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Abstract. This study examines sentiment classification for 

Indonesian ride-hailing user reviews, which often contain informal 

expressions, ambiguity, and strong contextual dependency. Existing 

studies commonly rely on either traditional machine learning or 

transformer-based models, while limited attention has been given 

to integrating heterogeneous feature representations. To address 

this gap, this study proposes a feature-level hybrid integration 

strategy combining TF-IDF and IndoBERT embeddings. This 

approach enables the model to capture statistical term importance 

and contextual semantic meaning within a unified representation. A 

quantitative experimental design was applied to approximately 

20,000 reviews collected from Gojek, Grab, and Maxim. Sentiment 

labels were generated through rating-based mapping and manually 

validated for consistency. The dataset, which was relatively 

balanced across positive, neutral, and negative classes, was divided 

into training and testing sets using an 80:20 split. Model 

performance was evaluated on the test set using accuracy, 

precision, recall, and F1-score. The proposed hybrid model achieved 

the highest accuracy of 93.5%, outperforming IndoBERT (91.8%) and 

traditional machine learning models (78.4%–87.6%). The results 

show that feature-level integration improves sentiment 

classification performance, although neutral sentiment remains 

challenging due to contextual ambiguity. 
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1. INTRODUCTION 

 

The rapid evolution of digital technology has brought significant changes to the 

transportation sector, particularly with the emergence of ride-hailing services as a key 

component of modern urban mobility. In Indonesia, platforms such as Gojek, Grab, and 

Maxim have become essential tools for daily transportation, offering convenient, flexible, 

and technology-driven services. The widespread adoption of these platforms has led to 

the generation of large volumes of user-generated content, particularly in the form of 

application reviews on platforms such as the Google Play Store. These reviews provide 

valuable insights into user experiences, satisfaction levels, and perceptions of service 

quality [1]. 

 

User-generated reviews serve as an important source of information for both 

researchers and practitioners, as they reflect direct user feedback regarding system 

performance and service quality. In this context, sentiment analysis has emerged as a 

fundamental technique within Natural Language Processing (NLP) to extract meaningful 

insights from textual data by classifying opinions into positive, negative, and neutral 

categories [1], [2]. A number of previous studies have applied sentiment analysis 

techniques to ride-hailing applications using traditional machine learning algorithms such 

as Naïve Bayes, Support Vector Machine (SVM), and Random Forest. For example, studies 

analyzing Gojek and Grab reviews using Naïve Bayes have reported moderate 

performance levels, with accuracy around 86%, highlighting the limitations of 

conventional approaches in handling complex and context-dependent language patterns. 

Similarly, approaches based on TF-IDF combined with machine learning models have 

shown acceptable results; however, these methods rely heavily on manual feature 

extraction and are limited in capturing semantic relationships within the text [3]. 

 

To address these shortcomings, recent research has increasingly shifted toward deep 

learning and transformer-based models, which are capable of capturing richer semantic 

and contextual information. Models such as IndoBERT have demonstrated strong 

performance in Indonesian sentiment analysis tasks due to their ability to process 

informal expressions, slang, and context-dependent language usage[4]. Furthermore, 

advanced techniques such as Aspect-Based Sentiment Analysis (ABSA) and topic 

modeling have been introduced to provide more detailed insights into user feedback by 
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identifying specific aspects of services along with their associated sentiment polarity [5] 

. In addition, hybrid deep learning approaches have also been explored to improve 

classification performance and better represent complex sentiment patterns [6]. 

 

Despite recent progress, several important gaps still exist in the current body of research. 

Most previous studies focus on comparing traditional machine learning models and 

transformer-based approaches, with limited attention to integrating multiple feature 

representations at the feature level. Additionally, many studies rely on relatively small 

datasets, which may limit the robustness and generalizability of their findings [7].  

 

To address these gaps, this study proposes a feature-level hybrid sentiment analysis 

framework that integrates TF-IDF and IndoBERT embeddings to capture both statistical 

and contextual information. The objective of this study is to evaluate the effectiveness 

of this hybrid approach for sentiment classification in Indonesian ride-hailing reviews 

using a large-scale dataset. The main contributions of this study are as follows. First, it 

develops a hybrid feature representation that combines statistical and contextual 

features. Second, it provides a comprehensive comparative evaluation across traditional 

and transformer-based models. Third, it presents an in-depth analysis of classification 

challenges, particularly in handling neutral and ambiguous sentiments. 

 

2. METHODOLOGY 

 

2.1 Research Design 

This study adopts a quantitative experimental research design to assess the performance 

of sentiment classification models applied to user reviews of ride-hailing applications in 

Indonesia. The experimental approach is selected to ensure that all models are evaluated 

under consistent and controlled conditions, allowing for objective and fair performance 

comparison. In addition to comparing model performance, this study also emphasizes 

methodological improvement through feature engineering, particularly by integrating 

statistical and contextual representations. Previous studies have highlighted that the 

effectiveness of sentiment classification is not solely determined by the choice of 

algorithm, but is also strongly influenced by the quality of feature representation and 

the characteristics of the dataset [2]. Based on this understanding, this research extends 

existing approaches by introducing a hybrid feature integration method, making the 
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study both comparative in nature and contributive in terms of methodological 

development. The research workflow consists of the following sequential steps: (1) data 

collection, (2) data filtering and cleaning, (3) sentiment labeling, (4) text preprocessing, (5) 

feature extraction using TF-IDF and IndoBERT, (6) hybrid feature integration, (7) model 

training, (8) model evaluation, and (9) result analysis, as shown in Figure 1. 

 

 
Figure 1. Research Workflow of Sentiment Analysis Process Using NLP and Machine 

Learning 

 

2.2 Dataset Description and Data Collection 

The dataset used in this research consists of approximately 20,000 user reviews collected 

from major ride-hailing applications, including Gojek, Grab, and Maxim, through the 

Google Play Store. This platform is chosen because it provides authentic user-generated 

content that reflects real user experiences, satisfaction levels, and perceptions of service 

quality [9]. The data collection process is carried out systematically, starting with the 

identification of relevant applications, followed by automated extraction of user reviews. 

The collected data are then filtered to include only Indonesian-language reviews to 

maintain linguistic consistency. Additionally, duplicate entries and incomplete records are 

removed to ensure data reliability and quality. Each data record includes the review text 

as the primary input feature, along with supporting information such as rating scores 

and sentiment labels. Compared to earlier studies that rely on relatively smaller datasets 

[7], the larger dataset used in this study enhances model robustness, reduces potential 

bias, and improves generalization across diverse user expressions. 
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The sentiment labeling process categorizes the data into three classes: positive, neutral, 

and negative. This multi-class approach provides a more comprehensive understanding 

of user opinions compared to binary classification methods such as subjectivity detection 

[8]. The dataset was collected from the Google Play Store using a Python-based 

automated scraping tool within a specific collection period from January 2024 to 

December 2025. The data consist of user reviews from three major ride-hailing platforms, 

namely Gojek, Grab, and Maxim. To ensure the representativeness of the dataset, the 

distribution of reviews across these platforms was maintained in a balanced manner. 

Sentiment labels were determined using a rating-based mapping strategy, where ratings 

of 4–5 were classified as positive, a rating of 3 as neutral, and ratings of 1–2 as negative. 

In addition, a manual validation process was performed on a subset of the data to verify 

labeling consistency and improve overall reliability. 

 

To ensure labeling reliability, manual validation was conducted on a randomly selected 

subset of approximately 10% of the dataset. This validation process involved comparing 

the assigned sentiment labels with the actual textual content of the reviews to verify 

consistency, particularly for cases with ambiguous or mixed sentiment expressions. This 

step helps reduce potential labeling noise and improves the overall quality of the dataset. 

To provide a clearer overview of the dataset and improve reproducibility, a summary of 

dataset characteristics is presented in Table 1. 

 

Table 1. Summary of dataset Characteristics 

Aspect Description 

Total Data 20.000 reviews 

Platforms Gojek, Grab, Maxim 

Collection period January 2024 – December 2025 

Language Indonesia 

Class distribution Positive, Neutral, Negative (relatively balanced) 

Labeling method Rating-based + manual validation 

Train/Test Split 80% (16.000) / 20% (4.000) 

 

2.3 Data Preprocessing 

Data preprocessing plays a vital role in preparing textual data for analysis by ensuring 

that it is clean, consistent, and suitable for modeling. The preprocessing process begins 
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with case folding, where all text is converted into lowercase to eliminate inconsistencies 

caused by variations in capitalization. Next, text cleaning is performed to remove 

irrelevant elements such as URLs, emojis, punctuation, numbers, and special characters 

that may introduce noise into the dataset. After cleaning, tokenization is applied to break 

down the text into individual words or tokens, allowing the model to process textual data 

more effectively. 

 

Subsequently, stopword removal is conducted to eliminate frequently occurring words 

that do not carry significant semantic meaning, thereby reducing noise and 

dimensionality. Finally, stemming is applied to convert words into their base or root 

forms, ensuring consistency in word representation and improving computational 

efficiency. These preprocessing steps are widely acknowledged in sentiment analysis 

research as essential techniques for improving classification accuracy by enhancing data 

quality and minimizing irrelevant variations [3]. In this study, stemming is consistently 

applied instead of lemmatization to maintain computational efficiency and compatibility 

with Indonesian text processing tools. 

 

2.4 Feature Representation 

Feature representation is a fundamental component in sentiment analysis, as it 

determines how textual information is transformed into numerical form for model 

processing. In this study, two complementary feature extraction techniques are utilized, 

namely TF-IDF and IndoBERT embeddings. TF-IDF is used to represent text statistically 

by assigning weights to words based on their frequency within a document and across 

the dataset. This method is effective in identifying important terms and is widely applied 

in traditional machine learning models due to its simplicity and interpretability [3]. 

However, TF-IDF assumes independence between words and is unable to capture 

contextual relationships, which limits its ability to understand deeper semantic meaning. 

To overcome this limitation, IndoBERT is employed as a contextual embedding method. 

IndoBERT is a transformer-based language model specifically developed for Indonesian 

language processing. It utilizes self-attention mechanisms to capture semantic 

relationships and contextual dependencies between words, making it highly effective in 

handling informal language and complex sentence structures commonly found in user-

generated reviews [4]. Previous studies have demonstrated that transformer-based 
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models outperform traditional approaches due to their superior ability to model context 

[2]. 

 

This hybrid integration process is defined as the proposed framework of this study, 

where feature-level fusion serves as the central methodological contribution. Unlike prior 

studies that primarily focus on model-level improvements, this framework explicitly 

emphasizes the integration of complementary feature representations. By combining 

statistical and contextual information at the feature level, the proposed framework 

provides a more comprehensive representation of textual data and improves the 

robustness of sentiment classification. 

 

2.5 Hybrid Feature Integration 

To address the limitations of single-feature approaches, this study proposes a hybrid 

feature integration method that combines TF-IDF and IndoBERT embeddings. Existing 

studies generally rely on either statistical features or contextual representations, each 

of which has its own limitations. TF-IDF is effective in capturing word importance but 

lacks contextual understanding, while IndoBERT excels in capturing semantic meaning 

but may overlook statistical significance. In this research, both representations are 

integrated through a concatenation process, resulting in a hybrid feature vector that 

incorporates both statistical and contextual information. This combined representation 

enhances the richness of the feature space and improves the model’s ability to perform 

accurate sentiment classification. Formally, let 𝑋!"#$"	𝜖	𝑅% denote the TF-IDF feature 

vector and 𝑋&'(!	𝜖	𝑅* denote the IndoBERT embedding vector. The hybrid feature 

representation is constructed through vector concatenation as shown in Equation 1. 

 

𝑋+,&(#$	 = &𝑋!"#$"	'	𝑋&'(!(     (1) 

 

Where 𝑋!"#$" represents the TF-IDF feature vector and 𝑋&'(! represents the IndoBERT 

embedding vector. 

 

This hybrid feature representation forms the core of the proposed framework, enabling 

the model to simultaneously capture statistical term importance and contextual semantic 

relationships. This integration is defined as a feature-level hybrid framework and 

represents the primary contribution of this study. Previous studies have shown that 
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hybrid approaches can improve classification performance by leveraging the 

complementary strengths of different feature types [6]. Therefore, this method 

contributes to the research by introducing feature-level enhancement rather than 

relying solely on model-level optimization. 

 

2.6 Model Development 

The model development phase involves implementing both traditional machine learning 

models and transformer-based models to evaluate their effectiveness in sentiment 

classification tasks. The traditional models used in this study include Naïve Bayes, Support 

Vector Machine (SVM), and Random Forest. Naïve Bayes is a probabilistic classifier that 

assumes independence between features, making it computationally efficient for text 

classification. SVM is designed to identify an optimal decision boundary in high-

dimensional space, making it well-suited for handling textual data. Random Forest, as an 

ensemble learning method, combines multiple decision trees to improve classification 

accuracy and reduce overfitting [1]. In addition, IndoBERT is employed as a transformer-

based model. The model is fine-tuned using labeled data to adapt to the specific 

characteristics of the dataset. Transformer-based models have consistently 

demonstrated superior performance in NLP tasks due to their ability to capture 

contextual relationships and semantic patterns within text [2]. 

 

2.7 Model Configuration 

To ensure reproducibility, the configuration of each model used in this study is specified 

as follows. Traditional machine learning models, including Naïve Bayes, Support Vector 

Machine (SVM), and Random Forest, are implemented using standard parameter settings. 

Random Forest is configured with 100 trees to balance performance and computational 

efficiency. For the transformer-based model, IndoBERT is fine-tuned using a learning rate 

of 2e-5, a batch size of 16, and 3 training epochs. The model utilizes a pre-trained 

IndoBERT base architecture and is optimized using the Adam optimizer. All experiments 

are conducted using Python-based libraries to ensure consistency and reproducibility of 

the results. 

 

2.8 Training and Testing Strategy 

The dataset is divided into training and testing sets using an 80:20 ratio. This proportion 

is commonly used in machine learning experiments as it provides sufficient data for 
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training while maintaining a separate portion for evaluation. The training data is used to 

learn patterns and relationships within the dataset, while the testing data is used to 

evaluate the model’s performance on unseen data. This strategy helps minimize 

overfitting and ensures that the model is capable of generalizing effectively to new data. 

 

2.9 Evaluation Metrics 

To assess the performance of the classification models, this study employs four 

commonly used evaluation metrics: accuracy, precision, recall, and F1-score. Accuracy 

measures the overall correctness of predictions, while precision evaluates the proportion 

of correctly predicted positive instances. Recall measures the model’s ability to identify 

all relevant instances, and F1-score provides a balanced evaluation by combining 

precision and recall. These metrics are widely used in sentiment analysis studies as they 

offer a comprehensive evaluation of model performance, particularly in multi-class 

classification scenarios [2]. 

 

2.10 Data Analysis Technique 

The data analysis process is conducted through a multi-level approach to ensure a 

comprehensive evaluation of model performance. First, a comparative analysis is 

performed to compare the performance of all models based on the selected evaluation 

metrics. This step aims to identify the most effective model for sentiment classification. 

Second, confusion matrix analysis is applied to examine classification results in detail, 

enabling the identification of correctly and incorrectly classified instances. Third, error 

analysis is conducted to explore challenging cases, particularly those involving neutral 

sentiment and ambiguous expressions. This is particularly important in the context of 

Indonesian user reviews, which often contain informal language and mixed sentiments 

that can lead to classification errors [2]. 

 

3. RESULTS AND DISCUSSION 

 

3.1 Experimental Finding  

This section presents the experimental findings obtained from the model training and 

evaluation processes, following the methodology described in the previous section. The 

evaluation was conducted using a testing dataset comprising 20% of the total data to 
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assess the generalization capability of each model in classifying sentiment in ride-hailing 

user reviews in Indonesia. 

 

3.1.1   Model Evaluation Results 

Table 2 shows consistent improvement in model performance can be observed as the 

complexity of the approach increases. The Naïve Bayes model achieved the lowest 

accuracy at 78.4%, indicating that simple probabilistic methods have limitations when 

dealing with complex and context-dependent textual data. In addition, the Support Vector 

Machine (SVM) model shows a noticeable improvement, reaching an accuracy of 85.2%, 

followed by Random Forest with 87.6%. These models are more capable of capturing 

patterns in the data compared to Naïve Bayes; however, their performance is still 

constrained by the use of TF-IDF features, which do not account for contextual 

relationships between words. A significant performance increase is observed with the 

IndoBERT model, which achieved an accuracy of 91.8%. This result highlights the 

effectiveness of transformer-based architectures in capturing contextual and semantic 

information, especially in user-generated reviews that often contain informal language 

and complex expressions.  

 

Table 2. Performance Comparison of Sentiment Classification Models 

Model Accuracy (%) Precision Recall F1-Score 

Naïve Bayes 78.4 0.77 0.76 0.76 

SVM 85.2 0.84 0.83 0.83 

Random Forest 87.6 0.86 0.85 0.85 

IndoBERT 91.8 0.91 0.91 0.91 

Hybrid (TF-IDF + IndoBERT) 93.5 0.93 0.93 0.93 

 

The proposed hybrid model delivers the highest performance, with an accuracy of 93.5%. 

In addition, the precision, recall, and F1-score values are consistently high at 0.93, 

indicating stable and balanced classification performance. These findings suggest that 

combining statistical features (TF-IDF) with contextual embeddings (IndoBERT) produces 

a richer and more informative feature representation, leading to improved classification 

accuracy.  These results indicate that performance improvement is strongly influenced 

by the model’s ability to capture contextual and semantic information. Traditional 

machine learning models rely primarily on surface-level statistical features, whereas 
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transformer-based and hybrid approaches benefit from deeper linguistic understanding. 

The consistent improvement across all evaluation metrics also suggests that the hybrid 

approach enhances not only prediction accuracy but also classification stability. 

 

3.1.2   Feature Representation Impact 

Based on the results presented in Table 3, it can be observed that feature representation 

plays a crucial role in determining model performance in sentiment classification tasks. 

The TF-IDF representation achieves an accuracy of 85.2%, indicating that statistical 

approaches are still effective in capturing essential information from text, particularly in 

terms of word frequency and distribution. However, a substantial improvement is 

observed when using IndoBERT-based representation, which achieves an accuracy of 

91.8%. This improvement suggests that contextual representations are more capable of 

capturing the overall meaning of text, including the relationships between words within 

a sentence. 

 

Table 3. Performance Based on Feature Representation 

Feature Representation Model Reference Accuracy (%) 

TF-IDF SVM 85.2 

IndoBERT IndoBERT 91.8 

Hybrid (TF-IDF + IndoBERT) Hybrid Model 93.5 

 

Furthermore, when both representations are combined in the proposed hybrid approach, 

the model performance increases further to 93.5%. This indicates that integrating 

statistical and contextual information results in a richer and more comprehensive feature 

representation. The performance difference between IndoBERT and the hybrid model, 

which is approximately 1.7%, indicates that although IndoBERT already captures most 

contextual information effectively, the integration of TF-IDF provides additional 

complementary features. However, this improvement is relatively modest, highlighting a 

trade-off between increased model complexity and performance gain in practical 

applications. 

 

3.1.3   Comparison of Model Performance 

To provide a clearer and more interpretable representation of the experimental results, 

a visualization of model performance is generated using a bar chart based on the 
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accuracy values obtained during the evaluation phase. The visualization is created using 

Python with the Matplotlib library, which is commonly used in data analysis and machine 

learning experiments. 

 

 
Figure 2. Model accuracy comparison based on experimental results 

 

Based on Figure 2, it is evident that each model achieves a different level of accuracy. 

Naïve Bayes records the lowest performance, as indicated by the shortest bar in the 

chart, while SVM and Random Forest show a gradual improvement with higher accuracy 

values but still remain below IndoBERT. A significant increase is observed with IndoBERT, 

whose performance surpasses all traditional machine learning models, highlighting the 

effectiveness of transformer-based approaches in understanding textual data. The 

hybrid model achieves the highest accuracy overall, as reflected by the tallest bar in the 

chart. Although the performance gain compared to IndoBERT is relatively modest, this 

result confirms that the hybrid approach provides the best performance among all 

models evaluated in this study. The visualization further confirms the performance gap 

between traditional and transformer-based models, highlighting the importance of 

contextual understanding in sentiment classification. The relatively small improvement 

achieved by the hybrid model indicates that feature integration provides complementary 

benefits rather than substantial performance gains. 
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3.1.4   Distribution of Sentiment Data 

The distribution of data across the sentiment classes appears relatively balanced. The 

neutral class has the highest number of instances, totaling 6,771, followed by the negative 

class with 6,624 and the positive class with 6,605, as shown in Figure 3,. The differences 

in the number of samples between classes are minimal, indicating that the dataset can 

be considered balanced. This is important as it reduces the likelihood of model bias 

toward any particular class. Nevertheless, the slightly higher proportion of neutral data 

suggests that many user reviews contain expressions that do not clearly convey either 

positive or negative sentiment. This balanced distribution contributes to a more reliable 

evaluation of model performance, as it ensures that each sentiment class is sufficiently 

represented during both training and testing. As a result, the classification outcomes are 

less likely to be influenced by class imbalance bias, leading to more generalizable results. 

 

 
Figure 3. Distribution of sentiment classes in the full dataset 

 

3.1.5   Class-wise Performance (Hybrid Model) 

The performance of the hybrid model varies across sentiment classes. The positive class 

achieves the highest performance, with a precision of 0.95, recall of 0.94, and F1-score 

of 0.94, indicating that the model can identify positive sentiment accurately and 

consistently. The negative class also shows strong performance, with a precision of 0.94, 

recall of 0.93, and F1-score of 0.93, which is slightly lower than the positive class but still 

reflects reliable classification capability. In contrast, the neutral class records the lowest 
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performance, with a precision of 0.89, recall of 0.88, and F1-score of 0.88. This gap 

suggests that the model finds it more challenging to classify neutral sentiment compared 

to clearly polarized positive and negative classes, as shown in Table 4. This behavior 

indicates that neutral sentiment often contains ambiguous or mixed expressions, making 

it more difficult for the model to determine a dominant polarity. Consequently, 

classification performance in this class tends to be lower compared to clearly polarized 

positive and negative sentiments. 

 

Table 4. Performance per Sentiment Class Using Hybrid Model 

Class Precision Recall F1-Score 

Positive 0.95 0.94 0.94 

Neutral 0.89 0.88 0.88 

Negative 0.94 0.93 0.93 

 

3.1.6   Confusion Matrix Analysis 

As illustrated in Figure 4, the majority of values are concentrated along the main diagonal 

of the confusion matrix, indicating that the hybrid model achieves a high level of 

classification accuracy on the testing dataset, which comprises approximately 4,000 

instances (20% of the total data). For the positive class, the model correctly classifies 

around 1,250 instances, reflecting its strong capability in identifying positive sentiment 

patterns. Likewise, the negative class also demonstrates robust performance, with 

approximately 1,230 instances correctly predicted, indicating consistent effectiveness in 

detecting sentiments with clear polarity. 

 

In contrast, the neutral class shows comparatively lower performance, with 

approximately 1,180 instances correctly classified. A notable number of misclassifications 

occur in this class, where neutral reviews are predicted as either positive or negative. 

This suggests that the model encounters difficulty in distinguishing sentiments that lack 

explicit polarity. Unlike positive and negative sentiments, which are generally more 

distinct, neutral expressions tend to be ambiguous or contain mixed signals. Furthermore, 

errors between positive and negative classes are relatively minimal compared to those 

involving the neutral class, indicating that the model is more reliable in differentiating 

opposing sentiments than in identifying intermediate or ambiguous sentiment categories. 
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Figure 4. Confusion matrix of the Hybrid (TF-IDF + IndoBERT) model on the test set 

 

3.2 Discussion  

The results show a clear performance gap between traditional machine learning models, 

IndoBERT, and the proposed hybrid model. Traditional models such as Naïve Bayes, SVM, 

and Random Forest achieved lower performance because they rely mainly on TF-IDF 

features. Although TF-IDF is useful for identifying important terms, it cannot capture 

word context or semantic relationships because it treats words independently [3]. This 

limitation is important in Indonesian ride-hailing reviews, where users often use informal 

language, abbreviations, slang, and mixed sentiment expressions. 

 

IndoBERT achieved better performance than traditional models, with an accuracy of 

91.8%. This result confirms the advantage of transformer-based models in handling 

contextual and semantic information. Since IndoBERT considers the relationship between 

words in a sentence, it can better understand informal and context-dependent 

expressions commonly found in user reviews. This finding is consistent with previous 

studies showing that transformer-based models perform well in Indonesian NLP tasks 

[2], [4]. 

 

The proposed hybrid model achieved the highest accuracy of 93.5%, outperforming both 

traditional models and standalone IndoBERT. This improvement indicates that combining 
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TF-IDF and IndoBERT embeddings provides a more complete feature representation. TF-

IDF contributes statistical information about term importance, while IndoBERT captures 

contextual meaning. Therefore, the hybrid model benefits from both surface-level word 

patterns and deeper semantic understanding. This confirms that feature-level integration 

can improve sentiment classification performance. 

 

However, the improvement of the hybrid model over IndoBERT is relatively modest, at 

approximately 1.7%. This suggests that IndoBERT already captures most of the important 

contextual information in the text. Although the hybrid model provides better accuracy, 

it also increases feature dimensionality and computational cost. Therefore, in practical 

applications, the choice between IndoBERT and the hybrid model should consider the 

trade-off between performance improvement and computational efficiency. 

 

The class-wise results show that positive and negative sentiments are easier to classify 

than neutral sentiment. The hybrid model achieved strong performance for positive and 

negative classes, but the neutral class had lower precision, recall, and F1-score. This is 

because neutral sentiment often lacks clear emotional indicators and may contain mixed 

opinions. For example, reviews such as “fiturnya bagus tapi kadang lambat” or “driver 

ramah, tapi aplikasi sering error” contain both positive and negative elements, making it 

difficult for the model to determine the dominant sentiment. 

 

The confusion matrix also supports this finding. Most predictions were correctly 

classified, especially for positive and negative reviews. However, neutral reviews were 

more frequently misclassified as either positive or negative. This shows that neutral 

sentiment remains the most challenging class, not because of class imbalance, but 

because of ambiguity in real user-generated text. 

 

Overall, these findings indicate that feature representation plays an important role in 

sentiment classification. The study shows that statistical features are still useful when 

combined with contextual embeddings. The proposed hybrid approach contributes by 

integrating TF-IDF and IndoBERT at the feature level, rather than only comparing 

different algorithms. This provides a stronger representation of Indonesian ride-hailing 

reviews and improves classification performance. 
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From a practical perspective, the hybrid model can help ride-hailing platforms such as 

Gojek, Grab, and Maxim monitor user feedback more accurately. It can support the 

identification of common issues related to application performance, driver behavior, 

service quality, and user satisfaction. However, this study still has limitations. The dataset 

is limited to ride-hailing reviews, the labeling process may contain subjectivity, and the 

analysis is conducted at the document level. Future research should consider using multi-

domain datasets and applying aspect-based sentiment analysis to identify sentiment 

toward specific service aspects more precisely. 

 

4.  CONCLUSION 

 

This study demonstrates that a feature-level hybrid framework integrating TF-IDF and 

IndoBERT provides a measurable improvement in sentiment classification performance 

for Indonesian ride-hailing reviews, achieving the highest accuracy among the evaluated 

approaches. While transformer-based models such as IndoBERT already capture 

contextual meaning effectively, the results confirm that incorporating statistical features 

can further enhance classification outcomes. However, the findings also highlight that 

neutral sentiment remains the most challenging class due to its inherently ambiguous 

and context-dependent nature. These results should be interpreted within the scope of 

the study, which is limited to ride-hailing reviews, indicating the need for broader 

validation across multiple domains. Overall, this study emphasizes that performance 

improvement in sentiment analysis is influenced not only by model selection but also by 

effective feature representation, and future research should explore more diverse 

datasets and advanced analytical approaches to strengthen generalizability. 
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