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The concept of ‘Blended learning’ is presently one of the most widely 
discussed topics in education. Blended learning (BL) is a hybrid learning 
approach. BL combines dual or multiple teaching modals, most frequently 
traditional classroom learning with eLearning (Staff, 2019). This research 
project utilized a quantitative, non-experimental descriptive survey for the 
purposes of evaluating: Performance Expectancy (PE), Effort Expectancy 
(EE), and Social Influence (SI) in a BL environment. The research 
participants were 167 graduate students in the College of Education at King 
Khalid University (KKU) in the City of Abha, Kingdom of Saudi Arabia. This 
research utilized Venkatesh et al. (2003) Unified Theory of Acceptance and 
Use of Technology (UTAUT) as the primary theoretical framework. Data 
were collected via a self-administered online questionnaire. The hypothesized 
model was validated empirically using data collected from the study 
participants. The proposed model supports and explains up to 54% of the 
variance in behavioral intention to use blended learning. The research 
indicates that PE and EE are statistically significant predictors of behavioral 
intention to use blended learning. Results also show no significant effect on 
SI. This study contributes to the relevant body of knowledge by identifying 
determinants that predict students’ behavioral intention to adopt and use BL. 
This paper also confirms that Venkatesh et al. (2003) UTAUT is a valid model 
for studying technology acceptance and use in education. Based on the results 
of this research, the authors herein present recommendations for 
instructional practice and future research to implement BL in academia. 
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INTRODUCTION 

Most academics agree that using modern technologies in education can enhance student 
experience and knowledge (Ramakrisnan et al., 2012). Blended learning (BL) is one of 
the most potent and influential innovations in education because it combines the 
benefits of face-to-face (F2F) learning with the ‘anywhere-anytime’ power of the 
internet (DeSaracho, 2019). BL is widely considered one of the most important 
educational advances of the 21st century thus far (Thorne, 2003). BL provides learners 
with a direct experience in conjunction with technology-based skills that are deemed 
essential for success in the 21st century (Eduviews, 2009). At its most basic level, the 
BL approach refers to the use of online learning systems and technologies to 
complement and improve the conventional classroom experience. Although the concept 
of BL has been around since the 1960s, only recently has it become a prevalent teaching 
methodology integrating traditional F2F classes and online learning (DeSaracho, 2019). 

Over the last few years hybrid educational models that blend traditional F2F classes 
with online learning have become increasingly popular (Cenejac, 2017). Dziuban et al. 
(2018) argued that a BL model is better than traditional F2F learning. Muawiyah et al. 
(2018) stated that there are several advantages to BL. The students enjoy a more 
engaging learning experience and benefit from the inherent flexibility of electronic 
course work. In addition, the researchers noted that BL can improve instructor skills. 
Dziuban et al. (2018) stated that 35% of higher education institutions have provided 
courses in BL design, and that approximately 12% of 12.2 million discrete online 
instruction materials are part of a blended course. Therefore, BL approach is ready to 
be implemented and urgently needed in higher education (Muawiyah et al., 2018). 

PROBLEM STATEMENT 

There is a considerable amount of research confirming that a BL approach can be 
successfully implemented in higher education (i.e., Brown & Diaz, 2010; Cenejac, 
2017; Halverson et al., 2017; Muawiyah et al., 2018; Lopez et al., 2018; DeSaracho, 
2019). However, there is little data utilizing the Unified Theory of Acceptance and Use 
of Technology (UTAUT) model proposed by Venkatesh et al. (2003) to address the 
acceptance of BL (i.e., Dakduk et al., 2018; Khechine et al., 2014). On the authors’ 
information and belief, there are no studies employing the UTAUT model as the 
framework for graduate student behavioural intentions to adopt and use BL within the 
Kingdom of Saudi Arabia. Anticipated student acceptance of BL is a logical 
prerequisite to the implementation of BL educational courses. In this research effort the 
authors used the Venkatesh et al. (2003) UTAUT model to analyse predictive factors 
of student BL acceptance in academic programs at the College of Education in King 
Khalid University (KKU) in Abha, Saudi Arabia. The ultimate goal of this study is to 
establish whether the Venkatesh et al. (2003) UTAUT model can be an outcome 
determinative test framework for the successful use of BL. Current literature on 
UTAUT is relatively thin compared to other models (Williams et al., 2014). This 
research study aims to enhance the theoretical foundation of blended learning using the 
UTAUT framework to better predict student behavioural intentions as to BL. While 
this research is limited to graduate students in the Kingdom of Saudi Arabia, the results 
will likely advance the body of BL knowledge and have predictive value of BI in other 
countries.  
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LITERATURE REVIEW 

Blended Learning in Higher Education 

Although blended learning emerged as a popular pedagogical concept in education at 
the beginning of 2000s (Güzer & Caner, 2014), the definition of BL is still somewhat 
ambiguous (Hrastinski, 2019). The pedagogical concept of BL can be described as a 
deliberate 'blending' of traditional F2F approach with technology-based learning. The 
purpose of BL is to stimulate and support learning (Boelens et al., 2015). Many 
educators regard BL only as hybrid teaching approach using in-person and online 
courses. The combination of methods can make the learning process more effective 
(Effendi, 2015). This study adopts the most commonly accepted definition of the term 
BL, which is a mix of traditional F2F learning and online course work (Mestan, 2019). 
As stated in the study by Effendi (2015), BL courses can be more interactive when 
employed in higher education. The BL approach has recently garnered much attention 
among researchers, academics, and practitioners (i.e., Cenejac, 2017; Brown & Diaz, 
2010; Effendi, 2015; Serrano et al., 2019; Geng et al., 2019; Mestan, 2019; Halverson 
et al., 2017; Lin et al., 2017) who suggest that BL is particularly suited for higher 
education. 

According to Cenejac (2017) both learners and teachers have generally agreed upon the 
efficacy of BL. A blended approach can be "less costly”, is "time-saving" in nature and 
allows for a "more personalized ways of knowledge acquisition". Geng et al. (2019) 
said that BL provides “good facilitation for students’ social involvement in the class” 
(p.1). BL adds a flexibility dimension to the traditional classroom-based instruction 
process (Deperlioglu & Kose, 2013). BL provides more flexibility to meet students' 
varying learning needs and backgrounds (Boelens et al., 2018). Rovai and Jordan 
(2004) conducted a study comparing three types of education graduate courses—
traditional, blended, and fully online. The students in the blended courses measured 
highest in sense of community. Students in traditional F2F classes measured below the 
BL students in community, but higher than the online only participants. Parra (2013) 
noted that blended course students, on average, attain higher levels of achievement than 
both F2F and online only students. 

There is some research data taken directly from King Khalid University that supports 
the above-stated conclusions regarding BL. Zumor et al. (2013) investigated student 
views on the advantages and disadvantages of BL courses using a combination of 
traditional F2F classes and the online learning platform ‘Black Board’. The researchers 
found that the BL course model resulted in improvements in student English language 
vocabulary and student discussion board participation. The study authors attributed the 
improved student performance to inter alia the students’ ability to stop, review and 
repeat online audio/video recordings on the Black Board platform.  The authors also 
noted the potential benefits of students being able to practice their language skills in 
complete privacy, and the opportunity to communicate with the instructor and other 
students at varying times. The Zumor study indicates that the inherent flexibility of 
modern teaching technologies makes the BL method desirable in higher education. 
However, Zumor et al. (2013) concluded that using technology in education is not 
without difficulties and limitations. The researchers noted several factors detrimental 
to BL such as: Internet connectivity issues, hardware/software costs, hardware/software 
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bugs, enhanced facility requirements and significant training costs. The authors also 
concluded that BL can make both student and teacher performance evaluations more 
difficult.   

Users Acceptance of Blended Learning 

Over the last twenty years scholars and researchers have studied the acceptance and 
efficacies of new technologies in education (Fillion et al., 2012). In a study by Louho 
et al. (2006), the authors stated that technology acceptance "is about how people accept 
and adopt some technology to use" (p.15). Similarly, Dillon and Morris (1996) defined 
user acceptance as "the demonstrable willingness within a user group to employ 
information technology for the tasks it is designed to support" (p.4). Accordingly, 
individuals have some degree of choice of whether to accept or to reject new 
technology. Lack of user acceptance has long been proven to be a restriction on the 
success of new technology (Gould & Lewis, 1985). Davis (1993) indicated that user 
acceptance is considered to be a crucial factor in determining the success or failure of 
a new technology. 

User Intention with Blended Learning 

According to Krueger and Brazeal (1994), the end-user’s intention is predictive of the 
individual’s behaviours with respect to new technologies. User “intention” is defined 
as a person's willingness to pursue a given behaviour and their level of commitment to 
achieving the target behaviour (Krueger & Brazeal, 1994). As such, understanding 
student intention is a critical element of implementing a BL course or program. The 
success or failure of BL in any given application can depend on overall desirability of 
the operating system(s), ease of use, and efficacy in meeting student learning 
expectations. The first step in any BL implementation process is to thoroughly evaluate 
end user attitudes and expectations in light of the course and its learning objectives. 

Unified Theory of Acceptance and Use of Technology 

Since the late 1980s, different models and theories of technology acceptance have been 
developed and tested. In 2003 Venkatesh and his colleagues integrated and unified core 
characteristics and elements from eight existing technology acceptance models and 
prominent theories. They proposed a unified model called Unified Theory of 
Acceptance and Use of Technology (UTAUT). The eight models Venkatesh et al. used 
as the basis for UTAUT included: The Theory of Reasoned Action (TRA) (Fishbein & 
Ajzen, 1975), the Technology Acceptance Model (TAM) (Davis, 1989), the Theory of 
Planned Behaviour (TPB) (Ajzen, 1991), the Combined TAM and TPB (C-TAM-TPB) 
(Taylor & Todd, 1995), the Diffusion of Innovation Theorem (DOI) (Rogers, 1962), 
the Social Cognitive Theory (SCT) (Bandura, 1986), the Motivational Model (MM) 
(Davis et al., 1992), and the Model of PC Utilization (MPCU) (Thompson et al., 1991).  

Based on a synthesis of the above models/theories Venkatesh et al. (2003) UTAUT 
model explains behavioural intention to use or adapt technology using four primary 
determinants: Performance Expectancy (PE), Effort Expectancy (EE), Social Influence 
(SI), and Facilitating Conditions (FC). Venkatesh et al. (2003) also identified four 
secondary determinants that affect intention: Gender, age, willingness, and experience. 
The authors posit that primary determinants PE, EE, and SI influence behavioural 
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intention to use technology, while behavioural intention and facilitating conditions 
determine technology usage (Venkatesh et al., 2003).  

A comprehensive literature review by Williams, et al. (2015) found that Venkatesh, et 
al. (2003) UTAUT model has been used to explain the adoption of various technologies 
in different fields. Since numerous academicians and practitioners in the field of 
educational technology have built their arguments on a theoretical background (i.e., 
Alshahrani & Walker, 2017; Bakar et al., 2013; Dakduk et al., 2018; Khechine et al., 
2014; Fianu et al., 2018; Tan, 2013; Wang & Shih, 2009), it is crucial to present a 
theoretical framework from which academicians can analyse the user level acceptance 
of a BL approach. Venkatesh et al. (2003) indicated that "UTAUT is a definitive model 
that synthesizes what is known and provides a foundation to guide future research in 
this area" (p. 467). The Venkatesh et al. (2003) UTAUT model focuses on user intent 
and user attitudes towards information technologies, emphasizing four primary 
determinants of user intention and behaviour (Venkatesh et al., 2003). The Venkatesh 
et al. (2003) UTAUT model is widely regarded as the leading theory for explaining the 
adoption of technology (Williams et al., 2015). Venkatesh et al. (2003) recommended 
further research to examine and test the UTAUT model in different contexts and 
scenarios. The UTAUT model has been widely applied and tested extensively in the 
implementation of various technologies such as: Mobile learning (Alshahrani & 
Walker, 2017), information kiosks (Wang & Shih, 2009), mobile banking (Raza et al., 
2019), Massive Open Online Courses (MOOCs) (Fianu et al., 2018), e-learning (Bakar 
et al., 2013), electronic placement tests (Tan, 2013), e-government services (Mensah, 
2019), blended learning (Dakduk et al., 2018), and webinars (Khechine et al., 2014).  

Mobile learning is one area which has been studied more intensively. Using the 
Venkatesh et al. (2003) UTAUT model as a theoretical framework, Alshahrani and 
Walker (2016) investigated certain factors (performance expectancy, effort expectancy, 
social influence) affecting students' intention to adopt and use mobile learning in higher 
education in Saudi Arabia. The authors utilized the same factors as those in the 
Venkatesh et al. (2003) study to measure all of the relevant variables. The results 
showed that all three of the aforementioned factors were statistically significant, 
positive determinants of behavioural intention to use mobile learning, with performance 
expectancy being the strongest predictor. The model explained 55% of the variance in 
student behavioural intentions to use mobile learning in Saudi Arabia. Also, in the 
context of mobile learning, Chao (2019) applied the Venkatesh et al. (2003) UTAUT 
model to investigate factors affecting students' behavioural intention as to mobile 
learning in higher education in Taiwan. The results from that study involving 1,562 
students indicated that Behavioural Intention (BI) was significantly and positively 
influenced by: Satisfaction, trust, Performance Expectancy (PE), and Effort Expectancy 
(EE). The research model explained 47.9% of the variance in BI. The most crucial 
factors that influenced BI were satisfaction, PE, trust, and EE. Satisfaction and trust 
had direct effects on BI to use mobile learning. Also, Sun and Jeyaraj (2013) utilized 
the UTAUT model to evaluate the adoption of a Black Board online learning platform 
by students in China.  

Dakduk et al. (2018) conducted another BL study based on the Venkatesh et al. (2003) 
UTAUT model. The researchers studied user acceptance of BL in executive education 
using factors including: Performance expectancy, effort expectancy, social influence, 
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hedonics, motivation, habit, and behavioural intention. The empirical analysis 
employed data from a survey of 307 in middle and senior managers in Colombia. The 
authors found that hedonic motivation, performance expectancy, and effort expectancy 
have a statistically significant positive relationship with behavioural intention to accept 
BL. Results also show no significant effect on SI and habits. The model explained 47% 
of the variance in student behavioural intentions to use BL in Colombia.  

Another study based on the UTAUT framework by Khechine et al. (2014) investigated 
student behavioural intention to use a webinar system (Elluminate) in a blended 
learning course. This Canadian research surveyed 114 students. The model explained 
52% of the variance in the intention to use Elluminate based on the three independent 
constructs (PE, SI, and FC). The authors found that the PE construct was the strongest 
predictor of the intention to use Elluminate.  

Based on the foregoing predictive value of the Venkatesh et al. (2003) UTAUT, it is 
logical to investigate the determinants of BL acceptance in higher education in Saudi 
Arabia using the same model. Studies in the literature emphasize that Performance 
Expectancy (PE) (Alshahrani & Walker, 2017; Fianu et al., 2018; Venkatesh et al., 
2003; Taiwo & Downe, 2013), Effort Expectancy (EE) (Alshahrani & Walker, 2016; 
Diño & de Guzman, 2015; Venkatesh et al., 2003), and Social Influence (SI) 
(Alshahrani & Walker, 2017; Taiwo & Downe, 2013; Venkatesh et al., 2003) are 
essential determinants in predicting behavioural intention (BI). This study applied the 
Venkatesh et al. (2003) UTAUT model because it explains the variance of the intention 
to use technologies better than other popular analytical models (i.e., TRA, TAM, and 
TPB) (Khechine et al., 2014, 2016). Further, Venkatesh et al. (2003) found that the 
UTAUT model can account for 70% of the variance in user intention. The Venkatesh 
et al. (2003) UTAUT model has also been validated in subsequent studies spanning a 
broad range of technological innovations and learning contexts. Other relevant 
analytical models simply have not been so rigorously tested (i.e., Alshahrani & Walker, 
2017; Fianu et al., 2018; Irby & Strong, 2013; Moran et al., 2010; Venkatesh et al., 
2003; Williams et al., 2009). 

RESEARCH MODEL  

As BL is still in its infancy in Saudi higher education, (Alebaikan, & Troudi, 2010; 
Alshahrani & Ward, 2014), the relative of efficacy of BL is very difficult to measure. 
Thus, this study attempts to measure behavioural intention (BI) as a dependent variable 
in the early stages of BL acceptance rather than actual usage over a longer period of 
time. This is consistent with other studies in places where BL is relatively new. In this 
type of environment student behavioural intention (BI) as to blended learning is used 
instead of longer-term actual usage data for predictive value. Furthermore, the higher 
education students in Saudi Arabia are a relatively homogeneous group. There are only 
small variances in student age and experience with technology. Therefore, in the 
research effort experience, age, gender, and willingness factors will be omitted. 
Venkatesh et al. (2003) found that "when both performance expectancy and effort 
expectancy constructs are present, facilitating conditions become non-significant in 
predicting intention" (p.454). Accordingly, facilitating constructs will not be taken into 
consideration in this study.  
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UTAUT CONSTRUCTS 

Performance Expectancy (PE) 

The first independent construct is Performance Expectancy (PE), which can be defined 
as "the degree to which the user expects that using the system will help him or her to 
attain gains in job performance" (Venkatesh et al., 2003, p. 447). It is the first direct 
determinant of the behavioural intention to use a technology (Venkatesh et al., 2003). 
Venkatesh proposed that PE captures the constructs of perceived usefulness, extrinsic 
motivation, job fit, relative advantage, and outcome expectations. In the case of BL, PE 
refers to the level student goals can be achieved through online learning. In other words, 
it is students’ perceived value and relative advantage that BL has on the learning 
experience. Existing research suggests that this is one of the most important predictors 
of the intention to use technology (Alshahrani & Walker, 2017; Fianu, et al., 2018; 
Kijsanayotin et al., 2009; Venkatesh, et al., 2003). As such, PE has received 
considerable research attention in different fields (i.e., Alshahrani & Walker, 2017; 
Dakduk et al., 2018; Venkatesh et al., 2003). Several BL studies (i.e., Chan et al., 2015; 
Dakduk et al., 2018) applied Venkatesh’s UTAUT model to investigate factors 
affecting student behavioural intention to adopt and use BL in higher education. The 
results indicate that the Performance Expectancy (PE) was a statistically significant 
predictor of behavioural intention to use BL. Williams, et al. (2015) conducted a 
literature review about the Venkatesh et al. (2003) UTAUT model in order to evaluate 
the predictive power of the model. The authors reviewed the relationship between PE 
and BI in 116 other relevant studies. PE significantly predicted BI in 93 of the studies, 
indicating that PE was the strongest predictor. Likewise, Khechine et al. (2014) found 
that PE was the strongest predictor of the intention to use a webinar system (Elluminate) 
in a blended learning course based on the UTAUT model as a theoretical framework.  

Effort Expectancy (EE) 

Effort Expectancy (EE) can be defined as “the degree of ease associated with the use 
of the system” (Venkatesh et al., 2003, p.450). The Jairak, et al. (2009) study indicated 
that the EE construct had a statistically significant correlative relationship with 
behavioural intention. In the context of BL, a few studies (i.e., Chan et al., 2015; 
Dakduk et al., 2018) applied the Venkatesh, et al. (2003) UTAUT model to investigate 
factors affecting student behavioural intention to adopt and use BL in higher education. 
The results indicated that the EE construct was a statistically significant predictor of 
behavioural intention to use BL. However, others (i.e., Bennani & Oumlil, 2014; 
Phichitchaisopa & Naenna, 2013) concluded that EE had no significant influence on 
behaviour. 

Social Influence (SI) 

Social Influence (SI) is "the degree to which an individual perceives that important 
others believe he or she should use the new system" (Venkatesh et al., 2003, p.451). 
Previous research (i.e., Alaiad & Zhou, 2014; Alshahrani & Walker, 2017; Arman & 
Hartati, 2015; Jairak et al., 2009; Venkatesh et al., 2003) found that the SI had a 
significant positive effect on the behavioral intention to use, and the actual use of 
technology. Williams, et al. (2014), in their literature review, found that SI was the 
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second strongest predictor of BI, after PE. However, others (i.e., Dakduk et al., 2018) 
found that the effect of SI was only marginally significant.  

RESEARCH QUESTION 

This research study was guided by the following research question: 

RQ: To what extent do performance expectancy (PE), effort expectancy (EE), 
and social influence (SI) predict graduate students’ intention to use BL in 
institutions of higher education in Saudi Arabia?  

HYPOTHESES 

Based on previous literature research, the authors formulated the following 
hypotheses: 

H1: Performance expectancy (PE) significantly predicts graduate students’ 
behavioural intention (BI) to use blended learning. 

H2: Effort expectancy (EE) significantly predicts graduate students’ 
behavioural intention (BI) to use blended learning. 

H3: Social influence (SI) significantly predicts graduate students’ behavioural 
intention (BI) to use blended learning. 

RESEARCH METHODOLOGY 

Survey Instrument 

This research study was based on data derived from a two-part, self-administered 
graduate student survey. The first section of the survey mainly concerned demographics 
and background. Participants identified basic information such as gender, age and 
previous BL experience. The second section of the survey queried the participating 
students as to their perceptions and attitudes concerning BL. The survey encompassed 
a total of 15 queries adopted from the original protocol by Venkatesh et al. (2003), as 
well as a modified version by Dakduk et al. (2018). Students answered questions based 
on an ‘agree/disagree’ response model on a 5-point rating scale: 1=Strongly Disagree; 
2=Disagree; 3=Neutral; 4=Agree; and 5=Strongly Agree.   

Population and Sample 

This survey-based research study was designed to identify and evaluate the 
determinants that predict the behavioural intentions to adopt blended learning using the 
Venkatesh et al. (2003) UTAUT model as the framework. The research pool consisted 
of graduate students from the College of Education at King Khalid University (KKU) 
in the Kingdom of Saudi Arabia. All graduate students (both masters and doctorate 
level) were invited to participate in the online survey. Because this was a non-
experimental study with multiple independent variables, the researchers employed a 
multiple linear regression (MLR) [also known simply as multiple regression] statistical 
technique. The authors computed the minimum sample size for this study by way of a 
priori statistical power analysis using G*Power (Faul et al., 2009). For the overall MLR 
model predicated on an alpha level established at .05, minimum power set at .80, a 
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moderate MLR effect size (.15) anticipated, and three predictors, the suggested 
minimum number of participants was (N = 77). After two rounds of data collection and 
online follow-up with the accessible population spanning 8 weeks, a total of 167 
graduate students participated in the survey. All participants fully completed the survey. 

RESULTS 

Participant Demographic Characteristics 

Highlighted demographic results from Table 1 indicate a close split between male and 
female respondents. Ninety survey participants (53.9 %) were male, and there were 77 
females (46.1%). As to age, the largest demographic was 26-30 years old representing 
48.5% of the survey population. Those older than 31 years accounted for 31.7 % of the 
total respondents. Students between 21- 25 years of age represented 19.8 % of the 
survey population. With regard to years of experience with e-learning, 43.1% of 
participants had used e-learning for more than six years. This may have substantially 
impacted their level of acceptance of blended learning. Only 3.6% of the participants 
had less than one year of experience with e-learning.  

Table 1 

Participant Demographic Characteristics 

Demographic Categories Frequency % 

Gender Male 90 53.9 

Female 77 46.1 

Age 21- 25 years 53 31.7 

26- 30 years 81 48.5 

< 31 years 33 19.8 

Experience using e-learning Less than one year 6 3.6 

1-3 years 36 21.6 

4-6 years 53 31.7 

> 6 years 72 43.1 

 

Reliability Analysis 

Reliability is a function of “whether the research instrument is neutral in its effect and 
would measure the same results when used on other occasions” (Denscombe, 1998, p. 
213). Because each variable [Performance Expectancy (PE), Effort Expectancy (EE), 
and Social Influence (SI)] is measured by more than one factor, the authors conducted 
subscale reliability analyses. When using "Likert-type scales, it is imperative 70 to 
calculate and report Cronbach's alpha coefficient for internal consistency reliability for 
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any scales or subscales one may be using" (Gliem & Gliem, 2003, p. 88). 
Consequently, the researchers in this study computed Cronbach's coefficient (α) alpha 
on each set of items that measured the same variable. According to Kline (2011), the 
Cronbach's coefficient (α) alpha is "the degree to which responses are consistent across 
the items within a single measure" (p. 69). A reliability estimated at 0.70 or higher 
suggests excellent reliability; whereas predicted reliability between 0.60 and 0.70 may 
be acceptable, provided that other indicators of a model's construct validity are good. 
The Venkatesh et al. (2003) testing showed that a reliability coefficient of 0.70 or 
higher is acceptable for the UTAUT model. Venkatesh et al. (2003) stated that the 
original Cronbach Alpha as 0.90 for PE, 0.92 for EE, 0.91 for SI, and 0.88 for FC 
would confirm the reliability analysis of the constructs in the UTAUT model. Using 
the scale function of the SPSS software, the Cronbach's alpha scores (reliability 
coefficient) for each latent variable were computed. The scale ranges from 0 to 1. The 
reliability test results in the current study indicate (see Table 2), Cronbach's α is 0.901> 
0.70 for the proffered statements, which indicates a high level of internal consistency.  

Table 2 

Reliability of All Items 

Cronbach's Alpha N of Items 

0.901 12 

 

The instrument had a Cronbach’s Alpha measures for Performance Expectancy (PE) 
= 0.87, Effort Expectancy (EE) = 0.86, and Social Influence (SI) = 0.79. Therefore, 
the scores derived from the survey were deemed reliable as represented in Table 3. 

Table 3 

Reliability of Each Construct and Number of Items 

Variable Cronbach's α N of Items 

PE  0.874 4 

EE 0.857 4 

SI 0.788 4 

* Significant at α > .70 

  
Descriptive Statistics for the UTAUT Constructs  
Scores from the UTAUT instrument were based on a 5-point Likert scale ranging from 
1 = strongly disagree, to 5 = strongly agree. Mean composite scores were calculated for 
each of the following three subscales: Performance Expectancy (PE), Effort 
Expectancy (EE), and Social Influence (SI). Effort Expectancy (EE) earned the highest 
score (M = 3.97, SD = .717) of the constructs in the UTAUT model, and the mean was 
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similar to the mean scores for PE (M = 3.87, SD = .851). Alternatively, SI earned the 
lowest score (M=3.50, SD=.852) of the constructs in the UTAUT model (see Table 4). 
 
Table 4 

Descriptive Statistics 

Variable N M SD 

PE 167 3.87 .851 

EE 167 3.97 .717 

SI  167 3.50 .852 

Behavioural Intention (DV)* 167 4.15 .857 

Note: DV*= Dependent Variable 

  
Checking Assumptions 
Before proceeding with the data analysis and research results, the authors herein 
provide information on the assumptions made in the design, execution and analysis of 
this research (linearity, normality). 
 
Normality and linearity test. Data were checked for normal distribution of residuals. 
For inferential statistics to be conducted properly, residuals must be normally 
distributed. Normality of the residuals was confirmed by visual inspection of the 
Histogram of Standardized Residuals, and the Normal P-P Plot of the residuals are as 
shown in Figure 1. The analysis indicates an asymmetric bell-shaped histogram that is 
evenly distributed around zero, indicating that the normality assumption is likely to be 
accurate, as displayed in Figure 2. 
 

 

 

 

 

 

 

 

 

 
Figure 1. The normal P-P plot of the residuals.              Figure 2. The histogram of 
standardized residuals. 
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The researchers used Cook's distance statistic to determine whether an outlier data point 
was influential and needed to be deleted from the analysis. The rule-of-thumb values 
for influential outliers are 1.0 or higher for Cook's distance. In this case, the mean value 
of Cook's distances is (.007), which is much less than the value of 1. This means outliers 
do not appear to be part of the regression model. 
 
 
Multiple Linear Regression (MLR) Model 
 
Multiple Linear Regression (MLR) analysis was conducted to test if PE, EE, and SI 
(i.e., independent variables) predicted BI (i.e. dependent variable) to adopt blended 
learning. The results of the regression indicated that the omnibus model was a 
statistically significant predictor of the BI to use blended learning, F= 63.117 (3, 1059), 
p < 0.001, R2 equalled .537 (see Table 5). Taken as a set, the predictors (PE, EE, and 
SI) accounted for about 54% of the variance in the dependent variable behavioural 
intention (BI) to use blended learning. This result is more than acceptable for the 
intended purpose. The remaining 46% of the variance in BI is attributable to other 
determinants that were not considered in this research. 
 
Table 5 

Structural Model Evaluation and Hypothesis Testing 

Model Summary 

Model R R 2 Adj R2 Std. 
Error of 

the 
Estimate 

Change Statistics 

R 
Square 
Change 

F 
Change 

df1 df2 Sig. F 
Change 

1 .733a .537 .529 .588 .537 63.117 3 163 .000 

a. Predictors: (Constant), SI, EE, PE 

b. Dependent Variable: BI 

 
 
From the correlation (See Table 6), the independent variables (EE, PE, and SI) have a 
positive correlation with BI. As separate predictors of BI they were all statistically 
correlated with respect to BI. In rank order, the results are: 1) EE (0.703), 2) 
PE (0.690), and 3) SI (0.387). As shown in Table 6, the results of the correlation 
analysis demonstrated that all of the UTAUT constructs were positively related to one 
other. Note that all three determinants (EE, PE, and BI) scored higher than 0.6, and 
showed strong positive correlations. Social Influence (SI), with coefficients in the range 
of 0.439 to 0.474, was positively related to the other constructs but with slightly weaker 
correlations. 
 
 
 



Australian Educational Computing, 2020, 35(1). 

	

13	
	

Table 6 

Correlations 

 BI PE EE SI 

Pearson 
Correlation 

BI 1.000 .690 .703 .387 

PE .690 1.000 .812 .474 

EE .703 .812 1.000 .456 

SI .387 .474 .456 1.000 

Sig. (1-tailed) BI . .000 .000 .000 

PE .000 . .000 .000 

EE .000 .000 . .000 

SI .000 .000 .000 . 

N BI 167 167 167 167 

PE 167 167 167 167 

EE 167 167 167 167 

SI 167 167 167 167 

 
Regression coefficients.  
The Beta coefficients refer to the expected change in the dependent variable 
(behavioural intention), per standard deviation increase in the predictor variables. Table 
7 reveals that all of the Standardized Coefficients (Beta) have a positive relationship 
with Behavioural Intention (BI) and are statistically significant predictors. Thus, as the 
performance expectancy (PE) (β =0.338) increases by one SD 0.857, (BI) will 
increase by 0.289 of a scale point (0.338 x 0.857 PE.SD). As Effort Expectancy (β = 
0.411) increases by one SD 0.869, BI will increase by 0.357 (0.411 x 0.869 SD). As 
Social Influence (β = 0.039) increases by one SD 0.034, BI will increase 
by 0.106 (0.039 x 0.869 SI. SD).  
 
Table 7 

Regression Coefficients 

Predictor Unstandardized 
Coefficients 

Standardized 
Coefficients 

t Sig. 

B SE β 
PE .340 .094 .338 3.629 .000*** 
EE .491 .110 .411 4.453 .000*** 
SI .039 .061 .039 .641 .522 
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Note: Performance Expectancy= (PE), Effort Expectancy= (EE), Social 
Influence= (SI) ***Significant at p<0.001 a. Dependent Variable: BI 

  
Multiple linear regression was calculated to predict BI based on PE, EE, and SI. A 
significant regression equation was found (F (3,163) = 63.117, p < 000), with R2 of 
.537. Standardized Coefficients (Beta) in the hypothesized model are included, as 
shown in Table 7. Two hypotheses (H1 and H2) are supported, but H3 is not supported. 
Note that PE (β=0.338, p < 0.001), EE (β = 0.491, p < 0.001) have positive relationships 
with BI of blended learning, and account for a large portion of the variance in BI (R2 = 
0.54). However, SI (β = 0.039) has no relationships with the BI of blended learning. 
Therefore, EE is the strongest predictor of the intention to use blended learning; PE is 
the second most important predictor, while SI is the weakest predictor. In sum, the 
model accounts for 54% of the variance in behavioural intention, with effort 
expectancy contributing more to intention than the other constructs. The summary of 
the hypothesis testing results is shown in Table 8. The best predictors of the model are 
PE and EE, p < 0.001. Of all the predictors, EE is the strongest predictor of behavioural 
intention to use blended learning. 
 
Table 8 

Summary of Hypothesis Testing Results  

Hypotheses Test Result  

H1: Performance Expectancy (PE) has a positive effect on 
Behavioural Intention (BI) to use blended learning (β=.0.338) 

Supported 

H2: Effort Expectancy (EE) has a positive effect on Behavioural 
Intention (BI) to use blended learning, (β = 0.491) 

Supported 

H3: Social Influence (SI) has a positive effect on Behavioural 
Intention (BI) to use blended learning, (β = 0.039) 

Not Supported 

 
DISCUSSION AND CONCLUSION 
 
The authors herein reviewed much of the existing body of research in order to address 
the question raised in this paper. Previous research demonstrates that BL enhances 
teaching and learning in a university setting. Further, as BL is a relatively new 
education method, it will play an increasingly important role in higher education in the 
future. Note, however that BL should not be implemented into higher education 
programs on blind faith. University communities are very diverse. Educators must 
carefully evaluate the perceptions, acceptance levels and skills as to BL before making 
drastic changes in the learning environment. A technologically driven BL course might 
be a panacea in one university program, but an abject failure in another. As such, this 
study is limited to examining and understanding BL acceptance in higher education in 
the Kingdom of Saudi Arabia.  
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Before conducting a statistical analysis, the authors confirmed the reliability of the 
research data using Cronbach's alpha. All constructs are within generally accepted 
validity parameters. The researchers also developed a multiple regression analysis for 
the research study assumptions, the results of which are displayed graphically. The 
regression analysis indicates that all of the relevant data is satisfactory. The authors' 
descriptive analysis employed statistical frequency, percentage, and standard 
deviations to analyse respondent characteristics. A total of 167 graduate students 
participated in this research project, 53.9% males and 46.1% females. The researchers 
utilized multiple linear regression analyses to test the relationships between student 
intent to use blended learning and three outcome predictors: EE, PE, and SI.   
 
This study adds to the body of knowledge on technology acceptance in that the results 
provide further confirmation of the validity of the Venkatesh et al. (2003) UTAUT 
model. In the current study, the model accounted for 54% of the variance in behavioural 
intention. Studies in other countries yielded similar results invariance: 52% from 
Canada (N = 114) by Khechine et al. (2014), Dakduk et al. (2018), model's effect 
size (R2 = 47%; N= 307) from Colombia, and model's effect 47.9% from Taiwan (N= 
1,562) by Chao (2019), which illustrates the size range that is possible with this version 
of the UTAUT model. 
 
This study also reveals further information regarding blended learning in higher 
education within the Kingdom of Saudi Arabia. The data shows that PE was a 
statistically significant, positive predictor of behavioural intention to use blended 
learning (β=.0.338, p < 0.001), which is congruent with findings from previous studies 
(i.e., Alshahrani & Walker, 2017; Dakduk et al., 2018; Fianu et al., 2018; Khechine et 
al., 2014; Kijsanayotin et al., 2009; Venkatesh et al., 2003; Williams et al., 
2015). Further, EE was a statistically significant, positive predictor of behavioural 
intention to use blended learning (β = 0.491, p < 0.001), which is also consistent with 
findings from Chao (2019), Chan et al. (2015), Diño and de Guzman (2015), Dakduk 
et al. (2018), and Khechine et al. (2014). This result suggests that students expect 
blended learning curricula to be 'simple' in application and use. The data also shows 
that Effort expectancy (EE) is the strongest predictor of BI to use BL. This comports 
with the findings of previous UTAUT studies (i.e., Alshahrani & Walker, 2017; Chao, 
2019; Chan et al., 2015; Diño & de Guzman, 2015; Dakduk et al., 2018; Khechine et 
al., 2014; Venkatesh et al., 2003). The findings obtained from the current study 
indicated that EE was a stronger predictor than PE. Finally, the data shows no 
significant evidence regarding the direction of SI on BI to adopt BL (β = 0.039, p < 
0.001). This result supports the findings of (i.e., Dakduk et al., 2018), and is 
inconsistent with previous UTAUT studies (i.e., Alshahrani & Walker, 2017; Alaiad & 
Zhou, 2014; Arman & Hartati, 2015; Venkatesh et al., 2003; Jairak et al., 2009; 
Williams et al., 2014) who found that the SI determinant had a significant positive effect 
on the behavioural intention to use, and the actual use of technology.  
 
This study could be valuable to decision-makers in higher education institutions. The 
research data is shown to be reliable and the conclusions logical. This research will add 
to the existing body of scientific literature about BL and technology adoption. Further, 
this paper might lead educators to better understand the factors that may encourage or 
discourage learners from applying BL in higher education. Faculty members and 
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administrators in the College of Education at King Khalid University and other 
educational institutions should use these results to in formulating strategies for using 
advanced technology in higher education. 
 
IMPLICATIONS FOR PRACTICE 
 
This study provides useful information about student behavioural intention regarding 
the application of BL at KKU. The results show that (graduate) students have a 
proclivity to BL courses. Consequently, administration and faculty members should 
give due consideration to expanding BL curriculum and carefully study student 
expectations in course design and implementation. Naturally, teaching strategies and 
skills will have to evolve along with BL course work. Faculty members should expect 
making substantial efforts to maintain core competencies in this new learning 
environment. Teachers will likely be required to expand their capabilities in course 
design and delivery through special training courses about online curriculum. Managers 
will have to provide the tools required for teachers and students to succeed. The 
increasing use of BL will require updated physical infrastructure, equipment, software 
and training required for BL course design and implementation. Note that this effort 
might apply not just to the College of Education; BL could be adopted by all colleges 
within the university system.  
 
Graduate students at King Khalid University College of Education can benefit from a 
BL approach to higher education. Students who must travel great distances to campus 
will obviously save time and commuting costs. Also, online courses facilitate 
communications between teacher and student. Technology (i.e. email, university 
platform) allows for communications more frequently and at irregular hours. BL also 
allows for students to interact and corroborate on course work more easily. In addition, 
online learning management systems (i.e. BlackBoard) can improve productivity and 
improve the quality of education. 
 
LIMITATIONS AND SUGGESTED FURTHER RESEARCH 
 
There are some inherent limitations and biases in this study. The research was limited 
to graduate students in one college, within a single university system in the Kingdom 
of Saudi Arabia. Also, the research participants completed the survey in the Arabic 
language, which was translated back into English. Some accuracy might have been lost 
in translation. In addition, the authors did not examine actual technology usage (i.e., 
behaviour use). By employing the UTAUT model, the researchers predicted student 
behaviour by way of perceptional, behavioural intention. The research was based on a 
self-administered, online survey, and there was no triangulation of data sources. 
 
Notwithstanding the limited scope of the research participant pool, the authors posit 
that the results should be considered material to and representative of student behaviour 
in other graduate programs and other universities in Saudi Arabia. As a group, students 
in the Kingdom are relatively homogeneous in many significant ways. The vast 
majority share a common: Ethnicity, culture, religion and educational background. 
Moreover, educational programs across universities are fairly uniform in nature. The 
national government controls broad educational policy, so there is no diversity of 
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agenda on higher education. Execution of educational policies falls exclusively under 
the jurisdiction of the national Ministry of Education. While there are differences in 
implementation, program goals and objectives for each major are uniform throughout 
the country. As the students and their educational programs are similar, it is logical to 
assume that the results of this study very likely yield comparable results. 
 
Naturally, the authors herein would like to add to the relevant body of knowledge and 
provide other academics with a platform for further research on the topic. This research 
project, and the conclusions set forth herein, are limited to the Kingdom of Saudi 
Arabia. One worthwhile endeavour would be to test the results in other countries, 
cultures and educational settings. This would provide deeper insight as to broader 
societal norms and trends on the subject of BL. This could lead to major improvements 
in education at many levels. This research paper is instructive on essential BL issues 
that have not been addressed in previous UTAUT- based studies. Hence, the proposed 
model is a significant contribution to the emerging literature on BL. To further advance 
knowledge on the subject, the authors of this study suggest repeating the research in a 
variety of geographical locations and diverse institutions. 
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