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ABSTRACT 
This study presents the development of an effective instrument to measure English language 
learners’ attitudes towards e-learning in the context of a public sector university. This study 
used Davis’ (1986) Technology Acceptance Model. The results of factor analysis revealed 
that five factors of the scale explained a total of 53.438% of the cumulative loading variance 
in the pattern of relationship among the items. Based on the loading values for each factor 
(sub scale), twenty-two items remained the final e-learning attitude scale for English 
language learners. These items were from five subscales- Student-teacher online interaction 
(6 items), Perceived benefits of e-learning (5 items), Student-student online interaction (4 
items), Perceptions about e-learning (3 items), and Perceived challenges of e-learning (4 
items). This scale can be used by teachers, educators, administrators in order to get a deeper 
understanding of e-learning attitudes of English language learners and to implement e-
learning technology successful in the field of teaching and learning. 

 
KEYWORDS 

 
E-Learning Attitudes, E-Learning, Factor Analysis, Scale Development 

Introduction 

Recent years have witnessed a phenomenal proliferation in the use of e-learning due 
to sudden outbreak of COVID-19 pandemic. E-learning changed its perspective with the 
pandemic particularly in the field of teaching and learning since it highly affected the world 
of education and consequently resulted the expedition of a process of “digitalization” in 
education (Cevik & Bakioglu, 2021). Although e-learning technology was integrated in 
Pakistan before the pandemic (though not taken seriously across disciplines until fairly 
recently), yet COVID-19 gave a boost to it. The pervasive situation compelled learners to 
make the effective use of digital devices, social media tools and technological applications, 
online resources and all other e-learning activities (Mulenga & Marban, 2020). This 
increased the need to know the e-learning attitudes of learners who were facing the 
metamorphosis in their learning phase. In this regard, it was essential to investigate the 
factors that are responsible for their attitudes towards e-learning. Therefore, this study 
aimed to design a more specified instrument that may measure the factors related to e-
learning attitudes of learners. The development of the current e-learning attitude scale may 
be significant and beneficial for the future research in the field of e-learning.  

The primary purpose of this study was to develop a valid and reliable scale to 
investigate e-learning attitudes of English language learners at a higher education institute 
in Pakistan. The upcoming scale that would be the product of this study is intended to 
provide reliable and valid measurement of English language learners’ attitudes towards e-
learning attitudes and its influencing factors. This may further be used by educators, 
policymakers, and researchers to inspect e-learning attitudes of individual learners or group 
of learners to implement e-learning technological practices in a better way or to increase the 
use of it in educational research. Secondarily, it aimed to investigate the factors related to e-
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learning attitudes of English language learners in the given context. This research also 
attempts to add the literature on e-learning attitudes in order to develop a holistic 
understanding of e-learning attitudes by incorporating its various aspects that include 
perceived benefits and perceived challenges of e-learning and online interaction. 

Literature review 

The term e-learning was considered as “an encompassing term that includes the full 
gamut of electronic tools by means of which we gather, record, and store information and 
by means of which we exchange and distribute information to others” (Anderson, 2010, p.4). 
Previous research has supported the importance of measuring learners’ attitudes towards 
e-learning for its successful implementation (Liaw, Huang & Chen, 2007; Omidinia, Masrom 
& Selamat, 2011) for it has “a significant and an essential direct influence on meaning and 
goals to adopt e-learning” (kenan, 2015, p. 27).  

A number of factors influencing e-learning attitudes have been studied by various 
researchers. Volery and Lord (2000) identified ease of access, support, interaction as the 
critical success factors for e-learning attitudes. Zhu et al. (2013) concluded that students’ 
motivation, benefits of e-learning such as flexibility and convenience, peer communication 
and student-teacher interaction were the main factors that maintained students’ positive 
attitudes towards e-learning. Based on the literature review related to e-learning, this study 
discusses five important factors that influence English language learners’ attitudes towards 
e-learning. These factors are Perceptions about e-learning, Online interaction, Perceived 
benefits of e-learning and Perceived challenges of e-learning.  

It is defined as “the exchange of information between the various stakeholders in the 
course (e.g., peers, instructors, and other support staff)” (Johnson et al., 2008, p.360). 
Advanced technology in the field of e-learning has provided multiple opportunities for 
creating collaborative learning communities through online interaction and by exchanging 
information and experiences (Hajli et al., 2013). E-learning, with its interactive and 
participatory potential, has a significant impact on the interaction of second/foreign 
language learners. It provides opportunities of utilizing the conversation forums to the 
learners using e-learning dispenses. 

E-learning has introduced significant enhancement in delivery of education. 
Therefore, considering the increasing demand of e-learning across the world, it becomes 
critical to understand the benefits of e-learning as perceived by learners. After studying a 
number of research studies on benefits of e-learning, this study has gathered almost all the 
benefits discussed in previous studies. The benefits of e-learning include enormous access 
to the e-learning resources (Al-Dosari, 2011; Dziuban et al., 2018; Al- Fraihat et al., 2020), 
convenience and self-pacing (Moody, 2004; You & Kang, 2014). Time and location flexibility 
(Kwofi & Henten, 2011), high level of learner engagement and involvement (Davidson & 
Amenkhienan, 2011), collaborative learning (2013), cost effectiveness (Verrshitskaya et al., 
2020).  

Almaiah et al. (2020) contended that challenges in an e-learning environment vary 
from country to country due to the contextual and cultural differences. Though Pakistan has 
been striving to implement e-learning in its educational institutes, it has been facing several 
issues such as access to the internet, poor infrastructure, lack of resources, lack of 
institutional support, and culture and policy (Nawaz, 2013). Qureshi (2012) divided the 
challenges faced by Pakistani students into three categories i.e., challenges related to (a) 
infrastructure, (b) instructional and (c) technical skills. Iqbal and Ahmad (2010) also 
reported electricity issue as one of the major challenges encountered by Pakistani learners. 
Some other challenges of using e-learning, as reported by researchers, were poor 
infrastructure (for instance, inaccessibility to latest technology, electricity breakdown, slow 
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internet, lack of technological devices and support), digital literacy (Anderson & Gronulund, 
2009; Nor & Mohamad, 2013), and lack of administrative support (Inglis, 2007).  

Theoretical Framework 

This study used Davis’ (1986) Technology Acceptance Model as the foundational 
framework for the current research. This model is designed to inspect users’ attitudes to 
accept or reject the new form of technology. Moreover, attitude is the prime component in 
the model that determines whether the use of technology will be preferred by the user or 
resisted. Attitude is further comprised of two key constructs of TAM i.e., Perceived 
Usefulness (PU) and Perceived Ease of Use (PEOU) which are also called the determinants 
of attitude. PU is the degree of person’s belief that the user perceives the particular system 
(for instance, e-learning in this case) useful while performing in a task (e.g., English language 
learning in this study). According to Granic and Marangunic (2019), PU is “the strongest 
determinant for the adoption of various technologies in educational context” (p.13). PEOU 
is defined as the degree to which one perceives that the use of the particular system (e-
learning in this study) would cost the user (learner) either no effort or only a little effort 
(Devis, 1986; Marangunic & Granic, 2015). According to Zhao and Wang (2020), these two 
variables are used to measure and predict users’ attitudes towards e-learning technology. 

 

Figure 1: Technology Acceptance Model (Davis, 1986) 

Material and Methods 

This study used existing literature related to learners’ attitudes towards e-learning 
as a guide to the current study afterwards based on the guide, a new scale was developed to 
investigate the factors related to e-learning attitudes of English language learners. Based on 
the literature review, five subscales were considered to represent five different dimensions 
of English language learners’ attitudes towards e-learning. The approach in this study was 
adopted in a way that each subscale could produce significant and reliable information about 
that particular aspect of e-learning attitudes of English language learners. Afterwards, 
confirmatory factor analysis was used to confirm the factors that was “to test the hypothesis 
that relationship between observable variables and their underlying latent construct(s) 
exists” (Suhr, 2006, p. 1). It inspected whether or not there was any relationship between 
the observed variables (each variable represented by an item in a scale) and their underlying 
factor. This statistical method, originally developed by Joreskog (1973), was to check how 
well the measured factors represented a number of constructs. Prior to test the hypothesis 
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statistically, researchers postulated a relationship pattern by using their knowledge of 
theory or/and empirical research. In CFA, selecting the number for factors was dependent 
on the number of the theoretical processes used in a research area. Suhr (2006) suggested a 
procedural approach to CFA that it required the researcher to review the literature and the 
relevant theory to specify and support a model, determine model identification, gather data, 
compute preliminary descriptive statistical analysis test, to test the model fit and to present 
and interpret the results. It then proceeded to fit these loaded items in the target matrix as 
closely as possible. Using CFA, researchers of the current study also specified the number of 
variables (factors) required in the data and showed that which measured factor was related 
to which latent factor.  

A convenience sampling method was used to select 440 participants from the 
undergraduate students of BS part 2 enrolled in remedial English course at a higher 
education institute in Pakistan. Participants represented various majors that included 
English linguistics (n= 89), English literature (n= 83), English language and literature (n= 
99), Political science (n= 47), Criminology (n=42), Business Administration (n= 37), Islamic 
Studies (n= 18), and Psychology (n= 25). 

Statistical steps to run factor analysis                                                      

The current study followed the statistical steps as explained by Tabachnick and 
Fidell (2019) and Pallant (2016) to run the factor analysis on the collected data. Explained 
below in detail, the first step was to check the suitability to perform factor analysis by 
inspecting some considerations and assumptions. The second step was to extract the factors. 
Finally, the third step was to rotate the factor and to interpret them. 

Step 1: Suitability to perform factor analysis 

KMO and Bartlett's Test 

The first consideration to test the suitability of factor analysis in a study was 
computation of two statistical measures that signified the suitability of the data for running 
the factor analysis. These two measures were Kaiser-Meyer-Olkin (KMO) and Bartlett’s test 
of sphericity (Hair et al., 2019; Pallant, 2016; Tabachnick & Fidell, 2019). The tests were 
computed to measure the adequacy of sampling and data where the minimum value of KMO 
must be .6 to run the factor analysis and the value of Bartlett’s test of sphericity should be 
significant (p < .05) for it (Hair et al., 2019; Pallant, 2016). As Table 1 shows that in the 
current research data the KMO value at .765 that was considered as an excellent sampling 
adequacy measuring value and Bartlett’s Test of Sphericity value is .000 (p = .000) which 
was smaller than .05 and was highly significant. Therefore, it was adequate to compute 
factor analysis on this study. 

Table 1 
KMO and Bartlett's Test 

Kaiser-Meyer-Olkin Measure of Sampling Adequacy. .777 

Bartlett's Test of Sphericity 
Approx. Chi-Square 2775.366 

Df 276 
Sig. .000 

Sample size for Factor Analysis 

Second consideration to check the adequacy of factor analysis was the sample size. 
Pallant (2016) explained that the larger sample was the better sample to make more reliable 
correlation coefficients among the variables. It was suggested that “it is comforting to have 
at least 300 cases for factor analysis” (Tabachnick & Fidell, 2019, p. 613). Thus, the sample 
size for the current study was 440 cases indicating the good number. 
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Strength of intercorrelations among the items 

The third consideration relates to the strengths of intercorrelations among the items 
that was measured from the inspection of correlation matrix. It was defined as “set of 
correlation coefficients among a number of variables” (Kline, 1994, p. 4). Tabachnick and 
Fidell (2019) have recommended that the evidence of coefficients value for should be 
greater than .3 for correlation matrix. The SPSS outcome of this study showed the 
interrelationships among the scale items as many of them exceeded .30 indicating the need 
to run factor analysis and supported the factorability of the correlation matrix. They have 
also argued that in order to produce the correlation matrix, eigenvalues for all the items are 
also necessary.  

This study has used FA to extract the factors and the items were inspected to check 
the high and low factor loadings. Prior to compute factor analysis, assessment was done for 
the suitability of the data. An estimation of the number of factors was obtained from the 
eigenvalues reported in the table. Using KMO value (.777), only those components were 
extracted which had the eigenvalue of 1 or more. Eigenvalues represented variance 
(Tabanchnick & Fidell, 2019). The outcome also showed the extracted factors with their 
eigenvalues and variance percentage for each variable in addition to the cumulative variance 
of the extractable factors. 

Step 2: Factor extraction 

Step 2 was to determine the number of factor(s) by preparing a correlation matrix 
to perform factor analysis and extract a group of factors from the correlation matrix. One of 
the major goals of factor extraction was to discover the minimum number of factors with 
their reliably positioned variables. The other goal included discovering the meaning of the 
factors that is situated in connection to observed variables (Tabachnick & Fidell, 2019). 
According to Pallant (2016), there were various statistical techniques for extracting factors 
or dimension. Among them we followed screeplot as a reference point for extracting the 
factors for the current research study. This screeplot was utilized to extract the number of 
factors. It showed the factors in descending order along with the eigenvalues as the ordinate. 
It inspected the plot to find out the changing point where the plot shaped the curve. Cattell 
(1966) called it the changing point as elbow point and he further explained that the factors 
above the elbow point should be retained because these factors were highly contributing to 
the variance of the data set. Gorsuch (1983) added that the outcome of the scree test was 
more vivid and thus reliable particularly when communalities were high and sample size 
was large, and each factor in a tool had several observed variables with high loadings. 

 

 

 

 

 

 

Figure 2: Scree Plot 

The scree plot shown above extracted five factors which had greater than one 
eigenvalue. However, the sixth factor, along with other remaining factors, had less than 1 
eigenvalue. After indicating five factors, the shape of the plot turns curved (elbow shape). 
Therefore, only five factors were retained for further analyses. Moreover, the Total Variance 
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table was also examined to know the number of the factors meeting the criterion. Factor 
analysis in the present study revealed five factors recorded above 1 eigenvalue (12.425, 
11.477, 10.718, 10.226, and 8.592 respectively). These five factors explained a total of 
53.438% of the cumulative loading variance (see Total Variance Explained in Table 2).  

Step 3: Factor Rotation and Interpretation 

After the factor extraction, the rotation process was followed to enhance the 
interpretability and scientific utility of the solution. According to Tabachnick and Fidell 
(2019), “rotation of the factors is a process by which the solution is made more interpretable 
without changing its underlying mathematical properties” (p. 478). After an extraction, this 
process was followed to magnify high correlations between the variables and the factors. It 
determined the number of the factors to increase the interpretability in order to interpret 
the final results. The naming and interpretation of the factors (sub scales) depended on the 
meaning of the specific combination of observed variables correlating highly with each 
other. Factor rotation repositioned the factor axes to facilitate the interpretation of the data. 
The researcher could easily interpret the particular factor when several observed variables 
may have high correlation with it and they do not correlate with any other with the same 
correlation value (Tabachnick & Fidell, 2019). In orthogonal (uncorrelated) rotation – as 
compared with oblique (correlated) rotation – all the factors are uncorrelated to each other 
and hence contain the independence among the factors even after rotating them. Orthogonal 
rotation produces a loading matrix that presents the correlation between items (observed 
variables) and factors. On the other hand, oblique factor analysis shows the factors that 
contain the correlation among each other and therefore they do not remain independent 
after rotation (Pallant, 2016). Within these two broad approaches, there are various 
statistical techniques offered by SPSS software.  

In orthogonal rotation, the techniques to be followed Varimax, Quartimax, and 
Equamax. Among them, the varimax is most commonly used in the rotation process (Hair et 
al., 2019; Pallant, 2016). Varimax is “a variance-maximizing procedure” (Tabachnick & 
Fidell, 2019, p. 487) which simplifies factors by maximizing the variance of factor loading 
that displays high loading higher and consequently reducing the number of variables by 
making low loading lower for each factor. This technique facilitated the researcher to 
interpret each of the variable that loads strongly only on one component or factor and not 
on others. By adopting this technique, researchers felt easy to interpret factors as the 
correlation between factor and variable is quite obvious.  

Quartimax does the same action for variables what Varimax does for factors. It 
maximizes the dispersion of the loadings within variables across factors and thus simplifies 
them. It differs from Varimax in a way that it operates on the rows rather than columns. It is 
less popular than varimax as researchers are more interested in simple factors as compared 
to simple variables. Equamax is the hybrid version of above-mentioned techniques i.e., 
Varimax and Quartimax as it simplifies simultaneously both- the factors and the variables. 
The current study used Orthogonal extraction method Varimax rotation as it is most 
commonly used in attitude studies when researchers aim to extract unrelated and 
independent factors.  

Furthermore, it was important to assess the sample size while estimating the 
measurements of reliable correlation coefficient in order to interpret the rotated component 
matrix. Tabachnick and Fidell (2019) have argued that “at least 300 cases are needed with 
low communalities, a small number of factors, and just three or four indicators for each 
factor” (p. 482). Hair et al. (2019) have also elaborated that minimum value for a factor 
loading should be .30 for a sample size of 350 to identify significant factor loadings. The 
sample size of this study was 440 that indicated statistically significant factor loadings. This 
research followed the Orthogonal approach to extract the factors with Varimax rotation 
because there were different and uncorrelated aspects of the e-learning attitude scale. 
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Tabachnick and Fidell (2019) expound about the reliability of the factors that if only one 
observed variable loads highly on a factor, then the factor is poorly defined. If two variables 
have high loadings on a factor, then its reliability depends on their pattern of correlation 
with each other and with other variables. If there is high correlation between these two 
variables (for instance, r > .70) and these two variables may simultaneously uncorrelated 
with other variables then the factor may be reliable. The component matrix above showed 
on each factor more than two variables were loading indicated that the extracted factors 
were reliable. Concerning the fact that the higher the loading, the more the variable is a 
measure of the factor, all the variables were inspected to check the loading values. The 
loadings above .71 are considered excellent loadings, .63 loading as very good, .55 loading 
as good, .45 as fair, and .32 as poor factor loading (Comrey & Lee, 1992). However, some 
other researchers think .3 factor loading value as the acceptable one (Pallant, 2016; Mvuddu 
& Sink, 2013).  

Considering this criterion, factor analysis was computed on all 24 items for a sample 
of 440 English language learners. All the variables were rotated using Orthogonal Varimax 
approach as shown in the Rotated Component Matrix (see Table 3). Pallant (2016) 
recommend that “removing the items if they had low communality values (e.g., less than .3) 
as indicates that the item does not fit well with the other items in its component” (p. 220). 
Therefore, two variables having the low communality values were deleted for further 
analysis of inferential statistics that condensed the scale to 22 items (variables) in total. 

 I feel comfortable using LMS for learning English. (Communality value = .297) 

 E-learning helps me to learn English anytime (Communality value = .268) 

Table 2 
Total variance explained 

Component 
Initial Eigenvalues 

Extraction Sums of Squared 
Loadings 

Rotation Sums of Squared 
Loadings 

Total 
% of 
Variance 

Cumulative % Total 
% of 
Variance 

Cumulative % Total 
% of 
Variance 

Cumulative % 

1 3.467 14.447 14.447 3.467 14.447 14.447 2.982 12.425 12.425 
2 3.004 12.515 26.962 3.004 12.515 26.962 2.754 11.477 23.901 
3 2.554 10.640 37.602 2.554 10.640 37.602 2.572 10.718 34.620 
4 1.991 8.294 45.896 1.991 8.294 45.896 2.454 10.226 44.846 
5 1.810 7.542 53.438 1.810 7.542 53.438 2.062 8.592 53.438 

 

Table 3 
Rotated Component Matrix 

 
Component 

1 2 3 4 5 
I find my teachers very interactive in online groups. .758     
My teachers do not provide me feedback on my work in 
online groups. 

.735     

I find limited response of teachers to my English language 
related queries in online groups. 

.724     

E-learning increases my interaction in English with my 
teachers in online groups. 

.707     

My teachers share course material in online groups. .637     
My teachers always encourage me to use e-learning. .601     
E-learning is cost effective for learning English.  .783    
E-learning for learning English requires little effort on 
my part. 

 .765    
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E-learning helps me learn English anywhere.  .760    
E-learning environment enhances my English language 
skills. 

 .634    

E-learning helps me learn English anytime.  .507    
E-learning helps me learn English effectively.  .447    
I like to interact in English with my peers in online 
groups. 

  .806   

I share my English learning experiences with other 
students in online groups. 

  .800   

Interaction in English with fellow students in online 
groups helps me learn better. 

  .773   

I like to share material for learning English with my peers 
in online groups. 

  .750   

I prefer e- learning instead of physical classroom for 
learning English. 

   .844  

I prefer to read an e-book rather than a print-book.    .837  
I do not like e-learning for learning the English language.    .807  
I feel comfortable using LMS for learning English.    .426  
It is not affordable for me to have a reliable internet 
connection at my home. 

    .754 

I do not have access to the internet connection at my 
institute/department. 

    .730 

I think I do not have enough skills to use LMS for learning 
English. 

    .663 

Repeated electricity failures discourage me to use e-
learning. 

    .655 

 
Factor one was represented by 6 items and was labeled as “Student-Teacher Online 

Interaction”. It carried 12.425% variance and factor loading values were ranging from .758 
to .601 indicating excellent to good loadings. Factor two reflected the and ease of use as well 
as the usefulness of e-learning that explained 11.477% of the variability and was 
represented by 5 items. The factor loading value ranged from .783 to .447. It was named as 
“Perceived Benefits of E-learning” as all observed variables were addressing the various 
benefits of e-learning such as cost saving, ease of use, effective learning, access and flexibility 
of e-learning material. Factor three was comprised of 4 items which were addressing the 
concept of peer interaction in online groups hence it was labeled as “Student-Student Online 
Interaction”. It was accounted for 10.718% of the variance. All the four variables had 
excellent factor loading values ranging from 0.806 to 0.750. Factor four with 10.226% of the 
variance was composed by 3 items that dealt with learners’ perceptions (preferences, 
feelings and likes) for e-learning. Thus, this factor was termed as “Learners’ Perceptions for 
E-learning”. The variables were loading from excellent to very good with 0.844 to 0.426. 
Factor five was related to the challenges faced by learners in adopting e-learning and 
explained 8.592% of the variance. The challenges included the internet access, affordability 
of internet, technology skills and electricity failures. This factor, named as “Perceived 
Challenges of E-learning” was represented by 4 variables ranging from 0.754 to 0.655 factor 
loading value.  

 
Reliability of Factors 

Overall, the 22-item based scale generated a Cronbach alpha was 0.733 (see Table 
4). Alpha coefficients were also computed on an individual factor of the e-learning attitude 
scale. Factor 1 (Student-Teacher Online Interaction) produced a Cronbach alpha of .785. The 
reliability coefficient for factor 2 (perceived benefits of e-learning) was also adequate with 
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.738 alpha value. Factor 3 (Student-Student Online Interaction) also yielded a high reliability 
of .799. Factor four (that was named as perceptions about e-learning) had the highest 
Cronbach alpha value among all the factors with .811 Cronbach alpha. Finally, the Cronbach 
alpha for factor five (Perceived Challenges of E-learning) was also computed that displayed 
low but acceptable value with .669 alpha. This alpha value was supported by the fact that 
Cronbach alpha value is very sensitive to the number of items. Although the minimum level 
of 0.7 is recommended, yet it is difficult to get the decent Cronbach alpha value if there is a 
small number of items (less than 10) in the scale. In such case, the mean inter-item 
correlation should be reported that should range from .2 to .4 (Hair et al. 2019; Pallant, 
2020). In this case, the mean inter-item correlation of factor five is .333 suggesting a strong 
relationship among the items.  

Table 4 
Reliability of E-learning Attitude Scale 

Scale Cronbach Alpha Value 
E-learning attitude scale .733 
Reliability of Individual Factors of 
E-learning Attitude Scale 
Student-teacher online interaction .785 
Perceived benefits of e-learning .738 
Student-student online interaction .799 
Perceptions about e-learning .811 
Perceived challenges of e-learning .669 

(mean inter-item correlation = .333) 
 
Conclusion 

As a result of confirmatory factor analysis, five factors were confirmed in the scale 
of e-learning attitudes of English language learners namely Student-teacher online 
interaction, perceived benefits of e-learning, student-student online interaction, perception 
about e-learning, and perceive challenges of e-learning. Almost all the factors had acceptable 
Cronbach alpha value as well. The final questionnaire had 22 items after deleting two items 
for having communality value. As a result, five- factor structure of the E-learning attitude 
scale has been confirmed through the factor analysis in this study.              

  



 
Journal of  Development and Social Sciences (JDSS) July-September, 2022 Volume 3, Issue 3 

 

769 
 

References 

Al- Dosari, H. (2011). Faculty members and students perceptions of e-learning in the English 
department. Journal of Social Sceinces, 7(3), 391-407. 
doi:https://doi.org/10.3844/jssp.2011.391.407 

Al-Fraihat, D., Joy, M., Masa'deh, R., & Sinclair, J. (2020). Evaluating e-learning system 
success: An empirical study. Computers in Human Behavior, 102, 67-86. 
doi:https://doi.org/10.1016/j.chb.2019.08.004 

Almaiah, ,. M., Al-Khasawneh, A., & Althunibat, A. (2020). Exploring the critical challenges 
and factors influencing the e-learning system usage during COVID-19 pandemic. 
Education and Information Technologies, 25, 5261-5280. 
doi:https://doi.org/10.1007/s10639-020-10219-y 

Andersson, A. (2010). Learning to learn in e-learning: Constructive practices for 
development. Doctoral thesis. Orebro Studies in Informatics. 

Anderson, A., & Gronlund, A. (2009). A conceptual framework for e-learning in developing 
countries. The Electronic Journal of Information Systems in Developing Countries, 38(1), 
1-16. 

Cevik, M., & Bakioglu, B. (2021). Inevstigating students' e-learning attitudes in times of crisis. 
Education and Information Technologies, 1-23. doi:https://doi.org/10.1007/s10639-
021-10591-3. 

Comrey, A. L., & Lee, H. B. (1992). A First Course in Factor Analysis. Hillsdale, NJ: Erlbaum. 

Davidson, D., & Amenkhienan, F. (2011). Student engagment should be fundamental. 
Franklin Business & Law Journal, 2, 39-50. 

Davis, F. D. (1986). A technology acceptance model for empirically testing new end-user 
information system: Theory and results. Doctoral dissertation. Cambridge, MA: MIT 
Sloan School of Managment. 

Dziuban, C., Graham, C. R., Moskal, P. D., Norberg, A., & Sicilia, N. (2018). Blended learning: 
The new normal and emerging technologies. International Journal of Educational 
Technology in Higher Education, 15(1), 1-16. doi:https://doi.org/10.1186/s41239-017-
0087-5. 

Gorsuch, R. L. (1983). Factor Analysis. Hillsdale, NJ: Erlbaum. 

Granic, A., & Marangunic, N. (2019). Technology acceptance model in educational context: A 
systematic literature review. British Journal of Educational Technology, 50(5), 2572-
2593. doi:https://doi.org/10.1111/bjet.12864. 

Hair, J. F., Black, W. C., Babin, B. J., & Anderson, R. E. (2019). Multivariate data analysis (8th 
ed.). Australia: Cengage. 

Hajli, M., Bugshan, H., Lin, X., & Featherman, M. (2013). From e-learning to social learning: A 
health care study. European Journal of Training and Development, 37(9), 851-863. 

Iqbal, M. J., & Ahmad, M. (2010). Enhancnig quality of education through e-learning: The case 
study of Allama Iqbal Open University. Turkish Online Journal of Distance Education, 
11(1). 



 
Journal of  Development and Social Sciences (JDSS) July-September, 2022 Volume 3, Issue 3 

 

770 
 

Inglis, A. (2007). Approaches taken by Australian universities to documenting insitutional e-
learning strategies. ICT: Providing choices for learners and learning, Proceedings ACILITE, 
(pp. 419-427). 

Johnson, R. D., Hornik, S., & Salas, E. (2008). An empirical examination of factors contributing 
to the creation of successful e-learning evironments. International Journal of Human-
Computer Studies, 66(5), 356-369. doi:https://doi.org/10.1016/j.ijhcs.2007.11.003 

Joreskog, K. G. (1973). General methods for estimating a linear structure equation system. 
In Structural Equation Models in the Social Sciences. New York: Seminar Press. 

Kenan, T. (2015, May). Improving the effectiveness of e-learning implementation in the 
school of engineering at Tripoli University. Doctoral Thesis. University of Huddersfield. 

Kline, P. (1994). An Easy Guide to Factor Analysis. London, New York: Routledge. 

Kwofie, B., & Henten, A. (2011). The advantages and challenges of e-learning 
implementation: The story of a developing nation. WCES-3rd World Conference on 
Educational Sciences, (pp. 13-14). Istanbul. 

Liaw, S. S., Huang, H. M., & Chen, G. D. (2007). Surveying instructor and learner attitudes 
towards e-learning. Computers and Education, 49(4), 1066-1080. 
doi:https://doi.org/10.1016/j.compedu.2006.01.001 

Marangunic, N., & Granic, A. (2015). Technology acceptance model: A literature review from 
1986 to 2013. Universal Access in the Information Society, 14, 81-95.  

Mulenga, E. M., & Marban, J. M. (2020). Is COVID-19 the gateway for digital learning in 
mathematics education. Contemporary Educational Technology, 12(2). 
doi:https://doi.org/10.30935/cedtech/7949 

 Mvududu , N. H., & Sink, C. A. (2013). Factor analysis in counselling research and practice. 
Counselling Outcome Research and Evaluation, 4(2), 75-98. 
doi:https://psycnet.apa.org/doi/10.1177/2150137813494766 

Nor, M. Z., & Mohamad, A. M. (2013). Challenges in accepting the e-learning system: The case 
of e-learners from different backgrounds of study. 3rd Interntaional Conference for e-
Learning and Distance Education, (pp. 1-14).  

Omidinia, S., Masrom, M., & Selamat, H. (2011). Review of e-learning and ICT infrastructure 
in developing countries (Case study of Iran). American Journal of Economics and Business 
Adminstration, 3(1), 120-125. doi: https://doi.org/10.3844/ajebasp.2011.120.125 

Pallant, J. (2016). SPSS Survivall Manual: A step by step guide to data analysis using IBM SPSS 
(6th ed.). Berkshire, England: McGraw- Hill Education. 

Pallant, J. (2020). SPSS: Survival Manual (7th ed.). London & New York: Routledge. 

Qureshi, I. A., Ilyas, K., Yasmin, R., & Whitty, M. (2012). Challenges of implementing e-
learning in a Pakistani university. Knowledge Managment & E-Learning: An International 
Journal, 4(3), 310-324. doi:https://doi.org/10.34105/j.kmel.2012.04.025 

Suhr, D. D. (2006). Exploratory or confirmatory factor analysis. SUGI 31 Proceedings, (pp. 1-
17). San Francisco, California. 

Tabachnick, B. G., & Fidell, L. S. (2019). Using Multivariate Statistics (7th ed.). US: Pearson 
Education. 

https://doi.org/10.3844/ajebasp.2011.120.125


 
Journal of  Development and Social Sciences (JDSS) July-September, 2022 Volume 3, Issue 3 

 

771 
 

Vershitskaya, E. R., Mikhaylova, A. V., Gilmanshina, S. I., & Dorozhkin, E. M. (2020). Present-
day management of universities in Russia: Prospects and challenges of e-learning. 
Education and Information Technologies, 25, 611-621. 
doi:https://doi.org/10.1007/s10639-019-09978-0. 

Volery, T., & Lord, D. (2000). Critical success factors in online education. The International 
Journal of Educational Management, 14(5), 216-223. 

Zhao, J., & Wang, J. (2020). Health advertising on short-video social media: A study on user 
attitudes based on the extended technology acceptance model. Interational Journal of 
Environmental Research and Public Health, 17(5), 
https://doi.org/10.3390/ijerph17051501. 

Zhu, y., Au, W., & Yates, G. C. (2013). University students' attitudes toward online learning in 
a blended course. AARE Annual Conference. Adelaide: Australian Association for 
Research in Education. 

 

 

 

    

https://doi.org/10.3390/ijerph17051501

