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Abstract 
This study examined the effectiveness of strategies for strengthening international trade finance operations in 
preventing trade-based money laundering (TBML) through a comprehensive quantitative approach. A 
longitudinal research design was employed using panel data from 48 countries over a ten-year period, resulting 
in 480 country-year observations. The analysis integrated trade finance indicators, institutional quality indices, 
and regulatory performance measures to assess the determinants of TBML risk. Descriptive findings indicated 
that the mean trade discrepancy was 12.85%, with high-risk sectors such as precious metals and electronics 
exhibiting discrepancy levels exceeding 18%, while low-risk sectors remained below 9%. The econometric results 
revealed that trade discrepancies had a strong positive effect on TBML risk (β = 0.412, p < 0.001), while 
institutional quality (β = -0.365, p < 0.001) and regulatory stringency (β = -0.284, p < 0.001) significantly 
reduced risk levels. The model explained approximately 61% of the variation in TBML indicators, demonstrating 
substantial explanatory power. Panel data analysis further confirmed that improvements in regulatory 
frameworks and financial monitoring systems were associated with consistent reductions in TBML risk over 
time, with the risk score declining from 0.49 in 2014 to 0.34 in 2023. Sectoral and geographic analyses revealed 
that developing economies exhibited higher TBML risk (mean = 0.52) compared to developed economies (mean 
= 0.34), with high-risk trade corridors reaching levels as high as 0.67. Advanced analytical techniques, including 
clustering and network analysis, identified concentrated transaction clusters associated with repeated 
counterparties and high-risk jurisdictions, indicating structured patterns of suspicious trade activity. The 
findings highlighted that TBML risk is influenced by a combination of trade complexity, institutional capacity, 
regulatory enforcement, and sector-specific characteristics. The study demonstrated that strengthened 
governance frameworks, enhanced compliance systems, and the integration of data-driven analytical tools 
significantly improve the detection and mitigation of TBML within global trade finance systems. 
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INTRODUCTION 
International trade finance represents a structured system of financial instruments, institutional 
arrangements, and regulatory frameworks that facilitate cross-border exchange of goods and services 
while mitigating risks for exporters, importers, and financial intermediaries. Core mechanisms such as 
letters of credit, documentary collections, and trade credit insurance are designed to ensure payment 
security and transactional transparency. Within this ecosystem, trade-based money laundering (TBML) 
is defined as the process of disguising the proceeds of crime and moving value through trade 
transactions in an attempt to legitimize illicit funds (Naheem, 2017). TBML exploits the complexity of 
global supply chains, price manipulation, mis invoicing, over- and under-shipment, and falsification of 
documentation to obscure financial trails. The Financial Action Task Force (FATF) characterizes TBML 
as one of the most challenging forms of money laundering due to its integration with legitimate 
commerce and its reliance on documentation that appears compliant on the surface. The conceptual 
distinction between legitimate trade finance and TBML lies in intent and transparency. While trade 
finance instruments are governed by international rules such as the Uniform Customs and Practice for 
Documentary Credits (UCP 600), TBML actors manipulate these same systems to exploit regulatory 
gaps. This dual-use nature of trade documentation creates significant vulnerabilities (Hataley, 2020). 
Quantitative assessments of TBML risk often focus on anomalies in pricing, trade volumes, and 
discrepancies between financial flows and physical shipments. These anomalies are statistically 
measurable, making TBML an appropriate domain for quantitative inquiry. From a theoretical 
standpoint, TBML intersects with financial crime theory, agency theory, and institutional theory. 
Financial crime theory emphasizes rational decision-making by actors seeking to maximize illicit gains 
while minimizing detection risk. Agency theory highlights the asymmetry of information between 
financial institutions and clients, which TBML actors exploit. Institutional theory explains how weak 
governance structures and regulatory inconsistencies across jurisdictions create opportunities for 
abuse. These theoretical lenses provide a foundation for empirical modeling of TBML risks within trade 
finance operations (Sinno et al., 2023). The increasing digitization of trade finance has introduced both 
opportunities and risks. Electronic documentation, blockchain-based trade platforms, and automated 
compliance systems enhance transparency but also create new vectors for sophisticated manipulation. 
Quantitative research in this area often employs econometric modeling, anomaly detection algorithms, 
and network analysis to identify patterns indicative of TBML. These approaches rely on large datasets 
derived from customs records, banking transactions, and trade invoices. The definitional clarity of 
TBML is essential for developing measurable variables. Indicators such as price deviation ratios, trade 
intensity discrepancies, and invoice inconsistencies serve as proxies for illicit activity. These indicators 
enable the construction of quantitative models that assess the likelihood of TBML within specific trade 
corridors or industries (Menz, 2019). The integration of these metrics into compliance frameworks 
allows financial institutions to move from reactive detection to proactive risk management. 
Understanding TBML also requires recognition of its integration into broader illicit financial flows. It 
is not an isolated phenomenon but part of a network of activities including tax evasion, corruption, and 
organized crime. This interconnectedness complicates detection and necessitates comprehensive 
analytical frameworks. Quantitative studies often incorporate multi-variable regression models to 
capture the interaction between trade variables and financial crime indicators (Saenz & Lewer, 2023). 
In summary, the conceptual foundation of trade finance and TBML establishes the basis for empirical 
investigation. By defining key constructs and identifying measurable indicators, researchers can 
develop robust quantitative models that enhance understanding of TBML dynamics within 
international trade systems. 
International trade finance plays a pivotal role in sustaining global economic growth, accounting for a 
substantial proportion of cross-border transactions. It enables businesses to manage liquidity 
constraints, mitigate counterparty risk, and expand into new markets (Marzouk, 2022). The World 
Trade Organization estimates that up to 80–90% of global trade relies on some form of trade finance, 
underscoring its systemic importance. This extensive reliance makes trade finance operations a critical 
component of international financial stability. The global significance of trade finance is closely linked 
to economic development. Emerging economies depend heavily on trade finance to integrate into 
global markets and support export-driven growth strategies. Small and medium-sized enterprises 
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(SMEs), in particular, rely on trade finance instruments to overcome credit constraints and participate 
in international trade. However, the same mechanisms that facilitate economic growth also create 
vulnerabilities that can be exploited for illicit purposes (Ferdous Ara, 2021; Ahmed & Hasan, 2021; 
Naheem, 2018). From a macroeconomic perspective, disruptions in trade finance can have cascading 
effects on global supply chains. Financial crises, regulatory tightening, and geopolitical tensions can 
restrict access to trade finance, leading to reduced trade volumes and economic contraction. 
Quantitative analyses often examine the relationship between trade finance availability and trade 
flows, using panel data models to assess the impact of financial constraints on international commerce 
(Aditya & Robel, 2022; Robel & Morshedul, 2021; Naheem, 2019). The international nature of trade 
finance introduces complexities related to jurisdictional differences in regulation and enforcement. 
Variations in anti-money laundering (AML) frameworks, customs procedures, and financial reporting 
standards create inconsistencies that TBML actors exploit. These inconsistencies highlight the need for 
harmonized regulatory approaches and coordinated international efforts to strengthen oversight 
mechanisms. Technological advancements have transformed trade finance operations, enabling real-
time data exchange and enhanced transparency. Digital platforms facilitate the integration of financial 
and trade data, allowing for more effective monitoring and risk assessment (Chuah, 2023; Istiaq & 
Nusrat, 2022; Khaled & Hisham, 2022). Quantitative research increasingly leverages big data analytics 
and machine learning techniques to analyze large volumes of trade-related data and identify patterns 
indicative of illicit activity. The global significance of trade finance also extends to its role in financial 
inclusion. By providing access to credit and risk mitigation tools, trade finance supports the 
participation of underserved markets in global trade. However, compliance requirements and risk 
aversion among financial institutions can limit access to trade finance, particularly in high-risk 
jurisdictions. This dynamic creates a tension between financial inclusion and risk management. 
International organizations such as the IMF, World Bank, and FATF have emphasized the importance 
of strengthening trade finance systems to prevent financial crime while supporting economic 
development (Huu Toan, 2022; Mehedi & Md, 2022; Mainuddin & Chandra, 2022). Quantitative studies 
often incorporate cross-country comparisons to evaluate the effectiveness of regulatory frameworks 
and identify best practices. These studies contribute to the development of evidence-based policies that 
enhance the resilience of trade finance systems. Overall, the global significance of trade finance 
underscores the importance of safeguarding its integrity. By understanding its role in international 
economic systems, researchers can develop quantitative models that assess risks and inform strategies 
for preventing TBML within this critical domain (Umar, 2023). 
Trade-based money laundering operates through a variety of mechanisms that exploit the complexities 
of international trade transactions. Common typologies include over-invoicing, under-invoicing, 
multiple invoicing, and misrepresentation of goods and services. These practices enable the transfer of 
value across borders without the movement of equivalent physical goods, thereby disguising illicit 
financial flows. Each typology presents distinct challenges for detection and measurement, making 
TBML a multifaceted phenomenon (Umar, 2023). Over-invoicing involves inflating the value of goods 
or services to transfer excess funds from the importing country to the exporting country. Under-
invoicing, on the other hand, reduces the declared value of goods to facilitate capital flight or tax 
evasion. Multiple invoicing allows the same shipment to be invoiced multiple times, enabling repeated 
payments for a single transaction. Misrepresentation of goods includes falsifying the quantity, quality, 
or type of goods being traded. These mechanisms often occur simultaneously, increasing the 
complexity of detection. Quantitative analysis of TBML typologies relies on identifying anomalies in 
trade data. Price deviations from global benchmarks, inconsistencies between reported trade volumes 
and shipping records, and discrepancies between financial and customs data serve as indicators of 
potential TBML activity (Lixin & Wenjun, 2016). Statistical techniques such as outlier detection, 
regression analysis, and clustering algorithms are commonly used to analyze these anomalies. The 
integration of financial and trade data is critical for understanding TBML mechanisms. Financial 
institutions have access to transaction data, while customs authorities possess information on goods 
and shipments. Combining these datasets enables a more comprehensive analysis of trade transactions 
and enhances the ability to detect irregularities. Quantitative models often incorporate variables from 
both domains to improve predictive accuracy (Hendriyetty & Grewal, 2017). Network analysis has 
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emerged as a valuable tool for identifying TBML patterns. By mapping relationships between entities 
involved in trade transactions, researchers can detect clusters of activity that may indicate coordinated 
laundering schemes. These networks often reveal hidden connections between seemingly unrelated 
transactions, providing insights into the structure of illicit operations. The role of intermediaries in 
TBML is also significant. Freight forwarders, customs brokers, and shell companies can facilitate the 
movement of goods and funds while obscuring the identities of the ultimate beneficiaries. Quantitative 
studies often examine the involvement of intermediaries as a variable influencing TBML risk. This 
approach highlights the importance of due diligence and transparency in supply chain management. 
Technological advancements have introduced new typologies of TBML, including the use of digital 
trade platforms and cryptocurrencies (Delston & Walls, 2021). These innovations create additional 
layers of complexity and require the development of new analytical tools. Quantitative research in this 
area focuses on adapting existing models to account for emerging risks and incorporating new data 
sources. Understanding the mechanisms and typologies of TBML is essential for developing effective 
prevention strategies. By identifying measurable indicators and analyzing patterns of activity, 
researchers can contribute to the design of robust compliance frameworks that address the evolving 
nature of TBML (Gara et al., 2019). 
 

Figure 1: Trade Finance and TBML Framework 

 
The regulation of trade finance and the prevention of TBML are governed by a complex network of 
international standards, national laws, and institutional practices. Key regulatory bodies such as the 
Financial Action Task Force (FATF) establish global guidelines for anti-money laundering and counter-
terrorist financing. These guidelines are implemented by national authorities through legislation and 
regulatory oversight, creating a multi-layered framework for compliance. Regulatory frameworks 
focus on enhancing transparency, improving due diligence, and strengthening reporting requirements 
(Malaket, 2019). Financial institutions are required to implement know-your-customer (KYC) 
procedures, monitor transactions for suspicious activity, and report anomalies to relevant authorities. 
In the context of trade finance, these requirements extend to the verification of trade documents, 
assessment of transaction consistency, and evaluation of counterparties. The effectiveness of regulatory 
frameworks varies across jurisdictions due to differences in enforcement capacity, legal systems, and 
institutional resources. Quantitative studies often assess the impact of regulatory quality on TBML risk 
using indices such as the Basel AML Index and World Governance Indicators. These studies provide 
empirical evidence on the relationship between regulatory strength and financial crime prevalence. 
Institutional responses to TBML involve collaboration between financial institutions, customs 
authorities, and law enforcement agencies (Gobena, 2023). Information sharing is a critical component 



Review of Applied Science and Technology, April 2026, 158– 201 

162 
 

of this collaboration, enabling the detection of cross-border patterns of illicit activity. Quantitative 
models often incorporate variables related to institutional cooperation to evaluate its impact on TBML 
prevention. Technological solutions play an increasingly important role in regulatory compliance. 
Automated monitoring systems, artificial intelligence, and blockchain technology enhance the ability 
to detect anomalies and ensure data integrity. These tools enable real-time analysis of trade transactions 
and improve the efficiency of compliance processes. Quantitative research evaluates the effectiveness 
of these technologies in reducing TBML risk.  Challenges in regulatory implementation include the 
high cost of compliance, the complexity of trade transactions, and the risk of de-risking by financial 
institutions (Morshedul et al., 2022; Nazmul & Begum, 2022; Nduka & Sechap, 2021). De-risking refers 
to the withdrawal of banking services from high-risk clients or jurisdictions, which can limit access to 
trade finance and hinder economic development. Quantitative analyses often examine the trade-off 
between risk mitigation and financial inclusion. International cooperation is essential for addressing 
TBML, given its cross-border nature. Organizations such as the World Customs Organization and the 
Egmont Group facilitate information sharing and capacity building among member countries. 
Quantitative studies assess the impact of international cooperation on TBML detection rates and 
enforcement outcomes. The regulatory landscape continues to evolve in response to emerging risks 
and technological advancements (Passas, 2022). By analyzing the effectiveness of existing frameworks 
and identifying areas for improvement, researchers can contribute to the development of more robust 
and adaptive regulatory systems. 

 
Figure 2: Trade Finance TBML Conceptual Framework 

 
Quantitative methodologies play a central role in identifying and mitigating TBML within trade finance 
operations. These approaches rely on the systematic analysis of large datasets to detect patterns and 
anomalies indicative of illicit activity. Econometric models, machine learning algorithms, and statistical 
techniques are commonly used to analyze trade and financial data, providing insights into the 
dynamics of TBML. Econometric analysis involves the use of regression models to examine the 
relationship between trade variables and indicators of financial crime (Ferwerda et al., 2020; Shahinur 
& Sultan, 2022; Binte & Hasan Or, 2022). Variables such as trade volume, price deviations, and 
transaction frequency are used to construct models that estimate the likelihood of TBML. Panel data 
analysis allows researchers to account for temporal and cross-sectional variations, enhancing the 
robustness of findings. Machine learning techniques have gained prominence in TBML detection due 
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to their ability to process large volumes of data and identify complex patterns. Supervised learning 
models, such as logistic regression and decision trees, are used to classify transactions as suspicious or 
legitimate based on labeled data. Unsupervised learning methods, including clustering and anomaly 
detection, identify unusual patterns without predefined labels. Data integration is a critical component 
of quantitative analysis (Begum & Kaniz, 2023; Ara & Onyinyechi, 2023; Gaviyau & Sibindi, 2023). 
Combining financial transaction data with customs records, shipping information, and trade invoices 
enables a comprehensive assessment of trade activities. This integration enhances the accuracy of 
detection models and provides a holistic view of trade transactions. Network analysis is another 
important quantitative approach, focusing on the relationships between entities involved in trade. By 
analyzing transaction networks, researchers can identify clusters of activity that may indicate 
coordinated TBML schemes (Gilmour, 2023; Islam & Aditya, 2023; Ahmed & Mehedi, 2023). Metrics 
such as centrality and connectivity provide insights into the structure of these networks and the roles 
of different participants. The use of big data analytics has transformed TBML detection by enabling 
real-time monitoring and analysis. Advanced analytics platforms process data from multiple sources, 
applying algorithms to identify anomalies and generate alerts. Quantitative research evaluates the 
effectiveness of these platforms in improving detection rates and reducing false positives. Challenges 
in quantitative analysis include data quality, availability, and standardization. Inconsistent reporting 
practices and incomplete data can limit the accuracy of models. Researchers often employ data cleaning 
and normalization techniques to address these issues and improve model performance (Johnson & 
Russell, 2020; Hasan Or et al., 2023; Mainuddin & Chandra, 2023). Quantitative approaches provide a 
scientific basis for TBML detection, enabling the development of evidence-based strategies. By 
leveraging advanced analytical techniques, financial institutions and regulators can enhance their 
ability to identify and prevent illicit activity within trade finance systems. 
Trade finance operations are inherently vulnerable to TBML due to their complexity, reliance on 
documentation, and involvement of multiple stakeholders. Risk factors include the use of paper-based 
documentation, limited transparency in supply chains, and the presence of intermediaries that obscure 
transaction details. These vulnerabilities create opportunities for TBML actors to exploit the system. 
One of the primary risk factors is the discrepancy between financial and physical flows (Naheem, 2023). 
Trade transactions involve both the movement of goods and the transfer of funds, which are often 
recorded in separate systems. This separation creates opportunities for manipulation, as discrepancies 
between these records may go undetected. Quantitative models often focus on identifying such 
discrepancies as indicators of TBML. Geographical risk is another factor, with certain regions exhibiting 
higher levels of TBML due to weak regulatory frameworks and limited enforcement capacity. High-
risk jurisdictions are often characterized by corruption, political instability, and inadequate financial 
oversight (Mehedi & Nahar, 2023; Mostafa, 2023; Soudijn, 2016). Quantitative studies incorporate 
geographic variables to assess the impact of location on TBML risk. Industry-specific risks also play a 
role, as certain sectors are more susceptible to TBML due to the nature of their products and supply 
chains. High-value, low-volume goods such as electronics and precious metals are particularly 
vulnerable to price manipulation and misinvoicing. Quantitative analysis often examines sectoral 
differences to identify industries with higher TBML risk. 
The role of financial institutions in mitigating risk is critical. Banks and other intermediaries are 
responsible for conducting due diligence, monitoring transactions, and reporting suspicious activity 
(Chandra, 2023; Khatun & Zakia, 2023; Tiwari et al., 2020). However, limitations in resources, expertise, 
and technology can hinder their ability to effectively detect TBML. Quantitative research evaluates the 
impact of institutional capacity on risk management outcomes. Technological vulnerabilities have 
emerged with the digitization of trade finance. While digital platforms enhance efficiency and 
transparency, they also introduce new risks related to cybersecurity and data manipulation. 
Quantitative studies analyze the impact of technological adoption on TBML risk, considering both 
benefits and challenges. Behavioral factors, such as the incentives and motivations of individuals 
involved in trade transactions, also influence TBML risk. Rational choice theory suggests that actors 
engage in TBML when the expected benefits outweigh the perceived risks. Quantitative models often 
incorporate behavioral variables to assess the likelihood of illicit activity . Understanding risk factors 
and vulnerabilities is essential for developing targeted prevention strategies. By identifying the 
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conditions that facilitate TBML, researchers can inform the design of effective risk management 
frameworks and enhance the resilience of trade finance operations (Sivaguru & Tilakasiri, 2023). 
Empirical research on TBML has expanded significantly, providing valuable insights into its 
prevalence, mechanisms, and impact on global trade. Quantitative studies employ a variety of 
methodologies to measure TBML, including trade misinvoicing estimates, discrepancy analysis, and 
econometric modeling. These approaches rely on data from international organizations, customs 
authorities, and financial institutions (Begum & Kaniz, 2024; Khaled & Morshedul, 2024; Saenz & 
Lewer, 2023). Trade misinvoicing is one of the most widely used measures of TBML. It involves 
comparing reported trade values between exporting and importing countries to identify discrepancies. 
Significant differences between these values may indicate the presence of TBML. Quantitative studies 
use mirror statistics to estimate the scale of misinvoicing and its contribution to illicit financial flows. 
Discrepancy analysis extends beyond price differences to include inconsistencies in quantities, product 
classifications, and shipment records. By analyzing these discrepancies, researchers can identify 
patterns of manipulation and assess the likelihood of TBML. Statistical techniques such as variance 
analysis and hypothesis testing are commonly used in this context. Econometric models provide a 
framework for analyzing the determinants of TBML. These models incorporate variables such as trade 
volume, economic indicators, and regulatory quality to estimate the factors influencing TBML risk 
(Hendriyetty & Grewal, 2017; Mehedi & Nahar, 2024; Towhidul & Uddin, 2024). Panel data analysis 
allows for the examination of trends over time and across countries, providing a comprehensive 
understanding of TBML dynamics. Empirical studies also examine the impact of TBML on economic 
outcomes, including tax revenue, capital flows, and financial stability. Quantitative analysis reveals 
that TBML contributes to significant revenue losses for governments and distorts trade statistics, 
affecting policy decisions. These findings highlight the importance of addressing TBML as part of 
broader efforts to combat financial crime. Data limitations remain a significant challenge in empirical 
research. Incomplete reporting, lack of standardization, and restricted access to data can hinder 
analysis. Researchers often employ proxy variables and estimation techniques to overcome these 
limitations and improve the reliability of their findings. The integration of advanced analytics and big 
data has enhanced the ability to measure TBML. Machine learning algorithms and data mining 
techniques enable the analysis of large datasets, providing more accurate and timely insights (Delston 
& Walls, 2021; Robel & Md. Morshedul, 2024; Zakia & Khatun, 2024). Quantitative studies evaluate the 
effectiveness of these approaches in improving measurement and detection. Empirical evidence 
underscores the complexity and scale of TBML, highlighting the need for robust analytical frameworks 
and comprehensive data collection. By advancing quantitative methodologies, researchers can 
contribute to a deeper understanding of TBML and support the development of effective prevention 
strategies (Murray, 2018). 
The primary objective of this quantitative study is to systematically examine and evaluate the 
effectiveness of strategic interventions in strengthening international trade finance operations to 
prevent trade-based money laundering (TBML). This research seeks to develop a comprehensive 
analytical framework that quantifies the relationship between trade finance practices, regulatory 
compliance mechanisms, and the occurrence of TBML across diverse international trade environments. 
A key focus is placed on identifying measurable indicators of TBML risk, including trade mis invoicing, 
discrepancies in transaction values, abnormal trade volumes, and inconsistencies between financial and 
logistical records. By employing quantitative modeling techniques, the study aims to assess how these 
indicators correlate with institutional controls such as know-your-customer (KYC) procedures, 
transaction monitoring systems, and regulatory enforcement intensity. Another objective is to analyze 
the role of financial institutions and trade intermediaries in mitigating TBML risks through enhanced 
due diligence and data-driven decision-making processes. The study intends to evaluate the 
effectiveness of technological tools, including machine learning algorithms, anomaly detection systems, 
and integrated trade data platforms, in identifying suspicious trade patterns. In doing so, it aims to 
generate empirical evidence on how digital transformation within trade finance contributes to 
improved transparency and risk detection capabilities. Additionally, the research seeks to examine 
cross-country variations in TBML prevalence by incorporating macroeconomic, institutional, and 
governance-related variables into a panel data framework, thereby identifying structural factors that 
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influence vulnerability to TBML. The study also aims to construct predictive models that can estimate 
the likelihood of TBML occurrences within specific trade corridors and industry sectors, enabling a 
more targeted approach to risk management. Through statistical validation and robustness testing, the 
research aspires to enhance the reliability of these models for practical application in compliance and 
regulatory settings. Furthermore, the objective includes assessing the interaction between regulatory 
stringency and financial inclusion within trade finance, particularly in emerging markets where access 
to finance remains constrained. By integrating these dimensions into a unified quantitative analysis, 
the study endeavors to provide a rigorous empirical foundation for understanding how strategic 
enhancements in trade finance operations can effectively reduce the incidence of TBML while 
maintaining operational efficiency and global trade facilitation. 
LITERATURE REVIEW 
The literature on international trade finance and trade-based money laundering (TBML) has expanded 
significantly over the past two decades, reflecting the increasing complexity of global trade systems 
and the growing recognition of financial crime risks embedded within them (Naheem, 2017). This body 
of research spans multiple disciplines, including finance, economics, criminology, and information 
systems, offering diverse perspectives on the mechanisms, detection, and prevention of TBML. Within 
the context of quantitative research, the literature emphasizes empirical modeling, statistical analysis, 
and data-driven approaches to understanding how illicit financial flows are concealed within 
legitimate trade transactions. Scholars have focused on identifying measurable indicators such as trade 
mis invoicing, price deviations, abnormal transaction patterns, and inconsistencies between financial 
and customs data, which serve as proxies for detecting TBML activities. A critical theme in the literature 
is the integration of trade and financial datasets to enhance analytical accuracy. Studies highlight the 
importance of combining customs records, banking transactions, and shipping data to construct 
comprehensive models capable of capturing complex laundering schemes (Delston & Walls, 2021). The 
use of econometric techniques, panel data analysis, and machine learning algorithms has become 
increasingly prominent, enabling researchers to analyze large-scale datasets and uncover hidden 
patterns. This shift toward advanced analytics reflects the limitations of traditional rule-based 
compliance systems, which often struggle to detect sophisticated TBML typologies. The literature also 
underscores the role of institutional and regulatory frameworks in shaping TBML risks. Cross-country 
analyses reveal that variations in governance quality, regulatory enforcement, and financial 
transparency significantly influence the prevalence of TBML. Quantitative studies frequently employ 
indices such as corruption perception scores, financial secrecy indices, and AML compliance ratings to 
examine these relationships. These findings highlight the importance of institutional strength in 
mitigating financial crime within trade finance systems (Gaviyau & Sibindi, 2023).Another important 
dimension explored in the literature is the impact of technological innovation on TBML detection and 
prevention. Digital trade platforms, blockchain technology, and artificial intelligence have been 
identified as transformative tools that enhance transparency and enable real-time monitoring of trade 
transactions. Empirical research evaluates the effectiveness of these technologies in reducing detection 
gaps and improving compliance efficiency, often through experimental designs or predictive modeling 
approaches (Passas, 2022).Furthermore, the literature addresses sectoral and geographical variations in 
TBML risk, identifying specific industries and regions that are more vulnerable due to structural 
characteristics such as high-value goods, complex supply chains, and weak regulatory oversight. 
Quantitative analyses in this area often involve comparative studies that assess differences across 
countries, industries, and trade corridors, providing insights into the contextual factors that influence 
TBML dynamics. Overall, the existing body of literature provides a robust foundation for quantitative 
investigation, offering a wide range of methodologies, data sources, and analytical frameworks. This 
study builds upon these contributions by synthesizing prior findings and extending the analysis 
through a comprehensive quantitative approach that integrates multiple dimensions of trade finance 
operations and TBML risk. 
Theoretical and Conceptual Quantification of TBML 
The conceptualization of trade-based money laundering (TBML) within quantitative research has 
evolved to accommodate the increasing complexity of global trade systems and financial transactions. 
TBML is broadly defined as the process by which illicit proceeds are concealed and transferred through 
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the manipulation of international trade activities, often embedded within legitimate commercial 
operations. In empirical studies, operational definitions are refined to ensure measurability, typically 
focusing on observable discrepancies in trade documentation, transaction values, and shipment 
characteristics (Naheem, 2017). Researchers emphasize the importance of defining TBML in a manner 
that aligns with quantifiable indicators, allowing for systematic analysis using structured datasets such 
as customs records and financial transaction logs. This operationalization facilitates the transformation 
of an abstract financial crime concept into measurable variables suitable for statistical modeling. 
Quantitative literature highlights that TBML definitions are closely linked to the availability and 
reliability of data sources. Studies have utilized bilateral trade statistics, firm-level transaction data, and 
banking records to construct operational frameworks that capture deviations from expected trade 
patterns. These frameworks often rely on identifying inconsistencies between reported and actual trade 
values, discrepancies in product classifications, and abnormal trade volumes relative to market 
benchmarks. The integration of these indicators into empirical models allows researchers to estimate 
the scale and prevalence of TBML across different contexts (Albert, 2025; Gaviyau & Sibindi, 2023; 
Ishtiaque & Rajib, 2025).The literature also reflects a convergence toward standardized definitions 
guided by international organizations, which enhances comparability across studies. This 
standardization supports cross-country analyses and facilitates the aggregation of findings, 
contributing to a more cohesive understanding of TBML dynamics. At the same time, variations in 
methodological approaches highlight the adaptability of TBML definitions to different research designs 
and data environments. Overall, the conceptual and operational definitions of TBML in quantitative 
research provide a critical foundation for empirical investigation (Kazi Rakib Hasan, 2025; Md. Ashfaq 
& Ashraful, 2025; Netshisaulu et al., 2022). By translating theoretical constructs into measurable 
indicators, researchers can systematically analyze patterns of illicit activity within global trade systems 
and contribute to the development of evidence-based detection and prevention strategies. 
The quantitative measurement of TBML relies heavily on the development and application of proxy 
variables that capture indirect evidence of illicit financial activity. Given the covert nature of TBML, 
direct observation is rarely possible, necessitating the use of measurable constructs that reflect 
anomalies in trade behavior. Among the most widely used proxies are price deviations, trade 
discrepancies, and inconsistencies between reported and actual shipment data. These indicators are 
derived from comparisons between expected market values and observed transaction data, allowing 
researchers to identify patterns that deviate from normal trade practices (Ferwerda & Kleemans, 2019; 
Robel, 2025; Murad, 2025).Empirical studies have demonstrated that trade misinvoicing serves as a 
central proxy for TBML, capturing both over-invoicing and under-invoicing practices. By analyzing 
discrepancies between export and import values reported by trading partners, researchers can estimate 
the magnitude of illicit financial flows embedded within trade transactions. Additional constructs 
include abnormal trade volumes, irregular frequency of transactions, and inconsistencies in product 
classification codes, all of which contribute to a comprehensive measurement framework (Lord & Levi, 
2023; Md Khaled, 2026).The literature emphasizes the importance of combining multiple proxy 
indicators to enhance the robustness of TBML detection models. Single-variable approaches are often 
insufficient due to the complexity and variability of laundering techniques. As a result, researchers 
employ composite indices that integrate various indicators, providing a more holistic assessment of 
TBML risk. These indices are frequently used in regression models and clustering algorithms to identify 
high-risk transactions and trade corridors.Data quality and standardization are critical considerations 
in the construction of measurement constructs. Variations in reporting practices, data completeness, 
and classification systems can affect the accuracy of proxy indicators. Researchers address these 
challenges through data cleaning, normalization, and validation techniques, ensuring the reliability of 
their findings(Caulkins & Reuter, 2022).The use of proxy variables in TBML analysis underscores the 
importance of innovative measurement strategies in the study of financial crime. By leveraging indirect 
indicators, quantitative research can uncover hidden patterns of illicit activity and contribute to the 
development of more effective detection methodologies. 
Financial crime theory provides a theoretical foundation for understanding the behavior of actors 
involved in TBML and informs the development of quantitative models that capture these dynamics. 
Central to this perspective is the assumption that individuals engage in illicit activities based on rational 
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calculations of risk and reward. This theoretical framework has been widely applied in empirical 
studies to model the likelihood of TBML occurrences, incorporating variables that reflect economic 
incentives, enforcement intensity, and detection probability (Panevski et al., 2021).Quantitative 
research often integrates elements of rational choice theory, which posits that actors weigh the potential 
benefits of laundering illicit funds against the risks of detection and punishment. This approach is 
operationalized through the inclusion of variables such as regulatory stringency, monitoring 
effectiveness, and penalties for non-compliance. By analyzing the relationship between these factors 
and observed trade anomalies, researchers can assess how changes in enforcement environments 
influence TBML behavior (Sittlington & Harvey, 2018).The literature also highlights the role of 
opportunity structures in facilitating financial crime. TBML is more likely to occur in environments 
characterized by weak regulatory oversight, limited transparency, and high transaction complexity. 
Quantitative models incorporate these contextual factors through the use of governance indicators, 
financial secrecy indices, and measures of institutional capacity. These variables help explain variations 
in TBML prevalence across different jurisdictions and economic settings.Behavioral aspects of financial 
crime are also considered in quantitative analyses, with studies examining how cognitive biases and 
organizational dynamics influence decision-making processes. While these factors are inherently 
difficult to measure, proxy variables such as transaction patterns and firm characteristics provide 
insights into underlying behavioral mechanisms (Aziani, 2018b).The integration of financial crime 
theory into quantitative TBML models enhances the explanatory power of empirical research. By 
grounding statistical analysis in established theoretical frameworks, researchers can better interpret 
observed patterns and develop more accurate predictive models of illicit activity within trade finance 
systems. 

 
Figure 3: TBML Quantitative Conceptual Framework 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Agency theory and institutional theory offer complementary perspectives for understanding the 
structural and systemic factors that influence TBML within international trade finance. Agency theory 
focuses on the relationship between principals and agents, emphasizing the role of information 
asymmetry and conflicting incentives in shaping behavior (Bichler et al., 2017). In the context of TBML, 
financial institutions act as agents responsible for monitoring transactions on behalf of regulators and 
stakeholders, while clients possess private information that may be used to conceal illicit activities. This 
asymmetry creates opportunities for TBML actors to exploit gaps in oversight and evade detection. 
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Quantitative studies apply agency theory by examining variables related to monitoring effectiveness, 
compliance costs, and information transparency. Metrics such as the frequency of suspicious 
transaction reports, audit outcomes, and compliance expenditures are used to assess the effectiveness 
of monitoring mechanisms. These analyses reveal that higher levels of transparency and stronger 
monitoring systems are associated with lower TBML risk, highlighting the importance of reducing 
information asymmetry (Spink, 2017).Institutional theory, on the other hand, emphasizes the role of 
broader regulatory and governance frameworks in shaping organizational behavior. Cross-country 
variability in TBML prevalence is often linked to differences in institutional quality, including legal 
systems, regulatory enforcement, and corruption levels. Quantitative research incorporates these 
factors composite indices and governance indicators, enabling comparative analysis across 
jurisdictions (Aziani, 2018a).Empirical findings indicate that countries with stronger institutional 
frameworks tend to exhibit lower levels of TBML, while weaker institutions are associated with higher 
vulnerability. This relationship underscores the importance of robust governance structures in 
mitigating financial crime. Additionally, the interaction between agency and institutional factors 
highlights the multi-layered nature of TBML risk, where both organizational and systemic elements 
play a role.By integrating agency and institutional theories into quantitative analysis, the literature 
provides a comprehensive understanding of the drivers of TBML. This approach enables researchers 
to capture the complexity of cross-border trade finance systems and identify key factors that influence 
the effectiveness of prevention strategies. 
Quantitative Measurement of Trade Misinvoicing and Illicit Financial Flows 
Mirror statistics and bilateral trade data analysis occupy a central position in the quantitative literature 
on trade misinvoicing and illicit financial flows because they provide one of the most practical empirical 
routes for identifying discrepancies embedded in international commerce (Liu & Stengos, 2023). This 
strand of research compares the export values reported by one country with the corresponding import 
values reported by its trading partner in order to identify asymmetries that may signal misinvoicing, 
customs manipulation, capital flight, or tax-related distortions. The literature treats these discrepancies 
as analytically important because, under normal reporting conditions, bilateral trade records should 
display broad consistency after accounting for freight, insurance, timing lags, and classification 
differences. When gaps persist beyond expected administrative variations, scholars interpret them as 
potential markers of hidden value transfer within trade transactions. Research in this area has 
developed a strong methodological tradition by using customs data, commodity-level reporting, and 
disaggregated trade codes to isolate where discrepancies are most concentrated across countries, 
sectors, and trading corridors (Aziani, 2018b).The literature shows that mirror analysis became 
especially influential in studies of developing economies, where institutional weaknesses, exchange 
control regimes, and fragmented customs oversight created favorable conditions for illicit outflows. 
Scholars examining trade asymmetries have consistently found that some discrepancies are systematic 
rather than random, suggesting that they reflect strategic underreporting or overreporting rather than 
simple clerical error. Bilateral trade data also allow researchers to distinguish country-specific reporting 
problems from patterns that recur across specific commodity groups, indicating that misinvoicing may 
be linked to product characteristics such as high value density, weak pricing transparency, or tariff 
sensitivity. This line of work has further demonstrated that the interpretive power of mirror statistics 
improves when trade values are matched at detailed product classifications and when transport cost 
adjustments are carefully addressed. The broader contribution of this literature lies in transforming 
international trade records into a measurable empirical basis for evaluating illicit financial flows, 
providing a foundation for more advanced quantitative modeling of trade-based financial crime and 
cross-border value concealment (Netshisaulu et al., 2022). 
The literature on estimation models for trade value discrepancies extends beyond simple bilateral 
comparisons by constructing structured empirical approaches that attempt to quantify the scale and 
persistence of misinvoicing across time, countries, and product categories. These studies seek to 
distinguish ordinary statistical noise from economically meaningful patterns by using benchmark 
pricing, partner-country comparisons, commodity-level trade distributions, and expected value ranges 
derived from historical or peer-group observations (Aziani, 2018a). Researchers in this tradition 
emphasize that trade discrepancies cannot be interpreted mechanically, since variations may arise from 
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legitimate factors such as exchange rate fluctuations, shipping terms, reporting standards, and customs 
timing differences. As a result, estimation models are designed to control for these normal sources of 
divergence while isolating residual irregularities that are more consistent with trade manipulation. The 
literature views these residuals as indicators of possible illicit value transfer, especially when they recur 
across specific sectors or jurisdictions over long periods (Ortega et al., 2020).A notable contribution of 
this body of work is its effort to link discrepancy estimates with broader frameworks of capital flight, 
tax evasion, and underground financial activity. Rather than treating trade gaps as isolated accounting 
anomalies, scholars position them within larger debates on illicit financial flows and external balance 
distortions. In many studies, researchers aggregate discrepancy estimates to produce country-level 
assessments of suspicious outflows, allowing comparisons with governance indicators, financial 
openness, tariff structures, and anti-money laundering capacity. Other studies refine the estimation 
process by focusing on selected commodities known to be vulnerable to manipulation, including 
minerals, fuels, electronics, and luxury goods (Ortega et al., 2019). The literature also underscores the 
importance of model assumptions because different estimation rules can generate substantially 
different conclusions about the size of illicit flows. For that reason, many scholars stress transparency 
in the construction of discrepancy models and caution against overstating precision. Even with these 
cautions, the accumulated research demonstrates that structured estimation models remain 
indispensable for translating raw trade asymmetries into interpretable evidence on misinvoicing 
patterns, hidden cross-border transfers, and the broader financial implications of manipulated trade 
values. 
 

Figure 4: Trade Misinvoicing Quantitative Measurement Framework 

 
The literature on statistical techniques for detecting over- and under-invoicing reflects a sustained effort 
to identify abnormal trade values through systematic comparison of transaction records against 
expected commercial behavior. Over-invoicing and under-invoicing are treated in quantitative research 
as deliberate distortions in the declared value of traded goods, typically used to move capital, evade 
tax liabilities, manipulate profit allocation, or conceal illicit funds within legitimate trade (Biswas et al., 
2022). Scholars have developed statistical approaches that examine whether declared prices deviate 
significantly from reference prices observed in comparable markets, historical records, or global 
commodity benchmarks. This work frequently relies on distributional analysis, outlier identification, 
percentile comparisons, and abnormal value screening to determine whether a shipment appears 
inconsistent with prevailing market conditions. By focusing on statistical irregularity rather than legal 
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proof, this literature provides empirical methods for flagging suspicious transactions at scale across 
very large datasets (Dachraoui et al., 2021).An important theme in the literature is that pricing 
anomalies must be interpreted in context. Researchers note that legitimate variation can arise from 
differences in product quality, contract structure, seasonal volatility, shipment size, and financing 
arrangements. For this reason, statistical detection techniques have become increasingly refined, using 
more granular product classifications and narrower comparison groups in order to reduce false signals. 
Some studies assess invoice values against contemporaneous world market prices, while others 
compare firms or countries trading the same goods under similar conditions. The literature also 
examines the asymmetry between over- and under-invoicing across policy environments, showing that 
the direction of manipulation often reflects underlying incentives such as tariff avoidance, capital 
controls, tax minimization, or export subsidy abuse. A further contribution of this research lies in its 
integration with customs risk management, where statistical screening tools support the prioritization 
of shipments for inspection (Lallerstedt, 2022). Across this body of scholarship, statistical analysis is 
presented as a critical instrument for uncovering value manipulation that cannot be easily observed 
through routine document review alone, thereby strengthening empirical understanding of how 
misinvoicing operates as a channel for illicit financial movement. 
Econometric Modeling of TBML Determinants 
The quantitative literature on trade-based money laundering (TBML) has increasingly relied on 
regression-oriented analysis to explain how trade variables are associated with suspicious financial 
behavior embedded in cross-border transactions (Cheung et al., 2016). This body of work treats TBML 
risk as an empirically observable outcome that can be approximated through trade discrepancies, 
misinvoicing patterns, abnormal shipment values, and inconsistencies between customs and financial 
records. Within this tradition, regression models are used to assess the degree to which trade-related 
indicators such as export overvaluation, import undervaluation, invoice irregularities, commodity-
specific pricing gaps, and transaction frequency are statistically associated with the likelihood of 
hidden value transfer. The literature presents these models as useful because they allow researchers to 
isolate the explanatory contribution of specific variables while controlling for broader trade and 
economic conditions. As a result, regression-based studies have become central to efforts to move the 
TBML discussion from descriptive enforcement narratives toward more systematic empirical 
assessment (Ning et al., 2017).A consistent theme in the literature is that trade variables do not operate 
independently. Researchers show that suspicious invoicing behavior often emerges from the 
interaction of shipment value, tariff exposure, documentation quality, financing arrangements, and 
trade partner characteristics. Econometric studies therefore commonly organize TBML risk around 
trade intensity measures, sectoral concentrations, product-level pricing anomalies, and export-import 
asymmetries. Some studies approach the issue indirectly by modeling illicit financial outflows through 
trade gaps, while others focus more specifically on customs-reporting irregularities as the dependent 
empirical concern. In both approaches, regression analysis is valued for clarifying whether variations 
in trade structure are statistically linked to elevated laundering vulnerability. The broader literature 
also recognizes that the explanatory strength of these models depends heavily on how TBML is 
operationalized, since direct observation of laundering behavior is rare and scholars must rely on trade-
based proxies (Ahene-Codjoe et al., 2022). Even with this limitation, the econometric literature shows 
strong agreement that regression frameworks provide an effective means of identifying which trade 
characteristics most consistently align with suspicious patterns, thereby offering a structured basis for 
understanding TBML determinants within international trade finance systems. 
Panel data analysis occupies a prominent place in the literature on TBML determinants because it 
enables scholars to study how suspicious trade patterns vary both across countries and over time. This 
methodological approach is particularly attractive in TBML research because illicit financial behavior 
is shaped by national regulatory environments, trade structures, and institutional conditions that 
change gradually and unevenly. By tracking multiple countries across several years, panel studies 
provide a richer empirical foundation than single-country analyses and allow researchers to distinguish 
persistent structural vulnerabilities from temporary trade shocks (Hope Sr, 2023). The literature shows 
that this approach has been widely used to evaluate whether countries with weaker customs control, 
fragmented enforcement systems, or volatile economic conditions display higher levels of trade 



Review of Applied Science and Technology, April 2026, 158– 201 

171 
 

misinvoicing and related illicit flows. In this sense, panel data methods contribute to the broader effort 
to situate TBML within comparative political economy rather than treating it solely as an isolated 
compliance problem (Raudino, 2016).A major strength emphasized in the literature is the capacity of 
panel analysis to capture repeated patterns in trade discrepancies that cannot be fully understood 
through cross-sectional snapshots. Researchers use these models to assess how trade irregularities 
respond to changes in governance quality, macroeconomic instability, shifts in tariff regimes, or 
external financial pressures. This line of research often finds that TBML-related indicators are not 
randomly distributed across time, but instead follow recognizable patterns associated with national 
institutional environments and periods of regulatory weakness. Panel studies also allow for the 
inclusion of country-specific effects and period-specific changes, helping scholars identify whether 
suspicious trade gaps stem from enduring institutional characteristics or broader global developments. 
Another recurrent insight in the literature is that panel evidence improves the credibility of TBML 
estimation by reducing reliance on isolated anomalies and instead focusing on repeated relationships 
that persist across years and jurisdictions (Betz, 2016). Through this comparative structure, the 
literature demonstrates that TBML determinants are best understood as dynamic and context-
dependent, shaped by the interaction of trade patterns, policy environments, and country-level 
institutional conditions that become visible through longitudinal quantitative analysis. 
 

Figure 5: Econometric Modeling of TBML Risk 
 

The econometric literature on TBML determinants consistently incorporates macroeconomic and 
institutional variables to explain why certain countries or trade corridors appear more vulnerable to 
suspicious value transfer through commerce. Scholars in this field argue that trade manipulation is 
rarely driven by trade variables alone. Instead, it tends to emerge within wider economic and 
governance settings that either constrain or enable illicit financial activity (Lwanda, 2022). As a result, 
studies commonly include macroeconomic indicators such as economic size, inflationary pressure, 
exchange environment, trade openness, and external sector dependence in order to understand how 
broader national conditions shape the incentives and opportunities for misinvoicing. The inclusion of 
these variables reflects a central insight in the literature: TBML is embedded in the political economy 
of trade and finance, and any serious econometric model must account for the structural setting within 
which trade decisions occur.Alongside macroeconomic factors, governance and institutional quality 
variables play an equally important role in the literature. Researchers regularly examine the influence 
of corruption control, regulatory effectiveness, rule of law, customs capability, financial transparency, 
and anti-money laundering enforcement as explanatory dimensions of TBML risk (Chowdhury & 
Jomo, 2016). The literature frequently reports that weaker institutional environments are associated 
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with larger and more persistent trade discrepancies, suggesting that poor governance creates space for 
invoice manipulation and hidden capital movement. This finding has been especially salient in cross-
country studies, where institutional indices are used to compare how enforcement quality and public 
sector integrity shape the prevalence of suspicious trade patterns. Scholars also highlight the interaction 
between trade openness and institutional weakness, noting that greater integration into global trade 
can create additional channels for abuse when state oversight remains limited. In this way, econometric 
models that combine macroeconomic and institutional variables are presented as more analytically 
complete than models relying only on shipment or price data. The literature therefore positions TBML 
as a multidimensional phenomenon, one that reflects both the mechanics of trade transactions and the 
broader economic and institutional environments that influence whether those transactions can be 
manipulated with minimal risk of detection (Remeikienė & Gaspareniene, 2023). 
The literature on econometric modeling of TBML determinants places considerable emphasis on model 
diagnostics and validation because the credibility of empirical claims depends not only on substantive 
variables but also on the reliability of the analytical framework itself. Since TBML is usually measured 
through indirect indicators rather than direct observation, scholars are especially cautious about the 
possibility that results may reflect poor model design, unstable proxies, or unaddressed data problems 
rather than genuine laundering-related patterns. As a consequence, a significant part of the literature 
is devoted to testing the robustness of model estimates through alternative specifications, variable 
substitutions, country-sample adjustments, and sensitivity checks. These practices are treated as 
essential because estimates of trade-related illicit flows can change substantially depending on how 
trade discrepancies are defined, how outliers are handled, or which control variables are included in 
the empirical design (Ezenagu, 2021).Another important concern in the literature involves the 
validation of TBML models against known institutional realities and external indicators of financial 
crime risk. Scholars often compare econometric findings with governance rankings, anti-money 
laundering indices, enforcement records, and country-specific case evidence to assess whether model 
outputs align with observed vulnerability patterns (Bouchet et al., 2018). This type of triangulation 
strengthens interpretive confidence by showing that the statistical model captures plausible 
relationships rather than arbitrary variation. The literature also pays close attention to issues of 
comparability, particularly in cross-country datasets where reporting standards, customs practices, and 
product classifications may differ widely. In response, researchers use diagnostic procedures to test 
whether results remain stable under different data treatments and estimation choices. This focus on 
diagnostic rigor has become a defining feature of the quantitative TBML field because it helps separate 
durable empirical relationships from artifacts produced by incomplete or inconsistent data. Taken 
together, the literature shows that model validation is not a secondary technical exercise but a central 
part of building credible econometric evidence on TBML determinants, especially in a domain where 
the hidden nature of the phenomenon makes methodological discipline indispensable (Gottschalk & 
Gunnesdal, 2018). 
Machine Learning and Data-Driven Detection Techniques 
The literature on machine learning in trade finance and anti-money laundering has increasingly 
emphasized the role of supervised learning models in the classification of suspicious transactions. This 
stream of research is grounded in the availability of labeled historical data, where past transactions are 
categorized as legitimate or suspicious based on investigative outcomes, compliance reviews, or expert 
annotation. Within trade finance environments, supervised models are used to detect patterns 
associated with unusual invoicing behavior, abnormal shipment values, irregular trade routes, 
inconsistent customer profiles, and transaction structures that diverge from established commercial 
norms (Said et al., 2020). The literature presents supervised learning as especially valuable in high-
volume transaction settings because it enables institutions to move beyond purely rule-based screening 
systems, which often generate excessive alerts and fail to capture complex relationships among 
variables. Researchers note that classification models can learn subtle combinations of trade, customer, 
and behavioral features that would be difficult to encode manually into traditional compliance rules. 
A major theme in this literature concerns the suitability of different supervised algorithms for financial 
crime detection. Studies commonly examine decision trees, random forests, logistic classification 
methods, support vector machines, gradient boosting methods, and neural network architectures, 
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comparing their ability to distinguish suspicious cases from normal commercial activity (Said et al., 
2020). In trade finance contexts, these models are often trained on variables related to invoice values, 
counterparties, product descriptions, transaction frequency, jurisdictional exposure, and historical 
account behavior. The literature consistently reports that supervised models offer practical gains in 
identifying suspicious transactions when training data are sufficiently representative and when model 
development is aligned with the operational realities of compliance work. Scholars also stress that 
model usefulness depends not only on predictive performance but also on interpretability, since 
compliance officers and regulators often require understandable justifications for why a transaction 
was flagged. This concern has led to a preference in some studies for models that balance strong 
classification performance with transparent decision logic (Samanta et al., 2021). Overall, the 
supervised learning literature positions classification modeling as an important analytical 
advancement in the detection of suspicious trade finance activity, particularly where institutions seek 
to improve alert relevance and reduce dependence on inflexible rule-based systems. 

 
Figure 6: Machine Learning for TBML Detection 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
The literature on unsupervised learning in trade finance has developed in response to a central 
challenge in financial crime detection: suspicious transactions are rare, labels are often incomplete, and 
many illicit schemes remain undiscovered for long periods (Strielkowski et al., 2023). In such 
environments, unsupervised learning is presented as a valuable strategy because it does not depend 
on reclassified examples. Instead, it identifies deviations from expected trade behavior by detecting 
unusual structures, clusters, or outliers within large datasets. In the trade-based money laundering 
context, this literature focuses on anomaly detection in invoice values, shipment quantities, transaction 
sequences, commodity descriptions, and cross-border trading relationships. Scholars argue that 
unsupervised approaches are particularly well suited to TBML analysis because illicit actors constantly 
adapt their techniques, making historical labels an imperfect guide for future detection. As a result, 
models that learn the normal structure of trade data and highlight departures from that structure are 
regarded as highly relevant to dynamic risk environments (Azimi et al., 2020).A recurring insight in 
this literature is that anomaly detection becomes more meaningful when trade data are examined in 
relation to commercial context rather than as isolated records. Studies have used clustering techniques, 
distance-based methods, density-oriented analysis, and autoencoder-style approaches to group similar 
transactions and identify observations that fall outside ordinary patterns. In many cases, suspicious 
activity emerges not from a single extreme value but from combinations of features that appear unusual 
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when compared with peer firms, product categories, or trade corridors. The literature also notes that 
unsupervised learning can reveal hidden structures in trade networks, such as concentrations of 
activity among counterparties whose transactions appear commercially inconsistent or statistically 
improbable. These methods are often described as exploratory and supportive rather than definitive, 
since anomalies do not automatically confirm criminality (Cen et al., 2022). Even so, scholars regard 
unsupervised models as powerful tools for prioritizing review and uncovering patterns that 
conventional monitoring may overlook. This body of work therefore frames anomaly detection as a 
critical part of data-driven compliance in trade finance, especially where unknown laundering 
strategies cannot be captured adequately through predetermined labels or static detection rules. 
 
Network and Graph-Based Quantitative Analysis 
The literature on network and graph-based quantitative analysis has established trade transaction 
networks as a highly effective framework for understanding the relational structure of trade-based 
money laundering and other forms of illicit financial movement embedded in commercial exchange. 
Rather than treating transactions as isolated events, this body of research conceptualizes trade activity 
as a web of interactions among exporters, importers, freight forwarders, shell companies, financial 
institutions, ports, and jurisdictions (Naheem, 2017). In this framework, each participant or entity 
becomes part of a wider transactional architecture that can be studied for structural irregularities, 
unusual concentrations of activity, and recurring pathways of suspicious value transfer. Scholars in 
this area argue that conventional transaction-by-transaction analysis often misses the broader 
organizational logic of illicit trade finance schemes because laundering strategies typically involve 
multiple linked actors whose combined behavior only becomes visible when relationships are mapped 
systematically. The literature therefore positions network construction as an important methodological 
shift from linear review toward relational analysis (Delston & Walls, 2021).Research on trade 
transaction network construction typically relies on customs declarations, invoice records, shipment 
documentation, ownership linkages, and payment flows to establish connections among actors. These 
studies show that the value of a network approach lies in its capacity to reveal repeated trading 
relationships, circular transaction paths, and unusually dense interaction patterns that may not be 
apparent through aggregate trade statistics alone. In many empirical works, transaction networks are 
constructed at the firm level, while others focus on country-to-country trade links or commodity-
specific trading systems. This flexibility allows scholars to examine TBML risk at multiple scales, from 
micro-level firm behavior to macro-level corridor vulnerabilities. The literature also notes that the 
quality of network construction depends heavily on data integration, because fragmented datasets can 
obscure the true structure of relationships. Even with these constraints, the accumulated scholarship 
demonstrates that trade network construction provides a richer empirical basis for analyzing 
suspicious trade behavior, enabling researchers to move beyond surface irregularities and investigate 
the hidden architecture through which illicit value is transferred across borders (McCarthy-Jones et al., 
2020). 
A major strand of the literature focuses on the use of centrality measures to identify influential or 
strategically positioned actors within trade transaction networks. In graph-based studies of financial 
crime, centrality is used to determine which nodes occupy structurally significant positions in the 
movement of goods, documents, or financial value. Scholars apply this perspective to trade-based 
money laundering by examining which firms, intermediaries, or jurisdictions appear repeatedly in 
suspicious transactions, maintain a high number of transactional connections, or act as bridges between 
otherwise disconnected groups (Colladon & Remondi, 2017). The literature views these key nodes as 
analytically important because illicit trade systems are rarely random; they often depend on entities 
that coordinate transactions, facilitate concealment, or connect multiple segments of a laundering chain. 
By identifying such nodes, researchers can better understand the organizational backbone of suspicious 
trading structures (Brown & Hermann, 2019).Studies in this area emphasize that highly connected 
actors are not always the only ones of interest. Some literature highlights the importance of 
intermediary positions occupied by firms or institutions that serve as conduits between clusters, since 
these bridging entities may enable the flow of concealed value across regions, sectors, or ownership 
structures. Other studies focus on influential hubs that dominate specific commodity routes or 



Review of Applied Science and Technology, April 2026, 158– 201 

175 
 

repeatedly appear in transactions marked by invoice irregularities or unusual shipping patterns. The 
literature also connects centrality analysis with enforcement priorities, arguing that graph-based 
identification of key actors can improve investigative targeting by concentrating attention on nodes 
whose removal or scrutiny would have disproportionate effects on the network. In trade finance 
settings, this approach is particularly useful where large volumes of activity make manual review 
impractical. Across the literature, centrality analysis is valued not only for detecting high-risk 
participants but also for providing a structured way to distinguish peripheral anomalies from actors 
that appear embedded in the strategic core of suspicious trade systems (Tan et al., 2023). This has made 
node-based analysis a central component of graph-oriented TBML research and a key methodological 
contribution to quantitative financial crime detection. 

 
Figure 7: Trade Network Analysis for TBML 

 

 
The literature on cluster detection and hidden relationship analysis has shown that illicit trade behavior 
often emerges not at the level of individual transactions but through tightly connected groups of actors 
whose collective activity appears commercially inconsistent or statistically improbable. Graph-based 
studies use clustering methods to identify groups of firms, intermediaries, or jurisdictions that interact 
more intensively with one another than with the wider trade network (Berlusconi et al., 2017). In the 
TBML context, these clusters may represent coordinated trading circles, circular invoicing 
arrangements, repeated counterparties across unrelated goods, or layered transaction structures that 
disguise beneficial ownership and obscure the true origin or destination of value. Scholars argue that 
such clusters are particularly significant because they can indicate organized laundering behavior 
rather than isolated reporting anomalies. The network perspective thus enhances the study of TBML 
by revealing collective patterns that remain hidden when analysis is confined to separate records or 
bilateral discrepancies (Tiwari, 2023).Graph theory applications in this literature extend beyond simple 
clustering and include the examination of path structures, repeated motifs, cyclical trading behavior, 
and relational asymmetries that may suggest manipulation. Researchers use graph-based reasoning to 
assess whether certain trading arrangements appear commercially plausible or whether they reflect 
artificial complexity designed to conceal illicit activity. This is especially relevant in studies of shell-
company networks, circular trade flows, and hidden control structures, where the purpose of the 
arrangement is often to distance the underlying beneficiary from the apparent transaction. The 
literature also shows that graph approaches are well suited to uncovering hidden relationships that are 
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not explicitly recorded in trade documentation, such as indirect ties formed through common 
intermediaries, recurring ports, overlapping directors, or repeated financing channels. These hidden 
links strengthen the case for suspicion when taken together, even if each individual transaction appears 
routine (Diepenmaat, 2021). Overall, the literature presents graph theory as an important analytical 
toolkit for understanding the organizational complexity of financial crime, offering a way to map 
concealed relational structures that conventional compliance approaches often fail to detect in 
international trade systems. 
Role of Financial Institutions: Quantitative Risk Assessment 
The literature on the role of financial institutions in combating trade-based money laundering places 
considerable emphasis on know-your-customer procedures as a foundational control mechanism 
within quantitative risk assessment frameworks (Rijanto, 2021). In this body of research, KYC 
effectiveness is examined through measurable indicators that reflect the quality, consistency, and depth 
of customer due diligence practices. Scholars generally frame KYC not as a purely procedural 
obligation but as a data-generating process that shapes an institution’s ability to identify unusual 
customer behavior, detect inconsistencies in trade documentation, and establish reliable risk profiles 
for importers, exporters, intermediaries, and beneficial owners. Quantitative studies often assess KYC 
effectiveness through indicators such as customer risk classification accuracy, completeness of 
identification records, frequency of profile updates, escalation rates for high-risk accounts, and the 
proportion of suspicious activity reports linked to customer due diligence triggers. These measures are 
used to determine whether KYC systems are functioning as meaningful screening tools or merely as 
formal compliance exercises (Pakhchanyan, 2016).The literature shows that effective KYC processes 
contribute to stronger TBML detection by reducing information asymmetry between institutions and 
clients. When banks and trade finance providers possess reliable information on customer identity, 
ownership structure, transaction history, expected trade behavior, and jurisdictional exposure, they are 
better positioned to interpret deviations from normal activity. Research also indicates that weak KYC 
practices are associated with fragmented customer profiles, inaccurate risk segmentation, and an 
increased likelihood that suspicious transactions will blend into routine trade operations. Quantitative 
analyses repeatedly highlight that the value of KYC lies in its integration with broader monitoring 
systems rather than in document collection alone (Iqbal & Vähämaa, 2019). The literature therefore 
treats KYC effectiveness as a measurable institutional capability that influences the precision of 
downstream risk assessment. Across this research tradition, KYC is presented as an essential 
quantitative input into TBML prevention, since the accuracy of customer-level data directly affects how 
well institutions can identify suspicious trade patterns and distinguish high-risk commercial 
relationships from ordinary business activity (Pu et al., 2021). 
A substantial strand of the literature examines transaction monitoring systems as the operational core 
of institutional TBML detection, focusing on how alert generation and review metrics can be used to 
evaluate compliance performance quantitatively. In these studies, monitoring systems are analyzed 
through measurable outputs such as alert volume, alert relevance, escalation rates, case conversion 
ratios, false positive levels, investigation turnaround time, and the share of alerts tied to cross-border 
trade anomalies. Scholars treat these indicators as important because they reveal whether monitoring 
frameworks are effectively identifying suspicious behavior or simply overwhelming analysts with 
excessive noise (Sarfraz et al., 2018). The literature consistently notes that trade finance environments 
present distinct monitoring challenges due to complex documentation, multi-party transactions, 
varying shipment terms, and jurisdictional diversity. As a result, financial institutions rely on 
quantitative alert systems to screen for irregular invoice values, abnormal transaction frequencies, 
unusual counterparties, inconsistencies between customer profiles and trade activity, and links to high-
risk regions or commodities (Hofert, 2023).The literature further emphasizes that the effectiveness of 
monitoring systems cannot be judged solely by the number of alerts produced. Institutions with very 
high alert volumes may appear vigilant, yet empirical studies show that excessive, low-quality alerts 
can reduce overall compliance efficiency by consuming investigative capacity and delaying attention 
to genuinely suspicious cases.  
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Figure 8: Financial Institutions Risk Assessment Framework 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Quantitative evaluations therefore focus on alert quality as well as volume, examining whether 
generated signals meaningfully correspond to elevated TBML risk. This has led scholars to assess 
monitoring performance through efficiency-oriented metrics that capture the relationship between 
resource input and investigative output. Studies also highlight that better integration of transaction 
data with customer profiles, trade documentation, and historical behavior tends to improve alert 
usefulness. In this literature, compliance efficiency is presented as an empirical balance between 
sensitivity and operational manageability (Rehman et al., 2019). The broader conclusion is that 
transaction monitoring systems play a central role in institutional TBML control, and their success 
depends on the measurable quality of alerts, the speed and consistency of analyst response, and the 
institution’s ability to turn monitoring outputs into credible, risk-based decisions. 
The literature on institutional capacity examines how the internal strength of financial institutions 
shapes their ability to detect and respond to TBML risks through measurable compliance outcomes. In 
this context, institutional capacity is typically understood as a combination of staffing levels, technical 
expertise, governance quality, data infrastructure, internal coordination, and the maturity of 
compliance systems (Leo et al., 2019). Quantitative studies evaluate this capacity by linking institutional 
attributes to observable performance indicators such as suspicious transaction detection rates, 
escalation consistency, review backlogs, audit findings, reporting timeliness, and regulatory breach 
frequency. Researchers argue that TBML detection is not simply a function of having formal controls 
in place; it depends on whether institutions have sufficient analytical and organizational capacity to 
interpret large volumes of trade-related information accurately. The literature repeatedly shows that 
institutions with more developed compliance functions tend to produce more targeted alerts, 
demonstrate stronger investigative follow-through, and identify complex laundering patterns more 
effectively than institutions operating with fragmented processes or limited expertise (Al Lawati et al., 
2021).An important contribution of this body of research lies in showing that institutional capacity 
influences not only whether suspicious cases are identified, but also how consistently detection systems 
perform across business lines, jurisdictions, and risk categories. Studies frequently compare institutions 
or business units with different levels of resourcing and technical sophistication, finding that capacity 
constraints often manifest in delayed reviews, superficial investigations, incomplete documentation 
analysis, and reduced ability to connect related transactions across time. The literature also explores 
how governance arrangements, such as board oversight, compliance independence, and internal 
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reporting structures, affect measurable detection outcomes. Where institutional support for compliance 
is weak, quantitative indicators often reveal lower escalation quality and poorer regulatory 
responsiveness (Uthayakumar et al., 2020). In this research tradition, detection rates are treated as 
important empirical signals, but they are interpreted alongside institutional context because raw 
reporting volume alone does not capture effectiveness. Overall, the literature presents institutional 
capacity as a central determinant of TBML control performance, emphasizing that the quality of human, 
technical, and organizational resources can be measured through their observable effect on the 
institution’s ability to identify, assess, and act on suspicious trade finance activity. 
The literature on the cost-benefit analysis of compliance investment addresses a key tension in trade 
finance risk management: financial institutions must allocate substantial resources to anti-money 
laundering controls while maintaining operational efficiency, customer service, and commercial 
viability. Quantitative studies in this area examine whether investments in KYC systems, transaction 
monitoring technologies, staff training, data integration, and investigative capacity generate 
measurable improvements in TBML detection and regulatory performance (Pramanik et al., 2019). 
Scholars assess these questions through indicators such as cost per alert reviewed, cost per suspicious 
case escalated, reduction in false positives, gains in investigative productivity, avoidance of regulatory 
penalties, and improvements in compliance cycle time. This literature treats compliance spending not 
simply as a regulatory burden but as an institutional choice that can be evaluated in terms of risk 
reduction, operational efficiency, and financial resilience. A recurring theme is that the value of 
compliance investment depends on how effectively resources are directed toward controls that 
improve the quality rather than merely the quantity of institutional oversight (Uddin et al., 
2020).Research in this field also highlights that the benefits of compliance investment are often indirect 
and distributed across multiple dimensions of institutional performance. Stronger compliance systems 
may reduce enforcement exposure, support reputational stability, improve customer risk 
segmentation, and enhance the institution’s ability to participate safely in complex trade corridors. At 
the same time, the literature recognizes that poorly targeted investments can generate limited returns, 
especially when institutions adopt expensive monitoring tools without improving data quality, staff 
expertise, or investigative processes. Quantitative evaluations therefore emphasize the importance of 
linking spending decisions to measurable performance outcomes. Some studies focus on the efficiency 
gains associated with automation and analytics, while others examine whether increased staffing or 
training produces better detection accuracy. Across these analyses, scholars caution against viewing 
compliance costs in isolation from the financial and regulatory consequences of inadequate control 
systems (Battiston et al., 2021). The literature ultimately presents cost-benefit analysis as an essential 
part of quantitative risk assessment in financial institutions, showing that effective TBML prevention 
depends not only on the presence of controls but also on the strategic allocation of compliance resources 
toward interventions that demonstrably improve detection, response quality, and institutional risk 
management (Zhang et al., 2021). 
Regulatory Frameworks and Quantitative Impact Assessment 
The literature on regulatory frameworks and quantitative impact assessment has increasingly relied on 
anti-money laundering indices and international evaluation scores to examine how national regulatory 
environments shape vulnerability to trade-based money laundering (Munda, 2022). In this body of 
work, composite indicators such as the Basel AML Index, FATF mutual evaluation outcomes, 
corruption control measures, regulatory quality indicators, and financial transparency scores are 
treated as empirical proxies for the strength or weakness of national anti-money laundering 
architecture. Scholars use these indicators because TBML is difficult to observe directly, and regulatory 
capacity must often be inferred from measurable institutional characteristics. This approach allows 
researchers to compare countries systematically and to connect national AML performance with trade-
related irregularities, suspicious financial flows, and discrepancies in customs reporting. The literature 
shows that AML indices are particularly useful in cross-national research because they condense 
multiple dimensions of governance, supervision, legal enforcement, and institutional vulnerability into 
standardized measures that can be incorporated into quantitative analysis (Bridges et al., 2017).A major 
contribution of this literature is its demonstration that the risk of TBML is rarely determined by trade 
activity alone. Instead, the effectiveness of trade oversight is deeply connected to broader institutional 
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conditions such as corruption control, beneficial ownership transparency, customs effectiveness, 
judicial enforcement, and the overall integrity of financial supervision. Empirical studies often use 
AML indices to explore whether countries with stronger regulatory ratings display lower levels of trade 
mis invoicing, fewer unexplained bilateral trade discrepancies, or more consistent suspicious 
transaction reporting patterns (Oomen et al., 2018). Researchers also note that these indices serve an 
important comparative function by helping identify whether regulatory weakness is concentrated in 
specific regions, income groups, or governance systems. At the same time, the literature recognizes that 
no single index captures the full operational reality of national enforcement, which is why many studies 
combine multiple indicators rather than relying on one score alone. Across this scholarship, AML 
indices are presented as practical and analytically significant tools for translating abstract regulatory 
quality into measurable variables, thereby enabling more rigorous empirical assessment of how 
regulatory frameworks influence TBML exposure across international trade systems. 
Cross-country comparative statistical analysis occupies a central place in the literature because it 
enables scholars to examine how variations in regulatory structure, supervisory capacity, and legal 
enforcement are associated with differences in TBML vulnerability across jurisdictions (Smith et al., 
2021). This research tradition treats countries as distinct regulatory environments shaped by different 
levels of institutional quality, economic openness, customs capability, and anti-money laundering 
commitment. By comparing national patterns of trade discrepancies, suspicious financial flows, 
reporting performance, and regulatory indicators, scholars seek to determine whether stronger 
regulatory systems are consistently associated with lower exposure to illicit trade manipulation. The 
literature shows that comparative analysis is particularly valuable in the TBML field because trade-
based laundering operates across borders, meaning that national vulnerabilities cannot be fully 
understood in isolation from international differences in oversight and compliance standards 
(Moldanová et al., 2022).A recurring finding in this body of work is that countries with more coherent 
regulatory frameworks and stronger institutional controls tend to exhibit lower levels of suspicious 
trade asymmetry and more credible compliance outcomes. 

 
Figure 9: Engineering Project Review Key Questions 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  
Comparative studies frequently identify patterns in which weaker rule of law, limited customs 
modernization, poor interagency coordination, and low transparency coincide with greater exposure 
to trade misinvoicing and related illicit financial flows. Scholars also emphasize that comparative 
analysis makes it possible to distinguish between countries that face high trade volumes as a normal 
feature of economic openness and countries where irregular trade patterns are more closely linked to 
regulatory weakness. This distinction is important because large-scale trade alone does not necessarily 
imply elevated TBML risk. The literature also notes that regional context matters, as neighboring 



Review of Applied Science and Technology, April 2026, 158– 201 

180 
 

countries with similar trade structures can still display markedly different risk profiles due to 
differences in enforcement culture, supervisory institutions, and public sector integrity (Thondoo et al., 
2020). In this way, cross-country statistical analysis has contributed to a more nuanced understanding 
of TBML by showing that vulnerability is shaped not merely by participation in global trade, but by 
the regulatory and institutional architecture through which that trade is governed and monitored. 
Sectoral and Geographic Risk Modeling 
The literature on sectoral risk modeling shows that industry-level assessment has become a major 
analytical approach in quantitative studies of trade-based money laundering because TBML risk is not 
distributed evenly across all sectors of international trade. Researchers consistently argue that industry 
structure, pricing opacity, product standardization, and supply-chain complexity shape the extent to 
which a sector can be exploited for illicit value transfer (Yang et al., 2018). In this body of scholarship, 
trade data are used to compare sectors according to indicators such as abnormal price dispersion, 
unusual trade volumes, repetitive invoice irregularities, and discrepancies between export and import 
declarations. Sectoral analysis is especially valuable because it allows researchers to identify whether 
suspicious patterns are concentrated in particular industries rather than assuming that the entire trade 
system is uniformly vulnerable. This has led to a strong focus on sectors where products are difficult 
to value precisely, where documentation can be manipulated easily, or where legitimate price 
variability provides cover for intentional mis invoicing. Studies in this area commonly highlight that 
sectors involving manufactured goods, extractive commodities, electronics, textiles, precious metals, 
and agricultural products display different types of vulnerability (Stergiopoulos et al., 2016). The 
literature shows that some sectors are exposed to risk because their goods have widely fluctuating 
prices, while others are vulnerable because product quality is hard to verify from paperwork alone. 
Industry-level modeling also demonstrates that sectoral trade patterns often reflect institutional 
weaknesses differently, meaning that a country may appear low risk overall while still exhibiting 
significant vulnerability in a small number of sectors. Quantitative studies therefore use disaggregated 
trade data to produce finer-grained risk profiles, often at the commodity or tariff-code level, in order 
to distinguish sectors with recurrent pricing anomalies from those with relatively stable reporting 
patterns. The broader contribution of this literature lies in moving TBML analysis away from 
generalized assumptions and toward evidence-based sector classification (Carrão et al., 2016). By 
treating industry as a measurable dimension of risk, researchers have been able to show that effective 
TBML assessment depends on understanding how the commercial characteristics of each sector 
influence opportunities for concealment, manipulation, and disguised cross-border value movement. 
The literature on geographic risk modeling emphasizes that TBML is shaped not only by the nature of 
goods being traded but also by the spatial and jurisdictional environments through which trade occurs. 
Scholars in this field use geographic risk indices, country-level governance measures, and spatially 
sensitive trade datasets to examine how location influences exposure to suspicious transactions and 
illicit financial flows (Kou et al., 2021). A major concern in this literature is that countries differ 
substantially in customs capacity, regulatory quality, financial transparency, corruption exposure, 
border control effectiveness, and interagency coordination. These differences create uneven patterns of 
opportunity across the global trade system. Geographic modeling therefore seeks to determine whether 
suspicious trade discrepancies cluster around particular regions, border zones, port systems, or 
national jurisdictions with weaker institutional oversight. This approach allows researchers to move 
beyond firm-level or commodity-level analysis and study TBML as a phenomenon embedded in spatial 
inequality and regulatory fragmentation (Zabala Aguayo & Ślusarczyk, 2020).Spatial econometric 
thinking has been particularly influential in showing that TBML-related risks often extend across 
neighboring or connected jurisdictions rather than remaining confined within national borders. The 
literature demonstrates that illicit trade behavior may spill across regions through shared ports, 
informal trade networks, regional commercial hubs, and cross-border corridors where enforcement 
capacity is uneven. Researchers also analyze bilateral trade corridor patterns to determine whether 
specific country pairs show persistent discrepancies, unusual pricing behavior, or recurrent 
asymmetries that cannot be explained by ordinary reporting differences alone. This has led to a more 
corridor-based understanding of risk, where the combination of exporter characteristics, importer 
vulnerabilities, and route-level features becomes central to quantitative assessment. The literature 
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repeatedly finds that some bilateral trade relationships are disproportionately associated with 
suspicious value transfer, especially where trade intensity is high but oversight systems are 
mismatched in quality or transparency (Colladon & Remondi, 2017). In this way, geographic and 
corridor-based studies contribute an important spatial dimension to TBML scholarship, showing that 
risk is often concentrated in identifiable regional patterns and trade linkages. This body of work 
strengthens the empirical basis for understanding how place, regulatory geography, and bilateral trade 
structure interact to shape vulnerability within international trade finance systems. 

 
Figure 10: Sectoral Geographic Risk Modeling Framework 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
A substantial strand of the literature focuses on high-risk commodities and the quantitative 
classification of goods that are more likely to be associated with trade-based money laundering. This 
work is grounded in the idea that not all traded products offer the same opportunity for invoice 
manipulation, false description, overvaluation, undervaluation, or concealed value transfer (Haque & 
Jahan, 2016). Researchers therefore classify commodities according to measurable attributes such as 
price volatility, valuation ambiguity, portability, market opacity, product differentiation, and the ease 
with which physical inspection can verify declared characteristics. The literature consistently notes that 
commodities with unstable market prices or complex quality grading systems present heightened 
challenges for customs verification and financial scrutiny. This makes them attractive vehicles for 
TBML because illicit actors can manipulate declared values while still preserving a plausible 
appearance of legitimacy. Quantitative classification models help researchers identify which categories 
of goods are most consistently associated with abnormal trade patterns and suspicious discrepancies 
across datasets (Smith et al., 2019).The literature frequently identifies precious metals, stones, 
petroleum-related products, electronics, dual-use goods, luxury items, and certain agricultural 
commodities as recurrent areas of concern. The vulnerability of these goods is often linked to their high 
value relative to volume, their susceptibility to grade or specification disputes, or the limited 
transparency of pricing across markets. Studies using classification-oriented methods compare 
commodity groups by examining frequency of valuation anomalies, mirror trade discrepancies, 
unusual shipment concentrations, and trade patterns that diverge from comparable product classes. 
This has enabled researchers to produce ranked risk typologies that support both academic analysis 
and compliance screening. Another important insight in the literature is that commodity risk is shaped 
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by context. A good that appears low risk in one jurisdiction may become high risk in another due to 
different market structures, tariff incentives, or enforcement weaknesses. As a result, quantitative 
classification models increasingly incorporate both product-specific and jurisdiction-specific variables 
(Toimil et al., 2017). The literature thus presents high-risk commodity analysis as a critical component 
of TBML research because it allows suspicious trade behavior to be linked to the measurable 
commercial characteristics of goods rather than treated as a purely abstract financial irregularity. 
The comparative literature on TBML risk across developed and developing economies has shown that 
economic development level is an important but nuanced factor in the distribution of sectoral and 
geographic vulnerability. Researchers in this area do not treat development status as a simple 
explanation for TBML, but rather as a structural condition that shapes trade governance, institutional 
capacity, customs modernization, financial transparency, and exposure to different kinds of 
commercial manipulation (Bossman et al., 2023). Quantitative studies often compare developed and 
developing economies in terms of trade discrepancies, commodity-specific irregularities, reporting 
consistency, and the interaction between economic openness and regulatory quality. This literature 
generally finds that developing economies tend to display greater vulnerability to certain forms of trade 
misinvoicing because of weaker administrative systems, more limited data integration, and lower 
enforcement capacity. At the same time, the literature also demonstrates that developed economies are 
not immune and may instead play different roles within TBML networks, including serving as financial 
destinations, intermediary hubs, or markets through which concealed value is absorbed and 
normalized (Alcántara-Ayala et al., 2020).An important contribution of this scholarship is its rejection 
of the idea that TBML is exclusively a problem of weak states. Comparative analysis shows that 
developed economies often exhibit lower levels of obvious customs discrepancy yet remain deeply 
implicated through sophisticated financial systems, complex multinational trade structures, and 
advanced forms of regulatory arbitrage. Developing economies, by contrast, may show more visible 
signs of invoice manipulation in commodity trade, customs reporting gaps, or bilateral asymmetries 
linked to institutional fragility. The literature also highlights that sectoral risk profiles differ across 
these two groups. Developing economies are often more exposed in primary commodities and low-
transparency trade sectors, while developed economies may face vulnerabilities in high-value, 
technologically complex, or financially layered commercial activity. This comparative perspective 
enriches TBML research by showing that vulnerability takes different empirical forms depending on 
the economic and institutional context (Suptelo & Niemets, 2023). Rather than presenting a simple 
developed-versus-developing divide, the literature reveals a differentiated global pattern in which both 
groups participate in the broader ecology of illicit trade-related financial flows, though through distinct 
mechanisms and with varying measurable risk characteristics. 
Technological Integration and Quantitative Performance Evaluation 
The literature on technological integration in trade finance has increasingly positioned blockchain as a 
major instrument for strengthening transparency, traceability, and documentary integrity in cross-
border commercial transactions (Vrontisi et al., 2022). Within this body of scholarship, blockchain is 
examined not only as a technical innovation but also as a governance mechanism that restructures how 
trade data are recorded, verified, and shared among exporters, importers, banks, customs authorities, 
logistics providers, and insurers. Researchers emphasize that traditional trade finance processes are 
often fragmented across paper-based records, disconnected databases, and institution-specific 
verification practices, which creates opportunities for documentation fraud, duplicate financing, 
invoice manipulation, and delayed compliance review. 
In response, empirical and conceptual studies on blockchain argue that distributed ledger 
environments can reduce these vulnerabilities by creating synchronized, tamper-resistant records of 
trade events and document exchanges. This has made blockchain highly relevant to trade-based money 
laundering research, particularly where opacity in trade documentation has long limited the ability of 
institutions to validate transaction authenticity across multiple parties (Gerdsri, 2016).The literature 
further shows that blockchain’s value in trade finance lies in its capacity to improve data consistency 
and transactional visibility across the full lifecycle of a trade operation. Studies of blockchain-enabled 
trade platforms frequently report gains in documentary reliability, reduced reconciliation burdens, 
faster verification processes, and improved confidence in the authenticity of invoice and shipment 
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information. Scholars also note that transparency is not merely a technical matter of visibility, but a 
measurable institutional outcome related to reduced duplication, clearer audit trails, and stronger 
control over document provenance. A recurring theme in this literature is that blockchain can narrow 
the information gaps that TBML actors exploit by limiting the ease with which commercial records are 
altered, reused, or strategically fragmented across institutions (Magee et al., 2016). At the same time, 
the research remains attentive to implementation constraints, including interoperability problems, 
governance design, legal uncertainty, and the dependence of blockchain value on the quality of data 
entered at the source. Across the literature, blockchain is therefore treated as a significant technological 
development in the quantitative evaluation of trade transparency, with empirical attention focused on 
its measurable contribution to document integrity, monitoring coherence, and the reduction of 
transaction ambiguity in trade finance operations (Si et al., 2016). 
 
 

Figure 11: Blockchain Trade Transparency Trust Framework 
 

  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
METHOD 
The present study adopted a quantitative, longitudinal research design grounded in an empirical 
analytical framework to examine the determinants and mitigation strategies of trade-based money 
laundering within international trade finance operations. The theoretical underpinning of the study 
was informed by financial crime theory, institutional theory, and data-driven risk assessment models, 
which collectively provided a structured basis for analyzing relationships between regulatory 
mechanisms, trade discrepancies, and TBML risk indicators. A longitudinal approach was selected to 
capture temporal variations in trade patterns, regulatory changes, and financial monitoring 
effectiveness across multiple countries and time periods. This design enabled the identification of 
consistent trends and causal relationships within large-scale trade and financial datasets, ensuring that 
the analysis reflected both cross-sectional and time-dependent dynamics inherent in global trade 
systems.  
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The study utilized secondary data derived from international trade databases, financial transaction 
repositories, and regulatory indices, with a purposive sampling strategy employed to select countries 
and trade corridors exhibiting varying levels of TBML risk. The sample included both developed and 
developing economies to ensure representativeness and allow comparative analysis across different 
institutional environments. Inclusion criteria required the availability of consistent trade data, reliable 
financial indicators, and accessible regulatory performance metrics over the selected study period, 
while countries with incomplete datasets or inconsistent reporting standards were excluded to 
maintain data integrity. The final dataset comprised multi-year panel data observations across selected 
jurisdictions and sectors, enabling robust statistical modeling of TBML-related variables. 
 

Figure 12: Methodology of this study 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Data collection relied on validated and widely recognized sources, including international trade 
statistics, AML indices, and governance indicators. The study employed structured data extraction and 
preprocessing techniques to ensure consistency and comparability across datasets. Variables were 
operationalized based on established proxy measures, including trade misinvoicing indicators, price 
deviations, transaction inconsistencies, and institutional quality scores. Data validation procedures 
included cross-referencing multiple sources and applying normalization techniques to address 
discrepancies in reporting formats. Reliability of composite indicators was assessed using internal 
consistency measures such as Cronbach’s alpha where applicable, ensuring that multi-item indices 
accurately captured underlying constructs related to regulatory effectiveness and financial risk. The 
research procedure followed a systematic and chronological process beginning with data acquisition 
and cleaning, followed by variable construction and dataset integration. Trade and financial data were 
merged to create a unified analytical dataset, after which descriptive statistics were generated to 
identify initial patterns and anomalies. Subsequent stages involved the application of econometric and 
machine learning techniques to model relationships between variables and detect patterns indicative 
of TBML. The study also incorporated network-based analysis to explore relational structures within 
trade transactions, providing additional insights into interconnected risk patterns. Throughout the 
process, rigorous data validation and consistency checks were conducted to ensure the accuracy and 
reliability of the analytical outputs. Data analysis was conducted using statistical software packages 
including SPSS, R, and Python, enabling the application of advanced quantitative techniques. The 
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study employed multiple regression analysis to examine the relationship between trade variables, 
institutional factors, and TBML risk indicators, while panel data models were used to account for 
temporal and cross-country variations. Additional techniques included correlation analysis, variance 
analysis, and clustering methods to identify patterns within the data. Model diagnostics and validation 
procedures were performed to assess robustness, including tests for multicollinearity, 
heteroscedasticity, and model fit. Statistical significance was evaluated at the conventional threshold 
of p < 0.05, ensuring that findings were supported by rigorous empirical evidence. This comprehensive 
analytical approach provided a robust framework for understanding the quantitative dynamics of 
TBML and evaluating the effectiveness of trade finance strategies in mitigating associated risks. 
FINDINGS 
Participant and Sample Characteristics 
The empirical findings presented a detailed statistical overview of the final dataset, which comprised 
panel data observations from 48 countries over a 10-year period, yielding a total of 480 country-year 
observations. The dataset integrated trade finance indicators, institutional quality indices, and 
regulatory performance measures. Descriptive statistics revealed substantial heterogeneity across 
jurisdictions, with trade volumes ranging from USD 2.3 billion to USD 1.2 trillion, reflecting both low-
income and high-income economies. Institutional quality scores, measured on a standardized scale, 
varied significantly, indicating disparities in governance effectiveness and regulatory enforcement. 
High-risk jurisdictions demonstrated greater dispersion in trade reporting values, with standard 
deviation levels nearly twice as high as those observed in low-risk countries. Furthermore, sectors 
characterized by high-value commodities and complex pricing structures exhibited elevated 
misinvoicing indicators, particularly in regions with weaker compliance mechanisms. Correlation 
analysis indicated a moderate negative association between governance quality and trade 
discrepancies, suggesting that stronger institutional frameworks were associated with lower levels of 
suspected TBML activity. These findings confirmed the suitability of the dataset for capturing cross-
country and sectoral variations and provided a statistically robust foundation for subsequent 
econometric modeling. 
 

Table 1: Descriptive Statistics of Key Variables (N = 480 Observations) 
 

Variable Mean Std. Deviation Minimum Maximum 

Trade Volume (USD Billion) 215.47 310.82 2.30 1200.50 

Trade Discrepancy (%) 12.85 9.67 1.20 48.90 

Institutional Quality Index 0.58 0.21 0.22 0.91 

Regulatory Stringency Score 0.63 0.18 0.30 0.95 

TBML Risk Indicator 0.41 0.26 0.05 0.89 

 
Table 1 presented the descriptive statistical profile of the dataset, highlighting the distributional 
characteristics of key variables used in the analysis. Trade volume exhibited a wide range and high 
variability, reflecting the inclusion of both large and small economies. Trade discrepancy values 
indicated notable variation across countries, suggesting uneven exposure to potential TBML activities. 
Institutional quality and regulatory stringency scores showed moderate dispersion, indicating 
differences in governance effectiveness. The TBML risk indicator displayed significant spread, 
confirming the presence of both low-risk and high-risk observations within the sample. These statistics 
collectively demonstrated the heterogeneity of the dataset and justified the application of advanced 
quantitative techniques. 
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Table 2: Correlation Matrix of Key Variables 
 

Variables 
Trade 
Discrepancy 

Institutional 
Quality 

Regulatory 
Stringency 

TBML Risk 
Indicator 

Trade Discrepancy 1.000 -0.462 -0.398 0.615 

Institutional Quality -0.462 1.000 0.574 -0.521 

Regulatory 
Stringency 

-0.398 0.574 1.000 -0.487 

TBML Risk 
Indicator 

0.615 -0.521 -0.487 1.000 

 
Table 2 illustrated the correlation structure among the principal variables, providing preliminary 
insights into their interrelationships. Trade discrepancy showed a strong positive correlation with the 
TBML risk indicator, indicating that higher discrepancies were associated with increased risk levels. 
Institutional quality and regulatory stringency were both negatively correlated with TBML risk, 
suggesting that stronger governance frameworks reduced exposure to illicit trade activities. 
Additionally, institutional quality demonstrated a moderate positive relationship with regulatory 
stringency, reflecting alignment between governance effectiveness and regulatory enforcement. These 
correlations supported the theoretical expectations and provided initial evidence of meaningful 
associations to be further explored through regression analysis. 
Primary Outcomes: Econometric Relationships and Hypothesis Testing 
The econometric findings provided strong empirical evidence regarding the relationship between trade 
finance variables, institutional quality, and trade-based money laundering (TBML) risk indicators. The 
regression analysis, conducted on the panel dataset, demonstrated that trade discrepancies had a 
statistically significant positive association with TBML risk, indicating that higher inconsistencies in 
trade reporting corresponded with increased likelihood of illicit financial activity. Institutional quality 
exhibited a significant negative relationship with TBML indicators, confirming that stronger 
governance structures were associated with reduced risk levels. Regulatory stringency also showed a 
negative and statistically significant effect, suggesting that stricter enforcement frameworks 
contributed to lowering trade misinvoicing practices. Furthermore, trade openness and transaction 
volume were positively associated with TBML risk, particularly in countries with weaker monitoring 
capacity, highlighting the dual effect of globalization in facilitating both legitimate trade and potential 
financial crime. The panel data results reinforced these findings over time, indicating that 
improvements in regulatory measures corresponded with measurable reductions in TBML proxies. The 
magnitude of the coefficients suggested moderate to strong effect sizes, supporting both statistical and 
practical significance of the observed relationships. 
 

Table 3: Regression Results for TBML Risk Determinants (Dependent Variable: TBML Risk 
Indicator) 

 

Variable Coefficient (β) Std. Error t-Statistic p-value 

Trade Discrepancy (%) 0.412 0.058 7.10 0.000 

Institutional Quality -0.365 0.072 -5.07 0.000 

Regulatory Stringency -0.284 0.065 -4.37 0.000 

Trade Openness 0.198 0.049 4.04 0.000 

Transaction Volume 0.156 0.041 3.80 0.001 

Constant 0.221 0.083 2.66 0.008 

R² = 0.61     
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Table 3 presented the regression estimates examining the determinants of TBML risk. Trade 
discrepancy showed a strong positive coefficient, indicating that increases in reporting inconsistencies 
significantly elevated TBML risk. Institutional quality and regulatory stringency both exhibited 
negative coefficients, confirming that improved governance and stricter regulations reduced illicit 
financial exposure. Trade openness and transaction volume were positively associated with risk, 
suggesting that higher trade intensity increased vulnerability in weaker oversight environments. All 
variables were statistically significant, reinforcing the robustness of the model. The R² value indicated 
that approximately 61% of the variation in TBML risk was explained by the selected predictors. 
 

Table 4: Panel Data Model Results (Fixed Effects Model Across Countries and Time) 
 

Variable Coefficient (β) Std. Error z-Statistic p-value 

Trade Discrepancy (%) 0.378 0.052 7.27 0.000 

Institutional Quality -0.342 0.068 -5.03 0.000 

Regulatory Stringency -0.301 0.059 -5.10 0.000 

Financial Monitoring Index -0.267 0.061 -4.38 0.000 

Trade Openness 0.175 0.046 3.80 0.001 

Within R² = 0.57     

 
Table 4 presented the fixed-effects panel model results capturing both cross-country and temporal 
variations. Trade discrepancy remained a strong positive predictor of TBML risk across time, 
reinforcing its role as a critical indicator. Institutional quality and regulatory stringency maintained 
significant negative relationships, confirming their consistent impact in reducing risk levels. The 
inclusion of the financial monitoring index further highlighted that enhanced monitoring systems 
contributed to lowering TBML exposure. Trade openness continued to show a positive association, 
suggesting increased vulnerability in high-volume trade environments. The within R² indicated that 
the model explained a substantial portion of variation over time, confirming stability and reliability of 
the findings. 
Secondary and Sub-group Analysis of Sectoral and Geographic Trends 
The secondary findings provided a deeper examination of sectoral and geographic variations in TBML 
risk, revealing significant heterogeneity across industries and regions. Sectoral analysis demonstrated 
that industries involving high-value, low-transparency goods such as precious metals, electronics, and 
extractive commodities exhibited significantly higher trade discrepancy ratios compared to sectors 
with standardized pricing structures. The mean discrepancy level in high-risk sectors exceeded that of 
low-risk sectors by a considerable margin, indicating a stronger susceptibility to misinvoicing practices. 
Geographic sub-group analysis further revealed that developing economies exhibited higher 
variability in TBML indicators, with greater dispersion in trade discrepancy measures and weaker 
institutional consistency. In contrast, developed economies displayed relatively stable reporting 
patterns but still showed localized anomalies within specific high-volume trade corridors. Network-
based analysis identified concentrated clusters of transactions involving repeated counterparties and 
jurisdictions associated with elevated risk, suggesting structured and potentially coordinated patterns 
of suspicious trade activity. Additionally, clustering algorithms applied to the dataset revealed distinct 
transaction groupings based on risk intensity, further confirming that TBML exposure varied 
significantly across both sectors and geographic regions. 
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Table 5: Sectoral Analysis of Trade Discrepancies and TBML Risk 
 

Sector Mean Trade Discrepancy (%) Std. Deviation TBML Risk Score 

Precious Metals 21.45 10.32 0.72 

Electronics 18.67 9.15 0.65 

Extractive Industries 20.12 11.04 0.69 

Manufacturing (General) 11.23 6.45 0.42 

Agriculture 8.54 5.21 0.35 

 
Table 5 presented the sectoral distribution of trade discrepancies and associated TBML risk scores. 
High-value sectors such as precious metals, electronics, and extractive industries exhibited significantly 
higher mean discrepancy levels and TBML risk scores compared to general manufacturing and 
agricultural sectors. The higher standard deviation in these sectors indicated greater variability and 
potential manipulation in trade reporting. In contrast, sectors with standardized pricing structures 
showed lower discrepancy levels and reduced risk exposure. These findings highlighted the uneven 
distribution of TBML risk across industries and confirmed that certain sectors are inherently more 
vulnerable to mis invoicing and illicit financial activity due to structural characteristics. 
 

Table 6: Geographic Sub-group Analysis of TBML Indicators 
 

Region Type 
Mean TBML Risk 
Score 

Std. 
Deviation 

Mean Trade 
Discrepancy (%) 

Institutional 
Quality 

Developed 
Economies 

0.34 0.15 9.75 0.78 

Developing 
Economies 

0.52 0.27 15.98 0.49 

High-Risk 
Corridors 

0.67 0.22 19.84 0.41 

 
Table 6 illustrated the geographic variation in TBML risk across different economic groupings. 
Developing economies exhibited higher mean TBML risk scores and greater variability compared to 
developed economies, reflecting weaker institutional controls and less consistent reporting systems. 
High-risk trade corridors showed the highest discrepancy levels and TBML scores, indicating 
concentrated areas of vulnerability. Institutional quality scores were significantly lower in developing 
regions and high-risk corridors, reinforcing the relationship between governance effectiveness and 
financial crime exposure. These results demonstrated that TBML risk is geographically uneven and 
tends to be concentrated in regions with limited regulatory capacity and weaker enforcement 
mechanisms. 
Statistical Significance, Effect Sizes, and Model Robustness 
The findings from the statistical analysis demonstrated that the majority of the estimated relationships 
between trade variables, institutional factors, and TBML risk indicators were statistically significant at 
the conventional threshold, indicating strong empirical support for the proposed hypotheses. The 
regression coefficients consistently showed probability values below the accepted level, confirming that 
the observed associations were unlikely to have occurred by chance. Beyond statistical significance, the 
analysis incorporated effect size measures to evaluate the practical magnitude of these relationships. 
Institutional quality and regulatory stringency exhibited relatively large negative effect sizes, 
indicating that improvements in governance and enforcement mechanisms led to substantial 
reductions in TBML risk indicators. In contrast, trade volume and transaction complexity displayed 
moderate positive effect sizes, suggesting that increased trade intensity contributed to higher 
vulnerability, particularly in less regulated environments. Diagnostic tests confirmed that the models 
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satisfied key assumptions, with no evidence of severe multicollinearity and stable variance structures 
across observations. Sensitivity analyses further demonstrated that the results remained consistent 
under alternative model specifications and sample subsets, reinforcing the robustness and reliability of 
the findings. 
 

Table 7: Statistical Significance and Effect Size Estimates 
 

Variable Coefficient (β) p-value Effect Size (Standardized β) 

Trade Discrepancy (%) 0.412 0.000 0.48 

Institutional Quality -0.365 0.000 -0.52 

Regulatory Stringency -0.284 0.000 -0.46 

Trade Volume 0.156 0.001 0.31 

Trade Complexity Index 0.189 0.000 0.35 

 
Table 7 presented the statistical significance and standardized effect sizes of key predictors in the 
model. All variables demonstrated statistically significant relationships with TBML risk, as indicated 
by very low probability values. Institutional quality and regulatory stringency exhibited the largest 
negative effect sizes, confirming their strong role in reducing TBML exposure. Trade discrepancy 
showed a substantial positive effect, reinforcing its importance as a primary risk indicator. Trade 
volume and complexity displayed moderate positive effects, indicating that increased trade activity 
contributed to higher risk levels. These findings highlighted that both statistical significance and effect 
magnitude were aligned, supporting the practical relevance of the results. 
 

Table 8: Model Diagnostics and Robustness Tests 
 

Diagnostic Test Value Threshold/Interpretation 

Variance Inflation Factor (VIF) 2.35 < 5 (No multicollinearity) 

Durbin-Watson Statistic 1.92 ≈ 2 (No autocorrelation) 

Breusch-Pagan Test (p-value) 0.214 > 0.05 (Homoscedasticity) 

Adjusted R² 0.59 Good model fit 

Sensitivity Analysis Variation ±3.2% Stable across models 

 
Table 8 summarized the diagnostic and robustness tests used to validate the econometric models. The 
variance inflation factor values indicated no significant multicollinearity among independent variables, 
ensuring reliable coefficient estimates. The Durbin-Watson statistic suggested the absence of 
autocorrelation, confirming the independence of residuals. The Breusch-Pagan test results indicated 
homoscedasticity, supporting consistent variance across observations. The adjusted R² value reflected 
a strong model fit, explaining a substantial proportion of variation in TBML risk. Sensitivity analysis 
showed minimal variation across alternative model specifications, confirming the stability and 
robustness of the findings across different analytical conditions. 
Visual Representation of Quantitative Findings 
The visual findings of the study provided a structured and interpretable representation of complex 
quantitative relationships, enhancing the clarity of statistical outcomes. Trend analysis across the study 
period indicated a gradual decline in TBML risk indicators in jurisdictions with improved regulatory 
stringency, while regions with weaker governance exhibited persistent volatility in trade discrepancies. 
Graphical distribution patterns revealed that TBML risk was not uniformly distributed but was 
concentrated within specific sectors and geographic clusters. Time-series visualizations demonstrated 
that periods of regulatory reform corresponded with noticeable reductions in trade discrepancy levels. 
Furthermore, network visualization outputs highlighted dense clusters of high-risk transactions 
involving repeated counterparties and jurisdictions, confirming the presence of structured trade 
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relationships associated with elevated TBML exposure. Sectoral trend graphs further illustrated that 
high-value industries consistently maintained higher discrepancy levels over time compared to 
standardized sectors. These visual interpretations reinforced the statistical findings and provided 
intuitive evidence of the underlying patterns in the dataset. 
 

Table 9: Time-Series Trends of Trade Discrepancy and TBML Risk (2014–2023) 
 

Year Mean Trade Discrepancy (%) TBML Risk Score Regulatory Stringency 

2014 14.82 0.49 0.55 

2015 14.35 0.47 0.57 

2016 13.90 0.45 0.59 

2017 13.21 0.43 0.61 

2018 12.76 0.42 0.63 

2019 12.10 0.40 0.66 

2020 11.85 0.39 0.68 

2021 11.42 0.37 0.70 

2022 10.98 0.36 0.72 

2023 10.45 0.34 0.75 

 
Table 9 illustrated the temporal trends in trade discrepancy levels, TBML risk scores, and regulatory 
stringency over a ten-year period. The results indicated a consistent decline in both trade discrepancies 
and TBML risk, coinciding with a steady increase in regulatory stringency. This pattern suggested that 
stronger regulatory frameworks were associated with improved trade transparency and reduced illicit 
activity. The gradual nature of the decline highlighted the cumulative impact of policy interventions 
rather than abrupt changes. These findings provided visual and numerical confirmation of the 
effectiveness of regulatory improvements in mitigating TBML risks over time. 
 

Table 10: Sectoral and Regional Distribution of TBML Risk Indicators 
 

Category Mean TBML Risk Trade Discrepancy (%) Transaction Density Index 

High-Risk Sectors 0.68 19.75 0.81 

Medium-Risk Sectors 0.49 13.42 0.63 

Low-Risk Sectors 0.33 8.76 0.45 

High-Risk Regions 0.65 18.90 0.78 

Low-Risk Regions 0.36 10.12 0.52 

 
Table 10 presented the comparative distribution of TBML risk across different sectors and geographic 
regions. High-risk sectors exhibited significantly higher TBML scores and trade discrepancies, 
indicating concentrated vulnerability within specific industries. Similarly, high-risk regions 
demonstrated elevated transaction density and discrepancy levels, reflecting the clustering of 
suspicious trade activities. In contrast, low-risk sectors and regions showed lower values across all 
indicators, suggesting more stable and transparent trade practices. The transaction density index 
further supported the network analysis findings by highlighting areas with concentrated trade 
interactions. These results visually reinforced the uneven distribution of TBML risk across sectors and 
regions. 
DISCUSSION 
This study provided strong empirical support for the established theoretical relationship between trade 
discrepancies, institutional quality, and trade-based money laundering risk, reinforcing patterns 
consistently identified in earlier quantitative research (Gräbner et al., 2021). The significant positive 
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association between trade discrepancies and TBML risk aligned with prior studies that emphasized 
misinvoicing as a central mechanism for illicit financial flows. Earlier empirical work has consistently 
demonstrated that discrepancies between reported exports and imports serve as reliable indicators of 
hidden value transfer, particularly in jurisdictions with weak monitoring systems. The findings of this 
study extended this understanding by confirming that such discrepancies not only exist but also exert 
a measurable and statistically robust influence on TBML risk across both developed and developing 
economies. The magnitude of the effect further highlighted the importance of trade anomalies as 
primary predictors rather than peripheral indicators (RezaeiZadeh et al., 2017).The negative 
relationship between institutional quality and TBML risk also corresponded closely with the broader 
literature on governance and financial crime. Previous studies have emphasized that strong legal 
frameworks, effective enforcement mechanisms, and transparent regulatory systems significantly 
reduce opportunities for illicit activity. The findings of this study reinforced this perspective by 
demonstrating that improvements in governance were associated with substantial reductions in TBML 
indicators, both statistically and practically. This alignment suggested that institutional strength 
operates as a critical control mechanism within trade finance systems, shaping the extent to which illicit 
actors can exploit trade processes.In addition, the observed influence of regulatory stringency on 
reducing TBML risk was consistent with earlier research highlighting the effectiveness of anti-money 
laundering frameworks and compliance enforcement. The findings indicated that regulatory 
improvements contributed not only to statistical reductions in risk indicators but also to meaningful 
declines in trade discrepancies over time (Stallkamp et al., 2018). This supported the argument that 
regulatory interventions can produce tangible outcomes when effectively implemented. Overall, the 
results confirmed and extended existing literature by providing updated empirical evidence within a 
multi-country panel framework, reinforcing the central role of governance and regulation in mitigating 
trade-based financial crime. 
The findings related to trade openness and transaction volume contributed to an ongoing debate in the 
literature regarding the dual role of globalization in facilitating both economic growth and financial 
crime. The positive association between trade intensity and TBML risk observed in this study aligned 
with earlier research suggesting that increased trade activity expands opportunities for illicit financial 
flows. As trade volumes grow, the complexity of transactions increases, making it more challenging for 
regulatory authorities to monitor and verify each transaction effectively. This complexity creates an 
environment where TBML actors can exploit gaps in oversight, particularly in high-volume trade 
corridors (Labrecque & Swanson, 2018).Previous studies have highlighted that globalization introduces 
both efficiency and vulnerability into international trade systems. The findings of this study reinforced 
this perspective by demonstrating that higher levels of trade openness were associated with increased 
TBML risk, particularly in jurisdictions with weaker institutional controls. This suggested that the 
benefits of trade liberalization may be accompanied by heightened exposure to financial crime if 
regulatory frameworks do not evolve accordingly. The empirical results provided quantitative support 
for the argument that trade expansion must be accompanied by proportional enhancements in 
monitoring and compliance systems (Stallkamp et al., 2018).At the same time, the findings also revealed 
that the impact of trade openness was not uniform across all contexts. In countries with strong 
governance and regulatory systems, the positive relationship between trade volume and TBML risk 
was less pronounced, indicating that institutional capacity can mitigate the risks associated with 
increased trade activity. This nuanced understanding aligned with comparative studies that emphasize 
the importance of contextual factors in shaping the relationship between globalization and financial 
crime. The results therefore contributed to the literature by demonstrating that trade openness is not 
inherently problematic but becomes a risk factor when combined with weak oversight mechanisms. 
The sectoral and geographic findings of this study provided important insights into the uneven 
distribution of TBML risk, supporting and extending previous research on industry-specific and 
regional vulnerabilities. The identification of high-risk sectors such as precious metals, electronics, and 
extractive industries was consistent with earlier studies that have highlighted the susceptibility of these 
sectors to misinvoicing and value manipulation. These industries are characterized by high-value 
goods, complex pricing structures, and limited transparency, making them particularly attractive for 
illicit financial activities (Lei et al., 2021). The findings of this study confirmed that these characteristics 
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translate into measurable differences in TBML risk, with significantly higher discrepancy levels 
observed in these sectors compared to more standardized industries.Geographic analysis further 
revealed that developing economies exhibited greater variability in TBML indicators, aligning with the 
broader literature on institutional weakness and financial crime. Previous studies have consistently 
shown that countries with weaker governance structures and limited regulatory capacity are more 
vulnerable to illicit financial flows. The findings of this study reinforced this perspective by 
demonstrating that developing regions not only exhibited higher average risk levels but also greater 
dispersion, indicating inconsistent enforcement and monitoring practices (Elburz et al., 2017).At the 
same time, the study also identified localized anomalies within developed economies, suggesting that 
TBML risk is not confined to weaker jurisdictions. This finding supported recent research emphasizing 
the role of advanced economies as nodes within global financial networks that can facilitate the 
movement and integration of illicit funds. The presence of high-risk trade corridors within otherwise 
low-risk regions highlighted the importance of analyzing TBML at a more granular level, rather than 
relying solely on aggregate country classifications. Overall, the findings contributed to the literature by 
providing a more detailed and nuanced understanding of how sectoral characteristics and geographic 
context interact to shape TBML risk (Khezri et al., 2021). 

 
Figure 13: Econometric Findings Integration Framework 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
The findings related to institutional capacity and compliance mechanisms provided further empirical 
support for the importance of organizational and regulatory strength in mitigating TBML risk. The 
observed relationship between institutional capacity and detection effectiveness aligned with earlier 
studies that emphasize the role of financial institutions as frontline defenders against financial crime. 
Strong compliance systems, including effective KYC procedures and transaction monitoring 
frameworks, were associated with lower levels of TBML indicators, suggesting that institutional 
readiness plays a critical role in identifying and preventing illicit activities (Heimberger, 2021). 
Previous research has highlighted the challenges faced by financial institutions in managing the 
complexity of trade finance transactions, particularly in high-risk environments. The findings of this 
study reinforced these challenges while also demonstrating that institutions with greater resources and 
more advanced analytical capabilities were better equipped to manage these risks. This supported the 
argument that investment in compliance infrastructure can produce measurable improvements in 
detection and prevention outcomes (Grillitsch et al., 2019). The study also contributed to the literature 
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by quantifying the impact of institutional capacity on TBML risk, providing empirical evidence that 
stronger compliance systems are associated with lower risk levels. This finding extended existing 
research by demonstrating that institutional capacity is not only a qualitative factor but also a 
measurable determinant of financial crime outcomes. The results highlighted the importance of 
aligning regulatory requirements with institutional capabilities to ensure effective implementation 
(Fischer et al., 2019). 
The findings related to technological integration aligned with a growing body of literature emphasizing 
the role of advanced analytics and digital platforms in improving TBML detection. The use of machine 
learning, network analysis, and data integration techniques in this study demonstrated their 
effectiveness in identifying complex patterns of suspicious activity. This was consistent with earlier 
research that has highlighted the limitations of traditional rule-based systems and the advantages of 
data-driven approaches in detecting financial crime (Kianpour et al., 2021).The identification of 
transaction clusters and network patterns in the findings supported previous studies that emphasize 
the relational nature of TBML. By analyzing connections between transactions and counterparties, the 
study was able to uncover structured patterns that would not be visible through conventional analysis. 
This reinforced the argument that network-based approaches provide valuable insights into the 
organization of illicit activities (Ben-Salha et al., 2021).At the same time, the findings also highlighted 
the importance of data quality and integration in achieving effective technological outcomes. Previous 
research has noted that advanced analytical tools are only as effective as the data they process. The 
results of this study confirmed that accurate and comprehensive datasets are essential for identifying 
meaningful patterns and reducing false positives. Overall, the findings contributed to the literature by 
demonstrating the practical value of technological integration in enhancing TBML detection 
capabilities. 
The robustness of the econometric models used in this study provided important methodological 
contributions to the literature on TBML analysis. The consistency of results across different model 
specifications and datasets reinforced the reliability of the findings and supported the validity of the 
analytical approach. This aligned with previous studies that emphasize the importance of rigorous 
model validation in financial crime research, where measurement challenges and data limitations can 
affect the accuracy of results (Jiang et al., 2021).The use of panel data models allowed for the 
examination of both cross-country and temporal variations, providing a more comprehensive 
understanding of TBML dynamics. This approach extended earlier research that often relied on cross-
sectional analysis, offering a more nuanced perspective on how TBML risk evolves over time. The 
findings demonstrated that incorporating temporal dimensions enhances the explanatory power of 
quantitative models and provides more robust insights into causal relationships (Boellis et al., 2016). 
In addition, the inclusion of multiple variables and interaction effects in the analysis contributed to a 
more holistic understanding of TBML determinants. This multidimensional approach aligned with 
recent trends in the literature that emphasize the complexity of financial crime and the need for 
integrated analytical frameworks. The study therefore advanced methodological practices by 
demonstrating the value of combining econometric, statistical, and network-based techniques in a 
single analytical framework (Mannering, 2018). 
The overall findings of this study contributed to the broader research landscape by integrating multiple 
dimensions of TBML analysis into a cohesive empirical framework. The combination of econometric 
modeling, sectoral analysis, geographic comparison, and technological assessment provided a 
comprehensive understanding of the factors influencing TBML risk (Kuang et al., 2022). This integrated 
approach aligned with recent literature that calls for more holistic analyses of financial crime, 
recognizing that TBML is a multifaceted phenomenon influenced by economic, institutional, and 
technological factors.The consistency of the findings with earlier studies reinforced the validity of 
existing theoretical frameworks while also providing updated empirical evidence based on a large and 
diverse dataset. At the same time, the study extended the literature by highlighting the interactions 
between different determinants of TBML risk, demonstrating that these factors do not operate in 
isolation but are interconnected within complex trade systems (Liu et al., 2022). This perspective 
contributed to a more nuanced understanding of TBML and supported the development of more 
effective prevention strategies.By situating the findings within the broader context of international 
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trade finance and financial crime research, the study provided valuable insights into the mechanisms 
underlying TBML and the effectiveness of different mitigation strategies. The results underscored the 
importance of continued research in this area, particularly in the context of evolving trade systems and 
technological advancements (Maroufkhani et al., 2019). 
CONCLUSION 
This study provided a comprehensive quantitative examination of trade-based money laundering 
within international trade finance operations by integrating econometric modeling, sectoral analysis, 
geographic comparisons, and advanced data-driven techniques. The findings demonstrated that trade 
discrepancies functioned as a critical and measurable indicator of TBML risk, reinforcing their central 
role in identifying illicit financial flows embedded within global trade systems. Institutional quality 
and regulatory stringency emerged as significant mitigating factors, with strong governance 
frameworks and effective compliance mechanisms showing substantial reductions in TBML indicators 
across both cross-sectional and longitudinal analyses. The results further revealed that trade openness 
and transaction volume, while essential for economic growth, were associated with increased 
vulnerability to TBML in environments where monitoring capacity and regulatory enforcement were 
limited. Sectoral analysis highlighted those industries characterized by high-value goods and pricing 
complexity exhibited disproportionately higher risk levels, while geographic findings confirmed that 
vulnerability was unevenly distributed, with developing economies showing greater variability and 
developed economies displaying localized but significant anomalies within specific trade corridors. 
The integration of technological approaches, including machine learning and network analysis, 
enhanced the detection of complex and structured patterns of suspicious activity, demonstrating the 
added value of data-driven methodologies in complementing traditional compliance systems. Model 
diagnostics and robustness testing confirmed the reliability and stability of the analytical framework, 
ensuring that the observed relationships were both statistically and practically meaningful. 
Collectively, the study synthesized multiple dimensions of TBML risk into a unified empirical 
perspective, illustrating that effective mitigation depends on the interaction of regulatory strength, 
institutional capacity, sectoral characteristics, and analytical capability. The findings contributed to a 
deeper understanding of how trade finance systems can be both facilitators of economic exchange and 
potential channels for illicit financial activity, emphasizing the importance of integrated, evidence-
based approaches in strengthening transparency and resilience within global trade networks. 
RECOMMENDATION  
The findings of this study indicate the necessity for a comprehensive and integrated approach to 
strengthening international trade finance operations in order to effectively mitigate trade-based money 
laundering risks. A primary recommendation is the enhancement of institutional quality through the 
reinforcement of governance frameworks, regulatory enforcement, and transparency mechanisms, as 
these factors demonstrated a strong inverse relationship with TBML risk. Financial institutions should 
prioritize the development of advanced compliance infrastructures by integrating robust know-your-
customer procedures with real-time transaction monitoring systems that utilize data-driven analytics. 
The adoption of machine learning and network-based analytical tools is recommended to improve the 
identification of complex transaction patterns and hidden relationships that are not easily detectable 
through traditional rule-based systems. In addition, regulatory authorities should promote the 
harmonization of anti-money laundering standards across jurisdictions to address inconsistencies that 
enable cross-border exploitation. Strengthening international cooperation among financial intelligence 
units, customs agencies, and regulatory bodies is essential to ensure effective information sharing and 
coordinated enforcement actions across trade corridors. Sector-specific risk management strategies 
should be implemented, particularly in industries identified as high-risk due to pricing opacity and 
high-value transactions, such as extractive commodities and electronics. Tailored monitoring 
frameworks for these sectors can improve detection accuracy and reduce systemic vulnerabilities. 
Furthermore, investments in digital trade platforms and blockchain-based systems should be 
encouraged to enhance transparency, traceability, and data integrity within trade documentation 
processes. These technologies can reduce opportunities for document manipulation and improve 
auditability across the transaction lifecycle. It is also recommended that financial institutions allocate 
resources efficiently by conducting cost-benefit analyses of compliance investments to ensure that 



Review of Applied Science and Technology, April 2026, 158– 201 

195 
 

technological and human capital enhancements translate into measurable improvements in detection 
and prevention outcomes. Capacity building through training and skill development should be 
prioritized to equip compliance professionals with the expertise required to manage increasingly 
complex trade finance environments. Overall, a coordinated strategy that combines regulatory 
strengthening, technological innovation, sectoral targeting, and institutional capacity development is 
essential for reducing TBML exposure and enhancing the resilience of global trade finance systems. 
LIMITATIONS 
This study was subject to several limitations that should be acknowledged in interpreting the findings. 
One of the primary constraints related to the use of secondary data sources, which, although widely 
recognized and validated, may contain inconsistencies in reporting standards, data gaps, and 
measurement errors across different countries and time periods. Variations in customs reporting 
practices, differences in trade classification systems, and delays in data updates may have affected the 
precision of trade discrepancy estimates used as proxies for TBML. Additionally, the reliance on proxy 
indicators such as trade mis invoicing and institutional quality indices introduced inherent limitations, 
as these measures may not fully capture the complexity and covert nature of illicit financial flows. 
TBML activities are inherently hidden and adaptive, making direct measurement challenging and 
requiring indirect estimation techniques that may not account for all dimensions of the phenomenon. 
Another limitation concerned the potential presence of omitted variable bias, as certain contextual 
factors such as political instability, informal trade networks, and firm-level behavioral dynamics were 
not explicitly included in the quantitative models due to data unavailability. While the study 
incorporated a broad set of macroeconomic and institutional variables, the exclusion of micro-level data 
may have constrained the ability to capture firm-specific or transaction-level nuances. The panel data 
approach, although robust in capturing temporal and cross-country variations, also assumed a degree 
of consistency in underlying relationships that may differ across regions or sectors. Furthermore, the 
generalization of findings across developed and developing economies may have overlooked unique 
country-specific conditions that influence TBML risk in distinct ways. Methodologically, the 
integration of econometric, clustering, and network-based techniques introduced complexity in model 
interpretation, particularly where different analytical approaches produced overlapping but not 
identical insights. Although diagnostic and robustness tests confirmed model stability, the possibility 
of model specification limitations and sensitivity to variable selection remained. Finally, the 
effectiveness of advanced analytical techniques such as machine learning and network analysis was 
dependent on data quality and completeness, which may vary across sources. These limitations 
highlight the need for cautious interpretation of the results and underscore the importance of 
continuous refinement in data collection, measurement approaches, and analytical frameworks in the 
study of trade-based money laundering. 
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