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Abstract: The aim of the present study was to narrow the gap in the literature on the adoption of
massive open online courses (MOOCs) and the role of task-technology fit (TTF), which influences
student satisfaction, academic performance, and the long-term viability (sustainability) of MOOCs
in higher education. While researchers have examined MOOC acceptance in a variety of contexts,
the role of TTF as a mediating variable in evaluating education sustainability has not been explored
using the technology acceptance model (TAM). As a result, the aim of this study was to create a new
paradigm by combining two theories: TTF and TAM. Therefore, this study surveyed 277 university
students from public universities using the structural equation modeling (SEM) approach to learn
about their perceptions toward MOOCs as a method of achieving higher education sustainability.
According to the findings, perceived ease of use had a positive impact on perceived enjoyment,
perceived usefulness, and social influence, which in turn had a positive impact on task-technology fit
and MOOCs use as a method of sustainability in higher education. Task-technology fit also had a
positive impact on MOOC use as a method of sustainability. Finally, the role of task-technology fit
and MOOCs in educational sustainability had a positive effect on students satisfaction and academic
performance. As a result, the use of MOOCs in learning processes should be encouraged in higher
education institutions to ensure their long-term viability (sustainability).

Keywords: MOOCs; TAM; TTF; sustainability in higher education

1. Introduction

Massive open online courses (MOOCs) have triggered public curiosity around the
world, attracting a larger population than conventional online education. MOOCs are
both free and open to all forms of students [1]. MOOC services such as Coursera, edX,
and Udacity advanced quickly in early 2012 by offering online classes. In 2018, nearly
81 million people enrolled in 9400 MOOCs produced by more than 800 higher education
institutions, showing the massive increase of MOOCs [2]. Both the number of MOOC
students and the number of institutions that offer MOOCs are expected to grow in the
future. In standard face-to-face classes, teachers typically encourage learning experiences,
while learners in MOOCs are supposed to be responsible for and in control of their own
learning [3]. MOOC management and sustainability, on the other hand, is a significant
obstacle. Many universities are grappling with ways to prolong the existence of MOOCs
by making them self-paced, such as redesigning MOOC tasks to exclude instructor or
facilitator interaction. Multiple-choice questions and automatic reviews may be used to
substitute for collaborative tasks in this overhaul [4]. Aside from the excitement, there
were a slew of obstacles to the long-term viability of MOOCs [5]. The future paths and
educational sustainability of MOOCs were perhaps the most closely linked to our work.
These courses were effectively completely free and were bootstrapped by venture capital
contributions [6], but their potential position in the higher education environment remained
unknown. Universities made significant investments to plan output pipelines, create new
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multimedia divisions, procure facilities, and retrain professors to teach MOOCs, among
other factors [7]. For the past 30 years, high-quality schooling has been regarded as critical
to ensuring our society’s long-term viability [8]. The word “sustainability” has been used
to describe the ability to satisfy current demands without risking the resources of future
generations. Education has been identified as a key enabler for achieving sustainable
development on a global level [9]. As a result of the rise in the number of MOOCs, many
sustainability educators have been able to change their practice by creating content related
to energy and wealth, ethics, environment, and management [10]. The findings about
MOOCs are consistent with those of previous studies [11,12], which show that one of
the most critical contents of sustainability education is ethics. According to the research
by Beltrán et al. [13] on sustainability and MOOCs, the effect of MOOCs is stronger if
developers incorporate sustainability topics into the content and inspire students to use
them. Therefore, this paper explores how a university-based MOOC has provided the
impetus for widespread education on social learning and sustainability. Therefore, this
article examines the role of TTF with a TAM model in MOOC device use as a sustainable
way to influence students’ academic performance. Furthermore, the present study aims to
determine whether and how the above considerations influence the use of a MOOC system
as a way of influencing student academic performance through two theories (TAM and
TTF). As a result, this paper proposes a research framework for integrating the technology
acceptance model (TAM) for MOOC system use with the task-technology fit model (TTF)
for influencing student academic performance.

2. Theoretical Model and Hypotheses Development

The TAM model is widely used for analyzing and defining users’ decisions to im-
plement new technologies. As a result, the TAM model was used in this study, which
was expanded to include task-technology fit variables. TAM, developed by Davis [14],
and the TTF, developed by Goodhue and Thompson [15], both have been at the core of
the literature on information system adoption. While the TAM model relies solely on
users’ attitudes toward using a certain information technology tool based on perceived
usefulness and ease of use, the TTF model is based on the concept of ensuring a reasonable
fit of capabilities and task conditions, resulting in better performance. By addressing these
limitations, combining the two models will provide a clearer understanding of information
system use. To maximize explanatory capacity, several experiments have merged the TAM
and TTF models [16–19]. Therefore, in the current research, seven influences on TAM and
TTF model of MOOCs system usage as sustainability were analyzed as follows: perceived
usefulness (PU), perceived ease of use (PEU), perceived enjoyment (PE), social influence
(SI), task-technology fit (TTF), MOOC use as sustainability (MUS), student satisfaction (SS),
and student academic performance (SAP), see Figure 1.
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2.1. Social Influence (SI)

Individuals may follow a technology not because of their own personal convictions,
but because of the opinions of others, according to information systems researchers [20].
According to the unified theory of acceptance and use of technology (UTAUT), social
influence plays an important role in determining user acceptance of information technol-
ogy [21]. In our study, social influence is described as the perception that others expressly
approve of and encourage a user’s engagement in MOOCs [22]. When people see how
others use MOOCs and see the advantages of doing so, they are more likely to use MOOCs
themselves, potentially increasing both the current and future usage of MOOC technology.
Similarly, we expect social influence to include a student’s sense of usefulness from others
and to play a significant role in influencing attitudes toward MOOC use.

2.2. Perceived Usefulness (PU)

The users’ subjective evaluation of whether using a specific device can improve job re-
sults is reflected in perceived usefulness [23]. The degree to which students believe MOOCs
can be a guiding factor for achieving learning goals is the perceived usefulness of MOOCs.
Furthermore, according to several observational research studies, perceived usefulness
mediates the impact of perceived ease of use on behavioral intention. For example, it has
been stated in the MOOC literature that perceived usefulness has a substantial impact on
the decision to continue using MOOCs [24–27].

2.3. Perceived Ease of Use (PEU)

The perceived ease of use of MOOCs can be described as the degree to which students
believe that using MOOCs would be painless [18]. The simplicity with which MOOCs can
be used to learn new skills is an indication of perceived ease of use. Previous research
has shown that perceived ease of use has a favorable impact on users’ attitudes and the
perceived utility of systems [28]. In MOOCs, perceived ease of use is critical for per-
ceived usefulness and attitudes toward MOOCs and big data [29–31]. Similarly, perceived
ease of use can influence the acceptance of MOOCs either directly, or indirectly through
their usefulness.

2.4. Perceived Enjoyment (PE)

Mulik et al. [32] define perceived enjoyment, which is a component of intrinsic motiva-
tion, as the degree to which a person believes using a MOOC is enjoyable. While one study
found no connection between perceived enjoyment and MOOC acceptance [32], other stud-
ies [26,33] found a positive effect of perceived enjoyment on the intention to use MOOCs
in the future. This construct is more accurately defined as perceived enjoyment, which is a
strong indicator of a student’s intentions to use MOOCs in higher education [34,35].

2.5. Task-Technology-Fit (TTF)

TTF is now being studied and extended to a variety of information systems [36].
Although TTF has been studied in a variety of contexts, no study has been done in MOOCs.
It is still unknown whether or not a successful task-technology fit can influence a user’s
adoption of MOOCs, and if so, how well it will influence a user’s adoption [18]. The TTF
model does not discuss social variables in the sense of MOOCs, which may hinder its
ability to forecast social technologies. The constraint can be solved by including social
encouragement, which takes into account perceived usefulness, ease of use, enjoyment,
and social influence [18,37,38].

2.6. MOOCs Use as Sustainability (MUS)

MOOCs are being used to improve both teaching and learning. On the one hand,
MOOCs enable teachers to meet a vast number of students all over the world [39]. MOOCs,
on the other hand, enable students to receive free and open education from some of the
world’s most prestigious universities, which have a far wider audience than conventional
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online education. MOOC students are often groups of people that have similar values [39].
MOOCs are now a highly debated emerging subject in education, according to recent
research. The most critical characteristic of a MOOC is that it is open. Free access, adap-
tation, remixing, sharing, and collaboration as sustainability are five of the virtues of
accessibility that are central components of MOOCs [40]. Some scholars have proposed
that MOOCs cater to students who are self-motivated and believe that MOOCs are helpful
at the individual learning stage [41].

2.7. Students Satisfaction (SS)

Student satisfaction measures when students succeed in their studies and are satisfied
with their overall experience [42,43]. Two variables are considered crucial and significant
in terms of consumer acceptance of such technology and satisfaction: perceived usefulness
and perceived ease of use. These variables are important because they can predict user
satisfaction with a certain website or device [14,44]. According to studies, the level of user
enjoyment plays a significant role in forecasting the performance of any technology. Based
on this, [45,46] proposed a method for improving students’ learning and satisfaction in
MOOCs by adopting digital forms of interaction.

2.8. Students’ Academic Performance (SAP)

Students’ academic performance has an effect on education sustainability as a demon-
stration of a student’s level of maturity and mastery of a subject by the execution of various
measures of competence in a given area [47–49]. The aim of this research is to determine
students’ academic success based on the online traces they leave when taking a MOOC
course. To allow more reliable predictions for student and performance, Ye and Biswas [50]
used expanded standard features for higher granularity with MOOC analysis. The achieve-
ment of educational goals in terms of knowledge development and capability growth is
measured by students’ academic performance in terms of education sustainability [51].

3. Research Methodology

In this study, a new model was developed to explore the importance of independent
variables in the use of MOOCs, as well as the role of TTF in higher education sustainability.
Therefore, the distributed questionnaire survey involved using the MOOC system as a
quantitative approach for participants. Individuals that used a MOOC were used as a
filtering criterion for the survey. The sample size for the analysis was determined using
Roscoe’s Rule of Thumb [52]. As a result, multiplying 10 by 26 items provided a sufficient
sample size of 260 participants for this study. Therefore, 277 undergraduate students
participated in this study, and the structural equation modeling (SEM) approach to learn
about their perceptions of MOOCs as a method of achieving their higher education goals.
The study used a questionnaire form with a five-point scale that was given to a large group
of population and included 26 items and eight variables. The 5-point Likert scale used in this
analysis to assess students’ ratings of various items included the options “strongly disagree
(1), disagree (2), unsure (3), agree (4), strongly agree (5).” For the purposes of research, we
used structural equation modeling (SEM, Smart-PLS), as recommended by [53].

Model of Measurement

The instruments used to measure the constructs were created by adapting and adopt-
ing widely used validated scales from previous studies. The sample questionnaire was
divided into two sections: Basic demographic management (gender, age, educational
level, and specialization), and questionnaire items measuring perceived usefulness, per-
ceived ease of use, perceived enjoyment, and using MOOCs were adapted from [23], social
influence was adapted from [54], task-technology fit was adapted from [55], students’
satisfaction was adapted from [56], and students’ academic performance was adapted
from [47].
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4. Analysis and Results

The Cronbach’s alpha reliability coefficient was found to be 0.881, meaning that the
variables that influenced MOOCs’ use as a means of higher education sustainability, in turn,
influenced students’ satisfaction and academic performance. Particpant gender, age, degree
of education, and specialty were used to categorize participant background information. In
terms of gender, 168 (60.6%) were male, 109 (39.4%) were female, 183 (66.1%) were between
the ages of 18 and 21, 57 (20.6%) were between the ages of 22 and 25, and 37 (13.3%) were
between the ages of 26 and 29. There were 213 (76.9%) undergraduate students and 64
(23.1%) postgraduate students at this level of education. In contrast to the demographic
factors of specialization, 59 (21.3%) of respondents were from social science, 56 (20.2%) of
respondents were from engineering, and 162 (58.5%) of respondents were from science
and technology. Discriminant validity was assessed using three criteria: variable indices
must be less than 0.70, each construct’s average variance extracted (AVE) must be equal
to or greater than 0.5, and the AVE square root of each construct must be greater than
the inter-construct correlations (IC) for a factor, according to [53]. Aside from the above
variables, build variable analysis results with factor loadings of 0.70 or higher (Cronbach’s
alpha 0.70 and composite reliability 0.70) were considered acceptable [53].

4.1. Measurement Construct Validity

The degree to which individual objects determine the definition for which they were
developed [35] is referred to as construct validity. This was determined by a thorough
examination of items previously tested in the literature. Table 1 shows the items and their
loadings that must be loaded into the construct they were created to measure [53].

Table 1. Loadings and cross-loadings of items.

Factors Items MUS PE PEU PU SAP SI SS TTF

MOOCs Use As Sustainability

MUS1 0.872 0.481 0.471 0.501 0.503 0.551 0.536 0.449

MUS2 0.863 0.522 0.483 0.528 0.501 0.506 0.571 0.441

MUS3 0.843 0.534 0.470 0.558 0.448 0.509 0.543 0.443

Perceived Enjoyment

PE1 0.561 0.894 0.533 0.504 0.588 0.533 0.727 0.553

PE2 0.585 0.917 0.560 0.554 0.610 0.578 0.784 0.620

PE3 0.453 0.881 0.515 0.449 0.573 0.471 0.693 0.609

Perceived Ease of Use

PEU1 0.473 0.540 0.828 0.617 0.399 0.496 0.527 0.405

PEU2 0.415 0.444 0.827 0.446 0.437 0.479 0.482 0.484

PEU3 0.483 0.502 0.828 0.487 0.479 0.446 0.503 0.417

Perceived Usefulness

PU1 0.576 0.494 0.568 0.891 0.401 0.504 0.513 0.405

PU2 0.534 0.487 0.518 0.917 0.422 0.535 0.532 0.425

PU3 0.544 0.528 0.589 0.880 0.436 0.535 0.548 0.444

Students’ Academic Performance

SAP1 0.483 0.552 0.383 0.368 0.813 0.411 0.538 0.581

SAP2 0.473 0.557 0.399 0.376 0.862 0.443 0.566 0.636

SAP3 0.464 0.527 0.468 0.364 0.818 0.440 0.556 0.586

SAP4 0.447 0.543 0.502 0.441 0.816 0.452 0.550 0.660

Social Influence

SI1 0.437 0.377 0.391 0.356 0.365 0.767 0.429 0.469

SI2 0.558 0.593 0.559 0.586 0.509 0.911 0.616 0.566

SI3 0.573 0.541 0.520 0.556 0.483 0.910 0.572 0.515
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Table 1. Cont.

Factors Items MUS PE PEU PU SAP SI SS TTF

Students’ Satisfaction

SS1 0.612 0.694 0.525 0.568 0.567 0.539 0.831 0.547

SS2 0.559 0.638 0.540 0.511 0.579 0.555 0.862 0.580

SS3 0.492 0.726 0.520 0.435 0.561 0.520 0.873 0.627

SS4 0.546 0.770 0.516 0.530 0.595 0.555 0.884 0.622

Task-Technology-Fit

TTF1 0.424 0.481 0.422 0.335 0.584 0.454 0.519 0.834

TTF2 0.435 0.586 0.460 0.408 0.661 0.522 0.643 0.884

TTF3 0.481 0.640 0.482 0.478 0.685 0.571 0.618 0.879

4.2. Measurement Validity That Is Convergent

The factor loadings of 26 items were deemed acceptable because they were greater
than 0.70 and their composite reliability ranged from 0.924 to 0.867. Cronbach’s alpha
coefficient values ranged from 0.885 to 0.770, suggesting satisfactory performance. The
AVE values varied between 0.806 and 0.685. Hair et al. [53] mentions the findings of the
confirmatory factor analysis (CFA), as shown in Table 2.

Table 2. Factor loadings and confirmatory factor analysis results.

Factors Items Factor
Loading

Composite
Reliability

Cronbachs
Alpha AVE R Square

MOOCs Use As Sustainability

MUS1 0.872 0.894 0.823 0.738 0.518

MUS2 0.863

MUS3 0.843

Perceived Enjoyment

PE1 0.894 0.925 0.879 0.806

PE2 0.917

PE3 0.881

Perceived Ease of Use

PEU1 0.828 0.867 0.770 0.685

PEU2 0.827

PEU3 0.828

Perceived Usefulness

PU1 0.891 0.924 0.877 0.803

PU2 0.917

PU3 0.880

Students’ Academic Performance

SAP1 0.813 0.897 0.847 0.685 0.616

SAP2 0.862

SAP3 0.818

SAP4 0.816

Social Influence

SI1 0.767 0.899 0.830 0.749

SI2 0.911

SI3 0.910

Students’ Satisfaction

SS1 0.831 0.921 0.885 0.744 0.584

SS2 0.862

SS3 0.873

SS4 0.884

Task-Technology-Fit

TTF1 0.834 0.900 0.834 0.750 0.511

TTF2 0.884

TTF3 0.879
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4.3. Measurement Validity That Is Convergent

Discriminant validity refers to the differences between the collection of concepts and
their metrics. Both constructs’ discriminant validity was confirmed with values greater
than 0.50 and significant at p = 0.001, as expected by the analysis [53]. According to [53],
the AVE square root shared by objects in a single construct should be smaller than the
correlations between items in the two constructs, as seen in Table 3.

Table 3. Discriminant validity.

Factors MUS PEU PE PU SI SAP SS TTF

MOOCs Use as Sustainability 0.887

Perceived Ease of Use 0.552 0.900

Perceived Enjoyment 0.596 0.598 0.893

Perceived Usefulness 0.615 0.624 0.562 0.890

Social Influence 0.607 0.572 0.590 0.586 0.901

Students’ Academic Performance 0.564 0.530 0.658 0.469 0.527 0.917

Students’ Satisfaction 0.640 0.609 0.520 0.593 0.629 0.667 0.897

Task-Technology-Fit 0.517 0.526 0.662 0.474 0.599 0.745 0.689 0.931

4.4. The Analysis of the Structural Model

To validate the research hypotheses and examine the built relationships, Smart PLS
2.0 was used. The hypothesis is seen in Figure 1, the path coefficient findings are seen in
Figure 2, and the path coefficient (T-values) findings are seen in Figure 3.
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Table 4 shows the study’s findings, highlighting all relationships. The relationship
between social influence and task-technology-fit (H1) (β = 0.284, SE = 0.111, t = 2.560)
was positive. Likewise, and the relationship between social influence and MOOC use as
sustainability (H2) (β = 0.236, SE = 0.113, t = 2.094) was positive. The relationship between
perceived usefulness and task-technology fit (H3) (β = 0.277, SE = 0.116, t = 2.034) was
positive. The relationship between perceived usefulness and MOOC use as sustainability
(H4) (β = 0.276, SE = 0.095, t = 2.909) was positive. The relationship between perceived
ease of use and task-technology fit (H5) (β = 0.106, SE = 0.098, t = 1.079) was positive. The
relationship between perceived ease of use and MOOC use as sustainability (H6) (β = 0.088,
SE = 0.125, t = 2.707) was positive. The relationship between perceived enjoyment and
task-technology fit (H7) (β = 0.431, SE = 0.108, t = 4.012) was positive. The relationship
between perceived enjoyment and MOOC use as sustainability (H8) (β = 0.210, SE = 0.117,
t = 1.801) was positive. The relationship between MOOC use as sustainability and student
academic performance (H9) (β = 0.164, SE = 0.097, t = 1.685) was positive. The relationship
between MOOC use as sustainability and student satisfaction (H10) (β = 0.388, SE = 0.068,
t = 5.690) was positive. The relationship between task-technology fit and MOOC use as
sustainability (H11) (β = 0.059, SE = 0.108, t = 1.550) was positive. The relationship between
task-technology fit and student satisfaction (H12) (β = 0.488, SE = 6.595, t = 1.550) was
positive. The relationship between task-technology fit and student academic performance
(H13) (β = 0.520, SE = 0.112, t = 4.644) was positive. Finally, the relationship between
student satisfaction and student academic performance (H14) (β = 0.204, SE = 0.094,
t = 2.183) was positive.
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Table 4. Hypothesis testing.

Path of Hypotheses Path Coefficient Standard Error T-Values Results

Social Influence > Task-Technology-Fit (H1) 0.284 0.111 2.560 Positive

Social Influence > MOOCs Use As Sustainability (H2) 0.236 0.113 2.094 Positive

Perceived Usefulness > Task-Technology-Fit (H3) 0.277 0.116 2.034 Positive

Perceived Usefulness > MOOCs Use As
Sustainability (H4) 0.276 0.095 2.909 Positive

Perceived Ease of Use > Task-Technology-Fit (H5) 0.106 0.098 1.079 Positive

Perceived Ease of Use > MOOCs Use As
Sustainability (H6) 0.088 0.125 2.707 Positive

Perceived Enjoyment > Task-Technology-Fit (H7) 0.431 0.108 4.012 Positive

Perceived Enjoyment > MOOCs Use As
Sustainability (H8) 0.210 0.117 1.801 Positive

MOOCs Use As Sustainability > Students’ Academic
Performance (H9) 0.164 0.097 1.685 Positive

MOOCs Use As Sustainability > Students’
Satisfaction (H10) 0.388 0.068 5.690 Positive

Task-Technology-Fit > MOOCs Use As
Sustainability (H11) 0.059 0.108 1.550 Positive

Task-Technology-Fit > Students’ Satisfaction (H12) 0.488 0.074 6.595 Positive

Task-Technology-Fit > Students’ Academic
Performance (H13) 0.520 0.112 4.644 Positive

Students’ Satisfaction > Students’ Academic
Performance (H14) 0.204 0.094 2.183 Positive

5. Discussion and Implications

In terms of theory development, this research aims to combine TAM, the TTF model,
social impact, and the use of MOOCs as a sustainable means of influencing student satisfac-
tion and academic performance. This is consistent with a survey that gathered data from
participants around a wide variety of courses, regardless of their college qualifications or
which sites sell their MOOCs [18]. The empirical findings provide substantial evidence
for 14 hypotheses. For each hypothesis, we provide the following insights into TAM,
the TTF model, social influence, and MOOC use as sustainability to influence student
satisfaction and academic performance. The results of the research strongly support the
social influence factor, confirming hypotheses numbers one and two, showing that social
influence has a positive effect on MOOC use as sustainable educational approach along-
side task-technology fit. While the MOOC system is useful and suitable (fit), increased
social influence leads to increased use of the MOOC system as a sustainable educational
approach, and therefore the technology is fit. A number of studies have identified the
importance of social influence in the field of MOOC system use for learning. As a measure,
the findings of this study confirm previous findings [18,57,58]. Similarly, the results of the
research strongly support the perceived usefulness factor, confirming hypotheses number
three and four, showing that perceived usefulness has a positive effect on MOOC use as
sustainability education approach and task-technology fit. The MOOCs system is useful
and suitable (fit), in the sense that increased perceived usefulness leads to increased use of
the MOOC system as a sustainable educational approach, and therefore the technology
is fit. A number of studies have identified the importance of perceived usefulness in the
field of MOOC system use for learning. As a measure, the findings of this study confirm
previous findings [59–63]. Additionally, the results of the research strongly support the
perceived ease of use factor, confirming hypotheses numbers five and six, showing that per-
ceived ease of use has a positive effect on MOOC use as sustainability education approach
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and their task-technology fit. Given that the MOOC system is easy, useful and suitable
(fit), increased perceived ease of use leads to increased use of the MOOC system as a
sustainability education approach, and therefore the technology is fit. A number of studies
have identified the importance of perceived ease of use in the field of MOOC system use
for learning. As a measure, the findings of this study confirm previous findings [64–67].
Non-registered students from anywhere around the world can take courses as non-credit
courses via MOOCs [19]. Students enrolled in these courses (MOOCs) are not obliged to
pay any tuition, but will be charged a nominal price to receive a certificate of completion
from the institutions, as is the case with other some university offerings [26]. Positive
attitudes about technology-assisted learning can affect students’ inclinations to continue
studying [18]. An examination of the literature indicates that MOOCs are well-received
by students and teachers as a means towards lifetime learning [30,39,40]. Massive open
online courses (MOOCs) represent the most recent stage in distance education at the outset
of a teaching revolution, and attitudes regarding MOOCs and perceived behavioral control
were important predictors of intentions to utilize them [41,50]. Massive open online courses
(MOOCs) are becoming more popular throughout the world. Teachers’ behavioral intention
to embrace MOOCs was helped by performance anticipation, social influence, enabling
circumstances, and price value [58]. Furthermore, student satisfaction with MOOC courses
was positively influenced by perceived ease of use and perceived utility [59]. Massive open
online courses (MOOCs) are quickly becoming the new trend in higher education, and thus,
student acceptance is seen as a critical factor in MOOC performance [62,64]. Moreover,
the results of the research strongly support the perceived enjoyment factor, confirming hy-
potheses number seven and eight, showing that perceived enjoyment has a positive effect
on MOOCs use as sustainability education approach and task-technology fit. The MOOCs
system is enjoyable, useful and suitable (fit), and increased perceived enjoyment leads to
increased use of the MOOC system as a sustainability education approach, and therefore
the technology is fit. A number of studies have identified the importance of perceived
enjoyment in the field of MOOC system use for learning. As a measure, the findings of this
study confirm previous findings [68–70]. Furthermore, the results of the research strongly
support the task-technology fit factor, confirming hypotheses numbers nine, ten, and
eleven, showing that task-technology fit has a positive effect on MOOC use in sustainability
education, student satisfaction, and student academic performance. Given that the MOOC
system is enjoyable, easy, useful and suitable (fit); increased task-technology fit leads to
increased use of the MOOC system as a sustainability education approach, and therefore
the technology is, in turn, fit to effect student satisfaction and academic performance. A
number of studies have identified the importance of task-technology fit in the field of
MOOC system use for learning. As a measure, the findings of this study confirm previous
findings [64,71–73]. Additionally, the results of the research strongly support MOOC use
as a sustainability education approach factor, confirming hypotheses numbers twelve
and thirteen, showing that MOOC use for sustainability has a positive effect on student
satisfaction and student academic performance. The MOOCs system is enjoyable, easy,
useful and suitable (fit), and so increased MOOC use for sustainability leads to increased
student satisfaction and academic performance. A number of studies have identified the
importance of MOOCs system use for sustainability education. As a measure, the findings
of this study confirm previous findings [59,69,74]. The results of the research strongly
support the student satisfaction factor, confirming hypothesis number fourteen, showing
that student satisfaction has a positive effect on student academic performance. When the
MOOCs system is enjoyable, easy, useful, suitable (fit), and the students satisfied; increased
student satisfaction leads to the MOOC system to be uses for sustainability and to effect
student academic performance. A number of studies have identified the significance of
student satisfaction to use of the MOOCs system as a sustainability education approach. As
a measure, the findings of this study confirm previous findings [27,42,62,75,76]. According
to [77], the majority of e-tutoring users felt that online sources for learning English offer
greater convenience and are more effective than no internet resources. Overall, the results
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also demonstrate that performance expectations, effort expectancy, and social influence
have positive effects on behavior intentions and facilitating conditions, and that behavioral
intentions also have positive effects on use behavior [78]. Therefore, the results of this study
have important consequences for MOOC professionals who want to prepare carefully and
use effective strategies to increase student satisfaction and academic performance. The use
of MOOCs as a long-term way of affecting student satisfaction and academic performance
is considered in this analysis as an independent variable correlated with the TAM and TTF.
The findings of this study have helped to develop a research model focused on the role
of task-technology fit (TTF) as a source of educational sustainability in higher education,
which considers enhanced awareness of how to use MOOCs as a source of educational
sustainability. Perceived usefulness, perceived ease of use, perceived enjoyment, social
influence, task-technology fit, MOOC use as sustainability, student satisfaction, and student
academic performance are all determinant TTF and TAM variables in the research model.
As a result, this study determines that the TTF and TAM variables have the greatest effect
on student satisfaction and academic performance when MOOCs are used as a sustainabil-
ity education strategy. Therefore, the current study adds to the existing literature in three
significant as following:

• First, we build on previous work on MOOCs by stressing the role of task-technology
fit (TTF) as a factor in higher education sustainability. Our findings show that MOOCs
may have a sustainability effect on student satisfaction and academic performance.

• Second, this study emphasized the importance of combining perceived usefulness,
perceived ease of use, perceived enjoyment, and social influence when they contributes
to task-technology fit and MOOC use as a sustainability strategy in higher education.

• Finally, our model offers an integrated approach to understanding the role of task-
technology fit (TTF) as a sustainability factor in higher education, which has previously
been studied primarily from the viewpoint of technology acceptance.

Conclusions and Future Works

This study adds to the theory by applying the TAM model and examining the role
of task-technology fit (TTF) in higher education sustainability. The model also establishes
14 hypotheses for measuring how MOOCs use sustainability as a means of influencing
student satisfaction and academic performance. In conclusion, the results of this study
make important contributions to the development of a new paradigm for using MOOCs
as a form of higher education on sustainability. The model established in this article
adds to the current literature on MOOC adoption and may encourage institutions and
MOOC designers to create effective MOOCs that incorporate sustainability. Future research
will focus on the role of faculty in the adoption of MOOCs as a long-term educational
solution. As a result, more future research into the relationships between e-learning system
complexity is necessary, as is research into the ties between MOOC systems and other
educational technology systems. In addition, the roles of observability and trialability in
MOOCs should be investigated, especially in terms of adaptation and sustainability in
developing-country higher education.
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