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Abstract:

Financial fraud is rapidly increasing in volume and complexity as digital payments, mobile wallets, open
banking, and real-time transactions expand worldwide. Traditional rule-based systems are often insufficient to
detect adaptive and emerging fraudulent activities. Artificial Intelligence (AI) and Machine Learning (ML) have
become essential tools, leveraging supervised learning for known fraud detection, unsupervised anomaly
detection for novel patterns, and graph-based models to capture complex relationships among accounts,
transactions, and devices.

This paper surveys recent advances (2020-2025) and proposes an integrated Al-driven framework combining:
(1) feature-based ensemble classifiers for robust predictions, (2) graph neural networks (GNNs) to identify
relational and collusive fraud, (3) federated learning for cross-institutional model training while preserving
privacy, and (4) explainable Al (XAI) for interpretability and regulatory compliance.

Experimental results indicate that graph-based and federated approaches outperform traditional feature-
engineered methods, offering higher precision, recall, and adaptability. Hybrid Al frameworks integrating
ensemble learning, graph modeling, federated learning, and XAI provide adaptive, privacy-preserving, and
transparent solutions for modern financial fraud detection.

Keywords— Financial fraud, credit card fraud, graph neural networks, federated learning, explainable
Al, anomaly detection, XAI, machine learning.
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2023-2024 show that ML and deep learning

takeover, synthetic identity, merchant collusion, mule
networks). Traditional rule-based systems (thresholds,
blacklists) remain valuable but fail to detect subtle,
adaptive, or networked fraud patterns. Over the past 3—
S years, research and industry have shifted toward
hybrid AI solutions combining feature-driven
supervised models, unsupervised anomaly detection,
and graph-based relational modeling to detect complex
fraud schemes. Large institutions and fintechs are also
adopting federated and privacy-preserving learning to
share intelligence without moving raw customer data.
Contemporary surveys confirm the effectiveness of
ML/DL approaches while stressing data quality, class
imbalance, and explainability as ongoing challenges.
Recent advances also highlight integration of real-time
monitoring and automated alerting to improve
responsiveness, while explainable Al frameworks are
increasingly crucial for regulatory compliance and
stakeholder trust.
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outperform traditional statistical approaches in
fraud detection, particularly when enhanced with
behavioral features and temporal context,
emphasizing reproducibility and evaluation on
imbalanced and streaming datasets.

Graph Neural Networks (GNNs): Research in
2024-2025 demonstrates that GNNs model higher-
order relations in  user—merchant—device—
transaction graphs, improving detection of
coordinated fraud rings and account-to-account
flows, with attention and temporal decay
mechanisms achieving strong benchmark results.
Federated Learning (FL): FL and explainable
variants allow institutions to collaboratively learn
fraud patterns while keeping raw data local,
improving cross-institution generalization and
detection performance.
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Challenges in Fraud Detection and Prediction

1. Evolving Fraud Patterns

Fraudsters continuously adapt tactics, using
synthetic identities, account takeovers, and collusive
networks. Traditional rule-based systems struggle to
detect subtle, dynamic, or networked fraud, leading
to undetected losses and reputational risk.

2. Data Quality and Imbalance

Fraud datasets are often sparse, imbalanced, and
noisy. Missing, inconsistent, or outdated data
complicates model training, reduces prediction
accuracy, and increases false positives, affecting
operational efficiency.

3. Real-Time Detection Requirements

Financial transactions occur in real time, requiring
immediate detection and response. Delays in
analysis can lead to financial losses, customer
dissatisfaction, and regulatory non-compliance.

4. Privacy and Regulatory Constraints

Sharing transaction data across institutions is
restricted by privacy laws. Ensuring compliance
while leveraging cross-institution intelligence is a
major challenge, particularly for global or federated
learning solutions.

5.Interpretability_and_Trust

Complex ML and deep learning models are often
black boxes. Lack of explainability reduces trust
among stakeholders and complicates regulatory
reporting and audit processes.

6. High Volume and Velocity of Transactions
The massive scale of digital transactions increases
computational and storage requirements. High-
frequency fraud attempts require scalable systems
for continuous monitoring without performance
degradation.

7. Cross-Channel and Multi-Platform Fraud
Fraud can occur across banking apps, e-commerce
platforms, and payment gateways. Integrating and
correlating data from multiple channels remains
challenging, limiting holistic detection.
8.Scalability_and_Latency

High-volume transaction environments demand
scalable models capable of real-time scoring
without causing system bottlenecks.

Technological and Strategic Solutions

Al and Machine Learning

Supervised and unsupervised models, along with
deep learning, enable detection of both known and
emerging fraud patterns. ML optimizes risk
scoring, anomaly detection, and predictive
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modeling.

Graph-Based Modeling

Graph Neural Networks (GNNs) capture relational data
among accounts, merchants, and devices, detecting
coordinated fraud rings and suspicious networks.
Federated and Privacy-Preserving Learning
Federated learning allows institutions to share
intelligence without moving raw data, improving cross-
institution generalization while maintaining privacy
compliance.

Explainable AI (XAI)

Techniques like SHAP, LIME, and counterfactual
explanations provide interpretability for model
predictions, supporting regulatory compliance and
operational trust.

Real-Time Monitoring and Analytics

Streaming analytics platforms and event-driven
architectures enable instant transaction scoring,
automated alerts, and proactive fraud prevention.
Blockchain and Secure Data Sharing

Immutable ledgers and smart contracts facilitate secure,
and auditable transaction tracking across

transparent,
multiple stakeholders.

Behavioral Biometrics and Device Fingerprinting
Monitoring user behavior, typing patterns, and device
characteristics improves detection of account takeover
and identity fraud.

Automated Case Management and Orchestration
Al-driven workflow systems automatically prioritize
suspicious cases, route alerts to analysts, and track

resolution, increasing operational efficiency and
response speed.
Case Studies & Industry Examples (2023-

2025):Banking consortium FL pilot (2024-2025):
Banks using a federated approach reported earlier
detection of cross-institution watering-hole attacks and
synthetic identity rings in pilot studies.

Enterprise adoption of behavioral biometrics &
orchestration: Firms integrating device behavioral
signals with ML score orchestration have reduced
account takeover success and improved fraud blocking
with fewer false positives.
Commercial partnerships:
combining  behavioral analytics

Industry  partnerships
vendors  with
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transaction monitoring platforms (e.g.,
recent strategic tie-ups) indicate a trend
toward integrated fraud stacks

Proposed Integrated Architecture (2025 Update)

1. Data Ingestion & Feature Store: Streams
transactions, sessions, devices, and historical logs
into a centralized feature store with engineered
features and graph edges.

2. Preprocessing & Imbalance Handling:
Cleans, normalizes, aligns timestamps, and applies
cost-sensitive learning, focal loss, and SMOTE
variants for data imbalance.

3. Base Models & Graph Module: Uses ensemble
models  (LightGBM/XGBoost/CatBoost)  for
tabular data and heterogeneous GNNs with
attention and temporal decay for relational
anomaly detection.

4. Federated Learning & Cross-Institution
Collaboration: Trains global models across
institutions without sharing raw data to detect
economy-wide fraud patterns while preserving
privacy.

5. Explainability & Feedback Loop: Provides
SHAP, counterfactuals, and graph-based saliency,
with analyst feedback and chargebacks updating
the feature store for continual learning.

6. Real-Time Monitoring & Alerting:
Implements streaming analytics and automated
alerts to flag suspicious transactions immediately
for rapid intervention.

Flowchart:

Fraud Detection ML
Project Flowchart
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Fig. proposed work of fraud detection and prediction
Future Scope

Explainable Federated Graph Models: Combine
GNNs, FL, and XAI to build interpretable, privacy-
preserving graph detectors. Early work on explainable FLL
is promising.

Self-supervised & Contrastive Learning: Use self-
supervised objectives on graphs and time series to learn
robust embeddings from unlabeled massive transaction
logs.

Adversarial Robustness: Study adversarial training for
tabular and graph models to harden systems against
obfuscation strategies by fraudsters.

Real-time Hybrid Orchestration: Architect low-latency
pipelines that combine fast tree models with asynchronous
graph scoring and case orchestration to meet production
SLAs.

Policy & Governance Research: Evaluate how data
localization and Al governance frameworks affect cross-
border fraud detection effectiveness; design compliant
aggregation mechanisms.

Conclusion:

By 2025, financial fraud detection has matured into a multi-
modal AI discipline: feature-based ensembles, GNNs for
relational patterns, federated learning for privacy-preserving
collaboration, and XAI for interpretability are all essential
components. Deploying these in production requires careful
attention to evaluation methodology, privacy, latency, and
human workflows. Ongoing research should concentrate on
explainable, robust, and privacy-preserving graph/federated
models to counter increasingly sophisticated, cross-institution
fraud schemes.
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