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The rapid expansion of digital communication platforms has increased the prevalence of 

abusive and aggressive language online, creating challenges for maintaining safe and 

respectful virtual environments. This study explores the use of machine learning techniques 

to detect abusive and aggressive behavior in British English within user-generated content. 

Annotated datasets containing abusive and non-abusive text are used to train classification 

models. Linguistic and contextual features—such as offensive words, hostile tone, and 

sentiment patterns—are analyzed to improve detection accuracy. The performance of the 

models is evaluated using metrics like accuracy, precision, recall, and F1-score. The results 

show that combining linguistic and contextual features improves the identification of 

abusive language. Overall, the study highlights the potential of machine learning to support 

automated moderation systems and enhance online safety. 

 

CYBER SECURITY 

Detecting online abuse and aggressive behavior in 

British English using machine learning is a vital aspect of 

cyber security, as harmful communication threatens the 

safety of digital platforms. Machine learning models 

trained on annotated datasets can identify abusive text 

by analyzing linguistic signals such as offensive words, 

hostile tone, and sentiment patterns. This strengthens 

automated moderation systems, which act as a defense 

layer against cyber threats like harassment, 

misinformation, and toxic interactions. By applying 

evaluation metrics such as accuracy, precision, recall, 

and F1-score, these systems ensure reliable detection and 

reduce risks of false classification. A practical example is 

the filtering of abusive comments on social media, which 

helps protect users from psychological harm and 

maintains secure online environments. 

 

OBJECTIVE 

The rapid growth of digital communication platforms 

has increased the spread of abusive and aggressive 
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language online. This creates challenges in maintaining 

safe and respectful virtual environments. Manual 

moderation is often insufficient due to the large volume 

of user-generated content, so machine learning 

techniques are used to detect abusive behaviour 

automatically. Annotated datasets containing abusive 

and non-abusive text help train classification models to 

recognize harmful language patterns. Linguistic and 

contextual features such as offensive words, hostile tone, 

and sentiment are analyzed to improve detection 

accuracy. The performance of these models is evaluated 

using metrics like accuracy, precision, recall, and 

F1-score. Overall, machine learning plays an important 

role in supporting automated moderation systems and 

improving safety and trust in online communities. 

 

NEED FOR STUDY 

With the rapid growth of digital communication 

platforms, the spread of abusive and aggressive 

language in online content has increased significantly. 

This creates challenges in maintaining safe and 

respectful digital environments. Therefore, there is a 

need for automated systems that can detect harmful 

communication in British English. Machine learning 

techniques can analyze large amounts of user- generated 

text and identify abusive patterns using linguistic and 

contextual features such as offensive words, hostile tone, 

and sentiment. By training models with annotated 

datasets and evaluating them using metrics like 

accuracy, precision, recall, and F1-score, effective 

detection systems can be developed to support online 

moderation and improve safety in digital platforms. 

 

EXISTING SYSTEM 

Existing systems for detecting online abuse and 

aggressive behavior in British English primarily focus on 

text-only classification, with most studies formulating 

the task as binary classification (abusive vs. non-abusive) 

rather than detailed multi-class categorization such as 

insults, threats, harassment, or hate speech. Early 

approaches relied on traditional machine learning 

algorithms such as Naive Bayes (NB), Support Vector 

Machine (SVM), Logistic Regression, Random Forest 

(RF), and AdaBoost, combined with feature extraction 

techniques like Bag of Words (BoW), TF-IDF, and word 

or character n-grams. Although these methods achieved 

moderate 

 performance, they were limited in capturing contextual 

meaning, sarcasm, implicit aggression, and British slang 

or informal expressions commonly used in online 

platforms. 

Disadvantages 

 Mostly works as binary classification (abusive or 

non-abusive) and does not identify detailed categories 

like threats or harassment. 

 Uses text-only data and ignores user behavior or 

conversation context. 

 Cannot properly understand context and full meaning 

of sentences. 

 Fails to detect sarcasm or indirect aggression. 

 Struggles with British slang, short forms, and informal 

language. 

 

SYSTEM ARCHITECTURE 

  
 

SYSTEM REQUIREMENTS 

Hardware Requirements 

Processor  - i7-1255U (1.70 GHz)  

RAM -  16.0 GB 

HDD - 500 GB 

 Software Requirements 

Operating System - Window 10 or above Programming 

Language  -   Python 



  

 

 
26     International Journal for Modern Trends in Science and Technology 

 

 

Front End -   HTML, CSS 

Back End -   MySQL 

Tool -   Xampp 

 

Modules Description 

 
 

 User Module 

The User Module enables real-time communication 

between the sender and the recipient through a chat 

interface. It allows users to compose, send, and receive 

messages seamlessly. This module also provides instant 

feedback in the form of warnings or safety alerts when 

harmful content is detected. 

 Connection and Interception Module 

The Connection and Interception Module manage 

real-time message transmission using WebSocket 

technology. It intercepts outgoing messages before they 

are broadcast to the recipient. This temporary pause 

allows the system to forward the message to a 

server-side middleware for analysis. 

 Detection Engine 

The Detection Engine is responsible for analyzing 

message content using a specialized NLP-based pipeline. 

It examines text for signs of cyber aggression, toxicity, 

and regional slang usage. 

  

Based on the analysis, the engine classifies messages as 

either safe or toxic. 

 Behavioral Profiling Module 

The Behavioral Profiling Module maintains a record of 

user behavior by logging detected violations in a 

database. Each toxic interaction contributes to updating 

the user’s aggression score. When predefined toxicity 

thresholds are exceeded, the system can automatically 

restrict or monitor the user’s account. 

Challenges & Risks 

 Technical Challenges (The "Tech" Problems): 

 Slow Speeds: Checking every message with AI can 

cause a delay or lag, making the chat feel slow instead of 

instant. 

 Understanding Jokes: The AI might struggle to tell the 

difference between a mean insult and a joke between 

friends, leading to "false alarms." 

 Changing Slang: People often use symbols or new 

slang to hide mean words, so the system must be 

constantly updated to stay smart. 

 Ethical Concerns (The "People" Problems) 

 Privacy: Because the system "reads" messages to keep 

people safe, some users might feel like they are being 

watched or spied on. 

 Wrongful Blocking: The AI might accidentally block 

someone who isn't doing anything wrong just because 

they use strong language or a specific accent. 

 Over-Censorship: There is a risk that the system 

becomes too strict, stopping people from having normal, 

heated arguments or expressing themselves freely. 

 

PROPOSED SYSTEM 

The proposed system focuses on detecting abusive 

and aggressive language in British English using 

machine learning techniques. The main idea of this 

system is to automatically analyse user-generated 

content from online platforms and classify whether the 

text is abusive or non-abusive. By applying machine 

learning algorithms and natural language processing 

(NLP) techniques, the system can identify offensive 

expressions, hostile tone, and negative sentiment 

patterns in messages. The system uses labelled datasets 

to train classification models and helps moderators 

detect harmful behaviour quickly and efficiently. 

  

Advantages 

• Automatically detects abusive and aggressive 

language in online content 
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• Improves safety and moderation in digital 

communication platforms 

• Processes large volumes of text quickly and efficiently 

• Reduces the need for manual content moderation 

• Helps identify offensive words, hostile tone, and 

negative sentiment 

• Supports online platforms in maintaining respectful 

communication 

Hardware Requirements 

• CPU type: Intel Pentium 4 

• Clock speed: 3.0 GHz 

• RAM size: 512 MB 

• Hard disk capacity: 40 GB 

• Monitor type: 15 Inch color monitor 

• Keyboard type: Internet keyboard 

Software Requirements 

• Operating System: Windows OS 

• Language: Python / PHP 

• Back End: MySQL 

• IDE: NetBeans / Jupyter Notebook 

 

TECHNIQUES USED IN THE PROJECT VERIFIABLE 

OUTSOURCED DECRYPTION 

Setup () 

1. Data Collection () 

Let the dataset be represented as: 

𝐷 = {(𝑡1, 𝑦1), (𝑡2, 𝑦2), (𝑡3, 𝑦3), . . . , (𝑡𝑛, 𝑦𝑛)} 

Where: 

• 𝑡𝑖represents the text message or comment 

collected from online platforms. 

• 𝑦𝑖represents the label of the text. 

𝑦𝑖 ∈ {0,1} 

• 0→ Non-abusive text 

• 1→ Abusive text 

Explanation: 

In this step, a dataset of online messages is collected 

from sources like social media or forums. Each message 

is labelled as abusive or non-abusive. This labelled data 

is used to train the machine learning model. 

 

2. Preprocessing () 

Each text message is cleaned using a preprocessing 

function: 

𝑡′ = 𝐶𝑙𝑒𝑎𝑛(𝑡𝑖) 

Where the Clean () function performs: 

  

• Converting text to lowercase 

• Removing punctuation and symbols 

• Removing stop words (such as the, is, a) 

• Tokenizing the sentence into words 

Explanation: 

Raw text data usually contains unnecessary words and 

symbols. Preprocessing removes these unwanted 

elements so that the machine learning model can focus 

on meaningful words for analysis. 

 

3. Feature Extraction () 

Each processed text is converted into a numerical feature 

vector: 

𝑋𝑖 = (𝑥1, 𝑥2, 𝑥3, . . . , 𝑥𝑚) 

Where features may include: 

• Frequency of offensive words 

• Sentiment score of the sentence 

• Contextual language patterns 

Explanation: 

Machine learning models cannot understand raw text 

directly. Therefore, the text is converted into numerical 

values called features, which represent important 

characteristics of the message. 

 

4. Model Training () 

A machine learning classifier is trained using the dataset: 

𝑓(𝑋 ) = 𝑦 

  

through preprocessing and feature extraction. The 

trained model then predicts whether the message 

contains abusive language. 

Where: 

  

𝑖 𝑖 

  

detected as abusive) 

• FN = False Negative (abusive text not 

  

• 𝑋𝑖= Feature vector 

• 𝑦𝑖= Label (abusive or non-abusive) 

• 𝑓= Classification model Examples of models used: 

• Naïve Bayes 

• Support Vector Machine (SVM) 

• Logistic Regression 

Explanation: 
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During training, the algorithm learns patterns from the 

dataset and builds a model that can differentiate abusive 

language from normal text. 

 

5. Classification () 

For a new input message 𝑡: 

𝑋 = 𝐹𝑒𝑎𝑡𝑢𝑟𝑒(𝑡) 

The trained model predicts: 

𝑦  = 𝑓(𝑋) 

Where: 

• 𝑦  = 1→ Abusive text 

• 𝑦  = 0→ Non-abusive text 

Explanation: 

When a new message is entered into the system, it goes 

through preprocessing and feature extraction. The 

trained model then predicts whether the message 

contains abusive language. 

  

6. Model Evaluation () 

The performance of the model is measured using the 

following formulas: 

Accuracy 
𝑇𝑃 + 𝑇𝑁 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 
𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁 

Precision 
𝑇𝑃 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 
𝑇𝑃 + 𝐹𝑃 

Recall 
𝑇𝑃 

𝑅𝑒𝑐𝑎𝑙𝑙 = 
𝑇𝑃 + 𝐹𝑁 

F1 Score 
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙 

𝐹1 = 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙 

Where: 

• TP = True Positive (correctly detected abusive text) 

• TN = True Negative (correctly detected non- abusive 

text) 

• FP = False Positive (normal text incorrectly 

•  FN = False Negative (abusive text not detected) 

 

Explanation: 

These evaluation metrics help measure how accurately 

the system detects abusive and aggressive language in 

online communication. Higher values indicate better 

performance of the detection model. 

 

CONCLUSION 

This study presents a machine learning based 

framework for detecting abusive and aggressive 

behaviour in British English within online 

communication platforms. With the rapid increase in 

user-generated content, maintaining safe and respectful 

digital environments has become a major challenge. The 

proposed system analyses textual data using natural 

language processing techniques and machine learning 

algorithms to identify harmful language patterns. By 

using annotated datasets containing abusive and 

non-abusive text, the system learns to recognize 

offensive expressions, hostile tone, and negative 

sentiment in online messages. 

The study demonstrates that combining linguistic and 

contextual features significantly improves the accuracy 

of abusive language detection. The performance of the 

models is evaluated using metrics such as accuracy, 

precision, recall, and F1-score, which indicate the 

effectiveness of the system in identifying aggressive 

content. The developed approach supports automated 

moderation systems that can assist online platforms in 

reducing harmful communication. Overall, the proposed 

framework contributes to improving safety, trust, and 

responsible interaction in digital communities by 

enabling efficient detection of abusive language. 

 

FUTURE ENHANCEMENT 

In the future, the system can be improved by using 

advanced deep learning models and larger datasets to 

increase detection accuracy. The model can also be 

extended to support multiple languages and detect 

complex forms of abusive language such as sarcasm and 

hidden aggression. Additionally, real-time monitoring 

systems can be developed to automatically detect and 

filter abusive content on online platforms, helping to 

create safer digital communication environments. 
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