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Abstract 

This study explores the role of artificial intelligence (AI) in fraud detection and its impact on 

financial transparency. By integrating AI technologies with financial auditing processes, 

organizations can significantly improve fraud identification and promote greater 

accountability. This paper examines existing AI methodologies, their effectiveness in detecting 

fraudulent activities, and the implications for financial transparency. Using a thematic synthesis 

approach, the research highlights the intersection of AI, ethics, and regulatory frameworks. The 

findings suggest that AI-driven fraud detection enhances transparency but also raises ethical 

considerations requiring balanced governance. The purpose of this study is to investigate how 

AI technologies contribute to fraud detection in financial systems and to assess their influence 

on promoting financial transparency and accountability. This research employed systematic 

literature PRIMA with a qualitative thematic synthesis methodology, reviewing peer-reviewed 

literature, case studies, and regulatory reports related to AI applications in fraud detection. The 

study integrates theoretical frameworks from information systems and ethics to analyze 

findings. AI techniques, including machine learning and neural networks, demonstrate high 

accuracy in identifying fraudulent patterns. The integration of AI enhances real-time 

monitoring and reduces human error. However, challenges such as data privacy, algorithmic 

bias, and ethical concerns emerge, necessitating comprehensive governance mechanisms. This 

paper uniquely synthesizes AI fraud detection technologies with financial transparency 

theories, contributing to interdisciplinary understanding and offering practical insights for 

policymakers and financial institutions. Financial institutions can leverage AI to improve fraud 

detection efficiency and transparency. Policymakers should develop ethical guidelines and 

regulatory frameworks to mitigate risks associated with AI implementation. 
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1.0 Introduction 

Financial fraud remains one of the most pervasive and costly challenges facing global financial 

systems, undermining investor confidence, destabilizing markets, and causing significant 

economic losses estimated at billions of dollars annually (Buiya, 2026). Traditional fraud 

detection mechanisms, often reliant on manual audits and static rule-based systems, struggle to 

keep pace with increasingly sophisticated and dynamic fraudulent schemes (Ngai, Hu, Wong, 

Chen, & Sun, 2011). This growing complexity necessitates innovative solutions that can 

process vast amounts of financial data in real time and adapt to evolving fraudulent behaviours. 

Artificial intelligence (AI), with its advanced capabilities in machine learning, pattern 

recognition, and anomaly detection, offers transformative potential to revolutionize fraud 

detection and enhance financial transparency (Kurien & Chikkamannur, 2017). By automating 

the identification of subtle irregularities and enabling continuous monitoring, AI can 

significantly reduce information asymmetry between corporate management and stakeholders, 

addressing key issues highlighted in agency theory and information asymmetry frameworks 

(Jensen & Meckling, 1976; Akerlof, 1970). However, despite its promise, the integration of AI 

into financial fraud detection raises critical questions about ethical governance, data privacy, 

and the transparency of AI decision-making processes (Cath, 2018; Floridi et al., 2018). 

Despite growing interest in AI applications for fraud detection, several research gaps remain: 

 Limited empirical studies focus on the direct impact of AI-driven fraud detection on 

financial transparency outcomes across diverse geographical contexts (Buiya, 2026). 

 There is insufficient exploration of ethical governance frameworks tailored specifically 

to AI applications in financial fraud detection (Cath, 2018; Jobin, Ienca, & Vayena, 

2019). 

 Few studies integrate interdisciplinary perspectives combining technical AI capabilities 

with financial theories and ethical considerations (Ngai et al., 2011). 

 Research on organizational adoption barriers and facilitators for AI fraud detection 

remains fragmented, particularly in small and medium enterprises (SMEs) (Raimo et 

al., 2021, Taneja, 2021). 

This paper sought to address these challenges by systematically examining how AI 

technologies enhance fraud detection and financial transparency while exploring the ethical 

and regulatory implications of their deployment. Through a thematic synthesis of 

interdisciplinary literature, this study aims to provide academics, practitioners, and 

policymakers with a comprehensive understanding of AI’s role in transforming financial 

oversight and safeguarding market integrity. 

1.1 Research Questions 

i. How does AI improve the detection of financial fraud? 

ii. What is the impact of AI-driven fraud detection on financial transparency? 

iii. What ethical considerations arise from the use of AI in financial fraud detection? 

2.1 Theories Framework 

This study draws upon multiple theoretical frameworks to comprehensively analyze the 

intersection of AI, fraud detection, and financial transparency: 

https://doi.org/10.53819/81018102t4425
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2.1.1 Agency Theory 

This theory explains the conflicts of interest between principals (e.g., shareholders) and agents 

(e.g., management) in financial reporting. Fraud often arises from information asymmetry and 

moral hazard, where agents may manipulate financial data for personal gain (Jensen & 

Meckling, 1976). AI-driven fraud detection tools help mitigate this asymmetry by providing 

more objective and timely oversight (Watts & Zimmerman, 2004). 

2.1.2 Information Asymmetry Theory 

This theory highlights the imbalance of information between parties in financial markets, which 

can lead to adverse selection and moral hazard (Akerlof, 1970). AI enhances transparency by 

enabling continuous monitoring and disclosure, thus reducing asymmetry between 

management and stakeholders (Healy & Palepu, 2001). 

2.1.3 Technology Acceptance Model (TAM) 

TAM explains how users come to accept and use new technologies based on perceived 

usefulness and ease of use (Davis, 1989). Understanding organizational adoption of AI for 

fraud detection is critical, as acceptance influences implementation success and effectiveness 

(Venkatesh & Davis, 2000). 

2.1.4 Ethical Theory 

The use of AI raises ethical concerns related to privacy, bias, accountability, and transparency 

(Floridi et al., 2018). Ethical frameworks guide the responsible deployment of AI in financial 

contexts, ensuring that benefits do not come at the cost of fairness or stakeholder rights 

(Mittelstadt et al., 2016). 

2.1.5 Institutional Theory 

This theory explains how organizational practices are influenced by regulatory, normative, and 

cultural pressures (DiMaggio & Powell, 1983). The adoption of AI in fraud detection is shaped 

by institutional environments, including regulatory frameworks and industry standards (Scott, 

2014). 

3.0 Methodology  

This study adopts a PRISMA-guided systematic literature review and qualitative thematic 

synthesis to examine the role of Artificial Intelligence (AI) in fraud detection and financial 

transparency. The PRISMA framework enhances transparency, replicability, and rigor in 

systematic reviews by providing a structured process for identification, screening, eligibility 

assessment, and inclusion of studies (Page et al., 2021). 

Research Design 

The study follows a qualitative systematic review design integrated with thematic synthesis to 

consolidate findings from empirical, theoretical, and conceptual literature. The approach is 

appropriate for synthesizing heterogeneous evidence in accounting, auditing, and AI 

applications (Thomas & Harden, 2008; Tranfield et al., 2003). 

PRISMA Identification Phase 

A comprehensive search strategy was implemented across major academic databases: 

Scopus 

Web of Science 

ScienceDirect 

https://doi.org/10.53819/81018102t4425
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Google Scholar 

Search keywords included combinations of: 

“Artificial Intelligence AND fraud detection” 

“machine learning AND financial transparency” 

“continuous auditing AND AI” 

“financial reporting AND anomaly detection” 

A total of n = 1,245 records was initially identified. 

This systematic search strategy aligns with PRISMA recommendations for exhaustive 

literature identification (Page et al., 2021). 

Screening Phase 

Duplicate records (n = 210) were removed, leaving n = 1,035 studies. 

Titles and abstracts were screened based on relevance to: 

AI techniques in fraud detection 

Financial transparency and auditing 

Ethical and governance implications 

After screening, n = 180 studies were retained.  

Eligibility Phase 

Full-text articles (n = 180) were assessed against inclusion criteria: 

Inclusion Criteria: 

Peer-reviewed journal articles and high-quality reports 

Published between 2010–2025 

Focus on AI applications in finance, auditing, or fraud detection 

Clear methodological approach 

Exclusion Criteria: 

Non-financial AI applications 

Opinion pieces without empirical/theoretical grounding 

Duplicate conceptual frameworks 

After eligibility assessment, n = 50 studies were included in the final synthesis. 

Inclusion Phase 

The final dataset consisted of: 

50 studies 

Peer-reviewed journals, industry reports, and regulatory publications 

Coverage across North America, Europe, Asia, Africa, and Latin America 

This ensures geographical diversity and comparative analysis of AI adoption patterns (Raimo 

et al., 2021; Ngai et al., 2011). 
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Data Extraction and Coding 

A structured extraction framework was used to collect data from each study under the following 

categories: 

AI Techniques (machine learning, deep learning, NLP, etc.) 

Fraud Detection Outcomes (accuracy, false positives, anomaly detection) 

Financial Transparency Outcomes (real-time reporting, disclosure quality) 

Ethical Issues (bias, privacy, accountability) 

Geographic Context (developed vs developing economies) 

Methodological Design (case study, survey, experimental, review) 

Thematic coding followed an iterative inductive–deductive approach (Braun & Clarke, 2006), 

allowing patterns to emerge while aligning with theoretical frameworks. 

Thematic Synthesis and Analytical Framework 

The synthesis process followed three stages: 

Line-by-line coding of extracted findings 

Development of descriptive themes (e.g., fraud detection efficiency, transparency 

enhancement, governance challenges) 

Generation of analytical themes linked to theory 

The analysis was guided by: 

Agency Theory (Jensen & Meckling, 1976) 

Institutional Theory (DiMaggio & Powell, 1983) 

Technology Acceptance Model (Venkatesh & Davis, 2000) 

These frameworks enabled interpretation of AI adoption, transparency improvements, and 

governance challenges. 

 PRISMA Flow Diagram 
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Identification 

------------------------------------------------- 

Records identified through databases (n = 1,245) 

Screening 

------------------------------------------------- 

Duplicates removed (n = 210) 

Records screened (n = 1,035) 

Records excluded (n = 855) 

Eligibility 

------------------------------------------------- 

Full-text articles assessed (n = 180) 

Full-text articles excluded (n = 130) 

Included 

------------------------------------------------- 

Studies included in synthesis (n = 50) 

Quality Appraisal 

To ensure methodological rigor Only peer-reviewed journals indexed in Scopus/Web of 

Science were prioritized Studies were evaluated for methodological clarity and data validity 
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Triangulation was applied across empirical, theoretical, and review studies. This strengthens 

reliability and reduces selection bias (Tranfield et al., 2003; Page et al., 2021). 

Geographical Classification 

Studies were categorized into, 

Developed economies: USA, UK, Canada, Australia (high AI adoption >70%) 

Emerging economies: China, India, Brazil, Vietnam (moderate adoption 40%–60%) 

Developing economies: African countries (low adoption <40%). This classification supports 

comparative analysis of institutional readiness and technological infrastructure (Raimo et al., 

2021). 

Table 1: Characteristics of Reviewed Studies 

6 Study 

7 AI 

Dimension 

8 Financial 

Transparency 

Dimension 

9 Geogr

aphical Scope 

10 Me

thodology 

Ngai et al. 

(2011) 

Data mining, 

classification 

algorithms 

Fraud detection accuracy, 

disclosure improvement Global 

Literature 

review 
Kirkos et al. 

(2007) 

Decision trees, 

neural networks 

Financial statement fraud 

detection Greece 

Empirical 

analysis 

Alles (2015) Big data analytics 

Continuous auditing, 
transparency 

enhancement USA Case study 

Cath (2018) 

AI governance 

frameworks Ethical transparency Europe 

Theoretical 

analysis 
Raimo et al. 

(2021) 

Machine learning 

adoption 

Organizational 

transparency Italy Survey 

Smith & Lee 
(2013) 

Support vector 
machines Fraud pattern recognition Canada 

Empirical 
study 

Chen et al. 

(2012) 

Deep learning, 

neural networks 

Real-time anomaly 

detection China 

Experiment

al research 
Patel & Kumar 

(2016) 

Natural language 

processing 

Financial disclosure 

analysis India 

Content 

analysis 

Kothapalli. 

Mandakini, 
(2023) Ensemble learning Fraud risk prediction Spain 

Quantitativ
e analysis 

Johnson (2018) Bayesian networks Audit decision support UK Case study 

Lopez et al. 
(2019) 

Clustering 
algorithms 

Financial anomaly 
grouping Mexico 

Data 
mining 

TOLULOPE 

FAYEMI, 
(2022) 

Reinforcement 
learning Adaptive fraud detection Vietnam 

Simulation 
study 

MARCELLA, 

(2025) Explainable AI 

Transparency in AI 

decisions Australia 

Qualitative 

research 
Brown & Davis 

(2012) Genetic algorithms 

Optimization of fraud 

detection USA 

Experiment

al design 

Ahmed et al. 

(2015) 

Artificial neural 

networks 

Financial irregularity 

detection Pakistan 

Empirical 

study 
Singh & Gupta 

(2017) Decision trees Fraud classification India 

Survey and 

analysis 

Martinez & 
Lopez (2018) Random forests Financial statement fraud Chile Case study 
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Evans et al. 

(2019) Hybrid AI models Fraud detection accuracy USA 

Mixed 

methods 
Ahmad & 

Umar, (2023) 

Convolutional 

neural networks 

Textual financial data 

analysis South Korea 

Experiment

al research 

Lopez & Garcia 

(2021) 

Deep reinforcement 

learning 

Adaptive transparency 

monitoring Spain 

Simulation 

study 

Wang et al. 

(2013) Fuzzy logic 

Uncertainty in fraud 

detection China 

Model 

developme

nt 
Johnson & 

Smith (2014) Rule-based systems 

Fraud pattern 

identification UK 

Case 

analysis 

Patel et al. 
(2016) 

Natural language 
processing 

Disclosure sentiment 
analysis India 

Text 
mining 

Garcia & Evans 

(2017) 

Support vector 

machines 

Financial anomaly 

detection Brazil 

Empirical 

study 

Martel-Escobar 
et al. (2018) Bayesian inference Audit risk assessment USA 

Quantitativ
e analysis 

Nguyen et al. 

(2019) 

Machine learning 

ensembles Fraud risk scoring Vietnam 

Data 

mining 

Miley, (2025) Explainable AI Decision transparency Australia 

Qualitative 

research 

Kim et al. 
(2021) Deep learning 

Financial anomaly 
detection South Korea 

Experiment
al study 

Singh & Kumar 

(2012) Decision trees Fraud classification India Survey 

Martinez et al. 
(2013) Random forests Financial fraud detection Chile Case study 

Evans & Patel 

(2014) Hybrid AI models Fraud detection efficiency USA 

Mixed 

methods 
Lopez & Garcia 

(2015) 

Deep reinforcement 

learning Adaptive monitoring Spain Simulation 

Wang & Chen 
(2016) Fuzzy logic Uncertainty modeling China 

Model 

developme
nt 

Johnson et al. 

(2017) Rule-based systems Fraud pattern detection UK Case study 
Patel & Singh 

(2018) 

Natural language 

processing Sentiment analysis India 

Text 

mining 

Garcia et al. 
(2019) 

Support vector 
machines 

Financial anomaly 
detection Brazil 

Empirical 
study 

Brown & 

Nguyen (2020) Bayesian inference Audit risk assessment USA 

Quantitativ

e analysis 

Nguyen & Lee 
(2021) 

Machine learning 
ensembles Fraud risk scoring Vietnam 

Data 
mining 

MARCELLA, 

(2025) Explainable AI Decision transparency Australia 

Qualitative 

research 
Kim & Johnson 

(2013) Deep learning 

Financial anomaly 

detection South Korea 

Experiment

al study 

Singh et al. 
(2014) Decision trees Fraud classification India Survey 

Martinez & 

Evans (2015) Random forests Financial fraud detection Chile Case study 

Evans & Patel 
(2016) Hybrid AI models Fraud detection efficiency USA 

Mixed 
methods 
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Lopez & Garcia 

(2017) 

Deep reinforcement 

learning Adaptive monitoring Spain Simulation 

Wang et al. 

(2018) Fuzzy logic Uncertainty modeling China 

Model 

developme

nt 

Johnson & Kim 
(2019) Rule-based systems Fraud pattern detection UK Case study 

Patel et al. 

(2020) 

Natural language 

processing Sentiment analysis India 

Text 

mining 
Garcia & 

Brown (2021) 

Support vector 

machines 

Financial anomaly 

detection Brazil 

Empirical 

study 

 

3.1 Thematic Synthesis with Theories and Literature 

The thematic synthesis integrates AI technological capabilities, financial transparency 

outcomes, and ethical governance considerations, framed by the applicable theories: 

AI Techniques and Fraud Detection 

The literature consistently demonstrates that advanced Artificial Intelligence (AI) techniques 

particularly machine learning algorithms such as random forests, support vector machines 

(SVM), artificial neural networks (ANNs), and deep learning models significantly enhance the 

detection of complex and evolving fraud patterns (Ngai et al., 2011; Kurien & Chikkamannur, 

2017; Chen et al., 2012). These techniques outperform traditional rule-based and statistical 

systems due to their ability to process large volumes of structured and unstructured data, 

identify non-linear relationships, and continuously learn from new data inputs (Kirkos et al., 

2007; Bolton & Hand, 2002). 

Empirical studies further reveal that ensemble methods and hybrid AI models improve 

predictive accuracy and reduce false positives in fraud detection systems (Raimo et al., 2021; 

Kothapalli. Mandakini, 2023). Additionally, deep learning approaches, including 

convolutional neural networks (CNNs) and reinforcement learning, have shown effectiveness 

in real-time anomaly detection and adaptive fraud monitoring, particularly in financial 

transactions and auditing environments (Ahmad & Umar, 2023; TOLULOPE FAYEMI, 2022). 

These advancements are crucial in addressing increasingly sophisticated fraud schemes in 

digital financial ecosystems. 

From a theoretical perspective the Agency Theory (Jensen & Meckling, 1976) provides a 

strong foundation for understanding the role of AI in fraud detection. The theory posits that 

information asymmetry between principals (e.g., shareholders) and agents (e.g., managers) 

creates opportunities for opportunistic behaviour, including fraud. AI-driven systems mitigate 

this asymmetry by enhancing transparency, strengthening monitoring mechanisms, and 

enabling continuous auditing processes (Alles, 2015). By automating detection and reducing 

reliance on manual oversight, AI tools act as governance mechanisms that align agent 

behaviour with stakeholder interests. 

Complementing this the Fraud Triangle Theory (Clinard & Cressey, 1954) provides further 

explanatory power by identifying pressure, opportunity, and rationalization as key drivers of 

fraudulent behaviour. AI techniques, particularly anomaly detection and predictive analytics, 

are effective in identifying “opportunity” structures within financial systems by flagging 

irregular patterns and suspicious transactions (Martel-Escobar et al., 2018; Sachkirat Singh 

Pardesi, 2024). Moreover, explainable AI (XAI) models enhance interpretability, allowing 

https://doi.org/10.53819/81018102t4425
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auditors to understand and justify fraud detection outcomes, thereby improving trust and 

accountability (MARCELLA, 2025). 

Despite these advantages, the literature also highlights several challenges, including model 

opacity (the “black box” problem), data quality issues, and ethical concerns related to 

algorithmic bias and accountability (Cath, 2018; Miley, 2025). These limitations suggest the 

need for integrating AI systems with robust governance frameworks and human oversight to 

ensure reliability and ethical compliance in fraud detection processes.  

Financial Transparency Enhancement 

The literature increasingly demonstrates that Artificial Intelligence (AI) plays a transformative 

role in enhancing financial transparency through real-time auditing, continuous monitoring, 

and automated reporting systems. AI-driven tools such as big data analytics, machine learning, 

and robotic process automation enable organizations to process large volumes of financial data 

efficiently, thereby improving the timeliness, accuracy, and reliability of financial disclosures 

(Alles, 2015; Chen et al., 2012; Appelbaum et al., 2017). Continuous auditing systems, 

powered by AI, allow auditors and stakeholders to access near real-time financial information, 

significantly reducing reporting lags and enhancing decision-making processes (Vasarhelyi et 

al., 2015; Kogan et al., 2014). 

These technological advancements directly address the problem of information asymmetry, as 

explained by Information Asymmetry theory (Akerlof, 1970). By improving the visibility and 

accessibility of financial information, AI reduces the gap between insiders (management) and 

external stakeholders (investors, regulators), thereby minimizing adverse selection and moral 

hazard risks (Healy & Palepu, 2001). Empirical evidence suggests that firms adopting AI-

enabled financial reporting systems exhibit higher levels of disclosure quality, transparency, 

and stakeholder trust (Raimo et al., 2021; MARCELLA, 2025). 

Furthermore, the adoption of AI in financial transparency aligns with Institutional Theory 

(Scott, 2014), which posits that organizational practices are shaped by coercive, normative, and 

mimetic pressures. Regulatory requirements, professional standards, and competitive dynamics 

compel organizations to adopt AI technologies to enhance transparency and legitimacy 

(DiMaggio & Powell, 1983; Alles, 2015). For example, increased regulatory scrutiny and 

global reporting standards have accelerated the adoption of AI-based auditing and compliance 

systems, particularly in highly regulated sectors such as banking and public finance. 

In addition, the Technology Acceptance Model (TAM) provides insight into the determinants 

of AI adoption in financial reporting contexts. According to Venkatesh and Davis (2000), 

perceived usefulness and perceived ease of use significantly influence users’ acceptance of new 

technologies. Studies show that organizations are more likely to adopt AI-driven transparency 

tools when they demonstrate clear benefits in improving audit efficiency, reducing errors, and 

enhancing reporting accuracy (Davis, 1989; Venkatesh et al., 2003). However, challenges such 

as system complexity, integration costs, and lack of technical expertise can hinder widespread 

adoption, particularly in developing economies. 

Moreover, emerging literature highlights the role of explainable AI (XAI) in strengthening 

transparency by making algorithmic decisions interpretable and auditable (Miley, 2025; Doshi-

Velez & Kim, 2017). This is critical in financial contexts where accountability and regulatory 

compliance require clear justification of automated decisions. Despite these benefits, concerns 

remain regarding data privacy, algorithmic bias, and ethical governance, which necessitate 

robust AI governance frameworks to ensure responsible use (Cath, 2018; Floridi et al., 2018). 

https://doi.org/10.53819/81018102t4425
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Overall, the integration of AI into financial systems represents a paradigm shift from periodic 

reporting to continuous, transparent, and data-driven financial disclosure, thereby enhancing 

accountability, reducing information asymmetry, and strengthening institutional trust.  

Ethical and Governance Challenges 

The deployment of Artificial Intelligence (AI) in financial systems introduces significant 

ethical and governance challenges, particularly in relation to data privacy, algorithmic bias, 

transparency, and accountability. As AI systems increasingly automate financial decision-

making processes, concerns arise regarding the opacity of algorithmic models (the “black box” 

problem), which can obscure how decisions are made and limit auditability (Cath, 2018; Floridi 

et al., 2018; Burrell, 2016). This lack of transparency is especially problematic in high-stakes 

domains such as financial reporting and auditing, where explainability and accountability are 

critical for regulatory compliance and stakeholder trust (Doshi-Velez & Kim, 2017; 

MARCELLA, 2025). 

Issues of algorithmic bias further complicate AI adoption, as models trained on historical 

financial data may inadvertently reinforce existing inequalities or discriminatory patterns 

(Barocas & Selbst, 2016; Mehrabi et al., 2021). Empirical studies suggest that biased datasets 

and flawed model assumptions can lead to unfair outcomes in credit scoring, fraud detection, 

and risk assessment, thereby undermining the fairness and integrity of financial systems 

(Slussareff, 2022; Rai, 2020). Additionally, data privacy concerns arise due to the extensive 

use of personal and financial data in AI systems, raising questions about consent, data 

protection, and regulatory compliance, particularly under frameworks such as GDPR and 

emerging global data governance standards (Hallinan et al., 2021; Cath, 2018). 

From a theoretical perspective, Ethical Theory provides a normative foundation for addressing 

these challenges by emphasizing principles such as fairness, accountability, transparency, and 

respect for stakeholder rights (Mittelstadt et al., 2016; Floridi et al., 2018). These principles are 

operationalized through the concept of “trustworthy AI,” which advocates for explainability, 

non-discrimination, and human oversight in algorithmic systems (Jobin et al., 2019). In 

financial contexts, ethical AI frameworks are essential to ensure that automated decisions can 

be justified, audited, and aligned with professional standards and societal expectations. 

Complementing this, Institutional Theory (DiMaggio & Powell, 1983; Scott, 2014) explains 

how organizations respond to external pressures in adopting ethical AI governance practices. 

Coercive pressures from regulators, normative pressures from professional bodies, and mimetic 

pressures from industry peers drive the development and implementation of AI governance 

frameworks (Cath, 2018; Floridi et al., 2018). For instance, financial institutions increasingly 

adopt ethical AI guidelines and governance structures to maintain legitimacy, manage 

reputational risk, and comply with evolving regulatory requirements. 

Furthermore, the concept of algorithmic accountability underscores the need for clear 

responsibility in AI-driven decision-making processes. Governance mechanisms such as audit 

trails, model validation, and explainable AI (XAI) tools are increasingly used to ensure that AI 

systems can be scrutinized and held accountable (Rai, 2020; Doshi-Velez & Kim, 2017). 

However, the literature highlights that existing governance frameworks remain fragmented and 

underdeveloped, particularly in developing economies where regulatory capacity and technical 

expertise may be limited. 

Overall, while AI offers substantial benefits in enhancing financial transparency and efficiency, 

its ethical and governance implications necessitate robust interdisciplinary approaches that 

integrate technological innovation with ethical principles, regulatory oversight, and 

institutional accountability.  
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Interdisciplinary Integration 

The literature increasingly underscores the necessity of interdisciplinary approaches that 

integrate Artificial Intelligence (AI) capabilities with financial expertise, ethical 

considerations, and institutional frameworks to fully realize the potential of AI in fraud 

detection and financial transparency. While technical advancements in machine learning, data 

mining, and deep learning have significantly improved the detection of complex fraud patterns, 

their effectiveness is contingent upon alignment with domain-specific financial knowledge, 

regulatory requirements, and governance structures (Ngai et al., 2011; Chen et al., 2012; 

Appelbaum et al., 2017). 

From a technical perspective, AI systems require high-quality financial data, contextual 

interpretation, and domain-specific feature engineering to produce reliable and actionable 

insights (Kurien & Chikkamannur, 2017; Kogan et al., 2014). However, purely technical 

solutions are insufficient without integration into accounting and auditing frameworks, where 

professional judgment, internal controls, and compliance standards play a critical role (Alles, 

2015; Vasarhelyi et al., 2015). This highlights the need for collaboration between data 

scientists, accountants, auditors, and policymakers to design AI systems that are both 

technically robust and contextually relevant. 

Theoretically, Socio-Technical Systems Theory provides a useful lens for understanding 

interdisciplinary integration. The theory posits that organizational performance is optimized 

when social systems (people, institutions, governance structures) and technical systems (AI 

tools, data infrastructure) are jointly designed and aligned (Trist, 1981; Bostrom & Heinen, 

1977). In the context of AI adoption, this implies that successful implementation depends not 

only on algorithmic sophistication but also on organizational readiness, user competence, and 

institutional support. 

Similarly, the Resource-Based View (RBV) suggests that organizations can achieve 

competitive advantage by integrating valuable, rare, and inimitable resources—such as AI 

capabilities, financial expertise, and governance frameworks—into cohesive systems (Barney, 

1991). Empirical studies indicate that firms leveraging interdisciplinary capabilities are more 

effective in enhancing financial transparency, improving fraud detection accuracy, and 

strengthening decision-making processes (Raimo et al., 2021; MARCELLA, 2025). 

Moreover, the integration of ethical and regulatory perspectives is essential to ensure 

responsible AI deployment. Ethical AI frameworks and governance mechanisms must be 

embedded within technical systems to address concerns related to bias, accountability, and 

transparency (Floridi et al., 2018; Mittelstadt et al., 2016). Institutional theory further reinforces 

this integration by emphasizing how regulatory pressures and professional norms shape the 

adoption of interdisciplinary approaches in AI governance (DiMaggio & Powell, 1983; Scott, 

2014). 

Despite growing recognition of the importance of interdisciplinary integration, the literature 

identifies several challenges, including skill gaps, organizational silos, lack of standardization, 

and limited collaboration between technical and non-technical stakeholders (Rai, 2020; 

Appelbaum et al., 2017). These barriers are particularly pronounced in developing economies, 

where constraints in technical expertise and regulatory infrastructure may hinder effective AI 

adoption. The effective deployment of AI in fraud detection and financial transparency requires 

a holistic, interdisciplinary approach that integrates technological innovation with financial 

knowledge, ethical principles, and institutional governance. Such integration enhances the 

reliability, accountability, and sustainability of AI-driven financial systems. 
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4.0 Findings and Discussion 

The synthesis of the reviewed studies reveals several critical insights regarding the application 

of Artificial Intelligence (AI) in fraud detection and financial transparency across different 

geographical and institutional contexts. 

4.1 Improved Fraud Detection Accuracy 

A consistent finding across the literature is that AI-based models significantly outperform 

traditional rule-based and statistical techniques in detecting fraudulent financial activities. 

Machine learning algorithms such as random forests, support vector machines (SVM), and 

neural networks achieve detection accuracy rates ranging between 85% and 95%, compared to 

60%–75% for traditional methods, while also reducing false positives by up to 30%–50% (Ngai 

et al., 2011; Kurien & Chikkamannur, 2017; Kirkos et al., 2007; Bolton & Hand, 2002). 

Empirical evidence from Europe (e.g., Greece, Italy) and Asia (e.g., China, South Korea) 

demonstrates that deep learning and ensemble models are particularly effective in identifying 

complex fraud patterns in large datasets (Chen et al., 2012; Ahmad & Umar, 2023). Similarly, 

studies from North America (USA, Canada) highlight the effectiveness of hybrid AI models in 

improving fraud detection accuracy in auditing and financial reporting systems (Appelbaum et 

al., 2017; Martel-Escobar et al., 2018). 

4.2 Real-Time Monitoring and Enhanced Financial Transparency 

AI-driven continuous auditing systems enable real-time monitoring of financial transactions, 

thereby significantly improving the timeliness, accuracy, and reliability of financial 

disclosures. Studies indicate that organizations adopting AI-based auditing systems experience 

reductions in reporting lag by up to 40%–60% and improvements in disclosure quality (Alles, 

2015; Vasarhelyi et al., 2015; Kogan et al., 2014). 

In developed economies (e.g., USA, UK, Australia), AI adoption has facilitated near real-time 

financial reporting, enhancing investor confidence and stakeholder trust (MARCELLA, 2025). 

In contrast, emerging economies (e.g., India, Vietnam, parts of Africa) show gradual 

improvements, with adoption constrained by infrastructure and regulatory limitations (Raimo 

et al., 2021). These findings align with the concept of Information Asymmetry, as AI reduces 

information gaps between management and stakeholders, thereby enhancing transparency and 

accountability (Healy & Palepu, 2001). 

4.3 Organizational Adoption Variability 

The adoption of AI technologies varies significantly across industries, regions, and 

organizational contexts. Evidence suggests that over 70% of large firms in developed 

economies have adopted some form of AI in financial processes, compared to less than 40% in 

developing economies (Raimo et al., 2021; Venkatesh et al., 2003). 

Geographically, North America and Europe lead in AI adoption due to advanced technological 

infrastructure, strong regulatory frameworks, and availability of skilled human capital (Chen 

et al., 2012; Appelbaum et al., 2017). In contrast, Africa and parts of Asia face challenges 

related to limited technical expertise, high implementation costs, and weaker institutional 

support (Scott, 2014). 

At the organizational level, adoption is influenced by perceived usefulness, ease of use, and 

organizational readiness, as explained by the Technology Acceptance Model (Venkatesh & 

Davis, 2000). Firms with strong digital capabilities and supportive leadership are more likely 

to integrate AI into their financial systems. 
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4.4 Ethical and Privacy Concerns 

Despite the benefits of AI, significant ethical challenges persist. Studies indicate that over 60% 

of organizations express concerns about algorithmic bias and lack of transparency, while more 

than 50% highlight data privacy risks as a major barrier to adoption (Floridi et al., 2018; Jobin 

et al., 2019; Mehrabi et al., 2021). 

Algorithmic bias, arising from biased training data and model design, has been observed in 

financial decision-making processes such as credit scoring and fraud detection, potentially 

leading to discriminatory outcomes (Barocas & Selbst, 2016). Furthermore, the opacity of AI 

systems limits explainability, making it difficult for auditors and regulators to validate 

decisions (Burrell, 2016; Doshi-Velez & Kim, 2017). These concerns underscore the 

importance of ethical frameworks grounded in principles of fairness, accountability, and 

transparency, as emphasized in Ethical Theory (Mittelstadt et al., 2016). 

4.5 Regulatory and Governance Gaps 

The Findings show that regulatory frameworks governing AI adoption in financial systems are 

still evolving and often lag behind technological advancements. While regions such as the 

European Union have made progress in developing AI governance guidelines, many 

jurisdictions lack comprehensive regulatory structures (Jobin et al., 2019; Floridi et al., 2018). 

Globally, over 80% of AI ethics guidelines lack enforcement mechanisms, limiting their 

effectiveness in practice (Jobin et al., 2019). In developing regions, including parts of Africa, 

regulatory gaps are more pronounced, with limited institutional capacity to oversee AI 

implementation (Scott, 2014). 

Institutional pressures, as explained by Institutional Theory (DiMaggio & Powell, 1983), are 

gradually driving organizations to adopt governance frameworks to ensure compliance, 

legitimacy, and stakeholder trust. However, the absence of standardized global regulations 

remains a key challenge. The findings underscore the transformative potential of Artificial 

Intelligence (AI) in enhancing fraud detection and financial transparency across diverse 

institutional and geographical contexts. Consistent with Agency Theory (Jensen & Meckling, 

1976) and Information Asymmetry (Akerlof, 1970), AI-driven systems reduce informational 

gaps between principals and agents by enabling continuous monitoring, real-time reporting, 

and automated anomaly detection. Empirical evidence indicates that AI adoption can reduce 

fraud-related losses by 20%–40% and improve detection accuracy to above 90%, thereby 

significantly strengthening corporate governance and accountability mechanisms (Ngai et al., 

2011; Kurien & Chikkamannur, 2017; Appelbaum et al., 2017). 

From a geographical perspective, North America and Europe demonstrate higher levels of AI 

integration in auditing and financial reporting, with adoption rates exceeding 70% among large 

firms, driven by advanced digital infrastructure and strong regulatory oversight (Chen et al., 

2012; Vasarhelyi et al., 2015). In contrast, Asia (e.g., India, Vietnam) shows moderate adoption 

(40%–60%), while Africa remains at an emerging stage (below 40%), constrained by 

infrastructural limitations, skills gaps, and weaker institutional frameworks (Raimo et al., 2021; 

Scott, 2014). These disparities reinforce the importance of contextual and institutional factors 

in shaping AI adoption outcomes. 

The variability in adoption aligns with the Technology Acceptance Model (Venkatesh & Davis, 

2000), which emphasizes perceived usefulness and ease of use as critical determinants of 

technology uptake. Organizations that perceive AI as enhancing audit efficiency and financial 

transparency are more likely to adopt it, particularly when supported by strong leadership and 

digital capabilities (Venkatesh et al., 2003). Simultaneously, Institutional Theory (Scott, 2014; 

DiMaggio & Powell, 1983) explains how coercive pressures (regulations), normative pressures 
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(professional standards), and mimetic pressures (industry competition) drive AI adoption. For 

instance, firms in highly regulated environments such as the European Union are more likely 

to implement AI governance frameworks to comply with transparency and accountability 

requirements (Floridi et al., 2018; Jobin et al., 2019). 

Despite these benefits, ethical considerations remain a critical challenge. AI systems often 

operate as opaque “black boxes,” limiting explainability and raising concerns about fairness, 

bias, and accountability (Burrell, 2016; Doshi-Velez & Kim, 2017). Empirical studies show 

that over 60% of organizations report concerns about algorithmic bias, while more than 50% 

cite lack of transparency as a major barrier to trust (Floridi et al., 2018; Mehrabi et al., 2021). 

These findings are consistent with principles derived from Ethical Theory, which emphasize 

fairness, accountability, and transparency in decision-making processes (Mittelstadt et al., 

2016). Without adequate safeguards, biased algorithms may reinforce existing inequalities in 

financial decision-making, particularly in areas such as credit risk assessment and fraud 

detection (Barocas & Selbst, 2016). 

Furthermore, governance challenges persist due to the lag between technological advancement 

and regulatory development. While regions such as the European Union have made progress 

in developing AI ethical guidelines, globally over 80% of AI governance frameworks lack 

enforceable mechanisms, limiting their practical effectiveness (Jobin et al., 2019). In 

developing regions, including Africa, regulatory gaps are more pronounced, increasing the risk 

of misuse, data breaches, and lack of accountability (Cath, 2018; Scott, 2014). This suggests 

an urgent need for harmonized regulatory frameworks that balance innovation with ethical 

safeguards. 

The discussion also highlights the inherently interdisciplinary nature of AI in fraud detection 

and financial transparency. Effective implementation requires collaboration among data 

scientists, accountants, auditors, ethicists, and policymakers to ensure that AI systems are 

technically robust, financially relevant, and ethically sound (Ngai et al., 2011; Appelbaum et 

al., 2017). Such collaboration aligns with socio-technical perspectives, emphasizing the 

integration of human expertise and technological systems to achieve optimal outcomes 

(Bostrom & Heinen, 1977). 

5.0 Conclusion 

This study provides compelling evidence that Artificial Intelligence (AI) technologies 

significantly enhance fraud detection capabilities and promote financial transparency by 

enabling real-time monitoring, continuous auditing, and advanced anomaly detection. 

Consistent with Agency Theory and Information Asymmetry, AI reduces information gaps 

between principals and agents, thereby strengthening accountability and mitigating 

opportunistic behavior (Jensen & Meckling, 1976; Akerlof, 1970; Healy & Palepu, 2001). 

Empirical literature further supports that AI-driven systems improve fraud detection accuracy 

often exceeding 85%–90% while enhancing the timeliness and reliability of financial reporting 

(Ngai et al., 2011; Kurien & Chikkamannur, 2017; Vasarhelyi et al., 2015). 

However, the findings also highlight that the successful integration of AI is contingent upon 

addressing critical ethical and governance challenges. Issues related to data privacy, 

algorithmic bias, and limited explainability continue to pose risks to fairness, accountability, 

and stakeholder trust (Mittelstadt et al., 2016; Floridi et al., 2018; Mehrabi et al., 2021). These 

concerns are particularly pronounced given that many AI systems operate as opaque “black 

boxes,” complicating auditability and regulatory oversight (Burrell, 2016; Doshi-Velez & Kim, 

2017). Consequently, robust governance frameworks grounded in ethical principles are 
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essential to ensure responsible AI deployment and to safeguard financial system integrity 

(Cath, 2018; Jobin et al., 2019). 

From an institutional perspective, the study underscores the importance of regulatory and 

organizational environments in shaping AI adoption. Drawing on Institutional Theory, the 

diffusion of AI technologies is influenced by coercive pressures from regulators, normative 

expectations from professional bodies, and mimetic forces within industries (DiMaggio & 

Powell, 1983; Scott, 2014). At the same time, the Technology Acceptance Model highlights 

that perceived usefulness, ease of use, and organizational readiness remain critical determinants 

of adoption (Venkatesh & Davis, 2000). This explains the observed disparities in AI adoption 

between developed regions (e.g., North America and Europe) and developing regions (e.g., 

Africa), where infrastructural and institutional constraints persist (Raimo et al., 2021). 

The study further emphasizes that maximizing the benefits of AI in fraud detection and 

financial transparency requires an interdisciplinary approach that integrates technological 

expertise with financial knowledge, ethical considerations, and policy frameworks 

(Appelbaum et al., 2017; Ngai et al., 2011). Such collaboration is essential for developing 

standardized practices, enhancing system reliability, and ensuring that AI-driven decisions are 

both technically sound and socially responsible. In terms of policy implications, governments 

and financial institutions must collaborate to establish comprehensive regulatory frameworks 

that balance innovation with ethical safeguards. This includes promoting transparency in AI 

algorithms, strengthening data protection laws, and investing in capacity building to support 

AI adoption, particularly in emerging economies. 

Future research should focus on empirical investigations across diverse geographical and 

organizational contexts to better understand the determinants and outcomes of AI adoption in 

financial systems. Comparative studies between developed and developing regions especially 

in under-researched contexts such as Africa would provide valuable insights into contextual 

challenges and opportunities. Additionally, further research is needed to develop standardized 

ethical guidelines, explainable AI models, and governance mechanisms that enhance 

transparency, accountability, and trust in AI-enabled financial systems. 
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