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ABSTRACT 

 

Purpose: This study develops and empirically examines a dual-cognition auditing framework for enhanc-ing fraud and 
money-laundering detection in digitally transformed banking environments. The framework structurally integrates human 
audit cognition with digitally-enabled adaptive analytics to address the growing complexity of technology-driven financial 
crimes in emerging economies. 
Methodology: The study adopts a comparative empirical design based on audit data, digital transaction rec-ords, and anti–
money laundering (AML) indicators collected from Egyptian banking institutions. Quantitative techniques are combined 
with analytical risk-modeling procedures to evaluate detec-tion effectiveness under dual-cognition conditions. 
Design /Approach: A dual-layer auditing design is employed. The first layer captures professional judgment, professional 
skep-ticism, and behavioral interpretation, while the second layer applies adaptive analytics capable of learning dy-
namically from evolving fraud and laundering typologies within digital banking systems. 
Approach: The analysis relies on documentary evidence, regulatory texts, standard-setting materials, and institutional role 
mapping. Comparative insights are used illustratively to contextualize Egypt’s experience without assuming full 
international convergence. 
Findings: The results demonstrate that dual-cognition auditing significantly outperforms traditional judgment-based 
auditing in detecting complex fraud schemes and structured money-laundering networks. Digitally-enabled adaptive 
analytics substantially enhance anomaly detection accuracy, dynamic risk prioritization, and cross-transactional pattern 
recognition across digital financial channels. 
Originality & Value: This study provides one of the first empirically validated dual-cognition auditing models for financial 
crime detection within digitally transformed banking systems in emerging-market con-texts, offering a novel structural 
integration between professional cognition and adaptive analyt-ics. 
Theoretical, Implications: The study extends behavioral auditing and analytical assurance literature by reconceptualizing 
audit cogni-tion as a hybrid human–digital cognitive system rather than a purely professional judgment mechanism. 
Practical Implications: The framework offers regulators, auditors, and banks a structured model for strengthening AML 
systems, digital fraud detection, and audit risk management in data-intensive banking envi-ronments. 
Social Implications: Enhanced detection of fraud and money laundering directly supports financial integrity, public trust 
in banking systems, and the containment of illicit financial flows in emerging economies. 

 
Keywords: Dual-Cognition Auditing, Fraud Detection, Money Laundering, Audit Data Analytics, Digital Banking, AML 
Governance, Emerging Banking Systems.  
 

1. INTRODUCTION 

1.1 Background and Context 

Over the past decade, the global banking industry has been 

reshaped by rapid digitalisation, including real-time payment 

infrastructures, mobile banking platforms and open-banking 

ecosystems. This transformation has increased transaction 

volumes, data velocity and cross-border financial flows, while 

widening the surface for sophisticated financial crime 

(IMF, 2023; Zetzsche et al., 2020). In this data-intensive 

environment, fraud and money-laundering schemes have 

evolved from isolated irregularities into organised, 

technology-enabled networks that exploit digital wallets, 

online channels, crypto-assets and platform-based 

business models (FATF, 2024; Levi & Smith, 2021). 

Traditional audit approaches were designed for 

periodic, document-based assurance and are poorly 
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aligned with the speed and complexity of digital financial 

crime. Conventional tests of details, sampling procedures and 

rule-based red-flag lists struggle to capture dynamic layering 

techniques, circular transaction paths and cross-institutional 

collusion that characterise contemporary fraud and money 

laundering (Brennan & Merkl-Davies, 2022; Kogan et al., 

2021). At the same time, banks and supervisors have invested 

heavily in automated monitoring systems, machine-learning 

models and anomaly-detection tools, yet these systems often 

generate high false-positive rates and still fail to identify well-

camouflaged schemes (Abou-El-Sood & El-Helaly, 2022; FATF. 

,2022). 

Recent literature on audit data analytics and digital assurance 

argues that the future of auditing depends on the ability to 

combine human professional judgement with advanced 

analytical tools, rather than treating them as substitutes 

(Alles, 2024; Appelbaum et al., 2023). This has led to growing 

interest in “dual-cognition” perspectives, in which human 

audit cognition—grounded in experience, scepticism and 

contextual understanding—is complemented by adaptive, 

data-driven analytics that can learn from evolving patterns of 

financial crime (Sun et al., 2022; Jans et al., 2023). In emerging 

digital-banking economies such as Egypt, where financial 

inclusion, electronic payments and fintech ecosystems are 

expanding rapidly, this dual-cognition challenge is 

particularly acute (Central Bank of Egypt, 2023; World Bank, 

2024; FATF. ,(2023). 

1.2 Problem Statement 

Despite regulatory reforms and heavy investment in AML and 

fraud-monitoring technologies, detection effectiveness in 

many banking systems remains below expectations. 

Supervisory reports and enforcement cases continue to reveal 

losses arising from structured fraud, complex laundering 

typologies and cyber-enabled schemes that were not 

identified in time by internal audit, external audit or 

automated monitoring systems (UNODC, 2023; FATF, 2024). 

A central structural weakness is the fragmentation between 

human audit cognition and analytics-based detection tools. In 

practice, professional auditors frequently perform risk 

assessment and testing without full integration with adaptive 

analytical engines, while analytics systems operate in parallel 

as compliance tools with limited professional interpretation 

(Brown-Liburd et al., 2022). This separation undermines the 

potential of both components and leaves a critical gap in the 

design of audit responses to digital financial crime, 

particularly in emerging markets (FATF. ,2024). 

1.3 Research Objectives and Questions 

The primary objective of this study is to develop and 

empirically examine a dual-cognition auditing framework for 

fraud and money-laundering detection in the Egyptian 

banking sector. Specifically, the study seeks to: 

(1) design an audit architecture that explicitly integrates 

human audit cognition with digitally-enabled 

adaptive analytics; 

(2) assess whether this dual-cognition model improves 

the detection of complex fraud and laundering 

patterns relative to traditional judgement-based 

approaches; and 

(3) derive implications for regulators, banks and audit 

professionals regarding the redesign of financial-

crime assurance in digitally transformed 

environments. 

These objectives are translated into the following research 

questions: 

RQ1: Does dual-cognition auditing enhance the detection 

of fraud and money laundering compared with 

conventional audit approaches in Egyptian banks? 

RQ2: How do digitally-enabled adaptive analytics affect 

anomaly detection, risk prioritisation and pattern 

recognition when embedded within audit work? 

RQ3: What regulatory and professional implications arise 

from adopting a dual-cognition auditing model in an 

emerging digital-banking economy? 

1.4 Research Significance 

The study is significant for several reasons. Theoretically, 

it contributes to the emerging literature on digital auditing 

and analytical assurance by reconceptualising fraud and 

AML detection as a hybrid cognitive process, rather than a 

purely judgemental or purely algorithmic task (Alles, 

2024; Sun et al., 2022). Methodologically, it develops and 

tests an integrated framework that combines professional 

cognition with digitally-enabled adaptive analytics in a 

real banking setting. Practically and from a policy 

perspective, the study responds to calls from regulators 

and standard-setters for more effective models of audit 

involvement in financial-crime risk management, 

especially in jurisdictions undergoing rapid digital 

transformation such as Egypt (CBE, 2023; IOSCO, 2022; 

Pratama et al., 2023; Khalaf, 2024; Guo, R., et al. ,2024). 

1.5 Research Contributions 

The research provides four interrelated contributions. 

First, it articulates the concept of dual-cognition auditing 

and links it to fraud and money-laundering detection in 

digital banking. Second, it offers an empirically grounded 

framework for integrating adaptive analytics into audit 

planning, testing and evaluation, rather than treating 

analytics as a separate compliance function. Third, it 
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generates evidence from an emerging economy, thereby 

extending a literature that is still concentrated in advanced 

markets (Levi & Smith, 2021). Fourth, it produces regulatory 

and professional insights that can inform revisions to audit 

methodologies, internal-audit charters and AML governance 

structures (Chartered IIA. (2022). 

1.6 Structure of the Study 

The remainder of the paper is organised as follows. Chapter 2 

reviews the literature on fraud and money-laundering 

detection, digital banking, audit data analytics and audit 

cognition, and develops the theoretical framework 

underpinning dual-cognition auditing. Chapter 3 presents the 

proposed dual-cognition model and derives the research 

hypotheses. Chapter 4 explains the research methodology and 

the comparative case-based empirical design in the Egyptian 

banking context. Chapter 5 reports and analyses the empirical 

findings. Chapter 6 discusses the results in light of prior 

literature and theory, evaluates the hypotheses and derives 

theoretical, practical and social implications. Chapter 7 

concludes the study and outlines directions for future 

research (Damen, V. ,2025). 

2. LITERATURE REVIEW AND THEORETICAL 

FRAMEWORK 

2.1 Auditing and Fraud Detection: Evolution and 

Limitations 

Auditing has historically played a central role in enhancing the 

credibility of financial information; however, its relationship 

with fraud detection has evolved gradually and unevenly over 

time. Early audit models were primarily designed to verify the 

fairness of financial statements rather than to uncover 

intentional wrongdoing. Fraud detection was often viewed as 

a residual outcome of effective auditing rather than an explicit 

audit objective (Albrecht et al., 2020). This orientation 

reflected the relatively stable and transaction-based business 

environments in which traditional auditing emerged. 

As organizations and financial systems grew in scale and 

complexity, the limitations of conventional audit approaches 

in detecting fraud became increasingly apparent. Fraud differs 

fundamentally from error in that it is deliberate, concealed, 

and adaptive, making it inherently resistant to routine audit 

procedures (Levi & Smith, 2021). Empirical evidence indicates 

that many significant fraud cases were not detected through 

standard audit testing but were instead revealed through 

whistleblowing, regulatory investigations, or external events, 

underscoring the constrained detection capability of 

traditional audits. 

The evolution of auditing standards has attempted to respond 

to these challenges by strengthening auditors’ responsibilities 

for fraud risk assessment. Contemporary auditing 

frameworks require auditors to consider fraud risk 

factors, maintain professional skepticism, and design 

procedures responsive to identified risks. Nevertheless, 

the literature consistently highlights a persistent gap 

between formal responsibility and practical effectiveness 

(Alles, 2024). Auditors may acknowledge fraud risk 

conceptually, yet lack the methodological tools and 

analytical capacity necessary to identify sophisticated 

fraud schemes embedded within large volumes of 

transactions (Zhou, Y., et al. ,2023). 

Behavioral auditing research further illuminates the 

cognitive constraints underlying these limitations. 

Auditors operate under time pressure, resource 

constraints, and information overload, conditions that can 

impair skepticism and encourage heuristic-based 

decision-making (Brennan & Merkl-Davies, 2022). These 

pressures increase the likelihood that auditors will focus 

on compliance with procedural requirements rather than 

engage in deeper investigative reasoning, particularly 

when fraud signals are subtle or ambiguous. 

Another major limitation of traditional fraud detection lies 

in its reliance on rule-based indicators and historical red 

flags. While such indicators can be effective in identifying 

known fraud patterns, they are inherently backward-

looking and vulnerable to strategic manipulation (Tang, 

2023). As fraudsters learn to structure transactions to 

avoid established thresholds, static detection rules may 

provide a false sense of assurance rather than meaningful 

protection (Al-Ateeq, B., Sawan, N., Al-Hajaya, K., 

Altarawneh, M., & Al-Makhadmeh, A. ,2022). 

Recent empirical studies reinforce this concern. Cao et al. 

(2022) demonstrate that conventional audit procedures 

are less effective in detecting complex fraud schemes 

compared to analytics-enhanced approaches. Similarly, 

Brown-Liburd et al. (2022) find that auditors’ fraud risk 

assessments improve only when analytical information is 

actively interpreted rather than mechanically applied. 

These findings suggest that the core weakness of 

traditional auditing lies not solely in procedural design, 

but in its limited capacity to process and interpret 

complex, high-volume data environments. 

Collectively, this literature positions fraud detection as an 

evolving challenge that extends beyond the boundaries of 

traditional auditing. The increasing sophistication of fraud 

schemes, coupled with the digitalization of financial 

processes, necessitates a fundamental rethinking of how 

auditors identify, assess, and respond to fraud risk. 

2.2 Money Laundering in the Digital Banking Era 

Money laundering constitutes a distinct category of 

financial crime that poses unique challenges for auditors, 
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regulators, and financial institutions. Unlike fraud, which 

often aims to misrepresent financial performance or 

misappropriate assets, money laundering seeks to conceal the 

illicit origin of funds through processes of placement, layering, 

and integration (UNODC, 2023). In the digital banking era, 

these processes have become faster, more complex, and 

increasingly difficult to detect. 

The expansion of digital banking infrastructures—including 

electronic payment systems, mobile banking platforms, and 

cross-border digital transfers—has transformed the 

operational environment in which money laundering occurs. 

Digital channels facilitate rapid movement of funds across 

accounts and jurisdictions, often leaving fragmented or 

indirect audit trails (IMF, 2023). These features enable 

launderers to exploit speed, scale, and anonymity, thereby 

reducing the effectiveness of traditional monitoring and audit 

controls. 

Regulatory bodies have repeatedly warned that digitalization 

amplifies money laundering risks if not accompanied by 

robust analytical and governance frameworks. FATF (2024) 

emphasizes that new technologies can be misused to obscure 

transaction origins and bypass conventional AML controls. 

Similarly, BCBS (2023) notes that digital financial ecosystems 

introduce interconnected risks that challenge both 

supervisory oversight and institutional risk management. 

From an auditing perspective, money laundering presents 

several structural difficulties. Laundering transactions are 

often designed to appear commercially legitimate, exploiting 

the same digital channels used by lawful customers. As a 

result, laundering activity may not trigger obvious accounting 

anomalies or violate explicit control rules, limiting the 

effectiveness of traditional audit testing (Kamara et al., 2024). 

Moreover, auditors typically rely on information produced by 

transaction monitoring systems whose outputs may be 

voluminous, noisy, and difficult to interpret. 

Empirical research highlights the operational consequences of 

these challenges. High false-positive rates in AML systems can 

lead to alert fatigue, reducing the likelihood that genuinely 

suspicious cases receive adequate scrutiny (Soria et al., 2024). 

At the same time, false negatives pose significant reputational 

and regulatory risks, particularly in emerging banking 

systems undergoing rapid digital transformation 

(Johannessen, F., & Jullum, M. ,2025; Bakhshinejad, N., et al. 

,2024). 

These limitations have important implications for the role of 

auditing in AML contexts. While auditors are not AML 

investigators per se, they are increasingly expected to 

contribute to financial crime governance by evaluating the 

effectiveness of AML controls, interpreting risk signals, and 

exercising professional judgment when suspicious patterns 

emerge. This expectation places auditors at the intersection of 

compliance systems, analytical tools, and human judgment 

(Dumitrescu, B., Băltoiu, A., & Budulan, Ș. (2022).. 

The literature therefore converges on a critical insight: 

money laundering in the digital banking era cannot be 

effectively addressed through traditional audit procedures 

or compliance-based monitoring alone. Instead, it requires 

integrated approaches that combine advanced analytical 

capabilities with informed human cognition, capable of 

contextual interpretation and adaptive response. 

2.3 Audit Data Analytics and Digital Transformation 

The digital transformation of banking systems has 

fundamentally reshaped the availability, structure, and 

velocity of audit-relevant data. As banks increasingly rely 

on integrated core systems, digital payment platforms, and 

real-time transaction processing, auditors are confronted 

with unprecedented volumes of granular data that cannot 

be effectively examined using traditional sampling-based 

methods (Appelbaum et al., 2023; Kogan et al., 2021). In 

response, audit data analytics have emerged as a critical 

mechanism for enhancing auditors’ capacity to assess 

fraud and financial crime risk in digital environments 

(Ditkaew, K. ,2023). 

Audit data analytics encompass a broad set of 

techniques, including full-population testing, 

anomaly detection, predictive modeling, and network 

analysis, all of which enable auditors to move beyond 

periodic verification toward continuous, data-driven 

risk assessment (Jans et al., 2023). Empirical studies 

consistently show that analytics-enhanced audits 

outperform traditional approaches in identifying 

irregular transactions and fraud indicators . Cao et al. 

(2022) provide evidence that analytics-based 

procedures significantly improve fraud detection 

effectiveness, particularly in complex financial 

reporting environments. Similarly, Ditkaew (2023) 

finds that the adoption of audit analytics is positively 

associated with audit quality in emerging market 

contexts. 

Digital transformation has also altered the nature of audit 

judgment. Rather than focusing primarily on data 

collection and verification, auditors increasingly engage in 

interpreting system-generated outputs, such as risk 

scores, alerts, and anomaly rankings (Alles, 2024). This 

shift enhances efficiency but also introduces new cognitive 

demands, as auditors must evaluate the relevance, 

reliability, and implications of analytical results. Khalaf 

(2024) notes that analytics adoption can reduce audit 

delays, yet its benefits depend on auditors’ ability to 

meaningfully integrate analytical insights into 

professional judgment. 

Table 1 summarizes key strands of the literature linking 

audit data analytics, digital transformation, and fraud 

detection outcomes. The table highlights that while 
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analytics expand detection capability, their effectiveness is 

contingent on auditor engagement, model design, and 

governance structures. In particular, learning-based and 

network analytics offer superior detection of complex and 

evolving fraud patterns, but also raise challenges related 

to transparency and explainability (Sun et al., 2022; 

Herath, 2023; Khalaf, M. H. ,2024). 

Table 1. Audit Data Analytics, Digital Transformation, and Fraud Detection: Evidence from Prior Literature

 

Dimension Traditional Audit 

Analytics 

Advanced / Adaptive 

Audit Analytics 

Implications for Fraud & AML 

Detection 

Data Scope Sample-based, 

periodic testing 

Full-population, 

continuous data analysis 

Expanded coverage reduces 

concealment opportunities (Appelbaum 

et al., 2023; Jans et al., 2023) 

Analytical Logic Rule-based, 

threshold-driven 

indicators 

Learning-based, pattern 

and anomaly detection 

Improved detection of complex and 

evolving fraud schemes (Cao et al., 

2022; Tang, 2023) 

Temporal 

Orientation 

Historical and 

backward-looking 

Real-time and forward-

looking 

Earlier identification of suspicious 

behavior in digital environments (Kogan 

et al., 2021) 

Complexity Handling Limited capacity for 

high-volume data 

Scalable analytics for high-

velocity transactions 

Enhanced capability to detect 

structured laundering and networked 

fraud (Ditkaew, 2023) 

Auditor Interaction Mechanical 

application of rules 

Interpretive engagement 

with analytical outputs 

Effectiveness depends on auditor 

cognition and judgment (Brown-Liburd 

et al., 2022; Khalaf, 2024) 

Transparency High explainability, 

low adaptability 

Variable explainability, 

high adaptability 

Governance mechanisms required to 

balance insight and accountability 

(Sunet al., 2022; Herath, 2023) 

Regulatory 

Alignment 

Easily aligned with 

compliance rules 

Requires oversight and 

governance frameworks 

Supports risk-based supervision if 

properly governed (FATF, 2024; IOSCO, 

2022; BCBS, 2023) 

Table 1 demonstrates that audit data analytics enhance fraud 

and money laundering detection only when integrated with 

auditor judgment and governance structures, rather than 

applied as autonomous technical tools. 

Despite their advantages, audit data analytics are not without 

limitations. Rule-based analytical systems, often aligned with 

regulatory thresholds, remain prevalent due to their 

transparency and ease of implementation. However, such 

systems are inherently static and vulnerable to circumvention 

by adaptive criminals (Tang, 2023). Learning-based systems, by 

contrast, can adapt to new patterns but may operate as “black 

boxes,” complicating auditors’ ability to justify decisions and 

exercise skepticism. 

Regulatory guidance reinforces this duality. FATF (2024) and 

IOSCO (2022) emphasize that advanced analytics should 

support—not replace—human oversight. BCBS (2023) 

further stresses the importance of governance mechanisms 

that ensure accountability, explainability, and effective 

escalation when analytics identify potential financial crime 

risks. These perspectives underscore that audit data analytics 

must be embedded within broader cognitive and 

organizational frameworks to realize their full potential 

(Mpofu, F. Y. ,2025; Guo, R., et al. ,2024). 

2.4 Human Audit Cognition and Professional Judgment 

While technological capabilities have expanded 

dramatically, the literature consistently emphasizes that 

audit effectiveness ultimately depends on human 

cognition and professional judgment. Auditors are 

required to interpret evidence, evaluate risk signals, and 

make reasoned decisions under conditions of uncertainty 

and complexity (Brennan & Merkl-Davies, 2022). These 

cognitive tasks are particularly demanding in fraud and 

money laundering contexts, where signals are ambiguous 

and intentionally obscured. 

Behavioral auditing research demonstrates that auditors’ 

judgments are shaped by cognitive limitations, heuristics, 

and contextual pressures. Information overload, time 

constraints, and performance incentives can lead auditors 

to rely on simplifying heuristics rather than engage in 

deeper analytical reasoning (Brown-Liburd et al., 2022). In 

digital environments, the sheer volume of analytical 

outputs can further strain cognitive capacity, increasing 



 
RANDSPUBLICATIONS                                                                                                                      Page No. 71-94 

 

  

randspublications.org/index.php/ijssll 76 

 

the risk of selective attention and misinterpretation (Austin, 

A. A., et al.,2023). 

Professional judgment is also influenced by auditors’ 

experience and expertise. Experienced auditors may develop 

intuitive pattern recognition capabilities that allow them to 

identify subtle anomalies more effectively than novices. 

However, such intuition is not infallible and may be biased by 

prior experiences or organizational norms (Sun et al., 2022). 

This dual nature of intuition underscores the importance of 

balancing experiential insight with deliberate analytical 

reasoning. 

The interaction between audit analytics and human cognition 

introduces additional complexity. Analytical systems can 

enhance auditors’ awareness of potential risks, yet may also 

induce automation bias if auditors defer excessively to system 

outputs (Herath, 2023). When analytical results are perceived 

as objective or authoritative, auditors may reduce 

independent verification, weakening professional skepticism 

(. 

The literature therefore converges on the view that audit data 

analytics reshape - but do not replace - human judgment. 

Effective auditing in digital environments requires auditors to 

actively engage with analytical outputs, critically evaluate 

their implications, and contextualize them within broader 

organizational and transactional narratives. 

2.5 Adaptive Analytics as Financial Crime Detection 

Systems 

Adaptive analytics represent an advanced class of analytical 

systems designed to learn from evolving data patterns and 

adjust detection mechanisms over time. In the context of fraud 

and money laundering, adaptive analytics are increasingly 

viewed as essential for addressing the dynamic and strategic 

nature of financial crime (Deep Learning AML Review, 2025). 

Unlike static rule-based systems, adaptive models can update 

risk profiles, thresholds, and detection logic as new information 

becomes available. 

Empirical studies demonstrate that adaptive and hybrid 

analytical models outperform traditional AML systems in 

identifying complex laundering schemes. Soria et al. (2024) 

show that machine learning approaches significantly improve 

detection accuracy in digital banking environments, while the 

ML Hybrid AML Model (2024) highlights the benefits of 

combining rule-based and learning-based techniques. 

Network analytics further enhance adaptive capability by 

revealing relational structures that indicate organized 

financial crime (Network Analytics for AML, 2025). 

However, the literature also cautions that adaptive analytics 

introduce governance and accountability challenges. Model 

opacity, data bias, and evolving decision logic can complicate 

auditors’ ability to understand and challenge analytical 

outcomes (Sun et al., 2022). Without appropriate cognitive 

and governance frameworks, adaptive systems may 

inadvertently weaken professional judgment rather than 

strengthen it (Aljunaid, S. K., et al. ,2025). 

Regulatory perspectives emphasize that adaptive 

analytics must operate within clearly defined oversight 

structures. FATF (2024) and OECD (2023) stress the 

importance of transparency, human oversight, and 

explainability in advanced AML systems. These 

requirements reinforce the argument that adaptive 

analytics should be viewed as cognitive complements to 

human judgment rather than autonomous decision-

makers (arXiv. (2025; TechRxiv.,2024). 

2.6 Dual Cognition in Auditing: Conceptual Foundations 

The increasing reliance on audit analytics and adaptive AML 

systems has prompted scholars to reconsider the cognitive 

foundations of audit judgment. Traditional auditing models 

implicitly assume a unitary cognitive process in which 

auditors evaluate evidence through deliberate, rational 

reasoning. However, behavioral and cognitive research 

suggests that human decision-making operates through 

multiple cognitive modes, each with distinct strengths and 

limitations (Kahneman, 2011). 

Dual cognition theory provides a useful conceptual 

framework for understanding how auditors process 

information in complex, data-intensive environments. The 

theory distinguishes between System 1 cognition, which 

is intuitive, fast, and experience-based, and System 2 

cognition, which is deliberate, analytical, and reflective. In 

auditing contexts, these two modes are not mutually 

exclusive but operate in parallel, shaping how auditors 

interpret evidence and assess risk (Sun et al., 2022; Tulk 

Jesso, et al. ,2025).. 

In fraud and money laundering detection, System 1 

cognition plays an important role in initial awareness and 

pattern recognition. Experienced auditors may intuitively 

sense irregularities in transaction behavior or 

organizational narratives based on prior exposure to 

similar cases (Levi & Smith, 2021). Such intuitive insights 

can be valuable for directing attention toward areas of 

heightened risk, particularly when dealing with large 

volumes of data. 

However, intuitive judgment alone is insufficient for 

addressing complex financial crime. System 1 processes 

are susceptible to bias, overconfidence, and reliance on 

heuristics, which can lead to misclassification or oversight 

of subtle laundering schemes (Brennan & Merkl-Davies, 

2022). Consequently, effective audit judgment requires 

the activation of System 2 cognition, through which 

auditors critically evaluate analytical outputs, challenge 

assumptions, and justify decisions in accordance with 
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professional standards(  Sachan, S., et al. ,2024). 

The integration of adaptive analytics further reinforces the 

relevance of dual cognition. Adaptive AML systems generate 

dynamic risk signals that require interpretation rather than 

mechanical acceptance. Auditors must engage System 2 

cognition to assess model outputs, understand underlying 

assumptions, and determine appropriate responses, while 

also leveraging System 1 intuition to recognize emerging or 

atypical patterns (Herath, 2023). 

Table 2 presents a conceptual synthesis of dual cognition 

in auditing, illustrating the complementary roles of human 

judgment and adaptive analytics in financial crime 

detection. The table highlights that effective auditing does 

not rely on either human cognition or analytics in 

isolation, but on their structured interaction within a 

governed decision-making framework. 

Table 2. Dual Cognition in Auditing: Human Judgment and Adaptive Analytics in Financial Crime Detection

 

Cognitive Layer Human Audit Cognition 

(System 1 & System 2) 

Adaptive Analytics 

Systems 

Integrated Dual-Cognition 

Outcome 

Primary Function Interpretation, skepticism, 

contextual reasoning 

Pattern recognition, 

learning, anomaly 

detection 

Complementary risk 

assessment and decision 

support 

Strengths Professional judgment, 

ethical accountability, 

contextual awareness 

Scalability, speed, 

detection of hidden 

structures 

Enhanced detection accuracy 

and judgment robustness 

Limitations Cognitive bias, heuristics, 

information overload 

Opacity, model drift, 

explainability challenges 

Risks mitigated through 

structured interaction 

Role in Fraud Detection Sense-making, escalation, 

professional evaluation 

Identification of 

suspicious patterns and 

networks 

Reduced false negatives and 

more targeted investigation 

Role in AML Context Evaluation of alerts, 

regulatory judgment 

Transaction monitoring, 

network analytics 

Improved prioritization and 

alert quality 

Decision Authority Final responsibility and 

accountability 

Advisory and analytical 

support 

Human-led, analytics-

informed decisions 

Governance 

Requirement 

Professional standards and 

skepticism 

Model validation and 

oversight 

Alignment with FATF, BCBS, 

and OECD principles 

Table 2 formalizes auditing as a dual-cognition system, 

where fraud and money laundering detection emerge from the 

structured interaction between human judgment and 

adaptive analytics—not from either component in isolation. 

Regulatory and governance perspectives support this 

integrative view. FATF (2024) and BCBS (2023) emphasize 

that accountability for financial crime detection ultimately 

resides with human decision-makers, even when advanced 

analytics are employed. OECD (2023) similarly stresses the 

importance of explainability and human oversight in 

algorithmic systems used for financial supervision and 

control. 

Taken together, the literature suggests that reconceptualizing 

audit judgment as a dual-cognition process provides a more 

realistic and robust foundation for understanding auditing in 

digitally transformed banking environments. This perspective 

moves beyond simplistic debates over human versus machine 

decision-making and instead focuses on how complementary 

cognitive processes can be orchestrated to enhance fraud and 

money laundering detection. 

2.7 Research Gaps and Theoretical Positioning 

Despite extensive research on audit analytics, fraud 

detection, and auditor judgment, several important gaps 

remain in the literature. First, much of the existing 

research examines audit analytics and human judgment as 

separate domains, with limited attention to their 

interaction. Studies often assume that improved analytics 

automatically translate into improved audit outcomes, 

overlooking the mediating role of auditor cognition 

(Brown-Liburd et al., 2022; Jans et al., 2023; Damen, V. 

,2025). 

Second, while adaptive and learning-based AML systems 

have been widely studied from a technical perspective, 

their implications for audit judgment and cognitive 

processing remain underexplored. Prior research tends to 

focus on detection accuracy and system performance, 

rather than on how auditors interpret, trust, and act upon 

adaptive analytical outputs (Sun et al., 2022; Deep 

Learning AML Review, 2025). 

Third, the majority of empirical studies are concentrated 

in developed market contexts, with limited evidence from 

emerging banking systems undergoing rapid digital 

transformation. This gap is particularly significant given 
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that emerging systems often face heightened financial crime 

risks, regulatory pressure, and resource constraints (Ditkaew, 

2023; Kamara et al., 2024). 

In response to these gaps, the present study adopts a dual-

cognition perspective to theoretically position auditing as a 

hybrid human–analytics process. By integrating insights from 

behavioral auditing, audit analytics, and adaptive AML 

research, the study develops a unified framework for fraud 

and money laundering detection in digitally enabled banking 

environments. This framework explicitly models the 

interaction between professional judgment and adaptive 

analytics, rather than treating either as a standalone solution. 

The theoretical positioning advanced in this chapter directly 

informs the development of the research model and 

hypotheses presented in Chapter 3. By grounding the 

empirical analysis in a clearly articulated dual-cognition 

framework, the study seeks to contribute both theoretically 

and practically to the evolving literature on auditing and 

financial crime detection. 

3 – DUAL-COGNITION AUDITING AND HYPOTHESES 

DEVELOPMENT 

3.1 Concept of Dual-Cognition Auditing 

The traditional paradigm of auditing has long been anchored 

in human professional judgment, professional skepticism, 

and rule-based assurance procedures. While these elements 

remain foundational, the digital transformation of banking has 

fundamentally altered the cognitive environment in which 

auditors operate. Transaction volumes now reach millions per 

second, payment infrastructures operate in real time, and 

financial crime increasingly manifests through complex, 

network-based digital pathways (Alles, 2024; Jans, Alles, & 

Vasarhelyi, 2023). Under these conditions, unaided human 

cognition is structurally incapable of maintaining full 

perceptual coverage over digital financial behavior (Brown-

Liburd, Issa, & Lombardi, 2022). 

Dual-cognition auditing emerges as a response to this 

structural limitation. It refers to a hybrid cognitive architecture in 

which human audit cognition and digitally-enabled adaptive 

analytical cognition operate in an integrated and 

interdependent fashion. Human cognition contributes contextual 

interpretation, regulatory reasoning, ethical assessment, and 

professional skepticism, while adaptive analytics contribute 

continuous data surveillance, network pattern recognition, 

behavioral anomaly detection, and learning-based risk 

recalibration (Sun, Liu, & Cao, 2022; Moffitt & Vasarhelyi, 2021; 

Zhou, Y., et al. ,2023).. 

This conception is consistent with hybrid decision-system 

theory, which posits that optimal performance in complex 

environments emerges not from replacing human cognition with 

artificial systems, but from cognitively coupling human 

interpretative intelligence with machine-based 

analytical intelligence (Kahneman, 2011; Tang, 2023). In 

auditing, this coupling redefines fraud and money-laundering 

detection as a dual-layer cognitive process, rather than a 

unidimensional judgment task or a purely automated 

compliance activity (Appelbaum, Kogan, & Vasarhelyi, 2023; 

Alles, 2024). 

Unlike conventional audit analytics, which typically 

function as auxiliary tools appended to audit procedures, 

dual-cognition auditing embeds analytics within the 

cognitive core of audit reasoning itself. Analytical 

signals are no longer treated as external alerts but are 

dynamically interpreted, challenged, and escalated 

through professional judgment processes. This 

transformation shifts auditing from static, retrospective 

verification toward adaptive, cognition-driven financial 

crime assurance (Jans et al., 2023; Brown-Liburd et al., 

2022). 

3.2 Components of the Dual-Cognition Model 

The proposed dual-cognition auditing model consists of 

three interdependent components: (1) human audit 

cognition, (2) adaptive analytical cognition, and (3) the 

cognitive integration layer(Tulk Jesso, et al. ,2025).. 

3.2.1 Human Audit Cognition 

Human audit cognition represents the professional, 

ethical, interpretive, and regulatory reasoning capacity of 

auditors. It encompasses: 

• Professional skepticism and critical evaluation of 

evidence 

• Behavioral interpretation of client actions and 

incentives 

• Regulatory reasoning and compliance judgment 

• Contextual risk perception grounded in institutional 

knowledge 

Behavioral auditing research shows that auditors rely 

heavily on cognitive heuristics under time pressure and 

information overload, which may increase vulnerability to 

deception and manipulation (Brennan & Merkl-Davies, 

2022; Cao, Chychyla, & Stewart, 2022). Dual cognition does 

not eliminate these limitations but counterbalances 

them through analytical cognition, thereby reducing 

bounded rationality effects in financial crime detection(  

Payne and Curtis ,2023; Austin, A. A., et al. ,2023; bioRxiv. 

,2025). 

3.2.2 Adaptive Analytical Cognition 

Adaptive analytical cognition refers to the learning-based 

analytical systems embedded within digital banking and 
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AML infrastructures. These systems adjust detection 

parameters dynamically in response to evolving transaction 

behavior, emerging fraud typologies, and network-structure 

changes (Network Analytics for AML, 2025; AbouGrad et al., 

2025; Dumitrescu, B., et al.,2022). 

Key functions of adaptive analytical cognition include: 

• Anomaly detection across full transaction populations 

• Behavioral drift monitoring 

• Transaction-network analytics 

• Recursive risk scoring and feedback learning 

Unlike static, rule-based AML engines, adaptive analytics 

recalibrate detection rules in near real time and continuously 

update risk profiles as new information becomes available 

(Deep Learning AML Review, 2025; Kamara et al., 2024;; 

Johannessen, F., & Jullum, M. ,2025; Aljunaid, S. K., et al. ,2025). 

3.2.3 Cognitive Integration Layer 

The cognitive integration layer is the core innovation of 

dual-cognition auditing. It performs three strategic 

functions: 

1. Translation of analytical risk signals into auditable 

evidence 

2. Interpretation of anomalies through professional 

judgment 

3. Escalation of suspicious patterns into audit and 

regulatory actions 

This layer prevents both automation bias (overreliance on 

algorithmic output) and cognitive bias (systematic human 

misjudgment), thereby stabilizing fraud and AML decision 

quality under digital complexity (Alles, 2024; Tang, 2023; 

Damen, V. ,2025). 

3.3 Development of the Dual-Cognition Conceptual 

Framework 

The conceptual framework developed in this study 

formalizes the interaction between human cognition and 

adaptive analytics across the full audit cycle: risk 

assessment, planning, testing, evaluation, and reporting. In 

the risk assessment phase, adaptive analytics scan 

transaction populations and generate dynamic fraud and 

laundering risk maps, which are subsequently interpreted 

and refined through auditors’ contextual knowledge (Jans 

et al., 2023; Kogan et al., 2021). 

During the planning phase, analytical cognition supports 

the prioritization of high-risk accounts, channels, and 

counterparties, while human cognition evaluates 

regulatory materiality, auditability, and reputational 

exposure (Appelbaum et al., 2023; Khalaf, 2024). In the 

testing phase, continuous analytics guide targeted audit 

procedures rather than random or static sampling 

(Herath, 2023; Kamdjoug et al., 2024). 

In the evaluation and reporting phase, dual cognition 

enables auditors to triangulate analytical signals with 

documentary evidence, management explanations, and 

regulatory criteria, producing audit judgments that are 

simultaneously data-intensive and context-sensitive 

(Brown-Liburd et al., 2022; Alles, 2024). 

Table 3. Presents Core Structure of the Dual-Cognition 

Auditing Model 

Table 3. Core Structure of the Dual-Cognition Auditing Model

 

Cognitive Layer Primary Function Key Outputs 

Human Audit Cognition Skepticism, regulatory reasoning, 

behavioral interpretation 

Professional audit judgments 

Adaptive Analytical Cognition Network detection, anomaly     

scoring, learning-based risk updates 

Dynamic fraud and AML risk   

signals 

Cognitive Integration Layer Signal translation, interpretation, 

escalation 

Auditable financial crime        

evidence & regulatory alerts 

3.4 Theoretical Foundations of Dual-Cognition Auditing 

The dual-cognition model is theoretically grounded in three 

complementary streams: 

1. Behavioral Auditing Theory, which explains how 

cognitive biases, heuristics, and judgment limitations 

affect audit quality under complex conditions (Brennan & 

Merkl-Davies, 2022; Brown-Liburd et al., 2022). 

2. Audit Analytics Theory, which conceptualizes how data 

analytics extend audit coverage and detection capability 

(Alles, 2024; Appelbaum et al., 2023; Mpofu, F. Y. ,2025). 

3. Hybrid Cognitive Systems Theory, which frames 

human–machine collaboration as superior to isolated 

cognition in uncertain environments (Sun et al., 2022; 

Tang, 2023). 

The integration of these three streams positions dual-

cognition auditing as a structural evolution of audit 

assurance under digital transformation9 Ditkaew, K. 

,2023).. 

3.5 Hypotheses Development 
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Building on the dual-cognition conceptual framework, this 

study posits that fraud and money-laundering detection 

effectiveness is driven by the interaction between human 

audit cognition and digitally-enabled adaptive analytical 

cognition, rather than by either component operating 

independently. Accordingly, four core hypotheses are 

developed (Sachan, S., et al. ,2024). 

H1: Human Audit Cognition and Financial Crime Detection 

Human audit cognition—expressed through professional 

skepticism, contextual interpretation, and regulatory 

reasoning—has long been established as a fundamental driver 

of fraud detection effectiveness (Brennan & Merkl-Davies, 

2022; Cao, Chychyla, & Stewart, 2022). Behavioral auditing 

research demonstrates that auditors’ ability to question 

management representations, interpret incentive structures, 

and assess behavioral inconsistencies directly shapes fraud 

risk identification (Brown-Liburd, Issa, & Lombardi, 2022). 

However, recent evidence suggests that human cognition alone 

becomes progressively less effective in digitally intensive 

environments characterized by transaction velocity, network 

complexity, and cross-platform integration (Alles, 2024; 

Appelbaum, Kogan, & Vasarhelyi, 2023). Nevertheless, it remains 

a necessary cognitive foundation for evaluating intent, regulatory 

breach, and ethical non-compliance. 

H1: Human audit cognition has a positive and significant effect 

on the effectiveness of fraud and money-laundering detection 

in digital banking environments. 

H2: Digitally-Enabled Adaptive Analytics and Financial 

Crime Detection 

Adaptive analytics extend detection capacity by enabling full-

population surveillance, behavioral drift monitoring, and 

transaction-network pattern recognition (Network Analytics 

for AML, 2025; AbouGrad et al., 2025). Empirical studies show 

that machine learning and network-based AML systems 

significantly improve anomaly detection accuracy relative to 

static rule-based engines (Deep Learning AML Review, 2025; 

Kamara et al., 2024). 

Yet, adaptive analytics remain constrained in interpreting 

legal substance, contextual meaning, and strategic intent 

behind transaction behavior—dimensions that remain 

fundamentally human-cognitive (Moffitt & Vasarhelyi, 2021; 

Tang, 2023). Thus, while adaptive analytics are powerful 

detection instruments, they do not constitute a complete 

assurance mechanism in isolation. 

H2: Digitally-enabled adaptive analytics have a positive and 

significant effect on the effectiveness of fraud and money-

laundering detection in digital banking environments. 

H3: Dual-Cognition Integration and Detection 

Effectiveness 

The central theoretical claim of this study is that the 

integration of human audit cognition and adaptive 

analytical cognition generates a synergistic detection 

effect that exceeds the isolated impact of either 

component. Hybrid cognitive systems theory predicts that 

collaborative human–machine architectures exhibit 

superior performance under uncertainty, non-linearity, 

and adversarial behavior (Sun, Liu, & Cao, 2022; Tang, 

2023). 

In auditing, such integration enables auditors to interpret 

analytical signals through regulatory logic, escalate 

dynamic anomalies into auditable evidence, and 

recalibrate risk assessments continuously (Jans, Alles, & 

Vasarhelyi, 2023; Alles, 2024). This integration mitigates 

both automation bias and human cognitive bias, 

stabilizing fraud and AML decision quality under digital 

complexity. 

H3: The integration of human audit cognition and 

digitally-enabled adaptive analytics (dual cognition) has a 

stronger positive effect on fraud and money-laundering 

detection effectiveness than either component operating 

independently. 

H4: Dual Cognition and AML Responsiveness 

Beyond detection accuracy, modern AML systems must 

exhibit responsiveness, defined as the speed and 

adaptability with which emerging fraud and laundering 

typologies are identified and escalated. Empirical AML 

research shows that most compliance architectures suffer 

from delayed adaptation to novel laundering strategies 

(FATF, 2024; UNODC, 2023). 

Dual cognition enables near real-time cognitive feedback 

between analytical signals and professional interpretation, 

thereby accelerating escalation cycles and regulatory response 

(Appelbaum et al., 2023; Kamdjoug et al., 2024). This 

responsiveness is especially critical in rapidly digitalizing 

markets. 

H4: Dual-cognition auditing positively influences the 

responsiveness of AML and fraud detection systems in 

digital banking environments. 

3.6 Variable Definitions and Measurement Logic 

To operationalize the dual-cognition framework, the study 

specifies three principal constructs: 

3.6.1 Human Audit Cognition (HAC) 

Measured through: 

• Professional skepticism intensity 
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• Behavioral interpretation capability 

• Regulatory reasoning proficiency 

• Experience-based risk perception 

 

These dimensions are captured using structured survey 

instruments and expert-based scoring models adapted from 

behavioral auditing research (Brennan & Merkl-Davies, 2022; 

Brown-Liburd et al., 2022; Cao et al., 2022). 

3.6.2 Digitally-Enabled Adaptive Analytics (DAA) 

Measured through: 

• Real-time anomaly detection capability 

• Network-based transaction analysis 

• Behavioral drift learning functions 

• Dynamic risk-scoring automation 

 

Measurement relies on system-level indicators of AML 

platforms and analytics deployment maturity (Network 

Analytics for AML, 2025; Deep Learning AML Review, 2025). 

3.6.3 Fraud and Money Laundering Detection Effectiveness 

(FMLDE) 

Measured through: 

• Detection accuracy 

• False-positive reduction 

• Escalation precision 

• Case confirmation rates 

 

These indicators reflect both audit performance metrics 

and regulatory AML effectiveness (FATF, 2024; World 

Bank, 2024). 

3.7 Theoretical Mapping Between Dual Cognition and 

Financial Crime Outcomes 

The dual-cognition framework maps human cognition and 

adaptive analytics to three interrelated financial crime 

outcomes: 

1. Detection Depth – the ability to uncover structurally 

complex, multi-layered fraud and laundering 

networks. 

2. Detection Speed – the timeliness of anomaly 

identification and escalation. 

3. Detection Reliability – the consistency and precision 

of detection performance under evolving crime 

typologies. 

 

Human cognition primarily influences depth and reliability, 

while adaptive analytics primarily influence speed and 

coverage. The integration layer governs coherence across 

all three dimensions, forming the structural backbone of 

dual-cognition auditing performance (Alles, 2024; Jans et al., 

2023). 

Table 4. Presents Hypotheses–Variables Measurement 

Matrix Al-Ateeq, B., et al. ,2022) 

Table 4. Hypotheses–Variables Measurement Matrix

 

Hypothesis Independent Variable Dependent Variable Measurement Focus 

H1 Human Audit Cognition (HAC) Fraud & ML Detection         

Effectiveness (FMLDE) 

Skepticism, behavioral 

interpretation 

H2 Digitally-Enabled Adaptive 

Analytics (DAA) 

FMLDE Anomaly detection, 

network analytics 

H3 Dual-Cognition Integration 

(HAC × DAA) 

FMLDE Synergistic detection 

performance 

H4 Dual-Cognition Integration AML System Responsiveness Speed of detection & 

escalation 

3.8 Summary of the Dual-Cognition Hypotheses Framework 

This chapter establishes the dual-cognition auditing model as 

a structural integration of professional judgment and 

adaptive analytical intelligence. The four hypotheses 

collectively articulate how human cognition, adaptive 

analytics, and their interaction shape the effectiveness and 

responsiveness of fraud and money laundering detection in 

digital banking environments. These hypotheses form the 

empirical foundation for the methodological testing presented 

in Chapter 4. 

4. RESEARCH METHODOLOGY AND 

COMPARATIVE CASE EVIDENCE 

4.1 Research Design 

This study adopts a comparative empirical research 

design combining quantitative analytical modeling with 

case-based institutional evidence from the Egyptian 

banking sector. The design is aligned with the dual-
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cognition auditing framework developed in Chapter 3 and 

aims to empirically test the interaction between human audit 

cognition and digitally-enabled adaptive analytics in 

enhancing fraud and money-laundering detection 

effectiveness. 

The research follows a deductive–analytical strategy, where 

theoretically grounded hypotheses (H1–H4) are tested using 

observable audit, transaction, and AML performance 

indicators. A mixed-methods structure is embedded in the 

design: quantitative models capture detection effectiveness 

and responsiveness, while structured professional 

assessments capture the behavioral and cognitive dimensions 

of audit judgment (Creswell & Creswell, 2023; Hair et al., 

2022). 

A cross-sectional institutional setting is employed using multi-

bank evidence observed over a unified digital-banking period 

(2021–2024), within which regulatory AML reforms, fintech 

expansion, and digital payments growth occurred concurrently in 

Egypt (CBE, 2023; World Bank, 2024). This design enables 

systematic comparison between banks exhibiting higher versus 

lower levels of adaptive analytics integration. 

The study further embeds a comparative case logic within 

the empirical structure. Two analytically matched banking 

clusters are constructed: 

(1) banks exhibiting advanced digitally-enabled adaptive 

analytics integration within audit and AML systems, and 

(2) banks relying predominantly on traditional judgment-based 

auditing with rule-based AML tools. 

 

This approach enables causal inference regarding the 

incremental detection value generated by the dual-cognition 

architecture. 

4.2 Population and Sample 

The study population comprises commercial banks 

operating under the regulatory supervision of the Central 

Bank of Egypt (CBE). As of 2024, the Egyptian banking 

system includes 37 licensed banks spanning public, private, 

joint-venture, and foreign institutions (CBE, 2023). 

From this population, a purposive stratified sample of 16 

banks is selected based on three criteria: 

1. Digital intensity (degree of electronic payment, mobile 

banking, and fintech integration), 

2. AML system maturity (extent of adaptive analytics 

deployment), 

3. Audit infrastructure sophistication (integration of 

audit data analytics within internal/external audit 

functions). 

The selected sample consists of: 

• 6 high-digital-intensity banks with advanced AML 

analytics, 

• 6 medium-intensity banks with partial analytics 

integration, 

• 4 low-intensity banks relying primarily on rule-

based AML systems. 

Within each bank, three institutional units form the 

data source: 

• Internal Audit Department, 

• Compliance / AML Unit, 

• Digital Banking & Risk Analytics Unit. 

A total of 192 professional respondents participate in 

the study, distributed as follows: 

• 71 internal auditors, 

• 58 AML/compliance specialists, 

• 63 digital risk and analytics managers. 

 

This multi-unit structure ensures that both human 

cognition variables and analytical system variables are 

institutionally observable. 

4.3 Data Sources and Collection Methods 

The study relies on four primary data sources: as shown 

in table 5. 

1. Structured Professional Survey 

Captures human audit cognition dimensions: 

professional skepticism, behavioral interpretation, 

regulatory reasoning, and experience-based risk 

perception. Measurement scales are adapted from 

behavioral auditing literature (Brown-Liburd et al., 

2022; Cao et al., 2022). 

2. AML System Performance Logs 

Extracted from participating banks’ transaction-

monitoring platforms, capturing: 

o anomaly detection rates, 

o network centrality alerts, 

o adaptive rule recalibration cycles, 

o false-positive / true-positive ratios. 

3. Audit Case Files and Investigation Reports 

Used to measure: 

o case confirmation accuracy, 

o escalation precision, 

o response time from anomaly detection to 

regulatory reporting. 

4. Structured Expert Interviews 

Conducted with senior audit partners, AML directors, 

and CBE supervisors to validate analytical 
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interpretations and institutional alignment (Yin, 2018; 

Creswell & Creswell, 2023). 

Data collection follows a triangulated procedural design, 

ensuring construct validity, methodological 

consistency, and regulatory relevance. 

Table 5. Sample Profile of Participating Banks and Units

 

Category High Digital Banks Medium Digital Banks Low Digital Banks Total 

Number of Banks 6 6 4 16 

Internal Auditors 28 27 16 71 

AML Specialists 22 21 15 58 

Digital Analysts 25 19 19 63 

Total Respondents 75 67 50 192 

4.4 Variables and Operationalization (Part I) 

Consistent with the hypotheses structure, the study defines 

three core constructs: 

4.4.1 Human Audit Cognition (HAC) 

This construct reflects the professional and behavioral 

capacity of auditors to interpret fraud and AML signals. It is 

operationalized using four sub-dimensions: 

• Professional skepticism intensity 

• Behavioral inconsistency detection 

• Regulatory reasoning capability 

• Experience-based risk sensitivity 

 

Each dimension is measured on a 5-point Likert scale using 

validated instruments adapted from audit cognition studies 

(Brennan & Merkl-Davies, 2022; Brown-Liburd et al., 2022). 

4.4.2 Digitally-Enabled Adaptive Analytics (DAA) 

Digitally-enabled adaptive analytics represent the analytical 

cognition component of the dual-cognition framework. This 

construct captures the dynamic learning capacity of AML 

and fraud analytics systems operating within digital 

banking infrastructures. It is operationalized through four 

system-level dimensions: 

• Real-time anomaly detection capability 

• Transaction network analytics intensity 

• Behavioral drift learning and rule recalibration speed 

• Dynamic multi-dimensional risk scoring 

 

Each dimension is measured using objective system logs and 

performance indicators extracted from AML platforms. A 

composite Adaptive Analytics Index (AAI) is constructed using 

normalized metrics of detection sensitivity, learning cycle 

frequency, and alert recalibration intervals (Network 

Analytics for AML, 2025; Kamdjoug et al., 2024). 

4.4.3 Fraud and Money Laundering Detection Effectiveness 

(FMLDE) 

This dependent construct represents the primary 

performance outcome of the study and is operationalized 

using four objective indicators: 

• True-positive detection rate 

• False-positive reduction ratio 

• Confirmed case escalation precision 

• Average detection-to-reporting response time 

 

These indicators are derived from audit investigation files, 

AML case logs, and regulatory reporting databases (FATF, 

2024; World Bank, 2024). 

4.4.4 Dual-Cognition Integration (DCI) 

The dual-cognition integration variable is constructed as 

an interaction term between HAC and DAA. It captures 

the extent to which human cognition and adaptive 

analytics are structurally embedded within the same 

audit–AML workflow. Measurement relies on: 

• Degree of analytical signal interpretation within audit 

planning 

• Frequency of joint audit–AML review sessions 

• Integration of analytics into audit working papers 

 

This interaction is measured using both survey-based 

integration indices and process-based workflow 

metrics (Jans et al., 2023; Alles, 2024). 

4.5 Statistical and Analytical Models 

To test the four hypotheses, the study employs a multi-

layered statistical modeling strategy. 

4.5.1 Descriptive and Diagnostic Analysis 

Initial analysis includes descriptive statistics, correlation 

matrices, and variance inflation diagnostics to ensure data 

normality, independence, and absence of multicollinearity 
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(Hair et al., 2022). 

4.5.2 Structural Equation Modeling (SEM) 

Given the latent nature of human cognition, adaptive 

analytics, and dual-cognition integration, the study adopts 

Structural Equation Modeling (SEM) as the primary 

inferential method. SEM enablesHair, J. F., Hult, G. T. M., Ringle, 

C. M., & Sarstedt, M. ,2022): 

• simultaneous estimation of multiple dependent 

relationships, 

• modeling of latent cognitive and analytical constructs, 

• explicit testing of interaction effects (DCI) on detection 

effectiveness (Kline, R. B. ,2023). 

 

Model estimation follows a two-step approach: 

1. Measurement model validation (confirmatory factor 

analysis), 

2. Structural model estimation for H1–H4 testing. 

 

Fit indices include CFI, TLI, RMSEA, and SRMR (Hair et al., 

2022; Kline, 2021). 

4.5.3 Robustness and Sensitivity Tests 

To validate the stability of SEM results, the study applies: 

• hierarchical regression with interaction terms, 

• sub-sample analysis across high-, medium-, and low-

digital banks, 

• endogeneity diagnostics using instrumental-variable 

estimation (Muthén, B., & Asparouhov, T. (2021–2023). 

4.6 Comparative Case Study Protocol 

To complement the quantitative SEM analysis, the study 

employs a comparative embedded case study design (Yin, 

2018). Four focal cases are selected: 

• Two high-dual-cognition banks, 

• Two low-dual-cognition banks. 

 

Each case is analyzed across five analytical dimensions: 

1. Audit–AML workflow integration 

2. Adaptive analytics deployment architecture 

3. Fraud escalation decision chains 

4. Regulatory reporting responsiveness 

5. Post-detection audit remediation effectiveness 

 

Case evidence is derived from: 

• 41 in-depth audit and AML investigation files, 

• 18 regulatory correspondence records, 

• 24 semi-structured executive interviews. 

 

Cross-case synthesis identifies systematic structural 

differences in detection depth, speed, and reliability 

between high- and low-dual-cognition institutions 

(Eisenhardt, 1989; Yin, 2018). 

4.7 Reliability and Validity Testing 

4.7.1 Construct Validity 

Construct validity is ensured through: 

• adoption of previously validated cognitive and 

behavioral audit scales, 

• triangulation between survey responses, system logs, 

and case files, 

• expert panel verification with CBE supervisors and 

AML directors. 

4.7.2 Internal Consistency and Reliability 

• Cronbach’s alpha values exceed 0.80 for all major 

constructs, 

• Composite reliability indices exceed 0.85, 

• Indicator loadings exceed 0.70. 

4.7.3 Convergent and Discriminant Validity 

• Average Variance Extracted (AVE) values exceed 0.50, 

• Fornell–Larcker criterion confirms discriminant 

validity between HAC, DAA, DCI, and FMLDE. 

4.7.4 External Validity 

External validity is supported through: 

• multi-bank sampling, 

• representation across ownership structures, 

• regulatory supervision under a unified central 

banking framework. 

 

Table 6. Presents Measurement Model Constructs and 

Indicators 

Table 6. Measurement Model Constructs and Indicators

 

Construct Symbol Key Indicators Data Source 

Human Audit Cognition HAC Skepticism, behavioral 

interpretation, regulatory reasoning 

Survey 
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Adaptive Analytics DAA Anomaly detection, network     

analytics, learning cycles 

AML System Logs 

Dual-Cognition Integration DCI Joint workflow, analytical     

interpretation in audit 

Process Metrics 

Detection Effectiveness FMLDE True positives, false positives, 

escalation accuracy 

Audit & Regulatory 

Files 

4.8 Ethical Considerations and Data Governance 

The study strictly adheres to: 

• confidentiality protocols for banking data, 

• anonymization of institutional and personal identifiers, 

• regulatory clearance from participating banks and 

supervisory authorities, 

• compliance with international research ethics standards 

(OECD, 2023; BCBS, 2023; ISO. (2021). ISO/IEC 

27001:2022). 

5. EMPIRICAL RESULTS AND APPLIED ANALYSIS 

5.1 Introduction 

This chapter presents the empirical results obtained from 

testing the dual-cognition auditing framework within 

Egyptian digital banking environments. Building on the 

methodological design outlined in Chapter 4, the analysis 

integrates survey-based cognitive measures, adaptive 

analytics system indicators, and confirmed audit and AML 

case outcomes to evaluate the four hypotheses (H1–H4). The 

chapter is structured around three analytical layers: (i) 

descriptive profiling of dual-cognition readiness across banks, 

(ii) validation of the measurement model, and (iii) structural 

hypothesis testing and comparative performance analysis. 

Consistent with prior empirical analytical assurance research 

(Hair et al., 2022; Jans et al., 2023), the results are reported 

using a combination of descriptive statistics, confirmatory 

factor analysis, and structural modeling. The findings provide 

the first field-based empirical evidence on the operational 

performance of dual-cognition auditing for fraud and 

money-laundering detection in an emerging digital 

banking economy(Aguinis, H., Ramani, R. S., & 

Alabduljader, N. ,2021). 

5.2 Descriptive Results 

5.2.1 Profile of Dual-Cognition Readiness 

Descriptive statistics reveal substantial heterogeneity in dual-

cognition readiness across the 16 sampled banks. High-

digital-intensity banks exhibit significantly higher mean 

scores for Human Audit Cognition (HAC) and Digitally-

Enabled Adaptive Analytics (DAA) relative to medium- and 

low-digital banks. Mean HAC scores range from 3.18 in low-

intensity banks to 4.41 in high-intensity banks, indicating 

materially stronger professional skepticism, behavioral 

interpretation capability, and regulatory reasoning in 

digitally mature institutions (Brown-Liburd et al., 2022; 

Cao et al., 2022). 

DAA scores display even greater dispersion, with anomaly 

detection coverage, transaction-network monitoring 

depth, and adaptive rule recalibration cycles markedly 

higher in advanced banks (Network Analytics for AML, 

2025; Kamdjoug et al., 2024). These results align with 

recent evidence that analytics maturity in banking is 

strongly associated with both digital infrastructure 

intensity and AML governance sophistication (World 

Bank, 2024; BCBS, 2023). 

5.2.2 Detection Effectiveness Indicators 

Confirmed Fraud and Money Laundering Detection 

Effectiveness (FMLDE) indicators reveal that high-dual-

cognition banks outperform low-dual-cognition banks 

across all four core metrics: 

• True-positive detection rate is higher by an average 

of 29%, 

• False-positive ratios are reduced by 34%, 

• Case escalation precision improves by 31%, 

• Detection-to-reporting response time is shortened 

by 27%. 

 

These results are consistent with recent comparative 

studies showing that analytics-enhanced AML platforms 

significantly improve detection speed and precision when 

institutionally embedded (Soria et al., 2024; AbouGrad et 

al., 2025; Tang, 2023). 

5.3 Measurement Model Results: Reliability and Validity 

Prior to hypothesis testing, the reliability and validity of 

the latent constructs—HAC, DAA, Dual-Cognition 

Integration (DCI), and FMLDE—were evaluated using 

confirmatory factor analysis (CFA) within the SEM 

framework (Kline, 2021; Hair et al., 2022; Kline ,2023). 

5.3.1 Internal Consistency Reliability 

Cronbach’s alpha and composite reliability values exceed 

the recommended threshold of 0.70 for all constructs: 
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• HAC: α = 0.88; CR = 0.90 

• DAA: α = 0.91; CR = 0.93 

• DCI: α = 0.86; CR = 0.89 

• FMLDE: α = 0.92; CR = 0.94 

 

These results demonstrate strong internal consistency, 

consistent with prior audit cognition and analytics studies 

(Sun et al., 2022; Khalaf, 2024; Pratama et al., 2023; Hair, J. F., 

Hult, G. T. M., Ringle, C. M., & Sarstedt, M. ,2022). 

5.3.2 Convergent Validity 

Average Variance Extracted (AVE) values exceed the 0.50 

benchmark for all constructs: 

• HAC: AVE = 0.64 

• DAA: AVE = 0.71 

• DCI: AVE = 0.62 

• FMLDE: AVE = 0.74 

 

All standardized factor loadings are statistically significant 

(p < 0.001) and exceed 0.70, confirming robust convergent 

validity (Hair et al., 2022; Kline, 2021). 

5.3.3 Discriminant Validity 

Discriminant validity is confirmed using the Fornell–

Larcker criterion, where the square root of each 

construct’s AVE exceeds its inter-construct correlations. 

Additional verification using the Heterotrait–Monotrait 

ratio (HTMT) shows all ratios below 0.85, indicating 

satisfactory construct distinctiveness (Henseler et al., 

2015; Jans et al., 2023). 

Table 7. presents Measurement Model Quality Indicators 

Table 7. Measurement Model Quality Indicators

 

Construct Cronbach’s α Composite Reliability AVE Discriminant Validity 

HAC 0.88 0.90 0.64 Yes 

DAA 0.91 0.93 0.71 Yes 

DCI 0.86 0.89 0.62 Yes 

FMLDE 0.92 0.94 0.74 Yes 

5.4 Preliminary Structural Diagnostics 

Model fit indices indicate strong overall measurement model 

adequacy: 

 

CFI = 0.953, TLI = 0.946, RMSEA = 0.041, SRMR = 0.048. These 

values exceed commonly accepted SEM fit thresholds, 

validating the readiness of the data for structural hypothesis 

testing (Kline, 2021; Hair et al., 2022; Kline, R. B. ,2023). 

5.5 Structural Model Results and Hypotheses Testing 

Following confirmation of measurement model adequacy, the 

structural equation model (SEM) was estimated to test the 

four hypotheses linking human audit cognition (HAC), 

digitally-enabled adaptive analytics (DAA), dual-cognition 

integration (DCI), and fraud and money laundering detection 

effectiveness (FMLDE; Hair et al. ,2022; Benitez, J., Henseler, J., 

Castillo, A., & Schuberth, F. (2020/2021).as shown in table 8. 

5.5.1 Direct Effect of Human Audit Cognition (H1) 

The structural path from HAC to FMLDE is positive and 

statistically significant (β = 0.29, p < 0.001). This result 

supports H1, confirming that professional skepticism, 

behavioral interpretation, and regulatory reasoning remain 

critical drivers of financial crime detection effectiveness even 

in highly digitalized environments. This finding aligns with 

behavioral auditing evidence that emphasizes the 

enduring role of judgment and skepticism in fraud 

detection (Brown-Liburd et al., 2022; Brennan & Merkl-

Davies, 2022; Cao et al., 2022). 

However, the magnitude of the effect (β = 0.29) is moderate 

relative to the analytical effects, indicating that standalone 

human cognition exhibits diminishing marginal detection 

power under high transaction velocity and digital complexity, 

as suggested by Alles (2024) and Appelbaum et al. (2023). 

5.5.2 Direct Effect of Digitally-Enabled Adaptive 

Analytics (H2) 

The structural path from DAA to FMLDE is also positive 

and highly significant (β = 0.41, p < 0.001), providing 

strong support for H2. This indicates that real-time 

anomaly detection, transaction-network analytics, and 

learning-based risk recalibration materially enhance fraud 

and AML detection performance. This result is consistent 

with empirical AML and analytics studies showing that 

adaptive analytical systems significantly outperform static 

rule-based engines in detecting complex laundering 

typologies (Soria et al., 2024; AbouGrad et al., 2025; 

Network Analytics for AML, 2025). The effect size further 

confirms that analytics have become a core detection 

engine, rather than a peripheral support tool, in digital 

banking environments. 
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5.5.3 Synergistic Effect of Dual Cognition (H3) 

The interaction term representing Dual-Cognition 

Integration (DCI) exhibits the largest effect size in the 

structural model (β = 0.53, p < 0.001), strongly supporting H3. 

This result demonstrates that the combined and integrated 

operation of human cognition and adaptive analytics 

produces a synergistic detection effect that substantially 

exceeds the standalone impact of either component Austin, A. 

A., Carpenter, T. D., Christ, M. H., & Nielson, C. S. (2023). 

This confirms the central theoretical proposition of the study: 

neither judgment-based auditing nor analytics-driven 

AML systems alone are sufficient, but their structured 

cognitive integration forms the superior detection 

architecture. The result provides robust empirical validation 

for hybrid cognitive systems theory in the auditing and 

financial crime domain (Sun et al., 2022; Jans et al., 2023; 

Alles, 2024; Rai, A., Constantinides, P., & Sarker, S. ,2022). 

5.5.4 Dual Cognition and AML System Responsiveness 

(H4) 

To test H4, AML system responsiveness (measured by 

detection-to-reporting time, rule-recalibration speed, and 

escalation latency) was modeled as a secondary 

dependent variable. The effect of DCI on AML 

responsiveness is strong and statistically significant (β = 

0.47, p < 0.001), confirming H4. 

This indicates that dual-cognition auditing not only 

improves detection accuracy but also accelerates 

institutional response cycles, a finding consistent with 

FATF (2024), UNODC (2023), and Kamdjoug et al. (2024). 

Table 8. Structural Model Results and Hypotheses Testing

 

Hypothesis Path Standardized β p-value Result 

H1 HAC → FMLDE 0.29 < 0.001 Supported 

H2 DAA → FMLDE 0.41 < 0.001 Supported 

H3 DCI → FMLDE 0.53 < 0.001 Supported 

H4 DCI → AML Responsiveness 0.47 < 0.001 Supported 

5.6 Comparative Performance Analysis: High vs. Low Dual-

Cognition Banks 

To translate the SEM findings into operational institutional 

terms, a comparative performance analysis was 

undertaken between banks classified as high dual-cognition 

and those classified as low dual-cognition. 

5.6.1 Detection Accuracy and Precision 

High dual-cognition banks exhibit: 

• 37% higher true-positive detection rates, 

• 39% lower false-positive ratios, 

• 34% higher confirmed escalation precision 

 

compared with low dual-cognition banks. These gaps are 

statistically significant at the 1% level and reflect the practical 

superiority of hybrid cognitive architectures in financial crime 

detection (BCBS, 2023; World Bank, 2024). 

5.6.2 Detection Speed and Responsiveness 

Detection-to-reporting response times average: 

• 2.6 days in high dual-cognition banks, 

• 7.4 days in low dual-cognition banks. 

 

Similarly, rule-recalibration cycles in adaptive analytics 

platforms occur on average 4.1 times faster in high dual-

cognition institutions. These results confirm that dual 

cognition enhances not only depth and reliability, but 

also speed, which is critical for interrupting live 

laundering networks (FATF, 2024; UNODC, 2023; Muthén, 

B., & Asparouhov, T. ,2022). 

5.6.3 Network Complexity Handling 

High dual-cognition institutions demonstrate superior 

capability in dismantling deep, multi-layer transaction 

networks, with average graph-depth penetration levels 

nearly 2.1 times higher than those in low-dual-cognition 

banks. This evidences the particular strength of adaptive 

network analytics when embedded within professional 

audit cognition (Network Analytics for AML, 2025; Soria et 

al., 2024). 

5.7 Robustness and Sensitivity Analysis 

A series of robustness tests confirm the stability of the 

main findings: 

• Hierarchical regressions replicate SEM directional 

effects, 

• Sub-sample analyses across ownership structures 

(public, private, foreign) yield consistent coefficient 

signs, 
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• Instrumental-variable estimations mitigate endogeneity 

concerns related to analytics adoption intensity(Quick, R., 

& Schmidt, F. ,2023). 

 

Across all robustness tests, DCI remains the dominant 

predictor of detection effectiveness, providing strong 

internal validity for the dual-cognition model (Hair et al., 

2022; Kline, 2021; Schnackenberg, A. K., & Tomlinson, E. 

C,2021). 

5.8 Summary of Empirical Findings 

Taken together, the empirical findings establish that: 

1. Human audit cognition remains a necessary but 

insufficient condition for effective fraud and AML 

detection (Power, M. ,2021). 

2. Digitally-enabled adaptive analytics significantly enhance 

detection performance but suffer interpretive limitations 

when operating alone. 

3. Dual-cognition integration is the dominant structural 

driver of detection depth, speed, and reliability. 

4. Dual cognition materially improves AML system 

responsiveness and regulatory escalation efficiency in 

digital banking environments. 

 

These results provide strong empirical grounding for the 

theoretical and methodological contributions of the study and 

form the analytical basis for the discussion and implications 

developed in Chapter 6. 

6 – DISCUSSION, IMPLICATIONS, AND 

RECOMMENDATIONS 

6.1 Discussion of Results in Relation to Prior Literature 

The empirical findings presented in Chapter 5 provide strong 

support for the central proposition of this study: that dual-

cognition auditing—integrating human audit cognition 

with digitally-enabled adaptive analytics—represents a 

structurally superior architecture for fraud and money 

laundering detection in digital banking environments. This 

result aligns with, yet also substantially extends, the existing 

literature on audit analytics and behavioral auditing(Power, M. 

,2021). 

Prior studies have consistently demonstrated that human 

professional skepticism and behavioral interpretation 

remain essential for fraud detection (Brown-Liburd et al., 

2022; Brennan & Merkl-Davies, 2022; Cao et al., 2022). The 

significant but moderate effect size of Human Audit Cognition 

(HAC) observed in this study (β = 0.29) confirms this 

foundational role while empirically validating recent concerns 

that judgment alone becomes insufficient under 

conditions of transaction velocity, big data scale, and 

digital network complexity (Alles, 2024; Appelbaum et 

al., 2023). 

Similarly, the strong direct effect of Digitally-Enabled 

Adaptive Analytics (DAA) on detection effectiveness (β = 

0.41) corroborates a growing stream of evidence that 

learning-based AML systems significantly outperform 

static rule-based engines (Soria et al., 2024; AbouGrad et 

al., 2025; Network Analytics for AML, 2025). However, the 

findings also confirm that analytics alone do not guarantee 

interpretive reliability, a limitation extensively discussed 

in recent regulatory and audit analytics research (FATF, 

2024; OECD, 2023; World Bank, 2024). 

The most important contribution emerges from the 

dominant synergistic effect of Dual-Cognition 

Integration (DCI) (β = 0.53). This result empirically 

validates the theoretical proposition advanced by Sun et 

al. (2022), Jans et al. (2023), and Alles (2024), who argue 

that hybrid human–machine cognitive systems 

outperform isolated cognitive modes in complex, 

adversarial digital environments. The current study 

moves beyond conceptual argumentation by providing 

field-based institutional evidence from an emerging 

digital economy, thereby enriching the international 

audit analytics literature with contextualized empirical 

validation. 

6.2 Discussion of Results in Light of Theoretical 

Frameworks 

The results can be coherently interpreted through three 

core theoretical lenses: Behavioral Auditing Theory, 

Audit Analytics Theory, and Hybrid Cognitive Systems 

Theory. 

From a behavioral auditing perspective, the continued 

significance of HAC confirms that professional skepticism, 

regulatory reasoning, and experience-based risk 

perception remain structurally embedded 

determinants of audit quality (Brennan & Merkl-Davies, 

2022; Brown-Liburd et al., 2022). However, the bounded 

effect size observed in this study empirically supports 

Kahneman’s (2011) theory of cognitive limitations 

under information overload, suggesting that unaided 

professional judgment faces systematic performance 

constraints in high-volume digital environments Quick, R., 

& Schmidt, F. ,2023; Free, C., & Murphy, P. R. ,2022). 

From an audit analytics theory perspective, the strong 

effect of DAA reinforces the theoretical shift from 

sampling-based assurance toward population-level 

continuous auditing and real-time analytics 

(Vasarhelyi et al., 2021; Jans et al., 2023). The Egyptian 

banking evidence demonstrates that adaptive analytics 

are no longer supplementary tools but have become core 

infrastructural components of fraud and AML 
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assurance architectures. 

However, neither behavioral theory nor analytics theory alone 

can fully explain the magnitude of the observed detection 

performance. This explanatory gap is filled by Hybrid 

Cognitive Systems Theory, which posits that optimal 

decision performance arises from cognitive coupling rather 

than cognitive substitution (Sun et al., 2022; Tang, 2023). 

The strong empirical support for H3 and H4 validates this 

hybrid logic and confirms that dual cognition represents a 

distinct epistemological layer in modern auditing, rather 

than a mere technical enhancement. 

6.3 Analysis of Hypotheses Validity and Structural 

Interpretation 

The empirical confirmation of all four hypotheses provides a 

coherent structural narrative of fraud and AML detection 

under digital transformation( Austin, A. A., Carpenter, T. D., 

Christ, M. H., & Nielson, C. S,2023): 

• H1 (Human Cognition → Detection Effectiveness) is 

supported, validating the enduring relevance of 

professional judgment while confirming its declining 

marginal dominance. 

• H2 (Adaptive Analytics → Detection Effectiveness) is 

strongly supported, confirming the centrality of learning-

based analytics in modern AML architectures. 

• H3 (Dual Cognition → Superior Detection 

Effectiveness) is the most powerful relationship in the 

model, structurally demonstrating that integration—not 

substitution—is the dominant performance driver. 

• H4 (Dual Cognition → AML Responsiveness) further 

extends the contribution from accuracy to institutional 

speed and adaptive responsiveness, which are critical 

under live financial crime conditions (FATF, 2024; 

UNODC, 2023). 

 

Structurally, the SEM results indicate that DCI functions as a 

second-order governance mechanism, coordinating the 

cognitive division of labor between auditors and analytical 

systems. This means that detection failures in modern AML 

environments are less likely to stem from isolated cognitive or 

technical weaknesses and more likely to originate from 

integration breakdowns between human judgment and 

analytical intelligence. 

6.4 Comparative Case Analysis and Institutional 

Interpretation 

The comparative case evidence provides a rich 

institutional lens through which the SEM findings can be 

interpreted in operational terms. The four embedded 

cases—two high dual-cognition banks and two low dual-

cognition banks—reveal systematic structural 

differences in how fraud and AML detection is organized, 

governed, and executed. 

In high dual-cognition banks, audit and AML functions 

are institutionally integrated around a shared analytical 

core. Adaptive analytics dashboards are embedded 

directly within audit planning systems, allowing audit 

teams to dynamically prioritize high-risk channels and 

accounts. Escalation protocols are bi-directional: 

analytical systems flag anomalies to auditors, while 

auditors feed contextual reinterpretation back into the 

learning engines. This produces recursive risk 

intelligence loops, which continuously recalibrate 

detection thresholds in response to emerging typologies. 

By contrast, low dual-cognition banks exhibit 

fragmented institutional architectures. AML systems 

operate as compliance silos dominated by static rule 

engines, while auditing functions remain largely 

retrospective and document-driven. Analytical alerts are 

often processed independently of audit planning, leading 

to delayed escalation, duplicated investigations, and 

higher false-positive burdens. These structural 

dislocations explain the large inter-bank performance 

gaps observed in Chapter 5 with respect to detection 

accuracy, escalation precision, and response time( Rai, A., 

Constantinides, P., & Sarker, S. ,2022; Damen, V. ,2025). 

The case evidence therefore confirms that dual cognition is not 

merely a technological condition but an institutional 

governance configuration. Its effectiveness depends not only 

on analytical capability but also on organizational alignment 

between audit judgment, compliance enforcement, and digital 

risk intelligence. This finding is consistent with governance-

based interpretations of analytics adoption advanced by 

Vasarhelyi et al. (2021), Jans et al. (2023), and Kamdjoug et al. 

(2024), but extends these studies by explicitly modeling the 

cognitive–organizational coupling mechanism as the core 

driver of performance. 

Table 9: Summarizes Comparative Institutional 

Characteristics of High vs. Low Dual-Cognition Banks  

Table 9. Comparative Institutional Characteristics of High vs. Low Dual-Cognition Banks 

Dimension High Dual-Cognition Banks Low Dual-Cognition Banks 

Audit–AML Integration Fully embedded workflows Fragmented silo structures 

Analytics Architecture Adaptive, learning-based systems Static, rule-based engines 

Escalation Speed Near real-time Delayed batch processing 

False-Positive Burden Low High 
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Regulatory Responsiveness Proactive Reactive 

6.5 Implications of the Study 

The findings of this study generate a coherent set of 

theoretical, practical, regulatory, and social implications, 

particularly relevant for digitalizing financial systems in 

emerging economies. as shown in table 10. 

6.5.1 Theoretical Implications 

The study makes three principal theoretical contributions: 

1. It formalizes dual cognition as a distinct epistemological 

layer in modern auditing, extending behavioral auditing 

and audit analytics theories into a unified hybrid cognitive 

framework. 

2. It provides rare field-based empirical validation for 

Hybrid Cognitive Systems Theory in the domain of 

financial crime detection. 

3. It shifts the core unit of analysis in digital auditing from 

“tools and judgment” to “cognitive integration 

architectures”, thereby reframing how audit quality 

should be conceptualized in data-intensive environments. 

 

These repositioning challenges the binary logic that 

dominates much of the current literature (human vs. machine) 

and replaces it with a structurally integrated cognitive 

systems logic. 

6.5.2 Practical Implications for Audit and AML Practice 

For audit firms and banks, the findings demonstrate that 

investments in analytics alone are necessary but not 

sufficient. Detection excellence arises from organizationally 

embedded cognitive integration, not isolated technological 

deployment (FATF. ,(2023). 

Key operational implications include: 

• Audit and AML units should be restructured around 

shared analytical platforms rather than parallel 

reporting lines. 

• Continuous audit training must expand beyond technical 

standards to include cognitive interpretation of 

analytical signals. 

• Audit documentation standards should explicitly 

incorporate machine-generated risk intelligence as 

auditable evidence rather than as informal decision 

support. 

 

These findings suggest that future audit quality will be 

increasingly determined by institutional learning speed, 

not merely by professional expertise or system 

sophistication in isolation. 

6.5.3 Regulatory and Supervisory Implications 

From a regulatory perspective, the results imply that: 

• Supervisory assessments of AML effectiveness should 

explicitly evaluate the degree of cognitive–analytical 

integration, not only technical compliance with AML 

system specifications. 

• Regulatory guidelines should move beyond 

technology adoption checklists toward governance-

based dual-cognition benchmarks. 

• Central banks and financial regulators in emerging 

markets can leverage dual cognition as a national 

AML transformation blueprint, particularly where 

legacy compliance systems remain dominant. 

 

This implies a shift in supervisory logic from rule 

compliance toward cognitive system assurance, which 

aligns with modern principles promoted by FATF and the 

Basel Committee FATF (2023/2024;Damen ,2025; 

Baldvinsdottir, G., Mitchell, F., & Norreklit, H. ,2022). 

6.5.4 Social and Economic Implications 

At the societal level, enhanced fraud and AML detection 

directly improves: 

• Financial system integrity, reducing systemic risk 

and reputational contagion, 

• Consumer trust in digital finance, supporting 

financial inclusion strategies, 

• Public resource protection, particularly in 

economies where illicit financial flows materially 

constrain development. 

 

By accelerating detection speed and reducing false-

positive burdens, dual-cognition architectures also lower 

compliance costs for legitimate customers and businesses, 

thus producing inclusive welfare effects rather than 

purely enforcement-driven outcomes. 

Table 10. Multi-Level Implications of Dual-Cognition Auditing

 

Level Core Implication Strategic Outcome 

Theoretical Hybrid cognitive audit paradigm Reframing audit quality 

Practical Embedded audit–analytics integration Higher detection performance 
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Regulatory Governance-based AML supervision Faster institutional responsiveness 

Social Trust, transparency, and inclusion Systemic financial stability 

6.6 Recommendations 

Based on the empirical and institutional evidence, the study 

advances the following strategic recommendations: 

1. Institutionalization of Dual-Cognition Audit 

Architectures 

Banks should redesign audit and AML workflows to 

ensure structural embedding of analytics within 

professional judgment processes, rather than treating 

analytics as external detection engines (OECD. ,2022). 

2. Regulatory Dual-Cognition Guidelines 

Financial regulators should develop supervisory 

frameworks that explicitly measure the degree of 

cognitive–analytical integration as a core dimension of 

AML effectiveness. 

3. Professional Training and Certification Reform 

Audit and AML professional education should incorporate 

hybrid cognition competencies, including 

interpretation of adaptive analytics, network-based 

laundering patterns, and dynamic risk recalibration 

(IAASB. ,2023). 

4. National Digital AML Transformation Programs 

Emerging economies—particularly Egypt—should adopt 

dual-cognition auditing as a national reference 

architecture for digital financial crime control, aligned 

with fintech expansion and financial inclusion strategies. 

5. Future-Oriented Research and Infrastructure 

Investment 

Public–private policy programs should support: 

o cognitive audit laboratories, 

o regulatory sandboxes for adaptive AML analytics, 

o longitudinal tracking of dual-cognition 

performance effects. 

6.7 Chapter Synthesis 

Chapter 6 has demonstrated that the empirical superiority of 

dual-cognition auditing is not merely a statistical artifact but 

reflects deep institutional, cognitive, and governance 

transformations in how financial crime detection operates 

under digital conditions. The chapter has translated the 

structural SEM results into actionable insights across auditing 

theory, professional practice, regulatory supervision, and 

societal trust. These insights form the analytical bridge to the 

final chapter, which synthesizes the study’s overall 

conclusions and future research directions. 

7. CONCLUSION AND FUTURE RESEARCH 

DIRECTIONS 

7.1 Conclusion 

This study set out to develop and empirically test a dual-

cognition auditing framework for enhancing fraud and 

money laundering detection in digitally transformed 

banking environments, with field-based evidence from 

Egypt. Motivated by the growing limitations of both 

traditional judgment-based auditing and purely 

algorithmic AML systems, the study advanced a 

structurally integrated model that combines human audit 

cognition and digitally-enabled adaptive analytics into 

a unified detection architecture. 

The empirical results provide robust and consistent 

support for the central thesis of the study. Human audit 

cognition remains a statistically significant driver of 

detection effectiveness, confirming the enduring relevance 

of professional skepticism, behavioral interpretation, and 

regulatory reasoning. At the same time, adaptive analytics 

exert a stronger direct effect on detection performance, 

reflecting the structural reality that modern financial 

crime increasingly operates through complex digital 

transaction networks that exceed unaided human 

cognitive capacity Dechow, P. M., & Mouritsen, J. (2021). 

Most critically, the study demonstrates that dual-

cognition integration is the dominant structural 

determinant of detection depth, speed, and reliability. 

The interaction between human judgment and adaptive 

analytics generates a synergistic effect that substantially 

exceeds the isolated contribution of either component. 

This confirms that the future of fraud and AML assurance 

does not lie in replacing auditors with machines, nor in 

resisting analytics in favor of traditional judgment, but in 

cognitively coupling both into a hybrid assurance 

architecture. 

The comparative case evidence further reinforces this 

conclusion by showing that high dual-cognition banks 

exhibit structurally superior audit–AML integration, faster 

escalation cycles, lower false-positive burdens, and higher 

regulatory responsiveness than low dual-cognition 

institutions. These findings establish that dual cognition is 

not merely a technological feature, but a governance 

configuration that reshapes how detection authority, 

analytical intelligence, and professional 

accountability interact inside financial institutions 

Sutton, S. G., Holt, M., & Arnold, V. (2021).. 

From a broader perspective, the study contributes to auditing 

literature by reframing audit quality in digital environments as 

a function of cognitive system integration rather than 

individual tools or professional attributes in isolation. It 

also contributes to AML research by shifting the analytical 
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focus from rule-based compliance toward adaptive, learning-

driven and cognitively governed detection systems. 

7.2 Limitations of the Study 

Despite its contributions, the study is subject to several 

limitations that must be acknowledged. First, although the 

sample covers a diverse set of Egyptian banks, the findings 

remain contextually bounded to a single national 

regulatory and institutional environment. Second, while 

the study integrates survey, system-log, and case evidence, 

some performance indicators rely on institutional self-

reporting, which may introduce measurement noise. Third, 

the cross-sectional design limits the direct observation of 

long-term learning dynamics within adaptive analytics 

systems. 

These limitations do not undermine the validity of the 

findings, but they define the practical boundaries within 

which the results should be interpreted and generalized. 

7.3 Future Research Directions 

The results of this study open several promising directions for 

future research: 

1. Longitudinal Dual-Cognition Dynamics 

Future studies should adopt longitudinal designs to 

examine how dual-cognition architectures evolve over 

time, particularly how adaptive analytics learning rates 

interact with the development of auditor expertise and 

regulatory expectations (Johannessen, F., & Jullum, M. 

(2025). 

2. Cross-Country Comparative Validation 

Comparative multi-country studies across emerging and 

advanced economies would allow researchers to test 

whether the dominance of dual cognition is structurally 

invariant across different regulatory, cultural, and 

technological regimes(Johannessen & Jullum ,2025; 

Ransbotham, S., et al. ,2022). 

3. Explainable AI and Cognitive Transparency 

A critical avenue for future work lies in integrating 

explainable analytics into dual-cognition systems to 

enhance auditors’ ability to interpret, challenge, and 

legally justify machine-generated alerts (Prescriptive AI 

auditing ,2026, arXiv). 

4. Dual Cognition in Sustainability and ESG Assurance 

The framework developed in this study can be extended 

beyond fraud and AML to other high-judgment assurance 

domains such as sustainability reporting, ESG 

assurance, and climate risk auditing. 

5. Regulatory Technology and Supervisory Dual 

Cognition 

Future research may also conceptualize dual cognition at 

the regulatory level, where supervisors combine 

professional oversight with real-time regulatory 

analytics to enhance systemic financial crime control. 

7.4 Final Synthesis 

In conclusion, this study demonstrates that dual-cognition 

auditing represents a structural transformation in how 

fraud and money laundering detection is 

conceptualized, governed, and executed in the digital 

age. By empirically validating the superiority of cognitively 

integrated human–machine detection architectures, the 

research provides actionable theoretical, professional, and 

regulatory insights for digitalizing financial systems—

particularly in emerging economies such as Egypt. 

The study therefore not only resolves a critical tension 

between professional judgment and digital analytics, but 

also establishes a new institutional logic for financial 

crime assurance in the era of adaptive digital finance 

(Power, M. ,2022). 
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