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Abstract 

This paper examines the transformative impact of artificial intelligence (AI) on 

accounting and auditing, with a focus on integrating financial accounting, cost 

accounting, and management accounting functions. The study combines a literature-

informed conceptual analysis with an empirical illustration using a synthetic dataset 

representing 300 accounting and audit professionals. Key areas studied are process 

automation, error reduction, continuous auditing, predictive analytics for cost control 

and budgeting, governance and ethical concerns, and the evolving roles and skillsets 

required of accountants and auditors. Numerical analysis (descriptive statistics, group 

comparisons, paired tests, and regression) demonstrates statistically significant 

relationships between AI adoption and perceived audit-quality improvement, time-savings 

in routine tasks, and reduced error rates. The paper concludes with findings, implications 

for practice and education, limitations, and a bibliography of contemporary sources and 

guidance. 

Keywords: Artificial Intelligence, Accounting, Auditing, Financial Accounting, Cost 

Accounting, Management Accounting, Integration, Automation, Continuous Auditing, 

Predictive Analytics. 

Introduction 

Artificial intelligence (AI) — including machine learning (ML), natural 

language processing (NLP), robotic process automation (RPA), and generative AI — is 

reshaping the professional landscape of accounting and auditing. AI systems can process 

large volumes of transactional data, detect anomalies, automate repetitive tasks (e.g., 

reconciliations and invoice matching), and provide predictive insights for budgeting and 

cost control. Several professional bodies and industry studies report rapid uptake and 

experimentation with AI solutions in accounting functions, and regulators have begun 

scrutinizing the effects of automated/AI-assisted tools on audit quality and governance. 

(ifac.org)This paper explores how AI alters the functional boundaries and interactions 

among financial accounting, cost accounting, and management accounting, and what this 

implies for auditing. It blends theoretical discussion with an empirical demonstration 

using a synthetic dataset to (a) quantify expected impacts on routine task time savings, (b) 

evaluate perceived audit-quality change, and (c) measure error-rate reductions associated 

with AI adoption. The empirical section uses simulated but realistic data to illustrate 

analytical approaches auditors and researchers can use to evaluate AI effects. 

 Objectives of the Study 

1. To review how AI technologies are being deployed across accounting and auditing 

processes (financial, cost, management accounting). 

2. To identify ways AI enables integration across accounting sub-functions (e.g., real-

time cost reporting feeding financial statements). 

3. To empirically examine relationships between AI adoption and (a) perceived audit 

quality, (b) automation level, (c) time saved on routine tasks, and (d) transactional 

error rates using a representative synthetic sample. 

4. To highlight practical implications, governance and ethical challenges, and skillset 

changes required of accounting professionals. 

5. To present recommendations for policymakers, standard-setters, firms, and 

educators. 

Hypotheses of the Study 

H1: Higher AI adoption is associated with higher perceived improvements in audit 

quality. 

H2: Organizations with greater AI adoption report higher levels of automation and greater 

time savings on routine accounting tasks. 
How to Cite this Article: 

Mane, Y. S. (2026). A Study on the Impact of Artificial Intelligence on Accounting & Auditing. The International Journal of Commerce Management and 

Business Law in International Research, 3(1), 256–260. https://doi.org/10.5281/zenodo.19234247 

https://ewbr.us/
mailto:yogeshsm49@gmail.com
https://zenodo.org/records/19234247
https://doi.org/10.5281/zenodo.19234247
https://www.ifac.org/knowledge-gateway/discussion/ifac-technology-matrix?utm_source=chatgpt.com
https://doi.org/10.5281/zenodo.19234247
https://creativecommons.org/licenses/by-nc-sa/4.0/legalcode.en


 

The International Journal of Commerce Management and Business Law in International Research (TIJCMBLIR) |Volume-3 
Issue-1| february-2026 | Website: https://ewbr.us 

257 

 

 

H3: AI adoption leads to a statistically significant 

reduction in transactional error rates (before vs. after 

AI). 

H4: The relationship between AI adoption and 

perceived audit quality remains significant after 

controlling for automation level. 

Universe and Sample Design 

Universe: Accounting and audit professionals 

(internal auditors, external auditors, management 

accountants, cost accountants, financial accountants) 

employed in organizations across sizes and industries. 

Sample design (empirical illustration): For the 

numerical illustration we simulate a cross-sectional 

sample of n = 300 respondents reflecting a mix of 

small, medium, and large organizations. The 

simulated variables include: organization size 

(small/medium/large), AI adoption score (0–100), 

automation percentage (0–100), perceived audit-

quality change (1–7 Likert), hours saved per week on 

routine tasks, and error-rates per 1000 transactions 

(before and after AI adoption). Respondents are 

categorized into "high AI adopters" (AI score ≥ 60) 

and "low adopters" (AI score < 60) for group 

comparisons. 

Limitations of the Study 

1. Synthetic Data: The empirical section uses 

simulated data to illustrate methods; findings on 

effect sizes should not be interpreted as definitive 

real-world estimates. Real-world results will vary 

by industry, dataset quality, tool 

implementations, and governance arrangements. 

2. Rapidly Evolving Technology: AI capabilities 

and adoption patterns evolve rapidly. 

Contemporary references were consulted, but 

new developments may change practical 

outcomes or regulatory responses. 

3. Scope: The study focuses on integration across 

accounting disciplines and audit impacts; it does 

not cover every AI application (e.g., algorithmic 

trading or market microstructure). 

4. Regulatory Variation: Local regulatory 

frameworks and standards influence both 

adoption and permitted uses of AI; this study is 

general and may not fully reflect jurisdictional 

specifics. 

5. Ethics & Bias: The study acknowledges but 

cannot fully model the nuanced ethical concerns 

of biased models and data governance in a 

synthetic dataset. 

Literature Review (Concise synthesis) 

Contemporary literature and professional guidance 

indicate three consistent themes: 

1. Process Automation and Efficiency Gains: AI 

and RPA automate repetitive tasks (e.g., data 

extraction from invoices, bank reconciliations), 

freeing accountants for higher-value analysis and 

advisory work. Surveys show widespread trials 

and increasing adoption budgets for AI-enabled 

financial processes. (The Australian) 

2. Data-Driven Risk & Continuous Auditing: 

Machine learning and anomaly detection 

facilitate continuous auditing and improved fraud 

detection. This capability shifts auditors toward 

monitoring and exception investigation rather 

than sampling-based audit approaches. Several 

academic and practitioner studies document 

automated anomaly detections improving 

detection rates and timeliness. (wjarr.com) 

3. Governance, Measurement & Oversight 

Challenges: Regulators and oversight bodies 

highlight that while AI tools promise efficiency 

and accuracy gains, firms often lack metrics to 

assess how AI affects audit quality, and 

governance frameworks for AI use in audits 

remain nascent. A regulatory review found many 

large firms do not formally evaluate AI’s impact 

on audit quality, recommending stronger 

oversight and metrics. (Financial Times) 

Professional guidance collections and matrices from 

leading accountancy organizations stress responsible 

AI use, data governance, bias mitigation, and the need 

for upskilling the accountancy workforce. (ifac.org) 

Theoretical Framework: Integration of Financial, 

Cost & Management Accounting via AI 

Traditionally the three accounting domains serve 

distinct managerial and external-reporting functions: 

• Financial Accounting: External reporting 

(financial statements), compliance, standard-

conforming disclosures. 

• Cost Accounting: Cost accumulation, product 

costing, cost control. 

• Management Accounting: Budgeting, 

performance measurement, decision-support, 

forecasting. 

AI facilitates integration across these layers in three 

principal ways: 

1. Unified Data Layer: AI and data lakes 

consolidate transactional data, inventory, IoT 

feeds, and operational metrics. A unified data 

model enables near-real-time mapping of costs 

into financial ledgers and managerial dashboards. 

2. Automated Allocation & Costing: ML models 

analyze usage patterns and allocate overheads 

dynamically, enabling more accurate 

product/service costings and faster closing cycles. 

3. Predictive & Prescriptive Analytics: 

Forecasting (sales, demand, costs) and what-if 

scenarios powered by AI feed directly into 

management accounting models and, where 

material, into financial statement estimates (e.g., 

provisions, impairments). 

4. Continuous Controls & Auditability: 

Embedded AI monitors control effectiveness, 

flags exceptions, and stores immutable logs 

(where combined with appropriate data 

governance), supporting both internal controls 

and external audit evidence. 

This integration shifts the accountant’s role from 

ledger maintenance to data steward, model 

interpreter, and strategic advisor. 

Data Analysis and Interpretations (Numerical 

Analysis - Synthetic Dataset) 

Overview of empirical approach 
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To illustrate empirical testing of the hypotheses, a 

synthetic dataset (n = 300) was generated reflecting 

variation in AI adoption and related outcomes. The 

analytical steps performed include: 

• Descriptive statistics of key variables. 

• Group comparison (t-test) between high and low 

AI adopters on perceived audit-quality change. 

• Paired test for error rates before and after AI 

adoption. 

• OLS regression predicting perceived audit-

quality change from AI adoption score and 

automation percentage. 

(Structured outputs - descriptive tables, group means, 

test statistics, and regression summary - were 

produced during analysis. Two interactive tables were 

presented: Descriptive Statistics (Synthetic Dataset) 

and Group Means by High AI Adopter 

(0=low,1=high). The synthetic dataset is available for 

download.) 

Key descriptive statistics (high-level summary) 

• Mean AI adoption score (0–100): ~50 (by design, 

distribution centered around mid-range with 

heterogeneity). 

• Mean automation percentage: positive correlation 

with AI adoption score. 

• Mean perceived audit-quality change (1–7 

Likert): higher among respondents with higher 

AI adoption. 

Group comparisons 

• The t-test comparing perceived audit-quality 

change between high AI adopters (AI score ≥ 60) 

and low adopters yielded a t = 7.580, p < 0.001, 

indicating a significant difference with higher 

mean audit-quality perception among high 

adopters. 

• The paired t-test comparing error rates before vs 

after AI showed t = 31.506, p < 0.001, indicating 

a significant reduction in error rates post-AI 

implementation in the synthetic setting. 

Regression analysis 

An OLS regression predicting perceived audit-quality 

change using AI adoption score and automation 

percentage produced: 

• R-squared ≈ 0.285 — indicating the model 

explains around 28.5% of variance in perceived 

audit-quality change in the synthetic data. 

• Coefficient (ai-adoption-score) ≈ 0.0408, p < 

0.001 - significant positive relationship. 

• Coefficient (automation-pct) ≈ -0.0051, p ≈ 

0.152 - not statistically significant in this model 

specification (collinearity and model 

specification caveats apply). 

Interpretation 

• The statistically significant t-test and paired test 

support H1 and H3 in the synthetic example: 

higher AI adoption is associated with higher 

perceived audit-quality improvement and with 

lower error rates. 

• The regression suggests AI adoption score has an 

independent positive association with perceived 

audit-quality change even when automation 

percentage is included, supporting H4 (AI 

adoption remains significant when controlling for 

automation). The automation_pct coefficient is 

not significant once AI score is included, 

potentially because automation_pct and AI 

adoption are correlated; in real-world analysis 

multicollinearity diagnostics, different 

specifications (e.g., mediation analysis), or 

instrumental variables might be required. 

• Time-savings and automation gains were higher 

in the high AI adopter group, supporting H2. 

Caveat: These results are illustrative - based on 

simulated data. In practice, researchers should collect 

primary survey data, connect to operational metrics 

(e.g., transaction error logs), and ideally leverage 

longitudinal (pre/post) real data and quasi-

experimental designs to make stronger causal claims. 

Findings (Synthesis of Conceptual and Empirical 

Evidence) 

1. AI drives efficiency and reallocation of 

accountant effort. AI automates routine data-

entry and reconciliation tasks, increasing time for 

analysis, decision support, and advisory roles. 

2. Integration across accounting functions is 

feasible and beneficial. AI-enabled unified data 

layers and predictive models can seamlessly 

translate cost insights (cost accounting) into 

financial reporting estimates and management 

dashboards, enabling faster closes and better 

resource allocation. 

3. Perceived audit quality improves with AI 

adoption (illustrative evidence). In the 

simulated study, respondents with higher AI-

adoption scores reported significantly higher 

perceived audit-quality improvements. Empirical 

literature and industry reports also suggest 

improved anomaly detection and more 

comprehensive evidence-gathering when AI tools 

are used. (wjarr.com) 

4. Error rates decline after AI implementation 

(illustrative evidence). The paired test on 

synthetic data showed a significant drop in errors 

(per 1000 transactions). Real-world studies 

corroborate that automation and ML-driven 

checks reduce manual error rates, though model 

risk remains. (wbnsou.ac.in) 

5. Governance gaps: oversight, measurement, 

and accountability. Regulatory reviews indicate 

many large firms do not have robust metrics to 

monitor AI’s effect on audit quality. Without 

proper measurement, firms risk over-relying on 

black-box outputs and may fail to detect model 

drift, bias, or errors. (Financial Times) 

6. Rapid industry moves and partnerships 

highlight commercialization. Partnerships 

between major software vendors and AI model 

providers are accelerating AI’s embedding into 

accounting tools (e.g., leading fintech and 

accounting software firms integrating advanced 

AI models). This trend expands access to AI but 

raises questions of data privacy and vendor 

governance. (Reuters) 
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7. Skills and education shift required. 

Accountants need data literacy, model 

governance understanding, and ability to interpret 

outputs. Professional bodies emphasize upskilling 

and ethical AI usage guidance. (ifac.org) 

Discussion: Practical Implications & 

Recommendations 

For Firms / Accounting Departments 

• Start with data governance. Clean, well-

documented, and auditable data pipelines are 

prerequisite to safe AI deployment. 

• Measure AI impact on outcomes. Establish 

KPIs (e.g., error rates, time-to-close, audit 

exception rates) to track whether AI improves 

quality and efficiency. 

• Adopt hybrid workflows. Combine AI-assisted 

automation with human-in-the-loop review for 

high-risk decisions. 

• Vendor & model oversight. Vet third-party AI 

vendors, require model explainability, and 

contractually secure data handling and audit 

trails. 

For Auditors & Audit Firms 

• Embed continuous auditing frameworks. 

Leverage anomaly detection and continuous 

transaction monitoring to deliver more timely 

assurance. 

• Define evidence standards for AI outputs. 

Develop guidance on when AI outputs constitute 

sufficient audit evidence and when 

supplementary procedures are needed. 

• Govern risk of model bias and drift. Regularly 

validate models and monitor for changes in input 

distributions and performance. 

For Educators & Professional Bodies 

• Update curricula. Integrate data analytics, ML 

basics, and model governance into accounting 

and auditing courses. 

• Provide ethical AI guidance. Publish practice 

notes on bias mitigation, transparency, and 

auditor responsibilities when using AI. 

• Support practitioner upskilling. Offer short 

courses and microcredentials in AI tools for 

accountants. 

Conclusion 

AI is not merely a set of tools but an agent of 

structural change in accounting and auditing. It 

enables integration across financial, cost, and 

management accounting by providing unified data 

platforms, automated and dynamic costing, and 

predictive analytics that feed managerial and external 

reporting processes. The simulated empirical analysis 

in this study illustrates meaningful associations 

between higher AI adoption and higher perceived 

audit quality, increased automation and time savings, 

and lower transactional error rates. However, 

meaningful governance, measurement, and skill 

development are essential to realize AI’s potential and 

mitigate risks. Professional bodies and regulators are 

rightly focusing on responsible AI adoption and firm-

level oversight to ensure audit quality is maintained or 

improved as AI scales. 
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