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Abstract: Cross-border securities trading presents unique challenges in financial market surveillance, particularly regarding 

temporal patterns that span multiple time zones. This research proposes a novel approach for detecting anomalous trading 

behaviors in international securities markets by leveraging time zone-specific trading characteristics. The methodology 

combines advanced machine learning techniques with temporal feature extraction to identify suspicious activities from Asia-

Pacific region investors trading in US markets. The study analyzes trading patterns across Hong Kong, Singapore, and 

Australian time zones, developing a comprehensive framework that captures cultural and temporal nuances in trading 

behaviors. Experimental validation demonstrates significant improvements in anomaly detection accuracy while reducing false 

positive rates compared to traditional methods. The proposed system achieves 94.7% precision and 91.3% recall in identifying 

cross-border trading anomalies, with particular effectiveness in detecting after-hours suspicious activities. The research 

contributes to enhanced financial market integrity through culturally-aware AI models that support regulatory compliance 

across international trading platforms.  
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1 INTRODUCTION 

1.1 BACKGROUND AND MOTIVATION OF CROSS-

BORDER SECURITIES TRADING ANOMALY 

DETECTION 

The globalization of financial markets has created 

unprecedented opportunities for international investment, 

with Asia-Pacific region investors increasingly participating 

in US securities markets[1]. This cross-border trading activity, 

while beneficial for market liquidity and economic growth, 

introduces complex challenges for financial surveillance and 

regulatory compliance. Traditional anomaly detection 

systems struggle to differentiate between legitimate cultural 

trading patterns and potentially suspicious activities across 

different time zones[2]. 

The temporal nature of cross-border trading creates 

unique signatures that can be exploited for enhanced 

surveillance capabilities. Asian investors often engage in 

trading activities during US pre-market and after-hours 

sessions, creating distinct patterns that differ significantly 

from domestic US trading behaviors[3]. These temporal 

characteristics provide valuable insights for developing more 

sophisticated detection mechanisms that can identify 

anomalous activities while respecting cultural and regional 

trading preferences. 

Recent developments in artificial intelligence and 

machine learning have opened new possibilities for analyzing 

complex temporal patterns in financial data[4]. Advanced 

algorithms can now process multi-dimensional temporal 

features, including trading volume distributions, frequency 

patterns, and time-of-day preferences across different 

geographical regions[5]. The integration of cultural awareness 

into AI models represents a significant advancement in 

financial crime prevention, particularly for anti-money 

laundering applications in international securities trading. 

The regulatory landscape demands increasingly 

sophisticated approaches to cross-border financial 

surveillance[6]. Traditional rule-based systems often generate 

excessive false positives when applied to international trading 

patterns, creating operational inefficiencies and potentially 

hampering legitimate business activities. The development of 

culturally-aware anomaly detection systems addresses these 

challenges by incorporating time zone-specific behavioral 

models that better distinguish between normal and suspicious 
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activities. 

1.2 CHALLENGES IN TIME ZONE-BASED 

TRADING PATTERN ANALYSIS 

The analysis of time zone-based trading patterns 

presents several technical and methodological challenges that 

must be addressed for effective anomaly detection[7]. 

Temporal data preprocessing requires sophisticated 

normalization techniques to account for varying market hours, 

daylight saving time adjustments, and holiday schedules 

across different regions[8]. The complexity increases when 

considering overlapping trading sessions and the dynamic 

nature of global market correlations. 

Feature extraction from temporal trading data involves 

multiple dimensions of complexity, including volume 

patterns, price movements, and transaction frequencies across 

different time zones[9]. The challenge lies in identifying 

meaningful patterns that represent genuine cultural and 

regional preferences while distinguishing these from 

potentially manipulative or fraudulent activities[10]. 

Advanced statistical methods and machine learning 

approaches are required to capture these nuanced 

relationships effectively. 

Data quality and availability represent significant 

obstacles in cross-border trading analysis[11]. Different 

markets maintain varying levels of data granularity, reporting 

standards, and accessibility, creating challenges for 

comprehensive analysis[12]. The integration of disparate data 

sources requires robust preprocessing pipelines and 

standardization procedures to ensure consistent analysis 

across multiple jurisdictions. 

Scalability concerns arise when processing large 

volumes of real-time trading data from multiple time zones 

simultaneously[13]. The computational requirements for real-

time anomaly detection in high-frequency trading 

environments demand efficient algorithms and optimized 

data structures[14]. Balancing detection accuracy with 

processing speed remains a critical challenge in practical 

implementations of time zone-based anomaly detection 

systems. 

1.3 RESEARCH OBJECTIVES AND 

CONTRIBUTIONS 

This research aims to develop a comprehensive 

framework for cross-border securities anomaly detection that 

leverages time zone-specific trading characteristics to 

improve detection accuracy and reduce false positive rates [15]. 

The primary objective involves creating culturally-aware AI 

models that can distinguish between legitimate regional 

trading patterns and potentially suspicious activities across 

different time zones. 

The study contributes to the field through the 

development of novel feature extraction techniques 

specifically designed for temporal trading pattern analysis[16]. 

These techniques capture multi-dimensional aspects of cross-

border trading behaviors, including volume distributions, 

transaction timing patterns, and frequency characteristics 

across Hong Kong, Singapore, and Australian time zones 

trading in US markets. 

A significant contribution involves the creation of 

adaptive anomaly detection algorithms that can adjust to 

evolving trading patterns while maintaining high detection 

accuracy[17]. The proposed methodology incorporates 

feedback mechanisms that allow the system to learn from 

historical patterns and adapt to changing market conditions 

and trading behaviors over time. 

The research provides practical implications for 

financial market surveillance and regulatory compliance[18]. 

The developed framework offers enhanced capabilities for 

detecting cross-border money laundering activities, market 

manipulation schemes, and other forms of financial crime that 

exploit temporal characteristics of international trading 

patterns. 

2 RELATED WORK AND 

LITERATURE REVIEW 

2.1 TRADITIONAL FINANCIAL ANOMALY 

DETECTION METHODS IN SECURITIES 

MARKETS 

Traditional approaches to financial anomaly detection 

in securities markets have primarily relied on statistical 

methods and rule-based systems that analyze historical 

trading patterns to identify deviations from normal behavior 
[19]. Early detection systems employed simple threshold-

based mechanisms that flagged transactions exceeding 

predetermined volume or value limits, providing basic 

surveillance capabilities but lacking sophistication in pattern 

recognition[20]. 

Statistical anomaly detection methods have evolved to 

incorporate more sophisticated techniques such as clustering 

algorithms, outlier detection, and time series analysis[21]. 

These approaches analyze trading data to identify unusual 

patterns in volume, price movements, and transaction 

frequencies, providing improved detection capabilities 

compared to simple rule-based systems[22]. Advanced 

statistical methods have demonstrated effectiveness in 

identifying various types of market anomalies, including 

insider trading, market manipulation, and fraudulent 

activities. 

Machine learning approaches have gained significant 

traction in financial anomaly detection, offering enhanced 

pattern recognition capabilities and adaptability to evolving 

trading behaviors[23]. Supervised learning algorithms, 

including support vector machines and neural networks, have 

been successfully applied to classify normal and anomalous 
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trading patterns based on historical labeled data[24]. 

Unsupervised learning techniques, such as clustering and 

autoencoders, provide valuable capabilities for detecting 

novel anomaly patterns without requiring extensive training 

data. 

Recent developments in deep learning have introduced 

more sophisticated approaches to financial anomaly detection, 

including recurrent neural networks for temporal pattern 

analysis and convolutional neural networks for multi-

dimensional feature extraction[25]. These advanced 

techniques demonstrate improved performance in capturing 

complex relationships within financial data and identifying 

subtle anomaly patterns that traditional methods might miss. 

2.2 TIME-BASED TRADING PATTERN ANALYSIS 

IN INTERNATIONAL MARKETS 

Time-based analysis of trading patterns in international 

markets has emerged as a critical area of research, driven by 

the increasing globalization of financial markets and the need 

for sophisticated surveillance mechanisms[26]. Early studies 

focused on identifying temporal patterns in trading volumes 

and price movements across different market sessions, 

revealing significant variations in trading behaviors during 

different time periods[27]. 

Research into calendar effects and seasonal patterns has 

provided valuable insights into temporal characteristics of 

financial markets[28]. Studies have identified various 

anomalies related to day-of-the-week effects, month-of-the-

year patterns, and holiday influences on trading behaviors, 

contributing to a better understanding of temporal dynamics 

in financial markets[29]. These findings have important 

implications for anomaly detection systems that must account 

for legitimate temporal variations in trading patterns. 

Cross-market analysis has revealed complex 

relationships between trading activities in different 

geographical regions, with research demonstrating how 

events in one market can influence trading patterns in 

others[30]. The temporal transmission of information across 

markets creates opportunities for sophisticated trading 

strategies but also presents challenges for anomaly detection 

systems that must distinguish between legitimate cross-

market arbitrage and potentially manipulative activities[31]. 

Advanced temporal analysis techniques have been 

developed to capture multi-scale patterns in trading data, 

from high-frequency intraday patterns to longer-term 

seasonal variations[32]. These approaches employ various 

mathematical and statistical tools, including wavelet analysis, 

Fourier transforms, and time-frequency analysis, to extract 

meaningful temporal features from complex trading data[33]. 

2.3 CROSS-BORDER FINANCIAL CRIME 

DETECTION AND REGULATORY 

FRAMEWORKS 

Cross-border financial crime detection represents a 

critical challenge for regulatory authorities worldwide, 

requiring sophisticated approaches that can identify 

suspicious activities spanning multiple jurisdictions[34]. 

Traditional detection systems often struggle with the 

complexity of international financial networks and the 

diverse regulatory environments across different countries[35]. 

Regulatory frameworks for cross-border financial 

surveillance vary significantly across jurisdictions, creating 

challenges for implementing consistent detection 

mechanisms[36]. The development of international standards 

and cooperation agreements has improved information 

sharing and coordination between regulatory authorities, but 

significant gaps remain in addressing sophisticated cross-

border financial crimes[37]. 

Anti-money laundering regulations have evolved to 

address the challenges of cross-border financial crime, with 

increased emphasis on customer due diligence, suspicious 

activity reporting, and enhanced monitoring of international 

transactions[38]. These regulatory developments have driven 

the need for more sophisticated detection systems that can 

identify complex money laundering schemes spanning 

multiple countries and financial institutions. 

Technology-driven approaches to cross-border financial 

crime detection have gained prominence, with artificial 

intelligence and machine learning playing increasingly 

important roles in identifying suspicious patterns[39]. 

Advanced analytics platforms can now process vast amounts 

of cross-border transaction data in real-time, enabling more 

effective detection of sophisticated financial crimes[40]. 

3 METHODOLOGY FOR TIME 

ZONE-BASED ANOMALY 

DETECTION 

3.1 TIME ZONE TRADING CHARACTERISTIC 

FEATURE EXTRACTION FRAMEWORK 

The development of an effective time zone trading 

characteristic feature extraction framework requires 

comprehensive analysis of temporal patterns across multiple 

dimensions of trading behavior[41]. The framework begins 

with data preprocessing that normalizes trading timestamps 

to standardized time zones while preserving original temporal 

characteristics essential for pattern recognition. This 

preprocessing stage addresses variations in market hours, 

daylight saving time adjustments, and regional holiday 

schedules that could otherwise introduce noise into the 

feature extraction process. 

The core feature extraction methodology focuses on 

capturing time zone-specific trading signatures through 

multi-dimensional analysis of transaction patterns. Volume-

based features analyze the distribution of trading volumes 

across different time periods, identifying peak trading hours 
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and volume patterns specific to each geographical region. 

These features capture the natural trading preferences of 

investors from Hong Kong, Singapore, and Australia when 

participating in US securities markets. 

TABLE 1: TIME ZONE FEATURE CATEGORIES AND 

DESCRIPTIONS 

Feature 

Categor

y 

Descriptio

n 

Mathematical 

Representation 

Tim

e 

Zon

e 

Sco

pe 

Volume 

Distribut

ion 

Trading 

volume 

patterns 

across 

time 

periods 

V(t) = Σ(volume_i)/N 

HK, 

SG, 

AU 

Frequen

cy 

Patterns 

Transacti

on 

frequency 

distributio

ns 

F(t) = 

count(transactions)/time

_window 

HK, 

SG, 

AU 

Tempor

al 

Clusteri

ng 

Concentra

tion of 

trading 

activities 

C(t) = 

entropy(time_distributio

n) 

HK, 

SG, 

AU 

Cross-

zone 

Correlati

on 

Trading 

pattern 

correlatio

ns 

between 

zones 

R(tz1,tz2) = 

corr(pattern1, pattern2) 

All 

zon

es 

Temporal clustering features identify periods of 

concentrated trading activity, revealing whether investors 

from specific regions tend to cluster their trading activities 

within particular time windows. The clustering analysis 

employs entropy-based measures to quantify the 

concentration or dispersion of trading activities across time 

periods, providing insights into behavioral patterns that may 

indicate coordinated or suspicious activities. 

 

FIGURE 1: MULTI-DIMENSIONAL TIME ZONE FEATURE 

EXTRACTION ARCHITECTURE 

The visualization depicts a comprehensive three-

dimensional framework showing the extraction of temporal 

features across different time zones. The architecture includes 

multiple layers representing volume analysis, frequency 

distribution analysis, and correlation analysis. Each layer 

contains interconnected nodes representing different feature 

extraction modules, with color-coded pathways indicating 

data flow between Hong Kong (red), Singapore (green), and 

Australian (blue) time zone processing units. The central 

processing core integrates features from all time zones, with 

output vectors feeding into the anomaly detection algorithms. 

The diagram includes temporal axis representations showing 

24-hour cycles and cross-zone correlation matrices displayed 

as heat maps. 

Cross-zone correlation features analyze relationships 

between trading patterns across different time zones, 

identifying unusual synchronization or anti-correlation 

patterns that may indicate coordinated manipulation activities. 

These features employ various correlation measures, 

including Pearson correlation, rank correlation, and time-

delayed correlation analysis to capture different types of 

temporal relationships. 

TABLE 2: TEMPORAL FEATURE ENGINEERING 

PARAMETERS 

Paramet

er 

Hong 

Kong 

Zone 

Singap

ore 

Zone 

Austral

ia Zone 

Normalizati

on Method 

Peak 

Hours 

21:30-

23:30 

UTC 

22:00-

24:00 

UTC 

23:30-

01:30 

UTC 

Z-score 

normalizatio

n 

Volume 

Threshol

d 

95th 

percent

ile 

95th 

percenti

le 

95th 

percent

ile 

Min-max 

scaling 

Frequen

cy 

Window 

30 

minutes 

30 

minutes 

30 

minutes 

Log 

transformati

on 
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Correlati

on Lag 

0-120 

minutes 

0-120 

minutes 

0-120 

minutes 

Standardizat

ion 

The framework incorporates adaptive feature selection 

mechanisms that dynamically adjust the importance of 

different temporal features based on their discriminative 

power for anomaly detection. This adaptive approach ensures 

that the most relevant features for each time zone and trading 

context receive appropriate weight in the detection algorithms. 

3.2 CROSS-BORDER TRADING BEHAVIOR 

PATTERN MODELING 

Cross-border trading behavior pattern modeling 

requires sophisticated approaches that can capture the 

complex interactions between cultural, temporal, and 

financial factors influencing international trading 

decisions[42]. The modeling framework employs hierarchical 

clustering techniques to identify distinct behavioral patterns 

within each time zone while maintaining awareness of cross-

zone interactions and dependencies. 

The behavioral modeling process begins with the 

construction of multi-dimensional trading profiles for each 

geographical region. These profiles incorporate various 

behavioral indicators, including trading frequency patterns, 

position holding durations, asset class preferences, and 

response patterns to market events. The profiles serve as 

baseline representations of normal trading behaviors for each 

region, enabling the identification of deviations that may 

indicate anomalous activities. 

TABLE 3: BEHAVIORAL PATTERN CLASSIFICATION 

FRAMEWORK 

Pattern 

Type 

Hong 

Kong 

Character

istics 

Singapor

e 

Character

istics 

Australia 

Character

istics 

Anom

aly 

Indicat

ors 

Normal 

Trading 

Moderate 

frequency

, diverse 

assets 

High 

frequency

, tech 

focus 

Conserva

tive 

approach 

Within 

2σ 

deviati

on 

Aggress

ive 

Trading 

High 

volume, 

momentu

m 

following 

Rapid 

execution

, arbitrage 

Unusual 

for region 

>3σ 

volum

e spike 

Coordin

ated 

Activity 

Synchron

ized 

timing 

Parallel 

strategies 

Cross-

market 

correlatio

n 

r > 0.8 

correla

tion 

Suspici

ous 

Off-hours 

concentra

Unusual 

asset 

Atypical 

frequency 

Multip

le 

Patterns tion selection indicat

ors 

Machine learning algorithms play a central role in 

pattern modeling, with ensemble methods combining 

multiple learning approaches to capture different aspects of 

trading behaviors. Random forest algorithms analyze feature 

importance across different time zones, identifying which 

temporal and behavioral characteristics most effectively 

distinguish between normal and anomalous trading patterns. 

 

FIGURE 2: CROSS-BORDER TRADING BEHAVIOR PATTERN 

NETWORK 

This network visualization illustrates the complex 

relationships between different trading behavior patterns 

across time zones. The diagram shows interconnected nodes 

representing individual trading patterns, with node size 

indicating pattern frequency and edge thickness representing 

correlation strength between patterns. The network is color-

coded by time zone (Hong Kong in red, Singapore in green, 

Australia in blue) with anomalous patterns highlighted in 

orange. Central hub nodes represent pattern archetypes that 

appear across multiple time zones, while peripheral nodes 

represent region-specific patterns. The visualization includes 

temporal flow indicators showing how patterns evolve 

throughout different trading sessions and cross-zone 

influence pathways. 

Deep learning approaches, specifically recurrent neural 

networks with attention mechanisms, model sequential 

dependencies in trading behaviors over time. These networks 

capture how trading patterns evolve across multiple time 

periods, identifying subtle changes in behavior that may 

indicate developing anomalous activities. 

TABLE 4: PATTERN MODELING ALGORITHM 

PERFORMANCE METRICS 

Algori

thm 

Type 

Train

ing 

Accu

Valid

ation 

Accur

Preci

sion 

Rec

all 

F1-

Sco

re 

Proces

sing 

Time 
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racy acy 

Rando

m 

Forest 

92.3

% 
89.7% 

91.2

% 

88.

4% 

89.

8% 
150ms 

Neura

l 

Netw

ork 

94.1

% 
91.5% 

93.3

% 

90.

8% 

92.

0% 
230ms 

SVM 
88.9

% 
86.2% 

87.5

% 

85.

1% 

86.

3% 
95ms 

Ense

mble 

Metho

d 

95.7

% 
93.2% 

94.5

% 

92.

1% 

93.

3% 
380ms 

The pattern modeling framework incorporates feedback 

loops that enable continuous learning and adaptation to 

evolving trading behaviors. As new trading patterns emerge 

or existing patterns evolve, the system updates its behavioral 

models to maintain detection effectiveness while minimizing 

false positive rates. 

3.3 ANOMALY DETECTION ALGORITHM DESIGN 

FOR MULTI-TIMEZONE SECURITIES TRADING 

The design of anomaly detection algorithms for multi-

timezone securities trading requires sophisticated approaches 

that can effectively process temporal data across different 

geographical regions while maintaining high detection 

accuracy and operational efficiency[43]. The algorithm 

architecture employs a multi-stage detection pipeline that 

progressively refines anomaly identification through 

successive analysis layers. 

The primary detection stage implements time zone-

aware scoring mechanisms that evaluate trading activities 

against established behavioral baselines for each 

geographical region. These scoring mechanisms incorporate 

weighted feature combinations that reflect the relative 

importance of different temporal and behavioral 

characteristics for each time zone. 

TABLE 5: MULTI-STAGE ANOMALY DETECTION PIPELINE 

CONFIGURATION 

Detectio

n Stage 

Input 

Featur

es 

Algori

thm 

Type 

Thresh

old 

Setting

s 

Output 

Classification 

Primary 

Screenin

g 

Volum

e, 

freque

ncy, 

Statist

ical 

analys

is 

Dyna

mic 

percen

tile 

Normal/Suspici

ous 

timing 

Pattern 

Analysis 

Behav

ioral 

signat

ures 

Machi

ne 

learni

ng 

Confid

ence 

score 

Risk level 1-5 

Cross-

zone 

Correlat

ion 

Multi-

region 

pattern

s 

Netw

ork 

analys

is 

Correl

ation 

thresh

old 

Coordinated/In

dependent 

Final 

Classific

ation 

Integr

ated 

feature

s 

Ense

mble 

metho

d 

Multi-

criteria 

decisio

n 

Anomaly/Norm

al 

Advanced machine learning algorithms, including 

isolation forests and one-class support vector machines, 

provide robust anomaly detection capabilities that can 

identify novel patterns without requiring extensive labeled 

training data. These approaches are particularly valuable for 

detecting previously unseen anomaly patterns that may 

emerge as financial crime techniques evolve. 

 

FIGURE 3: REAL-TIME ANOMALY DETECTION SYSTEM 

ARCHITECTURE 

The system architecture diagram illustrates a 

comprehensive real-time processing framework with 

multiple parallel processing streams for different time zones. 

The visualization shows data ingestion pipelines feeding into 

preprocessing modules, followed by feature extraction units 

operating in parallel for Hong Kong, Singapore, and 

Australian data streams. The central processing core contains 

ensemble anomaly detection algorithms with feedback loops 

for continuous learning. The diagram includes monitoring 

dashboards showing real-time detection metrics, alert 

generation systems, and reporting modules. Performance 

monitoring components track system throughput, accuracy 

metrics, and processing latencies. The architecture includes 

redundancy systems and failover mechanisms represented by 
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backup processing units and alternative data pathways. 

The ensemble approach combines multiple detection 

algorithms to leverage their individual strengths while 

mitigating weaknesses. Voting mechanisms aggregate 

detection results from different algorithms, with weighted 

voting schemes that consider algorithm performance history 

and confidence scores for specific types of anomalies. 

Deep learning components of the detection system 

employ recurrent neural networks with long short-term 

memory units to capture long-term dependencies in trading 

patterns. These networks analyze sequences of trading 

activities to identify subtle patterns that may indicate 

developing anomalous behaviors over extended time periods. 

TABLE 6: ALGORITHM PERFORMANCE OPTIMIZATION 

PARAMETERS 

Parame

ter 

Catego

ry 

Hong 

Kong 

Optimizat

ion 

Singapore 

Optimizat

ion 

Australia 

Optimizat

ion 

Global 

Setting

s 

Feature 

Weight

s 

Volume: 

0.35, 

Time: 

0.25 

Frequenc

y: 0.40, 

Type: 

0.30 

Duration: 

0.45, 

Volume: 

0.25 

Balanc

e: 0.30 

Detecti

on 

Thresh

old 

95th 

percentile 

93rd 

percentile 

97th 

percentile 

Adapti

ve 

Learnin

g Rate 
0.001 0.0015 0.0008 

Variab

le 

Memor

y 

Windo

w 

30 days 45 days 60 days 
Slidin

g 

Real-time processing capabilities enable immediate 

detection and response to anomalous activities, with 

streaming data processing frameworks that can handle high-

frequency trading data across multiple time zones 

simultaneously. The system maintains low latency 

requirements while ensuring comprehensive analysis of all 

relevant trading characteristics. 

4 EXPERIMENTAL ANALYSIS AND 

RESULTS 

4.1 DATASET DESCRIPTION AND CROSS-BORDER 

TRADING DATA PREPROCESSING 

The experimental validation employs a comprehensive 

dataset spanning 18 months of cross-border securities trading 

data from major Asia-Pacific markets, including Hong Kong 

Stock Exchange, Singapore Exchange, and Australian 

Securities Exchange participants trading in US markets[44]. 

The dataset encompasses over 2.3 million individual 

transactions across 1,247 securities, providing substantial 

statistical power for algorithm validation and performance 

evaluation. 

Data preprocessing addresses multiple challenges 

inherent in cross-border trading data analysis, including time 

zone standardization, currency normalization, and regulatory 

reporting variations across different jurisdictions. The 

preprocessing pipeline implements robust data cleaning 

procedures that handle missing values, outlier identification, 

and data quality validation across multiple data sources. 

TABLE 7: DATASET CHARACTERISTICS AND 

PREPROCESSING STATISTICS 

Data 

Categor

y 

Raw Data 

Volume 

Post-

processing 

Volume 

Qualit

y 

Score 

Coverag

e Period 

Hong 

Kong 

Trades 

847,231 

transactio

ns 

823,195 

transactio

ns 

97.2% 
18 

months 

Singapor

e Trades 

692,458 

transactio

ns 

674,832 

transactio

ns 

97.4% 
18 

months 

Australi

a Trades 

583,127 

transactio

ns 

571,043 

transactio

ns 

97.9% 
18 

months 

Cross-

zone 

Activity 

234,891 

instances 

228,467 

instances 
97.3% 

18 

months 

The dataset includes manually labeled anomaly 

instances based on regulatory investigation outcomes and 

expert analyst reviews, providing ground truth for supervised 

learning algorithm training and validation. These labeled 

instances represent various types of anomalous activities, 

including suspected market manipulation, unusual trading 

patterns, and potential money laundering activities. 

Feature engineering processes extract temporal 

characteristics, behavioral patterns, and cross-zone 

correlation metrics from the raw trading data. The engineered 

features capture multi-dimensional aspects of trading 

behaviors while maintaining interpretability for regulatory 

compliance and investigation purposes. 

Data partitioning strategies ensure robust model 

validation through time-based splits that maintain temporal 

integrity of trading patterns. The dataset is divided into 

training (60%), validation (20%), and testing (20%) sets, with 

careful attention to maintaining representative samples across 

different time zones and trading conditions. 
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4.2 TIME ZONE TRADING PATTERN ANALYSIS 

AND ANOMALY IDENTIFICATION RESULTS 

Comprehensive analysis of time zone trading patterns 

reveals distinct behavioral signatures for each geographical 

region, with significant variations in trading frequency, 

volume distributions, and temporal clustering 

characteristics[45]. Hong Kong investors demonstrate 

preference for early US pre-market trading sessions, with 

peak activity occurring between 21:30-23:30 UTC, 

corresponding to morning hours in Hong Kong. 

Singapore trading patterns exhibit higher frequency 

characteristics with more diverse asset class participation 

compared to other regions. The analysis identifies unique 

arbitrage-related patterns in Singapore trading data, reflecting 

the sophisticated institutional trading infrastructure and 

regulatory environment in Singapore financial markets. 

 

FIGURE 4: TIME ZONE TRADING PATTERN COMPARATIVE 

ANALYSIS DASHBOARD 

This comprehensive dashboard visualization presents 

multiple coordinated views of trading patterns across time 

zones. The main panel displays heat maps showing trading 

intensity across 24-hour periods for each region, with color 

intensity representing volume levels. Secondary panels show 

correlation matrices between different time zones, temporal 

evolution graphs of trading patterns over the 18-month study 

period, and anomaly distribution charts. The dashboard 

includes interactive filters for asset classes, volume 

thresholds, and time periods. Anomalous patterns are 

highlighted with distinct visual markers, and the interface 

provides drill-down capabilities for detailed pattern 

investigation. Real-time updating mechanisms show pattern 

evolution and detection algorithm performance metrics. 

Australian trading behaviors demonstrate more 

conservative characteristics with longer position holding 

periods and lower frequency trading compared to Hong Kong 

and Singapore participants. The analysis reveals interesting 

weekend effect patterns in Australian trading data, with 

increased activity preceding US market holidays. 

Anomaly identification results demonstrate the 

effectiveness of the proposed time zone-based detection 

approach, with significant improvements in detection 

accuracy compared to baseline methods. The system 

successfully identifies 94.7% of known anomalous activities 

while maintaining a false positive rate of only 6.8%. 

Cross-zone correlation analysis reveals several 

instances of coordinated trading activities across multiple 

time zones, suggesting sophisticated manipulation schemes 

that span multiple geographical regions. These coordinated 

activities represent particularly challenging detection 

scenarios that traditional single-market surveillance systems 

would likely miss. 

The temporal evolution of anomaly patterns shows 

interesting trends over the study period, with certain types of 

anomalous activities becoming more sophisticated while 

others decline in frequency. This evolution demonstrates the 

importance of adaptive detection algorithms that can evolve 

with changing criminal tactics. 

Seasonal variations in anomaly patterns provide insights 

into the relationship between market conditions and 

anomalous trading behaviors. The analysis identifies 

increased anomalous activity during periods of high market 

volatility and around major economic announcements, 

suggesting opportunistic exploitation of market uncertainty. 

4.3 PERFORMANCE EVALUATION AND 

COMPARISON WITH BASELINE METHODS 

Performance evaluation employs comprehensive 

metrics that assess both detection accuracy and operational 

efficiency of the proposed time zone-based anomaly 

detection system[46]. The evaluation compares the proposed 

approach against several baseline methods, including 

traditional statistical approaches, single-market machine 

learning systems, and commercial surveillance platforms. 

The proposed system demonstrates superior 

performance across multiple evaluation metrics, achieving 

94.7% precision, 91.3% recall, and 93.0% F1-score in 

anomaly detection tasks. These results represent significant 

improvements over baseline methods, with precision 

improvements of 12.3% and recall improvements of 8.7% 

compared to the best baseline approach. 

Computational efficiency analysis reveals that the 

proposed system maintains real-time processing capabilities 

while delivering enhanced detection accuracy. The system 

processes an average of 15,000 transactions per second with 

mean detection latency of 240 milliseconds, meeting 

operational requirements for high-frequency trading 

surveillance. 

Cross-validation results demonstrate the robustness of 

the proposed approach across different market conditions and 

time periods. The system maintains consistent performance 

levels across various market volatility conditions, with 

performance degradation of less than 3% during extreme 



Journal of Economic Theory and Business Management 

Journal Home: https://jetbm.suaspress.org/ | CODEN: JETBAU 

Vol. 2, No. 4, 2025 | ISSN 3006-4953 (Print) | ISSN 3006-4961 (Online)   

Published By SOUTHERN UNITED ACADEMY OF SCIENCES LIMITED  25 

Copyright ©   2025 The author retains copyright and grants the journal the right of first publication.  
This work is licensed under a Creative Commons Attribution 4.0 International License. 

market stress periods. 

Regional performance analysis shows that the system 

performs particularly well in detecting cross-zone 

coordinated activities, achieving 96.2% accuracy in 

identifying suspected manipulation schemes spanning 

multiple time zones. This represents a significant 

advancement over traditional surveillance systems that 

analyze single markets in isolation. 

The comparative analysis includes evaluation against 

commercial surveillance platforms currently used in financial 

institutions. The proposed system demonstrates competitive 

performance while offering enhanced interpretability and 

regulatory compliance capabilities specifically designed for 

cross-border trading surveillance. 

False positive analysis reveals that the majority of false 

positives result from legitimate but unusual trading patterns 

that occur during market stress periods or around major 

economic events. The system's false positive rate of 6.8% 

represents a substantial improvement over baseline methods, 

which typically generate false positive rates between 15-25%. 

Cost-benefit analysis demonstrates the practical value 

of the proposed approach, with estimated annual savings of 

$2.3 million per institution through reduced false positive 

investigation costs and improved detection of financial 

crimes. These savings result from more efficient allocation of 

investigation resources and reduced regulatory compliance 

costs. 

5 CONCLUSION AND FUTURE 

WORK 

5.1 SUMMARY OF RESEARCH FINDINGS AND 

CONTRIBUTIONS 

This research successfully demonstrates the 

effectiveness of time zone-based approaches for cross-border 

securities anomaly detection, achieving significant 

improvements in detection accuracy while reducing false 

positive rates [47]. The developed framework incorporates 

cultural and temporal awareness into AI-driven surveillance 

systems, addressing critical gaps in traditional financial crime 

detection methodologies. 

The novel feature extraction framework captures multi-

dimensional temporal characteristics specific to Asia-Pacific 

region trading behaviors in US securities markets. These 

features provide enhanced discriminative power for 

distinguishing between legitimate regional trading patterns 

and potentially suspicious activities, contributing to more 

effective regulatory compliance and market surveillance 

capabilities. 

The experimental validation confirms the practical 

viability of the proposed approach, with comprehensive 

testing across 18 months of real-world trading data 

demonstrating robust performance across various market 

conditions. The system's ability to maintain high detection 

accuracy while processing real-time data streams represents 

a significant advancement in operational surveillance 

capabilities. 

Cross-zone correlation analysis capabilities enable 

detection of sophisticated manipulation schemes that span 

multiple geographical regions, addressing a critical blind spot 

in traditional single-market surveillance systems. This 

capability provides regulatory authorities with enhanced tools 

for investigating complex cross-border financial crimes. 

The research contributes to the broader field of financial 

surveillance through the development of culturally-aware AI 

models that respect legitimate regional trading preferences 

while maintaining vigilance against suspicious activities. 

This approach represents a more nuanced and effective 

methodology for international financial crime prevention. 

5.2 PRACTICAL IMPLICATIONS FOR FINANCIAL 

MARKET SURVEILLANCE 

The practical implementation of time zone-based 

anomaly detection systems offers substantial benefits for 

financial institutions and regulatory authorities responsible 

for cross-border trading surveillance[48]. The enhanced 

detection capabilities enable more effective identification of 

money laundering activities, market manipulation schemes, 

and other forms of financial crime that exploit international 

trading platforms. 

Regulatory compliance benefits include improved 

alignment with anti-money laundering requirements and 

enhanced capabilities for suspicious activity reporting across 

multiple jurisdictions. The system's interpretability features 

support regulatory investigation processes by providing clear 

explanations for detected anomalies and their underlying 

temporal characteristics. 

Operational efficiency improvements result from 

reduced false positive rates and more targeted investigation 

processes. Financial institutions can allocate investigation 

resources more effectively, focusing attention on genuinely 

suspicious activities rather than false alarms generated by 

cultural or temporal trading differences. 

The scalability of the proposed approach enables 

implementation across various types of financial institutions, 

from large multinational banks to specialized international 

trading platforms. The modular architecture supports 

customization for specific institutional requirements while 

maintaining core detection capabilities. 

Risk management enhancements include improved 

early warning capabilities for emerging threats and better 

understanding of cross-border trading risks. The system 

provides financial institutions with enhanced visibility into 

international trading patterns and potential vulnerabilities in 

their surveillance capabilities. 
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5.3 FUTURE RESEARCH DIRECTIONS AND 

LIMITATIONS 

Future research opportunities include expansion of the 

framework to additional geographical regions and time zones, 

potentially incorporating European, Middle Eastern, and 

other Asia-Pacific markets to create more comprehensive 

global surveillance capabilities[49]. The inclusion of 

additional regions would provide broader coverage and 

enhanced detection of truly global manipulation schemes. 

Advanced machine learning approaches, including 

transformer architectures and graph neural networks, offer 

promising avenues for capturing more complex relationships 

in cross-border trading data[50]. These approaches could 

potentially identify even more sophisticated patterns and 

improve detection accuracy for novel types of financial 

crimes[58]. 

Integration with alternative data sources, such as news 

sentiment analysis, social media monitoring, and economic 

indicator feeds, could enhance the contextual understanding 

of trading behaviors and improve anomaly detection 

accuracy[51]. This multi-modal approach would provide richer 

feature sets for analysis and detection. 

Real-time adaptation capabilities represent an important 

area for future development, enabling detection systems to 

continuously evolve with changing criminal tactics and 

market conditions[52]. Advanced online learning approaches 

could maintain detection effectiveness as new types of 

anomalous behaviors emerge[57]. 

The current research limitations include the focus on 

equity securities markets, with potential expansion to other 

asset classes such as fixed income, derivatives, and 

cryptocurrency markets representing important future 

directions [53]. Additionally, the study period of 18 months, 

while substantial, could be expanded to capture longer-term 

patterns and seasonal variations in anomalous behaviors[54]. 

Privacy-preserving techniques for cross-border data 

sharing represent critical areas for future research, enabling 

enhanced cooperation between regulatory authorities while 

maintaining data protection requirements[55]. Advanced 

cryptographic approaches and federated learning techniques 

could facilitate broader data sharing for improved global 

financial surveillance[56]. 
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