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Abstract : In the growing world of e-commerce, fraud continues to be a critical concern, impacting businesses and customers 

alike. This paper introduces an AI-based fraud detection framework to identify fraudulent activities in online transactions in real 

time.This system utilizes AI algorithms that analyze transaction details to determine whether the behavior is authentic or potentially 

deceptive.By incorporating modules for data preprocessing, feature extraction, anomaly detection, and classification, the system aims 

to reduce false positives and adapt to evolving fraud patterns. The hybrid model, trained on public and synthetic datasets, achieved 

high accuracy and low latency, demonstrating viability for deployment in live e-commerce environments. 
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I. INTRODUCTION 

With the rapid rise of digital commerce, the threat landscape has grown increasingly complex, including identity theft, 

fake accounts, and payment fraud.Traditional fraud detection systems rely on predefined rules and are frequently ineffective in 

handling emerging fraudulent methods.To address this, we propose a real-time, AI-powered solution that leverages historical and 

behavioral transaction data, machine learning, and deep learning techniques to identify and flag suspicious activities before they 

cause harm. 

II. LITERATURE REVIEW 

With the rise of online transactions, detecting fraud in e-commerce has become a critical challenge. Many researchers have 

proposed solutions using traditional algorithms, machine learning, deep learning, and real-time systems. However, these approaches 

often struggle with issues like imbalanced data, real-time scalability, model interpretability, and evolving fraud patterns. 

Sahin and Duman (2013) investigated the application of various classifiers including Decision Trees and Random Forest 

on datasets with uneven class distribution to detect fraudulent credit card use. Similarly, Patel and Shah (2019) assessed the 

effectiveness of classification methods like Naïve Bayes, SVM, and k-NN in recognizing fraudulent transaction patterns. Our system 

improves upon these by incorporating ensemble methods like XGBoost along with data balancing techniques such as SMOTE. This 

combination leads to more accurate detection even in skewed datasets and supports real-time fraud classification. 

In the area of deep learning, Zhou and Paffenroth (2017) proposed a deep learning technique using robust autoencoders 

capable of identifying anomalies without the need for labeled input. Nguyen et al. (2019) provided a comprehensive survey of deep 

learning methods such as Convolutional Neural Networks (CNNs) and Long Short-Term Memory (LSTM) networks for analyzing 
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sequences of transactions. Our solution utilizes lightweight LSTM models optimized for low-latency environments, combined with 

autoencoders in a hybrid architecture to detect both known and previously unseen fraud patterns. 

Real-time processing and scalability are essential for modern fraud detection systems. Singh and Kumar (2021) as well as 

Arun and Rao (2020) designed continuous fraud monitoring frameworks leveraging tools such as Apache Kafka and Spark for 

efficient stream processing. We extend this concept by implementing a cloud-based architecture with Kafka, real-time Python APIs, 

and scalable models, ensuring minimal latency and ease of deployment in production systems. 

Behavioral analytics and graph-based models have also gained attention. Mondal et al. (2020) utilized behavioral 

biometrics such as mouse movements and typing patterns to identify suspicious users. Pandit et al. (2007) introduced a graph-

theory-based approach to detect collusive fraud through user relationships. Our system enhances these ideas by analyzing session 

duration, mouse trails, and transaction graphs to identify coordinated fraud and bot behavior more effectively. 

Security and transparency in fraud detection models are also vital. Huang et al. (2021) addressed the susceptibility of fraud 

systems to adversarial attacks, while Doshi-Velez and Kim (2017) emphasized the need for interpretable AI models in finance. To 

address these challenges, we use adversarial techniques to improve model resilience and SHAP values to offer transparent 

explanations of model outputs. 

Finally, privacy and traceability concerns have prompted research into blockchain integration. Zheng et al. (2018) 

discussed the use of blockchain for securing transaction records and ensuring transparency. Our system includes optional blockchain 

support for storing high-risk transaction logs, providing tamper-proof audit trails without impacting real-time performance. 

III. MTHEDOLOGY 

Data Collection 

- Public datasets: IEEE-CIS Fraud Detection, Kaggle Credit Card Fraud Dataset 

- Synthetic datasets created using realistic e-commerce simulations 

- Features include: transaction time, amount, device type, IP location, browser, user behavior metrics 

 

 

IV.  System Architecture 
1. Input Module: Receives transaction data (real-time or batch) 

2. Preprocessing: 

   - Missing value handling 

   - Normalization 

   - Categorical encoding 

3. Feature Engineering: 

   - Time-based features (e.g., transaction frequency) 

   - Behavioral features (e.g., sudden high-value purchase) 

4. Model Module: 

   - Random Forest / XGBoost for classification 

   - Autoencoders for anomaly detection 

   - Threshold tuning for optimized detection 

5. Output Module: 

   - Flag transactions as Fraudulent or Legitimate 

   - Admin dashboard for alerts and review 
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V. Model Training 

- Train-test split: 80-20 

- Evaluation metrics: Precision, Recall, F1-score, ROC-AUC 

- Tools: TensorFlow, Scikit-learn, SHAP, Kafka 

- Achieved ~97% accuracy with <0.2 sec latency per transaction 

 

1.1 Results 
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Sl. No   Scenario Actual Outcome Predicted Outcome Accuracy (%) 

1 Normal transaction Legitimate Legitimate         99% 

2 Stolen card used at odd hours Fraudulent Fraudulent         96% 

3 New device + big amount purchase Fraudulent Fraudulent         94% 

4 Repeat customer, low-value item Legitimate Legitimate         98% 
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