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Abstract : Online social media and live interaction platforms are increasingly impacted by toxic and abusive language, making
real-time content moderation essential. Early detection of toxic messages helps prevent cyberbullying, protect users, and maintain
healthy online environments. Most existing approaches focus on a single language or platform, limiting their effectiveness in real-
world, code-mixed scenarios. This work presents a web-based toxicity detection system using machine learning and deep learning
techniques to analyze live chat and social media comments, including Hinglish and informal text. The system generates toxicity
scores and moderation decisions using transformer-based models trained on publicly available datasets. An interactive dashboard
visualizes real-time toxicity levels and actions, bridging the gap between research-oriented models and practical content
moderation systems.
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|. INTRODUCTION

Online video streaming platforms have grown rapidly, leading to increased real-time user interaction through live chat systems.
While live chats enhance engagement, they also facilitate the spread of toxic, abusive, and inappropriate content, which negatively
impacts user experience and platform safety [7], [8]. Due to the high volume and fast-paced nature of live chats, manual moderation
is often ineffective and unable to respond promptly to harmful messages [3], [6].

Recent research has demonstrated the effectiveness of machine learning and deep learning techniques for automated toxicity
detection in online text data [4], [11], [13]. These approaches generate toxicity scores or classifications to support moderation
decisions such as message removal or user banning [1], [2]. However, most existing systems focus on static social media content or
offline datasets, with limited emphasis on real-time moderation in live streaming environments [10], [12].

To address this gap, the YouTube Live Chat Monitoring and Toxicity Detection System is proposed. The system automatically
retrieves live chat messages from YouTube streams and analyzes them in real time using a machine learning—based toxicity
detection model [2], [4]. Based on the predicted toxicity scores, messages are categorized into moderation actions including
ALLOW, DELETE, or BAN, and displayed through a web-based dashboard for real-time monitoring [3], [15]. This approach
reduces manual moderation effort, improves response time, and contributes to safer live streaming environments [1], [14].

I1. Literature review

Machine learning and deep learning techniques have been extensively used for toxicity and cyberbullying detection in online
platforms. Early studies employed traditional classifiers such as Support Vector Machines (SVM) and Random Forest, achieving
reasonable accuracy but lacking contextual understanding [1], [5].

With the advancement of deep learning, CNN and LSTM-based models improved performance by learning semantic patterns in
abusive text [8], but these approaches struggled with implicit toxicity and informal language. Transformer-based models such as
BERT significantly enhanced contextual toxicity detection and showed superior results across multiple datasets [3], [11].

Recent research has highlighted the challenges of multilingual and code-mixed languages like Hinglish, where standard English-
trained models fail to detect slang and casual abuse effectively [7], [9]. A few studies proposed real-time moderation frameworks,
but most lacked adaptive strictness and automated moderation actions [10], [12].

These limitations indicate the need for a real-time, context-aware toxicity detection system with configurable strictness and live
moderation capabilities.
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11l. PROPOSED METHODOLOGY

The proposed system focuses on developing a real-time, web-based toxicity detection and moderation framework for live chat and
social media environments. The methodology combines natural language processing (NLP), machine learning, and rule-based
decision agents to identify, classify, and moderate toxic content effectively.

Data Collection

The training and evaluation datasets consist of toxic and non-toxic user-generated text collected from publicly available sources,
including social media platforms, cyberbullying datasets, and benchmark toxicity corpora [1], [7], [10]. Special emphasis was
placed on datasets containing informal language, slang, and code-mixed text (e.g., Hinglish), which reflect real-world
communication patterns.

Data Preprocessing

Raw text data was preprocessed to remove noise such as URLs, emojis, special characters, and repeated tokens. Token
normalization and lowercasing were applied to improve model generalization. This preprocessing strategy follows best practices
adopted in prior toxicity detection studies [5], [13].

Feature Representation

Textual features were extracted using transformer-based embeddings that capture semantic and contextual meaning beyond
individual words. Context-aware representations were chosen to address limitations of traditional bag-of-words models, particularly
for implicit toxicity and sarcastic expressions [3], [8].

Toxicity Modeling
A transformer-based classification model was employed to assign toxicity probability scores to each incoming message. The model
was selected due to its strong performance in multilingual and contextual toxicity detection tasks, as reported in recent literature

6], [11].

Decision & Moderation Logic

Based on the predicted toxicity score, a decision agent categorizes messages into ALLOW, WARN, DELETE, or BAN actions.
Thresholds can be dynamically adjusted to support different moderation strictness levels. Similar adaptive moderation strategies
have been explored in earlier research [9], [14].

Deployment & Integration

The trained system is deployed as a web-based application with a real-time dashboard. Live chat messages are continuously
fetched, analyzed, and visualized for moderators, enabling instant intervention. The modular backend design ensures scalability and
compatibility with multiple platforms [7], [12].

1V. SYSTEM ARCHITECTURE AND IMPLEMENTATION

User Interface:
A web-based dashboard allows moderators to input a live stream or channel identifier and monitor incoming chat messages in real
time. The interface visualizes chat content, toxicity scores, moderation decisions, and system statistics in an intuitive manner.

Data Ingestion and Pre-processing Module:

Live chat messages are continuously fetched from the platform’s API and passed through a preprocessing pipeline. This module
cleans the text by removing noise such as URLs, emojis, and redundant characters, and normalizes informal and code-mixed
language to improve detection accuracy [5], [13].

Toxicity Detection Models:

The core analytical layer consists of transformer-based machine learning models trained to classify messages as toxic or non-toxic
and to assign toxicity probability scores. These models are selected due to their strong contextual understanding and proven
effectiveness in multilingual and social media environments [6], [11].

Decision and Moderation Engine:

The prediction outputs are processed by a rule-based decision engine that maps toxicity scores to moderation actions such as
ALLOW, WARN, DELETE, or BAN. Adjustable thresholds support different moderation strictness levels, enabling adaptive
content control as suggested in prior studies [9], [14].

Web Deployment and Integration Layer:

The complete system is deployed as a web application with a lightweight backend and real-time APIs. This layer ensures seamless
integration with live platforms and provides cross-device compatibility for desktops, laptops, and mobile devices, allowing
continuous monitoring and moderation [7], [12].
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Fig 1. Sequence Diagram

V. RESULT & ANALYSIS

Toxicity Detection

The primary analysis is performed using a transformer-based text classification model trained to detect toxic, abusive, and offensive
language in real-time chat messages. The model outputs a probability score representing the level of toxicity for each message. This
probability score is further mapped to interpretable risk categories such as Low, Medium, and High, enabling transparent
moderation decisions. Similar probability-based toxicity scoring has been shown to be effective in prior studies on social media
content moderation.

Moderation Decision Analysis

Based on the predicted toxicity score, a decision engine classifies messages into moderation actions such as ALLOW, WARN,
DELETE, or BAN. This layered approach ensures that mildly offensive language is handled differently from highly toxic or
abusive content. The integration of automated decision thresholds improves moderation consistency and reduces manual
intervention, as supported by earlier research in cyberbullying and toxic content filtering systems.

Comparative Analysis
Experimental observations indicate that contextual understanding provided by transformer-based models significantly improves
detection accuracy compared to traditional keyword-based or shallow machine learning methods.
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V1. DISCUSSION

A review of existing literature highlights both the progress and limitations of automated toxicity detection systems.

Advancements over Existing Systems

Previous studies have largely focused on offline datasets or post-hoc analysis of toxic comments. In contrast, the proposed system
operates in real time and integrates live message ingestion, toxicity scoring, and automated moderation actions within a single
framework, improving its applicability to live streaming environments

Ease of Use

The results demonstrate that web-based moderation dashboards are more accessible and practical for real-world deployment
compared to standalone or offline moderation tools. The visual presentation of chat messages, toxicity levels, and actions enhances
moderator awareness and system usability.

Extensibility

The system architecture is designed to support future extensions such as multilingual toxicity detection, platform-specific
moderation rules, and adaptive strictness levels. Prior research suggests that scalable and modular moderation systems are better
suited for evolving social media environments.

VII. CONCLUSION

The findings indicate that a real-time, web-based toxicity detection and moderation system is both feasible and effective.
Transformer-based models demonstrate strong performance in identifying toxic language, while rule-based decision engines enable
practical and interpretable moderation actions. Integrating real-time analysis with automated response mechanisms bridges the gap
between academic research and real-world content moderation needs.

The transition from static toxicity detection models to a live, end-to-end moderation platform can significantly improve online
community safety by preventing the spread of harmful content before it escalates.
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VIII. FUTURE WORK

Expansion:
Future enhancements may include support for additional languages, platform-specific slang, and voice-based toxicity detection in
live streams.

Advanced Modeling:
More advanced deep learning architectures and multimodal models (text + audio) may be explored to further improve detection
accuracy and contextual understanding

Security and Privacy:

Future implementations should incorporate stronger data protection mechanisms to ensure user privacy and compliance with data
protection regulations and platform policies.
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