
  

Abstract—E-learning systems have become progressively 

more vital for universities, schools and other organisations to 

provide informational content and instructive resources. 

Incorporation of technology in learning and teaching 

environment is no longer an option, but a necessity. Still, the 

challenge for educational institutions is how to attract learners 

to their e-learning services. The study utilised an extended 

Unified Theory of Acceptance and Use of Technology (UTAUT) 

model to investigate empirically the variables that influenced 

the students use of a Learning Management System (LMS) in 

Saudi tertiary education. The focus of this study is the impact 

of demographic characteristics of experience and training on 

the students’ use of the LMS. Based on survey data from 605 

respondents, Partial Least Squares Structural Equation 

Modelling (PLS-SEM) in conjunction with multigroup analysis 

techniques were employed to assess the model. The results 

showed that experience moderated the relationship between 

behavioural intention and actual use, information quality and 

behavioural intention as well as social influence and actual use. 

Whereas only the association of information quality on 

performance expectancy was moderated by the training 

variable. These findings may contribute to a deeper 

understanding of e-learning students’ adoption behaviour. In 

light of these findings, the recommendations along with the 

study’s’ limitations were communicated.  

 
Index Terms—e-Learning systems, PLS-SEM, moderators 

technology acceptance, UTAUT. 

 

I. INTRODUCTION 

Technological advancements have progressed 

substantially in the past decades. While the progress of 

technological innovations is continuing, the transfer of these 

advances into education has become a current issue. The 

successful experience of e-services around the world has led 

to the redefinition of the role of educational institutions. 

That is through the adoption of e-learning services and 

techniques. The goal is to create a lifelong learning 

environment with cost-efficient, flexible and accessible 

education regardless of geographic and time boundaries. 

Among the diverse educational technologies, the LMS is a 

common e-delivery medium within academic institutions, 

possessing robust capabilities for delivering online courses 

in distance learning as well as augmenting on-campus 

courses in blended learning [1]. Educational institutions 
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implement LMSs such as the Blackboard system to 

administer their curricula with various types of 

functionalities, such as announcements, discussion board, 

online assessment and document sharing [2], [3].  

In Saudi Arabia, most universities are equipped with the 

Blackboard system as the main application for learning and 

teaching. A more recent statistic indicated that the 

Blackboard system is by far the most prevalent LMS in 

Saudi higher education used by 90% of kingdom public 

universities [4]. Nonetheless, having access to an LMS does 

not necessarily mean that effective learning has occurred [5]. 

Despite the apparent usefulness, the issue of effective use of 

an LMS is an intriguing one [5]. In fact, the decisions about 

the integration of LMS into universities are often at a higher 

management level. Yet, it is the individual adoption patterns 

that illustrate the successful implementation [6]. Salloum & 

Shaalan [7] reported that developing countries have failed, 

fully or partially, to implement LMSs effectively. A lack of 

utilization of these systems has been observed and the need 

to explore this challenge is still evident [7]–[9]. Therefore, 

understanding why students decide to use or reject an e-

learning system can create a more favourable environment 

for greater adoption, as well as helping to design strategies 

to promote acceptance.  

To address this gap, the technology acceptance models 

and theories examine the individual and the choices that are 

made to accept or reject a particular system [6]. Venkatesh 

and colleagues [10] developed a Unified Theory of 

Acceptance and Use of Technology (UTAUT) model based 

on a comprehensive review of diverse theories for computer 

use predication. The model unifies the theoretical models in 

information system studies and integrates human and social 

constructs to form a unique extensive model [10]. The 

model established a unique measure with four essential 

constructs of user behavioural intention and usage, including 

Performance Expectancy (PE), Effort Expectancy (EE), 

Social Expectancy (SE) and necessary Facilitating Condition 

(FC). All these elements are direct determinants of user 

intention and behaviour [10].  

Demographic characteristics such as age, experience, 

gender and voluntariness are posited to moderate the 

influence of the four key constructs on behavioural 

intentions [10]. The amalgamation of the core constructs and 

the moderating inputs has improved the predictive efficiency 

to 70% of the variance in behavioural intention to use 

technology [10]. Furthermore, the presence of demographics 

moderators in the UTAUT model has strengthened the 

model’s power to explain technology acceptance and usage 

[10]. It has been established that users’ individual 

differences, such as age, experience, training, can have an 

influence on the users’ beliefs in using the system [11]. The 
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moderators of gender, experience and training have been 

critical in using the LMS in Saudi Arabia [12]. It has been 

established that moderating factors have profound effects on 

user technology acceptance [13]. This not only contributes 

to the potential increase in the models’ explanatory power 

but also leads to a better understanding of the dynamics of 

the user technology acceptance phenomenon [13]. 

From a methodological perspective, it is evident that the 

majority of structural equation models have not examined 

the moderating effects [14]. Many studies have failed to 

address whether there are significant differences across two 

or more groups of data [15]. The result interpretation from a 

single population sample can be misleading and may 

contribute to an invalid conclusion [15]. Moderator variables 

are considered important as specific variables are often 

expected to influence the relationships between the 

predictors and the outcomes [14], [16], [17].  

This study attempts to extend the UTAUT model with six 

external variables and two demographic moderators. In 

particular, the proposed model measured the effects of the 

moderators LMS experience and given training on the 

students use of LMS in Saudi tertiary education. 

 

II. THEORETICAL MODEL 

The UTAUT model has been extended with six usability 

attributes to measure students’ behavioural intention and 

actual use of an LMS in Saudi higher education. The 

selection of the UTAUT framework was due to its 

comprehensiveness and powerful explanatory power in the 

students’ use of the e-learning system [7]. It is now well 

established from a variety of studies that usability attributes 

and user acceptance variables are essential to the diffusion 

of a given technology [18]. In this research, the UTAUT 

model was extended with six usability dimensions namely: 

system navigation, system learnability, visual design, 

information quality, instructional assessment and e-learning 

system interactivity. These six usability variables have been 

validated extensively in prior studies in the domain of 

usability, e-learning and educational technologies [19]–[24]. 

Along with that, the two moderators of students’ LMS 

experience and training were posited to influence all the 

model relationships. In this endeavour, the focus is on the 

influence of the moderation effect of LMS experience and 

training on the model relationships. The proposed model is 

depicted in Fig. 1. 

 

 
Fig. 1. The proposed model. 

A. Experience Moderating Effect 

The first moderating variable is LMS experience. 

Experience refers to the individuals’ involvement with the 

system over a period of time [10]. It is measured by a 

number of years that students have been using an LMS [25]. 

It is an important moderating variable in IT adoption 

contexts as individuals’ reactions toward an IT may change 

over time [26], [27]. In a study set out to compare the 

determinants of IT usage for experienced and inexperienced 

users, it was discovered that the inexperienced users placed 

a different emphasis on the determinants of usage and 

intention [27]. Extensive research has shown that the 

students’ experience in the use of LMS can change the 

intention usage behaviour [28]. Perceptions of intention 

differed significantly between students with and without 

prior experience [28]. Recently, Zhang et al. [29] findings 

demonstrated the significant difference in the effect of usage 

experience, as a moderator, in the students’ attitude and 

intention to use LMS. The intention in low-experienced 

users was influenced by information quality and perceived 

usefulness whereas for highly experienced users, the 

intention was influenced positively by information 

satisfaction, interaction satisfaction and perceived usefulness 

[29]. Consequently, this stimulus would affect students’ 

intention and actual use of the targeted system. Furthermore, 

Venkatesh et al. [30] postulated that the experience will 

moderate the effect between behavioural intention  and 

actual use behaviour and that will be stronger with less 

experienced users. In the Arab world, the previous student 

experience came as the most critical factor in the e-learning 

success model [31]. Drawn up for the earlier discussion, it is 

assumed that different factors within the model may have 

different influences on students’ perceptions of performance 

expectancy and effort expectancy as well as on intention and 

usage, depending on the students’ experience with the LMS. 

Since the experience variable has the potential to modify the 

model relationships, this study will postulate that the 

students experience of LMS moderates the interaction of the 

model variables. 

H1: LMS experience will moderate all relationships in the 

proposed model. 

B. Training Moderating Effect 

The success of the e-learning system implementation 

depends primarily on training and professional development 

[12], [32], [33]. Individuals can benefit from many forms of 

training such as workshops, online tutorials, courses, and 

seminars [34]. Training programmes affect significantly the 

individuals’ computer self-efficacy [35]. In this study, the 

training variable was measured by a number of training 

hours given to students. In a study set out to determine the 

effect of demographic characteristics on the acceptance and 

use of technology, the training determinant was found to be 

the most important driver of users perception of 

technological innovation [36]. The training can also boost 

the users’ confidence with regard to the capability to learn 

and use of technology [36]. Besides, it was established that 

training promotes greater understanding, favourable 

attitudes, more frequent use, and more diverse use of 

applications [37]. Problems of using technology are likely to 

arise if users are not provided with adequate training [35]. 

International Journal of Information and Education Technology, Vol. 10, No. 9, September 2020

686



Data from several sources have concluded that the scarcity 

of training has been considered among the most significant 

barriers in the use of e-learning system services in Saudi 

higher education [12], [33]. The effect of training 

moderation is lacking in the IS/IT acceptance research 

especially in the Arab context [38]. In the study conducted 

by Asiri et al, [12], the individuals’ characteristics of 

training was reported to be a critical factor that influenced 

the utilization of LMS in Saudi Arabia. Furthermore, the 

availability of training has a direct effect on individuals’ 

beliefs of perceived usefulness and perceived ease of use, 

where the latter is affected the most by the training variable 

[38]. Likewise, in an investigation into LMS acceptance in 

Saudi tertiary education, Alshehri et al. [9] found that the 

majority of students had no previous training in the use of 

LMS (64.3%) whereas a minority (32.2%) reported some 

training (1-5 hours). The lack of training and the absence of 

administrative support was a major barrier to the integration 

of technology in higher education [39]. External variables 

such as system training can affect the user beliefs in using 

the system [11], [40]. Hu, Clark, & Ma [41] compared the 

moderating effect of teachers’ training on the Technology 

Acceptance Model (TAM) relationships. Several noticeable 

changes in TAM key acceptance drivers and their influence 

patterns or magnitudes were observed over the course of  the 

training [41]. Therefore, the following hypothesis was 

proposed to investigate the effect of students’ training.  

H2: Training will moderate all relationships in the proposed 

model. 

 

III. METHODOLOGY 

The target sample for this study was taken from students 

in Saudi higher education. The researcher targeted the 

students in Saudi higher education with geographically 

dispersed universities. Due to the large sample frame of 

Saudi students, a sampling technique was necessary. Hence, 

the study approaches this concern using a multi-stage cluster 

sampling technique as suggested by [42]. 

Quantitative research in the form of an online 

questionnaire-based survey was performed to test the 

hypotheses. The instrument was divided into three main 

sections. The first section included information about the 

respondents’ characteristics. In this section, the students 

select the number of hours of provided training as well as 

the years of LMS experience. The second section is 

concerned with UTAUT constructs. This section comprises 

25 positive statements divided into six subscales using a 

five-point Likert scale, based on LMS use in higher 

education. The last part elicits students’ perception of the six 

usability variables, containing 31 positive statements.  

Three thousand emails, providing a hyperlink the Web-

based survey, were distributed to students in five public 

universities. Specifically, the online survey was employed to 

reach the wider population of the females’ colleges as 

female students study in gender-segregated campuses. A 

total of 861 (28%) were returned and 256 (30%) 

questionnaires were incomplete and considered unusable 

due to the excessive missing data. Those instances had to be 

discarded before the process of data analysis. Besides, after 

the preliminary examination for outliers, normality and 

unengaged responses, 605 responses (20% response rate) 

were used for data analysis. The results indicated that males 

represent 46.1% (279 participants) and females 53.9% (326 

participants).  

 

IV. DATA ANALYSIS 

This study employed the Partial Least Squares Structural 

Equation Modelling (PLS-SEM) approach to test the 

measurement and structural model using SmartPLS 3 [43]. 

The multigroup analysis (MGA) technique was used to test 

the moderating effects. Many researchers emphasised the 

importance of using multigroup analysis using PLS-SEM 

technique, to analyse the effects of moderation across 

multiple relationships rather than standard moderation [14]–

[16], [44], [45]. 

A. Measurement Model Assessment 

1) Experience 

The experience moderator was examined based on a 

nominal scale. Therefore the refinement strategies were not 

required [46]. The data were divided into low and high 

experienced users. The first step of analysis is to ensure 

construct reliability and validity, including construct 

reliability and construct convergent and discriminant 

validity [44]. Cronbach’s Alpha (CA) is the measure for the 

internal consistency; the degree to which responses are 

consistent across items within variable [47]. The Composite 

Reliability (CR) is a more conservative measure of internal 

consistency reliability where varying factor loadings are 

taken under consideration [17]. The items in the composite 

reliability are weighted based on the constructs’ indicators 

loadings so the reliability is higher than Cronbach’s alpha 

[48]. In this research, the researcher ran the PLS algorithm 

for both groups and found all the items' ranges were 

acceptable except one item (AU2 “I have been using 

Blackboard regularly in the past” = 0.50) in the high 

experienced students’ category, which did not conform to 

the standard factor reliability cut-off of .7 [46]. The 

researcher has decided to remove the AU2 indicator for both 

groups and re-estimate the model. The results of the PLS 

algorithm for students’ e-learning experience is presented in 

Table I. As it can be observed from the data, for each 

construct, criteria of internal consistency reliability, 

composite reliability exceeded the threshold of 0.7 as 

suggested by [46], providing evidence of high reliability of 

the constructs. For the assessment of validity, all constructs 

in both groups have their Average Variance Extracted (AVE) 

greater than 0.5 as recommended by [46] and hence, 

convergent validity has been established.  

 
TABLE I: THE MEASUREMENT MODEL ASSESSMENT FOR EXPERIENCE 

 High Experience Low Experience 

Construct CA > 

0.7 

CR 

> 0.7 

AVE 

> 0.5 

CA 

> 0.7 

CR 

> 0.7 

AVE 

> 0.5 

Actual Use (AU) 0.79 0.88 0.71 0.77 0.87 0.69 

Behavioural 

Intention (BI) 

0.90 0.95 0.81 0.91 0.95 0.82 

Performance 

Expectancy (PE) 

0.81 0.87 0.64 0.88 0.92 0.74 

Social Influence 

(SI) 

0.78 0.86 0.61 0.81 0.88 0.64 
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Effort Expectancy 

(EE) 

0.88 0.92 0.73 0.91 0.94 0.79 

Facilitating 

Conditions (FC) 

0.79 0.85 0.53 0.80 0.86 0.56 

Instructional 

Assessment (IA) 

0.87 0.90 0.61 0.91 0.94 0.73 

Information 

Quality (IQ) 

0.91 0.95 0.77 0.91 0.95 0.78 

System 

Learnability (SL) 

0.85 0.89 0.62 0.88 0.93 0.71 

System 

Navigation (SN) 

0.84 0.89 0.61 0.85 0.89 0.63 

Visual Design 

(VD) 

0.91 0.93 0.70 0.91 0.94 0.72 

E-learning System 

Interactivity (ESI) 

0.86 0.90 0.70 0.91 0.93 0.78 

CA: Cronbach’s alpha, CR: composite reliability, AVE: average variance 

extracted 

 

The values of the Fornell-Larcker discriminant validity 

for lower and higher experienced students are shown in 

Table III. Using the Fornell–Larcker criterion [49], the 

constructs share more variance with its assigned indicators 

than with any other construct, hence discriminant validity 

has been established for both sub-samples. Therefore, the 

measurement model assessment was successful for both high 

and low-experienced groups. 

2) Training 

The population sample was divided into trained and 

untrained users. Trained users are those who received LMS 

training and untrained students are those who had no 

previous training in the use of LMS. The trained students 

constituted 316 (52.2%) and untrained comprised 289 

(47.8%). The investigation, therefore, proceeded with the 

other prerequisites of the MGA. 

The results of the PLS algorithm for LMS training groups 

are illustrated in Table II. As can be observed from the data, 

criteria of internal consistency reliability, composite 

reliability and AVE, were satisfactory. Similarly, the 

assessment of compositional invariance (MICOM) was 

conducted using a permutation test. Results of MICOM 

represented a problem in the analysis that Social Influence 

(SI) and Facilitating Condition (FC) scores were 

significantly different from one which did not support the 

partial measurement invariance. Since these two variables 

(SI, FC) composites differ regarding their composition 

across the groups, the researcher eliminated the construct 

that did not achieve compositional invariance from both 

groups as suggested by Hair et al. [16] and Henseler et al. 

[44]. 

 
TABLE II: THE MEASUREMENT MODEL ASSESSMENT FOR TRAINING  

Training Group Untrained Group 

Construct CA > 

0.7 

CR > 

0.7 

AVE > 

0.5 

CA > 

0.7 

CR > 

0.7 

AVE > 

0.5 

Actual Use 

(AU) 

0.750 0.844 0.578 0.745 0.840 0.572 

Behavioural 

Intention 

(BI) 

0.902 0.945 0.810 0.915 0.947 0.817 

Performance 

Expectancy 

(PE) 

0.837 0.891 0.673 0.839 0.893 0.677 

Effort 

Expectancy 

(EE) 

0.913 0.939 0.794 0.874 0.914 0.726 

Instructional 

Assessment 

(IA) 

0.903 0.940 0.723 0.887 0.914 0.641 

Information 

Quality (IQ) 

0.915 0.958 0.819 0.901 0.927 0.718 

System 

Learnability 

(SL) 

0.897 0.924 0.710 0.849 0.892 0.625 

System 

Navigation 

(SN) 

0.866 0.903 0.651 0.839 0.885 0.608 

Visual 

Design (VD) 

0.918 0.936 0.711 0.909 0.931 0.693 

E-learning 

System 

Interactivity 

(ESI) 

0.886 0.920 0.741 0.864 0.904 0.703 

CA: Cronbach’s alpha, CR: composite reliability, AVE: average variance 

extracted 

 

The elements in the matrix diagonals, presented in Table 

IV, indicate the square roots of the average variance 

extracted. The diagonal bold values confirmed that all the 

AVEs are higher than any other correlation. Therefore, the 

discriminant validity of the constructs is established for both 

trained and untrained sub-samples. 

 
TABLE III: FORNELL–LARCKER DISCRIMINANT VALIDITY FOR EXPERIENCE 

Lower Experience Students 

  AU BI EE FC IQ IA ESI SL SN PE SI VD 

AU 0.833 
           

BI 0.409 0.908 
          

EE 0.379 0.633 0.890 
         

FC 0.581 0.528 0.632 0.748 
        

IQ 0.455 0.665 0.599 0.600 0.881 
       

IA 0.522 0.525 0.495 0.645 0.807 0.852 
      

ESI 0.377 0.574 0.463 0.520 0.757 0.765 0.881 
     

SL 0.479 0.653 0.724 0.676 0.737 0.701 0.587 0.844 
    

SN 0.412 0.649 0.612 0.647 0.656 0.716 0.668 0.709 0.791 
   

PE 0.420 0.776 0.604 0.533 0.669 0.553 0.652 0.631 0.622 0.858 
  

SI 0.720 0.394 0.329 0.520 0.578 0.492 0.468 0.478 0.381 0.448 0.798 
 

VD 0.407 0.319 0.327 0.590 0.611 0.659 0.616 0.653 0.670 0.371 0.536 0.848 

Higher Experience Students 

  AU BI EE FC IQ IA ESI SL SN PE SI VD 

AU 0.845 
           

BI 0.608 0.901 
          

EE 0.474 0.484 0.855 
         

FC 0.527 0.559 0.582 0.725 
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IQ 0.434 0.404 0.442 0.547 0.879 
       

IA 0.456 0.464 0.440 0.573 0.674 0.783 
      

ESI 0.364 0.525 0.346 0.465 0.528 0.611 0.835 
     

SL 0.537 0.500 0.672 0.679 0.658 0.553 0.522 0.787 
    

SN 0.478 0.481 0.563 0.618 0.530 0.541 0.538 0.720 0.783 
   

PE 0.567 0.700 0.457 0.516 0.532 0.511 0.465 0.504 0.447 0.799 
  

SI 0.539 0.532 0.424 0.563 0.474 0.466 0.385 0.486 0.453 0.545 0.779 
 

VD 0.414 0.379 0.496 0.535 0.571 0.574 0.524 0.686 0.677 0.337 0.365 0.834 

 
TABLE IV: THE FORNELL-LARCKER DISCRIMINANT VALIDITY FOR TRAINING 

 

B. Structural Model Assessment 

Table V presented path coefficients for each group, the 

explained variance (R2) along with the test of differences 

between the sub-samples. Since the permutation test is non-

parametric, two-tailed, more conservative, and 

recommended by researchers [15], [16], the researcher 

employed it in the analysis. Some relationships indicate a 

significant difference between the higher and lower users, 

evidenced by the p-value below 0.05 significant level. To 

start with, the relationship between behavioural intention 

and actual use is significantly different among higher 

experienced users (β(1) = 0.383) versus those who are 

beginners (β(2) = 0.046) with the path being significant in the 

higher experienced group but not in the beginners. Similarly, 

the effect of information quality on behavioural intention is 

significantly different between experienced students (β(1) = -

0.166) and beginner students (β(2) = 0.299), with the path 

being significant in the experienced group but not in the 

beginner’s category. Finally, the relationship between social 

influence and actual use is significantly (p < 0.10) different 

for experienced students (β(1) = 0.234) versus less 

experienced users (β(2) = 0.570). However, the relationship 

between social influence and actual use is significant for 

both advanced and novices’ group. The other relationships 

of the model do not indicate a major difference between 

advanced and beginner groups. 
 

 

 

TABLE V: THE MODERATING EFFECT FOR EXPERIENCE 

Paths 

High  Low  
Test 

Experience Experience 

β R2 β R2 p-Values 

BI -> AU 0.383 

0.447 

0.046 

0.559 

0.018 

FC -> AU 0.181 0.258 0.610 

SI -> AU 0.234 0.570 0.018 

EE -> BI 0.108 

0.582 

0.039 

0.66 

0.686 

ESI -> BI 0.227 0.040 0.330 

FC -> BI 0.158 0.067 0.502 

IA -> BI -0.021 -0.164 0.377 

IQ -> BI -0.166 0.296 0.003 

PE -> BI 0.489 0.415 0.628 

SI -> BI 0.120 0.032 0.438 

SL -> BI -0.011 0.113 0.613 

SN -> BI 0.029 0.300 0.183 

VD -> BI 0.008 -0.276 0.080 

VD -> BI 0.008 -0.276 0.080 

EE -> PE 0.205 

0.392 

0.143 

0.568 

0.731 

IQ -> PE 0.244 0.310 0.687 

ESI -> PE 0.176 0.403 0.098 

IA -> PE 0.174 -0.202 0.059 

VD -> PE -0.238 -0.260 0.901 

SL -> PE 0.114 0.190 0.778 

SN -> PE 0.088 0.228 0.550 

IA -> EE 0.135 

0.452 

-0.141 

0.558 

0.114 

ESI -> EE -0.083 0.073 0.330 

IQ -> EE -0.060 0.248 0.114 

SL -> EE 0.579 0.666 0.697 

SN -> EE 0.102 0.181 0.698 

VD -> EE 0.034 -0.329 0.046 

 

Trained Students 
 

AU BI EE ESI IA IQ PE SL SN VD 

AU 0.760 
         

BI 0.565 0.900 
        

EE 0.523 0.656 0.891 
       

ESI 0.453 0.588 0.481 0.861 
      

IA 0.549 0.570 0.594 0.727 0.850 
     

IQ 0.496 0.628 0.538 0.650 0.736 0.905 
    

PE 0.599 0.792 0.620 0.630 0.648 0.713 0.821 
   

SL 0.592 0.647 0.792 0.640 0.731 0.701 0.657 0.842 
  

SN 0.549 0.606 0.706 0.639 0.688 0.653 0.633 0.750 0.807 
 

VD 0.455 0.479 0.522 0.566 0.694 0.653 0.516 0.702 0.704 0.843 

Untrained Students 
 

AU BI EE ESI IA IQ PE SL SN VD 

AU 0.757 
         

BI 0.577 0.904 
        

EE 0.453 0.493 0.852 
       

ESI 0.323 0.479 0.340 0.839 
      

IA 0.442 0.472 0.487 0.620 0.800 
     

IQ 0.436 0.429 0.520 0.477 0.568 0.847 
    

PE 0.501 0.757 0.494 0.481 0.477 0.509 0.823 
   

SL 0.506 0.511 0.705 0.486 0.569 0.678 0.529 0.791 
  

SN 0.469 0.467 0.545 0.545 0.591 0.575 0.450 0.717 0.780 
 

VD 0.429 0.370 0.437 0.532 0.531 0.604 0.383 0.631 0.695 0.832 
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Table VI illustrates the path coefficients for each training 

categories, the explained variance (R2) along with the 

permutation p-value for both groups. It can be seen from the 

data in Table VI that the only moderating effect of training 

is the association between the information quality and 

performance expectancy. These relationships were 

significant. Nonetheless, trained students exhibited higher 

perceptions (β = 0.416) of the LMS information quality and 

its effect on the system usefulness than did the untrained 

counterpart (β = 0.196). 
 

TABLE VI: THE MODERATING EFFECT FOR TRAINING 

Paths 
Trained Students 

Untrained 

Students 
Test  

β R2 β R2 p-Values 

BI -> AU 0.565 0.318 0.577 0.331 0.843 

EE -> BI 0.255 

0.674 

0.104 

0.601 

0.089 

ESI -> BI 0.134 0.102 0.746 

IA -> BI -0.103 0.047 0.076 

IQ -> BI 0.075 -0.076 0.088 

PE -> BI 0.550 0.625 0.376 

SL -> BI 0.029 0.047 0.879 

SN -> BI -0.002 0.078 0.407 

VD -> BI -0.010 -0.033 0.785 

EE -> PE 0.275 

0.611 

0.211 

0.385 

0.514 

ESI -> PE 0.200 0.246 0.606 

IA -> PE 0.058 0.076 0.863 

IQ -> PE 0.417 0.196 0.043 

SL -> PE -0.030 0.134 0.209 

SN -> PE 0.092 0.010 0.477 

VD -> PE -0.098 -0.090 0.940 

ESI -> EE -0.101 

0.643 

-0.081 

0.506 

0.814 

IA -> EE 0.115 0.149 0.728 

IQ -> EE -0.038 0.061 0.315 

SL -> EE 0.698 0.605 0.368 

SN -> EE 0.236 0.087 0.150 

VD -> EE -0.131 -0.077 0.601 

 

V. DISCUSSION 

A. Experience 

The permutation test, presented in Table V, reveals that 

LMS experience moderated three relationships: BI -> AU, 

IQ -> BI and SI->AU. This is similar to the Ameen et al. [8] 

and Binyamin et al. [50] conclusion in which not much 

difference was found between students with low or high 

levels of LMS experience. Nonetheless, LMS experience has 

moderated the effect of BI on students usage behaviour of 

the LMS in Saudi Arabia. This is consistent with results 

obtained by Taylor & Todd [27] where the path from 

intention to usage behaviour was stronger for experienced 

users than for inexperienced users. The results are also in 

line with the findings of Sun & Zhang [13]. In contrast with 

UTAUT findings, the students with prior experience seem to 

be more motivated to use LMS than less experienced users 

[10]. The results also contradict the study of Venkatesh et al. 

[30] in which the behavioural intention effect on technology 

use was stronger with less experienced users. It may be that 

these participants benefitted more from the LMS, as PE->BI 

was stronger for experienced users than for the beginners, 

supporting previous findings of Tarhini, Hone, & Liu [51]. 

Besides, the EE->PE was significant in the advanced group 

only, indicating a greater inclination to system ease of use 

and this might add further insight to the students affirmed 

the intention to use LMS. This finding is in compliance with 

the Venkatesh & Bala [26]’s conclusion in which the 

influence of perceived ease of use on usefulness will be 

stronger with advanced users. Thus, with increasing 

experience, Saudi use of LMS appears to be more for 

pragmatic purposes, such as gains in efficiency and 

effectiveness. That eventually will reinforce the actual 

behaviour. Therefore, LMS experienced users utilize their 

prior experience to form their intentions so, the more 

experience students acquire in the use of LMS, the more the 

affirmation of the usage behaviour. 

The experience also moderated the IQ -> BI relationship. 

It is an inverse relationship. This means that the quality of 

the content of the LMS, its relevancy, completeness and 

timeliness contents negatively impact the students’ 

willingness to use the LMS. It is rather an unanticipated 

finding and it merits further exploration. The negative 

interaction of experience on the effect of IQ on BI could be 

interpreted such that, more experienced individuals possess 

stable perceptions about the LMS usefulness and ease of use 

irrespective of the LMS content. This then translated into 

affirmed intention to use the LMS. Another plausible 

explanation might be related to that highly experienced 

students might find that the information of LMS is 

overwhelming, discouraging them from using the system. 

Finally, the relationship between social influence and 

actual use was moderated by experience. It is evident that 

the less experienced users of LMS tend to be more 

susceptible to referents’ opinions and the effect did not 

attenuate with increased experience. The results in this 

investigation were consistent with those of other studies [10], 

[25] in which in the mandatory settings, social influence 

appears to be important only in the early stages of individual 

experience with the technology. A similar finding was 

demonstrated by Calisir, Altin Gumussoy, & Bayram [52] 

who asserted that less experienced respondents showed high 

social influence toward the individuals’ intention to use the 

system ERP system in Turkey. Besides, it was demonstrated 

that the social influence effect on perceived usefulness and 

behavioural intention was weaker with increased hands-on 

experience on the system [26]. Therefore, our result is 

expected in Saudi higher education as students comply with 

other expectations, especially in the early stages of 

experience where students’ opinions are relatively ill-

informed.  

Regarding the explained variance of the experience 

moderators, the results demonstrated that the shared 

variance in advanced group for AU, BI, EE, PE is 0.447 

(45%), 0.582 (58%), 0.452 (45%) and 0.392 (39%) 

respectively. The less experienced student sample the 

explained variance for AU, BI, EE, PE is 0.559 (56%), 

0.660 (66%), 0.558 (56%) and 0.568 (57%) respectively. As 

it can be seen, the proposed model explained more variance 

in the less experienced category. This is in agreement with a 

recent study in the Saudi context, where lower-level 

experienced usage behaviours were well predicted by the 

independent variables [50]. The results are in parallel with 

the semnial study of Taylor & Todd [27] which 

demonstrated that the inexperienced users' intentions were 

better predicted by the antecedent variables in the model 

than were the intentions of experienced users. This indicates 

a better model fit for younger students in the dependent 

variables AU, BI, EE, PE. A plausible explanation for this 
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difference might be the fact that our study sample comprises 

students from newly established universities where LMS has 

been recently introduced, so the students might have been 

more encouraged to use the system. Changes of perceptions 

are anticipated as the individuals gained more experience 

and knowledge about the system [41]. 

B. Training 

The results of the permutation algorithm, presented in 

Table VI, established that LMS training moderates a single 

relationship: the information quality influence on 

performance expectancy. The lack of support in other 

relationships might be explained by the fact that around half 

of the participants in the study sample did not receive any 

training in the use of the LMS. This was supported in the 

previous studies in which a number of researchers 

acknowledged the lack of training in the use of LMS in 

Saudi universities [12], [32], [33]. However, significant 

differences in the group-specific path coefficients were 

noted. The trained students exhibited higher perceptions of 

the LMS information quality and its effect on the system 

usefulness than did their untrained counterparts. These 

relationships were significant in both groups. This means 

that trained students found information in the LMS platform 

to be accurate, relevant, timely, sufficient and complete. 

Those attributes subsequently contribute to the system 

usefulness more than the effect on the untrained students. 

These findings are unsurprising as the training given about 

the use of LMS seems not only to improve the students’ 

technical skills but also the related pedagogical knowledge 

(i.e. LMS content). This is consistent with previous research 

[41] in which some relationships were intensified over the 

course of the training. 

Regarding the model’s explanatory power. Overall, the 

model was able to account for a substantial part of the 

variances in students’ acceptance decisions: 67% with 

training and 60% without training. In a comparison of the R2 

values of performance expectancy and effort expectancy, the 

trained model explained 61% of the variances for 

performance expectancy and 64% for effort expectancy. 

Whereas there was 39% for the variance of performance 

expectancy and 51% for the variance for effort expectancy 

in the untrained model. This is in line with the Hu et al. [41] 

finding in which the model’s explanatory power appeared to 

increase over the course of the training. Clearly, the model’s 

explained variances appeared to increase with the training, 

indicating the important moderation effect of training in the 

students’ acceptance and use of LMS in Saudi higher 

education. 

 

VI. CONCLUSION 

This study investigated the impact of moderating effect on 

the students’ use of LMS in Saudi higher education. 

Specifically, experience and training received variables were 

posited to affect the extended UTAUT model relationships. 

The findings revealed three relationships (BI -> AU, IQ -> 

BI and SI->AU) were impacted by experience whereas only  

IQ -> PE was influenced by the training given to the 

students. It can be deduced that the two demographic 

moderators have little impact on the students’ use of LMS in 

Saudi higher education. Still, the study substantiates the 

students’ demographic differences regarding path 

significance and intensity.  Lecturers and administrators 

should pay more consideration to recognized differences 

between the groups. It is important to note that less 

experienced and trained students place more emphasis on 

the determinants of intention and usage behaviour, 

evidenced by the explained variance of each categories. 

University policymakers are expected to benefit from this 

research as to find an effective approach for e-learning 

system acceptance in an academic setting and eliminate any 

impediments to its implementation. That in turn will 

improve their future strategic initiatives of technology 

implementation considering the different groups of students 

preferences and the usability factors relevant to their use. 

Thus, a key policy priority should therefore be to enhance 

the strategic plan for e-learning systems implementation at 

universities. 

Before drawing definitive conclusions from these results, 

it is important to consider the study's limitations. Firstly, this 

cross-sectional study analysed data at a specific point in time. 

Several lines of evidence suggest that longitudinal research 

is recommended in which the same students are observed 

over the study period. This would appreciate the time and 

the dynamics of students’ usage behaviour. The students’ 

perceptions and preferences about technology may change 

as they gain more experience in LMS so a continuous 

improvement of LMS is advised to address any issues and 

shortfalls. Secondly, apart from the intra-cultural context 

limitations, the scope of this study was limited to higher 

education in Saudi Arabia so the generalisation at a cross-

cultural level is undetermined. Thus, it is desirable to 

include geographically distributed universities around the 

Gulf region which might improve the generalizability of our 

research outcomes. Thirdly, the current research targeted 

students' experience of the Blackboard system. So an issue 

that was not addressed in this study was whether other 

platforms e.g. Moodle and Desire2Learn would lead to 

similar conclusions. Students have different motivation and 

experience in using different types of platforms, thus, this 

would be a fruitful area for further work. 
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