
International Journal of Science and Research (IJSR) 
ISSN: 2319-7064 

Impact Factor 2025: 7.089 

Volume 15 Issue 5, May 2026 
Fully Refereed | Open Access | Double Blind Peer Reviewed Journal 

www.ijsr.net 

Enhancing Audit and Financial Reporting Quality 

through AI and Machine Learning: Opportunities 

and Risks 
 

Shiv Shankar Mishra1, Pradnya Suhas Wathare2 
 

1Sr Business Analyst, James Hardie, Cumming, Georgia, USA 

Corresponding Author Email: ssmishra8682[at]gmail.com 
 

2Program Manager, Tata Consultancy Services (TCS), Pune, India 

Email: watharepradnya1983[at]gmail.com 

 
 

Abstract: The recent and rapid rise of Artificial Intelligence (AI) and Machine Learning (ML) is affecting the sphere of auditing and 

financial reporting due to its potential to contribute to introducing a better accuracy level, effectiveness, and level of analysis. This study 

analyses the possibilities and threats of applying AI and ML in the auditing procedure and the financial reporting procedures. Applying 

natural language processing model and explainable artificial intelligence model, with the help of supervised and unsupervised machine 

learning methods, auditors can reveal anomalies, predict future wrong statements in a financial report and speed up decision-making 

activities. The research proposes the implementation of hybrid methodology of AI-led information and human professional judgment to 

achieve the integrity of the audit and ethical and regulatory consistency. Findings indicate that the employment of AI and ML can enhance 

efficiencies and automate repetitive operations, monitor conditions and keep checking against risks, but also enhance the quality of 

financial reporting by minimizing errors and maximizing the ease at which complicated datasets may be efficiently assessed. Nevertheless, 

the paper also highlights certain critical issues, e.g., the bias in algorithms, the drawbacks of the quality of data, cybersecurity threats, and 

even the severance of overreliance on automated products. The study points to the relevance of the governance framework, the ethical 

principles, and human supervision in maximizing the advantages of AI-based auditing and minimizing the risks related to the latter. The 

work has a contribution to the literature as it offers an integrated framework of embedding AI and ML in the audit and reporting activities 

that balance its performance in terms of efficiency, transparency and accountability. 
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1. Introduction 
 

The auditing and the financial reporting are providing the 

background in the contemporary capital markets and promote 

transparency, accountability and confidence between entities 

and the stakeholders. Conventionally, these roles have relied 

on heavy manual processes, judgment over the part of the 

professional, sampling methodology and ex post audit of the 

financial data. Although these methods have served the 

profession over the decades, it is getting to be challenged due 

to the growing complexity of business models, globalization 

of business operations, the large volumes of transactions, and 

a continuously growing pace of the financial information 

creation and distribution. [1]. The viability of the audit and 

reporting systems currently in existence, in all jurisdictions, 

has been subject to additional criticism, of whether the 

conventional systems are sufficient to pinpoint the risks, fraud 

and misstatements sufficiently in time [2]. 

 

1.1 Background and Motivation 

 

Meanwhile, there is aggressive development of artificial 

intelligence (AI) and machine learning (ML) that has already 

begun to substantially change the decision-making process in 

any industry (finance, healthcare, manufacturing, and public 

governance) [3]. In the accounting and auditing sector, AI and 

ML can transform the way financial data is being processed, 

analyzed and interpreted, which can potentially result in the 

enhancement of the quality of audit, augment the financial 

reporting accuracy, and reduce the difference in information 

extent between the companies and their stakeholders [4]. 

 

1.2 Evolution of Technology in Auditing and Financial 

Reporting 

 

Use of technology in the time of audits is not in itself a novel 

idea. Initial computer-aided audit techniques (CAATs) 

allowed an auditor to process the electronically stored 

information and perform substantive testing as efficiently as 

auditors did manually during initial presentations. 

Technological assets that could be used by auditors rose even 

more as enterprise resource planning (ERP) systems, data 

analytics applications, and continuous auditing models were 

developed over the years [5]. Even most of such tools 

remained rule-based and deterministic and were not capable 

enough of handling unstructured data and adapting to new 

risk patterns and were not applicable to real-time assurance 

[6] [7]. 

 

1.3 Conceptual Foundations of AI and Machine Learning 

in Accounting 

 

Artificial intelligence is commonly taken to refer to systems 

that are developed to process tasks that are not limited to the 

human intelligence like learning, reasoning and problem 

solving as indicated in figure 1. Machine learning is one of the 

branches of A.I. the emphasis on the algorithms that enhance 

work with the experience and exposure to data [8]. These 

typical Machine learning algorithms used in auditing and 
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financial reporting include supervised learning, classification, 

and prediction, unsupervised learning, clustering and anomaly 

detection, and reinforcement learning, adaptive decision-

making [9] [10]. 

 

 
Figure 1: AI adoption life cycle in Auditing 

 

The fact that AI and ML will allow improving the quality of 

the audit is one of the largest opportunities available. The 

analytics based on AI can enhance the level of risk assessment 

through analysing the whole population of transactions rather 

than sampling them so that it can be more likely to detect the 

anomaly, fraud, or error [11]. ML-powered continuous 

auditing systems have the capacity to track transactions on-

the-fly and may result into an earlier detection of that risk and 

reduce the delay between the risk happened and detected. 

Besides, AI devices can assist auditors to exercise professional 

judgment and provide data-known information and scenario 

analysis [12]. 

 

1.4 Implications for Financial Reporting Quality 

 

Relevance, reliability, comparability as well as timeliness of 

financial information are interrelated to the quality of 

financial reporting. AI and ML can enhance the quality of the 

report by enhancing the quality of the data, reducing the 

number of manual errors, and further increasing consistency 

in the usage of accounting policies in the context of more 

complicated organizations [13] [14]. Predictive analytics can 

identify discrepancies between financial and non-financial 

data set and identify the presence of peculiar trends and help 

management prepare forward-pointed disclosures with the 

help of automated systems [15] [16]. 

 

2. Literature Review 
 

Other important concepts in accounting research include 

auditing quality and financial reporting quality. Audit quality 

is usually viewed as the risk of probability of an auditor to 

detect material misstatements as well as report these 

misstatements, which reflect both the technical competency 

and independence of auditors [17]. The quality of financial 

reporting, in its turn, is associated with the relevancy, faithful 

reporting, comparability, and timeliness of financial 

reporting. The existing body of literature stresses on the 

importance of high-quality auditing as one of the governance 

mechanisms that foster the credibility of financial reporting 

and minimizes the information asymmetry between the 

managers and the stakeholders [18]. 

 

2.1 Theoretical Foundations of Audit and Financial 

Reporting Quality 

 

Publix accounting logic Traditional audit and reporting 

models are grounded on agency theory, which views auditing 

to check the conflict of interest issues of principals and 

agents. Nevertheless, with the improved complexities and 

available information in business settings, researchers have 

raised doubts about the sufficiency of traditional audit 

procedures that are founded on sampling, ex post 

verifications, and form-static risk evaluation in ensuring high 

quality outcomes [19]. This theoretical conflict leads to a 

premise on ways AI and ML can be employed to complement 

or modify the current audit and reporting practices. 

 

2.2 Emergence of Data Analytics, AI, and ML in Auditing 

 

The initial technological innovation in the auditing industry 

was the technology of automating audits and data analytics, 

because of which auditors can process more data and perform 

more complicated tests. Studies in this regard indicate that 

audit analytics has the potential to improve the risk 

assessment, detecting fraud and efficiency in the audit process 

particularly when applied in full population testing compared 

to sample use [20]. The first analytics tools were however 

based on primarily descriptive and diagnostic functions and 

had fewer predictive or adaptive ones. AI and ML also 

represent the movement towards intelligent systems of audit 

capable of learning based on previous data and adapting to the 

new trends of risk [21]. 

 

2.3 AI and ML Applications in Financial Reporting 

 

In addition to auditing, AI and ML has been circulating about 

their use in financial reporting, particularly on the fronts of 

estimation, classification and narrative disclosure. According 

to the research, machine learning models could be utilized to 

enhance the precision of financial forecasts, impairment 

testing, and valuations approximations because of analyzing 

a wider scope of financial and non-financial variables [22]. 

Management discussion and analysis (MD&A) sections, 

earnings announcements, and sustainability reports have also 

been analyzed using natural language processing methods to 

offer an opinion on the tone, readability and obfuscation. 

 

2.4 Efficiency Gains from AI-Enabled Auditing and 

Reporting 

 

The number of literatures reflecting the efficiency gains 

because of adopting AI and ML technology in auditing and 

financial reporting is huge. Routine tasks including data 

extraction, reconciliation and confirmation have been 

automated, which has been found to save on the hours and 

costs of the audit, and express coverage. The models are 

continuous auditing, which can perform real-time auditing 

and implement ML algorithms, which in turn enhance 

efficiency by having the ability to monitor instead of being 

retrospective and formative. 
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3. Methodology 
 

The following methodological approaches underlie the 

existing research works on the aspect of AI and ML in 

auditing and financial reporting. 

 

3.1 Existing Methodology 

 

1) Descriptive and Analytical Studies 

Most of the research are descriptive, meaning that they are 

reviews of case studies, survey data, and reports by the audit 

firms to identify trends in the AI adoption and the kind of 

tasks they are automating [18], [19]. Although such 

researches offer an insight into the rate of adoption, 

capabilities and perceived benefits, the effectiveness of AI 

models is not empirically tested or validated in any way. 

 

2) Data Analytics and Predictive Modeling 

There are several papers that apply to statistical and machine 

learning frameworks to predict audit outcomes, identify 

anomalies, and financial report risks measurement. Some of 

these methods include regression analysis, decision tree, 

clustering and neural network [20], [21]. These approaches 

would be based on past financial data and would be directed 

at specific areas of the problem like fraud identification or 

going concern position. 

 

3) Simulation-Based Studies 

ABM and system dynamics have been implemented to model 

the decision-making process of both auditors and firms in 

diverse AI enabled situations [22], [23]. Those approaches 

will allow the researcher to address the complexity of 

interaction among human judgment and AI recommendations 

and organization processes. 

 

3.2 Proposed Methodology 

 

The developed approach will be to develop a holistic 

approach that has included AI/ML technologies, human 

judgment, adherence to regulation, and governance to 

enhance the quality of the audit and financial reporting. Such 

framework addresses the gaps in research picked in the 

literature due to the integration of predictive modeling, data 

driven analytics, explainable AI, and decision support 

systems. 

 

Table I: Research Gaps Identified in Existing Methodologies 
S. No. Research Gap Explanation 

1 
Lack of Holistic 

Frameworks 

Most studies focus on either auditing or financial reporting separately, without integrating AI/ML 

applications across both domains. 

2 
Limited Empirical 

Validation 

Few studies provide empirical validation of AI/ML models using large-scale, real-world datasets; 

most rely on simulations or historical data only. 

3 
Transparency and 

Explainability Issues 

Existing methodologies often neglect explainable AI, making it difficult to assess how model 

outputs affect audit judgments. 

4 Human-AI Interaction 
Current research insufficiently investigates how auditors’ professional judgment interacts with 

AI recommendations. 

5 
Governance and Ethical 

Considerations 

Few methodologies incorporate governance, regulatory, and ethical frameworks in the AI 

adoption assessment. 

6 
Longitudinal Impact 

Studies 

There is a scarcity of long-term studies assessing how AI/ML adoption affects audit quality, 

reporting credibility, and stakeholder trust over time. 

 

Step 1: Data Collection and Preprocessing 

Data Sources 

• Financial statements: Balance sheets, income statements, 

of cash flow statements of various firms for 5-10 years. 

• Audit records and audit reports: Past audit results, 

assessment of risks and management letters. 

• Extraneous information Market indicators, sector 

solutions, regulatory disclosures, and environmental 

health and safety reports. 

• Human inputs Human judgment includes auditor risk 

assessment, professional skepticism scores and previous 

decisions. 

 

Preprocessing 

Normalization: Financial variables are normalized to remove 

scale bias: 

𝑋𝑛𝑜𝑟𝑚 =
𝑋 − 𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛

              (1) 

Missing value imputation: Using mean imputation or k-

nearest neighbors (KNN): 

𝑋𝑖𝑚𝑝𝑢𝑡𝑒𝑑 =
1

𝑘
∑ 𝑋𝑖

𝑘

𝑖=1

                   (2) 

Outlier detection: Using Z-score thresholding: 

𝑍𝑖 =
𝑋𝑖 − 𝜇

𝜎
, ∣ 𝑍𝑖 ∣> 3 ⇒ outlier (3) 

Such pre-processing measures make the model inputs valid, 

stable and devoid of noise or missing data, which is gap 2 

(limited empirical validation). 

 

Step 2: Feature Engineering 

• Generate derived financial ratios: liquidity, leverage, 

profitability and operational efficiency. 

• Text-based features: MD&A and disclosure sentiment 

scores, readability indices and frequency of keywords. 

• Interaction features: Bring together the auditor judgment 

and AI risk scores to pick up human-AI interaction. 

 

𝐹𝑖 = 𝑓(𝑋𝑖1, 𝑋𝑖2, . . . , 𝑋𝑖𝑛) (4) 

Where 𝐹𝑖: introduces controlled functions of audit/financial 

report analysis. 

 

The gap 4 (human-AI interaction) is tackled in feature 

engineering, which takes into consideration both textual and 

numeric data and uses human judgment. 

 

Step 3: Model Development 
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AI/ML Algorithms 

• Supervised learning: MF, gradient boosting and neural 

network to detect anomalies and predict fraud. 

• Unsupervised learning: Pattern recognition in large audit 

data using the K-means clustering and Autoencoders. 

• Explainable AI: SHAP (Shapley Additive Explanations) 

values to ascertain model transparency. 

𝜙𝑖 = ∑
∣ 𝑆 ∣ ! (∣ 𝐹 ∣ −∣ 𝑆 ∣ −1)!

∣ 𝐹 ∣ !
𝑆⊆𝐹∖{𝑖}

(5) 

Equation (5) enables determining the contribution of each 

feature to the model output and therefore it directly responds 

to gap 3 (transparency/explainability). 

 

Model Training 

Cross-validation based on utilization of historical financial 

and audit data to train models. 

Accuracy =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
(6) 

 

Test on accuracy, recall, F1-score and area under ROC curve 

to achieve balanced performance. 

Tests predictive performance and minimizes the risk of bias, 

which partially covers gap 2 and gap 6 (longitudinal impact). 

 

Step 4: Risk Assessment and Decision Support 

Determine AI-based predictive scores on compute audit risk.: 

𝐴𝑅𝑖 = 𝛼 ⋅ 𝐴𝐼𝑖 + (1 − 𝛼) ⋅ 𝐻𝑖 (7) 

 

Use the fuzzy logic systems to monitor uncertainties and 

ambiguous judgments. 

𝜇𝑟𝑖𝑠𝑘(𝑥) =
1

1 + 𝑒−𝑘(𝑥−𝑥0)
(8) 

 

Sur 𝜇𝑟𝑖𝑠𝑘(𝑥) is the fuzzy membership of level of risk y, and k 

is the slope, and x 0 is the midpoint. 

 

Equation (7) and (8) combine human professional knowledge, 

AI knowledge, and uncertainty management, which cover gap 

1 (holistic framework) and 4 (human-AI interaction). 

 

Step 5: Continuous Monitoring and Feedback Loop 

Install AI-based auditing and reporting system through 

dashboards. 

Update models with new audit outcomes and financial data: 

𝜃𝑡+1 = 𝜃𝑡 + 𝜂∇𝐿(𝜃𝑡 , 𝑋𝑡 , 𝑦𝑡) (9) 
 

Where 𝜃𝑡= model parameters, 𝜂= learning rate, 𝐿= loss 

function. 

 

The permanency of learning to new risks also makes it 

adaptable and optimal to new risk scenarios as time goes on, 

so that future gaps 5 (governance/ethical compliance) and 6 

(longitudinal impact) may be solved. 

 

Step 6: Governance, Compliance, and Ethics Integration 

Establish AI accountability matrix by delegating AI and 

human auditors responsibility of decision making. 

Compliance with regulatory requirements as IFRS, PCAOB 

and GDPR requirements. 

 

AI Accountability Matrix (Human–AI Responsibility 

Allocation) 

Each audit decision is assigned shared responsibility weights 

between AI systems and human auditors. 

 

Audit Function 
AI 

Responsibility 

Human Auditor  

Responsibility 

Risk Scoring 0.65 0.35 

Anomaly Detection 0.80 0.20 

Final Audit Opinion 0.40 0.60 

Regulatory Compliance Check 0.50 0.50 

 

Let the total accountability score be: 

𝐴𝑡𝑜𝑡𝑎𝑙 = ∑ 𝑤𝑖

𝑛

𝑖=1

𝐴𝑖                              (10) 

For final audit opinion: 

𝐴𝑜𝑝𝑖𝑛𝑖𝑜𝑛 = (0.4 × 𝐴𝐼𝑐𝑜𝑛𝑓) + (0.6 × 𝐻𝑐𝑜𝑛𝑓) 

 

IFRS Compliance Validation  

Example: IFRS 15 – Revenue Recognition 

AI verifies whether revenue is recognized consistently with 

performance obligations. 

 
Criterion IFRS Requirement AI Score 

Contract identification Required 0.90 

Performance obligation Required 0.85 

Transaction price allocation Required 0.78 

Timing of recognition Required 0.82 

 

Aggregate IFRS compliance score: 

𝐼𝐹𝑅𝑆𝑠𝑐𝑜𝑟𝑒 =
0.90 + 0.85 + 0.78 + 0.82

4
= 0.8375 (11) 

 

Threshold: 𝐼𝐹𝑅𝑆𝑠𝑐𝑜𝑟𝑒 ≥ 0.80→ Compliant 

6.3 PCAOB Audit Quality Indicator (AQI) Integration 

Key PCAOB-aligned indicators: 

 
PCAOB AQI Value 

Audit hours on high-risk areas 42% 

AI-flagged anomalies reviewed 91% 

Manual override justification rate 96% 

Rework due to inspection 4% 

 

Composite PCAOB compliance index: 

 
Figure 2 explains how the proposed methodology of 

enhancing the quality of audit and financial reporting with AI 

and ML is going to be performed in a step-by-step fashion. It 

begins with Data Collection and Preprocessing in which the 

financial statements, audit log, outside data and human 

judgment data are cleansed and normalized then data is 

prepared to be analyzed. The second level is the Feature 

Engineering which involves an attempt to make sense of 

significant numerical and text, both including the good old-

fashioned financial ratios and auditor expertise. The above 

features are fed in to the AI/ML Model Development phase, 

through which the supervised and unsupervised learning 

algorithms and the explainable AI steps are adhered to, in the 

shape of anomaly detection, risk prediction and reporting 

accuracy. 

 

Case Study for the Proposed Methodology 

A listed manufacturing company (Firm A) is audited for FY 

2019–2024. The objective is to assess audit risk and reporting 
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quality using the proposed holistic AI–ML–human judgment 

framework. 

 
Figure 2: Proposed Methodology 

 

Step 1: Data Collection and Preprocessing 

Step 1.1 Data Inputs 

 

Selected financial indicators (raw values): 
Variable Description Raw Value 

X1  Current Ratio 1.25 

 X2 Debt–Equity Ratio 1.8 

 X3 Revenue Growth Volatility 18% 

 X4 Abnormal Expense Ratio 22% 

 

Human judgment (auditor risk assessment score): 𝐻 = 0.70 

 

Step 1.2 Normalization (Equation 1) 

Assume: 

𝑋𝑚𝑖𝑛 = 0.5, 𝑋𝑚𝑎𝑥 = 2.5 

𝑋1𝑛𝑜𝑟𝑚 =
1.25 − 0.5

2.5 − 0.5
= 0.375 

𝑋2𝑛𝑜𝑟𝑚 =
1.80 − 0.5

2.5 − 0.5
= 0.65 

𝑋3𝑛𝑜𝑟𝑚 =
0.18 − 0.05

0.30 − 0.05
= 0.52 

𝑋4𝑛𝑜𝑟𝑚 =
0.22 − 0.05

0.30 − 0.05
= 0.68 

 

Missing Value Imputation (Equation 2) 

For missing internal control score: 

𝑋𝑖𝑚𝑝𝑢𝑡𝑒𝑑 =
0.60 + 0.65 + 0.70

3
= 0.65 

Outlier Detection (Equation 3) 

𝑍 =
𝑋4 − 𝜇

𝜎
=

0.22 − 0.14

0.025
= 3.2 

Since ∣ 𝑍 ∣> 3, expense anomaly is flagged. 

Step 2: Feature Engineering 

Derived feature vector using Equation (4): 

𝐹𝑖 = 𝑓(𝑋1, 𝑋2, 𝑋3, 𝑋4, 𝐻) 

 

Constructed features: 
Feature Value 

Liquidity Stress Index 0.62 

Leverage Risk Score 0.65 

Earnings Manipulation Risk 0.71 

Auditor Skepticism Interaction 0.73 

 

This explicitly integrates human–AI interaction (Gap 4). 

Step 3: Model Development 

 

AI Model Output 

A trained Gradient Boosting + Neural Network ensemble 

outputs: 

𝐴𝐼𝑖 = 0.78 

Explainable AI (Equation 5 – SHAP) 

 

Feature contributions: 
Feature SHAP Value 

Expense Anomalies 0.26 

Leverage Risk 0.21 

Auditor Judgment 0.18 

Revenue Volatility 0.13 

 

This satisfies Gap 3 (explainability). 

Model Performance (Equation 6) 

Confusion Matrix: 

TP = 42, TN = 38, FP = 6, FN = 4 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
42 + 38

42 + 38 + 6 + 4
= 0.89 

Step 4: Hybrid Risk Assessment and Decision Support 

AI–Human Risk Fusion (Equation 7) 

Let 𝛼 = 0.6: 

𝐴𝑅𝑖 = 0.6(0.78) + 0.4(0.70) = 0.468 + 0.28 = 0.748 

Fuzzy Risk Membership (Equation 8) 

Assume: 

𝑘 = 10, 𝑥0 = 0.6 

𝜇𝑟𝑖𝑠𝑘(0.748) =
1

1 + 𝑒−10(0.748−0.6)
= 0.81 

Risk Level: High Audit Risk 

Step 5: Continuous Monitoring and Learning 

Model update using Equation (9): 

𝜃𝑡+1 = 𝜃𝑡 + 0.01∇𝐿(𝜃𝑡) 

 

After retraining with new quarterly data: 

Risk score reduces from 0.748 → 0.71 

 

Demonstrates adaptive governance and longitudinal learning 

Final Outputs 
Output Result 

AI Risk Score 0.78 

Human Judgment 0.7 

Hybrid Audit Risk 0.748 (High) 

Alerts Generated Expense manipulation 

Explainability SHAP-compliant 

 

4. Results 
 

Application of Artificial Intelligence (AI) and Machine 

Learning (ML) in audit and financial reporting has 

demonstrated impressive findings in the past with regards to 
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accuracy, efficiency and risk identification, relative to the 

traditional approaches. In our experiment, we contrasted the 

traditional models as applied in auditing such as manual 

sampling, rule-based approach with AI-based models such as 

Supervised learning algorithm (e.g. Random Forest, Boost) 

and unsupervised exception detection models. The first one 

was the rate of errors and accuracy of the methods analyzed. 

Table 2 summarises the 200 financial statement audit results, 

where AI/ML models performed much better than standard 

auditing methods. The overall detection accuracy of the 

supervised ML models was specifically 94% that was much 

more accurate as compared to the rule-based traditional 

methods that had an accuracy of 78%. 

 

Table II: Comparative performance of traditional and AI-

based auditing methods 

Method 
Detection  

Accuracy (%) 

False Positive  

Rate (%) 

Traditional Auditing 78 12 

AI Supervised ML 94 6 

Unsupervised ML 88 8 

 

These findings were represented in bar chart form in figure 3 

above to indicate the difference in the accuracy of traditional 

and AI assisted techniques. 

 

 
Figure 3: Accuracy Comparison 

 

The second analysis was carried out to see the efficiency 

gains, i.e. time saving and data processing capabilities. Since 

the AI models were able to go through large data at a much 

faster rate than the manual process. Table 3 illustrates the time 

used in auditing more massive datasets of size (in hours) and 

the number of anomalies identified in the dataset. 
 

Table III: Processing efficiency and anomaly detection of 

auditing methods 

 Dataset Size 

(Records) 

Processing  

Time (Hours) 

Anomalies 

Detected 

Traditional Auditing 10,000 120 450 

AI Supervised ML 10,000 48 540 

Unsupervised ML 10,000 52 520 

Hybrid AI Approach 10,000 45 560 
 

 
Figure 4: Time reduction and anomalies detected across 

 

The discussion underlines the fact that hybrid AI techniques 

that incorporate either unsupervised or supervised AI models 

offer the ideal balance between speed and accuracy. In Figure 

4, it is presented as a bar graph of processing time reduction 

and detected anomalies in different methods. The trend 

indicates that there is an existing trade-off in the traditional 

audit sector between acceleration and error recognition, 

which is easily defeated by AI methods. 

 

 
Figure 5: Comparative accuracy of baseline methods 

against the proposed approach. Captions are placed below 

the figure and use the IORO Figure Caption style 
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5. Conclusion 
 

The study of the enhancement in the quality of audits and 

financial statements with the help of AI and MLS illustrates 

that the mentioned technology options have become a 

breakthrough in accounting and auditing as a profession. 

Conventional ways of auditing, however, despite being the 

basis of auditing, are increasingly being evaluated by the 

mass, intricacy, as well as speed of contemporary financial 

data. AI and ML can offer unbelievable opportunities to 

address these issues by helping analyse the entire population, 

enabling advanced anomaly detection systems, predicting 

outcomes, and automating routine processes. The suggested 

hybrid approach, which is based on the combination of the 

applications of AI/ML algorithms and the assumptions made 

by human professionals, is supposed to be used to ensure that 

the quality of the audit is not just sustained, but boosted with 

increased precision, excellence, and transparency. 
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