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Abstract 
 

This study aims to examine accounting students’ readiness to face artificial intelligence (AI) within the context of 
digital transformation, focusing on the influence of AI Technology Literacy, AI in Accounting, and Perception of 
AI. Using a quantitative approach, data were collected from 300 accounting students through a Likert-scale 
questionnaire and analyzed with Smart PLS. The measurement model demonstrated strong reliability and validity, 
with all constructs exceeding recommended thresholds for Cronbach’s Alpha, Composite Reliability, and Average 
Variance Extracted. Structural model results revealed that AI Technology Literacy and Perception of AI 
significantly and positively affect students’ readiness for digital transformation, while AI in Accounting showed 
no significant impact. The model explained 22.8% of the variance in readiness, indicating the presence of other 
contributing factors beyond the tested constructs. These findings highlight the importance of integrating practical 
AI literacy training and fostering positive perceptions toward AI in accounting education, while emphasizing that 
theoretical exposure alone is insufficient to build readiness. The study implies that curriculum development should 
combine technical skill-building, attitudinal shaping, and experiential learning, supported by industry 
partnerships and equitable access to technology, to prepare accounting graduates for the evolving demands of an 
AI-driven profession. 
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Introduction  

In the past decade, technological advancements have profoundly transformed industries, and the accounting 
profession is no exception. Among these advances, Artificial Intelligence (AI) has emerged as a game-changing 
force that is reshaping the nature of work, redefining roles, and altering the competencies required of future 
professionals. AI applications in accounting include automation of routine transactions, anomaly detection in 
financial data, predictive analytics, chatbot-based client interactions, and real-time audit processes. These 
innovations are revolutionizing how accountants process data, make decisions, and interact with clients (Bai et 
al., 2024; Gao et al., 2024). Consequently, educational institutions and students must adapt to this accelerating 
transformation to remain relevant in the digital era. 

This phenomenon places accounting students at the frontline of a paradigm shift. As future professionals, they 
are expected to possess not only technical accounting knowledge but also an understanding of digital tools, data 
analytics, and AI-based systems. Numerous studies in 2024 have emphasized that AI literacy is becoming an 
essential competency for graduates entering the accounting profession (Ge & Bao, 2024; Fan et al., 2024; Z. Liu 
et al., 2024). However, there remains a gap between the increasing demand for AI-savvy accountants and the 
actual preparedness of students to operate in this digitalized environment. While universities have begun 
incorporating data analytics and ERP modules into curricula, the extent to which these prepare students for AI-
based tasks is still unclear (J. Li, Wu, et al., 2024; Shi et al., 2024). 

At the core of this issue lies the concept of readiness, defined as the degree to which individuals feel equipped, 
confident, and willing to adapt to technological disruptions. In the context of accounting education, readiness 
involves cognitive understanding of AI concepts, emotional acceptance of change, and behavioral intention to 
embrace digital tools in practice. A number of scholars have explored the readiness of employees and 
organizations, but few have focused specifically on students, especially in developing contexts (Sui et al., 2024; 
P. Li & Zhao, 2024). Given the velocity of AI adoption in accounting firms, it becomes crucial to investigate the 
readiness of accounting students to face these inevitable changes. 

The growing body of research underscores the importance of equipping accounting students with skills in AI 
and digital transformation. For instance, X. Chen et al. (2024) argue that digital readiness is not merely a technical 
challenge but also a psychological one, involving trust in AI systems, fear of job displacement, and perceived 
relevance of AI in one’s future career. Similarly, He et al. (2024) highlight that students often overestimate their 
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digital skills while underestimating the complexity of AI implementation in real-world accounting. Thus, student 
perceptions, motivation, digital exposure, and educational support become significant factors influencing 
readiness (W. Jiang & Wang, 2024; Su & Wu, 2024). In light of the above, this study aims to explore accounting 
students' readiness to face AI-based digital transformation. The objectives of this research are threefold: 
(1) To what extent do accounting students understand AI technology in the accounting context? 
(2) Do students feel prepared to face professional changes resulting from AI developments? 
(3) What factors influence student readiness for AI-based digital transformation? 

 
Understanding these aspects is vital for aligning accounting education with future workforce requirements. 

Recent studies (Y. Jiang, Wang, et al., 2024; J. Yang et al., 2024) point out that curriculum innovation, institutional 
support, internship experience, and personal digital exposure significantly shape how students perceive and 
respond to technological change. Educational institutions need evidence-based insights to redesign their 
pedagogical strategies, and this research contributes by offering such empirical grounding. 

Moreover, the transformation driven by AI brings both opportunities and threats. On the one hand, AI can 
enhance efficiency, reduce errors, and allow accountants to focus on strategic decision-making and advisory roles 
(Z. Li et al., 2024; Zhong & Ma, 2024). On the other hand, it may displace traditional roles, particularly those 
centered on bookkeeping, payroll, and audit sampling, which are now increasingly automated (Wei & Li, 2024; 
Y. Wang & He, 2024). Accounting students must be equipped to move beyond repetitive tasks and build 
competencies in areas such as judgment, interpretation, ethical reasoning, and communication skills where 
humans complement rather than compete with machines (Z. Chen et al., 2024; G. Zhao et al., 2024). 

Cultural context, infrastructure, and policy also play important roles. In many Asian countries, including 
China, Indonesia, and Vietnam, where this research draws several comparative references, the digital 
transformation in education is uneven. While some urban institutions have rapidly digitized their curricula, rural 
or less-resourced universities still lag behind (Vu et al., 2024; H. Wang & Liu, 2024). This digital divide affects 
not only students’ access to technology but also their digital confidence and perceptions toward AI (N. Liu et al., 
2024; L. Zhao & Yuan, 2024). A nuanced understanding of these contextual factors is necessary to propose 
interventions that are inclusive and effective. 

Finally, student readiness for AI should not be viewed in isolation but as part of a broader shift toward 
Education 4.0, where personalization, gamification, and digital literacy are integrated into learning environments. 
As Wu & Cheng (2024) and T. Xu et al. (2024) suggest, AI-enabled learning platforms, simulation tools, and 
case-based pedagogy can significantly enhance student engagement and competence in emerging technologies. 
Encouraging self-efficacy, curiosity, and experimentation with AI tools will empower accounting students not 
only to survive but to thrive in the digital age. 

In summary, as AI continues to reshape the accounting profession, it becomes imperative to understand how 
prepared our future professionals, current accounting students, truly are. By identifying the level of understanding, 
feelings of preparedness, and influencing factors behind their readiness, this research seeks to bridge the gap 
between academic preparation and industry expectations. The findings will have practical implications for 
curriculum development, teaching strategies, and career planning services, ensuring that graduates are not only 
aware of AI but are equipped to collaborate with it effectively and ethically. 

 
Literature Review 

The integration of Artificial Intelligence (AI) into the accounting profession is transforming the roles, 
responsibilities, and required competencies of future accountants. As a result, there is growing concern over 
whether accounting students are sufficiently prepared to face the professional challenges brought about by AI-
based digital transformation. The literature reveals a complex landscape in which understanding, readiness, and 
influencing factors vary significantly among students, institutions, and regions. 

Many studies emphasize that while students are increasingly aware of AI, their understanding is often limited 
to surface-level concepts. According to Fan et al. (2024) and Qin et al. (2025), AI is frequently introduced in 
accounting programs without practical context or experiential learning, making it difficult for students to apply it 
meaningfully in real-world accounting scenarios. This gap between knowledge and application limits students’ 
ability to benefit from AI advancements fully. 

Student readiness for AI-related changes is mixed. Those with access to AI-integrated curricula, industry 
internships, or digital accounting tools tend to feel more prepared (X. Yang & Xie, 2024; Y. Jiang, Wang, et al., 
2024). In contrast, students from less-resourced institutions often feel underprepared and disconnected from the 
technological skills required by the profession (Gui & Hou, 2025; H. Li & Zhong, 2025). This discrepancy 
underscores the role of institutional support in shaping student preparedness. 

Several studies identify key factors influencing readiness. Digital access, teaching methodology, and 
curriculum design are among the most significant. Lei et al. (2024) and Q. Liu & Wang (2025) show that students 
with exposure to AI tools through labs or case studies report higher confidence. Meanwhile, active learning 
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approaches such as project-based and problem-solving pedagogy are shown to enhance both understanding and 
adaptability (Shi et al., 2024; F. Li & Zhang, 2025). 

Psychological readiness is another critical theme in the literature. Students’ perceptions of AI, whether as a 
threat or an opportunity, strongly influence their engagement. Bao & Yang (2025) note that belief in AI’s 
usefulness boosts motivation, while fear of job loss and lack of clarity about future roles create anxiety and 
resistance (Z. Li et al., 2024; Jin et al., 2025). These findings suggest that emotional and cognitive responses must 
be addressed alongside technical training. 

Curriculum alignment with industry demands is also essential. Studies by G. Zhao et al. (2024) and M. Wang 
& Feng (2025) recommend incorporating AI-related content such as automation, blockchain, and predictive 
analytics into core accounting education. However, many universities still lag in adopting such forward-looking 
strategies. Collaboration with industry is encouraged to ensure relevance and enhance student readiness through 
certifications and experiential learning opportunities. 

In conclusion, the literature affirms that while awareness of AI is increasing among accounting students, actual 
preparedness remains inconsistent. Addressing this issue requires comprehensive strategies involving curriculum 
reform, digital infrastructure investment, experiential pedagogy, and psychological support to ensure that students 
can thrive in the rapidly evolving digital accounting landscape. 
 
Method 

This study employs a quantitative research approach to investigate the extent to which AI-related knowledge, 
attitudes, and perceptions predict accounting students’ readiness for digital transformation. The target population 
consists of undergraduate accounting students who are familiar with the concepts of Artificial Intelligence (AI) 
or digital accounting, with a total of 87 respondents obtained using purposive sampling to ensure the selected 
participants meet the required criteria. Primary data were collected through a structured questionnaire distributed 
to the respondents. The instrument used a five-point Likert scale ranging from 1 (Strongly Disagree) to 5 (Strongly 
Agree) to measure four key variables: AI Technology Literacy (X1), Attitude towards AI in Accounting (X2), 
Perceived Impact of AI on Job Prospects (X3), and Readiness for Digital Transformation (Y), each represented 
by five indicators. 

Data analysis was conducted in two stages. The first stage, the measurement model (outer model), focused on 
evaluating indicator reliability through factor loadings, assessing construct reliability using Cronbach’s Alpha and 
Composite Reliability, and examining convergent validity with Average Variance Extracted (AVE), as well as 
discriminant validity using the Fornell-Larcker criterion and cross-loading analysis. The second stage, the 
structural model (inner model), tested the hypothesized relationships among variables by analyzing path 
coefficients, assessing their statistical significance, and evaluating the model’s explanatory power (R²) and 
predictive relevance (Q²). Through these analyses, the study aimed to determine how AI literacy, attitudes towards 
AI, and perceived impacts of AI on job prospects contribute to students’ readiness to embrace digital 
transformation in the accounting field.  
 
Results and Discussions 

Table 1. Validity and reliability test 

  
Cronbach's 
alpha 

Composite 
reliability 
(rho_a) 

Composite 
reliability 
(rho_c) 

Average 
variance 
extracted (AVE) 

AI Technology Literacy_(X1) 0.945 0.973 0.957 0.818 
AI in Accounting_(X2) 0.944 0.976 0.957 0.815 
Digital Transformation_(Y) 0.948 0.960 0.960 0.828 
Perception of AI_(X3) 0.928 0.962 0.944 0.773 

Source: data processed, Smart pls 2025 
 

Table 1. The results of the validity and reliability tests indicate that all research constructs meet the criteria 
recommended in PLS-SEM. The Cronbach's Alpha values for all variables are above 0.90 (X1 = 0.945; X2 = 
0.944; Y = 0.948; X3 = 0.928), indicating very high internal reliability, meaning that the indicators in each 
construct consistently measure the same variable. The Composite Reliability values (rho_a and rho_c) are also 
above the threshold of 0.70 even approaching 1 indicating very strong internal consistency, so the constructs are 
considered reliable for use in further analysis. Furthermore, the Average Variance Extracted (AVE) values for all 
constructs are above 0.50 (X1 = 0.818; X2 = 0.815; Y = 0.828; X3 = 0.773), meaning that more than 50% of the 
indicator variance can be explained by their respective constructs. In theory, a high AVE indicates good 
convergent validity, meaning the indicators within the construct are highly correlated and reflect the same concept. 
Therefore, all constructs meet the requirements for convergent validity (AVE > 0.50) and reliability (Cronbach's 
Alpha > 0.70 and Composite Reliability > 0.70). These results provide confidence that the measurement of 
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constructs such as AI Technology Literacy (X1), AI in Accounting (X2), Perception of AI (X3), and Digital 
Transformation (Y) has been carried out consistently and validly. These high values also indicate that the 
measurement model of this study is relatively robust and ready to enter the structural model analysis stage. 
However, it is important to remember that excessively high reliability (close to 1) sometimes indicates item 
redundancy or questions that are too similar. Therefore, although statistically sound, substantively still needs to 
be reviewed to ensure the instrument does not lose diversity in measurement. Overall, the results in Table 1 show 
that the data quality in terms of validity and reliability is very adequate for further hypothesis testing. 

 
Table 2. VIF Value 

  VIF 
X1_1 3.977 
X1_2 4.315 
X1_3 4.148 
X1_4 3.712 
X1_5 2.798 
X2_1 3.176 
X2_2 4.608 
X2_3 4.268 
X2_4 4.090 
X2_5 2.783 
X3_1 3.474 
X3_2 4.310 
X3_3 2.881 
X3_4 4.031 
X3_5 3.899 
Y_1 4.356 
Y_2 5.876 
Y_3 3.842 
Y_4 3.439 
Y_5 4.301 

Source: data processed, Smart pls 2025 
 
Table 2 displays the Variance Inflation Factor (VIF) values for each indicator of all research constructs. VIF 

is used to detect multicollinearity issues between indicators in the PLS-SEM measurement model. Generally, the 
recommended VIF value is below 5 (or in some literature, below 10) to indicate that there is no serious 
multicollinearity. The results in the table show that all indicators have VIFs between 2.783 and 5.876. Most VIF 
values are in the range of 3–4, indicating that the relationship between indicators is well maintained without 
excessive correlation. However, one indicator, Y_2, has the highest VIF value (5.876), although it is still within 
the tolerance limit of <10. This value is noteworthy because it is close to the strict threshold of 5 used by some 
researchers. Overall, these results indicate that the indicators in each latent variable have a reasonable correlation 
and do not indicate any data redundancy issues that could interfere with model estimation. A moderate VIF reflects 
that each indicator contributes unique information to its construct, despite its correlation with other indicators 
within the same construct. Therefore, in terms of multicollinearity, this data can be considered suitable for use in 
further structural model analysis. 

 
Table 3. Fornell-Larcker test  

  
AI Technology 
Literacy_(X1) 

AI in 
Accounting_(X2) 

Digital 
Transformation_(Y) 

Perception 
of AI_(X3) 

AI Technology Literacy_(X1) 0.904       
AI in Accounting_(X2) 0.306 0.903     
Digital Transformation_(Y) 0.325 0.252 0.910   
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Perception of AI_(X3) 0.236 0.313 0.408 0.879 
Source: data processed, Smart pls 2025 

 
Table 3. The Fornell-Larcker test is used to measure discriminant validity, namely the extent to which a 

construct is truly different from other constructs. In principle, the square root of the AVE (shown on the diagonal 
of the table) must be greater than the correlation between that construct and other constructs. The table results 
show that the diagonal values (X1 = 0.904, X2 = 0.903, Y = 0.910, X3 = 0.879) are all greater than the correlation 
values in the corresponding rows/columns. For example, the square root of the AVE for X1 (0.904) is higher than 
its correlations with X2 (0.306), Y (0.325), and X3 (0.236). This indicates that each construct is unique and does 
not overlap excessively with other constructs. This finding is important because it confirms that AI Technology 
Literacy, AI in Accounting, Perception of AI, and Digital Transformation indeed measure different dimensions 
according to the research conceptual framework. With good discriminant validity, the results of estimating the 
relationship between variables in the structural model will be more accurate and can be interpreted correctly. 

 
Table 4. R Square 

  R-square R-square adjusted 
Digital Transformation_(Y) 0.228 0.200 

Source: data processed, Smart pls 2025 
 

Table 4. The R-squared value indicates how much of the variance of the dependent variable can be explained 
by the independent variables in the structural model. In this result, Digital Transformation (Y) has an R-square of 
0.228 with an adjusted R-square of 0.200. Based on Chin's (1998) interpretation, an R-squared value of around 
0.19 is considered weak, 0.33 is moderate, and 0.67 is strong. Thus, a value of 0.228 indicates that the constructs 
of AI Technology Literacy (X1), AI in Accounting (X2), and Perception of AI (X3) together are able to explain 
around 22.8% of the variance in Digital Transformation. Although categorized as weak, this value still has 
practical significance, especially in social and behavioral research, where other variables outside the model also 
have the potential to influence the dependent variable. The slightly lower adjusted R-square value (0.200) adjusts 
for the effect of the number of predictors, indicating consistent results. 
 

Table 5. Hypothesis testing 

  

Original 
sample 
(O) 

Sample 
mean 
(M) 

Standard 
deviation 
(STDEV) 

T statistics 
(|O/STDEV|) P values 

AI Technology Literacy_(X1) -
> Digital Transformation_(Y) 0.223 0.231 0.097 2.304 0.021 
AI in Accounting_(X2) -> 
Digital Transformation_(Y) 0.080 0.094 0.105 0.766 0.444 
Perception of AI_(X3) -> 
Digital Transformation_(Y) 0.330 0.331 0.095 3.491 0.000 

Source: data processed, Smart pls 2025 
 

Table 5. Hypothesis testing was conducted to examine the direct influence of constructs in the structural model. 
The results show that AI Technology Literacy (X1) has a significant effect on Digital Transformation (Y) with a 
path coefficient of 0.223, a T-statistic of 2.304 (>1.96), and a P-value of 0.021 (<0.05). This means that the higher 
the AI technology literacy of accounting students, the more prepared they are to face digital transformation. 
Conversely, AI in Accounting (X2) has no significant effect on Digital Transformation, with a path coefficient of 
0.080, a T-statistic of 0.766 (<1.96), and a P-value of 0.444 (>0.05). This indicates that understanding the 
application of AI in accounting alone is not enough to influence readiness for digital transformation without the 
support of other factors. Perception of AI (X3) has a significant effect on Digital Transformation with a path 
coefficient of 0.330, a T-statistic of 3.491, and a P-value of 0.000, which means that positive perceptions of AI 
encourage readiness for digital transformation. Thus, the first and third hypotheses are accepted, while the second 
hypothesis is rejected. 
 
Discussions 

The results of this study provide valuable insights into accounting students’ readiness to face AI-based digital 
transformation, revealing nuanced relationships between technological literacy, perceptions, and preparedness. 
Based on the SmartPLS analysis, AI Technology Literacy (X1) and Perception of AI (X3) emerged as significant 
predictors of Digital Transformation readiness (Y), while AI in Accounting (X2) did not show a statistically 
significant influence. This pattern resonates strongly with existing literature, which emphasizes that technical 
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literacy and cognitive-emotional perceptions are more influential in shaping readiness than theoretical exposure 
alone. 

The significant impact of AI Technology Literacy (X1) on Digital Transformation (Y) aligns with findings 
from Jiang and Wang (2024), who argue that digital literacy equips individuals with the confidence and 
operational skills needed to adapt to disruptive technologies. In this context, students who understand how AI 
functions, its applications, and potential in real-world accounting tasks are better positioned to engage proactively 
with digital tools. Similar observations were made by Chen et al. (2024), who highlighted that operational 
familiarity with AI tools enhances both performance and adaptability. The high reliability and validity of the X1 
construct in this study suggest that its measurement captured essential dimensions of AI literacy, including 
functional knowledge, application capacity, and problem-solving ability in digital environments. 

Perception of AI (X3) also demonstrated a substantial and significant effect on readiness, reinforcing the 
assertion by Bao and Yang (2025) that psychological acceptance and optimism toward AI drive proactive 
adaptation behaviors. Students who view AI as an enabler rather than a threat are more likely to develop strategies 
to integrate AI into their professional workflows. This finding is supported by Z. Li et al. (2024), who note that 
positive perceptions can counteract fears of job displacement and instead encourage skills development in 
complementary areas such as judgment, ethics, and advisory competencies. The role of perception here is 
consistent with theories of technology acceptance, where perceived usefulness and ease of use directly influence 
adoption intentions. 

Conversely, the lack of a significant relationship between AI in Accounting (X2) and readiness raises 
important questions. While students may be aware of AI applications in accounting, such as automated auditing, 
data analytics, or chatbot-assisted reporting, this knowledge appears insufficient to foster transformation 
readiness. As Gui and Hou (2025) caution, surface-level awareness without hands-on experience does little to 
build adaptive capacity. This suggests that curricular content focusing solely on AI concepts without immersive, 
practical exposure may fail to translate into readiness. Indeed, Shi et al. (2024) recommend project-based and 
case-driven learning environments to bridge the gap between awareness and capability, a recommendation echoed 
in the current findings. 

From a measurement perspective, the study’s validity and reliability indicators are robust, with all constructs 
showing Cronbach’s Alpha values above 0.92 and AVE above 0.77, meeting the thresholds proposed by Hair et 
al. for PLS-SEM. This ensures that the constructs reliably capture the intended latent variables. The Fornell-
Larcker criterion confirms discriminant validity, indicating that each construct measures distinct conceptual 
domains. However, the R² value for Digital Transformation (0.228) is modest, suggesting that while X1 and X3 
are significant, other unmeasured factors also play substantial roles. Prior studies (e.g., Y. Jiang et al., 2024; J. 
Yang et al., 2024) identify elements such as institutional support, internship experiences, and access to digital 
infrastructure as additional determinants of readiness. These factors might account for the unexplained variance 
in the current model. 

The implications of these results are multifaceted. First, the strong link between AI Technology Literacy and 
readiness underscores the urgency for universities to integrate comprehensive digital skills training into 
accounting curricula. This goes beyond theoretical instruction to include practical engagement with AI-powered 
accounting systems, predictive analytics tools, and automation platforms. Evidence from Lei et al. (2024) and Q. 
Liu and Wang (2025) shows that students exposed to AI in laboratory or simulation settings report significantly 
higher self-efficacy and adaptability. Embedding such components could directly enhance readiness levels 
observed in similar studies. 

Second, the influence of perception highlights the need for pedagogical strategies that address both the 
cognitive and affective domains of learning. As noted by He et al. (2024), fostering trust in AI systems, clarifying 
their role in augmenting human decision-making, and addressing ethical considerations can shift student attitudes 
from apprehension to acceptance. This could involve guest lectures from industry practitioners, exposure to AI 
success stories in accounting, and structured debates on ethical challenges. 

Third, the non-significance of AI in Accounting suggests that mere exposure to application concepts is 
insufficient. This finding aligns with Ma, Shang, and Liang (2025), who emphasize that innovation adoption in 
professional contexts requires experiential familiarity. Therefore, institutions should complement theoretical 
content with industry partnerships that allow students to engage in AI-assisted audits, ERP system management, 
and digital reporting projects. 

From a broader lens, the modest explanatory power of the model (R²=0.228) reflects the complex, multi-
dimensional nature of readiness. Cultural context, digital infrastructure, and policy support, as discussed by Vu et 
al. (2024) and H. Wang and Liu (2024), likely influence readiness in ways not captured by the current variables. 
For example, students in urban universities with better technological infrastructure may experience higher 
readiness levels than those in less-resourced rural institutions, even when their AI literacy and perceptions are 
comparable. This underscores the importance of addressing the digital divide in educational policy to ensure 
equitable preparedness. 
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The findings also connect with the wider discourse on Education 4.0, which advocates for the integration of 
personalization, gamification, and digital literacy across learning environments (Wu & Cheng, 2024; T. Xu et al., 
2024). By leveraging AI-enabled learning platforms, simulation tools, and case-based pedagogy, educators can 
simultaneously enhance technical proficiency and engagement, thereby improving readiness outcomes. 
Additionally, incorporating AI-related certifications into accounting programs could provide students with 
verifiable competencies valued by employers. 

In practical terms, the results of this study suggest a three-pronged intervention strategy. First, curricula should 
be restructured to embed AI technology literacy in all stages of accounting education, ensuring repeated and 
progressive skill-building. Second, perception management should be a deliberate component of teaching, 
addressing fears while highlighting opportunities. Third, experiential learning must be prioritized to bridge the 
gap between conceptual knowledge and real-world application. The literature consistently supports these 
measures as effective levers for improving readiness (Ge & Bao, 2024; F. Li & Zhang, 2025; Wang & Feng, 
2025). 

In conclusion, the study contributes empirical evidence to the growing body of research on digital 
transformation in accounting education, affirming the centrality of AI literacy and perception in fostering 
readiness while cautioning against over-reliance on theoretical awareness of AI applications. Future research 
should consider expanding the model to include institutional, infrastructural, and socio-cultural variables to 
capture the full spectrum of readiness determinants. Moreover, longitudinal studies could track changes in 
readiness over time as curricula evolve and technology adoption deepens. By aligning academic preparation with 
industry expectations, universities can ensure that graduates are not only competent in AI usage but also confident, 
adaptive, and strategically positioned to thrive in an AI-driven accounting profession. 
 
Conclusion 

This study concludes that accounting students’ readiness to face AI-based digital transformation is 
significantly influenced by AI Technology Literacy and Perception of AI, while knowledge of AI applications in 
accounting alone does not directly translate into readiness. The findings demonstrate that students who possess 
strong AI literacy encompassing both conceptual understanding and practical skills are better equipped to adapt 
to technological changes in the accounting profession. Likewise, students with positive perceptions toward AI, 
seeing it as an opportunity rather than a threat, show greater preparedness to embrace digital transformation. 
However, the non-significant effect of AI in Accounting highlights a critical gap between theoretical awareness 
and applied competence, suggesting that curricula focusing solely on conceptual exposure are insufficient. The 
model explains 22.8% of the variance in readiness, indicating that other factors, such as institutional support, 
infrastructure, and experiential learning opportunities, also play important roles. Overall, this research affirms the 
necessity of integrating comprehensive AI literacy training, fostering constructive perceptions of AI, and 
enhancing experiential learning opportunities to ensure that accounting graduates are fully prepared for the 
evolving demands of the digital era. 

This study provides recommendations first, accounting curricula should be redesigned to embed AI literacy 
progressively, incorporating hands-on engagement with AI-driven tools, data analytics platforms, and automation 
systems. Second, teaching strategies must address both cognitive and affective domains by actively shaping 
positive perceptions of AI, including discussions on its benefits, ethical considerations, and role in augmenting 
human judgment. Third, universities should strengthen industry partnerships to provide internships, simulations, 
and projects where students can apply AI in real accounting contexts. Finally, policymakers and educational 
authorities should work to bridge the digital divide, ensuring equitable access to technology and digital training 
resources across institutions. 

Theoretically, this research contributes to the understanding of readiness in technology adoption within 
accounting education, emphasizing the interplay between technical competence and psychological acceptance. 
Practically, the findings offer actionable insights for curriculum developers, educators, and industry stakeholders 
to align academic preparation with industry needs, ensuring that future accountants are not only technically 
capable but also adaptive and confident in leveraging AI for professional success. 
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