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 Cyberbullying on social media platforms, particularly X (formerly Twitter), has 

become a serious issue that negatively affects users' mental health and well-being. 

Automatic cyberbullying detection in Indonesian remains challenging due to the 

widespread use of informal language, slang, abbreviations, and highly imbalanced 

class distributions. This study proposes a hybrid deep learning model that integrates 

IndoBERTweet with a Bidirectional Gated Recurrent Unit (BiGRU) to improve 

cyberbullying detection performance on Indonesian tweets. A dataset of Indonesian 

tweets was collected from X and annotated using a multi-stage dual large language 
model (LLM) labeling strategy to reduce the time and effort required for manual 

annotation while maintaining label consistency. To address class imbalance, this 

study investigates the effectiveness of Focal Loss and label distribution modification 

through multiple experimental scenarios. The proposed approach was evaluated 

using accuracy, precision, recall, and F1-score. The best performance was achieved 

by combining Focal Loss with a modified four-class label configuration consisting 

of Rude and Vulgar Words, Sexual Harassment, Body Shaming and Hate Speech, 

and Non-Cyberbullying. This configuration obtained an accuracy of 0.93, precision 

of 0.90, recall of 0.90, and F1-score of 0.90. These findings demonstrate that 

integrating contextual language representations with sequential modeling, supported 

by an efficient LLM-assisted labeling strategy and class imbalance handling, 

provides an effective approach for Indonesian cyberbullying detection and offers a 
practical solution for large-scale social media content moderation. 
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I. INTRODUCTION 

Social media is already been an inseparable part of modern 

society. It has affected various aspects of human life, 

including the way people interact, communicate, and behave 

[1]. Social media serves as an effective communication tool 

that enabling people to communicate over long distances 

more easily. In addition, it offers several other advantages, 
such as expanding social connections, making online 

communities, and enhancing opportunities to establish new 

friendships [2]. These advantages have contributed to the 

significant growth social media usage, especially in Indonesia 

[3]. 

According to DataReportal, Indonesia had 143 million 

social media users at the beginning of 2025, representing 

50.2% of the country’s total populations [4]. This number has 
increased compared the previous year [5]. The growing use of 

social media has also led to various challenges, one of which 

is cyberbullying [6]. X (formerly Twitter) is one of the most 

popular social media platforms that allows the users to 

express and share their opinions. However, this could increase 

the likelihood of negative comments, offensive language, and 

hate speech, which may contribute to cyberbullying [7]. 

Cyberbullying can have serious consequences for both the 

physical and mental health to its victims[8]. Victims may 

experience depression, anxiety, psychological disorders, and 

post-traumatic stress symptoms [9]. In addition, 

cyberbullying can lead to behavioral changes, such as 
increased aggression, social withdrawal, and difficulties in 

forming new intrapersonal relationships [10]. In more severe 
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cases, cyberbullying may even contribute to suicidal thoughts 

or behaviors, particularly among adolescents [11]. Based on 

these concerns, it’s important to develop an automated system 

that capable of detecting cyberbullying in Indonesian 

language text based social media content, which often 

contains informal expressions and slang. In this study, a 

Natural Language Processing (NLP) approach is employed to 

develop the proposed detection system. NLP has been widely 

applied to various tasks, including sentiment analysis and text 
classification [12]. Therefore, this study utilizes a text 

classification approach to automatically identify 

cyberbullying in Indonesian social media text. Several 

language models have been developed to effectively process 

Indonesian text data. One of the most widely used models is 

IndoBERT, which has demonstrated better performance than 

multilingual BERT (mBERT) on Indonesian language 

classification task such as sentiment analysis [13]. 

Previous studies have investigated Indonesian 

cyberbullying detection using various deep learning 

approaches. The first study focused on detecting 
cyberbullying in Indonesian YouTube comments using a 

Convolutional Neural Network with Long-Short Term 

Memory (CNN-LSTM) model. The proposed model 

employed a CNN layer for feature extraction and an LSTM 

layer to capture the contextual information within the text. 

The result of this experiment achieved an accuracy score of 

96% [14]. Another study investigated the implementation of 

IndoBERT for cyberbullying detection using VADER 

Lexicon and a Generative Large Language Model (LLM) for 

multi-stage labelling. The fine-tuned IndoBERT model 

achieved an accuracy of 96.7%, outperforming the LSTM and 

Bi-LSTM models [15].  
Those models have demonstrated promising performance 

on Indonesian social media text. However, a previous study 

[16] proposed IndoBERTweet, a pre-trained language model 

specifically designed for Indonesian social media text 

containing slang and informal expressions. IndoBERTweet 

was pre-trained on 26 million Indonesian tweets and 

incorporates 46% additional vocabulary relevant to informal 

language on social media. As a result, the model is better able 

to understand various forms of informal Indonesian, including 

abbreviations and slang. A previous study [17] evaluated the 

performance of IndoBERTweet by comparing it with 
IndoBERT and mBERT for multilabel classification of 

students’ feedback. The study demonstrated that 

IndoBERTweet achieved the highest performance with an F1-

score of 0.84, outperforming both IndoBERT and mBERT, 

which each obtained an F1-score of 0.82. A study about 

applying hybrid model on IndoBERTweet with BiLSTM for 

detecting Indonesian hatespeech on Twitter. Another study 

proposed a hybrid model that combines IndoBERTweet and 

BiLSTM for Indonesian hate speech detection on Twitter. The 

experimental results showed that hybrid IndoBERTweet-

BiLSTM model achieved an accuracy of 93.3%, 

outperforming IndoBERTweet-CNN model, which achieved 
an accuracy of 92.2%. These findings indicate that 

IndoBERTweet performs effectively on Indonesian social 

media test dataset [18]. Based on several previous studies, this 

research proposes a hybrid model combining IndoBERTweet 

and Bidirectional Gated Recurrent Unit (BiGRU) for 

Indonesian cyberbullying detection.  

Bi-Directional Gated Recurrent Unit (BiGRU) is a variant 

of Recurrent Neural Network architecture that processes input 

sequences in both forward and backward directions [19]. This 

ability enables the model to capture contextual information 

from both past and future tokens. BiGRU has a simpler 
architecture comparing other RNN-based architectures, but 

it’s still capable to capture the contextual information 

effectively [20]. The combination of pre-trained language 

models and RNN architectures has been shown to improve the 

performance of various text classification tasks. A previous 

study demonstrated that hybrid models combining BERT and 

DistilBERT combined with BiGRU achieved better 

performance than the standalone BERT model for text 

classification tasks [21]. In addition, [22] shows that 

IndoBERTweet that combined with BiGRU for hate speech 

detection shows better performance than IndoBERTweet with 
LSTM. 

Previous studies have explored several approaches for 

Indonesian cyberbullying and hate speech detection. CNN-

LSTM has been applied to Indonesian cyberbullying 

detection, while IndoBERT has demonstrated strong 

performance for the same task [14][15]. However, those 

approaches do not specifically leverage a language model 

pretrained on Indonesian social media text. IndoBERTweet 

was developed specifically for Indonesian social media data 

and has demonstrated competitive performance compared 

with IndoBERT and mBERT in Indonesian text classification 

tasks [16][17]. Furthermore, hybrid architectures combining 
IndoBERTweet with recurrent neural networks have also 

shown promising results. For example, IndoBERTweet-

BiLSTM has been applied to Indonesian hate speech 

detection on Twitter and outperformed the IndoBERTweet-

CNN model [18]. Similarly, a previous study reported that an 

IndoBERTweet-BiGRU model performed better than BERT-

BiGRU for hate speech detection [22]. Despite these findings, 

the application of IndoBERTweet-BiGRU specifically to 

Indonesian cyberbullying detection remains underexplored. 

Moreover, existing studies have primarily investigated either 

IndoBERT-based models or IndoBERTweet-based 
architectures using other recurrent or convolutional 

components, leaving the effectiveness of the IndoBERTweet-

BiGRU combination for cyberbullying detection 

insufficiently investigated. Therefore, this study investigates 

an IndoBERTweet-BiGRU hybrid model for Indonesian 

cyberbullying detection. 

This research also proposes an automated labeling 

approach, as the labeling is a crucial step in developing an 

accurate cyberbullying detection model. A previous study 

introduced an automated multi-stage labelling approach that 

combines a Generative Large Language Model (Gen LLM) 

with VADER lexicon. The results demonstrated that this 
approach improved the quality of the generated labels [15]. 

However, several lexicon-based sentiment analysis methods, 
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which have similar characteristics with VADER, have been 

reported to achieve lower accuracy than Gen LLM-based 

approaches [23]. Therefore, this research proposes a multi-

stage labeling approach using two different Gen LLM models. 

This approach is expected to improve annotation consistency 

and reduce noisy labels by retaining only samples on which 

both LLMs agree. 

Raw data collected from X (formerly Twitter) often exhibit 
an imbalanced class distribution after the labeling process. 

Class imbalance can make it difficult for a model to learn 

effectively due to the limited number of samples in the 

minority class [24]. Various approaches have been proposed 

to address this issue, one of which is Focal Loss. Focal Loss 

is designed to improve the model's sensitivity to minority 

classes by focusing the training process on difficult-to-

classify samples. One of its main advantages is its ability to 

handle class imbalance without modifying the original 

dataset, unlike oversampling and undersampling techniques 

[25]. This method has been successfully applied in several 
studies. For example, study [26] employed Focal Loss to 

address severe class imbalance in a text classification task, 

where it achieved higher precision than the oversampling 

approach. Therefore, this research also adopts Focal Loss as 

the loss function during model training, with the expectation 

that it will enable the model to learn minority class 

representations more effectively and achieve better overall 

performance. 

Although existing studies have demonstrated promising 

results in Indonesian cyberbullying and hate speech detection, 

several research gaps remain. First, while IndoBERT has been 

investigated for Indonesian cyberbullying detection and 

IndoBERTweet-BiGRU has shown promising performance 

for hate speech detection, the effectiveness of the 

IndoBERTweet-BiGRU architecture for Indonesian 

cyberbullying detection has not been sufficiently investigated. 

Second, existing automated labeling approaches for 

Indonesian cyberbullying datasets have relied on 
combinations of Gen LLMs and lexicon-based methods, 

whereas agreement-based annotation using two independent 

Gen LLMs remains underexplored. Third, the effectiveness of 

combining Focal Loss with label distribution modification for 

addressing severe class imbalance in Indonesian 

cyberbullying datasets has not been comprehensively 

evaluated. To address these gaps, this study contributes a 

novel framework that integrates an IndoBERTweet-BiGRU 

hybrid architecture, a dual-Gen-LLM agreement-based 

labeling strategy, and Focal Loss with label distribution 

modification for Indonesian cyberbullying detection. 

II. METHODS  

This section describes the methodology employed in this 

study. The research process consists of several stages, 

including data collection, data preprocessing, automated data 

labeling, model development, model training, and 

performance evaluation. The overall workflow of the 

proposed methodology is presented in Figure 1 below. 

 

Figure 1. Research Methodology Flow

A. Data Collecting and Selecting Columns 

The data were collected from X using the Scweet library 

available on GitHub [27]. Data collection was performed by 

scraping posts that contain several keywords commonly 

associated with cyberbullying. These keywords were grouped 

into several categories, including rude or offensive words 

(e.g., “anjing”, “bego”, “bodoh”), hate speech which 

targeting specific ethnicities, groups, or communities (e.g., 

“LGBT hama”, “kafir”), and body shaming (e.g., “gendut”, 

“jelek”, “item”). The scraped dataset contained seven 

metadata fields, such as “tweet_id”, “text”, “username”, 

“replies”, “retweets”, “likes”, and “lang”. A total of 27,634 

posts were successfully collected and stored in CSV format.  
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Regarding ethical considerations, the study used publicly 

available posts collected from X solely for research purposes. 

Usernames and other personally identifiable information were 

not used as model inputs or reported in the analysis. The 

collected data were handled solely for research purposes and 

were not redistributed as part of the dataset. 

 

B. Pre-Processing 

In this stage, several preprocessing steps were performed 
to prepare the dataset for model training. First, duplicate 

entries were identified and removed. Next, a text cleaning 

process was applied, which included removing URLs, 

punctuation, emoji, and irrelevant symbols. Subsequently, all 

text was converted to lowercase. However, words written 

entirely in uppercase were preserved because they may 

indicate stronger emotional or aggressive expressions in 

social media posts. The @ symbol was also retained because 

user mentions were used to identify the target of 

cyberbullying during the noise-handling process. Usernames 

prefixed with @ were replaced with the token "USER". 
Finally, any remaining invalid characters were converted into 

missing values (NaN) 

Unlike many text classification studies, this research did 

not perform stop-word removal or text normalizaton. Stop-

word removal was omitted because stop words may contain 

contextual information that is important to identifying 

cyberbullying. Likewise, text normalization was not applied 

because IndoBERTweet is specifically designed to handle 

informal Indonesian social media language, including slang, 

abbreviations, and other non-standard expressions commonly 

found in X posts. A previous study reported that omitting the 

normalization step when using IndoBERTweet for Indonesian 
cyberbullying dataset achieved better accuracy than applying 

text normalization [28]. Finally, the remaining missing values 

were removed to ensure that only valid text data were used in 

subsequent stages. 

 

C. Labelling 

In this study, an automated multi-stage labeling approach 

was proposed using Generative Large Language Models (Gen 

LLMs). Two different models, namely Gemini 2.5 Flash-lite 

and Gemini 2.5 Flash, were employed to generate the labels. 

First, the cleaned dataset was converted into JSON format by 
adding a column containing a predefined prompt. The prompt 

described the characteristics of each cyberbullying category, 

including hate speech, body shaming, sexual harassment, rude 

language, and non-cyberbullying. The definitions used in the 

prompts were adapted from previous studies, namely [29] for 

hate speech, [30] for sexual harassment, [31] for rude, vulgar, 

and offensive language, and [32] for body shaming. After the 

JSON file had been prepared, it was uploaded to Google 

Cloud Console, where Gemini 2.5 Flash-Lite and Gemini 2.5 

Flash were used independently to label each post. 

The labels generated by the two models were subsequently 

compared for each post. Only posts for which Gemini 2.5 
Flash and Gemini 2.5 Flash-Lite assigned the same label were 

retained for the subsequent modeling stage. Posts with 

different labels between the two models were excluded from 

the final dataset to reduce potential labeling noise and 

improve annotation consistency. To validate the quality of the 

automatically generated labels, a subset of 500 posts was 

selected from the labeled dataset and manually annotated by 

a human annotator. The human annotations were then 

compared with the labels generated through the dual-LLM 

agreement process. Cohen’s Kappa was used to measure the 
agreement between the automated labels and the human 

annotations. 

 

D. Imbalanced Data Handling 

To address the class imbalance problem, Focal Loss was 

adopted as the loss function during model training. In 

addition, several experiments were conducted to investigate 

the impact of different label configuration on model 

performance. These experiments were designed to evaluate 

whether modifying the label distribution could improve the 

model’s ability to learn minority classes. 
 

E. Data Splitting and Label Encoding 

The dataset was first divided into 80% training data and 

20% testing data. The testing portion was then split equally 

into validation and testing sets. Consequently, the final 

dataset distribution consisted of 80% training data, 10% 

validation data, and 10% testing data. After the data splitting 

process, label encoding was applied to convert the categorical 

class labels into numerical values that could be processed by 

the model. 

G. IndoBERTweet 

IndoBERTweet is a pre-trained language model developed 

form IndoBERT and further pre-trained on Indonesian X 

(Twitter) data. Compared with IndoBERT, IndoBERTweet 

incorporates 14,584 additional WordPiece vocabularies that 

specifically designed to represent informal language that 
commonly used on social media. Consequently, the model is 

capable of understanding various characteristics of 

Indonesian social media text, including abbreviations, slang, 

informal expressions, dan non-standard sentence structures 

[16]. In this research, IndoBERTweet was employed as the 

embedding layer to generate contextual word representations 

before they were passed to the BiGRU layer. Since 

IndoBERTweet is based on BERT architecture, the overall 

BERT architecture is illustrated in Figure 2 below. 
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Figure 2. BERT Model Architecture 

 

H. Bi-Directional Gated Recurrent Unit (BiGRU) 

This study applies Bi-Directional Gated Recurrent Unit 

(BiGRU) to process the data after IndoBERTweet embedding 

layer. BiGRU consists GRU with backward and forward 

network. The GRU architecture consists of two gating 

mechanisms, which are the reset gate (𝑟𝑡) and the update gate 

(𝑧𝑡). These gates regulate how much information from the 

previous hidden state is retained or discarded, as well as how 

much new information is incorporated into the current hidden 

state. The mathematical formulations of the reset and update 
gates are presented in Equations (1) and (2). Then, the 

candidate hidden state (𝑔𝑡) is calculated by the Eq. (3) using 

the reset gate and the hidden state of the previous time step. 

Finally, the hidden state at the current time step (ℎ𝑡) is 

obtained by combining the candidate hidden state with the 

update gate.  

       𝑟𝑡 = 𝜎 (𝑊𝑟𝑥𝑡 + 𝑈𝑟ℎ𝑡−1)   (1) 

 𝑧𝑡 = 𝜎 (𝑊𝑧𝑥𝑡 + 𝑈𝑧ℎ𝑡−1)   (2) 

 𝑔𝑡 = tanh (𝑊𝑟𝑥𝑡 + 𝑈𝑟ℎ𝑡−1)   (3) 

 ℎ𝑡 = 𝑧𝑡 ⊗ ℎ𝑡−1 + (1 − 𝑧𝑡) ⊗ 𝑔𝑡  (4) 

BiGRU employs two GRU networks to process the input 

sequence in both forward and backward directions. The 

outputs produced by these two networks are then 

concatenated to form the final representation, as defined in 

Equation (5). [33] 

      𝐻𝑡 = [
ℎ
→

𝑡
, 

ℎ
←

𝑡
]    (5) 

To provide a clearer understanding of the proposed sequence 

modeling architecture, the overall structure of the GRU and 

BiGRU network used in this study is illustrated in Figure 3 

and Figure 4 below. 

 

 
Figure 3. Bi-Directional Gated Recurrent Unit Architecture 

 
Figure 4. Gated Recurrent Unit Architecture 

I. Focal Loss 

Focal loss is a loss function that designed to address the 

class imbalance problem in classification tasks. Focal loss 
incorporates a modulating factor that reduces the contribution 

of samples that are already classified correctly with high 

confidence. The mathematical formulation of Focal Loss is 

presented in Eq. (6) below. 

      𝐹𝐿 = − (1 − 𝑝𝑡)𝛾 log(𝑝𝑡)   (6) 

The model places greater emphasis on misclassified samples, 

preventing the majority class from dominating the learning 

process. The degree of this effect is controlled by the focusing 

parameter, denoted as γ. Higher values of γ further decrease 

the influence of easy samples, so that the model can 

concentrate more on challenging examples during training 
[34]. 

 

J. Model Evaluation 

Model evaluation is conducted to assess the effectiveness 

of the proposed model and compare its performance with 

other experimental configurations. For classification tasks, 

the most commonly used evaluation metrics are accuracy, 

precision, recall, and F1-score. These metrics provide a 

comprehensive assessment of the model's classification 

performance from different perspectives. The mathematical 

formulations of accuracy, precision, recall, and F1-score are 
presented in Equations (7), (8), (9), and (10), respectively 

[35]. 

Accuracy =
total of correct prediction

total data
× 100 (7) 

Precision =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
    (8) 

  Recall =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
    (9) 

  F1 − Score =  
2×𝑃×𝑅

𝑃+𝑅
    (10) 

where TP, FN FP and TN denote True Positive, False 

Negative, False Positive, and True Negative as defined in the 

confusion matrix. The detailed structure of confusion matrix 

is illustrated in Figure 5. 
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Figure 5. Confusion Matrix 

III. RESULT AND DISCUSSION 

A. Data Collecting and Selecting Columns 

The data were collected from X (formerly Twitter) in May 

2026 through a scraping process using several keywords 

related to rude and vulgar language, body shaming, hate 

speech, and sexual harassment. The scraping process was 

performed using the Scweet library available on GitHub, with 
a maximum of 1,700 posts collected for each keyword. Since 

the number of posts associated with each keyword varied, the 

temporal coverage of the collected posts also varied across 

keywords. A total of 27,634 posts were successfully collected 

and stored in CSV format. The dataset contained several 

metadata fields, including tweet_id, date, username, text, 

likes, retweets, replies, keyword, and lang. To ensure that the 

dataset contained only Indonesian-language posts, the data 

were filtered based on the lang field, retaining only posts with 

the language code “id”. After the language filtering process, 

only the text column was retained as the input for subsequent 

preprocessing and training, while the other metadata fields 
were not used as model inputs. An example of the resulting 

dataset is presented in Table 1. 

TABLE I 

SELECTED DATASET COLUMN 

 Text 

1 Gimanapun baiknya lo kalau orang emang ga seneng 
sama kita tuh emang susah tetap aja dia ga bakal seneng 
Jadi ya udah biarin aja nanti juga bakal mati sendiri 

2 Wkwkwkwk mati aja lo semua a*****g. Jijik. 

3 @r**purw***h Capek capek bikin negara nonblok, 
malah kek gini, a*g a*g presiden g****k bodoh mati aja 
lo prabowo 

4 Perempuan sialan. Mati aja sono ikut mama lo. 

5 @gongjunanaa @tanyarlfes yang harusnya digebukin 

itu kaum lgbt, jangan normalisasi penyimpangan t***l 
lu a*****g b**o 

NB: The (*) symbol representing censored inappropriate 

words and mentioned usernames. 

B. Pre-processing 

Pre-processing techniques were applied by removing 

duplicate entries and cleaning the text, which included 

removing URLs, punctuation (while retaining the @ symbol 

to preserve user mentions), emojis, and irrelevant symbols. 

Subsequently, all text was converted to lowercase, except for 

words written entirely in uppercase to preserve expressions of 

emphasis or anger. Next, usernames were replaced with the 

token "USER". Finally, the remaining missing values were 

removed. After the pre-processing steps were applied, the 

data has 19,688 rows. Table 2 presents a comparison of the 

dataset before and after pre-processing. 

TABLE II 

BEFORE AND AFTER PRE-PROCESSING 

Before Pre-Processing After Pre-Processing 

@th**8*8 Emaklo g****k 
idi*t..termul...mati aja lo 

USER emaklo g****k id**t 
termul mati aja lo 

Gimanapun baiknya lo kalau 
orang emang ga seneng... 

gimanapun baiknya lo kalau 
orang emang ga seneng... 

🔞 pokoknya nentto wlw 

menghadapi hari senin 
https://... 

pokoknya nentto wlw 
menghadapi hari senin 

@g*ng**n*a @t*nya***es 

yang harusnya digebukin itu 
kaum lgbt, jangan 
normalisasi penyimpangan 
t***l lu a***ng b**o 

USER USER yang harusnya 

digebukin itu kaum lgbt jangan 
normalisasi penyimpangan 
tol*l lu a***ng b**o 

C. Labeling 
An automated multi-stage labeling process was applied 

using two Generative Large Language Models (Gemini 2.5 

Flash-Lite and Gemini 2.5 Flash). The cleaned dataset was 

converted into JSON format by adding a prompt column 

containing the labeling instructions. Each post was assigned 

to one of five categories that consists of Non-Cyberbullying, 

Rude and Vulgar Words, Sexual Harassment, Body Shaming, 

and Hate Speech. After the labeling process was completed, 

the resulting dataset consisted of two columns, which are 

“Text” and “Label”. Sample entries from the labeled dataset 

are presented in Table 3.  

TABLE III 

TEXT AND LABEL EXAMPLES 

Text Label 

INDOSAT K****L B**I A****G 
USER USER HARI SINYAL... 

Rude and Vulgar 
Words 

USER yapp tiap hari gw s***ng 
k****l nya pagi... 

Sexual Harassment 

gua pacul tuh si item gendut jelek Body Shaming 

USER kalo lo nyari yang kenceng ya 
vivo yd pro 

Non-Cyberbulying 

USER USER yang harusnya 
digebukin itu kaum lgbt jangan 
normalisasi penyimpangan t***l lu 

a***ng b*go 

Hate Speech 

 

Table 5 presents a comparison of the label distributions 

produced by Gemini 2.5 Flash-Lite, Gemini 2.5 Flash, and 

their intersection. Only instances for which both models 
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produced the same label were retained for the subsequent 

modeling stage. As a result, the final dataset used for model 

training consisted of 16,574 samples. 

TABLE IV 

LABELING DISTRIBUTION COMPARISON 

Labeling Method Label Distribution 

RVW SH BS HS NCB 

Flash 16888 1670 1339 1366 2770 

Flash Lite 12825 2373 1061 1510 6255 

Flash + Flash Lite 11769 1023 699 937 2146 

To evaluate the reliability of the automated labeling 

process, 500 samples, representing approximately 3% of the 
final dataset, were selected using stratified random sampling 

based on the class labels. This sampling strategy was used to 

ensure that the validation subset maintained the class 

distribution of the final dataset. The selected samples were 

manually annotated by a human annotator and compared with 

the labels generated through the dual-LLM agreement 

process. The agreement between the automated and human 

annotations was evaluated using Cohen’s Kappa, which 

resulted in a coefficient of 0.7951. According to the 

interpretation proposed by [36], a Cohen’s Kappa value 

between 0.61 and 0.80 indicates substantial agreement. 

Therefore, the obtained coefficient of 0.7951 indicates 
substantial agreement between the automated labeling 

approach and the human annotations, supporting the 

reliability of the generated labels. 

D. Imbalance Handling 
As shown in Table 4, the Body Shaming and Hate Speech 

categories contain significantly fewer samples than the other 

categories in the intersection of the Flash-Lite and Flash 

model outputs that indicating severe class imbalance in the 

dataset. To address this issue, Focal Loss was adopted as the 

loss function during the model training process. In addition, 

several experiments were conducted by modifying the label 

configuration. First, the vulgar expressions were separated 

from the Rude and Vulgar Words category and merged into a 

new category named Sexual Harassment and Vulgar Words. 

Furthermore, the Body Shaming and Hate Speech categories 

were merged into a single category to reduce the degree of 

class imbalance. Although Body Shaming and Hate Speech 

represent different types of harmful language and have 

distinct linguistic characteristics, both categories contained 

relatively few samples compared with the majority classes. 

Therefore, their combination was evaluated as an 

experimental label configuration to increase the 

representation of minority instances and examine whether 

reducing class imbalance through label merging could 

improve the model's ability to learn minority-class 

representations. The resulting class distributions after these 

modifications are presented in Tables 5 and 6. 

TABLE V 

MODIFIED CLASS DISTRIBUTION (EXPERIMENT 1) 

Label Counts 

Rude Words 1077 

Sexual Harassment and Vulgar Words 2615 

Non Cyberbullying 2146 

Hate Speech 937 

Body Shaming 699 

TABLE VI 

MODIFIED CLASS DISTRIBUTION (EXPERIMENT 2) 

Label Counts 

Rude Words 1077 

Sexual Harassment and Vulgar Words 2615 

Non Cyberbullying 2146 

Body Shaming and Hate Speech 1636 

 

E. Model Training 
Several hyperparameter configurations were evaluated to 

determine the optimal settings for the proposed model. The 

configuration that achieved the best performance was selected 

for the final model training. The selected hyperparameters are 

summarized in Table 7. 

TABLE VII 

HYPERPARAMETER CONFIGURATION 

Hyperparameters Value / Type 

Learning Rate 2e-5 

Batch Size 16 

BiGRU Hidden Size 128 

Epoch 4 

Focal Loss’ Gamma 2.0 

Drop Out Layer 0.3 

Optimizer Adam 

Using those selected hyperparameter settings, the first 

experiment was conducted using the baseline labeling 

configuration consisting of five classes that consist of Rude 

and Vulgar Words, Body Shaming, Hate Speech, Sexual 

Harassment, and Non-Cyberbullying. Focal Loss was 

employed as the loss function during model training. 

Subsequently, two additional experiments were performed 

using the modified labeling configurations presented in 

Tables 5 and 6. The training, validation, and testing accuracies 

obtained from each experiment are summarized in Table 8 

below. 

TABLE VIII 

COMPARISON OF IMBALANCED HANDLING PERFORMANCE DURING 

TRAINING 

Labeling Result (Accuracy) 

Train Validation Test 

Baseline 0.97 0.91 0.92 

Experiment 1 0.97 0.87 0.86 

Experiment 2 0.98 0.93 0.93 
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Based on Table 8 above, the second experiment achieved 

the best overall performance in terms of the gap between the 

training, validation, and testing accuracies. The validation and 

testing accuracies were only 0.05 lower than the training 

accuracy, indicating that the model obtained from the second 

experiment generalized well while maintaining consistent 

performance. The baseline imbalanced handling method also 

demonstrated competitive performance, although its accuracy 

was slightly lower than that of the second experiment. In 
contrast, the first experiment exhibited a considerably larger 

gap of approximately 0.10 between the training accuracy and 

both validation and testing accuracies. This result suggests 

that the model generalized less effectively to unseen data and 

may have experienced a higher degree of overfitting than the 

other experimental imbalanced data handling method. 

 
Figure 6. Training and Validation Performance during Training (Baseline) 

 
Figure 7. Training and Validation Performance during Training (Exp. 1) 

 
Figure 8. Training and Validation Performance during Training (Exp. 2) 

Figures 6, 7, and 8 present the training and validation 

accuracy and loss curves for each experimental configuration. 

As shown in Figure 6, both the training and validation losses 

decreased from the first to the third epoch. However, at the 

fourth epoch, the validation loss increased slightly while the 
training loss continued to decrease. This trend suggests the 

onset of slight overfitting, although the gap between the two 

curves remained relatively small. 

Figure 7 shows that the training loss continuously 

decreased from the first to the fourth epoch. In contrast, the 

validation loss began to increase slightly after the second 

epoch and rose more noticeably at the fourth epoch. A similar 

trend can also be observed in the validation accuracy, which 

dropped considerably during the final epoch. These results 

indicate a higher degree of overfitting than that observed in 

Figure 6, suggesting that the model generalized less 

effectively to unseen data. 

Figure 8 shows that the training loss continued to decrease 

throughout the training process, whereas the validation loss 

increased only slightly between the third and fourth epochs. 

Likewise, the training accuracy consistently improved, while 

the validation accuracy remained relatively stable with only a 
slight decrease at the final epoch. The gaps between the 

training and validation loss, as well as between the training 

and validation accuracy, remained relatively small throughout 

the training process. These results indicate that the third 

experimental configuration achieved the most stable 

learningbehavior and the best generalization performance 

among all experiments. 

 

F. Evaluations of Experiments 
After the model training process was completed, the model 

was evaluated using a confusion matrix to analyze the 

distribution of correctly classified and misclassified instances 

for each class across all experimental configurations.  

 
Figure 9. Baseline Labeling Confusion Matrix 

 

Figure 9 shows the confusion matrix of the baseline 

labeling configuration, consisting of Rude and Vulgar Words 

(RW), Sexual Harassment (SH), Body Shaming (BS), Hate 

Speech (HS), and Non-Cyberbullying (NCB). Overall, most 

samples were correctly classified, as indicated by the 

dominant diagonal values. The Rude and Vulgar Words class 

achieved the highest number of correct predictions (1106 

samples). Most misclassifications occurred between Body 

Shaming and Rude and Vulgar Words. This indicates that 

these categories share similar offensive lexical patterns. In 

addition, several Sexual Harassment samples were predicted 
as Non-Cyberbullying. This is suggesting that implicit sexual 

expressions remain could be difficult to identify. 
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Figure 10. Experiment 1 Confusion Matrix 

Figure 10 shows the confusion matrix of the first 

experiment labeling configuration that consist of Body 

Shaming (BS), Hate Speech (HS), Rude Words (RW), Non 
Cyberbullying (NCB), Sexual Harassment and Vulgar Words 

(SHV). Based on the figure, the diagonal values remain 

dominant. This indicates that most samples were correctly 

classified. The Rude Words class achieved the highest 

number of correct predictions (964 samples). However, more 

misclassifications were observed than in the baseline 

configuration, particularly between Rude Words and Non-

Cyberbullying, as well as between Sexual Harassment and 

Vulgar Words and Rude Words. This suggests that separating 

vulgar words from the original Rude and Vulgar Words 

category increased the lexical similarity between these classes 
and making them more difficult for the model to distinguish. 

 

 
Figure 11. Experiment 2 Confusion Matrix 

Figure 11 shows the confusion matrix of the second 
experimental labeling configuration, consisting of Body 

Shaming and Hate Speech (BSHS), Rude Words (RW), Non-

Cyberbullying (NCB), and Sexual Harassment and Vulgar 

Words (SHV). Overall, the confusion matrix exhibits more 

dominant diagonal values than the previous experiments, 

indicating improved classification performance across all 

classes. The Rude Words and Sexual Harassment and Vulgar 

Words classes achieved the highest number of correct 

predictions, with 985 and 254 correctly classified samples, 

respectively. Most misclassifications occurred between Rude 

Words and Non-Cyberbullying. These results suggest that 

merging the Body Shaming and Hate Speech categories 

reduced class imbalance and enabled the model to learn 

minority class representations more effectively. 

TABLE IX 

CLASSIFICATION REPORT OF EXPERIMENTS 

Labeling 

Method 

Imbalance 

Handling 

Classification Report 

Acc F1 Pre Rec 

Baseline 

Focal Loss 

0.93 0.87 0.85 0.88 

Experiment 1 0.86 0.79 0.82 0.76 

Experiment 2 0.93 0.90 0.90 0.90 

Baseline 
Cross 

Entropy 

0.93 0.85 0.85 0.81 

Experiment 1 0.91 0.90 0.90 0.89 

Experiment 2 0.91 0.88 0.89 0.89 

Baseline 
Class 

Weights 

0.88 0.80 0.76 0.85 

Experiment 1 0.91 0.88 0.87 0.89 

Experiment 2 0.92 0.89 0.89 0.87 

Baseline Random 
Over-

sampling 

0.93 0.85 0.88 0.83 

Experiment 1 0.93  0.87 0.90 0.85 

Experiment 2 0.93 0.89 0.90 0.89 

 Table 9 presents the classification performance of all 

labeling configurations across four imbalance-handling 

approaches, namely Focal Loss, Cross Entropy, Class 

Weights, and Random Oversampling, evaluated using 

accuracy, macro F1-score, precision, and recall. Overall, the 

effectiveness of each approach varied across labeling 

configurations, with the highest performance achieved by 

Experiment 2 using Focal Loss, which obtained an accuracy 

of 0.93 and a macro F1-score, precision, and recall of 0.90. 
Focal Loss produced the lowest performance in 

Experiment 1, with an accuracy of 0.86 and a macro F1-score 

of 0.79. This result may be attributed to the highly imbalanced 

label distribution, where the Hate Speech and Body Shaming 

classes contained only hundreds of instances. The limited 

number of samples may have restricted the model's ability to 

learn representative patterns from these minority classes. In 

Experiment 2, combining these classes increased their 

number of samples to the thousands and resulted in a less 

imbalanced distribution, contributing to the improvement in 

macro F1-score from 0.79 to 0.90. 
Class Weights and Random Oversampling also improved 

performance across the labeling configurations. Class 

Weights achieved its best result in Experiment 2, increasing 

the macro F1-score from 0.80 in the Baseline to 0.89. Random 

Oversampling produced relatively stable results, with 

Experiment 2 achieving an accuracy of 0.93 and a macro F1-

score of 0.89. Overall, Experiment 2 consistently provided 

strong performance across the imbalance-handling 

approaches, with the combination of Experiment 2 and Focal 

Loss achieving the highest macro F1-score of 0.90. Therefore, 

this configuration was selected for the subsequent model 

comparison as presented in Table 10. 
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TABLE X 

COMPARISON OF PERFORMANCE ACROSS DIFFERENT MODELS 

Model 
Classification Report 

Acc F1 Pre Rec 

IndoBERT 0.90 0.85 0.86 0.84 

IndoRoBERTa 0.91 0.86 0.87 0.86 

IndoBERTweet 0.93 0.87 0.89 0.88 

IndoBERT + BiGRU 0.88 0.80 0.85 0.78 

IndoRoBERTa + BiGRU 0.91 0.88 0.87 0.88 

IndoBERTweet + BiGRU 0.93 0.90 0.90 0.90 

 

Table 10 presents the classification performance of 
pretrained language models with and without BiGRU. The 

results show that the effect of BiGRU varied depending on the 

underlying pretrained language model. IndoBERT achieved 

an accuracy and macro F1-score of 0.90 and 0.85, 

respectively, but its performance decreased to 0.88 accuracy 

and 0.80 macro F1-score after incorporating BiGRU. In 

contrast, IndoRoBERTa improved from a macro F1-score of 

0.86 to 0.88, with recall increasing from 0.86 to 0.88. 

The most notable improvement was observed in 

IndoBERTweet. Without BiGRU, IndoBERTweet achieved 

an accuracy of 0.93 and a macro F1-score of 0.87. After 
incorporating BiGRU, its macro F1-score increased to 0.90, 

while precision and recall both reached 0.90. This result 

indicates that the effect of BiGRU depends on the 

characteristics of the underlying pretrained model. The 

stronger performance of IndoBERTweet may also be 

attributed to its suitability for social media text, which is 

consistent with the characteristics of the X dataset used in this 

study. The addition of BiGRU may further improve the 

representation of sequential and contextual information in the 

text. 

Overall, IndoBERTweet combined with BiGRU achieved 

the highest performance among the evaluated models, with an 
accuracy of 0.93 and a macro F1-score, precision, and recall 

of 0.90. Therefore, the combination of IndoBERTweet and 

BiGRU was selected as the best-performing architecture in 

this study. 

G. Further Analysis 
Although the evaluation metrics provide an overall 

assessment of model performance, analyzing individual 

prediction examples offers a deeper understanding of how 

each labeling configuration handles ambiguous expressions. 

Table 10 below presents several examples of model 

predictions on unseen texts that trained with IndoBERTweet 

and BiGRU using Focal Loss. 

 

 

 

 

 

TABLE XI 

COMPARISON OF PREDICTION RESULTS ON UNSEEN TEXTS 

Method Text Pred True 

Baseline  sebenernya anjing tuh 
makannya apa sih 

NCB NCB 

kafir si***n HS HS 

Exp. 1 sebenernya anjing tuh 
makannya apa sih 

RW NCB 

kafir si***n NCB HS 

Exp. 2 sebenernya anjing tuh 
makannya apa sih 

NCB NCB 

kafir si***n BSHS BSHS 

Based on Table 10, for the first example, the baseline 

configuration correctly classified the tweet as Hate Speech, 

whereas Experiment 1 misclassified it as Rude Words. This 

indicates that Experiment 1 still had difficulty distinguishing 

whether the word "anjing" was used as an offensive 

expression or simply referred to the animal. This highlights 

that the experiment 1 still difficult to understand contextual 

meaning. Next, the experiment 2 successfully classified the 

tweet correctly. This indicates that the experiment 2 is giving 

an improved ability to interpret ambiguous contexts. In the 

second example, both the Baseline and Experiment 2 

correctly classified the tweet as Hate Speech and Body 

Shaming and Hate Speech (BSHS), respectively, where the 

latter represents the merged label used in Experiment 2. 

However, Experiment 1 incorrectly classified the tweet as 

Non-Cyberbullying. Overall, these examples demonstrate that 

the proposed labeling configuration in Experiment 2 reduced 

misclassifications in ambiguous cases and improved the 

model's contextual understanding. 

IV. CONCLUSION  

The proposed IndoBERTweet–BiGRU model with 

automated multi-stage labeling using Gemini 2.5 Flash and 
Gemini 2.5 Flash-Lite achieved the best overall performance 

when trained with Focal Loss and the modified label 

distribution from Experiment 2. This configuration, 

consisting of Rude Words, Sexual Harassment and Vulgar 

Words, Body Shaming and Hate Speech, and Non-

Cyberbullying, achieved an accuracy of 0.93 and a macro F1-

score, precision, and recall of 0.90. Among the evaluated 

imbalance-handling strategies, Focal Loss with Experiment 2 

provided the highest overall performance, while Class 

Weights and Random Oversampling also improved 

classification performance compared with their respective 
baseline configurations. Furthermore, the comparison of 

pretrained language models showed that IndoBERTweet–

BiGRU outperformed the other evaluated architectures, 

indicating its suitability for Indonesian social media text. 

These findings demonstrate the effectiveness of combining 

automated multi-stage labeling, appropriate imbalance 

handling, and a social-media-oriented pretrained language 
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model with BiGRU for multi-class Indonesian cyberbullying 

detection. 

This study has several limitations. First, the proposed 

multi-stage labeling approach using Gemini 2.5 Flash and 

Gemini 2.5 Flash-Lite was validated by only one human 

annotator, which may introduce potential annotation bias. 

Future studies should involve multiple domain experts or 

benchmark datasets to strengthen labeling reliability. Second, 
the dataset was collected exclusively from X and consists only 

of Indonesian-language content, limiting the evaluation of 

cross-platform and multilingual generalization. Although the 

tweets span different dates, temporal generalization was not 

explicitly evaluated using a separate time period. Future 

research should therefore evaluate the model across different 

time periods and platforms, while exploring multilingual and 

multimodal approaches to improve its robustness and 

applicability 
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