
ISSN: 2321-9939 | ©IJEDR 2026                                   April 2026, Volume 14, Issue 2 | www.ijedr.org 
 

IJEDR2602828 International Journal of Engineering Development and Research (www.ijedr.org) 888 
 

Transaction Fraud Detection: Fraud 

Intelligence Platform Machine Learning-

Based 
 

Mohammed Sameer A 

III BCA STUDENT 

Department of Computer Application(UG), 

School of Computing Science, 

VISTAS,Chennai, 

 

Dr. V. Divya 

Assistant Professor 

Department of Computer Application(UG), 

School of Computing Science, 

VISTAS,Chennai, 

 

 

ABSTRACT 

 

The exponential growth of digital financial transactions has created unprecedented 

opportunities for fraudulent activities, necessitating sophisticated detection mechanisms. This 

research presents the development and evaluation of a Fraud Intelligence Platform (FIP) that 

leverages machine learning algorithms for real-time transaction fraud detection. The proposed 

system employs a hybrid approach combining Random Forest, XGBoost, and deep learning 

architectures to identify fraudulent patterns across diverse transaction types. Through extensive 

feature engineering capturing transaction statistics, behavioral patterns, temporal dynamics, 

and device fingerprints, the platform achieves detection accuracy exceeding 99% while 

maintaining low false-positive rates. The system incorporates explainable AI components using 

SHAP (SHapley Additive exPlanations) values to ensure transparency and regulatory 

compliance. Experimental results demonstrate superior performance compared to traditional 

rule-based systems and standalone machine learning models, with the hybrid architecture 

achieving an F1-score of 96.8% on benchmark datasets. The platform's real-time processing 

capability, processing over 10,000 transactions per second with latency under 50 milliseconds, 

makes it suitable for production deployment in financial institutions.  
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I.INTRODUCTION 

 

The digital payment landscape has experienced exponential growth over the past decade, 

fundamentally transforming how individuals and businesses conduct financial transactions. 

Mobile banking, e-commerce platforms, cryptocurrency exchanges, and real-time payment 

systems have become integral components of the global financial infrastructure. Global 

payments processed daily now exceed trillions of dollars, with digital transaction volumes 

continuing to accelerate due to technological advancements and changing consumer 

preferences. 
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This rapid digitization has simultaneously created fertile ground for sophisticated fraudulent 

activities. Financial fraud losses globally exceeded $40 billion by the end of 2024, 

encompassing various attack vectors including unauthorized purchases, identity theft, synthetic 

account creation, account takeover, and card-not-present fraud. The shift toward instant 

payment settlements has compressed the window for detecting suspicious activity from days 

to milliseconds, rendering traditional detection methods increasingly inadequate. 

 

A) Problem Statement 

Traditional fraud detection systems predominantly rely on static rule-based approaches 

developed by domain experts. While these expert systems offer transparency and 

interpretability, they suffer from critical limitations: they are inherently static, non-adaptive, 

and incapable of identifying novel zero-day attacks or complex collusion patterns between 

users. Fraudsters continuously evolve their techniques to exploit system vulnerabilities, 

rendering fixed rule sets progressively ineffective.  

  

Classical machine learning models including logistic regression, decision trees, and random 

forests have provided incremental improvements over rule-based systems. However, these 

approaches struggle with processing high-dimensional temporal data and addressing the severe 

class imbalance inherent in fraud datasets, where malicious transactions typically comprise less 

than 0.1% of all transactions. 

 

B)  Research Objectives 

This research aims to develop a comprehensive Fraud Intelligence Platform with the following 

objectives: 

 

  Design and implement a hybrid machine learning architecture combining ensemble 

methods and deep learning for enhanced fraud detection accuracy 

 Develop robust feature engineering pipelines capturing transactional, behavioral, 

temporal, and geospatial patterns 

 Address class imbalance challenges through advanced sampling techniques and loss 

function modifications 

 Achieve real-time processing capabilities suitable for production deployment 

 Integrate explainable AI components to ensure model transparency and regulatory 

compliance 

 Evaluate system performance against benchmark datasets and existing methodologies. 

 

C) Research Significance 

The successful implementation of this fraud detection framework holds substantial 

implications for financial institutions, regulatory bodies, and consumers. By leveraging 

advanced machine learning techniques, organizations can significantly enhance their ability to 

detect and prevent fraudulent activities, thereby protecting financial assets and maintaining 

customer trust. The integration of explainability mechanisms addresses the critical requirement 

for transparent automated decision-making mandated by regulations such as GDPR and CCPA 

 

II.LITERATURE REVIEW 

 

A) Evolution of Fraud Detection System 

 The evolution of fraud detection systems can be traced through three distinct 

generations. First-generation systems relied exclusively on manual review and simple 

threshold-based rules. Second-generation systems introduced statistical methods and early 

machine learning algorithms. Third-generation systems, currently emerging, leverage deep 

learning, graph neural networks, and real-time streaming architectures. l 

Historically, banks offered solely in-person services until 1996, when Citibank and Wells Fargo 

Bank introduced the first Internet banking applications. This innovation triggered a surge in 

online credit card usage, marking the beginning of rapid digital transformation. E-commerce, 
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online payment systems, and digital banking became commonplace, consequently intensifying 

cybercriminal efforts to exploit online transactions. 

 

B) Classical Machine Learning Approaches 

 Logistic regression represents one of the earliest machine learning techniques applied 

to fraud detection, predicting binary outcomes without assuming normal distribution or 

correlation among explanatory variables. While effective for linear relationships, logistic 

regression struggles to capture complex, non-linear fraud patterns.   

Decision trees employ recursive partitioning to divide samples based on explanatory variables, 

selecting features most strongly correlated with the outcome at each node. Although versatile 

in handling both quantitative and qualitative data, decision trees are prone to overfitting when 

applied to entire datasets without proper regularization. 

Random forests, proposed by Breiman, introduce additional randomness through bootstrap 

sampling and random feature subset selection at each node split. This ensemble approach 

provides robust predictions and enables feature importance measurement, though it may exhibit 

bias toward attributes with numerous levels. Applications extend across bioinformatics, video 

segmentation, and image classification.   

XGBoost (Extreme Gradient Boosting), developed by Chen and Guestrin, has become a 

standard technique for tabular financial data due to its high precision and computational 

efficiency. However, tree-based models cannot inherently recognize sequential dependencies 

without extensive manual feature engineering.  

 

 

C) Deep Learning and Sequence Modeling 

 The development of deep learning has been driven by the necessity for automated 

feature extraction. Long Short-Term Memory (LSTM) networks, variants of Recurrent Neural 

Networks, overcome the vanishing gradient problem, enabling long-term analysis of 

transactional history. Research has demonstrated LSTM-based models achieving 5% accuracy 

improvements compared to support vector machines for credit card fraud detection. However, 

LSTMs process information sequentially, precluding parallel processing and generating high 

latency during real-time inference.   

Transformer architectures, initially developed for natural language processing, have 

demonstrated substantial potential for anomaly detection. Self-attention mechanisms enable 

models to evaluate feature relevance irrespective of sequence position. Recent applications 

employing BERT-like architectures on bank log files have successfully identified dormant 

fraudulent accounts. 

D)  Graph Neural Networks 

Recent surveys and empirical studies demonstrate that Graph Neural Networks (GNNs), 

including GraphSAGE, GAT, and heterogeneous GNNs, effectively model relational data 

encompassing accounts, devices, IP addresses, and payment networks. GNNs enable detection 

of collusive rings and anomalous subgraph patterns that single-transaction models miss, 

improving cluster-level recall for multi-participant fraud. However, high memory and 

computational costs at transaction scale, complex graph construction requirements, and privacy 

concerns regarding cross-merchant graph sharing present implementation challenges.   
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III.METHODOLOGY 

A) System Architecture Overview 

The Fraud Intelligence Platform employs a multi-layered architecture designed for scalability, 

real-time processing, and interpretability. The system comprises five primary components: 

 Data Ingestion Layer: Handles streaming transaction data through Apache Kafka 

message queues 

 Feature Engineering Pipeline: Performs real-time feature extraction using Apache Flink 

 Model Inference Engine: Executes hybrid machine learning models for fraud 

classification  

 Alert and Response System: Delivers real-time notifications through multiple channels 

B)  Data Collection and Description 

The research utilizes multiple datasets for training and evaluation: 

Primary Dataset: The European Credit Card Fraud Detection Dataset contains 284,807 

transactions with 492 fraud cases (0.172% fraud rate). Features V1-V28 represent PCA-

transformed values protecting sensitive information, with 'Amount' and 'Time' as non-

transformed features.   

Supplementary Dataset: A Kaggle Fraud Transactions Dataset containing 5,568 instances (746 

fraudulent, 4,822 legitimate) with features including Transaction ID, Amount, Location, 

Customer ID, and fraud labels.   

Synthetic Data Generation: ADASYN generates 50,000 synthetic fraud samples to counteract 

extreme class imbalance during training, providing sufficient volumes to simulate real-world 

fraud detection scenarios.  

  

IV.SYSTEM IMPLEMENTATION 

A) Technology Stack 

The platform utilizes the following technologies: 

 Programming Language: Python 3.9+ 

 Web Framework: Flask for RESTful API development 

 Database: SQLite for persistence, with Redis for caching 

 Machine Learning: scikit-learn, TensorFlow, XGBoost 

 Stream Processing: Apache Kafka, Apache Flink 

 Visualization: Matplotlib, Seaborn for dashboard components 

 Explainability: SHAP library for model interpretation 

 

B) Real-Time Processing Architecture 

The system adopts a Lambda architecture processing both streaming and batch data 

simultaneously: 

Streaming Layer: Apache Kafka ingests real-time transaction events, with Apache Flink 

performing windowed aggregations and feature calculations. The streaming layer achieves 

throughput exceeding 10,000 transactions per second.  

Batch Layer: Historical data processing for model retraining, feature store updates, and 

comprehensive analytics. 
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Serving Layer: Model inference via RESTful APIs with sub-50 millisecond latency 

requirements. 

 

 

C) User Interface Components 

The platform provides a web-based interface featuring: 

 Transaction Monitoring Dashboard: Real-time visualization of transaction flows and 

fraud alerts 

 Prediction Interface: Manual transaction submission for fraud probability assessment 

 Explanation Panel: SHAP-based visualizations explaining individual predictions 

 Historical Analysis: Review of flagged transactions and model decisions 

 Administrative Controls: User authentication, model versioning, and system 

configuration   
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V.EXPERIMENTAL RESULTS 

 

A) Comparative Performance Analysis 

The Random Forest model demonstrates high precision but suffers in recall, missing 

approximately 19% of fraud cases. The standalone LSTM improves recall but introduces more 

false positives. The hybrid HRFDF achieves optimal balance, utilizing the Transformer's 

attention mechanism to filter false positives generated by LSTM sensitivity to sequence 

breaks.   

B) Algorithm-Specific Results 

Hybrid NB-ANN Model Performance: 

 Naïve Bayes alone: 98.57% accuracy 

 Artificial Neural Network alone: 98.12% accuracy 

 Hybrid NB-ANN: 99.01% accuracy 

 

VI) CONCLUSION 

This research presents a comprehensive Fraud Intelligence Platform leveraging hybrid machine 

learning techniques for real-time transaction fraud detection. The system successfully fulfills 

its intended purpose by detecting fraudulent transactions across e-commerce and credit card 

domains using modern machine learning combined with explainable AI.   

The hybrid model architecture—Random Forest for heterogeneous business transactions and 

XGBoost for dense credit card vectors—provides robust detection performance while 

respecting execution time constraints suitable for real-time operations.  

 

 

 

 

 

 

Model Architecture Precision Recall F1-Score AUC-ROC    Training Time (hrs) 

Logistic Regression 86.4% 61.2% 71.6% 0.924    0.1 

Random Forest 94.2% 81.5% 87.4% 0.945    1.5 

Deep LSTM (Standalone) 91.8% 89.4% 90.6% 0.968    4.2 

XGBoost 93.5% 85.2% 89.2% 0.958    2.1 

Hybrid NB-ANN 95.8% 92.1% 93.9% 0.978    3.5 

HRFDF (Proposed) 95.1% 94.5% 94.8% 0.992    5.8 
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