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Abstract

Imbalanced data distribution is a common issue in Indonesian sentiment classification and significantly affects the
performance of classification models. This study investigates three approaches, namely SMOTE combined with
Support Vector Machine (SMOTE + SVM), Baseline IndoBERT, and Class-Weighted IndoBERT. The dataset
consists of Google Maps reviews, which are categorized into positive, neutral, and negative sentiments. Prior to
model training, the data undergo preprocessing steps including cleaning, normalization, and tokenization. Model
performance is evaluated using confusion matrix analysis and macro-averaged Fl-score. The results show that
Baseline IndoBERT achieves a macro F1-score of 0.598, followed by Class-Weighted IndoBERT with 0.582, while
SMOTE + SVM obtains the lowest performance at 0.545. Despite having slightly lower overall performance, Class-
Weighted IndoBERT demonstrates a more balanced capability in recognizing minority classes. These findings
indicate that incorporating class-weighting mechanisms into transformer-based models can help mitigate bias toward
majority classes and improve minority class recognition. From a scientific perspective, this study provides empirical
evidence on how imbalance-aware learning strategies influence the behavior of transformer-based models in
imbalanced text classification tasks. Furthermore, this study highlights the importance of using macro-averaged
evaluation metrics to ensure a more comprehensive and fair assessment of model performance, particularly in low-
resource and imbalanced language settings.
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1. INTRODUCTION

Finding the opinion, feeling, and attitude expressed in a piece of writing is the focus of sentiment
analysis [1]. With the rapid growth of user-generated content on social media platforms, online review
sites and discussion forums, sentiment analysis has become an important tool to understanding user’s
perception and experiences [2]. In Indonesia, sentiment analysis has been widely applied in various
domains, including product reviews, public services, education, tourism, and government-related
research, where respondents offer text input in a range of informal and varied language forms [3], [4],
[5], [6], [7], [8]. Despite its wide range of applications, sentiment analysis in real-world scenarios still
faces several challenges. One of the most significant issues is the problem of class imbalance dataset
[9]. In many real-world sentiment analysis datasets, the distribution of sentiment classes is often
imbalanced, where one class may dominate the dataset while the remaining classes are underrepresented
[10]. As a result, machine learning models tend to become biased toward the majority class, which can
reduce the effectiveness of classification models in identifying minority classes [11]. In such situations,
high overall accuracy may be misleading because the model may perform well only in predicting the
majority class while failing to detect the minority class thatare often more critical for analysis [12].
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In recent years, transformer-based language models have demonstrated outstanding performance
in a variety of natural language processing applications. One of the most widely used architectures is
Bidirectional Encoder Representations from Transformers (BERT), which is capable of capturing
contextual relationships within text effectively [13]. To better represent linguistic characteristic specific
to the Indonesian language, IndoBERT was introduced as a pre-trained language model trained on large-
scale Indonesian corpora [14], [15]. Previous studies have shown that IndoBERT achieves superior
performance in Indonesian sentiment classification tasks compared to traditional machine learning
approaches and earlier deep learning models [16], [17].

However, despite its strong representation capability, fine-tuning IndoBERT on imbalanced
sentiment datasets does not necessarily solve the class imbalance problem. During the training process,
the standard optimization objective based on cross-entropy loss does not explicitly consider class
distribution [18]. Consequently, the model may focus more on the majority classes, which can lead to
lower recall and F1 score values for minority sentiment classes, even when the overall accuracy appears
satisfactory [19].

Several techniques have been proposed to address the class imbalance problem in sentiment
classification tasks. These approaches can generally be categorized into data-level and algorithm-level
methods. Data level approaches aim to modify the class distribution within the dataset through
techniques such as oversampling or undersampling [20]. One of the most widely used oversampling
techniques is the Synthetic Minority Over-sampling Technique (SMOTE), which generates synthetic
samples for minority classes based on similarities within the feature space [21]. SMOTE has been shown
to perform well when combined with traditional machine learning classifiers such as Support Vector
Machines (SVM), which are known for their effectiveness in handling high-dimensional text
representations [22].

In contrast, algorithm-level approaches focus on modifying the learning process without changing
the dataset itself. One common technique in this category is class-weighted learning, where higher
penalties are assigned to misclassification of minority classes through weighted loss functions [23]. In
deep learning models, class weighting can encourage model to learn more balanced decision boundaries
and improve its ability to recognize minority classes [24]. This approach is particularly suitable for
transformer-based models such as IndoBERT because it allows the model to handle class imbalance
while preserving the original data distribution and linguistic characteristic.

Although class-weighted learning and SMOTE-based resampling have been extensively studied
separately, there is still a lack of comprehensive comparative studies that evaluate the effectiveness of
these approaches within a unified experimental framework for Indonesian sentiment analysis. In
particular, only a limited number of studies have compared the performance of baseline transformer-
based without imbalanced handling, class-weighted transformer-based models and traditional machine
learning models combined with data level resampling techniques such as SMOTE.

Furthermore, many previous studies have relied heavily on overall accuracy as the main
evaluation metric, which may not adequately reflect model performance on minority sentiment classes.
For imbalanced classification problems, evaluation metrics such as macro-averaged precision, recall and
F1-score, along with confusion matrix analysis, proved a more comprehensive assessment of model
performance across all sentiment classes [25].

Therefore, this study aims to conduct a comparative analysis of three different approaches for
handling imbalanced sentiment classification in Indonesian text: baseline IndoBERT, class-weighted
IndoBERT and SMOTE-SVM. The models are evaluated using multiple performance metrics, with
particular emphasis on macro-averaged evaluation metrics to assess their effectiveness in identifying
minority sentiment classes. By comparing data-level and algorithm-level approaches within a unified
experimental framework, this study contributes to a deeper understanding of how transformer-based
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models and traditional machine learning methods perform when dealing with imbalanced sentiment
datasets in the Indonesian language.

2. METHOD

To evaluate the effectiveness of different approaches in handling imbalanced sentiment
classification in Indonesian text, this study conducts a comparative experimental study. Three
classification models, namely Baseline IndoBERT, Class-Weighted IndoBERT and Support Vector
Machine with SMOTE, are implemented and compared to examine their respective performances. To
ensure a fair and consistent evaluation, all models are trained and tested using the same dataset and
evaluation protocol.

Transformer Pipeline

IndoBERT Baseline

IndoBERT + Class
Weight

Data Collection Splitting Datainta Perfomance
(Google Maps. Data Labelling Data Preprocessing g Glassical ML Pipeline Comparative Analysis
Review) Train & Test Evaluation

TF-IDF

L 1
SMOTE

SVM

Figure 1. Research Method

2.1. Data Collection

The data used in this study was gathered from Google Maps assessments of an Indonesian
university. The Apify platform, which provides automated mining of publicly accessible user-generated
content, was used in the web scraping technique used to obtain the data [26].

2.2. Data Labelling

The rating-based approach used in the sentiment categorization process of this study was able to
categorize the sentiment classes depending on the star ratings provided by the users in Google Maps
reviews [27]. Reviews with ratings between four and five stars were categorized as positive sentiment,
reviews with ratings between three and two stars as neutral sentiment, and reviews with ratings between
one and two stars as negative sentiment. Based on this labeling approach, mid-range ratings indicate
neutral opinions, lower ratings indicate dissatisfaction, and higher ratings indicate positive opinions
from the users. To minimize subjectivity in the labeling process, the rating-based labeling approach was
employed.

2.3. Data Preprocessing

Data preprocessing is a crucial stage in sentiment analysis to improve data quality and ensure that
textual data can be effectively processed by machine learning and deep learning models. In this study,
preprocessing was applied to Google Maps review texts to reduce noise, standardize text formats, and
enhance semantic representation. The preprocessing steps consisted of text normalization, stopwords
removal, text cleaning, and tokenization.
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2.3.1. Text Cleaning

Text cleaning was used to eliminate irrelevant features that could have a negative impact on the
learning process. This text cleaning process involved the elimination of punctuation signs, special
characters, numbers, emojis, URLs, and unnecessary whitespace. In addition to this, the elimination of
non-alphabetic characters and repeated whitespaces was done to ensure that the text data contained only
relevant linguistic information. This text cleaning process is used to enhance the robustness of
IndoBERT and traditional machine learning models employed in this study [28].

2.3.2. Text Normalization

Text normalization was performed to ensure that the review texts were in a standardized form.
This process included converting all characters to lowercase to avoid duplication based on case
sensitivity. In addition, text normalization entailed the removal of informal words, duplicated characters,
and spelling variations that are normally prevalent in user-generated content. The purpose of this step
was to mitigate vocabulary sparsity and ensure that words with similar meanings were regarded as
identical [28].

2.3.3. Stopwords Removal

The removal of stopwords was conducted to remove common Indonesian words that do not have
significant semantic meaning in the sentiment classification process. In this research, the removal of
stopwords was conducted using the Sastrawi library, which has a standardized Indonesian stopwords
list that is widely used. Words such as conjunctions, prepositions, and common functional words were
removed to remove noise from the text data. The removal of stopwords is conducted to improve the
emphasis of sentiment words and to enhance the effectiveness of both deep learning and classical
machine learning models used in this research [29].

2.3.4. Tokenization

Tokenization is the step where the text is divided into smaller units called tokens. This is where
the model is able to understand the relationships between words in context, and is the last step before
training the model.

A. BertTokenizer

For the deep learning method, the tokenization step was carried out using the BertTokenizer from
the pre-trained IndoBERT model. BertTokenizer is a subword-level tokenization technique used for the
pre-processing of text data into a form of tokens for BERT-based models. It relies on the WordPiece
algorithm, which breaks down words into smaller units called subwords to deal with out-of-vocabulary
words and morphological variations [30].

Given an input sentence S, the tokenization process can be defined as a mapping function:

S- {tl,tz, ...,tn} (1)
where t;represents the resulting subword tokens.

Each token ¢; is then mapped to a unique integer index using the vocabulary V of the pre-trained
IndoBERT model:

ti 4 idl eV (2)

The input sequence is further transformed into numerical representations consisting of input IDs
and an attention mask, which can be expressed as:

Input = {(idl, idz, ey idn), (ml, my,..., mn)} (3)
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where m; € {0, 1} denotes the attention mask value indicating whether the token corresponds to
actual text (1) or padding (0). This tokenization mechanism allows IndoBERT to capture contextual
information at the subword level, enabling effective semantic representation for sentiment classification
tasks.

B. Term Frequency — Inverse Document Frequency (TF-IDF)

For the classical machine learning approach, feature extraction was performed using the Term
Frequency-Inverse Document Frequency (TF-IDF) technique. Term Frequency-Inverse Document
Frequency (TF-IDF) is a statistical technique employed to convert text documents into numerical feature
vectors based on the significance of a term in a document compared to the entire corpus. TF-IDF is
composed of two primary components, which are Term Frequency (TF) and Inverse Document
Frequency (IDF) [31]. The Term Frequency (TF) is the measure of the term’s frequency in a document
and is given by the formula:

ftd)
TF(t,d) = =——=— 4
where f(t, d) denotes the frequency of term ¢ in document d, and the denominator represents the
total number of terms in document d.

The Inverse Document Frequency (IDF) reflects the importance of a term across the entire corpus
and is calculated as:

IDF(t) = log (%) (5)

where N is the total number of documents in the corpus and df(t) denotes the number of documents
containing the term ¢.

The TF-IDF value for a term is obtained by multiplying TF and IDF as follows:

TF-IDF(t,d) = TF(t,d) x IDF(t) (6)

TF-IDF gives more importance to words that are more frequent in a specific document but less
frequent in the entire corpus. This is useful for extracting discriminative features in text classification
problems. In this research, TF-IDF feature vectors were used as input attributes for the Support Vector
Machine classifier, and the Synthetic Minority Over-sampling Technique was used in the feature space
to handle the problem of class imbalance.

2.4. Splitting Data into Train & Test

The dataset was separated into training and testing sets in order to provide an unbiased evaluation
of the suggested models' performance. An 80:20 ratio was used to partition the dataset for this research
project. This indicates that 20% of the dataset was used for testing, and the remaining 80% was used for
training. This ratio was used to make sure the training dataset was adequate for learning and training the
models, including training the SMOTE-SVM classifier and fine-tuning the IndoBERT models.
Simultaneously, the testing dataset was used only for testing in order to assess the models' performance.

2.5. Model Training

To determine how to handle sentiment classification on imbalanced Indonesian text data, this
study used three distinct classification techniques: baseline IndoBERT, class-weighted IndoBERT, and
SMOTE when combined with Support Vector Machine (SVM). To ensure a fair performance
comparison, the same training dataset was used to train each model.
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2.5.1. IndoBERT Baseline

Without applying any specific technique for handling the class imbalance problem, the baseline
model employed in this research was an IndoBERT model fine-tuned for sentiment classification.
IndoBERT, with 12 transformer layers, 768 hidden dimensions, and 12 attention heads, is a pre-trained
language model designed for Indonesian using the BERT-base (uncased) architecture. A large
Indonesian corpus consisting of online news articles, Wikipedia articles, and the Indonesian Web Corpus
was used to pre-train the IndoBERT model in the baseline model. The standard cross-entropy loss
function was used to train the IndoBERT model in the baseline model, assigning equal importance to
each sentiment class. The IndoBERT model was trained using the tokenized input sequences with
backpropagation for fine-tuning [32]. This baseline configuration serves as a reference point for
evaluating the effectiveness of class imbalance handling techniques applied in subsequent experiments.

In this study, the IndoBERT-base-pl model was employed for sentiment classification with
specific training parameters. The model was trained using a learning rate of 2e-5, batch size of 8 for
both training and evaluation, and 3 training epochs. A weight decay value of 0.01 was applied to reduce
overfitting. Model evaluation and checkpoint saving were performed at each epoch. Training logs were
recorded every 100 steps and stored for monitoring the training process. This configuration was selected
to achieve stable and effective model performance.

2.5.2. Class-Weighted IndoBERT

The class-weighted training method is used in this study on the IndoBERT model to counter the
issue of class imbalance in the sentiment classification problem. In this method, a weight is given to
each class during training, unlike in the standard method where all classes are given equal weight. This
ensures that the minority classes have more importance in the loss function. The bias of the model
towards the majority class is overcome using this method [24]. The weights of the classes are determined
based on the number of samples in each class. The formula used for determining the class weights is as
follows:

w; = (7)

where:

—  w; denotes the weight of class i,

N represents the total number of samples,
—  C is the total number of classes,
— m; is the number of samples in class i.

These class weights are then incorporated into the cross-entropy loss function, resulting in a weighted
cross-entropy loss defined as:

L=-Y{ w; yilog () 3
where:

— y; is the ground truth label for class i,
— 9; is the predicted probability for class i,
— w; is the weight assigned to class i.

Cxc Class weights were used in the model's training process to address the problem of class
imbalance. The class weights' computed values were [1.90, 7.39, 0.43]. The minority classes were given
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more weight in the loss function by using these values. The addition of class weights in the proposed
IndoBERT model only affects the loss function; the model's architecture remains unchanged.

2.5.3. Synthetic Minority Over-sampling Technique (SMOTE) + Support Vector Machine
(SVM)
For the classical machine learning approach, sentiment classification was performed using a
Support Vector Machine (SVM) classifier combined with the Synthetic Minority Over-sampling
Technique (SMOTE).

2.5.3.1. Synthetic Minority Over-sampling Technique (SMOTE)

This study employs the Synthetic Minority Over-sampling Technique (SMOTE) to address the
problem of class imbalance in the traditional machine learning approach. Instead of replicating the
existing samples in the feature space, SMOTE interpolates among them to generate new examples for
the minority classes [33].

Given a minority class sample X;, a new synthetic sample X,,,,,is generated using one of its k-
nearest neighbors X,,,as follows:

Xnew = Xj + A X (Xpn — X;) )

where:

—  X; is an original minority class sample,
—  Xpqn is one of the k-nearest neighbors of x;,
— Ais arandom value sampled from a uniform distribution in the range [0’ 1].

This process is repeated until the desired level of class balance is achieved. In this study, SMOTE
is applied only to the training data after feature extraction using TF-IDF, in order to prevent data leakage.

2.5.3.2. Support Vector Machine (SVM)

After balancing the training data using SMOTE, sentiment classification is performed using a
Support Vector Machine (SVM) classifier. SVM aims to find the optimal hyperplane that maximally
separates data points from different classes in a high-dimensional feature space [34].

For a binary classification problem, the decision function of SVM is defined as:

f=w'x+hb (10)

where:
— wis the weight vector,
— x s the input feature vector,
— b is the bias term.

The optimal hyperplane is obtained by solving the following optimization problem:
.1 2 n .
min 2 Il w I+ € i & (1)
subject to:

yiw'x; +b)>1-§,§ >0 (12)
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where:

- y; € {—1,+1} is the class label,

— & are slack variables allowing misclassification,

—  C is the regularization parameter controlling the trade-off between maximizing the margin and
minimizing classification error.

For multi-class sentiment classification, SVM is extended using the one-vs-rest (OvR) strategy,
where a separate classifier is trained for each class.

2.5.3.3. Integration of SMOTE and SVM

In this study, textual data are first transformed into numerical feature vectors using the Term
Frequency—Inverse Document Frequency (TF-IDF) representation. SMOTE is then applied to the TF-
IDF feature space to balance the class distribution in the training set. The balanced dataset is
subsequently used to train the SVM classifier. This approach serves as a traditional machine learning
baseline for comparison with deep learning-based models, namely baseline IndoBERT and class-
weighted IndoBERT.

2.6. Performance Evaluation

The performance of the proposed models was tested using a number of standard classification
measures to obtain a complete evaluation, especially when there is class imbalance. The evaluation was
conducted on the test data that was not used during training. The measures are calculated based on the
values of true positive (TP), true negative (TN), false positive (FP), and false negative (FN) [35].

A. Accuracy

Accuracy measures the proportion of correctly classified instances over the total number of

instances and is defined as:

TP+TN

Accuracy = —
Y = TPITN+FP+FN

(13)

B. Precision
Precision evaluates the correctness of positive predictions and is formulated as:

TP
TP+FP (14)

Precision =

C. Recall
Recall measures the model’s ability to correctly identify all relevant samples of a given class and
is defined as:

TP
TP+FN

Recall =

(15)

D. Fl-score
The Fl-score represents the harmonic mean of precision and recall, providing a balanced
evaluation metric:
PrecisionXRecall

Fl1—-score= 2 X ———— (16)

Precision+Recall
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E. Confusion Matrix

A confusion matrix was also used to analyze the classification results in more detail. It provides a
class-wise breakdown of true and false predictions, allowing further inspection of misclassification
patterns among sentiment classes [36].

Multiclass Predicted
Confusion
Matrix

Actual

Figure 2. Confusion Matrix

2.7. Comparative Analysis

Comparative analysis was conducted to evaluate the effectiveness of different imbalance
handling strategies applied to Indonesian sentiment classification. In this study, three models were
compared, namely the baseline IndoBERT model trained without any explicit class imbalance handling
strategy, the class-weighted IndoBERT model that integrates class weights into the loss function to
reduce bias toward majority classes, and the SMOTE+SVM model, which represents a traditional
machine learning approach combining data-level imbalance handling with a Support Vector Machine
classifier. The comparison focuses on differences in performance across multiple evaluation metrics,
particularly macro-average precision, recall, and F1-score, which are more appropriate for imbalanced
datasets than accuracy alone. Special attention is given to the performance of minority classes to assess
how effectively each method mitigates the impact of class imbalance. Through this comparative
evaluation, the study aims to provide empirical insights into the strengths and limitations of deep
learning-based approaches versus traditional machine learning techniques for handling imbalanced
sentiment classification tasks in Indonesian text.

3.  RESULT

This section presents the results of the experiment and discuss the comparison of the performance
of Baseline IndoBERT, Class-Weighted IndoBERT, and SMOTE-SVM in handling the imbalanced
sentiment classification problem in Indonesian text. The experimental results will be analyzed using
confusion matrix analysis and classification metrics to see the performance of the methods in dealing
with the problem, especially in identifying the minority classes.

3.1. Dataset

A total of 1,831 review records were successfully gathered using Apify scrapper tools. The review
text, rating score (stars), review date, and geographical details are among the elements that are present
in every record. The gathered reviews serve as the unprocessed textual data for sentiment analysis and
reflect users' opinions and emotions about the organization.
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After the data collection process, the collected reviews were prepared for the sentiment analysis
task through a data labelling process. Data labelling is an essential step in sentiment analysis because
each review must be assigned an appropriate sentiment category before being used for model training.
In this study, the labelling process was conducted using a rating-based approach, utilizing the star ratings
provided by users in Google Maps reviews. This approach was chosen because star ratings generally
reflect the level of user satisfaction toward the reviewed entity.

Table 1. Example of Labelled Dataset Structured

Review Rating Label
Kampusnya bersih fasilitasnya lengkap 5 Positive
Biasa saja, tidak terlalu bagus atau buruk 3 Negative
Pelayanan sangat lambat dan membingungkan 0.780 Neutral

3.2. Preprocessing Results

Before the dataset is used for model training, a preprocessing stage is conducted to clean and
standardize the textual data. This process aims to reduce noise and improve the overall quality of the
dataset so that it can be effectively processed by sentiment classification models. In this study, several
preprocessing techniques are applied, including text cleaning, text normalization, stopword removal,
and tokenization.

As shown in Table 2, the preprocessing steps transform the raw review text into a cleaner and
more structured form by removing unnecessary characters, converting informal words into their standard
forms, eliminating stopwords, and splitting the text into tokens that can be further processed by the
classification models.

Table 2. Example of Data Preprocessing Steps

Step Label
Original Text kampusnya bagus bgt!!! pelayanannya cepet dan sangat membantu &
Cleaning kampusnya bagus bgt pelayanannya cepet dan sangat membantu
Normalization kampusnya bagus banget pelayanannya cepat dan sangat membantu
Stopwords Removal kampusnya bagus banget pelayanannya cepat membantu
BERTokenizer [CLS], kampus, ##nya, bagus, bgt, pelayanan, ##nya, cepet, dan, sangat,

membantu, [SEP], [PAD]
[2,4731, 57, 1305, 1123, 4592, 57, 8762, 106, 1198, 3210, 3, 0, ...]
[,1,1,1,1,1,1,1,1,1,1, 1,0, ...]
TF-IDF Vectorizer [0.00, 0.21, 0.34, 0.15, 0.00, 0.27, ...]

3.3. Class Distributions

Persentase Sentimen pada Ulasan Google Maps
80 79.3%

2 16.8%

Positif Negatif Netral
Kategori Sentimen

Figure 3. Class Distribution

2866


https://jutif.if.unsoed.ac.id/
https://doi.org/10.52436/1.jutif.2026.7.3.5692

Jurnal Teknik Informatika (JUTIF) Vol. 7, No. 3, June 2026, Page. 2857-2875
P-ISSN: 2723-3863 https://jutif.if.unsoed.ac.id
E-ISSN: 2723-3871 DOI: https://doi.org/10.52436/1.jutif.2026.7.3.5692

After the preprocessing step, the original dataset of 1,831 Google Maps reviews was reduced to
1,000 clean and valid instances. The dataset was then divided into three classes of sentiment: positive,
negative, and neutral. Figure 2 illustrates the distribution of the classes in the dataset. The results indicate
that the dataset is highly imbalanced, where the positive sentiment class has the largest number of
instances with 79.3% of the total data, followed by the negative sentiment class with 16.8%, and the
neutral sentiment class with only 3.9%. The imbalance in the dataset shows that the dataset is biased
towards the positive class, which may result in biased classification models that are inefficient in
identifying the minority classes of sentiment.

3.4. Model Training

Three approaches—Baseline IndoBERT, Class-Weighted IndoBERT, and SMOTE-SVM—are
investigated in this study to address the imbalance issue in sentiment categorization on Indonesian text.
Metrics including accuracy, precision, recall, and F1-score are used to evaluate the models' performance.

3.5. Model Evaluation

This section provides the performance comparison of Baseline IndoBERT, Class-Weighted
IndoBERT, and SMOTE-SVM in terms of accuracy, precision, recall, F1-score, and macro F1-score.
Table 1 displays the overall classification result of the three models.

Table 3. Performance Comparison of Classification Models

Model Accuracy Precision Recall F1-Score
(Macro) (Macro) (Macro)
Baseline IndoBERT 0.905 0.5963 0.6010 0.5980
Class-Weighted IndoBERT 0.825 0.5656 0.6091 0.5819
SMOTE + SVM 0.780 0.5420 0.5898 0.5445

The performance comparison of the three sentiment classification methods, namely Baseline
IndoBERT, Class-Weighted IndoBERT, and SMOTE + SVM, is shown in Table 3. The performance
metrics used for the comparison are accuracy, macro precision, macro recall, and macro F1-score. The
performance comparison shows that the Baseline IndoBERT method has the highest accuracy of 0.905.
However, the macro values of precision (0.5963), recall (0.6010), and F1-score (0.5980) are still low.
This indicates that, although the Baseline IndoBERT method is efficient for the majority class, it is not
efficient for the minority classes. This is expected because the Baseline IndoBERT method is designed
for imbalanced datasets, and accuracy is not a good performance metric in such datasets, due to the
dominance of the majority class.

The Class-Weighted IndoBERT model indicates a drop in accuracy to 0.825, but with a slightly
better macro recall value of 0.6091 than the baseline model. This is an indication that the use of class
weights in the model has improved its ability to focus on the minority classes, resulting in a balanced
detection of instances among the classes of sentiment. However, the macro precision of 0.5656 and
macro Fl-score of 0.5819 do not indicate a significant improvement.

On the other hand, the SMOTE + SVM method produces the lowest accuracy of 0.780 with macro
precision of 0.5420, macro recall of 0.5898, and macro F1-score of 0.5445. Despite the fact that SMOTE
is intended to handle class imbalance by oversampling, the SMOTE + SVM method does not perform
better than IndoBERT-based models. This can be explained by the fact that the semantic representation
capacity of traditional machine learning features is limited compared to the contextual representation
offered by IndoBERT, which is more adept at handling the nuances of Indonesian text.

Although the evaluation metrics provide a broad comparison of the performance of the models,
they do not give a complete representation of the behavior of each model with respect to the individual
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classes of sentiment. Hence, a more detailed evaluation is carried out using the confusion matrices to
analyze the performance of classification with respect to the individual classes.

Table 4. Per-Class Performance Based on Confusion Matrix

Model Class Precision Recall F1-Score

Negative 0.8788 0.8286 0.8530

Baseline IndoBERT Neutral 0.0000 0.0000 0.0000
Positive 0.9102 0.9744 0.9412

Negative 0.6818 0.8571 0.7590

Class-Weighted IndoBERT Neutral 0.0714 0.1111 0.0870
Positive 0.9437 0.8590 0.8993

Negative 0.5000 0.8571 0.6316

SMOTE + SVM Neutral 0.2000 0.1111 0.1429
Positive 0.9259 0.8013 0.8590

For the Baseline IndoBERT model, the class with the highest performance metric, with an F1-
score of 0.9412 is Class Positive, which is an indication of its high capability for the majority class.
However, the precision and recall for Class Neutral are zero, which implies that the model is not capable
of correctly classifying instances belonging to this class. The Class-Weighted IndoBERT model shows
a slight improvement in the detection of the minority class. Class Neutral reaches a non-zero F1-score
of 0.0870, which indicates that with the use of class weighting, the model is able to detect the minority
class, although it is not very effective. Class Positive continues to perform well with an F1-score of
0.8993. The SMOTE+SVM method also enhances the performance of minority class detection over the
baseline model, with Class Neutral achieving an F1-score of 0.1429. Nevertheless, the method performs
less well than IndoBERT models overall, especially in Class Positive, which achieves an F1-score of
0.8590. This indicates that while oversampling can be used to handle the class imbalance problem,
machine learning models may not be able to leverage the contextual semantic information as well as

transformer models.
3.5.1. Confusion Matrix
This subsection presents a detailed evaluation of each model using confusion matrix analysis to

examine classification performance at the sentiment class level.

3.5.1.1. Evaluation of IndoBERT Baseline

Confusion Matrix
IndoBERT Sentiment Analysis

140
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2
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E
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Figure 4. Confusion Matrix of IndoBERT Baseline Model Evaluation
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3.5.1.2. Evaluation of Class-Weighted IndoBERT

Confusion Matrix
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Figure 5. Confusion Matrix of Class Weighted IndoBERT Model Evaluation

The confusion matrix for the Class-Weighted IndoBERT model is shown in Figure 5. The Class-
Weighted IndoBERT model performs better in identifying the minority classes than the baseline model.
The confusion matrix reveals that the model is able to classify at least one instance of the Neutral class
correctly, which means that the effect of class weighting is positive in improving the sensitivity of the
model towards the minority classes. The misclassifications are more uniformly distributed over the
sentiment classes, which indicates that the effect of the majority Positive class has been diminished.
However, the number of correctly classified instances of the Neutral class is still very low, which means
that although class weighting has improved the classification accuracy of the minority class, the overall
classification accuracy of the Neutral class remains poor.

3.5.1.3. Evaluation of SMOTE + SVM

Confusion Matrix
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Figure 6. Confusion Matrix of SMOTE + SVM

The confusion matrix of the SMOTE + SVM model is shown in Figure 6. The confusion matrix
shows that there is a moderate improvement in the Neutral class over the Baseline IndoBERT model.
However, there is a large number of Positive instances that are predicted as Negative, which affects the
performance of the model. This observation shows that although SMOTE is able to handle the class
imbalance problem in the training data by generating new samples from the minority class, the SVM
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classifier is not able to capture the semantic meaning of the context as effectively as transformer models.
Because of that, the SMOTE + SVM approach is not effective compared to both IndoBERT models,
particularly for Positive and Negative classes. These observations together indicate that the
oversampling approach along with traditional machine learning classifiers may not be sufficient for
sentiment classification tasks on Indonesian text.

4. DISCUSSIONS

This research focuses on the performance of three techniques: Baseline IndoBERT, Class-
Weighted IndoBERT, and SMOTE with SVM to handle the problem of imbalanced sentiment
classification in Indonesian text. The experimental results indicate that class imbalance significantly
affects model learning behavior, particularly in recognizing minority classes such as the Neutral class.
This is consistent with other research on imbalanced text classification, which indicates that accuracy
as the optimization criterion can lead to biased results towards the majority classes [37], [38].

Out of the three approaches, the Baseline IndoBERT model has the best accuracy. However, this
performance is largely driven by its ability to correctly predict the dominant class, namely Positive,
while failing to adequately recognize the Neutral class, as evidenced by the confusion matrix analysis.
This conclusion aligns with the findings of [39], which reported that transformer-based models trained
on imbalanced datasets tend to favor majority class patterns when no imbalance handling strategy is
applied.

The Class-Weighted IndoBERT model addresses this limitation by assigning higher penalties for
misclassifying minority classes during training. As a result, the model demonstrates improved recall for
the Neutral class and a more balanced distribution of predictions across sentiment categories. Similar
findings have been reported in previous research on loss-sensitive learning, which show that class
weighting enhances minority class recognition in neural network-based classifiers [40], [41]. These
findings are also supported by theoretical analyses of loss functions in deep learning, which emphasize
that modifying the loss function can partially mitigate the impact of class imbalance [42]. However, the
improvement in this study remains limited, as the Neutral class still exhibits relatively low precision and
F1-score. This indicates algorithm-level approaches alone are insufficient when the minority class data
is severly underrepresented, which aligns with limitations reported in prior studies.

In contrast, the SMOTE combined with SVM approached applies a data-level strategy by
generating synthetic samples to balance the dataset. The confusion matrix shows a significant increase
in misclassification between Positive and Negative classes, even if this strategy increases minority class
representation in the training set. This finding differs from previous studies [43], which reported that
SMOTE outperformed conventional classifiers on structured datasets. This discrepancy may be
explained by the limitations of SMOTE in handling textual data. Unlike structured data, textual data
contains complex semantic and contextual relationships that cannot be effectively preserved through
simple interpolation in feature space. As a result, the generated synthetic samples may not accurately
reflect the underlying linguistic patterns. Previous studies have also reported that SMOTE may introduce
noise and does not consistently improve performance in text classification tasks, particularly when
applied to high-dimensional linguistic data [44], [45] .

Furthermore, the results demonstrate that transformer-based models, such as IndoBERT,
consistently outperform traditional machine learning approaches. This result is consistent with the
experimental investigation conducted in [46], which examined how well the BERT and LSTM models
performed on sentiment analysis tasks. When compared to the conventional TF-IDF feature
representation, the authors discovered that contextual embeddings significantly enhance the
classification model's performance. This suggests that contextual understanding plays a critical role in
sentiment classification task involving natural language processing.
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In addition, this study emphasizes the importance of using macro averaged metrics and confusion
matrix analysis in evaluating imbalanced sentiment classification models. It has been found in recent
empirical studies in the area of imbalanced learning that accuracy alone can be a misleading measure of
performance, as it may hide poor performance on the minority class while overstating the performance
of the classifier [47]. The macro F1-score obtained in this study is consistent with prior IndoBERT-
based sentiment analysis research, which commonly adopts macro-averaged F1 as a primary evaluation
metric. Previous studies have reported that IndoBERT achieves strong F1 performance across various
Indonesian datasets and generally outperforms traditional machine learning models, although challenges
in recognizing minority classes still remain [48], [49].

From an informatics perspective, this study provides important insights into the comparative
effectiveness of datal-level and algorithm-level approaches for handling class imbalance in natural
language processing. These findings contribute to the field of informatics by demonstrating that the
effectiveness of imbalance handling techniques is highly dependent on the underlying model
architecture. Specifically, algorithm-level approaches are more suitable for transformer-based models,
while data-level approaches may be less effective for text data due to the loss of semantic coherence.
The findings indicate that transformer-based models benefit more from algorithm-level strategies, such
as class weighting, as they preserve the original data distribution while improving minority class
sensitivity. In contrast, data-level approaches such as SMOTE may introduce noise in textual feature
space, leading to reduced semantic consistency and classification performance. This study extends
existing knowledge by highlighting the interaction between imbalance handling strategies and
contextual language models, providing empirical evidence that supports the theoretical limitations of
data-level resampling in high-dimensional linguistic feature spaces.

Nevertheless, this study has several limitations. The performance improvement for the Neutral
class remains relatively low, indicating that the applied methods are not sufficient to fully address serve
class imbalance. In addition, the dataset size and class distribution may limit the generalizability of the
findings. Future research may explore more advance imbalance handling techniques, such as focal loss,
hybrid sampling methods and ensemble approaches integrated with transformer-based models.
Increasing dataset size and incorporating domain-adaptive pretraining may also enhance model
robustness and improve minority class recognition.

Overall, the results confirm that handling imbalanced sentiment data remains a fundamental
challenge in Indonesian natural language processing. The results indicate that a more theoretically and
empirically validated approach to attaining balanced sentiment classification performance across all
sentiment categories is to use transformer-based models in conjunction with imbalance-aware training
techniques.

5.  CONCLUSION

This study presents a comparative analysis of three different approaches, namely Baseline
IndoBERT, Class-Weighted IndoBERT, and SMOTE combined with SVM, for addressing the problem
of imbalanced sentiment classification in Indonesian text. The main objective of this research was to
evaluate how transformer-based models and traditional machine learning methods perform under
imbalanced data conditions and to identify effective strategies for improving minority class recognition.

The experimental results indicate that the Baseline IndoBERT achieved the highest overall
accuracy; however, confusion matrix analysis revealed that this performance was heavily influenced by
its strong prediction of the majority Positive class, while completely failing to correctly classify Neutral
sentiment samples. This finding confirms that high accuracy does not necessarily represent robust
classification performance when the dataset is highly imbalanced. Therefore, the use of macro-averaged
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evaluation metrics and per-class performance analysis is essential for obtaining a more comprehensive
and fair assessment of sentiment classification models.

The Class-Weighted IndoBERT model showed greater sensitivity to the minority classes by
giving them greater weights during training. This led to a better macro recall value and a more evenly
distributed prediction for the sentiment classes than the baseline model. Although the improvement was
not very significant, it can be concluded that class weighting is an effective technique for reducing
majority class bias in transformer-based sentiment classification models. This result also indicates that
modifying the loss function plays an important role in shaping the decision boundaries of transformer
models under imbalanced data conditions.

In contrast, the SMOTE + SVM approach showed limited effectiveness in handling imbalanced
sentiment data. While synthetic oversampling improved minority class representation, the model
experienced a significant increase in misclassification between Positive and Negative sentiments. This
outcome highlights the limitations of traditional machine learning classifiers and feature-based
representations in capturing the semantic complexity of Indonesian text. The findings further emphasize
the superiority of contextual language models, such as IndoBERT, for sentiment analysis tasks involving
nuanced linguistic patterns.

From scientific perspective, this study contributes to the field of Informatics by providing
empirical evidence on how imbalance-aware learning strategies influence the behaviour of transformer-
based models in linguistic classification tasks. The results demonstrate that transformer architecture,
despite their strong contextual representation capabilities, remain sensitive to class distribution and
require explicit imbalance handling to achieve balanced and unbiased predictions. Furthermore, this
study establishes a comparative benchmark between algorithm-level and data-level approaches for
handling class imbalance in Indonesia sentiment analysis, offering insights into the trade-offs between
these strategies.

Despite the contributions, this study has several limitations. From the results of the Neutral class,
which still has a very low precision and F1-score, the improvement in this study is still very small. The
size of the dataset and the class distribution may limit the generality of the results. Moreover, only two
methods of imbalance handling were considered in this study. Future studies may investigate more
sophisticated methods, for instance, focal loss, adaptive resampling, ensemble learning, or hybrid deep
learning methods, to further improve the minority class classification. Increasing the size of the dataset
and domain-specific pretraining may also help to improve the robustness of the models.

In conclusion, this research confirms that handling imbalanced sentiment data remains a critical
challenge in Indonesian text classification. Transformer-based models, particularly IndoBERT
combined with class-weighting techniques, provide a promising direction for achieving more equitable
and reliable sentiment classification performance across all sentiment categories, while also contributing
to the development of more balanced and bias-aware natural language processing systems.
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