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ABSTRACT  

Highlighting the fundamental role of universities in preparing future accountants 
and financiers for an economy characterized by AI technologies progress, this study 
examines the relationship between accounting and finance students' technological 
readiness and their decision to adopt AI technologies by demonstrating the 
mediating effect of perceptions of use on this relationship, in the context of a 
developing country, Tunisia. Based on the Technology Readiness of Acceptance 
Model (TRAM), we designed a comprehensive survey to collect information on 
perceived use (PU), perceived ease of use (PEOU), technology readiness (TR), and 
technology adoption (TA). A total of 125 accounting and finance students from a 
public university in Tunisia were selected. Statistical analysis based on regressions, 
were performed using SPSS 25. The findings revealed the positive impact of PU, 
PEOU, and TR on TA. Furthermore, statistical analysis showed the mediating role of 
PEOU and PU on the relationship between TR and AI adoption by Tunisian students. 
This study contributes to the limited literature that investigates the drivers of AI 
adoption by accounting and finance students. Furthermore, this study confirms that 
the measurement scales used by the literature to measure TA, and its determinants 
are valid and reliable in developing countries such as Tunisia.   

 
Keywords: AI technology, Technology Readiness Acceptance Model, Accounting and 
finance education, Tunisia.  

  
INTRODUCTION 

Accounting and finance professions are experiencing fundamental changes driven by many 
factors, including the emergence and application of new technologies based on artificial 
intelligence (AI). Today, AI is expanding to transform enterprises by providing more useful 
technologies, such as Hyper-Automation, Image Recognition, Voice Recognition, Natural 
Language Processing. Some of these technologies are particularly important in accounting and 
finance. A major element of support for AI development is university education, which can 
adapt to these developments and prepare the younger generations for future challenges.  
 
In research fields- such as finance and accounting- computer technology exploitation, in 
particular AI-related courses, is not widespread (Damerji & Salimi, 2021; Grabinska, et al., 
2021). However, this situation will change as AI-related skills are increasingly required in 
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accounting and finance professions. Tavares, et al. (2023) state that many universities are now 
incorporating courses on information technology, data analysis, cybersecurity, and database 
management into their accounting programs. Further research is required into how 
universities can best prepare their students to be technologically ready and embrace artificial 
intelligence technologies. This study is part of this field.   
 
The Technology Acceptance Model (TAM) is a widely accepted theoretical framework that 
explains how users accept and use technology (Martin, 2022). The TAM has identified two main 
factors influencing user acceptance and adoption of technology: ease of use and perceived 
usefulness (Davis, 1986). The integration of technology readiness with technology adoption 
gave rise to the Technology Readiness and Acceptance Model (TRAM) (Parasuraman, 2000; 
Parasuraman & Colby, 2015). The TRAM provides the foundation to better understand how 
technology readiness influences technology adoption (Lin, et al., 2007).   
 
Drawing on these theoretical models, this study examines the relationship between perceived 
usefulness, ease of use, technological readiness, and artificial intelligence adoption among 
accounting and finance students in Tunisia. This research is significant because, on the one 
hand, it identifies the factors enhancing AI adoption by accounting and finance students. On the 
other hand, it examines students' motivation to spend time on AI-based course content, and 
whether they perceive it as useful and easy to use in their future careers, especially in a 
developing country in Africa.  
  
Based on these findings, strategies developed by the Ministry of Higher Education can be 
developed to overcome barriers and improve students’ motivation for AI adoption. Integrating 
AI into accounting and finance programs can reduce the technology adoption gap between 
education and business and better prepare students for their future professional careers.  
    

LITERATURE REVIEW 
Factors Determining People's Technology Adoption   
With the continuous development of information and communication technologies at an 
unprecedented rate, researchers are interested in the factors that influence users' acceptance 
of a particular technology, including their intention to adopt it. The TAM, first developed by 
Davis (1986), is widely considered one of the most influential theories for predicting 
technology acceptance behaviours. Davis was the first to suggest two perceptual beliefs, 
perceived usefulness (PU) and perceived ease of use (PEOU) as the main determinants of an 
individual's attitude towards technology, which in turn predicts its adoption.   
 
Both PEOU and PU directly influence an individual's behavioural intention and attitude towards 
adopting new technologies (Dwianta, et al., 2024; Roy, et al., 2022; Kashive, et al., 2020; 
Asnakew, 2020; Rahi, et al., 2023; Amalia, 2023; etc). Nevertheless, PEOU is assumed to be a 
determinant of PU, as it can affect technology adoption through PU. Indeed, a consumer's 
perceived use towards a specific technology may be reduced if the user is not able to use this 
technology (Chen & Chan, 2014; Verma & Sinha, 2018; Naranjo-Zolotov, et al., 2019; etc).   
 
Parasuraman (2000) highlighted that technology adoption can have positive or negative 
outcomes, that are determined by the user's technological readiness level, known as technology 
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readiness (TR). The integration of technology readiness with technology acceptance results in 
the TRAM model. Parasuraman (2000) developed the Technology Readiness Index (TRI), 
defined as "people's readiness to adopt and use advanced technologies”. The TRI measures the 
overall state of mind resulting from a combination of mental motivators and inhibitors that 
collectively influence a person's readiness to use new technologies.  
  
According to Parasuraman (2000) and Parasuraman & Colby (2015), individuals' perceptions 
of a specific technology can be separated into four distinct dimensions: optimism (a positive 
view of technology and the belief that it affords more control, flexibility, and efficiency in their 
lives), innovativeness (a tendency to be a technology pioneer and thought leader), discomfort 
(a perceived lack of control over technology and a feeling of being overtaken by it), and 
insecurity (technology distrust, stemming from scepticism about its ability to work properly 
and concerns about its potentially harmful consequences). Parasuraman (2000) and 
Parasuraman & Colby (2015) argued that optimism and innovativeness (contributors) 
positively influence an individual's readiness to adopt technology, whereas discomfort and 
insecurity (inhibitors) influence it negatively.    
 
Based on the TRAM, several authors (Lin, et al., 2007; Huang & Liaw, 2018; Kim & Chiu, 2019; 
Jin, 2020; Kampa, 2023; etc) showed that PU and PEOU comprehensively mediate the influence 
of technological readiness on the intention to use technology. Anh, et al. (2024) showed a 
positive relationship between technology readiness and AI adoption by accounting and 
auditing professionals in Vietnamese companies.  Additionally, both PU and PEOU positively 
influence AI adoption and mediate the relationship between technology readiness and AI 
technology adoption by accountants and auditors in Vietnamese companies.   
 
Perceptions of AI Technology Adoption in Accounting and Finance Education  
The literature provides empirical evidence that it is necessary for finance and accounting 
professionals to acquire new skills aligned with emerging technologies (Rawashdeh, 2023; 
Groenewald, et al., 2024; Kroon, et al., 2021; Garcia & Lee, 2020; etc). With the steady 
advancement of AI, higher education institutions are key entities in equipping the future 
workforce with digital skills. Therefore, these institutions are required to upgrade their 
educational programs, infrastructural resources, and facilities to match the evolving industry 
landscape (Bond, et al., 2018; Al-Maskari, et al., 2022; Strong & Portz, 2015; Ballantine, et al., 
2024; Tavares, et al., 2023; etc).  
 
In light of the fundamental role of academics in adopting new technologies, including AI, in 
learning practices to make accounting and finance courses more relevant to students and to 
meet the needs of contemporary society, a little number of researchers have investigated the 
drivers of AI adoption by accounting, finance, and audit students. Indeed, AI technologies are 
not widely adopted in accounting and finance universities worldwide, and even less so in 
developing countries characterised by underdeveloped digital and energy infrastructures that 
are essential to the adoption of AI. Nouraldeen (2023) collected data from accounting and 
auditing students registered in private Lebanese universities and showed that TR and PU 
positively affect AI adoption, while PEOU has an insignificant impact on students' decisions to 
adopt AI. The results further reveal that males are more likely to adopt AI than females, and 
that gender moderates the associations between TR, PU, PEOU, and AI adoption.  
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Grabinska, et al. (2021) compared the perceptions of current students with graduates from the 
finance and accounting department at Krakow University of Economics in Poland regarding the 
courses' usefulness in providing knowledge about new technologies, such as AI. The research 
findings reveal that students and graduates are aware of the importance of technological 
change. However, graduates with more professional experience are more conscious of the 
benefits of AI technologies. Kampa (2023) attempted to empirically explore the readiness and 
acceptance of mobile learning (open and distance learning, ODL) among higher education 
students in India. The results of this study revealed that optimism, innovativeness, insecurity, 
discomfort, PEOU, PU, attitude, and behavioural intention, extracted from the TRI and TAM, 
contributed the most to e-learning readiness and acceptance.    
 
The findings of Dwianto, et al. 's (2024) research on accounting students enrolled in several 
Indonesian universities show that technology readiness does not have a significant influence 
on technology adoption. However, PU and PEOU had significantly positive effects on technology 
adoption, highlighting the importance of these factors in students' willingness to adopt AI-
based accounting software. The research conducted by Sudaryanto, et al. (2023) indicate that 
PU and PEOU have a significant impact on AI technology adoption by accounting students in 
West Jakarta, Indonesia. However, digital competence and technology readiness did not have 
an impact on AI technology adoption.  
 
The findings of Damerji & Salimi’s (2021) indicate that technology readiness has a significant 
influence on AI technology adoption by accounting students at two United States universities. 
Furthermore, these results confirmed the relationship between technology readiness, AI 
technology adoption, PU, and PEOU. In addition, the authors' mediation analysis revealed that 
the relationship between technology readiness and AI technology adoption is affected by both 
PU and PEOU.  
 

RESEARCH HYPOTHESES 
The objective of this study is to examine on the one hand, the relationship between TR, PU, 
PEOU, and AI technology adoption, as well, the mediating role of PU and PEOU in the 
relationship between TR and AI technology adoption by accounting and finance students in a 
developing country namely Tunisia. The following hypotheses arise from our research:  
 
PEOU, PU and AI Technology Adoption   
In the TAM, PU directly influences users' behavioural intention to adopt a new technology, 
while PEOU directly and indirectly influences new technology adoption. PEOU has an indirect 
impact on the intention to adopt a new technology via PU. Consequently, the following 
hypotheses are formulated:  

• 𝑯𝟏: PEOU has a direct and indirect (via PU) positive impact on TA.  
• 𝑯𝟏𝒂: PEOU has a positive impact on TA.  
• 𝑯𝟏𝒃: PEOU has a positive impact on PU.  
• 𝑯𝟐: PU has a direct positive impact on TA.  

 
TR, PEOU, PU and AI Technology Adoption  
In the domain of user adoption of new technologies, TR and TAM were integrated to obtain the 
TRAM model, in which TR is a strong predictor of TA’s PU and PEOU (hypotheses H3a and H3b). 
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According to TRAM, an individual's positive (negative) perceptions of a specific technology can 
influence whether they are (are not) willing to adopt this technology (hypothesis H3c). 
Accordingly, the following hypotheses are formulated:  

• 𝑯𝟑𝒂: TR has a positive effect on PEOU.  
• 𝑯𝟑𝒃: TR has a positive effect on PU.  
• 𝑯𝟑𝒄: TR has a positive effect on TA.  

 
The Mediating Roles of PU and PEOU  
Throughout the literature review, we found that perceptions of PU and PEOU can mediate the 
relationship between TR and TA in several ways. The relationship between TR and TA by 
accounting and finance students may be influenced by their perceptions that AI technologies 
are, on the one hand, useful and, on the other hand, easy to use. In other words, if a student who 
thinks he/she is optimistic, has an innovation capacity, is not insecure, or does not feel 
discomfort using AI technology, will be willing to adopt this technology, if, in addition, he/she 
perceives this technology as useful and/or easy to use (hence hypotheses H4a, H4c, and H4e).   
 
Moreover, PEOU can mediate the relationship between TR and PU. For example, if a person 
thinks that technology is useful but difficult to use, his/her perception that he/she is ready to 
adopt this technology may be negative (hence, hypothesis H4d). Finally, the PU of a technology 
can mediate the relationship between TA and PEOU. For example, if a person thinks that 
technology is easy to use but not useful, he/she will not tend to adopt it (hence, hypothesis 
H4b).    

• 𝑯𝟒𝒂: PU is a mediator between TR and TA.  
• 𝑯𝟒𝒃: PU is a mediator between PEOU and TA.  
• 𝑯𝟒𝒄: PEOU is a mediator between TR and TA.  
• 𝑯𝟒𝒅: PEOU is a mediator between TR and PU.  
• 𝑯𝟒𝒆: PEOU and PU together mediate the relationship between TR and TA.  

 
RESEARCH METHODOLOGY 

Research Population  
The research was conducted at a public university in Tunisia, the Higher Institute of Accounting 
and Business Administration, L'Institut Superieur de Comptabilité et d’Administration des 
Entreprises (ISCAE). The reasons for choosing this institution were as follows: i) Geographical 
convenience of these research authors; ii) The institution has existed for more than 30 years 
and is considered a leader in accounting and financial training in Tunisia; iii) The institution 
offers undergraduate and master’s programs with degrees in accounting and finance; iv) Each 
year, the institution organizes two sessions of the national examination for accountant 
qualifications. The research population consisted of students enrolled at ISCAE during the 
2024/2025 academic year in a bachelor’s degree in accounting sciences, a bachelor’s degree in 
finance, a master's degree in accounting, a master's degree in audit accounting, and a master's 
degree in financial and banking engineering.  
 
Survey  
We started our survey with questions concerning the respondents’ gender and current 
educational level. The remaining part of the survey contained 30 questions distributed as 
follows: i) Sixteen items (developed by Parasuraman & Colby (2015)) to measure the sub-
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dimensions of TR: four items for optimism, four items for innovativeness, four items for 
discomfort, and four items for insecurity. These items were measured on a 5-point Likert scale 
ranging from "strongly disagree" to "strongly agree”. ii) Twelve items (developed by Davis 
(1989)) to measure the sub-dimensions of TA: six items for PU and six items for PEOU; iii) Two 
items concerning the intention to adopt AI technologies. These items were measured on a 7-
point Likert scale ranging from "very unlikely" to "very likely.”  
 
Data Collection and Sample Size  
The survey was prepared on Google Forms and sent in early October 2024 by email and 
messenger groups to 855 students in our survey population (855 students). We explained the 
importance of our survey to the students and asked them to respond and invite their friends to 
do the same. Furthermore, we asked our colleagues to encourage their students to respond. In 
early November, we closed the questionnaire link, and the number of collected responses was 
125. Harris (2001) suggested that the number should exceed the number of variables by at least 
50 to carry out regression analyses. In our case, a sample size of over 55 was considered 
sufficient.    
 
Statistical Tests   
SPSS 25 (Statistical Package for Social Sciences) was used to analyse the data. The statistical 
procedures included descriptive analysis, exploratory factor analysis, and simple linear 
regression (hierarchical regression analysis). The methodology for our quantitative correlation 
study used statistically validated and reliable survey instruments: The Technology Readiness 
Index (TRI 2.0) and Technology Acceptance Model (TAM).  
 
In addition, we verified the recommended requirements of measurement theory researchers 
to conduct factor analysis. These include Bartlett's test of sphericity, which is used to examine 
correlations between variables, and the Kaiser, Meyer, and Orkin (KMO) test, which aims to 
determine the suitability of factor analysis. On the other hand, Cronbach's alpha is often 
recommended for estimating the internal consistency of the measurement instrument, that is, 
measurement consistency (Taber, 2018). Table 1 shows the results of the three tests.   
 

Table 1: Results of the KMO, Bartlett's sphericity and Cronbach's Alpha tests  
Variables Notation KMO Bartlett's Test of sphericity Cronbach’s alpha 

Chi-square Sig 
Technology Adoption  TA  0.5  130.997  0.000  0.895  
Perceived Use  PU  0.862  639.904  0.000  0.938  
Perceived Ease of use  PEOU  0.858  462.377  0.000  0.902  
Technology Readiness  TR  0.568  70.681  0.000  0.632  
Optimism  OPT  0.628  55.008  0.000  0.564  
Innovativeness  INV  0.718  85.949  0.000  0.699  
Insecurity  INS  0.668  59.583  0.000  0.602  
Discomfort  INC  0.622  31.319  0.000  0.517  

Source: Data processed by authors. 
 

The KMO index for the variables PU, PEOU, and INV is > 0.7, implying that the data are well 
suited for factor analysis. For the variables TA, TR, OPT, INS, and INC, the KMO index lies 
between 0.5 and 0.7, implying that the data are suitable for factor analysis, but with caution. 
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Bartlett's sphericity test is an essential tool for assessing the relevance of a factor analysis. In 
our research, all the variables were significant (p < 0.05) according to Bartlett’s test, which 
implies the existence of significant correlations between the variables and that factor analysis 
is appropriate.    
 
In social science research, Cronbach's alpha must be at least equal to 0.7 to guarantee the 
internal consistency of the survey instrument scores (Errabi & Hamadi, 2023). According to 
table I, the variables TA, PU, and PEOU have scores significantly higher than 0.8, indicating 
excellent internal consistency. However, the scores for TR (around 0.7) and its various 
dimensions (INV, INS, INC, OPT) were between 0.5 and 0.7. This implies a low but acceptable 
level of internal consistency.  
 

RESULTS AND DISCUSSION 
Demographic Data   
Demographic data were collected to determine the respondents’ identities, that is, gender and 
educational level. Table 2 shows the respondents’ demographic data.  
 

Table 2: Respondent’s demographic data  
  Frequency (n)  Percentage (%)  
Total number of students in accounting and finance   125 100%  
Gender  
Man   

 
26 

 
20.8% 

Woman  99 79.2% 
Educational level  
Bachelor  

 
99 

 
79.2% 

Master  26 20.8% 
Source: Data processed by authors. 

  
Table 2 demonstrates that 99 of the respondents were women and 26 were men. The sample 
included bachelor’s degree students in accounting or finance (n = 99; 79.2%) and master's 
degree students in accounting or finance (n = 26; 20.8%).  
 
Descriptive Statistics for the Variables  
Table 3 provides the average and standard deviation for the variables TR, PU, PEOU, and TA for 
the overall sample of 125 accounting and finance students, as well as for two sub-samples 
(Bachelor students and Master students). Table 3 demonstrates that the average of the TR 
variable is 3.44 for the Bachelor group, and 3.39 for the Master group. These scores are at the 
upper end of the 1-5 range, indicating that the majority demonstrate a high overall level of TR 
and are likely to adopt AI in their professional careers in accounting and finance. The average 
of the PU is 5.26 for the Bachelor group and 5.72 for the Master group. These scores indicate 
that the majority of respondents agree with the presented statements and perceived the 
usefulness of AI in accounting and finance.   
 
The average of the PEOU is 4.75 for the Bachelor group and 5.23 for the Master group. These 
scores indicate that the majority agreed with the presented statements and perceived AI 
applications in accounting and finance as potentially easy. The average of TAM's dependent 
variable, TA, is 4.84 for the Bachelor group and 5.57 for the Master group. These scores indicate 



 
 

 
 
 
 
 

35 

Charfi, S. & Mallouli, Y. (2025). Technology Readiness and Artificial Intelligence Adoption by Accounting and Finance Students in Tunisia. Archives of 
Business Research, 13(11). 28-41. 

URL: http://doi.org/10.14738/abr.1311.19630 

 

that the majority of respondents agree with the presented statements and intentions regarding 
AI technology adoption in accounting and finance.   
 

Table 3: Averages and standard deviations of variables  
  Total sample  Bachelor  Master  
Number  125  99  26  
Technology Readiness (TR)  
Average  
Standard deviation  

  
3.43  
0.50  

  
3.44  
0.52  

  
3.39  
0.41  

Perceived Usefulness (PU)  
Average  
Standard deviation  

  
5.36  
1.49  

  
5.26  
1.55  

  
5.72  
1.22  

Perceived Ease of Use (PEOU)  
Average  
Standard deviation  

  
4.85  
1.33  

  
4.75  
1.37  

  
5.23  
1.12  

Technology Adoption (TA)  
Average  
Standard deviation   

  
4.99  
1.76  

  
4.84  
1.84  

  
5.57  
1.29  

Source: Data processed by authors 

 
Furthermore, the average PU, PEOU, and TA variables are higher in the Master group than in 
the Bachelor group. These differences were statistically significant only for the TA. Master's 
students seemed to be more aware of AI's importance and its impact on their future 
professional careers.  
  
Hypothesis Testing    
Table 4 presents the linear regression results obtained from the data collected using SPSS.  
 

Table 4: Path analyses of PU, PEOU, TR and TA variables  
Path  H  Prediction Model  F  p (F)  R²  b  t  p (t)  
1  H1a  PEOU→TA  109.54 0.000  0.469  b1= 0.684  10.467  0.000  
2  H1b  PEOU→PU  113.721 0.000  0.482  b2= 0.707  10.664  0.000  
3  H2  PU→TA  90.925  0.000  0.424  b3= 0.641  9.535  0.000  
4  H3a  TR→PEOU  29.260  0.000  0.187  b4= 0.511  5.409  0.000  
5  H3b  TR→PU  27.341  0.000  0.178  b5 = 0.507  5.229  0.000  
6  H3c  TR→TA  28.562  0.000  0.182  b6 = 0.501  5.344  0.000  
7  H4a  TR→PU→TA  

PU→TA, control TR  
TR→TA, control PU  

50.423  0.000  0.448  b7 = 0.564  
b7’ = 0.213  

7.732  
2.468  

0.000  
0.015  

8  H4b  PEOU→PU→TA  
PU→TA, control PEOU  
PEOU→TA, control PU  

68.541  0.000  0.527  b8 = 0.332  
b8’ = 0.451  

3.884  
5.205  

0.000  
0.000  

9  H4c  TR→PEOU→TA  
PEOU→TA, control TR  
TR→TA, control PEOU  

59.217  0.000  0.486  b9 = 0.612  
b9’ = 0.189  

8.560  
2.271  

0.000  
0.025  

10  H4d  TR→PEOU →PU  
PEOU →PU, control TR  
TR→PU, control PEOU  

60.531  0.000  0.496  b10 = 0.640  
b10’ = 0.175  

8.770  
2.063  

0.000  
0.041  
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11  H4e  TR→PEOU→PU→TA  
PEOU→TA, control TR  
PU→TA, control TR  
TR→TA, control PEOU et 
PU  

47.031  0.000  0.533  b11= 0.420 
b11’= 0.307 
b11’’= 0.126  

4.757  
3.551  
1.549  

0.000  
0.001  
0.124  

Note: TR= Technology Readiness; PU= Perceived Usefulness; PEOU= Perceived Ease of Use; TA= Technology 
Adoption. Source: Data processed by authors. 

 
Table IV reveals that all links mentioned in our hypotheses have a significant Fisher's F (p < 
0.01). Consequently, all analysed models were considered valid.  
 
Furthermore, paths 1, 2, and 3 in the table show that PEOU has a significant impact on TA (b1 
= 0.684; p < 0.01), PEOU has a significant influence on PU (b2 = 0.707; p < 0.01), and PU has a 
significant influence on TA (b = 0.641; p < 0.01). Both sub hypotheses H1.a. and H1.b. and 
hypothesis H2 were, therefore, confirmed. Paths 4, 5, and 6 in the table reveal a significant 
impact of TR on PEOU (b = 0.511; p < 0.01), PU (b = 0.507; p < 0.01), and TA (b = 0.501; p < 
0.01). Three hypotheses, H3.a, H3.b, and H3.c, were also confirmed.  
 
Mediating Effects of PU and PEOU  
To test the first mediation hypothesis, H4.a, we compared the direct effect of the relationship 
between TR and TA while controlling PU (path 7) with the total effect of the relationship 
between TR and TA (path 6). A comparison of the two paths reveals the existence of a partial 
mediator effect of PU on the relationship between TR and TA.  
 
Indeed, the effect of TR on TA was weakened when PU was included in the regression (b7' = 
0.213 < b6 = 0.501). Additionally, the significance level was lower because P(t) increased from 
1% to 5%.   
 
To test the second mediation hypothesis, H4b, we compared the direct effect of the relationship 
between PEOU and TA (path 8) while controlling PU with the overall effect of the relationship 
between PEOU and TA (path 1). The results show a partial mediating effect of PU on the 
relationship between PEOU and TR. Indeed, the effect of PEOU on TA was weakened when PU 
was included in the regression (b8'= 0.451 < b1= 0.684).    
 
For the third mediation hypothesis, H4c, we compared the direct effect of the relationship 
between TR and TA while controlling PEOU (path 9) with the overall effect of the relationship 
between TR and TA (path 6). The results show a partial mediating effect of PEOU on the 
relationship between TR and TA. Indeed, the effect of TR on TA was reduced when PEOU was 
included in the regression (b9'= 0.189 < b6 = 0.501).  Additionally, the significance level was 
lower because P(t) increased from 1% to 5%.  
 
For the fourth mediation hypothesis, H4d, we compare the direct effect of the relationship 
between TR and PU while controlling PEOU (path 10) with the total effect of the relationship 
between TR and PU (path 5). A comparison between the paths reveals the existence of a partial 
mediating effect of PEOU on the relationship between TR and PU. Indeed, the effect of TR on PU 
was reduced when PEOU was included in the regression (b10' = 0.175 < b5= 0.507). 
Additionally, the significance level was lower because P(t) increased from 1% to 5%.  
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For the fifth mediation hypothesis, H4e, we compared the direct effect of the relationship 
between TR and TA while controlling PEOU and PU (path 11) with the total effect of the 
relationship between TR and TA (path 6). The results indicated the existence of a complete 
mediating effect of PEOU and PU on the relationship between TR and TA. Indeed, the effect of 
TR on TA was reduced when PEOU and PU were included in the regression (b11''= 0.126 < b6= 
0.501).  In addition, the association between TR and TA was no longer statistically significant. 
The mediation analysis confirmed our 5 hypotheses, H4a, H4b, H4c, H4d, and H4e (figure 1).  

  

 
Figure 1: Mediation analysis of our hypotheses  

Sources: Data processed by authors 

 
Bootstrap Analysis  
After verifying the mediating effects of PU and PEOU on the relationship between TR and TA, 
we tested the robustness and accuracy of these mediator effects using the bootstrapping 
method. This method is nowadays strongly recommended to estimate indirect effects in 
mediation models (Preacher & Hayes, 2004). Accordingly, we conducted our bootstrap analysis 
using 2000 resamples, an appropriate sample size for a multiple regression model, with a 95% 
confidence interval level and a type of bias corrected and accelerated confidence interval.   
 

Table 5: Bootstrap Analysis of coefficients  
Variables  b  Std. Error  T  p  LLCI  ULCI  
Constant  - 0.008  0.059  - 0.143  0.886  - 0.125  0.108  

Technology Readiness (TR)  0.126  0.081  1.548  0.124  - 0.035  0.287  
Perceived Ease of Use (PEOU)  0.420  0.088  4.757  0.000  0.245  0.595  
Perceived Usefulness (PU)  0.306  0.086  3.550  0.000  0.135  0.478  

Source: Data processed by authors. 
 
Bootstrap analysis aims to assess the strength of the indirect effect of TR, PU, and PEOU on TA 
using a statistical resampling method in SPSS. The bootstrap standardized the distribution of 
the original sample of 125 students used in the mediation analysis and then resampled several 
times to reach a sample size of 2000. The results of the bootstrap analysis, presented in Table 
V, revealed that TR was not a statistically significant predictor of TA (p = 0.124 > 0.05).  
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PU was identified as a statistically significant predictor of TA (p = 0.000 < 0.01) and PEOU (p = 
0.000 < 0.01). While controlling for PU and PEOU, TR was not a statistically significant predictor 
of TA. However, PU and PEOU remained statistically significant predictors of TA; hence, PU and 
PEOU had a mediating effect on the relationship between TR and TA.  
 

CONCLUSION 
The results of the study concerning the positive effects of TR, PU, and PEOU on the adoption of 
AI technology and the mediating role of perceptions of use (PU and PEOU) on the relationship 
between technological readiness and the adoption of AI technology by accounting and finance 
students at ISCAE-Tunisia reveal that these students perceive themselves as prepared to adopt 
new AI technologies and that they will adapt to technological advances required by companies 
and accounting firms. These students are aware and convinced of the importance of AI 
technologies in their future professions.  
 
The study, conducted in a developing country in Africa, shows that the results are not different 
from the results of those by Damerji & Salimi (2021) conducted in the United States 
universities, the studies by Sudaryanto, et al. (2023) and Dwianto, et al. (2024), conducted in 
universities in Indonesia. These results indicate that adoption of AI technology is unavoidable 
worldwide and the intention of its adoption by students is not different in the context of an 
African developing country, which may be characterised by a lack of financial resources, digital 
and energy infrastructures to be as compared with countries in other continents.  
 
The findings are significant because they illustrate the drivers of AI adoption by accounting and 
finance students in universities. AI adoption will enable these students to acquire knowledge 
and skills that will provide them with a competitive advantage in both university and 
accounting, auditing, and finance industries. This study makes both theoretical and practical 
contributions to the literature. On the theoretical level, the results confirm that the 
measurement scales of Parasuraman and Colby (2015) and Davis (1989), used to measure the 
adoption of AI technology and its determinants, are valid and reliable in the context of a 
developing country such as Tunisia.    
 
On a practical level, this study contributes to helping universities understand the factors that 
increase AI adoption among accounting and finance students. The findings reveal that 
accounting and finance students are ready for technology, and they perceive PU and PEOU to 
be positive. Therefore, it is encouraging for universities to invest in launching AI 
implementations in accounting and finance programs to enhance the technological readiness 
of students. The findings further imply that universities should consider that easy-to-use and 
useful AI technologies lead to higher adoption rates and ensure that students are more 
conscious of AI's importance in their future careers in accounting, auditing, and finance. 
Furthermore, these universities can develop strategies to overcome the obstacles (discomfort 
and insecurity) and strengthen the drivers, the motivators/ factors (optimism and innovative 
spirit) to foster the adoption of AI by accounting and finance students.    
 
Our research has several limitations, particularly concerning the selected university, the 
honesty of the responses, and the self-reported perceptions of the respondents regarding the 
questionnaire. First, the collected data were limited to students from a single Tunisian 
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university (ISCAE). As previously explained, the selection of this institution is pertinent. 
However, it should be noted that ISCAE is not the sole institution offering accounting and 
finance courses in Tunisia.  
 
The research findings may be specific to this institution and may not be generalized to all 
universities in Tunisia, particularly those not located in large cities such as the capital, Tunis. 
Second, there may be an inherent bias in taking the first respondents to the survey and 
respondents whom the authors know personally or have encouraged to respond to, which may 
result in a non-random sample of the study population. The final limitation is that respondents 
may not have properly understood the questions, particularly undergraduates, and therefore 
may have responded based on beliefs, and not necessarily based on AI technologies' knowledge 
and their application in the accounting and finance sector.   
 
To conclude, we emphasize that the literature has focused on the impact of external factors, 
other than individuals' perceptions of technology adoption. It is recommended that the present 
study be reproduced, with consideration given to external factors influencing the adoption of 
AI technology by a larger audience and in other universities worldwide.  
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