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Abstract 

The rapid growth of e-commerce in Indonesia has generated a massive volume of user-generated content in the form of 
product reviews. This textual data is a rich resource for businesses to understand customer satisfaction and product 
performance. This study aims to perform sentiment analysis on Indonesian e-commerce product reviews to 
automatically classify them into positive and negative sentiments. A publicly available dataset of Indonesian 
marketplace product reviews was utilized. The methodology involved text preprocessing steps, including case folding, 
tokenization, stopword removal, and stemming, followed by feature extraction using Term Frequency-Inverse 
Document Frequency (TF-IDF). Two common machine learning classifiers, Naïve Bayes and Support Vector Machine 
(SVM), were trained and evaluated on the dataset. The performance of the models was measured using accuracy, 
precision, recall, and F1-score. The results indicate that the Support Vector Machine (SVM) classifier achieved a higher 
accuracy of 89.5% compared to the Naïve Bayes classifier, which achieved an accuracy of 84.2%. These findings 
demonstrate the effectiveness of machine learning techniques in analyzing consumer sentiment in the Indonesian 
language, providing a valuable tool for market intelligence and business decision-making. 
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1. Introduction

The digital transformation across the globe has been accelerated by the expansion of the internet access worldwide, 
causing people to change how they shop and interact online. Indonesia, as one of the largest and fastest-growing digital 
economies in Southeast Asia, has witnessed an exponential rise in e-commerce platforms and users [1]. The growth of 
the digital economy is a key government focus, with studies highlighting the critical role of user trust and technology 
adoption in this expansion [2]. Platforms like Tokopedia, Shopee, and Bukalapak have become key component to the 
retail landscape, facilitating millions of transactions daily. A direct consequence of this growth is the creation of vast 
amounts of user-generated data, particularly in the form of product reviews. These reviews contain valuable opinions, 
sentiments, and feedback from customers, representing a goldmine of information for businesses [3]. 

Manually reviewing large volumes of customer feedback is inefficient, time-consuming, and prone to human bias. This 
challenge highlights the need for automated methods to process and extract insights from this data. Data mining, 
specifically through the subfield of text mining and Natural Language Processing (NLP), offers a powerful solution [4]. 
Sentiment analysis, or opinion mining, is a technique used to systematically identify, extract, and quantify affective 
states and subjective information from text data [5]. By applying sentiment analysis, businesses can automatically 
assess public attitudes and opinions, monitor brand and product perception, and gain actionable insights to improve 
products and services [6]. 
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The strategic value of these automated insights is immense. By systematically analyzing customer sentiment, e-
commerce companies can move beyond reactive problem-solving and towards proactive strategy development. For 
instance, consistently negative sentiment towards a product can trigger a review of its quality or description, while 
positive sentiment can be leveraged in marketing campaigns. This data-driven approach allows businesses to rapidly 
adapt to market demands, enhance customer loyalty, and ultimately gain a significant competitive advantage in a 
crowded marketplace. 

This research focuses on applying and comparing two widely used machine learning algorithms for the task of sentiment 
analysis on Indonesian e-commerce reviews. We investigate the performance of a probabilistic classifier, Naïve Bayes, 
and a linear classifier, Support Vector Machine (SVM), in categorizing product reviews as either 'positive' or 'negative'. 
The primary objective is to determine which model provides better performance for this specific context, thereby 
providing a practical framework for sentiment classification of Indonesian text. 

2. Literature Review 

Sentiment analysis has been a subject of extensive research for over two decades. Early work primarily focused on the 
English language, but there is a growing body of research on other languages, including Indonesian [7], [8]. 

Machine learning approaches for sentiment analysis can be broadly categorized into supervised, unsupervised, and 
semi-supervised methods. Supervised learning is the most common approach, where a labelled dataset (text documents 
pre-tagged with their sentiment) is used to train a classifier [9]. Several algorithms have been successfully applied. The 
Naïve Bayes classifier, based on Bayes' theorem with an assumption of conditional independence between features, is 
known for its simplicity and efficiency, especially in text classification tasks [10]. Despite its "naïve" assumption, it often 
performs surprisingly well and serves as a strong baseline model [11]. 

The Support Vector Machine (SVM) is another powerful supervised learning algorithm. SVM works by finding an optimal 
hyperplane that separates data points of different classes in a high-dimensional space [12]. It is highly effective in high-
dimensional spaces, which is characteristic of text data where each word can be a feature. Studies have frequently 
shown SVM to be one of the top-performing classifiers for text sentiment analysis, often outperforming other traditional 
machine learning models [13], [14]. 

Research in the Indonesian context has explored various techniques. A study by [15] on Indonesian hotel reviews using 
Long Short-Term Memory (LSTM) networks showed the promise of deep learning models. Another study by [16] 
compared Decision Tree, Random Forest, and SVM for Indonesian e-commerce reviews, finding that SVM yielded high 
accuracy. More recent work has also focused on creating robust datasets and models for the Indonesian language, such 
as IndoBERT, which leverages the transformer architecture for better contextual understanding [17]. This study builds 
upon existing work by providing a direct comparison of Naïve Bayes and SVM on a publicly accessible Indonesian 
marketplace dataset, contributing to the body of knowledge on sentiment analysis for this specific linguistic and 
commercial environment [18]. 

3. Methodology 

This research follows the Cross-Industry Standard Process for Data Mining (CRISP-DM) methodology, which provides 
a structured approach for data mining projects [19]. The process includes data understanding, data preparation, 
modelling, and evaluation. 
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Figure 1 Research Methodology Design 

3.1. Dataset 

The dataset used in this study is the "Indonesian Marketplace Product Reviews" dataset, publicly available on the Kaggle 
platform. The dataset contains several hundred reviews, each with a text review in the Indonesian language and a 
corresponding sentiment label ('positive' or 'negative') [20]. 

3.2. Data Preprocessing 

Raw text data is unstructured and contains noise. To prepare the data for the machine learning models, a series of 
standard NLP preprocessing steps were performed [21]: 

• Case Folding: All text was converted to lowercase to ensure uniformity (e.g., "Bagus" and "bagus" are treated 
as the same word). 

• Tokenization: The text was broken down into individual words or tokens. 
• Stopword Removal: Common Indonesian words that do not carry significant meaning (e.g., "dan", "di", "yang") 

were removed using a standard Indonesian stopword list. The importance of a language-specific stopword list 
is crucial for effective feature selection [22]. 

• Stemming: Words were reduced to their root form (e.g., "membeli" becomes "beli"). The Sastrawi library, a 
popular rule-based stemmer for the Indonesian language, was used for this purpose [23]. 

3.3. Feature Extraction 

After preprocessing, the textual data needs to be converted into a numerical format that machine learning algorithms 
can understand. This was achieved using the Term Frequency-Inverse Document Frequency (TF-IDF) vectorization 
technique. TF-IDF evaluates how relevant a word is to a document in a collection of documents. It assigns a weight to 
each word, with higher weights given to words that are frequent in a document but rare across all documents [4]. 

3.4. Modeling and Evaluation 

The pre-processed and vectorized data was split into a training set (80%) and a testing set (20%). Two classification 
models were built using the training data: 

• Naïve Bayes: Specifically, the Multinomial Naïve Bayes classifier was used, which is well-suited for text 
classification problems with discrete features like word counts [10]. 
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• Support Vector Machine (SVM): A linear kernel was used for the SVM classifier due to its efficiency and 
effectiveness with high-dimensional text data [13]. 

The performance of each model was evaluated on the unseen testing set using a confusion matrix. From the confusion 
matrix, the following metrics were calculated [24]: 

• Accuracy: The proportion of correctly classified reviews. 
• Precision: The proportion of positive predictions that were actually correct. 
• Recall (Sensitivity): The proportion of actual positives that were identified correctly. 
• F1-Score: The harmonic mean of precision and recall, providing a single score that balances both metrics. 

4. Results and Discussion 

The two machine learning models were trained and tested, and their performance metrics were recorded. The results 
are visualized in Figure 2. 

 

Figure 2 Comparison of Model Performance Metrics 

The results clearly show that the Support Vector Machine (SVM) classifier outperformed the Naïve Bayes classifier 
across all four evaluation metrics. The SVM model achieved an accuracy of 89.5%, meaning it correctly classified the 
sentiment of nearly 9 out of 10 percent of reviews in the test set. This is 5.3 percentage points higher than the Naïve 
Bayes model's accuracy. 

Table 1 Performance Metrics of Classification Models 

Model Accuracy Precision Recall F1-Score 

Naïve Bayes 84.2% 83.5% 85.1% 84.3% 

Support Vector Machine (SVM) 89.5% 88.9% 90.2% 89.5% 

The higher precision and recall of the SVM model indicate that it is not only more accurate overall but also better at 
correctly identifying positive reviews (precision) and capturing the majority of all positive reviews in the dataset 
(recall). The F1-Score, which balances precision and recall, further confirms the superior and more robust performance 
of the SVM model for this task. 
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The better performance of SVM can be attributed to its ability to handle high-dimensional data effectively. In text 
classification, the vocabulary size can be very large, resulting in a high-dimensional feature space. SVM's mechanism of 
finding the optimal separating hyperplane is particularly powerful in this scenario, whereas the Naïve Bayes model's 
strong independence assumption may not fully hold true for natural language, limiting its performance [25]. 

5. Conclusion 

This study successfully applied and compared two machine learning classifiers, Naïve Bayes and Support Vector 
Machine, for sentiment analysis of Indonesian e-commerce product reviews. The results demonstrated that both models 
are capable of classifying sentiment with a reasonable degree of accuracy. However, the Support Vector Machine (SVM) 
model showed significantly better performance, achieving an accuracy of 89.5%. 

This research confirms that data mining techniques are highly effective for extracting valuable insights from customer 
reviews in the Indonesian language. E-commerce businesses can leverage these models to automate the process of 
sentiment analysis, enabling them to monitor customer feedback in real-time, identify areas for product improvement, 
and enhance overall customer satisfaction. Future work could explore more advanced deep learning models like LSTM 
or Transformers (e.g., IndoBERT) and expand the analysis to include multi-class sentiment (e.g., positive, negative, 
neutral) or aspect-based sentiment analysis. 
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