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ABSTRACT 

During audit planning, auditors examine the business of their firms.  Still, the target is to minimize the discrepancy in the real 

planned financial statement of inspection and summary reports of internal audits. On the other hand, expenditures on artificial 

intelligence have been increasing in Turkish firms; according to the National Artificial Strategy document, AI will be part of 

every organizational process, including internal audits.  Moreover, the literature supports a positive relationship between 

internal audits and firms’ decreasing capital loss.  So, this research aims to analyze the relationship between AI expenditures, 

internal audit reports, and the firms’ historical loss.  To reach this aim, suitable data was analyzed from 732 incorporated 

companies that are members of the Chamber of Trade and Industry/Tekirdag/Turkey.  Structural equation modeling results 

show that AI investments decrease the discrepancy between financial statements and internal audit reports (β=-0.045). On the 

other hand, discrepancies found in the internal audit reports compared to real financial statements are increasing firms’ 

financial losses by almost 10% (β=.118).  In other words, investing in AI contributes to more realistic financial reports, resulting 

in fewer financial losses.  From this perspective, this study is one of the leading studies that connects AI investment to internal 

audits and the financial performance of Turkish firms.  

Keywords: Internal Audit, Artificial Intelligence, Audit Reports, Firm Loss, Discrepancy in Reports.   

JEL Classification: M40, M42, C31, A10 

 

ÖZ 

Denetim planlaması sırasında denetçiler görev aldıkları firmaların işlerini incelerler ve denetler. Yine de hedef, denetimin gerçek 

planlanan mali tabloları ile iç denetimlerin özet raporları arasındaki tutarsızlığı en aza indirmektir. Öte yandan Türk firmalarında 

yapay zekâ harcamaları Ulusal Yapay Strateji belgesine göre arttığından, yapay zekâ, iç denetim faaliyetleri de dahil her 

organizasyonel sürecin bir parçası haline gelmesi beklenmektedir. Ayrıca bilim yazın, iç denetim ile firmaların sermaye kayıplarının 

azalması arasında pozitif bir ilişki olduğunu desteklemektedir. Bu nedenle bu araştırma, yapay zekâ harcamaları, iç denetim 

raporları ve firmaların finansal kayıpları arasındaki ilişkiyi analiz etmeyi amaçlamaktadır. Bu amaca ulaşmak için Ticaret ve 

Sanayi Odası/Tekirdağ/Türkiye'ye üye 732 anonim şirketten elde edilen veriler incelenmiş ve uygun olanları analiz edilmiştir. 

Yapısal eşitlik modellemesi sonuçları, yapay zekâ yatırımlarının mali tablolar ile iç denetim raporları arasındaki farkı azalttığını 

göstermektedir (β=-0,045). Öte yandan iç denetim raporlarında gerçek mali tablolarla karşılaştırıldığında ortaya çıkan farklılıklar, 

daha açık bir ifadeyle mali tablolar ile iç denetim raporları arasındaki artan farklılıklar, firmaların mali kayıplarını neredeyse %10 

(β=0,118) oranında artırmaktadır. Başka bir deyişle, yapay zekaya yatırım yapmak daha gerçekçi finansal raporlara katkıda 

bulunarak daha az finansal kayıpla sonuçlanır. Bu açıdan bakıldığında bu çalışma, yapay zekâ yatırımını iç denetimlere ve Türk 

firmalarının finansal performansına bağlayan önde gelen çalışmalardan biridir. 
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1. INTRODUCTION 

Strengthening the authority of internal auditors can help reduce state financial losses, though they lack the legal power to 

definitively determine such losses (Amiq et al., 2024). Artificial Intelligence (AI) is transforming internal auditing, 

offering enhanced efficiency and effectiveness opportunities. The adoption of AI in internal auditing is expected to reduce 

manual procedures, enable more comprehensive data analysis, and support value-added auditing services (Wassie & 

Lakatos, 2024). However, it is unclear whether investment in AI will increase the quality of internal audit reports. So, this 

research analyzes the relationship between AI, the quality of internal audit reports, and the financial loss of the 

organizations.  

The impact of information technology on audit quality has been demonstrated in studies such as the work by Deribe and 

Regasa (2014). Furthermore, recent research by Collins Kindzeka (2023) highlighted the positive influence of AI 

applications on accounting, auditing, and financial reporting. These findings emphasize the significant and far-reaching 

effects of AI in these crucial areas. Additionally, the adoption of AI in internal auditing is expected to streamline manual 

processes, facilitate more extensive data analysis, and enhance the delivery of value-added auditing services, as discussed 

by recent research (Wassie & Lakatos, 2024). It's important to recognize that the integration of AI into internal audit 

functions may also pose challenges, such as the demand for new skills and competencies among auditors, as studied by 

Kahyaoglu and Aksoy (2021) and Meira (2019). While AI has the potential to automate certain routine tasks, it’s unlikely 

to entirely replace human auditors, who will instead need to adapt to new roles and responsibilities (Almufadda & 

Almezeini, 2022). The financial consequences of implementing AI within organizations are significant and require careful 

consideration to ensure successful deployment and realization of benefits. Companies that choose to adopt AI 

technologies must allocate substantial financial resources to support the implementation and seamless integration of these 

technologies (Jöhnk et al., 2021). Therefore, organizations must consider investing in AI to elevate the quality of their 

internal audit reports.  

There are some negative aspects of using AI in internal auditing even if current academic research underscores both the 
potential benefits and challenges associated with the integration of artificial intelligence (AI) in the field of auditing. AI 
holds promise in enhancing audit efficiency, effectiveness, and quality through automating routine tasks, analyzing 
extensive datasets, and detecting irregularities (Hoffman et al., 2007; Seethamraju & Hecimovic, 2020; Wassie & Lakatos, 
2024). However, the implementation of AI faces barriers such as regulatory constraints, data quality issues, and the 
demand for new skills (Ganapathy, 2023). Although the adoption of AI in internal auditing is deemed inevitable (Meira, 
2019), it gives rise to concerns about job displacement and the evolving roles of auditors (Almufadda & Almezeini, 2022). 
Interestingly, conflicting findings exist, with one study suggesting a positive correlation between AI integration and a 
reduction in audit quality (Ramzan, 2023). Furthermore, auditors may exhibit "algorithm aversion" potentially limiting 
the effectiveness of AI in complex estimate evaluations (Commerford et al., 2020). These findings underscore the 
necessity of carefully assessing the impact of AI on the auditing profession.  

There are three main contributions of this paper to the literature. Firstly, this paper addresses the potential argument that 
investing in AI might not necessarily increase the quality of internal audit reports, despite the enhanced efficiency and 
comprehensive data analysis capabilities it offers. Secondly, integrating AI into internal audit functions could lead to 
biases and errors in the analysis of financial data, thereby impacting the quality of internal audit reports by increasing the 
real financial losses of the organizations. Lastly, there may be a possibility that the demand for new skills and 
competencies among auditors due to the integration of AI may also hinder the quality of internal audit reports in the short 
term. So, AI investment can be unfit for the Turkish organizations for the internal audition.  

2.  HYPOTHESIS DEVELOPMENT 

The incorporation of AI into audit processes and departments has revolutionized investment strategies, risk assessment, 

fraud detection, customer service, and regulatory compliance (Khan, 2024). Nevertheless, this integration necessitates 

considerable financial investments for development and implementation within financial services. Despite the 

substantial benefits offered by AI, organizations must adeptly handle the financial implications of its adoption to ensure 

enduring performance. In industries like healthcare, the integration of AI-driven Accounting Information Systems (AIS) 

has proven to greatly enhance the precision of financial reporting by reducing errors (Kimani, 2024). Although the initial 

investment in AIS automation may present a financial challenge, the long-term benefits more than outweigh the costs 

linked to embracing AI technology. 

As artificial intelligence (AI) continues to advance, it's crucial for internal auditors to grasp its underlying principles, 

anticipate potential risks and opportunities, and adapt to the changing landscape of the profession (Alina et al., 2018). 

Research suggests that integrating AI into auditing processes can improve the reliability and quality of reporting, 

ultimately fostering greater trust among stakeholders in audit results (Vuković et al., 2024). Furthermore, the utilization 

of AI in audit procedures has the potential to enhance audit evidence, narrow the audit expectation gap, and potentially 
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redefine the objective of audits, highlighting the positive impact of AI on audit quality (Mpofu, 2023). Additionally, the 

combination of AI with data analyses for financial statement items and fraud detection can significantly bolster audit 

quality by reducing costs and elevating the caliber of audit work (Mirzaei et al., 2022).  

The integration of AI not only enhances the efficiency and effectiveness of audits but also streamlines fraud detection, 

contributing to increased accuracy and improved audit quality (Ikhsan et al., 2022). The incorporation of AI technologies 

in internal audit functions leads to optimized internal quality audits, yielding improved processes and outcomes (Buaton 

et al., 2022). Additionally, AI applications have a positive impact on accounting, auditing, and financial reporting, 

highlighting the significant influence of AI in these critical areas (Collins Kindzeka, 2023) (Kindzeka, 2023). 

Understanding the impact of AI on the disparity between internal audit findings and actual financial reports requires 

acknowledging the crucial role of internal audit in upholding the accuracy and reliability of financial statements. 

Previous studies have highlighted the positive relationship between internal audits and the quality of financial 

statements, emphasizing the importance of internal audit functions in maintaining the credibility of financial reporting 

(Yusup & Juhara, 2020). Internal audits play a significant role in detecting errors, preventing fraud, and providing 

reliable accounting information for decision-making (Alwadie, 2024). The integration of AI technologies in auditing 

processes has the potential to enhance the quality and reliability of financial reports by automating tasks, improving 

efficiency, and offering advanced data analytics capabilities (Rodrigues et al., 2023). Through cognitive auditing 

processes, AI can assist auditors in identifying errors and issues in financial reports, thus reducing discrepancies and 

improving the accuracy of financial information (Dagunduro, et al., 2023). 

Although AI adoption presents opportunities for enhancing financial performance, organizations should thoroughly 

assess the financial implications. It is crucial to engage in strategic planning, allocate resources wisely, and consider 

long-term benefits to navigate AI adoption effectively and secure sustainable financial results. However, the role of 

internal audit in upholding the precision and dependability of financial statements are positively correlated as discussed 

above.  

H1: AI will decrease the gap between internal audits and real financial reports. The role of Internal Audit is of 

significant importance in shaping financial reporting processes and ensuring timely audits (Pizzini et al., 2015). The 

quality of the internal audit function is vital for upholding the reliability of financial reporting and preventing financial 

losses (Oladejo et al., 2021). Internal audit acts as a strong internal control mechanism that elevates the overall quality 

of financial reporting (Oladejo et al., 2021). Moreover, the impartiality of internal audit activities can cultivate 

collaboration between internal and external audits, leading to an improvement in the quality of financial reporting 

(Azzam et al., 2020). 

Research findings reveal a direct correlation between internal audits and the accuracy of financial statements (Yusup & 

Juhara, 2020). The quality of internal audits positively influences the reliability of financial reports, demonstrating that 

a higher standard of internal audit improves financial statements (Sari et al., 2024). Furthermore, the internal audit 

function notably affects external audit fees, underscoring its importance in the financial reporting process (Felix, Jr. et 

al., 2001). 

The relationship between internal audit and real financial reports is crucial for ensuring accurate and reliable financial 

information. A high-quality internal audit function can improve financial reporting, minimize risks, and support 

decision-making. However, some studies revealed complexities in these relationships, such as the mediating effect of 

internal audit committees on real earnings management (Ibrahim et al., 2020) and the potential substitution relationship 

between board quality and internal audit quality (Johl et al., 2013). So, it is important to analyze the effects of the gaps 

between internal audit quality and real financial reports quality on financial losses.  

 

H2: Discrepancies (gaps) between internal audits and real financial reporting will increase financial losses. In 

other words, more gaps between internal audits and real financial reporting will increase financial losses.  

 

3. METHODOLOGY 

3.1 Sample and Data 
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The Tekirdağ region in Turkey is home to a diverse range of industries that make significant contributions to the local 

economy. Agriculture is a key sector, focusing on producing essential crops such as wheat and sunflower for human and 

animal consumption (Badem, 2024). The agricultural industry plays a crucial role in the region's economy, emphasizing 

the importance of farming activities in Tekirdağ. Furthermore, tourism is an important economic driver in Tekirdağ, 

attracting visitors to explore the region's cultural and natural attractions. Businesses in this sector manage long-term 

bank credit, accounts receivable, and balancing liabilities to ensure sustainable growth and financial stability. The 

telecommunications sector in Tekirdağ also plays a vital role in providing communication services to residents and 

businesses in the region. Moreover, the manufacturing sector in the region, particularly industries like steel truss 

construction, contributes to the production and employment landscape of Tekirdağ (Tüfekci et al., 2020). In summary, 

the industries in the Tekirdağ region of Turkey encompass agriculture, construction, tourism, forestry products, 

telecommunications, manufacturing, and more, playing a crucial role in driving economic growth, creating employment 

opportunities, and contributing to the overall development of Tekirdağ, showcasing the diverse industrial landscape of 

the region. 

In the province of Tekirdağ, a total of 11,579 commercial enterprises are currently in operation. Among these, there are 

1,384 stock joint companies, 4,895 limited companies, 69 collective companies, 4 economic enterprises, and 5,227 private 

enterprises. A survey was conducted specifically targeting the owners or top managers of stock joint companies whose 

contact information is listed in the database of the Tekirdağ Chamber of Commerce and Industries (1232). Although 732 

surveys were distributed, only 187 were deemed suitable for analysis. This was primarily due to the lack of AI investment 

in many companies, while others were excluded because they did not undergo official internal audits. 

 

Table 1. Sample Characteristics (N=187) 

 

Firm Size <100 employees 38 

 100–249 employees 42 

 250–499 employees 61 

 500–999 employees 27 

 1000–4999 employees 17 

 ≥5000 employees 2 

Tenure of the respondent in the organization (years) 

 <1 17 

 2–5 62 

 6–10 91 

 ≥10 17 

 

The comprehensive data presented in Table 1 provides invaluable insights into the diverse characteristics of the 

participating firms and the extensive experience levels of the survey respondents. An analysis of the distribution of firm 

sizes reveals a prevalent presence of medium-sized firms, which may serve as fertile ground for fostering intrapreneurial 

endeavors. Furthermore, the tenure data uncovers a noteworthy representation of employees with varying degrees of 

substantial experience, indicating that the gathered insights likely offer a nuanced and well-rounded comprehension of 

the organizational landscape. 

The questionnaire consisted of four questions about financial statements, AI investments, and financial losses.  The first 

question is «Does your company have AI investments or a budget for AI? The second question is «Has your company 

ever had an internal audit in the last three years? » The third question is «Has your company faced financial losses for at 

least three years? The fourth question is «Have the discrepancies between internal audit reports and real financial 

statements been increasing? ». Ordinally measuring attitudes or opinions using Likert scales, which range from "strongly 

disagree" to "strongly agree," yields data that can be analyzed through SEM (structural equation modeling) as long as 

specific conditions are satisfied (Brown & Maydeu-Olivares, 2011). So, in this research, the answers were collected on 

five-point Likert scale (1: strongly disagree, 3: neither agree nor disagree, 5: strongly agree). 
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Table 2. Mean, STDEV, T values, p values 

Variables 
Original sample 

(O) 

Sample mean 

(M) 

Standard 

deviation 

(STDEV) 

T 

statistics 

(|O/STD

EV|) 

P 

values 

Adjusted corporate investment_to Artificial Intelligence -

> Discrepancy found in the _internal audit report 
-0.045 -0.048 0.020 2.274 0.023 

Discrepancy found in the _internal audit report -> 

Historical Loss 
0.118 0.133 0.058 2.037 0.042 

 

According to Table 2, for the adjusted corporate investment to Artificial Intelligence reflecting a discrepancy found in 

the internal audit report, the original sample was -0.045, and the sample mean stood at -0.048, with a standard deviation 

of 0.020. The T statistics calculated was 2.274, leading to a p-value of 0.023. In the case of the discrepancy found in the 

internal audit report leading to historical loss, the original sample was 0.118, with a sample mean of 0.133, and a standard 

deviation of 0.058. This resulted in T statistics of 2.037 and a p-value of 0.042. 

 

Table 3. Correlations 

 

 (1) (2) (3) 

(1) Adjusted corporate investment_to Artificial Intelligence 1 -0.045 -0.004 

(2) Discrepancy found in the _internal audit report 
 1 0.118 

(3) Historical Loss 
  1 

 

The correlation analysis in Table 3 reveals the relationships among three variables: adjusted corporate investment in 

artificial intelligence, discrepancies in internal audit reports, and historical loss. The first variable, adjusted corporate 

investment in artificial intelligence, shows a correlation of 1 with itself, indicating a perfect correlation. When examining 

its correlation with discrepancies found in internal audit reports, a slight negative correlation of -0.045 is observed, 

suggesting that as corporate investment in artificial intelligence increases, discrepancies in internal audits may slightly 

decrease, although this relationship is weak. Furthermore, the correlation between adjusted corporate investment in 

artificial intelligence and historical loss is negligible, with a value of -0.004, indicating no significant relationship between 

these two variables.  

The discrepancies revealed in internal audit reports show a perfect correlation of 1 with themselves, indicating a consistent 

pattern. Furthermore, there is a weak positive correlation of 0.118 between discrepancies in internal audit reports and 

historical loss, suggesting a tendency for higher discrepancies in audit reports to be linked to greater historical losses. 

Overall, the correlations suggest that while there are some connections among the variables, especially between 

discrepancies in internal audits and historical loss, the relationships involving adjusted corporate investment in artificial 

intelligence are minimal. This analysis provides insights into how these variables interact, although the weak correlations 

suggest that further investigation may be necessary to understand the underlying dynamics fully. 

 

3.2 Model Fit 

The comparison between the saturated and estimated models is summarized using several statistical metrics, including 

the Standardized Root Mean Square Residual (SRMR), d_ULS, d_G, Chi-square, and Normed Fit Index (NFI). The 

d_ULS (Squared Euclidean Distance) measures the difference between the empirical and model covariance matrices. A 

lower d_ULS value indicates a better fit, compared to a confidence interval. Similarly, d_G (Geodesic Distance) serves 

the same purpose using a different calculation method. Both are evaluated against a confidence interval to determine 

model fit (Vojvodic & Hitz, 2022; Wu et al., 2023). 

 

Both the saturated and estimated models exhibit an SRMR of 0.000, indicating a perfect fit in terms of residuals. The 

d_ULS statistic is also 0.000 for both models, suggesting no discrepancies in the unweighted least squares distance. 

Similarly, the d_G statistic, which measures the goodness of fit, is 0.000 for both models, reinforcing the notion of an 

ideal fit. Regarding the Chi-square statistic, the saturated model shows a value of 0.000, while the estimated model has a 

Chi-square value of 0.001. Although the Chi-square for the estimated model is slightly above zero, it remains very close 

to a perfect fit, indicating that the model does not significantly deviate from the observed data. Lastly, the Normed Fit 

Index (NFI) is reported as 1.000 for both models, indicating a perfect fit relative to the null model. 
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This analysis suggests that both the saturated and estimated models fit the data exceptionally well. In summary, the metrics 

indicate that both models demonstrate excellent fit characteristics, with all relevant statistics suggesting minimal 

discrepancies and a high level of alignment with the observed data (Byrne, 2010; Hu & Bentler, 1999; Kline, 2016). 

 

3.3 Hypotheses Testing 

Structural Equation Modeling (SEM) is a statistical technique widely used in social science research for developing and 

testing complex theoretical models (Al-Baity, 2023). SEM allows researchers to explore relationships between latent and 

observed variables effectively (Hair, 2017). In social research, SEM has been instrumental in investigating various 

phenomena such as predictors of entrepreneurial intentions, impact of social activities, and determinants of pro-

environmental behavior intentions (Jambol et al., 2024). By utilizing SEM, researchers can develop comprehensive 

models integrating theoretical constructs, empirical data, and practical implications, leading to a deeper understanding of 

social dynamics and behaviors (Olabanji et al., 2024). Consequently, SEM is used to analyze the data in this research.  

Structural Equation Modeling (SEM) is a strong statistical method used for hypothesis testing in various research 

situations. It helps researchers understand complex relationships among observed and hidden variables, providing a 

comprehensive framework for testing theoretical models. SEM combines factor analysis and multiple regression analysis, 

allowing for the simultaneous examination of multiple dependent relationships. 

R-Square and R-Square Adjusted are also analyzed. In the given data context, we can examine the R-square and adjusted 

R-square values for two variables: discrepancies found in internal audit reports and historical loss. 

Discrepancy Found in Internal Audit Reports: 

- The R-square value is 0.002, indicating that only 0.2% of the variance in discrepancies found in internal audit reports 

can be explained by the independent variables in the model, suggesting a very weak explanatory power. 

- The adjusted R-square is 0.001, accounting for the number of predictors in the model. The adjusted value is slightly 

lower than the R-square suggesting that the inclusion of additional predictors does not substantially improve the model's 

explanatory power. 

Historical Loss: 

- The R-square value for historical loss is 0.014, meaning that 1.4% of the variance in historical loss can be explained by 

the independent variables in the model, indicating a low level of explanatory power. 

- The adjusted R-square is 0.013, again showing a minimal increase in explanatory power when accounting for the number 

of predictors. 

The low R-square values suggest that the models may not effectively capture the relationships of interest. However, SEM 

remains valuable for hypothesis testing, allowing researchers to test specific hypotheses about variable relationships and 

assess the significance of individual paths within the model. Researchers can enhance their models by incorporating or 

removing variables based on theoretical considerations or empirical evidence. 

In this study, Structural Equation Modeling (SEM) was conducted using the free version of SmartPLS.. SmartPLS is a 

valuable tool for social science research for multiple reasons. To start, it is particularly advantageous for simultaneously 

analyzing multiple regression equations, which makes it perfect for examining intricate relationships between variables 

in social science studies (Mukhsin & Suryanto, 2022). This capability enables researchers to effectively explore complex 

relationships and dependencies within their models. Additionally, SmartPLS is well-suited for conducting Structural 

Equation Modeling (SEM), a statistical method frequently utilized in social science research to analyze complex 

relationships between latent and observed variables (Siddiqi et al., 2020). Through the use of SmartPLS for SEM analysis, 

researchers can evaluate the direct and indirect effects of variables, test theoretical models, and assess the overall fit of 

their models. 

Table 4. Path Coefficients 

Variables (Nomenclature) 

Discrepancy found in the 

internal  

audit report 

Historical financial 

Loss 

Adjusted corporate investment in Artificial 

Intelligence -0.045 -0.005 

Discrepancy found in the _internal audit report  0.118 

The results from Table 4 reveal that the path coefficients show a statistically significant relationship between 

discrepancies in internal audit reports and an increase in the financial historical loss of the organizations (β=.0.118). The 



Artificial Intelligence Investment, Realistic Reports and Financial Loss 
Korhan ARUN 

123 

Denetişim Dergisi, 2024 Ek Sayı, 117-128, 2024 

 

data also indicates that for every one-unit investment in Artificial Intelligence (AI), there was a 0.045-point decrease in 

discrepancies within the internal audit reports. Therefore, we have strong support for both Hypotheses 1 and 2. 

 

Furthermore, the analysis shows that the adjusted corporate investment in AI is linked to a reduction of 0.045 in the 

discrepancies found in the internal audit report and real financial reports, along with a further decrease of 0.005 in 

historical financial loss. In essence, the path analysis results demonstrate that investment in AI has the potential to reduce 

discrepancies in internal audit reports by 0.045% (supporting H1), but may also lead to a 0.005% increase in financial 

loss. These findings support the notion that while investment in AI requires organizational capital, the benefits outweigh 

the negative effects. 

 

These results support the research that found the critical role of the internal audit function in ensuring the quality of 

financial reporting by monitoring risks, evaluating internal controls, and detecting potential manipulations in financial 

procedures (Gebrayel et al., 2018). This emphasizes the significance of aligning internal audit discoveries with real 

financial reports to minimize financial risks and losses. Setyahuni et al. (2022) have highlighted internal audit quality as 

a key factor in determining financial reporting quality. Effective internal audit practices, combined with strong corporate 

governance frameworks, are essential for upholding the credibility of financial reporting. Discrepancies between internal 

audit assessments and financial reports may erode trust in the organization's financial disclosures, potentially causing 

financial losses due to reduced investor confidence and heightened regulatory oversight is crucial to ensure alignment 

between internal audit reports and actual financial reports to mitigate financial risks and prevent potential losses in 

organizations. Consistency and accuracy between internal audit findings and financial disclosures are vital for maintaining 

transparency, reliability, and compliance with regulatory standards. Any discrepancies between internal audit assessments 

and actual financial outcomes could lead to financial losses, reputational damage, and legal implications, highlighting the 

importance of robust internal audit practices in safeguarding organizational finances. 

 

Figure 1. Model and Path Analysis Results 

 

In Figure 1, the paths of the research model and coefficients between the variables are visually depicted. The numbers 

enclosed within the circles serve to indicate the adjusted R-squared values, which provide a measure of how well the 

independent variables explain the variability of the dependent variable. The R2 adjusted value of 0.002 pertaining to the 

discrepancies identified in the internal audit report variable suggests that a mere 0.002 percent of the discrepancies can 

be attributed to the utilization of AI. This indicates a very low level of association between the use of AI and the 

discrepancies identified in the internal audit report. 

Artificial intelligence (AI) has been increasingly integrated into auditing processes, offering various benefits. These 

include improved sampling procedures, reduced labor and time in audits, and increased efficiency, and effectiveness 

leading to enhanced audit quality (Mpofu, 2023). It has been noted that AI can be valuable in evaluating data quality 

within internal audit functions (Wassie & Lakatos, 2024). The results of this study support the article that found the use 

of cognitive auditing, which involves AI technology, can help auditors detect errors and discrepancies in financial reports 

(Noordin et al., 2022). Additionally, AI systems support continuous auditing, offering tools to effectively evaluate AI 

systems for internal audit functions (Lidiana, 2024). 

AI techniques like machine learning and natural language processing have proven effective in detecting accounting fraud 

(Iman Supriadi, 2024). However, in the literature, it has not been stated that the gap between the internal audit reports and 

real financial documents is rooted in fraud. So, the fraud practices can be separated from the errors of the internal audit 

or financial reports. Studies have shown that the application of AI in auditing processes enhances effectiveness, efficiency, 

and cost benefits (Al- Dahabi et al., 2024). The integration of AI, machine learning, and data analytics reshapes the audit 

landscape, empowering auditors with tools to improve efficiency and accuracy (Ebirim et al., 2024).  
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Investments in AI tools have been found to reduce costs for customers, increase productivity, and decrease the workforce 

in external public audit settings (Lazăr Pleşa et al., 2023). Internal audit and risk assessment are crucial for early risk 

detection in complex business processes, especially with increasing digitalization (Kahyaoglu & Aksoy, 2021). The 

adoption of data analytics, blockchain, and AI in various industries promises a paradigm shift in the internal auditing 

profession (Nwachukwu et al., 2021). AI collaborates with internal control systems to enhance the reliability of accounting 

information by reducing information risk (Askary et al., 2018). 

4. CONCLUSIONS AND RECOMMENDATIONS 

The integration of artificial intelligence (AI) into auditing processes can significantly enhance the effectiveness, 

efficiency, and quality of audits. AI technologies, including machine learning and natural language processing, have been 

instrumental in improving sampling procedures, detecting accounting fraud, and enabling continuous and cognitive 

auditing. Additionally, these advancements assist in internal audit functions and risk assessment, and ensure the reliability 

of accounting information, marking a transformative shift in the auditing and accounting landscape. The Tekirdağ region 

in Turkey has a diverse industrial landscape that significantly contributes to the area's economy. Major sectors include 

agriculture, construction, tourism, forestry products, telecommunications, and manufacturing. These industries drive 

economic growth, create employment opportunities, and contribute to the overall development of Tekirdağ. As a result, 

data was collected from the Tekirdag region.  

This paper discusses the impact of Artificial Intelligence (AI) on the field of internal auditing, positing that AI has the 

potential to enhance the efficiency and effectiveness of auditing processes. It is suggested that by incorporating AI, 

internal auditors can reduce manual tasks, conduct more thorough data analyses, and provide more valuable audit services, 

which could potentially lead to a decrease in the financial losses organizations face. However, there's also an 

acknowledgment of the ambiguity regarding whether investing in AI technology directly improves the quality of internal 

audit reports. Results show the transformative role of AI in accounting and auditing and its contribution to improved audit 

quality by reducing discrepancies between internal audits and real financial reports. Nonetheless, the integration of AI in 

this field is not without challenges, including the need for investment. Thus, the financial implications of AI 

implementations for organizations are highlighted, underlining the slight burden on organizational capital and finance. 

The analysis suggests that investing in AI can slightly reduce internal audit report discrepancies by 0.045% but might 

also result in a marginal increase in financial loss by 0.005%. Furthermore, there's a noted positive correlation of 0.118 

between another type of discrepancy in internal audit reports and historical financial losses. 

This paper does not focus on the direct capital investment required for organizations to invest in AI. Instead, it identifies 

the organizational readiness factors essential for successful AI implementation. 

Investing in artificial intelligence (AI) for organizations requires a substantial financial commitment, involving expenses 

for infrastructure, hardware, and software (Al-Baity, 2023). This financial commitment may present challenges, especially 

for smaller institutions that might find such investments to be prohibitively expensive. The incorporation of AI 

technologies in various sectors, such as finance, calls for significant financial resources to facilitate the implementation 

and maintenance of AI systems (Lu et al., 2024). Furthermore, the development and maintenance of AI models necessitate 

specialized skills in data science, machine learning, and AI, thereby underscoring the financial investment required 

(Jambol, 2024). 

In the realm of small and medium-sized enterprises (SMEs), the adoption of artificial intelligence (AI) to enhance 

competitiveness and drive growth requires overcoming financial barriers (Kabakci & Ince, 2023; Peretz-Andersson et al., 

2024). SMEs seeking to unleash the transformative potential of AI must navigate financial constraints alongside other 

obstacles. The financial considerations associated with establishing and operating AI labs underscore the significant 

influence of financial factors on AI implementation (Hergan, 2022). Organizations must allocate resources efficiently to 

support the infrastructure, attract talent, and sustain AI initiatives. However, in Turkish business organizations, AI is 

primarily used as an auxiliary tool, with businesses still hesitant to fully rely on it (Karaboga & Vardarlier, 2020). 

In a nutshell, this text emphasizes the significant impact of artificial intelligence (AI) on auditing and accounting practices, 

particularly in enhancing their efficiency and quality. AI technologies like machine learning and natural language 

processing improve sampling, detect fraud, and support continuous and cognitive auditing, thus revolutionizing the field. 

In the context of Tekirdağ, Turkey, the diverse industrial landscape including agriculture, construction, tourism, and 

manufacturing, serves as a backdrop for discussing AI's role in internal audits, risk assessment, and ensuring reliable 

accounting information. The paper argues that AI can reduce manual tasks and enhance data analysis in audits, potentially 

mitigating financial losses but also notes the financial challenges of adopting AI. Investment in AI technologies require 

considerable financial resources, particularly for infrastructure and talent, which might be challenging for smaller 

enterprises. Despite these hurdles, AI's transformative potential for improving audit quality and reducing discrepancies 
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in financial reporting is acknowledged, alongside the necessity for organizational readiness and financial commitment for 

successful AI implementation. 
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