International Journal of Computer Applications Technology and Research
Volume 14—Issue 12, 134 — 147, 2025, ISSN:-2319-8656
DOI:10.7753/1J)CATR1412.1013

Al-Driven Anomaly Detection Techniques for Identifying
Financial Fraud Across Cross-Border Payment Systems
and Blockchain-Based Transaction Networks

Uloma Prisca Inyamah
Independent Researcher

Abstract: Financial fraud across cross-border payment systems and blockchain-based transaction networks has grown in scale,
sophistication, and velocity, driven by increased digitization, regulatory fragmentation, and the pseudonymous nature of decentralized
infrastructures. This study presents a comprehensive examination of Al-driven anomaly detection techniques designed to address these
evolving threats. From a broad perspective, the paper reviews the global financial ecosystem, highlighting vulnerabilities in traditional
correspondent banking frameworks and emerging decentralized finance (DeFi) architectures. It then narrows to advanced machine
learning and deep learning approaches, including supervised, unsupervised, and hybrid models such as autoencoders, graph neural
networks, and reinforcement learning systems for real-time fraud detection. Particular emphasis is placed on transaction pattern
analysis, behavioral profiling, and network topology modeling to uncover hidden relationships and detect anomalous activities across
distributed ledgers and cross-border payment rails. The study further evaluates challenges such as data sparsity, class imbalance,
adversarial manipulation, privacy constraints, and regulatory compliance, including AML and KYC requirements. By integrating Al
with blockchain analytics and financial monitoring systems, the paper demonstrates how adaptive, scalable, and explainable detection
frameworks can significantly enhance fraud prevention capabilities. The findings provide strategic insights for financial institutions,
regulators, and fintech developers aiming to strengthen global financial security.
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1. INTRODUCTION implement coherent fraud detection strategies, thereby
1.1 Macro-Financial Context and Systemic Risk necessitating advanced analytical approaches capable of
bridging structural and operational gaps [1].
The global financial ecosystem has undergone significant
transformation with the increasing convergence of traditional
cross-border payment infrastructures and decentralized
blockchain-based transaction networks [1]. Conventional
systems, often built on SWIFT-like messaging rails, rely on
multi-layered correspondent banking relationships that
facilitate liquidity movement across jurisdictions but
introduce latency, opacity, and systemic exposure points [2].
In parallel, blockchain platforms enable near real-time value

1.2 Technical Problem Framing

From a technical perspective, fraud detection across cross-
border and blockchain systems is constrained by multi-ledger
heterogeneity and data fragmentation [2]. Traditional financial
systems generate structured transactional records governed by
standardized messaging protocols, whereas blockchain
networks produce semi-structured, high-frequency ledger data

” with embedded cryptographic attributes [3]. Integrating these
transfer, yet operate under fundamentally different trust, disparate data sources presents challenges in schema

validation, and governance mgdels, creating interoperability alignment, feature compatibility, and semantic interpretation
challenges when these systems intersect [3]. [4]

Liquidity corridors spanning multiple financial institutions are
particularly vulnerable due to fragmented visibility and
delayed reconciliation processes [4]. Funds routed through
intermediary banks may undergo multiple transformations,
increasing the difficulty of tracking transactional intent and
origin [5]. These inefficiencies are further compounded by
jurisdictional arbitrage, where fraud actors exploit
inconsistencies in regulatory enforcement across borders to
obscure illicit flows [6]. The emergence of hybrid transaction
environments where fiat and digital assets coexist has
amplified the scale and sophistication of fraud typologies [7].

Temporal inconsistency further complicates detection efforts,
as cross-border transactions are often processed in batch
cycles with delayed settlement windows [5]. In contrast,
blockchain transactions are validated in near real-time through
distributed consensus mechanisms, introducing significant
analytical asymmetry [6]. This mismatch creates
discontinuities in time-series analysis, making it difficult to
construct coherent event sequences for anomaly detection [7].
Fraudulent activities may exploit these temporal gaps to
distribute transactions across systems, thereby reducing
detection visibility [8].

Moreover, systemic risk is intensified by the asynchronous
integration of centralized and decentralized infrastructures,
where misaligned monitoring capabilities allow anomalous
patterns to propagate undetected [8]. The lack of unified
oversight mechanisms and standardized data exchange
frameworks limits the ability of financial institutions to

Additionally, the structural properties of transaction networks
introduce complexity, as financial graphs typically exhibit
sparsity under normal conditions [1]. However, during
coordinated fraud, these networks can rapidly transition into
dense clusters, reflecting abnormal connectivity patterns [2].
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Detecting such burst dynamics requires models capable of
capturing both local and global graph behavior, which
traditional static approaches fail to adequately represent [3].

1.3 Research Hypothesis and Contributions

This study is grounded in the hypothesis that graph-temporal
anomaly detection models provide superior performance
compared to static machine learning techniques in identifying
financial fraud across integrated cross-border and blockchain
environments [4]. By incorporating both relational
dependencies and temporal evolution, such models can
capture complex fraud signatures that remain undetectable
under conventional frameworks [5]. This approach reflects the
increasing need for adaptive intelligence in monitoring
dynamic financial ecosystems [6].

The primary contribution of this research lies in the
development of a cross-domain analytical framework that
fuses financial transaction data with blockchain-derived
network features [7]. This integration enables the extraction of
enriched representations that reflect both transactional
behavior and structural interactions, thereby improving
anomaly detection precision [8]. Unlike isolated analyses
confined to a single system, this unified approach enhances
contextual awareness and detection depth [1].

A second contribution involves the implementation of a
hybrid anomaly detection architecture combining density-
based methods, reconstruction-based neural networks, and
graph learning techniques [2]. This multi-layered strategy
enhances robustness by addressing statistical, behavioral, and
relational anomalies simultaneously [3]. Finally, the study
introduces a regulatory-aware scoring mechanism that aligns
anomaly outputs with compliance requirements such as anti-
money laundering thresholds and risk categorization
frameworks [4]. This ensures that detection outputs are both
analytically rigorous and operationally actionable [5].

2. SYSTEM MODEL AND THREAT
FORMALIZATION

2.1 Cross-Border Transaction Model

Cross-border financial transactions are inherently structured
as multi-hop processes involving a sequence of
intermediaries, typically including originating banks,
correspondent institutions, and final clearing entities [7].
These transactions are not executed as direct point-to-point
exchanges but rather traverse layered financial networks
designed to facilitate liquidity redistribution and regulatory
compliance across jurisdictions [8]. The complexity of this
structure introduces opacity, particularly when funds are
routed through multiple correspondent banks, each
maintaining partial visibility of the transaction flow [9].

A defining characteristic of cross-border payment systems is
the presence of hidden layering structures, where transactions
are intentionally fragmented or routed through multiple
accounts to obscure origin and destination [10]. This layering
effect complicates traceability and is frequently exploited in
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illicit financial activities, including money laundering and
trade-based fraud schemes [11]. The sequential nature of these
transactions also introduces temporal dependencies, where
delays between hops can mask anomalous behavior when
viewed in isolation [12].

To formally represent this structure, a transaction flow can be
modeled as a set of tuples capturing the relationships between
entities, values, and time:

T = {(u;, v;, @, t))}

Where u;denotes the sender node, v;represents the receiver
node, agcorresponds to the transaction amount, and
t;indicates the timestamp of execution [13]. This formulation
enables the abstraction of complex financial interactions into
analyzable components, forming the basis for downstream
anomaly detection and temporal pattern recognition [14].

2.2 Blockchain Network Representation

Blockchain-based transaction systems differ fundamentally
from traditional financial networks in that they operate on
decentralized, append-only ledgers where all transactions are
publicly recorded and cryptographically validated [15].
Unlike cross-border banking systems, which rely on
hierarchical trust models, blockchain networks establish trust
through distributed consensus mechanisms, resulting in
transparent yet pseudonymous transaction records [7]. Each
participant is represented by a wallet address rather than a
formally verified identity, introducing unique challenges for
attribution and fraud detection [8].

Transactions on blockchain platforms are inherently
relational, forming complex network structures where nodes
correspond to wallet addresses and edges represent value
transfers between them [9]. These networks evolve
dynamically, with new nodes and connections emerging
continuously as transactions are validated and appended to the
ledger [10]. The inclusion of additional attributes such as gas
fees, transaction frequency, and smart contract interactions
further enriches the data but increases dimensional complexity
[11].

The blockchain network can be formally modeled as a
weighted graph:

G=(V.E.W)

Where Vrepresents the set of wallet addresses, Edenotes the
set of transaction edges, and Wcaptures associated weights
such as transaction value, computational cost, or interaction
frequency [12]. This graph-based representation enables the
application of network analytics and graph learning
techniques, facilitating the identification of anomalous
structures and behavioral deviations within decentralized
financial ecosystems [13].

135


http://www.ijcat.com/

International Journal of Computer Applications Technology and Research
Volume 14—Issue 12, 134 — 147, 2025, ISSN:-2319-8656
DOI:10.7753/IJCATR1412.1013

2.3 Fraud Typologies and Mathematical Signatures

Financial fraud within cross-border and blockchain systems
manifests through distinct yet interrelated typologies, each
characterized by identifiable structural and temporal
signatures [14]. One prevalent form is smurfing, where large
illicit sums are divided into numerous small transactions to
evade detection thresholds [15]. This behavior produces high-
frequency, low-value transaction spikes that can be
statistically identified through abnormal distribution patterns
over short time intervals [7]. Detecting such activity requires
sensitivity to micro-level temporal variations and aggregation
anomalies [8].

Layering represents a more sophisticated strategy, involving
the movement of funds through extended chains of
transactions designed to obscure their origin [9]. In both
traditional and blockchain environments, layering results in
elongated transaction paths with minimal economic
justification, often spanning multiple accounts or wallet
addresses [10]. These chains introduce complex dependencies
that are difficult to capture using static models, necessitating
temporal and relational analysis frameworks [11].

Wash trading, commonly observed in blockchain-based
markets, involves the repeated exchange of assets between
controlled accounts to artificially inflate transaction volume or
manipulate market perception [12]. This behavior generates
cyclic patterns within transaction graphs, where the same
nodes repeatedly interact in closed loops [13]. Identifying
such cycles requires the application of graph-theoretic metrics
capable of capturing recurrent connectivity structures.

A fundamental approach to detecting cyclic fraud patterns
involves analyzing the adjacency matrix of the transaction
graph:

C(G) = trace(4¥)

Where Ais the adjacency matrix and krepresents the path
length, with the trace capturing the number of closed walks of
length kwithin the network [14]. Elevated values of this
metric indicate the presence of repeated cycles, which may
correspond to coordinated fraudulent behavior [15].
Collectively, these mathematical signatures provide a robust
foundation for detecting diverse fraud mechanisms across
integrated financial systems.

3. DATA ENGINEERING PIPELINE

3.1 Data Acquisition and Integration

The effectiveness of Al-driven anomaly detection in financial
fraud systems depends fundamentally on the quality,
diversity, and integration of data sources spanning both
traditional and decentralized infrastructures [14]. In this study,
a multi-source data acquisition strategy is adopted to capture
the heterogeneity inherent in cross-border payment systems
and blockchain-based transaction networks [15]. A SWIFT-
like synthetic dataset, structured according to ISO 20022
messaging standards, is utilized to emulate real-world cross-
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border payment flows, incorporating fields such as transaction
identifiers, sender and receiver institutions, settlement
timestamps, currency types, and transaction amounts [16].
This structured dataset provides a controlled environment for
modeling correspondent banking interactions and layered
transaction flows.

Complementing this, a publicly available Ethereum
transaction dataset is incorporated to represent decentralized
financial activity, including wallet-to-wallet transfers, smart
contract interactions, and gas fee dynamics [17]. The
blockchain dataset introduces high-frequency, semi-structured
data characterized by pseudonymous identifiers and
continuous ledger updates, thereby enriching the analytical
scope of the study. Integrating these datasets requires careful
alignment of schema definitions and semantic attributes to
ensure compatibility across domains [18].

Currency conversion normalization is applied during the
integration phase to standardize transaction values across
multiple currencies, enabling consistent quantitative analysis
[19]. Exchange rates are sourced from historical financial data
feeds and aligned temporally with transaction timestamps to
preserve accuracy. This normalization ensures that anomalies
are not artificially introduced due to currency fluctuations but
reflect genuine irregularities in transactional behavior [20].
The resulting integrated dataset forms a unified analytical
base, enabling cross-domain anomaly detection across
financial and blockchain systems.

Figure 1: Multi-Source Data Integration Architecture
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Figure 1: Multi-Source Data Integration Architecture

3.2 Data Harmonization Across Domains

Following data acquisition, harmonization processes are
implemented to resolve structural and temporal
inconsistencies between cross-border and blockchain datasets
[21]. Timestamp synchronization is a critical step, as
traditional financial transactions often follow batch processing
cycles, whereas blockchain transactions are recorded in near
real-time. To address this, all timestamps are converted into a
unified temporal framework, typically Coordinated Universal
Time (UTC), and discretized into consistent intervals suitable
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for time-series analysis [22]. This alignment enables the
reconstruction of coherent transaction sequences across
systems.

Address—account mapping represents another key challenge,
as traditional banking systems rely on verified customer
identities, while blockchain networks operate using
pseudonymous wallet addresses [23]. To bridge this gap,
heuristic clustering techniques and transaction pattern analysis
are employed to infer potential relationships between
blockchain addresses and corresponding financial entities.
Although not definitive, this mapping enhances the contextual
understanding of cross-domain interactions and supports
anomaly detection at a behavioral level [14].

Currency  normalization is  further refined during
harmonization to ensure consistency across all transactional
records. This is formally represented as:

AUS‘D = AIocaI X fo

Where  Aygpis  the  normalized  transaction  value,
Ajpcairepresents the original amount, and Rg.denotes the

applicable exchange rate [15]. This transformation ensures
comparability across transactions and eliminates distortions
arising from currency variability, thereby improving the
reliability of downstream analytical models.

3.3 Feature Engineering

Feature engineering plays a pivotal role in enhancing the
discriminative power of machine learning models by
transforming raw transactional data into meaningful
representations that capture temporal, structural, and
behavioral characteristics of financial activity [16]. In this
study, features are systematically categorized into temporal,
graph-based, and behavioral domains to reflect the
multidimensional nature of fraud patterns.

A. Temporal Features

Temporal features are essential for capturing the dynamic
nature of transaction flows and identifying irregular timing
patterns associated with fraudulent behavior [17]. One of the
primary temporal metrics is inter-arrival time, which measures
the time difference between consecutive transactions within a
given account or wallet. Sudden reductions in inter-arrival
intervals may indicate burst activity characteristic of smurfing
or automated transaction scripts [18].

At=1t;—t;_4

Where Atrepresents the inter-arrival time between transaction
iand its predecessor. This metric is particularly effective in
detecting deviations from normal transactional rhythms. Burst
detection techniques further extend this analysis by
identifying clusters of rapid transactions within short time
windows, often associated with coordinated fraud attempts
[19]. By incorporating temporal smoothing and rolling
window analysis, these features enable models to distinguish
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between routine activity and anomalous spikes, thereby
improving detection sensitivity in both cross-border and
blockchain environments [20].

B. Graph Features

Graph-based features leverage the relational structure of
transaction networks to uncover hidden connections and
anomalous interaction patterns [21]. Degree centrality is a
fundamental metric that quantifies the number of direct
connections associated with a node, reflecting its level of
activity within the network [22]. Nodes with unusually high or
low centrality may indicate abnormal behavior, such as hub-
based laundering or isolated suspicious accounts.

deg(v)
|[Vi—-1

Cp(v) =

Where deg(v)denotes the degree of node wand
| V Irepresents the total number of nodes in the network.
Additional metrics such as PageRank and clustering
coefficient provide deeper insights into node influence and
local connectivity patterns, respectively [23]. PageRank
evaluates the relative importance of nodes based on their
connections, while clustering coefficients measure the
tendency of nodes to form tightly connected groups. These
features are particularly useful in identifying coordinated
fraud rings and cyclic transaction patterns within blockchain
networks [14].

C. Behavioral Features

Behavioral features capture the statistical properties of
transaction activity, providing insights into user behavior and
deviations from established norms [15]. Transaction entropy
is a key metric used to quantify the unpredictability or
randomness of transaction distributions. High entropy values
may indicate irregular or artificially diversified transaction
patterns, often associated with attempts to evade detection
[16].

H(X) = —Xp(x)log p(x)

Where p(x)represents the probability distribution of
transaction attributes such as amount, frequency, or
counterparties. Lower entropy, on the other hand, may suggest
repetitive or structured behavior, which can also be indicative
of automated fraud mechanisms [17]. By combining entropy
with other statistical descriptors such as variance and
skewness, behavioral features provide a comprehensive view
of transactional dynamics, enabling models to detect subtle
anomalies that may not be evident through structural or
temporal analysis alone [18].
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Figure 2: Feature Engineering Workflow
Table 1: Engineered Feature Categories and Descriptions

Mathematica
Feature | Feature _ I -Relevance
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on/ Detection
Computation
Time
difference Detects
Tempora| Inter- between burst
| arrival |consecutive| At=t;—t- |activity and
Features| Time |transactions smurfing
for a user or patterns
wallet
Number of -
. Identifies
. |transactions
Transactio o unusually
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n . f=N/T high
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a y time y
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window
Distribution Detects
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Day [transactions transaction
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Intensity | . window count
in short fraud
intervals behavior
Number of
Graph | Degree direct C_D(v) = v
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of anode in
the
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Mathematica
| Relevance
Feature | Feature L .
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gory on/ Detection
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PageRank | . . iterative | . .
Score incoming raoh influential
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4. MODEL ARCHITECTURE AND

TRAIN

ING

4.1 Hybrid Model Design

The proposed anomaly detection framework adopts a hybrid

modeling

strategy

that

integrates

density-based,
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reconstruction-based, and graph-based learning paradigms to
capture the multifaceted nature of financial fraud across cross-
border and blockchain systems [21]. This design is motivated
by the observation that fraud patterns manifest differently
across statistical distributions, behavioral deviations, and
relational structures, requiring complementary analytical
approaches [22].

The first component, Isolation Forest, is employed to detect
density anomalies by isolating observations that deviate
significantly from the majority of the data distribution [23].
Unlike traditional clustering techniques, Isolation Forest
operates by recursively partitioning the feature space,
enabling efficient detection of outliers in high-dimensional
datasets [24]. This method is particularly effective for
identifying rare fraudulent transactions embedded within large
volumes of legitimate activity.

The second component, the autoencoder neural network,
focuses on reconstruction anomalies by learning compressed
representations of normal transactional behavior [25]. During
training, the model minimizes reconstruction error for
legitimate patterns, making it sensitive to deviations that
result in higher reconstruction loss [26]. This capability
allows the detection of subtle behavioral anomalies that may
not be captured through statistical methods alone.

The third component, a Graph Neural Network (GNN), is
designed to model relational anomalies by leveraging the
structural properties of transaction networks [27]. By
propagating information across nodes and edges, the GNN
captures dependencies between entities, enabling the
identification of coordinated fraud patterns such as laundering
chains and cyclic transactions [28]. The integration of these
three components ensures a comprehensive detection
framework capable of addressing diverse fraud typologies
across heterogeneous financial environments.

Figure 3: Hybrid Model Architecture
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Figure 3: Hybrid Model Architecture

4.2 Autoencoder Derivation
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The autoencoder model is formulated as a neural network that
learns an efficient encoding of input data by minimizing
reconstruction error between the original input and its
reconstructed output [29]. The core objective is to capture the
intrinsic structure of normal transactional behavior, allowing
deviations to be identified as anomalies. This objective is
mathematically expressed through the reconstruction loss
function:

L=IlX—fa(X) I

Where Xrepresents the input feature matrix and fz(X)denotes
the reconstructed output generated by the model
parameterized by 8[30]. The encoder component maps the
input data into a lower-dimensional latent space, effectively
compressing the information while preserving essential
patterns [21]. This latent representation captures the
underlying structure of normal transactions, reducing noise
and redundancy.

The decoder then reconstructs the original input from the
latent representation, attempting to approximate the input as
closely as possible [22]. The optimization process involves
minimizing the reconstruction loss using gradient-based
methods, ensuring that the model learns a compact yet
informative representation of the data [23]. When anomalous
data is introduced, the model fails to reconstruct it accurately,
resulting in higher loss values that can be used as anomaly
scores [24]. This property makes autoencoders particularly
effective for unsupervised anomaly detection in environments
where labeled fraud data is limited or incomplete [25].

4.3 Training Phase

The training phase is designed to ensure robust model
performance while addressing the inherent class imbalance
present in financial fraud datasets [26]. Fraudulent
transactions typically represent a small fraction of the overall
dataset, necessitating the use of stratified sampling techniques
to preserve the distribution of classes during model training
[27]. This approach ensures that both normal and anomalous
patterns are adequately represented across training, validation,
and testing subsets.

The dataset is partitioned into three distinct segments: 70%
for training, 15% for validation, and 15% for testing [28]. The
training set is used to fit the model parameters, while the
validation set supports hyperparameter tuning and early
stopping to prevent overfitting [29]. The testing set is reserved
for final performance evaluation, providing an unbiased
assessment of model generalization [30]. This structured
splitting strategy ensures that the model is evaluated under
realistic conditions, reflecting its ability to detect unseen fraud
patterns.

During training, the hybrid model components are either
trained independently or in a coordinated manner depending
on the integration strategy. The Isolation Forest is trained
using subsampling techniques to improve efficiency, while the
autoencoder is optimized using stochastic gradient descent to
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minimize reconstruction loss [21]. The Graph Neural Network
is trained through iterative message passing, updating node
representations based on neighborhood information [22].
Careful synchronization of these training processes is required
to ensure consistency across model outputs.

Regularization techniques such as dropout and weight decay
are applied to prevent overfitting, while batch normalization
stabilizes training dynamics [23]. The training process is
monitored using validation metrics to detect convergence and
ensure that the model maintains a balance between bias and
variance [24].

Figure 4: Training and Validation Pipefine
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4.4 Hyperparameter Optimization

Hyperparameter optimization is a critical step in maximizing
the performance of the hybrid anomaly detection framework
[25]. Given the diversity of model components, different
optimization strategies are employed to tune parameters
effectively. Grid search provides a systematic exploration of
predefined parameter spaces, while Bayesian optimization
offers a probabilistic approach that efficiently converges
toward optimal configurations [26].

For the Isolation Forest, key parameters include the number of
trees and maximum tree depth, which influence the model’s
ability to isolate anomalies [27]. In the autoencoder, the
dimensionality of the latent space is a crucial factor, as it
determines the balance between compression and information
retention [28]. A latent space that is too small may lead to
underfitting, while an excessively large space may reduce
anomaly sensitivity.

The learning rate is another critical parameter, particularly for
neural network training, as it affects convergence speed and
stability [29]. Adaptive learning rate methods such as Adam
are often employed to enhance optimization efficiency [30].
The selection of optimal hyperparameters is guided by
validation performance, ensuring that the model achieves high
accuracy while maintaining generalization capability across
diverse transaction scenarios [21].

4.5 Model Convergence Analysis

Model convergence analysis is essential for evaluating the
stability and reliability of the training process [22]. Loss
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curves are used to track the progression of training and
validation errors over successive epochs, providing insights
into model learning dynamics [23]. A consistent decrease in
both training and validation loss indicates effective learning,
while divergence between the two may signal overfitting or
underfitting.

Overfitting occurs when the model captures noise and specific
patterns in the training data that do not generalize to unseen
data [24]. This is typically observed when training loss
continues to decrease while validation loss begins to increase.
To mitigate this, techniques such as early stopping are
employed, halting training when validation performance no
longer improves [25]. Conversely, underfitting is
characterized by high error rates across both training and
validation datasets, indicating insufficient model complexity
or inadequate feature representation [26].

In the hybrid framework, convergence must be evaluated
across all model components, ensuring that each contributes
effectively to anomaly detection [27]. Visualization of loss
trajectories and performance metrics supports the
identification of optimal training duration and model
configuration [28]. This analysis ensures that the final model
achieves a balance between accuracy, robustness, and
generalization, which is critical for deployment in real-world
financial systems [29].

5. EVALUATION AND STATISTICAL
ANALYSIS

5.1 Performance Metrics

Evaluating the effectiveness of anomaly detection models in
financial fraud systems requires a combination of
classification-based and probabilistic performance metrics
that capture both detection accuracy and reliability under class
imbalance conditions [27]. Precision, recall, and F1-score are
central to assessing classification performance, particularly in
fraud detection where false positives and false negatives carry
different operational consequences [28]. Precision measures
the proportion of correctly identified fraudulent transactions
among all predicted fraud cases, reflecting the model’s ability
to minimize false alarms. Recall, on the other hand, evaluates
the proportion of actual fraud cases correctly identified,
indicating the model’s sensitivity to detecting illicit activity
[29].

The F1-score provides a harmonic balance between precision
and recall, ensuring that neither metric dominates the
evaluation, especially in datasets where fraud instances are
rare [30]. A high F1-score indicates that the model maintains
both high detection accuracy and low false positive rates,
which is critical for practical deployment in financial
monitoring systems [31]. These metrics are particularly
relevant in cross-border and blockchain environments, where
transaction diversity and scale can obscure anomalous
behavior.

140


http://www.ijcat.com/

International Journal of Computer Applications Technology and Research
Volume 14—Issue 12, 134 — 147, 2025, ISSN:-2319-8656
DOI:10.7753/1J)CATR1412.1013

In addition to classification metrics, the Receiver Operating
Characteristic—-Area Under Curve (ROC-AUC) is employed to
evaluate the model’s ability to distinguish between normal
and fraudulent transactions across varying decision thresholds
[32]. ROC-AUC provides a threshold-independent measure of
performance, capturing the trade-off between true positive and
false positive rates [33]. A higher ROC-AUC value indicates
stronger discriminative capability, enabling the model to
maintain performance consistency across different operational
settings. Together, these metrics provide a comprehensive
evaluation framework for assessing anomaly detection models
in complex financial ecosystems [34].

5.2 Mean Deviation and Error Metrics

Beyond classification performance, statistical error metrics
are essential for quantifying the stability and variability of
model predictions in anomaly detection systems [35]. Mean
Absolute Deviation (MAD) is a key measure used to assess
the average magnitude of deviations between predicted and
observed values, providing a robust indicator of model
consistency [27]. Unlike variance-based metrics, MAD is less
sensitive to extreme values, making it particularly suitable for
fraud detection scenarios where outliers are inherent to the
data distribution [28]. This robustness ensures that the
evaluation remains reliable even in the presence of irregular
transaction patterns.

Standard deviation is another critical metric, measuring the
dispersion of prediction errors around the mean [29]. A lower
standard deviation indicates that the model produces
consistent predictions, while higher values suggest variability
that may affect reliability in operational environments.
Variance, as the square of standard deviation, provides a
quantitative measure of the spread of prediction errors,
offering insights into the model’s sensitivity to fluctuations in
input data [30]. Together, these metrics enable a deeper
understanding of model behavior beyond simple accuracy
measures.

From a parameter interpretation perspective, MAD serves as a
direct indicator of robustness to outliers, as it reflects the
average absolute deviation without amplifying extreme values
[31]. Variance, in contrast, emphasizes the spread of
predictions, highlighting the extent to which model outputs
deviate from expected behavior [32]. In the context of
financial fraud detection, balancing these metrics is crucial to
ensure that the model remains both stable and responsive to
anomalous patterns. By integrating these statistical measures
into the evaluation framework, the study ensures a
comprehensive assessment of model reliability and
performance across diverse transaction scenarios [33].

5.3 Comparative Benchmarking

To establish the practical relevance of the proposed hybrid
anomaly detection framework, its performance s
benchmarked against traditional rule-based Anti-Money
Laundering (AML) systems and established regulatory
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thresholds defined by global financial standards [34]. Rule-
based systems typically rely on predefined heuristics, such as
transaction limits, frequency thresholds, and known risk
indicators, to flag suspicious activity. While these systems
provide interpretability and regulatory alignment, they often
suffer from rigidity and high false positive rates due to their
inability to adapt to evolving fraud patterns [35].

In contrast, the proposed Al-driven framework leverages
adaptive learning mechanisms to identify anomalies based on
data-driven patterns rather than fixed rules. This enables the
detection of previously unseen fraud strategies, particularly in
complex environments where cross-border and blockchain
transactions intersect [27]. Comparative analysis reveals that
the hybrid model achieves higher precision and recall rates,
indicating improved accuracy in identifying fraudulent
transactions while reducing false alarms. This enhancement is
critical for financial institutions seeking to optimize
operational efficiency and compliance effectiveness [28].

Benchmarking against Basel and Financial Action Task Force
(FATF) guidelines further contextualizes the model’s
performance within regulatory frameworks [29]. These
standards emphasize risk-based approaches to monitoring
financial activity, requiring institutions to implement systems
capable of identifying high-risk transactions while
maintaining auditability and transparency. The integration of a
regulatory-aware scoring layer within the proposed model
ensures alignment with these requirements, enabling seamless
incorporation into existing compliance infrastructures [30].

Table 2: Model Performance vs Traditional AML Systems
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Table 3: Statistical Metrics Comparison
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The results demonstrate that the hybrid model not only
outperforms traditional systems in detection accuracy but also
provides enhanced adaptability and scalability across diverse
financial environments [31]. By combining statistical rigor
with regulatory alignment, the framework offers a robust
solution for modern fraud detection challenges, bridging the
gap between analytical innovation and practical
implementation [32].

6. RESULTS AND VISUALIZATION

6.1 Detection Accuracy and Patterns
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The evaluation of the hybrid anomaly detection framework
demonstrates strong performance across both cross-border and
blockchain transaction datasets, particularly in distinguishing
fraudulent from legitimate activity under highly imbalanced
conditions [34]. The confusion matrix provides a detailed
breakdown of classification outcomes, highlighting true
positives, false positives, true negatives, and false negatives,
which collectively inform the model’s operational
effectiveness. A high true positive rate indicates the model’s
capability to detect fraudulent transactions accurately, while a
low false positive rate reduces unnecessary alerts and
operational burden on compliance teams [35].

The Receiver Operating Characteristic (ROC) curve further
illustrates the trade-off between sensitivity and specificity
across varying classification thresholds. The model achieves a
consistently high Area Under the Curve (AUC), reflecting its
ability to maintain discrimination between normal and
anomalous transactions across diverse decision boundaries
[36]. This performance is particularly significant in cross-
border systems where transaction diversity and temporal
delays can obscure fraud signals. The integration of graph-
based and temporal features enhances the model’s sensitivity
to subtle anomalies that would otherwise remain undetected in
traditional frameworks [37].

Pattern analysis reveals that fraudulent transactions often
exhibit distinct temporal clustering and value distribution
characteristics. In  blockchain datasets, anomalies are
frequently associated with rapid transaction bursts and
repeated interactions between a limited set of wallet
addresses, while cross-border fraud tends to manifest through
layered transaction chains and irregular settlement intervals
[38]. These patterns confirm the effectiveness of the hybrid
approach in capturing both statistical and structural
irregularities within complex financial ecosystems.

Figure 5: Confusion Matrix and ROC Curve
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Figure 5: Confusion Matrix and ROC Curve

6.2 Graph-Based Fraud Visualization
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Graph-based visualization of transaction networks provides
critical insights into the structural characteristics of fraudulent
activity, enabling intuitive interpretation of complex relational
patterns [39]. By representing transactions as nodes and edges
within a network, it becomes possible to identify clusters,
hubs, and cyclical structures that are indicative of coordinated
fraud schemes. In blockchain environments, fraudulent
behavior often manifests as tightly connected clusters of
wallet addresses engaged in repetitive or circular transactions,
forming identifiable subgraphs within the broader network
[34].

The visualization of these clusters reveals distinct topological
features, such as high node centrality and dense connectivity,
which differentiate fraudulent networks from normal
transaction flows. Legitimate transactions typically exhibit
dispersed and loosely connected structures, reflecting diverse
interactions across independent entities. In contrast, fraudulent
clusters display concentrated interactions, often involving a
limited number of nodes repeatedly exchanging value to
simulate legitimate activity or obscure transaction origins
[35].

In cross-border systems, graph visualization highlights multi-
hop transaction chains, where funds are routed through
multiple intermediary accounts before reaching their final
destination. These chains often exhibit irregular branching
patterns and temporal inconsistencies, which can be visually
distinguished from standard transaction pathways [36]. The
integration of graph-based visualization with anomaly
detection outputs enhances interpretability, allowing analysts
to trace suspicious activity and understand the underlying
mechanisms of fraud. This capability is particularly valuable
for regulatory reporting and forensic analysis, where
transparency and explainability are essential [37].

6.3 Feature Importance Analysis

Understanding the contribution of individual features to
model predictions is essential for ensuring transparency and
interpretability in Al-driven fraud detection systems [38]. In
this study, SHapley Additive exPlanations (SHAP) are
employed to quantify feature importance by attributing
prediction outcomes to specific input variables based on
cooperative game theory principles. This approach enables the
identification of features that have the greatest influence on
anomaly detection, providing insights into the underlying
drivers of model decisions [39].

The analysis reveals that temporal features, such as inter-
arrival time and transaction frequency, play a significant role
in detecting burst activity associated with smurfing and
automated fraud schemes. Graph-based features, including
degree centrality and clustering coefficients, are also highly
influential, particularly in identifying coordinated fraud
networks and cyclic transaction patterns [34]. Behavioral
features, such as transaction entropy, contribute to detecting
irregular distribution patterns that deviate from normal
activity profiles [35].

www.ijcat.com

By combining these feature categories, the model achieves a
balanced representation of transactional behavior, enhancing
its ability to detect diverse fraud typologies. The use of SHAP
values further supports model explainability, enabling
stakeholders to interpret predictions and validate outcomes in
a regulatory context [36]. This level of transparency is critical
for building trust in Al systems and ensuring compliance with
financial monitoring standards.

7. DISCUSSION

7.1 Cross-Domain Insights

The integration of cross-border and blockchain transaction
data provides a comprehensive perspective on financial fraud,
revealing distinct yet complementary patterns across these
domains [37]. Traditional cross-border systems are
characterized by structured, institution-driven processes,
where fraud often manifests through layering, delayed
settlements, and complex routing across correspondent
banking networks. These systems rely heavily on centralized
oversight, which can introduce latency and limit real-time
detection capabilities [38].

In  contrast, blockchain-based systems operate on
decentralized ledgers with transparent transaction records,
enabling real-time monitoring but introducing challenges
related to pseudonymity and lack of formal identity
verification. Fraud in blockchain environments often involves
rapid transaction bursts, cyclic trading patterns, and the use of
multiple wallet addresses to obscure ownership [39]. The
differences in data structure and operational dynamics
necessitate distinct analytical approaches, with graph-based
models proving particularly effective in capturing relational
anomalies within blockchain networks [34].

The hybrid framework developed in this study demonstrates
the value of combining these perspectives, enabling the
detection of fraud patterns that span both domains. By
integrating temporal, structural, and behavioral features, the
model captures a more holistic representation of financial
activity, improving detection accuracy and robustness. This
cross-domain approach highlights the importance of
interoperability in modern fraud detection systems, where
isolated analyses are insufficient to address increasingly
complex financial threats [35].

7.2 Regulatory Implications

The findings of this study have significant implications for
regulatory compliance and financial monitoring frameworks,
particularly in the context of anti-money laundering (AML)
and counter-terrorism financing (CTF) requirements [36].
Regulatory bodies such as the Financial Action Task Force
(FATF) emphasize the need for risk-based approaches to
transaction monitoring, requiring financial institutions to
implement systems capable of identifying high-risk activities
while maintaining transparency and accountability [37].

The integration of Al-driven anomaly detection with
regulatory-aware scoring mechanisms aligns closely with
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these requirements, enabling institutions to prioritize alerts
based on risk levels and contextual relevance. This approach
enhances the efficiency of compliance operations by reducing
false positives and focusing investigative resources on
genuinely suspicious transactions [38]. Furthermore, the
ability to analyze cross-border and blockchain transactions
within a unified framework supports comprehensive
monitoring across diverse financial channels.

The use of explainable Al techniques, such as SHAP, further
strengthens regulatory alignment by providing interpretable
insights into model decisions. This transparency is essential
for auditability and regulatory reporting, ensuring that Al-
driven systems can be effectively integrated into existing
compliance infrastructures while meeting evolving regulatory
expectations [39].

7.3 Model Limitations

Despite its strengths, the proposed framework faces several
limitations that must be addressed in future research [40]. One
of the primary challenges is data imbalance, as fraudulent
transactions typically represent a small proportion of the
overall dataset. This imbalance can affect model training and
lead to biased predictions if not properly managed through
sampling techniques or cost-sensitive learning approaches
[34].

Another limitation relates to data privacy constraints,
particularly in cross-border financial systems where access to
sensitive transactional data is restricted by regulatory and
legal considerations. These constraints can limit the
availability of comprehensive datasets, affecting the model’s
ability to generalize across different jurisdictions [35].
Additionally, the pseudonymous nature of blockchain
transactions introduces challenges in accurately mapping
wallet addresses to real-world entities, which may impact the
interpretability of results.

Addressing these limitations will require the development of
privacy-preserving techniques, such as federated learning, and
improved methods for handling imbalanced datasets, ensuring
that future models can achieve greater scalability and
robustness in real-world applications [36].

8. CONCLUSION

This study has presented a comprehensive and technically
rigorous framework for detecting financial fraud across
integrated cross-border payment systems and blockchain-
based transaction networks. At its core, the research advances
the field by proposing a hybrid anomaly detection architecture
that combines density-based, reconstruction-based, and graph-
based learning techniques. This multi-layered approach
enables the system to capture diverse fraud patterns, ranging
from statistical outliers and behavioral irregularities to
complex relational structures embedded within transaction
networks. The integration of cross-domain data sources,
including SWIFT-like financial datasets and blockchain
transaction records, further strengthens the analytical
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capability of the model by enabling a unified view of financial
activity across traditionally siloed infrastructures.

A key technical contribution lies in the systematic
development of a data engineering pipeline that harmonizes
heterogeneous datasets, ensuring temporal alignment,
currency normalization, and structural compatibility. This
pipeline facilitates the extraction of enriched features across
temporal, graph, and behavioral domains, thereby enhancing
the model’s ability to detect subtle and evolving fraud
signatures. The inclusion of graph-theoretic metrics and
entropy-based behavioral indicators introduces a deeper level
of analytical granularity, allowing the framework to move
beyond conventional rule-based detection  methods.
Additionally, the derivation and application of reconstruction
loss functions within the autoencoder model provide a robust
mechanism for identifying anomalies in environments with
limited labeled data.

The impact of this research on financial fraud detection is
significant, particularly in the context of increasingly complex
and interconnected financial ecosystems. Traditional rule-
based AML systems, while effective in structured
environments, often fail to adapt to emerging fraud strategies
that exploit system interoperability and regulatory
inconsistencies. The proposed Al-driven framework addresses
these limitations by offering adaptive, scalable, and data-
driven detection capabilities. Its ability to analyze both
centralized and decentralized transaction flows positions it as
a critical tool for financial institutions seeking to enhance
monitoring efficiency and reduce false positives. Furthermore,
the incorporation of explainability mechanisms ensures that
model outputs remain interpretable and actionable, supporting
both operational decision-making and regulatory compliance.

Beyond immediate applications, this study highlights the
transformative potential of integrating advanced machine
learning techniques into financial monitoring systems. The
hybrid model demonstrates how combining multiple
analytical perspectives can yield superior detection
performance compared to isolated approaches. By bridging
the gap between statistical analysis, deep learning, and
network science, the framework establishes a foundation for
next-generation fraud detection systems capable of operating
in dynamic and high-volume environments.

Looking forward, several avenues for future research and
development emerge from this work. One promising direction
is the adoption of federated learning frameworks, which
enable collaborative model training across institutions without
requiring the exchange of sensitive data. This approach
addresses privacy and regulatory constraints while enhancing
model generalization across diverse financial ecosystems.
Another critical area is the development of real-time Al
systems capable of processing streaming transaction data and
generating instant anomaly alerts. Such systems would
significantly improve response times and reduce the window
of opportunity for fraudulent activity.
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Further advancements may also involve the integration of
reinforcement learning for adaptive decision-making, as well
as the incorporation of advanced graph learning techniques to
capture evolving network dynamics more effectively.
Additionally, the exploration of explainable Al methods
tailored to financial applications will be essential for ensuring
transparency and trust in automated detection systems.

Collectively, these

future directions underscore the

importance of continued innovation in Al-driven fraud

detection,

particularly as financial systems become

increasingly interconnected and technologically sophisticated.
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