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Abstract 

Money laundering poses a significant threat to global financial integrity and sustainable 

economic development. This systematic review and meta-analysis examines state-of-the-art 

research on fraud and corruption, focusing particularly on anti-money laundering (AML) 

practices. Following PRISMA guidelines, 45 key studies published over the past decade were 

analyzed, revealing a significant paradigm shift from traditional statistical methods towards 

sophisticated machine learning techniques and network analysis. The study highlights an 

increased use of advanced quantitative methods for detecting suspicious financial patterns, 

alongside a growing importance of mixed-method approaches that integrate quantitative 

analysis with qualitative contextual understanding. Emerging challenges posed by new 

financial technologies, especially cryptocurrencies and virtual assets, are identified, 

necessitating adaptive strategies. The findings underscore the critical need for interpretable 

models that meet regulatory requirements while maintaining detection efficacy, and the 

importance of developing scalable techniques for analyzing large-scale transaction networks. 

A pressing concern emerges regarding the balance between detection effectiveness and 

individual privacy protection. The study emphasizes the necessity for adaptable and robust 

models capable of addressing the evolving nature of financial crimes. A comprehensive 

overview of current methodologies is provided, key research gaps are identified, and future 

directions are proposed, including the development of context-specific solutions, particularly 

for developing economies, and the exploration of advanced data fusion techniques. This work 

contributes significantly to the ongoing dialogue in the financial crime prevention community, 

serving as a valuable resource for researchers, practitioners, and policymakers. By 

synthesizing current knowledge and identifying emerging trends, this study aims to inform the 

development of more effective, adaptable, and ethically sound approaches to combating illicit 

financial activities in an increasingly complex global landscape.  
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1. Introduction 

 

Money laundering presents a pervasive challenge to the integrity of the global financial system 

and sustainable economic development (Brandt, 2023; United Nations Office on Drugs and 

Crime [UNODC], n.d.). This phenomenon involves a complex sequence of transactions 

designed to make illicitly acquired funds appear legal and legitimate (Chalapathy & Chawla, 

2019). The magnitude of this problem is considerable, with estimates suggesting that between 

2% and 5% of global GDP is laundered annually (UNODC, n.d.), undermining economic 

stability and integrity while facilitating illicit activities such as drug trafficking and terrorism. 

 

The past few decades have seen a significant increase in regulatory and compliance efforts 

at the international level (UNODC, n.d.). Financial institutions have been compelled to 

implement increasingly sophisticated systems for detecting and reporting suspicious activities. 

However, the effectiveness of these measures remains questionable, as evidenced by the 

persistence of the problem and the continued sanctions imposed on financial entities for 

deficiencies in their anti-money laundering programs (Riccardi & Levi, 2018). As these 

systems become more complex and rely increasingly on artificial intelligence, the need for 

transparency and accountability in their decision-making processes grows. In this context, the 

work of Barredo Arrieta et al. (2020) on explainable Artificial Intelligence (XAI) becomes 

particularly relevant, offering insights into how complex AI systems can be made more 

interpretable and trustworthy in the fight against money laundering. 

 

Academic researchers have conducted extensive research to understand and combat money 

laundering, proposing a wide range of methods spanning from traditional statistical techniques 

to advanced machine learning algorithms and data mining (Goecks et al., 2022). An emerging 

and promising field is the application of network analysis (NA) to the detection and prevention 

of money laundering. This approach leverages the fact that money laundering often involves 

transactions between interconnected parties, forming complex networks that can be analyzed 

to identify suspicious patterns and anomalies (Deprez et al., 2024; Shehnepoor et al., 2023). 

 

NA offers a unique perspective on money laundering by analyzing the interconnected nature 

of illicit financial transactions, potentially revealing crucial information that is not evident in the 

analysis of individual transactions. However, despite the growing interest in the use of NA for 

money laundering, the literature on this topic remains fragmented and lacks a comprehensive 

overview. This lack of a comprehensive overview limits the understanding of applicable 

methods and their comparative detection power. 

 

This article aims to address this gap through a comprehensive review and analysis of the 

state-of-the-art research on fraud and corruption, with a particular focus on the application of 

NA to anti-money laundering practices. Our review covers recent developments in detection 

methods, including the use of social network analysis and data mining techniques. 

Additionally, we examine the emerging challenges posed by cryptocurrencies and other 

financial technology innovations (International Monetary Fund [IMF], 2023). 

 

The methodology employed in this study involves a comprehensive analysis of 45 key articles 

published in high-impact academic journals over the past decade. These works were selected 

based on strict inclusion criteria and methodological rigor. Our analysis examines both the 

technical aspects of money laundering detection and the broader ethical, legal, and cultural 
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implications that influence the effectiveness of anti-corruption strategies at a global level 

(UNODC, n.d.); Fiesenig et al., 2024)  

 

This meta-analysis seeks to synthesize the most relevant findings, identify emerging trends 

and gaps in current knowledge, and propose directions for future research. In doing so, we 

aim to foster a greater understanding of the capabilities and limitations of existing methods 

and inspire new research that can further enhance our ability to combat money laundering 

effectively. We are confident that this work will contribute significantly to the existing literature, 

providing a solid foundation for researchers and practitioners in the field of anti-money 

laundering and the fight against corruption. 

 

2. Methodology 

 

This study employed a systematic review methodology following the Preferred Reporting Items 

for Systematic Reviews and Meta-Analyses (PRISMA) guidelines (Sheu & Li, 2022) to ensure 

a rigorous and transparent process. Our approach encompassed a comprehensive analysis 

of the state-of-the-art research on fraud and corruption, with a particular focus on anti-money 

laundering (AML) techniques. 

 

We conducted a systematic search using the Google Scholar electronic database, 

supplemented by a review of reference lists from included articles. The search strategy utilized 

a combination of key terms related to fraud detection, corruption analysis, and anti-money 

laundering, including various analytical methods such as "network analysis," "machine 

learning," and "data mining." The search was limited to articles published between 2017 and 

2024, written in English or Spanish. 

 

The inclusion criteria for our study were: (1) focus on fraud detection, corruption analysis, or 

anti-money laundering; (2) primary empirical studies (quantitative and qualitative); (3) 

theoretical or conceptual papers addressing novel approaches in the field; and (4) systematic 

reviews or meta-analyses on relevant topics. We excluded editorials, letters to the editor, and 

single case studies to maintain the focus on substantive research contributions. Additionally, 

we considered innovative approaches in related fields that could potentially be adapted for 

AML purposes, such as the work of Baader and Krcmar (2018), who propose a novel method 

combining red flag techniques with process mining to reduce false positives in fraud detection. 

 

For each included study, we extracted information on authors, publication year, study design, 

sample size, analytical methods used, main findings, and limitations. To address the 

heterogeneity of the included studies, we conducted a narrative synthesis of the results. The 

findings were thematically grouped according to the types of analytical techniques used, their 

effectiveness in detecting fraud and money laundering, and the challenges and limitations 

identified (Altman et al., n.d.). 

 

Our search initially identified 400 potentially relevant records. After screening titles and 

abstracts, we assessed 195 full-text articles for eligibility. The final qualitative synthesis 

included 45 studies, comprising 30 academic articles, 8 reports from international 

organizations, and 7 documents of other types (Deprez et al., 2024).The study selection 

process is illustrated in the PRISMA flow diagram (Figure 1). 
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Figure 1: PRISMA flow diagram 

 

 

 

  
 

 

This rigorous methodology allowed us to synthesize the existing literature effectively and 

provide a comprehensive overview of the current state of research on fraud and corruption, 

with a particular emphasis on anti-money laundering practices. By following this systematic 

approach, we ensured that our review captured the most relevant and high-quality research 

in the field, providing a solid foundation for understanding the current landscape of AML 

techniques and identifying areas for future research. 

 

 

3. Results and Discussion 

 

3.1 Overview of AML Research 

 

Research in Anti-Money Laundering (AML) has undergone a significant evolution over the past 

decade, reflecting the increasing complexity of money laundering schemes and the 

sophistication of tools available to combat them. Analysis of the 45 selected articles reveals 

clear trends in the field. Firstly, there is a marked increase in the use of machine learning and 

data mining techniques. Chalapathy and Chawla (2019) present a comprehensive review of 
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deep learning techniques for anomaly detection1, applicable to the AML context. This 

approach is reinforced by Cheng et al. (2023), who propose a graph-based deep learning 

method for AML. 

 

Network analysis has gained prominence as a tool for detecting money laundering patterns. 

Deprez et al. (2024) offer a systematic literature review on network analysis for AML, 

highlighting its effectiveness in identifying complex laundering structures. Fronzetti and 

Remondi (2017) demonstrate the practical application of social network analysis in preventing 

money laundering. 

 

Furthermore, there is growing interest in the challenges posed by cryptocurrencies and new 

financial technologies. The Legal Department of the International Monetary Fund (2023) 

addresses this issue in its AML strategy review, while Nizzoli et al. (2020) explore the 

landscape of online cryptocurrency manipulation.At the institutional level, the establishment of 

the European Financial and Economic Crime Centre (EFECC) by Europol represents a 

significant step in coordinating transnational efforts to combat financial crimes, including 

money laundering (European Financial and Economic Crime Centre, n.d.). This initiative 

reflects the growing recognition of the need for collaborative, cross-border approaches to AML. 

 

Regarding temporal evolution, a transition from traditional statistical methods to more 

advanced techniques can be observed. The 2017-2020 period was characterized by the 

predominance of statistical methods, as evidenced in the work of Hajek and Henriques (2017). 

However, from 2020 onwards, there is a boom in the use of deep learning and complex 

network analysis techniques, as demonstrated by Jullum et al. (2020) and Weber et al. (2018). 

 

The geographical distribution of research shows a concentration in developed economies, as 

reflected in the works of Fiesenig et al. (2024) and Stulz (2019). In contrast, there is a relative 

scarcity of research in developing countries, with some notable exceptions such as Olujobi's 

(2021) study on Nigeria. Table 1 provides a comprehensive classification of studies by 

geographical focus, revealing interesting local insights. For instance, Vitvitskiy et al. (2021) 

studied Ukraine's efforts in forming a new AML paradigm, finding that the country's transition 

to a risk-oriented approach significantly improved its AML system effectiveness. In Nigeria, 

Olujobi (2021) examined the need for a civil forfeiture regime, concluding that such a system 

could enhance the country's ability to recover proceeds of corruption. These local studies 

highlight how AML challenges and solutions can vary significantly based on specific national 

contexts, emphasizing the importance of tailored approaches in different regions. 

 

3.2 Literature Review and Meta-analysis of the State of the Art 
 

This section provides an overview of the current state of Anti-Money Laundering (AML) 

research based on our analysis of 45 selected studies. We present a comprehensive 

classification of AML research, highlighting key trends and methodological approaches. 

 

                                                
1 Anomaly detection refers to the identification of data instances that significantly deviate from the expected normal 
behavior. In the context of Anti-Money Laundering (AML), it involves recognizing unusual patterns or transactions 
that diverge from typical financial activities, potentially indicating illicit practices. As Chalapathy and Chawla (2019) 
note, deep learning-based anomaly detection techniques are particularly effective for complex, high-dimensional 
datasets characteristic of modern financial transactions, making them valuable tools in AML efforts. 



7 

Table 1: Research classification. 

 

 

Category Subcategory References 

Qualitative Methods Case Studies [1] 

 Documentary Analysis [30] 

 Policy Analysis [4] 

Quantitative Methods Traditional Statistics [19, 21] 

 Machine Learning [10, 25, 32] 

 Data Mining [17, 20] 

 Network Analysis [12, 16, 39, 42] 

 Deep Learning [11, 32] 

Mixed Methods 
Combination of Quantitative and 

Qualitative Analysis 
[7, 16] 

Application Areas Anti-Money Laundering [3, 7, 12, 14, 17, 20, 31, 33, 34] 

 Cryptocurrency and Fintech [23, 28, 37, 40, 45] 

 Banking [1, 5, 16] 

 Cross-border Transactions [29, 30] 

 Fraud Detection [5, 14, 19, 26, 38] 

Research Approaches Empirical Studies [1, 5, 14, 25, 39] 

 Theoretical/Conceptual Papers [6, 18, 24, 35, 44, 45] 

 Literature Reviews [2, 10, 12, 17, 20, 27, 32, 38] 

 Policy Analyses [3, 4, 7, 23, 31] 

Geographical Focus Global [7, 12, 14, 29, 31, 37] 

 Developed Economies [15, 33, 40, 42, 45] 

 Developing Economies [30, 35] 

 Specific Regions/Countries [1, 21, 35] 

 Cross-national Studies [7, 29] 

 

 

Our analysis reveals a significant evolution in AML research methodologies. Traditional 

statistical methods, while still relevant, are increasingly complemented by advanced machine 

learning and network analysis techniques. Qualitative methods, such as case studies and 

policy analyses, continue to provide crucial contextual understanding. 

 

Quantitative methods have gained prominence, with machine learning and data mining 

techniques showing particular promise. Chalapathy and Chawla (2019) demonstrate the 

effectiveness of deep learning in anomaly detection, while Goecks et al. (2022) provide a 



8 

comprehensive review of financial fraud detection methods. Network analysis has emerged 

as a powerful tool in AML research. Studies by Deprez et al. (2024) and Fronzetti and Remondi 

(2017) highlight its effectiveness in identifying complex laundering structures and patterns. 

 

The application of AML research spans various areas, including traditional banking, 

cryptocurrencies and fintech, and cross-border transactions. The geographical focus of 

research shows a concentration in developed economies, with a growing interest in developing 

country contexts. In this regard, Ofoeda et al. (2022) provide valuable insights into how AML 

systems affect foreign direct investment (FDI) flows globally, highlighting the economic 

implications of AML measures beyond their primary purpose of combating financial crime. 

Despite these advancements, significant challenges remain. Adapting AML systems to new 

forms of financial transactions, particularly in the realm of virtual assets, is a key concern 

(International Monetary Fund, 2023). Additionally, balancing detection effectiveness with 

privacy considerations presents an ongoing challenge (Brown et al., 2022).  

 

The evolving landscape of financial crime necessitates a forward-looking approach in AML 

research. Rocha-Salazar and Segovia-Vargas (2024) explore the intersection of cybercrime 

and money laundering, highlighting the emerging technologies and their implications for AML 

in the digital age. Their work underscores the need for adaptive strategies that can keep pace 

with technological advancements in both legitimate and illicit financial activities. Additionally, 

the EIB Group (n.d) and IMF (n.d) have established comprehensive Anti-Money Laundering 

and Combatting the Financing of Terrorism policies, demonstrating the increasing focus on 

AML at institutional levels. 

 

3.3 Analytical Methods in AML 

 

AML research employs a variety of analytical methods, each with its strengths and limitations. 

This section examines in detail the qualitative, quantitative, and mixed approaches used in the 

field. 

 

3.3.1 Qualitative Methods 

 

Qualitative methods in AML research provide a deep and contextual understanding of money 

laundering phenomena. These methods are particularly valuable for exploring the 

complexities of laundering schemes and the motivations behind them. 

 

Akomea-Frimpong and Andoh (2020) employ a case study approach to examine financial 

fraud in the pharmaceutical industry. Their research reveals how sector-specific peculiarities 

can facilitate fraudulent activities, highlighting the importance of industry-specific solutions in 

the fight against money laundering. 

 

Documentary analysis is another crucial qualitative tool in AML research. Olujobi (2021) uses 

this method to evaluate the potential implementation of a civil forfeiture system in Nigeria. A 

civil forfeiture regime allows law enforcement to seize assets suspected to be proceeds of 

crime, even without a criminal conviction. The study assesses whether such a system could 

enhance Nigeria's ability to recover illicitly acquired assets and strengthen its anti-corruption 

efforts. Their work underscores the importance of considering the legal and cultural context in 

designing and implementing effective AML strategies. 
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The evolution of the regulatory framework is also often analyzed through qualitative methods. 

The study by the Council of the European Union (2024) on the adoption of new anti-money 

laundering rules exemplifies how policy analysis can inform our understanding of regulatory 

efforts in AML. 

 

3.3.2 Quantitative Methods 

 

Quantitative methods have become increasingly central to AML research, driven by 

advancements in data processing capabilities and the growing complexity of financial 

transactions. These methods can be broadly categorized into traditional statistical techniques, 

machine learning and data mining approaches, network analysis, and deep learning. 

 

Traditional statistical techniques, including regression analysis and hypothesis testing, 

continue to play a role in AML research. Hajek and Henriques (2017) demonstrated the 

efficacy of these methods in detecting fraud in financial statements, highlighting the 

importance of context-specific algorithm selection. Hendriyetty and Grewal (2017) extended 

this approach to examine the macroeconomic effects of money laundering. Complementing 

these studies, Altman et al. (n.d.) propose the use of realistic synthetic financial transactions 

for AML models, offering a novel way to train and test systems without compromising sensitive 

data. 

 

Machine learning and data mining techniques have gained significant traction, enabling the 

analysis of large, complex datasets to identify patterns indicative of money laundering 

activities. Jullum et al. (2020) employed machine learning algorithms to detect suspicious 

transactions, while Goecks et al. (2022) and Han et al. (2020) provided comprehensive 

reviews of data mining techniques in AML and financial fraud detection. Kumar and Gupta 

(2018) demonstrate the application of supervised learning techniques in detecting fraud in 

online transactions, showcasing the versatility of these methods in various financial crime 

contexts. Further advancing this field, Huang et al. (2021) explore the causal learning of retail 

delinquency, providing insights that could be valuable for understanding the underlying factors 

in money laundering activities. 

 

Network analysis has emerged as a powerful tool in AML research. Deprez et al. (2024) and 

Fronzetti Colladon and Remondi (2017) demonstrated its effectiveness in identifying complex 

laundering structures. Sheu and Li (2022) explored the potential of graph attention networks 

in this context. Building on these advancements, Savage et al. (n.d.) investigate the detection 

of money laundering groups using supervised learning on small networks, addressing the 

challenge of limited data availability in AML research. 

 

Deep learning, a subset of machine learning, has shown particular promise in handling the 

complexities of modern financial data. Chalapathy and Chawla (2019) presented a 

comprehensive review of deep learning techniques for anomaly detection applicable to AML. 

A notable advancement is the application of graph-based deep learning to AML, as 

demonstrated by Cheng et al. (2023), which leverages the inherent network structure of 

financial transactions for more nuanced detection of laundering activities. The application of 

deep learning extends beyond traditional financial data. Gupta et al. (2021) demonstrate the 

potential of hierarchical deep multi-modal networks in related fields, suggesting possible future 
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directions for AML research. Furthermore, Xu et al. (2019) explore the power of graph neural 

networks, offering promising avenues for enhancing AML techniques, particularly in analyzing 

complex transaction networks. 

 

These quantitative methods face several challenges, including scalability issues in large-scale 

transaction networks2 (Weber et al., 2018) and the need for model interpretability (Pang et al., 

2022). However, their ability to process and analyze vast amounts of data makes them 

invaluable tools in the ongoing fight against money laundering and financial fraud. As the field 

evolves, innovative approaches such as the distributed representations explored by Urabe et 

al. (2021) in improving recommendation systems suggest potential applications for enhancing 

pattern recognition in financial transactions. 

 

The integration of these diverse quantitative methods, from traditional statistical techniques to 

cutting-edge deep learning approaches, provides a robust framework for AML research. As 

financial crimes become increasingly sophisticated, the continued development and 

refinement of these methods will be crucial in maintaining the effectiveness of AML efforts. 

 

 

3.3.3 Mixed Methods 

 

Mixed methods approaches in AML research integrate quantitative and qualitative 

methodologies to provide a more comprehensive understanding of money laundering 

phenomena. This integration allows researchers to leverage the analytical power of 

quantitative techniques while maintaining the contextual depth offered by qualitative 

approaches. 

 

Fronzetti Colladon and Remondi (2017) combined social network analysis with contextual 

interpretation to prevent money laundering. Their method demonstrates how quantitative 

network metrics can be enriched with qualitative insights into the behavior of actors involved 

in suspicious transactions. 

 

Similarly, Brandt (2023) employed a mixed-methods approach in his review of illicit financial 

flows in developing countries. This study showcases how integrating quantitative analysis with 

qualitative contextual considerations can provide a more nuanced perspective on AML 

challenges in different economic environments. 

 

The adoption of mixed methods in AML research reflects a growing recognition of the complex, 

multifaceted nature of money laundering activities. As AML research continues to evolve, 

mixed methods approaches are likely to play an increasingly important role in bridging the gap 

between data-driven analytics and context-specific insights, leading to more effective and 

adaptable AML strategies. 

 

                                                
2 Scalability issues in large-scale transaction networks refer to the challenges that arise when trying to 

apply analytical methods to extremely large datasets of financial transactions. As the volume of data 
increases, traditional algorithms may become computationally expensive or impractical to use. This can 
result in increased processing time, higher computational costs, or a decrease in the accuracy of the 
analysis. In the context of AML, these issues can hinder the real-time detection of suspicious activities 
in vast financial networks. 
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3.4 Emerging Challenges and Future Directions 

 

The field of Anti-Money Laundering (AML) is facing a series of emerging challenges, primarily 

driven by the rapid evolution of financial technologies and increasingly sophisticated money 

laundering techniques. These challenges necessitate continuous adaptation of AML strategies 

and open up new avenues for research and development. 

 

One of the most significant challenges is the impact of new technologies, particularly 

cryptocurrencies and virtual assets. The International Monetary Fund (2023) addresses these 

challenges in the context of virtual assets, highlighting the need for AML strategies to adapt to 

an increasingly digitized and decentralized financial environment. Nizzoli et al. (2020) further 

explore the landscape of online cryptocurrency manipulation, underscoring the complexity of 

detecting illicit activities in these new financial ecosystems. In response to these challenges, 

Schwarz et al. (2021) examine the legal and practical considerations of virtual assets in AML 

efforts, providing valuable insights for policymakers and practitioners. 

 

Regulatory and compliance challenges are also at the forefront of AML efforts. The Council of 

the European Union (2024) has adopted a package of anti-money laundering rules, reflecting 

ongoing efforts to keep pace with technological developments. This regulatory evolution 

necessitates the development of more flexible and adaptive AML systems. In this context, 

Butler and O'Brien (2019) explore the concept of RegTech for digital regulatory compliance, 

pointing to potential directions for the evolution of AML compliance systems. Janssen et al. 

(2020) highlight the importance of data governance in organizing data for trustworthy AI, a 

crucial consideration as AML systems become increasingly reliant on artificial intelligence.  

 

Looking ahead, several priority areas emerge for research and development in AML. The 

development of adaptable and robust AML models is crucial. As Goecks et al. (2022) highlight, 

current models are often limited in their ability to adapt to new fraud patterns. Future research 

should focus on creating systems capable of evolving rapidly to address new laundering 

techniques, incorporating more dynamic and flexible approaches. In this vein, Yang et al. 

(2019) propose federated machine learning as a concept that could revolutionize collaborative 

AML efforts while maintaining data privacy across institutions. 

 

There is a growing need for research on the effectiveness of AML systems in different 

contexts. Brandt (2023) emphasizes the importance of understanding the unique challenges 

faced by developing countries in combating illicit financial flows. This suggests a need for 

tailored AML solutions that consider cultural and economic variations in the implementation 

and effectiveness of AML strategies. Complementing this perspective, Xu et al. (2019) explore 

the power of graph neural networks, offering promising avenues for enhancing AML 

techniques, particularly in analyzing complex transaction networks across diverse economic 

contexts. 

 

Balancing detection effectiveness with privacy protection remains a critical challenge. Brown 

et al. (2022) address the issue of privacy preservation in language models, a topic with direct 

implications for AI-based AML systems. As AML systems become more sophisticated and 

data-driven, ensuring the protection of individual privacy while maintaining effective detection 

capabilities is paramount. In this context, the work of Nguyen et al. (2022) on deep learning 
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for deepfake detection provides valuable insights that could be applied to detecting 

increasingly sophisticated financial crimes while respecting privacy concerns. 

 

These emerging challenges and research directions highlight the dynamic nature of the AML 

field. They underscore the need for continued innovation, cross-disciplinary collaboration, and 

a holistic approach that considers technological, legal, and ethical dimensions in the fight 

against money laundering. As Zetzsche et al. (2020) argue, the future of AML may lie in the 

development of comprehensive financial operating systems that integrate advanced detection 

methods with robust regulatory frameworks. 

 

 

4. Conclusions 

 

This systematic review and meta-analysis of state-of-the-art research on fraud and corruption, 

with a particular focus on money laundering, reveals a rapidly evolving field characterized by 

significant methodological advancements and emerging challenges. Our comprehensive 

analysis of 45 key studies published over the past decade demonstrates a clear paradigm shift 

from traditional statistical methods towards more sophisticated machine learning techniques 

and network analysis. This methodological evolution reflects the increasing complexity of 

money laundering schemes and the concomitant sophistication of tools developed to combat 

them, enabling a more nuanced and in-depth analysis of suspicious financial transactions. 

 

Network analysis has emerged as a particularly powerful tool in this context, offering unique 

insights into the complex structures and patterns of illicit financial transactions that are not 

readily apparent through the analysis of individual transactions. The studies we examined 

demonstrate the efficacy of network analysis in identifying key nodes within financial networks, 

detecting suspicious communities, and tracing the propagation of illicit funds. However, 

despite its potential, significant challenges persist in the application of these techniques, 

particularly in terms of scalability and the interpretability of complex models. These challenges 

underscore the need for continued research and development in this area. 

 

Concurrently, the advent of new financial technologies, particularly cryptocurrencies and 

virtual assets, presents both opportunities and challenges for the field of Anti-Money 

Laundering (AML). These developments highlight the necessity for continuous adaptation of 

AML strategies and regulations, calling for a more dynamic and flexible approach in combating 

money laundering. Research in this area emphasizes the importance of developing methods 

capable of addressing the decentralized and often anonymous nature of these new forms of 

financial transactions, while also considering the broader implications for financial integrity and 

global economic stability. 

 

Our review also underscores the growing importance of mixed-method approaches that 

integrate quantitative and qualitative methodologies. This integration facilitates a more holistic 

understanding of money laundering phenomena, combining the analytical power of 

quantitative methods with the contextual depth offered by qualitative approaches. Studies 

adopting this mixed-method approach demonstrate an enhanced capacity to capture the 

complexity of money laundering activities, considering not only numerical patterns but also the 

contextual, cultural, and behavioral factors that influence these illicit activities. This 
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multifaceted approach is crucial for developing more effective and comprehensive AML 

strategies. 

 

Despite these significant advancements, several interconnected challenges persist, shaping 

the landscape of future research priorities. A critical issue is the need to improve the 

interpretability of complex machine learning models, particularly given the stringent legal and 

regulatory context in which AML systems operate. This challenge is intrinsically linked to the 

development of adaptable and robust models capable of rapidly evolving to address new 

money laundering techniques while maintaining transparency in their decision-making 

processes. 

 

The adaptation of AML systems to the evolving nature of financial transactions in an 

increasingly digitalized environment presents ongoing difficulties. This necessitates research 

into the effectiveness of AML systems across diverse cultural and economic contexts, with a 

particular emphasis on developing economies where the manifestations of money laundering 

may differ significantly from those observed in more developed financial systems. 

 

Perhaps the most pressing challenge facing the field is striking a delicate balance between 

detection effectiveness and individual privacy protection. As AML systems become more 

sophisticated and pervasive, this issue gains prominence, highlighting the need for innovative 

approaches. In this vein, the exploration of advanced data fusion techniques to integrate 

information from multiple sources emerges as a promising area for future investigation. 

Similarly, research into the application of federated learning techniques could enable 

collaborative analysis while safeguarding sensitive data privacy, potentially offering a pathway 

to reconcile the competing demands of effectiveness and privacy. 

 

The findings of this study have significant implications for various stakeholders in the AML 

field. For practitioners, it underscores the importance of adopting multifaceted approaches that 

combine network analysis, machine learning, and contextual knowledge in their detection and 

prevention efforts. For regulators, it highlights the need for flexible regulatory frameworks that 

can swiftly adapt to new technologies and money laundering techniques. For researchers, it 

identifies key areas for future investigations, including the need for longitudinal and 

comparative studies that can provide a deeper understanding of the long-term effectiveness 

of AML strategies. 

 

Looking ahead, addressing these interrelated challenges will be crucial for the continued 

evolution and efficacy of AML efforts in an increasingly complex global financial landscape. 

Future research must not only tackle these individual issues but also consider their 

interdependencies, working towards holistic solutions that can adapt to the dynamic nature of 

financial crimes while respecting legal, ethical, and privacy considerations. 

 

In conclusion, as the field of AML continues to evolve, the integration of quantitative and 

qualitative methods, coupled with a focus on network analysis and machine learning, appears 

to offer the most promising path towards more effective and adaptable money laundering 

detection and prevention systems. The complexity and dynamic nature of money laundering 

necessitate an equally sophisticated and adaptable approach in AML research and practice. 

The future of the field will depend on our ability to continuously innovate, collaborate across 
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disciplines and sectors, and maintain a delicate balance between detection effectiveness and 

ethical and privacy considerations. 

 

This study provides a solid foundation for future efforts in this direction, offering a 

comprehensive overview of the current state of the field and promising directions for its future 

development. By synthesizing the latest research and identifying key trends and challenges, 

our work contributes to the ongoing dialogue in the AML community and serves as a valuable 

resource for researchers, practitioners, and policymakers alike. As we move forward, it is 

imperative that the AML field remains adaptive and proactive, leveraging technological 

advancements while also addressing the ethical and societal implications of increasingly 

sophisticated detection methods. Only through such a holistic and forward-thinking approach 

can we hope to effectively combat the persistent and evolving threat of money laundering in 

our global financial system. 
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