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ABSTRACT  

 

The abstract is a synopsis of the work containing the problems 

studied, research purpose, information, and methods used to solve 

problems and conclusions. Articles must be submitted in print-

ready format and are limited to a minimum of ten (10) pages and a 

maximum of twelve (12) pages. Abstract is a synopsis of the work 

that contains the issues studied, the research purpose, the 

information and methods used to solve the problem, and the 

research conclusion. Abstracts are limited to 200 words and should 

not contain references, mathematical equations, figures, and tables. 

The font size for abstracts, keywords, and an article body is 11pt. 

Keywords are no more than six (6) words, but the minimum is three 

(3) words. 
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ABSTRACT  

 

This study examines the performance of BiLSTM combined with three 

transformer-based word embeddings—BERT, RoBERTa, and 

DistilBERT—in classifying bullying news in online media. BiLSTM was 

chosen for its significant advantages in processing text sequences 

compared to traditional RNN and LSTM models. The study used a dataset 

of 2,800 articles from three major Indonesian news portals, with 2,000 

articles for training and 800 for testing, labeled using the lexicon method. 

The testing results showed that the combination of BiLSTM and 

RoBERTa achieved the best performance, with an accuracy of 94% and a 

near-perfect precision of 99%. Statistical significance tests confirmed that 

BiLSTM with RoBERTa performs significantly better than with BERT or 

DistilBERT. These findings suggest that the BiLSTM and RoBERTa 

combination is the most effective for classifying bullying news, especially 

for new or unseen data. This research contributes to the development of 

automatic bullying content detection systems to enhance content 

moderation on news platforms. 

 

Keywords : bullying; news classification; word embedding; BiLSTM; 

NLP. 
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1. INTRODUCTION 

 

The increase in the use of online media 

has led to the widespread spread of bullying-

related content, which can have a negative 

impact on individuals and society. Bullying, 

defined as intentional harassment, has the 

potential to damage mental and emotional 

health [1]. In addition to happening in the real 

world, this phenomenon is also often found in 

the digital space, including in online news that 

often contains explicit or implicit bullying 

narratives [2], [3], [4]. News that focuses on 

bullying can reinforce stereotypes, spark 

conflict, and cause psychological trauma to 

victims [5]. Uncontrolled content can even 

make harmful behavior look normal, 

encouraging the audience to adopt the mindset 

or action presented. Therefore, automatically 

detecting and classifying bullying news content 

is an important step to reduce its negative 

impact and support more ethical content 

moderation [6]. 

Various previous studies have explored 

Natural Language Processing (NLP) techniques 

for detecting bullying content, including 

transformer-based embedding methods such as 

BERT, RoBERTa, and DistilBERT, which 

show promising potential in understanding the 

context of text in depth. For example, research 

by Nemkul [7] showed that RoBERTa achieved 

an accuracy of 95.3%, higher than BERT, 

which reached 93.3% in the Nepali-language 

news classification. In addition, Pratima's 

research [8] showed that the combination of 

BERT and BiLSTM was able to achieve up to 

96.8% accuracy on social and political news 

classifications, indicating that BiLSTM can 

capture sequential information that is important 

in understanding complex sentence structures. 

BiLSTM (Bidirectional Long Short-

Term Memory) is a development of LSTM that 

allows the model to understand the context of 

words from two directions, both forward and 

backward [9]. This is especially useful in the 

analysis of news texts that have complex 

sentence structures and interrelated inter-word 

contexts. 

Although several studies have explored 

the use of transformer-based embeddings for 

sentiment analysis and news classification, the 

effectiveness of the combination of BERT, 

RoBERTa, and DistilBERT with BiLSTM in 

detecting bullying news content is still rarely 

studied. Most studies focus on only one type of 

embedding without considering how this 

combination can improve understanding of 

context and word order in the text [10]. In 

addition, An's research [11], which uses the 

ALBERT-BiLSTM model, only focuses on 

entity extraction without reviewing the specific 

classification of bullying content. 

This study aims to compare the 

performance of BERT, RoBERTa, and 

DistilBERT combined with BiLSTM in the 

classification of bullying news. Key 

contributions from this study include: 

1. Provides an in-depth analysis of the 

effectiveness of transformer-based 

embedding when combined with 

BiLSTM in handling complex news 

texts. 

2. Identify the advantages and limitations of 

each model in terms of classification 

accuracy and computational efficiency. 

3. Provides new insights for the 

development of an automatic detection 

system for news platforms, so that it can 

strengthen the moderation of negative 

content more efficiently and ethically. 

The findings of this study are expected to 

be the basis for the development of an AI-based 

content moderation system that is more 

effective in detecting and reducing the spread of 

bullying news on digital platforms. 

 

2. METHODS 

 

The method carried out in this study 

includes several stages, as seen in the following 

flowchart: 

 

Figure 1. Flowchart of the research process 

https://doi.org/10.15408/jti.v18i2.42459
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The stages of the flowchart in Figure 1. It 

will be described in the following explanation: 

 

2.1.  Data Collection (crawling)  

The data for this study was taken from 

three online news portals, namely Kompas.com, 

iNews, and Detik.com. Articles from all three 

sources were collected through a crawling 

process, resulting in a total of 2800 articles. Of 

these, 2000 articles were used to train the 

model, while another 800 articles were 

allocated for testing. 

 

2.2.  Pre-Processing 

Processing online news data before it is 

applied to the model. This stage aims to convert 

the raw data into a cleaner and more structured 

format so that it can be processed effectively 

[12]. The preprocessing process implemented 

consists of the following steps [13]: 

a. Punctuation and Symbol Removal: 

performs the removal of punctuation, 

numbers, and non-alphabetic characters. 

b. Case Folding: The entire text is converted 

to lowercase letters to ensure consistency 

in data processing. 

c. Tokenization: This process separates 

sentences into individual words (tokens). 

d. Stopword Removal: Stopwords such as 

"dan", "yang", "di", and "ke" often do not 

have significant meaning in the analysis. 

Therefore, the stopword is removed to 

reduce the data dimension and focus on 

more relevant words. 

 

2.3.  Data Labeling 

Each article is labeled using the lexicon 

method, which is by recognizing words related 

to the domain (bullying) [14], [15].  The lexicon 

method was chosen for text labeling because of 

several advantages it offers. One of the 

advantages of lexicon is its ability to reduce 

subjectivity in labeling, since the marking 

process is carried out automatically by the 

system based on the available dictionary of 

opinion words, so it does not depend on 

individual interpretations[16]. In addition, this 

method allows for handling large amounts of 

data, such as data from social media, without 

the need for time-consuming manual labeling 

[17]. Using a predefined dictionary and its 

weights, the lexicon method can automatically 

identify and label text based on the occurrence 

of certain words[18]. This approach also makes 

it easier to interpret the labeling results because 

decisions are made based on specific words 

contained in the dictionary, making it suitable 

for use in research that requires accuracy and 

consistency in data tagging, such as the 

detection of bullying content in online news. 

Helps shorten labeling time when compared to 

manually labeling large amounts of data. Some 

of the keywords used for identification include: 

‘bullying’, ‘perundungan’, ‘intimidasi’, 

‘penghinaan’, ‘pelecehan’, ‘mengejek’, 

‘menghina’, ‘merendahkan’, ‘mengolok-olok’, 

‘menindas’, ‘ancaman’, ‘fitnah’, ‘kekerasan 

verbal’, ‘kekerasan fisik’, ‘pengucilan’, 

‘mengasingkan’, ‘penganiayaan’, ‘mencaci 

maki’, ‘memfitnah’, ‘mem-bully’, ‘perlakuan 

kasar’, ‘suka mengancam’, ‘pencemaran nama 

baik’, ‘mengintimidasi’, ‘perlakuan 

diskriminatif’, ‘menyebarkan gosip’, 

‘menyingkirkan teman’, ‘ membentak’, 

‘memaksa’, ‘menghujat’. Based on this method, 

as many as 852 articles were marked with the 

label of bullying, while the other 1243 articles 

were marked as non-bullying. 

 

2.4.  Modelling (BiLSTM) 

BiLSTM was chosen because it has a 

significant advantage in handling text 

sequences compared to traditional RNNs and 

LSTMs. Although RNNs are suitable for 

processing text of variable length, the model 

faces serious problems such as gradient 

explosion, gradient disappearance, and 

difficulty handling remote dependencies. 

LSTM has successfully overcome this problem 

with a gate control mechanism, but it can only 

process information in one direction, thus 

limiting its ability to understand the context 

thoroughly. To overcome this limitation, 

BiLSTM was introduced by adding a second 

hidden layer that allows the flow of information 

in both directions, both forward and backward. 

This approach allows BiLSTM to understand 

contexts from the past and the future 

simultaneously, making it highly effective in 

sequence modeling tasks, especially in 

understanding complex contexts in texts [19]. 

Therefore, the use of BiLSTM is superior in 

providing better accuracy and deeper insights 

compared to ordinary LSTM. 

 

 

https://doi.org/10.15408/jti.v18i2.42459
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Before the classification process with 

BiLSTM, data needs to be transformed using 

Transformer-based techniques such as BERT, 

RoBERTa, and DistilBERT. These techniques 

include embedding layers to represent each 

word numerically and vectorally by converting 

the root word into a vector form, which is part 

of feature extraction [20]. Transformer-based 

embeddings play an important role in sentiment 

analysis by strengthening the representation of 

the text to improve classification [21]. There are 

many types of embeddings to support text 

classification models. 

Three transformer models are used in this 

process, namely: 

a. BERT, introduced in 2018 by Jacob 

Devlin and the Google team [22], is a 

bidirectional language representation 

model that understands words based on 

the context from both sides [23], [24]. 

Trained on a vast set of freely available 

texts, BERT has shown exceptional 

performance in a wide range of natural 

language processing tasks, including text 

classification [25]. 

b. RoBERTa, introduced by Facebook AI in 

2019, is an optimized version of BERT. 

It improves performance by modifying 

the training procedure, including longer 

training, more data, larger batches, and 

removing the next sentence prediction 

objective [26], [27]. 

c. DistilBERT is a lighter and more 

efficient version of BERT, designed to 

reduce training time without significantly 

compromising performance. Studies by 

Barbon and Akabane versatile [28], [29] 

highlight its effectiveness in text 

classification and efficiency in handling 

large datasets. 

Each of these transformer models is 

followed by a BiLSTM layer that allows 

bidirectional text processing (forward and 

backward) to better understand the context. The 

architecture of this model can be seen in figure 

2. 

 

 

Figure 2. BiLSTM models with each transformer layer 

 

2.5.  Compare 

After the three models (BERT + 

BiLSTM, RoBERTa + BiLSTM, and 

DistilBERT + BiLSTM) were trained and 

tested, the results of each model were compared 

to see how they performed. 

 

2.6.  Evaluation 

At this stage, evaluations are performed 

to measure the performance of each model using 

evaluation metrics such as accuracy, precision, 

and recall to determine which model provides 

the best results [30]. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
  (1) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
   (2) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
   (3) 

In addition, the model will be evaluated 

with the Receiver Operating Characteristic 

(ROC) curve. The ROC curve serves as a metric 

to evaluate the performance of the classification 

model. The sharpness of the curve is associated 

with the model’s classification ability and error 

rate. A sharper ROC curve usually represents a 

model that performs well. In this case, the 

model can demonstrate high accuracy, a low 

error rate, and proficient classification ability.  

https://doi.org/10.15408/jti.v18i2.42459
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This implies that the model’s predictions 

provide a clearer distinction between the actual 

classes. Conversely, a less sharp ROC curve can 

indicate lower classification performance for 

the model or a higher number of classification 

errors in the confusion matrix [31].  

To test the significance of accuracy, a 

one-way ANOVA was conducted to determine 

whether there was a significant difference 

between the average accuracy of the three 

models tested[32]. In this test, the hypothesis 

used is: 

a.  H₀ (Null hypothesis): There is no 

significant difference between the 

accuracy of the three models. 

b.  H₁ (Alternative hypothesis): There is at 

least one model that has a significant 

difference in accuracy compared to the 

others.  

The test was carried out by taking 

accuracy results from each model in 5 

experiments. F-statistic and p-value values are 

obtained to evaluate hypotheses. If the p-value 

< 0.05, then the null hypothesis is rejected, 

which means that there is a significant 

difference between the models tested. 

If the ANOVA results show significant 

differences, further tests such as Tukey HSD or 

post-hoc carried out to determine which model 

pairs have significant accuracy differences. The 

results of this test help in selecting the best 

model based on statistical significance, not just 

based on the average accuracy value. 

With this approach, the model evaluation 

becomes more statistically valid, so it can 

provide a strong justification in selecting the 

best model for the classification of bullying 

news in online media [33]. 

 

3. RESULTS AND DISCUSSION 

 

In this discussion, the performance of the 

model used for each combination will be 

explained. This stage will be divided into two 

sub-discussions, namely taining and testing. 
 

3.1. Training 

This training process uses 2095 data with 

an equalized model structure, namely using two 

layers of BiLSTM with memory units of 128 

and 46, two layers of Dropout with a rate of 0.5 

each, and the Adam Optimizer with a learning 

rate of 0.0001. The training was carried out with 

50 epochs and a batch size of 64. 

 

3.1.1. BiLSTM+ BERT Combination 

The results of the model are shown in 

Figure 3. using the Bidirectional LSTM 

architecture (BiLSTM), which utilizes the 

embedding of BERT as the representation of the 

input text. BERT generates an embedding that 

considers the context of the word in depth, and 

the model uses a representation token [CLS] 

from BERT that represents the overall meaning 

of the text. This embedding is fed to the first 

layer of bidirectional LSTM, which has 256 

units. The use of BiLSTM allows the model to 

better understand the context in the text 

sequence, as it processes data in both directions, 

both forward and backward. After the first 

BiLSTM, there is a Dropout layer that reduces 

the chance of overfitting by disabling a random 

portion of nodes during training. 

 

Figure 3. Results of the BiLSTM Model with BERT Embeding 

Then, the results from the first BiLSTM 

layer were passed on to the second Bidirectional 

LSTM layer with 92 units. This second layer 

helps to enrich the representation of the text 

more deeply. After that, a second Dropout layer 

is applied to increase the generalization. 

Finally, the Dense layer with a single unit and a 

sigmoid activation function produces a final 

output in the form of probabilities for binary 

classification. The model has approximately 

1,030,125 trained parameters, with all 

parameters being updated during training to 

optimize classification performance. This 

structure allows the model to leverage the 

context in the text as well as the dynamic 

features of the BERT to achieve accurate results 

in the classification of news or other text. 

https://doi.org/10.15408/jti.v18i2.42459
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Figure 4. BiLSTM accuracy graph with BERT Embedding 

The trend of increasing accuracy in 

Figure 4 for the data train increases steadily and 

reaches a high value (85%). The accuracy of the 

test data has also increased, but not as high as 

the train data (80%). 

 

Figure 5. BiLSTM accuracy graph with BERT Embedding 

 

The Trend Loss on the Chart shown in 

Figure 5. shows that the loss for the data train 

(blue line) decreases consistently, while the loss 

for the test data (orange line) also shows a 

decrease but with greater fluctuations. This 

decrease in loss shows that the model learns 

well from the training data provided. 

If the loss test remains undiminished in 

proportion to the loss train, this could be a sign 

that the model is starting to overfit. This can be 

seen from the greater fluctuations in the loss test 

even though the loss train is decreasing. 

The training process with this model 

resulted in an accuracy of 82%, a recall of 65%, 

and a precision of 83%. 

 

3.1.2. BiLSTM+RoBERTa Combination 

  
 

Figure 6. Results of the BiLSTM Model with RoBERTa 

Embedding 
 

The model results in Figure 6. is a 

Bidirectional LSTM (BiLSTM) architecture 

that uses embedding from RoBERTa as its 

input. RoBERTa is a BERT-based transformer 

model that is known for its ability to capture 

word representations with better context. In this 

model, the input data that has gone through the 

embedding process using RoBERTa is then 

processed by two layers of bidirectional LSTM 

(Bidirectional LSTM). The first layer has the 

ability to process information from both 

forward and backward directions, which helps 

the model understand the more complete 

context of a given text. 

After the first Bidirectional LSTM layer, 

the model is equipped with a Dropout layer that 

serves to reduce the risk of overfitting. 

Dropouts randomly disable a subset of neurons 

during training, which helps the model be more 

robust and able to better generalize on data that 

has never been seen before. Then, the data that 

has been processed by the first Bidirectional 

LSTM is further processed through the second 

LSTM layer to deepen the understanding of data 

representation. The output of this layer is more 

concise, representing the core of the previously 

processed information. 

Eventually, the model completes the 

process with a Dense layer that produces an 

output in the form of probabilities for the 

desired target class, in this case using the 

sigmoid activation function for binary 

classification. The total parameters that can be 

learned in this model reach 1,030,125, which 

covers all layers and allows the model to learn 

from the given data. The model is expected to 

capture complex relationships in texts, such as 

those often encountered in text classification 

tasks, including in the case of news or opinions. 

https://doi.org/10.15408/jti.v18i2.42459
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Figure 7. Results of the BiLSTM Model with RoBERTa 

Embedding 

Figure 7 shows the accuracy trend 

increased significantly from the beginning of 

the training. It shows that the model learns well 

from the training data and gets a better 

understanding of the patterns in the data. It 

peaked at 82% in the final epoch. Meanwhile, 

the test line shows a slower improvement 

compared to the accuracy of the train. It 

fluctuates frequently, especially in the final 

epoch, but eventually achieves stability at 80%. 

 

Figure 8. Results of the  BiLSTM Model with RoBERTa 

Embedding 

In figure 8. The loss for the training data 

in the Figure shows a consistent downward 

trend from the beginning to the end of the 

epoch. Reflects that the model successfully 

learns from the training data, with predicted 

errors decreasing over time. 

 

 

 

 

 

 

 

This model results in an accuracy of 81%, 

a recall of 57%, and a precision of 86%. 

 

3.1.3. BiLSTM+DistilBERT Combination 

 
 

Figure 9. Results of the BiLSTM model with DistilBERT 

embedding  
 

The results of the BiLSTM model with 

DistilBERT embedding in Figure 9 are 

designed for efficient text classification. The 

model begins by incorporating the DistilBERT 

embedding into a bidirectional LSTM 

(BiLSTM) layer with 128 units in each 

direction, resulting in a combined output with 

dimensions of 256. This structure allows the 

model to capture contextual information from 

the beginning and end of each text sequence, 

which is very useful in understanding complex 

language patterns. 

Furthermore, a dropout layer with a level 

of 0.5 was applied to reduce overfitting by 

randomly disabling half of the neurons during 

training. The result then passes through a 

second layer of BiLSTM with 46 units in each 

direction, resulting in an output with 

dimensions of 92. After that, a second layer of 

dropout is applied, further reducing the risk of 

overfitting. The final layer is a dense layer with 

a sigmoid activation function used for binary 

classification, resulting in a probability score 

between 0 and 1 for each input. 

The model has a total of 1,030,125 

trainable parameters, making it relatively 

lightweight mainly thanks to the efficiency of 

the DistilBERT architecture. This combination 

allows the model to work effectively in text 

classification tasks with compute needs 

maintained. 

The accuracy of the training data in 

Figure 10 showed a consistent improvement, 

reaching a high score of 85% at the end of the 

training. The model learns well from the 

training data, reflecting a strong understanding 

of patterns in the data. Meanwhile, the accuracy 

of the test data also shows an increasing trend, 

although the fluctuations are more visible 

compared to the training data. 

https://doi.org/10.15408/jti.v18i2.42459
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Figure 10. Results of the BiLSTM Model with DistilBERT 

embedding 
 

 

Figure 11. Results of BiLSTM Model with DistilBERT 

Embedding 

The loss for the training data in figure 11 

shows a consistent decline from the beginning 

to the end of the training. A significant decline 

occurred in the first few epochs and then 

stabilized at a lower level, which is 0.35. 

This model gets an accuracy score of 

85%, recall 70%, and precision 86%. 

The evaluation results of the three 

combination models show that the combination 

of BiLSTM with various word embedding 

models (BERT, RoBERTa, and DistilBERT) 

provides varying performance on the 

classification task. DistilBERT gave the best 

results with an accuracy of 85%, recall of 70%, 

and accuracy of 86%, indicating that the model 

is not only accurate in identifying classes but 

also quite consistent in capturing patterns from 

text efficiently. BERT achieves a fairly good 

accuracy of 82%, with the highest accuracy at 

83%, but a recall of 65% indicates that the 

model is slightly weaker at identifying all 

classes in complete than DistilBERT. The 

RoBERTa has the highest precision at 86%, but 

the recall is lower at 57%, resulting in an 

accuracy of 81%, which shows that the model is 

more conservative in its classification. Overall, 

the DistilBERT and BiLSTM are the best 

combination among the three models in terms 

of the balance between precision, recall, and 

accuracy. 

Tabel 1. Training performa model 

Type Recall Precission Accuracy 

Bert  65 83 82 

RoBERTa 57 86 81 

DistilBERT 70 86 85 

 

3.2. Prediction Testing 

The testing process is carried out after 

each model is saved. Testing is used to predict 

the labeling of new documents of 500 data.  

 

3.2.1. BiLSTM -BERT Combination 

 
Figure 12. CM BiLSTM- BERT 

 

Figure 12 of the confusion matrix shown 

shows the performance of the classification 

model with two classes, namely class 0 and 

class 1. In this matrix, the number 183 in 

position (0.0) indicates the correct number of 

predictions for class 0, while 263 in position 

(1.1) indicates the correct number of predictions 

for class 1. The number 19 in the position (0.1) 

is the number of false positives for class 1, and 

35 in the position (1.0) is the wrong negative 

prediction for class 0 (false negatives). Overall, 

the model performed well, with a high level of 

accuracy in both classes, despite some errors in 

predictions. 

The ROC curve graph in figure 13 shows 

the performance of the classification model in 

distinguishing between Bullying and Non-

Bullying classes. The Y axis (True Positive 

Rate) represents the model’s ability to detect 

positive classes, while the X axis (False Positive 

Rate) shows errors in predicting negative 

classes as positive. The orange curve is close to 

https://doi.org/10.15408/jti.v18i2.42459
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the top left corner, showing excellent 

performance, with an AUC (Area Under the 

Curve) of 0.96, which indicates that the model 

can distinguish between the two classes very 

accurately. The diagonal blue line represents 

random predictions, and the distance of the 

curve from this line indicates the model’s 

advantage over random guesses. 

 

Figure 13. Grafik ROC curve BiLSTM- BERT 

 

3.2.2. RoBERTA-BiLSTM 

 

Figure 14. CM BiLSTM -RoBERTa 

This confusion matrix shows the results 

of the evaluation of the classification model on 

the test data. The model successfully predicted 

201 negative samples (True Negative) and 270 

positive samples (True Positive) correctly. 

However, there was 1 negative sample that was 

incorrectly predicted as positive (False 

Positive) and 28 positive samples that were 

incorrectly predicted as negative (False 

Negative). These results show that the model 

has high accuracy in detecting both classes, 

with more prediction errors occurring in 

positive classes that are incorrectly classified as 

negative. 

 

Figure 15. ROC curve BiLSTM-RoBERTa graph 

The ROC curve graph in Figure 15 shows 

the performance of the classification model 

with excellent ability to distinguish between 

positive and negative classes. The Y-axis (True 

Positive Rate) indicates the success rate of the 

model in detecting positive classes, while the X-

axis (False Positive Rate) indicates the error rate 

of prediction of negative classes as positive. 

The orange curve near the top left corner shows 

high accuracy, with an AUC (Area Under the 

Curve) of 0.99, indicating that the model is 

almost perfect at distinguishing the two classes. 

The blue diagonal line as the baseline of the 

random prediction confirms the model’s 

superiority significantly. 

 

3.2.3. BiLSTM-DistlBERT 

 

Figure 16. CM BiLSTM-DistilBERT 

Figure 16 of the Confusion Matrix above 

shows the performance of the classification 

model with four main metrics: True Positive 

(TP) as many as 266, True Negative (TN) as 

many as 188, False Positive (FP) as many as 14, 

and False Negative (FN) as much as 32. This 
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means that the model successfully predicted 

266 positive samples and 188 negative samples 

correctly. However, there were 14 negative 

samples that were incorrectly predicted as 

positive, and 32 positive samples that were 

incorrectly predicted as negative. Overall, this 

matrix provides a clear picture of the model’s 

accuracy as well as its error distribution, which 

can be used to evaluate and improve the 

model’s performance. 

Figure 17. The Receiver Operating 

Characteristics Curve (ROC) is an evaluation 

tool used to assess the performance of a 

classification model. The graph above shows 

the relationship between the True Positive Rate 

and the False Positive Rate. The curve indicated 

by the orange line indicates that the model has 

an area under the curve (AUC) of 0.97, which 

indicates excellent classification capabilities. 

The closer the AUC value to 1, the better the 

model can distinguish between positive and 

negative classes. The blue dotted line represents 

the random guess effect, confirming that a 

better model should be well above the line. 

 

Figure 17. BiLSTM-DistlBERT ROC curve graph 

The results of the testing can be seen in 

the following table: 

Table 2. Test model performance 

tim Recall Precission Accuracy 
RO

C 

Bert  89.5 86.5 89 96 

RoBERTa 90 99 94 99 

DistilBERT 89 95 90 97 

 

The results of the test evaluation on the 

new data demonstrated improved performance 

across all three models, with the combination of 

BiLSTM and RoBERTa yielding the best 

results. RoBERTa achieved the highest 

accuracy at 94%, alongside an exceptional 

precision of 99% and a recall of 90%. This 

indicates that RoBERTa is highly effective in 

identifying classes with near-perfect precision 

while consistently capturing most patterns in 

the data. In terms of ROC, RoBERTa also 

excelled with a score of 99, reinforcing its 

superior discriminative ability. The 

combination of BiLSTM with DistilBERT 

delivered solid performance as well, achieving 

90% accuracy, 95% precision, and 89% recall. 

DistilBERT strikes a good balance between 

accuracy and precision, and its lighter 

architecture makes it a suitable choice for 

applications requiring efficiency. Meanwhile, 

the combination of BiLSTM and BERT reached 

89% accuracy, with a recall of 89.5% and a 

precision of 86.5%. Although its precision is 

lower than that of the other models, BERT still 

demonstrates its capability in pattern 

recognition and delivering reliable results. 

Overall, RoBERTa achieved the highest testing 

accuracy (94%) and precision (99%), indicating 

its strong generalization ability. This can be 

attributed to its improved pretraining 

methodology, which optimizes masked 

language modeling and dynamically changes 

learning objectives. In contrast, DistilBERT 

exhibited a balanced trade-off between speed 

and accuracy, making it a viable choice for 

resource-constrained applications. 

 

3.3. Significance Test 

In this sub-chapter, a significance test is 

carried out to find out if there is a significant 

difference in the average accuracy of the BERT, 

RoBERTa, and StylBERT models in classifying 

data. This analysis involves a one-way ANOVA 

test to identify differences between groups and 

a further test of Tukey HSD to determine model 

pairs that have significant differences. 

The trial was carried out 5 times to obtain 

accuracy results on each model as follows in 

table 3 

Table 3. Average model accuracy 

Model 
Accuracy 

1 2 3 4 5 𝑹𝒂𝒕𝒂 

Bert  90 88 89 89 89 89,0 

Roberta 93 93 94 95 95 94,0 

DistilBERT 89 90 92 89 90 90,0 

 

 

Based on table 3, it can be seen that the 

RoBERTa model has the highest average 

accuracy of 94%, followed by DistilBERT with 

90%, and BERT with 89%.  

From the accuracy table, an ANOVA test 

will be carried out to analyze whether there is a 
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significant difference in the average accuracy 

between the three models. 

The hypotheses tested are as follows: 

a.  H0 (Hypothesis zero): There is no 

difference in the average accuracy 

between models. 

b.  H1 (Alternative hypothesis): There is at 

least one pair of models that have 

significant differences in average 

accuracy. 

The results of the ANOVA test showed 

an F-Statistic value of 35,0000 and a P-Value of 

0.0000. Since the p-value < 0.05, the null 

hypothesis (H0) is rejected. This indicates that 

there is a significant difference in the average 

accuracy between at least the two models. 

To find out which model pairs have 

significant differences, further tests were 

carried out using Tukey HSD. The results of the 

Tukey HSD test are shown in the following 

table 4: 

Table 4. Tukey HSD Post-Hoc Test 

Group1 Group2 
M. 

Diff 
P-Val Low Upp Rej 

BERT DistilBERT 1.0 0.2908 0.6873 2.6873 F 

BERT RoBERTa 5.0 0.0000 3.3127 6.6873 T 

DistilBERT RoBERTa 4.0 0.0001 2.3127 5.6873 T 

 

Table 4 displays the results of the Tukey 

HSD (Post-Hoc Test) which is used to find out 

which model pairs have significant differences 

in the average accuracy. Based on the test 

results, the comparison between BERT and 

DistilBERT shows an mean difference of 1.0 

with p-value = 0.2908 (> 0.05), which means 

that there is no significant difference between 

these two models. Meanwhile, the comparison 

between BERT and RoBERTa has an average 

difference of 5.0 with p-value = 0.0000 (< 0.05), 

showing a significant difference between the 

two models. Similarly, the comparison between 

DistilBERT and RoBERTa showed an average 

difference of 4.0 with p-value = 0.0001 (< 0.05), 

which also showed a significant difference. 

Thus, it can be concluded that the RoBERTa has 

a significant difference in accuracy compared to 

the other two models. 

Thus, in the tested classification scenario, 

RoBERTa is the model with the most 

statistically superior performance. 

 

 

 

CONCLUSION 

 

This study demonstrated that combining 

BiLSTM with RoBERTa achieved the highest 

accuracy (94%) in online bullying news 

classification, highlighting its robustness in 

detecting harmful content. While DistilBERT 

offers a balance between efficiency and 

accuracy, RoBERTa is recommended for 

applications prioritizing precision. Future 

research can explore additional datasets, 

integrate domain-specific embeddings, and 

evaluate real-time deployment feasibility in 

content moderation systems. 
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