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Abstract 

 The accounting and auditing sectors are undergoing a radical transformation driven by 

artificial intelligence (AI) technologies. Professional practice has shifted from relying on 

traditional sampling to analyzing entire statistical populations. Auditing has shifted from 

periodic audits to continuous monitoring and real-time risk prediction. This in-depth article 

reviews contemporary applications of artificial intelligence in the fields of accounting and 

auditing, focusing on four key technologies : machine learning (ML), natural language 

processing (NLP), robotic process automation (RPA), and deep learning (DL).  Integrating 

these technologies has been shown to yield tangible improvements in audit efficiency and 

quality, including increasing fraud detection accuracy to 92% and reducing audit cycle time by 

40–60% (Lin & Maginnis, 2025), while expanding data coverage to 100% of transactions from 

the traditional 5–10% sample size. The "Big Four" accounting firms (Deloitte, PwC, Ernst & 

Young, and KPMG) are leading adoption efforts, alongside major technology companies such 

as Microsoft, Amazon, and Google. These companies are developing specialized platforms  

(Kassar & Jizi, 2026) However, these technologies face fundamental challenges related to 

algorithmic bias, cybersecurity, the digital skills gap, professional accountability, and high 

costs. To ensure the responsible and effective adoption of these technologies, there is a need to 

develop integrated regulatory and training frameworks. This article presents a proposed model 

for the regulatory framework and practical recommendations for audit firms, regulators, and 

professionals. 

Keywords : Artificial Intelligence, Auditing, Machine Learning, Natural Language 

Processing, Robotic Process Automation, Big Four Firms, Continuous Auditing, Fraud 

Detection. 

 

1. Introduction 

1.1. Research Background 

 In the past decade, the accounting and auditing professions have undergone an unparalleled 

digital transformation, driven by the advent of Fourth Industrial Revolution (Industry 4.0) 

technologies such as artificial intelligence, the Internet of Things (IoT), and blockchain 
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(Blockchain) (Thanasas, Kampiotis, & Halkiopoulos, 2026). While traditional auditing 

practices relied heavily on manual sampling and cyclical processes that could take weeks or 

months, artificial intelligence applications have enabled the analysis of entire data sets in real 

time, while enhancing the accuracy of error and fraud detection and reducing response times 

to regulatory violations   

Recent literature indicates that the integration of artificial intelligence into auditing processes 

is no longer a technological luxury but a professional necessity. The four major accounting 

firms (the Big Four) are working intensively to implement these technologies (Moh'd 

Abderrahman and Makarem dahilasi 2026).  The accounting and auditing sectors are 

undergoing a radical transformation driven by artificial intelligence (AI) technologies. 

Professional practice has shifted from relying on traditional sampling to analyzing entire 

statistical populations. Auditing has shifted from periodic audits to continuous monitoring and 

real-time risk prediction. This in-depth article reviews contemporary applications of artificial 

intelligence in the fields of accounting and auditing, focusing on four key technologies: 

machine learning (ML), natural language processing (NLP), robotic process automation 

(RPA), and deep learning (DL).  Integrating these technologies has been shown to yield 

tangible improvements in audit efficiency and quality, including increasing fraud detection 

accuracy to 92% and reducing audit cycle time by 40–60% (Lin & Maginnis, 2025), while 

expanding data coverage to 100% of transactions from the traditional 5–10% sample size. The 

"Big Four" accounting firms (Deloitte, PwC, Ernst & Young, and KPMG) are leading adoption 

efforts, alongside major technology companies such as Microsoft, Amazon, and Google. These 

companies are developing specialized platforms (Kassar & Jizi, 2026 ).  However, these 

technologies face fundamental challenges related to algorithmic bias, cybersecurity, the digital 

skills gap, professional accountability, and high costs. To ensure the responsible and effective 

adoption of these technologies, there is a need to develop integrated regulatory and training 

frameworks. This article presents a proposed model for the regulatory framework and practical 

recommendations for audit firms, regulators, and professionals. 

In the contemporary business environment, the volume of data produced by organizations is 

growing exponentially (Big Data), making traditional manual auditing impractical or even 

impossible in some cases (Abid & Lohar, 2025) 

1.2 Big Four Firms and Leading Adopters 

"Deloitte" has developed the "Omnia" platform, an  artificial intelligence -based auditing 

system that uses machine learning to analyze massive financial data and automate routine audit 

procedures. The platform uses advanced algorithms to detect anomalies and classify risks, and 

has been implemented in over 150 countries. (Lin & Maginnis, 2025) 

Meanwhile, "PricewaterhouseCoopers (PwC)" has invested $1 billion in the "Halo" platform, 

which uses artificial intelligence to examine all transactions, not just samples. Halo has the 

ability to analyze complex contract text using natural language processing (NLP), reducing the 

time required to review contracts from weeks to hours. PWC also employs machine learning 

techniques to analyze patterns of human behavior within an organization’s systems, which 

helps detect internal fraud. 
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For its part, "Ernst & Young (EY) " has developed the artificial intelligence -powered "Helix" 

platform to analyze data and improve audit quality. Helix uses more than 50 different machine 

learning algorithms to analyze financial data and has helped reduce audit time by up to 50% on 

some projects (Baharom, 2025). EY has also developed specialized tools for analyzing going 

concern risks with an accuracy of up to 85%. 

As for "KPMG", it has launched the "Clara" platform, which integrates machine learning and 

robotic process automation (RPA) to fully automate the audit workflow. Clara uses natural 

language processing techniques to classify documents and extract key information, and 

provides interactive dashboards for auditors to track audit progress in real time (Renik, Łuczak, 

& Zhou, 2025) 

Alongside the Big Four firms, major technology companies play a pivotal role in providing the 

necessary infrastructure and tools.  Microsoft  offers the  Azure AI  platform, which includes 

specialized services for financial analysis, such as  Azure Machine Learning  for building 

predictive models, and  Azure Cognitive Services  for analyzing text and documents (Abid & 

Lohar, 2025)  Amazon , through  AWS , offers services such as  Amazon Comprehend  for 

extracting information from financial documents, and  Amazon Fraud Detector  for fraud 

detection.  Google  also offers the  Vertex AI  platform, which is used to develop machine 

learning models for predicting financial risks. (Thanasas, Kampiotis, & Halkiopoulos, 2026) 

1.3 Research Problem 

Despite these significant benefits and growing adoption, several research issues emerge that 

require systematic addressing : 

1.  What are the main artificial intelligence technologies currently used in accounting and 

auditing, and how do they work ? 

2.  What are the concrete practical applications of these technologies, and to what extent do 

they improve efficiency and effectiveness  ? 

3.  What are the challenges and constraints facing the adoption of artifitial antelligence in this 

field, whether technical, regulatory, or human-related? 

4.  How can regulatory and professional frameworks be developed to ensure the responsible 

and effective adoption of these technologies ? 

1.4 Research Methodology and Objectives 

 This article is based on a systematic literature review of peer-reviewed scientific journal and 

periodical publications from 2018 to 2026. The review focuses on studies that provide 

empirical evidence and quantifiable results. The article also draws on analyses of reports issued 

by major technology companies and Big Four firms, as well as reports from professional 

organizations such as the International Federation of Accountants (IFAC) and the Institute of 

Internal Auditors (IIA). 

This article aims to : 

- Provide a rigorous scientific analysis of artificial intelligence applications in accounting and 

auditing. 

- Document the experiences of Big Four firms and leading companies in this field. 

- Identify the challenges and limitations associated with adopting these technologies. 

- Provide practical, evidence-based recommendations to stakeholders. 
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1.5 Structure of the Article 

The article is divided into five main sections : Following this introduction, Section two details 

the technological foundations of artificial intelligence in accounting and auditing. Section three 

presents practical applications and qualitative benefits, supported by quantitative evidence. 

Section four reviews future prospects and emerging trends. The article concludes with Section 

five, which includes a summary and detailed recommendations. 

 

2. Technological Foundations of Artificial Intelligence Applications in Accounting and 

Auditing 

The Artificial Intelligence technologies used in accounting and auditing can be classified into 

four main categories, each with its own theoretical foundations and distinctive applications. 

This section provides a detailed explanation of each technology, with practical examples from 

Big Four firms and technology companies. 

2.1 Machine Learning (ML) 

2.1.1 Theoretical Foundations 

Machine learning is a set of algorithms capable of learning from historical data to identify 

hidden patterns and relationships, and then using this knowledge to predict future outcomes or 

classify new transactions without the need for explicit programming of each rule  

(PUKHALSKYI & MOVCHAN, 2025) ( Machine learning can be divided into three main 

types : 

-  Supervised Learning : Uses pre-labeled data (such as transactions known to be legitimate or 

fraudulent) to train a model that can classify new transactions. This technique is used in fraud 

detection, risk classification, and predicting financial default. 

-  Unsupervised Learning : Works on unlabeled data and looks for natural patterns or clusters 

within the data. This technique is used for anomaly detection, which may indicate previously 

unknown errors or fraud. 

-  Reinforcement Learning : The model learns through interaction with a dynamic environment 

and receives rewards or penalties based on its actions. It can be used to improve audit strategies 

and allocate resources. 

2.1.2. Applications in Auditing 

In the context of auditing, machine learning is used in : 

-  Enterprise Risk Modeling : Algorithms can analyze hundreds of variables (such as financial 

ratios, industry indicators, management history, and market data) to estimate material and audit 

risks with an accuracy of up to 90% in some advanced applications. (Lin & Maginnis, 2025) 

-  Anomaly Detection : Techniques such as Isolation Forests and Autoencoders are used to 

identify transactions that deviate significantly from normal patterns, which may indicate errors 

or fraud. 

-  Going Concern Prediction : Machine learning models, such as Random Forests and neural 

networks, can predict the likelihood of a firm’s insolvency with greater accuracy than 

traditional statistical models such as the Altman Z-Score (Renik, Łuczak, & Zhou, 2025) . 

2.1.3 Examples from Companies 
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-  Microsoft Azure AI : Microsoft provides ML tools integrated within Azure AI, including  

Automated ML , which allows business users to build predictive models without requiring deep 

programming expertise. Audit firms use these tools to analyze vast amounts of financial 

transactions (Abid & Lohar, 2025) 

-  Deloitte Omnia : The Omnia platform uses machine learning algorithms to analyze historical 

customer data and provide dynamic risk assessments that are continuously updated as new data 

becomes available. (Kassar & Jizi, 2026) 

2.2. Natural Language Processing (NLP) 

2.2.1 Theoretical Foundations 

Natural Language Processing is a branch of artificial intelligence concerned with enabling 

computer systems to understand, interpret, and generate human language (Carollo, et al., 2026) 

. The core tasks in NLP include: 

-  Named Entity Recognition (NER) : Extracting entities such as company names, dates, 

monetary amounts, and contract numbers from unstructured text. 

-  Sentiment Analysis : Determining the emotional tone of a text (positive, negative, neutral), 

which can be used to analyze management reports or boardroom discussions. 

-  Text Summarization : Generating automatic summaries of long documents such as contracts 

or annual reports. 

-  Large Language Models (LLMs) : Models such as GPT-4 and Gemini are capable of 

understanding and generating human-like text and can be applied to complex tasks such as 

coding balance sheet items and answering questions about financial documents. 

2.2.2. Applications in Auditing 

-  Automating The Coding of Financial Statement : Recent studies have demonstrated the 

ability of large language models to automate the process of coding balance sheet items by 

mapping heterogeneous textual descriptions to standardized codes (such as the Chart of 

Accounts) with high accuracy, reducing manual effort by up to 80% (Carollo, et al., 2026) 

-  Contract and Agreement Analysis : NLP systems can extract key terms and conditions 

from contracts (such as payment terms, warranties, and obligations) and compare them with 

financial disclosures. 

-  Assessing the Readability of Financial Disclosures : The clarity and comprehensibility of 

disclosures in financial reports can be analyzed, thereby enhancing transparency in 

communication with stakeholders. 

2.2.3 Examples from Companies 

-  Amazon Comprehend : An AWS NLP service used to extract key information from 

financial documents, such as entity identification, sentiment analysis, and document 

classification (Thanasas, Kampiotis, & Halkiopoulos, 2026) 

-  PwC Halo : The Halo platform uses natural language processing to analyze thousands of 

pages of contracts and legal documents within hours—a task that used to take weeks using 

traditional methods. (Kassar & Jizi, 2026) 

-  Google Vertex AI : Google provides advanced NLP tools within Vertex AI, including pre-

trained models that can be customized to analyze financial documents in multiple languages 

(Abid & Lohar, 2025) 
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3.2 Robotic Process Automation (RPA) 

3.2.1 Theoretical Foundations 

Robotic Process Automation is a technology that uses "software bots" to mimic human 

interactions with digital systems to perform repetitive, rule-based tasks. (Kassar & Jizi, 2026) 

 These bots operate at the user interface level, meaning they interact with applications in the 

same way a human does (clicking, typing, copying, pasting, opening files, navigating between 

systems). RPA characteristics include : 

-  Non-invasive : Does not require changes to existing systems. 

-  Rule-based : Suitable for tasks that can be described as a series of logical steps. 

-  Scalable : Hundreds or thousands of robots can run in parallel. 

3.2.2 Applications in Auditing and Accounting 

-  Account Reconciliation : Robots can download bank statements from multiple banks, 

automatically compare them with the organization’s records, identify discrepancies, and 

generate reconciliation reports. Estimates indicate that RPA can reduce the effort required for 

account reconciliation by 70–80% (Baharom, 2025) 

-  Data Entry and Extraction : Automate data transfer between different systems (e.g., from 

the invoicing system to the general ledger). 

-  Generating periodic reports : Robots can aggregate data from multiple sources, perform 

calculations, and generate preliminary audit reports. 

-  Invoice matching : Matching invoices with purchase orders and receipts in accounts payable, 

reducing processing time by 40–60% (Kassar & Jizi, 2026) 

3.2.3 Examples from Companies 

-  KPMG Clara : The Clara platform integrates robotic process automation to automate the 

entire audit workflow, from data collection to the creation of draft reports (Renik, Łuczak, & 

Zhou, 2025) 

-  Deloitte : Deloitte uses RPA robots to automate processes such as reconciling client bank 

accounts, where a single robot can process thousands of transactions in minutes rather than 

days. (Lin & Maginnis, 2025) 

-  UiPath and Automation Anywhere : These are two of the leading providers of RPA 

technology, and many audit firms use them to build and operate their own robots (Abid & 

Lohar, 2025) 

4.2 Deep Learning (DL) 

 4.2.1 Theoretical Foundations 

Deep learning is an advanced branch of machine learning that uses deep architectures to extract 

complex, multi-level patterns from data (Renik, Łuczak, & Zhou, 2025) Types of deep learning 

networks include: 

-  Convolutional Neural Networks (CNNs) : Effective at processing data with a grid-like 

structure, such as images. They can be used for signature recognition or analyzing scanned 

receipt images. 

-  Recurrent Neural Networks (RNNs) : Effective at processing sequential data such as time 

series. They can be used to analyze patterns in financial transactions over time to detect fraud. 
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-  Long Short-Term Memory (LSTM) : An advanced type of RNN capable of retaining 

information over long periods of time, making it ideal for analyzing long-term financial trends. 

4.2.2 Applications in Auditing 

-  Fraud Detection  : Deep neural networks contribute to increasing fraud detection accuracy 

from 60–75% with traditional methods to 85–92% (Renik, Łuczak, & Zhou, 2025) They can 

identify nonlinear and complex fraud patterns that are difficult for traditional methods to detect. 

-  Financial Time Series Analysis : LSTMs can be used to predict future cash flows, detect 

manipulation of revenue recognition timing, and analyze transaction seasonality. 

-  Document Recognition : Recurrent neural networks can extract information from images of 

invoices, receipts, and checks, even when image quality is poor or formats vary. 

4.2.3 Examples from Companies 

-  EY Helix : Ernst & Young developed deep learning models within the Helix platform to 

detect non-linear fraud patterns that are difficult for human auditors to identify. These models 

use hundreds of variables to analyze each transaction.  

-  Amazon Fraud Detector : A fully managed service from AWS that uses deep learning 

techniques to detect fraud in financial transactions in real time. Some audit firms use this 

service to analyze their clients’ transactions (Thanasas, Kampiotis, & Halkiopoulos, 2026) 

 

3. Practical Applications and Qualitative Advantages 

This section provides an in-depth analysis of the practical applications of artificial intelligence 

in accounting and auditing, with a focus on the quantitative and qualitative evidence 

demonstrating the effectiveness of these technologies. 

3.1 From Sampling to Full Population Analysis 

The shift from relying on statistical samples (which typically covered only 5–10% of 

transactions) to analyzing the entire data population (100% of transactions) represents one of 

the most significant achievements of artificial intelligence in the field of auditing 

 Rationale : Traditional auditing relies on sampling theory, where the auditor selects a sample 

representative of the statistical population and generalizes the results of the sample examination 

to the entire population. This method, despite its cost-effectiveness, carries the risk of 

“sampling risk”—that is, the possibility that the sample does not accurately represent the 

population, which may lead to erroneous conclusions   

 The Artificial Intelligence Solution : Machine learning algorithms and big data analytics 

enable the processing of massive amounts of data in real time, allowing the auditor to examine 

every transaction and every item without exception (full population testing). Empirical 

evidence indicates that this capability leads to : 

-  A reduction in audit cycle time  of 40–60% ( 

-  Comprehensive data coverage  that significantly enhances the level of audit assurance, as 

every transaction is examined rather than relying on statistical generalization. 

-  Detection of errors and risk concentrations  that would have been missed if the auditor 

had relied solely on sampling. 

 Real-world example :  PwC Halo  primarily uses this principle. In an audit project for a large 

bank with millions of daily transactions, the PwC team was able to analyze 100% of the 
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transactions within days using Halo, rather than taking a small sample and taking weeks. 

(Kassar & Jizi, 2026) 

 Several low-value fraudulent transactions were detected that would have been excluded from 

a traditional sample, but their accumulation amounted to a significant sum. 

3.2 Enhancing Fraud Detection and Risk Assessment 

Artificial intelligence (AI) technologies have significantly improved the efficiency of financial 

fraud detection, overcoming the limitations inherent in traditional rule-based systems or known 

red flags. 

 Traditional Methods : Traditional fraud detection systems relied on fixed rules set by experts 

(such as “If an invoice exceeds $10,000 and is not accompanied by a purchase order, consider 

it a potential fraud”). These systems: 

-  Rigid : They cannot adapt to new fraud patterns that were not pre-programmed. 

-  High false positive rate : Generates a large number of false alerts, which overloads auditors. 

-  Low accuracy : Fraud detection accuracy ranges from 60–75% (Renik, Łuczak, & Zhou, 

2025) 

 Artifitcial Intelligence Solutions : Machine learning models and neural networks can identify 

unexpected patterns of fraudulent behavior through multidimensional transaction analysis 

(using hundreds or thousands of variables simultaneously). Studies show that : 

-  Fraud detection accuracy  increases to 85–92% using advanced machine learning 

techniques   (Renik, Łuczak, & Zhou, 2025) . 

-  Reduced false positives  decrease by 50–70%, allowing auditors to focus on the most serious 

cases. 

-  Real-time fraud detection , enabling immediate intervention to stop losses. 

 Real-world example :  EY  developed deep learning models within the  Helix  platform to 

analyze patterns of suspicious transactions. In one project, the model detected a complex fraud 

pattern involving the creation of fictitious suppliers and fake invoices—a pattern that was 

previously unknown and not detected by traditional rule-based systems. (Baharom, 2025) 

 Predictive Risk Assessment : In addition to fraud detection, predictive models enable a more 

accurate assessment of going concern risks and other material risks. These models can analyze 

hundreds of variables (such as financial ratios, market volatility, management quality, and 

industry indicators) to predict the likelihood of an entity’s default over the next 12 months with 

greater accuracy than traditional statistical models (PUKHALSKYI & MOVCHAN, 2025) 

This helps auditors focus their efforts on higher-risk areas and allocate audit resources more 

effectively. 

3.3 Automating Routine Tasks and Enhancing Operational Efficiency 

Robotic Process Automation (RPA) directly contributes to improving the operational 

efficiency of audit firms and internal audit departments by freeing professionals from 

repetitive, low-value-added tasks. 

 Automation-Eligible Tasks : These include repetitive tasks that previously consumed a 

significant amount of professionals’ time : 

- Bank reconciliations and matching accounts payable and accounts receivable. 
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- Matching invoices with purchase orders and delivery receipts (3-way matching) in accounts 

payable. 

- Extract data from various systems (ERP, CRM, banks) and consolidate it into standardized 

templates. 

- Create draft reports and supporting schedules. 

- Sending confirmation letters to third parties (banks, customers, suppliers) and tracking 

responses. 

 Quantitative Improvements : Estimates and reports issued by Big Four firms indicate that : 

- Implementing RPA can reduce the effort required for account reconciliation by 70–80% 

(Baharom, 2025) 

- It reduces invoice processing time in accounts payable by 40–60% (Kassar & Jizi, 2026) 

- A single RPA bot can handle the equivalent of 5–10 full-time employees’ work in data entry 

tasks, at 30–50% lower operating costs. (Abid & Lohar, 2025) 

 Shift to Strategic Roles : This liberation from routine tasks allows accountants and auditors 

to transition from “compliance and recording” roles to higher-value-added advisory and 

strategic roles, such as  : 

- Analyzing business data and providing predictive insights to management. 

- Participating in the assessment and improvement of internal control systems. 

- Providing consulting services in areas such as product pricing, cost optimization, and risk 

management. 

However, it is worth noting that studies have shown that only 23% of auditors successfully 

transitioned to strategic advisory roles following the adoption of artificial intelligence, 

reflecting challenges in restructuring roles and competencies . (PUKHALSKYI & 

MOVCHAN, 2025) 

3.4 Documenting Procedures and Enhancing Audit Quality 

Beyond efficiency, artificial intelligence   contributes to improving audit quality through 

automated, accurate, and comprehensive documentation of procedures. 

 Traditional Documentation : Documentation in traditional auditing relied heavily on the 

auditor’s manual efforts, including working papers, memos, and checklists. This manual 

documentation was prone to several issues : 

-  Variability : The level of detail and quality varies from auditor to auditor and from team to 

team. 

-  Omissions : Auditors may forget to document certain important steps or procedures, 

especially in high-pressure work environments. 

-  Bias : An auditor may document only those actions that support their conclusions, ignoring 

potential contradictory evidence. 

  artificial intelligenceSolution : Intelligent systems provide a complete, audited trail for every 

step of the audit process : 

- The systems record every SQL query executed on the client’s database. 

- They maintain a record of the results of every machine learning algorithm (prediction values, 

anomaly scores, risk ratios). 

- They document every RPA action performed (when, on which data, and what the result was). 
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- They retain copies of all documents analyzed by NLP with annotations highlighting key 

sections. 

 Quality Benefits : This level of documentation enhances the transparency of the review 

process and facilitates quality control reviews. An internal auditor or regulatory body (such as 

the Capital Market Authority) can retrospectively track the entire audit process and verify that 

procedures were performed as required  (Moh’d Abderrahman & Makarem, 2026) 

 

4. Future Prospects and Emerging Trends 

Research and development in the field of artificial intelligence for accounting and auditing is 

moving toward several promising trends, some of which have already begun to emerge in 

applications by Big Four firms and technology companies. 

4.1 Generative Artificial Intelligence (GenAI) 

Generative Artificial Intelligence represents a paradigm shift that goes beyond traditional 

analysis and classification capabilities to the ability to generate new content (text, images, code, 

and analytics). (Lin & Maginnis, 2025) 

 Potential Applications in Auditing : 

-  Drafting audit memos : Models such as GPT-4 can draft initial versions of audit memos 

based on the auditor’s notes and audit evidence, saving time and ensuring consistency. 

-  Summarizing long documents : GenAI can summarize complex lease agreements, loan 

agreements, or expert reports into a few paragraphs, extracting key terms. 

-  Suggesting alternative audit procedures : If a planned audit procedure fails (such as not 

receiving responses to confirmation letters), the system can suggest appropriate alternative 

procedures based on the client’s context and specific risks. 

-  Creating Customized Review Programs : Instead of using standard (one-size-fits-all) 

review programs, GenAI can create a customized review program for each client based on their 

risk profile, industry, and prior review history. 

-  Training New Auditors (Chatbots) : GenAI-powered chatbots can be used to answer new 

auditors’ questions about audit standards and internal procedures, thereby reducing the 

workload on more experienced auditors. 

 Current Status : Recent reports indicate that major audit firms have already begun piloting 

these technologies. For example,  PwC  announced a partnership with  OpenAI  (the developer 

of ChatGPT) to provide GenAI tools to its employees, while  KPMG  launched a GenAI-

powered platform to assist auditors in drafting audit reports (Lin & Maginnis, 2025) 

4.2 Edge Artifitial Intelligence 

This trend addresses challenges related to privacy, latency, and reliance on internet 

connectivity by shifting data processing from centralized cloud servers to local devices (such 

as auditors’ laptops or servers within the client’s premises)  Among its advantages are: 

-  Enhanced privacy and security : Sensitive data never leaves the client’s premises or the 

local device, reducing the risk of breaches and facilitating compliance with data protection 

regulations (such as GDPR). 

-  Low latency : This technology can reduce processing time by 40–75%, enabling a response 

to regulatory violations or suspicious activities within hours rather than days. 
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-  Offline capability : The auditor can work in environments with poor or no internet 

connectivity (such as remote locations) while AI models continue to run. 

-  Cost reduction : Reduced reliance on cloud bandwidth and data processing fees. 

 Applications : Optimized machine learning models can be deployed on auditors’ devices to 

analyze client data locally. For example, an internal auditor at a manufacturing facility can use 

a smart camera equipped with an Edge AI model to inspect inventory and detect damaged or 

expired items in real time, without needing to upload images to the cloud (Thanasas, Kampiotis, 

& Halkiopoulos, 2026) 

4.3 Convergent Technologies Integration 

Rather than viewing each technology in isolation, practical development is moving toward 

integrating artificial intelligence, blockchain, and the Internet of Things (IoT) into a 

comprehensive “audit suite” (Thanasas, Kampiotis, & Halkiopoulos, 2026) 

 Integration with Blockchain : The distributed ledger provides an immutable record of all 

transactions. Integrating artificial intelligence with blockchain enables the following : 

-  Continuous Automated Verification : Artificial intelligence algorithms can analyze 

transactions recorded on the blockchain in real time, verifying their validity and compliance 

with predefined rules and standards. 

-  Self-executing smart contracts : Audit and compliance rules can be embedded within smart 

contracts, so that they are automatically executed when conditions are met. 

 Integration with the Internet of Things (IoT) : Internet-connected sensors provide a 

continuous stream of operational data (such as meter readings, asset tracking data, and 

operational logs). Integrating artificial intelligence  with IoT enables the following: 

-  Event-driven continuous auditing : Instead of periodic audits, the system can monitor data 

in real time and alert the auditor immediately upon the occurrence of a deviation or anomaly. 

For example, a sensor on a fuel tank can automatically send readings, and an AI model 

compares them with purchase and consumption records, detecting any discrepancies 

immediately. 

 Result : This integration combines a tamper-proof blockchain with real-time artificial 

intelligence and IoT analytics, enabling unprecedented continuous and effective monitoring, 

and transforming auditing from a retrospective process into a proactive and predictive (Moh’d 

Abderrahman & Makarem, 2026) 

4.4. Development of New Regulatory and Professional Frameworks 

Professional and regulatory bodies are responding to these rapid technological shifts by 

developing new standards and governance frameworks. Recent literature calls for the 

development of integrated theoretical models that take into account the specificities of the audit 

environment (Moh’d Abderrahman & Makarem, 2026) Current initiatives include: 

-  International Federation of Accountants (IFAC) : Has issued preliminary guidance on the 

use of digital technologies in auditing and is currently updating the International Standards on 

Auditing (ISAs) to account for artificial intelligence. 

-  The Institute of Internal Auditors (IIA) : Frameworks for assessing the maturity of 

artificial intelligence in internal audit functions. 
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-  National Regulatory Bodies : Such as the U.S. Securities and Exchange Commission (SEC) 

and the Arab Capital Markets Authority, which have begun issuing disclosure requirements 

regarding the use of artificial intelligence in financial reporting and auditing. 

 Future Trends in Regulatory Frameworks : 

-  Algorithmic transparency requirements : Future standards may require audit firms to 

disclose the algorithms they use, the data on which they were trained, and the limits of their 

accuracy and reliability. 

-  Mandatory human review of sensitive decisions : Standards may require mandatory human 

review of decisions made by algorithms that have a material impact on the auditor’s report 

(such as assessing going concern risks or identifying material misstatements). 

-  Digital competency standards for auditors : Competency requirements in data analytics 

and artificial intelligence may be incorporated into professional certification programs (CPA, 

ACCA, CMA) and continuing professional education (CPE). 

-  New risk assessment models : Risk assessment models that incorporate artificial intelligence 

both as a tool and as a potential source of risk (over-reliance risk, bias risk, cybersecurity 

risk(Moh’d Abderrahman & Makarem, 2026)        -  

 

5. Conclusion and Recommendations 

The analysis presented in this comprehensive article demonstrates that artificial intelligence 

has become a reality with a profound impact on the accounting and auditing professions, with 

its benefits manifesting in three key dimensions : 

.   Efficiency : A 40–60% reduction in audit cycle time (kassar & Jizi, 2026) and a 40–80% 

reduction in manual effort for routine tasks (Lin & Maginnis, 2025) 

.   Effectiveness : Increased fraud detection accuracy from 60–75% to 85–92%, and improved 

accuracy in predicting risk and financial distress (Renik, Łuczak, & Zhou, 2025) 

   Coverage : Transition from sample testing (5–10% of transactions) to full data set analysis 

(100% of transactions), thereby enhancing the level of audit assurance  (Moh’d Abderrahman 

& Makarem, 2026) 

The “Big Four” firms (Deloitte, PwC, EY, KPMG) are leading adoption efforts through their 

integrated platforms (Omnia, Halo, Helix, Clara), supported by major technology companies 

(Microsoft, Amazon, Google) that provide the underlying infrastructure and tools. 

However, these transformations are not without real and fundamental challenges related to 

ethics (algorithmic bias, black boxes), human skills (a digital skills gap of 70–80%, a decline 

in professional skepticism among 35% of auditors, and a failure of the advisory transition 

among 77%), information security and privacy (a 300% increase in cyberattacks, and conflicts 

with the GDPR), and cost (adoption costs rising to as much as $1 million, and returns not being 

proportionate for small organizations. (Baharom, 2025) 

(PUKHALSKYI & MOVCHAN, 2025)  (Kassar & Jizi, 2026) 

Based on this analysis, the following detailed recommendations can be made to various 

stakeholders : 

 

First : For Regulatory and Professional Bodies 
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1.   Develop artificial intelligence-specific auditing standards : Work to update International 

Standards on Auditing (ISAs) and local standards to include clear requirements regarding : 

    - The use of artificial intelligence tools as audit evidence. 

    - The auditor’s responsibility for artificial intelligence artificial intelligence    outputs. 

    - Requirements for electronic documentation and algorithmic transparency. 

    - Disclosure to stakeholders regarding the use of artificial intelligence. 

2.   Issuing Governance and Ethics Frameworks : Adopt governance frameworks similar to 

the one proposed in this article (Section 6), incorporating principles of transparency, human 

oversight, data security, competence, and continuous evaluation. 

3.   Incorporating artificial intelligence into Qualification and Licensing Requirements : Make 

proficiency in data analytics and artificial intelligence a mandatory (rather than optional) 

requirement for obtaining professional certifications (CPA, CMA, CIA, ACCA) and renewing 

them through continuing professional education (CPE) hours. 

4.   Supporting Research and Developing Best Practices : Fund and support applied research 

in the field of artificial intelligence in auditing, and create centralized databases of failure cases 

and errors that have occurred, to promote institutional learning across the profession. 

 

Second : For Audit Firms and Companies 

1.   Gradual Adoption and Hybrid Models  : Start with less complex and cost-effective 

technologies such as RPA to achieve quick efficiency gains, then gradually transition to ML 

and NLP, with a focus on hybrid models that combine artificial intelligence capabilities with 

mandatory human oversight (Human-in-the-loop). 

2.   Invest in Employee Training and Reskilling  : Allocate an annual budget for digital 

training of at least 5–10% of the total training budget. Design practical, not theoretical, training 

programs that focus on how to evaluate  artificial intelligence outputs and exercise professional 

judgment in the digital age. 

3.  Developing Cybersecurity Infrastructure : Invest in advanced cybersecurity solutions 

(encryption, MFA, SIEM), adopt a Zero Trust Architecture, and consider Edge artificial 

intelligence solutions for clients with highly sensitive data. 

4.   Establishing Dedicated artificial intelligence and Data Quality Departments : Create 

specialized departments or teams responsible for developing, maintaining, and evaluating 

artificial intelligence  models; ensuring data quality; and conducting independent audits of 

algorithms. 

5.   Developing New Billing Models : Transitioning from billing models based on billable 

hours to value-based pricing or subscription models, to encourage efficiency and reward the 

delivery of strategic insights rather than physical presence. 

 

Third : For Individual Professionals 

1.   Adopt a mindset of continuous learning and digital curiosity : Proactively invest in 

developing digital skills, rather than waiting for your employer to do so. Take online courses 

(Coursera, edX, Udemy) in data analytics, the fundamentals of artificial intelligence, and 

algorithmic ethics. 
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2.   Maintain and foster professional skepticism : Develop a critical mindset toward the 

outputs of artificial intelligence systems. Treat the system’s recommendations as hypotheses 

that need to be tested and verified, not as absolute facts. Ask questions such as : “What data 

did this model rely on ?”, “What are the limitations ?”, “What if the data is wrong ?”. 

3.   Focus on Skills That Are Difficult to Automate : Develop skills that remain uniquely 

human, such as critical thinking, complex professional judgment, understanding business 

context, effective communication with clients, and negotiation and conflict resolution. These 

skills will constitute the auditor’s core added value in the age of artificial intelligence. 

4.   Participating in the development of the profession : Participating in committees and 

working groups within professional bodies to develop standards and best practices for artificial 

intelligence. Contributing to collective knowledge bases by sharing lessons learned (mistakes 

and successes) from using these technologies in the field. 

In conclusion, artificial intelligence   cannot be considered a substitute for the human auditor; 

rather, it is a tool that enhances their capabilities and frees them to focus on the more complex 

aspects that require high professional judgment, emotional intelligence, and creativity. Success 

in this profound technological transformation depends on striking a delicate balance between 

maximizing the machine’s capabilities (in speed, accuracy, and comprehensive coverage) and 

preserving the essence of the profession (which is based on trust, integrity, accountability, 

independence, and professional skepticism). A profession that adopts artificial intelligence 

wisely and responsibly will not only become more efficient and effective but will also 

strengthen its strategic role as a trusted partner in creating value and ensuring transparency in 

financial markets. A profession that falls behind, or that adopts artificial intelligence without 

wisdom, risks losing its relevance and the public’s trust in it. The choice, therefore, is a strategic 

one that requires wise leadership, sustainable investment, and the continuous development of 

human capabilities alongside technological capabilities. 
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