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Web-based learning has become an important component of education. Higher education 

institutions in Thailand have become increasingly aware of the widespread use and effectiveness 

of web-based learning systems. However, the adoption of such learning systems is growing at a 

slow pace in Thailand. The purpose of this study was to test the Unified Theory of Acceptance 

and Use of Technology (UTAUT), that performance expectancy, effort expectancy, social 

influence, and facilitating conditions have a positive effect on usage intention and adoption of 

web-based learning systems by instructors, in the Departments of Education at the Rajabhat 

Universities, Thailand; and to test whether experience of use, age, and gender have moderating 

effects in the adoption of web-based learning systems there. 

The research design used in this study was a cross-sectional survey design. Data were 

collected by means of a self-administered paper questionnaire. The study was conducted among 

the instructors in the departments of education at the Rajabhat Universities in Thailand. A total of 

725 surveys were sent out, 454 questionnaires were returned by the respondents, and 14 were 

eliminated as outliers; thus, the final data set for the study was 440 samples. The two-step 

approach of SEM was used to test the model and the study's hypotheses; first, the measurement 

model was measured to examine the validity and reliability of the data; next, the structural model 

was measured to test the hypotheses of the study and the fitness of the data to the model. The 

results of this study revealed several factors that can affect instructors’ adoption of a web-based 



learning system and which can enhance the web-based learning performance of instructors in the 

Rajabhat Universities and throughout higher education in Thailand.  
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CHAPTER 1 

INTRODUCTION 

Background 

Higher education in Thailand is facing the challenges of utilizing information technology 

to enhance the effectiveness of learning and to meet the demands of the new generation of 

students (Suanpang & Petocz, 2006). Beginning in 1990, the Thai government has created an 

action plan that makes the use of information and communication technology (ICT) part of an 

educational plan aimed at utilizing technology to increase the efficiency of training and 

education (Saekow & Samson, 2011). This plan has been part of the realization of the 

educational reform act of 1999, called the National Education Act (NEA). The reform's major 

focus is on increasing the effectiveness of education delivery systems (Suanpang & Petocz, 

2006). In Thailand, as in many developing countries, students face difficulties in accessing 

learning materials and having the input of teachers, and they have restricted access to learning 

resources, which are limited to the locality in which they live. In response to this situation, the 

Thai government has turned its attention to improving teachers and students’ ICT access and to 

the building of ICT infrastructures. These developments have been significant in reducing the 

educational gap between rural and urban areas (Teo, Wong Su, Thammetar & Chattiwat, 2011).     

To deal with the limitations of learning and teaching, Thai higher education institutions 

have paid increased attention to the implementation of a web-based learning structure by using 

the Internet to deliver and develop course materials as part of their educational plans and policies 

(Suanpang & Petocz, 2006). Recently, numerous Thai universities have implemented ICT in 

order to assist teachers with traditional face-to-face classroom instruction; however, Thailand’s 

web-based teaching and learning is still growing relatively slowly and is generally used as 
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complementary and supplementary teaching supports, rather than as a complete replacement of 

traditional classroom learning (Siritongthaworn, Krairit, Dimmitt & Paul, 2006). There has been 

some reported utilization of web-based learning in Thai higher education institutions, in 

particular, the Thailand Cyber University Project and the SIT web-based learning project at the 

King Mongkut University of Technology Tonburi (KMUTT). In these two institutions, online 

learning is being utilized both to offer fully online courses and to support traditional face-to-face 

classrooms (Teo, Wong Su, Thammetar & Chattiwat, 2011).  

Higher education in Thailand seem to be changing as a new generation of students, who 

have grown up in the digital age, have shown more satisfaction with the implementation of web-

based learning systems both as an additional tool and as the major classroom teaching means 

(Siritongthaworn & Krairit, 2006) and in the form of fully online classes (Suanpang & Petocz, 

2006). Therefore, in order to meet future educational challenges, the Thai government must 

provide appropriate and effective learning curricula and courseware resources as will be needed 

for Thai students in the future, by offering interactive and facilitative education that uses and 

adapts IT into the classroom (James, 2011). Although many Thai universities have implemented 

web-based learning to support traditional classroom practice, the ways in which web-based 

learning systems have been adopted in Thai universities are rather diverse. An analysis of the 

factors that are related to the current adoption of web-based learning systems can provide insight 

into effective ways to increase the implementation of web-based learning in Thailand 

(Siritongthaworn, Krairit, Dimmitt & Paul, 2006). 
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Web-Based Learning in Thailand 

Web-based learning has grown into an important component of educational pedagogy 

globally (Ndubisi, 2006; Wang & Wang, 2009; Suanpang, & Petocz, 2006; Saekow & Samson, 

2011; Waugh & Ketusiri, 2009; Pituch & Lee, 2006; Lee, 2006). Thai higher education 

institutions have become aware of the widespread use and effectiveness of web-based learning 

systems, which provide incredible opportunities for the delivery of education due to their flexible 

and portable methods, giving students the advantage of being able to gain important knowledge 

anywhere and at any time (Saekow & Samson, 2011; Siritongthaworn & Krairit, 2006; 

Siritongthaworn, Krairit, Dimmitt & Paul, 2006; Suanpang & Petocz, 2006; Suanpang, Petocz & 

Kalceff, 2004; Teo, Wong Su, Thammetar & Chattiwat, 2011; Waugh & Ketusiri, 2009). The 

Thai government has promoted an action plan for implementing ICT in education in order to 

improve educational quality and increase the efficiency of educational delivery systems since 

1990. In response to the plan, the Thai Ministry of Education has also supported the utilization of 

ICT in education by providing IT connectivity and high quality web-based teaching and learning 

materials. Educational institutions, universities, and schools are cooperating in reinforcing 

modern methods for using web-based learning at every education level. The Thai Ministry of 

Education, through the Commission on Higher Education (CHE), has created a pilot project on 

web-based learning named Thailand Cyber University (TCU). TCU is a portal for web-based 

learning and online courses in which many universities, colleges, institutions, and schools can 

promote their online courses, communicate with each other, and share their course information. 

Recently, through TCU, schools and universities are offering about thirty complete online course 

certificates and hundreds of web-based training courses. Although the CHE has been 

encouraging universities to use web-based learning systems in their curricula, it is likely that the 
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number of completed web-based learning courses is growing somewhat slowly (Saekow & 

Samson, 2011).  

ICT connectivity and infrastructure in Thailand is growing rapidly and can be considered 

as lower rung compared to those of other countries around the world. Every year, in cooperation 

with the IBM Institute for Business Value, the Economist Intelligence Unit carries out e-

readiness ranking across countries. This ranking is based on six types of e-readiness including 

technology infrastructure and connectivity, social and cultural environment, business 

environment, legal environment, business and consumer adoption, and government vision and 

policy. In 2010, Thailand received a score of 5.00 (out of 10) on the e-readiness rankings and 

came in at a level of 49
th

 among 70 countries (Economist Intelligence Unit, 2010). Suanpang and 

Petocz (2006) indicated that the Thai government has provided computers installation and 

internet connectivity in all high schools since 2002. Chiangmai University in Thailand surveyed 

the readiness of web-based learning adoption in Thai universities and found that more than 50% 

of Thai universities have shown readiness for adopting the web-based learning system 

(Laohajaratsang, 2008). Another survey, by Rueangprathum, Philuek, and Fung (2009), also 

found that the information technology in Thailand is ready and adequate to serve web-based 

learning for university staff and students. Most Thai universities, colleges, and schools have had 

web-based learning systems service through the Internet for over five years, and have policies to 

develop such learning systems. Rueangprathum et al. (2009) also reported that most of the 

universities in Thailand use web-based learning systems for delivering course materials rather 

that provide completed courses online. This shows that although ICT connectivity and 

infrastructure in Thailand are growing rapidly, the adoption of web-based learning systems in 

Thai universities is growing quite slowly.  
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Recently, according to Thailand Cyber University TCU, (2013), one university, Naresual, 

offers a bachelor degree online, which is bachelor of business administration in the department of 

management in the tourism industry; one university, Kasetsart, in its faculty of engineering, 

offers blended learning including both online and face-to-face learning, offering a bachelor of 

science in automotive industry; one university, Chulalongkorn, offers open resources for a 

bachelor of science in software development in its faculty of engineering; and one university, 

Chulalongkorn, offers an online master degree, a master of science in Social and Administrative 

Pharmacy (International Program) in its Faculty of Pharmacy. There are three certificate 

programs and hundreds of online training courses offered by TCU, and thirty comprehensive 

online courses offered by several schools and universities.      

 

Rajabhat Universities 

Thailand’s higher education system can be classified into three categories which are 

public universities, private universities and colleges, and community colleges. Rajabhat 

Universities, the target population of this study, are considered as public universities. The 

Rajabhat Universities comprise one of the public university systems in Thailand (Office of the 

Higher Education Commission, 2013). They are organized by the Organization of Rajabhat 

Institute Council (ORIC), part of the Ministry of Education. In the past, they originally formed 

the teachers’ college system to help meet the need for qualified teachers for secondary schools in 

Thailand, but due to the Rajabhat Institues Act of 1995, these colleges changed their system and 

became Rajabhat Institutes. The Rajabhat Institutes have expanded their educational mission to 

provide post-secondary level education and serve the local communities around Thailand. In 

2004, the government extended these institutions' mission with the Rajabhat University Act of 
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2004 and promoted Rajabhats to the status of public universities, called Rajabhat Universities. 

This act allowed each Rajabhat to organize as an independent university. This change effectively 

increased university accessibility in various rural areas around Thailand because most of the 

Rajabhat Universities are located in rural regions. Most provinces in Thailand have at least one 

such region. As of the time of writing, Rajabhat Universities consist of 40 institutions located all 

over Thailand (Office of the Higher Education Commission, 2013) and form a rural nation-wide 

network in Thailand with a standardized form of teaching and learning approach. Rajabhat 

Universities have as their mission to serve as community universities (Grubbs, Chaengploy & 

Worawong, 2009).  

Rajabhat Universities offer primarily bachelor degrees, and some also offer master or 

doctoral degrees. Admission to Rajabhats is open to the public; however, admission is less 

competitive than to other public universities. Generally, Thai people think that other public 

universities have higher standards than the Rajabhat Universities owing to Rajabhats’ lower 

admission standards. This challenges the Rajabhats’ administrators and faculties to develop their 

reputations in order to earn the same respectability as other public universities enjoy in Thailand. 

Rajabhat Universities were managed on the basis of community college objectives for a long 

time. At present, they have changed their objectives to serve as public universities aiming for 

international recognition, and they have encountered the issue of making those objectives 

correspond with those of increasing quality and standards for students (Grubbs, Chaengploy & 

Worawong, 2009). Recently, Rajabhat Universities have promoted the improvement of efficient 

technologies that support the use of web-based learning systems, in order to improve and 

increase opportunities for both distance and campus-based learning and teaching (Suanpang & 

Petocz, 2006). As a result of the educational system change, Rajabhat Universities' instructors 
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have revised their teaching and delivery procedures and the way that they teach students. Now, 

Rajabhats instructors are concerned with training students to engage more in self learning and 

with employing new technologies as part of their teaching and learning methods (Waugh & 

Ketusiri, 2009). Based on recent reports provided by each Rajabhat University web site, among 

40 Rajabhat Universities, 2 provide completed online courses, 3 provide blended learning, 28 

deliver course materials online, and 7 do not provide online learning. Table 1 shows diversity of 

adoption of web-based learning system by Rajabhat Universities in Thailand. 

Table 1 

Rajabhat Universities's Adoption of Web-Based Learning System 

Not Provide 

 

Delivering Course 

Materials 

 

Blended Learning Completed Online 

Course 

Bansomdejchaopaya 

Rajabhat University 

Buriram Rajabhat 

University 

Chigng Mai Rajabhat 

University 

Suan 

Dusit Rajabhat 

University 

Phranakhon 

Rajabhat University 

Chandrakasem Rajabhat 

University 

Chaiyaphum 

Rajabhat University 

Phetchaburi Rajab

hat University 

Phetchabun Rajabhat 

University 

Chiangrai Rajabhat 

University 

Songkhla Rajabhat 

University 

 

Phuket Rajabhat 

University 

Dhonburi Rajabhat 

University 

  

Rambhai Barni 

Rajabhat University 

Kanchanaburi Rajabhat 

University 

  

 Uttaradit Rajabhat 

University 

Kamphaeng Phet Rajabhat 

University 

  

Valaya Alongkorn 

Rajabhat University 

Kalasin Rajabhat 

University 

  

 Lampang Rajabhat 

University 

  

 Loei Rajabhat University   

 Muban Chombueng 

Rajabhat University 

  

 Nakon Pathom Rajabhat 

University 

  

 Nakhon Sawan Rajabhat 

University 

  

(table continues) 

http://phditsiamuresearch.pbworks.com/f/004.pdf
http://phditsiamuresearch.pbworks.com/f/004.pdf
http://phditsiamuresearch.pbworks.com/f/004.pdf
http://www.youtube.com/watch?v=KmUnsjLYqvU
http://www.youtube.com/watch?v=KmUnsjLYqvU
http://learn.pbru.ac.th/
http://learn.pbru.ac.th/
https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=7&cad=rja&ved=0CIkBEBYwBg&url=http%3A%2F%2Fwww.cru.in.th%2Fcru2012%2F&ei=dKBLUp6KOcPqrAGZ1YDAAw&usg=AFQjCNFtVx8fS_s8JI00rv_Nd6ZO_YfXfA&sig2=kJ4BsObaRzLNJ1gNmx5IBQ&bvm=bv.53371865,d.eWU
https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=7&cad=rja&ved=0CIkBEBYwBg&url=http%3A%2F%2Fwww.cru.in.th%2Fcru2012%2F&ei=dKBLUp6KOcPqrAGZ1YDAAw&usg=AFQjCNFtVx8fS_s8JI00rv_Nd6ZO_YfXfA&sig2=kJ4BsObaRzLNJ1gNmx5IBQ&bvm=bv.53371865,d.eWU
https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=10&cad=rja&ved=0CKcBEBYwCQ&url=http%3A%2F%2Fwww.uru.ac.th%2Fhtml%2F&ei=dKBLUp6KOcPqrAGZ1YDAAw&usg=AFQjCNFRjZV7SlAJZQHJHoYlCRGWMSm4cQ&sig2=fs5dBOrk7dKTh28DXaUAXg&bvm=bv.53371865,d.eWU
https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=10&cad=rja&ved=0CKcBEBYwCQ&url=http%3A%2F%2Fwww.uru.ac.th%2Fhtml%2F&ei=dKBLUp6KOcPqrAGZ1YDAAw&usg=AFQjCNFRjZV7SlAJZQHJHoYlCRGWMSm4cQ&sig2=fs5dBOrk7dKTh28DXaUAXg&bvm=bv.53371865,d.eWU
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Table 1 (continued). 

 

Not Provide 

 

Delivering Course 

Materials 

 

Blended Learning Completed Online 

Course 

 Nakhon Ratchasima 

Rajabhat University 

  

 Nakhon Si Thammarath 

Rajabhat University 

  

 Phranakhon Si Ayutthaya 

Rajabhat University 

  

 Pibulsongkram Rajabhat 

University 

  

 Rajabhat Mahasarakham 

University 

  

 Rajabhat Rajanagarindra 

University 

  

 Rot Et Rajabhat University   

 Sisaket Ratjabhat 

University 

  

 Sakon Nakhon Rajabhat 

University 

  

 Suan Sunandha Rajabhat 

University 

  

 Suratthani Rajabhat 

University 

  

 Surindra Rajabhat 

University 

  

 Thepsatri Rajabhat 

University 

  

 Udon Thani Rajabhat 

University 

  

 Ubon Ratchathani 

Ratjabhat University 

  

 Yala Rajabhat University   

 

 

Need for the Study 

The adoption of web-based learning systems in universities in Thailand is growing 

relatively slowly, although the significance of web-based learning and teaching has become 

broadly accepted and recognized internationally (Saekow & Samson, 2011; Siritongthaworn, 

http://www.psru.ac.th/
http://www.psru.ac.th/
http://el5.ssru.ac.th/informations.php?cid=5
http://el5.ssru.ac.th/informations.php?cid=5
http://www.rits.ac.th/online/
http://www.rits.ac.th/online/
http://www.udru.ac.th/website/
http://www.udru.ac.th/website/
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Krairit, Dimmitt & Paul, 2006). Web-based learning systems have become an important element 

of higher educational pedagogy around the world, and they have been shown to be cost effective 

and convenient ways to enhance life-long learning opportunities (Ndubisi, 2006; Wang & Wang, 

2009). Web-based learning systems have demonstrated various advantages over the traditional 

face-to-face learning, particularly in making it possible for learning to take place anywhere and 

at any time; students can independently access web-based learning course material (Chiu & 

Wang, 2008; Ngai, Poon & Chan, 2007; Suanpang & Petocz, 2006; Wang & Wang, 2009). Due 

to these advantages and the high quality of IT connectivity provided by the Thai government that 

cover all areas in Thailand for using web-based learning at every education level, it is recognized 

that web-based learning systems would increase Thai students' opportunities to access effective 

knowledge and pedagogy (Saekow & Samson, 2011).  

Although many studies have explored the factors related to online learning adoption, few 

studies have investigated the factors related to the adoption of online learning in Thailand 

(Bhatiasevi, 2011; Teo, Wong Su, Thammetar & Chattiwat, 2011). Suanpang and Petocz (2006) 

studied learning outcomes including grades, exam scores, and homework assignments of 

students, comparing web-based and face-to-face classes in Business Statistics at Suan Dusit 

Rajabhat University in Thailand, and found that students’ outcomes in the web-based learning 

groups were more favorable. The authors indicated that students performed better on grades, 

exam scores, and homework assignments in a web-based learning situation rather than in the 

traditional face-to-face classroom. Compared to those in the traditional face-to-face classroom, 

students in web-based learning environments expressed a higher level of satisfaction. Similarly, 

Bhatiasevi (2011) conducted a study in Thailand undergraduate programs and found that Thai 

students exhibited greater satisfaction with web-based learning materials and also demonstrated a 
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willingness to employ a web-based learning system to achieve better study results. However, it 

was a great challenge for instructors and students to use the web-based learning system. 

Instructors should continually develop relevant learning materials and motivate students to see 

the benefits of making use of a web-based learning system.     

Siritongthaworn, Krairit, Dimmitt, and Paul (2006) claimed that the main factors that 

related to web-based teaching system adoption in Thailand are the fact that the typical face-to-

face classroom is still the standard means of learning and teaching, and the unwillingness of 

instructors to find out how to utilize a web-based learning system. Their study reported on 

interviews with Thai instructors that revealed that instructors had little or no web-based teaching 

experience and in consequence felt a lack of confidence to implement web-based learning 

systems. These findings are also supported by Saekow & Samson’s (2011) study, in which they 

indicated that Thai instructors had overlooked the importance of web-based learning systems and 

were uninterested in utilizing them. The study also indicated that many universities in Thailand 

are unprepared, in areas such as policy, technology, and regulation, for adopting web-based 

learning systems. 

Little is known about the situation of web-based learning in Thailand, and it is necessary 

to conduct further explorations of the factors that affect web-based adoption due to the high 

stakes that the Thai government has now placed on encouraging this form of learning and 

teaching, through great investments in teacher professional development and ICT infrastructure 

(Bhatiasevi, 2011; Suanpang & Petocz, 2006; Siritongthaworn et al., 2006; Saekow & Samson, 

2011; Teo, Wong Su, Thammetar & Chattiwat, 2011). Therefore, a thorough study of the factors 

influencing web-based learning adoption in Thai universities is needed. 
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Recent studies on web-based learning systems in Thailand have provided diverse 

perspectives about the learners’ and instructors’ experiences with and responses to web-based 

learning systems (Bhatiasevi, 2011; Saekow & Samson, 2011; Siritongthaworn, Krairit, Dimmitt 

and Paul, 2006; Suanpang and Petocz, 2006). These authors indicated the need for more research 

on examining the determinants that affect web-based learning adoption in Thailand, and called 

for studies to contribute to the continued development of web-based learning in Thai higher 

education in the context of increasing instructors’ and administrators’ collaboration and support 

for web-based learning effectiveness. Thus, it is necessary to discover the factors that affect the 

behavior of an individual regarding web-based learning adoption by Thai instructors.  

Rajabhat universities are public universities that provide local educational in Thailand. 

The Rajabhat University has forty branches and forms a nation-wide network throughout 

seventy-seven provinces in Thailand, and the largest population of Rajabhat University 

instructors is in the departments of education (Office of the Higher Education Commission, 

2013). Thus the target population in this study will be instructors in the Rajabhat Universities in 

Thailand, particularly in the departments of education. There are two main reasons to focus on 

this population: (a) the fact that the opportunities to increase web-based learning adoption in 

Thailand due to the slowly increasing rate of web-based learning have been a major concern of 

Thai higher education (Saekow & Samson, 2011) and (b) several researchers have indicated that 

instructors’ lack of knowledge and ability to incorporate information technologies into their 

teaching appears to be a barrier to web-based learning adoption (Suanpang & Petocz, 2006; 

Wang & Wang, 2009). Therefore, recent research has paid a great deal of attention to the usage 

intention of instructors with regard to web-based learning systems in order to examine the  

potential of success of web-based teaching adoption (Siritongthaworn, Krairit, Dimmitt & Paul, 
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2006; Wang & Wang, 2009). The results of this study can be generalized to instructors working 

in departments of education in Rajabhat Universities. Moreover, it appears that no scholarly 

research has been studied on web-based learning systems adoption by instructors in Thailand 

using the theory of acceptance and use of technology to study how performance expectancy, 

effort expectancy, social influence, facilitating conditions, and intention to use web-based 

learning technology affect technology adoption by instructors in Thailand. The findings of this 

study can be useful as a guide to organize web-based teaching and training adoption at the 

operational and preparatory stages in Thailand’s higher education as it meets the challenge of 

increasing web-based learning and teaching.   

 

Theoretical Framework 

Numerous models for assessing technology acceptance have been conducted and tested to 

aid in the understanding of the factors affecting acceptance of information technologies. The 

unified theory of acceptance and use of technology (UTAUT), created by Venkatesh, Morris, 

Davis and Davis (2003), is one of the latest models that has been used to study adoption and 

acceptance of new technology in formal organizations. The UTAUT model offers a facilitative 

way for researchers to understand the factors impacting adoption of new technologies. The 

UTAUT integrates constructs from eight models, namely, the theory of planned behavior (TPB), 

the technology acceptance model (TAM), a model combining the technology acceptance model 

and the theory of planned behavior (C-TAM-TPB), the theory of reasoned action (TRA), the 

social cognitive theory (SCT), the innovation diffusion theory (IDT), the motivational model 

(MM), and the model of PC utilization (MPCU).  
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Venkatesh et al. (2003) empirically compared these eight theories individually by using 

subjects in four workplace environments to longitudinally validate the eight models. The study 

found that the eight models explained individually 17 % to 53 % of the variance found in the use 

of different information technologies. The more prominent constructs of the eight theories were 

grouped together to create a unified theory to account for the adoption and acceptance of new 

technology. The UTAUT has four main determinant factors and four moderator factors of 

individual usage intention and usage behaviors. The four key determinants that the UTAUT 

suggests as direct determinants of behavioral intention, which in turn play a role as direct 

determinant of usage behaviors, are performance expectancy, effort expectancy, social influence, 

and facilitating conditions. The four moderating factors are age, experience, gender, and 

voluntariness. The UTAUT suggests that performance expectancy, effort expectancy, and social 

influence have a positive direct effect on technology usage intention, and facilitating conditions 

and usage intention have a positive effect on technology usage behavior. The UTAUT is claimed 

to explain almost 70 % of the behavioral intention variance (Venkatesh et al., 2003). Although 

there are many studies using the UTAUT model to describe the acceptance and adoption of new 

technology, there has still been limited empirical research utilizing the UTAUT model to study 

this issue in the framework of web-based learning system adoption in higher education (Van 

Schaik, P., 2009). Among these, the UTAUT has been applied to educational settings to study 

websites used and acceptance by students in higher education (Schaik, 2009), to understand web-

based learning continuance intention (Chiu & Wang, 2008), to understand student perceptions 

using course management software (Marchewka, Liu & Kostiwa, 2007), to study factors of 

online learning adoption (Ndubisi, 2006), to study the usage and acceptance of open access in 
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public universities in Tanzania (Dulle & Minishi-Majanja, 2011), and to study gender and age 

differences in mobile learning acceptance (Wang, Wu & Wang, 2009).   

 

Purpose of the Study 

The purpose of this study was to test the unified theory of acceptance and use of 

technology (UTAUT), that performance expectancy, effort expectancy, social influence, and 

facilitating conditions have a positive effect on usage intention and adoption of web-based 

learning systems by instructors, in the Department of Education at Rajabhat Universities, 

Thailand; and to test whether experience of use, age, and gender have moderating effects in the 

adoption of web-based learning systems there. This study was contribute to the existing body of 

knowledge related to information technology adoption by considering a sample within the 

population of Rajabhat Universities’ instructors in Thai higher education. 

  

Research Hypotheses 

 

Figure 1. Proposed research model. 
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As applied the UTAUT theory to this study, the theory supports the hypotheses that: 

H1:  Performance expectancy will have a positive direct effect on usage intention of a 

web-based learning system. 

H1a: Gender will moderate the effect of performance expectancy on usage intention of a 

web-based learning system, such that a greater extent will be for men than for women. 

H1b: Age will moderate the effect of performance expectancy on usage intention of a 

web-based learning system, such that a greater extent will be for younger than for older 

instructors. 

H2:  Effort expectancy will have a positive direct effect on usage intention of a web-

based learning system. 

H2a: Gender will moderate the effect of effort expectancy on usage intention of a web-

based learning system, such that a greater extent will be for women than for men. 

H2b: Age will moderate the effect of effort expectancy on usage intention of a web-based 

learning system, such that a greater extent will be for older than for younger instructors.  

H2c: Experience will moderate the effect of effort expectancy on usage intention of a 

web-based learning system, such that a greater extent will be for instructors who are less 

experienced than for those who are more experienced in web-based learning.  

H3:  Social influence will have a positive direct effect on usage intention of a web-based 

learning system. 

H3a: Gender will moderate the effect of social influence on usage intention of a web-

based learning system, such that a greater extent will be for women than for men. 

H3b: Age will moderate the effect of social influence on usage intention of a web-based 

learning system, such that a greater extent will be for older than for younger instructors.  
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H3c: Experience will moderate the effect of social influence on usage intention of a web-

based learning system, such that a greater extent will be for instructors with less experience in 

web-based learning than for those with more experience.  

H4: Facilitating conditions will have a positive direct effect on web-based learning 

system usage behavior. 

H4a: Age will moderate the effect of facilitating conditions on web-based learning system 

usage behavior, such that greater extent will be for older instructors than for younger instructors. 

H4b: Experience will moderate the effect of facilitating conditions on web-based learning 

system usage behavior, such that a greater extent will be for instructors with more experience 

than for those with less experience in web-based learning. 

H5: Usage intention of a web-based learning system will have a positive effect on web-

based learning system usage behavior. 

 

Delimitations 

This study was delimited to the Department of Education at Rajabhat Universities in 

Thailand. The survey participants for this study was restricted to instructors who teach at least 

twelve credit hours per week in the Department of Education at Rajabhat Universities in 

Thailand. All of the factors in the model of this study are presented based on the original 

UTAUT; only the moderating factor of voluntariness of use in UTAUT was omitted from the 

study's model because the use of online learning system in the population of this study was fully 

voluntary.  
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Limitations 

The data in this study was limited regarding a self-report questionnaire. The data gathered 

from one point in time from each participant was limited to each person's feelings and 

surrounding evidences at the time of answering the questionnaire. The results from the 

participants in the study was limited to those who volunteer to fill out the survey. The degree to 

which the results could be generalized to other departments or other universities may be limited 

with regard to the particular characteristics of the department and universities in this study.  

 

Definitions of Terms 

Effort expectancy: Venkatesh et al. (2003) described effort expectancy as the level of 

easiness regarding the utilization of the new technology (i.e., a web-based learning system). 

Facilitating conditions: Venkatesh et al. (2003) described facilitating conditions as the 

level at which a person thinks that technical and organizational infrastructure exists to support 

usage of the new technology (i.e., a web-based learning system). 

Performance expectancy: Performance expectancy is described by Venkatesh et al. (2003) 

as the extent to which a person thinks that using the new technology (i.e., a web-based learning 

system) will help her or him to increase in job performance. 

Social influence: Venkatesh et al. (2003) described social influence as the level to which a 

person recognizes that important people believe she or he should utilize the new technology (i.e., 

a web-based learning system). 

Web-based learning system: the term web-based learning system usually refers to e-

learning (Gunasekaran, McNeil, & Shaul, 2002), also known as online learning (Wang & Wang, 

2009). A web-based learning system is defined as a learning method where instructional content 
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and interaction between instructors and students are processed via web-enabling technologies 

through the Internet (Lee, 2006). "Web-based learning systems served as a platform to facilitate 

teaching and learning and to provide new approaches for conducting classes and delivering 

course materials" (Wang & Wang, 2009, p. 726). 

 

Summary 

This chapter has provided background on web-based learning system implementation and 

adoption in Thai universities and has identified a need to examine the factors relating to the 

adoption of web-based learning systems by instructors in Thailand. It has also presented a 

theoretical framework and stated the purpose of the study, has stated research questions and 

hypotheses. Finally, this chapter has presented the assumptions that have shaped the central aims 

of the proposal. 
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CHAPTER 2 

REVIEW OF THE LITERATURE 

Introduction 

This chapter provides a review of related literature and research in order to present the 

background ideas on which this study's hypotheses are based. It highlights the major components 

of the unified theory of acceptance and use of technology (UTAUT) model tested in this study, 

including performance expectancy, effort expectancy, social influence, facilitation conditions, 

use intention, and use behavior. It also reviews relevant empirical studies on those components 

related to web-based learning system adoption.  

 

Performance Expectancy 

Venkatesh et al. (2003) described performance expectancy as the level to which a person 

thought that utilizing the technology would increase her or his job performance, and verified that 

the strongest construct to predict individual usage intention is performance expectancy. 

According to the UTAUT, performance expectancy has a significant positive direct effect on 

usage intention, and the effect of performance expectancy on usage intention will be moderated 

by age and gender; such that the effect will be greater for men and especially for younger men 

(Venkatesh et al., 2003). In the application of the concept of performance expectancy to web-

based learning contexts, it is expected that web-based learning users will find web-based learning 

systems useful because they allow users to engage in teaching and learning activities more 

flexibly and quickly, or even to help enhance the effectiveness of the teaching and learning. 

Many studies use the UTAUT to explain the acceptance and adoption of new technology 

in business, educational, and other organizations, and they have confirmed the UTAUT model’s 
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expectation that performance expectancy had a significant positive direct effect on usage 

intention (Alshehri, Drew, Alhussain & Alghamdi, 2012; Alrawashdeh, Muhairat & Alqatawnah, 

2012; Dulle & Minishi-Majanja, 2011; Kijsanayotin, Pannarunothai & Speedie, 2009; Im, Hong 

& Kang, 2011; Van Schaik, 2009; Wu, Tao & Yang, 2008; Wang & Shih, 2009; Wang, Wu & 

Wang, 2009). A study by Wang and Shih (2009) reported that gender moderated the effect of 

performance expectancy on usage intention to a greater extent for men than for women. In a 

review of recent empirical studies that address the effect of performance expectancy on usage 

intention in the web-based learning system framework, a study by Van Schaik (2009) on 

students’ acceptance of website usage in higher education supports the UTAUT theory 

expectation that performance expectancy is a significant factor related to web-based system 

usage intention of students in higher education. Similarly, Dulle and Minishi-Majanja (2011) 

investigated the suitability of the UTAUT model in open access adoption studies and confirmed  

the UTAUT model expectation that the performance expectancy construct is a predictor of usage 

intention. Similarly, Wang, Wu and Wang (2009), studied the acceptance of mobile learning and 

investigated the determinants of gender and age differences, and their study confirmed the 

UTAUT theory expectation that performance expectancy has a significant positive direct effect 

on usage intention of m-learning, and was the strongest predictor of m-learning usage intention.  

H1:  Performance expectancy will have a positive direct effect on usage intention of a 

web-based learning system. 

H1a: Gender will moderate the effect of performance expectancy on usage intention of a 

web-based learning system, such that a greater extent will be for men than for women. 
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H1b: Age will moderate the effect of performance expectancy on usage intention of a 

web-based learning system, such that a greater extent will be for younger than for older 

instructors. 

 

Effort Expectancy 

Venkatesh et al. (2003) described effort expectancy as the level of easiness regarding the 

utilization of the new technology, and suggest that effort expectancy has a significant positive 

direct effect on technology’s usage intention and that the effect of effort expectancy on usage 

intention will be moderated by experience, age and gender. The effect will be greater for women, 

especially for younger women, and will be greatest among those with lower levels of web-based 

learning technologies experience (Venkatesh et al., 2003). According to the UTAUT, in the 

application of the concept of effort expectancy to the context of web-based learning, it is 

expected that individual adoption of a web-based learning system will depend on the level of 

ease of use of the web-based learning system. The effect of effort expectancy on the usage 

intention will be accelerated by age, gender, and experience, such that the effect will be more 

salient for women, particularly for younger women, and especially at early stages of web-based 

learning system use experience. 

Various studies have confirmed the UTAUT expectation that effort expectancy had a 

significant positive direct effect on technology usage intention (Alshehri, Drew, Alhussain & 

Alghamdi, 2012; Alrawashdeh, Muhairat & Alqatawnah, 2012; Dulle & Minishi-Majanja, 2011; 

Kijsanayotin, Pannarunothai & Speedie, 2009; Im, Hong & Kang, 2011; Marchewka, Liu & 

Kostiwa, 2007; Van Schaik, 2009; Wang & Shih, 2009; Wang, Wu & Wang, 2009). In a review of 

recent empirical studies that address the factor of effort expectancy in the context of web-based 
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learning, Van Schaik (2009) confirms the UTAUT theory expectation that effort expectancy has a 

positive direct effect on usage intention. Van Schaik found that web-based system usage 

intention of students in higher education was influenced by the effort expectancy construct. 

Similarly, Dulle and Minishi-Majanja (2011) support the UTAUT expectation that effort 

expectancy would affect on usage intention of open access outlets in scholarly communication, 

and they also support the UTAUT expectation that the effect of effort expectancy on usage 

intention would be moderated by gender, experience, and age. They found a stronger effect on 

older users, and particularly on inexperienced older women. Similarly, the study by Wang, Wu, 

and Wang (2009) also confirmed that effort expectancy had a significantly positive direct effect 

on mobile learning usage intention. Marchewka, Liu, and Kostiwa (2007) also found a 

significant positive direct effect on effort expectancy and usage intention, which supports the 

UTAUT theory.   

H2:  Effort expectancy will have a positive direct effect on usage intention of a web-

based learning system. 

H2a: Gender will moderate the effect of effort expectancy on usage intention of a web-

based learning system, such that a greater extent will be for women than for men. 

H2b: Age will moderate the effect of effort expectancy on usage intention of a web-based 

learning system, such that a greater extent will be for older than for younger instructors.  

H2c: Experience will moderate the effect of effort expectancy on usage intention of a 

web-based learning system, such that a greater extent will be for instructors who are less 

experienced than for those who are more experienced in web-based learning.  
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Social Influence 

Venkatesh et al. (2003) described social influence as the level to which a person 

recognizes that important people believe she or he should utilize the new technology. This 

implies that an individual’s actions are influenced by one’s belief that others will have a 

particular perception of one due to the outcome of one’s technology usage. The UTAUT 

indicates that the social influence factor is not significant in voluntary environments, but it 

happens to be significant in mandatory environments, particularly for a person who has lower 

levels of experience. However, the effect of social influence on acceptance and adoption of 

technology is complex and depends upon a wide variety of group influences. The UTAUT also 

proposes that women are likely to be more aware of others’ opinions than men and also expects 

social influence to become more significant when one is forming an intention to apply new 

technology, with the effect decreasing with increasing experience (Venkatesh et al., 2003). 

According to the UTAUT, in the application of the concept of social influence to the context of 

web-based learning, it is expected that social influence has a positive direct effect on individual 

usage intention of web-based learning systems, and the effect of social influence on individual 

usage intention of web-based learning systems will be moderated by age, gender, voluntariness, 

and experience; such that the effect will be greater for women, principally for older women, 

especially in a person that has lower levels of web-based learning system experience, and 

especially in mandatory settings. As noted earlier in Chapter 1, the voluntariness of use variable 

will be omitted in this study due to the fact that the usage of a web-based learning system by the 

population in this study is fully voluntary.   

Many studies have supported the UTAUT expectation that social influence has a 

significant positive direct effect on technology usage intention  (Alrawashdeh, Muhairat & 
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Alqatawnah, 2012; Im, Hong & Kang, 2011; Kijsanayotin, Pannarunothai & Speedie, 2009; 

Marchewka, Liu & Kostiwa, 2007; Van Schaik, 2009; Wang & Shih, 2009; Wang, Wu & Wang, 

2009; Wu, Tao & Yang, 2008). In a review of recent empirical studies that address the factors of 

social influence in the context of web-based learning, Van Schaik (2009) confirmed the UTAUT 

theory expectation that technology usage intention is influenced by social influence factors. His 

study supported the notion that social influence constructs would significantly affected on 

students’ usage intention of web-based systems in higher education. He also confirmed that the 

effect of social influence on usage intention was moderated by users’ experience of using 

websites, indicating a stronger effect for the users with less experience. Similarly, Dulle and 

Minishi-Majanja (2011) supported the UTAUT expectation that social influence is a factor that 

effects on usage intention of open access outlets in scholarly communication, but they found no 

difference showing the moderating effect of age, experience, gender, or voluntariness of use. 

Similarly, Wang, Wu, and Wang (2009) also supported the notion that social influence would 

have a positive direct effect on usage intention of mobile learning. However, they found that the 

effect of social influence on usage intention of mobile learning was stronger for men than for 

women, while Marchewka, Liu, and Kostiwa (2007) found a significant positive effect of social 

influence on usage intention, which supports the UTAUT theory. 

H3:  Social influence will have a positive direct effect on usage intention of a web-based 

learning system. 

H3a: Gender will moderate the effect of social influence on usage intention of a web-

based learning system, such that a greater extent will be for women than for men. 

H3b: Age will moderate the effect of social influence on usage intention of a web-based 

learning system, such that a greater extent will be for older than for younger instructors.  
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H3c: Experience will moderate the effect of social influence on usage intention of a web-

based learning system, such that a greater extent will be for instructors with less experience in 

web-based learning than for those with more experience.  

 

Facilitating Conditions 

Venkatesh et al. (2003) defined facilitating conditions as the level to which a person feels 

that a technical and organizational infrastructure is available and is relevant to the support of the 

new technology system’s use. They also suggest that facilitating conditions will become 

insignificant in predicting usage intention when both effort expectancy factors and performance 

expectancy factors are present; however, facilitating conditions have a significant positive direct 

effect on usage behavior. The effect is theoretically expected to increase when users’ 

technological experience increases (Venkatesh et al., 2003). According to the UTAUT, in the 

application of facilitating conditions to the web-based learning context, it is expected that 

facilitating conditions are a significant key determinant of individual usage behavior with regard 

to web-based learning systems, and the effect of facilitating conditions on individual usage 

behavior, as regards web-based learning systems, will be moderated by experience and age. The 

effect will be stronger for older people and will be stronger for people with higher levels of 

experience.  

Many empirical studies support the UTAUT expectation that facilitating conditions had a 

significant positive direct effect on usage behavior (Alshehri, Drew, Alhussain & Alghamdi, 

2012; Alrawashdeh, Muhairat & Alqatawnah, 2012; Dulle & Minishi-Majanja, 2011; Im, Hong 

& Kang, 2011; Kijsanayotin, Pannarunothai & Speedie, 2009; Van Schaik, 2009; Wang & Shih, 

2009; Wu, Tao & Yang, 2008). In a review of recent empirical studies that address the effect of 
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facilitating conditions on usage behavior from the perspective of web-based learning, Van Schaik 

(2009) confirms the UTAUT theory expectation that facilitating conditions had a significant 

positive effect on usage behavior usage behavior in his study on web-based system acceptance 

by students in higher education. Similarly, Dulle and Minishi-Majanja (2011) support the 

UTAUT expectation that facilitating conditions was a factor that influence usage behavior of 

open access outlets in scholarly communication, and they also confirmed the UTAUT model 

expectation that the effect of facilitating condition on usage behavior was moderated by 

experience and age, with the stronger effect for more experienced and older scholars. 

H4: Facilitating conditions will have a positive direct effect on web-based learning 

system usage behavior. 

H4a: Age will moderate the effect of facilitating conditions on web-based learning system 

usage behavior, such that greater extent will be for older instructors than for younger instructors. 

H4b: Experience will moderate the effect of facilitating conditions on web-based learning 

system usage behavior, such that a greater extent will be for instructors with more experience 

than for those with less experience in web-based learning. 

 

Usage Intention  

In the UTAUT theory, Venkatesh et al. (2003) suggested that usage intention has a 

significant positive effect on technology usage behavior. In the application of this notion to the 

web-based learning system context, it is expected that the effect of user intention on usage 

behavior of web-based learning systems will be positive.   

There are many empirical studies addressing the significant positive effect of usage 

intention to usage behavior (Dulle & Minishi-Majanja, 2011; Im, Hong & Kang, 2011; 
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Kijsanayotin, Pannarunothai & Speedie, 2009; Van Schaik, 2009; Wang & Shih, 2009; Wu, Tao 

& Yang, 2008). In a review of recent empirical studies that address the effect of usage intention 

on usage behavior in the web-based learning context, the study by Van Schaik (2009) on web-

based system acceptance of students in higher education supported the UTAUT theory 

expectation that students’ usage intention has a significant positive effect on usage behavior of 

students using web-based system in higher education. Similarly, Dulle and Minishi-Majanja 

(2011) studied the suitability of the UTAUT model in open access adoption studies and found 

that usage intention was the strongest factor effect on usage behavior of open access outlets.  

H5: Usage intention of web-based learning system will have a positive effect on web-

based learning system usage behavior. 

 

Summary 

This chapter has illustrated previous research that studied the effect of performance 

expectancy, effort expectancy, social influence, and facilitation conditions on usage intention and 

usage behavior of web-based learning systems, and the moderating factors age, gender, and 

experience on web-based learning systems. Chapter 3 illustrates the methodology that was used 

to carry out this study.      
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CHAPTER 3 

METHODOLOGY 

Research Design 

The purpose of this study was to test the unified theory of acceptance and use of 

technology (UTAUT), in order to determine whether performance expectancy, effort expectancy, 

social influence, and facilitating conditions affect usage intention and adoption of web-based 

learning systems by instructors in the departments of education at Rajabhat Universities in 

Thailand. 

The research design used in this study was a cross-sectional survey design. Data was 

collected at one point in time by means of a survey that was administered to instructors in the 

Departments of Education at Rajabhat Universities in Thailand. All participants were volunteers. 

The degree to which the results could be generalized to other departments or other universities 

may be limited with regard to the particular characteristics of the departments and universities in 

this study.  

The study’s hypotheses are:   

H1:  Performance expectancy will have a positive direct effect on usage intention of a 

web-based learning system. 

H1a: Gender will moderate the effect of performance expectancy on usage intention of a 

web-based learning system, such that a greater extent will be for men than for women. 

H1b: Age will moderate the effect of performance expectancy on usage intention of a 

web-based learning system, such that a greater extent will be for younger than for older 

instructors. 
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H2:  Effort expectancy will have a positive direct effect on usage intention of a web-

based learning system. 

H2a: Gender will moderate the effect of effort expectancy on usage intention of a web-

based learning system, such that a greater extent will be for women than for men. 

H2b: Age will moderate the effect of effort expectancy on usage intention of a web-based 

learning system, such that a greater extent will be for older than for younger instructors.  

H2c: Experience will moderate the effect of effort expectancy on usage intention of a 

web-based learning system, such that a greater extent will be for instructors who are less 

experienced than for those who are more experienced in web-based learning.  

H3:  Social influence will have a positive direct effect on usage intention of a web-based 

learning system. 

H3a: Gender will moderate the effect of social influence on usage intention of a web-

based learning system, such that a greater extent will be for women than for men. 

H3b: Age will moderate the effect of social influence on usage intention of a web-based 

learning system, such that a greater extent will be for older than for younger instructors.  

H3c: Experience will moderate the effect of social influence on usage intention of a web-

based learning system, such that a greater extent will be for instructors with less experience in 

web-based learning than for those with more experience.  

H4: Facilitating conditions will have a positive direct effect on web-based learning 

system usage behavior. 

H4a: Age will moderate the effect of facilitating conditions on web-based learning system 

usage behavior, such that greater extent will be for older instructors than for younger instructors. 
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H4b: Experience will moderate the effect of facilitating conditions on web-based learning 

system usage behavior, such that a greater extent will be for instructors with more experience 

than for those with less experience in web-based learning. 

H5: Usage intention of a web-based learning system will have a positive effect on web-

based learning system usage behavior. 

Table 2  

Summary of Hypothesis Testing 

 Effect Hypotheses 

Main effect   

H1 PE        UI Positive 

H2 EE        UI Positive 

H3 SI          UI Positive 

H4 FC        UB Positive 

H5 UI        UB Positive 

   

Gender difference   

H1a PE        UI Men > Women 

H2a EE        UI Women > Men 

H3a SI          UI Women > Men 

   

Age difference   

H1b PE        UI Younger > Older 

H2b EE        UI Older > Younger 

H3b SI          UI Older > Younger 

H4a FC        UB Older > Younger 

   

Experience difference   

H2c EE        UI Low > High 

H3c SI          UI Low > High 

H4b FC        UB High > Low 
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Population 

The target population for the study included all instructors teaching at least twelve credits 

per week in the Department of Education at Rajabhat Universities in Thailand. There are 40 

Rajabhat University branches located throughout Thailand. The departments of education are 

some of the biggest departments in all of Rajabhat Universities. The average number of 

instructors in Department of Education per university is about 56. The number of instructors in 

each Department of Education varies between 17 and 130 depending on the size of each 

Rajabhat University. Overall, 2,278 instructors currently teach at least twelve credits per week in 

the Department of Education at the Rajabhat Universities in Thailand. This information was 

gathered from recent reports provided by each Rajabhat University on each individual 

university’s web site.  

 

Sample 

The target samples was drawn from the Department of Education at Rajabhat Universities 

in Thailand, which had a total of 2,212 instructors across the 40 Rajabhat Universities. In 

accordance with the relationship between sample size and total population prescribed by Krejcie 

and Morgan (1970), the sample size representative of the population of 2,212 instructors in this 

study is 327. Although there are no certain standards regarding the relation between path model 

and sample size for SEM, Kline (2005) suggests that a 200 or larger sample size may be required 

for a complicated path model or a 10:1 (i.e., 29 x 10 = 290) ratio between the number of the 

sample and the number of free parameters that may be required. In this study, over sample was 

conducted (29 x 15 = 435) in case if sequential exploratory-confirmatory procedure (Gerbing & 

Hamilton, 1996) is needed. Thus, the expected sample size for this study was 435 or larger. This 
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sample will represent Department of Education instructors in Rajabhat Universities in Thailand. 

An acceptable and adequate response rate in social research surveys is 50 % or larger 

(Richardson, 2005). Baruch (1999) study found that the overall average response rate of 175 

surveys in journals published was 55.6 %. Nulty (2008) cited that 50-60 % or more may be an 

adequate response rate for research surveys. Therefore, to get 60 % response rate or larger, 

oversample surveys was sent out. Such that, to get 435 response, 725 surveys were sent out. The 

data employed to test the research model was gathered using a stratified random sampling. 

Instructors in the department of education at Rajabhat Universities was stratified according to the 

universities region. Stratified sampling was ensure that equal estimates would be made in 

different parts of the region including Bangkok, Northern, Northeastern, Central, and Southern. 

Table 3 shows how surveys were stratified for each region. The participants in this study 

included instructors who are currently teaching at least twelve credits per week in the 

departments of education.  

Table 3 

Stratified Sampling According to Rajabhat Universities Regions 

Region 

 

Population 

 

 

Survey 

Sent Out 

 

Percent 

 

 

Bangkok 

 
   

Bansomdejchaopraya Rajabhat University 98 33 (27%) 

Chandrakasem Rajabhat University 30 10 (8%) 

Dhonburi Rajabhat University 33 11 (9%) 

Phranakhon Rajabhat University 41 14 (11%) 

Suan Dusit Rajabhat University 107 36 (29%) 

Suan Sunandha Rajabhat University 60 20 (16%) 

Sub Total 

 

369 

 

123 

 

17% 

 

                                                                                                                            (table continues) 

http://en.wikipedia.org/wiki/Rajabhat_University_system#Bangkok_Group
http://en.wikipedia.org/wiki/Rajabhat_University_system#Bangkok_Group
http://en.wikipedia.org/wiki/Rajabhat_University_system#Northeastern_Group
http://en.wikipedia.org/wiki/Rajabhat_University_system#Southern_Group
http://en.wikipedia.org/wiki/Rajabhat_University_system#Southern_Group
http://en.wikipedia.org/w/index.php?title=Bansomdejchaopraya_Rajabhat_University&action=edit&redlink=1
http://en.wikipedia.org/wiki/Chandrakasem_Rajabhat_University
http://en.wikipedia.org/w/index.php?title=Dhonburi_Rajabhat_University&action=edit&redlink=1
http://en.wikipedia.org/w/index.php?title=Phranakhon_Rajabhat_University&action=edit&redlink=1
http://en.wikipedia.org/w/index.php?title=Suan_Dusit_Rajabhat_University&action=edit&redlink=1
http://en.wikipedia.org/w/index.php?title=Suan_Sunandha_Rajabhat_University&action=edit&redlink=1
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Table 3 (continued) 

Region 

 

Population 

 

Survey 

Sent Out 

Percent 

 

Northern    

Chiang Mai Rajabhat University 75 25 (18%) 

Chiang Rai Rajabhat University 52 17 (12%) 

Kamphaeng Phet Rajabhat University 75 25 (18%) 

Lampang Rajabhat University 34 11 (8%) 

Nakhon Sawan Rajabhat University 56 18 (13%) 

Phetchabun Rajabhat University 43 14 (10%) 

Pibulsongkram Rajabhat University (Phitsanulok) 49 17 (12%) 

Uttaradit Rajabhat University 35 11 (8%) 

Sub Total 419 138 19% 

Northeastern 

 

   

Buriram Rajabhat University 95 30 (13%) 

Chaiyaphum Rajabhat University 17 6 (2%) 

Kalasin Rajabhat University 24 7 (3%) 

Loei Rajabhat University 86 28 (12%) 

Maha Sarakham Rajabhat University 130 42 (18%) 

Nakhon Ratchasima Rajabhat University 62 21 (9%) 

Roi Et Rajabhat University 40 14 (6%) 

Sakon Nakhon Rajabhat University 51 16 (7%) 

Sisaket Rajabhat University 40 14 (6%) 

Surin Rajabhat University 33 12 (5%) 

Ubon Ratchathani Rajabhat University 63 21 (9%) 

Udon Thani Rajabhat University 66 21 (9%) 

Sub Total 707 232 32% 

Central 

 
   

Kanchanaburi Rajabhat University 38 13 (10%) 

Muban Chom Bung Rajabhat University 51 17 (13%) 

Nakhon Pathom Rajabhat University 44 14 (11%) 

Phetchaburi Rajabhat University 38 13 (10%) 

Phranakhon Si Ayutthaya Rajabhat University 45 14 (11%) 

Rajanagarindra Rajabhat University 62 20 (15%) 

                                                                                                                           (table continues) 

http://en.wikipedia.org/wiki/Chiang_Mai_Rajabhat_University
http://en.wikipedia.org/w/index.php?title=Chiang_Rai_Rajabhat_University&action=edit&redlink=1
http://en.wikipedia.org/w/index.php?title=Kamphaeng_Phet_Rajabhat_University&action=edit&redlink=1
http://en.wikipedia.org/w/index.php?title=Lampang_Rajabhat_University&action=edit&redlink=1
http://en.wikipedia.org/w/index.php?title=Nakhon_Sawan_Rajabhat_University&action=edit&redlink=1
http://en.wikipedia.org/w/index.php?title=Phetchabun_Rajabhat_University&action=edit&redlink=1
http://en.wikipedia.org/wiki/Pibulsongkram_Rajabhat_University
http://en.wikipedia.org/wiki/Uttaradit_Rajabhat_University
http://en.wikipedia.org/w/index.php?title=Buriram_Rajabhat_University&action=edit&redlink=1
http://en.wikipedia.org/w/index.php?title=Chaiyaphum_Rajabhat_University&action=edit&redlink=1
http://en.wikipedia.org/w/index.php?title=Kalasin_Rajabhat_University&action=edit&redlink=1
http://en.wikipedia.org/w/index.php?title=Loei_Rajabhat_University&action=edit&redlink=1
http://en.wikipedia.org/w/index.php?title=Maha_Sarakham_Rajabhat_University&action=edit&redlink=1
http://en.wikipedia.org/w/index.php?title=Nakhon_Ratchasima_Rajabhat_University&action=edit&redlink=1
http://en.wikipedia.org/w/index.php?title=Roi_Et_Rajabhat_University&action=edit&redlink=1
http://en.wikipedia.org/w/index.php?title=Sakon_Nakhon_Rajabhat_University&action=edit&redlink=1
http://en.wikipedia.org/wiki/Sisaket_Rajabhat_University
http://en.wikipedia.org/w/index.php?title=Surin_Rajabhat_University&action=edit&redlink=1
http://en.wikipedia.org/w/index.php?title=Ubon_Ratchathani_Rajabhat_University&action=edit&redlink=1
http://en.wikipedia.org/w/index.php?title=Udon_Thani_Rajabhat_University&action=edit&redlink=1
http://en.wikipedia.org/wiki/Kanchanaburi_Rajabhat_University
http://en.wikipedia.org/w/index.php?title=Nakhon_Pathom_Rajabhat_University&action=edit&redlink=1
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Table 3 (continued) 

Region 

 

Population 

 

 

Survey 

Sent Out 

 

Percent 

 

 

Central 

 
   

Rambhaibarni Rajabhat University 50 17 (12%) 

Thepsatri Rajabhat University  29 9 (7%) 

Valaya-Alongkorn Rajabhat University  43 14 (11%) 

 Sup Total 400 

 

131 

 

18% 

 

Southern 

 
   

Nakhon Si Thammarat Rajabhat University 77 24 (24%) 

Phuket Rajabhat University 56 18 (18%) 

Songkhla Rajabhat University 55 17 (17%) 

Surat Thani Rajabhat University 83 27 (26%) 

Yala Rajabhat University 46 15 (15%) 

Sub Total 

 

317 

 

102 

 

14% 

 

 Grand Total 2212 725 100% 

 

Instrumentation 

To assess web-based learning system usage intention and usage behavior of instructors, 

the survey was include a questionnaire of twenty-nine items regarding technology adoption 

questionnaire, and have demographic questions to describe background information of 

participants and to apply as moderating variables. The questionnaire survey related to the six 

constructs of the research model was used to examine a web-based learning system adoption by 

instructors. The survey included two sections. The first section contained four items to assess 

social influence, four items to assess effort expectancy, four items to assess performance 

expectancy, four items to assess facilitating conditions, three items to assess usage intention, six 

items to assess usage behavior, and four items to assess web-based experience. All items were 

evaluated on a 7-point Likert scale ranged from 1-7, in which 1 means strongly disagree, 2 : 

http://en.wikipedia.org/w/index.php?title=Nakhon_Si_Thammarat_Rajabhat_University&action=edit&redlink=1
http://en.wikipedia.org/w/index.php?title=Phuket_Rajabhat_University&action=edit&redlink=1
http://en.wikipedia.org/wiki/Songkhla_Rajabhat_University
http://en.wikipedia.org/w/index.php?title=Surat_Thani_Rajabhat_University&action=edit&redlink=1
http://en.wikipedia.org/w/index.php?title=Yala_Rajabhat_University&action=edit&redlink=1
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moderately disagree, 3 : somewhat disagree, 4 : neutral (neither disagree nor agree), 5 : 

somewhat agree, 6 : moderately agree, and 7 : strongly agree. The second section contained 

demographic data which provided information about age, gender, and computer experience, and 

was developed by the researcher (see Appendix D). The questionnaire items were adopted from 

previous scholarly literature and modified based on the particular topic of this study including six 

subsections of the main effect: performance expectancy, effort expectancy, social influence, 

facilitating conditions, usage intention, usage behavior, and one subsection of moderator effect: 

web-based experience.  

Translation. To maintain equivalence between the English and Thai versions of the 

survey, this study adopted  the traditional forward and backward translation which is also called 

back-translation procedure (Brislin, 1970) to translate the questionnaire instrument. Five 

bilingual experts -- two linguistic major professors, one applied technologies and performance 

improvement major doctoral candidate, two linguistic major doctoral candidates -- were involved 

in the forward and backward translation process. First, the English version of instrument was 

independently translated forward to Thai language and then combined together to get the initial 

Thai version; second, the instrument was independently translated backward from Thai language 

to the English language. Next, the instrument was compared between the two versions (Thai and 

English language version) by linguistic experts for concept equivalence, semantic equivalence, 

and normative equivalence (Brislin, 1970; Cha, Kim & Erlen, 2007). If an error was found in the 

version of backward translation, the item was retranslated. This process continued until bilingual 

experts team agreed that the instruments were identical between the two versions and had no 

errors in the meaning.  
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Grouping survey questions. Davis and Venkatesh (1996) argued that grouping 

questionnaire questions by construct may reflect the true picture while that intermixing the 

questionnaire questions may produce confusion and frustration which may affect more error into 

all questions. They also stated that the quality of the measures may reduce if randomizing the 

questionnaire questions. Specifically if respondents confused with intermixed questions, it is 

possible that they would express lower reliability, and weaker relationships between constructs. 

Therefore, the questionnaire questions in this study were grouped following the UTAUT main 

constructs.  

 

Performance Expectancy 

The items that were used to assess performance expectancy were adapted from Venkatesh 

et al. (2003). Venkatesh et al. reported in their study that this construct had a composite reliability 

of 0.90 which exceeds the recommended value of 0.70, average variance extracted (AVE) of 0.77 

which exceeds the recommended value of 0.50 (Hair et al., 2010), and the square root of AVE 

was greater than its correlation with all corresponding constructs. This shows a high value of 

composite reliability, convergent validity, and discriminant validity of this construct. Table 4 

shows the modification of each measurement item in this construct. 
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Table 4. 

Modification of Performance Expectancy Item 

 Original Item Modified Item 

 PE1 I would find the system useful in my job. I would find a web-based learning system 

useful in my teaching. 

 PE2 Using the system enables me to 

accomplish tasks more quickly. 

Using a web-based learning system enables me 

to accomplish teaching activities more quickly. 

 PE3 Using the system increases my 

productivity. 

Using a web-based learning system increases 

my teaching productivity. 

 PE4 If I use the system, I will increase my 

chances of getting a raise.  

If I use a web-based learning system, I will 

increase my chances of getting a raise. 

 

 

Effort Expectancy 

The items that were used to assess effort expectancy was adapted from Venkatesh et al. 

(2003). Ventkatesh reported in their study that this construct had composite reliability of 0.90 

which exceeds the recommended value of 0.70, AVE of 0.81 which exceeds the recommended 

value of 0.50 (Hair et al., 2010), and the square root of AVE was greater than its correlation with 

all corresponding constructs. This shows a high value of composite reliability, convergent 

validity, and discriminant validity of this construct. Table 5 shows the modification of each 

measurement item in this construct. 
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Table 5. 

Modification of Effort Expectancy Item 

 Original Item Modified Item 

 EE1 My interaction with the system would be 

clear and understandable. 

My interaction with a web-based learning 

system would be clear and understandable.  

 EE2 It would be easy for me to become 

skillful at using the system. 

It would be easy for me to become skillful at 

using a web-based learning system. 

 EE3 I would find the system easy to use. I would find a web-based learning system easy 

to use. 

 EE4 Learning to operate the system is easy for 

me. 

Learning to operate a web-based learning 

system is easy for me. 

 

 

Social Influence 

The items that were used to assess social influence were adapted from Venkatesh et al. 

(2003). Venkatesh et al. reported in their study that this construct had composite reliability of 

0.91 which exceeds the recommended value of 0.70, AVE of 0.79 which exceeds the 

recommended value of 0.50 (Hair et al., 2010), and the square root of AVE was greater than its 

correlation with all corresponding constructs. This shows a high value of composite reliability, 

convergent validity, and discriminant validity of this construct. Table 6 shows the modification of 

each measurement item in this construct. 
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Table 6. 

Modification of Social Influence Item 

 Original Item Modified Item 

 SI1 People who influence my behavior think 

that I should use the system.  

People who influence my behavior think that I 

should use a web-based learning system. 

 SI2 People who are important to me think 

that I should use the system. 

People who are important to me think that I 

should use a web-based learning system. 

 SI3 The senior management of this business 

has been helpful in the use of the system.  

The administration of this university has been 

supportive in the use of a web-based learning 

system. 

 SI4 In general, the organization has 

supported the use of the system.  

In general, the university has supported the use 

of a web-based learning system. 

 

 

Facilitating Condition 

The items that were used to assess facilitating condition were adapted from Venkatesh et 

al. (2003). Venkatesh et al. reported in their study that this construct had composite reliability of 

0.85 which is above the recommended value of 0.70, AVE of 0.71 which is above the 

recommended value of 0.50 (Hair et al., 2010), and the square root of AVE was greater than its 

correlation with all corresponding constructs. This shows a high value of composite reliability, 

convergent validity, and discriminant validity of this construct. Table 7 shows the modification of 

each measurement item in this construct. 
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Table 7. 

Modification of Facilitating Condition Item 

 Original Item Modified Item 

 FC1 I have the resources necessary to use the 

system. 

I have the resources necessary to use a web-

based learning system. 

 FC2 I have the knowledge necessary to use 

the system. 

I have the knowledge necessary to use a web-

based learning system. 

 FC3 The system is not compatible with other 

systems I use. 

A web-based learning system is not compatible 

with other systems I use. 

 FC4 A specific person (or group) is available 

for assistance with the system 

difficulties. 

A specific person (or group) is available for 

assistance with web-based learning system 

difficulties. 

 

 

Usage Intention 

The items that were used to assess usage intention were adapted from Wang and Wang 

(2009). Wang and Wang reported in their study that this construct had composite reliability of 

0.903 which exceeds the recommended value of 0.70, AVE of 0. 828 which exceeds the 

recommended value of 0.50 (Hair et al., 2010), and the square root of AVE was greater than its 

correlation with all corresponding constructs. This shows a high value of composite reliability, 

convergent validity, and discriminant validity of this construct. Table 8 shows the modification of 

each measurement item in this construct. 
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Table 8. 

Modification of Usage Intention Item 

 Original Item Modified Item 

 UI1 I intend to use WBLS to perform 

teaching-related activities and to 

communicate with my students. 

I intend to use a web-based learning system to 

perform teaching-related activities and to 

communicate with my students. 

 UI 2 I intend to increase my use of WBLS in 

the future.  

I intend to increase my use of a web-based 

learning system in the future.  

 UI 3 I would use WBLS to perform different 

teaching-related activities. 

I would use a web-based learning system to 

perform different teaching-related activities. 

 

 

Usage Behavior 

The items that were used to assess usage behavior was adapted from Wang and Wang 

(2009). Wang and Wang reported in their study that this construct had composite reliability of 0. 

912 which is above the recommended value of 0.70, AVE of 0. 697 which is above the 

recommended value of 0.50 (Hair et al., 2010), and the square root of AVE was greater than its 

correlation with all corresponding constructs. This shows a high value of composite reliability, 

convergent validity, and discriminant validity of this construct. Table 9 shows the modification of 

each measurement item in this construct. 
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Table 9. 

Modification of Usage Behavior Item 

 Original Item Modified Item 

 UB1 I use WBLS to communicate with my 

students. 

I use a web-based learning system to 

communicate with my students. 

 UB 2 I use WBLS to distribute course 

assignments to my students. 

I use a web-based learning system to distribute 

course assignments to my students. 

 UB 3 I allow my students to submit their 

assignments using WBLS. 

I allow my students to submit their assignments 

using a web-based learning system. 

UB 4 I use WBLS to distribute course 

materials to my students. 

I use a web-based learning system to distribute 

course materials to my students. 

UB 5 I use WBLS to issue the grades of my 

students 

I use a web-based learning system to issue the 

grades of my students. 

UB 6 I allow my students to discuss the course 

with one another through WBLS. 

I allow my students to discuss the course with 

one another through a web-based learning 

system. 

 

 

Web-Based Experience 

The web-based experience items that were used as additional information for computer 

experience was adopted from  (Novak, Hoffman & Yung, 1998). Novak et al. reported in their 

study that this construct had composite reliability of 0.864 which is above the recommended 

value of 0.70 (Hair et al., 2010). 
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Data Collection Procedures   

The data used in this study were collected by means of a self-administered paper 

questionnaire which surveyed the instructors in the Department of Education at Rajabhat 

Universities in Thailand. The questionnaire instrument used in this study has been reviewed and 

approved by the UNT Institutional Review Board (IRB). I collected data from the Department of 

Education at Rajabhat Universities around Thailand. In order to get an adequate survey response 

rate and to encourage instructors to participate in the survey, an email letter of sponsor 

endorsement from the President of Kanchanaburi Rajabhat University (my employer and 

sponsor) was sent to the chairs and instructors in the Departments of Education at all Rajabhat 

Universities prior to the data collecting. Then, I went to each Department of Education at 

Rajabhat Universities to explain the purpose of the study and to present the questionnaire packet 

to the Department Chairs. The secretaries of the Department of Education at Rajabhat 

Universities were contacted by the researcher to explain the purpose of this study and asked to 

request instructors in their department to participate in the survey and also asked to help collect 

and return a questionnaire package to the researcher. A questionnaire packet included a cover 

letter and the questionnaire with demographic data information forms (see Appendix D). The 

benefit of the study concerning possible benefits of web-based learning was explained in the 

cover letter. A consent form (see Appendix B) was attached to each questionnaire packet to notify 

participants that their information was anonymous if they decided to join in the survey, that the 

returning of their questionnaire was their participation agreement, and that all their information 

was reviewed as group statistics. The participants were notified in the consent form that their 

participation in the study will end after returning of the questionnaire packet. Participants would 

need approximately 10 minutes to complete the questionnaire packet. Respondents were given a 
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total of two weeks to complete the survey. One week after giving out the survey, the researcher 

followed up and reminded respondents by contacting the secretaries of each department to ask 

about the response rate and to ask them to remind respondents to complete the survey. After a 

two-week period, the researcher collected the questionnaires from the secretaries of each 

Department of Education. Next, the researcher collected the returned questionnaires for the data 

analysis process.  

 

Nestedness of Data  

This study used sample data from instructors in the department of education at Rajabhat 

Universities. Considering the nestedness of data, it should be mentioned that the Rajabhat 

Universities consist of 40 institutions around Thailand; however, Rajabhats are organized under 

the same system around Thailand. The department of education in each Rajabhat University is 

also organized in the same system. Therefore, the departments of education at the Rajabhat 

Universities are considered as one unit. Moreover, all of the instructors in this study were 

surveyed at one point in time; therefore, it is traditional to consider the data as occasions crossed 

by persons, not as nested within persons, in which case the spacing of time points differs from 

person to person (Raudenbush & Bryk, 2002).  

 

Data Analysis Procedures 

The data gathered in this study were in the form of a self-administrated survey. In order 

to analyze the data derived from the survey instrument, based on the multivariate character of the 

UTAUT model, the structural equation modeling (SEM) approach and AMOS 21 software were 

used. SEM has been utilized to analyze the composite relationship of multiple dependent and 
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independent constructs (Kline 2005). The two-step approach of SEM recommended by Anderson 

and Gerbing (1988) was employed in this study; first, the measurement model was measured to 

examine validity and reliability of the data; next, the structural model was measured to test the 

hypotheses of the study and the fitness of the data to the model. In addition to SEM, for the 

purpose of fully examining relationships among the variables, a commonality analysis was 

conducted. 

 

Data Screening 

The first step of data analysis was data examination. The data obtained in this study were 

tested for the assumptions underlying multivariate statistical techniques, including the evaluation 

of missing data, outliers, and normality.  

An evaluation of missing data. The threshold for missing data is flexible; in general, the 

variable may be problematic if the proportion of missed responses on a particular variable is 

more than 10%. There are many ways in dealing with missing data. For example, it is possible to 

simply not use the items that have missing data for a certain variable, if the dataset is large 

enough. It is possible to impute the missing values, if there is a reason in which to do so. 

However, this should be done principally for interval or continuous data such as that in the form 

of a Likert scale or age responses, not for categorical data such as gender. In SEM, the maximum 

likelihood (ML) algorithm is the most widely used algorithm. This ML estimation is also used in 

AMOS. In this study, SPSS was used to assess missing values.   

Identification of multivariate outliers. Multivariate outliers relate to data that do not fit 

the average sets of correlations shown by the other data in the dataset regarding the underlying 

model. AMOS 21 software provides for the calculation of the Mahalanobis distance squared (D
2
) 
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for every case to detect multivariate outliers. This statistic measures the distance between a set of 

scores for single variable and the means of the sample for all of the variables (centroids) in 

standard deviation units. In general, a case that is considered to be an outlier will have a D
2
 value 

that lies distinctively away from all the other D
2
 values (Byrne, 2010, p.106). 

Assessment of multivariate normality. In SEM, the evidence of multivariate normality is 

always of concern. For testing multivariate normality, AMOS offers a normality statistics 

summary and the multivariate kurtosis index and also the critical ratio (C.R); it is recommended 

that values of C.R > 5.00 be taken as pinpointing multivariate non-normally distributed data 

(Byrne, 2010).  

 

Assessing the Measurement Model 

A confirmatory factor analysis (CFA) using AMOS 21 was performed to test the 

hypothesized measurement model. Six general model-fit measure indices were used to measure 

overall goodness of fit of the model: the ratio of  2
 to degrees of freedom (df), comparative fit 

index (CFI), Tucker-Lewis Index (TLI), relative fit index (RFI), normalized fit index (NFI), and 

root mean square error of approximation (RMSEA).  

The fit indices that indicate acceptable model fit are the χ
2
 statistic; a ratio of χ

 2 
to the 

degrees of freedom (χ
 2

/df) that indicate acceptable fit is a value of less than 3 (Kline, 2005); a 

CFI that indicates acceptable fit at a value of greater than 0.90 (Byrne, 2010; Hair et al., 2010); a 

RMSEA that indicates acceptable fit at a value of less than 0.07 (with CFI of 0.9 or greater) 

(Byrne, 2010; Kline, 2005); a TLI that indicates acceptable fit at a value closer to 0.90 (Byrne, 

2010; Hair et al., 2010); a RFI that indicates acceptable fit at a value of greater than 0.90 (Byrne, 
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2010); and a NFI that indicates acceptable fit at a value of greater than 0.90 (Byrne, 2010). Table 

10 shows the model fit indices.  

Table 10.  

Summary of Fit Indices for Measurement and Structural Model 

Goodness-of-fit measure Recommended value References 

 2
/df  < 3.00  (Kline, 2005) 

CFI > 0.90  (Byrne, 2010; Hair et al., 2010) 

TLI > 0.90 (Byrne, 2010; Hair et al., 2010) 

RFI > 0.90 (Byrne, 2010) 

NFI > 0.90 (Byrne, 2010) 

RMSEA < 0.07  (Byrne, 2010; Kline, 2005) 

 

Model evaluation. If poor model fit is indicated, the researcher will indentify the areas of 

poor fit and may need to do some modification in order to identify a model that better represents 

the sample data (Byrne, 2010). To pinpoint possible areas of misfit, the researcher will examine 

the factor loadings, factor correlations and also look for possible model respecifications in 

modification indices, and residuals (Byrne, 2010; Hair et al., 2010). 

Factor loadings. A standardized loading between 0.60 and 0.70 is considered as 

acceptable (Hair et al., 2010). Therefore, if poor model fit is indicated, the item that has factor 

loading less than 0.60 may be eliminated.  

Modification indices. The software packages generate modification indices (MI). MIs are 

indicators of the modifications to the model that are possible to improve model fit. Large MIs 

argue for the presence of factor cross-loadings and error covariances, respectively. MIs can 
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indicate modifications to any part of the model, including the addition of the paths from latent 

variables to observed variables that not assigned originally as the indicators of that latent 

variable, the addition of the  paths between latent variables, the addition of the error covariances 

between observed variables, and so forth. In a CFA, the modification indices for the covariances 

is examined. Covarying error terms with observed or latent variables, or with other error terms 

that are not part of the same factor cannot be performed. Thus, the only modification that can be 

performed is to covary error terms that are part of the same factor (Byrne, 2010). Some of the 

modifications recommended by the MIs may not sound right based on theory and prior research; 

therefore, such nonsensical modifications would not be conducted regardless of how better the 

parameter would change. 

Residuals.  There is one residual for each pair of observed variables. A  significant 

standardized residual is one with values of greater than 2.58. Significant residuals significantly 

decrease model fit (Byrne, 2010). If high standardized residual covariances is observed along 

with poor factor loading, that item may be removed to determine if that produce a better model 

fit. Such items will be removed sparingly, only one at a time, to ensure to leave at least three 

items with each factor.  

Model respecification. If the model respecification is conducted, the fit indices will be 

examined and compared between the original model and the revision model to compare 

improvement of the model fit (Byrne, 2010). The respecification of the model was base on the 

support of theory and prior research.  
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Validity and Reliability 

Composite reliability. In a model that contains many constructs and variables, it is 

essential to assess the items’ and constructs’ reliability. Reliability is the degree to which a 

measurement presents highly similar and uniform results each time when measures are repeated 

in the same situations (Case, 2007).  A high construct reliability shows the existence of internal 

consistency. This means all the measures are consistently portraying something. The composite 

reliability is comparable to that of Cronbanch's alpha except that its actual factor loadings are 

also taken into account rather than it being concluded that every item in the composite load 

determination is equally weighted.  

The composite reliability of each construct is a major measure used in assessing the 

measurement model, additional to an examination of the loadings for each indicator. The CR and 

AVE are not offered by AMOS software; therefore, they have to be computed. The construct 

reliability (CR) and average variance extracted (AVE) must be separately calculated for every 

indicator construct in the model. Even though AMOS does not directly calculate them, it 

provides all of the required information. A construct's composite reliability is calculated as 

Construct reliability (CR) = 
                              

                                                                   
 

Where the standardized loading can be directly taken from the output provided by the 

program, and the measurement error can be calculated as 1.0 minus the indicator reliability, the 

indicator reliability is the square of the standardized loading of the indicator. The reliabilities of 

the indicator should exceed 0.50, which generally parallels a standardized loading of 0.70. A 

standardized loading between 0.60 and 0.70 is considered as acceptable when the other 

indicators of construct validity of a model are good. Generally, acceptable threshold value for 

reliability is 0.70 (Hair et al., 2010).  
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Convergent validity. “Convergent validity and discriminant validity involve the 

evaluation of measures against each other instead of against an external criterion. A set of 

variables presumed to measure the same construct shows convergent validity if their 

intercorrelations are at least moderate in magnitude (Kline, 2005, p. 60).ˮ The average variance 

extracted evaluation (AVE) is used to measure convergent validity (Wang & Shih, 2009; Wang 

&Wang, 2009). Higher values of variance extracted happen when the latent constructs are 

actually represented by their factor loadings. The recommended value of the variance extracted 

should surpass the value of 0.50 for each construct (Hair et al., 2010,). This indicates that more 

that 50% of the observed variance captured by their hypothesized factors exceeds the error 

variance of measurement (Fornell & Larcker, 1981). The variance extracted measure corresponds 

to the value of construct reliability. The average variance extracted is estimated as   

 Average variance extracted (AVE) = 

                                               

                                                                                     
 

This calculation is almost the same as the reliability calculation, but it is different in that the 

standardized factor loadings are squared prior to being summed (Hair et al., 2010).  

        Discriminant validity. Discriminant validity can be defined as the degree to which one 

variable is actually different from other variables. To evaluate the discriminant validity, each 

construct᾽s average variance extracted (AVE) should be greater than its squared correlation 

estimate of all corresponding constructs (Hair et al., 2010). The inner-construct correlations can 

be obtained from the correlation table of the AMOS output. If the value of AVE is higher than the 

value of the squared inner-construct correlations, this demonstrates good discriminant validity. 

This means that the measured variables measure the same thing as do others in their associated 
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construct and not the same things as do variables in the other constructs (Fornell & Larcker, 

1981; Gefen et al., 2000). 

 

Controlling for Common Method Variance Bias 

Common method variance is identified “as a potential problem associated with research 

in the social and behavioral sciences, especially studies involving self-reports such as 

questionnaires, surveys, and interviewsˮ (Reio, 2010, p. 406). Two primary approaches to control 

for possible method biases in quantitative research were used in this study: (1) the research᾽s 

procedural design and (2) statistical controls (Podsakoff, MacKenzie, Lee & Podsakoff, 2003; 

Reio, 2010).  

The research᾽s procedural design. In this study, the common method bias was controlled 

for before the data were collected, by the following procedures:  

1. Protecting participants’ confidentiality and anonymity by allowing the participants’ 

answers to be anonymous, and informing participants that there was no correct or incorrect 

answer and that they should answer the questions honestly (Podsakoff et al., 2003; Reio, 2010). 

These procedures control for  respondents’ evaluation anxiety and lead to less likelihood of 

respondents’ editing their answers to be more socially satisfying and more reliable with how they 

think the researcher expects them to answer (Podsakoff et al., 2003).  

2. Counterbalancing the order of the questions of the measurement, to neutralize some 

method biases and control for other biases regarding the item or the context in which the 

question is embedded (Podsakoff et al., 2003).  

3. Controlling scale items to control for method biases by carefully constructing the 

items: for example, defining unfamiliar or ambiguous terms; avoiding vague wording and 
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double-barreled questions; and creating simple and brief questions (Podsakoff et al., 2003; Reio, 

2010).   

Statistical controls. Finding a procedural remedy that will meet all needs is somewhat 

difficult; therefore, it is effective to use statistical remedies to test for common method biases 

(Podsakoff et al., 2003). In this study, two tests were conducted in order to determine the extent 

of method bias in the data. First, a Harman's single-factor test was conducted (Podsakoff, 

MacKenzie, Lee & Podsakoff, 2003). Second, the unmeasured latent method factor procedure 

recommended by Widaman (1985) was conducted to confirm Harman's single-factor test result. 

Moreover, Conway and Lance (2010) stated that “one way to rule out substantial method effects 

is to demonstrate construct validity of the measures used (p. 329).ˮ The researcher should be able 

to show that the measurements have construct validity. The useful evidence includes appropriate 

reliability evidence, factor structure, relationships with theoretically relevant variables, and 

convergent and discriminant validity (Conway & Lance, 2010). Therefore, the evidence of 

composite reliability, convergent validity, and discriminant validity was observed in this study in 

order to control for common method bias.  

 

Assessing Structural Model 

Test of the UTAUT model. The structural model was employed for testing the research 

hypotheses. Examination of its goodness-of-fit was also conducted using the same fit indices for 

the CFA that were indicated earlier, as shown in Table 3, to assess the structural model. It is 

expected that a positive direct effect is shown between performance expectancy, effort 

expectancy, and social influence, on one hand, and usage intention, on the other; and between 
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facilitating conditions and usage behavior; and between usage intention and usage behavior; and 

these effects will be moderated by experience, gender, and age.  

 

 

Figure 2. Proposed research structure model. 

 

Commonality Analysis 

In addition to SEM, for the purpose of fully examining the relationships among the 

variables, a commonality analysis was conducted. "Commonality analysis takes all possible 

subsets further and divides all of the explained variance in the criterion into unique and common 

(or shared) parts" (Kraha, Turner, Nimon, Zientek, & Henson, 2012, p. 6). The unique properties 

of a variable were identified by the unique commonality coefficient, and the criterion variable 

variance's proportion that can be explained together by two or more predictors taken together 

were represented by the common effects. Through analysis of commonality coefficients, a 

predictor variable that contributes to a regression effect can be related to the other predictor 
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variable in the model. The benefit of using commonality analysis is that the researcher can verify 

the amount of variance that each variable uniquely contributes and the amount of each 

contributes in conjunction with other variables in the regression (Nimon, 2010). The 

commonality analysis was used in this study in order to make possible the interpretation of more 

information on the regression effects of the variables and the variances, because analysis of 

structure coefficients (rs) and beta weights (β) may not have provided sufficient information 

(Nimon & Reio, 2011). "By conducting a commonality analysis, researchers can clearly see the 

components of a regression effect, as well as examine how much variance a variable contributes 

uniquely or in common with other variables" (Nimon, Lewis, Kane & Haynes, 2008). The 

common effects indicated by commonality analysis can be taken into account in addressing the 

issue of multicollinearity of the variables with an estimate of the dependent variable's part that 

can be explained by two or more independent variables. Moreover, negative commonality 

coefficients can be relevant to the issue of suppression, which means that the independent 

variables indirectly explain the dependent variable's variance, by improving the predictive power 

of other predictors (Kraha et al., 2012; Zientek & Thompson, 2006). Table 11 shows right 

interpretations for various possible beta weights and regression coefficients (β and rs). 

Table 11 

Interpretations for Some Possible Beta Weights and Regression Coefficients  

Predictor Results Interpretation 

β = 0; rs = 0 Worthless predictor 

β = 0; |rs| large Good predictor arbitrarily denied predictive credit, due to 

multicollinearity 

|β| large; rs = 0 Predictor indirectly improves prediction, by making other 

predictors better (i.e., ‘‘suppressor’’ effect) 

|β| large; |rs| large Good predictor 

Adapted from Zientek & Thompson (2006), p. 300.  
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In this study, the commonality analysis was used to explain probable effects of 

performance expectancy, effort expectancy, and social influence on usage intention of a web-

based learning system, and the effects of facilitation conditions and usage intention on usage 

behavior of a web-based learning system, along with the moderator effects of age, gender, and 

computer experience.  

 

Summary 

This chapter has presented an outline of the research design, the population of the study, 

the sample in the study, instrumentation, data collection procedures, and the data analysis process 

necessary to answer the research questions and hypotheses of this study. Chapter 4 discusses the 

results of this study.   
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CHAPTER 4 

FINDINGS 

Overview 

The purpose of this study was to test the unified theory of acceptance and use of 

technology (UTAUT), that performance expectancy, effort expectancy, social influence, and 

facilitating conditions have a positive effect on usage intention and adoption of web-based 

learning systems by instructors, in the Departments of Education at the Rajabhat Universities, 

Thailand; and to test whether experience of use, age, and gender have moderating effects in the 

adoption of web-based learning systems there. 

This chapter reports the findings of the study. The Data Screening section reports results 

from an evaluation of missing data, multivariate outliers, and multivariate normality. The 

Descriptive Statistics section reports the frequencies and percentages with relation to 

demographic data and reports the mean and standard deviation for key variables. Confirmatory 

Factor Analysis is provided to indicate reliability and validity, to validate the measurement 

models, and to show evidence regarding common method bias. The Structural Equation Model is 

provided to test the hypotheses of the study.  

 

Data Screening 

Data collected from a self-administered paper questionnaire were assessed for missing 

values, multivariate outliers, and multivariate normality. Missing values were evaluated using 

SPSS. Multivariate outliers were assessed via the calculation of the Mahalanobis distance 

squared (D
2
), using AMOS 21 software. Multivariate normality was assessed via a normality 

statistics summary produced using AMOS software.  
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Missing Values 

The study's data were evaluated to identify missing values using SPSS. Among the 454 

samples, there were no missing values.  

 

Multivariate Outliers 

The squared Mahalanobis distance (D
2
) for each case computed using AMOS software 

was examined to identify multivariate outliers. This statistic measures the distance between the 

sample means for all variables (centroids) and a set of scores for one case in standard deviation 

units (Byrne, 2010). In this study, of the 454 cases, 14 cases (3.08 %) that had D
2
 values that 

distinctively stood apart from all the other D
2
 values were detected as multivariate outliers, and 

were deleted from the data set.  

 

 Multivariate Normality 

The critical ratio (C.R.) value, which represents a normalized estimate of multivariate 

normally distributed, produced using AMOS software, was examined to identify multivariate 

normality. Byrne (2010) has suggested that values > 5.00 are indicative of multivariate non-

normally distributed data. In this study, for the original data from the 454 cases, the C.R. value of 

9.262 was suggestive of non-normality in the sample; however; after deleting the 14 cases of 

outliers, the C.R. value was reduced to 4.080, which indicated multivariate normality in the 

sample. Moreover, the univariate kurtosis values were produced using AMOS software.  Byrne 

(2010) recommended considering the standardized kurtosis index values equal to or greater than 

7 to be indicative of departure from normality. Using a cut-off value of 7, a review of the kurtosis 

values showed in Table 12 reveals no item to be considerably kurtotic. In this study, the 
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measures analyzed tended to be normally distributed and negatively skewed. Table 12 presents a 

descriptive statistic and summary of normality statistics. 

Table 12 

Descriptive and Summary of Normality Statistics 

Variables 

 

n 454 

 

n 440 (outliers were eliminated) 

Load 

ing 

Mean SD Skew 

ness 

Kurto 

sis 

C.R. Load 

ing 

Mean SD Skew 

ness 

Kurtos

is 

C.R. 

Performance 

Expectancy 
 

 
 

  
       

PE1 .928 4.8 1.4 -.318 -.143 -.621 .921 4.8 1.4 -.255 -.252 -1.080 

PE2 .895 4.5 1.2 -.213 -.055 -.241 .889 4.6 1.2 -.197 .004 .016 

PE3 .891 4.6 1.3 -.259 -.145 -.629 .897 4.7 1.3 -.255 -.065 -.278 

PE4 .918 4.7 1.3 -.260 .204 .887 .911 4.8 1.3 -.171 .072 .309 

Effort 

Expectancy 
            

EE1 .859 4.4 1.2 -.318 -.039 -.169 .849 4.5 1.2 -.255 -.134 -.574 

EE2 .884 4.5 1.3 -.163 -.217 -.944 .874 4.5 1.3 -.107 -.351 -1.501 

EE3 .910 4.6 1.3 -.321 .020 .087 .903 4.6 1.3 -.273 -.059 -.252 

EE4 .900 4.5 1.3 -.141 -.039 -.168 .895 4.5 1.2 -.077 -.156 -.667 

Social 

Influence 
            

SI1 .932 4.5 1.2 -.239 -.177 -.769 .930 4.5 1.2 -.205 -.167 -.714 

SI2 .940 4.5 1.2 -.193 -.223 -.968 .937 4.6 1.2 -.164 -.206 -.880 

SI3 .937 4.6 1.2 -.334 .023 .099 .930 4.6 1.2 -.225 -.155 -.665 

SI4 .952 4.6 1.3 -.174 -.072 -.313 .947 4.6 1.2 -.061 -.227 -.973 

(table continues) 
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Table 12 (continued) 

Variables 

 

n 454 

 

n 440 (outliers were eliminated) 

Load 

ing 

Mean SD Skew 

ness 

Kurto 

sis 

C.R. Load 

ing 

Mean SD Skew 

ness 

Kurtos

is 

C.R. 

Facilitating 

Conditions 
            

FC1 .922 4.3 1.4 -.086 -.637 -2.771 .919 4.4 1.4 -.054 -.667 -2.857 

FC2 .928 4.3 1.3 -.085 -.579 -2.520 .921 4.3 1.3 -.015 -.639 -2.734 

FC3 .917 4.5 1.3 -.016 -.399 -1.736 .922 4.5 1.3 .081 -.550 -2.354 

FC4 .876 4.3 1.4 -.128 -.612 -2.661 .868 4.3 1.3 -.102 -.633 -2.710 

Usage 

Intention 
 

 
 

  
       

UI1 .935 4.7 1.4 -.161 -.358 -1.559 .937 4.7 1.3 -.040 -.539 -2.308 

UI2 .940 4.8 1.4 -.289 -.212 -.922 .935 4.8 1.4 -.240 -.303 -1.297 

UI3 .967 4.8 1.4 -.212 -.405 -1.761 .968 4.8 1.3 -.154 -.536 -2.294 

Usage 

Behavior 
            

UB1 .918 4.4 1.5 -.196 -.468 -2.036 .911 4.4 1.4 -.123 -.503 -2.152 

UB2 .915 4.2 1.4 -.179 -.303 -1.316 .905 4.3 1.3 -.105 -.317 -1.359 

UB3 .926 4.3 1.4 -.231 -.305 -1.325 .917 4.4 1.4 -.136 -.346 -1.484 

UB4 .936 4.4 1.5 -.211 -.475 -2.066 .929 4.5 1.4 -.135 -.523 -2.241 

UB5 .862 4.4 1.5 -.231 -.335 -1.458 .847 4.5 1.4 -.155 -.340 -1.456 

UB6 .509 4.3 1.4 -.117 -.593 -2.579 .457 4.4 1.4 -.010 -.717 -3.069 

Web-Based 

Experience 
            

WEB1 .882 4.7 1.4 -.159 -.493 -2.145 .946 4.7 1.4 -.147 -.467 -1.998 

WBE2 .826 4.4 1.4 -.263 -.293 -1.274 .898 4.5 1.4 -.224 -.255 -1.091 

WBE 3 .923 4.9 1.4 -.251 -.677 -2.943 .883 4.9 1.4 -.242 -.745 -3.190 

WBE 4 .842 5.3 1.4 -.562 -.346 -1.506 .804 5.3 1.4 -.556 -.373 -1.599 

Multivariate      9.262      4.080 
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Descriptive Statistics  

The study was conducted among the instructors in the Department of Education at the 

Rajabhat Universities in Thailand. A total of 725 surveys were sent out, and 454 questionnaires 

were returned by the respondents, representing a 62.62% response rate. Considering the study 

population and related literature, 454 is greater than 327, the sample size that would be 

representative of the population of 2,212 instructors (Krejcie and Morgan, 1970), and 62.62% is 

an adequate response rate for research surveys (Nulty, 2008; Richardson, 2005). After the 

detecting of multivariate outliers, 14 respondents were eliminated; therefore, the final data set for 

the study consisted of 440 samples.  

 

Descriptive Statistics for Key Variables  

In this study, performance expectancy, effort expectancy, social influence, and facilitating 

conditions are exogenous (independent) latent variables, measured by 16 indicators. Usage 

intention and usage behavior are the endogenous (dependent) latent variables, measured by 9 

indicators. Web-based experience variable, which is additional information related to computer 

experience, was measured by 4 indicators. These 7 variables were measured based on the 7-point 

Likert scaling design (1 = strongly disagree, 2 = moderately disagree, 3 = somewhat disagree, 4 

= neutral (neither disagree nor agree), 5 = somewhat agree, 6 = moderately agree, and 7 = 

strongly agree).  

Based on the 7-point Likert scale, Performance Expectancy was measured by four 

questions. The average means of these four items range from 4.6 to 4.8: the overall average of 

the four questions was 4.7. Effort Expectancy was measured by four questions. The averages of 

these four items range from 4.5 to 4.6: the overall average of the four questions was 4.5. Social 

Influence was measured by four questions. The averages of these four items range from 4.5 to 
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4.6: the overall average of the four questions was 4.6. Facilitating Conditions was measured by 

four questions. The averages of these four items range from 4.3 to 4.5: the overall average of the 

four questions was 4.4. Usage Intention was measured by three questions. The averages of these 

three items range from 4.7 to 4.8: the overall average of the three questions was 4.8. Usage 

Behavior was measured by six questions. The averages of these six items range from 4.3 to 4.5: 

the overall average of the six questions was 4.4. Web-Based Experience was measured by four 

questions. The averages of these four items range from 4.5 to 5.3: the overall average of the four 

questions was 4.9. Table 11 presents the descriptive statistic and summary of the normality 

statistics.  

 

Descriptive Statistics for Demographic Data  

The study includes six items of demographic information for the samples: gender, age, 

years of using a computer, time spent on the Internet per day, frequency of use of a web-based 

learning system, and time spent on a web-based learning system per visit. Table 13 presents the 

frequencies and percentages related to the demographic information. 

Table 13 

The Frequencies and Percentage of Demographic Information 

Characteristic Frequency Percent 

Gender   

 Male 183  41.6  

 Female 257  58.4  

Age   

 Less than 30 119  27.0  

 Between 31 and 40 209  47.5  

 Between 41 and 50 68  15.5  

 More than 50 44  10.0  

                                                                                                                          (table continues) 
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Table 13 (continued) 

Characteristic Frequency Percent 

Year of a computer use   

 Between 0 and 10 190  43.2  

 Between 11 and 20 217  49.3  

 Between 21 and 30 33  7.5  

Time spending on the Internet per day   

 Less than 4 hours 301  68.4  

 Between 5 and 8 108  24.5  

 More than 8 hours 31  7.0  

Frequency of a WLS use   

 Several times a day 18  4.1  

 Daily 55  12.5  

 5 – 6 times a week 25  5.7  

 2 – 4 times a week 65  14.8  

 Once a week 133  30.2  

 Once a month 65  14.8  

 Less than once a month 52  11.8  

 Never 27  6.1  

Time spending on a WLS per visit   

 More than 2 hours 35  8.0  

 1 – 2 hours 128  29.1  

 31 – 60 minutes 91  20.7  

 10 – 30 minutes 126  28.6  

 Less than 10 minutes 33  7.5  

 Never 27  6.1  

Region   

 Bangkok 97  22  

 Northern 70  16  

 Northeastern 132  30  

 Central 88  20  

 Southern 64  12  
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Confirmatory Factor Analysis 

A confirmatory factor analysis using AMOS 21 was performed to test the measurement 

model, to check the statistical reliability and validity of the constructs, and to produce evidence 

regarding common method bias.  

 

Assessment of the Measurement Model 

A confirmatory factor analysis using AMOS 21 was conducted to test the hypothesized 

measurement model. Six general model-fit indices were used to evaluate the model's overall 

goodness of fit. The fit indices, which indicate acceptable model fit, have been presented 

previously in Chapter 3, Methodology.   

Factor loadings. The result for the initial measurement model indicated poor model fit. 

After examination of the factor loadings, one item (UB6) that has factor loading of less than 0.60 

was eliminated. After the elimination, all factor loading are above 0.80 (see Table 12 and Table 

15).  

Modification indices.  Examination of the modification indices (MIs), suggested the 

adding of error covariances between observed variables SI1 and SI2, FC3 and FC4, and UB2 and 

UB4. Since those error covariances were part of the same factor, the researcher considered it 

appropriate to add error covariances between those variables.  

Model respecification. The goodness of fit statistics increase significantly in the revised 

model. There is a considerable decrease in the chi-square (χ
2
/df) value, which shows a significant 

improvement in the revised model. All other goodness of fit statistics, including a ratio of χ
2
 to 

the degree of freedom (2.992), comparative fit index (.961), Tucker-Lewis Index (.955), relative 

fit index (.934), normalized fit index (.943), and root mean square error of approximation (.067), 
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exceed the recommended value. Therefore, the revised model provides a very good fit to the data 

and confirms the accuracy of the measurement model. Table 14 presents fit indices for the initial 

and the revised measurement model. 

Table 14 

Fit Indices for Initial and Revised Measurement Model 

 

Goodness-of-fit 

measure 

 

Recommended 

value 

 

Initial model 
 

Revised model 
 

Add Latent 

Method Factor 

 2
/df < 3.00 3.811 2.992 2.915 

CFI > 0.90 .945 .961 .966 

TLI > 0.90 .936 .955 .957 

RFI > 0.90 .916 .934 .935 

NFI > 0.90 .927 .943 .949 

RMSEA < 0.07 .080 .067 .066 

 

 

As shown in Table 14, all the model-fit indices of the revised measurement model exceed 

their particular general acceptance levels recommended by prior study, thus indicating that the 

measurement model exhibits a moderately good fit with the data collected in this study. The next 

step was to carry out an evaluation of the measurement model properties in the parts of 

convergent validity, reliability, and discriminant validity. 
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Validity and Reliability 

Composite reliability. The standardized factor loadings of all items were all above the 

recommended 0.70 level, and the composite reliabilities (CR) exceeded the recommended 0.50 

value (Hair et al., 2010). This showed that every item in the measurement model was 

significantly related to its particular construct. Therefore, all the measurement model's factors 

had adequate reliability (see Tables 15 and 16). 

Convergent validity. The average variance extracted evaluation (AVE) was used to 

measure convergent validity (Wang & Shih, 2009; Wang &Wang, 2009). The recommended 

value of the variance extracted should surpass the value of 0.50 for each construct (Hair et al., 

2010). The AVEs of all constructs in the study were above the recommended 0.50 value. This 

indicates that more than 50% of the observed variance captured by their hypothesized factors 

exceeds the error variance of measurement (Fornell & Larcker, 1981). Therefore, all factors in 

the measurement model had sufficient convergent validity (see Table 15).  

Discriminant validity. In the evaluation of the discriminant validity, the average variance 

extracted (AVE) of each construct should be higher than its square of the correlation estimate 

with the corresponding constructs (Hair et al., 2011). The analysis showed that the squares of the 

correlation between factors were lower than the AVEs of each factors; thus discriminant validity 

was confirmed in the study measurement model. Table 16 presents the discriminant validity of 

the measurement model.  

 

 

 

 



66 

Table 15 

Factor Loading and Squared Multiple Correlations of Items 

 
Factor Loading Squared Multiple 

Correlations 

AVE CR 

Performance Expectancy     

PE1 .921 0.848 0.818 0.972 

PE2 .889 0.790   

PE3 .897 0.805   

PE4 .911 0.830   

Effort Expectancy     

EE1 .849 0.721 0.775 0.963 

EE2 .874 0.764   

EE3 .903 0.815   

EE4 .895 0.801   

Social Influence     

SI1 .930 0.865 0.876 0.982 

SI2 .937 0.878   

SI3 .930 0.865   

SI4 .947 0.897   

Facilitating Conditions     

FC1 .919 0.845 0.824 0.973 

FC2 .921 0.848   

FC3 .922 0.850   

FC4 .868 0.753   

Usage Intention     

UI1 .937 0.878 0.896 0.981 

UI2 .935 0.874   

UI3 .968 0.937   

Usage Behavior     

UB1 .911 0.830 0.815 0.977 

UB2 .905 0.819   

UB3 .917 0.841   

UB4 .930 0.865   

UB5 .848 0.719   

Web-Based Experience     

WBE1 .946 0.895 0.781 0.964 

WBE2 .898 0.806   

WBE3 .882 0.778   

WBE4 .804 0.646   
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Table 16 

Average Variance Extracted and Discriminant Validity 

Factor 1 2 3 4 5 6 7 

1. Performance Expectancy 0.818       

2. Effort Expectancy 0.707 0.775      

3. Social Influence 0.626 0.621 0.876     

4. Facilitating Conditions 0.590 0.716 0.607 0.824    

5. Usage Intention 0.689 0.630 0.755 0.635 0.896   

6. Usage Behavior 0.533 0.714 0.602 0.801 0.723 0.815  

7. Web-Based Experience 0.468 0.540 0.506 0.536 0.539 0.579 0.781 

Diagonal elements are the average variance extracted. Off diagonal elements are the square 

correlation between factors. 

 

 

 

Test for Common Method Bias 

With self-report data, the occurrence of method bias is possible. In this study, two 

different tests were performed to examine the amount of method bias in the data. First, a 

Harman's single-factor test was used (Podsakoff, MacKenzie, Lee & Podsakoff, 2003). Factor 

analysis using SPSS was employed for a single-factor test. The factor analysis produced neither a 

single factor nor a single major factor that accounted for the majority of the variance. Results 

from this test suggested that common method bias are not a likely influence the results examined 

in this study. In addition, to confirm the results, additional analyses were conducted for testing 

common method bias following the process proposed by Widaman (1985), which has been used 

in approximately 50 studies (Podsakoff, MacKenzie & Podsakoff, 2012). This approach involves 

adding a first-order latent method factor. The measures of this factor are the indicators of the 

theoretical constructs that share a common method. To exhibit that the results are not biased by a  

common method, the addition of the unmeasured latent method factor to a theoretical factor 
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model must not significantly increase the fit of the model. The first model was thus tested, with 

all the variables in the study included in the test. The second model was tested with the addition 

of the unmeasured latent method factor that had all observed variables, from all other factors of 

the theoretical constructs, as indicators. Then the fit indices of the model with and without the 

unmeasured latent methods variance factor were compared. The analyses showed that the fit 

indices of the model did not improve significantly with the addition of the unmeasured latent 

method variance factor to the theoretical factor model. The overall chi-square fit statistics for the 

theoretical factor model were (χ
2 

/ df = 2.992, CFI = .961, TLI = .955, RFI = .934, NFI = .943, 

RMSEA = .067), while the fit statistics for the addition of the unmeasured latent method variance 

were (χ
2 

/ df  = 2.915, CFI = .966, TLI = .957, RFI = .935, NFI = .949, RMSEA = .066) (see 

Table 14). The results revealed no substantive differences in terms of fit indices. These results 

suggest that common method bias would likely not account for the pattern of results reported in 

the study (Podsakiff et al., 2003). 

Moreover, Conway and Lance (2010) indicated that the evidence required to rule out 

significant method effects is the demonstration of the construct validity of the measures used. 

The useful evidence includes appropriate reliability evidence, factor structure, relationships with 

theoretically relevant variables, and convergent and discriminant validity. The findings of the 

study show that all factors in the measurement model had sufficient reliability, in terms of both 

convergent and discriminant validity. Moreover, the measurement model exhibited good fit, 

which demonstrates the reliability of the relationships among theoretically relevant variables. 

This indicates that the study shows a satisfactory level of method effects.  
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Structural Model and Hypotheses Testing 

Structural Equation Modeling (SEM) was used to identify “Performance Expectancy,” 

“Effort Expectancy,” “Social Influence,” and “Facilitating Conditions” as the independent 

variables, and “Usage Intention” and “Use Behavior” as the dependent variables; “Usage 

Intention” is an intermediary variable. AMOS 21 software was used to adopt maximum 

likelihood in order to process an overall model fitness test with regard to the study path diagram. 

A similar set of model-fit indices was used to assess the structural model. Moderating effects 

were tested using multi-group SEM.  

 

Assessing Structural Model 

Prior to the structural model was employed for testing the research hypotheses, its 

goodness-of-fit was examined. Examination of its goodness-of-fit was conducted using the same 

fit indices for the CFA that were indicated earlier. As shown in Table 16, all of the goodness of fit 

statistics, including a ratio of χ
2 

to the degree of freedom (2.996), comparative fit index (.959), 

Tucker-Lewis Index (.951), relative fit index (.930), normalized fit index (.939), and root mean 

square error of approximation (.068) exceed the recommended value. Therefore, the structural 

model indicates a very good fit to the data and confirms that the path diagram of the UTAUT 

model fits well with the actual observed data.  

 

 

 

 

 



70 

Table 17 

Fit Indices for Structural Model 

Goodness-of-fit measure Recommended value Structural Model 

 2
/df  < 3.00 2.996 

CFI > 0.90 .959 

TLI > 0.90 .951 

RFI > 0.90 .930 

NFI > 0.90 .939 

RMSEA < 0.07 .068 

 

With a sufficient structural model fit, the study hypotheses were then determined. Figure 

3 shows the standardized path coefficients (β) in the hypothesized model, the coefficients of 

determinant (R
2
) for endogenous construct, and their significance for the hypothesized structural 

model. The standardized path coefficient demonstrates the strengths of the effects between the 

dependent and independent variables. The R
2
 value shows the percentage of the variance 

explained by the independent variables. Performance expectancy, effort expectancy, and social 

influence were all found to have a significant positive direct effect on usage intention of a web-

based learning system (β = 0.30, 0.14, and 0.52 respectively, p < .01), facilitating conditions 

were also found to have a significant positive direct effect on usage behavior of a web-based 

learning system (β = 0.60, p < .01), and usage intention was found have a positive effect on a 

web-based learning system usage behavior (β = 0.38, p < .01). Altogether, the model explained 

81% of the variance in usage intention and 84% of the variance in usage behavior. Figure 3 

presents the hypothesis testing result of the UTAUT model.  
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*p < 0.05, **p < 0.01, ***p < 0.001 

Figure 3. Hypothesis testing result of the UTAUT model. 

 

Hypotheses Testing 

H1:  Performance expectancy will have a positive direct effect on usage intention of a 

web-based learning system. 

Hypothesis H1 was supported. As shown in Figure 3, the findings demonstrated that 

performance expectancy had a positive direct effect on usage intention of a web-based learning 

system on the part of instructors in the Department of Education at the Rajabhat Universities 

with a standardized path coefficient of 0.30 and significant p value at less than 0.001. This 

indicated that performance expectancy enhanced usage intention and that instructors would use a 

web-based learning system if they found that a web-based learning system was useful in their 

teaching, allowed them to engage in teaching activities more quickly, increased their teaching 

productivity, and increased their chances of getting a raise.  
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H2:  Effort expectancy will have a positive direct effect on usage intention of a web-

based learning system. 

Hypothesis H2 was supported. As shown in Figure 3, the findings demonstrated that 

effort expectancy had a positive direct effect on usage intention of a web-based learning system 

on the part of instructors in the Department of Education at the Rajabhat Universities with a 

standardized path coefficient of 0.14 and a significant p-value of less than 0.01. This indicated 

that effort expectancy enhanced usage intention, and instructors’ adoption of a web-based 

learning system would depend on the level of ease of use of the system. 

H3:  Social influence will have a positive direct effect on usage intention of a web-based 

learning system. 

Hypothesis H3 was supported. As shown in Figure 3, the findings demonstrated that 

social influence had a positive direct effect on usage intention of a web-based learning system on 

the part of instructors in the Department of Education at the Rajabhat Universities with a 

standardized path coefficient of 0.52 and a significant p-value of less than 0.001. This indicated 

that social influence enhanced usage intention, and instructors’ adoption of a web-based learning 

system would increase if they recognized that important people believed they should use the 

system. 

H4: Facilitating conditions will have a positive direct effect on web-based learning 

system usage behavior. 

Hypothesis H4 was supported. As shown in Figure 3, the findings demonstrated that 

facilitating conditions had a positive direct effect on usage behavior of a web-based learning 

system on the part of instructors in the Department of Education at the Rajabhat Universities 

with a standardized path coefficient of 0.60 and a significant p-value of less than 0.001. This 
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indicated that facilitating conditions enhanced usage behavior, and instructors’ adoption of a 

web-based learning system would increase if they felt that a technical and organizational 

infrastructure was available and was relevant to the support of the system’s use. 

H5: Usage intention of web-based learning system will have a positive effect on web-

based learning system usage behavior. 

Hypothesis H5 was also supported. As shown in Figure 3, the findings demonstrated that 

usage intention had a positive effect on usage behavior of a web-based learning system on the 

part of instructors in the Department of Education at the Rajabhat Universities with a 

standardized path coefficient of 0.38 and a significant p-value of less than 0.001. This indicated 

that usage intention enhanced usage behavior, and instructors’ adoption of a web-based learning 

system would increase if their intention to use the system increased. 

 

Testing Moderating Effects 

Hair et al. (2010) recommend using a multi-group approach to test moderating effects 

unless grouping cannot be justified. Moreover, many researchers that tested for moderating 

effects using SEM used this multi-group approach (e.g.Im, Hong & Kang, 2011; Wang et al., 

2009; Wang & Shih, 2009 ). Therefore, multi-group SEM was used to test moderating effects in 

this study. The moderating variables in the study, including gender, age, and computer 

experience, were divided into groups. Assessment of measurement invariance between groups 

was conducted before the investigation of differences in structural model estimates. 

Measurement invariance was assessed to ensure that measurement models conducted under 

different conditions would yield equivalent representations of the same construct (Hair et al., 

2010). AMOS provides a multi-group measurement invariance test via its Multiple Group 
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Analysis function. The following series of measurement invariance assessments using AMOS 

was conducted: measurement weights (Model 1), in which only the factor loadings were 

constrained to be equal across groups; structural covariances (Model 2), where all factor 

loadings, factor variances, and factor covariances were constrained to be equal across groups; 

and measurement residuals (Model 3), where all factor loadings, factor variances, factor 

covariances, and error variances were constrained to be equal across groups. The evidence of 

non-invariance was based on a difference in CFI (CFA) value greater than 0.01 (Byrne, 2010). 

With measurement invariance established, the structural model estimate was then assessed for 

moderation by a comparison of group models. The first group model was assessed with path 

estimates separately calculated for each group. Then a second group model was assessed where 

the interested path estimate was constrained to be equal between the groups. A chi-square 

difference test (χ
2
) was used to compare the differences between models, and to indicate if the 

model was significantly different when the estimates were constrained to be equal across groups. 

A statistically significant difference between models demonstrates that moderation does exist and 

that the path estimates were different (Hair et al., 2010).   

 

Gender. According to the UTAUT theoretical foundation, gender is expected to moderate 

the effect of performance expectancy, effort expectancy, and social influence on usage intention. 

Respondents were divided into two groups for gender, Male and Female. CFA and SEM using 

AMOS were conducted to test the model fit for both groups. Results from the testing of 

measurement and structural models revealed modestly good fit for both groups: males with  2
/df 

= 2.387, CFI = .946 , TLI = .936, RFI = .906, NFI = .911, and RMSEA = .087 for the 

measurement model, and with  2
/df = 2.486, CFI = .941, TLI = .931, RFI = .901, NFI = .905, 
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and RMSEA = .09 for the structural model, and females with  2
/df = 2.264, CFI = .966, TLI = 

.960, RFI = .930, NFI = .940, and RMSEA = .07 for the measurement model, and with  2
/df = 

2.352, CFI = .963, TLI = .957, RFI = .927, NFI = .937, and RMSEA = .073 for the structural 

model. Although RMSEA values exceeded the recommended value of .07, MacCallum et al. 

(1996) and Byrne (2010) noted that RMSEA values ranging from .80 to .10 indicate moderate fit. 

Table 18 shows the fit indices for the test results of the moderating effects of gender.   

Table 18 

Fit Indices for Test Results of the Moderating Effects of Gender 

  Gender 

  Male (n=183) Female (n=257) 

Fit Index 

 

Recommended 

Value 

Measurement 

Model 

Structural 

Model 

Measurement 

Model 

Structural 

Model 

 2
/df  < 3.00 2.387 2.486 2.264 2.352 

CFI > 0.90 .946 .941 .966 .963 

TLI > 0.90 .936 .931 .960 .957 

RFI > 0.90 .906 .901 .930 .927 

NFI > 0.90 .911 .905 .940 .937 

RMSEA < 0.07 .087 .090 .070 .073 

 

Measurement invariance between groups was tested, and then multi-group SEM was 

conducted to test moderating effects. Results from measurement invariance testing revealed that 

under different conditions, measurement models demonstrate equivalent representations of the 

same construct across gender groups, with the CFI between the unconstrained, measurement 

weights, structural covariances, and measurement residuals models never exceeding the 

recommended value of .01. Table 19 presents the results of testing for measurement invariance 

for males and females.  
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Table 19 

Testing for Measurement Invariance for Male and Female 

Model CFI CFI 

Unconstrained .957  

Measurement weights .956 0.001 

Structural covariances .953 0.003 

Measurement residuals .950 0.003 

 

The result of the multi-group SEM for gender shows that the path coefficients for PE-UI 

(male = .42, female = .20, χ
2
 = 1.711, p > 0.10), and SI-UI (male =.54, female = .49, χ

2
 = 

0.474, p > 0.10) did not significantly differ between Male and Female groups. Only the path 

coefficient for EE-UI (male = -.03, female = .28, χ
2
 = 8.684, p < 0.01) shows a significant 

difference between males and females. This reveled that the effect of performance expectancy 

and social influence on usage intention were not moderated by gender. The effect of performance 

expectancy on usage intention was not different for males and females. The effect of social 

influence on usage intention was not different for males and females. Only the effect of effort 

expectancy on usage intention was different for males and females, and the effect was stronger 

for women than for men. Table 20 shows multi-group comparison of paths for males and 

females. Figure 4 shows standardized path coefficients resulting from the UTAUT model results 

for gender.  
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Table 20 

Multigroup Comparison of Paths for Male and Female 

 χ
2
 df χ

2
 / df p 

Unconstrained base model
a
 1151.742 476   

Constrained paths
b
     

PE-UI 1153.453 477 1.711/1 0.2 

EE-UI 1160.426 477 8.684/1 0.003*** 

SI-UI 1152.216 477 0.474/1 0.49 
a
 Path for the two groups were allowed to be freely estimated. 

b
 The path specified was constrained to be equal across the two groups. 

*p < 0.1, **p < 0.05, ***p < 0.01   

 

 

 

 

 
 

 

*p < 0.10, **p < 0.05, ***p < 0.01  

Figure 4. Standardized path coefficients results of the UTAUT model, results for full sample in 

bold, and gender (male/female) in parentheses.  
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Hypotheses Testing 

H1a: Gender will moderate the effect of performance expectancy on usage intention of a 

web-based learning system, such that the effect of performance expectancy will greater for men 

than for women. 

As shown in Table 20 and Figure 4, in the results of multi-group comparison, Hypothesis 

H1a was not supported. The findings show that the effect of performance expectancy on usage 

intention of a web-based learning system did not significantly differ between males and females. 

This implied that gender did not moderate the effect of performance expectancy on usage 

intention of a web-based learning system on the part of the instructors in the Department of 

Education at the Rajabhat Universities. This is also supported by previous studies (Wang et al., 

2009 and Marchewka et al., 2007), which found no difference between males and females in the 

effect of performance expectancy on usage intention. 

H2a: Gender will moderate the effect of effort expectancy on usage intention of a web-

based learning system, such that the effect of effort expectancy will be greater for women than 

for men. 

As shown in Table 20 and Figure 4, in the results of multi-group comparison, Hypothesis 

H2a was supported. The findings show that the effect of effort expectancy on usage intention of a 

web-based learning system significantly differs between males and females, and the effect was 

stronger for women than for men. This implies that gender moderated the effect of effort 

expectancy on usage intention of a web-based learning system on the part of the instructors in the 

Department of Education at the Rajabhat Universities, and it implies that the level of ease of use 

of the web-based learning system affected the adoption of a web-based learning system more for 

women than for men. This is also supported by previous studies (Dulle et al., 2011 and Wu et al., 
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2008), which found a stronger effect of performance expectancy on usage intention for women 

than for men. 

H3a: Gender will moderate the effect of social influence on usage intention of a web-

based learning system, such that effect of social influence will be greater for women than for 

men. 

As shown in Table 20 and Figure 4, in the results of multi-group comparison, Hypothesis 

H3a was not supported. The findings show that the effect of social influence on usage intention 

of a web-based learning system did not significantly differ between males and females. This 

implies that gender did not moderate the effect of social influence on usage intention of a web-

based learning system on the part of the instructors in the Department of Education at the 

Rajabhat Universities. This is also supported by previous studies (Marchewka et al., 2007 and  

Dulle & Minishi-Majanja 2011), which found no difference between males and females in the 

effect of social influence on usage intention. 

 

Age. Based on the UTAUT, age is identified as a potential moderator in the effect of 

performance expectancy, effort expectancy, and social influence on usage intention, and in the 

effect of facilitating conditions on usage behavior. The UTAUT proposes that the effect will 

differ between younger and older users. Therefore, in this study respondents were divided into 

age groups based on the median age of the respondents, 35 years, with younger than 35 as 

younger and older than 35 as older. CFA and SEM using AMOS were conducted to test the 

model fit for both groups. Results from the testing of the measurement and the structural model 

revealed modestly good fit for both groups: Younger with  2
/df = 2.647, CFI = .947 , TLI = .937, 

RFI = .903, NFI = .918, and RMSEA = .089 for the measurement model, and with  2
/df = 2.801, 
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CFI = .947, TLI = .939, RFI = .908, NFI = .921, and RMSEA = .081 for the structural model; 

and Older with  2
/df = 2.328, CFI = .958, TLI = .950, RFI = .916, NFI = .929, and RMSEA = 

.076 for the measurement model, and with  2
/df = 2.291, CFI = .953, TLI = .945, RFI = .906, 

NFI = .919, and RMSEA = .081 for the structural model. Although RMSEA values exceeded the 

recommended value of .07, MacCallum et al. (1996) and Byrne (2010) noted that RMSEA values 

ranging from .80 to .10 indicate moderate fit. Table 21 shows fit indices for the test results of the 

moderating effects of age.   

Table 21 

Fit Indices for Test Results of the Moderating Effects of Age 

  Age 

  Younger (n=208) Older (n=232) 

Fit Index 

 

Recommended 

Value 

Measurement 

Model 

Structural 

Model 

Measurement 

Model 

Structural 

Model 

 2
/df  < 3.00 2.647 2.801 2.328 2.291 

CFI > 0.90 .947 .947 .958 .953 

TLI > 0.90 .937 .939 .950 .945 

RFI > 0.90 .903 .908 .916 .906 

NFI > 0.90 .918 .921 .929 .919 

RMSEA < 0.07 .081 .081 .076 .081 

 

Measurement invariance between groups was tested, and then multi-group SEM was 

conducted to test moderating effects. Result from measurement invariance testing revealed that 

under different conditions, measurement models demonstrate equivalent representations of the 

same construct across age groups, with the CFI between the unconstrained, measurement 

weights, structural covariances, and measurement residuals models never exceeding the 
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recommended value of .01. Table 22 presents the results of testing for measurement invariance 

for younger and older respondents.  

Table 22 

Testing for Measurement Invariance for Younger and Older 

Model CFI CFI 

Unconstrained .952  

Measurement weights .952 0.000 

Structural covariances .948 0.004 

Measurement residuals .946 0.002 

 

The result of the multi-group SEM for age shows significant difference between the 

Younger and Older groups for all paths with PE-UI (younger = .06, older = .53, χ
2
 = 16.441, p 

< 0.01), EE-UI (younger = .33, older = .01, χ
2
 = 8.784, p < 0.01), SI-UI (younger = .55, older = 

.44, χ
2
 = 3.291, p < 0.10), and FC-UB (younger = .43, older = .73, χ

2
 = 13.573, p < 0.01), 

which revealed that the effect of performance expectancy, effort expectancy, and social influence 

on usage intention, and the effect of facilitating condition on usage behavior, were moderated by 

age. The effect of performance expectancy on usage intention was stronger for older than for 

younger respondents. The effect of effort expectancy on usage intention was stronger for younger 

than for older respondents. The effect of social influence on usage intention was stronger for 

younger than for older respondents. The effect of facilitating conditions on usage behavior was 

stronger for older than for younger respondents. Table 23 shows multi-group comparison of 

paths for younger and older respondents. Figure 5 shows standardized path coefficient results of 

the UTAUT model results for age.  
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Table 23 

Multigroup Comparison of Paths for Younger and Older 

 χ
2
 df χ

2
 / df p 

Unconstrained base model
a
 1207.377 476   

Constrained paths
b
     

PE-UI 1223.818 477 16.441/1 0.000*** 

EE-UI 1216.161 477  8.784/1 0.003*** 

SI-UI 1210.668 477  3.291/1 0.069* 

FC-UB 1220.950 477 13.573/1 0.000*** 
a
 Path for the two groups were allowed to be freely estimated. 

b
 The path specified was constrained to be equal across the two groups. 

*p < 0.1, **p < 0.05, ***p < 0.01   

 

 

 

 

 

*p < 0.10, **p < 0.05, ***p < 0.01  

Figure 5. Standardized path coefficients results of the UTAUT model, results for full sample in 

bold, and age (younger/older) in parentheses.  
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Hypotheses Testing 

H1b: Age will moderate the effect of performance expectancy on usage intention of a 

web-based learning system, such that the effect of performance expectancy will be greater for 

younger than for older instructors. 

As shown in Table 23 and Figure 5, Hypothesis H1b was not supported. The results of the 

multi-group SEM indicated that age significantly moderated (χ
2
 = 16.441, p < 0.01) the effect 

of performance expectancy on usage intention of a web-based learning system, but the effect was 

stronger for older than for younger instructors at the Department of Education of the Rajabhat 

Universities. This is consistent with a prior study by Wu et al. (2008), who found that the effect 

of performance expectancy on usage intention was stronger for older than for younger 

instructors.  

H2b: Age will moderate the effect of effort expectancy on usage intention of a web-based 

learning system, such that the effect of effort expectancy will be greater for older than for 

younger instructors.  

As shown in Table 23 and Figure 5, Hypothesis H2b was not supported. The result of the 

multi-group SEM indicated that age significantly moderated (χ
2
 = 8.784, p < 0.01) the effect of 

effort expectancy on usage intention of a web-based learning system, but the effect was stronger 

for younger than for older instructors at the Department of Education of the Rajabhat 

Universities.  

H3b: Age will moderate the effect of social influence on usage intention of a web-based 

learning system, such that the effect of social influence will be greater for older than for younger 

instructors.  
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As shown in Table 23 and Figure 5, Hypothesis H3b was not supported. The results of the 

multi-group SEM indicated that age significantly moderated (χ
2
 = 3.291, p < 0.10) the effect of 

social influence on usage intention of a web-based learning system, but the effect was stronger 

for younger than for older instructors at the Department of Education of the Rajabhat 

Universities.  

H4a: Experience will moderate the effect of facilitating conditions on web-based learning 

system usage behavior, such that the effect of facilitating conditions will be greater for 

instructors with more experience than for those with less experience in web-based learning. 

As shown in Table 23 and Figure 5, Hypothesis H4b was supported. The result of the 

multi-group SEM indicated that age significantly moderated (χ
2
 = 13.573, p < 0.01) the effect 

of facilitating conditions on web-based learning system usage behavior, and the effect was 

stronger for older than for younger instructors at the Department of Education of the Rajabhat 

Universities. This is consistent with prior research (Dulle et al., 2011 and Wu et al., 2008), which 

found that the effect of facilitating conditions on usage behavior was stronger for older than for 

younger users.  

 

Computer Experience. Based on the UTAUT, experience is identified as a potential 

moderator on the effect of effort expectancy and social influence on usage intention, and on the 

effect of facilitating conditions on usage behavior. The UTAUT proposes that effect will be 

different between lower experience and higher experience users. A web-based learning system is 

a computer based operation. Chiu et al. (2008) indicated that computer experience influence 

web-based learning acceptance. Gong, Xu and Yu (2004) also stated that computer experience 

had an influence on web-based learning usage intention. Therefore, in this study, years of using a 
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computer was used to assess the computer experience of the respondents. Respondents were 

divided into groups for computer experience based on the median years of using computers by 

the respondents, 14, with 0 to 14 years defined as lower experience and 15 to 30 defined as 

higher experience. CFA and SEM with AMOS was conducted to test the model fit for both 

groups. Results from the testing of measurement and structural model revealed modestly good fit 

for both groups: lower experience respondents with  2
/df = 2.404, CFI = .960, TLI = .953, RFI = 

.922, NFI = .934, and RMSEA = .077 for the measurement model, and with  2
/df = 2.506, CFI = 

.956, TLI = .949, RFI = .918, NFI = .930, and RMSEA = .079 for the structural model; and 

higher experience respondents with  2
/df = 2.396, CFI = .948, TLI = .939, RFI = .900, NFI = 

.930, and RMSEA = .079 for the measurement model, and with  2
/df = 2.420, CFI = .947, TLI = 

.938, RFI = .900, NFI = .913, and RMSEA = .084 for the structural model. Although RMSEA 

values exceeded the recommended value of .07, MacCallum et al. (1996) and Byrne (2010) 

noted that RMSEA values ranging from .80 to .10 indicate moderate fit. Table 24 shows fit 

indices for the test results of the moderating effects of computer experience.   

Table 24 

Fit Indices for Test Results of the Moderating Effects of Computer Experience 

  Computer Experience 

  Lower Experience (n=240) Higher Experience (n=200) 

Fit Index 

 

Recommended 

Value 

Measurement 

Model 

Structural 

Model 

Measurement 

Model 

Structural 

Model 

 2
/df  < 3.00 2.404 2.506 2.396 2.420 

CFI > 0.90 .960 .956 .948 .947 

TLI > 0.90 .953 .949 .939 .938 

RFI > 0.90 .922 .918 .900 .900 

NFI > 0.90 .934 .930 .915 .913 

RMSEA < 0.07 .077 .079 .084 .084 
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Measurement invariance between groups was tested, and then multi-group SEM was 

conducted to test moderating effects. Results from measurement invariance testing revealed that 

under different conditions, measurement models demonstrate equivalent representations of the 

same construct across computer experience groups, with the CFI between the unconstrained, 

measurement weights, structural covariances, and measurement residuals models never 

exceeding the recommended value of .01. Table 25 presents the results of testing for 

measurement invariance for lower and higher computer experience respondents. 

Table 25 

Testing for Measurement Invariance for Lower and Higher Computer Experience 

Model CFI CFI 

Unconstrained .947  

Measurement weights .948 0.001 

Structural covariances .946 0.002 

Measurement residuals .945 0.001 

 

The results of the multigroup SEM for computer experience show significant difference 

between lower and higher computer experience groups for paths EE-UI (lower = .30, higher = .-

.08, χ
2
 = 13.230, p < 0.01), and SI-UI (lower = .63, higher = .32, χ

2
 = 10.200, p < 0.01), and 

shows non-significant difference for FC-UB (lower = .64, higher = 58, χ
2
 = 1.945, p > 0.10), 

which revealed that the effect of performance expectancy, effort expectancy, and social influence 

on usage intention was moderated by computer experience, and that the effect of facilitating 

condition and usage intention on usage behavior was not moderated by computer experience. 

The effect of effort expectancy on usage intention was stronger for lower than for higher 

computer experience respondents. The effect of social influence on usage intention was stronger 

for lower than for higher computer experience respondents. There was no difference for the 
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effect of facilitating conditions. Table 26 shows multi-group comparison of paths for computer 

experience. Figure 6 shows the standardized path coefficient results of the UTAUT model results 

for computer experience.  

Table 26 

Multigroup Comparison of Paths for Lower and Higher Computer Experience 

 χ
2
 df χ

2
 / df p 

Unconstrained base model
a
 1172.397 476   

Constrained paths
b
     

EE-UI 1185.627 477 13.230/1 0.000*** 

SI-UI 1182.597 477 10.200/1 0.001*** 

FC-UB 1174.342 477   1.945/1 0.163 
a
 Path for the two groups were allowed to be freely estimated. 

b
 The path specified was constrained to be equal across the two groups. 

*p < 0.1, **p < 0.05, ***p < 0.01   

 

 

 

*p < 0.10, **p < 0.05, ***p < 0.01  

Figure 6. Standardized path coefficients results of the UTAUT model, results for full sample in 

bold, and computer experience (lower/higher) in parentheses.  
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Hypotheses Testing 

H2c: Experience will moderate the effect of effort expectancy on usage intention of a 

web-based learning system, such that the effect of effort expectancy will be greater for 

instructors who are less experienced than for those who are more experienced in web-based 

learning.  

As shown in Table 26 and Figure 6, Hypothesis H2c was not supported. The result of the 

multi-group SEM indicated that computer experience significantly moderated (χ
2
 = 13.230, p < 

0.01) the effect of effort expectancy on usage intention of a web-based learning system, but the 

effect was stronger for instructors with higher computer experience than for instructors with 

lower computer experience. This is consistent with a prior study by Wu et al. (2008), who found 

that the effect of performance expectancy on usage intention was stronger for higher than for 

lower experience users.  

H3c: Experience will moderate the effect of social influence on usage intention of a web-

based learning system, such that the effect of social influence will be greater for instructors with 

less experience in web-based learning than for those with more experience.  

As shown in Table 26 and Figure 6, Hypothesis H3c was supported. The result of the 

multi-group SEM indicated that computer experience significantly moderated (χ
2
 = 10.200, p < 

0.01) the effect of social influence on usage intention of a web-based learning system, and the 

effect was stronger for instructors with lower computer experience than for instructors with 

higher computer experience. This is consistent with a prior study by Van Schaik (2009) and Wu 

et al. (2008), who found that the effect of social influence on usage intention was stronger for 

lower than for higher experience users.  
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H4b: Experience will moderate the effect of facilitating conditions on web-based learning 

system usage behavior, such that the effect of facilitating conditions will be greater for 

instructors with more experience than for those with less experience in web-based learning. 

As shown in Table 27 and Figure 6, Hypothesis H4b was not supported. The result of the 

multi-group SEM indicated that computer experience did not significantly moderate (χ
2
 = 

1.945, p > 0.10) the effect of facilitating conditions on usage behavior of a web-based learning 

system, and the effect was not different between instructors with higher computer experience and 

instructors with lower computer experience.  

Table 27  

Summary of the Findings and Hypothesis Testing for SEM 

Paths Hypotheses Estimate p Results 

Main effect     

PE        UI H1 (Positive) .30 < 0.001 Supported 

EE        UI H2 (Positive) .14 < 0.01 Supported 

SI          UI H3 (Positive) .52 < 0.001 Supported 

FC        UB H4 (Positive) .60 < 0.001 Supported 

UI        UB H5 (Positive) .38 < 0.001 Supported 

Gender   Men Women χ
2
/ df (P)  

PE        UI H1a (Men>Women) .42 .20 1.711/1 (0.20) Not Supported  

EE        UI H2a (Women>Men) -.03 .28 8.684/1 (<0.001) Supported 

SI          UI H3a (Women > Men) .54 .49 0.474/1 (0.49) Not Supported  

Age   Younger Older χ
2
/ df (P)  

PE        UI H1b (Younger>Older) .06 .53 16.441/1 (<0.001) Not Supported  

EE        UI H2b (Older>Younger) .33 .01  8.784/1 (<0.001) Not Supported  

SI          UI H3b (Older>Younger) .55 .44  3.291/1 (0.07) Not Supported  

FC        UB H4a (Older>Younger) .43 .73 13.573/1 (<0.001) Supported 

Experience   Lower Higher χ
2
/ df (P)  

EE        UI H2c (Low>High) .30 -.08 13.230/1 (<0.001) Supported  

SI          UI H3c (Low>High) .63 .32 10.200/1 (<0.001) Supported 

FC        UB H4b (High>Low) .64 .58 1.945/1 (0.16) Not Supported  
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Commonality Analysis  

In addition to SEM, for the purpose of fully examining relationships among the variables, 

a commonality analysis was conducted. Commonality analysis, using the syntax provided in the 

appendix of the paper by Kraha et al. (2012) and setting correlation matrix output to the 12th 

decimal (Oslund, 2010), explains probable effects of the main factors and the moderator effects 

of age, gender, and computer experience. The analysis was conducted for two dependent 

variables: usage intention, which is explained by performance expectancy, effort expectancy, and 

social influence; and usage behavior, which is explained by facilitating condition and usage 

intention.  

 

Results of Commonality Analysis for the Main Factors 

Result for the Dependent Variable UI. Table 28 shows the commonality coefficients 

which indicate the variance's proportions  explained in the dependent variable UI by the main 

factors. Results from commonality analysis shows that PE uniquely explains 2.73% of the 

variance in UI. This amount of variance represents 3.36% of the effect size (R
2 

= 0.8113). EE 

uniquely explains only 0.24% of the variance, which represents only 0.30% of the R
2
, while SI 

uniquely explains 9.09% of the variance and represents 11.20% of the total effect size.  

PE and EE together explain 2.93% of the UI, which represents 3.62% of the effect size. 

PE and SI together explain 6.32% of the UI, which represents 7.79% of the total effect size. EE 

and SI together explain 2.85% of the UI, which represents 3.51% of the total effect size, while 

PE, EE, and SI together explain 56.97% of the UI, which represents 70.22% of the total effect 

size. Overall, the common effects indicate that multicollinearity among PE, EE, and SI accounts 

for 70.22% of the regression effect. This indicates that PE, EE, and SI are good predictors but 
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point to the issue of multicollinearity, with PE (β = 0.3297, rs = 0.9219), EE (β = 0.0987, rs = 

0.8812), and SI (β = 0.5294, rs = 0.9629).  

Table 28 

Commonality Matrix for the Dependent Variable UI for Main Factors  

Commonality Coefficients 

    Coefficient      % Total 

Unique to PE                     0.0273 3.36 

Unique to EE                      0.0024 0.30 

Unique to SI                      0.0909 11.20 

Common to PE and EE             0.0293 3.62 

Common to PE and SI             0.0632 7.79 

Common to EE and SI              0.0285 3.51 

Common to PE, EE, and SI          0.5697 70.22 

Total                            0.8113 100.00 

      

CC Total by Variable 

  β rs Unique  Common Total 

PE 0.3297 0.9219 0.0273 0.6623 0.6896 

EE 0.0987 0.8812 0.0024 0.6276 0.6300 

SI 0.5295 0.9629 0.0909 0.6615 0.7524 

 

 

Result for the Dependent Variable UB. Table 29 shows the commonality coefficients 

which indicate the variance's proportions  explained in the dependent variable UB by the main 

factors. Results from commonality analysis show that FC uniquely explains 12.58% of the 

variance in UB. This amount of variance represents 14.94% of the effect size (R
2 

= 0.8422). UI 

uniquely explains 5.21% of the variance, which represents 6.19% of the R
2
. FC and UI together 

explain 66.43% of the UI, which represents 78.87% of the effect size. Overall, the common 

effects demonstrate that multicollinearity among FC and UI accounts for 78.87% of the 

regression effect. This indicates that FC and UI are good predictors for UB but point to the issue 

of multicollinearity, with FC (β = 0.5875, rs = 0.9686) and UI (β = 0.3781, rs = 0.9223).  
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Table 29 

Commonality Matrix for the Dependent Variable UB for Main Factors  

Commonality Coefficients 

    Coefficient      % Total 

Unique to FC                    0.1258 14.94 

Unique to UI                      0.0521 6.19 

Common to FC and UI             0.6643 78.87 

Total                            0.8422 100.00 

      

CC Total by Variable 

  β rs Unique  Common Total 

FC 0.5875 0.9686 0.1258 0.6643 0.7901 

UI 0.3781 0.9223 0.0521 0.6643 0.7164 

 

 

Results of Commonality Analysis for the Moderating Factor of Gender 

Result for the Dependent Variable UI. Table 30 shows the commonality coefficients 

which indicate the variance's proportions explained in the dependent variable UI by the 

moderating factor of gender. Results from commonality analysis show that PE uniquely explains 

4.22% for males and 1.40 for females. This amount of variance represents 5.21% of the effect 

size (R
2 

= 0.8105) for males and represents 1.70% of the effect size (R
2 

= 0.8257) for females. EE 

uniquely explains 0.09% of the variance for males and 1.19% for females, which represents only 

0.12% of the R
2
 for males and 1.44% for females, while SI uniquely explains 9.29% of the 

variance for males and 7.62% for females and represents 11.46% of the total effect size for males 

and 9.23% for females.  

PE and EE together explain 0.75% of the UI for males and 4.09% for females, which 

represents 0.93% of the effect size for males and 4.95% for females. PE and SI together explain 

15.95% of the UI for males and 1.94% for females, which represents 19.68% of the total effect 

size for males and 2.35% for females. EE and SI together explain 0.10% of the UI for males and 
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6.93% for females, which represents 0.12% of the total effect size for males and 8.39% for 

females. Finally, PE, EE, and SI together explain 50.65% of the UI for males and 59.40% for 

females, which represents 62.48% of the total effect size for males and 71.94% for females. 

Overall, the common effects indicate that multicollinearity among PE, EE, and SI accounts for 

62.48% of the regression effect for males and 71.94% for females. This indicates that PE, EE, 

and SI are good predictors for both the male and the female group but point to the issue of 

multicollinearity, with PE for males (β = 0.4300, rs = 0.9397) and for females (β = 0.2329, rs = 

0.8997), EE for males (β = -0.0550, rs = 0.7978) and for females (β = 0.2412, rs = 0.9312), and SI 

for males (β = 0.5579, rs = 0.9683) and for females (β = 0.4950, rs = 0.9587).  

Table 30 

Commonality Matrix for the Dependent Variable UI for the Moderating Factors of Gender 

Commonality Coefficients 

  Male Female 

  Coefficient      % Total Coefficient      % Total 

Unique to PE                   0.0422 5.21 0.0140 1.70 

Unique to EE                    0.0009 0.12 0.0119 1.44 

Unique to SI                    0.0929 11.46 0.0762 9.23 

Common to PE and EE           0.0075 0.93 0.0409 4.95 

Common to PE and SI           0.1595 19.68 0.0194 2.35 

Common to EE and SI            0.0010 0.12 0.0693 8.39 

Common to PE, EE, and SI        0.5065 62.48 0.5940 71.94 

Total                          0.8105 100.00 0.8257 100.00 

      

CC Total by Variable 

 Male Female 

  β rs Unique  Common Total   β rs Unique  Common Total 

PE 0.4300 0.9397 0.0422 0.6735 0.7157 0.2329 0.8997 0.0140 0.6544 0.6684 

EE -0.0550 0.7978 0.0009 0.5150 0.5159 0.2412 0.9312 0.0119 0.7042 0.7161 

SI 0.5579 0.9683 0.0929 0.6670 0.7599 0.4950 0.9587 0.0762 0.6827 0.7589 
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Result for the Dependent Variable UB. Table 31 shows the commonality coefficients 

which indicate the variance's proportions explained in the dependent variable UB by the 

moderating factor of gender. Results from commonality analysis show that FC uniquely explains 

18.19% of the variance in UB for males and 7.95% for females. This amount of variance 

represents 21.46% of the effect size (R
2 

= 0.8474) for males and 9.53% of the effect size (R
2 

= 

0.8344) for females. UI uniquely explains 6.11% of the variance for males and 4.66% for 

females, which represents 7.21% of the R
2
 for males and 5.58% of R

2
 for females. FC and UI 

together explain 60.44% of the UB for males and 70.83% for females, which represent 71.33% 

of the effect size for males and 84.89% for females. Overall, the common effects demonstrate 

that multicollinearity among FC and UI accounts for 71.33% of the regression effect for males 

and 84.89% for females. This indicates that FC and UI are good predictors for UB for both the 

male and the female group but point to the issue of multicollinearity, with FC for males (β = 

0.6233, rs = 0.9633) and for females (β = 0.5373, rs = 0.9717), and UI for males (β = 0.3612, rs = 

0.8862) and for females (β = 0. 4114, rs = 0. 9512).  

Table 31 

Commonality Matrix for the Dependent Variable UB for the Moderating Factors of Gender 

Commonality Coefficients 

  Male Female 

  Coefficient      % Total Coefficient      % Total 

Unique to FC                   0.1819 21.46 0.0795 9.53 

Unique to UI                    0.0611 7.21 0.0466 5.58 

Common to FC and UI           0.6044 71.33 0.7083 84.89 

Total                          0.8474 100.00 0.8344 100.00 

      

CC Total by Variable 

 Male Female 

  β rs Unique  Common Total   β rs Unique  Common Total 

FC 0.6233 0.9633 0.1819 0.6044 0.7863 0.5373 0.9717 0.0795 0.7083 0.7878 

UI 0.3612 0.8862 0.0611 0.6044 0.6655 0.4114 0.9512 0.0466 0.7083 0.7549 
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Results of Commonality Analysis for the Moderating Factor of Age 

Result for the Dependent Variable UI. Table 32 shows the commonality coefficients 

which indicate the variance's proportions explained in the dependent variable UI by the 

moderating factor of age. Results from commonality analysis show that PE uniquely explains 

0.34% of the variance for younger participants and 7.86% for older participants. This amount of 

variance represents 0.42% of the effect size (R
2 

= 0.8065) for younger participants and represents 

9.19% of the effect size (R
2 

= 0.8546) for older participants. EE uniquely explains 1.48% of the 

variance for younger participants and 0.00% for older participants, which represents only 1.84% 

of the R
2
 for younger participants and 0.00% for older participants. Finally, SI uniquely explains 

8.35% of the variance for younger participants and 6.97% for older participants and represents 

10.35% of the total effect size for younger participants and 8.16% for older participants.  

PE and EE together explain 2.35% of the UI for younger participants and 3.88% for older 

participants, which represent 2.91% of the effect size for younger participants and 4.54% for 

older participants. PE and SI together explain 1.77% of the UI for younger participants and 

10.62% for older participants, which represent 2.19% of the total effect size for younger 

participants and 12.43% for older participants. EE and SI together explain 7.15% of the UI for 

younger participants and 0.71% for older participants, which represent 8.87% of the total effect 

size for younger participants and 0.83% for older participants. Finally, PE, EE, and SI together 

explain 59.21% of the UI for younger participants and 55.42% for older participants, which 

represent 73.42% of the total effect size for younger participants and 64.85% for older 

participants. Overall, the common effects demonstrate that multicollinearity among PE, EE, and 

SI accounts for 73.42% of the regression effect for younger participants and 64.85% for older 

participants. This indicates that PE, EE and SI are good predictors for both the younger and the 
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older group but point to the issue of multicollinearity, with PE for younger participants (β = 

0.1217, rs = 0.8885) and for older participants (β = 0.5447, rs = 0.9540), EE for younger 

participants (β = 0.2760, rs = 0.9329) and for older participants (β = -0.0045, rs = 0.8380), and SI 

for younger participants (β = 0.5467, rs = 0.9738) for older participants (β = 0.4399, rs = 0.9288).  

Table 32 

Commonality Matrix for the Dependent Variable UI for the Moderating Factors of Age 

Commonality Coefficients 

  Younger Older 

  Coefficient      % Total Coefficient      % Total 

Unique to PE                   0.0034 0.42 0.0786 9.19 

Unique to EE                    0.0148 1.84 0.0000 0.00 

Unique to SI                    0.0835 10.35 0.0697 8.16 

Common to PE and EE           0.0235 2.91 0.0388 4.54 

Common to PE and SI           0.0177 2.19 0.1062 12.43 

Common to EE and SI            0.0715 8.87 0.0071 0.83 

Common to PE, EE, and SI        0.5921 73.42 0.5542 64.85 

Total                          0.8065 100.00 0.8546 100.00 

      

CC Total by Variable 

 Younger Older 

  β rs Unique  Common Total   β rs Unique  Common Total 

PE 0.1217 0.8885 0.0034 0.6332 0.6366 0.5447 0.9540 0.0786 0.6992 0.7778 

EE 0.2760 0.9329 0.0148 0.6871 0.7019 -0.0045 0.8380 0.0000 0.6001 0.6001 

SI 0.5467 0.9738 0.0835 0.6812 0.7647 0.4399 0.9288 0.0697 0.6676 0.7373 

 

Result for the Dependent Variable UB. Table 33 shows the commonality coefficients 

which indicate the variance's proportions explained in the dependent variable UB by the 

moderating factor of age. Results from commonality analysis show that FC uniquely explains 

5.27% of the variance in UB for younger participants and 21.59% for older participants. This 

amount of variance represents 5.96% of the effect size (R
2 

= 0.8845) for younger participants and 

26.75% of the effect size (R
2 

= 0.8072) for older participants. UI uniquely explains 8.97% of the 

variance for younger participants and 2.25% for older participants, which represent 10.14% of 
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the R
2
 for younger participants and 2.79% of R

2
 for older participants. FC and UI together 

explain 74.21% of the UI for younger participants and 56.88% for older participants, which 

represent 83.90% of the effect size for younger participants and 70.46% for older participants. 

Overall, the common effects demonstrate that multicollinearity among FC and UI accounts for 

83.90% of the regression effect for younger participants and 70.46% for older participants. This 

indicates that FC and UI are good predictors for UB for both the younger and the older group but 

point to the issue of multicollinearity, with FC for younger participants (β = 0.4250, rs = 0.9480) 

and for older participants (β = 0.7118, rs = 0.9860), and UI for younger participants (β = 0.5544, 

rs = 0.9698) for older participants (β = 0. 2298, rs = 0.8559).  

Table 33 

Commonality Matrix for the Dependent Variable UB for the Moderating Factors of Age 

Commonality Coefficients 

  Younger Older 

  Coefficient      % Total Coefficient      % Total 

Unique to FC                   0.0527 5.96 0.2159 26.75 

Unique to UI                    0.0897 10.14 0.0225 2.79 

Common to FC and UI           0.7421 83.90 0.5688 70.46 

Total                          0.8845 100.00 0.8072 100.00 

      

CC Total by Variable 

 Younger Older 

  β rs Unique  Common Total   β rs Unique  Common Total 

FC 0.4249 0.9479 0.0527 0.7421 0.7948 0.7118 0.9860 0.2159 0.5688 0.7847 

UI 0.5544 0.9698 0.0897 0.7421 0.8318 0.2298 0.8559 0.0225 0.5688 0.5913 

 

Results of Commonality Analysis for the Moderating Factor of Computer Experience 

Result for the Dependent Variable UI. Table 34 shows the commonality coefficients 

which indicate the variance's proportions explained in the dependent variable UI by the 

moderating factor of computer experience. Results from commonality analysis show that PE 

uniquely explains 0.18% of the variance for lower experience participants and 12.63% for higher 
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experience participants. This amount of variance represents 0.21% of the effect size (R
2 

= 

0.8354) for lower experience participants and represents 14.83% of the effect size (R
2 

= 0.8516) 

for higher experience participants. EE uniquely explains 1.53% of the variance for lower 

experience participants and 0.29% for higher experience participants, which represents only 

1.83% of the R
2
 for lower experience participants and 0.34% for higher experience participants. 

Finally, SI uniquely explains 12.99% of the variance for lower experience participants and 3.28% 

for higher experience participants and represents 15.55% of the total effect size for lower 

experience participants and 3.85% for higher experience participants.  

PE and EE together explain 1.89% of the UI for lower experience participants and 2.65% 

for higher experience participants, which represents 2.27% of the effect size for lower experience 

participants and 3.11% for higher experience participants. PE and SI together explain 2.62% of 

the UI for lower experience participants and 12.44% for higher experience participants, which 

represents 3.14% of the total effect size for lower experience participants and 14.61% for higher 

experience participants. EE and SI together explain 7.44% of the UI for lower experience 

participants and -0.29% for higher experience participants, which represents 8.90% of the total 

effect size for lower experience participants and -0.34% for higher experience participants. 

Generally, negative commonality coefficients pinpoint the issue of suppression; however, the one 

negative item is small (-0.0029). Finally, PE, EE, and SI together explain 56.89% of the UI for 

lower experience participants and 63.60% for higher experience participants, which represents 

68.10% of the total effect size for lower experience participants and 63.60% for higher 

experience participants. Overall, the common effects demonstrate that multicollinearity among 

PE, EE, and SI accounts for 68.10% of the regression effect for lower experience participants 

and 63.60% for higher experience participants. This indicates that PE, EE, and SI are good 
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predictors for both the lower experience and the higher experience group but point to the issue of 

multicollinearity, with PE for lower experience participants (β = 0.0829, rs = 0.8586) and for 

higher experience participants (β = 0.7265, rs = 0.9806), EE for lower experience participants (β 

= 0.2540, rs = 0.9006) and for higher experience participants (β = -0.1012, rs = 0.8168), and SI 

for lower experience participants (β = 0.6278, rs = 0.9782) and for higher experience participants 

(β = 0.3242, rs = 0.9040).  

Table 34 

Commonality Matrix for the Dependent Variable UI for the Moderating Factors of Computer 

Experience 

Commonality Coefficients 

  Lower Experience Higher Experience 

  Coefficient      % Total Coefficient      % Total 

Unique to PE                   0.0018 0.21 0.1263 14.83 

Unique to EE                    0.0153 1.83 0.0029 0.34 

Unique to SI                    0.1299 15.55 0.0328 3.85 

Common to PE, and EE           0.0189 2.27 0.0265 3.11 

Common to PE, and SI           0.0262 3.14 0.1244 14.61 

Common to EE, and SI            0.0744 8.90 -0.0029 -0.34 

Common to PE, EE, and SI        0.5689 68.10 0.5416 63.60 

Total                          0.8354 100.00 0.8516 100.00 

      

CC Total by Variable 

 Lower Experience Higher Experience 

  β rs Unique  Common Total   β rs Unique  Common Total 

PE 0.0829 0.8586 0.0018 0.6141 0.6159 0.7265 0.9806 0.1263 0.6924 0.8187 

EE 0.2540 0.9006 0.0153 0.6623 0.6776 -0.1012 0.8168 0.0029 0.5652 0.5681 

SI 0.6278 0.9782 0.1299 0.6695 0.7994 0.3242 0.9040 0.0328 0.6631 0.6959 

 

Result for the Dependent Variable UB. Table 35 shows the commonality coefficients 

which indicate the variance's proportions explained in the dependent variable UB for the 

moderating factor of computer experience. Results from commonality analysis shows that FC 

uniquely explains 12.18% of the variance in UB for lower experience participants and 13.48% 

for higher experience participants. This amount of variance represents 13.76% of the effect size 
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(R
2 

= 0.8856) for lower experience participants and 17.18% of the effect size (R
2 

= 0.7848) for 

higher experience participants. UI uniquely explains 3.94% of the variance for lower experience 

participants and 5.87% for higher experience participants, which represents 4.44% of the R
2
 for 

lower experience participants and 7.48% of R
2
 for higher experience participants. FC and UI 

together explain 72.44% of the UI for lower experience participants and 59.13% for higher 

experience participants, which represents 81.80% of the effect size for lower experience 

participants and 75.34% for higher experience participants. Overall, the common effects 

demonstrate that multicollinearity among FC and UI accounts for 81.80% of the regression effect 

for lower experience participants and 75.34% for higher experience participants. This indicates 

that FC and UI are good predictors for UB for both the lower experience and the higher 

experience group, but points to the issue of multicollinearity, with FC for lower experience 

participants (β = 0.6252, rs = 0.9775) and for higher experience participants (β = 0.5670, rs = 

0.9619), and UI for lower experience participants (β = 0.3553, rs = 0.9287) and for higher 

experience participants (β = 0.3741, rs = 0.9100).  

Table 35 

Commonality Matrix for the Dependent Variable UB for the Moderating Factors of Computer 

Experience 

Commonality Coefficients 

  Lower Experience Higher Experience 

  Coefficient      % Total Coefficient      % Total 

Unique to FC                   0.1218 13.76 0.1348 17.18 

Unique to UI                    0.0394 4.44 0.0587 7.48 

Common to FC and UI           0.7244 81.80 0.5913 75.34 

Total                          0.8856 100.00 0.7848 100.00 

      

CC Total by Variable 

 Lower Experience Higher Experience 

  β rs Unique  Common Total   β rs Unique  Common Total 

FC 0.6252 0.9775 0.1218 0.7244 0.8462 0.5670 0.9619 0.1348 0.5913 0.7261 

UI 0.3553 0.9287 0.0394 0.7243 0.7637 0.3741 0.9101 0.0587 0.5913 0.6500 
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Summary 

This chapter reports the findings of the study. The Data Screening section reports the 

results from an evaluation of missing data, multivariate outliers, and multivariate normality. The 

Descriptive Statistics section reports the frequency and percentages for demographic data and 

reports the mean and standard deviation for key variables. The Confirmatory Factor Analysis is 

provided to indicate the reliability and validity, to validate the measurement models, and to 

provide evidence regarding common method bias. The Structural Equation Model is provided to 

test the hypotheses of the study. Of the 15 hypotheses (5 main effect and 10 moderating effect), 

all 5 main effect and 4 moderating effect hypotheses were supported, but 6 moderating effect 

hypotheses were not supported. The Commonality Analysis is provided for the purpose of fully 

examining the relationships among the variables. Chapter 5 summarizes the findings of the study 

and presents conclusions and implications.  
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CHAPTER 5 

DISCUSSION 

Overview 

This chapter discusses the results of the hypothesis testing. The discussion is presented in 

three sections. The results are summarized in the summary of findings section, which is followed 

by a concluding section that discusses the findings of the existing literature. The final section 

elaborates on the implications of the findings of this study.  

 

Summary of Findings 

This study tests the UTAUT theory in the context of the adoption of a web-based learning 

system for instructors in the Department of Education at the Rajabhat Universities in Thailand. 

SEM with AMOS 21 software was use to assess the effect of performance expectancy, effort 

expectancy, social influence, and facilitating conditions on usage intention and behavior of a 

web-based learning system. In addition, it also evaluated the moderating effects of gender, age, 

and experience.  

 

Performance Expectancy 

According to the UTAUT, performance expectancy has a significant positive direct effect 

on usage intention (H1). This effect is moderated by age and gender such that the effect is 

stronger for men (H1a) and especially for younger (H1b) men (Venkatesh et al., 2003). The 

findings of this study affirmed the effect of performance expectancy on usage intention of 

instructors toward a web-based learning system (β = 0.30, p < 0.001). Hence, H1 was supported. 

However, the study revealed that the effect was moderated by age, but not by gender. 



103 

Inconsistent with the outcomes predicted by the theory, the effect of performance expectancy 

was found to be stronger for instructors over 35 years old (β = 0.53) than for instructors under 35 

years old (β = 0.06), indicating that H1a and H1b were not supported. 

 

Effort Expectancy 

The UTAUT predicts that effort expectancy will have a significant positive direct effect 

on technology usage intention (H2). This effect will be moderated by experience, age, and 

gender. The effect will tend to be greater for women (H2a), especially for younger women (H2b), 

and also for those with lower levels of experience (H2c) (Venkatesh et al., 2003). H2 was 

supported since the findings revealed a significant positive direct effect on the usage intention of 

instructors (β = 0.14, p < 0.01). The findings also support H2a and H2c, indicating that the effect 

was stronger for female instructors, especially for female instructors under 35 years old (β = 

0.33) than instructors over 35 years old (β = 0.01):  practically, the effect was stronger for 

instructors with less (β = 0.30) than for those with more (β = -0.08) experience. However, the 

findings do not support H2b.  

 

Social Influence 

Social influence, according to the UTAUT, has a significant positive direct effect on 

technology usage intention (H3). The effect of social influence on individual usage intention is 

moderated by age, gender, and experience. The effect tends to be greater for women (H3a), 

principally for older (H3b) women, and also for those with lower levels of experience (H3c) 

(Venkatesh et al., 2003). The study's findings affirmed that social influence had a significant 

positive direct effect on usage intention of a web-based learning system on the part of instructors 
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(β = 0.52, p < 0.001). Hence, H3 was supported. The findings also revealed that the effect was 

moderated by age and experience. However, the effect was not moderated by gender. The effect 

was stronger for instructors under 35 years old (β = 0.55) than for instructors over 35 years old (β 

= 0.44), especially for instructors who had lower (β = 0.63) than for those with higher (β = 0.32) 

experience, indicating that H3c was supported, but H3a and H3b were not supported. 

 

Facilitating Conditions 

Facilitating conditions, according to the UTAUT, have a significant positive direct effect 

on usage behavior (H4). The effect is moderated by experience and age. The effect tends to be 

stronger for older people (H4a) and will be stronger for people with higher levels of experience 

(H4b) (Venkatesh et al., 2003). Based on the study's findings, H4 was supported, since the 

findings revealed a significant positive direct effect of facilitating conditions on usage behavior 

of instructors (β = 0.60, p < 0.001). The findings also revealed that the effect was moderated by 

age, but not by experience. The effect was stronger for instructors over 35 years old (β = 0.73) 

than for instructors under 35 years old (β = 0.43), indicating that H4b was supported, but H4c 

was not supported.  

 

Usage Intention 

Usage intention is predicted by the UTAUT to have significant positive effect on 

technology usage behavior (H5) (Venkatesh et al., 2003). The study's findings affirmed that 

usage intention had a significant positive effect on usage behavior of a web-based learning 

system by instructors (β = 0.38, p < 0.001), indicating that H5 was supported. 
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Conclusions 

The study findings provided statistical support for the UTAUT model. This study posits 

three direct effects on usage intention (resulting from performance expectancy, effort expectancy, 

and social influence) and two direct effects on usage behavior (resulting from facilitating 

conditions and usage intention). Moreover, significant moderating influences of gender, age, and 

experience were confirmed as essential attributes of the UTAUT. 

 

Performance Expectancy 

Consistent with several studies, performance expectancy had a significant direct effect on 

usage intention (Alshehri et al., 2012; Alrawashdeh et al., 2012; Dulle & Minishi-Majanja, 2011; 

Kijsanayotin et al., 2009; Im et al., 2011; Van Schaik, 2009; Wu et al., 2008; Wang & Shih, 2009; 

Wang et al., 2009). In contrast to the theoretically predicted outcomes, the findings revealed no 

difference between male and female instructors. This result is similar to those found in prior 

studies (Marchewka, Liu & Kostiwa, 2007; Wang, Wu & Wang, 2009), which found no 

difference between genders in the effect of performance expectancy on usage intention. 

However, the effect was stronger for instructors over 35 years old than instructors under 35 years 

old as also found by Wu et al. (2008). Venkatesh et al. (2003) described performance expectancy 

as the level to which a person thought that utilizing the technology would improve her or his job 

performance. This indicates that instructors, especially those who are over 35 years old, would 

prefer to use a web-based learning system if they were convinced that using one would improve 

their teaching performance. 
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Effort Expectancy 

Consistent with the results of several previous studies (Alshehri et al., 2012; Alrawashdeh 

et al., 2012; Dulle & Minishi-Majanja, 2011; Kijsanayotin et al., 2009; Im et al., 2011; 

Marchewka et al., 2007; Van Schaik, 2009; Wang & Shih, 2009; Wang et al., 2009), effort 

expectancy was found to have a significant positive direct effect on usage intention. The effect 

was moderated by gender, age, and experience. In line with the findings in prior studies, the 

effect was stronger for women than for men (Dulle & Minishi-Majanja, 2011; Wu et al., 2008), 

and the effect was stronger for lower than higher experience (Dulle & Minishi-Majanja, 2011). In 

contrast to theoretical expectations, the study found that the effect was stronger for instructors 

under 35 years old than for instructors over 35 years old. Venkatesh et al. (2003) described effort 

expectancy as the level of easiness regarding the utilization of the new technology. This indicates 

that instructors, especially women instructors under 35 years old, particularly those who had less 

experience, would have greater preference for adopting a web-based learning system if they were 

convinced that the system would be easy to use. 

 

 Social Influence 

Social influence had a significant positive direct effect on usage intention. This finding is 

consistent with those of several prior studies (e.g. Alrawashdeh et al., 2012; Im, Hong & Kang, 

2011; Kijsanayotin et al., 2009; Marchewka et al., 2007; Van Schaik, 2009; Wang & Shih, 2009; 

Wang et al., 2009; Wu et al., 2008). The effect of social influence on usage intention was 

moderated by age and experience. The effect was stronger for instructors with lower than for 

those with higher experience. This is consistent with a finding of a prior study by Dulle and 

Minishi-Majanja (2011). Inconsistent with the predictions of the theory, however, social 
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influence had the strongest effect on usage intention, and the effect was stronger for instructors 

under 35 years old than for instructors over 35 years old. Venkatesh et al. (2003) described social 

influence as the level to which a person recognizes that important people believe she or he 

should utilize the new technology. This indicates that instructors, especially instructors under 35 

year old who have lower experience, would prefer to use a web-based learning system if they 

were convinced that important people believed they should use the system.  

 

Facilitating Conditions 

Facilitating conditions had a significant positive direct effect on usage behavior, which is 

consistent with the findings of several previous studies (e.g. Alshehri et al., 2012; Alrawashdeh et 

al., 2012; Dulle & Minishi-Majanja, 2011; Im et al., 2011; Kijsanayotin et al., 2009; Van Schaik, 

2009; Wang & Shih, 2009; Wu et al., 2008). The effect of facilitating conditions on usage 

behavior was moderated by age, with a stronger effect on instructors over 35 years old. This 

finding is similar to those from previous studies (Dulle & Minishi-Majanja, 2011; Wu et al., 

2008). However, inconsistent with the theoretical expectations, the effect was not moderated by 

experience. Venkatesh et al. (2003) defined facilitating conditions as the level to which a person 

feels that a technical and organizational infrastructure is available and is relevant to the support 

of the new technology system’s use. This means that instructors, especially instructors over 35 

years old, would prefer to adopt a web-based learning system if they were convinced that a 

technical and organizational infrastructure was available and was relevant to supporting the use 

of the system. 
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Usage Intention 

Consistent with the results of several studies (Dulle & Minishi-Majanja, 2011; Im et al., 

2011; Kijsanayotin et al., 2009; Van Schaik, 2009; Wang & Shih, 2009; Wu et al., 2008), usage 

intention was found to have a significant positive effect on usage behavior. This indicated that 

the adoption of a web-based learning system on the part of instructors in the departments of 

education at the Rajabhat Universities was enhanced by their usage intention.  

 

Practical Significance 

The question of practical significance asks whether the effect sizes are large enough to be 

practically applied to real life situations. Generally, the suggestion for interpreting the effect size 

in the literature in behavioral sciences is that the difference value of about .2 is "small," .5 is 

"medium," and .8 is "large" (Thompson, 2002). Therefore, the effect size of performance 

expectancy, effort expectancy, and social influence on usage intention (for the main model .81, 

for males .81, for females .83, for younger participants .81, for older participants .85, for lower 

computer experience participants .84, and for higher computer experience participants .85) and 

the effect size of facilitating conditions and usage intention on usage behavior (for the main 

model .84, for males .85, for females .83, for younger participants .88, for older participants .81, 

for lower computer experience participants .89, and for higher computer experience participants 

.78) are considered as large effect sizes and as practically significant. Therefore, practitioners can 

examine the findings of this study about web-based learning system adoption in order to find a 

way to increase web-based learning adoption by instructors.   
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Implications 

Web-based learning has become an important component of education. Higher education 

institutions in Thailand have become increasingly aware of the widespread use and effectiveness 

of web-based learning systems. However, the adoption of such learning systems is growing at a 

slow pace in Thailand. The results of this study showed that several factors can affect instructors’ 

adoption of a web-based learning system and can enhance web-based learning performance of 

instructors in higher education in Thailand. Implications are recommended regarding the 

significant effect of each construct: facilitating condition, social influence, performance 

expectancy, usage intention, and effort expectancy.  

 

Implications for Practice 

Facilitating conditions. The study found that facilitating conditions had the strongest 

positive direct effect on usage behavior. The overall implication of this finding is the need for the 

improvement of facilitating conditions in the Rajabhat Universities in Thailand in order to 

accomplish the effective adoption of web-based learning systems by instructors. The institutions 

should provide adequate web-based learning technology infrastructures and professionals to 

provide the necessary resources and knowledge for instructors.  

The significance of the effect of facilitating conditions implies that planners and 

implementers of a web-based learning system should pay attention to facilitating conditions in 

order to guarantee the success of the adoption of web-based learning. Similarly, the widespread 

use of a web-based learning systems may occur only when other important facilitating factors, 

such as adequate information communication technology facilities, including good Internet 

connectivity and the use of reliable computers, are present.  
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Social influence. This study's findings revealed that social influence has the highest 

significant effect on the usage intention of a web-based learning system on the part of instructors. 

Educators and web-based learning practitioners should be aware of the significance of social 

influence. Once users become more aware of the effectiveness of a web-based learning system 

and become more familiar with it, they may encourage their colleagues to implement it. Hence, 

web-based learning implementers can promote web-based learning to potential early adopters. 

When the number of web-based learning users increases, the number of later web-based learning 

adopters is likely to raise (Wang et al., 2009).   

The significance of the social influence factor implies that the adoption of web-based 

learning may be increased if implementers make sure that the administrations of universities are 

supportive of the use of the system and that this support is well understood by the scholarly 

community. The planners and implementers of a web-based learning system’s adoption should 

pay attention to enhancing supportive web-based learning policies and encourage communication 

of the policies within the scholarly community.  

Performance expectancy. In the results of this study, performance expectancy had a 

significant effect on usage intention of a web-based learning system on the part of instructors. 

This indicates the importance of the effectiveness of the system, or of system quality, which can 

be measured by features including the usefulness of the functions provided and the user interface 

design, and which may influence instructors’ adoption of a web-based learning system. As the 

usefulness of a web-based learning system becomes better understood to potential users, the 

institutions, and society in general, interest in the adoption of the system will rise.  

The significance of the performance expectancy factor implies that planners and 

implementers of the adoption of a web-based learning system should pay attention to promoting 
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the usefulness and the effectiveness of the system in order to bring about or increase the intention 

to use a web-based learning on the part of instructors. For example, the significance of 

performance expectancy implies that web-based learning adoption may be enhanced by if 

implementers make sure that the instructors are aware of the useful performance of the system. 

Providing adequate information or training on how the system is useful for teaching, how the 

system increases teaching productivity, and how the system enables instructors carry out 

teaching activities more quickly should enhance the adoption of a web-based learning system by 

instructors.      

Usage intention. In addition, the findings showed that usage intention of a web-based 

learning system had a significant positive effect on usage behavior. This implies that improving 

factors that affect instructors’ usage intention of a web-based learning system (performance 

expectancy, effort expectancy, and social influence) will ultimately enhance the adoption of web-

based learning by instructors.  

The significance of this effect implies that planners and implementers of a web-based 

learning system should pay attention to preparing the instructors by building their intention to 

use the system, for example, by enhancing their understanding of web-based learning by 

emphasizing the task-related outcomes (creating performance expectancy) and developing their 

enthusiasm to be involved by emphasizing the user-friendliness of the system (leading to effort 

expentancy). Technicians should be ready and able to work with instructors (thereby improving 

the facilitating conditions). Universities' administrators should encourage instructors to use the 

system (exerting social influence).    
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Effort expectancy. The study indicates that effort expectancy had a smallest significant 

effect on instructors’ intention to use a web-based learning system. This implies that the majority 

of instructors think a web-based learning system should be easy to use. Instructors are more 

likely to implement a web-based learning system if they believe that the system is easy to 

employ and if they think that they can manage the outcomes produced by the system.  

The significance of the effort expectancy factor implies if planners and implementers of 

the adoption of a web-based learning adoption wish to bring about or increase intention to use a 

web-based learning on the part of instructors, they should pay attention to convincing the 

instructor with respect to the ease of use of the system. For example, web-based learning 

providers, including the adopting institutions, the system suppliers, and the government, should 

supply appropriate training in the context of hands-on experience, formal instruction, procedural 

information, informal training, and so forth to instructors in order to improve skills, enhance 

usage confidence, and decrease anxiety in potential users. Moreover, the web-based learning 

designer should improve the ease of use and the user friendliness of a web-based learning system 

in order to attract more users to its use.                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                     

 

Implications for Policy Making 

The results of this study have implications for policies designed to support web-based 

learning adoption. Each variable in the model should be considered by institutions that attempt to 

adopt a web-based learning system. One implication for policy is that institutions and staff 

should be provided with information regarding the resources and facilities that are available to 

instructors to support them with the web-based learning system demands of their courses. The 

policy should also outline the responsibilities and expectations of staff who will identify 
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instructors with web-based learning support needs and to direct them to or provide them with 

appropriate resources.  

 

Facilitating Conditions. The results of this study have implication for policy regarding 

facilitating conditions. Reliable and affordable broadband connectivity is critical to web-based 

learning. Internet access and reliable connectivity must be available to all instructors. The policy 

should broaden Internet access to support mobile, online, and blended learning for any time, any 

place access. The policy should ensure that information technology and web-based learning 

specialist support staff are available to help instructors with the technology available to them and 

with connectivity issues related to their course. The policy should ensure that web-based learning 

specialist support staff are, additionally, available for individual counseling with instructors. 

Social Influence. The results of this study have implication for policy regarding social 

influence. The policy should support development of human capital through redesigned training 

for web-based and blended learning programs. Program leaders or coordinators need leadership 

and professional training support that will help them for preparing, developing, and 

implementing effective web-based and blended learning environments. The policy should 

provide for the preparing and support of web-based learning instructors by providing the next 

generation of instructors with new tools, methods, and skills necessary for web-based learning 

with effective professional development and training. The policy should provide for increasing 

instructors’ individualized instruction using data, digital content, and web-based tools to support 

collaborative, personalized, and web-based teaching. The policy should provide for professional 

development resources that increase the skills of web-based and blended learning instructors 

needed in blended and web-based learning environments. 
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Performance Expectancy. The results of the study have implications for policy regarding 

performance expectancy. Policy should support research for web-based learning including 

research on interventions and pedagogical practice that explores which methods and programs 

work best for particular instructors’ needs in web-based and blended learning environments. 

These information and data can promote the emergence of training recommendations and best 

practice teaching models and priorities for web-based learning and blended learning. Policy 

should support research on implementation and on the effectiveness of new instructional models 

and new approaches to web-based and blended learning. Policies should fund the collection of 

baseline data on instructors' web-based and blended learning, including instructor demographics, 

number of courses and programs, and access. 

Effort Expectancy. The results of this study have implications for policy regarding effort 

expectancy. The policy should provide support for instructors’ training in web-based learning. All 

instructors should be required to attend a web-based learning training program prior to the 

implementation of the web-based learning system. The Dean should be responsible for the 

delivery of a web-based learning training program to all instructors. The web-based learning 

training programs should include workshops, individual interviews with instructors, and informal 

support provided by web-based learning specialist support staff. The programs should employ a 

wide range of resources available for facilitating the learning of the web-based learning system. 

Individual assistance should be available from web-based learning specialist support staff.  

 

 Implication for Research 

This study focuses on instructors in the Department of Education at Rajbhat Universities 

in Thailand. Therefore, the results may not be generalized to instructors in other universities. 
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Future research should address other departments or universities for a further validation of the 

findings regarding the adoption of a web-based learning system. A further validation of the effect 

of performance expectancy, effort expectancy, social influence, and facilitating conditions on 

usage intention and behavior of a web-based learning system within higher education 

institutions, including other public and private universities in Thailand or other developing 

countries, is recommended. In depth study into this factor alone or the study of the full UTAUT 

model is needed, since the applicability of the UTAUT model in the context of the adoption and 

acceptance of web-based learning has received little attention. 

Performance expectancy or perceived usefulness has been suggested to be more 

important than effort expectancy or perceived ease of use (Venkatesh et al., 2003). A challenge 

for future research is develop an understanding of how an instructor judges what is useful in a 

web-based learning system. Designers and developers create features and functions that they 

propose to be useful; however, the users may discard them as not useful. Research on how 

individuals go through the decision-making processes to arrive at a specific perception of a new 

technology and how that perception can be changed is needed.  

In the current study, social influence was found to be the strongest factor affecting usage 

intention of instructors in web-based learning technology adoption, while the UTAUT suggests 

that performance expectancy should be the strongest factor influencing usage intention. This 

outcome is consistent with the general belief that social influence is greater in Asian cultures (Im 

et al., 2011). However, Venkatesh et al., (2003) indicated that the social influence construct may 

not be significant in settings in which compliance is generally voluntary, but that social influence 

will have a significant effect on usage intention when attributing to compliance in mandatory 
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contexts. Future research should investigate the influence of cultures on the effect of social 

influence on usage intention.  

The findings of the study revealed that age moderated the effects of performance 

expectancy and effort expectancy on usage intention and the effect of facilitating conditions on 

usage behavior; older instructors were found to show stronger effects of performance expectancy 

and facilitating conditions, while younger instructors were found to show stronger effects of 

effort expectancy. Gender moderated only the effect of effort expectancy on usage intention; 

women were found to show a stronger effect of effort expectancy. Computer experience 

moderated the effect of effort expectancy and social influence on usage intention; instructors 

who had less computer experience were found to show a stronger effect of effort expectancy and 

social influence. Future research should further investigate the influence of moderating factors 

for further validation of the UTAUT model.  

In this study, the major focus was usage intention and usage behavior regarding the 

adoption of a web-based learning system. Considering the complexity of human beings, 

measuring the factors related to user intention and behavior is highly difficult.  Although the 

factors that were considered provided a sufficient explanation for the findings, there is always a 

risk that other possible factors such as cultural background may have had an effect. In order to 

gain a deeper understanding of technology adoption, researchers may wish to add more 

components based on other possible factors. A quantitative method was used in this study to 

assess the adoption of a web-based learning system on the part of instructors. Although the 

theoretical constructs of the UTAUT and the SEM provided essential explanations, in future 

research, a mix-method and qualitative method should be used to make possible the explanation 

of additional details. Technology adoption is a complex, developmental process, inherently 
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social. Individuals create unique views of technology which influence the technology adoption 

process. Future research should be carried out to address emotional, cognitive, and contextual 

concerns.  

The majority of the research carried out on technology adoption has focused on the 

adoption of technology in a work environment. Although the use of information technology in 

workplaces is essential, technology has become deeply involved in daily life, not merely in 

formal work contexts. Smart phones, tablets, and other technologies are now staples in the work 

and personal lives of many people. Future research should focus on how various informal 

technologies may influence and regulate the use and adoption of technology in formal 

organizational settings.  

Technology adoption seems to occur in a continuous cycle of technology implementation. 

As soon as a person adopts one new technology, a new one is created and marketed, which 

requires a new cycle of adoption. This creates a challenge for future research on technology 

adoption to provide an understanding of how this continuous adoption and re-adoption will 

influence and affect future adoptions. Although there is a belief that the younger generations who 

grow up in the digital age will be more accustomed to computers and web-based technologies 

and hence will adjust more easily to new technologies, there is no longitudinal or empirical data 

to support this idea. However, Venkatesh et al., (2003) suggested that there may be a critical 

period after which cognitive flexibility toward computer technologies is reduced, and technology 

adoption ceases to be so relatively easy. This implies that there may be an interference effect of 

the previous technology learning, such that knowing more technology is essentially a detriment 

to adopting new technology. Additional research on the effects of continuous cycles of 

technology adoption is essential for the future. 
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A negative cycle is one possible factor to which attention should be paid regarding web-

based learning technology adoption. The UTAUT focuses on usage behavior but suggests that 

attitudes toward using the technology, computer anxiety concerns, and self-efficacy attitudes can 

be explained by effort expectancy. However, this is contradictory to the social cognitive theory, 

which suggests that some failing at one's goal results in negative emotions and has a negative 

effect on future goal-building behavior. One's failure to successfully learn a new technology may 

create a negative cycle of rejecting the adoption of new technology (Straub, 2009). This negative 

cycle may influence self-confidence and trust in web-based computer technologies and may have 

implications for self-efficacy regarding the use of a web-based learning technology as well. 

Further research is necessary to examine the influence of self-efficacy and attitudes toward the 

use of technology in investigations of web-based learning adoption on the part of instructors.  

Web-based learning technology adoption is a complex, developmental process, and 

inherently social. Individuals’ unique perspectives of the technology could influence their 

process of adopting it. Future research on web-based learning technology adoption may lead to 

an understanding of the consequences of web-based learning technology and lead to the creation 

of a holistic understanding of how the technology change influences the individual and the 

organization. Researchers should also investigate how web-based learning technology changes 

influence instructors’ views of technology. For instance, how does a negative experience with a 

web-based learning technology influence an instructor’s use of technology? If an instructor 

becomes angry or irritated at the technology, does this influence the way she or he uses it 

currently or chooses to use it in the future? How do an instructor's interactions with a web-based 

learning technology influence his or her students' perspectives on the technology?  
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Finally, this study validated the unified theory of acceptance and use of technology in the 

context of adoption of a web-based learning system on the part of instructors at the Rajabhat 

Universities in Thailand. Future research should focus on validation of the theory in other 

contexts of technology adoption and should focus on identifying additional constructs that can be 

employed in the prediction of usage intention and usage behavior over and above what has 

already been identified and understood. It is possible that there are still limitations to our ability 

to explain individuals’ technology usage decisions in formal organizations.   
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