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ABSTRACT

Fraud detection in cloud-based e-commerce platforms requires real-time, scalable, and accurate solutions. This
study proposes an Al-powered fraud detection framework that integrates data ingestion, pre-processing, feature
engineering, fraud classification, risk scoring, and adaptive decision-making to enhance fraud prevention. The
framework utilizes data streaming technologies such as AWS Kinesis and Apache Kaftka, while data pre-
processing is performed using Apache Spark and AWS Glue for cleaning, normalization, and anomaly detection.
Machine learning models, including XGBoost, Graph Neural Networks (GNNs), and Transformers, classify
transactions as fraudulent or legitimate. Risk assessment is further refined through Explainable Al techniques like
SHAP and LIME, while Reinforcement Learning dynamically adjusts fraud detection thresholds based on risk
evaluation. Experimental results show that the proposed model achieves 99% Accuracy, 97% Precision, 95%
Recall, and 98% F1 Score, ensuring effective fraud detection with minimal false positives. Latency analysis
indicates an optimized response time, peaking at 2400 ms at 6 seconds and decreasing to 2050 ms at 10 seconds,
supporting detection. Future enhancements include deploying edge Al models, Federated Learning, Blockchain-
based fraud prevention, and Quantum Cryptography to strengthen security and scalability. This framework ensures
an efficient, adaptive, and highly secure fraud detection system for cloud-based e-commerce platforms.
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1. INTRODUCTION

With the rapid growth of e-commerce, online fraud has become a significant challenge, leading to financial
losses and reputational damage [1]. Traditional fraud detection systems struggle to keep pace with the increasing
volume and complexity of fraudulent activities [2]. Cloud-based Al-powered fraud detection frameworks provide
scalable, real-time, and adaptive solutions to identify and mitigate fraudulent transactions efficiently [3]. By
leveraging machine learning (ML), Explainable Al (XAI), and risk-based authentication (RBA), fraud detection
can be enhanced to reduce false positives and improve decision-making [4]. This study introduces a robust Al-
driven framework that integrates data streaming, feature engineering, and advanced fraud classification techniques
to enhance fraud prevention [5]. The proposed framework ensures secure financial transactions by utilizing
analytics, anomaly detection, and adaptive risk management [6]. With cloud-native integration, this solution offers
seamless scalability, reducing computational overhead while maintaining high accuracy [7].
Several fraud detection techniques have been proposed, including rule-based systems, anomaly detection models,
and traditional machine learning approaches such as Decision Trees, Support Vector Machines (SVM), and
Random Forest [8]. While rule-based systems are easy to implement, they lack adaptability to evolving fraud
patterns. Anomaly detection models, like Isolation Forest and Autoencoders, effectively identify outliers but suffer
from high false positive rates [9]. Traditional ML techniques require extensive feature engineering and fail to
capture complex relationships in large datasets [10]. Deep learning methods, such as Recurrent Neural Networks
(RNNSs) and Convolutional Neural Networks (CNNs), have improved detection accuracy but demand substantial
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computational resources [11]. Moreover, existing fraud detection methods lack interpretability, making it difficult
for businesses to understand and trust model decisions [12].

With the rapid expansion of e-commerce, fraud detection has become a critical challenge impacting financial
security and customer trust [13]. Traditional fraud detection methods often fall short due to the increasing volume,
velocity, and complexity of online transactions [14]. Cloud-based platforms offer scalable infrastructure to handle
vast amounts of transactional data, enabling more sophisticated and real-time fraud prevention mechanisms.
Leveraging artificial intelligence (Al) and machine learning techniques enhances the accuracy and adaptability of
fraud detection systems by uncovering complex patterns and anomalies [15]. Techniques such as XGBoost, Graph
Neural Networks (GNNs), and Transformers are effective in modeling intricate relationships within transactional
data. Furthermore, explainable Al methods like SHAP and LIME improve transparency and trust by clarifying
how decisions are made [16]. Adaptive approaches, including reinforcement learning and risk-based
authentication, allow dynamic adjustment of fraud thresholds to optimize security without compromising user
experience [17]. Integrating streaming technologies like AWS Kinesis and Apache Kafka supports real-time data
ingestion and processing, crucial for timely fraud detection [18]. Secure cloud storage with encryption and access
controls ensures data privacy and regulatory compliance in this sensitive domain [19]. This paper presents a
comprehensive Al-powered framework that combines these advanced techniques to deliver a scalable, accurate,
and secure fraud detection solution for modern cloud-based e-commerce platforms [20].

The proposed Al-powered fraud detection framework overcomes these limitations by integrating advanced ML
techniques, Explainable AI (SHAP, LIME), and reinforcement learning for dynamic fraud assessment. Unlike
traditional systems, it employs Graph Neural Networks (GNNs) and Transformers to capture complex transaction
relationships and behavioral patterns. risk scoring using Apache Flink ensures adaptive fraud detection, reducing
false positives while maintaining high accuracy. The framework also introduces Risk-Based Authentication
(RBA) for dynamic fraud threshold adjustments, enhancing security without compromising user experience.
Cloud-native deployment ensures scalability, enabling fraud prevention for high-velocity transactions. By
incorporating Federated Learning and Blockchain, the system enhances security and privacy while reducing
dependency on centralized data storage. The novelty of this study lies in its combination of Al-driven fraud
detection, adaptive risk management, and scalable cloud-based implementation, ensuring an efficient and secure
e-commerce fraud prevention system.

2. LITERATURE REVIEW

[21] addresses the rapid growth of e-commerce has led to increased fraudulent activities, making robust security
measures essential. Al-driven technologies, including machine learning, deep learning, and natural language
processing, play a pivotal role in detecting anomalies and predicting fraudulent behaviors in digital transactions.
The integration of Al with blockchain enhances security through transparent transaction logs, while future
advancements like federated learning and biometric authentication promise to further strengthen fraud detection
and reduce identity theft risks. [22] The integration of cloud computing and big data analytics offers significant
benefits for businesses, particularly in improving decision-making through enhanced data mining capabilities.
However, challenges such as high adoption costs and risks associated with cloud-based service models (CLaaS)
pose barriers, especially for small to medium enterprises looking to deploy big data analytics.

[23] addresses user privacy concerns in the O20 e-commerce model, particularly in the catering takeaway sector,
by proposing a hybrid-cloud-based framework that anonymizes and groups users based on their privacy needs
[24]. This method ensures transaction data remains unidentifiable even if compromised, demonstrating its
effectiveness in preserving privacy through the use of the SimRank model and user-restaurant relationship
diagrams. [25] presents a taxonomy of cloud security attacks and vulnerabilities across various service delivery
models (SaaS, PaaS, and IaaS), emphasizing the need for systematic understanding and mitigation strategies. It
highlights the importance of intrusion detection and prevention services in addressing cloud-specific and web
service vulnerabilities to enhance security in cloud computing environments [26].

[27] presents a distributed, scalable, and fault-tolerant web service for near credit card fraud detection using
machine learning algorithms. The goal is to provide an affordable anti-fraud solution that helps stakeholders, such
as merchants and banks, mitigate fraud risks while reducing costs and the project team size. [28] discusses the
security challenges and vulnerabilities in mobile cloud computing (MCC), focusing on the weaknesses in smart
mobile devices and their communication links with cloud resources. It emphasizes the need for enhanced intrusion
detection and response systems (IDRS) and proposes frameworks, standards, and protocols to strengthen security
in this context [29].

IJETRM (http://ijetrm.com/) [65]


https://www.ijetrm.com/
http://ijetrm.com/

Volume-03 Issue 10, October-2019 ISSN: 2456-9348

Impact Factor: 4.520

International Journal of Engineering Technology Research & Management
Published By:
https://www.ijetrm.com/

[30] addresses the security challenges in cloud-based B2C platforms, proposing an improved XML digital
signature framework using the RSA algorithm to enhance authentication. The study highlights the advantages and
limitations of XML-based authentication and outlines future work focused on testing and validating the proposed
framework against international standards such as W3C and NIST. [31] explores a cognitive computing model
that leverages Al to automate tasks in the accounting industry, discussing the drivers and consequences of
automation. It proposes a framework for cognitive task automation, differentiates cognitive computing from data
analytics, and highlights the need for further research on the impact of automation on job roles and digital
transformation in accounting.

[ 32] examines the security and privacy issues arising from the adoption of IoT solutions in e-business and retail,
highlighting both the benefits and vulnerabilities to cyber threats. It discusses the impact of IoT on enterprise
security, advancements in the sector, and the flow of threat agents, stressing the need for enhanced security
measures in these environments. [33] explores the emerging field of big data analytics, highlighting its potential
to improve business operations and risk management through various data collection channels in industrial
systems. While big data research is still in its early stages, the paper discusses current challenges, opportunities,
technological advancements, and suggests key areas for future research in operational risk management [34].

[35] presents a cost-aware risk mitigation model for cloud computing systems, integrated with the Autonomous
Cloud Intrusion Detection Framework (ACIDF). This model enhances risk assessment by evaluating the costs of
responses to attacks versus potential damage, resulting in a 18.9% reduction in risk within cloud environments.
[36] examines the impact of digital technology on small to medium enterprises (SMEs), focusing on e-commerce,
e-business, and e-marketing strategies. Analyzing 16 papers published between 2013 and 2014, the study
categorizes the findings into four key areas: the importance of digital technology for SME performance and their
engagement with e-commerce, e-business, and e-marketing practices [37].

[ 38] provides guidance on advancing research in payment card fraud detection, addressing the growing threat of
fraud, which had an estimated economic impact of $416 billion in 2017. It surveys Al and machine learning
methods, revealing that only eight are practically deployable in the industry, while also identifying challenges and
suggesting future research directions, such as cognitive computing and industry data philanthropy. [39] surveys
the emerging field of FinTech, emphasizing its growing importance in the financial industry and the need for up-
to-date awareness among academics and professionals. It reviews contemporary achievements and proposes a
theoretical data-driven framework, summarizing five key technical aspects—security and privacy, data
techniques, hardware and infrastructure, applications and management, and service models—that are crucial for
developing effective FinTech solutions.

[40] ADroid is security tool designed for Android platforms to monitor interfaces, application-related, and
communication-related features for detecting abnormal activities. It uses a lightweight anomaly-based detection
procedure and allows users to customize white/black lists for managing allowed and undesired activities,
triggering alarms as needed. The tool has been implemented and evaluated in a real environment, showing
promising results in detection accuracy and resource efficiency. [41] explores formal methods to quantify and
evaluate the risks associated with cloud-based information systems, focusing on a quantitative and longitudinal
model that tracks risk variation from project launch to completion. It introduces a new risk estimation method that
distinguishes between mitigated and unmitigated risks, helping practitioners understand the implications of cloud
computing for company sustainability and whether it provides a competitive advantage or poses a threat.

[42] analyzes fintech start-ups from SWIFT's Innotribe competition to enhance understanding of the global
fintech landscape. It identifies the development of fintech clusters and examines how firms utilize various
technologies to reshape financial information flows, focusing on disintermediation, access extension,
financialization, hybridization, and personalization. The findings highlight strategies for value creation through
competitive and cooperative mechanisms, showcasing the diverse innovations transforming the financial services
industry. [43] addresses the challenges of scalability and feature variability in electronic payment services,
emphasizing the need for a clear understanding of non-functional requirements. It presents a framework for
mapping these requirements to existing scalability approaches and shares practical experiences from applying a
service line engineering methodology to enhance feature customization in a multi-tenant payment service.

[44] explores the significant impact of big data analytics on businesses in the context of Industry 4.0, highlighting
its role in fostering innovation and competitiveness. It emphasizes the importance of data-driven decision systems
and the essential role of data science in extracting valuable insights, while acknowledging the challenges
organizations face in adopting these approaches across various sectors. [45] explores the rapid growth of digital
marketplaces, focusing on their role in connecting businesses and consumers through various digital channels. It
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emphasizes the need for regulatory measures to protect consumer rights amid challenges such as fraud and
deception, which have emerged with the increase in online transactions. The study also highlights the
competitiveness of peer sellers and the benefits of innovation in these platforms, while addressing concerns
regarding consumer safety and potential exploitation.

[46] examines the impact of the rapid growth of e-commerce on the enforcement of destination-based commodity
taxes, leading to varying effective tax rates. It analyzes recent European Union VAT reforms and advocates for
the destination principle in cross-border trade, concluding that national-level reforms in the USA are essential for
effective tax enforcement in the e-commerce context. [47] explores the role of big data analytics in promoting
sustainability, focusing on balancing environmental, societal, and economic factors. It highlights challenges posed
by rapid economic development, such as resource overuse, waste generation, and ecological irresponsibility, and
emphasizes the growing integration of big data analytics in sectors dependent on technology to address these
sustainability issues.

[48] proposes a new mobile payment protocol, MPP 3D, designed to address challenges in mobile electronic
payments, such as privacy, security, and mobile network limitations [36]. The protocol utilizes symmetric key
operations and cloud messaging to enhance security, reduce computational costs, prevent various attacks, and
improve the user experience, offering a more suitable solution than traditional e-commerce payment protocols for
mobile platforms [49].

2.1. PROBLEM STATEMENT

Insufficient privacy protection, as many mobile payment systems fail to safeguard users' personal and transaction
data effectively [50]. Inadequate security measures expose users to potential cyber threats, such as fraud and
unauthorized access to sensitive information [51]. Mobile network limitations, such as poor connectivity and
bandwidth constraints, hinder the efficiency and reliability of mobile payment transactions [52]. challenges in
handling mobile device capabilities, including smaller screens and limited processing power, restrict the
functionality and ease of use of payment systems [53] [54]. traditional e-commerce payment protocols, like 3D
Secure, are unsuitable for mobile platforms due to difficulties in viewing authentication pop-up windows, making
the process cumbersome for users.

3. PROPOSED METHODOLOGY

Al-powered fraud detection workflow for cloud-based e-commerce platforms is illustrated in figure 1. It begins
with Data Collection & Ingestion, where transactional, behavioural, and device data are gathered using AWS
Kinesis, Kafka, or GCP Pub/Sub. The data undergoes Pre-processing with Apache Spark and AWS Glue for
cleaning, normalization, and outlier detection. Feature Engineering extracts key fraud indicators like transaction
velocity and device fingerprinting using modern Feature Stores. The Al-Based Fraud Detection Model applies
machine learning techniques such as XGBoost, GNNs, and Transformers for accurate fraud detection. Fraud
Analysis & Scoring assigns risk scores using Apache Flink and Explainable Al techniques like SHAP and LIME.
Transactions flagged as high-risk proceed to Decision & Risk Management, where Risk-Based Authentication
(RBA) and Reinforcement Learning dynamically refine fraud detection. Finally, fraud detection outcomes are
securely stored in Cloud Storage solutions like Amazon Aurora and Big Query for audits and further analysis,
ensuring real-time, scalable, and efficient fraud prevention.

Data Pre-processing

Transactional Data ————» (Cleaning
Outlier Detection)

V.

Al-Based Fraud

Detection Model | Fraud Analysis &

(XG Boost) — Scoring
(Apache Flink)

Feature Engineering
(Transaction Velocity) — v
Decision & Risk
Management
(Risk- Based
Autemtication)

Figure 1: AI-Driven Fraud Detection and Risk Management System
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3.1 Data Collection

The proposed fraud detection framework begins with data collection from multiple e-commerce sources,
including transactional logs, customer behavior analytics, and device metadata. Transactional data consists of
purchase history, payment methods, timestamps, and geolocation information, while behavioral data captures
clickstream activity, browsing patterns, and cart abandonment rates. Device-related attributes include IP
addresses, MAC addresses, browser fingerprints, and mobile device identifiers to help detect anomalies.
Streaming technologies such as AWS Kinesis, Apache Kafka, and GCP Pub/Sub facilitate ingestion of this high-
velocity data. Additionally, batch data from relational databases and NoSQL stores complement historical fraud
pattern analysis. The framework also integrates external threat intelligence sources like fraud blacklists, IP
reputation databases, and credit scoring services to enrich the dataset. The collected data is then structured into
event-driven streams for further pre-processing, feature engineering, and Al-based fraud detection in a cloud-
based environment.
3.2 Data Preprocessing
Data preprocessing ensures clean, consistent, and structured data for fraud detection. The following steps are
applied:

1. Data Cleaning:

e Handling missing values using mean imputation for numerical field is given in equation (1).

n
x; = M=% (1
e For categorical variables, mode imputation is used in equation (2).
x; = arg n;axfreq(xj) )
Outlier Detection: ]
e Z-score normalization detects outliers is given in equation (3).
Z==F (3)

a
e  Qutliers are removed when |Z| > 3.

3.3 AI-Based Fraud Detection Model

The Al model in the fraud detection system leverages supervised and unsupervised learning techniques to classify
transactions as fraudulent or legitimate. Supervised models such as XGBoost. Unsupervised models like
Autoencoders and Isolation Forests detect anomalies based on deviations from normal transaction patterns.

The probability of fraud is determined using logistic regression in XGBoost is given in equation (4).

1
Pr=11x)= 1+e~(Bo+Ei, BiXi) @

where X; represents transaction attributes, and f; are the model coefficients. The model is trained on a large dataset
and optimized using Gradient Boosting to minimize the log-loss function is given in equation (5).

L=-=%L, [ylog J; + (1 —y)log (1 )] (5)
During execution, the trained model classifies each transaction by assigning a fraud probability score. If the
probability exceeds a threshold (e.g., 0.8), the transaction is flagged for further analysis or blocked.
3.4 Fraud Analysis & Scoring
Once a transaction is classified, the Fraud Analysis & Scoring component assigns a risk score based on historical
patterns, data, and Explainable Al techniques like SHAP values.

1. Anomaly Score Computation:

e An Isolation Forest model computes the anomaly score as given in equation (6).
_E(hx)
S,n) =2 <m (6)
where h(x) is the average path length of x, and c(n) is the expected path length.
2. SHAP Value Interpretation:

o SHAP assigns importance scores to each feature is given in equation (7).
S|V —Is|-1)! ;
— W u{h —v(S) (7

INY!
This explains how individual features contribute to the fraud probability.

3. Transaction Scoring using Apache Flink:

e Ascoring function is applied using Flink to process large volumes of streaming data is given in equation

(8).

¢; = Zsemp)
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RiskScore = Y, W; X Feature ; ®)
where W; are pre-trained model weights for each fraud-related feature.
3.5 Decision & Risk Management
The Decision & Risk Management module dynamically adjusts fraud detection thresholds based on risk
assessment using Reinforcement Learning (RL).
1. Risk-Based Authentication (RBA) Adjustment:
e  The system uses a threshold function is given in equation (9).
Toew = Toig + a( RiskScore — Target ) )
where « is the learning rate.
2.  Reinforcement Learning for Fraud Detection Optimization:
e  (Q-learning is used to improve fraud decision policies is given in equation (10).
Q(s,a) =Q(s,a)+«a [r + yn}lz;le(s', a) —Q(s, a)] (10)
where Q (s, a) is the reward function, and y is the discount factor.
3. Adaptive Threshold Adjustment:
e If a false positive is detected, the decision threshold is increased, and if a fraud is missed, the threshold

is decreased.

3.6 Cloud Storage

All fraud detection results, flagged transactions, and risk scores are securely stored in cloud databases for further
analysis and auditing. Amazon Aurora, Google Big Query, and Snowflake are used for scalable and encrypted
storage. The storage module supports querying, backup, and GDPR compliance. Data encryption is enforced using
AES-256 encryption, and access control is implemented using IAM policies to protect sensitive financial data
from breaches.

4. RESULT
Comparison of Model Evaluation Metrics
0] 099 0.97 0.95 0.98
» 0.8
@
£
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Model Evaluation Metrics

Figure 2: Model Evaluation Metrics Comparison

Figure 2 presents a comparison of model evaluation metrics, including Accuracy, Precision, Recall, and F1 Score.
The model achieves 99% Accuracy, indicating its overall correctness, while 97% Precision reflects its ability to
correctly identify fraudulent transactions. The 95% Recall shows its effectiveness in detecting actual fraud cases,
and the 98% F1 Score highlights a strong balance between Precision and Recall. These values demonstrate the
model's high efficiency in fraud detection.

IJETRM (http://ijetrm.com/) [69]


https://www.ijetrm.com/
http://ijetrm.com/

Volume-03 Issue 10, October-2019 ISSN: 2456-9348
Impact Factor: 4.520

IJETRM

International Journal of Engineering Technology Research & Management
Published By:
https://www.ijetrm.com/

Latency Over Time

2400

2300 -

2200

2100

Average latency (ms)

2000

2 1 6 8 10
Time interval (s)

Figure 3: Latency Variation Over Time Intervals

Figure 3 illustrates the variation in average latency (ms) over time intervals (s). Initially, latency starts at 2000 ms
and rises gradually, peaking at 2400 ms around the 6-second mark. After reaching this peak, latency declines
steadily, reaching 2050 ms at 10 seconds. The red line represents the latency trend, while the shaded blue region
indicates a confidence interval, showcasing minor fluctuations around the main trend. This analysis helps in
understanding latency behaviour in processing.

4. CONCLUSION

This study proposed an Al-powered fraud detection framework for cloud-based e-commerce, integrating data
ingestion, pre-processing, feature engineering, fraud classification, risk scoring, and adaptive decision
management to enhance fraud prevention. The model achieved 99% Accuracy, 97% Precision, 95% Recall, and
98% F1 Score, ensuring high detection performance with minimal false positives. Latency analysis showed a peak
of 2400 ms at 6 seconds, reducing to 2050 ms at 10 seconds, supporting fraud detection. Future work includes
leveraging Graph Neural Networks (GNNs), Federated Learning, Edge Computing, Blockchain-based fraud
prevention, and Quantum Cryptography to enhance security and scalability. Adaptive Risk-Based Authentication
(RBA) and Explainable Al (SHAP, LIME) will refine decision-making, while multi-factor authentication (MFA)
and biometric verification will strengthen fraud prevention. Deploying lightweight AT models at the edge will
further reduce latency. These advancements will ensure a scalable, low-latency, and highly secure fraud detection
system for cloud-based e-commerce platforms.
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