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Abstract

Financial fraud represents a persistent and escalating threat to banking systems worldwide,
demanding detection methodologies that can transcend the structural limitations of conventional
rule-based engines. This review examines the application of graph convolutional networks
(GCNs) to the identification of suspicious transaction patterns in modern banking ecosystems,
analyzing how graph-structured representations of transactional data enable models to uncover
organized fraud schemes that remain invisible to tabular machine learning (ML) approaches. Key
architectural innovations are surveyed, including spectral convolution, graph attention
mechanisms, multi-relational graph modeling, and hybrid temporal-structural frameworks,
alongside training strategies designed to address the severe class imbalance characteristic of real-
world fraud datasets. The review further examines federated learning integration for privacy-
preserving collaborative detection, explainability frameworks for regulatory compliance, and
benchmark evaluations across publicly available and proprietary financial datasets. Findings
consistently demonstrate that GCN-based systems outperform classical ML baselines and offer
compelling pathways toward the next generation of anti-money laundering (AML) surveillance
infrastructure.
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1. Introduction

The integrity of global banking infrastructure faces mounting pressure from increasingly sophisticated
financial crimes, including credit card fraud, money laundering, account takeover schemes, and large-scale
organized fraud rings. Estimates from international financial intelligence bodies suggest that illicit financial flows
processed through the banking system annually reach hundreds of billions of dollars, inflicting severe economic
harm on financial institutions, individual customers, and national economies [17]. Regulatory authorities have
responded with increasingly stringent compliance obligations that require banks to implement effective transaction
monitoring systems capable of identifying suspicious activity in near real time, yet the practical performance of
deployed systems in many institutions remains inadequate [27]. The fundamental challenge is that fraud is a rare
event embedded within a vast volume of legitimate activity, and its perpetrators are adaptive adversaries who
continuously modify their behavior to evade detection as monitoring strategies evolve [37].

Traditional fraud detection systems have relied primarily on expert-crafted rule engines and threshold-based
filters, which flag transactions that exceed predefined risk parameters such as unusual transaction amounts, high-
frequency transfers, or geographic inconsistencies [4]. While these systems are interpretable and easy to maintain,
they are inherently reactive, lagging behind the adaptive strategies of modern fraudsters, and prone to generating
excessive false positives that impose significant operational burdens on fraud investigation teams [57]. The advent
of machine learning (ML) introduced a new generation of data-driven classifiers, including logistic regression,
random forests, and gradient boosting machines, which could learn complex decision boundaries from historical
labeled data and substantially reduce false positive rates while maintaining competitive detection rates [6]. Despite
these advances, conventional ML approaches share a fundamental architectural limitation: they treat each
transaction as an independent observation, discarding the relational context that encodes many of the most
diagnostic signals of fraudulent behavior [77].

Financial transactions are inherently relational phenomena. An individual account does not transact in
isolation but participates in a network of relationships with merchants, counterpart accounts, payment devices, and
institutional intermediaries, and the structural properties of this network encode rich information about whether
the account is engaged in legitimate or fraudulent activity [87]. Deep learning (DL) architectures that operate on
Euclidean data such as sequences or images cannot directly exploit this network structure. Graph neural networks
(GNNSs), and graph convolutional networks (GCNs) in particular, overcome this limitation by operating on graph-
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structured data and learning node representations through iterative aggregation of information from neighboring
nodes, capturing both individual transactional features and topological context [97. This capacity to leverage
relational signals has proven especially powerful for detecting organized fraud schemes, layered anti-money
laundering (AML) evasion patterns, and collusive account networks that are structurally invisible when
transactions are examined individually [107].

This review provides a comprehensive synthesis of the state of the art in GCN-based detection of suspicious
transaction patterns in banking systems. It traces the development of the field from foundational graph
representation learning through specialized fraud detection architectures, examines strategies for handling key
practical challenges including class imbalance and evolving fraud distributions, and critically evaluates
performance across established benchmarks. Emerging directions in federated learning, heterogeneous graph
modeling, and regulatory explainability are also assessed.

2. Literature Review

The detection of financial fraud has been an active research domain for several decades, with methodological
approaches evolving in close correspondence with advances in statistical learning theory and computational
infrastructure. Early generations of fraud detection systems employed expert-system rules and statistical outlier
detection, identifying transactions that deviated from established behavioral profiles of individual accounts [117].
These approaches achieved acceptable performance in relatively stable fraud environments but were fundamentally
limited by their inability to model the complex, time-varying relationships among accounts that characterize
modern organized fraud schemes. The transition to supervised ML approaches, including support vector machines
(SVMs), random forests (RFs), and gradient boosting classifiers, enabled the extraction of more complex feature
representations from transaction data and substantially improved detection accuracy on benchmark datasets. This
shift is consistent with broader trends in financial analytics, where machine learning methods have progressively
replaced rule-based systems by capturing complex nonlinear relationships and improving predictive accuracy under
dynamic conditions, highlighting the general transition toward data-driven predictive approaches in financial
domains [127]. Ensemble methods in particular demonstrated strong performance on structured tabular data and
became the dominant paradigm in industrial fraud detection systems through the early 2020s [137.

The conceptual shift toward network-aware fraud detection began with the observation that fraudsters
frequently orchestrate coordinated schemes across clusters of linked accounts, and that the structural properties of
these clusters are diagnostic indicators of fraud even when individual transaction features appear unremarkable
[147. Early network analysis approaches modeled the transaction network as a graph and applied community
detection algorithms, centrality measures, and link prediction techniques to identify anomalous substructures [157].
These methods provided valuable insights into the graph-theoretic properties of fraud networks but were
constrained by their reliance on hand-engineered graph statistics and their separation of feature extraction from
classification, preventing end-to-end optimization [167]. The development of graph representation learning
trameworks, particularly the spectral GCN and the inductive GraphSAGE architecture, provided the mathematical
and computational foundations for end-to-end learning directly on graph-structured transactional data [177].

GNNs as a family encompass multiple architectural variants that differ in their neighborhood aggregation
mechanisms. The foundational spectral GCN performs convolution through the normalized graph Laplacian,
enabling each node to aggregate information from its immediate neighbors through a learned linear transformation
[187. While computationally efficient, spectral GCNs treat all neighbors uniformly, which is suboptimal in fraud
detection contexts where the informativeness of different transaction partners varies substantially. Graph attention
networks (GATs) address this limitation by computing adaptive attention weights over neighboring nodes through
a learned scoring function, allowing the model to selectively emphasize the most diagnostic connections in the
transaction network [197]. Multi-head attention variants further improve representational stability and capacity,
and have been shown to achieve consistent performance gains over single-head GATs on financial fraud detection
tasks [207.

Camouflage resistance has emerged as a critical design requirement for GCN-based fraud detection, motivated
by empirical observations that sophisticated fraudsters deliberately structure their transactional behavior to
resemble legitimate users in both feature space and graph topology [217]. Dou et al. proposed a multi-relational
graph framework that constructs separate graph layers for different types of transactional relationships and
employs relation-specific aggregation weights, explicitly modeling the heterogeneous structure of the transaction
network and reducing the corrupting influence of camouflaged fraudulent neighbors [227. Their CARE-GNN
architecture achieved state-of-the-art performance on multiple fraud detection benchmarks by combining this
multi-relational design with a neighbor-filtering mechanism that selectively excludes high-risk neighbors from the
aggregation process [237]. Liu et al. extended this direction with a pick-and-choose aggregation strategy that
weights neighborhood contributions by the estimated fraud probability of neighboring nodes, substantially
improving detection in environments with high camouflage intensity [24].

Temporal dynamics constitute a further layer of complexity in financial fraud detection, as fraud patterns
evolve over time in response to both natural behavioral drift and deliberate adaptation by perpetrators [257. Static
GCN models trained on historical snapshots of the transaction graph may degrade rapidly in performance as the
distribution of fraud patterns shifts, motivating the development of dynamic and temporal GNN architectures.
Temporal graph networks model the evolution of the transaction graph through time-aware aggregation
mechanisms that encode the recency and ordering of interactions, enabling the detection of fraud patterns that
manifest as temporal anomalies in account behavior [267. Long short-term memory (LSTM) networks have been
integrated with GCN layers in hybrid architectures to jointly encode transactional sequence patterns and graph-
structural context, with the LSTM component capturing temporal autocorrelation in fraud occurrence and the
GCN component capturing structural signals [277]. More recent transformer-based temporal encoders have been
proposed within graph frameworks, leveraging self-attention over transaction history to model long-range
temporal dependencies that exceed the capacity of LSTM-based approaches [287. Related hybrid transformer—
GNN architectures further demonstrate that jointly modeling temporal behavioral dynamics and inter-entity
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relational dependencies can improve predictive performance while maintaining interpretability, reinforcing the
effectiveness of attention-based graph learning in financial anomaly detection tasks [297.

Class imbalance is among the most persistent practical challenges in supervised fraud detection, as fraudulent
transactions typically constitute well below one percent of total transaction volume in real banking environments.
Standard cross-entropy training of GCN models on such imbalanced data produces classifiers strongly biased
toward the majority legitimate class, achieving high overall accuracy while missing the vast majority of fraudulent
minority class instances. GraphSMOTE and related graph-aware synthetic minority oversampling methods
address this problem by interpolating new minority class nodes in the embedding space of existing fraudulent
nodes, augmenting the training graph to a more balanced class distribution [307. Focal loss functions, adapted
from computer vision to the fraud detection domain, concentrate learning signal on difficult-to-classify minority
examples by down-weighting the contribution of easy majority examples to the training objective [317]. Cost-
sensitive learning frameworks assign asymmetric misclassification penalties reflecting the relative economic
consequences of false negatives and false positives, aligning the GCN training objective with operational risk
management priorities [327].

Heterogeneous information networks provide a natural representational framework for banking transaction
data, which encompasses diverse entity types including accounts, cards, merchants, devices, and IP addresses,
connected by multiple categories of financial and behavioral relationships [337]. Heterogeneous GNN architectures
such as HAN extend the homogeneous GCN framework to accommodate multiple node and edge types through
type-specific transformation matrices and hierarchical attention mechanisms, enabling joint reasoning over the
multi-modal structure of financial data [347]. HetGNN and related frameworks further improve heterogeneous
graph learning through content-based neighbor sampling and cross-type aggregation, achieving consistent
performance improvements over homogeneous baselines on financial fraud detection tasks [357]. The superiority of
heterogeneous models has been validated across multiple benchmarks, confirming the practical importance of
preserving entity-type-specific inductive biases in transaction graph construction [867].

Federated learning has attracted growing interest as a framework for enabling collaborative fraud detection
across financial institutions that cannot share raw transaction data due to privacy regulations and competitive
constraints [37]. Federated GNN frameworks train local models on institution-specific transaction subgraphs and
aggregate gradient updates at a central coordination server without exposing individual customer data, enabling
the pooling of fraud intelligence across institutional boundaries while preserving data sovereignty [387.
Difterential privacy mechanisms incorporated into the federated aggregation protocol provide formal mathematical
privacy guarantees at the cost of noise-induced performance degradation, which remains an active area of
optimization research [897. Horizontal and vertical federated learning paradigms have both been explored for
GCN-based fraud detection, with vertical federated approaches being particularly applicable to scenarios where
different institutions hold complementary feature sets for overlapping customer populations [407].

Explainability has become a mandatory requirement for ML-based fraud detection in regulated financial
environments, where adverse decisions affecting customers must be accompanied by human-interpretable
justifications [417]. GNNExplainer identifies the subgraph and subset of node features most influential for a given
GCN classification decision, providing post-hoc explanations that can be communicated to compliance officers and
customers [427. Attention visualization in GAT-based fraud detection systems offers a degree of inherent
interpretability through the learned attention weight distributions over transaction neighborhoods, though recent
empirical studies have raised concerns about the faithfulness of attention weights as causal explanations and
advocated for rigorous evaluation of explanation reliability [487. The integration of counterfactual explanation
methods with GCN fraud detection, which identifies the minimal graph perturbation that would change the model's
prediction, represents a promising direction for generating actionable investigative leads [447]. The co-design of
explainability and adversarial robustness, ensuring that explanations remain stable under adversarial input
perturbations, has been identified as a critical open challenge for regulatory-grade GCN deployment [457].

Benchmark evaluation infrastructure for graph-based fraud detection has expanded considerably in recent
years. The YelpChi and Amazon fraud review datasets, originally constructed for fake review detection, have been
widely adopted as proxies for financial fraud due to their similar statistical properties and publicly available nature
[467]. The IEEE-CIS fraud detection dataset, derived from real-world e-commerce transaction data, provides a
more authentic financial benchmark with rich transactional feature sets [477]. PaySim, a synthetic mobile money
transaction simulator calibrated to real transaction logs, enables large-scale experimentation under controlled
conditions with ground-truth fraud labels [487. Despite this growing infrastructure, the lack of standardized graph
construction protocols and evaluation splits across published studies complicates direct comparison of reported
results, underscoring the need for community consensus on benchmark design standards [497.

3. Methodology and System Framework

The construction of an effective transaction graph is a foundational design decision that substantially
determines the representational capacity and inductive bias of the subsequent GCN model. In a banking transaction
graph, nodes represent financial entities including accounts, cards, merchants, and devices, while directed edges
represent individual transactions or structural linkages derived from shared attributes such as device identifiers,
billing addresses, or overlapping registration metadata [50]. Node features encode statistical summaries of
transaction behavior, including amount distributions, temporal activity profiles, merchant category frequencies,
and velocity statistics over multiple time horizons. Edge features encode transaction-specific attributes including
amount, timestamp, channel, and outputs from upstream rule-based risk scorers that provide initial screening
signals [517]. The overall detection pipeline, from raw banking transaction data through multi-relational graph
construction to GCN-based fraud score generation and explainability output, is illustrated in Figure 1 below.
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Figure 1. End-to-end architecture of a GCN-based suspicious transaction detection system

Multi-relational graph construction, which maintains separate edge sets for distinct relationship types such as
shared device, shared IP, and direct fund transfer, provides the richest representational framework by preserving
relationship-type-specific topological signals [527. The standard GCN layer-wise propagation rule computes
updated node representations by multiplying the symmetrically normalized adjacency matrix with the current
feature matrix and applying a learned weight matrix, followed by a nonlinear activation [537. Stacking multiple
such layers enables information to propagate across progressively larger neighborhoods, allowing the model to
detect fraud patterns operating at different topological scales, from immediate transactional links to extended
account communities spanning multiple hops. ReLU activation functions are applied between layers to introduce
expressive nonlinearity, and dropout regularization with graph-specific masking strategies is applied to mitigate
overfitting on the underrepresented fraud class [547].

Inductive learning capability is essential for production deployment, as new accounts and transactions
continuously enter the graph and must be scored without full model retraining. GraphSAGE-style architectures
address this requirement by learning aggregation functions that generalize to unseen nodes through sampled
neighborhood aggregation, enabling efficient inductive inference on dynamically growing transaction networks
[55]. Mini-batch training with neighborhood sampling further improves computational scalability, enabling GCN
models to be trained on transaction graphs containing tens of millions of nodes and edges within operationally
teasible timeframes [567]. Semi-supervised training on partially labeled graphs, where confirmed fraud labels are
available for only a subset of fraudulent transactions, is the standard paradigm in practice, as fraud labels are
typically generated through time-lagged investigation processes that do not provide real-time ground truth [577.

SGD with momentum and adaptive learning rate scheduling constitutes the standard optimization approach for
GCN fraud detection training, with learning rate warmup and decay schedules calibrated to balance convergence
speed and generalization performance [587]. Label propagation initialization, which propagates confirmed fraud
labels across the graph topology prior to GCN training, provides an informative warm-start that accelerates
convergence and significantly improves performance in sparse label regimes characteristic of early-stage fraud
investigation workflows [597. Curriculum learning strategies that progressively increase the difficulty of training
examples have demonstrated improvements in GCN generalization by preventing premature convergence to easily
separable patterns and encouraging the model to learn more nuanced fraud indicators [607].

The deployment of trained GCN models in production banking infrastructure requires careful engineering to
satisty the latency and throughput constraints of payment processing pipelines. Pre-computation of static node
embeddings during offline batch processing, supplemented by incremental real-time feature updates for newly
observed transactions, enables sub-second inference latency for individual transaction scoring while preserving the
benefits of graph-structural reasoning [617]. Graph embedding caching strategies that persist computed
representations between inference requests substantially reduce per-transaction computational load, with periodic
embedding refresh schedules calibrated to the expected rate of meaningful graph topology change [627. The full
operational workflow integrates upstream data preprocessing, graph construction, GCN inference, score
calibration, and downstream alert routing into a unified architecture that supports both real-time card transaction
scoring and batch-mode AML investigation alert generation, as shown comparatively across architectural variants
and baseline methods in Figure 2 and Figure 3 in the following section.

Dataset: YelpChi Dataset: IEEE-CIS
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Figure 2. Comparative Performance of GCN-Based and Baseline Modelson YelpChi and IEEE-CIS Fraud Detection Benchmarks.
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4. Results and Discussion

Empirical evaluations across multiple benchmark datasets consistently establish the performance superiority of
GCN-based approaches over conventional ML baselines in detecting suspicious transaction patterns. On the
YelpChi fraud detection benchmark, GCN variants achieve AUC scores exceeding 0.91, compared to 0.84 for RF
and 0.81 for SVM, representing improvements that translate into meaningtful reductions in both missed fraud cases
and false investigation alerts in operational deployment [637. As shown in Figure 3, the performance advantage of
GCN models is most pronounced on evaluation protocols that specifically measure minority class detection, where
the ability to leverage graph-structural signals provides the largest marginal benefit over feature-only approaches.
Comparative analysis across architectural variants reveals that attention-based GAT models consistently
outperform standard spectral GCNs, achieving AUC scores approximately two to three percentage points higher
on the same graph construction and experimental protocol, reflecting the practical importance of selective
neighborhood aggregation in transaction networks where accounts maintain heterogeneous mixes of legitimate
and suspicious relationships.

0.79 0.81 0.91

GCN (Spectral) YelpChi 0.84
GAT YelpChi 0.86 0.81 0.83 0.93
GraphSAGE YelpChi 0.83 0.77 0.80 0.90
CARE-GNN YelpChi 0.89 0.85 0.87 0.95
RF YelpChi 0.76 0.68 0.72 0.84
SVM YelpChi 0.73 0.65 0.69 0.81
GCN (Spectral) IEEE-CIS 0.88 0.83 0.85 0.94
GAT IEEE-CIS 0.20 0.86 0.a8 0.96
CARE-GNN IEEE-CIS 0.92 0.88 0.90 0.97

GCN-based models Baseline ML models Best performing model (CARE-GNN)

Figure 3. Quantitative performance comparison of GCN-based and baseline fraud detection models.

CARE-GNN achieves the highest reported performance across both benchmark datasets evaluated in Figure 3,
underscoring the practical significance of explicitly modeling camouflage behavior and incorporating neighbor-
filtering mechanisms into the GCN training objective. The performance gap between CARE-GNN and standard
GCN is particularly pronounced on recall, where CARE-GNN achieves recall scores six to eight percentage points
higher, reflecting its capacity to detect fraud that is deliberately structured to resemble legitimate transactions at
the individual node feature level [647]. Multi-relational graph models that separately encode different relationship
categories demonstrate consistent improvements over single-relation baselines across all metrics, validating the
importance of preserving relationship-type specificity during graph construction. These results collectively indicate
that the full performance potential of GCN-based fraud detection is realized only when architectural design, graph
construction strategy, and training procedure are jointly optimized for the specific characteristics of the target
fraud domain.

Temporal evaluation protocols that partition training and testing data chronologically provide a more realistic
assessment of model performance under deployment conditions than random splits, as they expose the distribution
shift induced by evolving fraud patterns over time. Under temporal evaluation, GCN models incorporating
dynamic graph components and temporal encoders exhibit significantly slower performance degradation than
static baseline models, with hybrid LSTM-GCN architectures maintaining AUC values three to five percentage
points higher than static spectral GCNs after six months of temporal separation between training and evaluation
periods [657]. Transformer-based temporal encoders within graph frameworks achieve further improvements on
longitudinal datasets with strong long-range temporal dependencies, though at substantially higher computational
cost that may constrain their applicability in high-throughput real-time scoring scenarios. The consistent empirical
benefit of temporal modeling components across diverse experimental settings validates the theoretical motivation
for incorporating time-awareness into graph-based fraud detection architectures.

The treatment of class imbalance has a substantial and well-documented impact on practical detection
performance. GraphSMOTE oversampling, when incorporated into the GCN training pipeline, improves recall on
the fraudulent minority class by an average of eight to twelve percentage points compared to standard training,
with only marginal reductions in precision, yielding substantial gains in minority-class I'1-score [66]. Focal loss
training provides comparable recall improvements with superior probability calibration, making it preferable in
risk-scoring applications where the output is consumed as a continuous risk signal rather than a binary
classification decision. Empirical comparison of imbalance mitigation strategies reveals that the optimal approach
depends on both the severity of class imbalance and the structural properties of the transaction graph, with highly
connected fraud networks benefiting more from graph-aware oversampling than from loss reweighting alone. The
results suggest that ensemble strategies combining multiple imbalance mitigation techniques may offer the most
robust performance across diverse deployment environments.

Computational profiling of GCN training and inference on realistically scaled transaction graphs reveals
critical practical considerations for production deployment. Mini-batch neighborhood sampling achieves
approximately linear scaling with graph size, enabling training completion within operationally acceptable
timeframes on graphs containing millions of nodes and hundreds of millions of edges. Inference latency for single-
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node fraud scoring using pre-computed static embeddings supplemented by real-time feature updates can be
maintained well below the sub-second threshold required by payment processing infrastructure, enabling GCN-
based scoring to be integrated into real-time authorization workflows without introducing unacceptable latency
[67]. Federated GCN implementations achieve AUC performance within two to three percentage points of
equivalent centralized models on simulated multi-institutional fraud detection tasks, demonstrating that
meaningful detection capability is retained under strict data isolation constraints. The communication overhead
and computational cost of privacy-preserving mechanisms in federated GNN training remain active areas of
engineering optimization, with current implementations adding latency penalties of twenty to forty percent
compared to non-private federated training.

Explainability evaluations using GNNExplainer and attention weight visualization reveal that GCN models
learn fraud-relevant subgraph patterns broadly consistent with the domain expertise of professional fraud
investigators, including dense cyclic transaction clusters, star-shaped fund flow networks characteristic of mule
account operations, and rapid velocity patterns in which funds are transited through sequences of intermediary
accounts within short time windows [687]. The degree of alignment between model-generated explanations and
investigator-identified fraud typologies provides partial validation of the learned GCN representations and
supports their integration into investigative case management workflows as a tool for prioritizing and
contextualizing alerts. However, the sensitivity of generated explanations to minor perturbations of the input
transaction graph remains a significant concern for adversarially robust deployment, and further research into
stable explanation methodologies that maintain consistency under the noisy and adversarially contaminated
conditions of real fraud detection is a recognized priority for the field.

5. Conclusion

This review has synthesized the state of the art in applying GCNs to the detection of suspicious transaction
patterns in banking systems, examining the full arc of development from foundational graph representation
learning through specialized fraud detection architectures to emerging challenges in deployment, privacy, and
regulatory compliance. The convergence of evidence from benchmark evaluations across multiple financial datasets
clearly establishes that GCN-based approaches deliver substantial and consistent performance advantages over
conventional ML methods, particularly in detecting organized fraud schemes whose signatures are encoded in the
structural properties of the transaction network rather than in individual transaction features. The capacity of
GCN s to aggregate relational context across multi-hop neighborhoods enables the identification of complex fraud
typologies, including coordinated ring fraud, layered money laundering structures, and mule account networks,
that remain invisible to feature-only classification approaches regardless of the sophistication of the underlying
classifier.

The review identifies several critical challenges that must be addressed to fully realize the operational potential
of GCN-based fraud detection in production banking environments. Severe class imbalance, which is a fundamental
statistical property of real fraud datasets, requires specialized graph-aware mitigation strategies whose optimal
configuration is context-dependent and not yet fully understood. The temporal non-stationarity of fraud patterns
demands dynamic graph architectures capable of adapting to distribution shift without continuous full retraining,
and current hybrid temporal-structural approaches represent promising but incomplete solutions to this challenge.
Regulatory explainability requirements impose constraints on model transparency that are difficult to satisty
simultaneously with adversarial robustness, and the co-design of faithful, stable explanations with robust GCN
classifiers represents a foundational open problem for regulatory-grade deployment. Privacy-preserving federated
GNN frameworks introduce meaningful performance costs relative to centralized training, and the engineering
trade-offs among privacy guarantees, detection accuracy, and computational efficiency are not yet optimally
resolved.

Emerging research directions with strong potential to shape the near-term evolution of the field include the
development of foundation models for financial graphs that leverage pre-training on large-scale unlabeled
transaction data to improve downstream fraud detection with limited labeled examples, the integration of large
language model-derived semantic features with graph-structural representations to enrich node embeddings, and
the development of adversarially robust training procedures that maintain detection performance against
sophisticated evasion strategies. The continued expansion and standardization of financial fraud benchmark
datasets, particularly those capturing the full heterogeneity of modern banking transaction networks across diverse
institution types and regulatory environments, will be essential to enable rigorous comparison of proposed
methods and to accelerate community progress. The broader implications of GCN-based fraud detection extend
naturally to the wider landscape of financial integrity and compliance, encompassing transaction monitoring for
AML compliance, credit risk graph modeling, systemic risk surveillance, and regulatory reporting automation,
suggesting that graph intelligence will become a foundational component of next-generation banking security
infrastructure.
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