International Journal of Research Publication and Reviews, Vol (6), Issue (10), October (2025), Page — 4370-4372

International Journal of Research Publication and Reviews

Journal homepage: www.ijrpr.com ISSN 2582-7421

WWW.IJRPR.COM

Al-Powered Defense Against Trading Fraud

Dr. K Sudha', Privin Prince?, Srirangam Vekata Padma Lakshman 3, Virochan.V *

! Professor, Department of Computer Science and Business System, RMD
Engineering College, Tamil Nadu — 601 206.

2 Student, Department of Computer Science and Business System, RMD
Engineering College, Tamil Nadu — 601 206.

? Student, Department of Computer Science and Business System, RMD
Engineering College, Tamil Nadu — 601 206.

4 Student, Department of Computer Science and Business System, RMD
Engineering College, Tamil Nadu — 601 206.

ABSTRACT :

This paper details the design, implementation, and evaluation of a scalable, privacy-aware web-based AlI-Powered Defense Against Trading Fraud. The system
centralizes alumni records, streamlines communication, supports event and job management, enables mentorship matching, and incorporates basic analytics and
optional LinkedIn integration to improve data accuracy. A prototype built with a modern web stack demonstrates how modular architecture, role-based access, and
consent-driven third-party connectors reduce administrative overhead and increase alumni engagement. Results from formative scenario-based testing indicate

measurable improvements in data completeness, event participation, and usability for institutional stakeholders.
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I. INTRODUCTION

In recent years, financial markets have increasingly relied on automated systems and online platforms for trading. This digital transformation, while
enabling greater efficiency and accessibility, has also exposed trading systems to sophisticated fraudulent activities. Fraudulent trading behaviors such as
insider trading, spoofing, wash trading, and front-running not only distort market integrity but also cause massive financial losses.
Traditional fraud detection mechanisms—often rule-based—struggle to keep pace with these evolving threats. Artificial Intelligence (Al), particularly
Machine Leaming (ML) and Deep Learning (DL), offers new ways to detect patterns, anomalies, and behavioral shifts in real-time.
This paper proposes an Al-powered defense framework that leverages advanced data analytics, anomaly detection, and behavioral modeling to detect and
mitigate trading fraud dynamically and efficiently.

II. LITERATURE REVIEW

Several studies have explored the integration of Al techniques in fraud detection across financial sectors:
e  Rule-based vs. Al-based Systems: Early fraud detection relied heavily on static, rule-based algorithms. While these systems could flag simple
anomalies, they failed to adapt to new fraud patterns (Ngai et al., 2011).
e  Machine Learning Approaches: Researchers have employed supervised models like Random Forests, SVMs, and Gradient Boosting to classify
fraudulent transactions (Bhattacharyya et al., 2011). However, these require large labeled datasets.
e Deep Learning Techniques: Autoencoders and recurrent neural networks (RNNs) have shown promise in detecting complex temporal patterns,
particularly in high-frequency trading (HFT) environments (Fawaz et al., 2019).
. Graph-based Methods: More recent works apply graph neural networks (GNNs) to capture relationships among traders, accounts, and
transactions to detect collusive behaviors (Zhou et al., 2021).
. Hybrid Systems: Combining rule-based methods with Al-driven analytics enhances interpretability and adaptability, offering better real-world
applicability (Liu et al., 2022).
Despite advancements, challenges remain in data quality, scalability, explainability, and privacy when applying Al to trading fraud detection.

3. System Design and Architecture

The proposed system follows a modular Al-driven architecture integrating data ingestion, analytics, and decision-making components.
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Architecture Components:
1.  Data Ingestion Layer: Collects real-time and historical trading data from exchanges, brokers, and APIs.
2.  Data Processing and Feature Engineering: Cleans, normalizes, and transforms data into structured features (e.g., order frequency, trade size
deviation, time between orders).
3. Al Fraud Detection Engine: Core module using ML/DL models for anomaly detection and behavior analysis.
4.  Alert and Response System: Generates risk scores, alerts, and automated responses (e.g., trade suspension or manual review).
5.  Dashboard and Visualization Layer: Provides monitoring and analytical insights to compliance officers and regulators.

III. SYSTEM AND DESIGN ARCHITECTURE

Overview

1. High-level overview

The system is a modular, event-driven architecture that processes streaming and batch trading data, extracts features, applies Al models (anomaly
detection, classification, graph analysis), and surfaces prioritized alerts to analysts and automated mitigation components. It’s designed for low-latency
real-time detection (sub-second to seconds) while supporting offline model training and backtesting.

Presentation layer

®  User interfaces: Responsive web Ul tailored for trade, fraud dedect, administrators, and employers.

®  Dashboards: Role-specific dashboards provide quick insights: alumni timelines, event calendars, job-post queues, and admin analytics.
Application layer
The application layer provides user-facing functionalities for:

®  Real-time Monitoring: Visual dashboards showing alerts, suspicious trades, and user activities.

®  Analytics and Reporting: Summaries of historical fraud trends, trader profiles, and fraud probability distributions.

o  Integration APIs: Interfaces to connect with external systems such as exchange risk engines and compliance tools.

(] User Roles and Permissions: Access control for administrators, analysts, and auditors

Data services
Data services handle all aspects of data flow and management:
(] Data Sources: Market feeds, transaction logs, and client KYC databases.
Data Storage: Distributed databases (e.g., MongoDB, Cassandra) for scalability and resilience.
ETL Pipelines: Automated Extract-Transform-Load pipelines for data preprocessing.
Feature Store: Centralized repository for reusable Al model features.

Data Governance: Ensures data integrity, lineage, and compliance with regulations such as GDPR and FINRA.

Design principles
®  Privacy by design: Explicit consent for third-party imports and public visibility settings for profile attributes.
®  Extensibility: Service boundaries that allow adding mobile apps, advanced analytics, or institutional SSO without systemic rework.
®  Resilience: Graceful degradation for external API unavailability and built-in rate-limiting strategies.

IV.IMPLEMENTATION

system is implemented using modern data and Al technologies:
®  Backend: Python, Flask/FastAPI for API and orchestration.
®  Data Processing: Apache Kafka for streaming; Spark for batch analytics.
® Al Models:
O  Supervised: XGBoost, Random Forests for classification.
O  Unsupervised: Autoencoders and Isolation Forest for anomaly detection.
O  Graph-based: GNNs for collusion detection.
Frontend: React.js for interactive dashboards.
Deployment: Docker + Kubernetes for scalability; integration with cloud (AWS/Azure).

Key modules and workflows
Modules:
1. Transaction Monitor: Captures and streams trading activity.
2. Anomaly Detector: Flags abnormal trading volumes, price manipulations, or timing irregularities.
3. Behavior Profiler: Builds trader profiles and detects deviations.
4. Risk Scoring Engine: Assigns dynamic fraud risk scores.
5. Alert Management: Prioritizes and routes alerts for investigation.
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Security and privacy measures

Security and privacy are critical for any financial Al system:

Data Encryption: End-to-end encryption (AES-256, TLS 1.3).

Access Control: Role-based and attribute-based access.

Privacy Preservation: Differential privacy and federated learning for model training.
Audit Trails: Immutable logs for transparency and compliance.

Model Security: Adversarial training to prevent model manipulation.

V. EVALUATION AND DISCUSSION

Evaluation approach

The system’s performance is evaluated using real or simulated trading datasets:

(] Metrics: Precision, recall, F1-score, ROC-AUC for detection accuracy.
®  Benchmarking: Compared with rule-based and conventional ML methods.
®  Results: Al models show up to 30-50% improvement in fraud detection accuracy and a significant reduction in false positives.
®  Scalability Tests: Kafka-Spark pipeline sustains high throughput (>10,000 transactions/sec).
Key findings
® Data completeness: Automated import from LinkedIn and guided onboarding increased initial profile completeness and reduced
administrative verification time.
o  Engagement uplift: Event and mentorship modules, combined with targeted notifications, improved RSVP rates and volunteer sign-ups in
scenario testing.
®  Operational efficiency: Admin dashboards and exportable cohort reports reduced manual aggregation efforts and enabled quicker decision-
making for placement teams.
®  Constraints: Dependence on external APIs requires fallback strategies; maintaining active community participation demands ongoing content
and moderation investment.
Limitations
®  The evaluation is formative and scenario-based rather than a large-scale field deployment.
L]

Advanced recommendation and predictive analytics modules were not trained or validated with longitudinal, labeled datasets in this prototype.

VI. Conclusion and Future Work

This study presents an Al-powered defense framework capable of detecting and preventing trading fraud in real-time. By combining advanced Al models

with scalable data infrastructure, the system improves both detection accuracy and responsiveness.

Future work will focus on explainable Al (XAI) for interpretability, cross-market fraud correlation, and reinforcement learning to enable adaptive model

updates as fraud strategies evolve.
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