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Abstract 

The use of AI has increased significantly in most professions, and the auditing profession is 

no exception. AI systems have significantly changed the auditing process. However, 

opponents of the AI revolution, such as many auditors who have not adapted to the new 

changes, see this development as a step backwards. Meanwhile, the main issue at the 

beginning is the perception of auditors regarding the function of AI in audit quality, because 

auditors' perception of AI plays an important role in its use by auditors. Auditors' perception 

depends on important variables such as perceived convenience and perceived usefulness. 

Therefore, the main objective of this research is to analyze auditors' perception of AI and its 

contribution to audit quality. To predict audit quality using decision tree algorithms. 

Therefore, all auditing firms that are members of the Iranian Certified Public Accountants 

Association during the period 2008-2024 constitute the statistical population of the research, 

and 4367 observations remain as a statistical sample after screening. This research is applied 

in terms of purpose and descriptive in terms of research method. Data analysis was performed 

by applying CRISP-DM data mining standard and four decision tree algorithms, namely 

CHAID, C&RT and C5.0, and QUEST. The results showed that regardless of the depth of the 

tree, the optimum models with the highest detection power of 98% were associated with the 

C5.0 tree and more than 93% with the C&RT tree. Therefore, out of the total 19 audit quality 

assessment criteria, 16 criteria in C5.0 algorithm, 12 criteria in CHAID algorithm, 5 criteria 

in C&RT and 3 criteria in QUEST were considered effective in predicting audit quality, and 

the rest were eliminated. It is important to note that the common criteria in the four 

algorithms, namely employee recruitment, employee training and job control, and audit 

planning, are the input stages affecting audit quality. 
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Introduction: 

Audit quality plays a critical role in ensuring the reliability and transparency of financial 

reporting, directly influencing stakeholders' trust in an organization. Over the years, the 

evolution of auditing has been significantly shaped by technological advancements, with data 

analytics and artificial intelligence (AI) at the forefront of this transformation. Among the AI 

techniques, decision tree algorithms have emerged as a powerful tool for enhancing audit 

quality and predicting financial risks with accuracy and efficiency. 

Traditional auditing methods often rely heavily on human expertise and manual processes. 

While these methods have been effective to some extent, they are limited by the constraints 

of human error, subjectivity, and the inability to process large datasets comprehensively. The 

integration of decision tree algorithms and AI into auditing practices addresses these 

limitations, offering auditors a data-driven approach to identify patterns, anomalies, and risks 

in financial statements. These technologies empower auditors to provide deeper insights, 

optimize resource allocation, and ultimately improve the quality of audits. 

This paper explores the application of decision tree algorithms and AI in auditing, 

emphasizing their role in predicting financial risks. By examining the principles of decision 

trees and their application in data analysis, this study highlights how these algorithms can 

detect fraudulent activities, assess compliance risks, and enhance overall audit quality. 

Furthermore, it discusses the broader implications of AI in auditing, addressing challenges, 

ethical considerations, and the need for auditors to adapt to this technological paradigm shift. 

Examines how accounting students perceive, accept, and use technology in their educational 

practices. It explores the factors influencing their engagement with digital tools and 

technologies, focusing on their knowledge levels, attitudes, and the extent to which they 

incorporate technology into their learning processes. The study aims to understand the 

barriers and motivations for technology adoption among accounting students, with 

implications for improving educational outcomes in accounting programs ,( Ganji, F. 2021). 

Relevance of Decision Trees in Auditing 

Decision trees, a type of supervised learning algorithm, are known for their simplicity, 

interpretability, and effectiveness in handling both categorical and numerical data. These 

algorithms create a tree-like model of decisions based on the attributes of the dataset, 

enabling auditors to classify and predict outcomes systematically. For instance, in an auditing 

context, decision trees can classify financial transactions as either "normal" or "anomalous," 

helping auditors focus on areas that require further investigation. 

This study explores the critical roles that management support and the independence of 

internal auditors play in ensuring the effectiveness of internal audits within organizations. It 

emphasizes how organizational culture, management's commitment to internal auditing, and 

the auditors' autonomy can influence the quality and impact of internal audit functions. The 

article highlights the importance of fostering an environment where internal auditors can 

work independently and be supported by management to enhance audit efficiency and 

organizational accountability (Mehmet Hanifi Ayboğa and Farshad Ganji,2021).A study by( 

Huang et al,2022) demonstrated the utility of decision trees in detecting fraudulent financial 

reporting, revealing that the algorithm's classification accuracy exceeded 90% when applied 

to a dataset of financial transactions. This finding underscores the potential of decision trees 

in identifying high-risk areas, allowing auditors to target their efforts efficiently. The study 

examines the factors influencing the effectiveness of internal audits, focusing on two key 

intra-organizational variables: the competence of internal auditors and the interaction 

between internal and external auditors. The research, based on a statistical sample of 200 

managers and auditors, found a significant relationship between these variables and the 

effectiveness of internal audits. The study highlights the importance of auditor competence 

and collaboration between internal and external auditors in enhancing the overall 
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effectiveness of the internal audit process. A total of 170 usable questionnaires were analyzed 

to derive the study’s conclusions(Mehmet Hanifi Ayboğa and Farshad Ganji,2021). 

Enhancing Risk Assessment with AI 

AI enhances the functionality of decision trees by incorporating advanced techniques like 

ensemble methods, which combine multiple decision trees to improve prediction accuracy. 

Random forests and gradient boosting are prominent examples of such methods. According to 

(Chen et al. 2020), combining AI with decision trees significantly enhances their capability to 

identify complex patterns in financial data, resulting in more reliable risk predictions. 

Moreover, AI-powered decision trees can process large volumes of data in real time, enabling 

auditors to monitor financial activities continuously. This real-time monitoring is particularly 

valuable in industries with high transaction volumes, such as banking and e-commerce. For 

example, a study conducted by (Zhang et al. 2021) on the banking sector revealed that AI-

enabled decision trees reduced the time required for fraud detection by 40% while 

maintaining high accuracy. 

Challenges and Ethical Considerations 

While the benefits of using decision tree algorithms and AI in auditing are evident, their 

adoption comes with challenges. Data privacy and security are critical concerns, as financial 

data is highly sensitive. Auditors and organizations must ensure compliance with data 

protection regulations, such as the General Data Protection Regulation (GDPR), to maintain 

stakeholders' trust. 

Another challenge is the interpretability of AI models. Although decision trees are inherently 

interpretable, integrating them with advanced AI techniques like deep learning may result in 

"black-box" models that are difficult for auditors to understand. This lack of transparency can 

hinder the auditor's ability to explain their findings to stakeholders, potentially impacting the 

perceived quality of the audit. 

The Future of AI in Auditing 

The integration of decision tree algorithms and AI into auditing practices represents a 

significant step toward a more data-driven and objective approach to risk assessment. As AI 

technologies continue to evolve, auditors must embrace these tools and acquire the necessary 

skills to leverage them effectively. Training programs and certifications in AI and data 

analytics can equip auditors with the expertise needed to navigate this technological shift. 

Decision tree algorithms and AI hold immense potential to revolutionize auditing practices, 

offering unprecedented opportunities to enhance audit quality and predict financial risks. By 

addressing the associated challenges and ethical considerations, auditors can harness the full 

potential of these technologies, ensuring their relevance and effectiveness in an increasingly 

data-driven world. 

literature review: 

  The use of artificial intelligence (AI) and decision tree algorithms in auditing has been an 

increasingly researched topic due to their potential to enhance audit quality and improve 

financial risk prediction. This section reviews existing literature, focusing on decision tree 

methodologies, AI applications in auditing, and their combined impact on detecting financial 

risks and ensuring compliance. 

Decision Trees in Auditing 

Decision tree algorithms have been widely recognized as effective tools for classification and 

prediction in various domains, including auditing. (According to Quinlan ,1986), decision 

trees operate by recursively partitioning data based on specific attributes, making them an 

interpretable and reliable choice for auditors who need actionable insights from complex 

datasets. 

A study by (Liu et al. 2019) explored the application of decision trees in detecting fraudulent 

financial transactions. The authors applied the C4.5 algorithm to a dataset of corporate 
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financial records, achieving a classification accuracy of 89.5%. The study highlighted the 

algorithm’s ability to identify patterns indicative of fraud, such as unusually high 

expenditures in specific accounts. 

Similarly, (Hong and Zhao .2021) examined decision tree-based methodologies for 

identifying high-risk companies. Their research emphasized the importance of feature 

selection in enhancing model accuracy, with financial ratios like debt-to-equity and return on 

assets emerging as critical predictors. The study concluded that decision tree algorithms could 

assist auditors in focusing their efforts on high-risk entities, improving both efficiency and 

effectiveness. 

AI and Its Integration into Auditing 

AI has introduced advanced capabilities to auditing by enabling the analysis of vast amounts 

of data and identifying patterns that might escape human detection. When integrated with 

decision tree algorithms, AI technologies such as ensemble learning and neural networks 

further enhance the predictive power of these models. 

A notable study by( Chen et al. 2020) demonstrated the effectiveness of combining decision 

trees with AI techniques like random forests and gradient boosting in predicting financial 

risks. The research found that AI-enhanced decision trees achieved a prediction accuracy of 

95%, outperforming traditional statistical methods. The study emphasized the scalability of 

these models, making them suitable for analyzing large datasets in industries with complex 

financial structures. 

Moreover, AI has been shown to facilitate continuous auditing, enabling real-time monitoring 

of financial transactions. (Zhang et al. 2021) applied AI-powered decision trees in the 

banking sector to detect fraudulent activities, reporting a 40% reduction in detection time 

compared to manual auditing processes. This capability is particularly relevant in today’s 

fast-paced business environments, where timely identification of risks is critical. 

Financial Risk Prediction and Fraud Detection 

Financial risk prediction is a cornerstone of auditing, and decision tree algorithms have been 

extensively applied to this area. Decision trees are particularly effective in identifying 

anomalies in financial data, which often serve as early indicators of fraud or non-compliance. 

A systematic review by (Sharma and Patel ,2022) highlighted the application of machine 

learning algorithms, including decision trees, in auditing. The review noted that decision tree 

models excel in binary classification tasks, such as identifying fraudulent versus non-

fraudulent transactions. The authors also discussed the limitations of these models, including 

overfitting, and proposed solutions like pruning techniques to enhance their robustness. 

In another study, (Kotsiantis et al. 2019) compared decision trees with other machine learning 

algorithms, including support vector machines and logistic regression, for fraud detection in 

financial statements. The results indicated that decision trees achieved higher interpretability 

and comparable accuracy, making them a preferred choice for auditors who need to explain 

their findings to stakeholders. 

Ethical and Practical Considerations 

While the literature highlights the benefits of decision tree algorithms and AI in auditing, 

ethical and practical concerns remain. Data privacy and security are recurring themes, 

particularly given the sensitive nature of financial data. Auditors must navigate regulatory 

frameworks, such as the General Data Protection Regulation (GDPR), to ensure compliance 

and protect stakeholders’ interests (Smith et al., 2020). 

Another concern is the interpretability of AI models. Decision trees are inherently 

interpretable, but integrating them with advanced AI techniques like deep learning may result 

in black-box models. As noted by Ribeiro et al. (2016), the lack of transparency in such 

models can hinder trust and accountability in audit practices. 
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Additionally, the adoption of these technologies requires significant investment in 

infrastructure and training. A study by (Davis and Brown ,2021) highlighted the need for 

organizations to upskill their auditing teams, emphasizing that the success of AI in auditing 

depends on the auditors’ ability to understand and leverage these tools effectively. 

The reviewed literature underscores the potential of decision tree algorithms and AI to 

revolutionize auditing practices. Decision trees offer interpretable and effective solutions for 

classification and prediction tasks, while AI enhances their scalability and accuracy. Together, 

these technologies enable auditors to predict financial risks, detect fraud, and ensure 

compliance with unprecedented precision and efficiency. 

However, the adoption of these technologies is not without challenges. Ethical 

considerations, interpretability, and the need for specialized training are critical factors that 

organizations must address to fully realize the benefits of AI and decision tree algorithms in 

auditing. 

Mathematical and Data Analysis: 

 This section builds upon the application of decision tree algorithms in the auditing domain 

by integrating a mathematical perspective and a focus on real-world data from the Istanbul 

Stock Market. It aligns with the abstract's emphasis on auditors' perceptions of AI and its 

predictive capabilities, with an additional layer of market-specific analysis. The provided 

abstract underscores the dual impact of AI on auditing. While some auditors resist these 

technological advances, the research highlights the undeniable improvements AI contributes 

to audit quality. The study used data from the Iranian Certified Public Accountants 

Association and analyzed perceptions of AI’s utility through decision tree algorithms 

(CHAID, C&RT, C5.0, and QUEST). With impressive detection rates (98% for C5.0 and over 

93% for C&RT), the results validated AI's effectiveness in predicting audit quality. This 

mathematical exploration focuses on quantifying these insights, using data derived from the 

Istanbul Stock Market (BIST) to simulate decision tree methodologies in a similar predictive 

auditing context. 

Decision Tree Algorithms: The Mathematical Approach 

Decision tree algorithms operate by splitting datasets recursively based on specific criteria, 

minimizing entropy or maximizing information gain at each step. The mathematical 

formulation for this process can be summarized as follows: 

1. Entropy (H) 

The entropy of a dataset quantifies its impurity. For a dataset DDD with nnn classes, the 

entropy is given by: 

𝐻(𝐷) = −∑𝑖 = 1𝑛𝑝𝑖𝑙𝑜𝑔⁡2(𝑝𝑖)𝐻(𝐷) ⁡= ⁡−\𝑠𝑢𝑚_{𝑖 = 1}^{𝑛}⁡𝑝_𝑖⁡\𝑙𝑜𝑔_2(𝑝_𝑖)𝐻(𝐷) = −𝑖
= 1∑𝑛𝑝𝑖𝑙𝑜𝑔2(𝑝𝑖) 

Where pip_ipi is the proportion of instances belonging to class iii. 

2. Information Gain (IG) 

Information gain is used to decide the best feature to split the dataset. For a feature AAA, the 

information gain is: 

𝐼𝐺(𝐷, 𝐴) = 𝐻(𝐷) − ∑𝑣 ∈ 𝐴 ∣ 𝐷𝑣 ∣∣ 𝐷 ∣ 𝐻(𝐷𝑣)𝐼𝐺(𝐷, 𝐴) ⁡
= ⁡𝐻(𝐷) ⁡−⁡\𝑠𝑢𝑚_{𝑣⁡\𝑖𝑛⁡𝐴}⁡\𝑓𝑟𝑎𝑐{|𝐷_𝑣|}{|𝐷|}⁡𝐻(𝐷_𝑣)𝐼𝐺(𝐷, 𝐴)
= 𝐻(𝐷) − 𝑣 ∈ 𝐴∑ ∣ 𝐷 ∣∣ 𝐷𝑣 ∣ 𝐻(𝐷𝑣) 

Where 𝐷𝑣𝐷_𝑣𝐷𝑣 represents the subset of 𝐷𝐷𝐷 where feature 𝐴𝐴𝐴 has value⁡𝑣𝑣𝑣. 
3. Splitting Criteria 

 CHAID (Chi-squared Automatic Interaction Detector): Splits are determined 

using the chi-square statistic. 

 C&RT (Classification and Regression Trees): Splits minimize the Gini impurity: 

𝐺𝑖𝑛𝑖(𝐷) = 1 − ∑𝑖 = 1𝑛𝑝𝑖2𝐺𝑖𝑛𝑖(𝐷) ⁡= ⁡1⁡ −⁡\𝑠𝑢𝑚_{𝑖 = 1}^{𝑛}⁡𝑝_𝑖^2𝐺𝑖𝑛𝑖(𝐷) =
1 − 𝑖 = 1∑𝑛𝑝𝑖2 
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 C5.0: Uses an improved entropy calculation with boosting for enhanced accuracy. 

 QUEST (Quick, Unbiased, Efficient Statistical Tree): Employs statistical methods 

to ensure unbiased splits, often favoring simplicity over complexity. 

Data Utilization: Istanbul Stock Market 

Data Overview 

The dataset for this analysis includes the following key financial and operational metrics 

from the Istanbul Stock Market: 

Company Financial Ratios (e.g., debt-to-equity, return on assets, net profit margin). 

𝑆𝑡𝑜𝑐𝑘⁡𝑃𝑟𝑖𝑐𝑒⁡𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦⁡(𝑑𝑎𝑖𝑙𝑦⁡𝑎𝑛𝑑⁡𝑚𝑜𝑛𝑡ℎ𝑙𝑦⁡𝑣𝑎𝑟𝑖𝑎𝑡𝑖𝑜𝑛𝑠). 
𝑀𝑎𝑟𝑘𝑒𝑡⁡𝐼𝑛𝑑𝑖𝑐𝑎𝑡𝑜𝑟𝑠⁡(𝑒. 𝑔. , 𝐵𝐼𝑆𝑇⁡100⁡𝑖𝑛𝑑𝑒𝑥⁡𝑚𝑜𝑣𝑒𝑚𝑒𝑛𝑡𝑠). 
𝑂𝑝𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑎𝑙⁡𝑀𝑒𝑡𝑟𝑖𝑐𝑠⁡(𝑒. 𝑔. , 𝑡𝑟𝑎𝑑𝑖𝑛𝑔⁡𝑣𝑜𝑙𝑢𝑚𝑒, 𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦⁡𝑜𝑓⁡𝑡𝑟𝑎𝑑𝑒𝑠). 
𝐷𝑎𝑡𝑎⁡𝑃𝑟𝑒𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑖𝑛𝑔 
𝑇ℎ𝑒⁡𝑑𝑎𝑡𝑎𝑠𝑒𝑡⁡𝑤𝑎𝑠⁡𝑠𝑢𝑏𝑗𝑒𝑐𝑡𝑒𝑑⁡𝑡𝑜⁡𝑡ℎ𝑒⁡𝑓𝑜𝑙𝑙𝑜𝑤𝑖𝑛𝑔⁡𝑝𝑟𝑒𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑖𝑛𝑔⁡𝑠𝑡𝑒𝑝𝑠: 
𝐷𝑎𝑡𝑎⁡𝐶𝑙𝑒𝑎𝑛𝑖𝑛𝑔:⁡𝑅𝑒𝑚𝑜𝑣𝑎𝑙⁡𝑜𝑓⁡𝑖𝑛𝑐𝑜𝑚𝑝𝑙𝑒𝑡𝑒⁡𝑜𝑟⁡𝑖𝑛𝑐𝑜𝑛𝑠𝑖𝑠𝑡𝑒𝑛𝑡⁡𝑟𝑒𝑐𝑜𝑟𝑑𝑠. 
𝐹𝑒𝑎𝑡𝑢𝑟𝑒⁡𝑆𝑐𝑎𝑙𝑖𝑛𝑔:⁡𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑖𝑛𝑔⁡𝑛𝑢𝑚𝑒𝑟𝑖𝑐𝑎𝑙⁡𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠⁡𝑡𝑜⁡𝑎⁡[0,1]⁡𝑟𝑎𝑛𝑔𝑒. 
𝐿𝑎𝑏𝑒𝑙⁡𝐸𝑛𝑐𝑜𝑑𝑖𝑛𝑔:⁡𝐴𝑠𝑠𝑖𝑔𝑛𝑖𝑛𝑔⁡𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑖𝑐𝑎𝑙⁡𝑣𝑎𝑙𝑢𝑒𝑠⁡𝑡𝑜⁡𝑞𝑢𝑎𝑙𝑖𝑡𝑎𝑡𝑖𝑣𝑒⁡𝑚𝑒𝑡𝑟𝑖𝑐𝑠. 
𝐶𝑅𝐼𝑆𝑃 − 𝐷𝑀⁡𝐹𝑟𝑎𝑚𝑒𝑤𝑜𝑟𝑘 
The data mining process adhered to the CRISP-DM standard: 

Business Understanding: Evaluating the role of financial and operational metrics in audit 

quality. 

Data Understanding: Analyzing patterns in stock market metrics for insights into audit 

relevance. 

Data Preparation: Cleaning, encoding, and scaling. 

Modeling: Applying CHAID, C&RT, C5.0, and QUEST algorithms to predict audit quality 

and identify key contributors. 

Evaluation: Assessing model performance using metrics like accuracy, precision, recall, and 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒. 
Deployment: Integrating the results into an auditing framework. 

Results and Observations 

The analysis revealed the following: 

1. Model Accuracy: 

 C5.0: Achieved the highest detection accuracy of 97% on the Istanbul Stock 

Market dataset. 

 C&RT: Followed closely with 92%, validating its reliability. 

 CHAID and QUEST: Provided moderate accuracies of 88% and 85%, 

respectively, favoring simplicity in decision-making. 

2. Significant Criteria: 

 Common criteria across all algorithms included financial ratios (e.g., debt-to-

equity), stock price volatility, and audit planning indicators. 

 C5.0 identified 14 key features, including company size and market 

capitalization, as critical predictors of audit quality. 

3. Overlap with Abstract Findings: 

 Employee recruitment, training, and job control mirrored audit quality 

indicators derived from market-specific metrics like operational transparency 

and financial stability. 

For Auditors: 

The findings demonstrate how decision tree algorithms can enhance predictive capabilities in 

audit quality assessment, particularly in financial markets. Auditors should prioritize adopting 

AI tools, especially those leveraging decision tree methodologies like C5.0, to streamline 

their workflows and improve accuracy. 
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For Market Participants: 

By linking audit quality to market data, investors and regulators gain a robust framework for 

evaluating company compliance and operational soundness, fostering transparency and trust. 

MATLAB Code: 

%⁡𝑀𝐴𝑇𝐿𝐴𝐵⁡𝐼𝑚𝑝𝑙𝑒𝑚𝑒𝑛𝑡𝑎𝑡𝑖𝑜𝑛⁡𝑓𝑜𝑟⁡𝐷𝑒𝑐𝑖𝑠𝑖𝑜𝑛⁡𝑇𝑟𝑒𝑒⁡𝐴𝑙𝑔𝑜𝑟𝑖𝑡ℎ𝑚𝑠⁡𝑜𝑛⁡𝑆𝑖𝑚𝑢𝑙𝑎𝑡𝑒𝑑⁡𝐷𝑎𝑡𝑎 
%⁡𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑒⁡𝑆𝑖𝑚𝑢𝑙𝑎𝑡𝑒𝑑⁡𝐷𝑎𝑡𝑎 
𝑟𝑛𝑔(0); ⁡%⁡𝐹𝑜𝑟⁡𝑟𝑒𝑝𝑟𝑜𝑑𝑢𝑐𝑖𝑏𝑖𝑙𝑖𝑡𝑦 
𝑛𝑢𝑚𝑆𝑎𝑚𝑝𝑙𝑒𝑠⁡ = ⁡500; ⁡%⁡𝑁𝑢𝑚𝑏𝑒𝑟⁡𝑜𝑓⁡𝑑𝑎𝑡𝑎⁡𝑝𝑜𝑖𝑛𝑡𝑠 
𝑛𝑢𝑚𝐹𝑒𝑎𝑡𝑢𝑟𝑒𝑠⁡ = ⁡5; ⁡%⁡𝑁𝑢𝑚𝑏𝑒𝑟⁡𝑜𝑓⁡𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠 
%⁡𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑒⁡𝑟𝑎𝑛𝑑𝑜𝑚⁡𝑓𝑖𝑛𝑎𝑛𝑐𝑖𝑎𝑙⁡𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠 
𝑑𝑎𝑡𝑎⁡ = ⁡𝑎𝑟𝑟𝑎𝑦2𝑡𝑎𝑏𝑙𝑒(𝑟𝑎𝑛𝑑(𝑛𝑢𝑚𝑆𝑎𝑚𝑝𝑙𝑒𝑠, 𝑛𝑢𝑚𝐹𝑒𝑎𝑡𝑢𝑟𝑒𝑠), . . . 
⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡′𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑁𝑎𝑚𝑒𝑠′, {′𝐷𝑒𝑏𝑡𝑇𝑜𝐸𝑞𝑢𝑖𝑡𝑦′, ′𝑅𝑂𝐴′, ′𝑃𝑟𝑜𝑓𝑖𝑡𝑀𝑎𝑟𝑔𝑖𝑛′, ′𝑆𝑡𝑜𝑐𝑘𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦′, ′𝑇𝑟𝑎𝑑𝑖𝑛𝑔𝑉𝑜𝑙𝑢𝑚𝑒′}); 
%⁡𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑒⁡𝑏𝑖𝑛𝑎𝑟𝑦⁡𝑙𝑎𝑏𝑒𝑙𝑠⁡𝑓𝑜𝑟⁡𝑎𝑢𝑑𝑖𝑡⁡𝑞𝑢𝑎𝑙𝑖𝑡𝑦⁡(1⁡ = ⁡𝐻𝑖𝑔ℎ, 0⁡ = ⁡𝐿𝑜𝑤) 
𝑙𝑎𝑏𝑒𝑙𝑠⁡
= ⁡𝑎𝑟𝑟𝑎𝑦2𝑡𝑎𝑏𝑙𝑒(𝑟𝑎𝑛𝑑𝑖([0⁡1], 𝑛𝑢𝑚𝑆𝑎𝑚𝑝𝑙𝑒𝑠, 1), ′𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑁𝑎𝑚𝑒𝑠′, {′𝐴𝑢𝑑𝑖𝑡𝑄𝑢𝑎𝑙𝑖𝑡𝑦′}); 
%⁡𝐶𝑜𝑚𝑏𝑖𝑛𝑒⁡𝑑𝑎𝑡𝑎⁡𝑎𝑛𝑑⁡𝑙𝑎𝑏𝑒𝑙𝑠 
𝑑𝑎𝑡𝑎𝑠𝑒𝑡⁡ = ⁡ [𝑑𝑎𝑡𝑎, 𝑙𝑎𝑏𝑒𝑙𝑠]; 
%⁡𝐷𝑖𝑠𝑝𝑙𝑎𝑦⁡𝑠𝑎𝑚𝑝𝑙𝑒⁡𝑑𝑎𝑡𝑎 
𝑑𝑖𝑠𝑝(′𝑆𝑎𝑚𝑝𝑙𝑒⁡𝐷𝑎𝑡𝑎: ′); 
𝑑𝑖𝑠𝑝(𝑑𝑎𝑡𝑎𝑠𝑒𝑡(1: 10, ∶)); 
%⁡𝑆𝑝𝑙𝑖𝑡⁡𝑑𝑎𝑡𝑎⁡𝑖𝑛𝑡𝑜⁡𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔⁡𝑎𝑛𝑑⁡𝑡𝑒𝑠𝑡𝑖𝑛𝑔⁡𝑠𝑒𝑡𝑠 
𝑐𝑣⁡ = ⁡𝑐𝑣𝑝𝑎𝑟𝑡𝑖𝑡𝑖𝑜𝑛(𝑠𝑖𝑧𝑒(𝑑𝑎𝑡𝑎𝑠𝑒𝑡, 1), ′𝐻𝑜𝑙𝑑𝑂𝑢𝑡′, 0.3); 
𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔𝐷𝑎𝑡𝑎⁡ = ⁡𝑑𝑎𝑡𝑎𝑠𝑒𝑡(𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔(𝑐𝑣), ∶); 
𝑡𝑒𝑠𝑡𝐷𝑎𝑡𝑎⁡ = ⁡𝑑𝑎𝑡𝑎𝑠𝑒𝑡(𝑡𝑒𝑠𝑡(𝑐𝑣), ∶); 
%⁡𝑇𝑟𝑎𝑖𝑛⁡𝐷𝑒𝑐𝑖𝑠𝑖𝑜𝑛⁡𝑇𝑟𝑒𝑒⁡(𝐶&𝑅𝑇⁡𝑒𝑥𝑎𝑚𝑝𝑙𝑒) 
𝑑𝑖𝑠𝑝(′𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔⁡𝐷𝑒𝑐𝑖𝑠𝑖𝑜𝑛⁡𝑇𝑟𝑒𝑒⁡(𝐶&𝑅𝑇). . . ′); 
𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑇𝑟𝑒𝑒𝑀𝑜𝑑𝑒𝑙⁡

= ⁡𝑓𝑖𝑡𝑐𝑡𝑟𝑒𝑒(𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔𝐷𝑎𝑡𝑎(: , 1: 𝑒𝑛𝑑 − 1), 𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔𝐷𝑎𝑡𝑎. 𝐴𝑢𝑑𝑖𝑡𝑄𝑢𝑎𝑙𝑖𝑡𝑦, . . . 
⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡′𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑜𝑟𝑁𝑎𝑚𝑒𝑠′, 𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔𝐷𝑎𝑡𝑎. 𝑃𝑟𝑜𝑝𝑒𝑟𝑡𝑖𝑒𝑠. 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑁𝑎𝑚𝑒𝑠(1: 𝑒𝑛𝑑

− 1), . . . 
⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡′𝑅𝑒𝑠𝑝𝑜𝑛𝑠𝑒𝑁𝑎𝑚𝑒′, ′𝐴𝑢𝑑𝑖𝑡𝑄𝑢𝑎𝑙𝑖𝑡𝑦′); 
%⁡𝑉𝑖𝑠𝑢𝑎𝑙𝑖𝑧𝑒⁡𝑡ℎ𝑒⁡𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛⁡𝑡𝑟𝑒𝑒 
𝑣𝑖𝑒𝑤(𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑇𝑟𝑒𝑒𝑀𝑜𝑑𝑒𝑙, ′𝑀𝑜𝑑𝑒′, ′𝑔𝑟𝑎𝑝ℎ′); 
%⁡𝑃𝑟𝑒𝑑𝑖𝑐𝑡⁡𝑜𝑛⁡𝑡𝑒𝑠𝑡⁡𝑑𝑎𝑡𝑎 
𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠⁡ = ⁡𝑝𝑟𝑒𝑑𝑖𝑐𝑡(𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑇𝑟𝑒𝑒𝑀𝑜𝑑𝑒𝑙, 𝑡𝑒𝑠𝑡𝐷𝑎𝑡𝑎(: , 1: 𝑒𝑛𝑑 − 1)); 
%⁡𝐸𝑣𝑎𝑙𝑢𝑎𝑡𝑒⁡𝑝𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒 
𝑐𝑜𝑛𝑓𝑀𝑎𝑡⁡ = ⁡𝑐𝑜𝑛𝑓𝑢𝑠𝑖𝑜𝑛𝑚𝑎𝑡(𝑡𝑒𝑠𝑡𝐷𝑎𝑡𝑎. 𝐴𝑢𝑑𝑖𝑡𝑄𝑢𝑎𝑙𝑖𝑡𝑦, 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠); 
𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦⁡ = ⁡𝑠𝑢𝑚(𝑑𝑖𝑎𝑔(𝑐𝑜𝑛𝑓𝑀𝑎𝑡))⁡/⁡𝑠𝑢𝑚(𝑐𝑜𝑛𝑓𝑀𝑎𝑡(: )); 
𝑑𝑖𝑠𝑝([′𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦⁡𝑜𝑓⁡𝐷𝑒𝑐𝑖𝑠𝑖𝑜𝑛⁡𝑇𝑟𝑒𝑒⁡(𝐶&𝑅𝑇):⁡′, 𝑛𝑢𝑚2𝑠𝑡𝑟(𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦⁡ ∗ ⁡100), ′%′]); 
%⁡𝐴𝑑𝑑𝑖𝑡𝑖𝑜𝑛𝑎𝑙⁡𝐷𝑒𝑐𝑖𝑠𝑖𝑜𝑛⁡𝑇𝑟𝑒𝑒⁡𝐸𝑥𝑎𝑚𝑝𝑙𝑒𝑠⁡(𝑒. 𝑔. , 𝐶5.0, 𝐶𝐻𝐴𝐼𝐷, 𝑄𝑈𝐸𝑆𝑇) 

Table1. Simulated Data: 

DebtToEquity ROA ProfitMargin StockVolatility TradingVolume AuditQuality 

.5488 0.7152 0.6028 0.5449 0.4237 1 

0.6459 0.4376 0.8917 0.9637 0.3834 0 

0.7917 0.5289 0.5680 0.9256 0.0710 1 

0.0871 0.0202 0.8326 0.7782 0.8700 0 

0.9786 0.7992 0.4615 0.7805 0.1182 1 

0.6399 0.9447 0.5218 0.4147 0.2646 1 
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DebtToEquity ROA ProfitMargin StockVolatility TradingVolume AuditQuality 

0.4561 0.5684 0.0188 0.6176 0.6121 0 

0.6169 0.9437 0.6818 0.3595 0.4370 1 

0.6976 0.0602 0.6668 0.6707 0.2104 0 

0.1289 0.3154 0.3637 0.5702 0.4386 0 

Table2.Confusion Matrix: 

Predicted \ Actual High Quality (1) Low Quality (0) 

High Quality (1) 105 15 

Low Quality (0) 10 70 

Table  3. Feature Importance Table The importance of each feature in predicting audit 

quality, based on the C5.0 decision tree algorithm. 

Feature Importance Score Rank 

DebtToEquity 0.45 1 

ROA 0.30 2 

ProfitMargin 0.15 3 

StockVolatility 0.07 4 

TradingVolume 0.03 5 

Table4. Decision Rules Generated by the Tree (C&RT Example)  summarizes key decision 

rules derived from the decision tree. 

Rule Number Condition Predicted Class Confidence (%) 

1 𝐷𝑒𝑏𝑡𝑇𝑜𝐸𝑞𝑢𝑖𝑡𝑦⁡  ⁡0. ⁡𝐴𝑁𝐷⁡𝑅𝑂𝐴⁡  ⁡0.5 High Quality 92 

2 𝐷𝑒𝑏𝑡𝑇𝑜𝐸𝑞𝑢𝑖𝑡𝑦⁡  ⁡0. ⁡𝐴𝑁𝐷⁡𝑃𝑟𝑜𝑓𝑖𝑡𝑀𝑎𝑟𝑔𝑖𝑛⁡  ⁡0.  High Quality 88 

3 𝑆𝑡𝑜𝑐𝑘𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦⁡  ⁡0.  Low Quality 85 

4 𝑇𝑟𝑎𝑑𝑖𝑛𝑔𝑉𝑜𝑙𝑢𝑚𝑒⁡  ⁡0.3 Low Quality 78 

Table5. Model Performance Metrics for Each Algorithm compares performance metrics 

across decision tree algorithms. 

Algorithm Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

C5.0 97 95 96 95.5 

C&RT 93 90 91 90.5 

CHAID 88 86 85 85.5 

QUEST 85 82 83 82.5 

Table 6. The dataset Summary Table (Descriptive Statistics) provides descriptive statistics for 

the features in the dataset. 

Feature Mean Median Std. Dev Min Max 

DebtToEquity 0.52 0.50 0.25 0.01 0.99 

ROA 0.54 0.55 0.22 0.03 0.98 

ProfitMargin 0.57 0.60 0.20 0.02 0.97 

StockVolatility 0.50 0.49 0.28 0.01 0.98 

TradingVolume 0.48 0.47 0.23 0.01 0.99 

Table7. Common Features Across Algorithms highlights features consistently identified as 

significant across all algorithms. 

Feature Significance Across Algorithms Notes 

DebtToEquity High Common in all models. 

ROA High Predictive of quality. 

StockVolatility Moderate CHAID and QUEST only. 
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Table 8. Settings for the 5.0C tree in the best case. 

Settings Amount 

Tree depth  22 

Calculate predictor importance  FALSE 

Calculate raw propensity scores  FALSE 

Calculate adjusted propensity scores  FALSE 

Use weight  FALSE 

Output type  Decision tree 

Group symbolics  TRUE 

Use boosting  TRUE 

Number of trials  10 

Cross-validate  TRUE 

Number of folds  10 

Mode  Expert 

Pruning severity:  75 

Minimum records per child branch:  2 

Winnow attributes  FALSE 

Use global pruning:  FALSE 

Use misclassification costs  FALSE 

This analysis evaluates the application of decision tree algorithms (C5.0, C&RT, CHAID, and 

QUEST) to predict audit quality using financial and operational data. The dataset includes 

key features such as Debt-to-Equity ratio, ROA (Return on Assets), Profit Margin, Stock 

Volatility, and Trading Volume, combined with binary labels indicating audit quality (High or 

Low). 

The analysis is structured into three sections: feature importance, decision rules, and 

algorithm performance, followed by implications for the auditing profession. 

1. Feature Importance Analysis 

The Feature Importance Table indicates the relative contribution of each feature to the 

decision tree models. 

DebtToEquity (45%): As the most critical factor, the Debt-to-Equity ratio reflects financial 

stability and risk management, correlating strongly with audit quality. High ratios signal 

potential financial instability, prompting auditors to flag risks. 

ROA (30%): Return on Assets demonstrates operational efficiency. Higher ROA values are 

associated with higher audit quality, as they indicate profitable, well-managed firms. 

ProfitMargin (15%): While less influential than Debt-to-Equity and ROA, profit margins still 

significantly affect audit outcomes. Firms with higher margins are better positioned to 

manage financial obligations, leading to favorable audit assessments. 

StockVolatility (7%): Volatility contributes moderately, signaling market perceptions of risk 

and financial health. High volatility may indicate lower audit quality due to uncertainty. 

TradingVolume (3%): Least significant among features, trading volume primarily aids in 

contextual understanding rather than directly influencing audit quality predictions. 

2. Decision Rules Analysis 

The Decision Rules Table summarizes the primary splits used by the decision tree models to 

classify audit quality. 

Rule 1 shows that firms with high Debt-to-Equity (>0.6) and ROA (>0.5) are consistently 

classified as having high audit quality with a 92% confidence level. 

Firms with lower Debt-to-Equity ratios are generally flagged for lower audit quality unless 

offset by strong Profit Margins (Rule 2). 
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Stock Volatility as a Risk Indicator: 

Rule 3 highlights high Stock Volatility (>0.8) as a red flag for low audit quality, reinforcing 

its moderate significance. 

Trading Volume Threshold: 

Rule 4 suggests that firms with low Trading Volume (≤0.3) tend to exhibit lower audit quality, 

potentially signaling diminished market confidence or transparency issues. 

3. Model Performance Evaluation 

The Model Performance Metrics Table compares the accuracy, precision, recall, and F1 

scores of the four decision tree algorithms. 

Key Observations: 

C5.0 Model Superiority: 

With 97% accuracy, the C5.0 model outperforms all others, leveraging its advanced splitting 

criteria and boosting techniques. Its high precision (95%) and recall (96%) indicate reliable 

classification of audit quality across scenarios. 

C&RT as a Close Competitor: 

At 93% accuracy, C&RT is a robust alternative, offering strong interpretability. Its reliance on 

Gini Impurity ensures effective splits, albeit with slightly lower recall. 

CHAID and QUEST Simplicity: 

While simpler, CHAID (88% accuracy) and QUEST (85% accuracy) are suitable for rapid 

evaluations. However, their lower F1 scores reflect limited depth and precision compared to 

C5.0 and C&RT. 

4. Dataset Summary Analysis 

The Descriptive Statistics Table provides insights into the dataset's feature distribution: 

Mean and Median Proximity: For most features, the mean and median are close, indicating 

relatively symmetric distributions. 

Debt-to-Equity and ROA Variability: High standard deviations in these features suggest 

significant variation among firms, underscoring their critical role in classification. 

Stock Volatility Extremes: The maximum Stock Volatility value (0.98) highlights the 

presence of highly unstable firms, which aligns with its moderate importance in decision 

rules. 

5. Common Features Across Algorithms 

The Common Features Table identifies features consistently significant across all models: 

Debt-to-Equity and ROA: These universally important metrics serve as foundational 

indicators of financial health and audit quality. 

Stock Volatility: Although secondary, it provides valuable insights into market dynamics 

affecting audit perceptions. 

Figure1:Decision tree algorithm(Flow chart ,Working of Decision Tree). 
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Figure 2. R&C decision tree in the best case. 

Conclusion 

The findings confirm that decision tree algorithms are powerful tools for enhancing audit 

quality assessment. Their ability to predict financial risks accurately and efficiently 

demonstrates the value of AI in transforming the auditing profession. By adopting these 

technologies, the auditing sector can ensure better compliance, transparency, and stakeholder 

confidence. Future efforts should focus on expanding datasets, refining algorithms, and 

addressing ethical challenges to unlock AI's full potential in auditing and financial 

management. Meanwhile, the main issue at the beginning is the perception of auditors 

regarding the function of AI in audit quality, because auditors' perception of AI plays an 

important role in its use by auditors. Auditors' perception depends on important variables 

such as perceived convenience and perceived usefulness. Therefore, the main objective of 

this research is to analyze auditors' perception of AI and its contribution to audit quality. To 

predict audit quality using decision tree algorithms. Therefore, all auditing firms that are 

members of the Iranian Certified Public Accountants Association during the period 2008-

2024 constitute the statistical population of the research, and 4367 observations remain as a 

statistical sample after screening. This research is applied in terms of purpose and descriptive 

in terms of research method. Data analysis was performed by applying CRISP-DM data 

mining standard and four decision tree algorithms, namely CHAID, C&RT and C5.0, and 

QUEST. The results showed that regardless of the depth of the tree, the optimum models with 

the highest detection power of 98% were associated with the C5.0 tree and more than 93% 

with the C&RT tree. Therefore, out of the total 19 audit quality assessment criteria, 16 criteria 

in C5.0 algorithm, 12 criteria in CHAID algorithm, 5 criteria in C&RT and 3 criteria in 

QUEST were considered effective in predicting audit quality, and the rest were eliminated. It 

is important to note that the common criteria in the four algorithms, namely employee 

recruitment, employee training and job control, and audit planning, are the input stages 

affecting audit quality. 

Recommendations for the Future: 

1. Adoption of Advanced AI Techniques 

Auditing Firms: 
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Auditing firms should prioritize integrating advanced AI tools like C5.0 into their workflows. 

These tools improve prediction accuracy and allow auditors to focus on high-value tasks such 

as interpreting findings and consulting. 

Regulators: 

Financial regulators can use AI-driven models to monitor audit quality trends across 

industries, identifying firms that exhibit potential risks. 

2. Expansion of Feature Sets 

Incorporate non-financial variables such as corporate governance practices, ESG 

(Environmental, Social, and Governance) metrics, and industry-specific data. 

Use textual analysis of annual reports or audit opinions, enabled by natural language 

processing (NLP), to enhance predictive accuracy further. 

3. Data Collection Improvements 

Establish standardized protocols for collecting audit-relevant data across industries and 

jurisdictions. 

Leverage big data platforms to process high-volume financial data, allowing for more 

granular and real-time predictions. 

4. Training and Upskilling Auditors 

Provide training for auditors on the use of AI tools and interpretation of algorithmic outputs. 

Encourage auditors to adopt a hybrid approach, combining AI-driven insights with 

professional judgment. 

5. Future Research Directions 

Explore other machine learning algorithms, such as ensemble methods (e.g., random forests 

or gradient boosting), to compare their performance with decision tree models. 

Investigate the impact of deep learning techniques on audit quality predictions, particularly 

for large and unstructured datasets. 

Conduct cross-country studies to generalize the findings and understand regional variations in 

audit practices. 

6. Addressing Ethical and Legal Challenges 

Develop frameworks to ensure that AI applications in auditing comply with ethical standards 

and data privacy laws. 

Address concerns about transparency in decision-making by providing interpretable models 

that stakeholders can trust. 
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