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Abstract 

 

Contemporary technology and digitalisation processes radically change almost every aspect of our life, economy, and business – the audit 

profession is no exception. Today, audit methodology relies significantly on technology, and with the development of applicab le artificial 

intelligence (AI), we anticipate this trend to become even more pronounced in the years to come. The development of closed AI systems or 

its integration in existing ERP or other systems, which are controlled and restricted, provides a secure and private platform for applying 

advanced data analytics on confidential business data to obtain transparent, comprehensive, and reliable results, which help detect 

weaknesses in the internal control system, improving the effectiveness of risk management and company’s operations, and ensure external 

stakeholders in fair and objective financial reporting. In this paper, we have conducted a bibliometric analysis of published  research papers 

on the application of AI in auditing. The analysis encompasses 163 scientific papers referenced in Web of Science and Scopus,  published 

between 1992 and June 2025. We processed the data by applying appropriate statistical methods and two tools usually used in b ibliometric 

analyses: VOSviewer and Gephi. The results indicate an increasing number of published papers, especially after 2020, when generative AI, 

such as ChatGPT, became publicly available and significantly increased the popularity of AI. The most productive countries in  terms of the 

number of published papers are China and the USA. Papers predominantly include keywords such as AI and audit; however, there is also a 

significant presence of related tools and technologies, including machine learning, deep learning, data analytics, robotic process automation, 

neural networks, big data, and blockchain, among others. Most authors emphasise the enhancement of accuracy, productivity, efficiency, and 

effectiveness of audit processes by applying AI. As one of the main features of the application of AI, the authors highlight the possibility of 

processing big data, real-time data processing, and the implementation of continuous auditing. However, factual application in auditing is not 

yet common, but is expected in the coming years, which requires investments by audit companies and internal audit functions, not only in 

technological resources but also in human resources by planning relevant education through which auditors will acquire the necessary 

knowledge and skills to be able to use AI in auditing processes. 
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1. Introduction 

The first decade of the 21st century was marked by Industry 4.0, which includes the digitalisation of industry and 

the automation of production processes, vertical and horizontal integration using smart factories and machines to 

optimise business operations by applying the Internet of Things (IoT), artificial intelligence (AI), advanced 

robotics and big data analysis. The goal was to transform factories into automated environments without 

respecting social and labour issues and socio-economic impacts. In contrast, the second decade of the 21st 

century is marked by Industry 5.0, which aims to balance technological automation and human input, i.e. 

combining the speed, precision and efficiency of technology with the creativity, intuition, and judgment of 
humans. Emerging technologies, such as blockchain, robotics and automation, the Internet of Things (IoT), 

augmented and virtual reality, artificial intelligence, and machine learning, are radically changing the way we 

communicate, learn, think, and act. These technologies are transforming business processes, impacting the 

economy and society globally. New and advanced technologies are affecting all areas of the social, economic 

and business environment. Those technologies are booming and deeply changing the operation mode and 

business ecosystem of companies (Shi, 2025). In this sense, some areas are more significantly affected and 

influenced by these changes, to the extent that professionals question the future viability of certain professions. 

“With the progress of technology and the development of the times nowadays, digital transformation has swept 

across various fields around the world.” (Shi, 2025) Accounting and auditing are, in any case, such professions 

where there are doubts about whether we will need accountants and auditors in the future. The answer is that we 

will, but their roles will change, and Industry 5.0 emphasises expected collaboration between man and 
‘machine’. Numerous professionals and scientists raise their concerns about the future of the accounting and 

auditing profession (Moll & Yigitbasioglu, 2019). “The digitisation of business operations presents a novel 

problem in internal auditing, compelling auditors to identify equitable solutions to enhance their efficacy.” 

(Dawood et al., 2025) “Digitalisation should change the way auditors will handle audit activities by providing 

additional insights to answer customer’s needs.” (Manita et al., 2020) Authors emphasise that auditing is at a 

crossroads, at which audit companies must adapt their methodologies and integrate digital technologies into their 

future strategies (Manita et al., 2020). “Looking into the future, internal audit, staff will train AI to act without 

hesitation to peruse circumstances that need an extensive investigation or even forecast when the failed case on 

control will happen.” (Wassie & Lakatos, 2024) Conducting financial statement audits without using emerging 

technologies will be challenging (Thottoli, 2024). “The bottom line is that traditional audits are being threatened 

by the power of the information technology systems that are being developed today. Information technology 
provides users with alternate information sources, thereby reducing the need for the traditional financial 

statements. These developments are also dramatically changing all other aspects of preparing, auditing, and 

using financial statements.” (Zhao et al., 2004) To follow technological advances and remain competitive in the 

market, audit companies must invest in both technological and human resources. Making investments in 

technologies such as data analytics, drones, and robotic process automation, and implementing them in audit 

methodologies, helps auditors with routine audit tasks, including confirmation testing and inventory observations 

(Commerford et al., 2022). Advanced technology made real-time management feasible, and traditional paper-

based accounting systems have increasingly become out of sync with current practices (Zhao et al., 2004). As a 

result of the increasing complexity of transactions and their volume, auditing professionals will be highly 

dependent on technology in applying data analytics for audit evidence gathering (Omoteso, 2012). “Audit firms 

are investing billions of dollars to develop artificial intelligence (AI) systems that will help auditors execute 

challenging tasks (e.g., evaluating complex estimates).” (Commerford et al., 2022) In addition to investing in 
technological resources, companies must also invest in human resources through education in the application of 

various forms of advanced and complex technologies. This education should create awareness not only of the 

advantages but also of the numerous disadvantages, dangers, ethical issues, and new risks associated with 

applying this technology. In the context of auditing, audit companies and internal audit functions should 

establish “a new recruitment policy focusing on skills and new talent of digital (data scientists, data analysts…) 

and dual skills profiles (double degree engineering school and business school)” (Manita et al., 2020). 

Replacement of traditional approaches to auditing requires a more skilled workforce (Ma-Nlep, 2025). Auditors 

must have adequate knowledge to plan and perform engagements, communicate results, and follow up on the 

implementation of recommendations. To conduct audits in contemporary environments, auditors must know how 

to use advanced and complex technology, as well as how to audit this technology. They need to know how to 

properly plan, direct, monitor and review the work done on these systems (Thottoli, 2024). 

One of the key technologies which is determining the development direction of numerous professions in recent 

years, including the auditing profession, is artificial intelligence (AI). Artificial intelligence has been the focus of 

interest in recent years, from the question of whether it will replace humans, to ethical and data confidentiality 

issues, to the increasing number of hallucinations, i.e. giving convincing but incorrect or fabricated answers. In 

this sense, people are questioning the reliability and accuracy of the results obtained by applying artificial 
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intelligence. In this sense, for the effective and efficient application of artificial intelligence in a business 

environment, the key is the quality of data, which implies their integrity, accuracy, and reliability, because the 

quality of the output directly depends on the quality of the input - garbage in, garbage out (GIGO). 

“Organisations that develop and deploy artificial intelligence (AI) systems need to manage the associated risks—

for economic, legal, and ethical reasons.” (Schuett, 2025) 

“In the context of rapid advancements in artificial intelligence (AI) technology, digital transformation has 

emerged as a critical pathway for enterprises to enhance operational efficiency and management quality.” (Lai, 

2025) AI, that concerns itself with computer ‘thinking’, represents a valuable tool in the accounting area (Zhao et 
al., 2004). “AI is a technology, which is programmed to mimic human judgment and cognitive skills and can be 

designed to take environmental cues.” (Kokina et al., 2025) In that context, AI is capable to more effective risk 

assessment, predictions, data processing and analysing. Next to accounting, AI “is increasingly transforming the 

auditing profession, offering new opportunities but also significant challenges.” (Badea Florea et al., 2025) 

“Artificial intelligence is therefore an integral part of the decision aids family that continues to be developed and 

adopted in both technical and managerial operations of modern businesses and professions including auditing.” 

(Omoteso, 2012) “Artificial intelligence, with its powerful algorithms and computing capabilities, is integrating 

into the audit field at an unimaginable speed. It can accurately solve many problems of traditional audits and 

inject strong impetus into the innovation of audit work.” (Shi, 2025) Furthermore, the AI tools auditors use are 

considered ‘agents’ hired for the accomplishment of a particular task (Omoteso, 2012). AI is capable of 

assessing risks to make decisions, predictions, or take actions (Munoko et al., 2020). “Due to the steady 
advancement in computer technology, most of the large accounting firms have introduced the use of artificial 

intelligence in making audit judgements as part of their integrated audit automation systems.” (Omoteso, 2012) 

“Artificial intelligence (AI) can support the company's internal audit function (IAF) by delivering substantial 

strategic oversight, minimising manual procedures, and making possible additional value-added auditing 

service.” (Wassie & Lakatos, 2024) 

Today, artificial intelligence is incorporated into numerous technologies, and on the other hand, various tools 

facilitate the design and implementation of artificial intelligence. “Major classes of AI based techniques: 

decision tree based techniques, rule based techniques, data mining techniques (fuzzy logic techniques, genetic 

algorithm based techniques), machine learning techniques (neural networks, Bayesian networks, Markov model, 

support vector machine), clustering techniques” (Kumar et al., 2010) Regarding auditing, key technologies are 

supervised machine learning and automation (Kokina et al., 2025). “The increasing predictive power of machine 
learning (ML) models stimulates both advances in research and the creation of business opportunities.” (Badea 

Florea et al., 2025) “Internal auditors can better use AI applications like artificial neural networks and machine 

learning algorithms to enhance the speed and accuracy of their work, better detect risks, and make the internal 

audit function more efficient and adaptable.” (Dawood et al., 2025) “Machine learning algorithms detect 

complex patterns in this data, select the best variables to explain an outcome variable, and uncover suitable 

combinations of variables to make accurate out-of-sample predictions. These algorithms are a key to unlocking 

the large - and growing - financial data sources to make better predictions and smarter decisions.” (Bertomeu et 

al., 2021) “Through natural language processing and machine learning algorithms, AI can generate financial 

reports automatically, reduce manual errors, and improve consistency and comparability. Moreover, AI models 

can conduct real-time analysis of transactional data to detect irregularities, offering early warnings for risk 

control and audit purposes.” (Lai, 2025) “Natural language processing (NLP) can quickly scan and understand 

complex legal contracts. It can extract important information such as contract terms, obligations, and expiration 
dates. This helps auditors to efficiently review a large number of contracts, ensuring compliance and identifying 

potential risks.” (Shi, 2025). Furthermore, “deep learning is an artificial intelligence technology employing a 

deep hierarchical neural network to analyse data to extract complex and abstract features underlying the raw 

data.” (Sun & Vasarhelyi, 2018) “Intelligent automation might also include automated generation of reports 

using generative AI systems, which employ deep learning models to predict the next word in a sequence.” 

(Kokina et al., 2025) A particular area that has benefited from the development of technology and artificial 

intelligence and is therefore taking on an increasingly important role in the auditing profession is data analytics. 

“Data analytics is the science of analysing, interpreting and communicating data to improve the effectiveness of 

decision-making. With data analytics, auditors can provide their customers with recommendations and 

benchmark including indicators and statistics.” (Manita et al., 2020) 
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2. Literature Review 

Scientific research on the application of technology, including artificial intelligence, is much more prevalent in 

the accounting profession than in the auditing profession. However, there is also significant potential for the 

application of artificial intelligence in the auditing profession, which will result in better quality, effectiveness 

and efficiency of audit processes (Alassuli, 2025; Badea Florea et al., 2025; Han et al., 2023; Harriar et al., n.d.; 

Manita et al., 2020; Ma-Nlep, 2025; Mohammad Abdullah Saleh et al., 2021; Munoko et al., 2020; Shi, 2025; 

Sun & Vasarhelyi, 2018; Wassie & Lakatos, 2024). In this sense, scientists, professionals, and practitioners are 

discussing the real possibility of auditing complete data sets instead of samples, and auditing in real-time is 
increasingly common, which reduces audit risk, increases the likelihood of detecting risks and deficiencies in the 

internal control system, and helps find errors and fraud. “New digital technologies (big data, artificial 

intelligence, analytics, etc.) are changing the way audits will be conducted by removing repetitive tasks. New 

digital technologies enable auditors to save a significant amount of time by automating certain audit procedures, 

extracting data easily and analysing it through algorithms. In addition, digitalisation significantly reduces audit 

costs.” (Manita et al., 2020) The above-mentioned application possibilities relate to both the audit of financial 

statements and the internal audit. Although a larger number of papers deal with the application of artificial 

intelligence in the audit of financial statements (Badea Florea et al., 2025; Bertomeu et al., 2021; Commerford et 

al., 2022; Dong et al., 2018; Kokina et al., 2025; Krieger et al., 2021; Lai, 2025; Manita et al., 2020; Ma-Nlep, 

2025; Munoko et al., 2020; Omoteso, 2012; Roszkowska, 2021; Shi, 2025; Sun & Vasarhelyi, 2018; Tiberius & 

Hirth, 2019; Zhao et al., 2004), there is also a significant number of papers dealing with its application in internal 
audit (Alassuli, 2025; Dawood et al., 2025; Harriar et al., n.d.; Omoteso, 2012; Schuett, 2025; Wassie & Lakatos, 

2024). Few authors have analysed the potential of artificial intelligence for implementing continuing auditing 

(Alassuli, 2025; Han et al., 2023; Minkkinen et al., 2022; Tiberius & Hirth, 2019; Zhao et al., 2004). 

By using automation, data analytics, and artificial intelligence, auditors can increase “the accuracy, efficiency, 

and effectiveness of auditing operations by acquiring deeper insights, finding patterns, and making educated 

judgments” (Mohammad Abdullah Saleh et al., 2021). “The findings show that blockchain, internet of things, 

smart contracts and artificial intelligence solutions have different functionality and can effectively solve various 

financial reporting and audit-related problems.” (Roszkowska, 2021) “The benefits of employing artificial 

intelligence automation for these tasks are significant, as they result in increased productivity, reduction in 

human errors, and effective handling of extensive data, among others.” (Harriar et al., n.d.) Application of 

artificial intelligence (AI) in auditing “can increase efficiencies, provide greater insight into business processes, 
and create competitive advantages for adopters” (Munoko et al., 2020). “Artificial Intelligence (AI) integration 

in accounting and auditing is transforming these fields by enhancing efficiency, accuracy, and strategic decision-

making.” (Sallem et al., 2024) Wassie & Lakatos (2024) investigated how AI can increase the efficiency of 

internal audit functions. “AI improves the efficiency of audit processes through high-speed data analysis and 

accurate yet reliable audit outcomes; organisations can anticipate increased productivity.” (Harriar et al., n.d.) 

Regarding particular AI technologies, Alassuli (2025) results indicate that the application of robotic process 

automation (RPA) has a positive impact on the efficiency of internal audit operations. “There is a global 

consensus that AI, especially through machine learning and Big Data, has the potential to revolutionise audit by 

automating repetitive tasks, improving the efficiency of data processing, and increasing overall productivity.” 

(Badea Florea et al., 2025) Sun & Vasarhelyi (2018) concluded that deep learning supports audit decision-

making in all audit phases. They highlighted that deep learning “is an effective and efficient approach to 

automatically extract topics, keywords, entities, sentiments, emotions, events, and other important metadata from 
semi-structured text data such as contracts, earnings announcements, emails, posts on social media, news 

articles, press release, analyst reviews, and emails” (Sun & Vasarhelyi, 2018). Next to deep learning, Manita et 

al. (2020) emphasised the usefulness of powerful data analysis tools. Rather than manually reviewing a sample’s 

data, the auditor can quickly look at complete data to improve the audit quality and efficiency.” (Manita et al., 

2020) Han et al. (2023) stressed that the implementation of blockchain and AI technologies enables continuous 

auditing, which will automate audit processes and improve the efficiency of auditing functions. “When they use 

AI technology, it would be easier and more efficient for auditors to check and validate accounting transactions 

using data recorded on blockchains” (Han et al., 2023). Finally, Schuett (2025) concluded that the effectiveness 

of internal audit depends on the knowledge, skills, and experience of individuals, which might be inadequate. 

“For talent cultivation, encouraging policies should be issued to urge universities and vocational colleges to offer 

courses integrating auditing and artificial intelligence, to supply composite talents for the auditing industry.” 

(Shi, 2025) 
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Machine learning 

Some authors have investigated the application opportunities of machine learning methods as AI technologies 

(Badea Florea et al., 2025; Dong et al., 2018; Kokina et al., 2025; Whiting et al., 2012). Whiting et al. (2012) 

explored the capabilities of machine learning and data mining methods to advance fraud discovery performance. 

As powerful data mining and machine learning methods, authors emphasise random forests, stochastic gradient 

boosting, and rule ensembles. The authors’ results indicate improvement in fraud detection processes. “The 

results for ensemble models show marked improvement over past efforts, with accuracy approaching levels of 

practical potential. In particular, rule ensembles do so while maintaining a degree of interpretability absent in the 

other ensemble methods.” (Whiting et al., 2012) 

Dong et al. (2018) examined 64 fraudulent firms and a matched sample of 64 non-fraudulent firms, proposing an 

analytic framework that taps into unstructured data from financial social media platforms to assess the risk of 

corporate fraud. Extracted signals, including sentiment features, emotion features, topic features, lexical features, 

and social network features, are fed into machine learning classifiers for fraud detection (Dong et al., 2018). 

Their findings suggest the effectiveness of social media features in early fraud detection. “The proposed fraud 

detection system has the potential to significantly shorten the time lag from fraud inception to fraud disclosure, 

thus significantly preventing financial losses to broad shareholders and financial turbulence to the economic 

system.” (Dong et al., 2018) Finally, they concluded that this new method, based on machine learning, can help 

auditors better assess the risk of material misstatement during their planning phase, thereby reducing instances of 

fraudulent financial statements (Dong et al., 2018).  

Bertomeu et al. (2021) analysed the application of machine learning in detecting misstatements. “Relative to a 

linear statistical model, machine learning algorithms are best suited for problems in which the set of variables, 

their interactions, and the mapping into outcomes is not theoretically obvious.” (Bertomeu et al., 2021) To 

deploy the analysis and to explain the probabilities of misstatements, the authors used a gradient boosted 

regression tree (GBRT) developed by Friedman (2001) and Friedman et al. (2001) and several alternative 

machine learning approaches on the sample of 23,760 unique restatement files dated from 2001 to 2014. The 

authors draw three conclusions: firstly, that machine learning can illuminate patterns in the data without 

assuming a particular theory, secondly, that machine learning offers a methodology that provides new means to 

explore complex patterns in the data, and thirdly, that machine learning could be helpful to analyse data for 

decision-making purposes (Bertomeu et al., 2021). 

Kokina et al. (2025) conducted 22 interviews with audit professionals in the most significant public accounting 
firms in the United States, whose average experience is 20.5 years. Although authors found that auditors still do 

not widely use RPA in auditing, they employ machine learning, which is commonly used for simple predictive 

models; however, the application of complex forms of machine learning, such as deep learning, is increasingly 

being explored (Kokina et al., 2025). “More complex machine learning models that summarise audit engagement 

metadata to identify anomalies, AI-guided flows that suggest next audit steps, and tools that estimate certain 

financial statement items like sales and inventory levels are either piloted or just beginning to be applied.” 

(Kokina et al., 2025) According to interview results, the authors concluded that it is expected that these AI tools 

will be widely used in the future, and that they will have a substantial impact on audit companies and the 

activities of auditors (Kokina et al., 2025). 

Neural networks 

Wilson & Sharda (1994) published one of the first papers on using neural networks for bankruptcy prediction, 

which remains one of the most cited. Considering that neural networks represent a field of study within artificial 
intelligence (AI), this paper presents one of the pioneering studies in the field. The authors examined the 

effectiveness of a neural network in performing classification compared to multivariate discriminant analysis. 

Their study is based on a sample of 129 companies, of which 65 went bankrupt during the period 1975-1982, and 

64 non-bankrupt companies were matched on industry and years. “In this study, neural networks clearly 

outperformed discriminant analysis in the prediction accuracy of both bankrupt and non-bankrupt firms under 

varying training and testing conditions. Additionally, it was shown that neural networks offer a significant 

improvement in prediction over pure chance, and that their use in prediction can reduce errors in this problem 

domain by as much as 93% over chance.” (Wilson & Sharda, 1994) The Authors concluded that neural networks 

represent a promising approach in predicting a company’s financial stability. A newer study on applying neural 

networks in the auditing profession was conducted by Dawood et al. (2025). Authors investigated the impact of 

artificial neural networks (ANNs) on the improvement of internal audit quality in a sample of 46 Iraqi banks 
listed on the Iraq Stock Exchange (Dawood et al., 2025). The questionnaire sample included 417 accountants and 

internal auditors. The authors did not find a statistically significant relationship between the application of neural 

networks and the quality of internal audits. However, they concluded that artificial neural networks “can improve 
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the internal audit function’s job and decision-making capabilities in many situations, much like they can in other 

financial unit departments” (Dawood et al., 2025). 

Robotic process automation (RPA) 

Alassuli (2025) examined the impact of AI through robotic process automation (RPA) on the efficiency of 

internal audit operations among 390 employees in Jordanian commercial banks. The author concluded that RPA 

would allow continuous auditing, real-time risk management, and proper reporting. Next to positive impact on 

the efficiency of internal audit operations, author found that RPA have positive effects in all phases of internal 

audit engagements – planning (automating risk-based audit assessments to prioritise audit work), performing 
(make it faster for auditors to work through large volumes of information, thereby underlining more accurately 

those areas that bear high risks), reporting (improves clarity, timeliness, and accuracy in audit reporting, 

automates the generation of audit reports) (Alassuli, 2025). Finally, “these improvements above would further 

help achieve the greater good of enhancing accountability in internal auditing” (Alassuli, 2025). In contrast, 

Kokina et al. (2025) focused on the adoption of different AI technologies in large public accounting companies 

and conducted 22 interviews with experienced audit professionals. Authors found that RPA technology is 

typically used to automate repetitive administrative processes standard in accounting; however, its use for audit 

tasks is less common (Kokina et al., 2025). They also stressed that “the main AI adoption challenges are related 

to transparency and explainability, AI bias, data privacy, robustness and reliability, fear of auditor overreliance 

on AI, and the need for AI guidance.” (Kokina et al., 2025) In contrast, Eulerich et al. (2022) empirical research 

resulted in mixed findings regarding the effectiveness of RPA in auditing profession. They found that “the 
existing implementation guidance has a largely unidimensional focus on technical subsystem features.” (Eulerich 

et al., 2022) Results suggest a lack of clear guidance and frameworks within their companies and companies for 

how to use emerging technologies effectively. “RPA implementation knowledge was either nonexistent or 

located at the individual or team level and was not openly shared with others” (Eulerich et al., 2022). Baharom 

(2025) argue that “RPA emerges as a cornerstone technology in the future evolution of digital internal auditing, 

particularly through enhanced integration with AI and machine learning capabilities” (Baharom, 2025). The 

author concludes that applying RPA with IoT and advanced data analytics enables the development of a 

comprehensive audit ecosystem capable of continuous monitoring, real-time risk assessment, and automated 

compliance verification (Baharom, 2025). 

According to the results of previously conducted research, the usefulness of applying artificial intelligence in 

auditing financial statements and internal audits is undeniable. Most authors emphasise the increase in audit 
process efficiency across all phases of audit engagements as the most significant advantage. In terms of different 

methods, authors most often emphasise machine learning, neural networks and robotic process automation. 

However, most research is still at the theoretical level, indicating the initial stage of development in the 

application of artificial intelligence in the audit profession. Although all large audit firms have implemented 

artificial intelligence tools in their methodologies, their application is still in its infancy. For more significant 

applications, specialised education of auditors is undoubtedly required. 

The analysis conducted concludes that a relatively small number of articles have been published so far that aim 

to conduct a bibliometric analysis of publications dealing with the application of artificial intelligence in 

auditing. As a rule, bibliometric analyses conducted so far have dealt with either both accounting and auditing, 

or the application of technology in auditing. Accordingly, there is significant scope for research that would 

provide concrete insights into the application of technologies based on artificial intelligence in the audit of 

financial statements and internal audits. In this context, we deal with four research questions in this study: 

• What are the dynamics of publishing scientific articles on the importance of artificial intelligence in the 

auditing profession? 

• Which are the most used keywords in published papers? 

• Which countries publish the most AI-related papers in auditing? 

• What are the most significant areas of progress in auditing due to the application of artificial 

intelligence? 
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1. Methodology 

Bibliometric analysis 

The most commonly used methods of reviewing publications are meta-analysis, systematic literature review, and 

bibliometric analysis (Donthu et al., 2021). Bibliometric analysis represents a quantitative approach to analysing 

scientific research, which offers two primary insights: performance analysis and science mapping (Donthu et al., 

2021; Lim et al., 2024) (Singh & Nandan, 2024). “Bibliometric analysis is a popular and rigorous method for 

exploring and analysing large volumes of scientific data.” (Donthu et al., 2021) Lamboglia et al. (2020) 

emphasise that bibliometric analysis “uses a quantitative approach for the description, evaluation and monitoring 
of published research” (Lamboglia et al., 2020). Authors indicate that bibliometric analysis is a systematic, 

transparent and reproducible review process, and thus improves the quality of reviews (Lamboglia et al., 2020). 

The analysis includes two dimensions. On one side, it includes citing documents (the articles) by applying 

bibliographic coupling and keyword co-occurrence analysis, and on the other side, it includes cited documents 

(the references) by applying co-citation analysis (Lim et al., 2024). The results of a bibliometric analysis 

typically provide a simple overview of publications within a specific scientific field and topic, enable the 

evaluation of significant authors in that field, and identify research gaps. The results can be used to determine 

connections between keywords as indicators relevant to the development of a particular field. Bibliometric 

studies “can build firm foundations for advancing a field in novel and meaningful ways—it enables and 

empowers scholars to (1) gain a one-stop overview, (2) identify knowledge gaps, (3) derive novel ideas for 

investigation, and (4) position their intended contributions to the field.” (Donthu et al., 2021) “Despite the 
exhaustive nature of bibliometric data, imperfections—be it redundant keywords, format inconsistencies, or 

minor oversights—can seep in. However, the robustness of bibliometrics lies in its capacity to accommodate 

these imperfections and still spotlight what truly matters, what is prominent. Bibliometric analysis essentially 

transcends the constraints of manual content analysis, casting a wider, more comprehensive net over the ocean of 

knowledge.” (Lim et al., 2024) “Central to bibliometric analysis is bibliometric data, which encompasses various 

components of the full-text, such as the article title, source title, list of authors, their affiliations and countries, 

abstracts, keywords, the citations they receive, and the references they cite, to name a few. Two prominent 

sources for acquiring such data are Scopus and Web of Science.” (Lim et al., 2024) Furthermore, authors suggest 

that using both databases is encouraged to gain a more comprehensive corpus of publications (Lim et al., 2024). 

Two powerful tools commonly used for bibliometric analysis are VOSviewer and Bibliometrix (Donthu et al., 

2021; Lim et al., 2024). Donthu et al. (2021) add Gephi and Leximancer to the list of valuable tools. 

Several papers have dealt with bibliometric analysis related to the application of artificial intelligence in the 

auditing profession (Askary et al., 2018; Badea Florea et al., 2025; Lamboglia et al., 2020; Munoko et al., 2020; 

Sallem et al., 2024). Munoko et al. (2020) employed bibliometric analysis to identify features of AI that have 

ethical and social implications for the auditing profession, analysing publications that cover both technology and 

ethics. “AI can increase efficiencies, provide greater insight into business processes, and create competitive 

advantages for adopters” (Munoko et al., 2020). The Authors concluded that AI will impact three levels of the 

auditing profession: the individual auditor, the audit company, and the profession/society, and fundamentally 

change the long-established profession. The results of the bibliometric analysis indicate that numerous AI-related 

ethical issues exist. Those issues are divided into three segments: technology (safety and nonmaleficence, 

transparency, accessibility, privacy, confidentiality and data protection, fairness, inclusion/exclusion etc.), 

artifact (user autonomy, accountability, value sensitive design, non-isolation, beneficence), application in 

auditing (audit quality standards in profession, power over user/professional skepticism, auditor competence and 
due care) (Munoko et al., 2020). Lamboglia et al. (2020) conducted a bibliometric analysis of 256 articles (44 

from the WoS data set and 212 from Scopus). The authors were investigating the existing literature linking 

auditing and emerging technology. Results indicate that “some authors explored the acceptance and use of audit 

technologies and the benefits of their implementation, others focused on the use of technologies to avoid 

business risks or for fraud detection. A third group focused on the analysis of the auditor’s professional skills and 

knowledge.” (Lamboglia et al., 2020)  A Significant number of analysed papers focused mainly on continuous 

auditing and continuous monitoring, providing opportunities for the audit process that support real-time 

assurance. However, although the analysis includes a comprehensive examination of articles on the application 

of technology in auditing, it does not exclusively focus on articles that specifically address the application of 

artificial intelligence in the auditing profession. Sallem et al. (2024) analysed 105 articles from the Scopus 

database to examine publication trends and citation metrics on AI in accounting and auditing, while identifying 
common research keywords in this area. To employ the research, the authors used bibliometric analysis. 

Authors’ results “reveal a growing body of literature that highlights the increasing importance and application of 

AI technologies from 2000 to 2023” (Sallem et al., 2024). Leading publishing countries include the United 

States, China, the United Kingdom, and Saudi Arabia. Key themes covered by the analysed publications are 

artificial intelligence, blockchain, and machine learning, grouped into seven clusters (Sallem et al., 2024). 
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Baharom (2025) conducted a bibliometric analysis of 720 papers published in the Scopus and WoS databases on 

digital technologies in internal auditing from 1980 to 2024. Thus, this analysis is also regarding various types of 

emerging technologies, not solely artificial intelligence. “The study reveals ongoing implementation challenges, 

including skill gaps, resource constraints, and uneven regional adoption.” (Baharom, 2025) The author 

highlighted several suggestions for advancing digital internal auditing practices, which include prioritising 

technology training, developing tailored implementation strategies, and fostering academic partnerships 

(Baharom, 2025). As one of the key technologies, the author emphasises RPA through enhanced integration with 

AI and machine learning capabilities. 

To conduct our analysis, we selected the most relevant academic databases: Web of Science (WOS) and Scopus. 

Our goal was to detect all published papers referenced in WOS or Scopus related to the application of artificial 

intelligence (AI) in the fields of financial statement audits or internal audits. To locate those papers, we 

employed various queries tailored to the WOS database and the Scopus database. Additionally, considering that 

the word ‘audit’ is often used in various contexts and across multiple scientific fields, and is not limited to 

financial statement audits or the internal auditing profession within the accounting scientific field, we 

encountered several challenges in identifying papers related to our research objective.  

Collecting data 

Thus, as a first step we used following queries in WOS database: TS=(“artificial intelligence” OR “machine 

learning”) AND TS=(“audit” OR “internal audit” OR “financial statement audit”); AND TS=(“economy” OR 

“business” OR “corporate finance” OR “management” OR “corporate governance”); NOT TS=(“medical” OR 
“clinical” OR “healthcare”) which resulted with 255 references. For the Scopus database queries are: TITLE-

ABS-KEY(“artificial intelligence” OR “machine learning”); AND TITLE-ABS-KEY(“audit” OR “financial 

review” OR “accounting”); AND TITLE-ABS-KEY(“economy” OR “business” OR “corporate finance”); AND 

NOT TITLE-ABS-KEY(“medical” OR “clinical” OR “healthcare” OR “scientific research”) resulting in 359 

references. Using these queries our goal was to detect paper that are related to the use of AI in FSA or IA 

classified in field economy, business, corporate finance, management, and corporate governance, and exclude 

those classified in fields of medical, clinical, and healthcare, as we recognise those fields as those that most often 

use word ‘audit’ in context other than we are interested in. These queries resulted in two files, one specific to 

WOS and the other specific to Scopus.  

Cleaning data 

In the next step, the goal was to merge these two files, and to do that, we had to compare and harmonise the 
available variables in both databases. We choose to use 23 shared variables. In the next step, we excluded 

references without a DOI, totalling 50 references – 23 from WOS and 27 from Scopus. We then tested every file 

for duplicates and found no duplicate entries. In the merged file, we added a variable named “Source” with the 

values “WOS” or “Scopus”. This consolidated database comprises 564 references (614 references, excluding 50 

non-DOI entries). After merging files, we tested for the existence of duplicates in the consolidated database by 

using the DOI. We identified a total of 98 duplicates, specifically 49 unique references that appear in both WOS 

and Scopus. We removed duplicate files and marked the remaining 49 unique entries in the variable Source as 

“WOS&Scopus”. After these steps, our database consists of 515 references. To remove irrelevant publications, 

in the next phase, we identified articles that contained the keywords “financial statement audit” or “internal 

audit”. We read the abstracts for the remaining references included in the database. After a careful and 

comprehensive investigation, a total of 352 were excluded from the sample. Most excluded references are not 

related to the auditing profession at all, and a significant number of references are related exclusively to 
accounting, rather than the auditing profession. Thus, the total number of references included in the final sample 

is 163. Such a result is expected, considering that the accounting profession is still more popular than auditing in 

the context of artificial intelligence (AI) applications. Nevertheless, AI has high potential for use in auditing 

processes, especially in enhancing the efficiency of audit methodology, advanced data analytics, the opportunity 

to analyse complete datasets in real-time, and increasing the efficiency and effectiveness of overall audit 

procedures and the results obtained. 
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2. Data analysis and results 

Descriptive analysis 

As previously pointed out, after conducting an in-depth analysis of publications to determine whether they are 

closely related to the application of artificial intelligence in the areas of financial statement auditing or internal 

auditing, the final sample includes 163 publications referenced in two basic databases (Scopus and Web of 

Science) published in the period from 1992 to the first half of 2025. 

Table 1. Source of analysed publications 

Source Count %n 

Scopus 47 28.83 

Web of Science 88 53.99 

Web of Science & Scopus 28 17.18 

Total 163 100.00 

Source: Authors’ calculation 

 

Table 1 shows the distribution of publications included in the bibliometric analysis based on the referenced 

database. The results show that the majority of papers are referenced in the Web of Science database, with 

53.99% exclusively in that database, and an additional 17.18% in both the Web of Science and Scopus databases. 

In contrast, 28.83% of papers were referenced exclusively in the Scopus database, and an additional 17.18% of 

papers were referenced in both the Web of Science database and the Scopus database. Overall, we concluded that 

the most significant number of papers is referenced in the Web of Science database, with a share of more than 

70%. 

 

Table 2. Field of analysed papers 

Field Count %n 

External & Internal 

Audit 
36 22.09 

External audit 97 59.51 

Internal audit 30 18.40 

Total 163 100.00 

Source: Authors’ calculation 

 

The focus of this bibliometric analysis is the application of artificial intelligence in the auditing profession. In 

this sense, the audit profession encompasses both financial statement audits (external audits) and internal audits. 

As expected, the financial statement audits are ahead of the internal audit in the number of published papers 

(Table 2). Almost 60% of all analysed papers deal with the financial statement audits, and an additional 22% 

deal with both forms of audit professions. Only 18% of the analysed papers deal exclusively with the application 

of artificial intelligence in internal auditing. 
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Table 3. Distribution of published papers over years 

Publication Year n %n Cum% 

1992 1 0.61 0.61 

2000 1 0.61 1.23 

2004 1 0.61 1.84 

2009 1 0.61 2.45 

2010 1 0.61 3.07 

2011 2 1.23 4.29 

2012 2 1.23 5.52 

2017 1 0.61 6.13 

2018 6 3.68 9.82 

2019 5 3.07 12.88 

2020 9 5.52 18.40 

2021 20 12.27 30.67 

2022 15 9.20 39.88 

2023 29 17.79 57.67 

2024 41 25.15 82.82 

2025 (up to 

June) 
28 17.18 100.00 

Total 163 100.00 - 

Source: Authors’ calculation 

The first results, presented in Table 3, indicate that less than 13% of the analysed publications were published 

before 2020. Thus, as already known, the COVID-19 pandemic significantly accelerated digitalisation processes, 
technology implementation and development. Although neural networks, machine learning, robotic process 

automation (RPA), or artificial intelligence were invented much earlier than the 2020s, enormous investment in 

technology development and breakthroughs in processing big data enabled the massive application of emerging 

technologies. Additionally, the public availability of generative artificial intelligence, such as ChatGPT or 

Gemini, has significantly popularised its application. In the same period, scientists are beginning to recognise the 

possibilities of applying artificial intelligence in auditing, which has resulted in an increasing number of 

published articles from 2020 onwards. 
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Table 4. Types of publications 

  n %n 

Article 135 82.82 

Book Chapter 2 1.23 

Conference Paper 15 9.20 

Review 11 6.75 

Total 163 100.00 

Source: Authors’ calculation 

 

Table 4 presents a structure of publication types, revealing the dominance of articles published in peer-reviewed 

journals. This result confirms the early phase of research on the mentioned topic. The fact that most papers are 
literature reviews confirms this fact. The smallest number of analysed publications refers to book chapters 

(1.23%), followed by review papers (6.75%) and conference papers (9.20%). As pointed out, the majority of 

works are articles published in scientific journals (82.82%). 

Table 5. Number of authors per publication 

Number of authors n %n Cum% 

0 1 0.61 0.61 

1 26 15.95 16.56 

2 44 26.99 43.56 

3 43 26.38 69.94 

4 28 17.18 87.12 

5 11 6.75 93.87 

6 7 4.29 98.16 

7 3 1.84 100.00 

Total 163 100.00 - 

Source: Authors’ calculation 

 

The analysis of the number of authors per published paper also yields the expected results, i.e., almost 70% of 

the analysed papers have up to three authors (Table 5). Although there are different models and promotion 

conditions of scientists at the global level, it is essential to point out that the most common model implies that 

papers with 1-3 authors are recognised for full contribution to the paper. Our results confirm that this is a 

common practice. However, as many as 24% of papers have 4-5 authors, and only 6% of papers have 6-7 

authors. Moreover, the analysis includes three papers with seven authors, which is the most significant number 

of authors per paper in the analysed sample. One paper does not have the authorship stated (0.61%). 
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Table 6. Descriptive statistics of number of pages 

  Count Mean 
Standard 

Deviation 
Median Mode Minimum Maximum 

Number of Pages 163 18.9257 9.6532 18 11a 2 55 

aMultiple modes exist. The smallest value is shown 

Source: Authors’ calculation 

 

On average, the analysed papers have 18.93 pages, with a standard deviation of 9.65 pages (Table 6). Median 

value of page number per paper is 18, and papers most often have 11 pages. The minimum number of pages in a 

paper is two, and the paper with the maximum number of pages has 55 pages. In total, five papers have 40 pages 
or more. In the context of the volume of papers, it is essential to note that scientific journals typically limit the 

number of pages, text cards, or characters they consider acceptable for publication. 

 

Table 7. Language of publications 

Language Count %n 

Chinese 1 0.61 

English 157 96.32 

German 1 0.61 

Persian 1 0.61 

Portuguese 1 0.61 

Russian 2 1.23 

Total 163 100.00 

Source: Authors’ calculation 

As expected (Table 7), the majority of analysed papers are written in the English language (96.32%). Next to 

English, two papers are written in Russian, and one paper each in Chinese, German, Persian, and Portuguese 

(Table 7). 

 

Table 8. Country of origin of journals 

Country Freq %n 

China 38 23.31 

USA 30 18.40 

UK 13 7.98 

Romania 12 7.36 

Source: Authors’ calculation 
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The table 8 shows the top five countries by publication origins. Results show that most analysed papers are 

published in Chinese journals (23.31%), followed by those in USA journals (18.40%). 

Bibliometric analysis 

The analysis reveals that a total of 439 distinct authors contributed to the publications included in the analysis. 

The average number of authors per publication is 2.69. As previously noted, the number of papers with one 

author is 26, and their proportion in relation to the total number of papers is 15.95%. Logically, this means that 

the number of co-authored papers is 136, which is 83.44% of the total. 

 

Table 9. Publication-related metrics 

Total publications (TP) 163 

Number of contributing authors (NCA) 439 

Average number of authors per publication 2.69 

Sole-authored publications (SA) 26 

Share of sole-authored publications (%SA) 15.95% 

Co-authored publications (CA) 136 

Share of co-authored publications (%CA) 83.44% 

Number of active years of publication (NAY) 16 

Productivity per active year of publication 

(PAY) 
10.1875 

Source: Authors’ calculation 

 

The number of years of continuous publication of papers is 16, i.e. it includes all years covered by the analysis 

(Table 9). The result indicates that at least one paper was published in each analysed year. Considering the total 

number of analysed papers and the number of years considered, authors published on average 10.19 papers 

annually. Overall, there is continuity in the publication of papers throughout the observed years. Productivity is 

medium, with an increasing trend, and authors prefer to publish papers in co-authorship. The increasing trend of 

published papers confirms that the field is in an early stage of development. 

Table 10. Citation-related metrics 

Total citations (TC) 3,367 

Average citations per publication 20.66 

Average citations per year 210.44 

Most cited year (2021) 678 

Year Average number of citations per publish papers (2020) 68.22 

Source: Authors’ calculation  

When it comes to key citation indicators, the analysed publications were cited a total of 3,367 times over the 16 

years (Table 10). An analysed paper has an average of 20.66 citations, which indicates the relevance of the 

published papers. The importance of the field is also confirmed by the average number of citations per year, 
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which was 210.44. In absolute terms, the year in which the analysed papers were most cited was 2021, with 678 

citations, and the year with the highest average number of citations per paper was 2020, with 68.22. Although 

this may indicate that the most significant papers were published in that year, it is also a fact that the number of 

published papers in the field of artificial intelligence applications in auditing has been increasing significantly 

since 2020. 

Related to citation and publication measures, we calculated several indicators. The Collaboration Index (CI) has 

a relatively low value of 0.0165, indicating less collaboration and more independent work (Table 11). However, 

it is essential to note that a low value of the index does not necessarily indicate the absence of collaboration, but 
rather that there may be a larger number of publications with fewer authors. In our case, out of a total of 163 

papers analysed, 26, or 15.95%, are single-authorship papers, and 44 papers, or 26.99%, have two co-authors. 

Overall, 44% of papers have up to two authors. The standardised value of the index, i.e. the Collaboration 

Coefficient (CC), which can take values on a scale from 0 to 1, in our case has a value of 0.6287. The result is 

moderately high, confirming that collaboration exists, albeit with a smaller number of co-authors per publication. 

According to the results obtained, more than half of the publications have multiple authors. 

 

Table 11. Citation-and-publication-related metrics 

Collaboration index (CT) 0.016523 

Collaboration coefficient (CC) 0.628702 

Number of cited publications (NCP) 132 

Proportion of cited publications (PCP) 0.809816 

Citations per cited publication (CCP) 25.50758 

h-indeks (h) 29 

g-indeks (g) 54 

i10-indeks 65 

i100-indeks 8 

i200-indeks 3 

Source: Authors’ calculation 

 

The results of the analysis of the papers’ citations indicate the high visibility and relevance of the analysed 

publications. Namely, out of a total of 163 analysed publications, 132 of them have at least one citation, i.e., 

81% have been cited. As we have previously pointed out, the average number of citations per analysed 

publication is 20.66; however, if we consider the average number of citations per cited publication, it is 25.51. 

For analysing citations of the research sample, i.e., group productivity, we calculated several standard indices: 

the h-index, the g-index, and three variants of the i-index. According to the h-index results, in the sample of 163 
papers, 29, or 18%, have been cited at least 29 times. According to the calculated g-index, an indicator of 

cumulative citations, 54 papers have at least two citations, and the sum of citations of the most cited papers is at 

least 2,916. Finally, we calculated three levels of i-index. According to the results obtained, the sample 

comprises 65 papers cited at least 10 times (i10-index = 65), eight papers cited at least 100 times (i100-index = 

8), and three papers cited at least 200 times (i200-index = 3). Overall, according to the results of the citation 

analysis, we can conclude that the sample includes relevant papers for the field of auditing, and the topic of 

applying artificial intelligence in auditing is both recent and current, making it highly relevant. 
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Table 12. Keywords with at least five occurrences 

Value Count 

Artificial intelligence (AI) 69 

Audit 38 

Machine learning 36 

Data analytics 14 

Big data 9 

Blockchain 9 

Fraud detection 9 

Risk management 8 

Audit quality 8 

IT audit 7 

Accounting 7 

Internal audit 6 

Digital technologies 6 

Digitalization 6 

Big data analytics 5 

Digital transformation 5 

Financial reporting 5 

Source: Authors’ calculation 

The table shows the authors’ keywords that appear at least five times in the analysed papers (Table 12). 

According to the results obtained, we determined that the authors of the papers, observing the listed keywords, 

highlight topics relevant to the conducted analysis, which are primarily artificial intelligence and auditing. 
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Figure 1. Keywords analysis 

Source: Authors’ calculation from VOSviewer 

The minimum number of occurrences of a keyword is set to 1. There are a total of 443 different keywords. The 

visualisation obtained from VOSviewer shows the network of co-occurrence of keywords in the analysed 

publications (Figure 1). According to the picture, these are works that deal with emerging technology, where 

artificial intelligence plays a significant role in the auditing profession. According to the obtained results, 

machine learning, data analytics, accounting, big data, blockchain, financial reporting, neural networks, digital 

technologies, financial statements, and data mining also play a significant role. The size of the nodes indicates 

the frequency of occurrence of keywords, and the colours of the nodes represent the time dimension, i.e., the 
year in which specific keywords are most prevalent. Results show that keywords such as digital technologies, 

technology readiness, and neural networks are present in previously published works from around 2018. We 

observed that words from papers published around 2022 represent the most significant dominance in the 

visualisation, particularly in relation to artificial intelligence or audit. Upcoming trends have the words used in 

papers published from 2024 onwards, including keywords such as competencies, technology acceptance model, 

auditing practices, sustainability accounting, and digital innovation. The keywords that have appeared in recent 

years may indicate the entry into Industry 5.0 and a fundamental shift in the paradigm of technology use, i.e., the 

realisation and awareness of the necessity of cooperation between technology and people. Also, these changes 

announce the next phase and the application of artificial intelligence in the auditing profession. Namely, after 

studying the technology, reviewing previous research, and determining the possibilities of application, the next 

phase would be assessing auditors’ readiness to accept artificial intelligence as a necessary tool for the future of 
the auditing profession, as well as the need for specialised education to make the application of advanced 

technology feasible. 

“Network metrics can be used to enrich the assessment of bibliometric analysis. In particular, network metrics 

shed light on the relative importance of research constituents (e.g., authors, institutions, countries), which may 

not necessarily be reflected through publications or citations.” (Donthu et al., 2021) 
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    Table 13. Network metrics 

Label 
Degree of 

centrality 

Closeness 

centrality 

Betweenness 

centrality 

Eigen 

centrality 

Vasarhelyi, Miklos 

A. 
18 1 101 1.0000 

Hansen, James V. 6 1 8 0.1899 

Li, Shuai 6 1 5 0.3716 

Qasim, Amer 4 1 4 0.0430 

Sun, Ting 7 0.59 2 0.4390 

Rahman, Md 

Jahidur 
4 1 2 0.0243 

Mbuvha, Rendani 5 1 1 0.0795 

Marwala, Tshilidzi 5 1 1 0.0795 

Source: Authors’ calculation from Gephi 

In the next step, we performed an analysis of the connections between authors, calculating four common 

indicators: degree of centrality, closeness centrality, betweenness centrality, and eigenvector centrality (Table 

13). Donthu et al. (2021) define all four indicators. According to the authors, the degree of centrality represents 

the number of relational ties an author has in the analysed network and is the simplest measurement (Donthu et 

al., 2021). The following measure, betweenness centrality, “refers to a node’s ability to carry information 

between unconnected groups of nodes, wherein each node represents a research constituent, and eigenvector 

centrality is “higher for nodes that are connected to other highly-connected nodes” (Donthu et al., 2021). 

Closeness centrality indicates the capability of effectively carrying information of the nodes. A higher value of 
each indicator represents higher importance in the network. After preparing and matching the data for analysis, 

i.e., preparing node and edge tables, we used the Gephi tool to obtain the necessary calculations. Our results 

indicate that Vasarhelyi, Miklos A., has the most connections, the fastest access to other authors, and is the most 

frequent mediator in communication, as well as being connected to the most influential authors. 
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Figure 2. Co-authorship analysis 

Source: Authors’ calculation from VOSviewer 

The colours shown indicate affiliation with a specific standard, thematic, or collaborative cluster, i.e., they 

identify authors who frequently collaborate and publish works on similar topics (Figure 2). The sizes of the 
nodes indicate the importance of an individual author in the displayed network. The obtained results confirm the 

previously obtained findings of the network analysis, according to which, for example, Vasarhelyi, Miklos A., or 

Rahman, Md Jahidur, are the most prominent authors in the analysed sample. 

 

 

Figure 3. Bibliometric coupling 

Source: Authors’ calculation from VOSviewer 
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We also performed a bibliometric coupling analysis, including authors who had published at least one 

publication and got at least 10 citations (Figure 3). The obtained results of the bibliometric coupling analysis 

show a high concentration of contributors to the analysed papers in the field of artificial intelligence applications 

in the audit profession. In this case, the two aforementioned authors dominate (Vasarhelyi, Miklos A. and 

Rahman, Md Jahidur).  

 

 

 

Figure 4. Co-citation analysis 

Source: Authors’ calculation from VOSviewer 

Finally, we performed co-citation analysis, including papers with at least one citation (Figure 4). The size of the 

nodes indicates the frequency of citations for a particular journal. In total, the journals are divided into 25 

clusters. In this sense, the dominant journals are Accounting Horizons, Contemporary Accounting Research, and 

Auditing, all of which belong to the first cluster. The Accounting Review, Journal of Accounting Research, and 

Journal of Finance dominate the second most important cluster. The Journal of Emerging Technologies 

dominates the third cluster. Based on the analysis, there is a significant concentration in journals that dominate in 

the publication of papers in the audit field. 
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Table 14. Top ten papers per total citations 

Authors Article Title Year Source Title TC 

TC 

per 

year 

Munoko I.; 

Brown-Liburd 

H.L.; Vasarhelyi 

M. 

The Ethical Implications of Using 

Artificial Intelligence in Auditing 
2020 

Journal of Business 

Ethics 
277 55.40 

Manita R.; 

Elommal N.; 
Baudier P.; 

Hikkerova L. 

The digital transformation of external 
audit and its impact on corporate 

governance 
2020 

Technological 
Forecasting and 

Social Change 
259 51.80 

Han H.; Shiwakoti 

R.K.; Jarvis R.; 

Mordi C.; Botchie 

D. 

Accounting and auditing with 

blockchain technology and artificial 

Intelligence: A literature review 

2023 

International Journal 

of Accounting 

Information Systems 

250 125.00 

Dong W.; Liao S.; 

Zhang Z. 

Leveraging Financial Social Media 

Data for Corporate Fraud Detection 
2018 

Journal of 

Management 

Information Systems 

164 23.43 

Bertomeu, J; 

Cheynel, E; Floyd, 

E; Pan, WQ 

Using machine learning to detect 

misstatements 
2021 

Review of 

Accounting Studies 
121 30.25 

Kumar G.; Kumar 

K.; Sachdeva M. 

The use of artificial intelligence based 

techniques for intrusion detection: A 

review 

2010 
Artificial 

Intelligence Review 
110 7.33 

Roszkowska P. 

Fintech in financial reporting and audit 

for fraud prevention and safeguarding 

equity investments 

2021 

Journal of 

Accounting and 

Organizational 

Change 

110 27.50 

Tiberius V.; Hirth 

S. 

Impacts of digitization on auditing: A 

Delphi study for Germany 
2019 

Journal of 

International 

Accounting, 
Auditing and 

Taxation 

106 17.67 

Garanina T.; Ranta 

M.; Dumay J. 

Blockchain in accounting research: 

current trends and emerging topics 
2022 

Accounting, 

Auditing and 

Accountability 

Journal 

85 28.33 

Omoteso, K 
The application of artificial intelligence 

in auditing: Looking back to the future 
2012 

Expert Systems with 

Applications 
83 6.38 

Source: Authors’ preparation 

Table 13 shows top 10 most cited papers. Most of the papers were published between 2018 and 2023. The results 

obtained confirm the above. The papers published in 2020 represent the most significant papers analysed, and 

Vasarhelyi M. represents the most influential author. Although the paper in which he is a co-author has the 

highest number of citations overall, the paper entitled “Accounting and auditing with blockchain technology and 
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artificial Intelligence: A literature review” has the highest annual number of citations of 125, taking into account 

the year of publication (2023). 

3. Conclusion 

Emerging technologies, such as blockchain, robotics and automation, the Internet of Things (IoT), augmented 

and virtual reality, artificial intelligence, and machine learning, are radically changing the way we communicate, 

learn, think, and act. These technologies are transforming business processes, impacting the global economy and 

society. The auditing profession is no exception. Although we concluded that the application of technology is 

still more prevalent in the audit of financial statements, there is also an increasing awareness of the application of 
advanced technology in internal audit. Industry 5.0 implies the cooperation of technology and humans, which 

becomes especially important in labour-intensive professions where most activities rely heavily on human effort. 

Although there is a fear that technology, such as AI, will replace humans, auditors can mitigate the fear by 

acknowledging its existence and avoiding its misuse. Technologies such as artificial intelligence can 

significantly enhance the precision, speed, productivity, effectiveness, and efficiency of all audit processes, from 

administrative activities to audit methodology. Previous studies highlight several key benefits of implementing 

AI in audit processes, including the potential for big data analysis, the application of advanced and complex data 

analytics, real-time data analysis, and the implementation of continuous auditing. 

The results of the bibliometric analysis for 163 scientific articles confirm the importance of the previously stated 

conclusions. In the context of technologies related to artificial intelligence, machine learning, neural networks, 

and robotic process automation (RPA) are mentioned to the greatest extent. The analysed articles are published 
in both Web of Science and Scopus, i.e., in addition to Web of Science (70%). As previously pointed out, the 

majority of articles, almost 60%, deal exclusively with the financial statement audits as an area of application of 

AI, however, 20% of articles dealing with internal audit confirm the importance of this technology for that 

profession in terms of the possibility of faster and more accurate risk detection, detection of deficiencies in the 

internal control system, and the provision of timely information to improve the effectiveness and efficiency of all 

business processes in the company. As of 2020, an increasing number of scientists are exploring the potential 

applications of artificial intelligence in the audit profession, with articles primarily published in Chinese and 

American journals. Thus, as already known, the COVID-19 pandemic significantly accelerated digitisation 

processes, technology implementation and development. Although neural networks, machine learning, robotic 

process automation (RPA), or artificial intelligence were invented much earlier than the 2020s, enormous 

investment in technology development and breakthroughs in processing big data enabled the massive application 
of emerging technologies. Additionally, the public availability of generative artificial intelligence, such as 

ChatGPT or Gemini, has significantly popularised its application.  

The analysis included a total of 439 authors, with a dominance of a few (e.g. Vasarhelyi, Miklos A., or Rahman, 

Md Jahidur). On average, an author published 2.69 articles, and 83.44% of the articles were co-authored. The 

analysed papers were cited a total of 3,367 times, which is an average of 20.66 citations per analysed article. The 

collaboration coefficient (CC), which can take values on a scale from 0 to 1, has a value of 0.6287 in our case. 

The result is moderately high, confirming that collaboration exists, albeit with a smaller number of co-authors 

per publication. According to the results obtained, more than half of the publications have multiple authors. 

Regarding keyword analysis, machine learning, data analytics, accounting, big data, blockchain, financial 

reporting, neural networks, digital technologies, financial statements, and data mining also play a significant 

role. Upcoming trends have the words used in papers published from 2024 onwards, including keywords such as 

competencies, technology acceptance model, auditing practices, sustainability accounting, and digital innovation. 
The keywords that have appeared in recent years may indicate the entry into Industry 5.0 and a fundamental shift 

in the paradigm of technology use, i.e., the realisation and awareness of the necessity of cooperation between 

technology and people. Also, these changes announce the next phase and the application of artificial intelligence 

in the auditing profession. Namely, after studying the technology, reviewing previous research, and determining 

the possibilities of application, the next phase would be assessing auditors’ readiness to accept artificial 

intelligence as a necessary tool for the future of the auditing profession. To maintain competitiveness and 

respond to the increasing demands of stakeholders, auditors should educate themselves to acquire the necessary 

competencies in applying complex and advanced technologies, such as AI. 
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