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Abstract
Purpose – This study aims to examine the factors affecting accounting students’ adoption of artificial
intelligence (AI) in Vietnam.
Design/methodology/approach – This study employs an empirical analysis based on hand-collected data from
275 accounting students in Ho Chi Minh City, Vietnam. The study model was performed using the partial least
squares structural equation modelling methodology, facilitated by SmartPLS 4.0.
Findings – The study results show that perceived usefulness, perceived ease of use (PEOU), AI literacy, social
influence (SI), facilitating conditions and technology readiness are positively associated with AI adoption by
accounting students. The findings suggest the important role of SI in shaping the relationship between PEOU
and AI adoption.
Research limitations/implications – This study is limited to universities in Ho ChiMinh City, Vietnam, with a
small sample size, whichmay reduce the generalisability of findings to other cities in Vietnam or other countries
due to different regulations. Future research could examine comparative and cross-country analyses within
similar institutional settings.
Practical implications – The study findings suggest that universities should consider offering more AI-related
subjects to improve students’ AI proficiency and capacity.
Originality/value – This study examines the determinants of AI adoption by accounting students in Vietnam,
addressing a previously unexplored area in the literature.
Keywords Artificial intelligence, AI adoption, University students
Paper type Research paper

1. Introduction
It’s going to be interesting to see how society deals with artificial intelligence, but it will definitely be
cool. – Colin Angle – Co-founder of iRobot

Artificial intelligence (AI) is one of the most important and outstanding issues of the 21st
century. According to McKinsey’s report on the state of AI, 56% of respondents use AI
for at least one function, with this figure rising to 57% in emerging economies such as
China, the Middle East and North Africa. Bloomberg News estimated that AI has the
potential to generate $4tn across global industries. Lareina Yee, chair of McKinsey
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Technology, described AI as providing humans with a newfound “superpower” that
considerably boosts economic productivity. Depending on how the technology is adopted
and implemented, productivity could rise by 0.1%–0.6% over the next 20 years. This rapid
advancement in AI is creating unprecedented opportunities to reshape society and
transform the future.
InVietnam,AI is rapidly being developed and adopted across various fields. The application

of AI is transforming the working environment by automating tasks previously performed
manually, resulting in new employer requirements for candidates, including improved
qualifications, capacity and the ability to collaborate with AI. Therefore, university students
must acquire the necessary skills to meet these requirements. In accounting, a field focused on
recording, analysing, summarising and reporting business transactions, AI can automate
structured and repetitive tasks, potentially replacing human accountants in these areas
(Rapoport, 2016). According to the World Economic Forum’s 2015 report, 75% of 816
surveyed chief information officers predicted that 30% of corporate audits would be conducted
using AI by 2025.
AI has become a critical development in the accounting and auditing industry due to its

ability to process large volumes of data accurately and cost-effectively, without human
intervention. The adoption of AI is now a prominent trend, yet accounting education has not
kept pace with technological improvements despite substantial investments by accounting
firms (Damerji and Salimi, 2021). Recently, Damerji and Salimi (2021) examined the effect of
technology readiness (TR) on AI adoption among accounting students in the USA and
emphasised the need for further research into other factors beyond TR, perceived usefulness
(PU) and perceived ease of use (PEOU) that may affect AI adoption. In this context, Mazman
and Usluel’s (2010) comprehensive framework identifies social influence (SI) and facilitating
conditions (FC) as additional key determinants of technology adoption among university
students. Given Vietnam’s status as a developing country experiencing rapid growth in AI
acceptance and utilisation, this study aims to examine how factors such as PU, PEOU, TR, SI,
FC and AI literacy (AL) affect AI adoption by accounting students from a developing country
perspective.
Using survey data from275 university students inHoChiMinhCity, our findings reveal that

PU, PEOU, AL, SI, FC and TR are positively associated with AI adoption among accounting
students. Additionally, the results highlight the important role of SI in strengthening the
relationship between PEOU and AI adoption.
This research provides both theoretical and practical contributions. In particular, it adds to the

literature on AI adoption determinants by moving beyond the theorising and conceptualising
focus of studies like Almufadda and Almezeini (2022). Instead, it emphasises the importance of
examining the underlying factors affecting AI adoption among accounting students within the
Vietnamese context. The study also addresses the scarcity of empirical research on this topic and
responds to calls fromprior studies to examine the determinants ofAI adoption amonguniversity
students. Moreover, by examining AI adoption factors in Vietnam – a developing country – this
research helps to fill the gap inAI-related studies in such contexts. The findings suggest practical
implications, encouraging universities to give more consideration to preparing students for AI
adoption to adopt AI.

2. Literature review and hypothesis development
2.1 Artificial intelligence (AI)
In the context of the rapid advancements of the Industrial Revolution 4.0, AI is no longer a
novel concept. In his seminal work in 1956, John McCarthy defined AI as “the science and
engineering of creating intelligent machines”. From an economic perspective, Ovaska-Few, a
government journalist, characterises AI as the replacement of humans with machines and
technology capable of performing tasks previously done by humans. The emergence of AI is
reshaping and transforming industries that need to process large volumes of data, such as
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finance, accounting and auditing. For instance, Flexi’s 2018 research highlights AI as an
effective tool for preparing month-end financial statements.
According to the Finance and Accounting Women’s Alliance, businesses are increasingly

investing in developing business models to leverage big data and adopt a more analytical
approach. AI technology has become fundamental in modern business operations, designed to
think, feel and react similarly to a living organism. AI also emerges with a new class of
products and services tailored specifically to accounting (Greenman, 2017). This technology
has the potential to replace tasks involving repetitive structures, information analysis, report
preparation and complex processes like bookkeeping and transaction encryption. However, AI
presents challenges, particularly security and privacy risks that accounting professionals must
address (Schweitzer, 2024). Security risks refer to potential threats affecting the
confidentiality, integrity and availability of AI data and systems (AICPA and IMA, 2023).
Privacy risks involve potential violations affecting the rights and interests of individuals and
organisations whose data are collected, processed and shared by AI-based systems (Veale and
Binney, 2017).
With the integration of AI, education can be tailored to address the unique needs of

individual students, offering personalised learning approaches. AI-powered libraries improve
the educational experience by providing better access to resources in higher education
institutions (Cox et al., 2019). AI-enabled chatbots can accurately respond to student inquiries,
even outside regular class hours, helping with admission-related queries and administrative
decisions as the technology improves (Chrisinger, 2019). Additionally, AI is helpful in
creating “smart content,” including digitised textbook guides and customisable digital learning
interfaces across all education levels (Kumar, 2019; Ahmad, 2019).

2.2 Unified theory of acceptance and use of technology
The unified theory of acceptance and use of technology (UTAUT) is considered an effective
model for understanding technology adoption across various fields, including information and
communication technology (Attuquayefio, 2014) and mobile banking (Sarfaraza, 2017).
Developed by Venkatesh et al. (2003), the UTAUTmodel integrates insights from eight prior
theories and models: the technology acceptance model (TAM), the theory of reasoned action,
the theory of planned behaviour (TPB), the motivation model, a combined TAM and TPB
model (C-TAM-TPB), the model of PC utilisation, innovation diffusion theory and social
cognitive theory.
The UTAUT model has become a widely used framework to predict users’ technology

acceptance behaviour. Initially, it was developed to examine four main determinants of
technology adoption: performance expectancy (PE), effort expectancy, SI and FC
(Venkatesh et al., 2003). Recent research has adapted the UTAUT model by integrating
additional factors from other theoretical frameworks, such as PE and attitude towards the
use of AI and related technologies (Andrews et al., 2021). For instance, the quality and
satisfaction of customer relationship management (CRM) systems have been shown to
considerably affect employees’ attitudes and intentions to use AI-integrated CRM systems
(Chatterjee, 2023). With the rise of technologies like AI and the Internet of Things,
assessing whether the current UTAUT model remains relevant or requires modification is
critical (Raman et al., 2014). Damerji and Salimi (2021) examined how TR affects AI
adoption among accounting students in the USA, emphasising the need for updated
models. As traditional acceptance frameworks may not completely capture the unique
opportunities and challenges posed by AI, and considering the framework of Mazman and
Usluel (2010), which highlights the roles of SI and FC in university students’ technology
adoption, this study extends the literature by re-examining the UTAUT model. It
incorporates additional determinants, specifically AL, FC and SI, to address the evolving
dynamics of AI adoption.
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2.3 Hypothesis development
2.3.1 Facilitating conditions. FCs refer to “the degree to which an individual believes that an
organisational and technical infrastructure exists to support the use of the system” (Venkatesh
et al., 2003). These conditions encompass the knowledge, resources and opportunities
necessary for individuals to perform a particular behaviour (Shaw and Sergueeva, 2019).
For technology adoption, FCmay include access to resources, adequate training and technical
support (Cabrera-S�anchez et al., 2021). Ng et al. (2021) highlighted that inadequate learning
technologies are a major barrier for non-computer science students in learning AI. Support
from university management, such as providing AI training programs and consulting services,
can help students develop the skills and knowledge needed to useAI effectively. Consequently,
FCs play an important role in shaping behavioural intentions to adopt technology (Taylor and
Todd, 1995). The first hypotheses are formulated as follows:

H1a. Facilitating conditions are positively associated with PU.

H1b. Facilitating conditions are positively associated with PEOU.

H1c. Facilitating conditions are positively associated with AI adoption.

2.3.2 AI literacy.AL is defined as “learners’ capacity to apply AI knowledge and technology in
their lives” (Chen et al., 2022). Connecting AL to students’ personal lives and future goals can
enhance theirmotivation to learnAI and better prepare them formaking informed decisions in an
AI-driven world (Dai et al., 2020). A foundational understanding of AI enables learners tomake
independent AI-related judgements (Kong et al., 2021). Lin et al. (2021) show that interactive
discussions and hands-on experiences considerably improve students’ AI knowledge and skills.
The level of AI knowledge is recognised as the key factor determining their intention to learn AI
(Chai et al., 2021). Similarly, Dai et al. (2020) showed that AL forms the foundation for
understanding AI technology, enhancing readiness and fostering appreciation for AI’s potential.
Consequently, students with higher AL are more likely to adopt AI, recognising its benefits and
its capacity to improve work efficiency. Based on evidence from prior studies, the following
hypotheses are proposed:

H2a. AI literacy is positively associated with perceived usefulness

H2b. AI literacy is positively associated with perceived ease of use

H2c. AI literacy is positively associated with AI adoption

2.3.3 Technology readiness. TR is defined as “an organisation’s infrastructure being at an
appropriate level so that people can apply new technology to their work” (Pham et al., 2023).
Pham et al. (2020) highlighted the important impact of TR on technology adoption. Similarly,
Damerji and Salimi (2021) documented its positive effect on university students’ adoption of
technology. With access to appropriate infrastructure and necessary tools, university students
can interact effectivelywith AI applications and platforms. Consequently, they aremore likely
to perceive AI as useful and easy to use, motivating them to adopt and apply AI in their future
careers. Based on the above discussion, the following hypothesis is proposed:

H3a. Technology readiness is positively associated with perceived usefulness

H3b. Technology readiness is positively associated with perceived ease of use

H3c. Technology readiness is positively associated with AI adoption

2.3.4 Perceived usefulness. PU is defined as “the degree to which users believe that using a
particular system will improve their work performance” (Davis, 1989). The PU of a technology
considerably influences users’ adoption and continued use of that technology (Ma andLiu, 2004).
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In the context of AI, it enables faster and more accurate processing of data and information,
particularly in data-intensive industries such as finance, banking, accounting and auditing. From
the perspective of the technology adoption model (TAM), an individual’s intention to adopt and
use a new technology is affected by the benefits it provides (Venkatesh et al., 2003). Similarly,
Sudaryanto et al. (2023) found that students are more likely to adopt AI if they perceive it as
useful for improving their work performance. Based on the above discussion, the fourth
hypothesis is proposed:

H4. Perceived usefulness is positively associated with AI adoption

2.3.5 Perceived ease of use. PEOU is defined as “the degree to which a person believes that
using a particular systemwill be easy” (Davis, 1989).According toDamerji andSalimi (2021),
the ease of using AI considerably affects its adoption, as users who find AI challenging to use
may not perceive it as beneficial for their work. Mazman and Usluel (2010) highlight that
technical competence and skills are critical factors affecting an individual’s adoption of new
technology. Similarly, Sharma et al. (2021) showed that ease of use plays an essential role in
shaping attitudes and intentions towards AI adoption in accounting. Alamri et al. (2019)
further claim that AI’s ease of use positively affects students’ willingness to adopt it. Based on
evidence from prior studies, the next hypothesis is proposed:

H5. Perceived ease of use is positively associated with AI adoption

2.3.6 Social influence. SI is defined as “the extent to which an individual perceives that
significant others believe they should use the new system” (Venkatesh et al., 2003).
It encompasses the impact of interpersonal relationships and peer recommendations on
decision-making (Bagozzi, 2000) and involves changes in thoughts, feelings, attitudes or
behaviour due to interaction with others (Raven, 1964). Individuals are more likely to perform
a particular behaviour when important people in their lives think positively about it (Owusu
et al., 2019). For university students, perceiving support and encouragement from peers and
mentors regarding AI usage can motivate them to adopt AI applications. Taiwo and Downe
(2013) suggested that SI is also exerted by senior management and colleagues, while Wang
et al. (2013) stated its role in enhancing technology skills. Based on evidence from prior
studies, the following hypotheses are proposed:

H6a. Social influence is positively associated with AI adoption

H6b. The positive association between perceived ease of use and AI adoption is more
pronounced for university students with a higher level of social influence

The hypotheses in this study are illustrated in Figure A1 [1].

3. Methodology
3.1 Measures
Prior to collecting the main data, survey items were selected to identify factors considerably
affecting students’ adoption of AI. These items were adopted from previously validated
studies and adapted to fit the context. The authors slightly modified the items for our study to
align with the specific context of studying AI adoption among university students in Vietnam.
For measuring PU, PEOU and AI adoption, the authors adopted andmodified survey items

from Damerji and Salimi (2021) [2]. AL variables were measured using indicators developed
by Chen et al. (2022). TR was assessed by adapting items from Pham et al. (2023). SI and FC
were measured using a questionnaire derived from Owusu et al. (2019).
Before collecting data, the authors invited four industry experts with over 15 years of

experience and three academic expertswithmore than 10years of experience in the allied field to
review the readability and comprehensiveness of the survey items. These experts,
knowledgeable in the domain of this study, provided feedback that was incorporated into the
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survey. After modifications, all experts reached a consensus that the measurement items were
appropriate. Details of all survey items are presented in Table A1 [1].
To operationalise concepts and constructs, the authors employed a five-point Likert scale

ranging from “strongly disagree” (1) to “strongly agree” (5). This approach is widely accepted
in empirical research, especially when established measures to quantify abstract ideas like
resources and capabilities are unavailable (Kumar et al., 1993). The measurement model was
executed using partial least squares structural equation modelling (PLS-SEM) with the
assistance of SmartPLS 4.0.

3.2 Data and sample selection
According to Straub et al. (2004), a survey-based approach is suitable for research in
exploratory settings and predictive theory. Accordingly, data in our study were collected
through an online survey conducted betweenDecember 21, 2023, and January 2, 2024, among
Vietnamese students from the University of Economics Ho Chi Minh City (UEH) and other
universities inHoChiMinhCity, such as theUniversity of Economics and Law, Foreign Trade
University and Ho Chi Minh University of Banking. These universities were chosen for their
reputations, degree-bound undergraduate accounting programs and contributions to the
accounting and auditing industry in Vietnam. Additionally, they were selected due to
geographical convenience, although they were not randomly chosen, which is a limitation of
this study. However, includingmultiple sites increased the sample size, aiding generalisability.
The inclusion of multiple universities ensured greater anonymity for participants, addressing
potential concerns when examining AI adoption by accounting students. Despite the lack of
random selection, this study remains potentially generalisable, as most universities include
similar topics in their standard accounting curricula.
A total of 1,000 invitations to complete the questionnaire in Vietnamese were randomly

sent to full-time students atUEHand other universities inHoChiMinhCity. The questionnaire
items, originally developed in English, were translated into Vietnamese using the standard
translation and back-translation procedure (Brislin, 1980). Experts reviewed the translated
items to ensure coherence between the two languages. Survey emails provided students with
information about the nature and objectives of the research project. After the survey closed,
296 responses were received, of which 275 complete responses were included in our analysis.
To assess potential non-response bias, the profiles of respondents from the mailing list were
used to compare gender, university and education level between responding and non-
responding students. Chi-square analyses revealed no significant differences in these
attributes, indicating no systematic response bias.
Table A2 [1] presents the demographic characteristics of the survey participants. Among

the respondents, 217 (78.9%) were female and 58 (21.1%) were male, reflecting the
Vietnamese gender structure of accountants, where women constitute the majority. The
majority of respondents were fromUEH, which has the largest number of accounting students
in Ho Chi Minh City, with approximately 5,000 accounting students annually. Regarding
academic standing, 36.7% of the participants were freshmen, 10.9%were sophomores, 43.3%
were juniors and 9.1% were seniors.

4. Results
4.1 Measurement results
This section outlines the findings from the data analysis of the measurement model,
emphasising the evaluation of reliability and validity. The analysis includes (1) assessing item
loadings and internal consistency reliability, (2) evaluating convergent validity and (3)
examining discriminant validity [3] (Hair et al., 2019).
Table A3 [1] presents the description of all survey items and their corresponding item

loadings. All item loadings exceed the recommended threshold of 0.70, indicating strong
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statistical consistency among indicators, as per the internal consistency reliability standard.
Consistent with Hair et al. (2019), composite reliability (CR) was employed to assess internal
consistency. The results show that all CR values surpass the recommended benchmark of 0.70,
confirming robust internal consistency.
Convergent validity measures the extent to which assessments of similar or identical

constructs are positively correlated, supporting construct validity. In evaluating convergent
validity, the average variance extracted (AVE) is reported. In this analysis, all AVE values
ranged from 0.63 to 0.86, exceeding the recommended threshold of 0.50, thereby
demonstrating satisfactory convergent validity.
Discriminant validity evaluates the extent to which a construct is distinct from other

constructs (Hair et al., 2019). This study uses the Fornell and Larcker (1981) criteria for
assessment. In Table A4 [1], the square root of the AVE scores (ranging from 0.79 to 0.93)
exceeds all corresponding bootstrapped correlation coefficients, and most correlation
coefficients are below the cut-off value of 0.7 (Tabachnick et al., 2013). These results
confirm satisfactory discriminant validity.
In this study, potential issues related to common method bias were considered since the

research relies on self-reported data (Podsakoff et al., 2003). To test the severity of common
method variance, a Harman’s single-factor test was conducted. The results show that the first
factor accounted for 36.83% of the total variance, indicating that no single factor dominates the
variance. Additionally, a common method factor was incorporated into the model to further
address commonmethod biases. Results are presented in TableA5 [1]. The authors also evaluate
the presence of multicollinearity by calculating the variance inflation factor (VIF). The results
indicate that the VIF values in this study range from 1.09 to 1.76, all of which are well below the
threshold of 10. Therefore, multicollinearity was not a concern in this study.

4.2 Structural results
The structural model assessment follows the recommendations of Hair et al. (2019).
The authors employ the PLS-SEM approach, which is known for its higher statistical power
compared to covariance-based structural equation modelling under similar conditions (Reinartz
et al., 2009). The path coefficients between endogenous and exogenous constructs were
evaluated using 500 sub-sampling iterations via the bootstrap method. The standardised root
mean square residual indicator provides a goodness-of-fit estimate of 0.065, which is below the
recommended threshold of 0.08 (Henseler et al., 2016), indicating an acceptable model fit.
The adjustedR2 values range from 0.51 to 0.63, exceeding the 0.10 threshold, indicating that the
predictors explain a significant proportion of the variance in the dependent variable and that the
variances are within an acceptable range.
In Table A6 [1], the coefficients of FC are positive and significant at the 1% level across all

columns. These results confirm H1a, H1b and H1c, demonstrating that FCs positively affect
PU, PEOU and AI adoption. These findings align with previous research by Chiu et al. (2012)
about the significant influence of FC on behavioural intentions in technology adoption
contexts. Our findings indicate that FCs contribute to creating a supportive learning
environment, enabling students to enhance their skills and knowledge for AI application. This
fosters a positive attitude towards AI and a better understanding of its potential benefits.
Similarly, the coefficients of AL are positive and significant at least at the 5% level across

all columns. These results confirmH2a, H2b andH2c, indicating that AL positively influences
PU, PEOU and AI adoption. These findings align with a recent survey byWood et al. (2021),
showing that professionals and students consider AI knowledge essential and favour
integrating AI courses into regular curricula. Students with AI knowledge are more likely to
perceive AI as a useful tool for improving work efficiency. These findings have significant
implications for universities, encouraging the integration of AI into curricula to better prepare
students for their future careers.
The coefficients of TR are significantly positive across all columns, providing evidence to

support H3a, H3b and H3c, which propose that TR positively influences PU, PEOU and AI
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adoption. As AI increasingly impacts society, its benefits are becoming more widely
recognised. Damerji and Salimi (2021) noted a positive correlation between TR and students’
adoption of new technology. When students have opportunities to interact and work within a
well-supported infrastructure, they are more likely to develop positive attitudes and
confidence in using AI.
The coefficients of PU and PEOU are positive and significant in columns (3) and (4),

supporting H4 and H5. These findings indicate that both PU and PEOU are significantly
associated with AI adoption among university students in Vietnam. This aligns with prior
research byMa andLiu (2004) that emphasisesAI’s advantages in specialised fields, noting its
ability to automate repetitive tasks, allowing users to focus on professional duties. This
increased efficiency and ease of operation positively influence AI adoption by making tasks
faster, simpler and more efficient.
To test H6a and H6b, the authors incorporate SI and its interaction variable with PEOU

(SI*PEOU) into the regressions. Table A6 [1] shows that the coefficients for SI and SI*PEOU
are positive and significant. These results suggest that SI is directly and positively associated
with AI adoption, and the relationship between PEOU and AI adoption is amplified when
students are influenced by individuals they consider significant. This finding aligns with the
findings of S�anchez et al. (2014), who identified SI as a key determinant of technology
adoption. SI facilitates uncertainty reduction (Oldeweme, 2021) and encourages seeking
positive information (Alsyouf et al., 2022). Consequently, SI not only intensifies career-
related competition among students but also motivates them to engage with and adopt new
technologies.

5. Implications
5.1 Theoretical implications
This study makes several theoretical contributions. While Almufadda and Almezeini (2022)
provided a conceptual framework for AI adoption, Damerji and Salimi (2021) recently
examined the impact of TRon theAI adoption of accounting students and emphasised the need
for further research into additional influencing factors beyond TR, PU and PEOU. Addressing
this gap, this study examines howAL, SI, TR and FC contribute to AI adoption by accounting
students, mediated through attitudinal belief structures such as PU and PEOU.
This study extends the technology acceptancemodel (TAM) by explicitly incorporating the

behavioural intention of accounting students towards using AI, adding a layer of originality to
the proposed theoretical model. The inclusion of behavioural factors in AI adoption is a
distinctive contribution, enriching the understanding of how personal attitudes affect
technology acceptance. Further, examining AI adoption in the context of Vietnam – a
developing country experiencing rapid growth in AI use – introduces a new perspective.
The theoretical model uniquely integrates Vietnam’s specific characteristics, further
distinguishing this study’s contributions to the field.

5.2 Practical implications
This study also has several practical implications. First, the proposed model identifies SI and
FC as essential predictors of AI adoption among accounting students, mediated by PU and
PEOU. This implies that accounting firms’ top management should address employees’
behavioural intentions by showcasing AI’s effectiveness in accounting and auditing tasks. For
example, firms could share success stories from other organisations where AI systems have
been successfully implemented. Second, our findings highlight the need for collaboration
between accounting firms and educational institutions to introduce AI-related courses tailored
for employees. Finally, universities should prioritise developing strategies and curricula to
enhance AI adoption skills among accounting students, preparing them to meet the evolving
demands of the accounting and auditing industry.
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6. Conclusion
This studyexamines the factors affectingAI adoptionamonguniversity students inVietnam.Using
hand-collected data from students in Ho ChiMinh City, the study findings reveal that PU, PEOU,
AL, SI, FC and TR positively affect AI adoption. These insights highlight the need for universities
to integratemoreAI-focused subjects into their educational programs, aiming to improve students’
AI capabilities and better prepare them for the evolving demands of the workforce.
By shedding light on factors affecting AI adoption by accounting students, the findings

offer valuable insights for universities and students to consider when embracing AI in the
future. Students can leverage this knowledge to examine areas like machine learning, deep
learning and natural language processing, gaining a competitive edge in professional tasks.
Universities can further support this by organising or hosting workshops, seminars,
extracurricular activities and campaigns focused on AI and its practical implementation in
the workplace. Consequently, this study aims to enhance students’ awareness of AI
advancements, equipping them to integrate AI technologies into their future careers.
Currently, some universities offer well-structured curricula to help students improve their

skills and abilities to work with AI. The authors recommend that universities complement
academic training programs with practice-related courses to provide students with hands-on
interaction and deeper understanding of AI. Additionally, universities should ensure access to
advanced learning tools and provide adequate support from administrators and technical staff.
These measures will enable students to adapt effectively to working with AI in the future.
Although this research makes several important contributions, it also has potential

limitations. First, the study focuses exclusively on universities in Ho Chi Minh City, Vietnam,
with a small sample size, limiting the generalisability of findings to other cities in Vietnam or
internationally due to different regulations. Future research could examine comparisons and
cross-country predictions within similar institutional contexts. Second, respondents may not
have clearly understood AI and its applications in the accounting and auditing industry,
potentially leading to responses based on values and beliefs rather than knowledge, education
or experience. Third, the conceptual model was developed specifically for this study, so the
structural results should be interpreted carefully. Additionally, this study employs only the
PLS-SEMmethod to analyse data. Future research should consider other methods to not only
identify relationships between variables but also evaluate the relative importance of variables.

Notes
1. Please see it on the Online Appendix.

2. According to Damerji and Salimi (2021), two items to measure the intention to adopt AI technologies
were designed specifically for their study with the focus on AI adoption by accounting students. After
consulting experts in allied field, the authors decided to adopt these two items to measure AI adoption
in our study.

3. The authors also estimate Cronbach’s alpha of each construct (construct reliability test) to assess
whether identified constructs are consistent. Untabulated results indicate that the Cronbach’s alpha of
each construct is more than 0.6, confirming that our constructs are reliable.
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