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ABSTRACT 

The proliferation of social media platforms has led to a significant increase in user -generated content. These 

platforms empower individuals to create, share, and exchange information, fostering communication and 

engagement. However, this rapid content dissemination also facilitates the spread of threatening and abusive 

language. To address this challenge, an effective automated system is necessary to detect and eliminate such 

harmful content. The growing presence of platforms like Facebook, Twitter, and Instagram, combined with the vast 

user base, highlights the need for proactive solutions. This research proposes a hybrid approach for abusive 

language detection, combining Bidirectional Encoder Representations from Transformers (BERT) with Support 

Vector Machines (SVM). By leveraging BERT's contextual embeddings and SVM's robust classification 

capabilities, the system enhances the accuracy of identifying offensive language. The dataset used for 

experimentation is categorized into abusive, offensive, and neutral content, ensuring a broad spectrum of analysis. 

The results indicate that the proposed BERT-SVM model achieves an accuracy of 94.6% and a macro F1-score of 

92.1%, outperforming traditional classifiers and deep learning models. This study demonstrates the potential of 

hybrid models in developing reliable systems for detecting abusive content on social media platforms.  

Keywords: Abusive language detection, Offensive language, Machine learning, BERT, SVM, Deep learning, 

Transformers..  

I.  INTRODUCTION 

In recent years, the evolution of computing technology and the growing influence of Online Social Networks (OSNs) 

have significantly transformed how people communicate and interact. Popular platforms li ke Facebook, Twitter, 

Weibo, and WhatsApp have become central to everyday life, offering virtual environments where users connect, 

exchange views, and share content with various audiences, ranging from close friends and family to the public [3]. 

These interactions produce vast amounts of data that can be leveraged for numerous applications, such as sentiment 

analysis, social bot detection, sarcasm detection, recommendation systems, and rumor detection. Among these 

platforms, Twitter stands out for its concise format and extensive reach, making it a key communication tool for public 

figures such as politicians and celebrities. 

However, the open nature of social media also raises concerns due to the proliferation of harmful content, including 

abusive language and hate speech [14]. Distinguishing hate speech from abusive language is challenging due to their 

overlapping definitions. Hate speech is often characterized as offensive content targeting specific groups based on 

attributes like race, religion, or gender, while abusive language encompasses broader forms of harmful 

behavior,including profanity, cyberbullying, aggression, and toxic expressions. Such content can have serious real -

world consequences, such as inciting social unrest or promoting violence [18].  
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To address the issue of abusive content, various techniques have been proposed, ranging from statistical methods to 

advanced machine learning and deep learning approaches. Deep learning models have demonstrated significant 

potential in identifying and categorizing abusive language. However, achieving high performance across different 

datasets and languages remains a challenge [16]. While English-language datasets like Jigsaw provide a robust 

foundation for training models, resources for other languages are often limited in size and diversity, reducing detection 

effectiveness. This paper focuses on employing deep learning methods, particularly fine-tuning pre-trained transformer 

models, to detect abusive language on social media platforms [11]. The objective is to develop automated solutions that 

contribute to safer online environments and more responsible online interactions.  

Transformers have transformed natural language processing (NLP) by introducing a scalable and highly parallelizable 

architecture that surpasses traditional recurrent and convolutional models [21]. Unlike sequential data processing in 

earlier models, Transformers rely on a self-attention mechanism that effectively captures long-range dependencies in 

text. This mechanism enables the model to assign different levels of importance to words in a sentence based on their 

contextual relevance. 

Self-attention computes these relationships in a single pass, significantly boosting processing efficiency [2]. The multi -

head self-attention mechanism further enhances performance by allowing the model to focus on multiple aspects of the 

input simultaneously. With the addition of positional encoding, Transformers can preserve the order of words, making 

them well-suited for various NLP tasks [7]. 

Due to their ability to model contextual dependencies with high efficiency, Transformers have become the foundation 

of state-of-the-art NLP models [5]. They are widely used in applications such as text classification, machine translation, 

and abusive language detection, and will be employed in the experimental setup of this study.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1. Architecture of the Transformer Model 

II.  LITERATURE REVIEW 

Researchers focused on detecting cyberbullying on Dutch social media, particularly Ask.fm, by collecting and labeling 

data into seven categories such as ‘Threat,’ ‘Insult,’ and ‘Defamation.’ They applied a Support Vector Machine (SVM) 

classifier using a bag-of-words approach for word and character n-grams, along with features derived from a sentiment 

lexicon [10]. The results highlighted that relying solely on sentiment features or significantly reducing bag-of-words 

features due to sparse data led to decreased detection accuracy [11]. 
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Another study proposed a hybrid model that combined Convolutional Neural Networks (CNN) with Gated Recurrent 

Units (GRU) to enhance hate speech detection [15]. The model captured both local patterns through CNN and 

sequential dependencies through GRU, enabling a more comprehensive understanding of hate speech patterns. This 

combined approach achieved an impressive accuracy of 96.20%, outperforming other state -of-the-art methods [18]. 

Researchers focused on detecting invective posts on Ask.fm, a question-based social networking platform [9]. They 

used a linear Support Vector Machine (SVM) with a variety of features, including Linguistic Inquiry and Word Count 

(LIWC), word2vec, paragraph2vec, and topic modeling. Their approach achieved an F1-score of 59% and an AUROC 

of 78.5%, demonstrating the effectiveness of specific feature combinations [12].  

Another study addressed hate speech detection on Twitter with a three -class classification system: hate speech, 

offensive language (non-hate speech), and neutral content. Logistic Regression and SVM were employed, incorporating 

diverse features such as TF-IDF n-grams, Part-of-Speech (POS) n-grams, Flesch Reading Ease scores, and sentiment 

scores based on an existing sentiment lexicon. This approach provided a detailed analysis of various hate speech 

categories on the platform [19]. 

Additionally, a significant dataset for abusive language detection was introduced, containing 115,737 annotated 

comments from Wikipedia discussions focused on identifying personal attacks [10]. The authors used word and 

character n-grams along with a multilayer perceptron. Character n-grams were found to be more effective than word n-

grams, achieving an AUROC of 96.5%, consistent with similar studies in the field [20].  

III. DATASET DESCRIPTION AND EXPERIMENTAL SETUP 

For the experimental setup, we use the Hate Speech and Offensive Language Dataset from the SetFit repository, 

introduced by Davidson et al. [18]. The dataset contains 24,783 tweets labeled into three classes: hate speech, 

offensive language, and neutral content. Hate speech promotes discrimination or violenc e, offensive language 

contains profane expressions, and neutral content is non-offensive. Widely used in hate speech detection research, 

the dataset serves as a reliable benchmark. Preprocessing steps include tokenization, removing symbols, URLs, and 

stop words. The data is split into 80% for training and 20% for testing to ensure balanced model evaluation. 

Systems for identifying and mitigating abusive language online. 

IV. PROPOSED METHODOLOGY 

In the proposed methodology, we employ a hybrid approach combining BERT and Support Vector Machine (SVM) for 

abusive language detection. BERT, a transformer-based model, is used for feature extraction due to its strong 

contextual understanding of text. It generates high-quality sentence embeddings that capture the semantic meaning of 

the input data. These embeddings are then fed into an SVM classifier, which is known for its effectiveness in handling 

high-dimensional feature spaces. The combination of BERT’s contextual representation with SVM’s robust 

classification capabilities enables the model to detect abusive language more accurately. This approach leverages the 

strengths of both deep learning and traditional machine learning techniques to improve detection performance across 

different classes, including hate speech, offensive language, and neutral content.  

The classification accuracy is computed as:  

           (1.1) 

 

The precision is computed as                                          
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The F-measure or F-Score is computed as: (1.3) 

Here,  (TP): True Positive (TN): True Negative (FP): False Positive (FN): False Negative 

 

Fig. 2 Accuracy Graph 

 

 

Fig. 3 Confusion Matrix of given result 
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V. EXPERIMENTAL RESULTS 

The proposed BERT-SVM hybrid model for abusive language detection was developed using Python in the Google 

Colab environment. The experiments were conducted on the publicly available Hate Speech and Offensive Language 

dataset from Hugging Face. Data preprocessing included noise removal and tokenization with BERT’s pre -trained 

WordPiece tokenizer. Contextual embeddings were generated using BERT-base-uncased, and these feature vectors 

were classified using a Support Vector Machine (SVM) with an RBF kernel. 

The model achieved an accuracy of 94.6%, outperforming traditional machine learning methods in detecting abusive 

language. Precision, recall, and F1-score were evaluated for each class, confirming the model's effectiveness in 

accurately identifying offensive and hate speech while reducing false positives.  

VII. CONCLUSION 

In this study, we introduced a BERT-SVM hybrid model for abusive language detection, utilizing BERT embeddings 

for extracting rich contextual features and SVM for classification. The experimental results showed that our model 

achieved an accuracy of 94.6%, with a precision of 94.7%, recall of 90.0%, and an F1-score of 92.1%. These results 

highlight the model’s ability to effectively detect abusive content while maintaining a strong balance between precision 

and recall.The integration of BERT’s deep contextual representations with SVM’s robust c lassification capability 

proved highly effective in distinguishing abusive text from non-abusive content. Performance evaluation through 

graphical analysis, including the confusion matrix, ROC curve, and precision-recall curve, provided additional evidence 

of the model’s reliability and accuracy. 

VIII. FUTURE WORK 

In the future, this study can be extended by incorporating multilingual datasets and exploring real -time abusive 

language detection. Enhancing context-awareness using advanced transformers like RoBERTa, addressing class 

imbalance through data augmentation, and improving model interpretability are essential directions. Additionally, 

integrating ensemble methods and analyzing robustness against adversarial attacks can further enhance the model’s 

performance and reliability. 
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