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This study examined Chinese undergraduate medical students’ acceptance and adoption of 
intelligent tutoring systems (ITSs) using the general extended technology acceptance model 
for e-learning via a Likert-scale questionnaire. Specifically, it examined the relations 
between the five antecedents and the four core components in the model (i.e., perceived 
usefulness (PU), perceived ease of use (PEOU), behavioural intention and actual use of ITSs). 
The results of PLS-SEM showed that perceived enjoyment was the most influential 
antecedent as it significantly impacted both PU and PEOU. Both self-efficacy and prior 
experience only significantly contributed to PEOU but not PU. Both PU and PEOU 
significantly and positively predicted behavioural intention, which in turn had a significant 
and positive path to actual use. The results provide some practical implications to teachers 
as to how to encourage Chinese undergraduate medical students’ adoption of ITSs: by 
integrating some gamification elements into the learning activities in ITSs to foster students’ 
enjoyable feelings or familiarising students with using ITSs so that they can quickly adapt to 
learning through them. This could be achieved by providing guidance in using ITSs via 
videos, websites or booklets, or at the beginning of the course, inviting senior students to 
share their perceived advantages and usefulness of using ITSs. 
 
Implications for practice or policy: 

• Because of the importance of perceived enjoyment, teachers may integrate some 
gamification into the learning activities in ITSs to nurture students’ enjoyable feelings. 

• To enable students to quickly accommodate learning via ITSs, institutions may provide 
students with information on common features of ITSs or how to navigate a specific 
ITS. 

• Teachers may explicitly explain how learning objectives can be better achieved through 
using an ITSs so that students will appreciate its usefulness. 
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Introduction 
 
Over the last few decades, learning and teaching in medical education have undergone significant 
transformation (De Leeuw et al., 2019). With the ubiquitous utilisation of technology in delivering 
education to medical students, e-learning has become an indispensable part of contemporary medical 
education worldwide (Dhir et al., 2017; Kim & Kim, 2019; Shen, 2022), even in low-resource countries 
(Barteit et al., 2020; Samarasekara, 2022). There are diverse forms of e-learning in medical education, 
such as flipped classrooms, simulations, multimedia learning, social media learning, mobile learning, 
gamified learning and intelligent tutoring systems (ITSs) (Regmi & Jones, 2020). In recent years, the rapid 
advancement of artificial intelligence, machine learning and data mining techniques has led to the 
increasing adoption of ITSs in many disciplines, including medical education (Mousavinasab et al., 2021). 
ITSs are computer-based or web-based instruction systems that use artificial intelligence to present 
students with intelligent help and guidance for self-directed and individualised learning (Karaci et al., 
2018). ITSs provide new ways of delivering instruction to students and have many benefits: they allow 
students to access to learning spaces anytime and anywhere; they provide students with timely feedback; 
they foster self-directed learning and enhances learning engagement; and they equip students with 
competencies to become lifelong learners (H. Huang et al., 2022). 
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ITSs have been used widely in medical education, as they can provide case-based experiential learning, 
which is especially useful for teaching the interpretation of neuroradiological images (Sharples et al., 
2000) or teaching how to detect diagnostic errors in internal medicine (Graber et al., 2005). Furthermore, 
the interaction and personalisation features in the ITSs are able to simulate authentic clinical situations, 
which have advantages in training medical students’ clinical reasoning skills (Suebnukarn, 2009). Advances 
in high-fidelity simulations used in ITSs also provide medical residents with new opportunities to practise 
surgical skills and gain access to objective and immediate feedback (Fazlollahi et al., 2022; Mirchi et al., 
2021). 
 
Despite various benefits of ITSs in medical education, there is little research on medical students’ 
acceptance and adoption of ITSs, in particular in the context of medical education in China. The present 
study aimed to examine how personal factors influence Chinese undergraduate medical students’ 
acceptance and adoption of ITSs. Identifying these factors is important for two reasons. First, ITSs have 
been increasingly implemented in Chinese medical education to prepare medical graduates with essential 
lifelong and self-directed learning skills, which are critical for doctors (L. Chen et al., 2023). Furthermore, 
unlike in the United States of America, where medical degrees are available only at the graduate level 
(Mowery, 2015), medical degrees in China are offered mostly to secondary school leavers (Ministry of 
Education of the People’s Republic of China, 2020; W. Wang, 2021). Chinese secondary school students 
receive education mainly through face-to-face classroom teaching (C. Li et al., 2021). Hence, most Chinese 
undergraduate medical students face challenges when applying various forms of e-learning in both formal 
and informal studies and may lack essential skills in and experiences of learning through these forms of 
e-learning, including ITSs. Hence, identifying which factors may influence Chinese undergraduate medical 
students’ acceptance and adoption of ITSs will provide an evidence base for targeted strategies to be 
developed and implemented in order to more effectively improve Chinese medical students’ learning 
through ITSs. 
 
Theoretical framework of investigating acceptance and adoption of learning technologies 
 
In the literature of technology adoption, a number of theoretical models have been proposed to examine 
factors influencing an individual’s acceptance and adoption of technologies, including the theory of 
reasoned action (Ajzen & Fishbein, 1977), theory of planned behaviour (Taylor & Todd, 1995), task 
technology fit (Goodhue & Thompson, 1995), unified theory of acceptance and use of technology 
(Venkatesh & Bala, 2008) and technology acceptance model (TAM; Davis, 1989). 
 
Of these models, TAM is widely used to investigate students’ acceptance and adoption of various learning 
technologies and e-learning systems (Thongsri et al., 2020). The popularity of using TAM in research on 
students’ acceptance and adoption of learning technologies are two-fold. First, unlike the theory of 
planned behaviour (Taylor & Todd, 1995) and the unified theory of acceptance and use of technology 
(Venkatesh & Bala, 2008), which place much emphasis on understanding the social factors and 
interpersonal interactions on students’ acceptance and adoption of technologies or systems, the focus of 
TAM is on personal factors (Chu & Chen, 2016). Second, TAM has high credibility (Abdullah & Ward, 2016; 
Lee et al., 2013). Based on their meta-analysis of 88 studies using TAM, King and He (2006) confirmed that 
TAM is “a valid and robust model” (p. 740). 
 
In the original TAM, the two main constructs are perceived usefulness (PU) and perceived ease of use 
(PEOU). PU is defined as “the degree to which a person believes that using a particular system would 
enhance his or her job performance” and PEOU refers to “the degree to which a person believes that 
using a particular system would be free of effort” (Davis, 1989, p. 320). On the one hand, PU and PEOU 
are said to influence an individual’s behavioural intention (BI) and actual use (AU) of technologies. On the 
other hand, PU and PEOU are also influenced by many external factors, known as antecedents. 
 
Including the antecedents in TAM is important and meaningful, as without these antecedents, TAM 
provides only general information on technology acceptance and usage but fails to explain the underlying 
mechanism as to why or why not a particular technology or system is accepted and used (I. Liu et al., 
2010). Venkatesh and Davis (1996) have argued that “in order to be able to explain user acceptance and 
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use, it is important to understand the antecedents of the key TAM constructs, perceived ease of use, and 
usefulness” (p. 473). Understanding how different antecedents impact users’ BI and AU will guide 
designers and practitioners to “pursue appropriate corrective steps” to improve technologies or systems 
(Davis et al., 1989, p. 985). 
 
For the above reasons, the original TAM has been further developed by including a large number of 
antecedents, which has resulted in a diversity of extended TAM (ETAM, He et al., 2021). Even though 
these diverse ETAMs have suited different research populations and have provided useful information to 
specific research contexts, they fail to represent a general picture of the factors underpinning the 
acceptance and adoption of learning technologies and systems. In order to help researchers, educators 
and designers understand which personal factors are likely to exert influence on users’ acceptance of 
learning technologies and systems, Abdullah and Ward (2016) derived a general extended technology 
acceptance model for e-learning (GETAMEL). To establish it, they systematically reviewed 107 studies 
published between 2006 and 2016 and found that 152 antecedents were tested in those studies. To 
include an antecedent in the GETAMEL, Abdullah and Ward used the criterion that the antecedents should 
have been tested in at least 10 studies – only five antecedents met the criterion. The five antecedents 
have not only been frequently examined in various ETAMs but also have been shown to significantly 
influence users’ BI and AU of learning technologies and systems. 
 
The five antecedents were  self-efficacy, defined as an individual’s belief about his/her ability to perform 
a specific task using a system (Shen & Eder, 2009); social Influence, defined as a person’s perception that 
most people who are important to him/her think he/she should or should not use a technology or an e-
learning systems (Venkatesh et al., 2003); perceived enjoyment, referred to as “the extent to which the 
activity of using a specific system is perceived to be enjoyable” (Park et al., 2012, p. 379); computer 
anxiety, referred to as an individual’s uneasy, apprehensive or fearful reactions about current or future 
use of computers or e-learning systems (Venkatesh et al., 2003); and prior experience, defined as an 
individual’s experience related to using computers or e-learning systems (Smith et al., 1999). Based on 
the frequency of inclusion in previous studies, the five external antecedents were ranked as follows: self-
efficacy appeared in 51 studies, followed by social influence and perceived enjoyment, which were 
examined in 32 and 23 studies, respectively. Computer anxiety was investigated in 19 studies, followed 
by prior experience with 13 studies. 
 
Abdullah and Ward (2016) calculated the average path coefficients from these five antecedents to PU and 
PEOU for all types of users, including students, teachers and employees. As the present study focused on 
students, only the path coefficients for the student population are presented (see Figure 1 for a summary). 
The average path coefficients from the five antecedents to PU are all positive: perceived enjoyment (.452), 
social influence (.301), self-efficacy (.174), prior experience (.169) and computer anxiety (.070). As to the 
average path coefficients from the five factors to PEOU, four out of the five antecedents are positive –  
self-efficacy (.352), perceived enjoyment (.341), prior experience (.221), and social influence (.195) – with 
the exception of computer anxiety (-.199), which has a negative path to PEOU. 
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Figure 1. Average path coefficients (β) in the GETAMEL (adapted from Abdullah & Ward, 2016, p. 246) 
 
The GETAMEL has been used to investigate both students’ and teachers’ acceptance and adoption of 
various learning technologies and e-learning systems. In a recent review, Strzelecki et al. (2022) identified 
10 articles, which included all the five antecedents in the GETAMEL and examined how these antecedents 
influenced PU and PEOU. These studies were conducted in the contexts of e-portfolio (Abdullah et al., 
2016), e-learning (Chang et al., 2017; Cicha et al., 2021; Doleck et al., 2018; Humida et al., 2021; Jiang et 
al., 2021), mobile applications (Y. Liu et al., 2023), information and communication technologies (Rizun & 
Strzelecki, 2020) and learning management systems (Matarirano, Jere et al., 2021; Matarirano, Panicker 
et al., 2021). Although perceived enjoyment and social influence have consistently predicted both PU and 
PEOU, the paths from self-efficacy, computer anxiety and prior experience to PU are not always 
significant. These results seem to suggest that the relative contributions from the five antecedents to PU 
and PEOU may depend on the specific e-learning system or tool being examined. ITSs differ from the vast 
majority of e-learning systems because they are able to provide personalised instruction, adaptive 
feedback and automated assessment by leveraging both natural language processing and machine 
learning algorithms (Bozkurt et al., 2021; Jeon et al., 2023). Hence, empirical studies are needed to 
examine the influence of the five antecedents on ITSs’ acceptance and adoption. 
 
The present study and hypotheses 
 
The present study examined the acceptance and adoption of ITSs among Chinese medical students due 
to an increasing integration of ITSs in Chinese medical education (L. Chen et al., 2023). Understanding 
how various personal factors are likely to influence Chinese medical students’ acceptance and adoption 
of ITSs will provide Chinese medical educators actionable knowledge so that strategies can be designed 
to specifically target one or more factors to improve them with the ultimate aim of helping Chinese 
medical students learn more effectively through ITSs. Although many personal factors may affect Chinese 
medical students’ acceptance and adoption of ITSs in their learning, the present study focused on the five 
antecedents (i.e., self-efficacy, social influence, perceived enjoyment, prior experience and computer 
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anxiety) identified in the GETAMEL (Abdullah & Ward, 2016), as these factors have been consistently 
reported to have significant impacts on the adoption of e-learning technologies in different student 
population, including Chinese university students (Jiang et al., 2021; Y. Liu et al., 2023). 
 
The present study tested 14 hypotheses based on the GETAMEL and the ETAM: 

• Hypothesis 1: Self-efficacy positively affects Chinese medical students’ PU of ITSs. 

• Hypothesis 2: Social influence positively affects Chinese medical students’ PU of ITSs. 

• Hypothesis 3: Perceived enjoyment positively affects Chinese medical students’ PU of ITSs. 

• Hypothesis 4: Computer anxiety positive affects Chinese medical students’ PU of ITSs. 

• Hypothesis 5: Prior experience positively affects Chinese medical students’ PU of ITSs. 

• Hypothesis 6: PEOU positively affects Chinese medical students’ PU of ITSs. 

• Hypothesis 7: Self-efficacy positively affects Chinese medical students’ PEOU of ITSs. 

• Hypothesis 8: Social influence positively affects Chinese medical students’ PEOU of ITSs. 

• Hypothesis 9: Perceived enjoyment positively affects Chinese medical students’ PEOU of ITSs. 

• Hypothesis 10: Computer anxiety negatively affects Chinese medical students’ PEOU of ITSs. 

• Hypothesis 11: Prior experience positively affects Chinese medical students’ PEOU of ITSs. 

• Hypothesis 12: PU positively affects Chinese medical students’ BI of adopting ITSs. 

• Hypothesis 13: PEOU positively affects Chinese medical students’ BI of adopting ITSs. 

• Hypothesis 14: BI positively affects Chinese medical students’ AU of ITSs. 
 

Materials and methods 
 
Participants and research context 
 
The present study adopted a cross-sectional design using a self-reported questionnaire. The study was 
conducted at a Chinese public university specialising in medical sciences in Northwestern China. The 
participants were recruited from a medical course which used an ITS to supplement student learning. 
Using the ITS was not compulsory but was highly encouraged by the course coordinator, as the exercises 
in the ITS were similar to those used in the examinations in the course. The ITS not only provided 
immediate feedback on the correctness of students’ answers but also was able to guide students to solve 
problems when their answers were inaccurate. Moreover, the ITS had capacity to show students the link 
between the exercises and the concepts, which allowed students to extend learning beyond the exercises 
in the ITS via reading relevant course content or reviewing key learning points. 
 
Altogether, 102 Chinese undergraduate medical students participated in the study. However, two 
students did not complete the questionnaire, hence were removed from data analysis, resulting in 100 
participants in the final data set. Out of 100 participants, 35 were male and 65 were female. Their mean 
age was 19.31 with a standard deviation of 1.29. 
 
Data collection strictly followed the ethical requirements: students were informed that participation in 
the study was voluntary and anonymous, and their decision to participate or not would not have any 
consequences. I was not a staff member at the university where the data was collected and had not been 
involved in teaching the students who participated in this research. 
 
Instrument 
 
The instrument was a 5-point Likert-scale questionnaire that consisted of 26 items representing eight 
scales – self-efficacy, social influence, perceived enjoyment, computer anxiety, prior experience, PU, 
PEOU and BI – and a single item assessing AU. The anchors of the eight scales were 1 representing strongly 
disagree and 5 representing strongly agree. The single item AU asked students to respond on how 
frequently they used the ITS in their study, with 1 representing never and 5 representing a lot. The scales 
were adapted from validated scales used in many studies which examined acceptance and adoption of 
different types of learning technologies or e-learning systems using the ETAM amongst adult learners (Y. 
Huang, 2016; Lee et al., 2013; Purnomo & Lee, 2013; Sánchez & Hueros, 2010; Venkatesh & Bala, 2008; 
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Venkatesh & Davis, 1996). As the GETAMEL used in the current study was also developed based on the 
ETAM and the current participants were also adult learners, using these scales was considered 
appropriate. 
 
The adaption took the following steps. First, I used the term “the ITS” to replace other specific 
technologies used in the original scales. For instance, the specific technology used in the original PU scale 
was “electronic mail”; the adaption changed “electronic mail” to “the ITS”. Second, the adapted scales 
were presented to eight students who were studying the same degree in the same university where the 
current participants were recruited. Students were asked to report the items were not meaningful or 
uninterpretable; and the items were ambiguous or unclear. Third, the reported items were removed if 
students commented that the items were not meaningful. For example, previous studies (e.g., Abdullah 
et al., 2016) used two items to assess AU: “I use the ITS” (1 – never to 5 – a lot) and “The number of hours 
I spend on the ITS” (1 – never to 5 – a lot of hours); students mentioned that the second item repeated 
the first item. Hence, the second item was removed. The items were revised if students reported the 
meaning was uninterpretable or ambiguous. Finally, the revised items were presented to these students 
again until no further comments were received. 
 
To examine the reliability of the scales, Cronbach’s alphas were calculated and the values of all the scales 
were above the cutoff standard of .700 (Hair et al., 2010). The definitions of the scales, the number of 
items in each scale and their reliability are presented in Table 1. 
 
Table 1 
Scales used in the study 

Scale Definition No. α 

Self-efficacy a student’s belief about his/her ability to perform a specific task 
using the ITS 

4 .864 

Social influence a student’s perceptions that most people who are important to 
him/her think he/she should or should not use the ITS in 
learning 

3 .840 

Perceived 
enjoyment 

the extent to which the activity of using the ITS is perceived to 
be enjoyable 

3 .864 

Computer anxiety a student’s evoked uneasy, apprehensive, or fearful reactions 
about current or future use of computers or e-learning systems 

3 .897 

Prior experience a student’s experience of using computers or e-learning systems 3 .813 
PU the degree to which a student believes that using the ITS would 

enhance his or her performance in the course 
3 .774 

PEOU the degree to which a student believes that using the ITS is free 
of effort 

3 .824 

BI a student’s intention to continue to adopt the ITS in their future 
learning  

3 .896 

 
Data analysis 
 
The partial least squares structural equation modeling (PLS-SEM) was adopted over the covariance-based 
SEM for the following reasons: PLS-SEM offers solutions with small sample sizes even when models 
comprise many constructs and a large number of items; the PLS-SEM is relatively robust even a 
multivariate distribution is not assumed; and  PLS-SEM can deal with both exploratory and confirmatory 
models (Gefen et al., 2000). The analysis was conducted using SmartPLS version 4. I followed the two-step 
procedure of conducting the PLS-SEM suggested by Hair et al (2010). The first step validated the 
measurement model by assessing the convergent and discriminant validity of the eight scales. According 
to Fornell and Larcker (1981), the convergent validity is established if factor loadings of items in their 
corresponding scale > .500; composite reliability (CR) > .700; and the average variance extracted (AVE) > 
.500. The discriminant validity is established if AVE’s square root of a scale is larger than its correlation 
with other scales (Hair et al., 2010). 
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The second step consisted of a multivariate analysis of the structural relationships to test the 
aforementioned hypotheses. The coefficients of determination (R2) and the predictive relevance (Q2) 
were used to assess the structural model. To ensure that the values of R2 were not biased, variance 
inflation factors (VIFs) were checked for possible collinearity. As recommended by Hair et al. (2017), VIF 
values close to 3 and lower indicated no collinearity. To interpret R2, I used the guideline proposed by 
Chin (1998): R2 above .670 = substantial explanatory power; R2 between .670 and .190 = moderate 
explanatory power; and R2 below .190 = weak explanatory power. Q2 values above 0 indicate that the 
structural model has predictive relevance. 
 

Results 
 
The measurement model 

 
The convergent validity of the measurement model is presented in Table 2. Table 2 shows that all the 
factor loadings were above .600, well above the suggested .500 (Fornell & Larcker, 1981). Both the values 
of CR and AVE were also above their recommendation of .700 and .500, suggesting the adequacy of the 
convergent validity. 
 
Table 2 
Convergent validity of the measurement model 

 EFF INF ENY ANX EXP PU PEOU BI 

CR .875 .840 .867 .919 .850 .797 .831 .899 
AVE .711 .840 .787 .828 .727 .690 .741 .828 

EFF 1 .780***        
EFF 2 .909***        
EFF 3 .858***        
EFF 4 .820***        
INF 1  .890***       
INF 2  .908***       
INF 3  .812***       
ENY 1   .868***      
ENY 2   .908***      
ENY 3   .885***      
ANX 1    .891***     
ANX 2    .935***     
ANX 3    .903***     
EXP 1     .755***    
EXP 2     .909***    
EXP 3     .885***    
PU 1      .804***   
PU 2      .793***   
PU 3      .891***   
PEOU 1       .844***  
PEOU 2       .816***  
PEOU 3       .918***  
BI 1        .883*** 
BI 2        .921*** 
BI 3        .926*** 

Note. EFF = self-efficacy, INF = social influence, ENY = perceived enjoyment, ANX = computer anxiety, EXP 
= prior experience. 
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Table 3 
Discriminant validity of the measurement model 

 EFF INF ENY ANX EXP PU PEOU BI 

 (.843)        

INF .506*** (.917)       
ENJ .378*** .647*** (.887)      
ANX -.180 -.242* -.169 (.910)     
EXP .352*** .385*** .378*** -.013 (.853)    
PU .379*** .470*** .611*** -.043 .518*** (.931)   
PEOU .498*** .484*** .559*** -.154 .518*** .660*** (.861)  
BI .409*** .663*** .710*** -.146 .435*** .726*** .683*** (.910) 
AU .303** .361*** .408*** -.051 .169 .378*** .305** .458*** 

Note. EFF = self-efficacy, INF = social influence, ENY = perceived enjoyment, ANX = computer anxiety, EXP 
= prior experience, ENJ = perceived enjoyment. 
*p < .050, **p < .010, ***p < .001. 
 
The discriminant validity of the measurement model is presented in Table 3, which shows that the square 
root of all the AVEs of a given scale was larger than its correlation coefficients with other scales, suggesting 
a satisfactory level of discriminant validity. 
 
The structural model 
 
The values of the VIF were between 1.000 and 2. 164, indicating that no collinearity issues were present. 
Table 4 presents the values of R2 and Q2. The R2 values ranged between .210 and .615, suggesting that the 
explanatory power to PU, PEOU, BI and AU was moderate. Specifically, the results show that 49.1% of the 
change in PEOU could be explained by the five antecedents, and 56.2% of change in PU could be attributed 
to the five antecedents and PEOU. Furthermore, 61.5% of the change in BI and 21.0% of the change in AU 
could be explained by the research model. Table 4 also shows that the Q2 values for PU, PEOU, BI and AU 
were all above 0, hence the predictive relevance of the structural model was established. 
 
Table 4 
Values of R2 and Q2 of the endogenous variables in the structural model  

Variable R2 Q2 

PU .491 .395 
PEOU .562 .397 
BI .615 .475 
AU .210 .129 

 
The path coefficients of the structural model and the results of hypothesis testing are presented in Table 
5 and visualised in Figure 2. 
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Table 5 
Path coefficients of the structural model and the results of hypothesis testing 

Variable Path Variable β p Hypothesis Result 

Self-efficacy → PU .015 .973 Hypothesis 1 No 
Social influence → PU .033 .757 Hypothesis 2 No 
Perceived enjoyment → PU .314* .012 Hypothesis 3 Yes 
Computer anxiety → PU -.058 .462 Hypothesis 4 No 
Prior experience → PU .206 .068 Hypothesis 5 No 
PEOU → PU .375** .002 Hypothesis 6 Yes 
Self-efficacy → PEOU .264** .005 Hypothesis 7 Yes 
Social influence → PEOU .018 .885 Hypothesis 8 No 
Perceived enjoyment → PEOU .323* .012 Hypothesis 9 Yes 
Computer anxiety → PEOU -.058 .462 Hypothesis 10 No 
Prior experience → PEOU .297* .018 Hypothesis 11 Yes 
PU → BI .499*** .000 Hypothesis 12 Yes 
PEOU → BI .359** .004 Hypothesis 13 Yes 
BI → AU .453*** .000 Hypothesis 14 Yes 

*p < .050, **p < .010, ***p < .001. 
 
Results of the paths from the five antecedents and PEOU to PU (Hypotheses 1–6) 
 
Table 5 shows that consistent with Hypothesis 6, PEOU significantly and positively predicted PU (β = .375, 
p < .010). This result means that when students felt that the ITS system was easy to use, they also tended 
to feel it was useful. Apart from PEOU, however, of the five antecedents, only perceived enjoyment had 
a significant and positive path to PU (β = .314, p < .050), supporting Hypothesis 3. This finding suggests 
that the more enjoyable feelings students had when using the ITS in their study of course materials, the 
more likely they perceived the ITS to be useful. 
 
Results of the paths from the five antecedents to PEOU (Hypotheses 7–11) 
 
For the predictions of the five antecedents to PEOU, three out of five factors significantly and positively 
predicted PEOU: self-efficacy (β = .264, p < .010), perceived enjoyment (β = .323, p < .050), and prior 
experience (β = .297, p < .050). These results supported Hypotheses 7, 9 and 11. Of the three significant 
predictors, perceived enjoyment had the highest coefficient, and self-efficacy had the lowest. These 
results suggest that when students were more confident about their skills in using a computer to perform 
a task, when they gained more enjoyment in using the ITS or when they were experienced in using 
computers or e-learning systems in learning, they tended to perceive that using ITSs was easy. 
 
Results of the paths from PU and PEOU to BI (Hypotheses 12 and 13) 
 
The present study found significant paths from PU to BI (β = .499, p < .001), and from PEOU to BI (β = .359, 
p < .010), supporting Hypotheses 12 and 13. 
 
Results of the path from BI to AU (Hypothesis 14) 
 
Table 5 further shows that the path from BI to AU was significant and positive (β = .453, p < .001); 
Hypothesis 14 was also supported. 
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Figure 2. Path coefficients of the structural model (only significant paths are displayed) 
*p < .050, **p < .010, ***p < .001. 
 

Discussion 
 
The present study adopted the GETAMEL (Abdullah & Ward, 2016) to understand the influence of the five 
important personal antecedents on BI and AU of the ITSs among Chinese undergraduate medical students. 
In accordance with the hypotheses derived from the GETAMEL, both PU and PEOU significantly and 
positively predicted BI, which in turn significantly and positively predicted AU. This finding is 
understandable, as Chinese medical students face great academic pressure and a heavy academic 
workload (Mao et al., 2019; Shao et al., 2020), hence, they may choose to use learning technologies, such 
as the ITSs, that they perceive to be useful and effective in helping them meet the high academic 
standards and requirements in their studies. In this specific research context, even though using the ITS 
was not a course requirement but only a supplementary learning tool, many students still used it to 
facilitate their learning when they believed that the ITS would improve their learning performance in the 
course. 
 
Corroborated with previous studies (Abdullah et al., 2016; Chang et al., 2017), we also found a significant 
and positive path from PEOU to BI, demonstrating the importance of the user-friendly design and features 
of e-learning technologies in users’ acceptance and adoption. When Chinese medical students perceived 
that the use of the ITS did not require much effort to learn, they were more likely to continue to use it. 
For Chinese medical educators, these results suggest that when selecting an ITS, they should try it or ask 
some students to trial it to make sure that it is easy to navigate. It is similarly important for designers of 
ITSs to take into account feedback from student users when designing the interface and features of an ITS 
in order to provide them a user-friendly experience (H. Huang et al., 2022). The finding that PEOU 
significantly and positively impacted PU also echoed a number of previous studies (Abdullah et al., 2016; 
Cao et al., 2020; C. Wang et al., 2020), demonstrating that students who handled the ITS without much 
effort also tended to attach value to it. 
 
As with Abdullah et al.’s (2016) study, when the five antecedents were examined together, not every 
factor contributed significantly to PU or PEOU. We found that only perceived enjoyment significantly 
predicted both PU and PEOU, suggesting that Chinese medical students’ positive and enjoyable emotions 
evoked in using an ITS influenced their beliefs of its usefulness and ease of use. Other studies also found 
the positive effect of perceived enjoyment on students’ acceptance and adoption of different learning 
technologies or e-learning systems (F. Li et al., 2021; Ni & Cheung, 2023; Venkatesh et al., 2003). 
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Also corroborating a number of previous studies (Abbad et al., 2009; Abdullah et al., 2016; Lau & Woods, 
2008; Lee et al., 2011), the present study found that both prior experience and self-efficacy significantly 
predicted PEOU. However, the paths from prior experience and self-efficacy to PU were not statistically 
significant. The non-significant paths could be due to PEOU’ significant and positive contribution to PU in 
the model. 
 
Furthermore, neither this study nor that of Abdullah et al. (2016) found significant paths from computer 
anxiety to PU or PEOU, which contradicts some studies (e.g., Calisir et al., 2014; H. Chen & Tseng, 2012). 
A closer examination of these studies showed that they were conducted approximately 10 years ago, 
when computer use was not as ubiquitous as in recent years. It is likely that the participants in this study 
did not experience much anxiety when using computers, as computers appear in almost every aspect of 
people’s daily life nowadays (Althubaiti et al., 2022). As a result, computer anxiety did not exert a strong 
influence on Chinese medical students’ decisions with regard to acceptance and adoption of the ITS in 
their learning. 
 
Similar to computer anxiety, social influence neither significantly predicted PU nor PEOU. A possible 
reason for the non-significant path from social influence to PU could be that the ITS did not have tools for 
communication. Abbad et al. (2009) have argued that if an e-learning system or learning technology does 
not serve as a communication channel, social influence tends to have little impact on students’ PU. 
 
The non-significant prediction from social influence to PEOU found in the present study is in line with a 
number of previous studies (Binyamin et al., 2018; Chang et al., 2017). A possible explanation could be 
that PEOU tends to be related more to students’ own confidence, experience and competence rather than 
factors external to students, such as the opinions of others (Zhao et al., 2021). Indeed, the present study 
showed that self-efficacy was a significant predictor of PEOU, suggesting that when students felt confident 
about their abilities of performing tasks using the ITS, they tended to perceive using the ITS was relatively 
easy. This finding aligns with that of studies on university students’ acceptance and adoption of learning 
technologies from different academic disciplines, such as computer science (Abdullah et al., 2016), 
nursing (Chow et al., 2012) and engineering (Ifinedo, 2006). 
 

Implications of the study 
 
With the constant advancement of science and technology, future doctors must keep abreast with an 
ever-changing health care environment by continuous learning throughout their professional careers. 
Therefore, a critical component of medical education is to equip medical students with lifelong and self-
directed learning capacities (Becker et al., 2020). Integrating ITSs in learning is an emerging paradigm to 
nurture medical students’ lifelong and self-directed learning (L. Chen et al., 2023). To ensure that medical 
students obtain effective learning outcomes through using ITSs, an important prerequisite is that they are 
willing to accept and adopt ITSs in their learning. In this respect, the results of the present study are useful 
for Chinese medical institutions and educators to design appropriate and targeted strategies to enhance 
Chinese undergraduate medical students’ acceptance and adoption of ITSs in their learning. 
 
The present study demonstrated that Chinese undergraduate medical students’ perceived enjoyment is 
an important factor, as it significantly predicts both PU and PEOU, which may in turn lead to increased BI 
and AU of the ITSs. Research has shown that adding gamification elements into learning activities is able 
to foster students’ enjoyment in learning (Ni & Cheung, 2023; Zhao et al., 2021). Hence, Chinese medical 
educators and instructional designers should consider integrating some game mechanism into the ITSs to 
make learning with them an enjoyable experience. In particular, medical educators may consider selecting 
educational games which have rewards system, as they tend to generate long-term positive effect in 
medical education (Ghelfenstein-Ferreira et al., 2021; Nicolaidouetal., 2015). In these games, medical 
students are motivated to solve more difficult questions, which will earn them badges or progress bars 
(Sardi et al., 2017). In addition, as learners bring various levels of skills, experiences of technologies and 
different learning styles to learning, educators should try to select games which require a diverse set of 
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abilities (e.g., as speed, accuracy and visual interpretation) to appeal to a wider student population 
(Krishnamurthy et al., 2022). 
 
Furthermore, the results show that students’ self-efficacy and prior experience are significant predictors 
of PEOU. As the majority of Chinese medical students are undergraduates who have only limited 
experience in using e-learning systems, including using ITSs in their secondary school learning (F. Li et al., 
2021), it is essential that Chinese medical institutions provide sufficient guidance for students, especially 
in their first year, so that students can quickly adapt to learning through ITSs and build their confidence 
when using them in their learning. For instance, institutions could use short videos, interactive websites 
or booklets which present essential information on the common features of ITSs and/or specific 
information of how to navigate a particular ITS. 
 
As PU had relatively strong impact on Chinese undergraduate medical students’ BI, teachers of courses 
that involve ITSs should explicitly explain how the learning objectives can be better achieved through 
using ITSs so that students can appreciate the usefulness of using them in their studies. Alternatively, 
senior students could be invited during orientation or at the beginning of a course to share their perceived 
usefulness and positive experience of how they have used ITSs to assist their learning. 
 
The key results and the implications related to the key results are summarised in Table 6 for Chinese 
medical educator as take-home notes. 
 
Table 6 
Summary of the implications of the study according to the key results 

Key results Implications 

Perceived enjoyment was a significant 
predictor to both PU and PEOU. 

integrating gamification elements into ITSs 

Self-efficacy and prior experience were 
significant predictors of PEOU. 

providing essential information for first-year students on 
features of ITSs and how to navigate them  

PU had strong impact on BI. inviting senior students to share their perceived 
usefulness and positive experience of using ITSs to assist 
their medical learning 

 
Limitations of the study and future direction 
 
Several limitations of the present study should be pointed out and may be addressed in future research. 
First, the current study is a cross-sectional study, which did not examine students’ possible changes in 
their BI and AU of ITSs. In the literature, the limited longitudinal research has demonstrated that students’ 
intention to use learning technologies varies over time (Unal & Uzun, 2021; Zhu et al., 2023). This suggests 
that the significant personal factors revealed in this cross-sectional study may not be able to sustain 
Chinese medical students’ continuance of using ITSs in their learning. For instance, due to novelty effect, 
students’ enjoyable emotions gained through gamification elements integrated into the ITSs may wear 
off over time. Hence, future studies should investigate the longitudinal pattern between these 
antecedents and Chinese medical students’ continued intention of using ITSs in an extended period. 
 
Moreover, this study investigated only a limited range of student personal factors on the acceptance and 
adoption of ITSs. Research has demonstrated that other personal factors, like motivation (Azizi et al., 
2020; Chu & Chen, 2016) and digital literacy (He et al., 2021), and non-personal factors, including the 
quality of an e-learning system (Y. Li et al., 2012; Salloum et al., 2019), types of instructional design 
(Alshammari et al., 2016), course quality (Cao et al., 2020) and institutions’ technical support (Yan et al., 
2021), can also affect students’ decisions regarding acceptance and adoption of learning technologies or 
e-learning systems. Therefore, future studies should examine a wider range of student personal and non-
personal factors, and the interaction between these factors on Chinese undergraduate medical students’ 
acceptance and adoption of ITSs. 
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