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 Cyberbullying has become a critical issue in social media use because it can 

negatively impact users’ mental health and social interactions. The high volume of 

aggressive comments and hate speech on digital platforms highlights the need for an 

automatic detection system that can accurately and reliably identify cyberbullying 
content. This research compares the performance of Indonesian language 

transformer models, IndoBERT and IndoBERTweet, in detecting text-based 

cyberbullying. Before modeling, the dataset undergoes Exploratory Data Analysis to 

understand its characteristics, class distribution, comment length, and potential data 

imbalance. Next, text preprocessing and tokenization are performed before dividing 

the data using stratified holdout splitting to preserve class proportions in training and 

testing sets. Both models are then trained with the same hyperparameter settings to 

ensure an objective and fair performance comparison. Results show that IndoBERT 

achieved an accuracy of 0.8333, while IndoBERTweet performed better with an 

accuracy of 0.8409. The analysis of the confusion matrix and ROC curve confirms 

that IndoBERTweet is more effective at detecting cyberbullying across different 

classes. Compared to previous studies using the SMOTE method and Bernoulli 
Naïve Bayes algorithm, which achieved 84.00% accuracy, this study's findings are 

slightly higher at 84.09%. Notably, this was achieved without using synthetic 

oversampling techniques. This suggests that the approach employed in this research 

can deliver competitive performance even without data balancing with SMOTE. 

Overall, these findings indicate that a transformer-based approach, combined with a 

more representative dataset, can improve cyberbullying detection more efficiently 

and practically. Therefore, IndoBERTweet is a more suitable model for 

implementing a cyberbullying content moderation system in Indonesia. 
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I. INTRODUCTION 

Cyberbullying is now viewed as a serious issue in the 

digital space, evident through the prevalence of hate speech, 

verbal harassment, and insults occurring online [1]. The 

United Nations Children’s Fund (UNICEF) explains that 

cyberbullying is a form of harassment carried out by 

exploiting digital technology. This action can be placed 

through various media, including mobile phones, instant 

messaging services, and social networking platforms. This 

definition emphasizes that technological advancements also 

create opportunities for bullying through various digital 

communication channels [2]. According to a survey 

conducted by Polling Indonesia and the Indonesian Internet 

Service Providers Association (APJII), around 49% of 

internet users in Indonesia have experienced bullying on 

social media platforms [3]. The argument is further supported 
by the results of a survey conducted by the Center for Digital 

Society (CFDS), which involved 3,077 students at the junior 

high school and high school levels in Indonesia. The survey 

results show that 45.33% of respondents, equivalent to 1,182 

students, admitted to having been involved as perpetrators of 
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cyberbullying [4]. The magnitude of these numbers indicates 

that cyberbullying is a widespread issue affecting mental 

health, including anxiety, depression, decreased self-esteem, 

and even the emergence of suicidal thoughts [5]. 

In the digital era, social pressure and exposure to negative 

content on social media increase the risk of psychological 

disorders, especially among the younger generation who are 

active in the online space [6]. Cyberbullying on social media 

platforms has been proven to have a wide-ranging impact on 
users’ mental health [7]. In this context, social media, 

especially Instagram, serves as an interactive medium where 

users not only consume news but can also provide comments 

and opinions [8]. Comments laden with mockery, insults, and 

verbal harassment not only reflect the user’s emotional state 

but also have the potential to worsen psychological conditions 

if not used wisely [9]. Thus, analyzing social media sentiment 

patterns becomes an important step for early detection of 

psychological conditions, which can be utilized in monitoring 

cyberbullying in society [10].  

In this context, sentiment analysis is proposed as a way to 
understand users’ perceptions and emotions about 

cyberbullying [11]. Sentiment analysis is a part of Natural 

Language Processing (NLP) that focuses on recognizing, 

interpreting, and classifying opinions or emotions in text [12], 

[13]. This technique helps researchers find emotional patterns 

in public conversations in online spaces [14]. However, social 

media text analysis is quite challenging due to its informal 

nature, full of noise, and often ambiguous, making it difficult 

for models to classify consistently [15]. This creates 

opportunities for the use of deep learning models in text 

analysis. 

The development of deep learning technology, particularly 
transformers, has given a significant boost to sentiment 

analysis [16]. Transformers have become the main foundation 

in NLP, outperforming conventional models such as 

Convolutional Neural Networks (CNN) and Recurrent Neural 

Networks (RNN) in understanding long dependencies and 

complex sentence structures [17]. Transformers are capable 

of delivering better performance compared to conventional 

approaches in sentiment analysis across various datasets and 

languages [18], [19]. One of the prominent implementations 

is BERT (Bidirectional Encoder Representations from 

Transformers), a language representation model that has 
demonstrated superiority in various NLP tasks [17]. 

Recent literature emphasizes that the BERT model is very 

effective in handling various text classification tasks in the 

Indonesian context [20]. BERT has several variants, including 

IndoBERT and IndoBERTweet. IndoBERT has been proven 

to identify negative emotions and indications of psychological 

stress in Indonesian texts, making it effective in detecting 

online bullying behavior [21]. In addition, the IndoBERT 

model achieved very high performance with a precision of 

0.9748, a recall of 0.9742, and an FI-Score of 0.9731 in 

detecting potential stress from user tweets [22]. On the other 

hand, IndoBERTweet is specifically designed to understand 
informal language, slang, and social media text 

characteristics, proving effective in identifying indications of 

depression on Twitter. The study noted an accuracy of around 

82% in classifying potential depression [23]. Based on its 

reliability, IndoBERT and IndoBERTweet were chosen as the 

models in this research. 

In addition to transformer-based approaches, several 

previous studies still rely on traditional classification methods 

such as Bernoulli Naïve Bayes combined with the class 

balancing technique Synthetic Minority Over-Sampling 
Technique (SMOTE) [24]. This approach is applied to 

optimize model performance by adding synthetic data to the 

class with fewer instances. In this way, the data composition 

becomes more balanced, thereby maintaining the distribution 

between classes. Furthermore, probabilistic models like 

Naïve Bayes operate with a relatively simple text 

representation approach, making them less optimal in 

capturing the contextual meaning relationships between 

words. Therefore, a method is needed that can understand the 

context of language more deeply, without relying on 

additional techniques to balance data distribution. 
This research proposes the integration of BERT models, 

specifically IndoBERT and IndoBERTweet, to enhance 

sentiment analysis related to Indonesian language 

cyberbullying. IndoBERT's advantage lies in its training 

using an Indonesian language corpus containing over 220 

million words, allowing it to identify language structures with 

higher precision [25]. Meanwhile, IndoBERTweet was 

trained using the Indonesian Twitter corpus with the 

application of domain-specific vocabulary initialization to 

handle informal expressions, making it more robust in social 

media language [26]. This integration is necessary because 

cyberbullying data contains a mix of formal language and 
non-standard emotional expressions, so the combination of 

both provides a more optimal analysis.  

Thus, this research aims to design a BERT-based sentiment 

analysis model that is socially and linguistically adaptive to 

the Indonesian context, to produce a sentiment detection 

system that is more accurate, balanced, and sensitive to 

psychological expressions on social media. Through the 

implementation of this approach, it is expected to yield 

significant contributions, particularly in efforts for early 

detection and monitoring of cyberbullying cases. 

Additionally, the result obtained also has the potential to serve 
as a basis for formulating data-driven cyberbullying 

mitigation policies in Indonesia. 

 

II. METHOD 

This research takes a quantitative approach, focusing on the 

predictive ability of the BERT, which has been adapted to 

handle cyberbullying terms in Indonesian. An overview of the 

research is presented in Figure 1. 
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Figure 1. Research Workflow 

Based on the research flow in Figure 1, the stages begin 

with data collection, exploratory data analysis (EDA), 

followed by preprocessing, data splitting, model 

implementation, and model performance evaluation. 

A. Data Collection 

In this study, cyberbullying is operationally defined as 

comments containing elements of insult, verbal harassment, 

hate speech, or negative expressions directed at individuals or 

groups directly on social media. Meanwhile, non-

cyberbullying comments include texts that are neutral, 

informative, or do not contain elements of verbal aggression. 

This research uses the Indonesian Instagram Cyberbullying 

dataset obtained from the Mendeley Data platform [27]. This 

dataset is a collection of Indonesian language comments taken 
from the social media platform Instagram and has been 

annotated for cyberbullying purposes. In this study, three 

main attributes are used, namely text as the representation of 

the comment content, binary_label as the class label 

indicating the category of cyberbullying, and 

tokenized_comment as the result of tokenizing the previously 

processed text, thus facilitating the modelling stage. 

B. Exploratory Data Analysis 

The Exploratory Data Analysis stage is conducted to 
understand the initial characteristics of the dataset before 

preprocessing. This analysis includes the amount of data, data 

structure, label distribution, and general characteristics of the 

comment text. The findings at this EDA stage serve as the 

basis for monitoring the preprocessing stages applied. To 

standardize text representation and reduce noise before the 

data is used in the modeling stage [28]. 

C. Preprocessing 

Raw data cannot be used directly because it contains 
irrelevant elements. This is consistent with recent research, 

which shows that user texts tend to be informal and require 

cleaning of ambiguous information [29]. The preprocessing 

stages carried out include: 

1)   Cleaning: This step is done to remove various non-

linguistic components, such as URLs, hashtags, username 

mentions, emojis, numbers, and irregular characters, because 

these elements do not have semantic value and can potentially 

increase noise in the model training process [30]. 

2)   Case Folding: At this stage, all text tokens are 

converted to lowercase (lowercase transformation). This is 
applied to standardize word representation and prevent 

feature duplication due to capitalization differences that do 

not carry semantic meaning [31]. 

3)   Word Normalization: Normalization is carried out 
by mapping non-standard words, abbreviations, and slang 

vocabulary into standard forms. This step uses an informal 

dictionary and a standard word dictionary, supported by 

academic publications, providing scientific justification for its 

application [32].  

4)   Tokenizing: The text is segmented into tokens or 

word units (token-level segmentation) [33]. This process 

produces more structured text units, allowing words to be 
converted into the vector representations needed in the 

modelling stage [34]. This step is important to organize the 

input structure so that the machine learning model processes 

it well. 

5)   Stopword Removal: In this process, tokens with high 
occurrence frequency but low discriminative power against 

the target class are reduced. This aims to reduce feature 

redundancy and improve the signal-to-noise ratio in the input 

data, thereby enhancing the performance of the classification 

model [35]. 

6)   Stemming: Applied to convert each token to its root 
form by removing morphological affixes [36]. This step can 

reduce feature sparsity and unify the model’s generalization 

ability in detecting sentiment patterns. 

D. Splitting Dataset 

At the experimental stage, the dataset will be divided into 

two parts with an 80:20 ratio. 80% of the data will be allocated 
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for the model training process, while the remaining 20% will 

be used as test data. This separation process is carried out 

proportionally for each class, so that the composition of the 

test data still represents the class distribution present in the 

entire dataset. Thus, the division can maintain the balance and 

original characteristics of the data. In addition, such divisions 

are widely used in various studies because they have been 

proven to improve the efficiency of the computation process 

and ensure consistent model evaluation [37]. 

E. Model Implementation 

The BERT model is a model based on the transformer 

architecture developed by Google. In its training process, 

BERT is designed to understand context bidirectionally 

through two main objectives. First, the Masked Language 

Model (MLM) is the task of predicting tokens that are 

deliberately hidden randomly within a sentence. Second, Next 

Sentence Prediction (NSP), which aims to study the 

relationship or connection between sentences. Through these 
two mechanisms, the model can capture a more 

comprehensive and contextual representation of language 

[38]. The BERT architecture is shown in Figure 2. 

 

 

Figure 2. BERT Architecture [38] 

The main stage of this research uses the application of 

IndoBERT and IndoBERTweet. To ensure a fair comparison, 

this study controls several key experimental factors. Both 

models were used in a base configuration with relatively 

comparable parameter scales, so the comparison was made at 

an equivalent model complexity level. Additionally, both 

models have undergone a pre-training process on a large-scale 

Indonesian language corpus, thus possessing similar 

foundational abilities in understanding language context.  

The fine-tuning process is carried out using the same 

dataset, with identical data splitting schemes, number of 
epochs, and training procedures. Hyperparameter 

configurations such as learning rate, batch size, optimizer, and 

loss function are standardized to avoid bias caused by 

differences in training settings. This approach aims to ensure 

that the observed performance differences more accurately 

reflect the architectural characteristics and pre-training data 

of each model, rather than being the result of variations in 

experimental configuration.  

Nevertheless, it should be noted that each transformer 

model has different characteristics and can potentially achieve 

optimal performance through a specific hyperparameter 
tuning process. Therefore, the use of the same configuration 

in this study is a deliberate strategy to maintain consistency 

and fairness in comparison (controlled experiment), but it also 

serves as a limitation of the research that can be further 

explored in future studies. From a technical perspective, both 

models utilize the self-attention mechanism to identify 

relationships between tokens in the text sequence [26], as 

formulated in Equation (1).  

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛 (𝑄, 𝐾, 𝑉) = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾𝑇

√𝑑𝑘
)  𝑉 (1) 

In equation (1), the attention value is obtained by calculating 

the multiplication between the query (Q) and the key 𝐾𝑇 , then 

dividing it by √𝑑𝑘 to keep the score controlled. This result is 
then given to the softmax function to generate attention 

weights, which are subsequently used to combine the value 

(V) [39]. 

The BERT encoder architecture used in IndoBERT and 
IndoBERTweet processes tokens bidirectionally, so each 

token receives information from both the left and right sides 

simultaneously [40]. After passing through self-attention, the 

token representations are forwarded to the feed-forward 

network as shown in equation (2): 

𝐹𝐹𝑁(𝑥) = 𝑚𝑎𝑥 (0, 𝑥 𝑊1 + 𝑏1) 𝑊2 +  𝑏2  (2) 

The FFN network functions to transform token 
representations non-linearly to enhance features before 

entering the next layer [41], [42]. Next, IndoBERT and 

IndoBERTweet function as transformer encoders optimized 

through pretraining based on Masked Language Modeling 

(MLM). This model incorporates new vocabulary using 

average subword embeddings, enabling it to comprehend 

informal language. The [CLS] representation is then used for 

classification, making IndoBERT and IndoBERTweet very 
effective for analyzing Indonesian language text. 

F. Model Evaluation 

After the training process is complete, the model is tested 

using testing data to assess its performance. Evaluation is 

conducted using the metrics of Accuracy, Precision, Recall, 

F1-Score, and Confusion Matrix. The purpose of the 

evaluation is to determine the level of success, and the 

model’s success rate can be measured, both in terms of 

accuracy and consistency [43]. Mathematically, the 
calculation of evaluation metrics is formulated as follows:  

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
    (3) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
    (4) 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
    (5) 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 𝑥 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑥 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
  (6) 

Through this confusion matrix, the distribution of the 

model’s output can be analyzed based on four main 

components, namely True Positive (TP), False Positive (FP), 
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True Negative (TN), and False Negative (FN). This 

combination of metrics ensures that the model’s performance 

assessment is conducted comprehensively, especially in 

handling sentiment variations in Indonesian-language social 

media texts. 

 

III. RESULT AND DISCUSSION 

This section presents the results and discussion based on all 

the methodological stages that have been designed, starting 

from data collection, exploratory data analysis, preprocessing, 

data splitting, implementation, evaluation, and output 

analysis. The findings obtained were analyzed to assess the 

performance of BERT in classifying cyberbullying sentiment 

on Instagram social media data. 

A. Data Collection Results 

Based on the data collection process that has been carried 

out, a total of 7,530 raw data points in the form of user 

comments will be used. The number of data labelled “yes” 

(cyberbullying) was 4,572, and labelled “no” (non-

cyberbullying) was 2,958. The description of the dataset 

features used in the study is presented in Table 1, which 

includes the features text, binary_label, and 
tokenized_comment. For comments labeled as cyberbullying, 

it is associated with the emergence of words such as flaming, 

body shaming, harassment, and denigration. 

 

TABLE I 

SNAPSHOT OF THE DATASET 

text binary_label tokenized_comment 

Udah rusak 
penampilan, 

agama. Minimal 
akhlak lah 

Yes ['sudah', 'rusak', 
'tampil', 'agama', 

'minimum', 'moral'] 

Beneran seee 
langsing enih, 
masya Allah 

No ['benar', 'sih', 
'langsing', 'masya', 

'allah'] 

ko ga klarifikasi si 
smpe skrg? bener 

ya celingkuh? 
Wkwk 

Yes ['tidak', 'klarifikasi', 
'si', 'ya', 'celingkuh', 

'wkwk'] 

Ini asli kan ya 
bukan editan 

badanya bagus 
sekali ily ðŸ˜ 

No ['asli', 'ya', 'tidak', 
'edit', 'bada', 'bagus', 

'ily'] 

Dihh Ogah banget 
dengerin lagu lu 
bang bikin sesek 

kupinggg!! 

Yes ['dih', 'enggan', 
'banget', 'dengar', 
'lagu', 'bang', 'sek', 

'kupingg'] 

 

 

 

 
 

 

B. Exploratory Data Analysis Results 

TABLE 2 

DESCRIPTIVE STATISTICS FOR WORD COUNT 

Statistic Word Count 

Count 
Mean 
Std 

Min 
25% 
50% 
75% 
max 

7530.000000 
11.218459 
9.716459 

1.000000 
6.000000 
8.000000 
13.000000 
157.000000 

 

The Exploratory Data Analysis stage involves descriptive 

analysis to provide an understanding of the main 

characteristics of the dataset used. Summary statistics for the 

numeric variables are presented in Table 2. The table displays 

several descriptive measures that illustrate the characteristics 

of the data, including the mean, standard deviation, minimum 

value (min), percentage, and maximum value (max) [44]. 
Based on these results, the average comment length is 11,21 

words with a standard deviation of 9,71, indicating a 

considerable variation in text length. Through this 

presentation, readers can obtain an overview of the 

distribution and trends of the analyzed data. A minimum of 

one word and a maximum of 157 words indicate that the 

dataset includes comments ranging from very short to 

relatively long. Meanwhile, the median value of 8 words 

indicates that most comments tend to be short.  

 

 

Figure 3. Sentiment Label Distribution 

The EDA results on the label distribution in Figure 3 show 

a class imbalance, where the cyberbullying class has a 

significantly higher proportion compared to the non-

cyberbullying class. Nevertheless, this research did not use 

data balancing techniques such as SMOTE in the main 

experiment. This is based on the consideration that 

transformer-based models like BERT have strong contextual 

representation capabilities, allowing them to capture language 
patterns even in imbalanced data distributions.   
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Figure 4. Distribution of Overall Text Length 

Figure 4 illustrates the distribution of comment lengths in 

the dataset based on word count, providing an overview of 

text complexity. The distribution indicates that most 

comments are relatively short, with the highest frequency in 

texts containing fewer than 25 words. The data distribution is 

right-skewed, where only a few comments have very long text 

lengths. This finding suggests that Instagram comments tend 
to be brief and direct, necessitating special handling during 

the preprocessing stage, including noise removal, word 

normalization, and the selection of suitable text representation 

methods. 

C. Data Preprocessing Results 

This stage is applied to the entire raw data to generate 

standardized text. Changes in data at each stage are illustrated 

with example results in a table. 

1) Cleaning: After the text cleaning process is 
completed, the resulting data only contains words that are 

considered relevant to the analysis needs. An illustration of 

the comparison of data before and after going through the 

cleaning at the stage in Table 3. 

TABLE 3 

DATA CLEANING RESULT 

Input Output 

@spotifyid Please 
boycott Rio Clappy's 

song bunga abadi  

Please boycott Rio 
Clappys song bunga 

abadi 

2) Case Folding: After the case folding process, the 

entire text is converted to lowercase so that there are no 

differences in word representation due to capitalization 

variations. Example results from the stage in Table 4. 

TABLE 4 

CASE FOLDING RESULT 

Input Output 

WKWK dalam salad 
penggemar garis keras 
Dura menjilat air liur 

itu sendiri 

wkwk dalam salad 
penggemar garis 

keras dura menjilat 
air liur itu sendiri 

3) Word Normalization: The normalization stage 

results in the transformation of non-standard words into 
standard forms, thereby reducing excessive lexical variation. 

An example of the application of this stage is in Table 5. 

TABLE 5 

WORD NORMALIZATION RESULT 

Input Output 

Oh ini betina jadi 
selingkuhannya, wajar 

lah keturunan bule 

doyan begituan ðŸ˜‚ 

oh ini betina jadi 
selingkuhannya 

wajar lah keturunan 

bule doyan begituan 

4) Tokenizing: The tokenization process is carried out 

using the built-in tokenizers of each model, namely the 

IndoBERT and IndoBERTweet tokenizers based on subword 

(WordPiece/BPE). This approach allows the model to still 
recognize non-standard words, slang, or word forms not 

found in the standard dictionary by breaking them down into 

smaller subword units. An example of the results of this stage 

is in Table 6. 

TABLE 6 

TOKENIZING RESULT 

Input Output 

Beneran nih Raffi 
penampung pencucian 
uang? Wahh parah sih 

kalo bener. 

['benar', 'raffi', 
'tampung', 'cuci', 

'uang', 'kritis', 'sih'] 

5) Stopword Removal: After stopword removal, words 
with low discriminative power were successfully eliminated, 

reducing the number of irrelevant tokens. An example of the 

results of this stage is in Table 7. 

TABLE 7 

STOPWORD REMOVAL RESULT 

Input Output 

Orang klo baru naek 
udah sombong amat 
pasti jatohnya juga 

cepet 

 ['orang', 'sombong', 
'jatohnya', 'cepat'] 

6) Stemming: At this stage, the token has been 

successfully converted to its base form, allowing for the 

morphological variations of the word to be unified in a single 
representation. An example of this stage is in Table 8. 

TABLE 8 

STEMMING RESULT 

Input Output 

Bangga lokal kalau 
Nagita aja senengnya 

pake brand luar asal 
aneh nya ðŸ˜‚ 

 bangga lokal nagita 
neng pakai brand 

aneh 

D. Data Splitting Results 

The next step is to divide the dataset, which has a total of 
7,531 records, into two parts training and testing, with an 

80:20 composition. The data division and the number of 

records allocated at this stage are in Table 9. 
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TABLE 9 

DATA SHARING 

Data Percentage Amount 

Training 
Testing 

80% 
20% 

5971 
1493 

 

In this process, a stratified holdout splitting ratio of 80:20 

is used. The use of stratified holdout splitting in the data 
partitioning process ensures a balanced class distribution 

between the training and test data. This affects the results, 

considering that cyberbullying data tends to have a class 

imbalance, so the model not only focuses on the majority class 

but is also able to recognize patterns in the minority class. 

E. Model Implementation Results 

At the implementation stage, the IndoBERT and 

IndoBERTweet Base models were fine-tuned using a 

cyberbullying dataset with key hyperparameters as shown in 
Table 10. 

TABLE 10 

MAIN HYPERPARAMETER 

Parameter Value 

Number of Epochs 
Batch Size 

Learning Rate 
Optimizer 

Loss Function 
Evaluation Strategy 

10 
16 

2e-5 
AdamW 

Weight Cross-Entropy Loss 
Per Epoch 

 

After the key hyperparameters shown in Table 10 have 

been determined, the next step is to perform the fine-tuning 

process of the IndoBERT and IndoBERTweet models with 

the cyberbullying dataset. The fine-tuning process is carried 

out by updating all model weights using the pre-determined 

hyperparameter configuration to adapt to the language 
characteristics found in the cyberbullying-related data. The 

input text is tokenized using the built-in tokenizer of each 

model, with padding and truncation mechanisms to match the 

input length required by the model. This aims for the model 

to learn more specific contextual representations related to 

cyberbullying data, both formal and informal. 

 

 

(a)                   (b) 

Figure 5. (a) IndoBERT Learning Curve, (b) IndoBERTweet Learning 

Curve 

Based on the learning curve graph, IndoBERT in Figure 

5(a) shows the training loss consistently decreasing from the 

early epochs to the end, indicating an effective learning 
process. Meanwhile, the validation loss initially decreased at 

the beginning of the epoch but then increased in the 

subsequent epochs. Meanwhile, IndoBERTweet in Figure 

5(b) shows a more stable and consistent validation accuracy 

throughout the epochs, thus maintaining its performance on 

the validation data. This shows that IndoBERT is more 

suitable for informal social media texts such as Instagram 

comments. 

Overall, the implementation results of the IndoBERT 
model yielded an accuracy of 0.8333, while the 

IndoBERTweet model achieved a higher accuracy of 0.8409. 

The difference in results indicates that IndoBERTweet is 

more effective in handling informal social media language 

that frequently appears in the context of cyberbullying. This 

is in line with the characteristics of IndoBERTweet, which is 

pre-trained using Twitter data, making it better suited for 

language variations, abbreviations, and non-standard 

expressions that often appear in the context of cyberbullying. 

F. Model Evaluation Results 

TABLE 11 

EVALUATION RESULT SUMMARY OF INDOBERT AND INDOBERTWEET 

Model Evaluation Metrics 

Acc Prec Recall F1 

IndoBERT 0.8333 0.8326 0.8333 0.8328 

IndoBERTweet 0.8409 
 

0.8421 0.8409 0.8413 

 

In the evaluation, several metrics were used, namely 

accuracy, precision, recall, and F1-score on the test data to 

provide a more comprehensive picture of the model's 

performance. Based on the results in Table 11, 

IndoBERTweet shows slightly higher performance compared 

to IndoBERT across all evaluation metrics. IndoBERT 

achieved an accuracy of 0.8333, while IndoBERTweet 

reached 0.8409, with consistent improvements also observed 

in precision, recall, and F1-score values. However, the 

performance difference between the two models is relatively 
small, thus not indicating a substantial difference in 

classification capability. This pattern of results indicates that 

both models have relatively comparable capacities in 

detecting cyberbullying. The observed superiority of 

IndoBERTweet tends to be marginal, yet consistent across 

various metrics, which can be attributed to its suitability for 

the characteristics of social media data that contain informal 

language.  

Thus, the results of this study indicate that although 

IndoBERTweet tends to perform better, the difference is not 

significant enough to conclude a dominant advantage. 

Therefore, the selection of the model in the context of 
implementation can consider other factors such as efficiency, 

simplicity of the pipeline, and suitability with the data domain 

used. 
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(a)     (b) 

Figure 6. (a) IndoBERT Confusion Matrix, (b) IndoBERTweet 

Confusion Matrix 

  

(a)     (b)  

Figure 7. (a) IndoBERT ROC Curve, (b) IndoBERTweet ROC Curve 

The evaluation results of the IndoBERT model based on 

the confusion matrix in Figure 6(a) show that the model is 

capable of identifying data that is still misclassified as non-
cyberbullying. For the non-cyberbullying class, the model 

successfully classified 457 data points accurately, with 135 

data points misclassified as cyberbullying. This indicates that 

the model has adequate capabilities in identifying patterns in 

datasets containing elements of cyberbullying, although there 

are still classification errors generally caused by the similarity 

of language context between classes. 

Although the IndoBERT model has shown quite good 

performance in detecting cyberbullying, the evaluation results 

still show classification errors, especially in data containing 

informal language and typical social media expression 

variations. Therefore, in the next stage, this research utilizes 
IndoBERTweet, a model specifically trained on Indonesian 

language Twitter data. The evaluation results of the 

IndoBERTweet model show improved performance in 

detecting cyberbullying cases compared to before. Referring 

to the confusion matrix in Figure 6(b), the model was able to 

correctly classify 779 cyberbullying data, while 129 

cyberbullying data were still misclassified as non-

cyberbullying. On the other hand, for the non-cyberbullying 

class, the model successfully identified 479 data correctly, 

with 109 data incorrectly predicted as cyberbullying. 

Next, the ROC curve in Figure 7(a), the IndoBERT model 
achieved an Area Under Curve (AUC) value of 0.905, 

indicating the model’s good discriminatory ability in 

classifying cyberbullying and non-cyberbullying classes. 

AUC value close to 1 indicates that the model has a high level 

of reliability in classification, as well as performance that is 

far better compared to random classification. 

Furthermore, the ROC curve in Figure 7(b) shows an AUC 

value of 0.915, indicating the IndoBERTweet model has 

excellent discrimination ability in distinguishing between 

cyberbullying and non-cyberbullying classes. A higher AUC 

value compared to IndoBERT confirms that IndoBERTweet 

is more effective in capturing the characteristics of informal 

language and the context of social media conversations, 

thereby providing more optimal performance in the task of 

cyberbullying detection. 

G. Interpretability Analysis 

 

Figure 8. Attention Visualization (Heatmap) 

Model interpretability is analyzed using attention weights 

on the transformer layer. The results show that tokens with 
negative connotations tend to have higher attention values 

compared to other tokens. This shows that the model is 

capable of identifying keywords that contribute to the 

classification of cyberbullying. To improve model 

transparency, interpretability analysis is conducted through 

attention visualization on BERT-based models. Figure 8 

shows that the model pays the closest attention to tokens such 

as "damaged," "appearance," and "morality," which have 

negative connotations and are the main indicators in 

cyberbullying classification. On the other hand, tokens like 

"already" have a lower attention weight, indicating their 
minimal contribution to the model's decision. In addition, 

tokens like "religion" continue to receive attention due to their 

role in the overall context of the sentence. This pattern shows 

that the model does not only rely on a single word, but also 

considers the relationships between tokens in understanding 

meaning. 

H. Comparative Analysis with Previous Research 

TABLE 12 

COMPARISON RESULT 

Study Dataset 

Size 
Method Data 

Split 
Accuracy 

Previous 

Study [24] 
2.000 SMOTE + 

Naïve Bayes 
70:30 84.00% 

This Study 7.530 IndoBERTweet 80:20 84.09% 
 

 

Based on the comparison with previous research [24], It 
can be seen in Table 12 that the previous study applied the 

SMOTE technique to address class imbalance in 2,000 
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Instagram comments, increasing the data to 2,204 with a 

70:30 holdout split, and achieving an accuracy of 84.00%. 

Unlike that study, this research uses a larger and more diverse 

dataset, consisting of 7,530 Instagram comments without the 

need for artificial balancing intervention. Although only using 

the stratified holdout method with an 80:20 ratio, the results 

obtained show that the transformer-based model is able to 

effectively learn cyberbullying patterns from the original data 
distribution.  

It should be noted that this study did not conduct a direct 

comparison between the use of SMOTE and without SMOTE 

in the same scenario. However, the approach without SMOTE 

shows efficiency from the pipeline side, as it does not require 

additional processes such as synthetic data generation and 

oversampling result validation. Additionally, transformer-

based models are capable of learning data directly thru 

contextual representations, making them effective even when 

the data is unbalanced. Thus, efficiency in this research refers 

to the simplicity of the process and the reduction of 
computational complexity, not just performance 

improvement. This shows that a more representative dataset, 

combined with a transformer model, can be an effective 

alternative to oversampling techniques. Therefore, this 

research offers a simpler and more practical approach with 

competitive performance in detecting Indonesian language 

cyberbullying.  

Based on these findings, this research not only focuses on 

performance but also emphasizes data efficiency and 

representativeness as important factors in model 

development. Therefore, the contributions of this research are 

formulated in three main aspects. First, evaluating and 
comparing the performance of IndoBERT and 

IndoBERTweet on a larger Indonesian language 

cyberbullying dataset. Second, demonstrating that 

transformer-based models can achieve competitive 

performance without oversampling techniques like SMOTE, 

thus better reflecting real data conditions. Third, analyzing the 

model's ability to handle informal social media language as a 

major challenge in cyberbullying detection. 

 

IV. CONCLUSION 

This research successfully developed a cyberbullying 
detection model for Indonesian-language social media by 

utilizing a transformer-based approach through a comparison 

of IndoBERT and IndoBERTweet. Based on the 

implementation and evaluation results, IndoBERT achieved 

an accuracy of 83.00%, while IndoBERTweet showed 

improved performance with an accuracy of 84.09%, and has 

better capabilities in handling informal language patterns 

commonly used in social media comments. 

Compared to previous research that used Bernoulli Naïve 

Bayes with SMOTE and achieved an accuracy of 84.00%, this 

study attained a slightly higher result of 84.09% without 

oversampling. This demonstrates that a larger dataset and 
proper stratified data division can deliver competitive 

performance with a simpler approach. Therefore, this research 

offers a practical and stable approach. The model shows 

potential as an initial component in the social media content 

moderation system in Indonesia, but it still requires further 

evaluation in real-world scenarios. It should be noted that the 

exclusion of classical machine learning models as a baseline 

is a limitation of this study. This is due to fundamental 

differences in feature representation and preprocessing 
requirements compared to transformer-based models, making 

direct comparisons potentially unfair. Therefore, this research 

focuses on comparing models with similar architectures. 

As a next step, further research is recommended to 

compare other models, such as IndoRoBERTa or DistilBERT, 

and to expand the dataset to make the model more robust 

against variations in language and the context of 

cyberbullying on social media. Additionally, further research 

can incorporate a multi-label classification approach and 

experiment with more effective fine-tuning strategies to 

enable the system to identify multiple types of cyberbullying. 
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