train-Test Split

Table 3 shows the hyperparameter tuning results of the Naive Bayes model using Optuna without
applying the stratified train-test split technique. The best alpha value was 0.5828, which produced
the highest cross-validation accuracy of 0.8314. Although this performance was lower than that of
SVM, the result indicates that Naive Bayes still achieved acceptable performance after
hyperparameter optimization.

Table 3. Hyperparameter Tuning Results of the Naive Bayes Model Using Optuna
Best Parameter Highest CV Accuracy
alpha: 0.5828 0.8314
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Figure 5 shows that the training accuracy of Naive Bayes ranged from approximately 0.75 to
0.94, while the validation accuracy increased from around 0.50 to 0.83 as the amount of training data
increased. This pattern indicates improved generalization as more data became available. However,
the initial gap between training and validation accuracy suggests that the model required a larger
amount of data to stabilize its performance.

Learning Curve Naive Bayes

—&— Training Accuracy
Validation Accuracy

0.9

0.8

Accuracy
o
o3

0.6

0.5

2000 4000 6000 8000 10000 12000
Jumlah Data Training

Figure 5. Learning Curve of the Naive Bayes Model Without Stratified Train-Test Split

Figure 6 presents the validation curve for the alpha parameter. As alpha increased from 0 to 2,
the training accuracy gradually decreased from around 0.95 to 0.91, while the validation accuracy
remained relatively stable between 0.82 and 0.83. This result suggests that a very large alpha value
may reduce the model’s ability to fit the training data, although its effect on validation performance
was limited. Therefore, selecting an appropriate alpha value is important to balance training
accuracy and validation performance.
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Figure 6. Validation Curve of the Naive Bayes Model Without Stratified Train-Test Split

Training and Evaluation Results of SVM With Stratified Train-Test Split

Table 4 presents the tuning results of the SVM model after applying the stratified train-test split
technique. The optimal parameters were a C value of 81.3586, a linear kernel, and gamma set to auto.
The model achieved the highest cross-validation accuracy of 0.9172. This result indicates that the
stratified configuration still produced strong performance, although the cross-validation accuracy
was slightly lower than that of the SVM model without stratified train-test split.
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Table 4. Tuning Results of the SVM Model

Parameter Value
C 81.3586
Kernel linear
Gamma Auto (default)
Highest CV Accuracy 0.9172

Figure 7 shows that the SVM training accuracy remained close to 100% across different training
sizes, indicating that the model learned the training data very effectively. Meanwhile, the validation
accuracy increased from approximately 85% to nearly 92% as the amount of training data increased.
This pattern suggests improved generalization and reduced variance as more training data were
used.
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Figure 7. Learning Curve of the SVM Model With Stratified Train-Test Split

Figure 8 shows the validation curve for the C parameter. At very small C values, from 1073 to 1072,
both training and validation accuracy were low, indicating underfitting. As C increased to the range
of 1 to 10, accuracy improved substantially, with validation accuracy reaching approximately 92%.
However, when C exceeded 10, validation accuracy began to decline while training accuracy
remained high, indicating a possible tendency toward overfitting. The selected C value of 81.3586
still produced high performance, but the curve suggests that careful control of the regularization
parameter remains necessary to balance bias and variance.
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Figure 8. Validation Curve of the SVM Model With Stratified Train-Test Split
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Training and Evaluation Results of Naive Bayes With Stratified Train-Test Split

Table 5 presents the tuning results of the Naive Bayes model after applying the stratified train-test
split technique. The optimal alpha value was 0.9752, with the highest cross-validation accuracy of
0.8320. This result shows a slight improvement compared with the non-stratified scenario, although
the performance remained substantially lower than that of SVM.

Table 5. Tuning Results of the Naive Bayes Model
Best Parameter Highest CV Accuracy
alpha: 0.9752 0.8320

Figure 9 shows that the training accuracy of Naive Bayes initially remained within the range of
approximately 0.70 to 0.75 when the training size was small, then increased sharply to around 0.93
as the dataset approached its maximum size. The validation accuracy also increased substantially
from around 0.50 to approximately 0.84. This pattern indicates that Naive Bayes benefited from
larger training data, although its performance remained constrained compared with SVM.
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Figure 9. Learning Curve of the Naive Bayes Model With Stratified Train-Test Split

Figure 10 shows that the highest training accuracy, approximately 0.955, occurred when alpha
was close to zero. As alpha approached 2, training accuracy decreased to approximately 0.91.
Meanwhile, validation accuracy increased from approximately 0.82 to 0.839, with the best balance
between training and validation performance occurring when alpha was around 0.9 to 1.0. This result
indicates that the stratified train-test split improved the stability of Naive Bayes, although a
performance gap between training and validation accuracy remained visible.
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Gambar 10. Validation Curve Model Naive Bayes dengan Teknik Stratified Train-Test Split

Model Performance Comparison

Table 6 compares the performance of SVM and Naive Bayes based on cross-validation accuracy and
test set accuracy under two imbalance-handling scenarios. The results show that SVM with SMOTE
achieved the highest performance, with a cross-validation accuracy of 0.9272 and a test set accuracy
of 0.8679. SVM with stratified train-test split and SMOTE achieved a slightly lower test set accuracy
of 0.8502. In contrast, Naive Bayes achieved lower performance in both scenarios, with test set
accuracy values of 0.7545 and 0.7598. These findings indicate that SVM consistently outperformed
Naive Bayes in sentiment classification for the imbalanced Gojek Driver review dataset.

Table 6. Comparison of Cross-Validation Accuracy and Test Set Accuracy

Model Imbalance(.i Dataset CV Accuracy Test Set
Technique Accuracy
SMOTE 0.9272 0.8679
SVM Stratified Train-Test Split,
SMOTE 0.9172 0.8502
SMOTE 0.8315 0.7545
Naive Bayes  Stratified Train-Test Split, 0.8320 0.7598

SMOTE

Comparison of Accuracy, Precision, Recall, and F1-Score

Table 7 compares the test set performance of SVM and Naive Bayes using accuracy, precision, recall,
and F1-score with the weighted average method. The results show that SVM with SMOTE achieved
the best performance across all metrics, with an accuracy of 0.8679, precision of 0.87, recall of 0.87,
and F1-score of 0.87. SVM with stratified train-test split and SMOTE achieved slightly lower values
across all metrics, with an accuracy of 0.8502 and an F1-score of 0.85. Naive Bayes produced weaker
results, with its highest F1-score reaching only 0.76. These results indicate that SVM was more
consistent and more accurate in classifying sentiment, particularly under imbalanced data
conditions.

Table 7. Model Performance Comparison on the Test Data

Imbalanced
Model Dataset Accuracy Precision Recall F1-Score
Technique
SVM SMOTE 0.8679 0.87 0.87 0.87
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Stratified Train-
Test Split, 0.8502 0.85 0.85 0.85
SMOTE
SMOTE 0.7545 0.77 0.75 0.76

Naive Stratified Train-

Bayes Test Split, 0.7598 0.78 0.76 0.76
SMOTE

The confusion matrix results for both SVM and Naive Bayes are presented in Figure 11 and Figure

12. The comparison was conducted between models without and with the stratified train-test split
technique.

SVM Confusion Matrix Naive Bayes Confusion Matrix
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Figure 11. Confusion Matrix of the Models Without Stratified Train-Test Split

As shown in Figure 11, the SVM model without stratified train-test split produced 2,602 correct
predictions, consisting of 1,838 negative reviews and 764 positive reviews, while 396 predictions
were incorrect. The Naive Bayes model produced 2,262 correct predictions, consisting of 1,583
negative reviews and 679 positive reviews, while 736 predictions were incorrect. This comparison
confirms that SVM produced fewer misclassifications than Naive Bayes in the non-stratified scenario.

SVM Confusion Matrix Naive Bayes Confusion Matrix
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Figure 12. Confusion Matrix of the Models With Stratified Train-Test Split

As shown in Figure 12, the SVM model with stratified train-test split produced 2,549 correct
predictions, consisting of 1,826 negative reviews and 723 positive reviews, while 449 predictions
were incorrect. The Naive Bayes model produced 2,278 correct predictions, consisting of 1,575
negative reviews and 703 positive reviews, while 720 predictions were incorrect. These results show
that stratification provided a more controlled data partitioning strategy, but it did not necessarily
improve SVM performance compared with the non-stratified scenario. For Naive Bayes, the stratified
scenario produced a small improvement in total correct predictions and test set accuracy.

10 | Journal of Deep Learning, Computer Vision and Digital Image Processing



Journal of Deep Learning, Computer Vision and Digital Image Processing
N. Madjid and R.Setiawan Analisis Sentimen Aplikasi Gojek Driver

Discussion

The findings show that SVM consistently outperformed Naive Bayes in the sentiment classification
of Gojek Driver application reviews. This superiority was observed across cross-validation accuracy,
test set accuracy, precision, recall, F1-score, and confusion matrix results. The best-performing
model was SVM with SMOTE, which achieved a cross-validation accuracy of 0.9272, a test set
accuracy of 0.8679, and a weighted average F1-score of 0.87. These results suggest that SVM was
better suited to handling the high-dimensional TF-IDF feature space and the imbalanced distribution
of positive and negative reviews. This finding is consistent with previous studies reporting that SVM
performs strongly in text classification and imbalanced sentiment analysis contexts [27], [28].

The performance difference between SVM and Naive Bayes can be explained by the nature of the two
algorithms. SVM is designed to identify an optimal separating hyperplane with a maximum margin
between classes. This mechanism makes it effective for sparse and high-dimensional text data, such
as TF-IDF representations. In contrast, Naive Bayes relies on the conditional independence
assumption among features. This assumption is often too restrictive for natural language data
because words in user reviews are semantically and contextually related. Indonesian application
reviews also frequently contain informal expressions, abbreviations, mixed sentiment, and context-
dependent wording. These characteristics can weaken Naive Bayes performance, particularly when
sentiment is not expressed through isolated words but through combinations of terms.

The results also indicate that SMOTE played an important role in improving model performance
under class imbalance. The dataset contained 10,165 negative reviews and 4,825 positive reviews,
which means that negative reviews dominated the classification task. Without proper imbalance
handling, the model could become biased toward the majority class. Applying SMOTE only to the
training data helped reduce this risk while preserving the original distribution of the testing data for
unbiased evaluation. The stronger performance of SVM with SMOTE suggests that synthetic minority
oversampling was more effectively exploited by SVM than by Naive Bayes.

The comparison between non-stratified and stratified train-test split scenarios requires careful
interpretation. Stratified splitting is methodologically useful because it preserves class proportions
in both training and testing sets. However, in this study, stratification did not automatically produce
the highest SVM performance. SVM with SMOTE but without stratified train-test split achieved higher
test set accuracy than SVM with stratified train-test split and SMOTE. This does not mean that
stratification is methodologically inferior. Rather, it shows that performance differences may depend
on the specific data partition, class distribution in each subset, and interaction between SMOTE, TF-
IDF features, and model hyperparameters. For Naive Bayes, stratified splitting produced a slight
improvement, with test set accuracy increasing from 0.7545 to 0.7598. This indicates that Naive
Bayes may benefit modestly from more stable class distribution, although its overall performance
remained limited.

Naive Bayes appeared to reach a performance ceiling despite hyperparameter optimization. The best
Naive Bayes configuration achieved cross-validation accuracy values of 0.8314 and 0.8320 in the two
scenarios, which were relatively close. This pattern suggests that the model had limited room for
further improvement under the current feature representation and labeling approach. The likely
reason is that Naive Bayes is less flexible in modeling complex decision boundaries within high-
dimensional text data. Even after applying SMOTE and Optuna-based tuning, the model remained
sensitive to uneven word distributions and the independence assumption among terms. This
explains why its F1-score remained around 0.76, while the best SVM configuration reached 0.87.

From an applied perspective, the results suggest that SVM with SMOTE is the more reliable option
for sentiment analysis of Gojek Driver reviews. The model can support the automatic identification
of user sentiment patterns and help detect service-related problems more efficiently. For platform
managers, this approach may assist in monitoring user concerns, prioritizing technical issues, and
generating evidence-based feedback for service improvement. Naive Bayes may still be useful when
computational simplicity and faster training are more important than maximum classification
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accuracy. However, for applications requiring stronger predictive performance on imbalanced
review data, the findings clearly favor SVM.

This study also has several methodological limitations. The sentiment labels were generated using a
lexicon-based approach, which may introduce labeling errors because lexicons cannot always
capture sarcasm, context, domain-specific expressions, or mixed sentiment in user reviews. The
study also used only classical machine learning algorithms, namely SVM and Naive Bayes. Although
these models are useful for comparative analysis and interpretable baseline classification,
transformer-based models such as IndoBERT, BERT, or RoBERTa may provide better contextual
representation for Indonesian text. In addition, this study did not examine temporal sentiment
patterns, even though user sentiment toward an application such as Gojek Driver may change over
time due to policy updates, technical changes, service disruptions, or platform feature modifications.

Future studies should consider manual annotation or expert validation on a subset of reviews to
improve label reliability and estimate the accuracy of lexicon-based labeling. Further research may
also compare SVM and Naive Bayes with transformer-based models to determine whether contextual
embeddings improve classification performance in Indonesian ride-hailing review data. Temporal
sentiment analysis would also be valuable for understanding how user perceptions change across
application updates or service policy changes. Ensemble learning may provide another promising
direction, particularly if future studies aim to combine the interpretability of classical models with
the predictive strength of more advanced architectures.

CONCLUSION

This study contributes to the methodological development of sentiment analysis for digital service
applications in Indonesia, particularly in addressing class imbalance in local user review datasets. By
comparing Support Vector Machine and Naive Bayes under different imbalance-handling scenarios,
this study demonstrates that model performance is strongly influenced by the interaction between
feature representation, data distribution, oversampling strategy, and hyperparameter optimization.

The empirical results show that Support Vector Machine, particularly when combined with SMOTE
and Optuna-based hyperparameter tuning, outperformed Naive Bayes across the main evaluation
metrics. The best SVM configuration achieved the highest cross-validation accuracy of 92.72%, a test
set accuracy of 86.79%, and a weighted average F1-score of 0.87. In comparison, Naive Bayes
produced lower performance, with the best cross-validation accuracy remaining around 83.20% and
the highest Fl-score reaching only 0.76. These results indicate that SVM was more effective in
handling high-dimensional TF-IDF features and imbalanced sentiment classes in Gojek Driver
application reviews.

The findings suggest that SVM with SMOTE can serve as a reliable baseline model for automated
sentiment analysis in ride-hailing application review data. Practically, this model can help platform
managers identify user concerns, detect service-related issues, and support more responsive
decision-making based on large-scale user feedback. Naive Bayes may still be useful in contexts
where computational simplicity and faster model training are prioritized, but its predictive
performance is less competitive for the dataset examined in this study.

This study has several limitations. The sentiment labels were generated using a lexicon-based
approach, which may be affected by the inability of lexicons to capture sarcasm, contextual meaning,
mixed sentiment, and informal expressions in Indonesian user reviews. The study also focused only
on two classical machine learning algorithms, namely SVM and Naive Bayes. Future research should
consider manual annotation or expert validation to improve label reliability, compare classical
models with transformer-based models such as IndoBERT, BERT, or RoBERTa, and incorporate
temporal sentiment analysis to examine how user perceptions change over time in response to
application updates, service policies, or platform-related issues.
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