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1. INTRODUCTION

The The development of digital technology has transformed the way people interact in economic
activities, particularly through e-commerce platforms [1]. In Indonesia, Shopee has become one of the largest
platforms, with millions of active users and a transaction volume that continues to increase each year. This rapid
growth has given rise to a new phenomenon in the form of an explosion in the number of product reviews from
consumers, covering various categories such as electronics, clothing, beauty products, and household necessities
[2]. These reviews play an important role as indicators of customer satisfaction and seller service quality, as well
as a source of information for potential buyers in making purchasing decisions [3]. However, the high volume of
review data on platforms like Shopee makes manual analysis inefficient and prone to bias [4]. Therefore, an
automated approach based on machine learning is needed to interpret consumer opinions quickly and accurately
[5]

The main challenge in analyzing e-commerce reviews lies in extracting emotional information and
determining consumer sentiment efficiently without losing contextual meaning [6]. Conventional methods such
as Naive Bayes and Support Vector Machine (SVM) based on TF-IDF features can indeed classify text, but they
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are limited in their ability to understand semantic relationships between words [7]. As a result, classification
outcomes are often less accurate when dealing with ambiguous or complex sentences [8]. This situation creates
the need for sentiment analysis methods that are not only accurate but also capable of deeply understanding natural
language context and operating efficiently at large data scales, such as Shopee product reviews [9].

Various previous studies have applied machine learning and deep learning approaches to e-commerce
sentiment analysis [10]. Classical methods such as Naive Bayes and Random Forest have achieved accuracies
ranging from 72-90%, while transformer-based models such as BERT and IndoBERT are capable of reaching
accuracies of up to 93-95% [11]. However, research that focuses on optimizing lightweight transformer models
such as DistilBERT remains very limited. Most existing studies emphasize full BERT models or local variants
like IndoBERT, which require substantial computational resources [12]. Therefore, a research gap exists to
explore the extent to which lightweight models like DistilBERT can deliver performance comparable to larger
models while offering higher computational efficiency [13].

This study proposes the use of DistilBERT as the primary model for sentiment analysis of Shopee product
reviews [14]. Conceptually, DistilBERT is not merely a “lightweight” version of BERT, but the result of a
knowledge distillation process that transfers behavioral knowledge from a full BERT model to a new model with
an optimized structure [14]. Unlike other transformer models that simply reduce parameters or modify
tokenization (such as RoOBERTa or IndoBERT), DistilBERT introduces three key scientific innovations that make
it well suited for large-scale sentiment analysis tasks :

a. First, DistilBERT retains BERT’s bidirectional contextual embeddings but removes token-type
embeddings that are only relevant for sentence-pair tasks (such as next sentence prediction). This design allows
DistilBERT to focus more on intra-sentence context, which is highly suitable for single-sentence sentiment
classification [15].

b. Second, the distillation process in DistilBERT does not merely prune layers, but optimizes the soft
target probability distributions (output logits) of BERT to train the student model [16]. As a result, DistilBERT
learns the generalization behavior and semantic smoothness of the teacher model, rather than simply mimicking
word representations. This enables it to be more robust to variations in opinion expressions, sarcasm, and subtle
sentence nuances phenomena that frequently appear in e-commerce user reviews [17].

c. Third, DistilBERT employs a triple-loss combination: (1) language modeling loss, (2) cosine
embedding loss between the teacher and student representations, and (3) Kullback—Leibler divergence loss
between their prediction distributions. This combination enables deeper semantic transfer compared to other
models such as ROBERTa, which focuses solely on masked language modeling, or IndoBERT, which typically
performs fine-tuning without a dedicated distillation stage [18].

With these characteristics, DistilBERT is not only more efficient but also more stable in capturing
emotional context from short to medium-length texts the types of text that dominate Shopee reviews [19].
Therefore, the selection of DistilBERT in this study is not merely a computational consideration, but is grounded
in its scientific advantages in semantic learning mechanisms, which make it highly suitable for context-rich and
expressive natural language based sentiment analysis [20].

2. METHOD

This study employs a quantitative experimental approach aimed at evaluating the performance of the
DistilBERT model in conducting sentiment analysis on Shopee product reviews. The experimental approach is
chosen because it allows for direct testing of the model’s effectiveness through training (fine-tuning) and testing
processes using real-world datasets. In this study, the independent variable is the DistilBERT model used as the
primary analytical method, while the dependent variable is the sentiment classification outcome in the form of
positive or negative categories, measured using four evaluation metrics: accuracy, precision, recall, and F1-score.

The dataset used in this study is the Shopee Text Review Dataset obtained from the Kaggle platform.
This dataset contains approximately one million English-language product reviews, each labeled with positive or
negative sentiment. After the data cleaning process, the dataset was converted into .xIsx format to facilitate
processing using Python. To maintain class balance, 47,430 positive reviews and 47,430 negative reviews were
selected. The dataset was then split into training and testing sets using four different ratios 90:10, 80:20, 70:30,
and 60:40 to observe the consistency of the model’s performance across different data proportions.

Text preprocessing was carried out to ensure that the data were optimally prepared for processing by the
transformer model. The process began with case folding (converting all text to lowercase), removal of non-
alphabetic characters, and mapping sentiment labels to numerical values (1 for positive and 0 for negative). The
data were split into training and testing sets using the train_test split() function from the scikit-learn library to
maintain class balance. Subsequently, tokenization was performed using DistilBertTokenizerFast with parameters
max_length = 128, padding = True, and truncation = True to ensure uniform text length. The dataset was then
wrapped into a PyTorch-based ShopeeDataset class so that it could be utilized in the DistilBERT model training
process.
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The primary model used in this study is DistilBERT-base-uncased, a product of knowledge distillation
from BERT. This model was fine-tuned for binary classification using a batch size of 16, a learning rate of Se-5,
and the AdamW optimizer (Adam with Weight Decay), with the number of training epochs varied from 1 to 10.
DistilBERT was selected because it retains approximately 97% of BERT’s performance while using about 40%
fewer parameters, and it incorporates a triple-loss mechanism (a combination of language modeling loss, cosine
embedding loss, and Kullback—Leibler divergence loss), which enhances both computational efficiency and
semantic understanding of the text.

As benchmarks, two baseline models were employed: Naive Bayes with TF-IDF and SVM with TF-IDF.
Both were used to measure the extent of performance improvement achieved by DistilBERT. Naive Bayes relies
on word probability distributions across classes, while SVM applies hyperplane optimization based on TF-IDF—
weighted word features.

Evaluation was conducted using four main metrics: accuracy, precision, recall, and F1-score. These four
metrics were calculated based on the confusion matrix results, which represent the number of correct and incorrect
predictions for each class. The general structure of the confusion matrix for binary classification is shown in Table
1.

Table 1. Confusion Matrix

Actual Class Positive Prediction Negative Prediction
Positive True Positive (TP) False Negative (FP)
Negative False Positive (FP) True Negative (TP)

From this matrix, the evaluation metrics are calculated using the following equation:

P B TP + TN
ceuracy =Tp Y TN+ FP + FN

TP

Precission = TP+ FP

TP

Recall = TP_I_—FN

Precission X Recall
F1=2X

Precision + Recall

Model evaluation was conducted using four main metrics: accuracy, precision, recall, and F1-score.
These metrics were calculated based on the confusion matrix, which represents the number of correct and incorrect
predictions for each class. The general structure of the confusion matrix for binary classification is presented in
Table 1.

Confusion matrix analysis provides a comprehensive overview of prediction error patterns. For instance,
a high False Positive (FP) value indicates that the model tends to be overly sensitive to negative reviews (over-
classification), while a high False Negative (FN) value suggests that the model fails to correctly identify positive
reviews that should have been classified as such. Therefore, this analysis is important for understanding not only
how accurate the model is, but also how it behaves when dealing with ambiguous data or reviews containing
mixed sentiments.

Overall, the research workflow begins with the data collection stage, which involves downloading and
preparing the Shopee review dataset from the Kaggle platform. The next stage is data preprocessing, which
includes text cleaning, tokenization, and the construction of structured data.

This is followed by the model training stage, where the DistiIBERT model is fine-tuned and two baseline
models are trained for comparative purposes. The subsequent stage is model testing to obtain sentiment prediction
results on the test data, which are then evaluated using performance metrics. After all results are obtained, a
comparative analysis is conducted between the performance of DistilBERT and the baseline models to assess the
extent of performance improvement achieved by the lightweight transformer model.

The study concludes with the formulation of scientific conclusions and a discussion of the practical implications
of using DistiIBERT in sentiment analysis systems for e-commerce platforms. Visually, the entire research process
is illustrated in the form of a flow diagram, as shown in Figure 1.
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Figurre 1. Flow Diagram
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3. RESULTS AND DISCUSSION

This study produced a sentiment analysis model based on DistilBERT, which was then compared with
two baseline models: Naive Bayes with TF-IDF and SVM with TF-IDF. The experiments were conducted using
four data split ratios 90:10, 80:20, 70:30, and 60:40 to evaluate the stability and consistency of model performance
across different proportions of training and testing data.

The experimental results show that DistilBERT consistently achieved the best performance across all
data ratios. The highest accuracy was obtained at the 90:10 split, reaching 94.8%, with precision and recall values
of 94.5% and 94.3%, respectively. The model’s performance remained stable at the 80:20 and 70:30 ratios,
achieving accuracies of 94.5% and 94.2%. At the 60:40 ratio, accuracy slightly decreased to 93.7% due to the
reduced proportion of training data.

In contrast, the two baseline models demonstrated lower performance. The Naive Bayes model achieved
a maximum accuracy of only 88.4%, while the SVM model reached 89.6% accuracy at its best ratio. Overall,
DistilBERT outperformed the conventional methods by an average margin of 5-6%, while also exhibiting superior
performance stability across all data ratio scenarios.

Table 2 below displays the complete test results of each model on the data ratio variations:

Table 2. Complete Test Result

Rasio  Accu Recall F1-
Model Dat'a racy Pl:ec1 Score
(Train: ssion

Test)
DistilBERT 90:10 0.94 0.94 0.94 0.94
DistilBERT 80:20 0.94 0.94 0.94 0.94
DistilBERT 70:30 0.94 0.93 0.93 0.93
DistilBERT 60:40 0.93 0.93 0.93 0.93

Naive Bayes + TF- )

IDF 80:20 0.88 0.88 0.87 0.87

SVM + TF-IDF 80:20 039 089 0.89 0.89

Tables Based on the table above, DistilBERT not only outperforms the other models in terms of accuracy,
but also demonstrates a high balance between precision and recall, resulting in the highest F1-score among all
models. This indicates that the model is able to consistently identify both positive and negative sentiments with a
low error rate. To examine the distribution of predictions, a confusion matrix is applied to the best-performing
model, namely DistilBERT with a 90:10 data split ratio. The results of the confusion matrix are presented in
Figure 2.

From the confusion matrix, it can be seen that the True Positive (TP) and True Negative (TN) values
dominate compared to the misclassification values (False Positive and False Negative). This indicates that
DistilBERT is able to recognize sentiment patterns with a prediction error rate below 3%. This low error
proportion reinforces the evaluation metrics results, which show a balanced performance between precision and
recall.
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Figure 2. 90:10 data split ratio
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To further clarify the performance comparison among the models, a bar chart was created, as shown in
Figure 3, illustrating the accuracy comparison across the three models.

Figure 3. Accuracy Comparison
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DistilBERT’s ability to maintain a balance between True Positives (TP) and True Negatives (TN) serves
as a strong indicator that the model can effectively understand sentence context [21]. For example, in ambiguous
sentences such as “the product is good but delivery is slow,” the model can accurately identify the main emotional
polarity, unlike Naive Bayes and SVM, which tend to misclassify due to their limitations in capturing semantic
relationships between words. The experimental results above demonstrate that the transformer-based DistilBERT
model has far superior semantic representation capabilities compared to classical word-weighting methods like
TF-IDF. Through its bidirectional self-attention mechanism and knowledge distillation process, DistilBERT can
learn the distribution of meaning across words in a sentence, making it more sensitive to emotional context and
syntactic structure [22].

This capability allows the model to recognize subtler sentiment nuances, such as differentiating between
“the product is good but delivery is slow” and “the product is bad but delivery is fast,” which conventional models
often classify as neutral. This explains why DistilBERT exhibits lower false positive and false negative rates.
Compared to previous studies, for example, IndoBERT by Aras et al. (2024) with 93% accuracy, and RNN-QER
by Novitasari et al. (2024) with 95% accuracy, this study shows that DistilBERT can achieve performance
comparable to larger models while being more computationally efficient. This advantage is attributed to the
parameter distillation process, where the “student” model learns from the probability distributions of the “teacher”
model, thereby maintaining deep semantic understanding without high complexity.
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Furthermore, testing shows that optimal fine-tuning is achieved between the 2nd and 3rd epochs, after
which the model’s performance tends to stabilize. This indicates a fast convergence rate, making DistiIBERT
more efficient in training time compared to full transformer models like BERT. Thus, these results not only
confirm DistilBERT’s superior performance but also demonstrate an optimal trade-off between training speed,
accuracy, and computational resource efficiency, making it an ideal model for large-scale data processing
scenarios such as e-commerce reviews.

This study provides significant scientific contributions compared to previous research, both
methodologically, technically, empirically, and practically. Methodologically, it is among the first studies to apply
DistilBERT for large-scale sentiment analysis of Shopee reviews. Unlike previous studies that used BERT or
IndoBERT on limited datasets, this research systematically tests the stability of a lightweight model across
different data split ratios to observe consistency in performance. Technically, DistilBERT is optimized through
efficient fine-tuning configurations with a batch size of 16, learning rate of 5e-5, and 1-10 epochs, achieving high
performance even in the early epochs. This demonstrates that the model can reach high accuracy without requiring
extensive computational resources, providing a cost-effective yet precise solution for large-scale text analysis.

Empirically, the testing results show that DistilBERT delivers an average accuracy improvement of 5—
6% compared to classical methods such as Naive Bayes and SVM, while also achieving better balance between
precision and recall across all data split ratios. These findings confirm that DistilBERT is adaptive to the
complexities of natural language and varying emotional contexts in consumer reviews. Practically, this study
opens opportunities for applying DistilBERT in automated sentiment analysis systems on e-commerce platforms
to understand public perception, improve service quality, and support data-driven decision-making.

In summary, this research demonstrates that DistilBERT is not merely a lightweight version of BERT,
but a scientifically grounded solution that balances accuracy, efficiency, and deep semantic understanding making
it an ideal model for large-scale sentiment analysis systems in Indonesia’s e-commerce industry.

4. CONCLUSION

The This study successfully demonstrates that DistilBERT is a lightweight transformer model capable of
delivering high performance in sentiment analysis of e-commerce product reviews, particularly on the Shopee
platform. The experimental results show that DistilBERT consistently achieves the highest accuracy, reaching
94.8% with a 90:10 data split, along with balanced precision and recall values above 94%. These findings confirm
that the model can accurately identify positive and negative sentiment patterns with a low prediction error rate,
even across different data split ratios. Compared to the two baseline models Naive Bayes and SVM with TF-IDF
DistilBERT outperforms by an average of 5-6% across all main evaluation metrics.

Methodologically, this study is among the first to apply DistilBERT to large-scale Shopee review datasets
while also testing the model’s stability across four different data split ratios. Technically, the study demonstrates
that an efficient fine-tuning configuration with a batch size of 16, a learning rate of Se-5, and epochs ranging from
1 to 10 can achieve high performance even in early epochs, significantly reducing training time and computational
resource consumption. Empirically, DistilBERT proves to have the best balance among accuracy, precision, recall,
and Fl-score, with a stronger semantic representation capability compared to conventional word-weighting
methods.

Furthermore, the practical contribution of this study is the demonstration that DistiIBERT can serve as
the foundation for automated sentiment analysis systems in Indonesia’s e-commerce sector, supporting tasks such
as monitoring customer opinions, product recommendation systems, and real-time customer satisfaction detection.
The model can be implemented in production systems without requiring large-scale computational infrastructure,
making it an ideal solution for companies with limited resources.

In conclusion, this study confirms that DistilBERT is not merely a lightweight version of BERT, but a
scientifically grounded approach that balances accuracy, efficiency, and deep semantic understanding, positioning
it as a potential standard model for large-scale sentiment analysis in the future.
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