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Abstract: The increasing expansion of digital technologies has significantly changed most economic
activities and professions. As a result of the scientific and technological revolution 4.0, organizational
structures and business models have changed, and new ones have emerged. Consequently, the
accounting activities that record operations and provide the necessary information to managers for
decision making have faced threats, challenges, and opportunities, which have changed and will
change the DNA of managerial accounting, determining a reinventing of it. As a result of the evolu-
tion of data collection and processing technologies, managerial accounting activities have become
increasingly complex, encompassing increasing volumes of data. Resistance to change, organizational
culture, lack of trust, and the high price of technology are the most critical barriers that interfere
with adopting artificial intelligence technology in managerial accounting. This study aimed to assess
the acceptance of artificial intelligence technology among accountants in Romanian organizations
in the context of the modernization and digitization of managerial accounting. This research was
quantitative, carried out through a survey based on a questionnaire. In total, 396 specialists in
managerial accounting from Romanian organizations filled and returned the questionnaire. Using
structural equation modeling, we tested the model of accepting artificial intelligence technology
in managerial accounting. The results show that implementing artificial intelligence solutions in
managerial accounting offers multiple options to managers through innovation and shortening
processes, improves the use of accounting information, and is relatively easy to use, given the high
degree of automation and customization.

Keywords: artificial intelligence; technology acceptance; usefulness; use; managerial accounting

1. Introduction

Due to the increasing complexity of economic processes, their digitization has led to
the more efficient development of activities. Managerial accounting (MA) has even been
affected by this process, which began almost a century and a half ago, according to [1], as a
result of which, in an early stage, information technologies simplify accounting processes
and reduce the effort required to keep records.

The impact of implementing artificial intelligence in managerial accounting (AIMA),
given the opportunities offered by technologies such as distributed registers (blockchain),
big data, and open cloud is still unclear, given the early stage of using these technologies in
MA. One issue that many researchers [2–6] agree on concerns the automation and facilita-
tion of large-scale decision making. The multiplicity of information generates an increase
in complexity [7]. Automation offers an increase in the speed of data collection, processing,
and interpretation, which may have the effect of reducing the quality of information due to
a lack of credibility in the absence of human factor monitoring [8].

From the perspective of the MA profession, adopting AIMA processes can be a threat
due to taking over a large volume of IT solutions equipped with artificial intelligence.
Additionally, adopting AIMA processes can be an opportunity, as it minimizes routine data
collection and processing activities, providing the time needed to verify the correctness of
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the resulting information and the sustainability of decision making. AIMA can deliver a
substantial competitive advantage by refining the quality of decisions.

Implementing new information technologies, including MA, is a desideratum whose
realization has accelerated, especially after the crisis generated by COVID-19. In recent
years, the technological advancement generated by artificial intelligence (AI), blockchain
(BC), big data (BD), and cloud computing (CC) was the core of the global scientific and
technological revolution 4.0. These emerging technologies have already been implemented
in various areas of activity [9–12] and have addressed various topics dealing with areas of
the industrial revolution. Therefore, the implementation of new information technologies
has also affected the processes and activities of MA.

This study aimed to assess the acceptance degree of AI technologies among accoun-
tants in Romanian organizations in the context of the modernization and digitization of MA
that underlies the decision-making process. The originality of our research derives from
the introduction of the modified TAM model concerning the acceptance of AI technologies
among accountants in Romanian organizations. Accountants’ reluctance to implement
AIMA stems from the belief that adopting these technologies will lead to the disappearance
of their jobs. Thus, knowing the degree of acceptance can give clues as to how organizations
can integrate new emerging technologies into MA.

After introducing the research topic, Section 2 provides a review of the literature.
Section 3 presents the design of the research. Section 4 presents the study results, and
Section 5 discusses these results in line with other research findings. Finally, the last section
provides conclusions containing theoretical and empirical implications, research limitations,
and future research opportunities.

2. Literature Review

Following the research of the specialized literature, we found multiple papers con-
cerning the accounting techniques that will be redefined and reinvented following the
implementation of the new information technologies. The joint report released by two
major accounting regulators, the Association of Chartered Certified Accountants (ACCA)
and the Institute of Management Accounting (IMA), entitled “Digital Darwinism,” outlined
the technological trends that could affect the field of MA: mobile technologies, BD, AI, CC,
digital payment and delivery systems, and virtual and augmented reality [13]. In Forbes,
Chandi [14] reviewed the leading technologies that can influence the future of MA: CC,
accelerating automation, and BC. The advantages of using cloud technology in accounting
are simplifying accounting documents, their immediate availability to users, and reducing
operating costs [15]. Digital technologies could increase the quality of decision making,
increase transparency and the speed of intra- and inter-organizational communication,
and eliminate asynchronous data [14,15]. AI technology enables accountants to focus on
higher-added-value activities such as analysis and problem solving, decision making, strat-
egy development, and leadership. AI improves productivity, accuracy, and efficiency, and
reduces costs and operating time. AIMA will generate more relevant information through
machine learning by providing reliable accounting information [16–20].

The technological changes in MA have been extensively studied, especially in the last
10 years [21–24], with researchers focusing on the challenges of AI solutions. Technologies
determine the need for a new generation of professional accountants with the skills to oper-
ate in the new virtual environment, generating significant changes in the role of accounting
specialists [25–27]. The accounting profession has always been open to innovations in infor-
mation technology [28], but the maximum potential of accounting techniques can be fully
realized only through a revolution involving AIMA solution implementation. Technologies
based on AI dramatically change the activity and role of specialists in MA [4], requiring
new paradigms to generate an understanding of new realities [29,30].

Professional bodies in accounting have responded to these challenges by developing
competency frameworks enriched with the digital skills needed in the future for accounting
professionals [31–33]. The accounting activity of all organizations will undergo dramatic
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changes due to the use of integrated AI solutions, introducing disruptions but opening
many opportunities [34].

Yoon [35] studied the effects of adopting new information technologies in accounting,
stating that only if accounting integrates technological changes can it meet the challenges
posed by the large volumes of information and their complexity. The introduction of new
information technologies that facilitate the automation of accounting processes increases
the speed of access to information, the security of this information, and the degree of
transparency, eliminating the weakness of the human factor in certain activities [36]. Many
organizations have begun integrating modern MA tools associated with the digital transfor-
mation into their decision-making information system [37]. Therefore, MA is an essential
component of an organizational information system from an integrated perspective [38]. AI
facilitates the computerization and automation of managerial accounting processes through
speed, fast feedback, and improved efficiency of accounting labor.

Many MA activities will become hybrid and performed by accounting managers
based on information provided by AIMA solutions, which leads to an expansion of the
mix of skills of accountants [4]. For example, besides basic knowledge in accounting and
management, analysis, synthesis, problem solving, and communication [39], technological
and IT skills are also needed [40,41].

AI represents a technology that permits predictions based on historical or real-time
data and improves machine learning models. AIMA technology is already used to perform
complex financial statement analyses, detect fraud, and predict. The preparation and
amendment of accounting records, data analysis, and decision support are tasks that
AIMA technologies can take over while strengthening internal controls for fraud detection.
However, accountants fear that AIMA would replace the human factor in financial and
managerial accounting. On the contrary, AIMA will increase the ability to explore complex
data in real time and help decision making.

The accounting literature has explored the issue of implementing new information
technologies by addressing topics related to the application of specific technologies such as
BC [25,26,42–46], BD [3,47], AI [48,49], or the role of specialists in MA after the implemen-
tation of technological changes [30,50–52]. AIMA solutions can integrate various modules:
automated data collection, cost management, budget management, flexible allocation
among responsibility centers, outputs management, and financial reporting.

Researching new information technologies in accounting in recent decades, Abad-
Segura et al. [53] associated the new concepts of social media, BC, BD, and AI with new
digital technologies. Burns and Igou [54] discussed the advantages and disadvantages
of an intelligent virtual assistant manager, while Zhang [55] addressed intelligent pro-
cess automation, which combines intelligent automation by incorporating AI and other
computerized technologies into traditional robotic processes. Finally, Huang and Vasarhe-
lyi [56] proposed a framework for automating robotic processes that allow accountants and
auditors to focus on tasks that require professional judgment.

3. Materials and Methods
3.1. Research Design

To study the acceptance of AI technology among accountants in Romanian organiza-
tions in the context of the modernization and digitization of MA, we conducted quantitative
research by distributing a survey among Romanian accountants. Figure 1 illustrates the
research process.
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Figure 1. Research process. Source: own construction.

The questionnaire used in this research is built based on the technology acceptance
model (TAM). The TAM uses a behavioral theory approach to explain the process and
assess the adoption of information technology [57]. In this research, we studied behavioral
accounting [58], which investigates perceptions and behavioral characteristics using AIMA
solutions by accountants in Romanian organizations. The TAM, through its indicators,
evaluates the acceptance of technological solutions in a given area. In addition, it evaluates
the influences of some variables on other variables. We used structural equation modeling
(SEM) in the partial least square version available in the SmartPLS v.3.0 software (SmartPLS
GmbH, Oststeinbek, Germany).

3.2. Methods

Path analysis allows for testing hypotheses formulated based on the literature. SEM
involves defining latent, unobservable variables based on exogenous, and observable
variables, which are items of the questionnaire used in the survey. Latent variables have
the observable variables (questionnaire items) as antecedents. Within an SEM model, the
formula used is [59]:

ηi = αη + Bηi + Γξi + ζi (1)

where

η, ξ—endogenous and exogenous latent variables’ vectors;
B—the matrix of regression coefficients relating the latent endogenous variables to each other;
Γ—the matrix of regression coefficients relating the endogenous variables to
exogenous variables;
ζ—disturbance;
i—cases in the sample.

The latent variables are linked to observable variables as follows:

y = Λyη + ε, (2)

x = Λxξ + δ, (3)

where

Λy, Λx—matrices of factor loadings;
ε, δ—vectors of uniqueness.
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The SEM model allows quantifying the influences between latent variables. In this
study, we analyzed the influence of the perceived ease of use and perceived usefulness on
behavioral intent to use in the case of AIMA solutions.

3.3. Hypotheses

The TAM was proposed by Davis [60] in 1985 to assess user acceptance of information
systems. According to [61], this model assesses the influence of internal and external factors
on user perception. The two basic concepts of the TAM, improved by [60], are the perceived
ease of use (PEU) and perceived usefulness (PU). These two primary constructs formed the
basis of later improved models by adding antecedent variables to the two constructs [62,63].
Both constructs influence the behavioral intention to use AIMA solutions and, ultimately,
the actual use. For example, Venkatesh and Bala [63] incorporated the TAM’s intrinsic and
extrinsic factors associated with user perception as antecedents of the perceived ease of use
(PEU) and perceived usefulness (PU).

Consequently, we formulated the following hypothesis concerning the influences on
the behavioral intention to use AIMA solutions:

H1. There is a significant, positive influence of PEU and PU on the behavioral intention to use
AIMA solutions.

PEU is an individual’s perception of the lack of effort in introducing and using AIMA
solutions. PEU leads to a positive behavioral intention regarding the AIMA use, positively
influencing the perceived usefulness. In a modified TAM that was adapted to MA, we used
the following antecedents of PEU: flexibility, rapidity, customization, and enjoyment.

PU is the perception of the degree of performance improvement. PEU also leads
to a positive behavioral intention concerning AIMA, a significant construct influencing
users’ perceptions [61–63]. In our modified TAM adapted to MA, we used the following
antecedents of PU: innovation, convenience, cost, and informativeness.

Accordingly, we formulated the following hypothesis regarding the influences on PEU
and PU:

H2. Among the antecedents of PEU and PU, the most important determinants are rapidity
and innovation.

Behavioral attitude toward use assesses the user’s interest in using AIMA solu-
tions [60]. The behavioral intention to use AIMA solutions describes the MA specialists’
desire to perform activities and processes with the help of these AIMA solutions. The
behavioral attitude toward the use and the behavioral intention to use these solutions
positively influence behavioral intentions [57]. Actual use assesses the extent of AIMA
solutions used. The behavioral intentions of the users influence actual use. In addition to
the classic model, we added the declared user satisfaction. This satisfaction arises from
the use of AIMA solutions and influences the continued use of these technologies and the
future behavioral intention of users.

Consequently, we formulated the following hypotheses concerning the influences on
behavioral intention, actual use, and users’ satisfaction:

H3. There is a significant, positive influence of behavioral intention to use AIMA solutions on the
actual use of AIMA solutions.

H4. There is a significant, positive influence of users’ satisfaction on the future behavioral intention
and use of AIMA solutions.

Figure 2 illustrates the theoretical research model. The TAM involves evaluating
the behavioral intention to use AI technologies in MA, starting from antecedents (char-
acteristics of the AI technologies used in MA). These antecedents determine two latent
variables, PU and PEU, influencing the behavioral intention to use AIMA. In addition, the
model introduces the influence of user satisfaction on the behavioral intention to use the
technology, which influences the actual use.
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3.4. Questionnaire

We collected accountants’ perceptions from Romanian organizations implementing
AIMA solutions using a structured questionnaire to test the proposed theoretical model
and the four hypotheses. The questionnaire contains the external variables of the modified
TAM as items. The questionnaire was completed online by 396 accountants working in MA.
We used a Likert scale with five levels, to facilitate data generalization. Table 1 shows the
structure of the questionnaire, the items, and the scales.

Table 1. Questionnaire design (constructs and items).

Variables Items Scales

Demographic variables
Gender Male (1), Female (2)

Age 18–30 years (1), 31–45 years (2), 46–65 years (3)

PU

Innovativeness

1 to 5 (1—non-important, 5—most important)

Convenience

Cost

Informativeness

PEU

Customization

Flexibility

Rapidity

Enjoyment

Behavioral intention
Attitude toward using 1 to 5 (1—very poor, 5—very good)

Intention to use 1 to 5 (1—very small, 5—very tall)

Actual use Extent of use 1 to 5 (1—minimal, 5—maximal extent)

Users’ satisfaction Stated satisfaction On a scale of 1 to 5 (1—very small, 5—very tall)

Source: author’s construction based on [57,59–62].
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PU, PEU, behavioral intention, actual use, and users’ satisfaction are latent variables in
the modified TAM. Table 2 presents the descriptive statistics that characterize the exogenous
variables used in the questionnaire.

Table 2. Descriptive statistics.

Min Max Mean Std. Deviation Skewness Kurtosis

Gender 1 2 1.46 0.499 0.142 −1.990
Age 1 3 2.04 0.752 −0.066 −1.225

Innovativeness 1 5 3.70 0.881 −0.094 −0.564
Convenience 2 5 3.95 0.850 −0.461 −0.428

Cost 1 5 3.99 0.863 −0.608 −0.003
Informativeness 2 5 3.87 0.838 −0.372 −0.423
Customization 1 5 3.81 0.941 −0.526 −0.388

Flexibility 2 5 4.03 0.957 −0.608 −0.676
Rapidity 2 5 3.82 0.993 −0.388 −0.912

Enjoyment 2 5 3.72 0.975 −0.145 −1.033
Attitude toward using 1 5 3.55 0.968 −0.095 −0.815

Intention to use 1 5 3.82 0.881 −0.484 −0.179
Extent of use 1 5 3.27 1.325 −0.187 −1.119

Stated satisfaction 1 5 3.86 0.949 −0.428 −0.594

Source: author’s construction using SPSS v.20 (SPSS Inc., Chicago, IL, USA).

4. Results

To test the theoretical model, we used the SmartPLS v3.0 software (SmartPLS GmbH,
Oststeinbek, Germany), which allows the application of SEM in a partial least square
variant on the model variables. The first research stage within SEM is the verification
of the loadings of the exogenous variables that underlie the construction of the latent
variables, which must meet the criterion of loading over 0.7 [59]. Figure 3 shows the
applied theoretical model obtained from the application of SEM. The latent variables, the
perceived usefulness and the perceived ease of use (which have antecedent features of the
AIMA solutions), influence accountants’ behavioral intention of using AIMA. The model
emphasizes the influence of the behavioral intention of using AIMA on the actual use and
the influence of user satisfaction on behavioral intention.
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The model had excellent validity and reliability, with Cronbach’s alpha and composite
reliability coefficients recording values above 0.8. In addition, average-variance-extracted
(AVE) coefficients recorded values above 0.6 (Table 3).
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Table 3. Validity and reliability.

Cronbach’s Alpha Composite Reliability AVE

Actual use 1.000 1.000 1.000
Behavioral intention 0.797 0.907 0.830

Easy to use 0.872 0.912 0.723
Usefulness 0.821 0.882 0.651

Users’ satisfaction 1.000 1.000 1.000
Source: author’s construction using SmartPLS v3.0 (SmartPLS GmbH, Oststeinbek, Germany).

For actual use and users’ satisfaction, the reliability and validity indicators had values
of 1.000 because these two latent variables had only one exogenous variable as antecedent.

Investigating the discriminant validity considering the Fornell–Larcker criterion
(Table 4), we found that the model is valid [63]. Additionally, the fit model was excel-
lent, with SRMR being 0.072 and NFI 0.928.

Table 4. Discriminant validity.

Actual Use Behavioral
Intention Easy to Use Usefulness Users

Satisfaction

Actual use 1.000
Behavioral
intention 0.872 0.911

Easy to use 0.880 0.852 0.850
Usefulness 0.779 0.758 0.656 0.807

Users’
satisfaction 0.887 0.846 0.841 0.742 1.000

Source: author’s construction using SmartPLS v3.0 (SmartPLS GmbH, Oststeinbek, Germany).

Analyzing the loading indicators of the antecedents of PU and PEU, as shown in
Figure 2, the most important determinants were rapidity (with a load of 0.863) and innova-
tion (with a load of 0.833), which validated the H2 hypothesis.

Running a bootstrapping procedure in SmartPLS 3.0 (SmartPLS GmbH, Oststeinbek,
Germany), we determined the path coefficients in the modified TAM for AIMA (Table 5).

Table 5. Path coefficients.

Original Sample T Statistics p Values F Square

Behavioral intention ->
Actual use (H3) 0.428 11.230 0.000 0.325

Easy to use -> Behavioral
intention (H1) 0.452 11.645 0.000 0.317

Usefulness -> Behavioral
intention (H1) 0.257 8.182 0.000 0.157

Users’ satisfaction ->
Actual use (H4) 0.525 13.822 0.000 0.489

Users’ satisfaction ->
Behavioral intention (H4) 0.275 6.454 0.000 0.193

Source: author’s construction using SmartPLS v3.0 (SmartPLS GmbH, Oststeinbek, Germany).

Following the analysis of path coefficients (with values above 0.2), t statistics (with
values above 6), and p values (with the value of 0.000), we concluded that hypotheses H1,
H3, and H4 were validated. PEU and PU significantly influenced the behavioral intention to
use AIMA solutions, which significantly positively influenced actual use. Users’ satisfaction
had an average influence on behavioral intention and a significant, positive influence on
the future use of AIMA solutions. The indicator that reflects size effects (F square) also had
a significant value for all studied relationships (over 0.15 according to [58]).
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5. Discussion

The opportunities created by emerging new information technologies offer multiple po-
tential benefits in the conformity assessment, analysis, and presentation of decision-making
information [29]. Technologies such as BD, BC, and AI also create many opportunities,
freeing professionals in MA from routine activities and allowing them to carry out activities
with high added value [49]. For example, Liu et al. [64] identified many BC technology
opportunities, including accountants acting as planners and coordinators of potential BC
participants or acting as administrators.

One of the risks posed by implementing new information technologies in MA iden-
tified by many researchers [54,65] is the availability of human resources to adapt to new
accounting techniques. Therefore, evaluating the perception of users on these AIMA so-
lutions is crucial. To assess user perception regarding the acceptance of AIMA solutions,
we built a theoretical model based on the TAM and formulated four hypotheses, using the
SEM partial least square variant for their testing.

Following our investigation, hypothesis H1 was validated. The more positive the
perception of the PEU, the stronger the behavioral intention to use AIMA solutions. PU had
a significant effect on behavioral intention to use AIMA solutions. Hypothesis H2 was con-
firmed to be valid. Rapidity and innovation exerted the most substantial influence among
the antecedents of PEU and PU. Among the antecedents of PU, innovation, convenience,
cost, and informativeness exerted the most significant influence. Among the antecedents of
PEU, the rapidity of operations performed using AIMA solutions, followed by flexibility,
customization, and enjoyment, exerted the most significant influence.

The testing of the H3 hypothesis led to its validation. Following the SEM analysis,
we found a significant effect of the behavioral intention to use AIMA solutions on the
actual use. A high behavioral intention corresponded to a high degree of actual use. The
initial perception formed during the use led to more intensive use of AIMA solutions. The
satisfaction felt by MA specialists following their use resulted in an increase in future use
and an increased behavioral intention to use AIMA solutions.

Based on the results of our research, we affirmed that the innovation of AI technology
changes the MA working environment. AI can be used for simple and repetitive tasks,
ensuring faster tasks. Activities that involve a large volume of data and are time-consuming
have been facilitated by automation. Given that MA is not included in the mandatory
accounting system, there is greater availability for implementing AIMA solutions. AI can
improve the quality of an organization’s capital or resource allocation decisions by enabling
predictions based on multiple and complex scenarios [66]. AIMA has already generated
considerable tangible benefits in raising the accountants’ skills to collect, process, and
interpret complex data. However, until AI has comparable features to human intelligence,
AI decisions must be transparent and controlled by the human factor to ensure accuracy
and fairness.

While financial accounting and auditing are concerned with analyzing historical data,
management accounting is future-oriented, providing the information needed to adopt
decisions. These features facilitate AI, BD, and BC use for MA to manage rapid changes in
the global competitive environment and uncertainty. In the future, managerial accountants
must become familiar with interface information technologies. Disadvantages of using
AIMA include extending decision-making processes due to exploring a broader set of data,
the very high cost of AIMA solutions, and the IT skills required to update and maintain
the software.

Agrawal et al. [67] showed that the information provided by AIMA solutions reduces
uncertainty, allowing the human factor to make value judgments. However, new informa-
tion technologies cannot replace MA-specific human resource characteristics. For example,
creative intelligence and new ideas are difficult to replace by AI technologies, at least in the
current state. AI is an emerging technology used mainly for routine, repetitive activities
that do not require human innovation [48]. Together with other technologies (e.g., BC, BD,
CC), AI can help automate activities in the accounting profession [49].
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6. Conclusions

The technological revolution 4.0 has accentuated the need for collaboration between
humans and machines to improve the speed and quality of decisions [68]. These develop-
ments have led to the implementation of AIMA solutions, given that MA is the primary
support for internal control and decision making in an organization.

Implementing AIMA solutions is an unavoidable process that will significantly im-
pact the information systems of MA, accounting techniques, and the skills required of
specialists in MA. This study aimed to analyze and evaluate the acceptance of artificial
intelligence technology among accountants in Romanian organizations in the context of
the modernization and digitization of MA. To achieve the purpose of the research, we
conducted quantitative research through a survey based on a questionnaire. Using the
model of acceptance of AIMA, we tested four hypotheses formulated using structural
equation modeling.

6.1. Empirical and Managerial Implications

We found a favorable attitude and a high intention to use these technologies in
MA after applying a modified TAM regarding AIMA solutions. The offered advantages
(innovation, rapidity, customization) exceed the disadvantages (the need to increase the
level of IT skills, the disappearance of jobs for human resources in MA, high initial cost),
which makes AIMA solutions expand an increasing number of activities and processes
of MA. Furthermore, satisfaction among management accounting specialists positively
impacts future use and behavioral intentions to use these technologies on a large scale.

Our research results have profound managerial implications. Knowing the acceptance
of new technologies by professional accountants can help managers establish strategies
for integrating emerging technologies in MA. The TAM allows managers to know those
characteristics they need to convince accountants to accept the integration of AI into MA
more easily.

6.2. Theoretical Implications

The accelerated development of AI-based technologies has led to many changes in
accounting. First, solutions based on AIMA allow eliminating all repetitive tasks, giving
more time to specialists for activities with high added value. In addition to providing the
information needed to support management decisions, AIMA solutions provide decision
alternatives or make decisions if they are operational or repetitive. The human factor’s
role is to control these decisions’ reliability based on programming for diagnosis [69] and
machine learning [70]. As AI technologies develop, higher-level decisions (tactical or even
strategic) are made based on the solutions offered by AI-based technology.

This study showed that implementing digital AIMA solutions offers multiple options
to managers, improves the use of accounting information, and is relatively easy to use.
Automating routine activities and reducing errors are the undoubted advantages of using
AIMA. These benefits generate additional time for accounting managers to evaluate the
efficiency and effectiveness of decisions, allowing them to provide more added-value
services. In addition, AIMA can perform a large part of accounting operations (mainly
routine) and generate a competitive advantage for the organization. Therefore, the digital
skills of managers in MA must intertwine with accounting and managerial skills. AI
contributes to the democratization of accounting expertise, providing accountants tools to
conduct in-depth accounting analyses, even if their practice is limited.

6.3. Limitations and Further Research

One of the main limitations of our research is that the sample cannot be generalized
to a larger population. For the sampling strategy, we used a random method, with the
target population composed of specialists in MA who currently use a specific application
of AI in their activity. Although this transversal research strategy encourages replicability
and comparability in future studies, we did not capture changes in users’ perceptions
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over time as a longitudinal study. Subsequent interdisciplinary research with different
samples (accountants, analysts, managers) could provide valuable information on AIMA
use. Additionally, as the AI implementation in the MA research expands, the model can
incorporate other antecedent variables. Therefore, the antecedents considered in the TAM
can be customizable according to the features of the AI technologies used in MA.
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