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Abstract: The rapid growth of the Indonesian e-commerce industry has generated a 

large volume of customer reviews for sentiment analysis, but the data distribution 

often suffers from extreme class imbalance. The review dataset exhibits a 97.6% 

dominance of the positive class, causing the single-stage transformer model to 

produce high accuracy that does not fully represent classification capability. The 

baseline model achieves a macro-averaged F1-score of 0.599, with a neutral-class 

recall of 26.3%. Approaches based on loss function adjustment, such as class-

balanced loss, focal loss, weighted cross-entropy, and decision-threshold adjustment, 

are unable to fundamentally address this issue, yielding only limited performance 

improvements. This study proposes a two-stage classification approach that 

decomposes the multi-class classification task into two sequential binary 

classification stages using a BERT-based Indonesian-language transformer model 

(IndoBERT). The first stage separates the positive class from the non-positive class, 

while the second stage distinguishes between the neutral and negative classes in a 

more balanced decision space. The proposed approach achieves a macro-averaged 

F1-score of 0.761, representing a 16.2% improvement over the baseline and 

outperforming all loss-function-based methods. These findings suggest that, under 

conditions of extreme class imbalance, simplifying the decision space through 

gradual task decomposition is more effective than intervention at the loss-function 

level. Furthermore, error propagation analysis and qualitative evaluations 

demonstrate that this approach improves sensitivity to minority classes, although 

challenges remain in cases involving ambiguous expressions. 

 

Keywords: Class Imbalance; IndoBERT; Indonesian E-Commerce; Sentiment 

Analysis; Two-Stage Classification. 

 

INTRODUCTION 

E-commerce platforms in Indonesia have experienced significant growth, with transaction values reaching Rp 

1,288.93 trillion in 2024, according to the 2025 Report on the Performance of Electronic Commerce (PMSE) in 

Indonesia published by the Central Statistics Agency (Kementerian Perdagangan, 2025). Each transaction has the 

potential to generate textual reviews that directly influence consumers’ subsequent purchasing decisions. In a 

broader context, a study by YouGov (2026) found that the majority of consumers tend to abandon their purchase 

intentions when confronted with reviews dominated by negative sentiment, with the proportion reaching 

approximately 67% among consumers in the United States (Fernandes, 2026). These findings indicate that 

customer reviews play a crucial role in shaping consumer perceptions and decisions (Zhao et al., 2025). This 

impact is not limited to individual consumer behavior but also extends to seller retention, user trust, and the 

platform’s overall revenue performance (Lumansik & Yanda Bara Kusuma, 2025). Therefore, sentiment analysis 

is a key component in understanding user perceptions and supporting data-driven decision-making on e-commerce 

platforms. 

Although sentiment analysis plays a crucial role, the performance of models on Indonesian e-commerce 

reviews still faces a major challenge in the form of extreme and asymmetric class distributions (Munthe & Levianti, 

2025). A study on the Tokopedia dataset reported a dominance of the positive class at 92.4% (Alaiya & Agusniar, 

2025), while the dataset used in this study exhibits an even higher dominance, with the positive class accounting 

for 97.6% and the neutral and negative classes each representing only 1.2%. Under such extreme class imbalance 
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conditions, Transformer-based models such as IndoBERT especially when implemented without imbalance-

handling techniques tend to experience a decline in minority-class performance (Setyawan & Nugraha, 2025). 

Approaches based on loss function modification, which have been widely used, have proven insufficient to 

fundamentally address this issue under conditions of extremely high imbalance ratios (Anadra et al., 2025). 

Furthermore, the various approaches proposed in previous studies generally focus on adjusting the loss function 

or data distribution but have not fully explored the effectiveness of simplifying the decision space through task 

decomposition strategies (Razali et al., 2025). As a result, models are required to solve complex multi-class tasks 

under conditions of highly imbalanced data distributions. Therefore, there remains a limited body of research that 

systematically applies and evaluates the effectiveness of stepwise classification strategies for addressing extreme 

class imbalance in sentiment analysis tasks. 

To address these limitations, this study employs a task decomposition strategy through a two-stage 

classification approach. In the first stage, the IndoBERT model is trained as a binary classifier to distinguish 

between positive and non-positive reviews. This stage aims to separate the majority class from the minority classes, 

thereby reducing the effect of class distribution dominance during the learning process, in line with hierarchical 

classification and problem decomposition approaches that have been used to improve classification performance 

in complex scenarios (S. Lin et al., 2025). Subsequently, only reviews predicted as non-positive are forwarded to 

the second stage, where another IndoBERT model is trained to distinguish between neutral and negative reviews. 

Unlike previous approaches that focused on adjusting the loss function or data distribution (Anadra et al., 2025), 

this study emphasizes the effectiveness of sequential task decomposition in mitigating classification challenges 

under conditions of extreme class imbalance. 

Based on these issues, the main contributions of this study are as follows. First, this study presents an empirical 

evaluation of a two-stage classification approach using a dataset of Indonesian e-commerce reviews with extreme 

class imbalance. Second, this study compares the effectiveness of a stepwise task decomposition strategy with that 

of a loss-reweighting approach in improving minority-class detection performance. Third, this study analyzes the 

trade-off between error propagation in the initial stage and improved discriminative power in the subsequent stage, 

accompanied by a qualitative analysis of classification error patterns. 

 

LITERATURE REVIEW 

Class imbalance has become one of the main challenges in text classification tasks, particularly in sentiment 

analysis with highly asymmetric data distributions. Studies on Transformer-based models show that high aggregate 

accuracy does not always reflect the model’s ability to detect minority classes. For example, (Saputra & Ginting, 

2025) reported that the IndoBERT model achieved an accuracy of 83%, yet its performance on minority classes 

remained low, with a Macro-F1 score of 0.61 and very low minority recall. This finding aligns with (Yuan et al., 

2025), who demonstrated that class distribution imbalance directly reduces model performance on distribution-

based metrics such as Macro-F1. A similar pattern has also been observed in RoBERTa- and BERT-based models. 

(He, 2024) reported that, on the imbalanced Twitter Airline dataset, models without imbalance-handling 

techniques achieved an accuracy of around 82%, but the F1-scores for the minority classes (positive and neutral) 

were only 59.31% and 65.61%, far below that of the majority class (negative), which reached 84.78%. 

To address this issue, various loss-based approaches have been developed, such as class reweighting, focal loss, 

and cost-sensitive learning. However, the effectiveness of these methods tends to be limited to conditions of 

extreme imbalance. (Cartus et al., 2023) report that the effectiveness of loss-based approaches decreases 

significantly when the imbalance ratio exceeds 100:1. On the other hand, the classification structure also affects a 

model’s ability to handle class imbalance. In single-stage approaches, a model must distinguish all classes 

simultaneously within a single decision space, which can intensify competition among classes and reinforce bias 

toward the majority class (Kyritsis et al., 2025). Studies by (Leevy et al., 2018) and (Henning et al., 2023) show 

that multi-class classification under imbalanced conditions is inherently more difficult than binary classification 

approaches, as models fail to establish adequate decision boundaries and tend to favor the majority class within 

the same decision space. 

Alternatively, task-decomposition-based approaches, such as cascaded classification and two-stage 

classification, are increasingly being used to simplify the decision space by breaking down the classification task 

into several simpler stages. This approach allows for the separation of majority class detection and minority class 

discrimination, enabling the model to learn more stable decision boundaries on a more balanced subset of data (W. 

Zhou et al., 2024). However, the application of decomposition approaches to sentiment analysis with extreme class 

imbalance remains limited and has not yet been systematically compared with loss-function-based approaches. A 

study by (S. Cui et al., 2023) applied a two-stage ensemble approach to social media sentiment classification and 

achieved competitive results; however, that study was conducted on a dataset with a relatively balanced class 

distribution and did not include comparisons with loss-based approaches such as focal loss or class-weighted loss.  
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METHOD 

This study employs an experimental approach to compare the performance of several strategies for addressing 

extreme class imbalance in sentiment classification tasks. The methodology includes data preparation, the 

development of a transformer-based baseline model, the implementation of loss-function-based approaches, and 

the evaluation of two-stage classification approaches. The evaluation focuses on the Macro-F1 metric to ensure 

balanced performance across all classes. 

 

Data Preprocessing 

This study uses data from the Kaggle platform, specifically the Tokopedia Product Reviews 2025 dataset 

(Abdurrahman, 2025). This dataset consists of 65,543 Tokopedia product reviews collected via web scraping, 

focusing on products with high transaction activity across various attributes. The dataset uses the review_text 

attribute as the text input and sentiment_label as the classification target, which is then encoded into three classes: 

positive (0), neutral (1), and negative (2). The class distribution in the dataset shows extreme imbalance. The 

positive class dominates at 97.6%, while the neutral and negative classes account for only 1.2% and 1.2%, 

respectively. This asymmetry has the potential to introduce model bias toward the majority class and produce 

unrepresentative evaluations when relying solely on accuracy metrics (Widyananda & Fauzi, 2025). 

The data is processed in its original text form without applying conventional preprocessing techniques such as 

stemming or stopword removal to preserve contextual and semantic information, as the IndoBERT model can 

learn feature representations autonomously through self-attention mechanisms without relying on feature 

engineering (Adhim & Cahyono, 2025). Next, the text is tokenized using the indobenchmark/indobert-base-p1 

tokenizer, with padding and truncation applied to a maximum length of 128 tokens. This value was determined 

based on the token length distribution in the dataset, where 99.78% of reviews are under 128 tokens long, with an 

average of 18 tokens and a median of 14 tokens. The short nature of these reviews allows for the use of a 128-

token limit to optimally represent information while maintaining computational efficiency (Z. G. Zhou, 2022). 

As the final step in data preparation, the dataset is divided into training (80%), validation (10%), and testing 

(10%) sets. This division is performed using stratified sampling to preserve class proportions across all subsets. 

 

Baseline Transformer Model 

The baseline model uses the IndoBERT architecture (indobenchmark/indobert-base-p1), which has been fine-

tuned for a three-class sentiment classification task (positive, neutral, negative). Given a review 𝓍, the model 

generates a contextual representation using the special token [𝐶𝐿𝑆], which is then projected into the output class 

space using a linear layer and a softmax function (Wilie et al., 2020) : 

𝑃(𝑦|𝑥) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑊ℎ𝐶𝐿𝑆 + 𝑏) (1) 

Here, 𝑦 ∈ {0,1,2} corresponds to positive, neutral, and negative sentiment, respectively. Under conditions of 

highly imbalanced data distribution, this approach tends to produce bias toward the majority class, resulting in 

poor performance on minority classes. 

 

Loss-Based Approaches for Class Imbalance 

 

Class-Balanced Loss 

This work adopts the Class-Balanced Loss framework proposed by (Y. Cui et al., 2019) as a solution for extreme 

class imbalance, using class weights computed from the effective number of samples principle. 

ℒ𝐶𝐵 =  − ∑ 𝓌𝑖𝑦𝑖log(𝑦𝑖̂)

𝐶

𝑖=1

 (2) 

In this study, the 𝛽 value was set to 0.9999 in accordance with the recommendations of (Y. Cui et al., 2019) and 

adjusted to the characteristics of the dataset, which exhibits a highly imbalanced class distribution with significant 

dominance of the majority class.  

 

Focal Loss 

According to (T. Lin et al., 2017), Focal Loss was developed as a variation of the cross-entropy loss function 

aimed at addressing class imbalance by down-weighting easily classified instances. Mathematically, the Focal 

Loss function is formulated as follows: 

𝐹𝐿(𝑝𝑡) =  − 𝑎𝑡(1 −  𝑝𝑡)𝛾log(𝑝𝑡) (3) 

where, 𝑝𝑡 is the model’s predicted probability for the target class. The parameter 𝑎𝑡 serves as a weighting factor 

between classes, while the parameter 𝛾 ≥ 0 (focusing parameter) controls the degree to which the loss contribution 

of easily classified samples is reduced.  
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Weighted Cross-Entropy 

Weighted Cross-Entropy (WCE) is a modification of the cross-entropy loss function that assigns different 

weights to each class to address class distribution imbalance. The WCE loss function is defined as follows: 

𝑊𝐶𝐸(𝑝𝑡) =  −𝑤𝑡 log(𝑝𝑡) (4) 

where 𝑤𝑡 is the class weight, which is typically calculated as the inverse of class frequency in the dataset. This 

approach aims to increase the model’s sensitivity to minority classes by increasing the penalty for prediction errors 

in those classes (Siva & Hoki, 2026). 

 

Threshold Adjustment Strategy 

The threshold tuning strategy is applied as a post-processing approach to improve the model’s sensitivity to 

minority classes by adjusting decision thresholds based on the validation set. In the classification setting, label 

predictions are determined as follows: 

𝑦̂ =  {
𝑦𝑚, 𝑖𝑓 𝑃(𝑦𝑚|𝑥) ≥ 𝜏

arg max𝑦≠𝑦𝑚 𝑃(𝑦|𝑥),   otherwise
 (5) 

where 𝑦𝑚 represents the neutral and negative classes. The value of 𝜏 is determined through a search procedure 

on the validation set with the aim of improving metrics such as F1-score or recall for minority classes.  

 

Proposed Hierarchical Two-Stage Transformer  

This study proposes a hierarchical two-stage transformer approach as a decomposition-based strategy for 

addressing sentiment classification under conditions of extreme class imbalance by decomposing the three-class 

sentiment classification problem into two simpler binary classification subproblems. In general, multi-class 

classification approaches model the class distribution as follows (Oh, 2022): 

𝑃( 𝑦 ∣∣ 𝑥 ), 𝑦 ∈ {0,1,2} (6) 

This formulation requires the model to learn decision boundaries simultaneously across all classes (Moral et al., 

2022). Under conditions of highly imbalanced class distributions, this process increases class competition, 

resulting in decision boundaries biased toward the majority class (Abdulkreem & Abdulazeez, 2025). The 

proposed approach models the classification process as a sequential decomposition into two simpler binary 

classification decisions. 

𝑃( 𝑦 ∣∣ 𝑥 ) = 𝑃 (𝑐1|𝑥) 𝑃(𝑐2|𝑥, 𝑐1) (7) 

where 𝑐1represents the first stage decision (positive or non-positive), and 𝑐2 represents the second-stage 

classification (neutral or negative), which is applied only when 𝑐1 is classified as non-positive. This approach is 

related to the concepts of classifier decomposition and hierarchical classification, in which complex predictions 

are decomposed into a series of simpler conditional decisions (Murphy, 2022).  

To simplify the decision space under extreme class imbalance, the proposed framework decomposes the 

classification process into two sequential stages, as illustrated in Fig. 1. 

 
Fig.  1 Overview of the proposed two-stage framework. The left side shows independent training, while the right 

side illustrates sequential inference. 

 

Stage-1: Positive vs Non-Positive 

In the first stage, the original labels are transformed into binary variables as follows: 

𝑐1 =  {
0, 𝑖𝑓𝑦 = 0(𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒)

1, 𝑖𝑓𝑦 ∈ {1,2}(𝑛𝑜𝑛 − 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒)
 (8) 

The first-stage model performs the following classification task: 
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𝑃(𝑐1 ∣ 𝑥) (9) 

The model is optimized using the binary cross-entropy loss function: 

ℒ1 =  − 𝑦 log  (𝑦̂) + (1 − 𝑦) log(1 − 𝑦̂) (10) 

The choice of a positive-versus-non-positive separation scheme is not arbitrary. In the context of e-commerce 

review data, the positive class generally dominates the data distribution; therefore, separating it at an early stage 

allows the model to first identify the dominant class before performing more refined discrimination among 

minority classes. This strategy aligns with the coarse-to-fine classification principle in the literature on hierarchical 

classification and cascaded models (Xiong & Yao, 2023). 

 

Stage-2: Neutral vs Negative 

The second stage is trained using a subset of the training data with 𝑐1 = 1, samples belonging to the non-positive 

class. The labels for this stage are defined as follows: 

𝑐2 =  {
0, 𝑖𝑓 𝑦 = 1 (𝑛𝑒𝑢𝑡𝑟𝑎𝑙)

1, 𝑖𝑓 𝑦 = 2 (𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒)
 (11) 

The second-stage model learns the conditional distribution: 

𝑃(𝑐2 ∣ 𝑥, 𝑐1 = 1) (12) 

The model is optimized using the binary cross-entropy loss function: 

ℒ2 =  − 𝑦 log  (𝑦̂) + (1 − 𝑦) log(1 − 𝑦̂) (13) 

The data subset for the second stage was created based on the ground truth labels in the training data to prevent 

inter-stage data leakage. Consequently, the second-stage training process is not affected by prediction errors from 

the first stage. 

 

End-to-End Inference Mechanism 

During the inference stage, the final prediction is obtained through a sequential classification mechanism that 

combines two binary models sequentially. This mechanism reflects the decomposition of the classification decision 

into two simpler stages, where the second-stage decision is conditional on the first-stage result. Given a review 𝑥, 

the first-stage model generates a prediction: 

𝑐1̂ = 𝑎𝑟𝑔 𝑚𝑎𝑥 𝑃( 𝑐1 ∣∣ 𝑥 ) (14) 

If 𝑐1̂ = 0 (positive), then the final prediction is immediately set to: 

𝑦̂ = 0 (15) 

Conversely, if 𝑐1̂ = 1(non-positive), the sample is passed to the second stage to distinguish between the neutral 

and negative classes. The second-stage prediction is defined as follows: 

𝑐2̂ = 𝑎𝑟𝑔 𝑚𝑎𝑥 𝑃( 𝑐2 ∣∣ 𝑥, 𝑐1 = 1 ) (16) 

Therefore, the final prediction is determined as: 

𝑦̂ =  {

0,   𝑖𝑓 𝑐1̂ = 0
1,    𝑖𝑓 𝑐1̂ = 1  ∧  𝑐2̂ = 0
2, 𝑖𝑓 𝑐1̂ = 1  ∧  𝑐2̂ = 1

 (17) 

However, this approach inherently introduces the potential for error propagation across stages (Wu et al., 2024) 

because errors in the first stage are critical, as samples predicted as positive are not passed to the second stage, 

meaning such errors cannot be corrected by the second-stage model. In this context, the system’s overall 

performance is determined not only by the accuracy of each model independently but also by interactions between 

stages within the inference pipeline. This means that end-to-end performance cannot be assumed to reflect a simple 

combination of the independently evaluated performance of each stage. Furthermore, the data distribution received 

by the second stage during inference depends on the output of the first stage, resulting in a distribution that differs 

from the training-time data distribution, which uses a subset based on ground truth labels (Fu et al., 2021).  

 

Experimental Setup 

All experiments used the IndoBERT architecture (indobenchmark/indobert-base-p1) with a consistent fine-

tuning procedure to ensure fair comparisons between methods. The experiments differed only in the loss function 

and the formulation of the classification task. All models were trained with a maximum sequence length of 128, a 

batch size of 16, a learning rate of  2e-5, and the AdamW optimizer with a weight decay of 0.01. The fine-tuning 

process was conducted over three epochs using a consistent configuration across all experiments, including the 

baseline, loss-based approaches, and the two-stage framework. 
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Evaluation and Analysis Metrics 

Model performance was evaluated using multi-class classification metrics that account for class distribution 

imbalance. All metrics were calculated based on the confusion matrix for each class 𝑐 ∈ {0,1,2}, where the labels 

represent positive (0), neutral (1), and negative (2) sentiments. 

Accuracy is defined as the percentage of correct predictions out of all samples within the dataset (Sa, 2025): 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
∑ 𝑇𝑃𝑐

𝐶
𝑐=1

𝑁
 (18) 

Precision refers to the proportion of accurate predictions among all outputs assigned to class 𝑐. On the other 

hand, recall assesses the fraction of class 𝑐 samples that the model correctly classifies (Rizqilla et al., 2025) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑐 =  
𝑇𝑃𝑐

𝑇𝑃𝑐 +  𝐹𝑃𝑐
 (19) 

𝑅𝑒𝑐𝑎𝑙𝑙𝑐 =  
𝑇𝑃𝑐

𝑇𝑃𝑐 +  𝐹𝑁𝑐
 (20) 

As the primary metric, this study uses the Macro F1-score, which represents the unweighted average of F1-

scores across all classes. The Macro F1-score was chosen because it assigns equal weight to each class, making it 

more appropriate for evaluating model performance under class imbalance conditions (Ribeiro, 2015). 

𝐹1𝑐 = 2 × 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑐 × 𝑅𝑒𝑐𝑎𝑙𝑙𝑐

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑐 + 𝑅𝑒𝑐𝑎𝑙𝑙𝑐
 (21) 

𝑀𝑎𝑐𝑟𝑜 𝐹1 =  
1

𝐶
∑ 𝐹1𝑐

𝐶

𝐶=1

 (22) 

 

RESULT 

Dataset Characteristics and Baseline Performance 

Table 1 presents the performance of the baseline IndoBERT model using the standard cross-entropy loss 

function on the three-class sentiment classification task. 

 

Table 1. Performance Metrics of the Baseline Model 

Class Precision Recall F1 

Positive 0.988 0.994 0.991 

Neutral  0.350 0.263 0.300 

Negative 0.581 0.450 0.507 

Accuracy 0.978 

Macro F1 0.599 
 

 

The baseline model achieved an accuracy of 97.8% but attained only a Macro F1-score of 59.9%, reflecting an 

imbalance in performance across classes. Further analysis shows that performance on the minority classes remains 

low, with recall for the neutral and negative classes at 26.3% and 45.0%, respectively. In contrast, recall for the 

positive class reaches 99.4%, suggesting a strong bias toward the majority class. These findings confirm that the 

use of the standard cross-entropy loss function is insufficient to handle extreme class imbalance, necessitating 

alternative approaches (Zahro et al., 2025).  

 

Results of Loss-Based and Threshold-Based Interventions 

To address class imbalance, we evaluated several loss-based and threshold-based approaches. Table 2 presents 

a comparison of their performance. 

 

Table 2. Performance Comparison of Loss-Based and Threshold-Based Interventions 

Model Accuracy Macro F1 Recall (Neutral) Recall (Negative) 

Baseline 0.978 0.599 0.263 0.450 

Class-Balanced Loss 0.976 0.591 0.200 0.550 

Focal Loss 0.977 0.595 0.262 0.450 

Weighted CE 0.977 0.593 0.275 0.412 

Threshold Moving 0.980 0.595 0.290 0.410 
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The results show that all intervention methods failed to outperform the baseline on aggregate metrics, with the 

Macro F1-score remaining stagnant and even declining slightly from 0.599 to the range of 0.591–0.595. Per-class 

recall analysis revealed a consistent trade-off: methods that improved recall for one minority class tended to 

degrade performance for other minority classes. Weighted Cross-Entropy and Threshold Moving showed 

improvements in neutral-class recall (0.275 and 0.290, representing improvements of 4.5% and 10.3% over the 

baseline, respectively), but experienced significant declines in negative-class recall (0.412 and 0.410, representing 

decreases of 8.4% and 8.9% from the baseline). Conversely, Class-Balanced Loss improved negative-class recall 

to 0.550 (+22.2%) but reduced neutral-class detection performance to 0.200 (-24.0% from the baseline). 

This limitation suggests that, under conditions of extreme imbalance, interventions at the loss-function level 

are unable to fundamentally alter the model’s bias toward the majority class. The dominance of the gradient from 

the positive class creates optimization pressure that is sufficiently strong that reweighting efforts through the loss 

function merely shift bias from one minority class to another without improving the model’s overall discriminative 

power.  

 

Two-Stage Framework Analysis 

The evaluation of the two-stage approach was conducted in stages to understand the contribution of each 

component to overall performance. The analysis focused on three main aspects: (1) the ability of Stage 1 to separate 

the majority class (positive) from the non-positive class, (2) the ability of Stage 2 to distinguish between the neutral 

and negative classes in the filtered subset, and (3) the impact of integrating both stages on end-to-end performance. 

 

Stage 1: Positive vs. Non-Positive Classification 

Table 3 presents the performance of the Stage 1 model in distinguishing the majority class (positive) from the 

combined minority classes (non-positive). 

Table 3. Stage-1 Performance Breakdown 

Class Precision Recall F1 

Positive 0.990 0.990 0.990 

Non-Positive 0.601 0.594 0.597 

Accuracy 0.980 

Macro F1 0.794 
 

 

The Stage 1 model achieved a Macro F1-score of 0.794 with a recall of 0.594 for the non-positive class. 

Although this recall indicates that approximately 40.6% of minority samples were not successfully passed to the 

next stage, this performance is still better than that of the direct multi-class approach in the baseline, where recall 

for minority classes ranged from 0.263 to 0.450. This stage functions as a coarse filtering mechanism that isolates 

the dominant class before more refined discrimination is performed. 

 

Stage 2: Neutral vs. Negative Classification 

The performance of Stage 2, presented in Table 4, was evaluated using non-positive samples selected based on 

ground truth labels. Therefore, these results represent an ideal scenario in which all non-positive samples are 

assumed to have been successfully classified by Stage 1. 

 

Table 4. Stage-2 Performance Breakdown 

Class Precision Recall F1 

Neutral 0.693 0.763 0.726 

Negative 0.736 0.663 0.697 

Accuracy 0.712 

Macro F1 0.712 
 

 

The Stage 2 model achieved a Macro F1-score of 0.712 on the non-positive subset, significantly higher than 

the baseline performance for both minority classes in the multi-class setting (F1-scores of 0.300 and 0.507, 

respectively). This improvement indicates that, by eliminating the dominance of the positive class, the model can 

learn a more discriminative decision boundary between neutral and negative classes. 

The sequential integration of the two stages yields an end-to-end Macro F1-score of 0.761, representing a 

significant improvement over both the baseline (0.599) and loss-function-based approaches. These results indicate 

that, despite sample loss in Stage 1, the combination of the two stages still improves the balance of performance 

across classes.  
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Overall Performance Comparison 

Table 5 presents a comparison of all methods evaluated in this study, including the baseline model, loss-based 

interventions, threshold-adjustment approaches, and the proposed two-stage framework. 

Table 5. Overall Performance Comparison Across All Methods 

 

Model Accuracy Macro F1 

Baseline (IndoBERT) 0.978 0.599 

Class-Balanced Loss 0.976 0.591 

Focal Loss 0.977 0.595 

Weighted CE 0.977 0.593 

Threshold Moving 0.980 0.595 

Two-Stage 0.980 0.761 

Improvement  +16.2% 
 

 

The results show that the two-stage approach achieved the highest Macro F1-score of 0.761, outperforming all 

loss-reweighting-based methods by a significant margin (16.2% higher than the baseline and 16.6% higher than 

the best loss-based method). This improvement far exceeds the performance variation produced by loss-based 

approaches, which varied only within a range of ±0.01. These findings indicate that the single-stage approach has 

fundamental limitations in handling highly imbalanced class distributions, as all classes are learned simultaneously 

within a single decision space. In contrast, the two-stage approach explicitly decomposes the classification task 

into two simpler subproblems, thereby reducing direct competition between the majority and minority classes. 

To validate that the performance improvement stems from the decomposition strategy used, an ablation study 

was conducted by reversing the order of the classification decomposition. In the alternative strategy, Stage 1 

separates the negative class from the non-negative class, while Stage 2 distinguishes between the positive and 

neutral classes. The results in Table 6 show that this strategy achieved a Macro-F1 score of only 0.553, which is 

significantly lower than that of the proposed approach. This performance drop indicates that the effectiveness of 

hierarchical classification heavily depends on how the decomposition is performed. Separating the majority class 

at an early stage proves more effective in simplifying the decision space and facilitating more stable discrimination 

between minority classes. 

 

Statistical Significance Testing 

The experiment was repeated using three different random seeds to evaluate the stability of the model’s 

performance. Table 7 shows that the two-stage approach consistently yielded a higher Macro-F1 score than the 

baseline across all test seeds. The baseline achieved an average Macro-F1 score of 0.600 ± 0.009, whereas the 

two-stage approach achieved an average score of 0.771 ± 0.014. To test the statistical significance of this 

improvement, a paired t-test was performed, yielding a p-value of 0.0085, p < 0.05, and a t-statistic of 10.748. 

These results indicate that the improvement in the two-stage model’s performance is statistically significant and 

is unlikely to be due to random seed variation. 

 

Error Propagation and Interpretability 

The two-stage approach inherently introduces an error propagation mechanism, whereby errors in Stage 1 

directly affect the distribution of data passed to Stage 2. Based on the evaluation results, Stage 1 was able to retain 

approximately 59.4% of the non-positive samples, while approximately 40.6% were not passed to the next stage. 

Nevertheless, samples successfully processed by Stage 2 are classified with greater discriminative accuracy, 

Table 6. Ablation Study on Decomposition Strategy 

Strategy Stage-1 Stage-2 Macro-F1 

Proposed Positive vs Non-Positive Neutral vs Negative 0.761 

Ablation Negative vs Non-Negative Positive vs Neutral 0.553 
 

Table 7. Statistical Significance Across Random Seeds 

Model Seed 42 Seed 123 Seed 777 Mean ± Std 

Baseline 0.588 0.607 0.605 0.600 ± 0.009 

Two-Stage 0.790 0.757 0.767 0.771 ± 0.014 
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indicating a trade-off between data retention and classification quality. The difference in error patterns between 

the baseline model and the two-stage model can be observed through the confusion matrix in Fig. 2. 

  
Fig.  2 Confusion Matrix Comparison Between Baseline and Two-Stage Models 

The proposed two-stage approach successfully mitigated this bias, increasing recall for the neutral class from 

0% to 66.7%. These results demonstrate that, by separating the decision space at an early stage, the model can 

capture more subtle linguistic patterns associated with previously overlooked minority-class samples. Table 6 

presents several representative examples illustrating the differences in predictions between the baseline model and 

the two-stage approach. 

Table 8. Qualitative Error Analysis 

Model True Baseline Two-Stage Category Status 

“sayang banget telurnya busuk” Negative Neutral Negative explicit complaint 

“packaging agak kurang” Neutral Positive Neutral implicit sentiment 

“barang datang kondisi rusak” Neutral Negative Neutral over-prediction 

“lumayan harga dan produk rapih” Neutral Positive Positive Ambiguous 

“barang cepat sampai, bagus” Neutral Positive Positive Ambiguous 
 

The analysis in Table 8 shows that the two-stage approach consistently improves classification performance 

for texts containing implicit negative or neutral sentiment. The baseline model tends to classify such texts as 

positive, reflecting bias toward the majority class. In contrast, the two-stage approach is better at capturing weak 

linguistic signals, such as mild complaints or indications of product dissatisfaction. These findings confirm that 

the performance limits of the two-stage framework are largely determined by the intrinsic semantic ambiguity of 

review texts rather than limitations in the model architecture. 

To gain a deeper understanding of the model’s behavior, we conducted an interpretability analysis using LIME, 

as shown in Fig. 3. 

 
Fig.  3 LIME-Based Token Importance Analysis for Minority-Class Prediction 

The interpretability results show that the model utilizes complaint-related tokens such as “lama,” “kurang,” 

and “packing,” as well as contrastive expressions such as “tapi,” during the sentiment prediction process. These 

findings indicate that the two-stage approach is capable of capturing minority-class linguistic patterns and 

evaluative contexts that are often overlooked by single-stage approaches under highly imbalanced class 

distributions. 

 

DISCUSSIONS 

The application of decomposition via two-stage classification consistently outperforms loss-function-

adjustment-based methods in handling extreme class imbalance. At extremely high imbalance ratios (>80:1), the 

gradient contribution from the majority class becomes overly dominant, causing reweighting efforts at the loss-

function level to merely shift bias among minority classes rather than improve overall discriminative ability. The 
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two-stage architecture circumvents this fundamental limitation, yielding a Macro F1-score of 0.761 (16.2% 

improvement over baseline) demonstrating that task decomposition, not loss-function modification, is the critical 

mechanism for handling extreme imbalance. 

However, the two-stage approach introduces an unavoidable trade-off: error propagation between stages. 

Analysis shows that Stage 1 successfully passes only about 59.4% of non-positive samples to the next stage, with 

the remaining 40.6% incorrectly classified as positive and therefore unrecoverable in subsequent stages. 

Nevertheless, samples successfully passed by Stage 1 were classified by Stage 2 with a Macro F1-score of 0.712, 

far surpassing the baseline performance on the same subset. These findings indicate that the benefit of simplifying 

the decision space in Stage 2 is empirically greater than the cost of losing samples in Stage 1, resulting in superior 

end-to-end performance overall. Qualitative analysis further supports these findings: the two-stage approach 

successfully corrected four out of five baseline failure cases, particularly for texts containing explicit complaints 

and implicit sentiment. However, two cases involving ambiguous expressions still failed in both models, indicating 

that the remaining performance limitations are influenced more by the intrinsic semantic ambiguity of the 

Indonesian language than by limitations of the classification strategy. 

There are several limitations that must be acknowledged in this study. First, all experiments were conducted 

on a single dataset from a single platform (Tokopedia), so the generalizability of the findings to other e-commerce 

contexts or domains requires further validation. Second, the two-stage approach is highly dependent on the quality 

of decisions made in the initial stage, meaning that errors in Stage 1 are irreversible within the inference pipeline. 

Third, intrinsic linguistic challenges such as ambiguous expressions and mixed sentiments within a single sentence 

cannot yet be addressed through modifications to the classification strategy alone and may require additional 

approaches such as generative-model-based data augmentation or label refinement through inter-annotator 

agreement. 

 

CONCLUSION 

Extreme class imbalance in multi-class sentiment classification is a major challenge that causes models to 

become biased toward the majority class and fail to detect minority classes effectively. Under these conditions, 

metrics such as accuracy become unrepresentative, necessitating approaches capable of handling imbalanced data 

distributions while maintaining the ability to distinguish between classes. This study demonstrates that, under 

conditions of extremely dominant majority classes, all loss-function-based intervention approaches tested 

including Class-Balanced Loss, Focal Loss, Weighted Cross-Entropy, and Threshold Moving proved unable to 

fundamentally resolve this issue, as changes in Macro F1-score remained within ±0.01 of the baseline due to the 

overwhelming dominance of gradients from the majority class. This study implements and evaluates a two-stage 

classification strategy that decomposes the multi-class task into two sequential binary decisions. Stage 1 separates 

the positive class from the non-positive class as an initial filtering mechanism, while Stage 2 performs more precise 

discrimination between neutral and negative classes in a more balanced decision space. This approach yields an 

end-to-end Macro F1-score of 0.761, representing a 16.2% improvement over the baseline and significantly 

outperforming all loss-based methods, despite a trade-off involving unrecoverable error propagation from Stage 1 

amounting to 40.6%. These findings indicate that, under conditions of extreme class imbalance, simplifying the 

decision space through sequential task decomposition provides a more effective solution than interventions at the 

loss-function level alone. 
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