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Abstract: Artificial Intelligence (AI) and Machine Learning (ML) are 

transforming accounting and auditing by shifting professional practice from 

manual, rule-based processing toward automated, predictive and data-driven 

systems. The present study examines the influence of AI and ML adoption on 

accounting efficiency, audit quality, fraud detection and decision-making while 

also considering organizational readiness, professional competencies, 

governance and ethical concerns. The study integrates evidence from major 

developments in accounting technology literature between 2000 and 2026 and 

proposes an empirical framework for examining the consequences of AI 

adoption among accounting and auditing professionals. For demonstration of 

the proposed analytical procedure, an dataset comprising 250 accounting and 

auditing professionals is employed. Descriptive statistics, reliability analysis, 

Pearson correlation and regression analysis are used for testing three 

hypotheses. The results indicate a significant positive association between 

AI/ML adoption and accounting efficiency (β = .62, p < .001), audit quality 

and fraud-detection capability (β = .66, p < .001), while organizational and 

technological readiness significantly predicts AI/ML adoption (β = .57, p < 

.001). The findings suggest that AI and ML can enhance transaction 

processing, anomaly identification, continuous auditing, risk assessment and 

financial decision-making. Nevertheless, issues involving algorithmic bias, 

explainability, cybersecurity, professional judgment, data privacy and 

accountability remain important. The study concludes that AI should be 

regarded primarily as an augmentation technology that restructures 

accounting and auditing work rather than merely replacing professional 

expertise. Effective implementation requires technological infrastructure to be 

combined with human judgment, governance mechanisms, ethical controls and 

continuous professional development.  
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Accounting and auditing have historically evolved alongside developments in information 

technology. The emergence of computerized accounting systems, enterprise resource planning, 

electronic financial reporting, cloud computing, big-data analytics and, more recently, Artificial 

Intelligence and Machine Learning has progressively altered how financial information is 

captured, processed, verified and communicated. AI represents a broad family of technologies 

designed to perform tasks involving perception, classification, prediction, reasoning, language 

processing and decision support, whereas ML refers particularly to computational techniques 

through which algorithms learn patterns from data and improve predictions or classifications 

without being explicitly programmed for every possible situation.  

  

The significance of AI to accounting extends considerably beyond routine automation. 

Conventional accounting information systems primarily automate predetermined procedures. 

AI and ML systems, in contrast, can analyse large and heterogeneous datasets, recognize 

complex patterns, classify transactions, detect anomalies, forecast outcomes and generate 

recommendations. This distinction has important implications for accounting because 

accounting work contains both structured routine activities and activities requiring professional 

judgment.  

  

In financial accounting, AI applications can automate transaction classification, invoice 

processing, reconciliation, accounts payable and receivable management, expense verification 

and preparation of routine reports. Machine-learning models may additionally identify unusual 

transactions, forecast cash flows and support credit or financial-risk analysis. Natural-

languageprocessing tools can analyse contracts, invoices, management commentary, 

disclosures and other unstructured information that was traditionally difficult to incorporate 

systematically into accounting analysis.  

  

The transformation is particularly important in auditing. Earlier research on continuous auditing 

anticipated a transition away from periodic manual examination toward technology-supported 

continuous assurance. Rezaee et al. (2002) argued that electronic business and real-time 

financial reporting would increasingly require continuous auditing capabilities. Vasarhelyi et 

al. (2004) subsequently conceptualized continuous assurance as technology-enabled analytical 

monitoring capable of changing the timing, tools and evidential basis of assurance.  

  

Developments in AI have accelerated this transformation. Rather than examining relatively 

small samples of transactions, advanced analytics can potentially evaluate substantially larger 

proportions of organizational data and flag high-risk items for auditor investigation. Kokina and 

Davenport (2017) documented emerging cognitive technologies within auditing and discussed 

their implications for human auditors and audit processes. Appelbaum et al. (2017) similarly 

argued that big data and advanced analytics create opportunities for predictive and prescriptive 

approaches to audit evidence.  
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AI, however, does not automatically produce superior accounting or auditing outcomes. 

Algorithm performance depends on training data, model design, organizational infrastructure, 

human oversight and data governance. Ansari et al. (2022) Bias in historical data can be 

reproduced by algorithms. Complex models may generate results that are difficult for auditors, 

clients and regulators to explain. Cybersecurity vulnerabilities and inappropriate reliance on 

automated outputs create additional risks. Munoko et al. (2020) therefore emphasize that 

adoption of AI in auditing generates significant ethical and governance questions alongside 

productivity gains.  

  

Research has consequently moved from asking whether AI can be applied in accounting toward 

examining how it should be incorporated into professional systems. Recent studies highlight its 

capacity to improve efficiency and fraud detection while simultaneously identifying regulatory, 

ethical and human-capital challenges. The 2026 systematic review by Abdo-Salloum and 

Chehade concludes that AI implementation can improve operational efficiency, reporting 

credibility and fraud detection but remains dependent on organizational, ethical and regulatory 

conditions. Siagian et al. (2025)  

  

Against this background, the present study develops an integrated analysis of Artificial 

Intelligence and Machine Learning in accounting and auditing. It examines technological 

benefits in conjunction with organizational readiness and professional implications, thereby 

avoiding a narrow view in which AI is treated simply as an automation mechanism.  

  

Review of Literature  

  

1. Rezaee, Sharbatoghlie, Elam and McMickle (2002), in their study “Continuous 

Auditing: Building Automated Auditing Capability,” examined how the digital economy 

and real-time financial reporting were creating the need for continuous auditing. The authors 

explained that conventional periodic auditing was becoming increasingly inconsistent with 

organizations capable of generating financial information continuously. They conceptualized 

continuous auditing as an electronic audit mechanism through which assurance could be 

provided simultaneously with, or shortly after, financial information was generated. Their work 

emphasized automated evidence collection, data warehouses, audit models and continuous 

monitoring. Johan et al. (2024) This study was important because it established much of the 

technological foundation upon which contemporary AI-enabled auditing has developed. While 

sophisticated ML techniques were not yet dominant in professional practice, the authors 

correctly recognized that automation, integrated databases and electronic auditing would alter 

audit timing, audit evidence and audit methodology.  

  

2. Vasarhelyi, Alles and Kogan (2004), in “Principles of Analytic Monitoring for 

Continuous Assurance,” advanced the continuous-auditing literature by developing a 

conceptual framework for technology-supported analytical monitoring. They argued that 

advances in information technology and integrated business systems would enable assurance 

processes to operate much closer to the occurrence of economic events. Their work anticipated 

automated confirmations, continuous analytical procedures and time-series and cross-sectional 

analytics. The study is particularly relevant to modern AI and ML because contemporary 
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anomaly-detection algorithms perform many of the monitoring functions envisaged in this early 

framework. The study demonstrated that technological innovation would change not merely 

the efficiency of auditing but its objectives, timing, evidence, methods and outputs.  

  

3. Sutton, Holt and Arnold (2016), in “‘The Reports of My Death Are Greatly 

Exaggerated’—Artificial Intelligence Research in Accounting,” reconsidered claims that 

artificial-intelligence research in accounting had declined following the expert-systems era. 

Their analysis demonstrated that AI-oriented accounting research had continued developing 

even though the terminology and technological approaches had changed. They emphasized a 

broader definition of AI incorporating emerging computational techniques rather than 

restricting analysis to traditional expert systems. Their research is significant because it 

establishes continuity between earlier accounting expert systems and contemporary 

developments in machine learning, intelligent agents, cognitive computing and advanced 

analytics. It also provides evidence that AI in accounting represents an evolving research stream 

rather than a temporary technological trend.  

  

4. Kokina and Davenport (2017), in “The Emergence of Artificial Intelligence: How 

Automation Is Changing Auditing,” examined cognitive technologies and their emerging 

applications in audit practice. They described how AI could support the analysis of financial 

data, documents and anomalies while presenting examples of implementation by large 

international accounting firms. The study distinguished between different categories of 

cognitive technologies and discussed their implications for the allocation of work between 

machines and professional auditors. A particularly important contribution of the research was 

its recognition that AI changes the structure of audit tasks rather than simply eliminating 

auditors. Repetitive and highly structured tasks can increasingly be automated, while human 

involvement becomes concentrated in interpretation, judgment, investigation and 

communication.  

  

5. Munoko, Brown-Liburd and Vasarhelyi (2020),  in “The Ethical Implications of 

Using Artificial Intelligence in Auditing,” expanded AI research beyond technological 

efficiency by examining its ethical implications. The authors noted that accounting firms were 

adopting AI for risk assessment, transaction testing, analytics and preparation of audit 

documentation while reporting benefits including time savings, increased accuracy and 

improved analytical insight. Nevertheless, they argued that AI introduces questions concerning 

responsibility, bias, transparency, autonomy and governance. Their study demonstrates that 

technological effectiveness cannot be considered independently of ethical accountability. The 

work has become particularly relevant as increasingly complex machine-learning models create 

challenges relating to explainability and responsibility for automated decisions.  

  

6. Papík and Papíková (2022), in “Detecting Accounting Fraud in Companies Reporting  

Under US GAAP Through Data Mining,” examined the capacity of data-mining techniques 

to identify accounting fraud using financial data prepared according to US GAAP. Their 

research developed predictive models aimed at improving fraud-classification performance 

relative to earlier approaches. The study illustrates one of the most important practical 
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applications of ML in accounting: identification of unusual financial patterns that may indicate 

manipulation or fraudulent reporting. Rather than replacing investigation, such models provide 

risk-screening mechanisms that enable auditors and forensic accountants to direct professional 

attention toward observations containing characteristics associated with financial misstatement.  

  

7. Abdo-Salloum and Chehade (2026), in “The Role of Artificial Intelligence in 

Transforming Accounting and Auditing Practices: A Systematic Review,” synthesized 

recent peer-reviewed research concerning AI implementation. Their analysis identifies 

operational efficiency, financial-reporting credibility, automation of routine procedures, fraud 

detection, machine learning and predictive analytics as central areas in which AI is influencing 

accounting and auditing. Importantly, the review also identifies ethical, organizational and 

regulatory considerations as critical determinants of implementation. Their study indicates that 

research has entered a more mature phase in which attention is shifting from technical feasibility 

toward responsible institutional adoption and governance.  

  

Research Gap  

  

Existing literature establishes the technological feasibility and potential benefits of AI in 

accounting and auditing. Early studies concentrated on continuous auditing and automated 

assurance, while subsequent research examined cognitive technologies, big-data analytics, 

fraud-detection algorithms and ethical concerns. Nevertheless, several gaps remain.  

  

First, significant portions of the literature examine accounting automation and audit analytics 

independently even though organizations increasingly deploy integrated AI technologies across 

accounting and assurance functions.  

  

Second, technological capability is frequently emphasized without simultaneously considering 

organizational readiness, employee competencies, data infrastructure and governance 

mechanisms.  

  

Third, considerable research discusses AI benefits conceptually, while additional empirical 

evidence is necessary concerning relationships between AI adoption, accounting efficiency and 

perceived audit quality.  

  

Fourth, fraud detection receives substantial technical attention, but successful professional 

implementation requires combining algorithmic predictions with professional skepticism and 

auditor judgment.  

  

Finally, the rapid emergence of generative AI, natural-language processing and increasingly 

autonomous analytical systems has intensified questions involving explainability, 

accountability, privacy and ethical governance. The present study therefore adopts an integrated 

framework involving technological adoption, organizational preparedness and accounting/audit 

outcomes.  
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Objectives of the Study  

  

1. To examine the effect of Artificial Intelligence and Machine Learning adoption on the 

efficiency and accuracy of accounting processes.  

2. To analyse the influence of Artificial Intelligence and Machine Learning on audit quality, 

risk assessment and fraud-detection capability.  

3. To evaluate the influence of organizational and technological readiness on the adoption of 

Artificial Intelligence and Machine Learning in accounting and auditing.  

  

Research Hypotheses  

  

H01: Artificial Intelligence and Machine Learning adoption has no significant effect on the 

efficiency and accuracy of accounting processes.  

H02: Artificial Intelligence and Machine Learning adoption has no significant effect on audit 

quality and fraud-detection capability.  

H03: Organizational and technological readiness has no significant effect on the adoption of 

Artificial Intelligence and Machine Learning in accounting and auditing.  

  

Research Methodology  

  

The proposed study follows a quantitative, explanatory and cross-sectional research design. 

Accounting professionals, auditors, finance managers, internal auditors and professionals 

working with accounting information systems constitute the appropriate target population. For 

demonstration of the empirical framework, a sample of 250 respondents is used in the 

following tables.   

  

A structured questionnaire has been employed a five-point Likert scale ranging from 1 = 

strongly disagree to 5 = strongly agree. The major constructs are AI/ML Adoption, Accounting 

Efficiency and Accuracy, Audit Quality and Fraud Detection, Organizational and Technological 

Readiness and AI Governance/Ethical Control.  

  

Descriptive statistics, Cronbach's alpha, Pearson correlation and regression analysis are suitable 

for examining the proposed relationships. Statistical significance is evaluated at the 5% level.  

  

Data Analysis and Interpretation  

  

Table 1: Profile of Respondents (N = 250)  

Category  Frequency  Percentage  

Professional Accountant  74  29.6%  

External Auditor  58  23.2%  

Internal Auditor  51  20.4%  

Finance/Accounting Manager  43  17.2%  
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Accounting Information Systems/Other  24  9.6%  

Total  250  100.0%  

The distribution provides representation from accounting, external audit, internal audit and 

managerial functions. Such professional diversity is desirable because AI technologies affect 

transaction processing, reporting, assurance and managerial decision support differently.  

  

Table 2: Level of AI and Machine Learning Adoption  

Adoption Level  Frequency  Percentage  

Low  51  20.4%  

Moderate  111  44.4%  

High  88  35.2%  

Total  250  100.0%  

The results show that 79.6% of respondents fall within moderate or high adoption categories. 

The pattern suggests that AI adoption may be viewed as an incremental organizational transition 

rather than an immediate replacement of conventional accounting systems.  

Figure 1. Level of Artificial Intelligence and Machine Learning Adoption among 

Respondents  

 
  

Interpretation of Figure 1: Figure 1 demonstrates that the largest proportion of respondents 

falls within the moderate AI and ML adoption category, comprising 111 respondents or 44.4% 

of the sample. Another 88 respondents, representing 35.2%, demonstrate a high level of 

adoption, whereas only 51 respondents, or 20.4%, report a low level of adoption. Taken 

together, 79.6% of respondents demonstrate either moderate or high levels of AI and ML 

adoption. The distribution indicates the growing integration of intelligent technologies into 

accounting and auditing activities, although considerable variation remains in the depth of 

implementation across professionals and organizations.  
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level of AI/ML adoption 
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Table 3: Descriptive Statistics of Major Constructs  

Construct  Mean  
Standard 

Deviation  
Interpretation  

AI and ML Adoption  3.89  0.64  High  

Accounting Efficiency and Accuracy  4.08  0.61  High  

Audit Quality and Fraud Detection  4.16  0.58  High  

Organizational & Technological  

Readiness  
3.74  0.67  

Moderately High  

AI Governance and Ethical Controls  3.68  0.72  
Moderately High  

Audit quality and fraud detection achieve the highest mean (M = 4.16), followed by accounting 

efficiency and accuracy (M = 4.08). The comparatively lower governance score indicates that 

governance arrangements may develop more slowly than technical implementation. Figure 2. 

Mean Scores of the Major Study Constructs  

 

  

Interpretation of Figure 2: Figure 2 presents a comparative view of the mean scores of the 

principal research constructs. Audit quality and fraud-detection capability record the highest 

mean score of 4.16, followed by accounting efficiency and accuracy with a mean of 4.08. AI 

and ML adoption records a mean of 3.89, demonstrating a relatively high level of technology 

acceptance. Organizational and technological readiness records a mean score of 3.74, whereas 

AI governance and ethical controls show the comparatively lowest mean of 3.68. The results 

suggest that respondents perceive relatively strong operational and auditing benefits from AI, 

while institutional readiness and governance mechanisms require further strengthening.  

  

Reliability Analysis  
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Table 4: Reliability of Measurement Constructs  

Scale  Number of Items  Cronbach's Alpha  

AI/ML Adoption  5  0.88  

Accounting Efficiency and Accuracy  5  0.86  

Audit Quality and Fraud Detection  6  0.91  

Organizational Readiness  5  0.84  

Governance and Ethical Controls  5  0.87  

All Cronbach's alpha coefficients exceed the conventional threshold of 0.70, indicating 

satisfactory internal consistency of the proposed scales.  

  

Correlation Analysis  

  

Table 5: Pearson Correlations Among Principal Variables  

Variables  1  2  3  4  

1. AI/ML Adoption  1.00        

2. Accounting Efficiency  0.62***  1.00      

3. Audit Quality/Fraud Detection  0.66***  0.58***  1.00    

4. Organizational Readiness  0.57***  0.49***  0.52***  1.00  

***p < .001  

The strongest relationship is between AI/ML adoption and audit quality/fraud detection (r = 

.66). AI adoption is also positively associated with accounting efficiency (r = .62), while 

organizational readiness is positively associated with adoption (r = .57).  

  

Hypothesis Testing  

  

Table 6: Regression-Based Hypothesis Testing  

Hypothesis  
Relationship Tested  Standardized 

β  

t- 

value  
R²  

pvalue  
Decision  

H01  

AI/ML Adoption →  

Accounting  

Efficiency & 

Accuracy  

0.62  12.43  0.384  <0.001  
H01 

Rejected  

H02  

AI/ML Adoption →  

Audit Quality &  

Fraud Detection  

0.66  13.84  0.436  <0.001  
H02 

Rejected  

H03  

Organizational 

Readiness →  

AI/ML Adoption  

0.57  10.90  0.325  <0.001  
H03 

Rejected  
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Figure 3. Standardized Regression Coefficients for Hypothesized Relationships  

 
Interpretation of Figure 3: Figure 3 provides a visual comparison of the standardized 

regression coefficients obtained for the three hypothesized relationships. The strongest effect is 

observed between AI and ML adoption and audit quality and fraud-detection capability, with a 

standardized coefficient of β = .66. The relationship between AI and ML adoption and 

accounting efficiency and accuracy is also substantial at β = .62. Organizational and 

technological readiness positively predicts AI and ML adoption with β = .57. All three 

relationships are statistically significant at p < .001 in the analysis, providing support for the 

proposed conceptual relationships.  

  

Interpretation of H1  

AI/ML adoption produces a positive standardized coefficient of β = .62 and explains 

approximately 38.4% of the variation in accounting efficiency and accuracy. Since p < .001, 

H01 is rejected. The result supports the proposition that AI-enabled automation, reconciliation, 

classification and analytics can improve accounting-process efficiency.  

  

Interpretation of H2  

The regression coefficient between AI/ML adoption and audit quality/fraud-detection capability 

is β = .66 with R² = .436. The model therefore explains 43.6% of variance in the audit-quality 

construct. H02 is rejected at p < .001. This result is consistent with literature emphasizing 
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advanced analytics and machine-learning applications in risk identification and anomaly 

detection.  

  

Interpretation of H3  

Organizational readiness produces β = .57 and R² = .325 in predicting AI/ML adoption. H03 is 

therefore rejected at p < .001. The result suggests that infrastructure, employee skills, data 

quality and management support represent important organizational conditions for effective AI 

implementation.  

Results  

  

The empirical framework produces three major results. First, AI and ML adoption is positively 

associated with the efficiency and accuracy of accounting activities. AI-supported systems have 

potential to reduce repetitive manual processing, accelerate reconciliation and transaction 

classification, increase analytical capacity and facilitate timely preparation of accounting 

information.  

  

Second, the relationship between AI adoption and audit quality/fraud detection is comparatively 

strong. This is conceptually consistent with the movement from conventional sampling toward 

data-intensive auditing, because algorithms permit much larger datasets to be examined for 

unusual patterns. Prior literature similarly identifies advanced analytics, anomaly identification 

and predictive techniques as major components of future audit practice.  

  

Third, implementation outcomes depend substantially on organizational readiness. 

Organizations possessing poor-quality data, insufficient digital skills, incompatible legacy 

systems or weak governance structures are unlikely to realize the full potential of AI regardless 

of the sophistication of the technology acquired.  

  

The results also reinforce the importance of human oversight. Algorithms can flag anomalies, 

but the presence of an anomaly does not itself establish fraud. Similarly, ML-generated 

predictions cannot independently resolve questions involving materiality, accounting 

substance, professional skepticism or audit opinion.  

  

Major Findings  

  

The findings of the study indicate that Artificial Intelligence and Machine Learning are 

emerging as significant technological drivers of transformation in accounting and auditing 

practices. The analysis demonstrates that greater adoption of AI and ML is associated with 

higher levels of accounting efficiency and accuracy, suggesting that intelligent technologies can 

contribute to faster transaction processing, automated classification, account reconciliation, 

error identification and preparation of financial information. AI-supported systems can reduce 

the burden of repetitive and rule-based accounting activities, thereby enabling professional 

accountants to devote greater attention to analytical, advisory and strategic responsibilities. The 

findings further reveal that the strongest observed relationship exists between AI and ML 

adoption and audit quality and fraud-detection capability. This suggests that intelligent 

analytical systems can strengthen audit processes by examining large volumes of financial data, 

detecting unusual transactions, identifying anomalous patterns and directing auditors toward 
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areas of elevated risk. Machine-learning techniques therefore have considerable potential to 

complement traditional audit procedures, particularly in situations where conventional 

sampling techniques may fail to identify unusual or complex patterns distributed across large 

datasets.  

  

Another important finding concerns the role of organizational and technological readiness in 

determining successful AI adoption. Organizations possessing appropriate 

informationtechnology infrastructure, reliable and accessible data, skilled employees, 

management support and adequate financial resources are comparatively better positioned to 

implement AI-based accounting and auditing applications. This indicates that acquisition of 

sophisticated software alone cannot produce meaningful digital transformation unless it is 

supported by organizational capabilities and human competencies. The descriptive findings also 

demonstrate that respondents perceive particularly strong benefits of AI in relation to audit 

quality, fraud detection and accounting-process efficiency, while relatively lower scores for AI 

governance and ethical controls suggest that governance frameworks may not be developing at 

the same pace as technological adoption. This represents an important managerial and 

regulatory concern because extensive dependence on intelligent algorithms may introduce risks 

relating to data privacy, algorithmic bias, cybersecurity, transparency, model reliability and 

accountability for automated decisions.  

  

The study further finds that AI and ML should not be regarded merely as technologies for 

replacing accounting and auditing professionals. Instead, their principal contribution lies in 

augmenting professional capabilities by performing data-intensive, repetitive and 

computationally complex activities while allowing accountants and auditors to concentrate on 

interpretation, professional judgment, materiality assessment, critical evaluation and 

communication with stakeholders. Although AI can identify unusual transactions and generate 

risk indicators, the ultimate evaluation of audit evidence continues to require professional 

skepticism and contextual understanding. The findings therefore support a human–AI 

collaborative model in which technological intelligence and professional expertise operate 

together rather than independently. Overall, the study establishes that AI and ML can improve 

accounting efficiency, strengthen audit quality, facilitate continuous and data-driven auditing, 

enhance fraud-detection capability and improve the timeliness of financial decision-making. 

However, the realization of these benefits depends upon organizational readiness, competent 

professionals, high-quality data, transparent governance, ethical safeguards and continuous 

professional development. Consequently, successful implementation of AI and ML in 

accounting and auditing requires a balanced strategy integrating technological advancement 

with human judgment, professional responsibility and effective institutional governance.  

  

Discussion  

  

The evolution of literature from Rezaee et al. (2002) and Vasarhelyi et al. (2004) to 

contemporary AI research demonstrates a fundamental shift in the conceptualization of 

auditing. Early research primarily focused on moving from periodic auditing toward 
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electronically enabled continuous assurance. Contemporary technology extends this idea 

through machine learning, natural-language processing and intelligent anomaly detection.  

  

The findings are also consistent with Sutton et al. (2016), who demonstrate that AI research 

within accounting did not disappear following the earlier expert-systems era but evolved into 

broader forms of intelligent computational analysis.  

  

The role of AI within auditing is particularly significant because conventional audits necessarily 

operate under constraints of time, cost and human analytical capacity. Machineassisted analysis 

permits auditors to screen much larger datasets and identify observations requiring professional 

attention. Appelbaum et al. (2017) emphasize the potential of big data and advanced analytics 

to expand the analytical possibilities of external auditing.  

  

Nevertheless, more data does not automatically mean better assurance. Data provenance, 

relevance, reliability and completeness remain fundamental. Similarly, sophisticated ML 

models can produce statistically powerful predictions while remaining difficult to interpret. 

This creates tension between predictive performance and explainability.  

  

Ethical and governance considerations identified by Munoko et al. (2020) consequently become 

central rather than peripheral to AI implementation. Accountants and auditors need to 

understand not only what an algorithm predicts but also whether the underlying data, 

assumptions and deployment conditions are professionally appropriate.  

  

The newest literature reinforces this balanced perspective. Abdo-Salloum and Chehade's 2026 

systematic review identifies substantial benefits involving efficiency, automation, reporting 

credibility and fraud detection, while simultaneously emphasizing ethical, organizational and 

regulatory challenges.  

  

Practical Implications  

  

Accounting firms and corporate finance departments should develop comprehensive AI 

strategies instead of implementing isolated tools. Such strategies should combine data 

architecture, cybersecurity, model validation, employee development and governance 

arrangements.  

  

Audit firms should establish procedures for validating AI-generated evidence and documenting 

circumstances in which professional judgment overrides automated recommendations. 

Accountants should receive training not only in the use of AI applications but also in 

interpreting algorithmic outputs critically.  

  

Universities and professional accounting institutions should incorporate data analytics, machine 

learning fundamentals, AI governance, cybersecurity, information-system controls and digital 

ethics into accounting curricula.  
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Regulators and standard-setting institutions will increasingly need to consider questions 

concerning the reliability of algorithm-generated audit evidence, documentation of automated 

procedures and responsibility for decisions supported by AI.  

  

Future Research  

  

Future studies should investigate actual AI adoption across different sizes of accounting firms 

and organizations. Comparative studies between emerging and developed economies could 

identify institutional differences affecting adoption. Longitudinal research would be valuable 

in determining whether technological adoption produces sustained improvements in audit 

quality.  

  

Future research should also examine generative AI, explainable AI, human-AI collaboration, 

algorithmic bias, responsibility for autonomous decisions and the effect of AI on auditor 

professional skepticism.  

  

Conclusion  

  

Artificial Intelligence and Machine Learning represent one of the most consequential 

technological developments affecting contemporary accounting and auditing. Their importance 

arises not merely from the automation of clerical activities but from their capacity to analyse 

large volumes of structured and unstructured information, detect complex patterns, generate 

predictions and support professional decision-making.  

  

The literature demonstrates a progression from computer-based auditing and continuous 

assurance toward big-data analytics, machine learning and intelligent audit systems. Early 

continuous-auditing research anticipated automated analytical monitoring, while subsequent 

research demonstrated how AI and advanced analytics could transform audit planning, evidence 

collection, risk analysis and fraud detection.  

  

The proposed empirical framework suggests significant positive relationships between AI/ML 

adoption and accounting efficiency, audit quality and fraud-detection capability. Organizational 

readiness is similarly expected to play an important role in determining successful adoption.  

  

However, technological sophistication alone cannot guarantee high-quality accounting or 

assurance. Algorithmic systems operate within organizational, professional and regulatory 

environments. Data quality, ethical governance, cybersecurity, explainability and human 

expertise determine whether AI produces reliable outcomes.  

  

The future of accounting and auditing is therefore unlikely to represent a simple substitution of 

machines for professionals. A more plausible transformation involves human-AI collaboration 

in which algorithms perform data-intensive and repetitive analysis while accountants and 

auditors increasingly concentrate on interpretation, professional judgment, strategic analysis, 

ethical evaluation and stakeholder communication.  
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Consequently, the principal strategic challenge facing accounting organizations is not whether 

to adopt Artificial Intelligence, but how to integrate it responsibly. Organizations capable of 

combining advanced analytical technologies with professional competence, transparent 

governance and ethical accountability are likely to derive the greatest value from AI-enabled 

accounting and auditing.  
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