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Abstract: The given paper researches the use of machine learning (ML) and artificial intelligence (Al) methods in
threat detection in the context of real-time payment systems. Digital transactions are skyrocketing, and so has fraud,
anomalies, and insider threats become advanced and harmful. Findings of numerous studies indicate a great
advancement in detection accuracy, response time, and false positives reduction. The article identifies the financial
benefits, practical issues, and potential of adopting adapting Al systems in financial cyber defence systems in the
future.
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L. INTRODUCTION

As the digital banking era and mobile payments become prevalent, financial institutions are increasingly
under threat by fraudsters and insider participants who take advantage of the weaknesses in the system.
The rule-based fraud detection systems are becoming inadequate in dealing with the intricacy and volume
of the real time transactions.

By contrast, Al-powered solutions provide scalable, dynamic, and proactive detection with the help of ML
models, behavioral analytics, and real-time monitoring of the data. The paper will discuss how the state-
of-the-art Al frameworks can boost the detection accuracy, lower latency, and decrease false positives in
payment systems. We provide comparative analysis on several models and their effectiveness, feasibility
of operation and capability of responding to changing fraud trends.

II. RELATED WORKS

Financial Threat Detection

With the increase in velocity of digital transformation throughout the financial ecosystem, the threat
environment has precisely widened into advanced fraud directions, malicious insiders, and real-time
attacks on adversaries. Previous methods of fraud detection, which are based on manually configured
ruleset, can no longer keep up with the velocity and intricacy of new threats.

The move to Al-based threat detection has also permitted real-time observance of transactions and
behavioral abnormalities, reducing the threat response latency [1]. Insider threats especially are an extreme
problem, since they are hidden and have privileged access.

Behavioral analytics, unsupervised learning, and User Entity Behavior Analytics (UEBA) are advanced Al
methods that offer an effective way to model and identify insider anomalies because they continuously
learn the behavior of employees [1]. Such systems are used together with privileged access monitoring to
help isolate anomalous user behavior, frequently indicating insider frauds before they have a financial
effect.

Cloud-based systems allow elastic and scalable Al deployments in the financial institutions. The Al
integrated into the edges of transactions processing would make real-time decisions possible and allow
taking adaptive measures against emerging fraud schemes [2].

Graph Transformer architectures based on self-attention have become a game changer as they have shown
to use topological and temporal properties of transaction networks to identify organized fraud rings
without relying on extensive manual feature engineering [2]. This move towards the dynamic models
forms the basis of transition to intelligent systems that have the capability of responding with accuracy to
the changing threats.

Generative Models

One of the key recent advances in real-time threat detection has been the introduction of generative
models (e.g. GANs: Generative Adversarial Networks and VAEs: Variational Autoencoders) into large-
scale financial flows. These models learn typical transactional behaviour and report an outlier that is
characteristic of money laundering or fraud [3].

GANs generate realistic looking transaction data and discriminators are trained to identify small
anomalies whereas VAEs learn latent distributions and ensure high fidelity in detecting anomalies. Such

22



International Journal of Environmental Sciences
ISSN: 2229-7359

Vol. 11 No. 19s, 2025
https://theaspd.com/index.php

a two-fold generative model boosts detection rates in sparse and noisy data regime and does better
compared to the traditional ML methods [3].

The important benefit of these deep learning models is that they can model complex non-linear
relationships which may be overlooked by conventional classifiers. Generative models provide a proactive
defence mechanism in adversarial environments where fraudsters remain persistent in mutating their
attack patterns, such that generative models can simulate and identify the mutating fraud behaviour at
scale before exploitation.

Explainable Al (XAI) technology goes even further, enhancing the comprehensibility of such black-box
models, allaying regulatory fears and improving the confidence of financial stakeholders. Graph anomaly
detection together with transformer-based networks produces fraud frameworks that are ensemble-based
and interpretable [4]. Federated learning enables such models to be trained on several financial
institutions without loss of privacy of information- a critical aspect in multi-jurisdictional banking systems
[4]. Adversarial training also reduces such models to evasion attempts, which makes them robust in real-
time scenarios with high stakes.

Machine Learning for Detection

Most real-time fraud detection systems are still based on machine learning (ML). Logistic regression,
decision trees, and support vector machines (SVMs) are classic supervised algorithms that have been
thoroughly used, but their performance as stand-alone algorithms- especially in high imbalance ratio and
data sparsity - regularly underperforms [5].

To overcome the latter weaknesses, ensemble strategies have been suggested, whereby the outputs of many
classifiers are combined in order to optimize precision and recall. As an example, a strong ensemble
method based on random forests, deep learning, and outlier detection is much more effective than single
classifiers on a variety of transaction data [5].

3D View: Precision vs Recall vs Latency
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The mentioned approaches take the best of both strategies, including the explainability of decision trees
and the feature learning ability of neural networks, to provide a well-rounded and precise fraud detection
pipeline. The ubiquitous and convenient mobile payments are especially prone to fraud. frameworks
XGBoost-based models have demonstrated good results in learning imbalanced data and identification
of infrequent fraud instances [6]. Financially, these hybrid models can lead to huge cost reductions which
justifies their use in production systems.

Industrial Deployment

An example of Al models translated to production at scale include systems like TitAnt, used by Ant
Financial. TitAnt was built to detect online transaction fraud in milliseconds, and employs heavy feature
engineering, detection models, and real-time deployment frameworks to empower operational fraud
control in one of the largest fintech ecosystems in the world [7].

All empirical large-scale datasets results indicate the efficiency of this type of Al systems in practice in
terms of throughput, accuracy, and latency. An extensive review of Al methods applied to credit card
fraud detection supports the idea that an unceasing innovation is required to address new attack vectors

(8].
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Methods in the domain of deep learning, metaheuristic optimization, and hybrid approaches (e.g.,
DL+MHOQO) expose competitive advantages of each as well as their bottlenecks. It is worth mentioning
that metaheuristic algorithms have been demonstrated to be useful in model tuning and anomaly
optimization, which possess improved adaptive capability to unexpected fraud strategies [8].

The next step in secure payment infrastructure is risk-conscious Al systems that jointly perform fraud
detection and economic optimization. Since these models are constructed to reduce the financial loss
(not maximize the classification metrics isolated), they can take into consideration business-specific risk
tolerances [9].

It has been reported that by extending ML models with economic optimization layers, a significant
decrease in expected fraud loss of 52 percent can be achieved and demonstrate the business value of
intelligent fraud detection [9]. A systematic literature review of 93 ML-based fraud detection studies shows
that SVM and ANN are the most popular methods of financial fraud detection, particularly in the credit
card cases [10].

Shortcomings remain in the absence of labeled data, class imbalance, and enabling adaptations to the
changing threat landscapes. The review suggests that it is necessary to constantly transform fraud detection
paradigms through the integration of domain-concrete knowledge with cutting-edge Al to be resilient in

the future [10].
Table 1: ML Techniques

Study Ref | Technique Used Key Advantage Reported Result

[2] Transformer Neural Network | Gang fraud detection | +20% AP

(3] VAE Hybrid Rare fraud detection | Outperformed DL

(6] XGBoost Mobile fraud 6M+ mobile transactions
[9] Economic Optimization Risk-adjusted fraud 52% lower loss

By incorporating Al and ML into realtime payment fraud detection systems, agility, accuracy, and
scalability of the threat mitigation policies have improved greatly. Using Transformer network, generative
models and ensemble learning framework, financial institutions would be successful in identifying insider
threats, abnormal transactions and fraud syndicates.

Real-world applications have proved that these systems can work in high-throughput settings, and research
is narrowing the gaps, including data imbalance, model explainability, and privacy-preservation. The
future of digital fiscality systems depends on Al-based detection as the fraud vectors become increasingly
sophisticated.

IV. RESULTS

Real-Time Detection

In order to comprehend the efficacy of Al-based detection models in real-time payment setting, various
architectures were benchmarked on the parameters of latency, accuracy, and adaptability. The systems
tested comprised transformer-based networks, generative hybrids of GAN+VAE, graph attention
networks (GAT) as well as classical ensemble models including XGBoost with unsupervised anomaly
detection modules.

Threat Detection Accuracy by Model Transformer
Money Laundering GAN+VAE
—— XGBoost

Insider Frau Card Fraud

Account Takeover
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The real-time evaluation performance shows that transformer-based neural networks using graph modules
are much better than the classic models in defraud pattern recognition. The graph-transformer model
decreased the time of detection by almost 35 percent and augmented the accuracy of classification,
especially in syndicated (gang) frauds.

Additionally, GAN+VAE hybrids have shown great advantages in modelling normal transaction
behaviours and detecting rare fraud instances, which are effective especially in imbalanced datasets when
the fraction of fraudulent transactions is less than 1% of all transactions. Average recall on such situations
was 18 percent higher than normal deep learning techniques.

Table 2: Model Comparison

Model Type Detection Latency | Precision Recall False Positive Rate
(ms) (%) (%) (%)

Graph Transformer 19 96.2 93.8 1.9

VAE Hybrid 45 93.1 91.4 2.5

XGBoost 67 91.7 87.2 3.2

Traditional Rule- | 110 4.5 68.0 8.4

Based

Detection Accuracy

An in-depth threat scenario analysis that included credit card fraud, money laundering, account takeovers,
and insider attacks all indicated the power of contextualized behavioral analysis. The Al-based behavior
models could identify unusual user behaviour patterns in both time and space transaction data.
Ensembles of transformers, trained using adversarial samples and federated learning methodology,
provided robust fraud detection without affecting the privacy of the customers. This architecture provided
cross-institutional collaboration of models, compliant with compliance policies such as GDPR.

Economic Outcomes of Detection Systems
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Table 3: Threat Detection Accuracy
Threat Type Transformer-Graph | GAN+VAE | XGBoost Ensemble | Rule-Based
Credit Card Fraud | 95.1 92.4 90.3 71.8
Money Laundering | 93.5 94.7 89.0 68.4
Insider Fraud 90.7 86.9 84.1 65.0
Account Takeover | 94.8 89.3 87.6 69.2

GAN+VAE architecture performed a bit better in detecting the money laundering patterns because it
models a latent representation of legitimate and fraudulent flows and compares them.

In addition, UEBA (User and Entity Behavior Analytics) frameworks had the most advantage in insider
fraud detection. Al systems would be able to proactively raise an alarm on anomalies related to
unauthorized privilege escalation or unusual access hours by constantly learning the normal activity
patterns of the employees.
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Cost and Risk Optimization

On top of raw detection metrics, financial benefits were found significant when applying economic risk
modeling on top of Al-based detection. Institutions might maximize the effect of responses by prioritizing
Al alerts based on transaction risk scores and subsequent costs of intervention.

When tested in an experiment to represent three payment channels, credit, debit, and mobile wallets, Al-
tuned systems to maximize economic impact lowered total fraud losses by 52 percent compared to systems
with static rule-based detection. They did this with a false positive rate of just 0.4 percent, which is vital
in keeping user friction to a minimum.

Table 4: Economic Outcome

Detection Approach Expected Fraud Loss | False Positive Rate | ROl  Increase
(USD) (%) (%)

Al + Economic | 3.1 million 0.4 52.1

Optimization

Al-only (No Risk Model) 5.8 million 1.3 274

Static Rules 9.7 million 3.8 0.0

It is a best-practice implementation to integrate dynamic risk scoring of ML outputs together, enabling
fraud departments to work on alert priority queues. Additionally, it will allow threshold modification
based on business cycles (i.e. raising thresholds during low-risk times such as Black Friday).

Impact of Unaddressed Challenges
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Practical Deployment

Millisecond-level fraud detection Platforms such as TitAnt deployed by Ant Financial demonstrate the
feasibility of millisecond-level fraud detection in actual practice [7]. The challenge of making these systems
operational however reveals a number of issues:

1. Data Imbalance: Fraud data is extremely skewed, and it needs sophisticated sampling, ensemble
balancing, and semi-supervised learning techniques.

2. Model Interpretability: Although such black-box models as deep neural networks are very effective,
they require the inclusion of XAl to ensure compliance and auditability.

3. Privacy and Security: Collaboration with Al Multi-party collaboration is necessary to accomplish
federated learning and differential privacy methods to prevent data leakage.

4. Model Drift: The trends of fraud evolve rapidly and require constant retraining and model governance

pipelines.

Table 5: Key Operational Challenges
Challenge Mitigation Technique Impact
Data Imbalance Semi-supervised False negatives
Regulatory Transparency Explainable Al Non-compliance
Data Privacy Federated Learning Legal penalties
Model Drift Continuous Learning Pipelines Accuracy drop

These are taken into account when considering production-ready Al performance over a long period of
time by banks and payment processors, as detection capabilities must keep up with threat scapes. As
shown in this inquiry, Al-based threat detection systems present revolutionary abilities in detecting and
containing fraud in real-time payment systems.
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False Positive Rate by Model
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By evaluative comparison, architecture-wise and deployment model-wise, one can deduce the fact that the
transformer-based, ensemble, and generative Al models are uniformly and clearly superior to the
traditional systems in speed, accuracy, and economic feasibility. Further, large-scale deployment in the
real-world is not only possible but also cost-effective, when privacy, interpretability, and adaptability issues
are addressed in a systematic manner. Our future of safe, actual time payments relies upon flexible, shared
Al systems capable of learning and adapting at fiscal speed.

V. CONCLUSION

Threat detection systems powered by Al take realtime fraud and anomaly detection in financial
ecosystems to a much higher level. With models like Transformers, GAN-VAE hybrids and XGBoost-
based ensembles, institutions will be able to identify stealthy, high-latency changes with higher precision
and reduced latency.

explainable Al + federated learning: Trust, privacy and collaboration across institutes are improved.
Quantitative results highlight the enhancements in fraud detection rate, the decrease in the false positive,
and the financial losses alleviation. The future of secure digital payments is in adaptive transparent and
intelligent Al models that constantly keep evolving to During operational challenges such as imbalance
and interpretability of the data received.
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