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ABSTRACT
Artificial intelligence (AI) is increasingly embedded in accounting information systems, audit tools and reporting processes, yet its adoption in professional accounting practice remains uneven and context dependent. This study develops an expert-based framework for AI adoption in accounting by integrating the Technology Acceptance Model (TAM), the Unified Theory of Acceptance and Use of Technology (UTAUT) and the Technology–Organisation–Environment (TOE) framework. A two-round Delphi study was conducted with ten experts from Big Four firms, international audit and advisory networks, and an accounting/ERP software company. In the first round, semi-structured interviews were used to validate and refine an initial twelve-factor literature-based framework. In the second round, experts rated the refined factors and items using a five-point Likert scale, while consensus was assessed using median values, interquartile ranges, the percentage of ratings equal to or above four, and the within-group agreement index. The first round expanded the framework into 15 factors, while the second round showed that 13 factors achieved expert consensus. The retained framework confirms the relevance of perceived usefulness, perceived ease of use and attitude towards AI, while also highlighting organisational support, compatibility, trust, data quality, perceived risk, ethics, privacy and accountability as important adoption conditions.

Keywords: Artificial intelligence, Accounting, Technology adoption, Delphi method 


EKSPERTSKI ZASNOVAN TAM–UTAUT–TOE OKVIR ZA PRIHVATANJE VI U RAČUNOVODSTVU: DELFI STUDIJA SA PRAKTIČARIMA

APSTRAKT
Veštačka inteligencija (VI) sve je više ugrađena u računovodstvene informacione sisteme, revizorske alate i procese izveštavanja, ali njeno prihvatanje u profesionalnoj računovodstvenoj praksi i dalje je neujednačeno i zavisi od konteksta. Ova studija razvija ekspertski zasnovan okvir za prihvatanje VI u računovodstvu integrisanjem Modela prihvatanja tehnologije (TAM), Ujedinjene teorije prihvatanja i korišćenja tehnologije (UTAUT) i okvira Tehnologija–Organizacija–Okruženje (TOE). Sprovedena je Delfi studija u dve runde sa deset eksperata iz Big Four kompanija, međunarodnih revizorskih i savetodavnih mreža, kao i kompanije specijalizovane za računovodstveni/ERP softver. U prvoj rundi korišćeni su polustrukturisani intervjui radi validacije i unapređenja početnog okvira zasnovanog na literaturi, koji je obuhvatao dvanaest faktora. U drugoj rundi eksperti su ocenjivali unapređene faktore i stavke pomoću petostepene Likertove skale, dok je konsenzus procenjivan na osnovu medijane, interkvartilnog raspona, procenta ocena jednakih ili većih od četiri i indeksa saglasnosti unutar grupe. Prva runda proširila je okvir na 15 faktora, dok je druga runda pokazala da je za 13 faktora postignut ekspertski konsenzus. Zadržani okvir potvrđuje značaj percipirane korisnosti, percipirane lakoće korišćenja i stava prema VI, uz istovremeno naglašavanje organizacione podrške, kompatibilnosti, poverenja, kvaliteta podataka, percipiranog rizika, etike, privatnosti i odgovornosti kao važnih uslova za prihvatanje.

Ključne reči: Veštačka inteligencija, računovodstvo, prihvatanje tehnologije, Delfi metoda



Introduction
Artificial intelligence (AI) changes the way accounting information is produced, processed, verified and used for decision-making. In contemporary practice, AI tools are increasingly embedded in accounting information systems (AIS), enterprise resource planning (ERP) platforms, audit software, reporting workflows and data analytics environments. Their potential is visible in transaction processing, document recognition, automated classification, anomaly detection, forecasting, continuous monitoring and decision support (Wang et al., 2025). AI based applications accelerate existing routines and thus affect the role of accountants by shifting attention from repetitive recording and checking activities towards analysis, interpretation, control and advisory judgement (Vărzaru, 2022; Hossain et al., 2024; Bin-Nashwan et al., 2025).
Despite this potential, the practical adoption of AI in accounting is neither automatic nor uniform. Even when AI tools are technically available, their effective use depends on whether accountants perceive them as useful, understandable, reliable, compatible with existing systems and sufficiently supported by the organisation (Ho, 2024). This issue is particularly relevant in accounting because the outputs of accounting systems affect financial reporting, tax compliance, audit evidence, internal control and management decision-making. Therefore, AI adoption should be understood as a process shaped by technological availability, professional trust, data quality, organisational readiness, ethical responsibility and the capacity to embed AI into regulated and control-sensitive accounting processes (Bin-Nashwan et al., 2025).
One of the most common approaches for explaining technology adoption is the Technology Acceptance Model (TAM), which identifies perceived usefulness (PU) and perceived ease of use (PEOU) as key determinants of users’ attitudes and behavioural intention to use technology (Davis, 1989). However, AI adoption in accounting requires a broader explanatory perspective because accounting systems are embedded in organisational routines, ERP/AIS architectures, professional standards, regulatory requirements and data governance structures. For this reason, individual acceptance factors need to be complemented with social, organisational, technological and environmental conditions.
This study therefore builds on an integrated theoretical approach combining TAM, the Unified Theory of Acceptance and Use of Technology (UTAUT) and the Technology–Organisation–Environment (TOE) framework. TAM provides the individual acceptance core, UTAUT contributes factors related to social influence and facilitating conditions (Venkatesh et al., 2003), while TOE locates adoption within the technological, organisational and external environment (Tornatzky & Fleischer, 1990). AI adoption in accounting is therefore approached as a process that combines individual acceptance of technology with wider organisational changes in workflows, responsibilities, competencies, controls and professional judgement.
Although empirical research on AI and digital technology adoption in accounting is growing, important theoretical and methodological gaps remain. Many studies test predefined models through cross-sectional surveys and often focus on students, academics, small businesses or general users of digital tools (Al-Okaily, 2025; Bin-Nashwan et al., 2025; Dwianto et al., 2024; Vărzaru et al., 2022). These studies provide important evidence, but they usually begin with predefined constructs, leaving less space for practitioner input on which factors are most relevant in real accounting processes. 
The need for expert input is especially relevant since AI adoption in accounting involves both opportunities and risks. AI can improve processing speed, reduce errors, strengthen analytical capacity, support continuous controls and enhance the quality of accounting information (CPA.com, 2025; Wang et al., 2025). At the same time, its use may create concerns related to unreliable outputs, insufficient explainability, excessive dependence on automated recommendations, privacy, confidentiality and unclear accountability (Peng et al., 2023).
Against this background, the objective of this study is to develop an expert-based framework for AI adoption in accounting by integrating TAM, UTAUT and TOE perspectives and validating the relevance of the proposed factors through a Delphi study with practitioners. The study uses a Delphi design to elicit, refine and evaluate expert judgements on the factors that influence AI adoption in accounting processes. Since AI adoption in accounting is still evolving, expert knowledge can help clarify which factors are theoretically relevant, practically meaningful and suitable for future empirical investigation.
The paper contributes to the literature by developing an integrated TAM-UTAUT-TOE framework tailored to AI adoption in accounting, thereby moving the discussion beyond the classical focus on PU and PEOU. It also provides expert-based evidence, drawing on the structured judgement of experienced practitioners from accounting, auditing, advisory and ERP-related environments. In this way, the study identifies the factors that should be retained as the most relevant determinants of AI adoption in accounting practice, covering acceptance, usability, organisational support, technological compatibility and governance-related dimensions. 
The remainder of the paper presents the theoretical background and framework development, followed by the research methodology, the results and discussion of the Delphi study, and the conclusion with the main implications, limitations and directions for future research.

Theoretical background and framework development
Digital technologies have gradually moved accounting from a predominantly manual and retrospective recording function towards a more integrated, data-driven and analytical practice (Vărzaru, 2022; Hossain et al., 2024). As AI becomes embedded in accounting processes, it reshapes work routines and professional judgement (Wang et al., 2025), which raises the question of which conditions support its acceptance and use in practice.
TAM provides the individual-level core for understanding technology acceptance. According to Davis (1989), users’ behavioural intention to use a system is shaped mainly by PU and PEOU. In accounting, PU refers to the belief that a technology improves task performance, while PEOU refers to the belief that the technology can be used with limited effort (Vărzaru, 2022; Al Najjar et al., 2024; Bin-Nashwan et al., 2025). In the accounting context, these constructs are particularly relevant because professionals are more likely to accept digital tools when they can clearly observe improvements in efficiency, accuracy, reporting quality and analytical support, and when the tools can be integrated into daily work without excessive complexity.
However, TAM alone cannot be treated as sufficient for explaining AI adoption in accounting. AI differs from many earlier information technologies because it can produce recommendations, classifications, forecasts and explanations that may influence professional judgement. Therefore, adoption also depends on whether users trust the outputs, whether the underlying data are reliable, whether the system is compatible with existing workflows, and whether the organisation provides sufficient support, guidance and control mechanisms (Bin-Nashwan et al., 2025; Peng et al., 2023). This makes AI adoption in accounting an individual acceptance issue and an organisational implementation issue.
For this reason, TAM is complemented by the UTAUT. UTAUT adds social influence and facilitating conditions as important determinants of technology acceptance and use (Venkatesh et al., 2003). Social influence is relevant because accountants usually work within teams, professional networks, client relationships and managerial structures (Dwianto et al., 2024). Their willingness to use AI may be shaped by expectations from colleagues, supervisors, clients and the wider profession. Facilitating conditions are equally important because AI adoption requires more than access to software (Vărzaru et al., 2022). Users need training, technical support, internal guidance, time for learning and clear procedures for verifying uncertain outputs (Benzine & Tiar, 2022; Ho, 2024).
The TOE framework adds broader organisational and contextual perspective. According to Tornatzky & Fleischer (1990), technology adoption is shaped by the technological, organisational and environmental context. In accounting, the technological context includes compatibility with existing AIS and ERP platforms, interoperability with databases, data security, output reliability, explainability and audit trails (Benzine & Tiar, 2022). The organisational context includes resources, leadership, culture, training, internal policies, role allocation and readiness for change (Bin-Nashwan et al., 2025). The environmental context includes regulatory expectations, professional standards, competitive pressure, vendor ecosystems and client expectations (Tornatzky & Fleischer, 1990; Bin-Nashwan et al., 2025). This perspective is relevant to accounting, where AI use must be aligned with reporting standards, tax rules, audit requirements, data protection obligations and professional ethics.
Based on this theoretical position, the study develops an integrated TAM-UTAUT-TOE approach for examining AI adoption in accounting. The purpose is to use them as complementary perspectives for identifying factors that may influence adoption in real accounting processes.

Literature review
Vărzaru (2022) examined AI technology acceptance among management accountants and confirmed the importance of PU and PEOU for the intention to use AI. In this context, PU was connected to improved information quality, timeliness and decision support, while PEOU reflected the effort required to learn and integrate AI into existing tasks. The study also identified barriers such as resistance to change, organisational culture, lack of trust and the cost of technology (Vărzaru, 2022).
Similar conclusions are provided by Vărzaru et al. (2022), who analysed users’ behaviour regarding the adoption of digital technologies in management information systems (MIS) and AIS. Their findings confirm the relevance of PU and PEOU, but also emphasise the importance of organisational support and training. The adoption of new systems also requires users’ confidence, organisational readiness, supportive culture and adequate learning mechanisms (Vărzaru et al., 2022).
A broader organisational perspective is provided by Bin-Nashwan et al. (2025), who developed an integrated TOE–TAM–resource dependence model to explain AI adoption in accounting and auditing firms. Their findings show that AI adoption is influenced by (i) technological factors, such as relative advantage, compatibility and AI readiness, (ii) organisational factors, such as top management support, financial and human resources and innovation climate and (iii) environmental factors, such as competitive pressure and vendor ecosystems. The study also shows that AI adoption can improve financial reporting accuracy, auditing efficiency and information asymmetry, which confirms the importance of linking adoption factors with concrete accounting outcomes (Bin-Nashwan et al., 2025).
Anh et al. (2024) found that technology readiness positively affects AI adoption. This suggests that professionals who feel more confident and prepared to use technology are more likely to evaluate AI as useful and manageable (Anh et al., 2024). However, other studies report weaker or non-significant effects of technology readiness, which indicates that its role may depend on the type of users, organisational context and maturity of digital systems (Dwianto et al., 2024; Sudaryanto et al., 2023).
Benzine and Tiar (2022) found that training, prior experience and organisational support influence PU and PEOU, which then affect new digital system use. Qader et al. (2022) emphasised that successful adoption requires adequate training, support and alignment with existing processes. These findings are relevant for AI adoption because accountants are more likely to use technology when it fits their established workflows and when they receive practical support for its use.
Musyaffi et al. (2025) showed that digital literacy and compatibility have strong effects. Their findings also indicate that relative advantage and technological complexity influence adoption intentions. 
Research focusing more directly on AI in accounting also points to the importance of accuracy, efficiency, internal control and governance. Al Najjar et al. (2024) found that AI contributes to reducing accounting errors, improving tax reporting and strengthening internal control. At the same time, they emphasise that effective AI use requires organisational investment, training and appropriate governance structures. Hossain et al. (2024) similarly argue that AI and related technologies can transform the accounting profession by creating efficiency gains and new value-added services, but they also highlight challenges related to skills, ethics and implementation costs. 
Sudaryanto et al. (2023) found that digital competence, PU and PEOU are important for accounting students’ intention to adopt AI technology. Taib et al. (2022) also emphasised that technology knowledge and readiness are necessary for future accountants, but are not sufficient without positive attitudes and perceived benefits. 
In addition to accounting-specific studies, research on related contexts contributes to the understanding of specific aspects for technology adoption. Alshammari & Al-Mamary (2025) extended TAM to examine acceptance of AI-powered cybersecurity training tools and found that trust in AI and perceived risk play important roles in shaping behavioural intention. Although this study is not in accounting, its findings are relevant because accounting also involves sensitive data, professional responsibility and potential consequences from incorrect outputs. 
The literature shows that PU and PEOU remain central to technology adoption in accounting, but they do not fully explain AI adoption in professional accounting environments. Existing studies support the inclusion of additional factors related to attitude, self-efficacy, social influence, technology readiness, digital literacy, compatibility, perceived complexity, relative advantage, training and organisational support, and costs and visible return on investment. Based on this focused literature review, twelve recurring factors were identified as the initial literature-based framework for the Delphi study.

Table 1: Initial extended framework of factors for AI adoption in accounting processes
	Factor
	Description

	Perceived usefulness
	Belief that the use of AI improves the effectiveness and quality of accounting tasks.

	Perceived ease of use
	Belief that AI tools are easy to learn and use in daily accounting work.

	Attitude towards using AI
	General positive or negative evaluation of using AI in accounting.

	Self-efficacy for using information technologies
	Confidence in one’s own ability to use IT/AI tools when performing accounting tasks.

	Social influence
	Perceived expectations or pressure from colleagues, supervisors or the profession to use AI.

	Technology readiness
	Personal tendency to accept new technologies and perceived readiness to use AI.

	Digital literacy
	Level of knowledge and skills required to use digital tools, systems and data.

	Compatibility with existing processes/ERP/AIS
	Alignment between AI tools and existing accounting processes, ERP/AIS and workflows.

	Perceived complexity
	Perceived difficulty of understanding, configuring and working with AI tools.

	Relative advantage
	Perceived superiority of AI compared with current methods and systems.

	Training and organisational support
	Availability of training, resources and managerial support for using AI.

	Costs and visible return on investment
	Perception of financial and time costs in relation to the visible benefits of AI adoption.


Source: Created by the authors based on prior studies by Davis (1989), Venkatesh et al. (2003), Tornatzky and Fleischer (1990), Vărzaru (2022), Qader et al. (2022), Almgrashi and Mujalli (2025), and Bin-Nashwan et al. (2025).

These twelve factors combine the main individual, social, technological and organisational determinants identified in the literature and provide the starting point for the empirical part of the study. They were not treated as a final framework, but as a literature-based structure to be evaluated through expert judgement. 


Research methodology
This study applies the Delphi method to develop and validate an expert-based framework for AI adoption in accounting. The method is appropriate because the topic is still evolving, while its practical implications depend on expert judgement from professionals who understand accounting processes, digital systems and organisational constraints. The research design was structured in three phases (i) conceptual scoping and instrument design, (ii) Delphi iteration, and (iii) consensus analysis. This structure is presented in Figure 1.


Figure 1: Research design of the Delphi study
Source: Authors’ research design

In the first phase, the study focused on conceptual scoping and instrument design. A focused literature review was conducted in order to identify the main determinants of technology acceptance relevant to accounting and related professional settings. Drawing on TAM, UTAUT and TOE, twelve initial factors were identified as the starting point for the study. At this stage, the expert panel was defined, and a semi-structured interview instrument for the first Delphi round was prepared. 
In the second phase, the Delphi process was implemented through two iterative rounds with the same panel of ten experts. The experts were selected through purposive sampling based on their professional experience in accounting, auditing, advisory services and ERP-related environments, as well as their familiarity with digital tools and process transformation. The panel included experts from Big Four firms, international audit and advisory networks, and a company specialising in accounting and ERP software solutions. This composition ensured that the assessment of the framework was grounded in practical accounting experience.
The first Delphi round was conducted through semi-structured interviews. Experts were asked to assess the relevance of the twelve initial factors, explain their practical meaning and suggest refinements or additional conditions that may influence adoption in accounting practice. The interview material was analysed using thematic analysis, with the aim of identifying recurring themes, clarifying factor meanings and refining the preliminary framework. Based on this analysis, a more precise set of factors and items was developed for the second Delphi round.
The second Delphi round was conducted through a structured online questionnaire. The questionnaire was prepared on the basis of the first-round results, and anonymous feedback from Round 1 was shared with the experts before they completed the second-round evaluation. This step is consistent with the logic of the Delphi method, which relies on iteration, controlled feedback and independent judgement in order to move towards expert consensus (Hsu & Sandford, 2007). The result of the second phase was a refined set of items assessed quantitatively by the expert panel.
The third phase focused on consensus analysis. The responses from the second Delphi round were analysed using the median, first and third quartiles (Q1 and Q3), interquartile range (IQR), the percentage of ratings equal to or above 4, and the within-group agreement index (rWG). Following common Delphi practice, an item was considered to have achieved consensus if it met the set conditions, including median ≥ 4 and IQR ≤ 1. The percentage of ratings equal to or above 4 was used as an additional indicator of support, while rWG was used to assess the strength of within-group agreement, with values of 0.70 or above considered acceptable (James et al., 1984). 
The methodological design allowed the study to move systematically from a literature-based framework towards an expert-validated set of adoption factors. The first phase established the conceptual and procedural basis of the study, the second phase generated and refined expert input through iterative Delphi rounds, and the third phase provided the statistical basis for determining consensus. In this way, the Delphi method served as the central empirical approach for validating the proposed framework for AI adoption in accounting.


Results and Discussion
The expert panel consisted of ten practitioners with substantial experience in accounting, auditing, advisory services and the implementation or use of advanced digital tools. The panel was suitable for the purpose of the study because it combined accounting expertise with practical exposure to digital systems, ERP environments and technology-enabled accounting processes. Six experts were male and four were female. Most experts had between 15 and 20 years of professional experience, while all experts held professional accounting certification. The demographic and professional characteristics of the panel are presented in Table 2. 

Table 2: Demographic profile of the expert panel (n = 10)
	Characteristic
	Category
	n
	%

	Gender
	Male
	6
	60%

	
	Female
	4
	40%

	Years of experience
	10–15 years
	3
	30%

	
	15–20 years
	6
	60%

	
	20–25 years
	1
	10%

	Academic background
	Accounting and auditing
	8
	80%

	
	IT/ICT
	2
	20%

	Professional certifications*
	Certified auditor
	9
	90%

	
	Certified accountant
	10
	100%

	
	ACCA
	4
	40%


*Experts may hold more than one professional certification
Source: Authors’ calculations

All experts were employed in international accounting, auditing and consulting environments, including two Big Four firms, two international professional networks and one company specialising in the development of accounting and ERP software. This profile enabled the panel to evaluate AI adoption from several relevant perspectives, including financial reporting, auditing, taxation, advisory work, ERP implementation, process digitalisation and software development.
The first Delphi round was used to examine whether the twelve literature-based factors identified in the theoretical framework were relevant in accounting practice and whether they needed further refinement. The qualitative analysis showed that the experts largely confirmed the theoretical factors, but also indicated that AI adoption in accounting is a more complex practical issue than a direct application of general technology acceptance models. Several initial factors were confirmed without major changes, while some were reformulated to better reflect organisational and professional realities. In addition, the experts identified new themes that required separate treatment in the framework.
A significant part of the initial framework remained substantively unchanged. The experts confirmed the relevance of PU, PEOU, attitude towards using AI, self-efficacy, training and organisational support, compatibility with current accounting software and/or ERP processes, perceived complexity, technology readiness and digital literacy. This indicates that the main assumptions derived from TAM, UTAUT and related adoption literature are also relevant in the practical accounting context.
At the same time, several factors were retained but further specified. The initial factor of social influence was expanded into social and managerial influence, because experts emphasised not only the role of colleagues and the wider professional environment, but also the role of management in encouraging or limiting AI adoption. Relative advantage was reformulated as relative advantage and performance benefits, in order to express more clearly the expected contribution of AI to efficiency, productivity, quality and work outcomes.
Unlike the other initial factors, costs and visible return on investment was not retained as a separate factor in the revised framework. The experts considered that this factor overlaps with other dimensions, particularly relative advantage and performance benefits, technology readiness, and organisational support. This does not mean that cost considerations are irrelevant. Rather, the experts viewed them as indirectly reflected through the broader evaluation of whether AI produces visible and practically justified benefits.
The first round also led to the identification of four additional factors that were considered necessary for a more complete modelling of AI adoption in accounting. Data quality discipline was introduced to reflect the fact that effective AI use does not depend only on the tool itself, but also on the quality, structure, accuracy and availability of input data used by accounting systems. Trust in AI results was identified as a separate factor because experts emphasised that confidence in AI-generated outputs is a key precondition for real use, especially in tasks requiring accuracy, professional judgement and responsibility. Perceived risk and concerns was added to capture fears related to possible errors, inaccuracies, overreliance on technology and the professional or organisational consequences of inappropriate use. Ethics, privacy and accountability were introduced to cover issues related to confidentiality, ethical use, regulatory and professional compliance, and the allocation of responsibility when advanced technologies are used in accounting.
As a result of the thematic analysis of the first-round interviews, the initial twelve-factor framework was not reduced. Instead, it was refined, restructured and expanded into a revised framework of 15 factors. These factors were operationalised through 60 items, with four items assigned to each factor, and were used to prepare the questionnaire for the second Delphi round.
The second Delphi round focused on quantifying the level of expert consensus. The experts rated each item using a five-point Likert scale. The results were then aggregated at the factor level. Consensus was assessed using the median, first and third quartiles, interquartile range, percentage of ratings equal to or above 4, mean, standard deviation, variance and the within-group agreement index. The aggregated results are presented in Table 3. 

Table 3: Aggregated Delphi consensus results by factor
	Factor
	Med. 
	Q1
	Q3
	IQR
	% ≥ 4
	Mean
	SD
	Var.
	rWG
	Status*

	Perceived usefulness
	4.62
	4.25
	4.88
	0.62
	97.5
	4.53
	0.50
	0.25
	0.87
	A

	Perceived ease of use
	4.75
	4.38
	4.88
	0.50
	97.5
	4.58
	0.49
	0.24
	0.88
	A

	Attitude towards using AI
	4.75
	4.38
	5.00
	0.62
	100.0
	4.62
	0.46
	0.22
	0.89
	A

	Self-efficacy
	4.38
	4.12
	4.62
	0.50
	85.0
	4.30
	0.57
	0.34
	0.83
	A

	Social and managerial influence
	4.12
	3.88
	4.50
	0.62
	85.0
	4.17
	0.58
	0.36
	0.82
	A

	Technology readiness
	3.75
	3.50
	4.25
	0.75
	70.0
	3.85
	0.70
	0.51
	0.75
	R

	Digital literacy
	3.75
	3.50
	4.25
	0.75
	72.5
	3.88
	0.67
	0.47
	0.77
	R

	Compatibility with current accounting software and/or ERP processes
	4.25
	4.00
	4.62
	0.62
	95.0
	4.33
	0.54
	0.29
	0.85
	A

	Relative advantage and performance benefits
	4.50
	4.00
	4.75
	0.75
	87.5
	4.35
	0.55
	0.32
	0.84
	A

	Training and organisational support
	4.62
	4.00
	4.88
	0.88
	100.0
	4.50
	0.48
	0.23
	0.88
	A

	Perceived complexity
	4.12
	3.75
	4.50
	0.75
	85.0
	4.15
	0.59
	0.36
	0.82
	A

	Data quality discipline
	4.62
	4.12
	4.88
	0.75
	97.5
	4.50
	0.51
	0.27
	0.87
	A

	Trust in AI results
	4.12
	4.00
	4.62
	0.62
	95.0
	4.30
	0.54
	0.29
	0.85
	A

	Perceived risk and concerns
	4.12
	3.75
	4.50
	0.75
	85.0
	4.15
	0.59
	0.36
	0.82
	A

	Ethics, privacy and accountability
	4.38
	4.00
	4.75
	0.75
	97.5
	4.40
	0.51
	0.27
	0.87
	A


*A = accepted; R = rejected
Source: Authors’ calculations

The consensus analysis shows that the expert panel largely confirmed the proposed framework. Thirteen of the fifteen factors met the predefined conditions for further inclusion. This result indicates that technology acceptance models remain relevant in the context of AI, but their application in accounting requires extension with dimensions that reflect the professional, organisational and control-sensitive character of accounting work.
Strong support was obtained for factors directly related to the core logic of TAM and UTAUT. PU, PEOU, attitude towards using AI, relative advantage and performance benefits, and training and organisational support all reached consensus. This suggests that experts are more likely to support AI adoption when the technology creates clear practical value, is understandable for users and is supported by the organisation. At the level of practical interpretation, this means that AI adoption is strengthened when accountants can see time savings, faster task execution, capacity to process larger volumes of data, and improvements in analytics and reporting.
The high level of consensus for PU and PEOU confirms that the core TAM constructs remain central, but the Delphi results also show that these constructs must be interpreted in an accounting-specific way. Usefulness is not only a general belief that the tool is beneficial. It is connected to accuracy, reporting quality, analytical value, efficiency and reduced manual workload. Ease of use is linked to whether the AI tool can be understood, controlled and applied within existing accounting routines, deadlines and reporting responsibilities.
Training and organisational support also received strong expert support, with all experts rating the factor at 4 or above. This finding confirms that AI adoption in accounting is also an organisational process. Accountants need structured training, internal guidance, management support and time to learn how to use AI tools properly. In a professional field where errors may have financial, tax or audit consequences, training should not be limited to general software demonstrations. It should be role-based, process-oriented and connected to verification, documentation, internal controls and escalation of uncertain outputs.
Compatibility with current accounting software and/or ERP processes also achieved consensus. This result confirms the importance of the TOE perspective. Accounting work is based on structured processes, authorisation rules, documentation requirements and audit trails. If AI tools are not integrated into existing ERP/AIS environments, their practical use may remain limited, regardless of their technical potential. 
The retention of data quality discipline, trust in AI results, perceived risk and concerns, and ethics, privacy and accountability is particularly important. These factors show that experts did not evaluate AI adoption only through efficiency, productivity or usability. They also emphasised the need to extend adoption models with dimensions that are especially relevant for professions with high regulatory, control and ethical sensitivity. In accounting, AI-supported outputs must be reliable, suitable for verification and consistent with professional judgement. Data quality directly affects whether AI-generated classifications, forecasts or reports can be trusted. Similarly, trust in AI results does not mean replacing professional judgement with automated outputs, but using AI as decision support under human review and responsibility.
The acceptance of perceived risk and concerns also shows that experts do not view AI adoption as a one-dimensional positive process. AI may reduce workload and improve analysis, but it may also create new risks if outputs are inaccurate, users become overdependent on the tool, or responsibility for decisions becomes unclear. For this reason, AI adoption requires safeguards such as validation procedures, documentation, access controls, human review and clear accountability. The strong support for ethics, privacy and accountability confirms that confidentiality, regulatory compliance and responsible use are central adoption conditions in accounting.
Two factors did not meet the required factor-level consensus threshold, i.e., technology readiness and digital literacy. Both factors had median values below 4, although their IQR and rWG values indicate some level of agreement. This result should not be interpreted as evidence that these dimensions are irrelevant. Rather, it suggests that the experts viewed them as variable prerequisites that differ across professionals and organisations, instead of stable determinants to be retained. In this context, the key issue is whether the organisation creates specific process-level and control-level conditions for responsible AI use. This explains why the expert panel placed stronger emphasis on compatibility, training, data quality, trust, risk and accountability.

Conclusion
This study developed an expert-based framework for AI adoption in accounting by integrating TAM, UTAUT and TOE. Instead of testing a predefined model on a broad sample, the study used a two-round Delphi method to identify which theoretically derived factors are considered relevant by experienced practitioners from accounting, auditing, advisory and ERP-related environments.
The findings confirm that AI adoption in accounting cannot be explained only through the classical TAM constructs of PU and PEOU, although both remain important. Experts confirmed that AI is more likely to be adopted when it provides visible performance benefits, is easy to understand and use, and is compatible with existing accounting workflows. However, the results also show that adoption depends on broader organisational, technological and governance-related conditions.
The Delphi results confirmed 13 of the 15 proposed factors. In addition to PU, PEOU and attitude towards AI, the retained framework includes self-efficacy, social and managerial influence, compatibility with existing accounting software and ERP processes, relative advantage and performance benefits, training and organisational support, perceived complexity, data quality discipline, trust in AI results, perceived risk and concerns, and ethics, privacy and accountability. Technology readiness and digital literacy did not reach the required factor-level consensus. This does not mean that they are irrelevant, but suggests that experts perceived them more as variable background conditions than as stable determinants of AI adoption in accounting.
The study contributes to the literature by extending the traditional TAM based explanation of technology adoption with UTAUT and TOE dimensions, while also showing that AI adoption in accounting must be analysed through the lenses of data quality, trust, risk, ethics and accountability. From a practical perspective, the findings suggest that organisations should not treat AI implementation only as a software investment. Successful adoption requires integration with ERP/AIS processes, role-based training, reliable data governance, clear procedures for human review, and defined rules for confidentiality, documentation and responsibility.
The study has several limitations. The Delphi panel included ten experts, which is suitable for an expert-consensus design, but the findings should not be interpreted as statistically generalisable to all accounting professionals or organisational settings. The panel was composed mainly of experienced professionals from international audit, advisory and ERP-related environments, which strengthens the quality of expert judgement, but may also reflect the perspective of more digitally advanced organisations. Future research may operationalise the retained factors in a broader survey of accounting practitioners and test the framework using quantitative methods, as well as compare adoption conditions across accounting roles, firm sizes and institutional contexts.
The study shows that AI adoption in accounting depends on a broader set of conditions including PU, PEOU, trust, integration with existing processes, organisational support, proper governance and alignment with the professional responsibilities of accounting.
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Phase 1: 
Scoping and instrument design 

- Focused literature review 
- Identification of key TAM-UTAUT-TOE factors
- Selection of expert panel 
- Drafting the Round 1 survey 
- Drafting the interview protocol 
Output: Round 1 survey and interview protocol


Phase 3:
Consensus analysis

- Summarising Round 2 ratings per item: Median, Q1/Q3, IQR, and Consensus % (ratings ≥ 4), rWG.
- Applying consensus rule: Median ≥ 4 and IQR ≤ 1; reporting Consensus % and rWG for accepted items.
- Identifying final consensus factors/items 
Output: Consensus-based set of items for AI adoption in accounting processes


Phase 2:
Iteration - Delphi (n=10)

-  Administering Round 1 (interview)
- Analyzing Round 1 responses
- Creating Round 2 structured questionnaire and providing controlled, anonymised Round 1 feedback to experts
- Administering Round 2 (online survey questionnaire)
Output: Delphi Round 2 online survey and refined item set


