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Abstract: The purpose of this study was to investigate the factors that influence the use of e-learning
among students in higher education during the Corona Virus disease, during the 2019 season (COVID-
19). A poll of 395 students from the student’s university was used to conduct the research. The study’s
theoretical foundation was an expanded Technology Acceptance Model (TAM), which included task-
technology fit and students’ engagement, as well as external elements such as experience (EXP),
technology anxiety (TEA), and facilitating conditions (FC). The suggested model was tested and
evaluated using SEM-PLS. The investigation demonstrated that the suggested TAM-based scale
effectively describes factors impacting students’ use of E-learning during the pandemic. According
to the findings, students’ engagement (SEN), EXP, TEA, and FC have a favorable impact on task–
technology fit (TTF) and perceived ease of use (PEOU), resulting in a good impact on TTF and usage
of an e-learning system for educational sustainability (EA). Finally, the TTF fit and convenience
of use of eLearning in education have a positive impact on the behavioral intention to use an e-
learning system for educational sustainability and the adoption process. As a result, higher education
institutions should use eLearning as a sustainability learning strategy.

Keywords: TAM model; e-learning; BI; TTF fit; TEA

1. Introduction

E-learning is a learning approach that is based on formalized instruction, using elec-
tronic resources. While education can take place in or out of the classroom, e-learning
is primarily dependent on the use of computers and the Internet. Therefore, e-learning
is a network-enabled transfer of skills and knowledge, where education is delivered to
a large number of people at the same time or at various periods [1,2]. The development
of internet-based educational tools, such as virtual learning environments (VLE) and the
increase in information and communication technology (ICT), have improved electronic
learning (e-Learning) platforms [1]. E-learning has flourished at all levels of higher ed-
ucation around the world [1]. Educational institutions around the world are attempting
to incorporate e-learning into old sequence delivery structures and establish combined
learning environments [2]. This technique has added value for students and institutions
by developing the excellence of the product [3,4]. Devoted administrators, competent and
motivated learners, and well-organized students are all required to achieve the goal [5,6].
Furthermore, institutional constraints and bad user perceptions are hindering e-spread
learning [7,8]. Despite its numerous benefits, e-learning is not commonly used in advanced
countries for a variety of reasons. In the context of the COVID-19 epidemic, however, nu-
merous universities have moved to e-learning to keep their academic programmes running.
Coronaviruses are wreaking havoc around the world right now, with outbreaks occurring
in practically every country. To combat the virus’s rapid spread, most governments have
instituted lockdowns or mobility restrictions, which have had a tremendous influence
on all parts of our daily lives. Regardless of the economy, one of COVID-19’s biggest
setbacks has been the education sector. Thus, traditional learning methods have changed.
An e-learning system can assist students and institutions in creating new opportunities in
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the event of a pandemic [9,10]. Several studies, including Ali et al., [7], Choi and Lam, [11]
and Samsudeen and Mohamed, [12], have acknowledged the importance of e-learning in
high-quality educational offerings. For example, it provided various e-learning benefits
such as access from anywhere and at any time, enhanced student motivation, access to more
advanced or novel learning methodologies, opportunities for self-directed education and
adoption, improved ICT device arrangement, and increased maternal participation [13,14].
Empirical evidence reveals that academicians in local HEIs employ E-learning to a limited
extent [15,16]. According to a small quantity of literature, there is a vacuum in our under-
standing of the reasons why academics in local HEIs are hesitant to implement e-learning. This
enables researchers to investigate the determinants that affect E-learning adoption for educational
sustainability at higher education institutions where blended learning is now optional.

Problem Statement

The usage of information technology in the education sector is increasing, and stu-
dents routinely use mobile devices and the Internet. The e-learning system has fast become
a necessary component in institutions. Students are also enthusiastic about online-based
e-learning, as seen by their acceptance and adoption. On the other hand, researchers
discovered some discrepancies in their findings. Even though learning platforms at ed-
ucational institutions have expanded to include mobile services, they discovered that
student curiosity and e-learning are not doing as well as they should [17,18]. A variety of
conditions influence a learner’s acceptance and behavioral intention (BI) to use eLearning.
An extensive and diverse analysis of such aspects is critical [19,20]. Thus, the focus of
this research is on the students’ intentions and their e-learning adoption for educational
sustainability (EA), using an e-learning system at higher education institutions. During
the COVID-19 epidemic, researchers have focused more on e-learning, as it is the only
way to continue academic pursuits, according to the study. The link between external
variables and behavioral intention to use e-learning system for educational sustainability
learners has been contained by fear of COVID-19 [21]. A few study frameworks, on the
other hand, can predict a student’s BI. Thus, the “lack of a framework to predict intention
to use and eLearning adoption (EA) to use e-learning among students” led to this study.
The study aims to propose a framework for determining BI and e-learning adoption for
educational sustainability (EA) among students in higher education and to identify key fac-
tors influencing behavioral intention (BI) and e-learning adoption (EA) among students in
higher education. Implementing and deploying instructional technology in impoverished
countries has proven difficult, and it does not always result in commensurate increases in
student learning outcomes. It is necessary to explore and analyze critical success aspects in
order to enhance university e-learning usage for education [19–21]. Thus, the focus of the
research is on the rapid evolution of educational technology and e-learning systems. This
study investigated whether such developments can benefit universities in underdeveloped
countries like Saudi Arabia. Thus, this article identifies and investigates the elements that
impact university students’ use of e-learning for educational sustainability.

2. Research Model and Hypotheses Development

The TAM model was proposed by Davis [22] to study the association between re-
cent uses of new technology and plans to adopt it. According to the TAM, the indi-
vidual/organizational knowledge system is made up of three key constructs, which are
(PEOU), (PU), and (EN). Furthermore, TTF [23] developed the TTF to emphasise the imper-
ative of a good fit between the actual task and technology in order to achieve individual
technological competence. Moreover, the UTAUT model incorporates key elements of
previously established theories such as TAM, TRA, TPB, IDT, and others. Individual IS
adoption is influenced by four primary variables, according to this model. In understanding
intention to use (BI) and actual technology utilization behavior, these aspects are mediated
by TTF and PEOU [24]. Thus, the current study evaluated eight aspects that influence TAM
and TTF in accordance with the adoption and usage of an E-learning system. The aspects
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were analyzed as: experience (EXP), technology anxiety (TEA), students’ engagement
(SEN), facilitating condition (FC), perceived usefulness (PU), perceived ease of use (PEOU),
task-technology fit (TTF), behavioral intention to use (BI), and e-learning adoption for
educational sustainability (EA); all are depicted in Figure 1.

Figure 1. Research model and hypotheses.

2.1. Experience (EXP)

For the TAM model to predict student intention to use e-learning system for educa-
tional sustainability, EXP is a very beneficial external variable [25]. According to Abdullah
and Ward [26] and Lee et al. [27], individuals with superior skills in using a computer
are more likely to have positive feelings while using an online learning tool. Numerous
studies on the acceptance of eLearning have demonstrated that EXP has an impact on
PEOU and usefulness (PU) (Lee et al., [28]; De Smet et al., [29]). Students’ intentions to
adopt a specific type of eLearning system were influenced by their computer expertise [30].
Thus, the authors propose the following two hypotheses:

Hypothesis 1 (H1). EXP will have a positive and substantial effect on PEOU.

Hypothesis 2 (H2). EXP will have a positive and substantial effect on TTF.

2.2. Technology Anxiety (TA)

The term “technological anxiety” has been established in earlier studies of computer
anxiety [31]. According to Venkatesh et al., computer anxiety is defined in the context
of accomplishment of a specific behavior as an emotional response [24,32,33]. Computer
anxiety, according to Igbaria et al. [34], is an emotional response to the worry of meeting
problems while using a computer. According to Alenezi [35], it is important for the
adaptation of e-learning in educational institutions. Baki et al. [36] discovered that in an
e-learning environment, computer anxiety has a negative impact on a learner’s PEOU,
with 59 per cent of studies validating this [26]. Although Abdullah et al. [25] found no
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association between technological anxiety and PU, they did find two separate correlations
between PEOU and PU. Thus, in this study, two hypotheses about anxiety were proposed:

Hypothesis 3 (H3). TEA will have a positive and substantial effect on PEOU.

Hypothesis 4 (H4). TEA will have a positive and substantial effect on TTF.

2.3. Facilitating Conditions (FC)

FC is defined as the level of access to resources to achieve a task [37]. FC is an external
control element associated with the concept of resource facilitation [38]. If appropriate tools are
accessible, learners can finish their tasks and have positive views regarding e-learning. From the
perspective of recognizing and implementing modern-day innovation, FC has been shown as
an important predictor [24,39]. According to Engelbrecht [40] and Selim [41], numerous studies
have identified a lack of facilitation infrastructure as a major barrier to the implementation of
online learning systems. Thus, this study proposes the following hypothesis:

Hypothesis 5 (H5). FC will have a positive and substantial effect on PEOU.

Hypothesis 6 (H6). FC will have a positive and substantial effect on TTF.

2.4. Students’ Engagement (SEN)

Learners benefit from the e-learning environment since it increases engagement in
their academic courses and helps them perform better [42]. Academic engagement (AE) and
integrated classrooms are essential in all learning situations, including face-to-face, online,
and mixed classroom instruction [43]. Academic engagement in higher education studies
is a strong predictor of academic development [44]. According to Hussain et al. (2018),
student engagement in academia is based on a dynamic relationship between students
and their institutional surroundings [45], which takes a more inclusive and comprehensive
approach to the learner EXP. The study’s student engagement was primarily concerned
with student EXPs in both internal and formal learning situations. To improve academic
success, technology can be used to connect students, teachers, and course content [46]. In
this study, AE is utilized as a mediator to motivate college students to support education by
including e-learning in their syllabus. Thus, this study proposes the following hypothesis:

Hypothesis 7 (H7). SEN will have a positive and substantial effect on PEOU.

Hypothesis 8 (H8). SEN will have a positive and substantial effect on TTF.

2.5. Perceived Usefulness (PU)

PU and PEOU are referred to as separate concepts in the TAM model, which is
currently being used to assess e-learning systems [47]. PEOU, EN, and helpfulness in
completing the work quickly were found as variables used to determine PU. Several studies
have been conducted [48,49]. According to previous studies, PU had the largest impact on
attitude [50,51]. Furthermore, PU has a strong effect on BI when using e-learning [52,53].
Thus, this study proposes the following hypothesis:

Hypothesis 9 (H9). PU will have a positive and substantial effect on PEOU.

Hypothesis 10 (H10). PU will have a positive and substantial effect on TTF.

2.6. Perceived Ease of Use (PEOU)

PEOU refers to a learner’s perception of a system’s simplicity or ease of use [22,54].
The term in this analysis refers to the students’ thoughts on how to use this technology
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to better their learning and performance. Others have noted that this idea is stated in
terms of the amount of work necessary to use a certain system [24,54]. According to
earlier research [25,55,56], PEOU has a substantial impact on PU. According to earlier
studies [57,58], PEOU also affects attitudes toward e-learning. Thus, this study proposes
the following hypothesis:

Hypothesis 11 (H11). PEOU will have a positive and substantial effect on TTF.

Hypothesis 12 (H12). PEOU will have a positive and substantial effect on intention to use BI.

Hypothesis 13 (H13). PEOU will have a positive and substantial effect on EA for educa-
tional sustainability.

2.7. Task-Technology Fit (TTF)

Individuals’ interactions with information systems are generally linked to their TTF
individual adaptation behaviour [23]. TTF is grounded in the requirement for a relationship
between the technology attributes and the task requirements [23]. As it is only based on the
expectations of students about the technologies, the methodology is too scarce to foresee
their adoption. Students are more likely to use technology if they feel it will aid them in
meeting their daily objectives [23,59]. The paradigm of this theory clarifies the efficient
characteristics of technology use. The model of TTF is envisaged when consumers engage
with a technology based on a relationship between performance prospects and technologi-
cal qualities [23,60], since concentrating only on consumers’ expectations associated with
the technology is inadequate. Thus, for this study, the hypotheses are proposed that:

Hypothesis 14 (H14). TTF will have a positive and substantial effect on BI to use e-learning.

Hypothesis 15 (H15). TTF will have a positive and substantial effect on EA for educational sustainability.

2.8. Behavioral Intention (BI) to Use E-Learning System for Educational Sustainability

The degree to which a student intends to adopt e-learning platforms in the future is
known as behavioral intention (BI) [61]. As mentioned by Ain et al. [62], many researchers
have found that BI significantly influences actual system usage. “Intention to use E-
learning” was proposed as a variable in this study and was explained as the probability
that a person will adopt an e-learning system when it is available to him or her. The
BI-to-use of individuals is important in the actual application of new technologies [22].
Students’ behavior predictions to use e-learning systems are predicted by TAM variables,
as PU has an important and positive impact on users’ desire to use e-learning again, after
the first time [63,64].

Hypothesis 16 (H16). BI use will have a positive and substantial effect on e-learning adoption for
educational sustainability.

3. Research Methodology

The researchers used quantitative survey methods to evaluate the hypotheses and
come up with responses to the research objective. To obtain empirical data, self-administered
questionnaires were distributed. The questionnaire was comprised of three sections. The
first section consisted of a total of 45 items to measure student BI to use e-learning and
e-learning adoption for educational sustainability, as well as extracting nine items to assess
the acceptability of e-learning. The second section consisted of 45 items to measure student
BI in using E-learning and their adoption, as well as extracting nine constructs. Third, the
suggested conceptual model of e-learning utilization in educational institutions was exper-
imentally assessed using structural equation modelling, as indicated by Hair et al. [65]. A
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Likert-scale of five-points (1 as “strongly disagree” to 5 as “strongly agree”) was applied to
evaluate the items. Appropriate statistical tests were employed to evaluate the data and
suggest significance in the study’s outcomes. A total of 395 students from the students’
university were randomly selected for data collection, including domestic and foreign
undergraduate students, Masters and PhD students. The poll focused on respondents’
perceptions of PEOU and TTF’s effect on BI’s willingness to use e-learning and e-learning
adoption for educational sustainability. The data was analyzed with SPSS and structural
equation modeling (SEM-PLS) was applied.

3.1. Participants

Table 1 represents the respondents’ gender, age, institution, specialization, and social
media usage.

Table 1. Demographic profile.

Items Description N % Cumulative %

Gander
Male 273 69.1 100.0

Female 122 30.9 30.9

Age

18–20 27 6.8 6.8
21–24 64 16.2 23.0
25–29 138 34.9 58.0
30–34 81 20.5 78.5
35–40 57 14.4 92.9
41–45 17 4.3 97.2

46–Above 11 2.8 100.0

Education

Social Science 37 9.4 9.4
Science & Technology 138 34.9 44.4

Engineering 85 21.5 66.0
Management 96 24.3 90.4

Others 38 9.6 100.0

3.2. Measurement Instruments and Analysis

The measurement items for the constructs were adopted from the widely used vali-
dated measures from previous studies and were modified for this study. Basic demograph-
ics such as respondents’ age, gender, and education as well as questionnaire items that
measure the variables EXP, TA, FC, SE, PU, PEOU, TTF, BI, and EAB were adapted from
the sample questionnaire. TA was adapted from survey items [26,63]; FC was adapted
from survey items [62,66], PEOU was adapted from survey items [51,63], TTF was adapted
from survey items (Kim et al., 2010; Behavioral intention to use eLearning was adapted
from items from a survey [63,67], and e-learning adoption for educational sustainability
was adapted from items from a survey [68,69]. For data analysis, PLSSEM techniques
were implemented using Smart-PLS3. In addition, Smart-PLS 3.3 software was utilized
for assessing measurements and structural models. The data validity and reliability were
measured during their computation in the measurement model. The authors reported
convergent and discriminant validity for the data validity through average variance extrac-
tion (AVE); the values should be 0.500. Discriminant validity was addressed based on the
computation processes of Fornell–Larcker criterion, cross loading, and discriminant valid-
ity. Meanwhile, to report the reliability of the data, an internal consistency and reliability
process was carried out. Cronbach’s alpha coefficient (CA) and composite reliability (CR)
were two approaches for determining reliability; both values should be greater than 0.700.
For the as assessment model, we reported the significance of the relationship through the
path coefficient, t-value, and p value.
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4. Results
4.1. Measurement Model

Hair et al. [65] encouraged four assessments of measurement models for PLS-SEM
that included assessment of indicators’ loadings, convergent validity, reliability of internal
consistency, and discriminant validity.

4.2. Reflective Indicator Loadings

Reflective indicators’ loadings achieved in SEM should be greater than 0.700 (Hair et al. [65].
From the computation, all loadings were higher than 0.700. The highest loading was
achieved by PEOU, PEOU_4 (0.872), while the lowest loading referred to behavioral inten-
tion to use eLearning, BI_2 (0.704). Forty-five indicators were included for the next data
analysis process (Table 2).

Table 2. Constructs, Items, IL, CR, CA, and AVE.

Construct Items IL CA CR AVE

Experience
(EXP)

EXP 1 0.789

0.862 0.901 0.645
EXP2 0.841
EXP3 0.847
EXP4 0.779
EXP 5 0.755

Technology Anxiety
(TEA)

TEA 1 0.783

0.873 0.907 0.662
TEA 2 0.822
TEA 3 0.831
TEA 4 0.835
TEA 5 0.798

Facilitating conditions
(FC)

FC 1 0.811

0.868 0.905 0.657
FC2 0.844
FC3 0.865
FC4 0.789
FC 5 0.737

Students’ engagement
(SEN)

SEN 1 0.764

0.849 0.892 0.624
SEN 2 0.825
SEN 3 0.797
SEN 4 0.772
SEN 5 0.789

Perceived usefulness
(PU)

PU 1 0.813

0.885 0.916 0.686
PU 2 0.828
PU3 0.871
PU4 0.822
PU5 0.807

Perceived ease of use
(PEOU)

PEOU 1 0.787

0.884 0.915 0.684
PEOU 2 0.818
PEOU 3 0.843
PEOU 4 0.872
PEOU 5 0.812

Task-technology fit
(TTF)

TTF1 0.737

0.849 0.892 0.622
TTF 2 0.791
TTF 3 0.817
TTF 4 0.821
TTF5 0.775

Behavioral intention to
use eLearning (BI)

BI 1 0.762

0.845 0.890 0.619
BI 2 0.704
BI 3 0.828
BI 4 0.835
BI 5 0.796
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Table 2. Cont.

Construct Items IL CA CR AVE

eLearning adoption (EA)

EA1 0.787

0.873 0.908 0.663
EA2 0.826
EA3 0.831
EA4 0.832
EA5 0.793

Source: Author.

4.3. Internal Consistency Reliability (ICR)

ICR was implemented to evaluate the consistency of results across indicators. In the
current approach, Cronbach’s alpha coefficient (CA) and composite reliability (CR) values
were reported. The values for ICR should be from 0 to 1. Cronbach’s alpha coefficient
(CA) and composite reliability (CR) values ought to be greater than 0.7 [65]. Table 2
presents the results of the Cronbach’s alpha coefficient (CA) and composite reliability (CR).
The Cronbach’s alpha coefficient (CA) and composite reliability (CR) values for all the
constructs are sufficient, exceeding the recommended amount: a CR of 0.907 for TEA, while
the EXP factor had a CA of 0.862 and a CR of 0.901.

4.4. Convergent Validity

Convergent validity is described as a topic that is related to the validity of the construct;
tests with the same or similar construct should be greatly correlated (Hair et al. [65]. In this
study, the convergent validity was assessed and reported through the average variance
extracted (AVE). Smart-PLS3 was used to calculate the AVE (Hair et al. [65]). Through the
algorithm, AVE values should be a value of 0.500 or greater, explaining 50% or higher of
the variance (Table 2). From the computation, all constructs obtained indicate AVE values
of higher than 0.500 or explained more than 50% of the variance. Behavioral intention to
use eLearning’s AVE value was 0.619; e-learning adoption for educational sustainability’s
AVE was 0.663, (See Table 2).

4.5. Discriminant Validity

Discriminant validity refers to the degree to which one concept differs statistically
from another. The Fornell–Larcker criteria, cross loadings, and discriminant validity were
all utilized in this study to determine discriminant validity. A construct’s shared variance
should be less than its counterparts’ AVE, according to [70]. Table 3 illustrates that the
values of each construct’s shared variances are smaller than the construct itself. For exam-
ple, the value of the FC factor (0.811) is greater than all of its shared variances: the EXP
factor (0.334) and the BI to use e-learning (0.423). Based on the Fornell-Larcker criterion,
the discriminative validity is proven. In addition, if the index load is greater than its
cross load, discriminative validity will emerge [65]. Table 4 performs all the indicators’
loadings and their cross loadings. The outer loadings for every structure were greater
than the other structures’ loadings. For example, the indicator PEOU_4 within the con-
struct of PEOU obtained the highest loading of 0.872, when being compared to its other
constructs’ loadings (e.g., FC = 0.344, EXP = 0.287, e-learning adoption for educational sus-
tainability = 0.357, behavioral intention to use e-learning = 0.284, PU = 0.320, SEN = 0.370,
TEA = 0.359, and TTF fit = 0.429). All crossloading computations are reported in detail in
Table 4. Discriminant validity will also be achieved when is greater than 0.900. A discrim-
inant validity above 0.900 refers to a lack of discriminant validity [65]. As performed in
Table 5, all discriminant validity are below 0.900, significantly different from 1; therefore,
discriminant validity evaluation supports the discriminant validity. The lowest discrimi-
nant validity value emerges on the path between FC and EXP (0.388), while the highest
discriminant validity value exists between TTF fit and FC (0.803). The other discriminant
validity values that resulted from the computation are eLearning adoption and SEN (0.500).
More detailed elaboration on the discriminant validity values is presented in Table 5.
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Table 3. Discriminant Validity.

BI EXP FC PEOU PU SEN TTF TEA EA

Behavioral intention to use e-Learning 0.787
Experience 0.361 0.803

Facilitating conditions 0.423 0.334 0.811
Perceived ease of use 0.363 0.358 0.393 0.827
Perceived usefulness 0.422 0.371 0.480 0.422 0.828

Students’ engagement 0.438 0.345 0.403 0.446 0.469 0.790
Task-technology fit 0.532 0.440 0.722 0.513 0.613 0.557 0.789
Technology Anxiety 0.421 0.377 0.432 0.396 0.409 0.433 0.522 0.814

E-learning adoption for educational
sustainability 0.421 0.377 0.431 0.395 0.410 0.433 0.522 1.000 0.814

Source: Author.

Table 4. Loading and cross-loading of measures.

BI EA EXP FC PEOU PU SEN TEA TTF

BI_1 0.762 0.340 0.265 0.467 0.325 0.431 0.474 0.340 0.549
BI_2 0.704 0.257 0.338 0.355 0.292 0.384 0.407 0.257 0.422
BI_3 0.828 0.351 0.273 0.290 0.257 0.291 0.285 0.352 0.369
BI_4 0.835 0.321 0.298 0.267 0.273 0.273 0.273 0.321 0.375
BI_5 0.796 0.376 0.249 0.243 0.266 0.252 0.246 0.377 0.338
EA_1 0.361 0.787 0.290 0.313 0.286 0.362 0.381 0.783 0.420
EA_2 0.311 0.826 0.302 0.336 0.245 0.365 0.308 0.822 0.400
EA_3 0.304 0.831 0.336 0.353 0.294 0.371 0.323 0.831 0.404
EA_4 0.391 0.832 0.295 0.394 0.386 0.312 0.408 0.835 0.455
EA_5 0.335 0.793 0.312 0.352 0.376 0.269 0.332 0.798 0.436
EXP_1 0.260 0.335 0.789 0.303 0.264 0.257 0.275 0.335 0.319
EXP_2 0.254 0.303 0.841 0.270 0.292 0.331 0.256 0.303 0.327
EXP_3 0.321 0.314 0.847 0.256 0.307 0.319 0.296 0.315 0.374
EXP_4 0.267 0.266 0.779 0.198 0.301 0.254 0.234 0.267 0.357
EXP_5 0.340 0.296 0.755 0.319 0.268 0.324 0.321 0.296 0.380
FC_1 0.331 0.355 0.295 0.811 0.340 0.396 0.317 0.356 0.580
FC_2 0.349 0.362 0.257 0.844 0.349 0.382 0.342 0.363 0.601
FC_3 0.321 0.351 0.285 0.865 0.293 0.391 0.318 0.352 0.574
FC_4 0.327 0.327 0.268 0.789 0.287 0.347 0.280 0.327 0.553
FC_5 0.379 0.348 0.249 0.737 0.318 0.421 0.368 0.347 0.609

PEOU_1 0.331 0.247 0.326 0.293 0.787 0.467 0.401 0.248 0.431
PEOU_2 0.280 0.358 0.280 0.349 0.818 0.358 0.390 0.359 0.489
PEOU_3 0.272 0.363 0.289 0.317 0.843 0.296 0.343 0.364 0.360
PEOU_4 0.284 0.357 0.287 0.344 0.872 0.320 0.370 0.359 0.429
PEOU_5 0.335 0.305 0.297 0.319 0.812 0.297 0.332 0.305 0.401

PU_1 0.344 0.340 0.273 0.375 0.338 0.813 0.392 0.340 0.523
PU_2 0.395 0.328 0.311 0.341 0.369 0.828 0.355 0.327 0.504
PU_3 0.349 0.331 0.303 0.425 0.361 0.871 0.399 0.330 0.494
PU_4 0.327 0.361 0.323 0.410 0.352 0.822 0.388 0.360 0.502
PU_5 0.332 0.338 0.327 0.438 0.325 0.807 0.407 0.337 0.517

SEN_1 0.416 0.333 0.279 0.307 0.351 0.324 0.764 0.333 0.434
SEN_2 0.392 0.333 0.283 0.357 0.408 0.394 0.825 0.333 0.500
SEN_3 0.373 0.358 0.288 0.263 0.355 0.398 0.797 0.358 0.436
SEN_4 0.276 0.320 0.211 0.317 0.267 0.372 0.772 0.319 0.415
SEN_5 0.257 0.369 0.295 0.343 0.363 0.362 0.789 0.369 0.404
TEA_1 0.361 0.787 0.290 0.313 0.286 0.362 0.381 0.783 0.420
TEA_2 0.311 0.826 0.302 0.336 0.245 0.365 0.308 0.822 0.400
TEA_3 0.304 0.831 0.336 0.353 0.294 0.371 0.323 0.831 0.404
TEA_4 0.391 0.832 0.295 0.394 0.386 0.312 0.408 0.835 0.455
TEA_5 0.335 0.793 0.312 0.352 0.376 0.269 0.332 0.798 0.436
TTF_1 0.425 0.433 0.350 0.940 0.421 0.486 0.425 0.434 0.737
TTF_2 0.488 0.487 0.399 0.479 0.452 0.458 0.484 0.487 0.791
TTF_3 0.407 0.393 0.358 0.446 0.364 0.489 0.434 0.394 0.817
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Table 4. Cont.

BI EA EXP FC PEOU PU SEN TEA TTF

TTF_4 0.402 0.388 0.305 0.422 0.381 0.474 0.412 0.388 0.821
TTF_5 0.351 0.321 0.302 0.441 0.382 0.507 0.430 0.321 0.775

Source: Author.

Table 5. Discriminant validity (< 0.900).

Factors BI EXP FC PEOU PU SEN TTF TEA EAB

Behavioral intention to use e-learning
Experience 0.422

Facilitating conditions 0.481 0.388
Perceived ease of use 0.416 0.409 0.447
Perceived usefulness 0.479 0.424 0.546 0.475

Students’ engagement 0.501 0.401 0.466 0.508 0.540
Task-technology fit 0.608 0.505 0.803 0.582 0.705 0.648
Technology Anxiety 0.484 0.436 0.492 0.443 0.469 0.500 0.593

E-learning adoption for educational
sustainability 0.484 0.436 0.492 0.443 0.469 0.500 0.593 0.645

4.6. Structural Model and Collinearity

Examining the model’s predictive powers is part of the structural model’s calculation.
However, before reporting the structural model, the collinearity value should be noted by
reporting the variance inflation factor (VIF) values. Notably, the collinearity of the predictor
sets was examined (Hair et al. [65]), PEOU as a predictor of BI to use eLearning, TTF, and
eLearning adoption. In EXP processes, FC, PU, SE, and TA are the predictors of PEOU and TTF
(Table 6). VIF values should be lower than three; values exceeding three are often regarded
as having multicollinearity problems. From the results of the data analysis, all VIFs are lower
than three. For instance, BI using e-learning as a predictor of the PEOU and TTF obtained a
VIF value of 1.357; see Table 6. FC is a predictor of PEOU (1.473) and TTF (1.498).

Table 6. Variance inflation factor (VIF < 3).

BI EXP FC PEOU PU SEN TTF TEA EA

Behavioral intention to use eLearning 1.417

Experience 1.287 1.312

Facilitating conditions 1.473 1.498

Perceived ease of use 1.357 1.456 1.378

Perceived usefulness 1.553 1.587

Students’ engagement 1.465 1.534

Task-technology fit 1.357 1.67

Technology Anxiety 1.454 1.48

E-Learning use for educational
sustainability

Source: Author.

Moreover, Figures 2, 3 and Table 7 presents the path coefficient and loading value
of the path lines within the PLS algorithm procedure. The highest t-value was obtained
by the path between FC → TTF (t = 10.466), while the lowest value was the relation-
ship between EXP→ TTF (t = 2.237). All hypotheses proposed in this research were
supported. In detail, as proposed for the relationships between EXP → PEOU (H1, H2),
(β = 0.502, t = 1.659, p < 0.001), and TTF (β= 0.081; t = 2.237, p < 0.001), the hypotheses are
accepted. For the relationship between TA → PEOU (H3) (β = 0.133; t = 2.444, p < 0.001),
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the hypothesis is supported. H4 is also supported where TA is significantly predicted
by TTF (β = 0.102; t = 2.505; p < 0.001). Moreover, the significant role of FC → PEOU
(H5) is also reported (β = 0.130; t = 2.279; p < 0.001) and the hypothesis is accepted. In
the same way, the results for FC and TTF (H6) (β = 0.443, t = 10.466; p < 0.001) indicate
support. For the relationship between SE → PEOU and TTF (H7, H8), (β = 0.218 t = 3.861,
p < 0.001) and (β = 0.160, t = 3.886, p < 0.001) are accepted. For the hypotheses H9 and H10,
the direct effect of PU on PEOU and TTF (β = 0.153, t = 2.535; p < 0.001) and (β = 0.207,
t = 4.937; p < 0.001), the hypotheses are accepted. Furthermore, results for PEOU to TTF
and intention to use e-learning (H11, H12), (β = 0.110, t = 3.228, p < 0.001) and (β = 0.122,
t = 2.503, p < 0.001) indicate support for the hypotheses. Similarly, the result for PEOU
on EA for educational sustainability (H13) is also reported (β = 0.151, t = 2.503, p < 0.001),
and the hypothesis is supported. Moreover, the findings also support hypotheses H14
and H15; positive relationships also emerged between TTF on BI to use e-learning and
e-learning adoption for educational sustainability: (β = 0.470; t = 9.501; p < 0.001) and
(β = 0.348; t = 5.589; p < 0.001). The hypotheses are supported. Finally, BI to use e-learning
is also informed to be a significant predictor for EA for educational sustainability (β = 0.181,
t = 3.368; p < 0.001); the hypothesis is supported.

Table 7. Path, t-value, and p-value Source: Author.

Factors Number
Hypothesis Path (β) T-Values p-Values Results

EXP → PEOU H1 0.132 2.332 0.020 Accepted

EXP → TTF H2 0.081 2.237 0.026 Accepted

TEA → PEOU H3 0.133 2.444 0.015 Accepted

TEA → TTF H4 0.102 2.505 0.013 Accepted

FC → PEOU H5 0.130 2.279 0.023 Accepted

FC → TTF H6 0.443 10.466 0.000 Accepted

SEN → PEOU H7 0.218 3.861 0.000 Accepted

SEN → TTF H8 0.160 3.886 0.000 Accepted

PU → PEOU H9 0.153 2.535 0.012 Accepted

PU → TTF H10 0.207 4.937 0.000 Accepted

PEOU → TTF H11 0.110 3.228 0.001 Accepted

PEOU → BI H12 0.122 2.503 0.013 Accepted

PEOU → EA H13 0.151 2.774 0.006 Accepted

TTF → BI H14 0.470 9.501 0.000 Accepted

TTF → EA H15 0.348 5.589 0.000 Accepted

BI → EA H16 0.181 3.368 0.001 Accepted
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Figure 2. Path coefficient findings.

Figure 3. Path T-Values findings.
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5. Discussion and Implications

This is one of the first studies to utilize the TAM model to investigate e-learning
use for educational sustainability in Saudi Arabia. Experience, facilitating conditions,
students’ engagement, technology anxiety, and perceived usefulness all have a substantial
influence on task-technology fit, and perceived ease of use (see Figure 2). Behavioral
intention to use e-learning and e-learning adoption for educational sustainability were
impacted for task-technology fit and perceived ease of use. Thus, the findings supported
the hypotheses that had been stated and the study methodology constructed. According
to the findings, PEU affected TTF, with both behavioral intention to use e-learning and e-
learning adoption for educational sustainability. To put it another way, e-learning adoption
for educational sustainability must demonstrate ease of use and usefulness to university
students. E-learning adoption should be easy to use and provide detailed instructions.

The findings also demonstrated how important it is for professors to describe how stu-
dents should use e-learning adoption to study course content, because students’ behavioral
intention to use e-learning has an influence on their e-learning adoption for educational sus-
tainability. The adoption practice of e-learning during COVID-19 as regarded by students
in higher education from students’ university was effectively explained using a form of
extended TAM with TTF incorporated in this study, to investigate determinants predicting
the use of an e-learning system for educational sustainability. In the research model, SE,
EXP, TA, FC, PU, PEOU, BI to use e-Learning, and e-learning adoption for educational sus-
tainability are all determinant TAM elements with TTF. Thus, when employing e-learning
systems as an educational tool, the study model finds TAM variables and TTF have the
biggest impact on intention to use e-learning and e-learning adoption for educational
sustainability. Thus, the findings significantly endorse the EXP factor, verifying hypotheses
H1 and H2, implying that EXP has a beneficial effect on e-learning use in education as
PEOU and TTF. In other words, the e-learning system is useful and suitable, and the highly
EXPd factor contributes to increased use of TTF in education and ease of use (PEOU). Many
academics have studied the benefits of e-learning and significant EXP with it. Thus, the
findings of this study corroborate prior findings [26,71,72].

Furthermore, the study’s findings substantially support the TA component, verifying
hypotheses H3 and H4, implying that TA influences PEOU and TTF positively. However,
a higher TA factor helps with an increased usage of PEOU and, thus, TTF, in educational
institutions where e-learning is desirable and suitable. The importance of e-learning
in the field of TA has been studied by several researchers. Thus, the findings of this
study support previous findings of varying relationships [26,73]. Both (H5 and H6) were
favorably connected to the FC, with PEOU and TTF having stronger impacts. When an
e-learning system has a positive impact on FC and is adopted, the PEOU and TTF increase
proportionally to the FC. A number of researchers have investigated the importance of FC
in the e-learning field. Thus, this study’s findings corroborate prior findings [73,74].

Furthermore, the findings clearly support the student engagement component, validat-
ing hypotheses (H7 and H8) and demonstrating that student participation in educational
institutions has a beneficial impact on TTF and PEOU. Hypotheses seven and eight, on
the other hand, demonstrate that TTF and PEOU have a relationship in terms of using
the e-learning system. The theory is validated by the findings, which reveal a positive
and significant relationship. Thus, the findings of this study back up previous findings of
varying relationships [75–77]. The study’s findings significantly support the TAM variables
PU and PEOU, confirming hypotheses H9, H10, H12, and H13. PEOU has a positive effect
on TTF, and PEOU has a positive effect on TTF, BI e-learning, and e-learning adoption
for educational sustainability. In other words, higher PU contributes to increased use of
PEOU, TTF, and BI to use e-learning and e-learning adoption for educational sustainability
in educational institutions, when an e-learning system is advantageous and suitable.

Many scholars have investigated the significance of PU and PEOU in the e-learning
background. Thus, the findings of this study corroborate previous research on the relation-
ship between these factors [78,79].
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Furthermore, the findings substantially support the TTF variable, confirming hypothe-
ses (H14, H15), implying that TTF has a favorable influence on BI’s adoption of e-learning
and e-learning adoption for educational sustainability in educational institutions. Hy-
pothesis (H14, H15) demonstrates that there is a relationship between TTF and BI, to use
e-learning as well as e-learning systems. The findings revealed a positive and significant
correlation, indicating that the hypotheses were correct.

Finally, the findings of the study significantly support the BI’s decision to use the
e-learning component, confirming hypothesis sixteen (H16), which states that the BI’s
decision to use e-learning has a favorable impact on e-learning adoption for educational
sustainability in higher education. The outcomes of the study significantly support the
BI’s decision to use the e-learning component, confirming hypothesis sixteen (H16), which
states that the BI’s decision to use e-learning has a favorable effect on e-learning adoption
for educational sustainability in higher education. This is consistent with previous studies
by [80,81], who found that both perceived ease of use and perceived usefulness affect
students’ students’ behavioral intention to use e-learning have an influence on their e-
learning adoption for educational sustainability. Therefore, in the following methods, this
study varies from previous re-search. The first implication concerns the value of agreed-
upon structures. In the PEOU and TTF, the favorable relationship between SE, EXP, TA, FC,
and PU is especially essential. Second, colleges may demonstrate how to utilize technology
by giving instructional tools to assist students in understanding how to use it, given that
e-learning should be perceived as straightforward and useful. Third, students should be
informed about the multiple advantages of using technology, such as supplying course
materials or achieving other long-term learning objectives, which will improve behavioral
intent to use e-learning and adoption for educational sustainability.

Although this study demonstrates statistical evidence, it does have certain limitations.
Future research will need to include more people from a variety of backgrounds, as the
respondents in this study came from only one public university. A qualitative method to
e-learning research, such as interviews or focus groups, is another possibility for future
study. It is also a good idea to perform research using comparative approaches.

6. Conclusions and Future Work

This research developed a new model on behavioral intention to use e-learning to
influence te-learning adoption for educational sustainability in Saudi Arabia higher ed-
ucation. The TAM model was verified in terms of educational sustainability. Also, the
theoretical and practical implications of the research were examined. SEN, EXP, TA, FC,
and PU are all major variables impacting the PEOU and TTF, according to the data. Fur-
thermore, the use of an e-learning system by BI for educational sustainability has been
found to influence e-learning adoption for educational sustainability. The study’s findings
may encourage e-learning system makers to better understand the factors that influence
users’ willingness to utilize and adoption of e-learning. Furthermore, this research can
assist students in developing their BI in order to use e-learning effectively.

E-learning is being employed in countries all around the world, according to several
studies. Many scholars, however, have reviewed the use of e-learning during pandemics
like COVID-19. In this study, TTF and TAM were validated in an educational setting,
offering additional insight into students’ future perceptions of e-learning as a learning
resource. The hypotheses of the suggested model of employing e-learning to study at
educational institutions were tested in this study. The study observed that combining TTF
and TAM enhances e-learning acceptability in instructional instructions, as well as the role
of TTF. Thus, this research contributes to the academic literature by clarifying the situation
of distance learning during university closures due to pandemics, as well as providing
useful data for future research; making the most of educational institutions’ e-learning
expenditures is crucial. During epidemics like COVID-19, many contexts and settings
should be investigated for characteristics impacting the use of e-learning.
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