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Abstract 

The operation of new digital financial systems is greatly simplified by the incorporation of AI and 

blockchain networks. However, the techniques criminals employ have evolved, creating distinct challenges 

for conventional fraud detection systems. The contribution of this research is a framework for financial 

ecosystems that incorporates edge AI technology with blockchain for heightened security, alongside 

Generative Adversarial Networks (GANs) and Graph Neural Networks (GNNs) for decentralised fraud 

detection and response. The model is trained on heterogeneous financial datasets through GNNs with a 

multi-dimensional performance index assessment which showed exemplary gains in accuracy of detection, 

latency, and adaptability to changing fraud countermeasures. Moreover, credibility blockchains enhance 

system integrity by fortifying security measures against data breaches, while Explanatory Artificial 

Intelligence fulfils the regulatory necessity. The model’s design provides flexibility and adaptability to 

increasingly advanced requirements, reinforcing resilience against modern threats to financial 

infrastructures.  
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1. Introduction 

Subtle fraud techniques like deep fake identity creations associated with bot assaults and more AI-modeled 

synthetic transactions are progressing at an unprecedented rate (Maria, 2025; Ashtiani, 2025). While 

embracing technology’s merits, institutions face a simultaneous surge in fraud activities and ruthless 

competition aimed at improving detection mechanisms. 

Fraud detection systems revolve around logical rules within basic statistical frameworks. These systems, 

which may have sufficed in the past, resistant to flexible modern adaptive or novel fraud attempts are 

becoming far too rigid. Each rule-based method implemented will always cease collaboration at a fixed 

threshold boundary utilising set default parameters—meaning no detection outside that is possible (Gupta 

& Aljohani, 2020). Moreover, static machine learning models using recorded datasets are another example. 

Such models typically struggle to keep up with the dynamically changing, real-time fraudulent patterned 

activities (Hu et al., 2021). Agility in evolving fraud tactics has amplified the need for advanced detection 

systems capable of staying one proactive step ahead. 

In relation to these challenges, the implementation of data-centric AI techniques seems to be a different 

strategy for resolving financial fraud (Ashtiani, 2025). This is different from model-centric techniques that 

focus on “training” an AI system which includes assimilating and processing data. Data-centric methods 

focus on the arrangement and composition of dataset(s) to improve the effectiveness and robustness of AI 

system (Ashtiani, 2025). This shift, alongside deep neural networks and graph-based learning, allows fraud 
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detection systems to detect nuanced behavioural changes in transaction reporting patterns. Some studies 

show that domain-rich data combined with adaptive algorithms greatly enhances the ability to identify 

fraudulent transactions in real-time (Zhang, H., & Li, 2021). 

Although AI-powered fraud detection systems are continuously improving, there are still numerous critical 

issues. One of the more noticeable gaps is the absence of a comprehensive unified framework which 

supports real-time detection and explainable decision-making. A number of contemporary techniques in 

predictive analytics seem to emphasise accuracy at the expense of interpretability, explainability, 

generalisability, operationalisation, and other important constructs. Furthermore, not many frameworks 

include adequate cryptographic mechanisms intended for protecting the integrity and auditability of data 

(Maria, 2025). This is especially true for highly regulated financial ecosystems that do not possess 

sophisticated yet simple automated fraud detection systems (Kumar, 2022). 

 

This study addresses these issues with three core contributions. First, it develops an edge AI-based fraud 

detection system using GANs and GNNs. Because of this integration, it is feasible to construct context-

sensitive synthetics frauds, perform deep analyses of relationships between transactions, and execute 

actions with minimal latencies at the edge. (Liu, Wu, & Chen, 2020; Mehmood, 2021). Second, it applies 

blockchain technology to the model for record immutability and verifiability, which is critical in other 

highly demanding business contexts. (Liu, Wu, & Chen, 2020). Third, it adds explainable AI for better 

compliance with governing norms as financial practitioners gain confidence in the model’s decisions 

enhancing trust and responsibility (Kumar, 2022; Wu, 2022). With these enhancements, the model becomes 

a more sophisticated and adaptive system effective against evolving deceitful practices in finance. 

 

2. Related Studies 

2.1 Classical Approaches in Machine Learning 

The earlier generations of fraud detection systems predominantly depended on traditional ML techniques, 

including decision trees, support vector machines, and logistic regression models. These methods employed 

hand-crafted classifiers and static feature classification that bound feature boundaries to identify whether a 

transaction was fraudulent or genuine. Although these models worked fairly well in closed environments, 

their accuracy plummeted amid more complex and ever-evolving financial ecosystems that undergo rapid 

transformation (Gupta & Aljohani, 2020). Like the majority of models built on labelled datasets, these 

systems became oblivious to emerging fraud spoiling strategies that counter historical trends due to the pre-

set rules offered by traditional ML models. Furthermore, the models are reported to suffer from high levels 

of false positive rates which, when authenticity verification is wrongly flagged as fraudulent, causes severe 

disruption to customer experience (Zhang & Li 2021). Inadequate adaptation of these models alongside 

new variants of fraud demonstrates shortcomings within current financial systems. 

 

2.2 Developments in Deep Learning 

In response to the difficulties posed by classical Machine Learning (ML), some models that aid in 

uncovering relationships in large datasets are being utilised: Deep Learning (DL). Techniques like 

Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs), and Long Short-Term 

Memory (LSTM) networks have all been applied to financial transaction data. These models help capture 

both temporal and spatial dependencies, which makes it possible to uncover sophisticated patterns that 
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could potentially signify fraud (Tan & Taylor, 2021). Furthermore, autoencoders and generative models 

have been explored for use with anomaly detection since they can identify deviations in behaviour as 

defined in the model as ‘normal.’ Despite all developments, a large challenge still exists: the vast majority 

of deep learning models operate as black boxes. This fact makes these models very hard to use in regulated 

environments within finance. Furthermore, such models have been shown to require excessive amounts of 

computing resources and labelled training data, which is not always the case (Hu et al., 2021). 

2.3 Data-Centric AI 

Emerging examples within AI, like fraud detection, showcase a trend that focuses more on the data rather 

than the model. This is called data-centric AI, which strives to foster better models by trying to enhance the 

training data no matter how sophisticated the algorithm is (Maria 2025). Not focusing on new architectural 

advances means that there is innovation in dataset construction, data balancing, feature representation, and 

representation schemas. It has been particularly successful in overcoming data imbalance and excessive 

noise in fraud detection. Few-shot learning, domain adaptation, and cross-source feature integration are 

some of the processes associated with this movement. In finance, the same model is applied, but the 

emphasis shifts to making the models more robust and better at generalising to new types of fraud (Zhao, 

Y., Zhang & Li 2022). Modern AI systems that conduct data analysis in the context of financial services 

need to ensure that the data is of good quality because, without it, the system becomes incapable of reliable 

fraud detection. 

 

2.4 Blockchain-Based Fraud Detection Systems 

Unlike the previously mentioned statistical and learning model approaches, some other researchers 

investigate the possibilities of blockchains existing as infrastructural fraud deterrents. The application of 

blockchain technology is particularly advantageous in the case of financial transactions because its 

decentralised architecture makes immutability, transparency, and traceability prominent features. The 

combination of AI systems and blockchain enables autonomous verification of transaction legitimacy 

without a central verifying authority (Liu, Wu, & Chen, 2020). AI, for example, could determine the 

directions and actions to take while Smart Contracts could execute contingent AI-driven halts to suspected 

processes. This integration not only ensures the integrity of records without tampering but also guarantees 

consistency of those records across all nodes. Even though in the financial services sector we are still at the 

implementation phase, AI and blockchain technologies have shown tremendous promise in the integrity 

and auditability of data vital to advanced fraud detection systems. 

2.5 Edge AI and Federated Learning   

The real-time decision-making capabilities of Edge AI make fraud detection markedly easier. As mentioned 

earlier, Edge AI facilitates data response and bandwidth at sensitive tasks. This includes mobile banking 

apps that actually prevent unauthorised transactions (Yang, Zhang, & Xu 2022). In addition, computer 

models can be trained on separate devices with no raw data sharing using federated learning, which aids in 

alleviating privacy concerns (Wang, Liu, & Zhang 2022). Such issues are crucial in the finance industry as 

institutions have legal and ethical obligations to protect user information. These technologies work together 

for efficient and secure real-time fraud detection. 

2.6 Gaps in Current Research   

A number of domains within technology continue to advance at an unprecedented rate. This, however, does 

not solve the problem of creating reliable and fully self-operating fraud detection systems, which still 
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remains elusive due to many existing barriers. Taking one example, there is no single complete architecture 

that integrates deep learning, edge processing, explainable AI, and blockchain technology into a coherent 

holistic framework (Ashtiani, 2025). Most existing models are designed in a bottom-up fashion where the 

individual constituents are enhanced in isolation rather than synergistically integrating within the system. 

One such neglected important issue is AI explainability with respect to financial compliance because the 

legal requirements of disclosure and auditing are not sufficiently met (Kumar, 2020). Also, fraud control 

measures are often reactive ex-post actions, whereas proactive deterrent devices designed to avert fraud are 

studied less. The scope for detection and explanation, security and performance, and gaps in the literature 

analysed to create literature encourage the synthesis of all these elements to achieve functional structural 

agility or operational elasticity. 

3. Proposed Framework 

Within the boundaries of integrative advanced technology systems, a reduction in the complexity of 

financial fraud at any level is achievable. In this architecture, data-driven AI, edge computing, blockchain-

based transaction verification, and XAI (explainable AI) compliance, as well as transparency modules, are 

integrated. Efficient fraud prevention is bound to accuracy, timeliness, and the frictionless flow of absolute 

minimums in terms of security, scalability, and transparency (Maria, 2025; Ashtiani, 2025). The modular 

framework fostering these building blocks of data preprocessing units, fraud detection engines, trust 

systems, and decentralisation layers works like a symphony, functioning at optimal synergy in achieving 

unified outcomes. 

      

Figure 1: Overall System Architecture 

for AI-Driven Fraud Mitigation 

The diagram captures the entire data flow 

starting from the raw transaction reception 

to edge processing, which includes 

synthetic fraud augmentation via GANs, 

graph analysis, blockchain verification, and 

explainable AI adjudication as the 

concluding step. 

3.1 Overview of System Architecture 

It commences with the mobile and web 

applications as well as with the Point Of 

Sale (POS) terminals which all serve as 

sources for collecting transactional data. 

These data sources are processed for appraisal and secure transmission at the edge through pre-processing 

layers (Maria 2025). This model is also unlike the centralised architectures in that it has distributed 

intelligence which allows the sensor networks to have low latency, fast-response times and scalable 

processing capabilities (Maria 2025). Other AI models can be incorporated into the primary deep learning 

networks that enable the integrated intelligence framework fostering system modularity. Further, with every 

evaluation conducted, the system's precision is enhanced which supports fraud detection endeavours. 

3.2 Data Preprocessing And Feature Engineering 
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In order to detect fraudulent activities accurately, the input data must be clean. In practice, every transaction 

stream has noise like missing, duplicate values, and inconsistently formatted values. During the 

preprocessing step of the pipeline, features must also be normalised, outliers dealt with, time-stamping 

completed, and encoding done. More specifically, feature engineering approaches aim to construct 

contextual and behavioural trends as well as relevant features from user activity logs (Wu, 2022). This not 

only optimises the model’s accuracy but also minimises the rate of false positives in practical applications. 

Moreover, class imbalance problems are mitigated as the model’s knowledge of sequential transactions 

deepens with the application of SMOTE (Synthetic Minority Over-sampling Technique) and temporal 

windowing (Mehmood, 2021). 

 

3.3 GANs Applied to Fabricating Fraudulent Dataset Simulations 

The lack of fraudulent transactions in the dataset is a problem for assimilative modelling, and in itself is 

quite the difficulty. Liu, Wu & Chen (2020) propose this problem can be tackled using Generative 

Adversarial Networks (GANs) owing to their ability in dataset fabrication. The GAN part implements a 

generator-discriminator system which trains on existing data to produce realistic fraud scenarios and 

augments the training data with these scenarios. Such imitations are added into the training pipeline with 

the intention to improve balance within the dataset while the model is being trained on a diverse array of 

fraud types. This ensures balance across classification, which is important, but equally guides the model to 

develop the ability to detect increasingly sophisticated, novel, and unanticipated fraudulent strategies 

(Shanthakumar, 2021). 

3.4 GNNs For Analyzing Relational Transactions 

Unlike other types of neural networks that treat data as separate and distinct entries, GNNs (graph neural 

networks) specialise in the relationships within data, specifically the financial transactions and their 

relational aspects. A transaction can be visualised as a node in a graph while a user, device, location, or a 

merchant can represent edges. GNNs are capable of parsing edges to find dependencies and clusters among 

transactions which are indicative of collusion or fraud networks (Zhang, X., Chen, & Wang, 2021). This 

now allows sophisticated deceits which rely on a complex interwoven design of false claims and 

contradictions, rather than simple outlier anomalies, to be revealed. 

3.5 Edge AI Deployment 

To facilitate the swiftest possible fraud detection, AI algorithms are placed at the edge of the network where 

data is generated. Payment services like mobile banking or retail payment terminals have immediate 

decision-making propensities, which reduce their dependency on a server core: this is known as Edge AI 

(Yang, Zhang, & Xu, 2022). This approach improves the speed of detection while simultaneously 

minimising the possibility of a data breach during transit. In this case, updates ephemerally will be made to 

the models using federated learning protocols, which means changes will be made without the need to 

expose the data and so maintain privacy. 

3.6 Incorporating Blockchain Solutions 

In financial systems, data integrity, and the ability to audit it are often paramount. As explained before in 

this dissertation, the structure of the proposed model integrates a blockchain subsystem for transaction and 

decision traceability regarding AI models (Liu, Wu, & Chen, 2020). Every flagged case is retained with 

metadata including but not limited to: outlines, timestamps, model-confidence scores, and decisions 

rationales to fulfil all compliance requirements. Trust is further enhanced by the self-managing blockchain 
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registries which since their genesis are immune to any form of post-creation interference meaning that all 

information is encrypted, independently verifiable, and immutable. 

3.7 Explainable AI Layer. 

Certain specific types of systems like fraud detection have compliance and trust frameworks that require 

explainable answers. The Trust and Compliance framework addresses this through the application of 

Explanatory AI (XAI) SHAP (SHapley Additive exPlanations) and LIME (Local Interpretable Model-

agnostic Explanations) tools which explain the results of models based on known data (Kumar, 2022). In 

these approaches, some features or behaviours are used to compute the received risk scores, which allows 

the model to prove its claim of fraud for certain transactions. As with other models, the outcomes offered 

add value for policy alumni sustain model explain compliance and support fraud rationale decision self-

recalibration for face value advanced model dynamics decisions drivers for refined expert model 

diagnostics reconsidered financial paradigms set forth by sophisticated forward-looking algorithms for 

critical decision making refined by financial analysts. 

4. Methodology 

The experimental framework adopted to evaluate the performance of the proposed fraud detection system. 

It includes details of the datasets used, preprocessing techniques, model development strategies, 

optimization protocols, and evaluation metrics. Each component was chosen with careful consideration of 

real-world deployment constraints and the need for performance, explainability, and generalizability. 

Table 1: Datasets Used for Training and Evaluation 

Dataset Type Source Description 

Credit Card 

Transactions 

Zhang, X., Chen, & Wang 

(2021) 

Contains labeled transaction data with time stamps, 

amounts, and locations 

Insurance Claims Mehmood (2021) 
Includes structured insurance data with known 

fraudulent claims 

Cryptocurrency Logs 
Wang, Liu, & Zhang 

(2022) 

Comprises transaction histories from blockchain-based 

crypto exchanges 

4.1 Datasets Description 

In order to explain the proposed strategy’s strength and cross-domain generalisability, three distinct datasets 

were employed. First, there is a publicly available dataset of credit card transactions which contains 

thousands of entries labelled as both legitimate and fraudulent (Zhang, X., Chen, Wang, 2021). This dataset 

contributed to the model of time-sequential fraud behaviour causative patterns. The second dataset consists 

of unstructured insurance claims with ground truth fraud labels. It provides insight into intricate fraudulent 

activities, high-value frauds that are typically sustained over longer durations perpetrated over extended 

time frames (Mehmood, 2021). Lastly, in order to exemplify the modern decentralised character of finance, 

a log of cryptocurrency transactions was added to the rest of the datasets. This dataset, which is obtained 

from using public blockchain networks, includes peer-to-peer transactions as well as meta-data like wallet 

addresses and timestamps of the transactions (Wang, Liu & Zhang, 2022). Such datasets were chosen to 

test the model against diverse financial sectors for fraud detection. 

4.2 Preprocessing Data 

Before enabling the detection models, a lot of preprocessing activities were done. For continuous variables, 

time-aware interpolation was applied to fill any gaps, while categorical fields were filled with a default 
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value of the highest frequency. Supervised distortion anomalies were adjusted employing z-score 

normalisation interquartile range analysis which did anomaly handling while preserving edge-case data. 

Categorical fields such as transaction type and merchant category were transformed into quantitative 

variables using one-hot encoding. Also, uniform magnitude consistency among various input numerical 

data was achieved by feature scaling, which normalised the variables based upon a defined range using 

min-max normalisation. The imbalance in class distribution was addressed by the Synthetic Minority Over-

sampling Technique (SMOTE) which improves the understanding of fraudulent patterns in the model by 

creating instances for the minority class based on nearby data points (Zhao, Y., Zhang & Li, 2022). These 

approaches reduced the automated exercises for train model level during training, which subsequently 

reduced the risk of overfitting the training data. 

4.3 Modelling Process 

The strategy for constructing fraud detection systems was two-pronged: creating a model of fraud schemes 

and relational understanding. A GAN was employed to learn the lower-level distributional differences 

between the legitimate and fraudulent classifications of transactions to generate realistic fraudulent 

transactions. Training data for the model was enriched to include more underrepresented edge cases (Liu et 

al., 2020). Simultaneously, transaction relations and GNNs were utilised to include the relational dimension 

of transactions. In this case, users, devices, and transaction IDs were taken as nodes and behaviours and 

transactions were taken as edges. This form of the graph made it possible to identify collusion and identity 

cycling fraud at the community level, which would otherwise go undetected by linear classifiers (Zhang et 

al., 2021). The application of these models enhanced contextualised and comprehensive fraud detection. 

4.4 Model Optimisation 

The parameters and the model design with its structure were refined with the help of AutoML. Such systems 

automated the optimisation of multiple strategies per dataset, including the learning rate, activation 

functions, and dropout rates (Maria, 2025). Further optimisations came from applying meta-learning 

techniques that altered the configurations from one domain based on the results of another domain, e.g. 

insurance fraud and crypto fraud detection. This approach enhanced model flexibility while limiting 

intensive tuning. Moreover, model version evaluations were carried out throughout the process using early 

stopping and k-fold cross-validation to ensure generalisability of model versions, in most instances, without 

overtraining (Kumar, 2022). These models selected for optimisation of computing resources, ease of 

deployment, and accuracy all at once. 

4.5 Evaluation Metrics   

As for assessing the system’s effectiveness, it covered both traditional and modern evaluation metrics for 

comprehensive evaluation. The blend of sensitivity and specificity was calculated using precision, recall, 

and F1-score (Tan & Taylor, 2021). These metrics were particularly useful for evaluating the model's 

performance on imbalanced datasets. During testing, a new measure called Fraud Adaptability Index (FAI) 

was proposed to assess the model’s adaptability in the presence or absence of exploitation strategies. This 

metric demonstrates adaptability over time as it computes confidence on known samples and those designed 

to be adversarial. Also, the analysis of the false positive rate was carried out to assess the risk of wrongly 

classifying authentically non-fraudulent transactions as fraudulent, which still remains one of the gaps in 

fraud detection systems (Hu et al., 2021). These metrics, in aggregate, helped elucidate the accuracy, 

strength, and efficiency of the model. 

5. Experimental Results  

https://dira.shodhsagar.com/


Darpan International Research Analysis 

ISSN: 2321-3094  |  Vol. 13  |  Issue 2  |  Apr - Jun 2025 
Peer Reviewed & Refereed   

 

8 
  

© 2025 Published by Shodh Sagar. This is an open access article distributed under the terms of the Creative Commons License  
[CC BY NC 4.0] and is available on https://dira.shodhsagar.com  

The experiments conducted to test the performance of the developed hybrid frameworks for fraud detection. 

These experiments used identical methodologies, algorithms, and datasets as stated earlier. The system was 

evaluated against contemporary and classic baseline models from various domains. The key system 

performance metrics of interest were detection accuracy, precision, recall, F1-score, false-positive rate, and 

latency in real-time processing. Furthermore, system robustness and adaptability were evaluated through 

ablation studies and validation across domains.  

Table 2: Proposed Hybrid Model Vs. Baseline Models Comparison 

 

Metric Hybrid Model (GAN+GNN+Edge AI) Random Forest CNN 

Precision 0.96 0.89 0.91 

Recall 0.94 0.85 0.88 

F1-Score 0.95 0.87 0.89 

False Positive Rate 2.1% 7.3% 5.6% 

Avg. Detection Latency 180 ms 820 ms 650 ms 

 

5.1 Baseline Comparison 

The baseline model is set up with Random Forest and Convolutional Neural Network (CNN) where they 

both functioned as the hybrid model. Those were the selected models because they were notable in prior 

works on financial fraud detection (Zhang, H., & Li, 2021). That approach had some degree of success, but 

the spatial feature pattern understanding from CNNs was also fundamentally limited due to long-range 

dependencies among features’ complex interactions. Random Forest, which does perform well in some 

static ecosystems, was unable to cope with the dynamically changing strategic landscape of fraud. 

Unlike the other models, the one that used GANs with GNNs performed better than all the baseline models 

in recall and false positive rate which, as explained above, are two important measures of usefulness in 

Finance. 

5.2 Edge AI Evaluation in Real Time   

As in mobile banking and e-commerce, fraud detection systems have an unacceptable latency threshold that 

can be considered. The edge AI model proposed in this study was able to surpass the cloud-based models 

in latency for detection – the system was able to process and classify a transaction in under 200 milliseconds 

on average. Thus, the system is suitable for use in time-sensitive contexts (Yang, Zhang, & Xu, 2022). This 

was made possible by the decentralised inference pipelines and multi-layered neural networks designed for 

edge devices. The experiments demonstrated that these models maintained high detection performance with 

limited computing resources, proving that the reduction in accuracy could not be attributed to reduced 

latency. 

 

5.3 Cross-Domain Validation 

Extensive research was carried out in credit card transactions, insurance claim processing, and 

cryptocurrency trading to improve the generalisability of the model. In addition, it was observed that the 

cross-domain performance of the hybrid model did not change significantly, with only a slight drop in 

metrics while switching from one dataset to another. This versatility was a result of the system’s architecture 
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being modular and the capabilities of the synthetic data produced by the GAN, which allowed for extensive 

cross-training with numerous types of fraud (Mehmood, 2021). Also, the model was found to have the best 

performance in cryptocurrency, as it surpassed 90% accuracy and demonstrated volatility alongside an 

unstructured nature, showcasing its effectiveness and usefulness (Wu, 2022). 

5.4 Ablation Studies   

A sequence of these studies aimed at identifying the effects of each component within the overarching 

framework. The removal of the GAN module reduced average recall by 6%. This clearly augments the 

argument on the value of synthetic fraud augmentation in the presence of data imbalance. The absence of 

the GNN layer made it easier to detect false positives, supporting the role of GNN in detecting and reasoning 

about fraud rings. The failure to remove edge deployment resulted in quadrupled latency, justifying the 

requirement for localised inference for real-time systems (Shanthakumar, 2022). All these results validated 

the claims of low efficacy, controlled, suboptimal performance in conjunction with low latency made by 

the configuration with GAN, GNN, and edge AI integrated. 

5.5 Testing Robustness  

In terms of robustness evaluation, this was achieved through adversarial testing and analysing the 

performance drop with simulated data drift. The model experienced subsampled transaction patterns that 

simulated the advancement of fraud over time. There were indeed some performance drops for the classical 

models, which were quite dramatic, but the hybrid framework showed consistent scores which indicates 

adaptive shifts to new hybrid-strategy-disguised-for-fraud models. This is partly due to GAN-generated 

data that was garnered during the network's training phases which strengthens the model’s robustness by 

exposing it to more novel and sophisticated cases of fraud (Schmid, 2021). Also, system-level 

interpretability experiments using explainable AI frameworks showed that the reasoning justifying the 

actions the system executed was plausible and aligned with what analysts would reasonably observe, 

including in stress-testing scenarios (Kumar, 2020). 

6. Discussion   

6.1 Insights from Findings   

This underlines the effectiveness of a hybrid AI approach for detecting financial fraud. More specifically, 

the inclusion of generative adversarial networks and graph-based relational modelling alongside edge 

inference units enhanced performance for both remote and local levels. The balance achieved between 

precision and recall showed that the model’s performance was sustainable across actionable insight 

domains, which also suggests that the model is robust to transaction variation while controlled under the 

false positive threshold optimal for practical settings. This proves earlier hypotheses that hybrid frameworks 

indeed offer context-sensitive scalable mechanisms for real-time fraud detection (Maria, 2025; Ashtiani, 

2025). In addition, the model’s ability to sustain adversarial testing showcases the extent of its system 

design and architecture, as well as its overall adaptability. 

6.2 Advantages of Data-Centric AI 

The most relevant findings from the study reveal that the most pertinent performance gains stem from 

placing focus on data-centric AI: the research highlighted augmenting the processes of data collection, data 

conditioning (which includes feature selection), and data creation (synthesised data creation) via claim-

verifying GANs. These modifications improved generalisation, reduced overfitting to noise, and improved 

robustness to multiple imbalances in the data. Specifically, the inclusion of GAN-generated data with 

augmented sparsely populated patterns of fraud improved the model’s learning space and, thus, the system’s 
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ability to flag edge-case anomalies instead of true anomalies (Gupta & Aljohani, 2020). This demonstrates 

that a concentration on data quality instead of sophisticated algorithms, as emphasised in the Model 

Agnostic Framework, leads to more reliable detection that is consistent, transparent, and interpretable. 

6.3 Scalability Challenges 

Although the system has shown promising outcomes in lab assessments, a range of issues concerning 

scalability still need to be tackled. The processing costs associated with modelling dense and high-

dimensional transaction graphs are a major bottleneck for the implementation of GNN-based models in 

production environments. In addition, the deployment of edge AI may reduce latency but increases 

difficulty with respect to model update synchrony for federated learning across different nodes. These 

factors are exacerbated in extremely active financial systems that demand real-time processing coupled 

with limited spending on infrastructure (Zhao et al., 2020). Thus, more research directed at optimising 

inference computations at the edge is necessary, along with increasing the GNNs' simplification level to 

enhance their commercial viability. 

6.4 Explainability and Fairness   

Concerns such as algorithms bias in AI-enabled financial systems remain a gap as a downside. Fraud 

explanation systems, for example, lie at the transaction level while explainable AI modules sit at the 

framework level, which ensures that SHAP and LIME are implemented so that feature importance graphs 

which explain are provided to analysts. This type of construction has the effect of providing a trust 

framework in which system users can rely on AI and not unnecessary models and outputs while AI is 

automated. Fairness is another concern however. In advertising, bias from training data sets could lead to 

no non-biased algorithms being constructed, generating unfair results for people in marginalised groups. 

This balance is delicate since there is a need in each input and output, audited model and treatment model, 

defined user bias is construct (Kumar, 2022).   

6.5 The Legal Issues alongside Compliance with the GDPR 

 

The Achievements Era Automated User Profiling Systems (AeUPOS) will have sophisticated accuracy 

expectations for the European Union with advanced privacy frameworks like GDPR, and the accuracy 

expectation for the Automated User Profiling Systems is exceedingly high. He or she must ensure not only 

accuracy, but legally appropriate management of the data which stipulates at the minimum—data reduction, 

user voluntary consent, right to explanation, and notification of decision automation pertinent to system 

users and the decisions made. The solution framework of this research attempts to close these gaps with 

privacy-preserving edge AI, blockchain-based auditability, explainable models, and others. However, the 

compliance risk that remains uncontrollable, especially at scale, continues to be an operational challenge in 

light of Ali and Ghosh (2020) on third-party data sources and cross-jurisdictional legal systems. As fast as 

AI systems are becoming, more systems will have to be devised to incorporate accountability frameworks 

that will need to be mandated by design. 

7. Future Work 

This research validates the implementation of hybrid AI models in automating the detection and prevention 

of financial frauds. Nevertheless, the adaptability and elasticity of the model to more sophisticated and 

intricate financial systems still remains an open area of work. One such promising area is the incorporation 

of federated learning over blockchain. Even though this system employs decentralised edge AI processing, 

federated learning would allow model building at the different financial institutions without needing to send 
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the raw data. This design enables data privacy while allowing for ongoing learning from multiple 

information streams. Such a system, under blockchain for provably secure and unalterable updates, could 

strengthen trust between institutions and improve compliance with data governance policies (Liu, Wu & 

Chen, 2020). 

The second area of research explores the application of quantum machine learning (QML) methods to 

financial transaction graphs. A particular financial ecosystem is known to be highly multidimensional and 

dynamic, making it suitable for enhanced quantum models that utilise entanglement and superposition 

rather than classical systems. Some preliminary theoretical work suggests QML might greatly simplify 

graph processing and anomaly detection, especially in dense transactional networks (Maria, 2025). Even in 

its nascent form, QML has the capability to transform fraud analytics on a qualitative and quantitative level. 

Integrating zero-knowledge proofs (ZKP) into the fraud detection workflow represents a different avenue 

of research. As the term implies, ZKP allows one to validate an assertion without exposing the evidence 

that supports it. For fraudulent behaviour, this would enable confirmation of nefarious behaviour patterns 

or transactions across diverse systems without revealing sensitive client information. 

When combined with blockchain technology, Zero Knowledge Proofs could serve as a supplementary 

means of protection for sensitive information, particularly for borderless finance which is largely devoid of 

regulatory frameworks (Liu, Wu, & Chen, 2020). Such forms of cryptographic assurance may protect 

privacy while simultaneously fortifying verification within a distributed financial system. 

Finally, the emergence of self-supervised learning techniques provides a new perspective to solve one of 

the most enduring issues in fraud detection: a lack of labelled examples. Unlike supervised models, self-

supervised ones do not require a lot of annotated datasets. Instead, these models perform a variety of tasks 

and form meaningful representations from unlabelled data, in this case, transactional data. This is well 

suited for the fast-paced environment of financial networks that routinely introduce new types of fraud, 

often without labelled counterparts or in a timely manner. Applying self-supervised techniques would 

improve adaptability of models while minimising the human control or need for manual labelling 

(Mehmood, 2021). Such strategies also reflect the industry shift towards artificial intelligence systems 

designed to self-modify and self-evolve in response to incoming data streams. 

8. Conclusion   

8.1 Summary of Contributions   

 

The development of a deep learning scheme, complemented by classical data-driven approaches and 

integrating GANs, GNNs, Edge Computing, blockchain verification, Explainable AI (XAI), and more, was 

framed into a bold system of complex financial fraud mitigation techniques in this document. Unlike other 

models, the hybrid model architectures were remarkably impressive across different domains of finance, 

exhibiting superiority over contemporaries in accuracy, recall, responsiveness, and adaptability across real-

time performance as well. In comparison to traditional and deep learning systems, these models stood out. 

Thanks to the multi-layered system architecture, compliance-earning blockchains not only offer rapid 

detection and monitoring but also explainability, automated auditing, and fraud information security. All 

of this addresses the enduring gaps of adaptable, privacy-preserving, resilient AI architectures (Maria, 2025; 

Ashtiani, 2025) in fraud detection. With these aids, the system overcomes the persistent issues of stealthy, 

privacy-preserving resilient AI blocking frameworks for enduring detection challenges and makes drastic 

advancements on model-defining contributions to dominator models within the field. The proposed AI-
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cryptography fusion approach remarkably shifts the algorithm compliance embedded building block centric 

model frameworks to algorithm-defining ones in the domain. 

8.2 Practical Implications   

This study has an impact on the financial services sector, insurance companies, and cryptocurrency markets. 

Those using this model-based approach can increase accuracy in fraud detection and reduce costs, delays, 

operational risks, and reputation damage. The Edge AI capabilities enhance decision-making, which further 

boosts user experience due to instantaneous transaction processing essential in finance (Tan & Taylor, 

2021). Furthermore, the application of GNNs to relational transaction analyses enables advanced fraud 

detection systems to differentiate sophisticated fraud and collusive attack strategies concealed from 

traditional classifiers. The bounded flexibility within the model offers synergy across domains, as evidenced 

in validation tests driven with credit cards, insurance, and cryptocurrency, proving the model is easier to 

adopt in various industries (Zhang, X., Chen, & Wang, 2021). Companies that are willing to combine data-

rich environments with adaptive AI will bolster security and improve organisational agility and 

dependability. 

 

8.3 Milestone Reflection 

Even though this study does not seek to solve the challenging problem of fraud detection, that remains a 

work in progress. This study, however, adds value towards the continuous effort of establishing new 

frameworks which blend ideas from multiple realms to address issues of scale, compliance, interpretability, 

and norms in automation's impact on detection systems. Fraud detection (Kumar, 2022) debates on the 

compliance of a system with contemporary legal norms, there will be design problems that are bound to 

emerge which will have to be attended to structural ethical and privacy violation frameworks. There is 

always increasing easier access to streams of data; however, sophisticated and rapid, there is a greater need 

for consideration of some advanced learning models like self-supervised and quantum enhanced, etc. The 

cloud of threat and high level of sophistication in technology emphasises the need for adequate ethical 

principles that protect the financial infrastructure of the modern world (Hu et al., 2021). 
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