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Abstract - A boycott was an act taken to stop the purchase
or use of a particular product or service as a form of public
protest against a particular company or group committing
a deviation. The Israeli-Palestinian conflict, which had
been ongoing since 1948, peaked in October 2023 and had
claimed more than 35,000 Palestinian lives. This conflict
generated a wide range of public opinions in Indonesia,
which were expressed through social media, especially
Twitter. Thus, the sentiment analysis of public reactions on
Twitter became important to understand the reactions and
perspectives of society towards the boycott of Pro-Israel
products. This study used the IndoBERT method, which
was a variant of the BERT method specifically designed to
understand Indonesian. Although many studies had
applied the INndoBERT method for sentiment analysis and
text classification in Indonesian, none had used the
IndoBERT method along with data balancing techniques
to analyze Indonesian sentiments regarding the boycott of
Pro-Israel products on Twitter. Therefore, this study
aimed to develop a sentiment analysis model using the
IndoBERT method with more data to examine sentiments
related to the boycott of Pro-Israel products on Twitter
using imbalanced data, as well as to evaluate the effect of
balancing methods using under sampling and
oversampling on the model’s accuracy and performance.
The methods used included data crawling, data
preprocessing, labeling with a Lexicon-Based approach,
data balancing, and data splitting. The IndoBERT model
was trained with 20 epochs, a batch size of 16, and a
learning rate of 2e-5. The results of the study showed that
the model with balanced data using the oversampling
method achieved an accuracy of 97% and an F1-Score of
97%, which was better compared to the model with
imbalanced data and the undersampling method. Thus,
data balancing using the oversampling method proved to
be effective in improving accuracy in sentiment analysis.
This research made a significant contribution to
understanding the behavior of Indonesian society towards
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a product boycott supporting Israel and suggested further
exploration in parameter optimization and evaluation with
larger and more diverse data, as well as further
development of data balancing methods to improve the
generalization and capabilities of the model.
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I. INTRODUCTION

A boycott is an act taken to stop the purchase or use
of a particular product or service as a form of public
protest against a particular company or group
committing a deviation [1]. This pro-Israeli product
boycott may be due to the conflict between Israel and the
Palestinians, in which Palestine is under Israeli military
occupation [2]. This Israeli-Palestinian conflict has been
going on since 1948 and continues to this day [3], where
the ceasefire resulted in more than 35,000 Palestinian
casualties [4].

The culmination of the Israeli-Palestinian conflict has
generated a wide range of public opinions, especially
among Indonesians. A variety of sentiments of the
Indonesian people are spread through social media
platforms, especially on Twitter [5]. Various opinions
and reactions were expressed, ranging from sentimental
support for product boycott to sentimental opposition to
product boycotts [6].

A related study conducted by Tiara Susilawati et al.
(2024) on the sentiment of action to boycott Israeli
products using the Naive Bayes classification. This study
uses 303 data from twitter about the boycott of Israeli
goods, resulting in a 95% accuracy rate with a precision
of 96%, recall of 95%, and f1-score of 95%. It can be
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seen that the method shows a high rate of success in
determining the sentiment from the tweets that have been
analyzed. However, because the amount of data used is
very small, it is possible that the results obtained are less
accurate. Therefore, more in-depth training with more
data is needed to get better results in more detail and
efficiency [7].

Thus, the analysis of public sentiment on social media
Twitter becomes essential to understanding the reaction
and perspective of the public to the pro-Israeli product
boycott action [8]. Text Mining is a process of extracting
patterns using information and knowledge from
unstructured data. This process focuses on obtaining data
patterns, trends, and knowledge hidden in text [9].
Sentiment analysis here is the process used to classify
attitudes, opinions, or emotions towards a particular
topic that is poured out in the form of text [10]. Using the
method of Natural Language Processing (NPL) in
sentiment analysis can train computer software to
understand text using human language [11]. As for the
steps to be taken to the data that is ready to be analyzed,
i.e. the pre-processing stage, at this stage, the text data is
processed to be ready for analysis by identifying
keywords that highlight the core of the text. This
processing stage is important for summarizing the text,
changing Gaul's sentences, and also for classification
[12].

With the advancement of the times, the method of
sentimental analysis has evolved quite rapidly, one of
which is the IndoBERT method. IndoBERT is a variant
of the BERT method specifically designed to understand
the Indonesian language. Using a thoroughly trained
transformer architecture, INdoBERT can capture text

contexts from two directions: left to right and right to left.

BERT is trained to model languages and predict next
sentences to help models understand language meanings
better [13]. To date, many studies have applied the
INdoBERT method for sentimental analysis and
classification of texts in Indonesian. Therefore, the study
examines the performance of a sentiment analysis model
using the IndoBERT method in classifying sentiment
related to pro-Israel product boycott actions on
imbalanced Twitter data. The aim of the study is to
develop a model of sentiment analysis using Indo BERT
method to analyze sentiment associated with Pro-Israeli
product boycotts on unbalanced twitter data, as well as
to evaluate the influence of under sampling and
oversampling methods on the accuracy and performance
of models in balancing data. As well as helping to
understand how Indonesian people behave and how they
evaluate boycott actions against Pro-Israel products.

Some studies on sentimental analysis have been done
before. In a study conducted by Ramanizar et al. (2021)
using the Naive Bayes and Support Vector Machine
(SVM) methods, this study obtained accuracy of 74%
with the naive bayes method and 80% for the support
vector machine method of 273 data processed, then
analyzed using the Lexicon Based approach and
identified 67 negative data, 173 neutral data, and 33
positive data. In the study, it used data from Twitter,
which is one of the digital platforms that is a means for
the public to communicate opinions [14]. Research
conducted by Irsyad and Tagwiym (2021) investigated
the public's feelings towards the Palestinian people using
the Naive Bayes approach. This study aims to analyze
tweet data and classify it with the tools used (Orange).
The results processed from such classification showed 56%
positive sentiment, 11% negative sentiment, and 33%
neutral sentiment with a 76% accuracy rate [15].

Further research conducted by Azhar & Wijayanto
(2024) deals with the analysis of public sentiment views
on the Palestinian-Israeli conflict and the development of
classification techniques using the Support Vector
Machine method. (SVM). The stages included data pre-
processing, TF-IDF grinding, and the application of the
Support Vector Machine algorithm. (SVM). The results
showed a high accuracy rate of 88% with a precision of
89%, recall of 88%, and f1-score of 90% [16]. Another
study conducted by Makmun, Mustofa, and Turmudi
(2022) explains how the Support Vector Machine
method is used in analyzing Indonesian citizens' feelings
about the Russian-Ukrainian conflict. Datasets obtained
from Twitter through the data crawling process using
RapidMiner Studio with the keyword “Russian and
Ukrainian conflict." With the Naive Bayes method and
feature selection, particle swarm optimization yielded a
classification of 55.11% with negative sentiment and
44.89% with positive sentiment [17].

In a study conducted by Mubaraq & Maharani (2022),
researchers implemented sentimental analysis of climate
change in Indonesia. INdoBERT is a method used in
analyzing sentiment, data taken through social media
Twitter of 1533 tweets, which then carried out the test
process, resulting in an accuracy of 89.6% and a f1-score
value of 95.3% using a learning rate of 0.00002 and batch
size of 16 [10]. Similarly, Oswari, Yusnitasari, & Wijay
(2024) conducted research with the focus being the
analysis of the sentimental comments of YouTube users
in Indonesia about LGBT. Using IndoBERT fine tuning
as its method of classification, accuracy results obtained
as much as 75% of the 1493 data obtained through
Youtube. Using the Cross-Industry Standard Process for
Data Mining model (CRISP-DM) presents a general
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explanation of the data mining project cycle, with
business understanding stages, data understanding, data
preprocessing, data labeling, and model implementation
[18].

Other research conducted by Imaduddin, Yusfida A'la,
and Nugroho (2023) uses the IndoBERT method, which
aims to develop a system of sentiment analysis of health
app reviews in the Google Play Store. The aim of this
system is to help users choose a health app that has the
best functionality and service. Using the Python
programming language and the Google-Play-Scraper
library as a data extraction process, the results were
collected from as many as 9310 reviews from a variety
of health applications. From the data obtained, 4950
reviews showed positive results and 4360 showed
negative results. In the study, 96% accuracy was
obtained with 96% re-call and 95% precision [19]. As for
the study conducted by Jayadianti et al. (2022), the
researchers used the INdoBERT method with Recurrent
Convolutional Neural Networks (RCNN) to automate
sentiment analysis of Indonesian-language reviews. The
data used in this study consisted of positive sentiment,
neutral sentiment, and negative sentiment. The results
obtained from the test show a high accuracy of 96%; it
can be seen that IndoBERT with RCNN can be used in
other natural language processing [20].

As discussed in the literature above, there has been a
lot of sentiment analysis with a variety of methods and
models with a focus on specific data. That's what made
me look at public sentiment about the pro-Israeli product

boycott that's being talked about on social media,
especially Twitter. Choosing such topics to be subject to
sentimental analysis using the IndoBERT approach is the
right choice to know how the public responds to them.

1. METHOD

This section describes the datasets used and the
process of classifying public sentiment against calls for
a boycott of products that support Israel. The stages of
this research include data crawling on Twitter sites, data
preprocessing, data labeling, implementation of
IndoBERT methods, and evaluation stages. Fig. 1 is an
illustration of the stage of research.

A. Data Crawling

In this study, the data obtained came from the
comments of social media users on the Twitter platform
by crawling data using the Google Collaboratory. The
data collected was based on a set of tweets with the
keywords “boycott of Israeli products” and “boycott of
pro-lIsraeli products”. Next, the raw tweet collection is
stored in the Comma Separated Values (CSV) format for
further processing [21].

Table 1 presents sample tweets extracted during the
data crawling process. Each entry includes a timestamp
indicating when the tweet was posted and the content of
the tweet itself. The dataset primarily consists of user-
generated comments expressing opinions related to the
boycott of Israeli and pro-Israeli products.

“ S —-

I‘ I‘ I4 I‘ I{ I‘

Fig. 1 Research stage
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TABLE |
SAMPLE OF THE CRAWLED DATASET
No Content
Waktu Ulasan
1 Wed Feb 21 14:26:57 Tetap Istiqgomah boikot seluruh produk terafiliasi zionist.
2024
2 Wed Feb 21 08:15:47 Please terus boikot produk Israel guyssss!!
2024
3 '2I'(L)1§4Feb 20 16:38:30 Alhamdulillah masih konsisten boikot produk israel..
4 Thu Nov 16 06:34:05 Boikot produk pro-Israel, jangan cakap saya tidak sensitif — Ugasha
2023 https://t.co/tkQipOlluk #Hiburan #aktres
5 Wed Feb 14 12:38:38 btw, tolong tetap boikot brand dan produk pro-israel ya teman-teman.
2024

As seen in TABLE , the dataset contains textual data
that may include informal language, abbreviations, and
emoticons. Additionally, some tweets contain hyperlinks
or hashtags that may require further preprocessing before
analysis. The collected dataset will be cleaned and
preprocessed in subsequent steps to ensure its suitability
for sentiment analysis and other natural language
processing (NLP) tasks.

B. Pre-processing Data

Data pre-processing is an important stage in data
analysis, involving the preparation and transformation of
raw data into a more structured and ready-to-analyze
format [22]. As for the phases in data preprocessing to
remove special characters and irrelevant symbols,
stemming, tokenization, and stopwords [23], here's an
explanation of each stage of preprocessing:

1) Case Folding: Converting text with large letters
to small letters (lowercase); this is done to facilitate the
approach process [24].

2) Slangword: Means a gaul sentence by replacing
it with a sentence that corresponds to the correct
language principle based on the dictionary.

3) Filtering: Clears the data by
unnecessary characters [10].
4) Tokenization: Divides the sentence into parts of

elements or tokens according to the applicable language
norm.

5) Stopword Removal: Removes words that do not
add value to the sentiment process [25].

6) Stemming: The process of simplifying words to
basic form using stemmer algorithms. For example,

removing

"taking" becomes the word "take." It's important in
natural language processing to process words broken out
of documents [26].

C. Labelling Data

Lexicon-based is a method of labeling in sentiment
analysis that uses an approach to determine the sentiment
of a text based on the sentiment values of words in the
text [18]. In this study, the Inset Lexicon dictionary was
used to analyze Indonesian-language data. This Inset
Lexicon dictionary contains words that are useful to
identify whether a word or sentence has positive polarity,
neutral polarity, or negative polarity values. After
labeling each word, the sentiment score is calculated by
summing up the words with positive and negative values
[27]. To calculate sentiment scores, a formula is
generally used to sum up the weight of words in a text.
Here's the formula used:

Sentiment Score (StSc)

__ Positive Words—Negative Words (1)
o Total Words

If a text has a polarity value >0, then the text is
considered to be equal to a positive sentiment text; if a
text has a polarity value = 0, then that text is deemed to
have a neutral sentiment; and if the text has polarity
values <0, then it is regarded as having a negative
sentiment. Using as many as 7321 pieces of data obtained
from crawling through the Twitter platform, that was
then analyzed using a lexicon-based approach. As
illustrated in Fig. 2, It is known that neutral sentimental
sentiments obtained values of 60.25%, or 4411 data,
27.99% for positive sentiments, or 2049 data, and
11.76% for negative sentiments, or 861 data.
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Fig. 2 Labelling results

TABLE presents examples of how sentiment labels
were assigned to different tweets. Each row in the table
represents a sample tweet along with its corresponding
sentiment label. The sentiment classification is
determined based on the sentiment score obtained
through the lexicon-based approach. For instance, the
first tweet expresses support for replacing fast food with
local businesses, which is classified as a positive
sentiment. The second tweet is a neutral observation
without strong positive or negative emotion, thus labeled
as neutral. Meanwhile, the third tweet expresses
skepticism or criticism toward the effectiveness of
boycotts, making it fall under the negative sentiment
category. These examples illustrate how the sentiment
analysis method assigns labels based on the lexicon-
based approach.

D. Balancing Data

In this process, data balancing is carried out using two
balancing methods, namely, undersampling and
oversampling. The balancing process is useful for
overcoming dataset imbalances that aim to improve the
ability of classification algorithms.

1) Undersampling Data: The undersampling
technique aims to reduce the number of samples from the
majority class and equalize with the minority class to

balance the original data before the learning process,
which ultimately improves classification performance
unbalanced data [28].With 861 data for each sentiment
data neutral, positive, and negative.

Upsample or Oversample Data: Upsample or
oversample is a method used in dataset balancing using
the Random Over Sampling (ROS) technique [29].
Random Over Sampling (ROS) involves random
duplication of samples in the minority class. This
technique utilizes the original data and can support
finding the best parameters for the model, with 4411 data
for neutral, positive, and negative sentiment data.

E. Spliting Data

The data will be divided into three parts after reaching
the pre-processing stage, namely train, validation, and
test data. Train data is used to train the model, data
validation is used to measure the accuracy of the model
in predicting sentiment according to the data to reduce
overfitting, and test data is used to evaluate model
performance. With data division, 70% for train data, 20%
data validation, and 10% for train data.

F. IndoBERT Embedding

The IndoBERT method has the same architecture as
BERT, but what distinguishes the two is the dataset used
in the pre-training stage. The dataset for training
IndoBERT is called Indo4B, which consists of about 4
billion words spread over about 250 million sentences.
Indo4B includes sentences in both formal and colloquial
Indonesian taken from 15 datasets. Two datasets cover
colloquial language, eight cover formal language, and
the rest have a mixed style between colloquial and formal
language [30]. Bidirectional Encoder Representations
from Transformers (BERT) is designed to perform
bidirectional training of unlabeled text by co-
conditioning each context layer. There are two stages in
BERT: pretraining and fine-tuning. In the pretraining
stage, the model is trained on unlabeled data with various
training tasks. While in the fine-tuning stage, the BERT
model is initialized with pre-trained parameters, then all
parameters are optimized using labeled data [31].

TABLE Il
EXAMPLE SENTENCE LABELLING RESULTS
No Content
Review Label
1 boikot makan ayam goreng mcd kfc dsb ganti menu ayam goreng umkm cerdas positif
2 wahh sih temenku orang boikot hot post sbhux mcd kynya respek sih netral
3 boikot sih serah tebang pilih ngeboikot saham seuprit banding phk pengurangna negatif

karyawan indonesia kayak mcd afiliasi
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Fig. 3 Balancing result

G. IndoBERT Embedding

The IndoBERT method has the same architecture as
BERT, but what distinguishes the two is the dataset used
in the pre-training stage. The dataset for training
IndoBERT is called Indo4B, which consists of about 4
billion words spread over about 250 million sentences.
Indo4B includes sentences in both formal and colloquial
Indonesian taken from 15 datasets. Two datasets cover
colloquial language, eight cover formal language, and
the rest have a mixed style between colloquial and formal
language [30]. Bidirectional Encoder Representations
from Transformers (BERT) is designed to perform
bidirectional training of unlabeled text by co-
conditioning each context layer. There are two stages in
BERT: pretraining and fine-tuning. In the pretraining
stage, the model is trained on unlabeled data with various
training tasks. While in the fine-tuning stage, the BERT
model is initialized with pre-trained parameters, then all
parameters are optimized using labeled data [31].

The initial stage in the embedding process involves
adding special tokens at the beginning and end of the
sentence, namely CLS at the beginning of the sentence
and SEP at the end of the sentence, to distinguish the
beginning and end of the sentence. After that, word
chunk tokenization is performed, which aims to convert
sentences into tokens or words [13]. Fig. 4 illustrates the
embedding flow using IndoBERT, which consists of
three main embedding components: token embedding,
segment embedding, and positional embedding.

In the token embedding stage, each word or subword
in the input sentence is converted into a numerical
representation based on the pre-trained IndoBERT
vocabulary. The figure shows how a sample sentence is
tokenized and assigned corresponding token IDs. The
segment embedding is useful for distinguishing between
different segments of input text, particularly in tasks that
involve sentence-pair classification. In the IndoBERT
model, if the input consists of only one sentence, then the
segment embedding value remains O (zero). This process
helps the model understand the context and boundaries
of the sentence in the text. Lastly, positional embedding
is applied to add information about the position of each
word in the sentence. Unlike traditional recurrent models,
transformers do not process sequences sequentially;
instead, positional embeddings provide a sense of word
order to the model, allowing it to understand the relative
positions of words within a sentence.

Fig. 4 visually represents these embedding processes
by showing how an input sentence undergoes
tokenization, special token insertion, segment
embedding assignment, and positional embedding
encoding. This structured representation helps
INdoBERT capture syntactic and semantic relationships
between words effectively, improving its performance in
various downstream NLP tasks [32].

terus boikot starbucks med istigamah, tidak susah
pun

Insert special token (CLS dan SEP)

[CLS] + terus boikot starbucks med istigamah, tidak [CLSI/
susah pun + [SEP]

Word Tokenizing

. ned/isti
susah/pun/[SEP]

(cLs) terus bo ikot star bu cks

/
Token Embendding

2 944 1880 24243 5262 115 23743 23023

21915 4443 30488 119 3684 573 3

istig amah . tidak susah pun (SEP)

Segmen Embendding

o o o o o o o

|
Positional Embendding

Fig. 4 IndoBERT embedding flow [32]
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All experiments were performed with an NVIDIA
Tesla T4 GPU with 16 GB of VRAM and 32 GB of
system RAM, supplied by the Google Colab Pro
environment. The training length for each configuration
(20 epochs) differed: roughly 28 minutes for imbalanced
data, 22 minutes for undersampling, and 34 minutes for
oversampling. Oversampling resulted in a somewhat
elevated computing expense due to the augmented data
size (13,233 samples), whereas undersampling
necessitated the least resources (2,583 samples).
Notwithstanding this, all models were trained effectively
with a batch size of 16, and no memory complications
were experienced.

H. Evaluation

Evaluation is a technique used to measure the
classification ability of the model. This research uses a
confusion matrix for model evaluation, which produces
four key values: true positive (TP), false positive (FP),
false negative (FN), and true negative (TN). Several
metrics such as accuracy, precision, recall (sensitivity),
specificity, and F1-score are used to assess the applied
model [33].

The accuracy metric measures the ability of the
classification model to correctly predict each case in the
dataset [34]. It is calculated by comparing the number of
correct predictions (both positive and negative) to the
total number of predictions made by the model. The
accuracy formula is defined as follows:

TP+TN

Accuracy = ——
Y = TP+IN+FP+FN

2

While accuracy provides an overall measure of model
performance, it is important to consider other metrics
such as Precision, Recall (Sensitivity), and F1-Score,
especially when dealing with an imbalanced dataset. The
formulas for these metrics are as follows:

.. TP
Precision = —— 3

TP
Recall = —— (@))]
2 x (Precision x Recall
F1 — Score = 2X{ Recall) (5)
Recall+Precision

To better illustrate the concept of TP, TN, FP, and FN
in this study, Table 111 presents the confusion matrix used
for evaluating the model’s sentiment classification
performance.

In this study, True Positive (TP) refers to cases where
the model correctly predicts a positive sentiment, while
True Negative (TN) represents instances where the
model correctly identifies a negative sentiment. False
Positive (FP) occurs when the model incorrectly
classifies a negative sentiment as positive, and False
Negative (FN) happens when the model fails to detect a
positive sentiment and classifies it as negative instead.

By analyzing these values, the evaluation metrics
provide insights into how well the model performs in
correctly classifying sentiments within the dataset. A
high accuracy alone is not always sufficient, especially
when dealing with imbalanced data, which is why
precision, recall, and F1-score are also crucial in
assessing the classification model's robustness and
reliability [35].

I11. RESULT AND DISCUSSION

This study utilizes the pre-trained IndoBERT method.
Indonesia Bidirectional Encoder Representations from
Transformers (IndoBERT) was developed using the
PyTorch Framework, with transformers based on Bert
Base with 12 hidden layers, specifically designed to
handle tasks in Indonesian [19]. This study uses 20
epochs for the training process, with a batch size of 16,
and with a learning rate of 2e-5 for Adam optimization.
Based on Fig. 5, Fig. 7, and Fig. 9, the validation
accuracy trend curve continues to rise to the right, and
the training loss and validation loss continue to decline.

TABLE Il
CONFUSION MATRIX FOR SENTIMENT CLASSIFICATION

Actual/Predicted

Positive/Negative

Positive (Predicted)

Negative (Predicted)

Positive (Actual)

Negative (Actual)

True Positive (TP)

False Positive (FP)

False Negative (FN)

True Negative (TN)

Sentiment Analysis of Pro-Israel ... | Dewi, A.R.A., etal., 187 — 197 193



JUITA:

194

Training and Validation Accuracy

Jurnal Informatika e-ISSN: 2579-8901; Vol. 13, Issue 2, July 2025

Confusion Matrix - Training

100 4
95 2
L. 901 "
g 25
g 3§
85 A l
80 -
—— ‘Training Accuracy E i
Validation Accuracy
754 i i i i - : -
0.0 2.5 5.0 75 100 125 150 175 I . -
Epochs Meqarif Metral Fositif
P Predicted labels
Fig. 5 Training accuracy imbalance Fig. 8 Confusion matrix undersampling
Confusion Matrix - Training Training and Validation Accuracy
100.0 4
E- 700 0 0 97.5 4
H
95.0
> 92.5
2 2
2E_ L N 2
3 g g 00
2
87.5
85.0 -
E - 0 0 1629 —— Training Accuracy
82.5 - validation Accuracy
: ) : 00 2.5 50 75 100 125 150 175
Neqatif Netral Positif Epochs
Predicted labels
Fig. 6 Confusion matrix imbalance Fig. 9 Training accuracy oversampling
Training and Validation Accuracy Confusion Matrix - Training
100 1
95 4 H
a0 4
g g
'-';- 85 2 g_
£ 2=
80 -
75 E
—— Training Accuracy E |
701 Validation Accuracy

0.0 2.5 5.0 1.5 10.0 125 15.0 17.5
Epochs

Fig. 7 Training accuracy undersampling

Netral Fositif
Predicted labels

Fig. 10 Confusion matrix oversampling

Meqgarif

Fig. 5, Fig. 7, and Fig. 9 respectively show the
training and validation accuracy curves for models
trained on imbalanced, undersampled, and oversampled
datasets. In Fig. 5, the model trained on imbalanced data
exhibits a significant gap between training and validation
accuracy, indicating overfitting. Similarly, Fig. 7
(undersampling) also shows misalignment between
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training and validation curves, although with slightly
improved performance. In contrast, Fig. 9 (oversampling)
presents the most stable and aligned accuracy trends,
suggesting better generalization and less overfitting. This
highlights that oversampling significantly enhances the
model’s performance.

Further evaluation using the confusion matrix is
presented in Fig. 6, Fig. 8, and Fig. 10. Fig. 6
(imbalanced) shows that the model predicted 1629
positive, 3523 neutral, and 700 negative tweets correctly,
with one misclassification from neutral to negative. Fig.
8 (undersampling) demonstrates that the model achieved
perfect classification for each sentiment class (692
negative, 693 neutral, and 681 positive), suggesting high
performance on the balanced but reduced dataset. Fig. 10
(oversampling) shows strong classification performance
as well, with 3547 correctly predicted positive tweets,
3499 neutral, and 3522  negative. Minor
misclassifications include 9 negative tweets predicted as
positive, 6 neutral as positive, and 3 neutral as negative.

The learning rate of 2e-5 and a batch size of 16
employed in this work were chosen according to
established protocols in IndoBERT fine-tuning and
corroborated through preliminary tests.  Multiple
learning rates (5e-5, 3e-5, and 2e-5) were evaluated, with
2e-5 yielding the most consistent training and optimal
validation outcomes across experiments, particularly
with oversampled data. These parameters correspond
with those often employed in prior IndoBERT
implementations and were appropriate for our
computational resources and dataset dimensions.

In TABLE , the model with imbalance data can
produce an accurate value of 0.87 with an F1-Score 0.84
where these results are still unsatisfactory. Then
balancing the data using the under-sampling method, the
accuracy becomes 0.85 with F1-Score 0.84, but the result
is still unsatisfactory. Because the results are still
unsatisfactory, data balancing is then carried out again
using a different method, namely the oversampling
method which produces an accuracy value of 0.97 with
an F1-Score value of 0.97, where the treatment succeeds
in increasing the accuracy value and F1-Score value.

TABLE IV
PERFORMANCE EVALUATION RESULTS
Result
Model Approach Accuracy F1-Score
IndoBERT  Imbalance 0.87 0.84
Undersamling 0.85 0.84
Oversampling 0.97 0.97
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In contrast to earlier research employing Naive Bayes
and SVM [14], which indicated accuracy rates ranging
from 74% to 95%, and other IndoBERT-based sentiment
analyses that attained accuracies between 75% and 89.6%
[18], our optimal model utilizing IndoBERT and
oversampling achieved an accuracy and F1-score of 97%,
signifying a notable enhancement due to proficient
balancing and fine-tuning methodologies.

IV. CONCLUSION

This research uses transfer learning technique with
INdoBERT model that has been trained to analyze
sentiment towards Indonesian text. The dataset used for
this research consists of 7321 reviews, which are labeled
positive, neutral, and negative, respectively. During the
training process, 20 epochs and Adam optimization were
used, with a learning rate of 2e-5. From the data that has
been obtained, a comparison has been made using three
treatments, namely IndoBERT ImBalance, IndoBERT
Undersampling, and IndoBERT Oversampling. From the
results of the treatment that has been carried out,
IndoBERT with Oversampling method data produces a
better value than the other two methods, with accuracy
reaching 0.97, and with an average F1-Score of 0.97.
This shows that data balancing treatment using the
oversampling method is a good way to improve accuracy
in sentiment analysis. To improve the performance of the
model, future research can explore parameter
optimization, conduct evaluations using larger and more
diverse data, and can further develop data balancing
methods to improve the generalizability and capabilities
of the model.
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