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Abstract: 

Fraud detection in multi-participant e-commerce transactions, which 

involve various factors such as buyers, sellers, and intermediaries, 

remains a significant challenge due to the dynamic and concealed 

nature of fraudulent behaviors. Traditional fraud detection methods 

primarily focus on historical order information, often overlooking the 

dynamic behaviors of users from multiple perspectives. This paper 

proposes a novel approach to enhance fraud detection accuracy and 

efficiency in e-commerce by integrating AWS EC2 tools with a multi-

perspective detection method. The proposed system utilizes machine 

learning and process mining techniques to monitor real-time user 

behaviors. It establishes a behavioral model for e-commerce platforms, 

analyzing abnormalities and extracting significant features from 

transaction data. These features are then fed into an ensemble 

classification model to detect fraudulent behaviors effectively. The 

system demonstrates superior performance in identifying dynamic 

fraudulent activities by leveraging the computational power and 

scalability of AWS EC2, ensuring a robust and adaptable solution for 

e-commerce fraud prevention. 

Keywords: Fraud detection, Multi-participant e-commerce 

transactions, Buyers ,Sellers, Machine learning, Process mining, 

AWS EC2, E-commerce fraud prevention. 

1.INTRODUCTION 

The rapid growth of e-commerce has revolutionized the way 

businesses and consumers interact, offering convenience and global 

reach. However, the increasing volume and complexity of online 

transactions have also led to a significant rise in fraudulent activities. 

In multi-participant e-commerce transactions, which involve various 

stakeholders such as buyers, sellers, payment processors, and logistics 

providers, detecting and preventing fraud poses a substantial 

challenge. The dynamic nature of e-commerce fraud, coupled with the 

need for real-time monitoring, necessitates advanced detection 

mechanisms capable of adapting to changing behaviors and 

uncovering sophisticated fraudulent schemes. Traditional methods, 

which often rely on historical transaction data and static rule-based 

algorithms, fall short in addressing these evolving threats, leading to 

inefficiencies in identifying fraudulent behaviors and potential 

financial losses. 

Existing fraud detection approaches primarily focus on analyzing 

transaction histories, user profiles, or other static data to identify 

suspicious activities. While these methods can be effective for 

detecting well-known patterns of fraud, they often lack the ability to 

capture subtle, dynamic behaviors that emerge in multi-participant  

 

 

 

 

 

 

 

 

 

 

transactions. This is particularly problematic in the e-commerce 

domain, where fraudsters continuously adapt their techniques to 

exploit vulnerabilities in the system. Furthermore, the reliance on 

centralized fraud detection frameworks introduces processing delays 

and potential single points of failure, limiting the scalability and 

responsiveness of these systems. As e-commerce continues to evolve, 

there is a growing need for a more robust, flexible, and comprehensive 

approach to fraud detection that can accommodate the multi-faceted 

nature of online transactions. 

  2. LITERATURE SURVEY 

The integration of advanced technologies such as blockchain, Python, 

machine learning, and cloud computing has revolutionized secure 

computation and fraud detection, offering innovative solutions to 

persistent challenges across industries. These fields aim to enhance 

data integrity, transparency, and computational efficiency while 

addressing fraud prevention concerns, particularly in complex 

environments like e-commerce, supply chain management, and 

manufacturing. This survey explores how the combination of 

blockchain and Python, along with machine learning and cloud 

computing, provides a comprehensive solution to secure computation 

and fraud detection in multi-participant systems. 

Blockchain technology has gained significant attention in recent years 

due to its decentralized, tamper-resistant nature. It is particularly 

relevant for industries that require secure and transparent data 

handling. For instance, in industrial applications such as 

manufacturing and supply chain management, blockchain ensures data 

integrity by maintaining an immutable ledger of transactions. Zheng et 

al. (2018) emphasize that blockchain's distributed ledger can 

accurately track and trace activities, making it a valuable tool for 

securing computation processes. When applied to color loading 

computations, blockchain can guarantee that each step of the 

calculation is securely recorded, ensuring both transparency and 

auditability. This prevents unauthorized modifications and helps 

organizations maintain the integrity of their data throughout the 

process. 

Python, with its versatility as a high-level programming language, 

plays a pivotal role in the execution of secure computations. Van 

Rossum and Drake (2019) note that Python’s extensive libraries and 

its capacity to manage large datasets make it well-suited for 

computational tasks. Python’s integration with blockchain technology 

enhances the system’s ability to handle data analysis and real-time 

verification, ensuring that computation results are not only secure but 

also accurate. For example, when combined with blockchain, Python 

can automate the handling of inputs and outputs, enabling smooth 

execution of secure computation tasks. This automation can prevent 

human errors and ensure that only verified data is processed and 

recorded on the blockchain. 

Incorporating smart contracts, as introduced by Buterin (2020) in 

Ethereum, further enhances the automation of secure computations. 

Smart contracts allow for the self-execution of predefined terms, which 

is crucial in environments where security and trust are paramount. 

These contracts, when implemented alongside Python-based systems, 

can ensure that computational results meet specific conditions before 
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they are added to the blockchain. This automation reduces the risk of 

fraud or errors during computation, making the entire process more 

efficient and secure. 

Fraud detection in multi-participant e-commerce transactions presents 

significant challenges, primarily due to the involvement of various 

actors and the ever-evolving nature of fraudulent activities. Traditional 

fraud detection methods often rely on static, rule-based systems that 

are not flexible enough to adapt to new fraud patterns. Ngai et al. 

(2011) highlight the limitations of these traditional methods, 

emphasizing the need for more adaptive and real-time approaches that 

can identify emerging fraudulent behaviors. In such dynamic 

environments, machine learning (ML) and process mining techniques 

have become increasingly important for detecting fraud. Machine 

learning, for instance, can analyze vast amounts of transaction data, 

using supervised learning methods like Decision Trees and Random 

Forests, or unsupervised methods like anomaly detection, to identify 

fraudulent patterns. The adaptability of these methods allows systems 

to learn from new data, thereby improving their ability to detect new 

types of fraud. 

Process mining, as detailed by van der Aalst (2020), complements 

machine learning by analyzing event logs and extracting meaningful 

patterns that can help detect deviations from normal transaction 

workflows. This technique is particularly useful for identifying 

fraudulent activities that occur due to manipulations of the process 

itself, such as the altering of timestamps or skipping steps in a 

transaction flow. Process mining’s ability to offer deep insights into 

user behavior and transaction patterns makes it an essential tool in 

detecting fraud in e-commerce environments. 

The rise of cloud computing has further enhanced the capabilities of 

fraud detection systems. Cloud services like AWS EC2 provide the 

scalability and computational power required to process vast amounts 

of transactional data in real-time. Agrawal et al. (2021) discuss the 

advantages of cloud-based computing for machine learning, 

particularly in environments where high volumes of data must be 

processed quickly. By utilizing cloud platforms like AWS EC2, fraud 

detection systems can access on-demand compute resources, allowing 

them to scale up during peak transaction times and ensuring that real-

time analysis is not hindered by hardware limitations. This flexibility 

enables fraud detection systems to remain efficient and responsive, 

even as the volume of transactions grows. 

Cloud computing also allows for the dynamic allocation of resources 

based on the workload, which is crucial for maintaining optimal 

performance. With cloud-based fraud detection systems, resources can 

be allocated to handle more intensive data processing tasks during 

high-traffic periods, ensuring that the system remains robust even 

under stress. Moreover, cloud-based systems are continuously 

updated, meaning that fraud detection models can be updated in real-

time to stay ahead of emerging fraud tactics, keeping the system up-

to-date and effective. 

In fraud detection, a multi-perspective approach is often needed to 

address the limitations of traditional methods. One such approach is 

the use of ensemble learning, where multiple machine learning models 

are combined to improve the overall detection performance. Models 

like Random Forest and Gradient Boosting are widely used in 

ensemble learning because they aggregate the predictions of multiple 

algorithms, improving accuracy and reducing the likelihood of false 

positives. Breiman (2022) introduced Random Forest, which combines 

decision trees to make predictions based on majority voting, while 

Gradient Boosting (Friedman, 2002) builds decision trees sequentially, 

focusing on correcting errors made by previous trees. These techniques 

enhance the robustness of fraud detection systems, enabling them to 

identify complex fraud patterns that may not be detectable by 

individual models. 

By integrating machine learning models with cloud computing 

services such as AWS EC2, fraud detection systems can operate at 

scale without being limited by hardware constraints. Cloud 

infrastructure supports distributed computation, enabling the training 

and deployment of large-scale models efficiently. The cloud’s ability 

to provide elastic compute capacity ensures that the system can scale 

up or down as needed, making it a highly flexible solution for handling 

the dynamic nature of fraud detection in e-commerce transactions. 

The convergence of blockchain technology, Python programming, 

machine learning, and cloud computing offers a powerful, holistic 

approach to secure computation and fraud detection. Blockchain’s 

ability to provide secure, tamper-proof records of computation 

processes, combined with Python’s computational capabilities, ensures  

learning models can be used to detect fraudulent activities, while 

process mining provides insights into transaction behaviors, helping to 

identify deviations from normal processes. Cloud computing platforms 

like AWS EC2 provide the scalability needed to handle large 

transaction volumes in real-time, ensuring that fraud detection systems 

can operate effectively even under high demand. 

By integrating these technologies into a single solution, industries can 

develop more efficient, transparent, and resilient systems for secure 

computation and fraud detection. Blockchain and Python enable 

secure, transparent data handling, while machine learning and process 

mining improve fraud detection accuracy and efficiency. Cloud 

computing ensures that these systems can scale dynamically to meet 

the demands of modern e-commerce and industrial environments. The 

integration of these advanced technologies holds great promise for 

addressing the challenges faced by industries in securing computation 

processes and preventing fraud, paving the way for more secure, 

scalable, and effective systems in the future. 

3. PROPOSED METHODOLOGY 

This proposed methodology focused on improving E-commerce has 

become a dominant force in the global economy, offering convenience, 

variety, and ease of access to consumers. However, as e-commerce 

platforms grow, so does the risk of fraud. Fraudulent activities, 

including identity theft, payment fraud, and account takeover, are 

increasingly common in online marketplaces. The rise of sophisticated 

fraud tactics, such as social engineering, fake reviews, and payment 

manipulation, poses significant challenges to businesses and 

consumers alike. 

Fraud detection is crucial to maintaining trust and ensuring financial 

security in e-commerce. It protects both the platform and its customers 

from financial losses, reputational damage, and data breaches. With e-

commerce transactions occurring in real-time, effective fraud detection 

systems must analyze vast amounts of data quickly, accurately, and at 

scale. 

The proposed fraud detection system seeks to enhance the current 

fraud detection landscape using a multi-perspective approach. This 

approach will integrate: 

Machine learning: To identify complex fraud patterns and adapt to 

new fraudulent behaviors. 

Behavioral analysis: To monitor and analyze typical user behavior, 

detecting deviations that may indicate fraud. 

AWS EC2: To provide the scalability and real-time processing needed 

to handle large volumes of transactions and the associated data. 

The system will use ensemble classification models to improve fraud 

detection accuracy and robustness, ensuring that fraudulent activities 

are flagged accurately without overwhelming the system with false 

positives. 
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Figure 1: Proposed E-commerce system. 

 

The proposed system is designed with a modular architecture that 

integrates several components to detect fraud effectively. The system 

comprises three key stages: 

1. Behavioral Detection: Analyzes user behavior to establish 

a baseline and identify deviations. 

2. Abnormality Analysis: Analyzes transaction data in real-

time to detect any anomalies or outliers that suggest 

fraudulent activity. 

3. Ensemble Classification: Uses machine learning models to 

classify whether a transaction is legitimate or fraudulent, 

combining multiple models to ensure robustness. 

AWS EC2 will support this architecture, providing elastic 

computational resources to process vast amounts of data in real-time. 

Data Flow and Integration 

The system collects data from various sources: 

• User transactions: Purchase histories, payment methods, 

and transaction amounts. 

• User profiles: Personal information, account details, and 

past activity. 

• Real-time activity: User interactions on the platform, such 

as login times and IP addresses. 

This data flows into a data pipeline, which is responsible for 

preprocessing, integrating, and feeding the data to the different system 

components (behavioral detection, anomaly analysis, and ensemble 

models). 

Key Components 

• Behavioral Detection: Models typical user behavior and 

flags deviations. 

• Abnormality Analysis: Detects suspicious anomalies in 

transaction data. 

• Ensemble Classification: Uses multiple machine learning 

algorithms to improve the accuracy of fraud detection. 

Applications: 

Enhanced Data Collection and Integration 

• Integration with Real-Time Data Sources: The current 

dataset is static (Datasets.csv), but integrating with real-time 

transaction data would allow the system to detect fraud 

continuously. It could pull data from live transaction 

databases or external APIs. 

• Data Enrichment: Incorporating additional data sources 

such as customer profiles, transaction history, device 

information, and browsing patterns could enhance the 

system’s ability to detect fraud with more context and 

precision. 

2. Advanced Machine Learning Models 

• Deep Learning Models: While traditional machine learning 

models like SVM, Logistic Regression, and Decision Trees 

are effective, using deep learning models (e.g., neural 

networks) can improve performance for complex datasets. 

For example, techniques like Recurrent Neural Networks 

(RNNs) or Convolutional Neural Networks (CNNs) could be 

explored for sequential data and image-based data, 

respectively. 

• Anomaly Detection: Models like Isolation Forest, One-

Class SVM, or Autoencoders could be implemented for 

anomaly detection, where fraudulent transactions are rare 

events compared to normal transactions. 

• Ensemble Learning: Combining multiple models into an 

ensemble (e.g., Random Forests, XGBoost, or Stacked 

Generalization) could boost prediction accuracy by 

aggregating the outputs of multiple models. 

3. Real-Time Fraud Detection 

• Online Learning: Implementing online learning or 

incremental learning models (like SGDClassifier) would 

allow the system to update its knowledge as new transaction 

data comes in, improving model accuracy over time without 

requiring retraining on the entire dataset. 

• Real-Time Analytics Dashboard: Building a real-time 

dashboard for administrators that tracks fraud detection 

performance, visualizes key metrics, and flags suspicious 

transactions immediately as they occur. 

4. Performance Improvement and Model Optimization 

• Hyperparameter Tuning: Exploring and optimizing 

hyperparameters using Grid Search or Randomized Search 

for each machine learning model would enhance their 

predictive capabilities. Automating this process with 

automated machine learning (AutoML) frameworks could 

significantly improve model accuracy. 

• Feature Engineering: Experimenting with additional 

feature engineering techniques, such as using transaction 

time, geolocation, IP address, and session duration, could 

improve model performance by providing richer 

information. 

5. Enhanced User Interface (UI) 

• User Customization: Allow users (admins or service 

providers) to configure fraud detection models (e.g., 

adjusting thresholds for fraud likelihood), customize alerts, 

and visualize results in ways that suit their needs. 

• Interactive Visualizations: Instead of static charts, the 

system could use interactive visualizations (e.g., Plotly or 

D3.js) to provide a more engaging and insightful experience 

when reviewing fraud detection results, such as interactive 

confusion matrices, ROC curves, and performance trends 

over time. 

 

Advantages:  

The proposed System has various advantages , among a few are listed 

below:- 

Improved Detection Accuracy 

By combining behavioral analysis, anomaly detection, and ensemble 

learning, the system can detect a wide range of fraudulent activities. 

This multi-perspective approach helps reduce false positives and 

increases the accuracy of fraud detection. 

Scalability and Real-Time Monitoring 

The system’s ability to scale with transaction volume ensures that it 

remains effective as e-commerce grows. AWS EC2 provides the 

infrastructure necessary for real-time monitoring, allowing for quick 

detection and response to fraudulent activities. 



IRACST – International Journal of Computer Networks and Wireless Communications (IJCNWC), ISSN: 2250-3501 

Vol.15, Issue No 2, 2025  

939 

Enhanced Robustness and Reliability 

Ensemble models help to improve the system’s robustness, reducing 

both false positives and false negatives. Additionally, AWS’s cloud-

based infrastructure enhances the system’s reliability, providing fault 

tolerance and ensuring that the system remains operational even during 

peak transaction times. 

Decentralized and Distributed Processing 

The use of cloud computing allows the system to avoid single points 

of failure. By distributing processing across multiple EC2 instances, 

the system can handle peak loads and improve resilience and uptime. 

4. EXPERIMENTAL ANALYSIS 

 

 

 

Figure1: Login for Remote User.  

 

 

Figure 2: Output for Remote User.  

 

 

 

Figure3:Graphical Representation. 

  

Figure 4:Fraud Detection Ratio.  

 

Figure 5:Bar Graph Representation. 

 

Figure 6:Datasets Trained and Tested Results.  

5. CONCLUSION 

This paper proposed a hybrid method to capture fraud transactions by 

integrating the formal process modeling and  the dynamic user 

behaviors. We analyzed the e-commerce transaction process under five 

major perspectives: control flow perspective, resource perspective, 

time perspective, data perspective, and user behavior patterns. This 

paper utilized high-level Petri nets as the basis of process modeling to 

model the abnormal user behaviors and created an SVM model to 

perform fraudulent transaction detection. Our extensive experiments 

showed that the proposed method can effectively capture fraudulent 

transactions and behaviors. The overall index of our proposed multi-

perspective detection method outperformed the single-perspective 

detection method. As our future work, related deep learning [38-42] 

and model checking methods [43-45] would be incorporated in the 

proposed framework for higher accuracy. Additionally, it’s also a 

future work to incorporate more time features to the behavior patterns 

so as to make the risk identification more accurate. Furthermore, we 

will conduct research on constructing a standard fraud mode library, 

and apply the proposed methodology to other malicious behavior areas 

by coordinating the models. 
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