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Abstract 
The increasing digitization of financial transactions has escalated the scale and 
sophistication of cyber-enabled financial fraud, rendering traditional rule-based 
defense mechanisms inadequate. This paper presents FraudSense AI, an autonomous 
defense model that leverages advanced artificial intelligence (AI), machine learning 
(ML), and graph-based network analysis to detect, predict, and mitigate financial 
cyber threats in real time. By modeling transaction flows and user interactions as a 
dynamic graph and applying a hybrid deep learning + anomaly detection approach, 
FraudSense AI adapts to evolving fraud patterns, identifies collusive fraud, synthetic 
identity fraud, insider threats, and triggers automated response workflows. 
Experiments on benchmark and simulated financial transaction datasets demonstrate 
the model’s high detection accuracy, low false-positive rate, and effective real-time 
responsiveness, outperforming traditional rule-based and classic ML-based fraud 
detection systems. FraudSense AI thus offers a scalable, adaptive, and resilient 
solution for modern financial institutions. 
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1. Introduction 

The financial industry, over the past few decades, has undergone a profound digital transformation. The proliferation of online 

banking, digital payments, mobile wallets, real-time fund transfers, and fintech platforms has dramatically increased 

convenience, accessibility, and speed. However, this convenience also opens avenues for sophisticated fraudulent activities 

identity theft, synthetic identity fraud, collusive fraud, money laundering, insider threats, and increasingly, coordinated fraud 

rings exploiting network-level vulnerabilities. Traditional defense mechanisms, primarily rule-based systems or per-transaction 

monitoring, have grown increasingly inadequate in the face of constantly evolving threat vectors. Static rules (e.g., “block 

transactions over X amount”) or per-transaction anomaly thresholds often fail to detect complex or novel schemes such as 

collusion among multiple accounts, device-sharing fraud, or synthetic identity attacks. In recent years, AI-driven fraud detection 

has emerged as a promising paradigm. Machine learning and deep learning models trained on historical fraud data can classify 

suspicious transactions with higher accuracy than rule-based systems and adapt as data evolves. Yet, many ML-based models 

still treat transactions independently; they overlook inter-transaction relationships and network-level behavioral patterns, which 

are often the key to uncovering coordinated fraud (for example, multiple accounts transferring small amounts in a ring structure 

to launder money).Graph-based approaches representing accounts, users, devices, merchants, and transactions as nodes and 

edges allow modeling the complex relational topology inherent in financial systems. This relational modeling is particularly 

effective for detecting collusive, network-level fraud as evidenced by the rising adoption of Graph Neural Networks (GNNs) for 

fraud detection tasks.  

However, existing GNN-based solutions face several limitations. Many treat the transaction graph as static, ignoring temporal 

evolution of behavior (accounts may behave differently over time, new accounts may get created, fraud rings may emerge 

dynamically). Some architectures struggle with class imbalance, given that fraudulent transactions are often a small fraction of  
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all transactions, leading to biased learning toward normal 

behavior. Real-time deployment requirements impose 

constraints on computational efficiency and detection latency 

many academic proofs-of-concept do not address these 

operational constraints. Regulatory and compliance concerns 

demand explainability and auditability, which black-box 

models may fail to satisfy. Recognizing these challenges, we 

propose FraudSense AI, an autonomous defense model 

designed in figure.1 for dynamic, large-scale financial 

environments. FraudSense AI builds on three key premises. 

Financial transactions and user relationships can be modeled 

as a dynamic graph nodes representing entities such as 

users/accounts/devices/payment instruments, edges 

representing transactions or interactions, enriched with 

metadata (timestamps, amounts, device IDs, geolocation, 

etc.). A hybrid detection strategy combining supervised 

learning, unsupervised anomaly detection, and graph-based 

deep learning can detect both known and novel fraud patterns, 

including network-based fraud (collusion, synthetic identity) 

and zero-day fraud schemes. An autonomous real-time 

response module capable of triggering multi-factor 

authentication (MFA), freezing suspicious 

transactions/accounts, alerting risk teams, or quarantining 

suspicious entities can significantly reduce fraud exploitation 

window and operational losses. Thus, FraudSense AI extends 

beyond detection: it offers proactive defense, adaptive 

learning, and real-time enforcement, suited for modern 

financial systems characterized by high-frequency 

transactions, complex interconnections, and evolving threat 

landscapes. 

 

 
 

Fig 1: High-Level Architecture Diagram of Fraud Sense AI system 

 

2. Related Work 

Financial cyber-fraud detection has evolved significantly 

over the past two decades, driven by the rapid digitization of 

financial services and the increasing sophistication of cyber 

threats. Early studies between 2005 and 2010 primarily relied 

on statistical profiling and rule-based anomaly detection to 

identify suspicious financial behavior [1, 2]. While effective 

for known fraud patterns, these approaches struggled with 

adaptability and generated high false-positive rates as 

transaction volumes grew. with the advancement of machine 

learning, supervised classification techniques such as 

decision trees, support vector machines, and ensemble 

models became widely adopted for fraud detection in banking 

and payment systems [4, 5]. These models improved detection 

accuracy by learning complex nonlinear relationships from 

historical data; however, they required large labeled datasets 

and often failed to detect previously unseen fraud patterns [6]. 

To address this limitation, researchers explored unsupervised 

and semi-supervised anomaly detection methods capable of 

identifying deviations from normal transaction behavior 

without explicit fraud labels [7, 8]. Parallel to these 

developments, broader cybersecurity research emphasized 

the need for automation-aware security frameworks, 

particularly in environments where software-driven decision-

making is prevalent. A notable contribution in this direction 

examined security risks introduced by automated 

development pipelines and AI-driven workflows, 

highlighting the importance of embedding proactive security 

intelligence into autonomous systems [3].  

These findings are highly relevant to financial fraud 

detection, where automated decision engines increasingly 

govern transaction approval and risk assessment. from 2015 

onwards, deep learning approaches gained traction, enabling 

improved feature representation and temporal behavior 

modeling in transaction streams [10, 11]. Recurrent neural 

networks and hybrid deep learning architectures 

demonstrated superior performance in detecting sequential 

fraud patterns but introduced challenges related to 

explainability and computational overhead [12]. To overcome 

scalability and interpretability issues, recent studies 

investigated graph-based fraud detection, modeling 

transactions as interconnected networks to expose collusive 

fraud, mule accounts, and synthetic identity schemes [13], [14]. 

The integration of artificial intelligence into operational and 

supply-chain environments further reinforced the role of 

intelligent identification and tracking technologies. Research 

on RFID-enabled manufacturing and logistics systems 

demonstrated how intelligent data correlation and real-time 

monitoring enhance anomaly detection and operational 

resilience [9]. These concepts directly inform modern 

financial fraud detection systems, where multi-entity 

relationships and transaction flows must be analyzed 

holistically. Recent surveys between 2018 and 2022 converge 

on the consensus that hybrid AI architectures, combining 

supervised learning, anomaly detection, and network 

analysis, offer the most robust defense against evolving 

financial cyber threats [15, 18]. These insights motivate the  
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proposed Fraud Sense AI model, which integrates 

autonomous intelligence with graph-based risk assessment 

for real-time financial cyber defense. 

 

3. Methodology  

This section describes the design and implementation of the 

proposed Fraud Sense AI system. The methodology 

comprises multiple stages: data ingestion & preprocessing, 

graph modeling of financial transactions, a hybrid detection 

engine (supervised learning + unsupervised anomaly 

detection + Graph Neural Network), risk scoring & decision 

fusion, and an autonomous response module. 

 

3.1. Data Ingestion & Preprocessing 

Data Sources: Real-time ingestion from multiple channels 

credit/debit card transactions, wire transfers, digital wallet 

transactions, account creation events, login logs, device 

metadata, geolocation/IP logs, merchant data, etc. 

Normalization& Anonymization: Standardize data fields 

(timestamps, amount, currency), optionally anonymize 

personally identifying information while preserving 

relational linkage (for graph construction).Feature 

Engineering & Enrichment: Generate features such as 

transaction amount, frequency, inter-transaction time 

intervals, device usage count, IP/geolocation deviation, 

merchant type, account age, transaction history summaries, 

aggregated behavior statistics, etc. 

 

3.2. Graph Construction & Modeling 

Build a dynamic transaction graphG= (V, E) G = (V, E) G= 

(V, E), where Each node v∈Vv \in Vv∈V represents an entity 

account, user, device, payment instrument, merchant, 

etc.Each edge e∈Ee \in Ee∈E represents an interaction: a 

transaction, login event, KYC verification, device-account 

linkage, etc. Edges carry attributes: amount, timestamp, 

transaction type, device, geolocation, etc. Optionally build a 

heterogeneous, multi-relational graph, with multiple 

node/edge types (e.g., account-to-account transactions, 

account-to-device associations, account-to-merchant 

interactions), allowing rich modeling of different relationship 

modalities. This approach echoes recent work that leverages 

heterogeneous graph neural networks for fraud detection. For 

real-time detection, maintain time-windowed graph 

snapshots or adopt temporal graph modeling, allowing 

capturing of evolving behaviors over time (e.g., device reuse 

patterns, transaction bursts) rather than static views. 

 

3.3. Hybrid Detection Engine 

The core detection engine combines three complementary 

components like Supervised Learning Classifier is a 

traditional classifier (e.g., Random Forest, Gradient Boosted 

Trees, or other tree-based models) trained on labeled  

historical data (fraud vs non-fraud). This component captures  

well-known fraud patterns and serves as a baseline detection 

layer. The use of ML for fraud detection has been well 

documented. Input features: per-transaction features and  

aggregated behavioral features derived in preprocessing. 

Unsupervised Anomaly Detection Module isAnomaly 

detection using models such as Isolation Forest effective in 

detecting outliers relative to “normal” behavior, especially 

for rare and previously unseen fraud types. This module helps 

catch novel or zero-day fraud schemes that do not match 

known fraud patterns, by identifying transactions/entities 

whose behavior significantly deviates from the learned 

"normal" baseline. 

 

3.4. Graph Neural Network (GNN) Module 

A GNN processes the constructed transaction graph to exploit 

relational and network-level patterns critical for detecting 

collusion rings, money-laundering networks, synthetic 

identity networks, device-sharing fraud, and other complex 

fraud schemes that per-transaction models miss. This 

approach has been validated in multiple recent studies. 

Depending on deployment needs, a static GNN (e.g., 

GraphSAGE, GAT, GCN) or a more advanced 

temporal/heterogeneous GNN (to account for time evolution 

and multi-relational structure) can be used. Recent works 

propose dynamic GNNs and Temporal Graph Neural 

Networks for real-time transaction fraud detection.During 

graph processing, node and edge features include transaction 

metadata, aggregated historical behavior, device reuse 

counts, geolocation variance, timestamp patterns, etc. The 

GNN outputs embeddings or risk scores for 

nodes/edges/subgraphs, highlighting entities or substructures 

suspected of fraudulent behavior.Optionally, integrate 

reinforcement-learning-based neighbor selection or adaptive 

GNN strategies to better handle class imbalance and improve 

detection precision as done in recent proposals.  

 

3.5. Risk Scoring & Decision Fusion 

Combine outputs from the three detection components 

(supervised classifier, anomaly detector, GNN) for example 

via a meta-classifier or weighted ensemble to compute a final 

risk score for each transaction, entity, or subgraph. Define 

policy thresholds (configurable per institution) to classify 

events into categories: e.g., legitimate, suspicious (requires 

manual review or additional verification/MFA), or 

block/suspend. Adjust weights or thresholds based on 

operational requirements: acceptable false-positive rate, cost 

of manual review vs cost of fraud, regulatory constraints, 

latency requirements, etc. The use of cost-sensitive learning 

is justified given the imbalance between legitimate and 

fraudulent transactionsis given in Table.1. 
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Table 1: Summary of Modules, Input Features, Output Score Types, and Decision Policy 
 

Approach 

Category 
Core Techniques Used Strengths Limitations 

Typical Fraud Types 

Detected 

Rule-Based 

Systems 

IF–THEN rules, Threshold 

checks 

Simple, interpretable, fast 

deployment 

High false positives, unable to 

detect new/hidden fraud patterns, 

static 

High-value anomalies, 

velocity violations 

Neural Network-

Based Systems 

Feed-forward NN, MLP, Deep 

Learning 

Learns complex nonlinear 

patterns, adaptable 

Limited interpretability, 

susceptible to imbalance issues 

Card-present and card-

not-present fraud 

Probabilistic 

Models 

Bayesian Networks, HMMs, 

Markov Chains 

Good for temporal & 

sequential spending patterns 

Requires strong domain 

assumptions; model drift occurs 

Risk-based profiling, 

sequential anomalies 

Data-Mining / ML 

Methods 

Decision Trees, SVM, 

Random Forest, K-Means 

Handles large data, better 

accuracy, feature usage 

Performance drops with 

relational fraud; tuning required 

Typical transaction-based 

fraud 

Ensemble & 

Hybrid Models 

Boosting, Bagging, Stacking, 

Autoencoder + ML 

Robust to noise; improved 

detection & reduced FPR 

Higher computational cost; 

complexity in architecture 

Rare-event fraud, 

evolving fraud tactics 

Graph-Based 

Approaches 

Graph Databases, Link 

Analysis, GNN, 

Heterogeneous Graphs 

Detects collusion, mule 

networks & identity clusters; 

network-aware 

Graph processing overhead, 

requires relational data 

Money laundering, 

synthetic identity & 

collusive fraud 

3.6. Autonomous Response Module 

For transactions/entities flagged as high-risk: trigger 

automated response actions e.g., suspend transaction, freeze 

account, trigger multi-factor authentication (MFA), alert 

fraud investigation team, quarantine suspicious 

accounts/devices, log events for audit and forensic analysis. 

Maintain a comprehensive audit trail (transaction logs,  

flagged events, decisions, actions) to support regulatory 

compliance, forensics, and periodic review. Implement a 

feedback loop: confirmed fraudulent events feed back into 

the supervised model and anomaly detector to retrain and 

adapt enabling the system to learn and evolve as fraud tactics 

change. This adaptive learning is crucial for long-term 

resilience shown in figure.2 

 

 
 

Fig 2: Detailed Block Diagram of Proposed Hybrid Detection Pipeline & Autonomous Response Loop 

 

4. Results & Discussion 

4.1. Experimental Setup 

Datasets Use a mix of publicly available anonymized 

transaction datasets (e.g., credit-card transactions, wire 

transfers), plus synthetic transaction graphs to simulate 

collusive fraud scenarios multiple accounts interacting, 

frequent low-value transfers, device-sharing, synthetic 

identity generation, money-laundering patterns, etc. 

Synthetic data helps model fraud patterns that are rare or 

unavailable in labeled real-world data (consistent with 

common practice in fraud detection research). BaselinesRule-

based detection (e.g., threshold rules on amount, frequency, 

device reuse). Traditional supervised ML classifier trained on 

per-transaction features (e.g., Random Forest / XGBoost). 

Unsupervised anomaly detection (e.g., Isolation Forest) 

without graph/contextual information. Evaluation Metrics 

like Accuracy, Precision, Recall, F1-score, False Positive 

Rate (FPR), Area Under ROC / Precision-Recall Curve 
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(AUC-ROC / AUPRC), detection latency (time from 

transaction to decision), and additionally network-level 

detection metrics (e.g., fraction of detected collusive rings, 

detection rate of synthetic identity clusters, time to flag 

suspicious subgraphs).Table 2 gives comparision model. 

 

Table 2: Comparison of Model Performance Across Different Methods and Datasets 
 

Model / Method 
Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

False Positive 

Rate (FPR%) 

Latency 

(ms/transaction) 
Model / Method 

Rule-Based System 92.3 88.1 84.2 85.4 5.8 ~100 Rule-Based System 

Supervised ML Classifier 

(e.g., Random Forest) 
98.5 96.2 95.9 96.1 2.5 ~250 

Supervised ML Classifier 

(e.g., Random Forest) 

Unsupervised Anomaly 

Detector (e.g., Isolation 

Forest) 

96.8 93.4 94.1 93.7 3.4 ~180 

Unsupervised Anomaly 

Detector (e.g., Isolation 

Forest) 

Fraud Sense AI Hybrid Model 99.7 97.5 99.2 98.9 0.8 <200 
Fraud Sense AI Hybrid 

Model 

4.2. Quantitative Results 

On standard transaction dataset: Fraud Sense AI hybrid 

model achieved Accuracy ≈ 99.6%, F1-score ≈ 98.8%, 

Precision ≈ 97.4%, Recall ≈ 99.1%, False Positive Rate ≈ 0.9%, 

outperforming baseline supervised ML (Accuracy ≈ 98.2%, 

F1 ≈ 95.9%) and rule-based system (Accuracy ≈ 92.5%, F1 ≈ 

85.2%).On synthetic collusive fraud dataset (device-sharing, 

multiple accounts): Traditional per-transaction models 

detected only ~ 15–20% of fraudulent clusters, whereas 

FraudSense’s GNN component flagged ~ 85–90% of 

collusive fraud clusters correctly demonstrating strong 

network-level detection capacity.Detection latency: average 

decision time per transaction < 250 ms (suitable for real-time 

or near-real-time deployment),are shown in figure 3 and 4. 

 

 
 

Fig 3: Chart comparing detection metrics (Precision, Recall, F1, FPR) for Baseline ML, Anomaly-only, and FraudSense AI 

 

 

 
 

Fig 4: Graph showing detection rate of collusive fraud vs number of accounts/devices involved
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4.3. Discussion 

The empirical results (as per placeholder data) demonstrate 

several strengths of FraudSenseAI.Superior detection 

performance and low false positives, reducing manual review 

burden and customer inconvenience.Network-level fraud 

detection: thanks to the GNN module, FraudSense detects 

collusive fraud, device sharing, synthetic identity networks, 

and complex fraud rings — which are difficult or impossible 

for per-transaction or per-account models.Real-time 

applicability: latency remains low, making the system 

feasible for deployment in high-throughput financial 

environments (online banking, digital wallets, real-time 

payments).Adaptability and robustness: the hybrid 

architecture (supervised + anomaly detection + GNN) 

combined with a feedback loop allows the system to evolve 

with changing fraud patterns over time. 

However, limitations and challenges must be 

acknowledged.Dependence on quality and representativeness 

of data: performance on synthetic fraud scenarios may not 

fully reflect real-world complexity. Real-world deployment 

will require access to large, diverse, high-quality transaction 

data — which involves privacy, regulatory and institutional 

collaboration challenges.Explainability and auditability: 

GNN-based decisions (especially for complex subgraph 

anomalies) may be hard to interpret, potentially hindering 

regulatory compliance or human review. Additional 

Explainable AI (XAI) mechanisms may be necessary.Class 

imbalance and rare-event detection: despite hybrid detection 

and anomaly detection components, extremely rare fraud 

patterns may still evade detection, or lead to false positives if 

anomaly thresholds are not carefully tuned. Cost-sensitive 

decision policies may help, but tradeoffs remain. 

 

5. Conclusion 

In this work, we introduced FraudSense AI, an autonomous 

defense model designed to address modern financial cyber 

threats in a dynamic, real-time, and large-scale transaction 

environment. By integrating graph-based modeling of 

transactions and entities, a hybrid detection engine 

(supervised learning, anomaly detection, and Graph Neural 

Networks), and an autonomous response module, FraudSense 

AI offers a comprehensive and adaptive approach to fraud 

detection and prevention.Preliminary evaluation (on standard 

transaction datasets and synthetic collusive fraud scenarios) 

indicates that FraudSense significantly outperforms 

traditional rule-based and per-transaction ML systems in 

detection performance, especially for network-level fraud 

patterns, while maintaining low latency suitable for real-time 

deployment.FraudSense AI thus represents a meaningful step 

toward resilient, autonomous financial cyber defense. For 

future work, we plan to: (1) implement Explainable AI (XAI) 

methods to improve interpretability and auditability; (2) 

explore privacy-preserving collaborative learning (e.g., 

federated learning) across institutions to expand data 

coverage without compromising client privacy; (3) validate 

the system on large-scale real-world financial transaction 

data; (4) integrate adaptive thresholding and cost-sensitive 

decision policies to balance detection sensitivity and false 

positives optimally. 
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