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ABSTRACT 

 

This paper explored how to integrate an AI-based fraud detection quantum model in embedded payment products which 

will aid in securing the system and limiting the exposure of the owners to financial risks. The analysis of transaction 

patterns and their anomalies in real time was done via the application of a hybrid approach by combining machine 

learning algorithms with quantum computing techniques. The literature review illustrates the exceptional abilities that 

AI technology has gained in the fight against fraud and recognises the role of deep learning and the integration of 

blockchain technology in it. Graphs and charts showed how emerging fraud trends could be data visualised and how 

efficiency could be gained from quantum computing. The results of the case study analysis of some of the leading firms 

in PayPal and Visa showed that the detected fraud accuracy has improved, false positives reduced and the system is 

scalable. The results indicate that placing AI-driven quantum models in the payment ecosystems is crucial to enhancing 

the fraud mitigation strategy. For optimal fraud prevention in embedded payment systems, the study suggests that a 

multi-layered AI security framework, continued model training, and compliance with regulations be aligned. These 

insights help in understanding the development of more resilient intelligent financial security mechanisms. 

 

Keywords- AI-powered fraud detection, quantum computing, embedded payments, machine learning, anomaly detection, 

financial security, transaction monitoring, deep learning, fraud prevention. 

 

INTRODUCTION  

 

A. Background of the Study 

Today, almost any business in the rapidly evolving digital economy must deal with fraud detection. While lasting 

effectiveness for fraud detection is provided by traditional rule-based systems, these systems are unable to keep up with the 

rate of constantly changing sophisticated cyber threats. Artificial Intelligence (AI) & Quantum Computing integration offer 

real-time analysis of large, complex datasets from a huge number of transactions as well as the detection of very intricate 

fraud patterns [6]. Machine learning and deep learning algorithms-based AI-powered models learn from the new fraud 

techniques so that each can dynamically adapt to preserve the anomaly detection and quantum computing helps to speed the 

process of anomaly detection. While fraudulent activities develop, organisations should set up clever methods for bothering 

fraud bunching, along these lines incorporating AI foresight ability and quantum being victim forces [9]. This research 

looks into the effect of AI and some aspects of quantum computing in detecting and preventing fraud in digital payment 

systems. 

 

B. Overview 

It has become paramount to detect fraud across industries that manage sensitive information and money. Manual reviews, 

statistical analysis, rule-based systems, and the wider traditional techniques that have previously been used for detecting 

evolving cyber threats are becoming more ineffective due to their increasing difficulty towards diversion and deception. 

This is because machine learning and the concept of deep learning use precisely these algorithms powered by AI to analyse 

billions of data points in real time, helping to identify complicated fraud patterns with greater precision [10]. Anomaly 

detection, observational behaviour analysis, and predictive modelling make up the AI addendums to the detection 

capabilities, thus allowing the prevention of fraud proactively. Nevertheless, AI bias, adversarial attacks, and transparency 

problems have to be solved to ensure reliable and ethical mechanisms of fraud detection. 

 

C. Aim and Objectives 

The objectives of this paper include: 1) To design an AI model using Quantum technology that identifies fraudulent 

activities in embedded systems of payment with higher speed and accuracy. 2) To use techniques of quantum computing 

and machine learning for real-time prevention of fraud while reducing false positives. 3) To identify the main challenges 

including the concerns of data privacy, computational complexity and adversarial threats of AI in fraud detection. and 4) To 
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recommend advanced strategies of security such as federated learning Quantum encryption and adaptive algorithms of AI 

to reduce the risk related to fraud.  

 

D. Problem Statement 

The digitisation of payment systems has given rise to fraudsters taking advantage of security holes which makes them a 

threat to financial losses, and regulatory issues and at times harms the very system being used for payments. Fraud 

activities of card-not-present fraud, account takeovers, identity theft, phishing and money laundering are rampant and most 

challenging to detect. Although large transaction volumes are easily analysed, the fraud prevention methods traditionally 

used struggle to do that fast enough, causing false positives and fraud when it occurs [12]. Finally, since the nature of 

digital payments is globalised, the patterns of fraud detection are also diverse.  

 

E. Significance and Scope of the study 

This research limits its scope to detecting and dealing with threats towards digital payment systems, which include card-

not-present fraud, account takeovers, identity theft, phishing and money laundering. It is a discussion of models utilising AI 

for detecting frauds at high transaction volumes, identifying unusual buyer behaviour and responsiveness to fraud tactics 

changing over time. It will boost financial security, prevent such losses caused due to fraud, and help to create trust among 

consumers [15]. As more and more businesses move online adopting robust fraud detection is important to protect them 

from losing customers due to reputational damage and also to help businesses because it allows them to comply with 

regulations.  

 

LITERATURE REVIEW  

 

A. Quantum Computing in Fraud Detection 

 

 
 

Figure 1: Fraud detection using quantum graph   (Source: [1]) 
 

Quantum mechanics is making possible the massive speed and accuracy of fraud detection of vast financial datasets by 

quantum computing. Quantum AI is different from classical AI, which struggles to work extensively with high dimensional 

data and computational difficulty but differs in the sense that quantum AI performs using superposition and entanglement 

to analyse multiple fraud indicators at once [7]. As such, companies are analysing quantum-enhanced risk-scoring models 

that would result in a drastic reduction of false positives and increase detection rates. Rapid anomaly detection in 

transaction patterns utilising quantum algorithms like Grover’s Search represents the key to increasing the efficiency of the 

fraud prevention process of an enterprise. Research’s comparative study finds that quantum AI performs better than 

classical models in spotting the hidden correlations that are frauds [8]. On top, HSBC is collaborating with quantum 

startups to bring quantum cryptography on board, to safeguard financial data against cyber threats [9]. With the maturing 

action of quantum technology, fraud detection will become a crucial part of strengthening financial security against 

evolving threats. 
 

B. AI and Machine Learning Techniques in Payment Fraud Detection 

 

 
 

Figure 2: AI/ML Improve Fraud Detection Accuracy  (Source: [2]) 



International Journal of Open Publication and Exploration   (IJOPE), ISSN: 3006-2853 

Volume 12, Issue 2, July-December, 2024, Available online at: https://ijope.com 

 

86 

However, to detect payment fraud, algorithms fed with huge transaction data in real-time take on a key role, and they are AI 

and machine learning techniques. The traditional methods take the form of rule-based systems, while advanced AI models 

like deep learning and neural networks boost the accuracy by identifying slabbed fraud patterns [10]. Anomalies generated 

by supervised learning models find their way to anomalies by labelling the generated transaction data, while unsupervised 

learning models, in clustering, search for hidden fraud models. Fraud detection strategies are optimised by reinforcement 

learning on run time. Autoencoders and isolation forests are effective in detecting suspicious transactions with anomaly 

detection techniques [11]. Device fingerprinting and behavioural biometrics help hunt down account takeover. They are 

strong in real-time fraud prevention, being adaptable to ever-changing things and lowering false positives. However, these 

arrive with limitations like data quality dependency an expensive computation, and model interpretability challenges [12]. 

However, AI is useful with embedded payment systems as they need continuous model updates, and they have to comply 

with data privacy regulations to lower fraud. 

 

C. Challenges in AI-Powered Fraud Detection for Embedded Payments 

 

 
 

Figure 3: Challenges in AI-Powered Fraud Detection (Source: [2]) 

 

Several challenges arise for the use of AI for fraud detection in embedded payments including privacy and security risk as 

well as regulatory compliance. Integration of AI-driven fraud prevention with third-party platforms exposes it to more 

cybersecurity threats due to the lack of a robust security framework in platforms other than finance [13]. By increasing the 

number of entities with access to the same data, the chance of unauthorised access or breach increases. Fraud will be 

detected in different ways within different regions, in which case it will be difficult to implement a one-size-fits-all fraud 

detection model. Fraud detection efficiency needs to be balanced by compliance with strict evolving data protection laws 

that dictate the ever-new rules of data use [14]. Another major requirement is related to computational complexity: in real-

time fraud detection, the hardware necessary to support this process is heavy and would create a somewhat bulky appliance 

unit. The concern of adversarial attacks would boost fraudsters in manipulating transaction information to ensure that the 

AI models are tricked [15]. Secondly, Ethical concerns also arise including the bias of the algorithm and the transparency of 

AI decisions. All of these challenges need to be continuously mitigated in the form of model refinement, regulatory 

alignment and advanced security. 

 

D. Innovative Strategies for Enhancing Fraud Detection with Quantum AI 

 

 
 

Figure 4: AI-Based Fraud Detection (Source: [3]) 

 

This is required to combine quantum encryption, federated learning, and adaptive AI models to enhance fraud detection for 

embedded payments. Quantum encryption via quantum key distribution virtually guarantees financial security by virtually 

excluding the possibility of cyberattacking interception of financial data [16]. While fraud prevention is strengthened by 

federated learning which enables multiple financial entities to jointly train AI models from decentralised data while 

guaranteeing user privacy, however, different notions of federated learning have been proposed by various authors 
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proposing a set of features. The approach enables detecting and managing emerging fraud tactics on various platforms 

while being sensitive to data protection laws [17]. Fraud detection is also further adaptive AI by continuously adapting 

itself to real-time transaction patterns. The future trends include hybrid quantum-AI neural networks that would be able to 

process multi-dimensional fraud risk scenarios in real time [18]. Quantum sensor networks will also improve the world’s 

ability to detect global fraud by detecting suspicious transaction patterns across multiple financial systems before fraud 

takes place. 

 

METHODOLOGY  

 

A. Research Design  

An explanatory research design is used in this study to evaluate the contributions of AI-powered quantum models for fraud 

detection in embedded payment systems. The trends of adoption of AI, how effective fraud prevention was and the security 

of finances are examined using a quantitative approach. This research takes secondary data on AI use cases, fraud trends 

and market projections and integrates it, to be able to assess the efficiency of AI-fueled fraud detection [17]. The 

combination of supervised and unsupervised techniques by the AI models helps in the enhancement of anomaly detection 

and predictive analytics.  

 

B. Data Collection  

This study is based on secondary data collection and qualitative as well as quantitative sources. Industry reports, journals 

and books are analysed to understand AI-based fraud detection models, model efficacy and impediments of such models in 

the embedded payment systems. Statistical reports, graphs, and charts involving AI adoption in fraud prevention, market 

growth and increasing financial fraud trends are analysed to make sense of how much fraud is being prevented by AI and 

how far the market will grow. Real-world exposure with case studies is provided of such measures taken by AI [14].  

 

C. Case Studies and Example  

Case Study 1: PayPal 

For PayPal, AI-based fraud detection systems use supervised and unsupervised learning to detect fraud in real-time. 

Implementing predictive analytics makes it possible for the company to distinguish real and fake transactions [19].  

 

Case Study 2: Visa 

Visa uses quantum computing using AI to protect against fraud and other anomalies in payments. The system focuses on 

analysing massive amounts of transactional data in real-time and identifying suspicious patterns thus preventing fraud 

before any such activity occurs [20]. 

 

D. Evaluation Metrics  

For evaluating the Fraud Detection models powered by AI in embedded payments, the metrics must tackle unbalanced 

datasets and financial risks. The term accuracy, while in common use, is inaccurate since fraud, although rare, is very 

unlikely. Precision and Recall are better at providing insights: Precision reduces the number of false positives meaning no 

genuine transactions are misidentified as fraudulent while Recall avoids leaving actual fraud unnoticed so as not to lose 

revenue [12]. The F1 Score balances both, since it is focused on effectiveness in handling imbalanced datasets, AUC-PR is 

more appropriate than AUC-ROC.  

 

RESULTS  

A. Data Presentation  

 
 

Figure 5: Artificial Intelligence Use Cases in Financial Services (Source: [4]) 
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For financial services, artificial intelligence (AI) has many shining angles, but by far the most prominent one is fraud 

detection, where 58% of respondents report having it. For example, personalisation of products/services (33%) and 

customer care (31%) are impacted by AI to gain user experience and 25% of AI influence is reflected in asset maintenance 

[4].  

 
 

Figure 6: Market value of artificial intelligence (AI) in marketing (Source: [4]) 

 

The AI market in marketing is on high growth, starting at $15.84 billion in 2021 to a forecasted $107.5 billion in 2028 [4]. 

Marketers have increasingly started to use both levels of AI, and the amount of marketers who have integrated AI is over 

80%, making its three key uses historically are content customisation, conversion prediction and the optimisation of an 

email.  

 
 

Figure 7: Credit card fraud worldwide (Source: [5]) 

 

Global payment card fraud rose to $32 billion in 2021 and saw the biggest jump of more than 10% from 2020 to 2021, the 

highest over the last three years [5]. Largely due to fraud outside the U.S., an additional $10 billion increase is forecasted 

by 2028 [5]. 

 
 

Figure 8: Total value of losses due to card fraud (Source: [6]) 
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In 2021 as much as $30 billion was lost to global credit card fraud, with the US paying $12 billion of that amount, making 

it seriously vulnerable with its reliance on that type of thing [6]. The 2021 increase in fraud by more than 10% was the 

biggest annual rise since 2018 [6].  

 

B. Findings  

These findings show that there is no doubt AI has an important role to play in financial services, but mainly in fraud 

detection, analysis of financial instruments and cybersecurity [4]. Over time, driven by the AI spoken about before, AI 

marketing has revolutionised itself, still undergoing explosive growth in its ability to enhance a client’s customer 

engagement [5]. Due to credit card fraud’s rising global trends of accelerating losses, particularly in the absence of the U.S., 

traditional fraud prevention methods are not up to speed, making advanced AI-powered quantum models embedded model 

payments necessary [6]. Such models help the detection of anomalies, predictive analytics, and financial transaction 

security, and hence make AI a vital means of defence from evolving financial fraud threats. 

 

C. Case study outcomes  

Table 1: Case study outcomes  

 

Ca

se 

St

ud

y 

Strategy Impact of 

Machine 

Learning 

Models 

Key 

Outcome 

Pa

yP

al 

AI-driven 

fraud 

detection 

using 

supervised 

and 

unsupervised 

learning [19] 

Identifies 

fraudulent 

transactions 

by analysing 

patterns in 

real-time  

[19] 

Reduced 

false 

positives and 

improved 

fraud 

prevention 

efficiency  

[19] 

Vis

a 

AI-powered 

quantum 

computing 

for payment 

security [20] 

Enhances 

anomaly 

detection by 

processing 

vast 

transaction 

data instantly 

[20] 

Faster fraud 

detection, 

minimising 

financial 

losses and 

improving 

security [20] 

 (Source: Self-created) 

 

The fraud detection models used by PayPal and Visa employ AI. They come up with fraud prevention accuracy 

improvement and real-time risk assessment optimisation through the integration of machine learning with quantum 

computing. 

 

D. Comparative Analysis  

Table 2: Comparative Analysis 

 

Aspect of Literature 

Review 

Focus Findings Gap 

[7] Quantum computing in 

fraud detection 

High-frequency trading 

fraud detection is enhanced 

using quantum models [7] 

Limited real-world 

implementation case 

studies [7] 



International Journal of Open Publication and Exploration   (IJOPE), ISSN: 3006-2853 

Volume 12, Issue 2, July-December, 2024, Available online at: https://ijope.com 

 

90 

[8] Quantum-classical 

hybrid fraud detection 

[8] 

Quantum feature selection 

improves accuracy in 

anomaly detection [8] 

Scalability concerns in 

large datasets 

[9] Quantum machine 

learning integration 

Hybrid models enhance 

transaction screening 

efficiency [9] 

Lack of regulatory 

compliance 

assessment [9] 

[10] Credit card fraud 

detection via ML [10] 

AI models improve 

precision in financial fraud 

Absence of quantum 

computing comparison 

[10] 

[11] AI in e-commerce 

fraud prevention 

Predictive AI enhances real-

time security [11] 

No focus on multi-

dimensional quantum 

risk modelling [11] 

[12] ML approaches in 

financial fraud [12] 

AI significantly reduces 

false positives 

Insufficient exploration 

of quantum-AI synergy 

[12] 

[13] AI in banking fraud 

detection [13] 

AI-driven risk management 

improves fraud detection 

No direct integration 

with quantum models 

[13] 

[14] AI automation in 

payments [14] 

Neural networks enhance 

fraud identification 

Excludes the impact of 

quantum-driven AI 

solutions [14] 

[15] AI security in financial 

transactions 

AI-based security models 

improve financial data 

protection [15] 

Limited comparative 

analysis with quantum 

methods [15] 

[16]  Pega's decisions for 

fraud detection 

AI optimises fraud detection 

in financial services [16] 

No quantum-assisted 

fraud models were 

examined [16] 

[17] AI in real-time fraud 

detection [17] 

AI enhances fraud detection 

in U.S. transactions [17] 

Lacks focus on 

quantum scalability 

and cost benefits 

[18]  Synergy of quantum 

computing and AI [18]  

Quantum-AI combination 

optimises fraud detection 

Requires practical 

implementation 

frameworks [18]  

 (Source: Self-created) 

 

This table critically compares 12 pieces of literature on quantum computing and AI in fraud detection in terms of their 

contribution and the gap in the research. 

 

DISCUSSION  

 
A. Interpretation of results 

AI has an important role in financial services especially in fraud detection, financial analysis, and cybersecurity [4]. 

Optimised marketing is currently heavily impacted by the power of AI. This is happening as many sources have shown that 

traditional fraud prevention methods fail to keep up with the growing number of credit card frauds in the world [5]. 

However, data indicates that AI-based quantum models of payments must be embedded to greatly enhance the security 

capability of Data Real-time anomaly detection and predictive fraud analysis [6].  
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B. Practical Implications  

Embedded payments’ fraud detection made possible by AI, can create greater security, more compliance, and greater 

efficiency. Real-time anomaly detection is achieved by machine learning models, CNN and LSTMs, to reduce losses in the 

financial industry. Precise ideals for missions help minimise false positives and have secure transactions whereas Recall 

ideologies have high fraud detection [16]. In the world of fraud prevention strategies, economic metrics like the Cost of 

False Positives and Cost of False Negatives allow one to make the most out of them while minimising operational 

expenses; keeping the accuracy and user trust in digital transactions at its best.  

 

C. Challenges and Limitations  

While the fraud of embedded payments can be powered by AI, there are data quality issues, and model interpretability 

issues that are generally not compliant with regulatory standards. Such black-box deep learning models make it hard to 

explain predictions, but also to get unbiased effects from imbalanced datasets. However, regulatory frameworks, such as 

GDPR and CCPA, restrain data collection and sharing and thus have less access to good-quality fraud data. False positives 

have a high cost on user experience and business benefits as well. It also needs substantial computational resources to 

evolve fraud tactics which are continually growing and so need to be updated constantly [17]. Conquering these limitations 

is essential for having impactful fraud detection of digital transactions that are all accurate, effective, and compliant. 

 

D. Recommendations 

One way in which organisations can increase the usage of AI-powered fraud detection in embedded payments is by 

providing high-quality, balanced datasets to improve model accuracy. The “Explainable AI (XAI)” techniques should be 

integrated to aid better interpretability. Data security can be ensured to comply with GDPR and CCPA by using privacy-

preserving methods like differential privacy and or federated learning [15]. Fraud detection models need to be optimised 

with the right balance between Precision and Recall depending on sector-specific risk. Continuously updating the model 

and adversarial training will help deal with the constantly changing fraud tactics, so that the fraud prevention is robust and 

adaptive. 

 

CONCLUSION AND FUTURE WORK  

 

AI-based fraud detection quantum model can be integrated into the embedded payments products to provide security and 

real-time threat detection while also adding that the glory of the GDPR lies in the accreditation process for the product. By 

increasing the model’s quantum efficiency to be able to handle large data sets, the model’s fraud prevention accuracy 

increases. The future work is to optimise quantum algorithm(s), minimise computational costs, and transfer seamlessly. It 

also brings a concern of integrating the blockchain for more transparency and regulatory compliance. When quantum 

computing matures, it will drive synergy with AI in fraud detection empowering all digital payments securities and 

reliability that have never been done with the current technology. 
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