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This paper presents a novel federated learning framework for privacy-
preserving cross-border financial risk assessment, specifically focused on US-
Asia investment flows. Cross-border financial transactions face significant
challenges in risk assessment due to disparate regulatory environments, data
sovereignty requirements, and privacy constraints across jurisdictions. Our
proposed architecture addresses these challenges through a multi-layered
approach that incorporates differential privacy, homomorphic encryption, and
secure aggregation techniques while enabling collaborative model training
without raw data exchange. Experimental results demonstrate that the proposed
framework achieves 94.5% detection accuracy with 217ms latency in real-
world case studies, outperforming conventional federated learning approaches
by 4.3-7.2% across key performance metrics while maintaining regulatory
compliance. The architecture reduces false positives by 73% compared to
baseline methods while preserving data locality requirements. Privacy
protection analysis confirms resilience against multiple attack vectors with
only 0.4% model inversion success rate compared to 7.2% for state-of-the-art
alternatives. This research establishes a foundation for enhanced cross-
jurisdictional financial risk assessment that balances analytical capabilities
with strict privacy preservation, enabling financial institutions to develop more
sophisticated risk models across US and Asian markets without compromising
regulatory compliance or data sovereignty.

suspicious activities become more sophisticated. Bi et

1. Introduction and Background

1.1. Current Challenges in Cross-Border Financial
Risk Assessment

Cross-border financial transactions present unique
challenges for risk assessment due to disparate
regulatory frameworks, varying data taxonomies, and
asymmetric information availability across
jurisdictions. Financial institutions processing these
transactions must navigate complex risk landscapes
while maintaining operational efficiency. Fan et al.
identified that traditional anomaly detection systems
face significant limitations when applied to cross-border
financial contexts, particularly in their ability to process
heterogeneous data streams from multiple sources[1].
The detection of illicit financial activities, such as
money laundering, becomes increasingly difficult as
transaction volumes grow and methods of disguising

al. demonstrated that conventional rule-based systems
fail to adapt to evolving patterns in cross-border
financial crime, resulting in high false-positive rates that
burden compliance teams|[2].

Real-time risk assessment presents additional
complexities in cross-border contexts. Zhang et al.
highlighted the critical need for low-latency anomaly
detection architectures capable of processing multi-
market financial data streams to support timely
decision-making[3]. The temporal dynamics of cross-
border financial activities further complicate risk
assessment. Wang et al. emphasized that transaction
networks exhibit complex temporal patterns that static
models fail to capture, necessitating advanced graph-
based approaches capable of modeling time-evolving
relationships between entities across borders[4].

Vol. 3(7), pp. 10-23, July 2023

[10]


https://scipublication.com/index.php/JACS
https://scipublication.com
https://scipublication.com/index.php/JACS/index
mailto:eva499175@gmail.com
https://doi.org/10.69987/JACS.2025.50103

Journal of Advanced Computing Systems (JACS)

1.2. Privacy and Regulatory Constraints in US-Asia
Financial Transactions

US-Asia financial transactions operate under distinctly
different regulatory regimes with varying requirements
for data localization, privacy protection, and disclosure.
Kang et al. noted that financial institutions must
reconcile conflicting compliance obligations while
maintaining visibility into potential anomalous capital
flow patterns that may signal risks to economic
security[5]. The cross-lingual nature of US-Asia
financial transactions introduces additional challenges
in monitoring and analysis. Liang et al. documented the
difficulties in developing consistent evaluation metrics
across linguistic boundaries for detecting subtle
manipulations in financial content that may influence
market behaviors[6].

Privacy regulations in both US and Asian jurisdictions
significantly ~constrain the sharing of granular
transaction data across Dborders, limiting the
effectiveness of centralized risk assessment models.
Financial institutions must balance the need for
comprehensive  risk  visibility =~ with  stringent
requirements for data protection and sovereignty. The
interpretability of risk assessment models becomes
crucial in this context, as regulatory authorities in both
regions increasingly demand transparency in automated
decision systems. Wang and Liang emphasized that
feature importance techniques must be carefully
selected and calibrated to provide meaningful
explanations of risk assessments that satisfy diverse
regulatory expectations[7].

1.3. Federated Learning as a Solution Framework

Federated learning offers a promising framework for
addressing the dual challenges of privacy preservation
and effective risk assessment in cross-border financial
contexts. This approach enables collaborative model
training without requiring the exchange of raw financial
data across jurisdictional boundaries. Dong and Zhang
proposed an Al-driven framework that leverages
federated learning to address compliance risk
assessment challenges in cross-border payments while
respecting  multi-jurisdictional data  sovereignty
requirements[8].

The federated learning paradigm allows financial
institutions to maintain local data within respective
jurisdictions while contributing to global model
improvements through the secure exchange of model
parameters. This architecture preserves privacy by
design while enabling the development of sophisticated
risk assessment capabilities that benefit from diverse
data sources. The approach aligns with emerging
regulatory  expectations for  privacy-preserving
technologies in financial services and supports
enhanced cooperation between US and Asian financial
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institutions in combating financial crimes and systemic
risks.

2. Theoretical Framework and Literature Review

2.1. Evolution of AI Applications in Cross-Border
Financial Analysis

The application of artificial intelligence in cross-border
financial analysis has undergone  significant
transformation over the past decade. Early
implementations focused on rule-based expert systems
with limited adaptability to complex financial
environments. Contemporary approaches leverage
advanced machine learning techniques to address
increasingly sophisticated challenges in cross-border
transactions. Wang et al. developed LSTM-based
prediction models for healthcare applications that
demonstrated the potential for similar time-series
forecasting techniques in financial contextsError!
Reference source not found.. The transition from static
to dynamic modeling approaches marks a critical
advancement in the field, with temporal pattern
recognition becoming essential for cross-border risk
assessment.

Machine learning methodologies initially developed for
human resource management have found parallel
applications in financial contexts. Ma et al. introduced
feature selection optimization techniques that enhance
prediction accuracy while reducing computational
complexityError! Reference source not found.. These
approaches have been adapted to identify relevant
features in cross-border transaction datasets, improving
the precision of risk assessment models. Li et al.
advanced this work by incorporating sample difficulty
estimation into anomaly detection frameworks,
dramatically improving efficiency in database contexts
with implications for financial data analysisError!
Reference source not found..

Real-time detection capabilities represent the current
frontier in Al applications for cross-border finance. Yu
et al. demonstrated the efficacy of generative adversarial
networks in identifying anomalous trading patterns
across financial markets without requiring extensive
labeled datasetsError! Reference source not found..
These approaches enable financial institutions to detect
emerging risks in cross-border transactions despite the
limited availability of historical examples.

2.2. Federated Learning Architectures for Financial
Data

Federated learning architectures have evolved to
address the unique challenges of financial data
distribution across jurisdictional boundaries. Ju and
Trinh developed machine learning approaches for early
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warning systems in supply chains that established
foundational principles for federated model training
across distributed data sources[9]. The adaptation of
these architectures to financial contexts enables
collaborative learning while preserving data sovereignty
requirements.

Financial market analysis presents unique challenges for
federated learning implementations. Rao et al. proposed
methodologies for jump prediction in CDS prices of
systemically important financial institutions that
incorporate asynchronous model updates across
distributed nodes[10]. These approaches have been
refined to accommodate the high-frequency nature of
cross-border financial data streams while maintaining
model coherence across participating institutions.

Temporal dependencies in financial risk patterns
necessitate specialized architectural considerations in
federated learning implementations. Xiao et al.
developed LSTM-attention mechanisms for detecting
anomalous payment behaviors and predicting risks for
SMEs that demonstrate the effectiveness of recurrent
architectures in capturing sequential patterns across
distributed datasetsError! Reference source not
found.. The integration of attention mechanisms
enables federated models to focus on relevant temporal
sequences while filtering noise in cross-border
transaction data.

2.3. Regulatory Landscape Affecting US-Asia
Investment Flows

The regulatory environment governing US-Asia
investment flows continues to evolve in response to
technological advancements and changing geopolitical
dynamics. Xiao et al. identified differential privacy
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mechanisms as essential components for preventing
data leakage in Al model training, reflecting increasing
regulatory emphasis on privacy protection in cross-
border contexts[11]. Financial institutions operating
across US and Asian markets must navigate this
complex regulatory landscape while maintaining
operational efficiency and risk visibility.

3. Methodology and System Design

3.1. Federated Learning Model Architecture for
Financial Risk Assessment

The proposed federated learning architecture for cross-
border financial risk assessment incorporates multiple
layers of protection while enabling collaborative model
training across jurisdictional boundaries. Zhang et al.
demonstrated the effectiveness of privacy-preserving
feature extraction techniques based on fully
homomorphic encryption in medical image contexts,
providing a foundation for similar approaches in
financial data processing[12]. Our architecture adapts
these techniques to the specific requirements of
financial risk assessment, with modifications to
accommodate the high-dimensional nature of
transaction data.

The core architecture consists of three primary
components: local model training modules deployed
within each participating financial institution, a secure
aggregation server responsible for parameter
integration, and a global model distribution mechanism.
Table 1 presents a comparative analysis of candidate
federated learning architectures evaluated during the
design phase.

Table 1: Comparison of Federated Learning Architectures for Financial Risk Assessment

. o Privacy Regulatory .
%rchltecture Communication Convergence Protection Compliance Computatlonal
ype Overhead Rate Level Score Efficiency
Medi 215 Moderat : . .
FedAvg MB /‘e‘ggch) ( (Ofgge)ra c Basic (0.65) Medium (0.72) High (0.88)
Medi 228 .. . . .
FedProx M% /gggch) ( High (0.85) Medium (0.76) Medium (0.74) Medium (0.75)
FedPAQ Low (118 Medium (0.76) Medium (0.77)  High (0.85) High (0.87)
MB/epoch) : : gh (. gh (U
High 342 .
FedSGD M‘§ Jepoch) G2 10w (0.62) Low (0.58) Low (0.63) Medium (0.73)
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Low
MB/epoch)

(104

Proposed High (0.89)

High (0.92)
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High (0.91) Medium (0.79)

Local model training incorporates temporal dynamics
through the integration of recurrent neural network
structures. Dong and Trinh proposed real-time early
warning systems for trading behavior anomalies that
demonstrate the importance of capturing temporal

dependencies in financial risk assessment[13]. Our
architecture extends this approach by implementing
bidirectional LSTM layers to process transaction
sequences with specific adaptations for cross-border
contexts.

Figure 1: Federated Learning Architecture for Cross-Border Financial Risk Assessment
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This figure illustrates the proposed federated learning
architecture for cross-border financial risk assessment.
The diagram shows a multi-layered network structure
with client nodes representing financial institutions in
both US and Asian markets. Each node maintains local
financial data and performs model training on its private
dataset. The architecture demonstrates secure
aggregation servers that collect encrypted model
updates without accessing raw data. The figure includes
a detailed visualization of the communication protocol
with encryption/decryption processes represented by
interlocking geometric shapes at boundary points.

3.2. Privacy-Preserving Mechanisms and Protocol
Design
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Privacy preservation represents a critical component of
the proposed framework, particularly in the context of
cross-jurisdictional data protection requirements. Ren et
al. developed graph convolutional neural network
approaches for Trojan virus detection that incorporate
privacy-preserving techniques applicable to financial
monitoring contexts[14]. Our protocol design adapts
these approaches to the specific requirements of
financial data processing, with enhancements to
accommodate regulatory constraints in both US and
Asian markets.

The  privacy-preserving  protocol  incorporates
differential privacy, secure multi-party computation,
and homomorphic encryption techniques within a
layered protection framework. Table 2 presents the
specific mechanisms implemented at each layer of the
architecture.

Table 2: Privacy Protection Mechanisms in Cross-Border Financial Data Sharing

Protection . Epsilon Security Computational Regulatory
Layer Mechanism Value Level Cost Alignment

Data Local Differential Privacy &= 0.8 128-bit 35.7 ms/batch US (0.88), Asia
Preprocessing (0.92)
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Model Homomorphic  Encryption N/A
Parameters (BFV Scheme)

. Secure Multi-party
Aggregation Computation N/A
Communication Secure Socket Layer with N/A

PFS
Audit Layer Zero-Knowledge Proofs N/A

ISSN: 3066-3962

256-bit 1lnzszgcchange }5589%0'95)’ Asia
192-bit 87.4 ms/round 258730'91), Asia
384-bit 12.2 ms/transfer g)s9 530'97)’ Asia
160-bit ﬁfé/%/eriﬁcation 259430.89), Asia

The secure parameter exchange protocol implements a
multi-round communication strategy to minimize the
risk of information leakage while maintaining model
convergence. Trinh and Wang proposed dynamic graph
neural networks for multi-level financial fraud detection

that incorporate temporal-structural approaches to
capture evolving patterns[15]. Our protocol extends this
methodology to accommodate the specific requirements
of cross-border financial risk assessment.

Figure 2: Privacy-Preserving Protocol Flow for Secure Parameter Exchange
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Privacy-Preserving Protocol Flow

This figure depicts the privacy-preserving protocol flow
for secure parameter exchange between financial
institutions across US and Asian jurisdictions. The
visualization shows a complex sequence diagram with
multiple parties interacting through encrypted channels.
The protocol flow includes homomorphic encryption
operations (represented by curved arrows), differential
privacy mechanisms (shown as noise injection
modules), and secure aggregation processes (illustrated
as converging pathways). Time proceeds vertically with
protocol rounds separated by horizontal lines,

demonstrating the progressive refinement of the global
model while maintaining privacy guarantees.

3.3. Implementation Framework for US-Asia
Investment Flow Analysis

The implementation framework for US-Asia investment
flow analysis integrates the federated learning
architecture with specialized components for cross-
border transaction pattern recognition. Ji et al.
developed attitude-adaptation negotiation strategies for
electronic market environments that provide
foundational approaches for reconciling divergent data
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interpretations across jurisdictions[16]. Our
implementation framework adapts these strategies to the

ISSN: 3066-3962

compliance verification, and anomaly detection specific
to cross-border investment flows. Table 3 presents the

specific requirements of financial risk assessment in regulatory  requirements  addressed by  the
US-Asia contexts. implementation framework across different
) . jurisdictions.
The framework incorporates specialized modules for
currency exchange risk monitoring, regulatory
Table 3: US-Asia Regulatory Requirements for Financial Data Processing

Data  Localization Cross-Border Encryption Retention Reporting

Jurisdiction Requirements Transfer Standards Policies Obligations
q Restrictions g
United Sector-specific Risk-based FIPS 140-2 7 years SAR within 30
States (GLBA, HIPAA) assessment required ~ minimum minimum days
. CSL  Article 37 CAC approval for SM2/SM3/SM4 5 years PBOC

China . i ! .. ) .

compliance critical data required minimum notification 24h
Japan APPI adequacy APPI  Article 24 CRYPTREC- 10 years FSA filing

P determination compliance approved minimum quarterly

Singapore PDPA accountability Data transfer impact TLS 1.2+ with PFS 6  years MAS reporting

principle assessment minimum 72h

. PDPO Section 33 o 7 years HKMA

Hong Kong PDPO balancing test (when enacted) 256-bit minimum minimum notification 48h

Performance evaluation metrics for the implementation
framework demonstrate substantial improvements over
conventional centralized approaches. Table 4 presents

comparative performance across different market

scenarios.

Table 4: Performance Metrics for the Proposed Framework in Different Scenarios

. Risk  Detection False Positive Compliance Processing Privacy
Market Scenario Accuracy Rate Score Latency Protection Level
Nommal - Market g4 30, 2.7% 0.92 237 ms 0.94
High Volatility 91.2% 3.4% 0.89 283 ms 0.93
Crisis Conditions 88.7% 4.8% 0.87 342 ms 0.91
Regulatory - Change g 1, 3.9% 0.90 298 ms 0.92
New Attack Vector g4 5o, 5.2% 0.86 378 ms 0.90

Detection
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The analytical capabilities of the implementation
framework enable comprehensive assessment of
investment flow patterns between US and Asian
markets. Xiao et al. developed assessment methods and
protection strategies for data leakage risks in large
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language models that provide relevant approaches for
securing cross-border financial analytics[17]. Our
framework incorporates these strategies with specific
adaptations for cross-jurisdictional financial data
processing.

Figure 3: US-Asia Investment Flow Analysis Results Under Different Market Conditions

401

201

Investment Volume

This figure presents a multi-dimensional visualization
of US-Asia investment flow analysis results under
different market conditions. The visualization employs
a 3D surface plot showing investment volume (z-axis)
across different risk profiles (x-axis) and temporal
periods (y-axis). The surface displays color gradients
representing detection confidence levels, with warmer
colors indicating higher confidence in risk assessment.
Overlaid contour lines represent regulatory compliance
thresholds across different jurisdictions. The figure
includes projected shadows on each axis plane to
facilitate interpretation of complex relationships
between variables. Multiple surface plots represent
different market conditions (normal, volatile, and crisis
scenarios), allowing for comparative analysis.

The integration of algorithmic fairness considerations
enhances the reliability of risk assessments across
diverse financial contexts. Trinh and Zhang proposed
approaches for detecting and mitigating bias in credit
scoring applications that provide valuable insights for
cross-border  financial analysis[18][19]. Our
implementation framework incorporates similar bias
detection mechanisms with specific adaptations for
investment flow analysis between US and Asian
markets.
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4. Experimental Results and Performance Analysis

4.1. Model Performance Metrics and Comparative
Analysis

The proposed federated learning framework was
evaluated using comprehensive performance metrics
across multiple experimental scenarios. McNichols et
al. introduced classification techniques with large
language models that established methodological
foundations for evaluating multi-class prediction
problems in complex datasets[20]. Our evaluation
methodology adapts these approaches to the specific
context of cross-border financial risk assessment with
appropriate modifications to account for the temporal
and structural characteristics of financial transaction
data.

The experimental setup included financial institutions
from five major jurisdictions (US, China, Japan,
Singapore, and Hong Kong) with each participant
contributing local transaction data while maintaining
compliance with respective data protection regulations.
Table 5 presents comparative performance metrics
across different federated learning models implemented
for cross-border financial risk assessment.
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Table 5: Comparative Performance Metrics of Different Federated Learning Models for Cross-Border Financial Risk

ISSN: 3066-3962

Assessment
Model AUC- F1- - .. .. Training Time Convergence
Architecture ROC Score Precision Recall Specificity (hrs) Epochs
FedAvg + LSTM 0.873 0.812 0.835 0.791 0.882 8.7 87
FedProx + GRU 0.891 0.828 0.842 0.814 0.895 7.3 73
FedPAQ 0.902 0837 0859 0817 0908 9.2 68
Transformer
Proposed 0.945 0.879  0.893 0.866 0.932 6.8 52
Architecture
Centralized 0953 0891 0903 0879 0.947 42 38
(Baseline)
The model performance evaluation incorporated a insights for assessing model component

comprehensive ablation study to identify the
contribution of individual components to overall system
effectiveness. Zhang et al. developed advanced
techniques for analyzing scorer preferences in short-
answer questions that provided valuable methodological

contributions[21]. Our ablation analysis reveals that
privacy-preserving techniques introduce a modest
performance penalty of 0.8% in AUC-ROC compared
to centralized approaches while enabling cross-
jurisdictional compliance.

Figure 4: Performance Comparison of Federated Learning Models Across Different Metrics and Training Epochs
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This figure presents a multi-faceted visualization of
model performance across different federated learning
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architectures. The main plot displays a series of
convergence curves showing AUC-ROC values (y-axis)
against training epochs (x-axis) for five different model
architectures, with each represented by a distinct color
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and line style. The proposed architecture demonstrates
faster convergence and higher final performance.

The figure includes embedded radar charts at four points
along the training process (epochs 10, 25, 50, and 75)
showing six performance metrics (Precision, Recall, F1-
Score, Specificity, FPR, and Training Efficiency) for
each model. These radar charts provide multi-
dimensional performance visualization at different
stages of training. The bottom portion contains
heatmaps displaying performance variation across
different data  distributions and jurisdictional
combinations.

4.2. Privacy Protection Effectiveness and Security
Evaluation

ISSN: 3066-3962

The privacy protection mechanisms incorporated in the
federated learning framework underwent rigorous
security evaluation against multiple attack vectors.
Zhang et al. demonstrated methodologies for automatic
short math answer grading via in-context meta-learning
that established relevant approaches for evaluating
complex system performance under diverse
conditions[22]. Our security evaluation adapts these
methodologies to the specific requirements of privacy-
preserving financial data processing with appropriate
modifications to address cross-jurisdictional threat
models.

The evaluation framework incorporated white-box,
black-box, and gray-box attack scenarios with varying
levels of adversarial knowledge and capabilities. Table
6 presents the results of privacy protection analysis
across different protection layers and attack vectors.

Table 6: Privacy Protection Analysis Across Different Protection Layers and Attack Vectors

Protection Layer de:li n Membership
y versio Inference Attack
Attack

Reconstruction Side Privacy Budget
Channel .

Attack Consumption
Attack

2.3% success

Local DP (e=0.8) rate 4.7% advantage
ifgcgurreegation Not applicable  3.1% advantage
Homomorphic 0.1% success o

Encryption rate 1.2% advantage
Integrated 0.4% success

Solution rate 1.8% advantage
SOTA Baseline 7.2%  success 8.9% advantage

rate

1.8% accuracy

0.7% accuracy

0.3% accuracy

0.5% accuracy

4.2% accuracy

5.6% leakage 0.42¢

2.3% leakage Not applicable

3.8% leakage Not applicable

2.1% leakage 0.47¢

9.3% leakage 0.85¢

The comprehensive error analysis revealed specific
patterns in model performance across different risk
categories and transaction types. Zhang et al. developed
improved algorithms for learning to perform exception-

tolerant abduction that provided valuable insights for
identifying and addressing error patterns in complex
prediction tasks[23]. Table 7 presents the detailed error
analysis in cross-border financial risk prediction tasks.

Table 7: Error Analysis in Cross-Border Financial Risk Prediction Tasks

Mean Major

Error Category Frequency Severity  Factors

Contributing  p . lution Approach

Post-Resolution
Performance
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False Positives in

Low-Value 5.8% 2310  pua o sparsity, Calibrated - thresholds, 70, (4105
Transfers g Ty asy y g
Missed Anomalies Temporal compression Attention  mechanism
in High-Frequency 3.2% 7.8/10 pora’ comp > enhancement, Wavelet 1.1% (-2.1%)
: Feature aliasing
Trading transforms
Entit Resolution Transliteration Graph embedding
E y 4.7% 6.2/10 variations, Corporate enrichment, External 1.3% (-3.4%)
ITOrS . : ;
structure complexity knowledge integration
Regulatory Jurisdictional boundary Dual-encoding
) o/ (.0 10
Classification Errors 2.9% 5.1/10 cases, Regulatory schemas, Incremental 0.8% (-2.1%)
updates learning
Model Drift (30- o Market volatility, Continuous retraining, o o
day) 3.5% 4.6/10 Seasonal patterns Ensemble diversity 1.5% (-2.0%)
Figure 5: Privacy Protection Effectiveness Under Various Attack Scenarios
100
s
T 75
&
ﬁ 50
2 >
Integrated
Model Solution o
Inversion  Secure Integrated (\\,'A\\‘
Aggregation Homomorphi Side- \Bc,'i\o
Protecﬁ Encryption Channel  o«©
onLaJ/ers
@i Model Inversion Reconstruction Side-Channel
§05 0 50 100 150 0 50 100 150 200
%o.z Reconstruction Secure Aggrégation
goo 50 100 160 \ &
Iterations [ 50 100 150 ©O 50 100 150 200
rates) and reds indicating higher vulnerability. Contour
lines project onto the base plane to facilitate numerical
This figure illustrates the privacy protection interpretation. The figure includes four inset plots

effectiveness of the proposed framework under various
attack scenarios. The main visualization features a 3D
surface plot where the x-axis represents different attack
vectors (Model Inversion, Membership Inference,
Reconstruction, and Side-Channel), the y-axis
represents protection layers (Local DP, Secure
Aggregation, Homomorphic Encryption, and Integrated
Solution), and the z-axis shows attack success rate (%).

The surface is color-coded based on success rate, with
darker blues indicating higher protection (lower success

showing detailed attack progression over iterations for
selected attack vector-protection layer combinations,
with each inset displaying attack success probability
distributions across multiple runs.

4.3. Cross-Border Financial Risk Prediction Case
Studies

The practical effectiveness of the proposed framework
was validated through comprehensive case studies
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focused on real-world cross-border financial risk
prediction scenarios. Zhang et al. developed LAMDA, a
low-latency anomaly detection architecture for real-
time cross-market financial decision support that
provided valuable benchmarks for evaluating system
performance under operational conditions[24]. Our case
studies incorporate similar evaluation methodologies
with specific adaptations to address cross-jurisdictional
requirements in US-Asia investment contexts.

ISSN: 3066-3962

Four distinct case studies were conducted to evaluate
system performance across different market conditions
and transaction patterns. Table 8 presents the aggregated
results from these case studies.

Table 8: Case Study Results of Cross-Border Financial
Risk Prediction in Various Market Scenarios

Case Stud Transaction Risk Detection  Time to ﬁleig‘:ll::lt:;g Kev Findin
y Volume Distribution Accuracy Detection Se ogr e y g

US-China o . Detected 7
Capital Flow 20093 6.3%  high- g5 70 217ms 0.89 previously unknown
Volatility risk patterns
US-Japan Bond o . Reduced false
Market fas7ss 3B high gy sy 185ms 0.93 positives by 73%
Arbitrage compared to baseline
Singapore-US . Identified regulatory
Tech ‘?ri’rfstlctions fi'szlé% high- 93.1% 203ms 0.91 arbitrage  attempts
Investment with 87% accuracy
Hong Kong-US . Maintained stability
Market  Stress ?rzl?l’siz:?ions rlélz % high- 89.3% 258ms 0.86 under simulated

Test

crisis conditions

The temporal dynamics of cross-border financial risk
patterns revealed important insights into the nature of
emerging threats. Wang et al. developed temporal graph
neural networks for money laundering detection in
cross-border transactions that established

methodological foundations for analyzing time-
evolving risk patterns[25]. Our analysis extends these
approaches to  incorporate  multi-jurisdictional
considerations across US and Asian markets.

Figure 6: Cross-Border Financial Risk Prediction Accuracy in US-Asia Investment Flows

3

Vol. 3(7), pp. 10-23, July 2023



Journal of Advanced Computing Systems (JACS)

This figure presents a comprehensive visualization of
cross-border financial risk prediction accuracy across
different US-Asia investment flow contexts. The central
element is a chord diagram showing investment
relationships between six jurisdictions (US, China,
Japan, Singapore, Hong Kong, and South Korea), with
chord widths representing transaction volumes and
color gradients indicating risk levels.

Surrounding the chord diagram are six time-series plots
showing prediction accuracy metrics for each
jurisdiction pair over a 24-month period. Each time
series incorporates confidence intervals and annotated
events that correspond to significant market or
regulatory changes. The figure includes small multiple
heatmaps in the corners showing confusion matrices for
risk classification performance in each jurisdiction. The
bottom section contains a parallel coordinates plot
mapping the relationship between transaction attributes
(amount, frequency, entity type, sector) and prediction
accuracy across different market scenarios.

5. Implications and Future Directions

5.1. Regulatory and Compliance Implications

The federated learning framework for privacy-
preserving cross-border financial risk assessment
presents significant implications for regulatory
compliance across US and Asian jurisdictions. The
implementation of privacy-by-design principles through
federated learning architectures addresses fundamental
tensions between data utilization and privacy protection
requirements. Financial institutions operating across
jurisdictional boundaries can maintain compliance with
diverse regulatory regimes while enhancing risk
detection capabilities. The approach aligns with
evolving regulatory expectations in major financial
centers, including the US Federal Reserve's SR 11-7
guidance on model risk management and the Monetary
Authority of Singapore's FEAT principles for
responsible Al deployment.

The multi-layered privacy protection mechanisms
demonstrated in this research provide a technical
foundation for addressing cross-jurisdictional data
sharing challenges. Financial institutions can leverage
these approaches to satisfy conflicting compliance
requirements while maintaining operational
effectiveness. The incorporation of differential privacy
techniques with provable privacy guarantees enables
quantifiable compliance with regulatory requirements
such as GDPR Article 25 (data protection by design) and
China's Personal Information Protection Law Article 51
(cross-border data transfer restrictions). The capacity to
maintain model performance while preserving data
sovereignty represents a significant advancement for
global financial institutions navigating complex
regulatory landscapes.

ISSN: 3066-3962

5.2. Potential for Enhanced US-Asia Investment
Strategies

The application of federated learning to cross-border
financial risk assessment unlocks substantial potential
for enhanced investment strategies between US and
Asian markets. Financial institutions can develop more
sophisticated risk models that incorporate diverse
market insights without compromising data privacy or
regulatory compliance. The demonstrated performance
improvements in risk detection accuracy and reduced
false positive rates translate to tangible operational
benefits, including more precise capital allocation
decisions and enhanced risk-adjusted returns.

The framework enables financial institutions to identify
market inefficiencies and arbitrage opportunities across
jurisdictional boundaries with greater precision and
reduced latency. Investment strategies that incorporate
federated learning-based risk assessments can achieve
more nuanced market entry and exit timing while
maintaining comprehensive visibility into emerging risk
patterns. The capacity to detect anomalous cross-border
capital flow patterns without requiring centralized data
repositories provides a competitive advantage to
institutions operating in multiple markets. Advanced
correlation detection across asset classes and
geographies enables the development of more robust
cross-market investment strategies that effectively
navigate regional volatility while capitalizing on
diversification benefits. The technological foundation
established through this research paves the way for next-
generation investment approaches that balance
opportunity capture with comprehensive risk awareness
across the US-Asia financial corridor.

5.3. Future Research and Development Roadmap

The research findings suggest multiple promising
directions for future development of federated learning
applications in cross-border financial contexts. The
architecture can be extended to incorporate additional
modalities beyond transaction data, including
unstructured news feeds, regulatory announcements,
and alternative data sources. Enhanced model
interpretability represents a critical research direction,
particularly for complex risk classification decisions
that may require regulatory explanation or audit. The
development of specialized federated optimization
algorithms tuned for financial time series could further
improve convergence rates and model performance in
high-volatility scenarios.

Integration  with  emerging distributed ledger
technologies presents opportunities to enhance the
auditability and immutability of model training
processes while maintaining privacy guarantees. The
development of standardized benchmarks for privacy-
preserving financial analytics would accelerate industry

Vol. 3(7), pp. 10-23, July 2023

21

]



Journal of Advanced Computing Systems (JACS)

adoption and enable more rigorous comparative
evaluation. The extension of federated Ilearning
approaches to broader financial applications, including
automated compliance monitoring and financial crime
prevention, represents a natural evolution of this
research. The continued advancement of these
technologies promises to reshape cross-border financial
risk management while strengthening institutional
resilience and market stability across US and Asian
financial ecosystems.
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