European Journal of Computer Science and Information Technology,13(3),79-90, 2025
Print ISSN: 2054-0957 (Print)
Online ISSN: 2054-0965 (Online)

Website:

Publication of the European Centre for Research Training and Development -UK

Leveraging Cloud Al for Real-time Fraud Detection
and Prevention in Financial Transactions

Kuthalingam Sankaralingam
MCA, Cloud Architect in Fintech

doi: https://doi.org/10.37745/ejcsit.2013/vol13n37990 Published March 29, 2025

Citation: Sankaralingam K. (2025) Leveraging Cloud Al for Real-time Fraud Detection and Prevention in Financial
Transactions, European Journal of Computer Science and Information Technology,13(3),79-90

Abstract: Financial fraud has increasingly become sophisticated, making it imperative for
organizations to implement advanced, scalable solutions for real-time detection and prevention.
Cloud-based artificial intelligence (Al) offers financial institutions a powerful advantage,
enabling them to analyze vast transaction datasets, swiftly detect anomalies, and effectively
mitigate fraudulent activities. This paper confidently demonstrates how Amazon Web Services
(AWS) serves as a robust Al-driven framework for fraud detection, harnessing the capabilities of
machine learning (ML), anomaly detection, and real-time analytics. We will thoroughly examine
critical AWS services, including Amazon SageMaker for streamlined model development, Amazon
Fraud Detector for utilizing pre-built ML models specifically designed for fraud detection, AWS
Lambda for efficient serverless computing, and Amazon Kinesis for seamless real-time data
processing. The integration of these services within the financial ecosystem will be explored,
alongside a candid discussion of the challenges associated with implementing such advanced
technologies. Additionally, we will present compelling strategies and relevant data to showcase
the efficacy of AWS Al solutions in combating financial fraud. An insightful analysis of emerging
trends and best practices in Al-driven fraud prevention will round out the discussion, providing a
comprehensive overview of the future landscape in this critical area.

Keywords: cloud Al, Fraud detection, financial transaction, prevention, machine learning,
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INTRODUCTION

Background on Financial Fraud

Global fraud losses surpassing $32 billion in 2023: According to the Nilson Report, payment
card fraud losses worldwide reached $33.83 billion in 2023, marking a 1.1% increase from the
previous year [1].
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Vulnerabilities introduced by the shift to digital transactions: The paper "Financial Fraud: A
Review of Anomaly Detection Techniques and Applications™ discusses how the shift towards
digital transactions has introduced vulnerabilities that malicious actors exploit [2]

Evolution of fraudulent activities leveraging advanced techniques: The article "Fraudulent
Transaction - an overview™ highlights how fraudulent activities have evolved from simple scams
to complex operations, utilizing automation, Al, and social engineering to evade detection [3].
Cybercriminals utilize advanced tactics including credential stuffing, card-not-present fraud, and
Al-enhanced bot attacks to circumvent conventional security measures. Consequently, it is
imperative for financial institutions to implement Al-powered fraud detection systems that can
process real-time data streams and identify anomalous behaviors, effectively preventing potential
financial losses before they occur.

Importance of Real-time Fraud Detection

Fraudulent transactions can occur within seconds, underscoring the critical need for real-time
detection to prevent financial loss and safeguard reputational integrity. Al-driven solutions have
the capacity to process millions of transactions per second, allowing for the immediate
identification of suspicious activities while significantly reducing false positives [7]. In contrast,
traditional batch-based fraud detection methods are increasingly inadequate, lacking the agility
essential for timely fraud detection and mitigation.

The consequences of delayed detection can include substantial financial losses, diminished
customer trust, and potential legal ramifications. Implementing Al-enhanced fraud detection
systems enables a proactive approach wherein suspicious transactions can be identified and
blocked prior to completion. By leveraging real-time monitoring and machine learning-based
anomaly detection, financial institutions can effectively reduce fraud-related costs and enhance the
security of their customers.

AWS Cloud Al for Fraud Detection

AWS offers a robust and scalable cloud computing framework integrating advanced Al and ML
functionality to enhance fraud detection mechanisms. Key services such as Amazon Fraud
Detector, SageMaker, and Kinesis enable financial institutions to automate and scale their fraud
prevention strategies effectively [5].

With its pay-as-you-go pricing model, AWS allows institutions of varying sizes to access
sophisticated fraud detection capabilities without substantial upfront infrastructure costs. The
platform also provides seamless integration with third-party applications, facilitating efficient data
ingestion and processing from diverse sources.

Moreover, the cloud-native architecture of AWS supports the deployment of fraud detection
models across global financial networks. This setup ensures not only scalability and high
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availability but also adherence to regulatory frameworks like PCI DSS and GDPR, making it a
comprehensive solution for modern financial environments.

LITERATURE REVIEW

Current research on fraud detection has primarily focused on rule-based approaches, which are
often characterized by high false positive rates and a limited capacity to adapt to evolving fraud
tactics [4]. In contrast, more recent studies have highlighted the significant potential of Al-driven
models, particularly those employing deep learning and anomaly detection techniques, to
effectively identify complex patterns of fraud [7]. The exploration of cloud-based Al solutions,
particularly those provided by AWS, remains limited and warrants further investigation into their
scalability and effectiveness in real-time fraud detection [6].

Several studies emphasize the advantages of integrating Al with cloud computing to enhance fraud
detection capabilities. The adoption of federated learning, explainable Al, and automated risk
scoring has been shown to improve the accuracy and adaptability of fraud detection systems.
Additionally, research indicates the importance of harmonizing Al models with human expertise
to refine detection strategies and minimize false positives [7].

Financial Fraud and Traditional Detection Approaches

Types of Financial Fraud
% ldentity Theft — Unauthorized access to accounts through stolen credentials [4].
« Credit/Debit Card Fraud — Stolen card details used for fraudulent purchases [7].
< Phishing Attacks — Fraudulent emails or websites trick users into revealing
credentials [6].
< Insider Fraud — Employees manipulating transaction data for personal gain.
< Account Takeover — Cybercriminals gain control of a user’s financial account
through hacking or social engineering.
< Synthetic Fraud — Fraudsters create fake identities using real and fabricated
information.
% Wire Transfer Fraud — Unauthorized funds transfers initiated through
compromised accounts.
E-commerce Fraud — Fake purchases, chargebacks, and fraudulent refund claims.
Loan Fraud — Fraudulent loan applications with stolen or synthetic identities.

O O
X X4

Limitations of Traditional Fraud Detection

Traditional fraud prevention mechanisms predominantly utilize rule-based engines, which exhibit
significant limitations in their effectiveness against sophisticated and evolving fraud strategies.
These systems are prone to generating a high rate of false positives, ultimately necessitating
manual interventions that compromise overall response times [6]. The dynamic nature of fraud
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patterns further exacerbates this issue, as static rule-based frameworks struggle to keep pace with
the continuous evolution of fraudulent tactics [7]. Moreover, many financial institutions continue
to depend on dedicated manual fraud investigation teams, resulting in protracted delays when it
comes to detecting and addressing fraudulent transactions.

AWS Al-driven Fraud Detection Framework

Amazon SageMaker for Fraud Detection

Amazon SageMaker is an advanced machine learning (ML) platform designed to streamline the
end-to-end ML lifecycle, encompassing data preparation, model training, deployment, and
ongoing monitoring. It empowers financial institutions, including banks and credit card firms, to
develop, train, and deploy complex ML models specifically for fraud detection applications. The
platform is equipped with an array of tools and services that accommodate both supervised and
unsupervised learning methodologies, making it versatile for a variety of fraud detection scenarios.
Financial entities can utilize SageMaker’s built-in algorithms and pre-configured environments to
train models on historical labeled datasets containing fraudulent and legitimate transaction records.
These datasets typically encompass transaction features such as amount, merchant characteristics,
user geolocation, and behavioral history. By employing supervised learning techniques—ranging
from decision trees to deep learning architectures—SageMaker enables the development of highly
accurate models capable of real-time classification of transactions, effectively differentiating
between legitimate and fraudulent activities with high fidelity [5].

Moreover, SageMaker enhances the model deployment process, facilitating the seamless
integration of fraud detection models into production systems. Post-deployment, these models can
be continuously monitored and retrained as needed to stay aligned with evolving fraud tactics,
ensuring sustained robustness in detecting new types of fraudulent behavior. SageMaker's
extensive scalability also allows institutions to efficiently manage increased transaction volumes,
ensuring model performance remains consistent even with large datasets.

Case Study for Fraud Detection Framework Using SageMaker
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Amazon Fraud Detector

Amazon Fraud Detector is a robust, fully managed service engineered to automate the detection
and prevention of online fraud through advanced machine learning techniques. It leverages a
sophisticated suite of machine learning models to identify anomalous activities and transactions
that deviate from established behavioral baselines, thereby safeguarding both businesses and
consumers against various fraudulent threats. Target sectors including banking, e-commerce,
insurance, and gaming benefit significantly from this service, as it addresses critical issues such as
identity theft, payment fraud, and account takeovers.

Users can develop tailored fraud detection models with minimal machine learning expertise,
thanks to the platform’s intuitive interface. Businesses can conveniently upload their datasets and
define specific fraud detection criteria. The service autonomously selects and optimizes the most
suitable machine learning models based on the given data, ensuring an effective fraud detection
solution. A notable feature of Amazon Fraud Detector is its ability to perpetually enhance its
models; it adapts in response to the emergence of new fraud patterns by retraining with updated
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datasets, thereby empowering organizations to maintain a proactive stance against evolving fraud
tactics [6].

The fraud detection mechanism integrates both supervised learning and advanced anomaly
detection methodologies. The service employs historical data to automatically flag suspicious
transactions, assigning a granular fraud risk score to each. This scoring system enables
organizations to establish thresholds for automatic transaction approvals or rejections. Moreover,
Amazon Fraud Detector can seamlessly integrate with a suite of other AWS services, such as
Amazon SNS (Simple Notification Service) and AWS Lambda, facilitating real-time alerts and
automated operational responses, thus delivering a comprehensive fraud prevention framework.

Example Scenario: Online Payment Fraud Detection

Imagine an e-commerce platform where customers purchase products using credit cards.
Fraudsters might attempt to use stolen credit card details for unauthorized transactions. Amazon
Fraud Detector can help prevent these fraudulent transactions before they happen.

Step-by-Step Flow
1. Data Collection:

o The system collects transaction details such as user ID, device information, IP
address, and payment method.
2. Feature Engineering:

o Extracts key patterns like frequency of transactions from the same card, past user
behavior, and geolocation inconsistencies.
3. Fraud Detection Model:

o Amazon Fraud Detector analyzes these patterns using machine learning models
trained on past fraud cases.
4. Risk Score Assignment:

o The system assigns a fraud risk score to the transaction based on probability.
o Example:
m Low Risk (<30%) — Approve Transaction

m  Medium Risk (30-70%) — Require Additional Verification
m High Risk (>70%) — Decline Transaction
5. Action Execution:

o Ifatransaction is flagged as high risk, it is automatically declined, or a security
challenge (e.g., OTP verification) is triggered.
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This system enables businesses to reduce fraud, minimize chargebacks, and protect genuine users
from unauthorized transactions.

Real-time Anomaly Detection with Amazon Kinesis

Amazon Kinesis is a robust suite of services designed for the real-time ingestion, processing, and
analysis of extensive data streams. Its pivotal role in fraud detection is underscored by its ability
to facilitate instantaneous analysis of transaction data as it flows in, thereby enabling the swift
identification of anomalies indicative of fraudulent activities. By leveraging real-time stream
processing, Kinesis effectively uncovers deviations from established behavioral patterns,
empowering organizations to initiate automated responses within milliseconds [7].

This timeliness in detecting and responding to fraudulent activities is critical for minimizing
potential losses and thwarting subsequent fraud attempts. Kinesis seamlessly integrates with
various AWS services, including Amazon SageMaker for sophisticated model training and AWS
Lambda for serverless automation, creating a cohesive ecosystem for real-time fraud mitigation.

85



European Journal of Computer Science and Information Technology,13(3),79-90, 2025
Print ISSN: 2054-0957 (Print)
Online ISSN: 2054-0965 (Online)

Website:

Publication of the European Centre for Research Training and Development -UK

For instance, real-time transaction data processed by Kinesis can be directed to a fraud detection
model developed in SageMaker. Should the model flag a transaction as anomalous, Kinesis can
promptly trigger alerts or actions, such as account freezes or prompting additional customer
verification.

Furthermore, Kinesis affords advanced analytics and machine learning capabilities, enabling
continuous oversight of large transaction datasets. This proficiency not only allows financial
institutions to detect evolving fraud patterns proactively but also equips them to respond with
agility. The capacity to analyze and process high volumes of data in real-time positions Amazon
Kinesis as an indispensable component of contemporary fraud detection frameworks.

Example: Detecting Fraudulent Financial Transactions
Step-by-Step Framework:
Data Collection (Kinesis Data Streams):

o We capture real-time transactional data, such as:
m Transaction amount
m Customer ID
m Location (e.g., city, country)
m Transaction type (purchase, withdrawal, etc.)

o These transactions are sent to Amazon Kinesis Data Streams, where they are
ingested and made available for real-time processing.

Data Processing (Kinesis Data Analytics):

o The data ingested by Kinesis is processed by Kinesis Data Analytics. Here we
can use SQL or Apache Flink to perform:
m Feature engineering (e.g., calculating average transaction amount, time
intervals between transactions, etc.)
m Statistical transformations (e.g., detecting sudden spikes or outliers in
transaction amounts)
m Aggregation of transaction details for each customer or card in real-time.

Anomaly Detection (Amazon SageMaker or Custom ML Model):
o The processed data (now with engineered features) is fed to an anomaly
detection model. This model is either a:

m Pre-trained model in SageMaker or
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m Custom ML model (e.g., Isolation Forest or Autoencoders) deployed on
SageMaker.

o The model identifies whether a transaction is anomalous (e.g., a very large
purchase made from a foreign location within a short time).

o Ifatransaction is flagged as anomalous, the system marks it as potentially
fraudulent.

Triggering Actions (Kinesis Data Firehose & Lambda):
o Ifananomaly is detected:

m Kinesis Data Firehose stores the flagged transaction in Amazon S3 for
further analysis or investigation.
m  AWS Lambda is triggered to take immediate actions like:

m Sending an alert (e.g., an email or SMS to the fraud detection
team).

m Blocking or flagging the transaction in the transaction processing
system.
m Storing the flagged transaction for review by human analysts.
Monitoring and Reporting (CloudWatch & QuickSight):

o Amazon CloudWatch is used to monitor the health of the system and track key
metrics (e.g., the number of flagged anomalies per minute).

o Amazon QuickSight is used to create dashboards that visualize trends in
fraudulent activity and monitor the performance of the detection system over
time.

Case Study: Real-Time Anomaly Detection for Fraudulent Transactions
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AWS Lambda for Serverless Fraud Detection

AWS Lambda constitutes a serverless computing service that empowers users to execute code in
response to specific events without the necessity of provisioning or managing physical servers.
This functionality is particularly advantageous in the domain of fraud detection, where rapid and
automated responses are crucial for addressing suspicious transactions in real time. AWS Lambda
facilitates the development of highly scalable fraud detection systems, alleviating the challenges
associated with server management. This characteristic is especially relevant in industries such as
finance, where transaction volumes can experience significant fluctuations.

In the context of fraud detection, AWS Lambda can be employed to execute fraud detection models
instantaneously upon the occurrence of a transaction. For instance, when a customer initiates a
transaction, an event may trigger a Lambda function that operates a machine learning model to
evaluate the transaction as either legitimate or potentially fraudulent. If the transaction is identified
as suspicious, Lambda can promptly initiate actions such as notifying a fraud analyst, freezing the
transaction, or necessitating additional customer authentication. The serverless architecture of
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Lambda ensures efficient resource utilization, automatically scaling resources in response to
transaction fluctuations.

Furthermore, AWS Lambda integrates seamlessly with a variety of other AWS services, such as
Amazon Kinesis for real-time data streaming, Amazon SNS for notifications, and Amazon S3 for
the storage of transaction data. This integration fosters the development of a cohesive and
responsive fraud detection system capable of scaling to accommodate even the most substantial
transaction loads while maintaining minimal latency in decision-making processes. The event-
driven model of Lambda guarantees high responsiveness in fraud detection, enabling businesses
to act swiftly and mitigate potential significant financial losses.

CONCLUSION AND FUTURE WORK

AWS Cloud Al provides a robust, scalable framework for executing real-time fraud detection in
financial transactions. Upcoming advancements in areas such as blockchain, federated learning,
quantum computing, and predictive analytics are expected to significantly bolster fraud prevention
mechanisms. Future research initiatives should focus on leveraging federated learning for
collaborative fraud detection across banking institutions and on developing real-time Al systems
that adapt dynamically to novel fraud strategies [7]. Additionally, the integration of explainable
Al (XAI) will play a pivotal role in ensuring transparency and adherence to regulatory standards
in Al-driven fraud detection frameworks.

REFERENCES

[1] Nilson Report. “Card Fraud Losses Worldwide in 2023 - Nilson Report.” Nilson Report, 19
Dec. 2024, nilsonreport.com/articles/card-fraud-losses-worldwide-in-2023.

[2] Hilal, Waleed, et al. “Financial Fraud: A Review of Anomaly Detection Techniques and
Recent Advances.” Expert Systems With Applications, vol. 193, Dec. 2021, p. 116429.
https://doi.org/10.1016/j.eswa.2021.116429.

[3] Wang, Lizhi, et al. “A Deep-forest Based Approach for Detecting Fraudulent Online
Transaction.” Advances in computers, 2020, pp. 1-38.
https://doi.org/10.1016/bs.adcom.2020.10.001.

[4] Bhattacharyya, Siddhartha, et al. “Data Mining for Credit Card Fraud: A Comparative
Study.” Decision Support Systems, 2011, euro.ecom.cmu.edu/resources/elibrary/epay/1-
§2.0-S0167923610001326-main.pdf.

[5] “Real-time Fraud Detection Using AWS Serverless and Machine Learning Services |
Amazon Web Services.” Amazon Web Services, 10 Mar. 2023,
aws.amazon.com/blogs/machine-learning/real-time-fraud-detection-using-aws-serverless-
and-machine-learning-services.

[6] Mallela, None Indra Reddy, et al. “Machine Learning Applications in Fraud Detection for
Financial Institutions.” Deleted Journal, vol. 12, no. 3, Sept. 2024, pp. 711-43.
https://doi.org/10.36676/dira.v12.i3.130.

89


http://nilsonreport.com/articles/card-fraud-losses-worldwide-in-2023

European Journal of Computer Science and Information Technology,13(3),79-90, 2025
Print ISSN: 2054-0957 (Print)
Online ISSN: 2054-0965 (Online)

Website:

Publication of the European Centre for Research Training and Development -UK

[7] Yusuff, Mariam. “Al-Driven Fraud Detection in Financial Transactions.” ResearchGate,
Dec. 2023, www.researchgate.net/publication/387556269 Al-
Driven_Fraud_Detection_in_Financial_Transactions.

[8] What Is Amazon Kinesis Data Streams? - Amazon Kinesis Data Streams.
docs.aws.amazon.com/streams/latest/dev/introduction.html.

[9] What Is Amazon Kinesis Data Analytics for SQL Applications? - Amazon Kinesis Data
Analytics for SQL Applications Developer Guide.
docs.aws.amazon.com/kinesisanalytics/latest/dev/what-is.html.

[10] What Is AWS Lambda? - AWS Lambda.
docs.aws.amazon.com/lambda/latest/dg/welcome.html.

[11] What Is Amazon CloudWatch? - Amazon CloudWatch.
docs.aws.amazon.com/AmazonCloudWatch/latest/monitoring/WhatlsCloudWatch.html.

[12] What Is Amazon QuickSight? - Amazon QuickSight.
docs.aws.amazon.com/quicksight/latest/user/welcome.html.

[13] “Guidance for Fraud Detection Using Machine Learning on AWS.” Amazon Web Services,
Inc., aws.amazon.com/solutions/guidance/fraud-detection-using-machine-learning-on-
aws.

90



