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ABSTRACT 
 
The rapid integration of Information and Communication Technologies (ICT) has revolutionized online 
communication, yet it has also led to the emergence of cyberbullying, a harmful digital behaviour. This study 
addresses the urgency of combating cyberbullying and its negative impacts by using advanced pre-trained 
language models (PLMs) through transfer learning in detecting cyberbullying in social media. The goal is to 
enhance cyberbullying detection's effectiveness to create safer online spaces.  Cyberbullying detection model using 
transfer learning, DistilBERT, DistilELECTRA, and MiniLM PLMs were explored. The PLMs' evaluation using 
the AMiCA dataset, MiniLM achieves the highest performance in detecting cyberbullying, with an accuracy of 
97.84% in cross-validation and 98.57% in hold-out testing, while DistilBERT and DistilELECTRA also perform 
well, achieving accuracies of 97.34% and 98.03%, and 97.58% and 92.97%, respectively. MiniLM consistently 
maintains competitive F-measures, addressing class imbalance. Overall, MiniLM stands out with high accuracy 
and micro F1-scores, outperforming other models. Comparative analysis reaffirms MiniLM's excellence in binary 
classes and overall evaluation showcasing the effectiveness of transfer learning compared to previous studies. In 
conclusion, this study demonstrates the capabilities of PLMs for cyberbullying detection and suggests future 
research directions 
 
Keywords: Cyberbullying Detection, Transfer Learning, Pre-trained Language Models, AMiCA Dataset, Text 
Classification 
 
 
1.0 INTRODUCTION 
 
The rise of Information and Communication Technologies (ICT) has significantly impacted social communication. 
It has transformed the way we connect with others, making communication more accessible. This widespread use 
of social media platforms allows people to connect with others from all over the world, creating a sense of shared 
global community. As a result, individuals from different parts of the world can interact, exchange ideas, and build 
connections that transcend geographic boundaries. The World Bank shows that by the end of 2022, 4.66 billion 
people would have been online, accounting for 60% of the world's population[1]. Most of these users are from 
Asia.  The number of internet users in Malaysia increased from 88.7% in 2020 to 92.7% in 2022, as reported in 
the Internet Users Survey 2022 [2]. According to the same survey, 24.6 million Malaysians used social networking 
sites, with Facebook, Instagram, and YouTube being the most popular platforms. With the increasing use of 
technology, people are experiencing more problems related to the internet, including excessive social media use 
and online harassment.  

Within the realm of ICT's benefits, a darker facet emerges as individuals exploit technological progress for 
abusive behavior, exemplified in cases of cyberbullying [3]. The term “Cyber” emphasizes the digital nature of 
the behavior, highlighting its occurrence through electronic communication channels. "Cyberbullying" 
underscores that the behavior takes place within the realm of the internet, encompassing diverse digital formats. 
The inclusion of "bullying" underscores the continuum between traditional bullying and its digital counterpart. 
While the medium has changed, the fundamental nature of the behavior remains akin.  

Amid the advantages of ICT's integration, cyberbullying has emerged as a concerning phenomenon [3]. Social 
media platforms, which have become virtual hubs for social interaction, have unfortunately also transformed into 
arenas for bullying. The digital environment allows perpetrators to conceal their identities, complicating the 
detection of cyberbullying—an intricate challenge in safeguarding the integrity of online communities. As noted 
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by [4], the rise in Internet usage has directly contributed to a surge in cyberbullying incidents, with significant 
public health consequences, including mental, psychological, and social issues [5]. In the context of social media 
platforms, 79 % of young adults faced cyberbullying on YouTube, 69 % on Snapchat, 64 % on TikTok, and 50 % 
on Facebook [6]. Cyberbullying poses a severe risk to public health and can have long-lasting impacts that often 
last into early adulthood, according to [7]. The consequences of cyberbullying are far-reaching and deeply 
concerning. Those subjected to cyberbullying often experience severe mental health challenges, such as 
depression, anxiety, feelings of isolation, and a diminished caKeepacity to experience pleasure (anhedonia) [3]. 
These distressing outcomes underscore the urgent need to address cyberbullying as a pivotal concern within the 
realm of online interactions. 
 Recent research suggests that pre-trained language models show significant promise for detecting 
cyberbullying due to their ability to capture nuanced linguistic patterns for large datasets [3][8]. These models 
including BERT, RoBERTa, and DistilBERT, have demonstrated impressive performance in other domains of 
natural language processing. Despite their potential, the application of pre-trained language models in 
cyberbullying detection remains underexplored, with only a few studies, such as those by [3] and [8], delving into 
this area. These works have shown the fine-tuned models outperform traditional approaches, achieving high 
accuracy and F1 scores. However, challenges such as data diversity, contextual nuances, and ethical implications 
of automated detection remains barriers to widespread implementation. 

This study seeks to bridge the gap by investing the efficacy of pre-trained language models in cyberbullying 
detection. To address these gaps, this study investigates how different pre-trained language models can be applied 
and fine-tuned for specific datasets and contexts. By systematically experimenting with transfer learning methods, 
this research aims to optimize detection mechanisms and address growing concern of cyberbullying in online 
spaces. Pre-trained models such as DistilBERT, DistilELECTRA and MiniLM are examined to their suitability 
and efficiency or cyberbullying detection.  

The observed disparity in performance between transfer learning models and other approaches has ignited a 
curiosity to dissect the intricacies underlying this discrepancy. The prospect of leveraging different pre-trained 
models offers a new avenue for investigation, presenting an opportunity to refine and enhance transfer learning's 
potential in addressing the complexities of cyberbullying detection. Section 2 is catered for related works on 
cyberbullying detection. Followed by section 3 which is on methodology. Section 4 is catered for results obtained 
from the models and section 5 emphasize on the discussions.  Finally, section 6 concludes the research with 
summary of findings and future works 
 
2.0 RELATED WORKS 
 
In recent years, the detection of cyberbullying has gained significant attention, prompting researchers to explore 
diverse techniques for effective identification. Several studies have delved into the realm of conventional machine 
learning, deep learning and transfer learning approaches to tackle the intricate task of cyberbullying detection.  
 
2.1 Analysis of Cyberbullying Detection Research using Conventional Machine Learning and Deep 
Learning Approach 
 
Cyberbullying detection research has seen significant advancements through both conventional machine learning 
and deep learning approaches. Several studies have contributed to this field, each employing diverse techniques 
and evaluation metrics. Table 1 shows the analysis of past research on cyberbullying detection using conventional 
machine learning and deep learning approach.  
 The field of cyberbullying detection in social media has been explored using various machine learning and 
deep learning techniques. Alduailaj and [9] utilized SVM and Naïve Bayes for detecting cyberbullying, with SVM 
achieving an accuracy of 95.74% on a dataset of 30,000 tweets sourced from Twitter. Similarly, [10] applied SVM, 
KNN, and Naïve Bayes, with SVM using the RBF kernel achieving an F1 score of 0.92 on a smaller dataset of 
652 tweets. [11] employed a wide range of classifiers, including Logistic Regression and Linear SVC, achieving 
high performance metrics (accuracy and F1 score of 0.96) using Bag of Words and TF-IDF features across a large 
dataset of 160,000 samples. 

[12] explored Gaussian Naïve Bayes, Logistic Regression, Random Forest (RF), and other classifiers, with RF 
achieving an accuracy and F1 score of 0.92 on a dataset of 20,001 tweets. [13] explored Logistic Regression and 
Multinomial Naïve Bayes using character-level TF-IDF n-grams, with Logistic Regression achieving slightly 
better performance (F1 score of 0.798) on a dataset of 7,625 samples. 



31 
 

Table 1: Analysis of Cyberbullying Detection Research Using Conventional Machine Learning and Deep Learning approach 
 

Reference Technique Best Technique Evaluation Dataset Research Gap 
[9] SVM, NB SVM Accuracy:  

0.96 
Twitter (Twitter API, uploaded to Kaggle) 
Size : 30,000 
Availability: 
https://www.kaggle.com/datasets/alanoudald
ealij/arabic-cyberbullying-tweets 

1. Only focus on Arabic dataset 
2. Only focus on Text Analysis 
3. Only focus on single-platform dataset 
4. Only focus on Machine Learning, no 

deep learning 
[10] SVM, KNN,  

NB 
SVM with RBF  
Kernel 

F1 Score:  
0.92 

Source: Twitter (Twitter API) 
Size: 652 
Availability: NA 
 

1. Only focus on single-platform dataset 
2. Only focus on English dataset 
3. Only focus on Text Analysis 
4. Small dataset size 
5. Only focus on Machine Learning, no 

deep learning 
[11] Logistic  

regression,  
Decision tree,  
Gradient  
Boosting, 
Random-forest,  
Bagging, SGD,  
Linear  SVC,  
AdaBoost  
 
 

Linear SVC and 
Logistic 
Regression 

Logistic  
Regression 
Bag of Words 
Accuracy: 0.96 
F1 Score: 0.96 
TF-IDF 
Accuracy: 0.96 
F1 Score: 0.95 
Linear SVC 
Bag of Words 
Accuracy: 0.95 
F1 Score: 0.95 
TF-IDF 
Accuracy: 0.96 
F1 Score: 0.96 

Source: Kaggle, Twitter, Wikipedia, 
YouTube 
Size: 160,000 
Availability: NA 
 

1. Only focus on English dataset 
2. Only focus on Text Analysis 

[12] Gaussian  
Naïve Bayes,  
Logistic  
Regression,  
Decision 
Tree, RF,  
AdaBoost 

RF Accuracy: 0.92 
Precision: 0.92 
Recall: 0.92 
F-1 Score: 0.92 

Source: Twitter (Kaggle) - Cyberbullying 
Size : 20,001 
Availability: 
https://github.com/aymeam/Datasets-for-
Hate-Speech-
Detection/blob/master/README.md 

1. Only focus on single-platform dataset 
2. Only focus on English dataset 
3. Only focus on Text Analysis 
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Table 1: Continued 
 

Reference Technique Best Technique Evaluation Dataset Research Gap 
[13] XGBoost, Extr

Tree Classifier, 
K-Nearest  
Neighbours,  
Logistic  
Regression, RF,
Linear SVC,  
Decision Tree, 
Multinomial  
NB 

LR and  
Multinomial NB 

Char TF-IDF Bi-gram 
1) LR: 
Accuracy: 0.75 
F1 Score: 0.80 
Training Time: 0.96 
2) Multinomial 
Accuracy: 0.75 
F1 Score: 0.79 
Traning Time: 0.00 
Char TF-IDF Trii-
gram 
1) LR: 
Accuracy: 0.75 
F1 Score: 0.80 
Training Time: 1.00 
2) Multinomial 
Accuracy: 0.75 
F1 Score: 0.80 
Traning Time: 0.00 

Source: Twitter (snscrape) 
Size : 7,625 
Availability: NA 

1. Only focus on single-platform dataset 
2. Only focus on Urdu dataset 
3. Only focus on Text Analysis 

[14] SVM, Random 
Forest, NB,  
Decistion Tree 

NB Precision: 0.85 
Recall: 0.79 
F Score: 0.82 
Accuracy: 0.83 

Source: Twitter (Kaggle) - Cyberbullying 
Size : 20,001 
Availability: 
https://github.com/aymeam/Datasets-for-
Hate-Speech-
Detection/blob/master/README.md 

1. Only focus on English dataset 
2. Only focus on single platform dataset 
3. Only focus on Text Analysis 
4. Only focus on Machine Learning, no 

deep learning 

[15] Naives Bayes, 
Logistics Regre
ssion, SVM,  
RF, XGBoost, 
LSTM, GRU 

GRU Accuracy: 0.92 
Precision: 0.92 
Recall: 0.92 
F-1 Score: 0.92 

Source: Twitter (Kaggle) 
Size : 47,694 
Availability: 
https://www.kaggle.com/datasets/andrewmv
d/cyberbullying-classification 

1. Only focus on English dataset 
2. Only focus on single platform dataset 
3. Only focus on Text Analysis 
 

[16] SVM, DT DT Accuracy: 94.42 
Precision: 42.33 
Recall: 30.24 
F1 Score: 35.28 
AUC:  73.09 

Source: Ask.fm (AMiCA) 
Size: 113,698 – English, 
78387 - Dutch 
Availability: NA 
 

1. Only focus on English dataset 
2. Only focus on single platform dataset 
3. Only focus on Text Analysis 
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Table 1: Continued 
 

Reference Technique Best Technique Evaluation Dataset Research Gap 
[17] Logistic  

Regression,  
SVM, KNN, RF 

Logistic  
Regression 

Accuracy: 0.92 
Precision: 0.87 
Recall: 0.96 
F-1 Score: 0.91 

Source: Automated Hate Speech Detection 
and the Problem of Offensive Language – 
Twitter (tdavidson/hate-speech-and-
offensive-language), Toxic Comment 
Classification - Wikipedia (Kaggle), Twitter 
Sentiment Dataset (Kaggle) 
Size: Automated Hate Speech Detection and 
the Problem of Offensive Language – 24,783 
Toxic Comment Classification – 159,571 
Twitter Sentiment Dataset – 162,973 
Availability:  
Automated Hate Speech Detection and the 
Problem of Offensive Language 
https://github.com/t-davidson/hate-speech-
and-offensive-language 
Toxic Comment Classification 
https://www.kaggle.com/competitions/jigsaw
-toxic-comment-classification-challenge 
Twitter Sentiment Dataset 
https://www.kaggle.com/datasets/saurabhsha
hane/twitter-sentiment-dataset 

1. Only focus on English dataset 
2. Only focus on Text Analysis 
Only focus on Machine Learning, no deep 
learning 

[18] Decision Tree, 
NB, RF,  
XgBoost, SVM,
SVM (rbf),  
Logistic  
Regression,  
GloVe 

GloVe840  
embedding with 
BLSTM 

Accuracy: 0.9260 
F1 Score: 0.9420 

Source: Twiiter  
Size : 35,787 
Availability: 
https://github.com/aymeam/Datasets-for-
Hate-Speech-
Detection/blob/master/README.md 

1. Only focus on English dataset 
2. Only focus on single platform dataset 
3. Only focus on Text Analysis 
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Table 1: Continued 
 

Reference Technique Best Technique Evaluation Dataset Research Gap 
[19] SVM, Logistic 

Regression,  
KNN,  
Naïve Bayes,  
AdaBoost, RF 

AdaBoost 1st Variant 
Accuracy: 0.89 
Precision: 0.84 
Recall: 0.86 
F1-Score: 0.88 
2nd Variant 
Accuracy: 0.90 
Precision: 0.90 
Recall: 0.88 
F1-Score: 0.89 

Source: Twitter (API) 
Size : 5,000 
Availability: NA 

1. Only focus on English dataset 
2. Only focus on single platform dataset 
3. Only focus on Text Analysis 
 

 [20] Logistic  
Regression, RF,
XGBoost,  
LSTM-CNN 

LSTM-CNN Precision: 0.76 
Recall: 0.31 
ROC AUC: 0.97 
F1 Score: 0.44 
Accuracy: 0.952 

Source: Twitter (Kaggle) + YouTube 
Size : Twitter - 1.6 Million 
YouTube - 1,000 
Availability: 
https://www.kaggle.com/c/jigsaw-toxic-
comment-classification-challenge 

1. Only focus on English dataset 
2. Only focus on Text Analysis 
 

[21] Linear SVM,  
Logistic  
Regression, RF,
Multi Layered  
Perceptron 

Linear SVM TF-IDF: 
Twitter Dataset 
F1 Score: 0.94 
 
Wikipedia Dataset: 
F1 Score: 0.84 

Source: Wikepedia (figshare), Twitter 
Size : Wikepedia (figshare) – 40,000 
Twitter - 35,787 
Availability:  
Wikepedia (figshare) 
https://figshare.com/articles/dataset/Wikipedi
a_Talk_Labels_Personal_Attacks/4054689 
Twitter  
https://github.com/aymeam/Datasets-for-
Hate-Speech-
Detection/blob/master/README.md 

1. Only focus on English dataset 
Only focus on Text Analysis 

[22] RF, AdaBoost, 
Extra Tree,  
Linear SVC,  
Logistic  
Regression 

Dual Model Performance: 0.42 Source: Vine  
Size : 436,000 
Availability: NA 

1. Only focus on single platform dataset 
2. Only focus on English dataset 
3. Only focus on Text Analysis 

 
 
 



35 
 

Table 1: Continued 
 

Reference Technique Best Technique Evaluation Dataset Research Gap 
[23] NB, KNN KNN With Chi-Square: 

Non-Bullying 
Precision: 0.73 
Recall: 0.99 
F1-Score: 0.84 
 
Bullying 
Precision:0.69 
Recall: 0.07 
F1-Score: 0.13 

Source: Facebook  
Size : 8,818 
Availability: 
https://github.com/joshimiloni/Cyber-
Bullying-Detection 

1. Only focus on single-platform dataset 
2. Only focus on English dataset 
3. Only focus on Text Analysis 

 [24] RF, NB & J48 
- Baseline 
- Baseline +  
Personalities  
- Baseline +  
Personalities + 
Sentiment 
- Baseline +  
Personalities + 
Sentiment +  
Emotion  
- Baseline +  
Sentiment:  
- Baseline +  
Sentiment + 
Emotion 

Baseline +  
Personalities  
+ Sentiment 

Accuracy: 
0.92 
F1-Score: 
0.92 

Source: Twitter (Twitter API) + Twitter hate 
speech (Kaggle) 
Size : 9,484 
Availability: NA 

1. Only focus on single-platform dataset 
2. Only focus on English dataset 
3. Only focus on Text Analysis 
4. Only focus on Machine Learning, no 

deep learning 

[25] Logistic  
Regression 

Logistic  
Regression 

Kasture dataset 
Cyberbullying – 376 
Non Cyberbullying – 9
37 
 
Search API 
Cyberbullying – 21042 
Non-
Cyberbullying – 33852 

Source: Twitter + Twitter (Search API) 
Size : Kasture - 1,313 
Search API - 54,894 
Availability:  
Twitter 
https://research.cs.wisc.edu/bullying/data.ht
ml 
Twiiter (Search API) 
https://chatcoder.com/ 

1. Only focus on single-platform dataset 
2. Only focus on English dataset 
3. Only focus on Text Analysis 
4. Only focus on Machine Learning, no 

deep learning 
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Table 1: Continued 
 

Reference Technique Best Technique Evaluation Dataset Research Gap 
[26] SVM, KNN,  

NB 
SVM with RBF 
Kernel 

Mean Accuracy: 0.86 Source: Twitter (Twitter REST API) 
Size : 652 
Availability:  NA 

1. Only focus on single-platform dataset 
2. Only focus on Sinhala dataset 
3. Only focus on Text Analysis 
4. Only focus on Machine Learning, no 

deep learning 
[27] 
 
 
 
 

SVC, Logistic  
Regression,  
Multinomial  
NB, RF, SGD  

Logistic  
Regression 

Accuracy: 0.93 
Precision: 0.91 
Recall: 0.96 
F1-Score: 0.93 

Source: Twitter (Twitter API) + Twitter hate 
speech (Kaggle) 
Size : 2000  
Availability:  
Twitter (Twitter API) 
NA 
Twitter hate speech (Kaggle) 
https://www.kaggle.com/vkrahul/twitter-
hate-speech 

1. Only focus on single-platform dataset 
2. Only focus on English dataset 
3. Only focus on Text Analysis 
4. Small dataset size 
5. Only focus on Machine Learning, no 

deep learning 

[28] RF 
- Baseline  
- Baseline +   
Big 5 + Dark Tr
iad 
- Baseline +  
Trait 
- Baseline + Ke
y Traits 

Baseline + Key 
Traits 

Precision: 0.96 
Recall: 0.95 
F-Measure: 0.93 

Source: Twitter  
Size : 9,484 
Availability:  NA 

1. Only focus on single-platform dataset 
2. Only focus on English dataset 
3. Only focus on Text Analysis 
4. Only focus on Machine Learning, no 

deep learning 

[29] SVM, Neutral 
Network model 

Neural 
Network Model 

Accuracy: 0.93 
F1-Score:  0.92 

Source: Formspring.me  
Size : 12773 
Availability:  NA 

1. Only focus on single-platform dataset 
2. Only focus on English dataset 
3. Only focus on Text Analysis 
 

[30] SVM SVM F1 Score: 0.75 Source: Facebook (Facebook API) 
Size : 1,182 
Availability:  NA 

1. Only focus on single-platform dataset 
2. Only focus on Myanmar dataset 
3. Only focus on Text Analysis 
4. Small dataset size 
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Table 1: Continued 
 

Reference Technique Best Technique Evaluation Dataset Research Gap 
[31] Liner SVM,  

Logistic  
Regression,  
Decision Tree, 
RF,  
Gradient  
Boosting,  
Regression Tree 
Multilayer  
perceptron 

Logistic  
Regression and 
Gradient  
Boosting  
Regression Tree 
for all features 

All Features 
Logistic Regression 
Accuracy: 0.93  
Precision: 0.93  
Recall: 0.94  
F-Measure: 0.94 
Gradient Boosting Re
gression Tree 
Accuracy: 0.93 
Precision: 0.92 
Recall: 0.95 
F-Measure:  0.94 

Source: Twitter  
Size : 2,349,052 
Availability:  NA 

1. Only focus on single-platform dataset 
2. Only focus on Japanese dataset 
3. Only focus on Text Analysis 

[32] SVM, CNN-CB CNN-CB Accuracy: 0.95 Source: Twitter (Twitter streaming API) 
Size : 39,000 
Availability:  NA 

1. Only focus on single-platform dataset 
2. Only focus on  English dataset 
3. Only focus on Text Analysis 

[33] Linear SVM Linear SVM Engligh 
F1 Score: 0.64 
 
Dutch 
F1 Score: 0.62 

Source: Ask.fm (AMiCA) 
Size: 113,698 – English, 
78387 - Dutch 
Availability: NA 
 

1. Only focus on single-platform dataset 
2. Only focus on English dataset 
3. Only focus on Text Analysis 

[34] Naives Bayes,  
SVM 

SVM Precision: 0.93 
Recall: 0.94 
F-Measure: 0.93 

Source: Twitter (Twitter Scrapper) & 
Facebook (Facebook Scrapper) 
Size: Arabic - 35,273 
English - 91,431 
Availability: NA 
 

1. Only focus on single-platform dataset 
2. Only focus on Arabic dataset 
3. Only focus on Text Analysis 

[35] BWM, BoW,  
Semantic-
enhanced BoW,
LSA, LDA,  
mSDA, smSDA
smSDAu 

smSDA Twitter: 
Accuracies: 0.85 
F1 scores: 0.72 
 
MySpace 
Accuracies: 0.90 
F1 Scores: 0.78 

Source: Twitter (Twitter API) + MySpace 
Size:  
Twitter (Twitter API) - 7,321 
My Space - 1,753 
Availability:  
Twitter - 
https://research.cs.wisc.edu/bullying/data.ht
ml 
My Space - https://chatcoder.com/ 

1. Only focus on English dataset 
2. Only focus on Text Analysis 
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Table 1: Continued 
 

Reference Technique Best Technique Evaluation Dataset Research Gap 
[36] RF, SVM,  

Multiplayer  
Perceptron, J48 
Decision Tree, 
CNN  
Pre-trained, 
CNN Random, 
PCNN 

PCNN Twitter Dataset with 
TM CFA: 
Accuracy: 0.99 
Precision: 0.97 
Recall: 0.98 
F1-Score: 0.98 
 
Formspring.me Dataset 
with TM CFA: 
Accuracy: 0.88 
Precision: 0.25 
Recall: 0.79 
F1-Score: 0.38 

Source: Twitter + Formspring.me  
Size:  
Twitter – 1,313 
Formspring.me – 13,000 
Availability: NA 

1. Only focus on English dataset 
Only focus on Text Analysis 
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[17] demonstrated that Logistic Regression outperformed SVM, KNN, and RF in detecting cyberbullying, 
achieving an F1 score of 0.91 on datasets aggregated from Twitter and Wikipedia. [14] utilized SVM, RF, Decision 
Tree and Naïve Bayes, with NB achieving a balanced accuracy of 0.83 on 20,001 tweets. [15a] experimented with 
multiple models, highlighting GRU's consistent performance with an F1 score of 0.92 on a dataset of 47,694 
tweets. [16] used Decision Trees and SVM for cyberbullying detection, with Decision Trees achieving an accuracy 
of 94.42% on a dataset sourced from Ask.fm. 

[18] applied GloVe embedding with BLSTM, achieving an F1 score of 0.942 on datasets aggregated from 
Twitter, highlighting the effectiveness of embeddings for detecting offensive language. [19] tested AdaBoost and 
RF, with AdaBoost's second variant achieving an F1 score of 0.894 on a small dataset of 5,000 tweets. [20] 
proposed an LSTM-CNN hybrid model, achieving an accuracy of 95.2% on a large Twitter and YouTube dataset. 
[21] highlighted Linear SVM's superiority in detecting hate speech using TF-IDF features, achieving an F1 score 
of 0.939 on datasets from Twitter and Wikipedia. 

[22] proposed a dual model for cyberbullying detection, though achieving moderate performance (0.42). [23] 
utilized KNN with Chi-Square, achieving higher precision for non-bullying instances but struggled with 
identifying bullying instances effectively. [24] emphasized the importance of incorporating user personality traits 
in improving detection accuracy, achieving 91.88% accuracy.  [25] showcased Logistic Regression's high 
performance in datasets sourced from Twitter APIs, with balanced metrics across datasets. [26] compared SVM, 
KNN, and Naïve Bayes for cyberbullying detection, achieving a mean accuracy of 85.28% with SVM using the 
RBF kernel on a small dataset of 652 tweets. [27] explored several classifiers, with Logistic Regression achieving 
the best results (F1 score of 0.93) on a dataset of 2,000 tweets aggregated from Twitter and Kaggle. 

[28] enhanced cyberbullying detection by incorporating psychological traits into Random Forest models, 
achieving high performance metrics (precision of 0.960 and recall of 0.952) on a dataset of 9,484 tweets.  [29] 
proposed a neural network model, which outperformed SVM, achieving an accuracy of 92.8% and an F1 score of 
0.919 on a dataset sourced from Formspring.me. [30] applied SVM for cyberbullying detection on Facebook posts, 
achieving an F1 score of 0.754 on a small dataset of 1,182 entries. 

[31] compared Logistic Regression, Gradient Boosting Regression Tree, and other models, with both Logistic 
Regression and Gradient Boosting performing exceptionally well (F1 score of 0.935) on a massive dataset of over 
2.3 million entries aggregated from Twitter. [32] utilized CNN-CB (Convolutional Neural Network for 
Cyberbullying) and achieved an accuracy of 95% on a dataset of 39,000 tweets sourced from the Twitter streaming 
API. [33] employed Linear SVM for detecting cyberbullying in English and Dutch datasets from Ask.fm, 
achieving moderate F1 scores of 0.64 (English) and 0.62 (Dutch). 

[34] demonstrated the strong performance of SVM for cyberbullying detection, achieving high precision 
(0.934) and recall (0.941) on datasets aggregated from Twitter and Facebook. [35] explored various machine 
learning techniques for cyberbullying detection, including Bag of Words (BoW), Semantic-enhanced BoW, Latent 
Semantic Analysis (LSA), Latent Dirichlet Allocation (LDA), and multiple Stacked Denoising Autoencoders 
(mSDA, smSDA, smSDAu). Among these methods, smSDA (semantic-enhanced Stacked Denoising 
Autoencoder) achieved the best results, with accuracies of 84.9% (Twitter dataset) and 89.7% (MySpace dataset), 
alongside F1 scores of 0.719 and 0.776, respectively. [36] explored CNN and PCNN, achieving exceptional 
accuracy of 0.990 on a Twitter dataset, highlighting the potential of neural network models for cyberbullying 
detection.  

Through these diverse approaches, researchers have explored the intricacies of cyberbullying detection, 
harnessing the capabilities of both conventional machine learning and deep learning techniques to develop 
effective and robust detection models. However, differences in dataset sizes, sources, and evaluation metrics 
highlight the need for standardized evaluation methods to better compare the efficacy of these models. 
 
2.2 Analysis of Cyberbullying Detection with Transfer Learning Approach 
 
The advancement of cyberbullying detection techniques through transfer learning has garnered significant 
attention in recent research. Different studies have explored the effectiveness of various transfer learning models 
and techniques in enhancing cyberbullying detection accuracy and performance. Table 2 shows the analysis of 
cyberbullying detection research using transfer learning approach. [37] tackled cyberbullying, spamming and 
multilingual detection using models ranging from Gaussian Naïve Bayes (GNB) and Random Forest (RF) to BERT 
and MBERT. They reported RF as optimal for cyberbullying with an accuracy of 91.77%, BERT for spamming 
with an accuracy of 97%, and MBERT for cyberbullying detection in Tanglish with an accuracy of 75%.  
 [8] explored transformer-based models such as BERT, XLNet, RoBERTa, and XLM-RoBERTa, highlighting 
RoBERTa as the most effective with an F1-score of 0.87. [3] employed a range of techniques, including LR, Linear 
SVC, DistilBert, DistilRoBerta, and Electra-small, with their fine-tuned DistilBert yielding impressive results after 
preprocessing steps such as noise removal, normalization, cleaning, sentiment analysis, and word embedding. This 
approach achieved an accuracy of 97% and an F1 score of 0.68 through cross-validation, and even higher 
performance with a hold-out method. 
 [38] focused on detecting slang-based cyberbullying using custom models, GloVe embeddings, and BERT. 
Their BERT model achieved an F1-score of 0.72, with high precision and accuracy. [39] employed a diverse range 
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of techniques, including SVM, LR, CNN, LSTM, TF-IDF, BERT, VecMap, and more. Their combination of BERT 
and VecMap in a CNN architecture yielded promising results, with accuracies of 81% for the Twitter dataset and 
62% for the Facebook dataset. [40] introduced the HateBERT model through GDPR-compliant preprocessing, 
including anonymization, normalization, and entity extraction. Their approach achieved notable results, with F1 
scores of 0.76, 0.63, and 0.68 for the UC, QA, and Twitter datasets, respectively. 
  [41] explored cross-platform cyberbullying detection by employing BiL–TM, BERT, RoBERTa, XP-CB-
BERT, and XP-CB-RoBERTa models. Their XP-CB-RoBERTa technique integrated various preprocessing steps, 
including noise removal, normalization, final cleaning, sentiment analysis, and word embedding. This cross-
platform approach resulted in a macro-average F1 score of 0.69, showcasing the effectiveness of transfer learning 
across different platforms. [42] compared various BERT model sizes and reported BERT-Base as the most 
effective with an F1-score of 0.91 and AUC of 0.97 on a Twitter dataset from [43].  
 [44] focused on leveraging transfer learning with BERT to address cyberbullying detection. They conducted 
thorough preprocessing steps involving tokenization, lowercasing, stemming, stop words removal, punctuation, 
and more. Their BERT-based approach showcased commendable performance, achieving F1 scores of 0.75(racism 
tweets) and 0.76 (sexism tweets) for detecting racism and sexism on Twitter, respectively. Similarly, Kaggle 
dataset experiments demonstrated an F1 score of 0.76 for detecting insults. [45] harnessed the power of text and 
image embeddings, leveraging RoBERTa and Xception models, which resulted in impressive recall (0.92) and F1-
score (0.86) values. [46] focused on BERT for cyberbullying detection, showcasing remarkable accuracy with 
0.98 for the Formspring.me dataset and 0.96 for Wikipedia. 
 These studies collectively underscore the significance of transfer learning in enhancing cyberbullying detection 
performance. By leveraging pre-trained language models and well-designed preprocessing steps, researchers have 
successfully addressed the challenges of cyberbullying detection across various platforms and datasets, offering 
insights into effective techniques for combating online harassment. 
 
3.0  METHODOLOGY 
 
Figure 1 displays the structure outlining the process of employing transfer learning methodologies for the purpose 
of detecting cyberbullying (binary text classification). The research framework employed follows the General 
Research Approach process by [47] which is the process employed by most machine learning-based studies.  
 

 
Fig. 1: Model for Identifying Cyberbullying Occurrences 
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Table 2: Analysis of Cyberbullying Detection Research using Transfer Learning approach 
 

Reference Technique Best Technique Evaluation Dataset Research Gap 
[37] For Cyberbullying: 

Gaussian Naïve 
Bayes,  
Logistic Regression, 
Decision Tree,  
RF, AdaBoost 
For Spamming: 
BERT, Gaussian 
NB,  
Logistic Regression 
For Cyberbullying 
in Tanglish: 
MBERT 

For Cyberbullying: 
Random Forest 
For Spamming:  
BERT 
For Cyberbullying in
Tanglish:  
MBERT 

For Cyberbullying 
RF Accuracy: 0.91 
For Spamming:   
BERT Accuracy: 0.97 
For Cyberbullying in
Tanglish:   
MBERT Accuracy:  
0.75 

Source: Kaggle (Tweets 
Dataset for Detection of Cyber-
Trolls) &  
Dravidian code-mix HAVOC 
2021 
Size: 19,999  
Availability: 
 Kaggle (Tweets Dataset for 
Detection of Cyber-Trolls 
https://www.kaggle.com/datase
ts/dataturks/dataset-for-
detection-of-cybertrolls 
Dravidian code-mix HAVOC 
2021 
https://github.com/dravidian-
codemix/HASOC-2021 

1. Only focus on single-
platform dataset 

2. Only focus on Text 
Analysis 

[8] BERT, XLNet, RoB
ERTa, XLM-
RoBERTa 

RoBERTa F1 Score: 0.87 Source: Formspring.me, 
Twitter 
Size: Formspring.me – 12,773 
Twitter – 47,692 
Availability:  
Formspring.me 
https://github.com/sweta20/Det
ecting-Cyberbullying-Across-
SMPs 
Twitter 
https://drive.google.com/drive/f
olders/1oB2fan6GVGG83Eog6
6Ad4wK2ZoOjwu3F 

1. Only focus on English 
dataset 

2. Only focus on Text 
Analysis 

 

[38] Custom Model, Glo
Ve Twitter, BERT 

BERT  Three dataset with S
LANG 
Precision: 0.67 
F1 Score: 0.72 
Accuracy: 0.84 
AUC:0.88 

Source: Facebook  
Size: 15,000 
Availability: NA   

1. Only focus on single-
platform dataset 

2. Only focus on English 
dataset 

3. Only focus on Text 
Analysis 
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Table 2: Continued  
 

Reference Technique Best Technique Evaluation Dataset Research Gap 
[3] LR, Linear SVC, 

DistilBert, 
DistilRoBerta, 
Electra-small 

Fine-tuned DistilBert Cross-validation 
Accuracy – 0.97 
Precision – 0.76 
Recall – 0.62 
F1 Score – 0.68 
Hold-out 
Accuracy – 0.97 
Precision – 0.74 
Recall – 0.71 
F1 Score – 0.72 

Source: Ask.fm (AMiCA) 
Size: 113,698 – English, 
78387 - Dutch 
Availability: NA 
 

1. Only focus on single-
platform dataset 

2. Only focus on English 
dataset 

3. Only focus on Text 
Analysis 

[39] SVM, LR, CNN, 
LSTM Combine 
with TF-IDF, BERT, 
VecMap, 
BERT+VecMap, 
BERT + VecMap-
CNN 

BERT + VecMap-
CNN 

Twitter Dataset: 
Accuracy: 0.81 +/- 
0.0047, F1-Score: 0.81 
+/- 0.0052 
Facebook Dataset: 
Accuracy: 0.62 +/- 
0.0056, F1-Score: 0.62 
+/- 0.0053 

Source: Facebook  
Size: 15,000 
Availability: NA   

1. Only focus on single-
platform dataset 

2. Only focus on Hindi-
English dataset 

3. Only focus on Text 
Analysis 

[40] BERT, HateBERT, 
Bi-LSTM, SVM  

HateBERT Train set Dataset – U
C 
UC F1 Score: 0.76 
QA F1 Score: 0.63 
Twitter F1 Score: 0.68 
Train set Dataset – Q
A 
UC F1 Score: 0.69 
QA F1 Score: 0.73 
Twitter F1 Score: 0.63 
Train set Dataset – T
witter 
UC F1 Score: 0.68 
QA F1 Score: 0.67 
Twitter F1 Score: 0.81 

Source: User Comments (UC) 
+ QA + Twitter 
Size: UC – 249,123 
QA – 129,501 
Twitter – 12,310 
Availability: NA   

1. Only focus on English 
dataset 

2. Only focus on Text 
Analysis 
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Table 2: Continued  
 

Reference Technique Best Technique Evaluation Dataset Research Gap 
[41] BiL–TM, BERT,  

RoBERTa, XP-CB-
BERT, XP-CB-
RoBERTa 

XP-CB-RoBERTa Cross-platform 
Macro average  
F1 Score: 0.693 
 

Source: Twitter 
Size: 16,090 
Availability:  
https://github.com/sweta20/Det
ecting-Cyberbullying-Across-
SMPs   

1. Only focus on single-
platform dataset 

2. Only focus on English 
dataset 

3. Only focus on Text 
Analysis 

[42] BERT-Base, BERT-
Medium, BERT-
Small. BERT-
Mini, BERT-Tiny 

BERT-Base Accuracy – 0.92 
AUC – 0.97 
Precision – 0.91 
Recall – 0.92 
F1-Score – 0.91 

Source: Twitter (Founta et al., 
2018)[43] 
Size: 85,948 
Availability: NA 
 

1. Only focus on single-
platform dataset 

2. Only focus on English 
dataset 

3. Only focus on Text 
Analysis 

[44] UD, SSWE,  
Glv-Twtr, Glv-CC, 
RI, W2V, Glv-WK, 
BERT, LR, MLP, 
LSTM, Bi-LSTM 

BERT Twitter (Racism) 
F1 score: 0.75 
Twitter (Sexism) 
F1 score: 0.76 
Kaggle (Insults) 
F1 Score: 0.76 

Source: Twitter (Racism), 
Twitter (Sexism), Kaggle 
(Insult) 
Size: Twitter (Racism) – 13,741 
Twitter (Sexism) – 14,881 
Kaggle (Insult) – 7,557 
Availability: 
https://github.com/aymeam/Dat
asets-for-Hate-Speech-
Detection 

1. Only focus on Text 
Analysis 

[45] RoBERTa and 
Xception 

RoBERTa and 
Xception 

Recall:0.92 
F1-Score:0.86 

Source: Facebook, Instagram 
and Twitter 
Size : 2,100 
Availability: NA 

1. Only focus on English 
dataset 

2. Only focus on Text 
Analysis 

[46] BERT BERT Formspring.me 
Accuracy – 0.98 
Wikipedia 
Accuracy – 0.96 

Source: Formspring.me, 
Wikipedia 
Size:  Formspring.me – 12,773 
Wikipedia – 115,864 
Availability: 
https://github.com/sweta20/Det
ecting-Cyberbullying-Across-
SMPs 

1. Only focus on English 
dataset 

2. Only focus on Text 
Analysis 
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3.1  Data Collection 
 
Ask.fm (AMiCA), which was collected from the Ask.fm platform by [33], served as the basis for the dataset used 
in this study.  According to [48], Ask.fm, a popular site among teenagers, has become a focus topic for research 
on cyberbullying. The Automatic Monitoring for Cyberspace Applications (AMiCA) project in Belgium oversaw 
the data collecting, which took place from April to October 2013. This project started in 2018 and gained control 
of the dataset. Only the English component of the original dataset which included both English and Dutch was 
used in this analysis. The dataset comprises 113,694 posts, of which 108,319 are labeled as non-cyberbullying, 
and 5,375 are labeled as cyberbullying. Table 3 presents the class distribution of the data used for cyberbullying 
detection. 
 The AMiCA dataset was chosen out of a variety of publicly accessible cyberbullying-related datasets based on 
a number of criteria. It is notable for being an extensive open dataset that includes recent data [3]. Notably, the 
annotators consist of four qualified linguists in both English and Dutch with a track record of expertise. The 
technical rules with particular information that annotators should follow while labeling the data samples are what 
distinguishes the AMiCA dataset from others. The corpus included a broader range of cyberbullying topics, 
encompassing issues like curses, defamation, defense, insult, sexual content and threats. 

 
Table 3: Class Distribution of AMiCA Dataset 

 
Classes Posts % 

Cyberbullying 5,375 4.7% 
Non-cyberbullying 108,319 95.3% 

 
3.2  Tools and Resources 
 
Python 3.10, a versatile and open-source programming language with a large collection of easily accessible 
libraries, was used to compute the tasks in this study. Jupyter Notebook, an interactive web-based programming 
environment, was used to document the scrips. The source code is now accessible on a GitHub repository to 
guarantee reproducibility. High Performance Graphics Processing Units (GPU) were necessary for effective model 
training. Because Paperspace Gradient Notebooks offer complete access to JupyterLab, top-tier GPUs, lots of 
RAM, and availability, they were mostly used in the research for transfer learning tasks. With a basic free account, 
this platform is especially effective for deep learning applications. However, the transfer learning activities in this 
study required a Pro-plan subcriptions. An RTX 5000 GPU, 30 GB of RAM, 16 GB of dedicated GPU memory, 
and CUDA version 11.0 were all part of the system setup. The source code for this research is available on GitHub 
with the link https://github.com/JasmeenBongKahYing/Cyberbullying-Detection/ 
 
3.3  Data Preprocessing 
 
It's crucial to prepare raw textual data before using it in applications for natural language processing. The basic 
input for any text-based application is this cleaned textual data [15b]. The Brat Repositories' stand-off document 
format was used to share the AMiCA dataset, which required further data processing [3]. The Brat Repositories 
document's text and annotation labels can now be extracted and integrated using new BratReader code.  The 
pipeline for text preprocessing shown in Figure 1 was designed to handle text data processing. A Python package 
including different text preparation modules contained this pipeline. Preprocess_text can be found on the GitHub 
repository at this address: https://github.com/HwaiTengTeoh. Three unique steps make up the preprocessing 
process. 
 Preliminary text cleaning is done in the first stage to get rid of any noise in the data, including URLs, emails, 
username mentions, HTML components, too many spaces, newline characters, and special symbols for 
annotations. Additionally, single characters that are separated by spaces, such as 'W H A T,' are combined to form 
a unified whole. 
 The second stage then focuses on text normalization, which seeks to transform text into its fundamental form. 
To accomplish this, regular expressions are used to address redundantly represented words and reduce long letters 
(such as 'youuuuuuu'). Additionally, the 'emot' package converts embedded emojis and emoticons into textual 
representations. It is calculated how many emoticons and emojis each post has. To guarantee consistent word 
embeddings, all accented letters are transformed to lowercase and standardized to follow the English alphabet. A 
predetermined list drawn from internet chats, text messages, and social media platforms is used to resolve slang 
phrases. The slang can be accessed through the following links 

 
Online chats slang: https://slang.net/terms/online_chat.  
Text messaging slang: https://slang.net/terms/text_messaging.  
Social media slang: https://slang.net/terms/social_media.  
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 The challenges in cleaning up internet posts involve dealing with various complexities. For instance, there are 
spelling mistakes, slang terms, and words that are intentionally modified to bypass filters commonly used on online 
platforms. These manipulated words are strategically chosen to evade detection, making it difficult to effectively 
monitor and remove harmful content. To address these variations and substitute hidden profanity, a thorough 
preparation pipeline has been developed. Utilizing the 'FuzzyWuzzy' library to find the Levenshtein distance, 
which assesses string pattern similarity, is the basic idea. If 90% similarity criteria is met, the rule is set up to 
replace terms with their matching matches from the mapping dictionary. This level was found through 
experimentation to be ideal for handling the majority of instances. Furthermore, the free and open-source grammar 
and spelling checker LanguageTool assists in correcting word spellings. To establish a connection with the 
LanguageTool server, the 'language-tool-python' package is used. Using the 'pycontraction' package, which adapts 
based on contextual cues, contractions inside the text are expanded simultaneously. 
 The final stage involves eliminating numerical values, punctuation, and extra spaces. Intriguingly, stopwords 
are kept in the text because some words, including negations and pronouns, provide context for understanding 
cyberbullying. Then, except for pronouns, where the original form is maintained, lemmatization is used to 
transform words into their fundamental forms, ultimately lemmatizing to "be." The proposed order of 
preprocessing processes was found to be the most efficient one after extensive testing. Maintaining the order of 
the processes is crucial since skipping any steps could cause the preprocessing to break down altogether. For 
instance, removing punctuation too early might inadvertently affect emoticon structure, and removing numerals 
might alter slang terms containing numbers, such as '2day' becoming 'today' and '2morrow' becoming 'tomorrow'. 
Following text preparation, there are a total of 112, 247 postings after removing any empty text entries as the final 
stage. 

 
3.4 Model Training and Testing 
 
Deep learning-based PLMs support the idea of transfer learning, which is the process of using the knowledge 
gained or generated from specialized activities to successfully complete other tasks. A list of the default 
hyperparameter configurations used during the PLMs' fine-tuning process is presented in Table 4. 
 

Table 4: Default Hyperparameter Configurations Applied during the Fine-Tuning Process of the PLMs 
 

Hyperparameter DistilBERT DistilELECTRA MiniLM 
Repository path distilbert-base lsanochkin/distilelectra-base sentence-

transformers/all-
MiniLM-L6-v2 

Batch size for 
training 

8 8 8 

Batch size for 
testing 

8 8 8 

Maximum sequence 
length 

512 512 512 

Activation function gelu gelu gelu 
Learning rate 0.00005 0.00005 0.00005 

Dropout Probability 0.1 0.1 0.1 
 
 Preprocessing played a pivotal role in aligning plain text with language model requirements, a crucial step to 
leverage transfer learning for enhancing the proficiency of DistilBERT, DistilELECTRA, and MiniLM PLMs in 
identifying cyberbullying within subsequent tasks. This preprocessing phase encompassed several key steps, 
including tokenization that partitions the text into individual tokens for each word, introducing the [CLS] token at 
the sentence's outset, appending the [SEP] token at the sentence's closure, and assigning unique identifiers to each 
token. These preparatory measures collectively optimized the textual data for effective utilization in the fine-tuning 
process, resulting in heightened cyberbullying detection capabilities across the chosen pre-trained models.The 
resulting 768-dimensional vector representations were created by coupling these token identifiers with their 
respective embeddings [3]. The embeddings of the [CLS] token underwent processing through a linear layer in 
order to make a prediction about the class when detecting cyberbullying from provided posts. The HuggingFace 
Transformers library provides access to pre-trained models and tokenizer classes for DistilBert, DistilElectra, and 
MiniLM [49]. 
 The strategic choice of DistilBERT, DistilELECTRA, and MiniLM as the focal pre-trained language models 
(PLMs) in this research is grounded in their distinctive attributes, each contributing to the enhancement of 
cyberbullying detection through transfer learning. DistilBERT's size reduction and accelerated training speed make 
it a pragmatic option for processing extensive textual data efficiently, facilitating quicker experimentation. 
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DistilELECTRA's architecture, encompassing six layers, 768 dimensions, and 12 heads, combined with the 
innovative Replace Token Detection (RTD) technique, empowers the model to capture intricate nuances of abusive 
language beyond conventional masked language modeling (MLM) methods. While MiniLM's specifics might not 
be explicitly stated in the provided literature, its computational efficacy and versatility undoubtedly amplify the 
research's capability for fine-tuning diverse PLMs. By skillfully leveraging the distinct advantages of these models, 
the study achieves a comprehensive, efficient, and accurate approach to identifying cyberbullying instances within 
digital content. 
 
3.5  Model Evaluation 
 
The performance of various text categorization techniques was evaluated in this study using a comprehensive set 
of metrics: accuracy, precision, recall, and F1 score. These metrics were selected for their ability to capture 
different facets of a model’s classification performance. Accuracy measures the proportion of correctly classified 
instances across all categories, providing an overall indication of model effectiveness. Precision quantifies the 
proportion of correctly identified positive instances among all instances predicted as positive, highlighting the 
reliability of positive predictions. Recall reflects the model’s ability to identify all relevant positive instances, 
emphasizing sensitivity to positive cases. F1 score represent the harmonic mean of precision and recall, balancing 
these two metrics to provide a single measure of model performance.   
 
4.0 RESULTS 
 
This section presents a detailed analysis of the outcomes from evaluating various pre-trained language models 
(PLMs) for the detection of cyberbullying in textual data. The results are segmented into evaluations for the 
positive class (cyberbullying), the negative class (non-cyberbullying), overall performance, and a comparative 
analysis with previous research to contextualize the findings.  
 With a focus on optimizing efficiency, the research delved into the ramifications of fine-tuning these optimized 
PLMs. This strategic approach streamlined the training process, effectively circumventing complexities tied to 
their base PLM counterparts. The study revolved around the optimized versions—DistillBERT, DistilELECTRA, 
and the smaller-scaled MiniLM, serving as a point of comparison. 
 Acknowledging the effectiveness of transfer learning in mitigating data imbalance challenges, the fine-tuning 
procedure incorporated the original dataset size. With the retention of default hyperparameters, paramount 
attention was directed towards pinpointing the optimal number of epochs for fine-tuning, with a specific focus on 
achieving the highest F-measure during rigorous five-fold cross-validation. This critical determination, pivotal to 
our analysis, was discerned through an exhaustive evaluation across four epochs. 

 
4.1  Performance Evaluation for Cyberbullying Class (Positive Class) 
 
Table 5 provides performance evaluations for positive class of cyberbullying detection (cyberbullying class). Upon 
examining the outcomes meticulously presented in Table 5, this research unearthed a treasure trove of insights into 
cyberbullying detection. Of particular significance is the exceptional performance of the fine-tuned DistillBERT. 
This model exhibited its prowess with an overall F-measure of 69.57% during the five-fold cross-validation and 
an impressive 78.14% during the hold-out testing phase, both achieved at the fourth epoch. 
 Similarly, DistilELECTRA unveiled its potential, demonstrating peak F-measures of 72.30% and 81.00% for 
the cyberbullying class during five-fold cross-validation and hold-out testing, respectively, both observed at the 
fourth epoch. Furthermore, the smaller-scaled MiniLM showcased its aptitude, attaining peak F-measures of 
76.01% and 84.41% for the cyberbullying class during five-fold cross-validation and hold-out testing, respectively, 
particularly evident at the third epoch. When viewed holistically, it becomes evident that MiniLM, despite its 
smaller scale, emerges as a performance exemplar, demonstrating competitive F-measure values across both cross-
validation and hold-out testing scenarios. Its unwavering performance highlights its pivotal role in cyberbullying 
detection, particularly when navigating the intricate nuances of class imbalance.  
 
4.2  Performance Evaluation for Non-Cyberbullying Class (Negative Class) 
 
Table 6 provides the performance evaluation pertaining to the non-cyberbullying class (negative class). This 
comprehensive analysis sheds light on the effectiveness of various pre-trained language models (PLMs) when fine-
tuned for the precise identification of content not associated with cyberbullying. 
 A particularly noteworthy standout in this evaluation is DistillBERT, which consistently demonstrates 
exceptional results across different epochs and evaluation methodologies. During the five-fold cross-validation 
process, DistillBERT achieves an impressive F-measure of 98.61% at the fourth epoch, underscoring its capability 
in recognizing instances attributed to the non-cyberbullying class. Importantly, during the hold-out testing phase, 
DistillBERT maintains its high standard, yielding an F-measure of 98.97%. 
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Table 5: Performance Evaluations for Cyberbullying Detection using PLMs (Cyberbullying Class) 
 

  Cyberbullying class (positive class) 

  Cross-validation Hold out 

PLM Epoch 
Number 

P R F P R F 
D

is
ti

ll
B

E
R

T
 

1 76.37 59.74 66.38 78.41 71.56 74.83 
2 76.33 63.94 69.09 85.71 65.80 74.45 
3 75.93 63.98 69.27 80.59 76.39 78.44 
4 76.64 63.75 69.57 83.51 73.42 78.14 

D
is

ti
lE

L
 

E
C

T
R

A
 1 77.34 63.35 69.50 85.49 79.93 82.61 

2 81.14 62.19 69.59 89.65 70.82 79.13 
3 79.19 66.17 72.04 85.60 77.32 81.25 
4 79.03 66.88 72.30 87.15 75.65 81.00 

M
in

iL
M

 1 82.19 67.84 74.23 89.67 75.84 82.18 
2 80.96 70.26 74.91 91.11 78.07 84.08 
3 80.83 71.75 76.01 88.08 81.04 84.41 

4 79.53 72.45 75.78 90.08 79.37 84.39 
 
 
 Similarly, DistilELECTRA also delivers compelling outcomes, affirming its competence in accurately 
identifying content from the non-cyberbullying class. At the fourth epoch, DistilELECTRA achieves a robust F-
measure of 98.74% during the five-fold cross-validation, further bolstering its efficacy. This remarkable 
performance extends seamlessly to the hold-out testing scenario, with DistilELECTRA sustaining its excellence 
and recording an F-measure of 99.11%. 
 

Table 6: Performance Evaluations for Cyberbullying Detection using PLMs (Non-Cyberbullying Class) 
 

  Non-cyberbullying class (negative class) 

  Cross-validation  Hold out 

PLM Epoch 
Number 

P R F P R F 

D
is

ti
ll

B
E

R
T

 

1 98.00 99.04 98.52 98.57 99.01 98.79 

2 98.20 98.99 98.60 98.30 99.45 98.87 
3 98.20 98.93 98.56 98.81 99.07 98.94 

4 98.19 99.03 98.61 98.67 99.27 98.97 

D
is

ti
lE

L
E

C
T

R
A

 1 98.17 99.08 98.63 98.99 99.32 99.15 
2 98.12 99.27 98.69 98.55 99.59 99.06 

3 98.31 99.14 98.72 98.86 99.35 99.10 
4 98.35 99.13 98.74 98.78 99.44 99.11 

M
in

iL
M

 1 98.40 99.28 98.84 98.79 99.56 99.18 
2 98.52 99.19 98.85 98.90 99.62 99.26 

3 98.59 99.15 98.87 99.05 99.45 99.25 
4 98.62 99.08 98.85 98.97 99.56 99.26 

  
 Furthermore, MiniLM distinctively showcases its aptitude in detecting non-cyberbullying content. Across 
multiple epochs, MiniLM consistently achieves competitive F-measure values. Particularly remarkable are its F-
measures of 98.87% and 98.85% during the third and fourth epochs, respectively, in the context of five-fold cross-
validation. 
 In summary, the comprehensive analysis of these results underscores MiniLM's proficiency in identifying 
instances from the non-cyberbullying class due to its consistent and robust performance. DistilELECTRA and 
DistillBERT also make significant contributions, showcasing commendable abilities in effectively discerning 
content unrelated to cyberbullying. 
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4.3  Performance Evaluation of Overall Results 
 
Table 7 outlines the comprehensive assessment of these PLMs across different epochs and evaluation metrics. 
Notably, DistillBERT emerged as a consistent performer, displaying robust outcomes throughout the evaluation 
process. Across various epochs, the model consistently achieved high accuracy, micro precision, micro recall, and 
micro F1-score. For instance, during five-fold cross-validation, DistillBERT exhibited an impressive accuracy of 
97.34% at the fourth epoch, demonstrating its ability to make accurate predictions. This translated into notable 
micro precision, recall, and F1-score values of 87.42%, 81.39%, and 84.09%, respectively. These attributes 
persisted during the hold-out testing phase as well, further solidifying DistillBERT's proficiency.  
 Likewise, DistilELECTRA showcased its capabilities in overall cyberbullying detection. Its performance 
consistently maintained high accuracy levels, with micro F1-scores hovering around the 85-86% range. 
Particularly, during the fourth epoch of five-fold cross-validation, DistilELECTRA demonstrated a micro F-score 
of 85.52%, showcasing its adeptness in making balanced predictions. This trend persisted during hold-out testing, 
indicating its reliability.  
 MiniLM, while maintaining a higher accuracy level and micro F1-score, further accentuated its prowess in 
overall cyberbullying detection. Noteworthy performance highlights include the third epoch of five-fold cross-
validation, where MiniLM achieved a micro F1-score of 87.44%, reflective of its precision and recall balance. 
This trend persisted throughout the evaluation, validating MiniLM's effectiveness. 
 In summary, the comprehensive analysis depicted in Table 7 elucidates the capabilities of DistillBERT, 
DistilELECTRA, and MiniLM in overall cyberbullying detection. While all models demonstrated proficiency, 
MiniLM emerged as a standout performer, consistently achieving higher accuracy and micro F1-scores across 
various evaluation metrics. This underlines MiniLM's potential in enhancing the precision of overall cyberbullying 
detection strategies. 
 

Table 7: Performance Evaluations for Cyberbullying Detection using PLMs (Overall) 
 

  Overall 

  Cross-validation Hold out 
PLM Epoch 

Number 
A MP MR MF A MP MR MF 

D
is

ti
ll

B
E

R
T

 1 97.16 87.19 79.39 82.45 97.69 88.49 85.28 86.81 
2 97.31 87.26 81.47 83.84 97.84 92.01 82.62 86.66 
3 97.25 87.06 81.45 83.91 97.99 89.70 87.73 88.69 
4 97.34 87.42 81.39 84.09 98.03 91.09 86.35 88.55 

D
is

ti
lE

L
E

C
T

R
A

 1 97.37 87.76 81.21 84.07 92.24 89.62 90.88 92.24 
2 97.50 89.63 80.73 84.14 94.10 85.20 89.10 94.10 
3 97.56 88.75 82.66 85.38 92.23 88.33 90.18 92.23 
4 97.58 88.69 83.00 85.52 92.97 87.54 90.05 92.97 

M
in

iL
M

 1 97.77 90.29 83.56 86.53 98.42 94.23 87.70 90.68 
2 97.80 89.74 84.72 86.88 98.58 95.01 88.84 91.67 
3 97.84 89.71 85.45 87.44 98.57 93.57 90.24 91.83 

4 97.80 89.07 85.77 87.31 98.59 94.53 89.46 91.83 
 
4.4  Benchmarking with Previous Research  
 
This section is emphasizing the benchmarking results obtained in this study with previous research. Table 8 
provides an insightful comparison of the performance related to the cyberbullying class from various previous 
studies that have utilized the AMiCA dataset for the purpose of cyberbullying detection. This comparison is 
conducted across both cross-validation and hold-out testing scenarios, shedding light on the effectiveness of 
different approaches and algorithms. 
 [33] employed a Support Vector Machine (SVM) model and reported a cross-validation accuracy of 96.67% 
and a corresponding precision, recall, and F-score of 73.32%, 57.19%, and 64.26%, respectively. Similarly, [50] 
used a Cascading Ensemble approach, yet specific values for precision, recall, and F-score are not available. [16] 
adopted Decision Trees (DT) and SVM methods, showcasing varying performance levels, including precision, 
recall, and F-score values. Amidst this context, [3] introduced advanced pre-trained models DistilBERT. 
DistilBERT achieved a notable F-score of 67.90% during cross-validation and an even more impressive 72.42% 
during hold-out testing.  
 Presenting a significant leap in performance, the current research employed the pre-trained models 
(DistilBERT, DistilELECTRA, and MiniLM) across the cross-validation and hold-out testing stages. MiniLM 
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demonstrated an F-score of 76.01 in cross validation and an F-score of 84.41% in hold-out-test results, significantly 
surpassing prior approaches. For the cross-validation and hold-out test results, respectively, the fine-tuned MiniLM 
in this research surpassed the prior best system employing DistilBERT by [3] by an increment of 8.11% and 
11.99% of the F-measure metric. These results highlight the considerable advancement offered by transfer learning 
techniques, underscoring their capability to enhance cyberbullying detection on the AMiCA dataset. 

 
Table 8: Benchmarking with Previous Research on Cyberbullying Detection based on AMiCA dataset  

 
  Cross-validation Hold Out 
Previous Studies M/PLM A P R F A P R F 

[33] SVM 96.67 73.32 57.19 64.26 97.21 74.13 55.82 63.69 
[16] DT NA NA NA NA 94.42 42.33 30.24 35.28 
[16] SVM NA NA NA NA 96.57 75.23 44.86 56.21 

[50] Cascading 
Ensemble 

NA NA NA NA NA 52.49 70.06 60.02 

[3] DistilBERT 97.22 75.60 61.71 67.90 97.41 73.89 71.00 72.42 

This Research MiniLM 97.84 80.83  71.75  76.01  98.57 88.08  81.04  84.41  
 
 

5.  DISCUSSIONS 
 

The presented study offers a thorough analysis of various pre-trained language models (PLMs) fine-tuned for 
cyberbullying detection using the AMiCA dataset. The evaluation encompasses different epochs, cross-validation, 
and hold-out testing scenarios, providing a detailed understanding of the models' performance across varied 
conditions. The obtained results not only contribute to the advancement of cyberbullying detection methodologies 
but also shed light on the capabilities of these PLMs for text classification tasks. 
 In the cyberbullying class, the DistillBERT model displayed promising capabilities, achieving notable F-scores 
of 69.57% and 78.14% during five-fold cross-validation and hold-out testing, respectively. DistilELECTRA and 
MiniLM also demonstrated strong potential, with F-scores of 72.30% and 81.00%, and 76.01% and 84.41% 
respectively, indicating their effectiveness in accurately identifying instances of cyberbullying. Particularly 
noteworthy is MiniLM's performance, as it consistently showcased competitive F-measure values across both 
evaluation scenarios, reinforcing its role in addressing class imbalance intricacies. 
 The evaluation of the non-cyberbullying class revealed similar patterns of proficiency among the PLMs. 
DistillBERT consistently achieved high accuracy, precision, recall, and F-scores, reaffirming its capacity to 
discern content unrelated to cyberbullying. DistilELECTRA and MiniLM similarly exhibited robust performance, 
consistently achieving commendable results. Notably, MiniLM's ability to maintain precision and recall balance 
throughout multiple epochs underscores its effectiveness in detecting content outside the cyberbullying realm. 
 Considering overall performance, MiniLM emerged as a standout performer, consistently outperforming its 
counterparts in accuracy and micro F1-scores across different PLMs and epochs. DistillELECTRA and 
DistillBERT also demonstrated strong overall performance, with competitive accuracy and F1-scores, contributing 
to the advancement of cyberbullying detection strategies. 

Comparative analysis of hold-out testing's performance metrics using transfer learning approaches highlighted 
the versatility of the PLMs across binary classes and overall evaluation. DistilBERT, DistilELECTRA, and 
MiniLM displayed distinctive capabilities, each excelling in different aspects. MiniLM's consistent performance 
across both binary classes and overall evaluation reaffirms its potential as the best-performing model. 

Furthermore, comparing the metrics from the cyberbullying class with results from earlier research 
demonstrates the substantial progress made in cyberbullying detection. MiniLM in this study outperformed 
previous benchmarks, showcasing the effectiveness of transfer learning techniques and their capacity to address 
the challenges of cyberbullying detection on the AMiCA dataset. 

The findings underscore the remarkable proficiency of MiniLM in comparison to DistillBERT and 
DistilELECTRA. MiniLM's consistent and robust performance across various evaluation metrics, epochs, and 
methodologies positions it as a standout performer in the realm of cyberbullying detection. This can be attributed 
to its smaller scale, which allows it to capture subtle nuances within the data and potentially avoid overfitting, 
enabling a finely balanced precision and recall. The research unveils the potential of transfer learning techniques, 
emphasizing MiniLM's capability to enhance precision and bolster overall cyberbullying detection strategies in 
the digital landscape, further solidifying its position as an efficient tool for addressing contemporary online 
challenges. 
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6.  CONCLUSION 
 
The research sought to enhance the precision and reliability of cyberbullying detection by leveraging advanced 
transfer learning models. To achieve this, three pre-trained language models (PLMs) – DistillBERT, 
DistilELECTRA, and MiniLM – were carefully fine-tuned. Transfer learning, which allows pre-trained models to 
apply their linguistic understanding to new, domain-specific challenges, proved instrumental in addressing the 
nuanced nature of cyberbullying language. By building upon pre-existing features and linguistic representations, 
the models demonstrated improved capabilities in capturing subtle expressions of harmful behavior, positioning 
them as valuable tools for creating more accurate and reliable detection systems. 
 To rigorously assess the models' effectiveness, the research adopted an exhaustive evaluation framework, 
analyzing performance across various epochs, methodologies, and metrics. This comprehensive approach not only 
highlighted the strengths and limitations of each PLM but also ensured a robust comparison of their abilities to 
classify content into binary categories – cyberbullying and non-cyberbullying. The results revealed that transfer 
learning significantly enhanced the models' precision and recall rates, leading to a substantial reduction in false 
positives and negatives. This demonstrated the models' ability to address the inherent challenges in cyberbullying 
detection, which often involve identifying subtle and context-dependent language patterns. 
 Among the three models, MiniLM consistently emerged as the top performer, outperforming DistillBERT and 
DistilELECTRA across multiple evaluation metrics. MiniLM excelled in striking a balance between precision and 
recall, achieving competitive F-measure values despite its smaller size. This balance enabled it to effectively 
minimize classification errors, such as misidentifying non-cyberbullying content as harmful or overlooking subtle 
instances of cyberbullying. The model's success underscores the importance of lightweight yet powerful PLMs in 
achieving the dual objectives of high accuracy and operational efficiency, making it particularly well-suited for 
real-world applications where computational resources may be limited. 
 The research marked a significant advancement over previous studies in cyberbullying detection, highlighting 
the transformative potential of fine-tuned transfer learning models. By demonstrating improved accuracy, 
reliability, and efficiency, the study validated the effectiveness of PLMs in addressing a critical societal challenge. 
The reduction in false positives and negatives not only enhanced the system's trustworthiness but also underscored 
its role in creating safer online environments. This achievement sets a strong precedent for the continued use of 
advanced PLMs in tackling complex language-related issues, paving the way for further innovation in 
cyberbullying detection and other related domains. 
 The foundation established by optimizing models like DistilBERT, DistilELECTRA, and MiniLM for binary 
text classification in cyberbullying detection provides a solid basis for future research. While binary classification 
effectively identifies cyberbullying, there is significant potential to expand into role classification. By analysing 
the dynamics between various actors, such as aggressors, victims, and bystanders, researchers can better 
understand the complexities of online interactions. Role classification would enable a deeper examination of the 
social factors and interactions driving cyberbullying, leading to more comprehensive prevention and intervention 
strategies. 
 Beyond binary classification, future research can explore multiclass classification to identify and differentiate 
between specific forms of cyberbullying, such as taunts, threats, hate speech, and more. Each form of harassment 
exhibits unique linguistic and contextual patterns and understanding these differences can enable the creation of 
more precise and targeted interventions. A multiclass framework would not only provide nuanced insights into 
cyberbullying behaviours but also offer tailored solutions to address different types of harassment, thus improving 
the effectiveness of detection and mitigation strategies. 
 Given the global and multilingual nature of the internet, cross-lingual cyberbullying detection is an essential 
area for future exploration. Training models on multilingual datasets would allow for the detection of 
cyberbullying across diverse linguistic and cultural contexts. This approach involves overcoming challenges such 
as language-specific nuances, translation complexities, and cultural variations in communication styles. 
Successfully addressing these issues can lead to inclusive solutions that effectively combat cyberbullying in 
different regions and languages, creating a safer digital environment for users worldwide. 
 Future research should also prioritize incorporating additional datasets from various social media platforms. 
Different platforms have distinct communication norms and user interactions, and expanding the datasets used for 
model training will improve the robustness and generalizability of detection systems. Including demographic and 
social context information, such as age, cultural background, and relationship dynamics, can further enhance model 
accuracy. Additionally, integrating advanced techniques like sentiment analysis and contextual understanding will 
provide deeper insights into the underlying emotional and situational aspects of cyberbullying incidents, 
distinguishing between harmful and benign interactions. 
 Lastly, leveraging state-of-the-art models, such as GPT and other advanced architectures, offers significant 
opportunities to refine cyberbullying detection frameworks. These models excel in handling complex linguistic 
patterns and contextual subtleties, making them well-suited to tackle the evolving challenges of online harassment. 
Addressing ethical challenges, such as false positives and privacy concerns, will also be critical to ensure 
responsible deployment. By focusing on these areas, future research can contribute to building more accurate, 
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ethical, and globally effective cyberbullying detection systems, paving the way for a safer and more inclusive 
online environment. 
 
Appendix A.  
The source code for this research is available on GitHub with the link 
https://github.com/JasmeenBongKahYing/Cyberbullying-Detection/. 
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