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ABSTRACT 
Aim/Purpose This study aims at investigating the factors that influence students’ continuous 

intention to use Moodle, as an exemplar of  learning management systems 
(LMSs), in the post-adoption phase. 

Background Higher education institutions (HEIs) have invested heavily in learning manage-
ment systems (LMSs), such as Moodle and BlackBoard, as these systems en-
hance students’ learning and improve their interactions with the educational sys-
tems. While most studies on LMSs have focused on the pre-adoption or ac-
ceptance phases of  this technology, the determinant factors that influence stu-
dents’ continuance intention to use LMSs have received less attention in the in-
formation systems (IS) literature.  

Methodology The theoretical model for this study was primarily drawn from the expectation-
confirmation model (ECM). A total of  387 Kuwaiti students, from a private 
American University in the State of  Kuwait, participated in this study. Partial 
least squares (PLS) was employed to analyze the data. 

Contribution This study contributes to the existing scientific knowledge in different ways. 
First, this study extends the expectation confirmation model (ECM) by integrat-
ing factors that are important to students’ continuous intention to use LMSs, in-
cluding system interactivity, effort expectancy, attitude, computer anxiety, self-
efficacy, subjective norms, and facilitating conditions. Second, this study adds 
on a Kuwaiti literature context by focusing on the continuous intention to use 
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LMSs, which is, to the best of  our knowledge, the first study that extends and 
empirically assesses the applicability of  the ECM in the LMSs context in a de-
veloping country – Kuwait. Third, this study conceptually and empirically dif-
ferentiates between satisfaction and attitude, as two separate affect constructs, 
which were taken as interchangeable factors in ECM, and were disregarded by a 
large number of  prior ECM studies concerned with continuous use intention. 
Finally, this study aims to assist HEIs, faculty members, and systems’ developers 
in understanding the main factors that influence students’ continuance use in-
tention of  LMSs. 

Findings While subjective norms were not significant, the results mainly showed that stu-
dents’ continuous intention to use Moodle is significantly influenced by perfor-
mance expectancy, effort expectancy, attitude, satisfaction, self-efficacy and fa-
cilitating conditions. The study’s results also confirmed that satisfaction and atti-
tude are two conceptually and empirically different constructs, conflicting with 
the views that these constructs can be taken as interchangeable factors in the 
ECM. 

Recommendations  
for Practitioners 

This study offers several useful practical implications. First, given the significant 
influence of  system interactivity on performance expectancy and satisfaction, 
faculty members should modify their teaching approach by enabling communi-
cation and interaction among instructors, students, and peers using the LMS. 
Second, given the significant influence of  performance expectancy, satisfaction, 
and attitude on continuous intention to use the LMS, HEIs should conduct 
training programs for students on the effective use of  the LMS. This would in-
crease students’ awareness regarding the usefulness of  the LMS, enhance their 
attitude towards the LMS, and improve their satisfaction with the system. Third, 
given the significant role of  effort expectancy in influencing performance ex-
pectancy, attitude, and students’ continuous intention to use Moodle, developers 
and system programmers should design the LMS with easy to use, high quality, 
and customizable user interface. This, in turn, will not only motivate students’ 
performance expectancy, but will also influence their attitude and continuous 
intention to use the system. 

Recommendations  
for Researchers  

This study conceptually and empirically differentiates between satisfaction and 
attitude, as two separate affect constructs, which were taken as interchangeable 
factors in ECM and were disregarded by a large number of  prior ECM studies 
concerned with continuous use intention. Hence, it is recommended that re-
searchers include these two constructs in their research models when investigat-
ing continuous intention to use a technology. 

Impact on Society This study could be used in other countries to compare and verify the results. 
Additionally, the research model of  this study could also be used to investigate 
other LMSs, such as Blackboard. 

Future Research This study focused on how different factors affected students’ continuous in-
tention to use Moodle but did not consider all determinants of  successful sys-
tem, such as system quality, information quality, and instructional as well as 
course content quality. Thus, future research should devote attention to the ef-
fects of  these quality characteristics of  LMS.  

Keywords continuance use, expectation confirmation model (ECM), Kuwait, learning 
management systems (LMS), Moodle 
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INTRODUCTION 
Traditionally, higher education institutions (HEIs) used conventional (traditional, face-to-face) teach-
ing methods. The conventional teaching method is instructor-centered, and the contents or learning 
materials were provided by the instructor, and every student has to study the same topic at the same 
time provided by the instructor (Shakya et al., 2017). Although conventional teaching methods have 
been espoused for providing an opportunity for students to learn directly from subject experts, such 
methods can lack flexibility, do not ensure teaching consistency, nor accommodate the diverse learn-
ing needs of  students (Bloomfield et al., 2010, p. 288). Nevertheless, the developments in infor-
mation and communication technologies (ICTs) have reshaped various industries, such as health, re-
tail, business, finance, and education. As a result, HEIs are responding to these technological ad-
vancements by adopting various electronic learning (e-learning) technologies that have shifted the ed-
ucation system from conventional learning to e-learning, and this is relevant for the learner as it is 
providing flexibility in learning with optional choices for study to the learner with unlimited access to 
information (Khadka et al., 2020, p. 105). E-learning is an “innovative approach to education delivery 
via electronic forms of  information that enhances the learner’s knowledge, skills, or other perfor-
mance” (Siritongthaworn et al., 2006, p. 138). E-learning has various benefits, such as personalized 
learning, increased access to information, effective means to standardize and deliver content, on-de-
mand content availability, interactivity, and provides flexible, convenient, and diverse learning envi-
ronments to meet the disparate needs of  learners (Lwoga, 2014, p. 4). 

Among a variety of  e-learning technologies, learning management systems (LMSs) are consistently 
considered the most important technology adopted in higher education today (e.g., Green & 
Chewning, 2020; Rhode et al., 2017). A LMS is capable of  transforming face-to-face sessions by of-
fering students a space for online learning (Wichadee, 2015). Using a LMS is an effective way of  de-
livering instruction to students by offering 24/7 access to course content, while enabling convenient 
course creation and management for teachers (Fearnley & Amora, 2020, p. 91). The adoption of  
LMSs has resulted in an increasingly important role of  these systems in contemporary education sys-
tem (Ifinedo et al., 2018). LMSs can support student learning by enabling the sharing of  learning ma-
terial online, allowing additional learning components, such as quizzes, presentations, screencasts, as-
signments, and discussion forums, and allow teachers to provide and manage these resources in a rel-
atively easy and integrated way (Conijn et al., 2017). In fact, LMSs have become an influential and in-
tegrated piece of  the higher education infrastructure, and the LMSs market is currently valued at over 
$9 billion, with a projected global market value of  $22.4 billion by 2023 (Green & Chewning, 2020). 

Moodle – Modular Object-Oriented Dynamic Learning Environment – is one of  the most popular 
LMSs. It is used extensively across the world because it is easy to use, users can customize the plat-
form to meet their organizational objectives, and it offers a wide range of  services for both educators 
and students (Pérez-Pérez et al., 2019). Moodle allows for the management of  subject contents (doc-
uments, graphics, web pages or videos), communication with students (i.e., forums or virtual tutori-
als), and students’ assessment (i.e., grading or monitoring subject assignments) (Susana et al., 2015, p. 
605). At present, there are more than 96 thousand registered sites, more than 20 million courses, and 
more than 180 million registered from 232 countries all over the world using Moodle (Moodle, 2020). 

The IS literature indicates that the preponderance of  research focused on LMSs tends to be placed 
on the following themes: the importance of  LMS in effective instructional delivery (e.g., Ali et al., 
2018; El Mawas et al., 2016; Kuhnel et al., 2018; Mubin et al., 2017), LMSs features (e.g., Echeverria 
et al., 2013; Mpungose, 2020; Oh et al., 2018), adoption and acceptance (e.g., Ali et al., 2018; M. 
Cheng & Yuen, 2019; Ifinedo et al., 2018; Pérez-Pérez et al., 2019), and implementation success (e.g., 
Al-Fraihat et al., 2020; Eom & Ashill, 2018; Seta et al., 2018). For instance, Cidral et al. (2018) gener-
ally classified e-learning studies from 2001 till 2016. The authors reported that studies from 2001 
started with a focus on intention to use, adoption, usability, course contents, and customization, and 
evolved later to include satisfaction from 2007. From 2013, studies have focused on the overall 
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success of  e-learning and on how students’ performance and achievements affect e-learning. Addi-
tionally, IS scholars have used different theoretical models to investigate the factors that influence the 
pre-adoption or acceptance phases of  LMSs, such as the unified theory of  acceptance and use of  
technology (UTAUT) and (UTAUT2), technology acceptance model (TAM), innovation diffusion 
theory (IDT), theory of  planned behavior (TPB), DeLone and McLean IS-Success Model, or used 
different combinations of  these theories.   

While the significant amount of  prior research in LMSs has deepened our understanding of  the piv-
otal adoption, acceptance and success factors of  these systems, such as information quality, system 
quality, service quality, satisfaction, attitude, usefulness, ease of  use, communicativeness, perceived 
learning outcomes and students’ performance and achievements, there has been limited research spe-
cifically on continuance use of  LMSs (e.g., M. Cheng & Yuen, 2018, 2019; Shiue & Hsu, 2017). For 
instance, as reported by Cidral et al. (2018), earlier studies have been concerned more about the tech-
nology itself. However, as the technology becomes increasingly reliable and accessible (Al-Fraihat et 
al., 2020), recent research should focus more on the continuous intention to use the technology, 
which plays a vital role in the success of  these systems. In fact, it is argued that the main determinant 
of  IS success is its continued use (e.g., Al-Emran et al., 2020; Foroughi et al., 2019; Sabah, 2019; Su-
santo et al., 2016). Further, more recently, the growth of  LMSs is challenged by institutional barriers 
and negative users’ perceptions (e.g., Ali et al., 2018; Green & Chewning, 2020; Gunasinghe et al., 
2019a, 2019b). Thus, this study aims at understanding the factors that influence students’ continu-
ance intention to use Moodle (as an exemplar of  LMSs) in the post-adoption phase. 

The majority of  the IS literature in the LMSs context focusses on the pre-adoption or acceptance 
phases of  LMS. Only a few studies (e.g., Al-Emran et al., 2020; M. Cheng & Yuen, 2018; Dai et al., 
2020; Sabah, 2019) examined post-adoption continuous intentions and behaviors. Additionally, theo-
ries, such as TAM, IDT, UTAUT, and TPB, are primarily used to explain users’ pre-adoption behav-
iors (Foroughi et al., 2019), and has numerous limitations in predicting the users’ continuance behav-
iors in the post-adoption phase (Joo et al., 2018). Prior studies (e.g., Bhattacherjee, 2001a, 2001b; 
Oertzen & Odekerken-Schröder, 2019) argued that users may start using more functional digital fea-
tures only in the post-adoption phase, after they have gained some experience with the technology. 
As such, there is a need to study IS continuous use intention in the post-adoption phase. 

This study contributes to the existing scientific knowledge in different ways. First, this study seeks to 
investigate students’ continuance intention to use Moodle in the post-adoption phase. Second, this 
study extends the expectation confirmation model (ECM) (Bhattacherjee, 2001a) by integrating fac-
tors that are important to students’ continuous intention to use LMSs, including system interactivity, 
effort expectancy, attitude, computer anxiety, self-efficacy, subjective norms, and facilitating condi-
tions. Third, this study adds on the Kuwaiti literature context by focusing on the continuous inten-
tion to use LMSs, which is, to the best of  our knowledge, the first study that extends and empirically 
assesses the applicability of  the ECM in the LMSs context in a developing country – Kuwait. Fourth, 
this study goes beyond what was proposed by Bhattacherjee (2001a), in the original ECM, by includ-
ing a new construct (Attitude) alongside the ECM constructs, and proposing new causal paths (Per-
formance Expectancy ->Attitude and Attitude -> Continuous Intention). Fifth, in line with Dia et al. 
(2020), this study conceptually and empirically differentiates between satisfaction and attitude, as two 
separate affect constructs, which were taken as interchangeable factors in ECM (Bhattacherjee, 
2001a), and were disregarded by a large number of  prior ECM studies concerned with continuous 
use intention. Finally, this study aims to assist HEIs, faculty members, and systems’ developers and 
programmers in understanding the main factors that influence students’ continuance use intention of  
LMSs.  

The rest of  the paper proceeds as follows. In the next section, the theoretical background, the re-
search conceptual model and hypotheses development are presented. This is followed by the research 
methodology. The empirical results are then discussed. Next, the discussion and implications are pre-
sented. The study’s limitations, future research and conclusion sections end the paper. 
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THEORETICAL BACKGROUND, CONCEPTUAL MODEL AND 
HYPOTHESES DEVELOPMENT 
Users’ continued use of  different technologies has become a main focus of  investigation by scholars, 
as it shows whether a particular technology is really valuable or nothing more than a gimmick (Rahi 
et al., 2018, p. 24). Early academic efforts in IS continued use research adopted the same set of  moti-
vational variables to explain both acceptance and continuance decisions, treating continuance as an 
extension of  the initial adoption (Ding, 2019). For instance, researchers have used the technology ac-
ceptance model (TAM), unified theory of  acceptance and use of  technology (UTAUT) model, social 
cognitive theory (SCT), theory of  planned behavior (TPB), self-determination theory (SDT), task 
technology fit (TTF), and innovation diffusion theory (IDT), or attempted to ingrate these theoreti-
cal frameworks to investigate the continuous use of  IS or new technologies (Sabah, 2019). However, 
initial acceptance has not naturally translated into the continued use of  technology, evidenced by the 
phenomenon that some users accepted the technology initially but discontinued its use at a later stage 
(Dai et al., 2020). In fact, it is argued that users’ intention to use a technology suggests only their pos-
itive attitude toward the technology and their affiliated desire to use it (Huang, 2019), but does not 
necessarily guarantee their continued use of  it (Wang et al., 2019). Since people tend to be curious 
about a novel technology, they will have a positive attitude toward the technology, followed by the 
intention to use it (e.g., Alraimi et al., 2015; Rahi et al., 2018). Therefore, initial use or acceptance will 
not automatically translate into a continuous use of  the technology, because users will carefully assess 
whether they really need the technology or they use it as a transient stage (e.g., Huang, 2019; Merikivi 
et al., 2017). More specifically, users will continue to use the technology as long as it satisfies their ex-
pectations (Huang, 2019), and will stop using the technology when it neither matches their expecta-
tions nor fulfills their needs (Bhattacherjee, 2001a). 

Developed by Bhattacherjee (2001a) and adapted from the Expectation-Confirmation Theory (ECT) 
(Oliver, 1980), the Expectation Confirmation Model (ECM) is focused on post-acceptance and post-
consumption expectation factors (e.g., Foroughi et al., 2019; Rahi et al., 2018). The ECM focuses on 
factors that influence constancy and retention, since prior literature argued that the long-term success 
and viability of  an IS are determined by continued use rather than initial adoption or usage (Foroughi 
et al., 2019, p. 1017). The ECM has been employed to assess individuals’ continuous use intention in 
different technological contexts; for example, blended e-learning intention (Y-M. Cheng, 2014a), digi-
tal libraries (Y. M. Cheng, 2014b), cloud services (Huang, 2016), mobile instant messaging (Oghuma 
et al., 2016), Massive Open Online Courses (MOOC) (Alraimi et al., 2015; J. Zhou, 2017), mobile 
gaming wearable technology (Nascimento et al., 2018), travel apps (Choi et al., 2019), mobile com-
munication applications (Wang et al., 2019), mobile banking services (Susanto et al., 2016; Foroughi 
et al., 2019; Rabaa’i and AlMaati, 2021), and desktop services (Huang, 2019). Figure 1 depicts the 
ECM. 

 
Figure 1. The ECM (Bhattacherjee, 2001a) 
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The ECM is supported by four main constructs; namely, confirmation, perceived usefulness (or per-
formance expectancy), are often interchangeable (Huang, 2019), satisfaction, and continuance inten-
tion (Bhattacherjee, 2001a). The confirmation construct refers to the degree to which a user’s expec-
tation of  a particular technology is met by his/her experience of  using it (Huang, 2016). Perceived 
usefulness refers to “the degree to which a person believes that using a particular system would en-
hance his or her job performance” (Davis, 1989, p. 320). Satisfaction refers to “a psychological or af-
fective state related to and resulting from a cognitive appraisal of  the expectation-performance dis-
crepancy (confirmation)” (Bhattacherjee, 2001a, p. 354). Based on a literature review of  the expecta-
tion–confirmation model, Huang (2019, p. 25) stated that when users confirmed that a particular 
technology meets their expectations, they tend to believe that the technology will not only cost them 
minimal effort but also improve their performance, and therefore find it satisfactory. Then, when 
they find the technology effortless, they tend to believe that the technology will enhance their effec-
tiveness, and they will have a sense of  satisfaction about the technology and will continue using it as a 
result. Similarly, users will have a sense of  satisfaction about a technology when they find it actually 
useful, and they will have the intention to continue using it. Finally, users’ sense of  satisfaction about 
a technology will encourage their intention to continue using it, and prompt them to act accordingly. 

Confirmation (CON) is defined as the extent to which a user perceives that their initial expectations 
are being confirmed during actual use (Rahi et al., 2018). Prior studies demonstrated the significant 
relationship between confirmation and performance expectancy, as well as satisfaction in various 
technology settings (e.g., Alraimi et al., 2015; P. Cheng et al., 2019; Foroughi et al., 2019; Fu et al., 
2018; Hong et al., 2006; Huang, 2019; Kim & Park, 2018). As such, we argue that when students 
confirmed that Moodle meet their expectations, they tend to believe that this system is beneficial, ef-
fective, convenient, and useful, and this, in turn, will promote their satisfaction toward Moodle. 
Hence, we hypothesize the following: 

H1: Confirmation significantly influences performance expectancy. 

H2: Confirmation significantly influences students’ satisfaction with Moodle. 

Performance expectancy (PE), similar to perceived usefulness and relative advantage (e.g., Alwahaishi 
& Snásel, 2013; Huang, 2019; Teo, 2011; Venkatesh et al., 2003), refers to the extent to which the in-
dividual believes that usage of  a particular technology will provide benefits to him/her in performing 
certain activities (Venkatesh et al., 2012). Venkatesh et al. (2003) argued that PE is found to be a sta-
ble variable to investigate user behavior, both initial and post-adoption stages. Hong et al. (2006) and 
Dia et al. (2020) reported that a user’s perceived PE of  a technology is a key determinant of  satisfac-
tion and continuance intention. Prior studies reported the significant positive effect of  PE on satis-
faction (e.g., Joo et al., 2016; Kim-Soon et al., 2017; Kumar et al., 2018; Lim et al., 2019), and contin-
uous intention to use a technology (e.g., Foroughi et al., 2019; Gilani et al., 2017; Rabaai, 2015; Rabaai 
et al., 2015; Rabaa’i, 2016, 2017b; Rabaa’i and Zhu, 2021; Rabaa’i, in press; Shaw & Sergueeva, 2019; 
B. Zogheib et al., 2015). Additionally, previous studies also confirmed the significant relationship be-
tween PE and users’ attitude (e.g., Dai et al., 2020; Ding, 2019; Gasaymeh & Waswas, 2019; Ifinedo, 
2018; Sabah, 2019). Based on the above literature, we argue that the more students feel that Moodle 
is useful, convenient and beneficial for their learning, the greater: (1) they are satisfied with the sys-
tem, (2) the likelihood that they will continue using Moodle, and (3) they will formulate a positive at-
titude toward the system. Accordingly, we posited the following hypotheses: 

H3: Performance expectancy significantly influences students’ satisfaction with Moodle. 

H4: Performance expectancy significantly influences continuous intention to use Moodle. 

H5: Performance expectancy significantly influences students’ attitude towards Moodle. 

Satisfaction (SAT) refers to “a psychological or affective state related to and resulting from a cogni-
tive appraisal of  the expectation-performance discrepancy (confirmation)” (Bhattacherjee, 2001a, p. 
354). The ECM suggests users’ satisfaction could be regarded as the most important factor that 
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determines a user’s intention for continuous use (e.g., Bhattacherjee, 2001a; Foroughi et al., 2019; 
Huang, 2019; Rahi et al., 2018; Susanto et al., 2016). Sabah (2019, p. 7) stated that satisfaction “is an 
evaluation of  emotion associated with an affective attitude towards a system (i.e., whether the utiliza-
tion experience is pleasurable as expected). Therefore, a user may have a positive attitude towards a 
system, but still feels dissatisfied after utilizing the system due to low expectation”. According to 
Foroughi et al. (2019), the level of  customers’ satisfaction with a product or service could be the pri-
mary reason for making a repurchase decision, which is in fact the same concept as continuance in-
tention towards using technology (Tran et al., 2019). Alraimi et al. (2015) and Y.-M. Cheng et al. 
(2014b) argued that users will have a sense of  satisfaction about a particular technology and when 
they find it actually useful, they will have the intention to continue using it. Previous research has 
confirmed the significant relationship between satisfaction and continuous intention in different tech-
nological contexts (e.g., Alraimi et al., 2015; Alshurideh et al., 2020; Foroughi et al., 2019; Gilani et al., 
2017; Hong et al., 2006; Joo et al., 2016; Rabaa’i et al., 2018; Sabah, 2019). Thus, we argue that the 
more satisfied students are with Moodle, the greater the likelihood that they will continue using the 
system. Consequently, the following hypothesis is proposed: 

H6: Students’ satisfaction significantly influences continuous intention to use Moodle. 

This study aims at investigating students’ continuance intention to use Moodle (as LMS) in the post-
adoption phase by extending the ECM. However, despite its strong theoretical foundation, “the 
ECM … has been found to be parsimonious in explaining post-adoption dynamics” (Gupta et al., 
2020). As such, researchers in different contexts have added various factors to better investigate us-
ers’ continuance intention; for example, trust (Asnakew, 2020), perceived security and privacy (Su-
santo et al., 2016), attitude (Ding, 2019), effort expectancy (Foroughi et al., 2019), perceived value 
(Hsiao & Chang, 2014), self-efficacy (M.-H. Hsu & Chiu, 2004), and social norms (Kim, 2010). Our 
proposed model added system interactivity, effort expectancy, self-efficacy, computer anxiety, attitude, 
subjective norms, and facilitating conditions as crucial factors that are important to continue using 
Moodle. The research model is depicted in Figure 2. 

  
Figure 2. The research model 
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SYSTEM INTERACTIVITY (SIN) 
Systems interactivity (SIN) refers to the interactions between instructors and learners, and the collab-
oration in learning that results from these interactions (Pituch & Lee, 2006). Bhuasiri et al. (2012) and 
Brown and Charlier (2013) have highlighted the importance of  functionality characteristics as a criti-
cal success factor of  LMS. Specifically, the availability of  functionalities to support interactions 
among students and between instructors and students has been highlighted as essential to the learn-
ing process (Moreno et al., 2017). For instance, Daniela et al. (2019) argued that the key aspects of  
learning processes can be listed as the interactions between students, between students and teaching 
staff  as well as the collaboration in learning from these interactions. The literature suggests different 
interactive mechanisms (e.g., a discussion room, instant messenger, message board, online chat room, 
or video conferencing) of  the LMS to make students feel connected to others, and further make stu-
dents’ learning via the systems useful and boost their satisfaction with the LMS (e.g., Y.-M. Cheng, 
2012; B.-C. Lee et al., 2009; Yoo et al., 2010). 

In their literature review in the context of  e-learning, Baki et al. (2018, p. 10) stated that increasing 
interaction results in higher motivation, boosts the level of  satisfaction received from learning, causes 
a more optimistic view on learning, and triggers effective learning and success. For instance, Pituch 
and Lee (2006) postulated that students who think the LMS can be used to support effective interac-
tions tend to believe the system can help them learn more effectively. Additionally, system interactiv-
ity can help students to be more confident and trained in the use of  LMS platforms, enhance the 
learning process, and facilitate communication among the faculty, students, and peers (e.g., Huang et 
al., 2017; C. Lee et al., 2017). Many studies have found significant positive effect of  system interactiv-
ity on perceived usefulness (i.e., performance expectancy) (e.g., Aldiab et al., 2017; Chmiel et al., 
2017; Cidral et al., 2018; Hone & El Said, 2016; Shin et al., 2011; M. Zhang et al., 2017) and on users’ 
satisfaction (e.g., Arbaugh, 2002; Cidral et al., 2018; J. Sun & Hsu, 2013; P.-C. Sun et al., 2008). As 
such, we argue that the higher the system interactivity, the stronger the students believe that the LMS 
is to be useful for their education and will increase their satisfaction with the system. According, the 
study posited the following hypotheses: 

H7: System interactivity significantly influences performance expectancy. 

H8: System interactivity significantly influences students’ satisfaction with Moodle. 

EFFORT EXPECTANCY (EE) 
Effort expectancy (EE), similar to perceived ease of  use (e.g., Huang, 2019; Teo, 2011; Venkatesh et 
al., 2003), is defined as the degree to which a person believes that using a particular system would be 
free of  effort (Davis, 1989). It represents the extent of  the ease associated with individuals’ use of  
technology (Venkatesh et al., 2012), and it is related to the degree of  information accessibility, flexi-
bility, easiness to use, and clear interaction with the system (Sabah, 2019). Sanchez-Franco (2010) 
postulated that users tend to use an IS if  they believe that it is easy to use. In this study, effort expec-
tancy is used to measures students’ perceived ease of  use of  Moodle. Hence, we argue that the easier 
the students believe Moodle to use, the higher their intention to continue using this LMS. Previous 
research has confirmed the significant relationship between effort expectancy and continuous inten-
tion in different technological contexts (e.g., Abdullah & Ward, 2016; Alalwan et al., 2016, 2017, 2018; 
Almisad & Alsalim, 2020; Alshurideh et al., 2020; Rabaai, 2015; Rabaai et al., 2015; Rabaa’i, 2016, 
2017b; Sabah, 2019; Sharif  et al., 2019; S. Zogheib et al., 2015). Further, we argue that if  students 
perceived the use of  Moodle needs less effort and is not difficult, they will form a positive attitude 
towards the systems and they perceive the use of  this LMS as useful for their academic performance 
(Davis, 1989). Many studies have found significant positive effect of  effort expectancy on perfor-
mance expectancy (e.g., Alalwan et al., 2016, 2017, 2018; Alkhaldi & Kharma, 2019; Alshurideh et al., 
2020; Jaradat & Al Rababaa, 2013; Joo et al., 2016; Rabaai et al., 2015), and on attitude (e.g., Abdullah 
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& Ward, 2016; Davis, 1989; Sabah, 2019; Wu & Chen, 2017). Consequently, this study posited the fol-
lowing hypotheses: 

H9: Effort expectancy significantly influences performance expectancy. 

H10: Effort expectancy significantly influences students’ attitude towards Moodle. 

H11: Effort expectancy significantly influences continuous intention to use Moodle. 

SELF-EFFICACY (SEF) 
Venkatesh et al. (2003) defined self-efficacy as a judgment of  one’s ability to use a technology to ac-
complish a particular job or task. Further, Bandura (1994) discussed the influence of  self-efficacy on 
an individual’s thinking, motivation and behavioral intention. Self-efficacy may build one’s ability to 
complete different tasks after learning how to perform activities. In fact, self-efficacy can control 
one’s behavior, such as motivation, persistence, endurance, and diligence, to overcome the difficulties 
that may appear (Susanto et al., 2016, p. 512). In other words, self-efficacy refers to individuals’ abili-
ties and skills that they are cognizant of  after first-time use, but before making a sensible decision 
about their continuance behavior (Foroughi et al., 2019). As a result, the concept of  self-efficacy was 
linked to IS continuance intention and behavior (Bhattacherjee et al., 2008). Hence, self-efficacy be-
liefs might influence whether people decide to engage with technology and whether, and for how 
long, they try to solve a task and overcome problems (He & Freeman, 2010). As such, people with 
high self-efficacy have high self-confidence on their skills and capabilities to carry out tasks, and this 
in turn will improve their perceptions towards the ease of  use and usefulness of  a particular IS (Sa-
bah, 2019). In their comprehensive literature review, Baki et al. (2018, p. 9) stated that “58 of  the 71 
publications that examine self-efficacy’s level of  influence on perceived ease of  use for e-learning sys-
tems confirm the presence of  a significant and positive relationship”. Additionally, other previous 
studied also confirmed the positive influence of  self-efficacy on the ease of  use of  a system (i.e., ef-
fort expectancy) and on systems’ perceived usefulness (i.e., performance expectancy) (e.g., Alshurideh 
et al., 2020; Ifinedo, 2017; Rabaa’i, 2016; Rana & Dwivedi, 2015; Sabah, 2019; Salloum et al., 2019; 
Wook et al., 2015; Zhao et al., 2008). Therefore, we argue that students with high self-efficacy are ex-
pected to perceive Moodle useful, convenient, easy to use, and are expected to make full use of  the 
system to enhance their academic performance (Balakrishnan & Gan, 2016). In contrast, students 
with low self-efficacy need a high level of  support to compensate for their deficiency (Sabah, 2019), 
and do not perceive the systems to be useful and easy to use. 

Further, the relationship between self-efficacy and computer anxiety was studied by H.-R. Chen and 
Tseng (2012) and Verkijika (2020). Prior research has highlighted the negative influence of  self-effi-
cacy on computer anxiety (e.g., Alenezi et al., 2010; Jashapara & Tai, 2011; Sabah, 2019; Verkijika, 
2020; Wook et al., 2015). Self-efficacy is associated with anxiety, such that individuals with a high level 
of  self-efficacy in a given domain will have lower levels of  anxiety when it comes to engaging in be-
haviors associated with the domain (e.g., Compeau & Higgins, 1995; Qudsyi & Putri, 2016; Verkijika, 
2020). In other words, the negative effect of  self-efficacy on computer anxiety implies that students 
have more self-confidence in their capabilities to continue using Moodle. Based on the above litera-
ture, we posited the following hypotheses: 

H12: Self-efficacy has a significant positive effect on effort expectancy. 

H13: Self-efficacy has a significant positive effect on performance expectancy. 

H14: Self-efficacy has a significant negative effect on anxiety. 

COMPUTER ANXIETY (CAX) 
While technology is considered as a factor for satisfaction, users’ incapability of  dealing with technol-
ogy tools efficiently may evoke users’ anxiety and encourage a negative affective response towards 
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using technology (Sabah, 2019). Computer anxiety is defined as “the tendency of  individuals to be 
uneasy, apprehensive, or fearful about current or future use of  computers” (Stewart & Segars, 2002, 
p. 44). For instance, when dealing with information systems, anxiety is generally seen as the degree of  
apprehension that a person associates with the expected or actual use of  the system (P. Zhang, 2013). 
That is, the concept of  anxiety in the social cognitive theory (SCT) (Bandura, 1977) recognizes the 
role of  emotions in influencing behavior, as anxiety is generally seen as a negative emotion (e.g., 
Beaudry & Pinsonneault, 2010; Partala & Saari, 2015; Rana & Dwivedi, 2015; Rodger & Gonzalez, 
2014; Verkijika, 2020; P. Zhang, 2013). Bailey et al. (2017) argued that users who have anxious re-
sponses when using a particular information system, often have a strong fear or apprehension to-
wards using the system and will, therefore, prefer to refrain from using it. If  an individual gets anx-
ious upon his/her usage of  information technologies, he/she might perceive the system as compli-
cated and difficult (van Raaij & Schepers, 2008). As such, inducing high levels of  anxiety regarding a 
given technology will directly or indirectly result in lower intentions to continue using the system (Al-
Fraihat et al., 2020). Previous studies have highlighted the importance of  computer anxiety by 
demonstrating its negative influence on perceived ease of  use (e.g., Abdous, 2019; Abdullah & Ward, 
2016; Bailey et al., 2017; Baki et al., 2018; Dönmez-Turan & Kır, 2019; Park et al., 2019; Sabah, 2019). 
For example, in a digital library context, Nov and Ye (2009) argued the negative relationship between 
perception of  ease of  use of  the system and users’ computer anxiety. Guo et al. (2013) studied mo-
bile health services in China and reported a negative effect of  computer anxiety on perceived ease of  
use and perceived usefulness. Similar results were reported in a mobile shopping context (Saprikis et 
al., 2018). Also, Bailey et al. (2017) found that US users’ perceptions towards the ease of  use of  mo-
bile payments are negatively influenced by computer anxiety. Additionally, in the e-learning context, 
Abdullah and Ward (2016) demonstrated how computer anxiety negatively affect users’ perceptions 
towards the ease of  use of  the systems. In a study concerning the motivational factors and barriers to 
the continuous use of  blended learning approach using Moodle, Sabah (2019) reported the same neg-
ative effect of  computer anxiety on ease of  use. Similar results concerning the negative effect of  
computer anxiety on ease of  use were also reported in a statistical software context (M. K. Hsu et al., 
2009), and different learning systems (e.g., Baki et al., 2018; Faham & Asghari, 2019; Ifinedo, 2017). 
Accordingly, the following hypothesis is proposed: 

H15: Computer anxiety is negatively associated with effort expectancy. 

ATTITUDE 
Being the most immediate antecedent of  continued use intention in the ECM, Bhattacharjee (2001a) 
argued that the satisfaction construct plays the same role as the attitude (ATT) in the Technology Ac-
ceptance Model (TAM). The only distinction between them is the time of  measurement. Attitude is a 
pre-acceptance construct whereas satisfaction is a post-acceptance construct (Dai et al., 2020). For 
instance, Wixom and Todd (2005) assumed that although both satisfaction and attitude are affect var-
iables, satisfaction is an emotional response to a use experience, whereas attitude is an affective reac-
tion to behavior. Further, Dia et al. (2020) postulated that satisfaction pertains to the overall feeling 
about a past use experience, whereas attitude is related to feelings about future use. While the ECM 
focusses on confirmation, perceived usefulness and satisfaction in explaining continuance intention, 
users’ continuance intention is not only determined by their perceptions and satisfaction but also by 
attitude (Foroughi et al., 2019). For instance, the cognitive model (COGM) proposed that continu-
ance behavioral intention should be defined as a function of  both satisfaction and attitude (Oliver, 
1980). As a result, many researchers (e.g., Al-Emran et al., 2020; Dai et al., 2020; Ding, 2019; Sabah, 
2019; Wixom & Todd, 2005) considered satisfaction and attitude to be two conceptually and theoreti-
cally different constructs. In line with Dia et al. (2020), this study includes both constructs in the pro-
posed model, as satisfaction represents the affect from past use experience of  Moodle and attitude 
captures the anticipatory affect related to future use of  Moodle. Previous studies pointed out that at-
titude has a significant association with continuous intention to use an IS (e.g., Gasaymeh & Waswas, 
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2019; Ifinedo, 2017, 2018; Sabah, 2019; J. Zhou, 2017). Therefore, we propose the following hypoth-
esis: 

H16: Students’ attitude significantly influence continuous intention to use Moodle 

FACILITATING CONDITIONS (FC) 
Facilitating conditions (FC), similar to perceived behavioral control in the theory of  planned behav-
ior (TPB) (Boonsiritomachai & Pitchayadejanant, 2017), means that users possess the required re-
sources and expertise to use a given technology (Y. Cheng et al., 2020). Further, FC refers to the ex-
tent to which individuals believe that both technical and organizational infrastructure exist to support 
the use of  a particular technology (Venkatesh et al., 2003), and it reflects an individual’s perceptions 
about his/her control over a behavior (Venkatesh et al., 2008). Iqbal and Qureshi (2012) argued that 
students face several technical challenges when they use LMS, such as limited processing speed, low 
bandwidth, unfriendly user interface, and fewer surf-ability, compatibility issues. While the availability 
of  proper facilitating conditions (e.g., training courses, technical support, and adequate resources) is 
crucial for continuous intention to use a particular technology (Aypay et al., 2012), the absence of  
facilitating conditions could lead to a negative impact on IT usage and behavioral intentions, as the 
absence of  facilitating resources generates obstacles to usage, or could encourage the formation of  
negative behavioral intentions towards usage (Al-Adwan et al., 2018). For instance, according to 
Nysveen and Pedersen (2016), users who have access to a favorable set of  facilitating conditions are 
more likely to have a greater intention to use a technology. In this study, FC reflects the effect of  re-
sources availability, internet accessibility, compatibility with other smart devices, such as mobile 
phones and tablets, and required knowledge, as well as skills to use the LMS (i.e., Moodle). Accord-
ingly, a hypothesis is presented as follows: 

H17: Facilitating conditions significantly influence continuous intention to use Moodle 

SUBJECTIVE NORMS (SN) 
Subjective norms (SN), one of  the social influence variables, is defined as “the perceived social pres-
sure to perform or not to perform the behavior” (Ajzen, 1991). SN refers to the person’s perception 
that most people who are important to him/her think he/she should or should not perform the be-
havior in question (Davis, 1989). Venkatesh et al. (2003) argued that, whether this is positive or nega-
tive, SN is a very important factor in many aspects of  the lives of  citizens and is likely to be influen-
tial. For instance, it is believed that, in some cases, people might use a system to comply with the 
mandates of  others rather than their own feelings and beliefs (Davis, 1989). Further, studies related 
to social influence theory identified subjective norms as one of  the most important factors that influ-
ence the use of  a particular technology. Opinions from important people to the users (e.g., team lead-
ers, instructors, colleagues, family) will influence their intention to continue using a specific technol-
ogy (e.g., Huang, 2016; Salloum et al., 2019; T. Zhou et al., 2010). In this study, SN includes the influ-
ences of  instructors, colleagues, and people who are important to students. Previous studies pointed 
out that subjective norms have a significant effect on continuous intention (e.g., Al-Emran et al., 
2020; Dalvi-Esfahani et al., 2018; Huang, 2019; Sabah, 2019). Accordingly, the following hypothesis is 
suggested: 

H18: Subjective norms significantly influence continuous intention to use Moodle 

METHODOLOGY 
An empirical study was conducted with an objective to test the relationships between the constructs 
of  the conceptual model depicted in Figure 2. To achieve this objective and to test the research hy-
potheses, a survey-based study was employed to collect the needed empirical data. This section de-
scribes the measurement items, data collection, and the study sample. 
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MEASUREMENT ITEMS 
To obtain the needed empirical data and to ensure validity and reliability, all items used to measure 
the constructs are adapted from existing literature, with slight wording modifications to fit the study 
context. In total, 37 measurement items have been used. Table 1 shows the constructs, the measure-
ment items for each construct, and the sources from where these items were adapted. Each item, ex-
cept for the Satisfaction construct measurement items, was measured with a seven-point Likert scale, 
ranging from “strongly disagree” (1) to “strongly agree” (7). The Satisfaction construct adopted, 
based on Spreng et al.’s (1996) dimensions, has been validated in the IS context (e.g., Bhattacherjee, 
2001a; Bhattacherjee & Premkumar, 2004; Premkumar & Bhattacherjee, 2008; Rabaa’i, 2012; Rabaa’i 
et al., 2015; Rabaa’i, 2017b). This construct captures respondents’ satisfaction levels both in intensity 
and direction (Oliver, 1997) along 7-point scales anchored between four semantic differential adjec-
tive pairs: “frustrated/contented,” “displeased/pleased,” “terrible/delighted,” and “dissatisfied/satis-
fied” (Bhattacherjee, 2001a). 

Table 1. The constructs, the measurement items and the sources 

Construct Measurement Items Reference 

Confirmation 
(CON) 

CON1: My experience with Moodle was better than what I 
had expected  
CON2: Moodle service level provided by the university was 
better than what I had expected  
CON3: The expectations that I have about Moodle were cor-
rect  
CON4: Overall, most of  my expectations from using Moodle 
were confirmed 

Bhattacherjee (2001a); 
Susanto et al., (2016) 

Performance 
Expectancy 
(PE) 
 

PE1: I find Moodle useful in my daily life as a student. 
PE2: Using Moodle increases my chances of  achieving things 
that are important to me. 
PE3: Using Moodle helps me accomplish things more 
quickly. 
PE4: Using Moodle increases my productivity. 

Venkatesh et al. (2012) 

Satisfaction 
(SAT) 

SAT1: frustrated/contented 
SAT2: displeased/pleased 
SAT3: dissatisfied/satisfied 

Bhattacherjee (2001a); 
Rabaa’i (2012); Rabaa’i 
et al., (2015); Rabaa’i 
(2017a, 2017b) 

System 
Interactivity 
(SIN) 

SIN1: Moodle enables interactive communication among 
learners. 
SIN2: Moodle enables interactive communication between 
the instructor and learners. 
SIN3: The communicational tools in Moodle are effective 

Y.-M. Cheng (2012) 

Effort 
Expectancy 
(EE) 

EE1: Learning how to use Moodle is easy for me. 
EE2: My interaction with Moodle is clear and understanda-
ble. 
EE3: I find Moodle easy to use. 
EE4: It is easy for me to become skillful at using Moodle 

Venkatesh et al. (2012) 

Self-Efficacy 
(SEF) 

SEF1: I can perform my studies using Moodle even if  there is 
no one around to help me  
SEF2: I can perform my studies using Moodle with only a 
simple manual or online help for reference 
SEF3: I am confident enough in my ability to perform my 
studies’ needs using Moodle 

Bhattacherjee (2001a); 
Suh and Han (2002); 
Susanto et al., (2016) 

Computer 
Anxiety 
(CAX) 

CAX1: I feel anxious about using Moodle. 
CAX2: I hesitate to use Moodle for fear of  failure and self-
degrading. 

Sabah (2019) 
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Construct Measurement Items Reference 
CAX3: I hesitate to use Moodle for fear of  making mistakes I 
cannot correct. 
CAX4: Moodle is somewhat intimidating to me 

Attitude 
(ATT) 

ATT1: I like my study more when I use Moodle. 
ATT2: Using Moodle in my study is a pleasant experience. 
ATT3: Using Moodle in my study is a wise idea 

Davis (1989); Cheon et 
al. (2012); 

Subjective 
Norms 
(SN) 

SN1: My instructors recommend and support the use of  
Moodle. 
SN2: My colleagues think that I should use Moodle. 
SN3: People who are important to me think that I should use 
Moodle. 

Cheon et al. (2012); 
Taylor and Todd (1995) 

Facilitating 
Conditions 
(FC) 

FC1: I have the resources necessary to use Moodle 
FC2: I have the knowledge and skills necessary to use Moodle 
FC3: Moodle is compatible with other technologies I use 

Venkatesh et al. (2012) 

Continuous 
Intention 
(CI) 

CI1: I intend to continue using Moodle in the future.  
CI2: I will always try to use Moodle in my daily life as a stu-
dent 
CI3: I will keep using Moodle as regularly as I do now 

Bhattacherjee (2001a) 

A pre-test and pilot test were employed. In the pre-test, three expert academics were involved to ver-
ify the measurement scales, assess the suitability, relevance, readability of  the questionnaire, and dis-
cuss possible changes to be implemented in the questions to clarify any ambiguity of  the question-
naire. Then, to ensure the adequacy as well as reliability of  the measures and to avoid any confusion 
or misinterpretations of  the survey questions, a pilot study was conducted before the main study. 
Thirty-five questionnaires were used for the pilot study. The questionnaires were given to senior stu-
dents at a private American University in the State of  Kuwait, who were asked to complete the given 
questionnaire and provide any comments or concerns about it. Twenty-two questionnaires were re-
turned. Noticeably, all respondents indicated that the questionnaire is easy, clear and did not required 
much time to be filled. Minor revisions of  the survey questionnaire resulted from the completed pilot 
study. Cronbach’s alpha was used to check the reliability of  the constructs’ scale used. Values for all 
constructs were higher than 0.70 as suggested by Nunnally and Bernstein (1994). 

DATA COLLECTION 
A questionnaire was employed to collect data from students at a private American university in the 
State of  Kuwait between May and June 2019. Both paper-based and online questionnaires were de-
veloped and distributed. The items in both survey questionnaires were in the English language only, 
as English is the teaching language in the selected institution for this study. Students were invited to 
take part of  this study through face-to-face invitation from the members of  this research team. An 
explanation of  the study objectives was presented. Students were informed that participation in this 
study was voluntary, and no rewards or incentives were offered. Participants were also notified of  
their rights to withdraw from this study whenever they wanted. 

THE STUDY SAMPLE 
Since the population size is unknown for this study, a convenient sampling method was adopted 
(Liébana-Cabanillas et al., 2018; San Martín & Herrero, 2012; Sharma et al., 2019). Moreover, as sug-
gested by Liébana-Cabanillas et al. (2018), San Martín and Herrero (2012), and Sharma et al. (2019), 
the quota sampling method was conducted to match the target population structure in both age and 
gender. A total of  431 questionnaires were collected. Of  the submitted questionnaires, 44 were ex-
cluded because of  incomplete answers, leaving 387 usable survey responses. SPSS 20 was used to 
perform the descriptive statistical analysis. Of  the respondents, 49 percent are males while 51 percent 
are females. Table 2 represents the demographic information of  the participants. 
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Table 2. Demographic information of  the participants 

Data Frequency Percentage (%) 
Gender 
Male 190 49 
Female 197 51 
Total 387 100 
Age 
Less than 18 years 170 44 
18 – 25 years 118 30 
26 – 30 years 76 20 
More than 30 years 23 6 
Total 387 100 
Moodle usage 
Less than a year 48 12 
1–2 years 166 43 
3–4 years 122 32 
more than 4 years 51 13 
Total 387 100 
Major of  study   
CS and IS 52 13 
Engineering 175 45 
Business 105 27 
Other  55 14 
Total 387 100 
Weekly usage of  Moodle   
Once a week 31 8 
2-3 times a week 226 58 
4-5 times a week 98 25 
more than 5 times a week 32 8 
Total 387 100 

Of  the respondents, 44 percent  were aged less than 18 years; 30 percent were aged 18-25, 20 percent 
were aged 26-30 years; and only 6 percent were older than 30 years of  age. As for the respondents’ 
experience with Moodle usage, 32 percent of  the respondents have been using Moodle for 3-4 years, 
13 percent for more than 4 years, 12 percent for less than a year, and only 3 percent have been using 
Moodle for 1-2 years. Also, students were from different academic majors: computer science (CS) 
and information systems (IS) 13 percent, engineering 45 percent, business 27 percent, while 14 per-
cent of  the respondents were studying other majors. As for the respondents’ experience in using 
Moodle, about 8 percent have been using Moodle once a week, 58 percent have been using Moodle 
between 2-3 times a week, 25 percent between 4-5 times a week, and only 8 percent have been using 
Moodle for more than 5 times a week. 

RESULTS 
The research model presented in Figure 2 was analyzed using SmartPLS 3.2.9 (Ringle et al., 2015), a 
software that relies on the partial least squares structural equation modelling (PLS-SEM) technique. 
Hair, Hult, et al. (2017) suggested that the first phase in PLS-SEM is to specify a path model that 
connects the measurement items with the constructs. The model specification is concerned with set-
ting up the outer (i.e., measurement) model and the inner (i.e., structural) model. The outer model 
presents the relationships between the measurement items and constructs, while the inner model pre-
sents the relationships between the constructs. Figure 3 presents the model specification (measure-
ment and structural models) of  this study. 
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Figure 3. The measurement and structural models 

After specifying the research model, Hair, Hollingsworth, et al. (2017) and Hair, Hult, et al. (2017) 
recommend the validation of  the model by assessing the outer (i.e., measurement) model then as-
sessing the inner (i.e., structural) model.  

MEASUREMENT MODEL 
Hair, Hollingsworth et al. (2017) argued that both reliability and validity have to be verified during 
measurement model assessment. Measurement model reliability is measured by utilizing both 
Cronbach’s alpha (CA) and composite reliability (CR) (Hair, Hollingsworth, et al., 2017). Table 3 
shows that the CA and CR values for all the latent variables are above the threshold measurement of  
0.7 (Henseler et al., 2009, 2015). 

Table 3. Items loading, significance level, Cronbach’s alpha, 
composite reliability, and AVE 

Items Loading p-value Cronbach’s 
Alpha 

Composite 
Reliability AVE 

Confirmation (CON)  0.871 0.912 0.722 
CON1 0.829 0.000    
CON2 0.809 0.000    
CON3 0.889 0.000    
CON4 0.869 0.000    
Systems Interactivity (SIN)  0.874 0.923 0.799 
SIN1 0.891 0.000    
SIN2 0.890 0.000    
SIN3 0.901 0.000    
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Items Loading p-value Cronbach’s 
Alpha 

Composite 
Reliability AVE 

Performance Expectancy (PE)  0.890 0.924 0.752 
PE1 0.858 0.000    
PE2 0.901 0.000    
PE3 0.880 0.000    
PE4 0.828 0.000    
Satisfaction (SAT)  0.835 0.906 0.759 
SAT1 0.750 0.000    
SAT2 0.924 0.000    
SAT3 0.927 0.000    
Effort Expectancy (EE)  0.918 0.944 0.803 
EE1 0.876 0.000    
EE2 0.898 0.000    
EE3 0.884 0.000    
EE4 0.926 0.000    
Self-Efficacy (SEF)   0.948 0.966 0.905 
SE1 0.947 0.000    
SE2 0.959 0.000    
SE3 0.948 0.000    
Computer Anxiety (CAX)   0.850 0.900 0.694 
CAX1 0.881 0.000    
CAX2 0.880 0.000    
CAX3 0.844 0.000    
CAX4 0.716 0.000    
Attitude (ATT)   0.959 0.974 0.925 
ATT1 0.955 0.000    
ATT2 0.960 0.000    
ATT3 0.970 0.000    
Subjective Norms (SN)   0.833 0.899 0.751 
SN1 0.916 0.000    
SN2 0.936 0.000    
SN3 0.733 0.000    
Facilitating Conditions (FC)   0.959 0.971 0.925 
FC1 0.967 0.000    
FC2 0.968 0.000    
FC3 0.950 0.000    
Continuous Intention (CI)   0.912 0.948 0.856 
CI1 0.913 0.000    
CI2 0.923 0.000    
CI3 0.940 0.000    

Measurement model validity is evaluated by assessing convergent validity and discriminant validity. 
Henseler et al. (2009, p. 299) argued that convergent validity is established when “a set of  indicators 
represents one and the same underlying construct”. The convergent validity was assessed using the 
average variance extracted (AVE) and factor loadings. The AVE should be at least 0.50 and above 
(Hair, Hult et al., 2017; Henseler et al., 2015). The loadings of  all measurement items (i.e., indicators) 
should be 0.50 or above on their hypothesized construct and they should be significant (p < 0.05) 
(Hair, Hollingsworth et al., 2017). These two criteria have been fulfilled as shown in Table 3. 

Discriminant validity refers to “the extent to which a construct is empirically distinct from other con-
structs in the path model” (Sarstedt et al., 2014, p. 108), and can be assessed by the Fornell and 
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Larcker (1981) criterion. The Fornell and Larcker (1981) criterion requires constructs’ AVE values to 
be greater than the squared inter-construct correlations. As seen in Table 4, when comparing the 
square roots of  the AVE values with the other values on each column, the square roots of  the AVE 
values for each latent variable are greater than any correlation relating to each latent variable. 

Table 4. Fornell and Larcker discriminant validity criterion 

 ATT CAX CON CI EE FC PE SAT SEF SN SIN 
ATT 0.962           
CAX -0.534 0.833          
CON 0.617 -0.678 0.850         
CI 0.651 -0.637 0.775 0.925        
EE 0.502 -0.597 0.614 0.659 0.896       
FC 0.664 -0.523 0.633 0.706 0.599 0.962      
PE 0.645 -0.58 0.697 0.715 0.663 0.678 0.867     
SAT 0.522 -0.621 0.713 0.673 0.596 0.594 0.652 0.871    
SEF 0.616 -0.518 0.623 0.613 0.593 0.623 0.659 0.524 0.952   
SN 0.462 -0.419 0.404 0.441 0.337 0.457 0.384 0.371 0.363 0.867  
SIN 0.474 -0.639 0.614 0.631 0.645 0.552 0.616 0.701 0.487 0.338 0.894 

As Fornell and Larcker criterion overstate the presence of  discriminant validity, Henseler et al. (2015) 
recommended the use of  the Heterotrait–Monotrait (HTMT) criterion to test the discriminant valid-
ity. Using a Monte Carlo simulation study, Henseler et al. (2015) found that HTMT is able to achieve 
higher specificity and sensitivity rates (97% to 99%) compared to the Fornell-Lacker (20.82%), the 
most commonly used method to assess discriminant validity. The results shown in Table 5 demon-
strate that all the HTMT values were lower than the recommended threshold of  0.90 (e.g., Gold et 
al., 2001; Grewal et al., 2004; Hair, Hollingsworth et al., 2017; Teo et al., 2008; Voorhees et al., 2016). 
Hence, the criterion for discriminant validity was achieved. 

Table 5. Hetrotrait–Monotrait ratio (HTMT) test 

  ATT CAX CON CI EE FC PE SAT SEF SN SIN 
ATT            
CAX 0.593           
CON 0.672 0.786          
CI 0.695 0.723 0.862         
EE 0.535 0.673 0.684 0.717        
FC 0.691 0.579 0.693 0.752 0.639       
PE 0.695 0.666 0.786 0.788 0.734 0.732      
SAT 0.589 0.739 0.832 0.770 0.682 0.667 0.757     
SEF 0.645 0.576 0.682 0.658 0.635 0.653 0.716 0.595    
SN 0.515 0.513 0.482 0.493 0.379 0.506 0.441 0.454 0.405   
SIN 0.515 0.739 0.700 0.702 0.719 0.601 0.699 0.817 0.532 0.404  

STRUCTURAL MODEL 
After ensuring the reliability and validity of  the measurement model, the structure model is then as-
sessed (Hair, Hollingsworth et al., 2017; Henseler et al., 2009, 2015). As suggested in SEM literature 
(e.g., Chin, 2010; Hair, Hollingsworth et al., 2017; Hair, Hult et al., 2017; Henseler et al., 2009, 2015; 
Rabaa’i, 2017a), the assessment of  the structural model entails estimates for path coefficients (𝛽𝛽), de-
termination of  coefficient (𝑅𝑅2), predictive relevance (𝑄𝑄2), and estimates for total effects (𝑓𝑓2) and 
(𝑞𝑞2).  

The first step in assessing the structural model, using PLS, should be based on the path coefficient’s 
(𝛽𝛽) direction algebraic sign, magnitude, and significance (e.g., Chin, 2010; Hair, Hult, et al., 2017; 
Henseler et al., 2009). In PLS, the individual path coefficients of  the structural model can be 
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interpreted as standardized beta coefficients of  ordinary least squares regressions (Henseler et al., 
2009, p. 304). Path coefficients should exceed 0.100 to account for a certain impact within the struc-
tural model (Urbach and Ahlemann, 2010). Furthermore, path coefficients should be significant at 
least at the 0.050 level (Henseler et al., 2009; Urbach and Ahlemann, 2010). A consistent bootstrap-
ping process with 5,000 samples was employed to examine the significance levels of  path coefficients 
(Hair, Hollingsworth et al., 2017; Hair, Hult, et al., 2017). Table 6 presents the path coefficient, t-sta-
tistics, and p-values for the proposed hypothesis. The path coefficient provides the significance of  
the hypothesized relations connecting the constructs. Table 6 reveals that all hypotheses, except H18, 
were supported. 

Table 6. Hypotheses’ path coefficients, t-statistics and p-values 

  
Hypothesis 

number 
Path 

coefficient t-statistics p-values Supported 

CON  PE H1 0.297 4.801 0.000 Yes 

CON  SAT H2 0.368 5.525 0.000 Yes 

PE  SAT H3 0.166 3.070 0.002 Yes 

PE  CI H4 0.186 3.306 0.001 Yes 

PE  ATT H5 0.556 9.923 0.000 Yes 

SAT  CI H6 0.211 3.651 0.000 Yes 

SIN  PE H7 0.165 3.120 0.002 Yes 

SIN  SAT H8 0.372 5.819 0.000 Yes 

EE  PE H9 0.216 3.602 0.000 Yes 

EE  ATT H10 0.134 2.368 0.018 Yes 

EE  CI H11 0.183 3.539 0.000 Yes 

SEF  EE H12 0.389 6.354 0.000 Yes 

SEF  PE H13 0.265 5.541 0.000 Yes 

SEF  CAX H14 -0.518 10.754 0.000 Yes 

CAX  EE H15 -0.395 5.873 0.000 Yes 

ATT  CI H16 0.163 2.816 0.005 Yes 

FC  CI H17 0.210 3.541 0.000 Yes 

SN  CI H18 0.058 1.228 0.220 No 
Note: absolute t-value> 1.96 p< 0.05; absolute t-value> 2.58 p< 0.01; t-value> 3.29  p< 
0.001 

In PLS, 𝑅𝑅2 values represent “the amount of  variance in the construct in question that is explained by 
the model” (Chin, 2010, p. 674). Figure 4 shows the correlation 𝑅𝑅2 values for performance expec-
tancy (𝑅𝑅2=0.627), computer anxiety (R2=0.268), effort expectancy (𝑅𝑅2=0.467), attitude (𝑅𝑅2=0.426), 
satisfaction (𝑅𝑅2=0.631) and continuous intention (𝑅𝑅2=0.676) and the results of  all path coefficients. 
The 𝑅𝑅2 value of  CI (67.6%) clearly indicates that the proposed structural model could offer ample 
explanation on continuous intention to use Moodle. 
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Figure 4. The structural model 

Predictive relevance (𝑄𝑄2) values were also assessed by running a blindfolding procedure and calcu-
lated using the cross-validated redundancy approach. The findings show that the predictive relevance 
(𝑄𝑄2) for performance expectancy (0.463), computer anxiety (0.180), effort expectancy (0.368), atti-
tude (0.390), satisfaction (0.467), and continuous intention (0.566), are bigger than zero as suggested 
by Chin (2010), Fornell and Cha (1994), and Hair, Sarstedt, Hopkins, et al. (2014). This indicates that 
the model has a significant predictive relevance. 

As described by Hair, Sarstedt, Pieper et al. (2012), effect size 𝑓𝑓2 “considers the relative impact of  a 
particular exogenous latent variable on an endogenous latent variable by means of  changes in the 
𝑅𝑅2”. Similar to the effect size 𝑓𝑓2, effect size 𝑞𝑞2 shows an exogenous variable’s contribution to an en-
dogenous variable’s 𝑄𝑄2 value (Hair, Sarstedt, Ringle, et al., 2012). Cohen (1988) suggested that 𝑓𝑓2 ef-
fect sizes of  0.02, 0.15, and 0.35 are termed small, medium, and large, respectively. However, Aguinis 
et al. (2005), based on a 30 years review, have shown that the average effect size in tests of  modera-
tion is only 0.009. As such, Kenny (2018) argued that a more realistic standard for effect sizes might 
be 0.005, 0.01, and 0.025 for small, medium, and large, respectively. The author stated that these val-
ues are “optimistic” given the Aguinis et al. (2005) review. Table 7 shows the effect sizes results. 
While, for example, the effect size 𝑓𝑓2 of  effort expectancy on attitude is medium (0.017), according 
to Kenny (2018) standard effect size, its effect size 𝑓𝑓2 on performance expectancy (0.058) and con-
tinuous intention (0.051) is large. Similarly, the effect size 𝑞𝑞2 of  effort expectancy on attitude (0.015) 
is considered medium, according to Kenny (2018) standard effect size, its effect size 𝑞𝑞2 on perfor-
mance expectancy (0.032) and continuous intention (0.076) is large. 

ns: not significant 
*** p<0.001 
**   p<0.01 
*     p<0.05 
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Table 7. Effect sizes 

  𝒇𝒇𝟐𝟐 𝒒𝒒𝟐𝟐 

  ATT CAX CI EE PE SAT ATT CAX CI EE PE SAT 

ATT   0.038      0.023    

CAX    0.215      0.142   

CON     0.110 0.169     0.052 0.084 

EE 0.017  0.051  0.058  0.015  0.076  0.032  

FC   0.055      0.032    

PE 0.302  0.039   0.034 0.259  0.018   0.017 

SAT   0.068      0.035    

SEF  0.366  0.207 0.102   0.220  0.138 0.050  

SIN     0.037 0.208     0.019 0.107 

SN   0.008      0.002    

The study extends the standard reporting of  PLS-SEM by running the Importance-Performance 
Map Analysis (IPMA). The PLS-IPMA tests the total effect of  an exogenous variable on a specific 
target endogenous variable (i.e., importance) with the averaged latent variable score of  the exogenous 
construct (i.e., performance) (Hair, Hult et al., 2017). This test aims at detecting an exogenous varia-
ble that more effectively improved the value of  the target endogenous variable (i.e., behavioral inten-
tion in this case) with its relatively high importance and low performance (Hock et al., 2010). As 
noted in Table 8, to predict students’ continuous intention to use Moodle, performance expectancy 
has the highest importance (0.362), followed by effort expectancy (0.349), satisfaction (0.257), and 
self-efficacy (0.234). Yet, in terms of  the performance of  these constructs to predict students’ con-
tinuous intention to use Moodle, system interactivity tops the list (85.300), followed by effort expec-
tancy (84.390), satisfaction (84.932), and computer anxiety (80.911). These results imply that, though 
performance expectancy is the most important predictor of  students’ continuous intention to use 
Moodle, system interactivity should be the highest priority. 

Table 8. PLS-IPMA analysis for behavioral intention to use Moodle 

  Total Effect (Importance) Index Value (Performance) 
Attitude 0.139 72.177 
Computer Anxiety -0.146 80.911 
Confirmation 0.214 79.384 
Effort Expectancy 0.349 84.390 
Facilitating Conditions 0.191 75.816 
Performance Expectancy 0.362 79.897 
Satisfaction 0.257 84.932 
Self-efficacy 0.234 73.641 
System Interactivity 0.170 85.300 
Subjective Norms 0.055 76.868 

Unlike covariance-based CB-SEM, such as AMOS and PLS, does not provide the overall model-
goodness-of-fit statistics. To address this issue, Hair, Hollingsworth et al. (2017) and Henseler et al. 
(2015) suggested using the Standardized Root Mean Square Residual (SRMR) fit index. For the struc-
tural model, the SRMR fit index is 0.051, which is lower than the proposed threshold value of  0.08 
(Hair, Hult et al., 2017; Henseler et al., 2015).  
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Additionally, as suggested by Hair, Hult et al. (2017), the structural model was also assessed through 
the following measures: average path coefficient (APC), average R-squared (ARS), and average vari-
ance inflation factor (AVIF). Hair, Hult et al. (2017) recommended that the values for both the APC 
and ARS be significant at least at the 0.05 level, whereas the AVIF should be lower than 5. Table 9 
reveals that the model meets the recommended threshold values, suggesting that the data is a good fit 
with the proposed model. 

Table 9. Inner model evaluation indices 

Average path 
coefficient (APC) 

Average 
R-squared (ARS) 

Average variance inflation 
factor (AVIF) SRMR fit index 

0.270* 0.516* 3.55 0.051 
Note: * p<0.001 

DISCUSSION AND IMPLICATIONS 
This study aimed at providing further understanding regarding the main factors that could shape stu-
dents’ intention to continue using LMSs, more specifically Moodle, in the Kuwaiti context. There-
fore, to achieve this aim, the study adopted the ECM as a theory base, and extended it with other fac-
tors, such as EE, SEF, CAX, ATT, SN, and FC. Constructs’ reliability and validity as well as model fit 
indices and predictive relevance were all achieved. As shown in Figure 4, the statistical results sup-
ported the predictive power of  the conceptual model in explaining substantial variance in perfor-
mance expectancy (𝑅𝑅2=0.627), computer anxiety (𝑅𝑅2=0.268), effort expectancy (𝑅𝑅2=0.467), attitude 
(𝑅𝑅2=0.426), satisfaction (𝑅𝑅2=0.631), and continuous intention (𝑅𝑅2=0.676). Such values of  𝑅𝑅2 were 
within a highly acceptable level, which exceeded all the recommended values in this regard, such as 
40% (Straub & Gefen, 2004) and 30% (Kline, 2016). This, in turn, provided further evidence sup-
porting the conceptual model proposed in the current study to explain students’ continuous intention 
to use Moodle. All study hypotheses, except H18 (Subjective Norms -> Continuous Intention), were 
established and confirmed with the results. Table 6 showed the hypotheses testing results.  

As for the ECM constructs, the results indicated that confirmation has a significant positive relation-
ship with performance expectancy and satisfaction. These significant relationships were supported in 
previous studies (e.g., Al-Emran et al., 2020; Alshurideh et al., 2020; S.-C. Chen et al., 2013; Hong et 
al., 2006; Joo et al., 2016, 2017; Oghuma et al., 2015, 2016). These results could be interpreted as 
when students’ expectations toward Moodle benefits and advantages are confirmed, the system will, 
in turn, influence their performance and satisfaction. Further, the empirical results of  this study have 
supported the significant relationship between performance expectancy and satisfaction with Moo-
dle. This significant relationship was reported in prior studies (e.g., Al-Emran et al., 2020; Alshurideh 
et al., 2020; S.-C. Chen et al., 2013; Joo et al., 2017; Kim-Soon et al., 2017; Oghuma et al., 2016). This 
result could be attributed to the fact that when Moodle enhances the performance of  the students, 
they would generally be satisfied with the system. The empirical results have also supported the sig-
nificant relationships between performance expectancy and students’ continuous intention and atti-
tude towards Moodle. These results are in parallel with prior studies in the same context (e.g., Al-
Emran et al., 2020; S.-C. Chen et al., 2013; Y.-M. Cheng, 2014b; Dalvi-Esfahani et al., 2018; Joo et al., 
2016; Sabah, 2016, 2019). These results imply that students seem to be more motivated to continue 
using Moodle and more likely to have a higher positive attitude towards the system if  they perceive it 
as more effective, productive, and a useful technology in their learning. Finally, the statistical results 
also approved the significant impact of  satisfaction on students’ intention to continue using Moodle. 
The result is in line with prior studies (e.g., Al-Emran et al., 2020; Alshurideh et al., 2020; Joo et al., 
2017; Sabah, 2019; Tam et al., 2018). This could be interpreted as students’ satisfaction with Moodle 
will have a strong influence on their intention to continue using the system. 
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The empirical results have approved the significant effects of  system interactivity on performance 
expectancy and satisfaction. The results agree with existing literature in the LMS context (e.g., Baki et 
al., 2018; Chmiel et al., 2017; Cidral et al., 2018), and could be interpreted as, given the particular na-
ture of  Moodle’s characteristics and features in enabling communication and interaction among the 
faculty, students, and peers, students will perceive the system useful and effective for their learning 
and this will exhibit their satisfaction with the system. 

The results also confirmed that effort expectancy has a significant positive impact on performance 
expectancy and continuous intention. These results were observed in previous studies, in which there 
is a significant effect of  effort expectancy on performance expectancy (e.g., Al-Emran et al., 2020; 
Alshurideh et al., 2020; Dalvi-Esfahani et al., 2018; Sabah, 2019). Prior studies also reported a 
significant relationship between effort expectancy and continuous intention in different technological 
contexts (e.g., Abdullah & Ward, 2016; Alalwan et al., 2017, 2018; Al-Emran et al., 2020; Alshurideh 
et al., 2020; Joo et al., 2016; Rabaai et al., 2015; Rabaa’i, 2016; Sabah, 2016, 2019). These results could 
be based on the fact that when students perceived Moodle as effortless and easy to use, they will per-
ceive the system as useful for their academic performance and this, in turn, will certainly improve 
their continuous intention to use the system. Along with its direct influence on performance expec-
tancy and continuous intention, effort expectancy was approved to have an impact on students’ atti-
tude towards Moodle. This result was confirmed in previous studies (e.g., Abdullah & Ward, 2016; 
Davis, 1989; Lust et al., 2012; Sabah, 2019; Wu & Chen, 2017), and would be explained as students 
are more likely to have a higher positive attitude towards Moodle if  they perceive it as requires less 
effort, not difficult and easy to use. 

As expected, self-efficacy was empirically evidenced to be a crucial factor influencing effort expec-
tancy and performance expectancy. These results were reported in previous studies (e.g., Al-Fraihat et 
al., 2020; Alshurideh et al., 2020; Ifinedo, 2017; Rana & Dwivedi, 2015; Sabah, 2019; Salloum et al., 
2019). This means students’ confidence on their abilities and capabilities in using Moodle and accom-
plishing different learning tasks using this system will influence their perceptions towards the ease of  
use and usefulness of  this system for their education. Additionally, the empirical results proved the 
negative impact of  self-efficacy on computer anxiety. This result was also reported in prior studies 
(e.g., Sabah, 2019; Verkijika, 2020). This implies that students are not anxious about using Moodle 
because they have high self-confidence on their capabilities to use such a tool. This could be due to 
the fact that the majority of  this study sample (88%) have been using this system for more than a 
year. 

The statistical results of  this study demonstrated the significant path between attitude and continu-
ous intention to use Moodle. Previous studies have confirmed this relationship (e.g., Al-Emran et al., 
2020; Ifinedo, 2017, 2018; Sabah, 2019). This finding supports our argument, which was suggested by 
Dai et al. (2020), in which we assumed that attitude and satisfaction are two conceptually and theoret-
ically different constructs as opposed to Bhattacharjee (2001a), who argued that the satisfaction con-
struct plays the same role as the attitude. Dai et al. (2020) postulated that satisfaction pertains to the 
overall feeling about a past use experience, whereas attitude relates to feelings about future use. That 
is, satisfaction is an emotional response to a past use experience (Wixom & Todd, 2005), while atti-
tude is an affective reaction and an emotional response to a specific behavior and has an anticipatory 
effect on continuous intention (Dai et al., 2020). The results imply that students with a positive atti-
tude towards Moodle will continue using the system for their education.  

The empirical results confirmed the negative effect of  computer anxiety on effort expectancy, which 
supported our proposed hypothesis. The same result was reported in prior studies (e.g., Brosnan, 
1998; Sabah, 2019). This means that students are not too anxious about using Moodle and they per-
ceived the system to be effortless and not difficult to use. This could be attributed to the fact that 
45% of  this study’s respondents have been using Moodle for more than 3 years, and 43% have been 
using the system for 1-2 years. Moreover, the empirical results of  this study confirmed a significant 
path between facilitating conditions and students’ continuous intention to use Moodle. This means 
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the more the facilitating conditions are associated with Moodle, such as resources availability, internet 
accessibility, compatibility with other smart devices such as mobile phones, and required knowledge 
and skills to use the LMS, the more students’ continuous intention to use the system will be im-
proved. The result is in parallel with previous studies’ results (e.g., Al-Emran et al., 2020; Sabah, 
2019). The result could be attributed to the fact that 45% of  the study’s respondents have been using 
Moodle for more than 3 years; therefore, they have adequate resources, knowledge, and capabilities 
to use the system. 

Finally, as for the role of  subjective norms, the results have been noticed in a different manner for 
what has been proposed in the conceptual model of  this study and reported in previous empirical 
results on subjective norms (e.g., Al-Emran et al., 2020; Cheon et al., 2012; Dalvi-Esfahani et al., 
2018; Huang, 2019; Raza et al., 2018; Sabah, 2019). In this study, subjective norms were not able to 
account for any statistical variance in continuous intention to use Moodle. This means that students 
in this study seem less interested in the recommendations of  their reference groups, such as instruc-
tors, colleagues, and people who are important to them, in formulating their continuous intention to 
use Moodle. In his study concerning Chinese university students’ acceptance of  MOOCs, M. Zhou 
(2016) reported similar results of  the non-significant role of  subjective norms. This finding can be 
explained by two perspectives. First, the literature suggests that the impact of  subjective norms will 
be significant in the initial phases of  adoption and will gradually decrease over time as the system be-
comes more widely used (Al-Adwan et al., 2018; Uğur et al., 2016), and this could be confirmed by 
the fact that 45% of  the study’s respondents have been using Moodle for more than 3 years. Second, 
in line with M. Zhou’s (2016, p. 206) argument, the subjective norms that influence continuous inten-
tions may stem from multiple sources, including the influence of  organization, instructors, peers, or 
other external influences. This decomposition of  norms accords well with the differentiation be-
tween strong and weak social ties that is found in this environment. This argument is confirmed by 
Huang (2019) in his study of  examining students continued use of  desktop services. Huang (2019) 
has confirmed that users’ intention to use or continue using a technology is subject to the interper-
sonal interaction on the basis of  group norm, social identity, and subjective norm. The author found 
that, although subjective norm significantly influenced the subjects’ continuance intention to use the 
desktop service, group norm and social identity had no significant and direct influence. Additionally, 
Cheung and Vogel’s (2013) study on the use of  Google Apps found that peer group emerged as a 
significant predictor of  behavioral intention to use a Google App; however, the influences of  in-
structors and of  mass media were not significant. 

THEORETICAL IMPLICATIONS 
The theoretical implications of  this study and its findings can be described in six points. First, our 
study has extended the ECM by integrating factors that are important to students’ continuous inten-
tion to use Moodle (as an exemplar of  LMSs), including system interactivity, effort expectancy, atti-
tude, computer anxiety, self-efficacy, subjective norms, and facilitating conditions to study the contin-
uous intention to use Moodle in the post-adoption phase. This is an important contribution to the 
LMS scientific community as most of  the existing research concentrates either on LMS adoption or 
acceptance. Second, while this study confirmed the applicability and significance of  the ECM con-
structs (confirmation, performance expectancy and satisfaction) in predicting a student’s continuous 
intention to use Moodle, our study presents an extension to the original ECM by evaluating how 
these additional constructs, namely effort expectancy, attitude, self-efficacy, and facilitating condi-
tions, significantly influence the continuous intention. The combined constructs in this study signifi-
cantly increase the predictive power of  this study’s model and variance explained in the continuous 
use intention from 41%, as reported by Bhattacharjee (2001a) in the original ECM study, to 67.6%; 
therefore, providing a comprehensive view of  the factors influencing students’ continuous intention 
to use Moodle. Third, this study adds on the Kuwaiti literature context by focusing on the continuous 
intention to use Moodle in the post-adoption phase, which is, to the best of  our knowledge, the first 
study that extended and empirically assessed the applicability of  the ECM in the LMS context in a 
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developing country – Kuwait. Fourth, with the high predictive relevance of  (𝑄𝑄2 = 56.6%) and vari-
ance explained (𝑅𝑅2= 67.6%) in the continuous intention to use Moodle, the empirical results of  this 
study provide evidence that the proposed model can be effective in explaining continuous use inten-
tion in general, and in the LMS context in specific. Fifth, this study goes beyond what was proposed 
by Bhattacharjee (2001a) in the original ECM by including a new construct (Attitude) alongside the 
ECM constructs, and proposing new causal paths (PE->ATT and ATT->CI). This, in turn, demon-
strates a significant contribution to the expansion of  the ECM. Sixth, in line with Dai et al. (2020), 
this study conceptually and empirically differentiates between satisfaction and attitude, as two sepa-
rate affect constructs, which were taken as interchangeable factors in ECM (Bhattacherjee, 2001a) 
and were disregarded by a large number of  prior ECM studies concerned with continuous use inten-
tion. 

PRACTICAL IMPLICATIONS 
This study offers several useful practical implications. First, the findings of  this study revealed im-
portant determinants that influence students’ continuance intention to use Moodle after having expe-
rienced its use. When HEIs strategize how to increase continuance use rate of  the LMS, they should 
factor in these determinants. Second, given the significant influence of  system interactivity on perfor-
mance expectancy and satisfaction, faculty members should modify their teaching approach by ena-
bling communication and interaction among instructors, students, and peers using the LMS. By doing 
so, students will perceive the system useful and effective for their learning. This, in turn, will generate 
a higher positive attitude towards the usefulness of  the LMS and exhibit students’ satisfaction with 
the system. Third, given the significant influence of  performance expectancy, satisfaction and atti-
tude on continuous intention to use the LMS, HEIs should conduct training programs for students 
on the effective use of  the LMS, this would increase students’ awareness regarding the usefulness of  
the LMS, enhance their attitude towards the LMS and improve their satisfaction with the system. Ad-
ditionally, the training programs on the effective use of  the LMS will enhance students’ self-efficacy 
and confidence in their abilities in using the LMS and accomplishing different learning tasks using 
this system. This will not only impact their perceptions towards the usefulness and ease of  use of  the 
system but will also reduce their computer anxiety in using the LMS. Fourth, given the significant role 
of  effort expectancy in influencing performance expectancy, attitude and students’ continuous inten-
tion to use Moodle, developers and system programmers should design the LMS with easy to use, 
high quality and customizable user interface. This will not only motivate students’ performance ex-
pectancy but will also influence their attitude and continuous intention to use the system. Fifth, as for 
the facilitating conditions’ role in influencing students’ continuous intention, HEIs should ensure 
that technical support, adequate resources, and a “frequently asked questions and answers” section 
related to the LMS features, are available to students when using the LMS. Finally, developers and 
system programmers must ensure that the system is compatible with different operating systems, 
such as Android and iOS, for students who use their mobile devices or tablets to access the LMS. 

LIMITATIONS AND FUTURE RESEARCH 
Although our study provides valuable insights into the continuous intention to use Moodle, it has a 
number of  limitations. First, this study is cross-sectional, and thus it does not demonstrate changes in 
students’ continuous intention to use Moodle over time. Prior studies have found that subjects’ ex-
pectations change over time (Liao et al., 2009). Also, external environmental factors can influence 
subjects’ expectations (C.-L. Hsu et al., 2014). Therefore, a longitudinal empirical study should be 
conducted in future studies to explain how temporal changes affect students’ continuous intention to 
use Moodle. Second, this study focused on Kuwaiti students using Moodle in one university in the 
State of  Kuwait. Kuwait is a rich country with well-advanced technology infrastructure and its citizen 
are also more technology savvy (Rabaai et al., 2015; Statista, 2019a, 2019b) compared to citizens in 
many other developing countries. Future studies should investigate the proposed model in other 
countries with additional economic, environmental, and technological factors as well as different 
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LMSs, such as BlackBoard. Third, this study focused on how different factors affected students’ con-
tinuous intention to use Moodle but did not consider all determinants of  a successful system, such as 
system quality, information quality, and instructional as well as course content quality. Thus, future 
research should devote attention to the effects of  these quality characteristics of  LMS. Fourth, the 
study sample is from an eastern culture and one country, which may limit the generalizability of  the 
research findings. Therefore, future research should investigate a cross-cultural study, as cultural char-
acteristics of  users affect their decision process to continue using IS (C. Lee et al., 2017), where peo-
ple from different cultures may have different norms for using various technologies (Sabah, 2019). 
Fifth, this study did not investigate students’ personal characteristics, such as gender, age, and experi-
ence. However, Venkatesh et al. (2003) indicated that there is a significant relationship between users’ 
personal characteristics and technology acceptance and usage. As such, future research should inves-
tigate the moderating effect of  these variables on the continued use of  Moodle. Finally, this study is 
based on self-reported questionnaire survey-based method. Future studies could use other tools for 
data collection, such as focus groups and interviews, or use a mixed-method approach (i.e., qualitative 
and quantitative) to provide a comprehensive understanding of  students’ continuous intention to use 
LMSs. 

CONCLUSION 
This study added on the existing scientific knowledge related to LMSs and examined different factors 
predicting Kuwaiti students’ intention to continue using Moodle in the post-adoption phase, where 
studies on this phase of  LMSs are scarce in general, and so far, have not been studied in the Kuwaiti 
context in particular. Our study has extended the ECM, i.e., the theoretical foundation, by integrating 
factors that are important to students’ continuous intention, including system interactivity, effort ex-
pectancy, attitude, computer anxiety, self-efficacy, subjective norms, and facilitating conditions. To ex-
amine the proposed model, a quantitative survey was employed to collect data from students at a pri-
vate American university in the State of  Kuwait. The data was then analyzed using the PLS-SEM ap-
proach. This study confirmed how confirmation, performance expectancy, and satisfaction influ-
enced students’ continuous intention. The study investigated the influence of  effort expectancy on 
performance expectancy and the influence of  system interactivity on performance expectancy and 
satisfaction. The influence of  performance expectancy and effort expectancy on attitude was exam-
ined. The relationships between self-efficacy, effort expectancy, performance expectancy, and com-
puter anxiety were also studied. The main statistical results of  this study supported the predictive va-
lidity and relevance of  the proposed model by accounting for about 67.6% of  variance and 56.6% of  
predictive relevance of  the Kuwaiti students’ continuous intention to use Moodle. While subjective 
norms were not statistically significant in predicting continuous intention, performance expectancy, 
effort expectancy, attitude, satisfaction, and facilitating conditions were all significant in predicting 
students’ continuous intention to use Moodle. This study’s results also confirmed that attitude and 
satisfaction are two conceptually and empirically different constructs, conflicting with Bhattacharjee 
(2001a) argument that satisfaction plays the same role as attitude. 
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