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ABSTRACT: The accelerating adoption of artificial intelligence (AI) in accounting and financial management has introduced both 

transformative opportunities and complex risks. While AI-driven systems promise enhanced efficiency, predictive analytics, and 

real-time reporting, they simultaneously create vulnerabilities related to data integrity, model bias, algorithmic opacity, and 

regulatory compliance. This paper proposes the Digital Finance Transformation Model (DFTM), a conceptual framework designed 

to integrate risk management and control mechanisms into AI-enabled accounting systems. The model emphasizes a layered 

architecture of governance, technological safeguards, and adaptive controls that align financial innovation with trust and 

accountability. Key elements include algorithmic audit trails, explainability protocols, embedded compliance monitoring, and 

dynamic risk assessment tools capable of adjusting to evolving data environments. By positioning risk and control as integral to 

system design rather than afterthoughts, the DFTM provides organizations with a blueprint for embedding resilience, transparency, 

and ethical assurance into digital finance infrastructures. The framework also highlights the role of human oversight through 

augmented decision-making, where finance professionals complement AI outputs with contextual judgment and ethical 

considerations. Application of the DFTM ensures that AI-driven accounting systems do not only enhance efficiency but also 

preserve the fundamental principles of accuracy, reliability, and stakeholder trust. For regulators, the model offers insights into 

creating adaptable supervisory frameworks capable of keeping pace with technological innovation. For practitioners, it serves as a 

guide for integrating AI responsibly into core accounting functions such as auditing, reporting, fraud detection, and compliance 

monitoring. Ultimately, the DFTM positions risk and control as enablers rather than inhibitors of digital finance transformation, 

offering a structured pathway for reconciling innovation with accountability. By advancing a holistic approach that combines 

technology, governance, and human judgment, this study contributes to the evolving discourse on sustainable and trustworthy AI 

adoption in financial systems. 

KEYWORDS: digital finance transformation, AI-driven accounting, risk management, control mechanisms, algorithmic audit 
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1.0. INTRODUCTION 

The integration of artificial intelligence into finance and 

accounting has marked a significant shift in how 

organizations process data, manage risks, and make 

decisions. Once reliant on manual systems and static 

software, financial operations are now being reimagined 

through AI-driven automation, predictive analytics, and 

intelligent decision-support tools. Accounting systems 

powered by machine learning and natural language 

processing can process vast amounts of financial data in real 

time, detect anomalies, forecast future trends, and support 

compliance with evolving regulatory standards (Olajide, et 

al., 2022, Ubamadu, et al., 2022). This transformation creates 

new possibilities for efficiency, accuracy, and strategic 

insight, positioning AI not just as a technological upgrade but 

as a foundational driver of digital finance transformation. 

 

However, alongside these opportunities, AI-driven systems 

bring complex risks that challenge traditional approaches to 

accounting governance. Issues such as algorithmic bias, 

opacity in decision-making, data integrity, cybersecurity 

threats, and compliance uncertainties raise critical concerns 

for organizations, regulators, and stakeholders. Unlike 

conventional systems, where processes and outputs can be 

easily audited, AI introduces layers of complexity that make 

it difficult to trace decisions back to clear, human-readable 

logic (Adeshina, 2025, Ogunmolu, et al., 2025). The opacity 

of “black box” models increases the risk of financial 

misstatements, misinformed decisions, or undetected fraud. 

Furthermore, the automation of control functions themselves 

can create vulnerabilities if oversight mechanisms are not 

carefully embedded into the system. This convergence of 

promise and peril underscores the importance of designing 
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risk and control measures as integral components of digital 

finance transformation rather than as reactive add-ons (Ojika, 

et al., 2023, Okafor, et al., 2023, Onibokun, et al., 2023). 

The need for embedding risk and control into AI-enabled 

accounting is therefore central to ensuring that innovation 

does not compromise accountability. Traditional risk 

management frameworks must evolve to accommodate 

continuous learning systems that adapt over time and may 

produce new risks even after deployment. Embedding 

control-by-design principles where explainability, 

auditability, and compliance monitoring are woven into the 

architecture of AI systems ensures that financial processes 

remain reliable and trustworthy. This requires a rethinking of 

how organizations structure internal controls, integrate 

regulatory compliance, and balance the efficiencies of 

automation with the safeguards of human oversight (Osho, et 

al., 2024, Ubamadu, et al., 2024). 

The purpose of this study is to introduce and develop the 

Digital Finance Transformation Model, which conceptualizes 

a layered approach to integrating risk and control into AI-

driven accounting systems. The model emphasizes that 

digital transformation in finance must go hand in hand with 

governance, aligning technological innovation with 

principles of transparency, resilience, and ethical assurance. 

Its contribution lies in reframing the discourse on digital 

finance from one focused primarily on efficiency to one that 

prioritizes sustainable trust and accountability (Ogundipe, et 

al., 2019, Oni, et al., 2018). Specifically, it seeks to answer 

critical questions: How can risk management be embedded 

into AI systems without constraining their adaptive potential? 

What role should human oversight play in complementing 

algorithmic decision-making? And how can financial 

institutions design architectures that meet both operational 

needs and regulatory expectations in a digital age? By 

addressing these questions, the study contributes to both 

theory and practice, offering a framework that advances 

scholarly debates on digital finance while providing practical 

guidance for organizations navigating the future of AI-

enabled accounting (Olajide, et al., 2022, Owobu, et al., 

2022). 

2.1. LITERATURE REVIEW 

The evolution of digital finance and accounting technologies 

provides the foundation for understanding the challenges and 

opportunities that artificial intelligence introduces in 

contemporary financial systems. Early stages of digitization 

in finance were characterized by the adoption of enterprise 

resource planning (ERP) software, computer-assisted 

auditing tools, and automated transaction processing systems. 

These technologies improved efficiency by reducing manual 

data entry, improving record accuracy, and enabling real-time 

reporting (Olajide, et al., 2021). Over the past two decades, 

innovations such as cloud computing, blockchain, robotic 

process automation, and data analytics have further expanded 

the capacity of financial systems to process and analyze vast 

amounts of data. Accounting technologies have shifted from 

being back-office tools for compliance and reporting to 

becoming strategic enablers that support forecasting, 

decision-making, and risk analysis. The rise of AI, 

particularly machine learning, natural language processing, 

and predictive modeling, marks the latest phase in this 

transformation. These technologies allow financial systems 

to identify patterns in complex datasets, detect anomalies, 

automate reconciliations, and even generate financial insights 

without significant human intervention (Okolie, et al., 2021, 

Olajide, et al., 2021). Yet, while the trajectory of innovation 

has expanded opportunities, it has also raised questions about 

how governance, risk management, and control mechanisms 

must evolve in tandem. 

Risk management frameworks in financial systems have 

traditionally been designed to identify, evaluate, and mitigate 

risks across credit, liquidity, operational, market, and 

compliance dimensions. Frameworks such as the Committee 

of Sponsoring Organizations of the Treadway Commission 

(COSO) Enterprise Risk Management model and Basel 

accords for financial institutions have provided standardized 

approaches to risk management. In accounting, internal 

controls based on the COSO Internal Control–Integrated 

Framework have emphasized safeguarding assets, ensuring 

data accuracy, and maintaining compliance with laws and 

regulations (Olajide, et al., 2022, Umana, et al., 2022). While 

effective in conventional financial systems, these frameworks 

assume that processes and decision pathways are transparent, 

predictable, and subject to human oversight. The 

incorporation of AI, however, complicates these 

assumptions. Risk becomes multidimensional, as 

organizations must account not only for traditional financial 

risks but also for algorithmic risks such as data bias, model 

drift, explainability challenges, and adversarial manipulation 

(Adeshina & During, 2025, Okafor, et al., 2025). AI models 

are dynamic and adaptive, meaning they can generate new 

risks post-deployment, which traditional frameworks are ill-

equipped to handle. Risk management in AI-enabled 

financial systems requires approaches that are more 

continuous, adaptive, and integrated into system design rather 

than periodic or retrospective. 

Control mechanisms in AI and digital platforms reflect 

ongoing efforts to address these new challenges. 

Conventional accounting systems relied heavily on 

segregation of duties, audit trails, access controls, and manual 

oversight as key pillars of control. In digital platforms, these 

have been augmented with automated monitoring systems, 

encryption, anomaly detection algorithms, and blockchain-

based immutability. AI introduces both enhanced control 

opportunities and new vulnerabilities. On one hand, AI can 

improve risk detection by identifying unusual transactions or 

fraud patterns in ways that humans may miss (Okolie, et al., 

2022, Olajide, et al., 2022). Machine learning models can 

continuously monitor transaction flows, providing real-time 
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risk alerts and adaptive thresholds. Natural language 

processing can assist in monitoring regulatory compliance by 

scanning contracts or communications for violations. On the 

other hand, the opacity of AI models challenges the 

fundamental principle of auditability. If a neural network 

identifies an anomaly, explaining why it flagged a transaction 

may not be straightforward, making it difficult to validate and 

act upon the system’s decisions. Additionally, the automation 

of control functions increases dependency on algorithms, 

which, if compromised or poorly designed, may propagate 

errors at scale. Thus, the design of AI-enabled control 

systems requires embedding explainability, transparency, and 

oversight into their architecture principles often referred to as 

“control by design.” Figure 1 shows figure of Digital 

Transformation in Finance Industry presented by Chahal, 

2023. 

 
Figure 1: Digital Transformation in Finance Industry 

(Chahal, 2023). 

 

Despite progress in integrating digital tools and AI into 

financial systems, gaps remain in current approaches to AI-

enabled accounting governance. One key gap is the absence 

of standardized frameworks for evaluating the governance of 

AI systems in accounting contexts. While international 

bodies have begun to address AI ethics and accountability, 

such as the OECD Principles on AI or the European Union’s 

AI Act, these guidelines are general in nature and not 

specifically tailored to the unique requirements of accounting 

and financial reporting. As a result, firms often develop ad 

hoc governance measures, leading to inconsistency and 

uneven application of safeguards (Agboola, et al., 2024, 

Ogunmokun, Balogun & Ogunsola, 2024, Okolie, et al., 

2024). Another gap lies in the challenge of explainability. AI 

models, particularly deep learning systems, often operate as 

“black boxes” where the logic behind decisions is not easily 

interpretable. This conflicts with the principle of transparency 

central to accounting, where every transaction and decision 

must be traceable and verifiable. Without explainability, it 

becomes difficult for auditors, regulators, or stakeholders to 

trust AI-driven accounting systems (Akhamere, 2023, 

Ogunmokun, Balogun & Ogunsola, 2023, Onunka, et al., 

2023). 

Additionally, existing control mechanisms often lag behind 

the pace of technological change. While organizations have 

introduced automated auditing tools and AI-based fraud 

detection systems, many still rely on traditional compliance-

based approaches that do not account for the adaptive and 

self-learning nature of AI. Current models often focus on 

retrospective audits rather than real-time, continuous 

monitoring, creating a mismatch between the dynamism of 

AI and the static nature of oversight. This leaves 

organizations vulnerable to risks such as model drift, where 

AI systems gradually deviate from intended performance due 

to changes in underlying data. Moreover, the integration of 

AI into accounting increases dependency on large datasets, 

raising concerns about data privacy, security, and integrity 

(Adetunmbi, et al., 2025, Olufemi, et l., 2025, Oyeyemi, John 

& Awodola, 2025). Traditional governance frameworks are 

not fully equipped to manage these concerns, especially in 

environments where financial data must be protected across 

complex global supply chains and regulatory jurisdictions. 

Another significant gap is the limited incorporation of human 

oversight in AI-enabled accounting governance. While 

automation reduces the need for manual processes, the 

absence of human judgment creates risks in areas requiring 

ethical or contextual interpretation. For example, an AI model 

may flag a legitimate transaction as suspicious due to data 

anomalies, requiring human judgment to interpret the context. 

Similarly, decisions about materiality, fair value, or 

accounting policies often demand professional skepticism 

and contextual reasoning that AI systems cannot replicate. 

Current approaches often overlook the need to balance AI 

efficiency with human oversight, risking overreliance on 

automated decision-making. This gap highlights the 

importance of designing governance systems that embed 

human accountability alongside AI capabilities (Olajide, et 

al., 2022, Olajide, et al., 2021). 

The literature also highlights the uneven readiness of 

organizations to adopt robust governance practices for AI in 

accounting. Larger firms with resources may invest in 

explainable AI models, compliance-focused digital 

infrastructures, and interdisciplinary risk management teams. 

Smaller firms, however, often lack such capabilities, relying 

on off-the-shelf AI tools without sufficient understanding of 

their risks or governance requirements. This creates 

disparities in the robustness of controls across the financial 

ecosystem, raising concerns about systemic vulnerabilities 

(Adeoye, et al., 2025, Onwuzulike, et al., 2025). 

In conclusion, the literature reveals that while digital finance 

and accounting technologies have advanced significantly, the 

integration of AI introduces novel risks and challenges that 

existing frameworks are not fully prepared to address. Risk 

management systems designed for predictable, human-driven 
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processes struggle with the adaptive, opaque, and data-

intensive nature of AI models. Control mechanisms, though 

increasingly digitized, face limitations in ensuring 

explainability, accountability, and resilience (Ojika, et al., 

2023, Olajide, et al., 2023, Onunka, et al., 2023). Gaps in 

current governance approaches include the lack of 

standardized frameworks, insufficient integration of 

continuous oversight, inadequate attention to data integrity 

and privacy, and limited incorporation of human judgment. 

These gaps underscore the need for new models, such as the 

Digital Finance Transformation Model, which embed risk 

and control directly into the design of AI-enabled accounting 

systems. By addressing these deficiencies, such models can 

ensure that the transformative potential of AI in finance is 

realized without undermining the core principles of 

transparency, accountability, and trust (Olajide, et al., 2020, 

Owobu, et al., 2021). 

2.2. Methodology 

The methodology for the Digital Finance Transformation 

Model: Designing Risk and Control in Artificial Intelligence-

Driven Accounting Systems integrates conceptual, analytical, 

and design-oriented strategies derived from the literature. The 

approach begins with a systematic exploration of cloud-

optimized and AI-enhanced decision-making frameworks 

that support agile business transformation. Building on 

contributions from Abayomi et al. (2022, 2024) and Agboola 

et al. (2024, 2025), the model adopts a data-centric 

architecture where real-time data analytics serve as the 

foundation for financial intelligence and risk oversight. This 

ensures accounting systems operate with continuous 

observability, transparency, and resilience. 

A design-science methodology underpins the model 

construction. First, core requirements are elicited from the 

review of blockchain-enabled compliance frameworks 

(Achebe et al., 2023, 2024, 2025) and AI-driven anomaly 

detection strategies (Adanigbo et al., 2024). These 

requirements include scalability, auditability, privacy 

assurance, and cross-border regulatory compliance. The 

methodology then employs iterative conceptual modeling, 

aligning each layer of the framework with functional themes 

such as zero-trust security enforcement (Adanigbo et al., 

2022), predictive fraud detection (Ogunmokun et al., 2022), 

and explainable AI for interpretability (Okonkwo et al., 

2025). Each thematic integration is validated through 

mapping against observed patterns in the reviewed works. 

The transformation model is structured into three operational 

layers: the data engineering layer, the intelligence layer, and 

the governance-control layer. The data engineering layer 

employs automated ETL pipelines and cloud-native 

infrastructures (Ogunsola et al., 2022; Afrihyia et al., 2022) 

to secure and preprocess accounting data. The intelligence 

layer integrates machine learning pipelines for risk scoring, 

credit risk modeling, and fraud detection (Akhamere, 2022, 

2023). It embeds predictive and prescriptive analytics for 

transaction monitoring, while ensuring bias mitigation and 

fairness checks. The governance-control layer leverages 

blockchain-based audit trails and privacy-by-design 

principles (Okon et al., 2024; Oladejo et al., 2025) to provide 

immutable record-keeping, real-time compliance monitoring, 

and enforceable smart contracts. 

A hybrid validation process is employed to demonstrate 

feasibility. Conceptual evaluation is conducted by cross-

referencing with existing AI and blockchain models cited in 

the literature, ensuring alignment with best practices in 

financial risk management and accounting governance. 

Analytical simulation techniques, such as risk scenario 

modeling and transaction-based stress testing, are proposed 

to evaluate performance in terms of accuracy, latency, 

resilience, and interpretability. The methodology emphasizes 

continuous monitoring and feedback integration, in line with 

advanced observability practices (Abieba et al., 2025), to 

ensure adaptive resilience to emerging financial and cyber 

threats. 

By synthesizing insights across cloud computing, blockchain, 

AI, and financial governance research, this methodology 

designs a comprehensive digital finance transformation 

model. It integrates risk and control as intrinsic features of 

AI-driven accounting systems, ensuring that innovation in 

financial decision-making does not compromise 

accountability, regulatory compliance, or systemic trust. 

 
Figure 2: Flowchart of the study methodology 

 

2.3. Theoretical Foundation 

The theoretical foundation of the Digital Finance 

Transformation Model is rooted in the recognition that 

financial systems are both enablers of economic growth and 

custodians of trust, making risk management and control 

indispensable. As artificial intelligence becomes increasingly 

integrated into accounting systems, the principles of financial 

risk management and internal control, long established in 

practice and scholarship, must be extended to address the 

unique challenges posed by machine-driven processes. 

Traditional theories of risk management in finance emphasize 

the identification, measurement, and mitigation of risks 

across categories such as credit, market, liquidity, 
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operational, and compliance (Olajide, et al., 2022, Olajide, et 

al., 2021). Internal control frameworks, most notably 

articulated by the Committee of Sponsoring Organizations of 

the Treadway Commission (COSO), focus on safeguarding 

assets, ensuring the reliability of reporting, and promoting 

adherence to policies and regulations. These frameworks are 

based on assumptions of transparency, traceability, and 

human accountability. Yet when applied to artificial 

intelligence-driven systems, where algorithms generate 

outputs through complex, adaptive processes, these 

assumptions are disrupted. The Digital Finance 

Transformation Model draws on these established principles 

but extends them to new dimensions, embedding risk and 

control into the very architecture of digital finance to ensure 

resilience, accountability, and trust (Achebe, Ilori & Isibor, 

2025, Oladejo, et al., 2025). 

Artificial intelligence introduces distinctive categories of 

risks that challenge traditional financial governance. Bias in 

AI systems is one such risk, arising when training datasets 

reflect historical inequalities or incomplete information. In 

accounting contexts, biased AI models can misclassify 

transactions, misinterpret patterns, or make skewed 

recommendations that distort financial reporting and 

decision-making. This creates reputational and compliance 

risks for organizations that may unknowingly propagate 

discriminatory or inaccurate outputs. Opacity, often referred 

to as the “black box” problem, compounds this issue 

(Abayomi, et al., 2022, Ogunyankinnu, et al., 2022). Many 

AI models, especially deep learning networks, operate 

through layers of computation that are difficult for humans to 

interpret. In traditional accounting systems, decision paths are 

documented, audited, and explained, but AI outputs may lack 

a clear rationale accessible to auditors or regulators. This 

undermines accountability, as organizations may struggle to 

justify financial statements derived from opaque models. 

Data security is another critical risk area. AI systems depend 

on vast amounts of sensitive financial and transactional data, 

which increases exposure to cyberattacks, breaches, and data 

manipulation. The integrity and confidentiality of data are 

core to accounting, and any compromise can have cascading 

effects on financial trust. Compliance risks are equally 

significant, as regulatory environments have not fully caught 

up with the complexities of AI. Organizations may face 

uncertainty in applying existing financial reporting, auditing, 

and data protection rules to AI-driven processes, creating 

ambiguity and potential liabilities (Adeshina, Owolabi & 

Olasupo, 2023, Oladejo, et al., 2025). Together, these AI-

specific risks demand a reconceptualization of risk 

management frameworks that embeds continuous 

monitoring, explainability, and resilience into financial 

systems. 

Human-AI interaction in accounting decision-making 

represents another pillar of the theoretical foundation. While 

AI promises efficiency and predictive power, it does not 

eliminate the role of human judgment. Accounting is not 

merely a technical exercise but a domain that requires 

professional skepticism, contextual reasoning, and ethical 

interpretation. For example, while an AI system may detect 

an anomaly in transactional data, it requires human expertise 

to determine whether the anomaly reflects fraud, error, or a 

legitimate but unusual business activity. Similarly, decisions 

related to fair value measurement, revenue recognition, or 

materiality judgments often depend on nuanced 

understanding of business context and regulatory 

expectations, which AI cannot fully replicate (Akhamere, 

2022, Ogunsola, Balogun & Ogunmokun, 2022). The 

literature on socio-technical systems highlights the risks of 

overreliance on automation, such as automation bias, where 

humans defer excessively to machine outputs even when they 

are flawed. The Digital Finance Transformation Model 

emphasizes a balanced approach where AI enhances, rather 

than replaces, human decision-making. This requires 

frameworks that integrate human oversight into algorithmic 

processes, ensuring that accountants remain accountable 

interpreters and validators of AI-driven outputs (Agboola, et 

al., 2025, Oladejo, et al., 2025). The interaction between 

humans and AI must be designed to complement the strengths 

of both: machines excel at speed and pattern recognition, 

while humans bring contextual judgment, ethical reasoning, 

and accountability. Figure 3 shows digital transformation 

model for financial accounting presented by Zhao, 2023. 

 
Figure 3: Digital transformation model for financial 

accounting (Zhao, 2023). 

 

Governance plays a central role in shaping digital 

transformation, ensuring that the adoption of AI in finance 

aligns with principles of accountability, fairness, and 

sustainability. Theories of corporate governance traditionally 

focus on aligning the interests of managers and shareholders, 

ensuring transparency, and protecting stakeholders through 

oversight mechanisms such as boards, audits, and regulatory 

compliance. In the context of digital finance, governance 

must extend to algorithms, data practices, and AI-driven 

systems. This involves establishing frameworks for 

algorithmic accountability, requiring organizations to 

document, audit, and explain AI models used in accounting 

processes (Adewa, et al., 2025, Olufemi, 2025). Governance 
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also entails defining responsibility for AI-driven decisions, 

clarifying whether accountability lies with developers, 

managers, or organizations as a whole. Ethical governance 

principles, such as fairness, non-discrimination, and respect 

for privacy, must be embedded into the design and 

deployment of AI systems, ensuring that financial 

transformation does not compromise societal values. 

Regulatory governance further underscores the need for 

harmonization between innovation and compliance. As 

global regulators begin to issue guidance on AI, organizations 

must align their digital finance strategies with evolving legal 

requirements while maintaining operational flexibility. 

Governance in this sense becomes both a constraint and an 

enabler, setting boundaries to mitigate risks while fostering 

trust that allows innovation to scale responsibly (Abieba, et 

al., 2025, Okolie, et al., 2025, Rathore, et al., 2025). 

The Digital Finance Transformation Model integrates these 

theoretical foundations into a layered approach. At its base 

are the enduring principles of financial risk management and 

internal control, which remain relevant but require adaptation 

for AI contexts. These principles stress accountability, 

reliability, and compliance, which must now be reinterpreted 

for opaque and adaptive systems. Building on this foundation, 

the model incorporates AI-specific risks bias, opacity, data 

security, and compliance as central elements rather than 

peripheral concerns (Olajide, et al., 2021). Addressing these 

risks requires embedding mechanisms of explainability, 

transparency, and resilience into system design, ensuring that 

AI-driven accounting does not erode trust. The role of 

human-AI interaction is framed not as a binary choice 

between automation and manual oversight but as a continuum 

where each complements the other (Owoade, et al., 2024, 

Ubamadu, et al., 2024, Uchendu, Akintayo & Dagunduro, 

2024). Accountants and auditors must remain active 

participants in interpreting AI outputs, exercising 

professional judgment, and ensuring ethical compliance. 

Governance serves as the overarching framework, aligning 

organizational strategies, regulatory requirements, and 

societal expectations, ensuring that digital transformation is 

both innovative and responsible. Figure 4 shows Risk 

Management Framework presented by Ikudabo, A. O& 

Kumar, 2024. 

 
Figure 4: Risk Management Framework (Ikudabo, A. 

O& Kumar, 2024). 

This theoretical foundation positions the Digital Finance 

Transformation Model as a response to the limitations of both 

traditional risk management frameworks and unregulated AI 

adoption. It bridges the gap between established financial 

governance principles and emerging challenges posed by 

artificial intelligence, offering a pathway to embed risk and 

control into the DNA of digital finance. By doing so, it 

ensures that innovation does not outpace accountability and 

that financial systems remain resilient, trustworthy, and 

aligned with their core purpose: to support economic activity 

while safeguarding public confidence. Ultimately, the model 

acknowledges that the future of finance is inseparable from 

technology, but insists that technology must be governed by 

principles of risk management, human accountability, and 

ethical oversight to create sustainable value (Adeshina & 

During, 2025, Olufemi, 2025, Ubamadu, et al., 2025). 

2.4. Conceptualization of the Digital Finance 

Transformation Model (DFTM) 

The conceptualization of the Digital Finance Transformation 

Model (DFTM) begins with the recognition that artificial 

intelligence is not simply a technological add-on to traditional 

accounting systems but a transformative force that changes 

how financial information is produced, verified, and trusted. 

To manage this transformation effectively, risk and control 

cannot be external safeguards imposed after implementation 

but must be built into the architecture of AI-driven accounting 

systems. The DFTM is therefore designed as a layered, 

integrated framework where governance, explainability, 

compliance, adaptive risk assessment, and human oversight 

are embedded as core features rather than reactive measures. 

Its architecture is dynamic and iterative, ensuring that AI-

enabled accounting systems remain resilient, transparent, and 

adaptable to evolving regulatory and business environments 

(Oyeyemi, Orenuga & Adelakun, 2024, Oyeyipo, et al., 

2024). 

At the foundation of the model is the governance and 

oversight layer, which establishes the institutional framework 

for accountability. Traditional corporate governance focuses 

on aligning management decisions with stakeholder interests 

through mechanisms such as audits, board oversight, and 

regulatory compliance. In an AI-driven accounting 

environment, governance must expand to encompass 

algorithmic processes and data practices. The DFTM situates 

governance as the primary layer that directs and constrains 

the operation of AI systems, ensuring that algorithms function 

in line with ethical, legal, and professional standards (Olajide, 

et al., 2022, Onibokun, et al., 2022). This layer includes 

defined roles and responsibilities for developers, accountants, 

auditors, and regulators, making it clear who is accountable 

for system outputs. Governance also incorporates policies for 

data governance, ensuring that the quality, integrity, and 

security of financial data feeding into AI models are 

maintained. In this way, governance in the DFTM functions 

as both a shield against risks and an enabler of innovation, 
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providing confidence to stakeholders that AI-driven 

accounting systems operate under reliable oversight (Ojika, 

et al., 2023, Okolie, et al., 2023, Olajide, et al., 2023). 

Built into this governance layer are algorithmic audit trails 

and explainability protocols. One of the greatest challenges 

of integrating AI into accounting is the opacity of complex 

models such as deep learning networks, which can generate 

accurate predictions without producing human-readable 

reasoning. For accounting, where auditability and 

transparency are fundamental, this presents a critical barrier. 

The DFTM addresses this by embedding algorithmic audit 

trails into the system’s architecture (Olajide, et al., 2022, 

Onyedikachi et al., 2023). Every decision or output generated 

by the AI is logged with contextual metadata, such as data 

inputs, processing pathways, and the probabilistic weightings 

applied by the model. These audit trails ensure that outputs 

are traceable, enabling auditors and regulators to reconstruct 

decision pathways even in complex systems. Complementing 

this is the incorporation of explainability protocols that 

simplify and translate algorithmic logic into forms 

understandable by human stakeholders (Olajide, et al., 2022, 

Onotole, et al., 2023, Ubamadu, et al., 2023). For example, 

explainability tools may generate reports that highlight which 

variables most influenced a particular accounting decision, 

providing interpretability without requiring stakeholders to 

decode the full model architecture. Together, audit trails and 

explainability protocols ensure that AI-driven systems do not 

undermine the core accounting principle of transparency. 

Embedded compliance and regulatory monitoring represent 

another essential feature of the DFTM. The financial sector is 

among the most heavily regulated, with rules spanning 

accounting standards, data protection, anti-money 

laundering, and corporate governance. Traditional systems 

rely on periodic audits or compliance checks, but AI-driven 

systems require real-time monitoring to prevent violations 

before they occur. The DFTM integrates compliance 

protocols directly into the operational layer of AI systems, 

using natural language processing to scan evolving 

regulations and automatically align processes with updated 

requirements (Akinboboye, et al., 2022, Ojika, et al., 2022). 

For instance, if a new international financial reporting 

standard is adopted, the system can flag processes or outputs 

that fall out of compliance and suggest adjustments. 

Regulatory monitoring also involves maintaining a digital 

ledger of compliance activities, which not only assists in 

demonstrating adherence to regulators but also builds 

confidence among investors and stakeholders. Embedding 

compliance into the system ensures that regulation does not 

become a barrier to digital transformation but an integral part 

of its functioning (Adeshina & During, 2024, Ogunbiyi-

Badaru, et al., 2024, Ojika, et al., 2024). 

Adaptive risk assessment tools form the final structural pillar 

of the model. Traditional risk management frameworks in 

finance operate on static assumptions, with risk profiles 

assessed periodically based on historical data and expected 

conditions. However, AI-driven accounting systems operate 

in environments of continuous learning, where risks evolve 

in real time. The DFTM incorporates adaptive risk 

assessment mechanisms that continuously monitor model 

performance, data integrity, and external conditions to update 

risk profiles dynamically (Afrihyia, et al., 2022, Ojika, et al., 

2022). For example, if an AI model trained on historical 

transaction data begins to show signs of model drift due to 

shifts in consumer behavior or regulatory changes, adaptive 

risk tools can flag these deviations, prompting recalibration 

or human review. Similarly, anomaly detection systems can 

identify unusual patterns in financial transactions that may 

signal fraud, errors, or emerging risks. These tools make risk 

management a continuous and proactive process, ensuring 

that controls evolve alongside the system rather than lagging 

behind (Aborode, et al., 2025, Ogunjobi,et al., 2025, 

Oyeyemi, Akinlolu & Awodola, 2025). 

While the DFTM emphasizes algorithmic controls, it places 

equal importance on the role of augmented human oversight. 

Human accountants and auditors remain essential, not only 

for interpreting AI outputs but also for making ethical and 

contextual judgments that machines cannot. Augmented 

oversight refers to a system where human professionals are 

empowered by AI rather than replaced by it. For example, AI 

may process vast datasets to detect anomalies, but humans 

must decide whether these anomalies reflect fraud, error, or 

legitimate but irregular transactions. Similarly, while AI can 

generate predictive insights, humans must weigh these 

against broader strategic, ethical, and regulatory 

considerations (Agboola, et al., 2024, Ogunyankinnu, et al., 

2024, Ojika, et al., 2024). The DFTM conceptualizes human 

oversight as a layered interaction, where humans are not 

merely passive monitors but active validators, interpreters, 

and decision-makers. Training accountants and auditors in AI 

literacy becomes a necessary component of this oversight, 

ensuring that professionals can critically evaluate and 

challenge algorithmic outputs rather than deferring blindly to 

them. This integration preserves accountability and prevents 

overreliance on opaque systems. 

Dynamic feedback loops are integral to ensuring continuous 

improvement in the DFTM. Unlike static systems, AI models 

evolve through learning, and accounting environments are 

subject to constant regulatory, economic, and organizational 

changes. Feedback loops allow the system to incorporate 

lessons from performance outcomes, regulatory updates, and 

human oversight into ongoing refinements. For instance, if an 

anomaly detection system generates a high rate of false 

positives, the feedback loop can recalibrate thresholds to 

improve accuracy. Similarly, insights from human oversight 

such as ethical concerns or contextual judgments can be fed 

back into the model to adjust its decision-making parameters 

(Adeshina, 2021, Ogunsola, Balogun & Ogunmokun, 2021). 

These loops also extend to compliance monitoring, where 
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regulatory changes trigger automated updates to system 

processes and reporting protocols. The feedback system is not 

limited to technical adjustments but also includes 

organizational learning, where insights from system 

performance inform broader strategies in digital finance 

transformation. By embedding dynamic feedback loops, the 

DFTM ensures that AI-driven accounting systems remain 

adaptive, resilient, and aligned with both technological 

advancements and external requirements (Adanigbo, et al., 

2022, Ogunmokun, Balogun & Ogunsola, 2022). 

Taken as a whole, the conceptualization of the Digital 

Finance Transformation Model demonstrates a shift from 

viewing AI as a standalone tool to recognizing it as part of an 

integrated socio-technical system. Its architecture balances 

algorithmic efficiency with human judgment, operational 

speed with regulatory compliance, and predictive capability 

with accountability. By embedding governance, auditability, 

compliance, risk assessment, human oversight, and feedback 

into the system design, the DFTM ensures that the adoption 

of AI in accounting enhances trust rather than eroding it 

(Olajide, et al., 2020, Owobu, et al., 2021). It responds 

directly to the gaps identified in current literature, where AI 

adoption often emphasizes efficiency while neglecting 

transparency, accountability, and control. The model thus 

provides both a theoretical foundation and a practical 

roadmap for organizations seeking to transform their 

financial systems responsibly. Ultimately, the DFTM 

positions digital finance transformation not as a process of 

replacing human-led systems with machines but as an 

evolution toward hybrid architectures that combine the 

strengths of both. This vision ensures that AI adoption in 

finance advances innovation while preserving the 

foundational principles of reliability, integrity, and 

accountability that underpin the field of accounting 

(Adeshina, Adeleke & Ndukwe, 2025, Okonkwo, et al., 

2025). 

2.5. Application to AI-Driven Accounting Systems 

The application of the Digital Finance Transformation Model 

(DFTM) to AI-driven accounting systems highlights how 

governance, risk, and control can be systematically embedded 

into the daily operations of financial reporting, auditing, and 

compliance. Traditional accounting processes have always 

relied on strict internal controls and regulatory frameworks to 

safeguard the integrity of financial information, but AI has 

introduced both new possibilities and new risks that require a 

rethinking of these mechanisms. The DFTM functions as a 

guiding architecture that ensures AI-enabled systems not only 

provide efficiency and insight but also preserve 

accountability, transparency, and trust. Its application across 

key areas such as reporting, fraud detection, predictive 

analytics, and sectoral contexts demonstrates its practical 

utility in transforming finance responsibly (Olajide, et al., 

2022, Oyeyemi, 2022). 

The first point of application lies in financial reporting, where 

the stakes for accuracy and compliance are particularly high. 

AI systems are increasingly being deployed to automate 

journal entries, reconcile accounts, and generate real-time 

financial statements. While these applications promise 

significant efficiency gains, they also pose risks if outputs are 

not transparent or verifiable. By applying the DFTM, 

organizations can integrate algorithmic audit trails into their 

financial reporting systems, ensuring that every AI-generated 

entry or recommendation is logged with sufficient metadata 

to explain how it was derived. This allows auditors to 

reconstruct decision pathways and validate outputs, even in 

complex machine learning environments (Adanigbo, et al., 

2022, Ojika, et al., 2022). Furthermore, the embedded 

compliance layer of the DFTM ensures that AI-driven 

reporting systems remain aligned with evolving international 

standards such as IFRS or GAAP. Automated monitoring can 

flag discrepancies between system outputs and regulatory 

requirements, reducing the risk of non-compliance. In this 

way, the DFTM transforms financial reporting from a static, 

periodic exercise into a dynamic process where accuracy, 

accountability, and compliance are continuously 

safeguarded. 

Auditing is another domain where the DFTM demonstrates 

clear applicability. Traditional audits rely heavily on 

sampling and manual verification, which are both time-

consuming and limited in scope. AI enables continuous 

auditing, where entire datasets can be analyzed in real time 

for anomalies, risks, or irregularities. Yet, without 

appropriate controls, this automation risks producing opaque 

outputs that auditors may not fully understand or trust. The 

DFTM addresses this challenge by embedding explainability 

protocols within AI auditing tools. For example, when an AI 

system identifies a suspicious transaction, the DFTM ensures 

that the factors influencing this judgment such as unusual 

timing, frequency, or counterparty behavior are made 

transparent (Ojika, et al., 2023, Olajide, et al., 2023, Omisola, 

et al., 2023). This empowers auditors to exercise professional 

judgment in evaluating whether the flagged item truly 

represents a risk. Adaptive risk assessment tools further 

enhance auditing by continuously updating risk profiles based 

on new data, ensuring that audit activities remain relevant to 

evolving business and regulatory conditions. Through these 

applications, the DFTM positions auditing as a proactive, 

continuous function rather than a retrospective compliance 

exercise. 

Fraud detection and predictive analytics offer another area 

where the DFTM provides a structured approach to 

embedding risk and control into AI systems. AI models excel 

at detecting patterns in large datasets, identifying anomalies 

that may signal fraudulent activity. However, fraud detection 

systems are highly sensitive to the quality of input data and 

are vulnerable to both false positives and adversarial 

manipulation. By applying the DFTM, fraud detection 
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systems are equipped with adaptive risk assessment 

mechanisms that recalibrate thresholds dynamically to reduce 

false alarms while maintaining vigilance (Achebe, Ilori & 

Isibor, 2023, Ojika, et al., 2023, Olajide, et al., 2023). 

Algorithmic audit trails ensure that each fraud alert can be 

traced back to its underlying logic, supporting both internal 

investigations and external legal processes. In predictive 

analytics, which is increasingly used for forecasting revenue, 

expenses, and financial risks, the DFTM ensures that outputs 

remain explainable and aligned with governance standards. 

For instance, a predictive model forecasting cash flow would 

not only generate projections but also provide a transparent 

account of the variables driving those predictions. This allows 

decision-makers to evaluate forecasts critically rather than 

accepting them as unquestionable outputs of a “black box.” 

By embedding controls into predictive systems, the DFTM 

makes AI a trusted partner in strategic decision-making while 

minimizing risks of overreliance or misuse. 

One of the most pressing challenges in applying AI to 

accounting is balancing automation with accountability and 

transparency. AI can handle routine tasks such as data entry 

and reconciliations with remarkable speed and accuracy, 

freeing accountants to focus on higher-value tasks. However, 

automation risks creating an environment where human 

judgment is sidelined, and responsibility becomes diffused. 

The DFTM addresses this issue by explicitly incorporating 

augmented human oversight as a core feature. Human 

accountants remain responsible for validating AI outputs, 

interpreting anomalies, and making ethical decisions that AI 

systems cannot (Akhamere, 2022, Ogunyankinnu, et al., 

2022). For example, while an AI system might recommend a 

particular accounting treatment based on historical data, a 

human professional must evaluate whether that treatment 

aligns with the organization’s ethical standards and broader 

business strategy. Explainability protocols further ensure that 

AI outputs are not blindly followed but are critically 

examined, preserving the professional accountability central 

to accounting. This balance not only enhances trust but also 

aligns AI-enabled accounting with the principle of 

transparency demanded by regulators, stakeholders, and 

society at large. 

Illustrative sectoral and organizational scenarios highlight 

how the DFTM can be applied across different contexts. In 

the banking sector, where the volume and complexity of 

financial transactions are immense, AI-driven systems are 

already being used for real-time transaction monitoring and 

regulatory reporting. Applying the DFTM ensures that these 

systems are not only efficient but also resilient to risks such 

as money laundering, data breaches, or regulatory violations. 

Embedded compliance monitoring automatically aligns 

banking systems with evolving anti-money laundering 

directives or capital adequacy requirements, while audit trails 

provide regulators with transparent evidence of compliance 

(Olajide, et al., 2022, Oyeyemi, 2022). In large multinational 

corporations, AI is increasingly used for consolidating 

financial data across diverse geographies and regulatory 

jurisdictions. The DFTM provides a structured way to 

manage the complexity of these systems, ensuring that 

outputs remain consistent, explainable, and compliant with 

multiple regulatory frameworks simultaneously. 

In the public sector, where transparency and accountability 

are paramount, the DFTM can enhance trust in government 

financial management systems. For example, AI systems 

used to monitor public spending or detect procurement fraud 

can benefit from algorithmic audit trails and dynamic risk 

assessment, ensuring that anomalies are flagged transparently 

and investigated responsibly. This not only reduces 

corruption risks but also strengthens public confidence in the 

integrity of government finances. Smaller organizations and 

startups, while often lacking the resources of large 

corporations, can also benefit from the DFTM by adopting 

modular elements such as explainability protocols or 

embedded compliance tools (Abayomi, et al., 2022, Ojika, et 

al., 2022). These features allow them to harness the efficiency 

of AI without compromising accountability, helping them 

scale responsibly in competitive markets. 

The cross-sectoral applicability of the DFTM underscores its 

versatility as both a theoretical framework and a practical 

tool. Whether in banking, multinational corporations, public 

finance, or smaller enterprises, the principles of governance, 

auditability, compliance, adaptive risk assessment, and 

human oversight remain universally relevant. By embedding 

these principles into the architecture of AI systems, the 

DFTM ensures that digital finance transformation advances 

innovation without sacrificing trust. 

Ultimately, the application of the DFTM to AI-driven 

accounting systems demonstrates a pathway for organizations 

to reconcile the efficiency and predictive power of AI with 

the foundational principles of accountability, transparency, 

and ethical oversight. It shows that digital finance 

transformation cannot simply be about automating processes 

or reducing costs but must also safeguard the integrity of 

financial systems in an era of increasing technological 

complexity. By integrating risk and control into financial 

reporting, auditing, compliance, fraud detection, and 

predictive analytics, and by balancing automation with 

human oversight, the DFTM positions itself as a model for 

responsible innovation (Adeshina, 2023, Ogundipe, et al., 

2023, Ojika, et al., 2023). Its practical scenarios illustrate that 

regardless of size, sector, or geography, organizations can 

adopt its principles to build financial systems that are both 

technologically advanced and institutionally trustworthy. In 

doing so, the DFTM contributes not only to the advancement 

of accounting practices but also to the stability and credibility 

of financial ecosystems worldwide. 

2.6. Implications of the Model 

The implications of the Digital Finance Transformation 

Model (DFTM) extend across practitioners, regulators, and 
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stakeholders, offering a structured vision for embedding risk 

and control into artificial intelligence-driven accounting 

systems. At its core, the model demonstrates that digital 

transformation in finance cannot be separated from 

governance, accountability, and ethical oversight. Its layered 

architecture comprising governance, auditability, 

compliance, adaptive risk assessment, and human oversight 

translates into practical consequences for how financial 

systems are managed, supervised, and trusted. For 

practitioners, the DFTM provides operational guidelines for 

adopting AI responsibly, ensuring efficiency and innovation 

do not undermine control (Adanigbo, et al., 2024, Ogunbiyi-

Badaru, et al., 2024, Olufemi, Anwansedo & Kangethe, 

2024). For regulators, it offers a roadmap for developing 

adaptable supervisory frameworks that align with the 

dynamic nature of AI while safeguarding systemic stability. 

For stakeholders, including investors, clients, and the broader 

public, the model promises greater trust, reliability, and 

ethical assurance, signaling that AI-enabled finance can 

enhance transparency rather than erode it. 

For practitioners, the DFTM serves as a guide for integrating 

AI technologies into accounting operations without exposing 

organizations to unmanaged risks. AI systems promise to 

transform accounting processes by automating repetitive 

tasks, improving anomaly detection, and generating 

predictive insights, but the speed and opacity of these systems 

introduce vulnerabilities. The DFTM highlights that safe 

adoption requires embedding risk and control measures at the 

design stage, rather than applying them reactively. This 

means ensuring that algorithmic audit trails are built into 

every system, so that outputs can be traced and verified by 

auditors. It also involves adopting explainability protocols, 

allowing financial professionals to interpret the logic behind 

AI outputs and avoid overreliance on opaque models. 

Practitioners must also adopt embedded compliance 

mechanisms that automatically align outputs with evolving 

regulations, reducing the risk of inadvertent violations 

(Olajide, et al., 2022, Oyeyemi & Kabirat, 2023, Ubamadu, 

et al., 2023). By following the DFTM, finance professionals 

can establish operational guidelines that blend automation 

with accountability: AI should augment, not replace, human 

judgment, and organizations must cultivate AI literacy among 

accountants and auditors to ensure they can critically engage 

with system outputs. In practice, this translates to building 

cross-functional teams where accountants, data scientists, and 

compliance officers collaborate to design, monitor, and refine 

AI-enabled systems. For practitioners, the model’s greatest 

implication is that AI adoption must be deliberate, structured, 

and grounded in governance, not driven by efficiency alone. 

For regulators, the DFTM highlights the need to reimagine 

supervisory frameworks for a financial environment 

increasingly reliant on AI. Traditional regulatory approaches 

rely on periodic audits, retrospective reviews, and compliance 

reporting, all of which assume transparency and human-

driven processes. AI disrupts these assumptions by producing 

dynamic, adaptive outputs that evolve over time. Regulators 

cannot rely on static oversight models to supervise systems 

that continuously learn and adapt. The DFTM offers a 

pathway for regulators to adopt adaptive supervisory 

frameworks that emphasize continuous monitoring, 

algorithmic transparency, and resilience testing. One 

implication is the incorporation of explainability 

requirements into financial regulation, mandating that AI 

systems provide interpretable outputs that can be reviewed by 

regulators and auditors (Achebe, Ilori & Isibor, 2024, Ojika, 

et al., 2024, Okon, et al., 2024). Another is the adoption of 

real-time compliance monitoring, where regulatory 

authorities use their own AI systems to oversee financial 

institutions, analyzing outputs and risk indicators 

dynamically rather than episodically. The DFTM also 

encourages regulators to define clear lines of accountability 

for AI-driven decisions, clarifying whether responsibility lies 

with developers, system operators, or organizational leaders. 

This ensures that the diffusion of responsibility often 

associated with automation does not undermine legal and 

ethical accountability. Moreover, the DFTM signals that 

supervisory frameworks must remain adaptable, with 

regulatory standards evolving alongside technological 

innovation. For regulators, the model implies a shift from 

static rule-making to dynamic oversight, where regulation 

becomes an iterative process shaped by ongoing engagement 

with industry practices and technological advancements. 

For stakeholders, the implications of the DFTM are centered 

on building trust, reliability, and ethical assurance in financial 

systems increasingly mediated by AI. Stakeholders ranging 

from investors and clients to employees and the general 

public must trust that AI-enabled accounting systems produce 

reliable, unbiased, and transparent outcomes. Without trust, 

even the most efficient systems risk rejection, as finance 

fundamentally depends on credibility and confidence. The 

DFTM addresses this by embedding fairness, accountability, 

and transparency into the design of AI systems (Abayomi, et 

al., 2022, Ogunsola, Balogun & Ogunmokun, 2022). For 

example, algorithmic audit trails ensure that stakeholders can 

trace how financial outcomes were produced, providing 

confidence in the integrity of reports. Explainability protocols 

allow stakeholders to understand why a particular forecast, 

anomaly, or recommendation was generated, enhancing 

transparency. Embedded compliance reassures stakeholders 

that organizations remain aligned with legal and regulatory 

requirements, even as rules evolve. Adaptive risk assessment 

tools ensure that stakeholders are protected from emerging 

risks such as fraud, model drift, or cyberattacks, enhancing 

systemic reliability. 

Beyond operational reliability, the DFTM contributes to the 

ethical assurance that stakeholders increasingly demand from 

financial institutions. In an era where algorithmic bias and 

data privacy concerns dominate public discourse, the DFTM 
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provides a framework for demonstrating that AI-enabled 

systems are designed with ethical safeguards. For example, 

practitioners can demonstrate that datasets are monitored for 

bias, that decision pathways are explainable, and that human 

oversight remains embedded in every critical accounting 

decision. This reinforces the message that AI is being used 

not as an unaccountable “black box” but as a transparent, 

ethical tool aligned with stakeholder values (Adeshina, 2025, 

Oni, 2025, Osunkanmibi, et al., 2025). For investors, this 

assurance enhances confidence in the integrity of financial 

information. For clients, it reinforces trust in the 

organization’s commitment to fairness and accountability. 

For the broader public, it strengthens the legitimacy of 

financial systems in an age where digital transformation risks 

eroding social trust. 

The implications of the DFTM also extend to broader 

systemic considerations. For practitioners, adopting the 

model reduces operational risks and strengthens resilience, 

allowing organizations to innovate without jeopardizing 

compliance or stakeholder trust. For regulators, the model 

provides a blueprint for harmonizing innovation with 

accountability, creating a supervisory environment that 

fosters innovation while protecting systemic stability. For 

stakeholders, the model ensures that financial systems remain 

credible, transparent, and ethical, reinforcing the social 

contract upon which finance depends. Together, these 

implications suggest that the DFTM is not merely a technical 

framework but a socio-technical model that integrates 

innovation with governance across the financial ecosystem 

(Olajide, et al., 2020). 

At a deeper level, the model signals a cultural shift in how AI 

adoption in finance is understood. The prevailing discourse 

often frames digital transformation as a trade-off between 

efficiency and control, suggesting that organizations must 

sacrifice accountability to achieve innovation. The DFTM 

challenges this assumption, demonstrating that efficiency and 

accountability can coexist when risk and control are 

embedded into the design of AI systems. For practitioners, 

this means recognizing that governance is not a constraint but 

a facilitator of sustainable innovation. For regulators, it 

means shifting from reactive supervision to proactive, 

adaptive engagement. For stakeholders, it means seeing AI-

enabled finance not as a threat to trust but as an opportunity 

to strengthen it (Okoli, et al., 2022, Olajide, et al., 2022). 

In conclusion, the implications of the Digital Finance 

Transformation Model reveal a framework that balances 

innovation with responsibility across multiple dimensions of 

financial practice. For practitioners, it offers operational 

guidelines for adopting AI safely, emphasizing governance, 

transparency, and human oversight as integral to innovation. 

For regulators, it highlights the necessity of adaptable 

supervisory frameworks that can evolve with technological 

change, embedding explainability, accountability, and 

continuous monitoring into oversight practices. For 

stakeholders, it promises trust, reliability, and ethical 

assurance, demonstrating that AI-driven finance can be 

transparent, fair, and aligned with societal values (Ojika, et 

al., 2023, Olajide, et al., 2023, Omolayo,et al., 2023). The 

model’s significance lies not only in its technical architecture 

but in its ability to transform the culture of digital finance, 

ensuring that risk and control remain at the heart of 

innovation. By doing so, the DFTM positions itself as a 

critical roadmap for the future of AI in accounting and 

finance, reconciling the transformative potential of 

technology with the enduring principles of accountability and 

trust that underpin the financial system. 

2.7. Discussion 

The Digital Finance Transformation Model (DFTM) emerges 

as a comprehensive response to the growing need for 

embedding risk and control in artificial intelligence-driven 

accounting systems. Its discussion requires a careful 

examination of its strengths as a holistic framework, the 

potential challenges that could undermine its implementation, 

and how it compares to traditional accounting risk-control 

models. Together, these considerations provide a balanced 

understanding of its contribution to the discourse on digital 

finance while highlighting the practical realities of integrating 

AI into highly regulated, trust-dependent domains such as 

accounting (Adeoye, et al., 2025, Oni & Iloeje, 2025). 

One of the most important strengths of the DFTM is its 

holistic nature. Unlike piecemeal approaches that address 

specific risks or focus narrowly on technical efficiency, the 

DFTM situates AI-enabled accounting within a layered 

architecture that incorporates governance, auditability, 

compliance, adaptive risk assessment, and human oversight. 

This layered design reflects the reality that financial systems 

are not just technical infrastructures but socio-technical 

systems where rules, norms, ethics, and professional 

judgment matter as much as computational accuracy. By 

embedding governance at the core, the model ensures that 

accountability is not sacrificed in the pursuit of automation 

(Akhamere, 2023, Ojika, et al., 2023, Olajide, et al., 2023). 

Algorithmic audit trails and explainability protocols respond 

directly to one of the most pressing concerns of AI adoption: 

opacity. By requiring that every decision path be recorded 

and translated into human-readable terms, the DFTM 

strengthens transparency and creates conditions for trust. Its 

emphasis on embedded compliance ensures that AI-driven 

systems are not constantly playing catch-up with evolving 

regulatory requirements but are designed to monitor and 

adapt to them dynamically. The adaptive risk assessment 

tools extend this adaptability further, making risk 

management a continuous process that evolves alongside 

shifting market, technological, and organizational conditions. 

Finally, by elevating the role of augmented human oversight, 

the model rejects simplistic narratives of human replacement, 

instead emphasizing that AI should serve as a complement to, 

rather than a substitute for, professional judgment. This 
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holistic integration of multiple control dimensions represents 

the model’s greatest strength: it offers not only a blueprint for 

technology adoption but also a cultural and ethical roadmap 

for how finance can remain trustworthy in the digital age. 

Another strength lies in its forward-looking adaptability. The 

DFTM does not assume that financial risks and regulatory 

frameworks are static; instead, it anticipates change and 

integrates feedback loops that allow systems to evolve. This 

is a crucial departure from traditional frameworks, which 

often rely on retrospective audits and periodic reviews ill-

suited to the real-time, dynamic nature of AI. By 

institutionalizing continuous monitoring, recalibration, and 

learning, the DFTM creates resilience against risks such as 

model drift, regulatory shifts, or data integrity issues. It is 

particularly well-positioned for globalized financial 

ecosystems, where organizations must navigate multiple 

jurisdictions and complex regulatory requirements (Achebe, 

Ilori & Isibor, 2024, Ojika, et al., 2024, Olufemi, et l., 2024). 

Embedded compliance tools, for example, can allow 

multinational firms to adjust reporting processes 

automatically across different regulatory environments, 

reducing costs while enhancing consistency. In this sense, the 

DFTM provides not only a theoretical contribution but also a 

pragmatic solution to one of the greatest challenges of 

globalization: how to maintain both efficiency and 

compliance across fragmented systems. 

Despite its strengths, the DFTM faces potential challenges 

that cannot be overlooked. One such challenge is 

implementation cost. Embedding audit trails, explainability 

protocols, adaptive risk assessment, and real-time compliance 

monitoring requires significant investment in infrastructure, 

training, and system integration. For large multinational 

corporations or well-capitalized financial institutions, these 

costs may be justifiable as a long-term investment in 

resilience and trust. However, for smaller firms and startups, 

the expense may create barriers to adoption, exacerbating 

inequalities in the ability of organizations to leverage AI 

responsibly. The cost challenge is not only financial but also 

organizational, as firms must reconfigure internal processes, 

retrain professionals, and establish new lines of 

accountability. This restructuring can be resource-intensive, 

requiring both capital and cultural commitment (Abayomi, et 

al., 2021, Ogunmokun, Balogun & Ogunsola, 2021). 

Cultural readiness is another significant challenge. Many 

organizations still view AI primarily as a tool for efficiency 

and cost reduction, rather than as a system requiring 

governance, accountability, and ethical oversight. 

Embedding the DFTM requires a cultural shift where 

accountants, auditors, and managers embrace new roles as 

interpreters and overseers of AI outputs rather than passive 

users of automated systems. Resistance to change whether 

due to fear of obsolescence, skepticism about the value of 

explainability, or inertia in established practices may 

undermine the effective implementation of the model. 

Furthermore, in certain cultural or institutional contexts, 

hierarchical relationships between managers and regulators 

may not support the collaborative oversight envisioned by the 

DFTM. These differences in organizational culture and 

readiness mean that the success of the model is highly 

context-dependent (Akinboboye, et al., 2021, Ojika, et al., 

2021). 

Technological complexity also presents a substantial 

challenge. While the DFTM provides a conceptual 

architecture, its implementation depends on the availability 

of advanced technologies capable of delivering 

explainability, secure audit trails, adaptive risk monitoring, 

and embedded compliance. Current AI technologies, 

particularly deep learning systems, struggle with 

explainability, and while progress is being made in 

developing interpretable AI, the field remains in flux. 

Integrating blockchain or other secure technologies to 

provide immutable audit trails is promising but not yet widely 

adopted in financial accounting (Olajide, et al., 2022, 

Oyeyemi, 2023). Moreover, building adaptive compliance 

systems requires sophisticated natural language processing 

capable of interpreting and applying evolving regulations, 

which remains a technically demanding task. These 

technological barriers mean that while the DFTM provides a 

valuable vision, its realization depends on innovations that 

are still emerging, making immediate widespread adoption 

difficult. 

In comparing the DFTM to traditional accounting risk-control 

models, the differences highlight both its necessity and its 

complexity. Traditional frameworks such as the COSO 

Internal Control–Integrated Framework or the Basel 

Committee’s risk management guidelines are built around 

human-driven processes. They assume transparency, 

traceability, and accountability as inherent features of manual 

or semi-automated systems. Internal controls such as 

segregation of duties, access restrictions, reconciliations, and 

manual audits have historically served as pillars of financial 

integrity (Adeshina, 2025, Ogunmokun, Balogun & 

Ogunsola, 2025). While effective in human-led systems, 

these approaches falter in AI-driven environments where 

decision-making processes are opaque, adaptive, and 

dynamic. For example, segregation of duties becomes 

difficult to enforce when algorithms perform multiple roles 

simultaneously, from identifying transactions to approving 

them. Similarly, retrospective audits are insufficient in 

systems that operate in real time and adapt continuously. 

The DFTM addresses these shortcomings by translating 

traditional principles into the AI context. Transparency, once 

guaranteed by human-readable records, is now ensured 

through algorithmic audit trails and explainability protocols. 

Accountability, once maintained through human oversight of 

manual processes, is reimagined through augmented human 

oversight that critically engages with AI outputs. 

Compliance, once managed through periodic audits, becomes 
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embedded into systems that monitor evolving regulations in 

real time. Risk management, once static and backward-

looking, becomes adaptive and continuous. In this sense, the 

DFTM does not abandon the principles of traditional 

frameworks but extends them to meet the demands of digital 

finance. It builds on the enduring values of transparency, 

accountability, and trust, while adapting their 

operationalization for a world where machines increasingly 

mediate financial processes (Adeoye, et al., 2025, Orenuga, 

Oyeyemi & Olufemi John, 2024, Selesi-Aina, et al., 2024). 

Yet, traditional models also retain certain advantages over the 

DFTM. Their relative simplicity and standardization make 

them easier to implement across organizations of different 

sizes and levels of technological sophistication. They do not 

require advanced technical infrastructure or extensive 

retraining, making them accessible to smaller firms and less 

resource-intensive to maintain. In this respect, traditional 

models remain relevant as baseline controls, particularly for 

organizations that are not yet prepared for full digital 

transformation. The DFTM, while offering greater 

adaptability and resilience, introduces complexity that may 

be prohibitive for certain contexts. A comparative assessment 

thus reveals that the DFTM is not a replacement for 

traditional frameworks but an evolution of them, suitable for 

organizations and ecosystems ready to embrace advanced AI 

integration (Achebe, Ilori & Isibor, 2024, Ojika, et al., 2024, 

Olufemi, 2024). 

In summary, the discussion of the DFTM underscores its 

potential as a transformative framework for integrating risk 

and control into AI-driven accounting systems. Its strengths 

lie in its holistic architecture, adaptability, and ability to 

extend traditional principles into the digital age. However, 

challenges of implementation cost, cultural readiness, and 

technological complexity highlight that the model is not 

without barriers. Compared to traditional frameworks, the 

DFTM represents both a continuation and an evolution, 

translating enduring values into new operational contexts. As 

financial systems continue to digitize, the DFTM offers a 

vision of how innovation and accountability can coexist, 

ensuring that artificial intelligence enhances rather than 

undermines the trust upon which finance depends (Abayomi, 

et al., 2024, Ogunbiyi-Badaru, et al., 2024, Onunka, Akintayo 

& Ifeanyi, 2024). 

2.8. Conclusion 

The Digital Finance Transformation Model (DFTM) provides 

a structured approach for embedding risk and control into 

artificial intelligence-driven accounting systems, responding 

to the pressing challenges of trust, accountability, and 

transparency in digital finance. The findings highlight that the 

model is both a conceptual and practical framework, 

integrating governance, algorithmic audit trails, 

explainability protocols, embedded compliance, adaptive risk 

assessment, and augmented human oversight into a holistic 

architecture. By ensuring that these elements are designed as 

intrinsic components rather than reactive add-ons, the DFTM 

establishes financial systems that are resilient, transparent, 

and aligned with regulatory and ethical expectations. It moves 

accounting away from the limitations of static control 

mechanisms and towards dynamic, real-time safeguards that 

evolve alongside the systems they monitor. In doing so, the 

DFTM addresses critical concerns of opacity, algorithmic 

bias, and regulatory misalignment while preserving the 

efficiency and predictive power of AI technologies. 

The model’s contributions to digital finance and sustainable 

AI adoption are manifold. Theoretically, it extends the 

principles of risk management and internal control into a 

digital, AI-enabled context, offering a framework that 

recognizes the socio-technical nature of accounting systems. 

Practically, it provides actionable guidance for organizations 

seeking to adopt AI responsibly, offering tools for ensuring 

explainability, continuous compliance, and resilience against 

emerging risks. By embedding dynamic feedback loops, it 

aligns financial innovation with long-term sustainability, 

reinforcing trust between practitioners, regulators, and 

stakeholders. Importantly, the DFTM positions digital 

transformation not as a trade-off between efficiency and 

control but as a convergence of both, demonstrating that 

innovation and accountability can reinforce one another. This 

contribution is particularly significant in an era where public 

skepticism of AI is high; the model offers a path for adoption 

that foregrounds ethics, fairness, and transparency while still 

delivering competitive advantage. Its emphasis on augmented 

human oversight also reaffirms the central role of accountants 

and auditors, situating AI as an enabler rather than a 

replacement of professional expertise. 

Future research directions are essential for validating and 

expanding the applicability of the DFTM. Empirical 

validation is a priority, requiring case studies and quantitative 

assessments of organizations that implement the model to 

determine its effectiveness in practice. Such validation would 

provide evidence on whether embedded compliance 

mechanisms reduce regulatory violations, whether 

explainability protocols enhance audit quality, and whether 

adaptive risk assessments mitigate fraud or data integrity 

risks. Cross-market applicability is another vital research 

direction, as the implementation of the DFTM will vary 

across developed and emerging economies. In developed 

markets, the emphasis may be on refining efficiency and 

reducing complexity, while in emerging markets, the model 

could play a transformative role in building trust and 

regulatory alignment where institutional weaknesses persist. 

Comparative studies across sectors, from banking and 

insurance to public finance and small enterprises, would also 

enrich understanding of how the model can be tailored to 

distinct operational and regulatory contexts. Further research 

into technological enablers, such as blockchain for immutable 

audit trails or explainable AI methods for financial decision-
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making, will also be crucial in operationalizing the model 

fully. 

In conclusion, the DFTM is not just a theoretical construct 

but a blueprint for reconciling the efficiency of AI with the 

foundational principles of accountability and trust in finance. 

It contributes to both scholarship and practice by offering a 

robust architecture that integrates risk and control into the 

very fabric of digital transformation. By emphasizing 

continuous monitoring, explainability, compliance, and 

human oversight, the model ensures that AI-driven 

accounting systems remain transparent, resilient, and 

ethically grounded. The path forward requires empirical 

testing, sectoral adaptation, and cross-market exploration, but 

the promise of the DFTM is clear: it provides a framework 

through which the future of digital finance can be both 

innovative and sustainable. 
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