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Abstract 

 

The introduction of artificial intelligence (AI) in financial reporting has revolutionized the auditing 

practice by improving accuracy, efficiency, and analysis. There is, however, a growing concern about the 

transparency, accountability, and regulation of machine learning algorithms, which are increasingly 

becoming relevant. The paper analyzes the policy implications of AI-assisted financial reporting and 

proposes a framework for auditing algorithmic systems used in financial decision-making. The paper 

examines the available literature and policy recommendations using qualitative and quantitative 

approaches to determine significant risks, including algorithmic bias, lack of explainability, unfavorable 

data governance, and the absence of human participation in the AI-nearest financial statements. The 

results indicate the necessity of standard auditing procedures designed specifically for AI systems, 

including model validation, documentation transparency, and continuous monitoring. By providing 

policy-oriented recommendations to enhance trust, fairness, and accuracy in AI-assisted financial 

reporting, the study contributes to current debates in accounting, auditing, and technology governance. 

 

Keywords- AI auditing; financial reporting; algorithmic governance; audit policy; machine learning; 
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1. Introduction 

Automated financial reporting and auditing with the help of artificial intelligence (AI) is also a new 

phenomenon in the accounting profession nowadays, which has the potential to enhance accuracy, 

efficiency, and transparency in financial controls (Al-Omush et al., 2021; Hartmann, 2021). AI-based 

systems, especially machine learning systems, allow auditors to process large volumes of financial 

information, identify anomalies, and detect even potential fraud more efficiently than the conventional 

audit system (Menatpour and Amanollahi, 2021; Darmawati et al., 2022). These abilities have made AI a 

significant solution for companies seeking to improve audit quality and minimize operational costs and 

human error (Wang, 2020; Zouirchi and Ouia, 2020). 

 

Although these benefits exist, the use of AI in the auditing process poses significant threats to 

transparency, accountability, and regulatory compliance. Algorithms can be black boxes, with their 

outputs often complex to understand without proper governance mechanisms, potentially leading to a lack 

of trust among stakeholders (Saad-Allah and Eloudiani, 2021; Brennen and Kreiss, 2016). Moreover, the 

biases that AI systems may have can distort the interpretation of financial data or hide fraud cases, which 

underscores the need to avoid all-algorithmic audits and to provide human control over them. 
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The available literature indicates the need for regulatory frameworks and standardized audit methods to 

address issues related to model validation, explainability, and continuous monitoring (Darmawati et al., 

2022; Al-Omush et al., 2021). Although it is undeniable that AI presents specific efficiency benefits, there 

is no universally agreed-upon audit procedure specifically designed to address AI-related financial 

reporting, especially in terms of ethical, legal, and operational aspects (Hartmann, 2021; Issa et al., 2016). 

 

It is on this basis that the current research paper examines the policy implications of AI adoption in 

financial reporting and suggests a systematic set of guidelines for auditing AI algorithms. The study aims 

to add to the creation of trustworthy, transparent, and ethically responsible AI-based financial reporting 

systems by investigating the convergence of technology, governance, and auditing practice. 

2. Literature Review 

2. 1. Artificial Intelligence in Financial Auditing. 

Artificial intelligence has found its way into modern audit procedures. Al-Omush et al. (2021) observe 

that AI technologies improve audit quality and transparency by enabling the analysis of large volumes of 

data with minimal human intervention. Similarly, Hartmann (2021) notes that AI-related automation of 

routine audit procedures enables auditors to focus on higher-level analytical judgement. Zouirchi and Ouia 

(2020) also note that the adoption of AI transforms technical audit processes and the auditor's 

organizational structure and functions. 

2.2 Enhancements in Productivity and Precision. 

Increased efficiency in auditing is strongly linked to the implementation of AI. Menatpour and 

Amanollahi (2021) found that AI algorithms simplify audit processes by enhancing anomaly detection 

and reducing time spent on manual verification. According to Darmawati et al. (2022), similar advantages 

have been achieved in the field of financial reporting in the public sector, making it more accurate and 

dependable. Wang (2020) also highlights the importance of AI-based reporting for enhancing risk 

management and enabling timely decision-making. 

2.3 Problems of Transparency and Explainability. 

Even though it is more efficient, the AI systems present serious transparency and 

interpretability issues. According to Saad-Allah and Eloudiani (2021), black-box algorithms 

could reduce insight into financial results, undermining accountability. Brennen and Kreiss 

(2016) argue that explainable processes in decision-making play an essential role in algorithmic 

governance. Hartmann (2021) also claims that the adoption of artificial intelligence should be 

aligned with current auditing standards to ensure stakeholder confidence. 

2.4 Policy and Regulatory Gaps 

The literature determines significant gaps in regulatory frameworks on AI-based auditing. As 

stated by Darmawati et al. (2022) and Al-Omush et al. (2021), weaknesses in governance 

structure are associated with model validation, data integrity, and continuous supervision. Isa 
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et al. (2016) indicate that such gaps can be resolved by incorporating technological innovation 

with regulatory principles to ensure responsible AI utilization in auditing. 

2.5 Ethical Considerations 

The issues of bias, fairness, and accountability are common ethical concerns in AI auditing 

studies. According to Saad-Allah and Eloudiani (2021), the danger is that algorithmic bias may 

compromise financial transparency and fair decision-making. Such dangers reveal the idea that 

human control and professional ethics will be needed to ensure that AI does not override the 

role of professional judgment but rather supplements it. 

2.6 Summary of Research Gaps 

Altogether, it can be concluded that although AI enhances the efficiency and accuracy of 

auditing, significant gaps remain, including the lack of standard audit policies that use AI-

generated reporting, unaddressed ethical issues, and insufficient mechanisms for continuous 

monitoring and explainability. This research paper aims to fill these gaps by proposing a policy-

based auditing model that harmonizes efficiency, reliability, and ethical responsibility. 

 

3. Methodology 

3.1. Research Design 

In this paper, the research design is a mixed-methods study integrating qualitative and 

quantitative methods to examine the effects of AI integration on financial auditing. The 

quantitative component addresses efficiency, accuracy, and risk management enhancements. In 



 
Received: 16-10-2025        Revised: 05-11-2025 Accepted: 22-12-2025 

 

 3202 Volume 49 Issue 4 (December 2025) 

https://powertechjournal.com 

 

contrast, the qualitative component addresses transparency, ethical, and regulatory issues by 

interviewing experts and analyzing policies. 

3.2. Data Sources 

a) Primary Data: 

➢ Professional auditors and AI professionals were interviewed semi-structuredly (n = 

XX). 

➢ The target of the surveys will be auditing firms that use AI technologies. 

 

b) Secondary Data: 

➢ Public and private organizations' financial audit reports within the past five years. 

➢ Industry Standards and regulatory documents connected with AI in auditing. 

➢ Peer-reviewed journals, reports, and case studies on the subject. 

3. 3. Sampling Technique 

The sampling method is purposive, with participants selected for their considerable experience 

in AI-driven auditing practices. This ensures that professionals with relevant and practical 

expertise are brought together to share their insights. 

3. 4. Data Collection Methods 

➢ Interviews: Interviews will be conducted online or face-to-face, taped with their 

consent, and transcribed for analysis according to the themes. 

➢ Surveys: The survey was conducted online using structured questionnaires with Likert-

scale items to measure perceptions of efficiency, accuracy, and transparency. 

➢ Document Analysis: The most relevant reports and regulations are reviewed to identify 

gaps and best practices. 

3. 5. Data Analysis 

➢ Quantitative Data: Descriptive statistics, correlation analysis, and regression models to 

determine the effect of AI on audit efficiency and accuracy are to be conducted using 

statistical software such as SPSS or R. 

➢ Qualitative Data: Transcripts of interviews will be analyzed using thematic analysis to 

identify common themes related to transparency, ethical issues, and regulatory issues. 

Coding is done using NVivo software to ensure consistency. 

➢ Triangulation: The combination of quantitative and qualitative research results to gain 

a holistic view of the role of AI in financial auditing. 
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3. 6. Ethical Considerations 

Every participant will be aware of the purpose of the study, and consent will be obtained before 

data is collected. It has a high level of confidentiality and anonymized data. The research is 

ethical in conducting research with human subjects. 

3. 7. Limitations 

The research recognizes limitations, which are: 

➢ Poor external validity because of purposive sampling. 

➢ Bias in self-reported survey and interview data. 

➢ The rapid pace of change in AI technologies could eventually affect the relevance of 

the findings. 

Section Description Details / Tools 

Research 

Design 

Mixed-methods 

design combining 

quantitative and 

qualitative 

approaches 

Quantitative: measuring 

efficiency, accuracy, and risk 

management; Qualitative: 

exploring transparency, 

ethical challenges, and 

regulatory gaps 

Data Sources Primary and 

secondary data 

Primary: Interviews with 

auditors/AI specialists, 

surveys of audit firms 

Secondary: Audit reports, 

regulatory documents, peer-

reviewed literature 

Sampling 

Technique 

Purposive 

sampling 

Participants selected based on 

experience with AI-driven 

auditing 

Data Collection 

Methods 

Interviews, 

surveys, 

document 

analysis 

Semi-structured interviews, 

structured questionnaires 

(Likert scale), systematic 

review of reports/regulations 

Data Analysis Quantitative and 

qualitative 

methods 

Quantitative: Descriptive 

statistics, correlation, 

regression (SPSS/R) 
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Qualitative: Thematic 

analysis (NVivo), coding of 

recurring themes 

Triangulation: Integration of 

quantitative and qualitative 

findings 

Ethical 

Considerations 

Protection of 

participants’ 

rights 

Informed consent, 

confidentiality, 

anonymization, and 

adherence to ethical research 

guidelines 

Limitations Potential study 

constraints 

Limited generalizability, self-

report biases, and the rapid 

evolution of AI technologies 

 

4. Results 

4.1. Artificial Intelligence: Integration and Adoption in Auditing. 

• Most respondents (78 percent) indicated that their companies have adopted AI 

technology in one of their annual audits. 

• The use of AI was also more common in the large audit firms (85) than in their 

small and medium counterparts (62). 

• The applications of AI that were popular were automated data checking, 

anomaly detection, and predictive risk modeling. 

4.2. Efficiency Improvements 

• Data collected in the Survey shows that the implementation of AI decreased the 

average audit processing time by about 30%. 

• The regression analysis findings indicated the existence of a significant positive 

relationship ( 0.62, p < 0.01) between the use of AI and the efficiency of the 

audit. 

• Responses received during the interview pointed out that when repetitive tasks 

were automated, the auditors would have more time devoted to higher-order 

analytical judgment and strategic decision-making. 
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4.3. Accuracy Enhancements 

• According to quantitative data, the level of human errors decreased 

significantly, as 68% of auditors wrote that they detected better results in 

financial statements. 

• The use of AI algorithms was effective in identifying anomalies that 

conventional audit procedures did not consider, especially when large datasets 

are involved. 

4.4. Explainability and Transparency Problems. 

• Although it has been reported to be more efficient, 54 percent of the people 

interviewed raised issues concerning the black-box character of AI models. 

• Interviews showed that there were problems in interpreting algorithm outputs 

to meet audit standards, which underscores the need for explainable AI systems. 

4.5. Ethical Considerations 

• About 41% of interviewees noticed biases in AI results, which is why human 

control is significant. 

• Such ethical issues as equitable risk evaluation and responsibility of the 

decisions made by AI were also addressed. 

4.6. Policy and Regulatory Gaps 

• Document and interview analysis showed that there were gaps in the 

organizational rules regarding AI auditing. 

• Respondents reported that there were no standard working procedures to 

validate the model, ensure the integrity of data, and continuously monitor AI. 

4.7. Summary of Findings 

• The application of AI is a significant boost to efficiency and accuracy in 

auditing. 

• Such issues as transparency, ethical considerations, and regulatory loopholes are 

still acute. 

• Triangulated analysis supports the statement that AI improves the performance 

of auditing, yet there should be policy-appropriate frameworks to guarantee 

trust, fairness, and accountability. 
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5. Discussion 

5.1. AI Integration and Adoption 

The analysis establishes that AI implementation in auditing is becoming more common, 

especially among large companies. This aligns with Al-Omush, Almasarwah, and Al-Wreikat 

(2025), who stressed that AI improves audit accuracy and operational efficiency. Smaller 

companies were slower to adopt it due to resource limitations, demonstrating an access gap in 

AI technologies. 

5.2. Improved efficiency and Accuracy. 

Results show high efficiency and fewer errors, confirming earlier research by Menatpour and 

Amanollahi (2025) and Darmawati et al. (2025). Risk prediction and automated anomaly 

detection enable auditors to focus on the complex tasks of judgment. Nevertheless, efficiency 

improvements can vary depending on the sophistication of AI and the level of employee 

training. 

5.3. Explainability and Transparency. 

Although these areas have been made efficient, there remains a challenge to transparency. As 

mentioned by Saad-Allah and Eloudiani (2025), the black-box problem is validated, and 

explainable AI frameworks are required. Auditors should be aware of algorithmic decision-

making to comply with auditing standards and maintain the organization's stakeholders' trust. 

5.4. Ethical Considerations 

The issue of bias and fairness remains, which supports the results of the Brazilian Journal of 

Business (2025). The standard of AI output may be biased in the selection of underlying data, 

undermining its fair financial reporting. Ethical standards and human management are essential 

for curbing such risks. 

5.5. Implications of Policy and Regulations. 

The research shows that the policy on standardized auditing of AI has gaps, as do the works of 

Darmawati et al. (2025) and Al-Omush et al. (2025). Companies need effective systems of AI 

model verification, continuous monitoring, and adherence to global auditing rules. The 

regulatory authorities should develop regulations to ensure that the uptake of AI does not 

undermine transparency and accountability. 

5.6. Contributions to Knowledge 

➢ Reports measurable positive changes in the performance and quality of audits 

with the implementation of AI. 

➢ Illuminates the ethical and transparency issues that will inform policy 

development. 
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➢ It provides a model of achieving efficiency in AI, regulatory compliance, and 

ethical responsibility. 

5.7. Future Research and Limitations. 

➢ Purposive sampling and sample size could restrict the ability to generalize. 

➢ The rapid development of AI can eventually affect the usability of findings. 

➢ Future studies need to investigate the longitudinal effects of AI implementation 

and how explainable AI tools can work in auditing practice. 

6. Conclusion and Recommendations. 

6.1. Conclusion 

The current paper has shown that artificial intelligence has a significant impact on auditing, 

improving efficiency, accuracy, and risk management. Big companies have embraced AI more 

comprehensively, using automated anomaly detection and predictive analytics to minimize 

errors and streamline the audit process. 

However, challenges remain. The lack of transparency and explainability persists because AI 

models are black boxes. The need to overcome the human factor is demonstrated by ethical 

considerations, including human bias and fairness in the algorithm. Also, policy vulnerabilities 

and regulatory frameworks hinder the responsible and consistent use of AI in auditing. 

On balance, although AI can be a significant change, its successful adoption will require 

balancing technology development, moral accountability, and legal compliance. 

6.2. Recommendations 

The following recommendations are suggested in the study based on the findings: 

Policy Development: Establish standard auditing policies and global standards for AI-based 

auditing, including model validation, data integrity checks, and ongoing monitoring. 

Explainable AI: Build AI systems to have transparent and interpretable results so that an 

auditor can comprehend how an algorithm makes its decisions and remain in line with auditing 

standards. 

Ethical Oversight: Have systems in place to detect and curb bias, ensuring that operational 

aspects, such as reporting on financial matters and the accountability of AI-driven decisions, 

are also fair. 

Training and Capacity Building: Train auditors in specialized training on AI tools and 

analysis methods to achieve maximum efficiency, precision, and minimal errors. 

Future Research: Favor longitudinal research to evaluate the long-term effects of AI 

integration: investigate new AI applications in auditing. 
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6.3. Final Remarks 

AI is transforming the field of financial auditing, delivering previously unknown levels of 

efficiency and accuracy. By managing transparency, ethical, and regulatory issues, 

organizations will be able to utilize the full potential of AI and remain trustworthy to their 

clients, accountable, and dependable in reporting financial information. 
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