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Abstract
In our current information-based society in which knowledge is a fundamental asset to
production, the capability to utilize information and produce knowledge with the use of
information technology (IT) has become essential to learning. Massive Open Online Courses
(MOOCs) have recently been introduced in light of such changes and are recognized as an
alternative to open education. MOOCs’ capabilities are being acknowledged in lifelong
education in terms of reeducation and knowledge sharing, and also in terms of improving
teaching quality, and improving university students’ levels of creativity and integrated
thinking by supporting high-level content and teaching. Therefore, this study presents an
extended research model that combines information system (IS) continuance and
task-technology fit models. Our study researches previous literature, revealing factors of
continuous use after accepting MOOCs from the learner’s perspective, and analyzes the model
empirically. The ideal environment for MOOCs learners is evaluated, and a strategic approach
to the successful settlement and diffusion of MOOCs is presented based on this study’s
findings.
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1. Introduction

In our current, information-based society in which knowledge is a core asset to production,
the ability to utilize information and produce knowledge using IT is emerging as essential to
learning [1]. Since the 2000s, the philosophy of “sharing” based on Web 2.0 has been
transcending “sharing” via Open Education Resources (OERs); in academic communication,
the scope extends to Open Course Ware (OCW). As e-learning initially changed higher
education paradigms, the expansion of open education based on “sharing” anticipates yet
another paradigm shift [2].
Massive Open Online Courses (MOOCs) have recently been introduced in response to such
changes and are now being considered an alternate form of open education. “MOOCs” refer to
a learning model that was developed for those who desire to learn in an online environment
without the limitations of class size. MOOCs are an evolved e-learning system that integrate
existing forms of remote learning, connection to social networks, multi-disciplinary expert
participation, and free online resource collection. This form of education is growing
exponentially due to active participation in learning purpose, prerequisite learning, knowledge,
and common interest [3]. MOOCs are especially popular in the contexts of reeducation and
knowledge sharing in the contexts of continuing education, improvements to teaching, and
university student creativity and integrated thinking through its support of high-level content
and teaching [4].
Until recently, studies on Information System (IS) have evaluated the success of IS in terms of
user acceptance or use. However, if IS is not used continuously after being accepted, user
performance fails since continued use is an essential factor in IS success [5]. In light of this,
Bhattacherjee (2001) [6] asserts that if IS user expectations are identical to use performance,
perceived usefulness and use satisfaction also increase; consequently, continuation intention
increases, thus fulfilling the IS Continuance Model. Later, a Continuance Model is applied to
various IS study contexts and is considered to be a core model of explaining user IS
continuance [7].
Additionally, current IT technologies have been developed as measures to process works by
members of organizations, thus transcending personal levels. The relationship between IT
technology and infra and business supports is being continuously reinforced. The
Task-Technology Fit model explains IT is capacity to support an organization’s members’
tasks by referencing how well IT supports the functions required for an individual to perform a
task [8]. Previous studies on IS demonstrate that Task-Technology Fit improves individual
user performance by improving the fit between information systems and tasks conducted in
the use environments’ various systems [9-14].
Similarly, previous studies on MOOCs have focused on evaluating MOOCs’ educational
potential from the service provider’s point of view despite its importance, while studies on
MOOCs’ acceptance or use environment from point of view of the learner are shorter [15,16].
Therefore, this study presents an extended research model, combining IS continuance and
task-technology fit models through literature research. We reveal the factors of continuous use
after the learner accepts an MOOC, and analyze the model empirically. It is important to
understand the MOOCs’ learners’ environment: a strategic direction for successful settlement
and diffusion of MOOCs is presented based on this understanding.
To this purpose, a survey was conducted on experienced users of MOOCs; the results were
analyzed and our hypothesis verified using the structural equation model. Therefore, to
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achieve its purpose, this study was designed and constructed as a literature review and
theoretical framework. This study was divided into five sections. Section 1 introduces the
study’s thesis, objectives, scope, and organization. Section 2 presents a research hypothesis
based on a review of major concepts and theories. Section 3 presents the study’s sample,
measure, and analysis method. Section 4 presents the data analyses and findings. Section 5
presents a summary and future research directions based on the theoretical model’s test results.

2. Theoretical Background
2.1 Understanding MOOCs
MOOCs are a learning model developed for those who desire to gain education in an online
environment without limitations of class size. This means that free lectures are available to
anyone, allowing students to participate in learning through an open, public online community
[17]. MOOCs are intrinsically different from existing educational environments as they are
“Massive,” “Open,” “Online,” and in the form of “Courses” [18]. First, as opposed to existing
offline or online courses, many students of MOOCs participate in learning activities. Second,
MOOCs are open in terms of economy, acceptance, and sharing. MOOC lectures are offered
for free, and have no preconditions for course participants; lectures are open to everyone, and
hence students can share their own thoughts and understandings freely while they study.
MOOCs are delivered online; therefore, courses are easily accessible and free from physical
and temporal limitations. Lastly, MOOC lectures are defined as “courses.” A lecture provided
by MOOCs has a beginning and an end; organized learning resources and activities are
provided to achieve learning goals set by the teacher.
In sum, MOOCs are online courses comprising free lecture selections, openly shared curricula,
and unlimited outcomes in an open structure. MOOCs are established by autonomously
organized learners who participate in lectures according to their learning purposes, previous
technological knowledge level, and common interests. MOOCs do not generally charge a fee
and have no preconditions save for interest and internet access. There are no previously
defined expectations or formal requirements for participation in these courses. MOOCs target
unlimited participation and open access through the Web. Unlike other classes, MOOCs offer
interactive user forums to support the formation of user communities [19,20].
As such, public interest in MOOCs is increasing since anyone can receive high quality
education online with no preconditions. However, in spite of the high interest in MOOCs, a
problem is emerging: many learners quit in the middle of a course. The number of participants
registered in MOOCs is increasing rapidly, and most of these participants enjoy MOOC
learning. However, few students complete the courses and receive certificates [21,22]. In an
investigation conducted on 43,000 students using Coursera, Udacity, edX and other MOOC
platforms, Jordan (2015) [23] reveals that only 6.5% of students attended all of the lectures
and received certificates or diplomas. Meyer (2012) [24] reports that the rate of exiting
students from MOOCs provided by Stanford, MIT, and UC Berkley is 80–95%. This high exit
rate is considered a limitation of MOOCs despite their potential to lead innovation in
education paradigms and curricula.
2.2 Task-Technology Fit
The Task-Technology Fit (TTF) model is used extensively to evaluate IT technology’s
performance challenges. Task-technology fit is defined as the level at which an information
system’s capacity is identical to the required conditions of tasks to perform and meaning that it
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addresses the issue of how adequately technology can support the information required for
individual task performance [25,26]. While presenting the task-technology fit model,
Goodhue & Thompson (1995) [8] argue that task-technology fit determines the performance
of utilization in the use environment of IT technology. These researchers note that if IT is
sufficient to support task performance, user evaluation will be positive, and IT will be used.

Fig. 1. The Task-Technology Fit Model

Therefore, the task-technology fit model is considered a foundational model for describing
user performance in IT acceptance and use research [14,27-30]. Klopping & McKinney’s
(2004) [9] study on e-commerce acceptance confirms that task-technology fit positively
impacts perceived usefulness, ease of use, and intention to use. Larsen et al.’s (2009) [31]
study on mobile banking continuance verifies that the task-technology fit affects perceived
usefulness and utilization, while utilization and user satisfaction positively affect continuance
intention. McGill & Klobas’ (2009) [10] study on Learning Management Systems (LMSs)
verifies that task-technology fit and utilization impacts learning performance. Zhou et al (2010)
[11] show that task-technology fit has a positive effect on mobile banking acceptance and
performance expectation. Chang’s (2010) study [12] on the acceptance of mobile auction
service verifies that task-technology fit positively impacts intention to use by mediating
perceived usefulness. Lin & Wang’s (2012) [13] study on e-learning continuation intention
verifies that task-technology fit positively impacts confirmation and perceived usefulness.
Therefore, this study establishes the following hypotheses:
H1. Task-Technology Fit will have a positive effect on perceived usefulness.
H2. Task-Technology Fit will have a positive effect on utilization.
H3. Utilization will have a positive effect on user satisfaction.
H4. Utilization will have a positive effect on continuance intention.
2.3 IS Continuance
Ultimately, if use continuation fails after IS acceptance, user achievement also fails; IS
success depends on continued use rather than acceptance [6]. An IS that is not used frequently,
or is inadequate or ineffective after being accepted, can become a factor in failing to achieve
the performance of the individual or the organization; continued usage after acceptance is an
essential factor for the success of IS in the use environment [5]. Therefore, Bhattacherjee
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(2001) [6] presents an IS continuance model based on Davis et al.’s (1989) Technology
Acceptance Model (TAM) [32] and Oliver’s (1980) Expectancy Disconfirmation Theory
(EDT) [33] asserting that an IS’ continuation intention is determined by confirmation and
perceived usefulness produced by the results of initial use of IS; confirmation influences
perceived usefulness. In other words, his assertion means that when IS user expectations meet
use performance in the initial period, perceived usefulness and satisfaction increase and
continuation intention consequentially increases.

Fig. 2. IS Continuance Model

Bhattacherjee’s (2001) [6] IS continuance model is considered to be a core model
demonstrating user IS continuance since it applies to various contexts of later IS continuance
research [7]. Hsu & Chiu’s (2004) [34] study on IS continuation intention verifies that the
continuation intention of internet service is determined by outcome expectation, internet
self-efficacy and user satisfaction, while confirmation is a factor in predicting outcomes of
expectation and user satisfaction. Lin et al. (2005) [35] verify that the continuation intention of
web portal services is determined by perceived usefulness, playfulness, and user satisfaction;
expectation satisfaction is a factor in predicting perceived usefulness, perceived playfulness,
user satisfaction, and expectation satisfaction. Roca et al. (2006) [36] verify that the
continuation intention of e-learning users is determined by user satisfaction and perceived
quality; perceived usefulness and ease of use are prediction factors for user satisfaction. Thong
et al. (2006) [37] verify that the continuation intention of mobile service is determined by user
satisfaction, perceived usefulness, and enjoyment; expectation is a prediction factor for
perceived ease of use, perceived usefulness, perceived enjoyment, and user satisfaction.
Limayem & Cheung (2008) [38] verify that IS continuation intention, prior behaviors, and
habits are determining factors of e-learning service continuation. Kim (2010) [39] verifies that
perceived usefulness, enjoyment, cost, subjective norms, and perceived behavior controls are
determining factors for mobile data service continuation. Ho (2010) [40] verifies that
continuation of e-learning services are determined by perceived usefulness, user satisfaction,
and attitude; autonomy, relatedness, competence, expectation satisfaction, and perceived ease
of use are prediction factors for perceived usefulness, user satisfaction and attitude. Therefore,
this study establishes the following hypotheses:
H5. Perceived usefulness will have a positive effect on utilization.
H6. Perceived usefulness will have a positive user satisfaction.
H7. Perceived usefulness will have a positive continuance intention.
H8. User satisfaction will have a positive effect on continuance intention to use.

KSII TRANSACTIONS ON INTERNET AND INFORMATION SYSTEMS VOL. 12, NO. 8, August 2018

3997

On the basis of the above hypotheses, the following model, shown in Fig. 3, was suggested for
this study.

IS continuance model

Perceived
Usefulness
H6

H2

TaskTechnology
Fit

User
Satisfaction

H5

H1

TTF model

H7

H3

H8

Continuance
Intention

H4

Utilization

Fig. 3. Research Model

3. Research Method
3.1 Sample
For this study, data were collected through a field survey on college/university graduate
students, and adult students enrolled in courses at life-long education centers located in Seoul;
all of these participants have experience using MOOC services. A total of 252 data samples
were collected, and 237 cases remained as effective samples for this study’s empirical analysis
after eliminating 15 cases that had missing values or insincere responses. Table 1 summarizes
this study’s samples.
Table 1. Sample Characteristics
Category and Items
Sample Size
Male
123
Gender
Female
114
Less than 20
16
20–29
105
Age
30–39
58
40–49
39
more than 50
19
Less than 6 months
36
6–12 months
47
Use period
12–18 months
110
18–24 months
36
more than 24 months
8

Ratio (%)
51.9
48.1
6.8
44.3
24.5
16.5
8.0
15.2
19.8
46.4
15.2
3.4
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3.2 Measure
To ensure the content validity of our measurement tool, this study used measurement items
verified in existing literature by revising and supplementing them for our purposes. First,
Task-Technology Fit was constructed into four items, each referencing studies of Goodhue &
Thompson (1995) [8], Larsen et al. (2009) [31], and Lin (2012) [41]; these were measured
using a seven-point Likert scale (Strongly disagree ~ Strongly agree). Utilization was also
constructed into four items, each referencing studies by Goodhue & Thompson (1995) [8],
Larsen et al. (2009) [31], and Lin & Wang(2012) [13]; these too were measured using a
seven-point Likert scale. Perceived Usefulness was constructed into four items, each
referencing studies by Davis (1989) [32], Bhattacherjee (2001) [6], and Lee (2010) [42]; these
were measured using a seven-point Likert scale. User Satisfaction was constructed into four
items, each referencing studies by Bhattacherjee (2001) [6], and Limayem & Cheung (2008)
[38]; these were measured using a seven-point Likert scale. Continuance Intention was
constructed into four items, each referencing studies by Bhattacherjee (2001) [6], Limayem &
Cheung (2008) [38], and Lee (2010) [42]; these were measured using a seven-point Likert
scale.
3.3 Analysis method
For a method of analysis and measurement tool of structural equation models, this study
analyzed results and verified the hypothesis using Amos 24.0.

4. Analysis and Results
4.1 Measurement Model
This study conducted a confirmatory factor analysis to ensure the measurement tool’s content
validity. As a result of the modified measurement model’s confirmatory factor analysis, χ2 =
394.152(P=0.000), χ2/df = 2.463, RMSEA = .079, AGFI = .810, CFI = .944, IFI = .944, TLI
= .933, indicating that measurement model was fit. Next, reliability and validity tests were
conducted for measurement items. For reliability, construct reliability should appear above 0.7,
and average variance extract should be above 0.5. Additionally, two latent variables’ AVE1
and AVE2 should be larger than the squared value of its correlation for validity. As a result of
analysis, reliability and validity were verified; the detailed results are presented in Table 2 and
Table 3.
4.2 Structural Model
A structural model analysis was conducted to measure the model’s fitness, and reliability and
validity of measurement items were verified. As a result of the structural model’s fitness test,
χ2 = 395.747 (P = .000), χ2/df = 2.443 was above the threshold of 3, and RMSEA = .078 was
below the standard of .08. Moreover, AGF = .812 indices appeared above the recommended
value of 0.8. Also, CFI = .944, IFI = .944, TLI = .934 indices were above the recommended
value of 0.9; therefore, the research model’s goodness of fit was verified.
4.3 Hypotheses Test
The research hypotheses were tested after the structural model’s fitness was confirmed.
Consequently, task-technology fit had a positive effect on utilization (C.R. = 3.361, p = .000)
and perceived usefulness (C.R. = 10.898, p = .000); therefore, H1 and H2 were supported.

KSII TRANSACTIONS ON INTERNET AND INFORMATION SYSTEMS VOL. 12, NO. 8, August 2018

3999

Second, utilization had a positive effect on user satisfaction (C.R. = 3.815, p = .000); therefore,
H3 was supported. On the other hand, the utilization did not have a significant effect on the
continuance intention to use (C.R. = -1.284, p = .199); therefore, H4 was not supported. Third,
perceived usefulness has a positive effect on utilization (C.R. = 2.191, p = .028), user
satisfaction (C.R. = 7.854, p = .000), and continuance intention to use (C.R. = 7.295, p = .000);
therefore, H5, H6 and H7 were supported. Lastly, user satisfaction had an effect on
continuance intention to use (C.R. = 4.903, p = .000); thus, H8 was supported. The results of
the hypothesis tests are summarized in Table 4 and Fig. 4.
Table 2. Confirmatory Factor Analysis based on Reliability
Variables
Task-Technology
Fit

Utilization

Perceived
Usefulness

User
Satisfaction

Continuance
Intention

Measurement
Item
TTF1
TTF2
TTF3
TTF4
PU1
PU2
PU3
PU4
UT1
UT2
UT3
UT4
SF1
SF2
SF3
SF4
CI1
CI2
CI3
CI4

Std.
Loading
.878
.829
.715
.789
.896
.871
.878
.847
.899
.921
.893
.924
.820
.891
.890
.904
.826
.823
.845
.804

Std.
Error

C. R.

.059
.062
.060

15.720
12.603
14.598

.051
.052
.051

19.265
19.615
18.166

.042
.042
.041

22.716
21.019
22.890

.063
.066
.064

16.927
16.905
17.294

.069
.075
.076

14.600
15.128
14.124

Construct
Reliability
.869

Cronbach’
s𝛂
.879

.910

.928

.947

.949

.935

.929

.937

.894

Table 3. Correlations between Constructs and Validity
Variables

1

1.TaskTechnology Fit

.546**

2.Utilization

.124*

.666**

3.Perceived
Usefulness

.507*

.516*

.608**

4.User Satisfaction

.174*

.347*

.436*

.791**

.349*

.582*

.421*

5.Continuance
.536*
Intention
*squared value of correlation (∅2)
**AVE (Average Variance Extract)

2

3

4

5

.758**

4000
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Table 4. Hypothesis Test Results
Estimate
Hypothesis Path
(β)

C.R.
(t)

Results

H1

Task-Technology Fit → Utilization

.335

3.361***

Supported

H2

Task-Technology Fit → Perceived Usefulness

.742

10.898***

Supported

H3

Utilization → User Satisfaction

.187

3.815***

Supported

H4

Utilization → Continuance intention

-.044

-1.284

Not
Supported

H5

Perceived Usefulness → Utilization

.199

2.191*

Supported

H6

Perceived Usefulness→ User Satisfaction

.410

7.854***

Supported

H7

Perceived Usefulness → Continuance intention

.311

7.295***

Supported

H8

User Satisfaction → Continuance intention

.267

4.903***

Supported

* p < 0.05, ** p < 0.01, *** p < 0.001

Perceived
Usefulness
.410***

.742***

TaskTechnology
Fit

User
Satisfaction

.199*

.335***

.311***

.187***

-.044

Utilization

* p < 0.05, ** p < 0.01, *** p < 0.001, ns: insignificant at the 0.05 level
Fig. 4. Research Model and Path Analysis

.267
***

Continuance
Intention
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5. Conclusion
In our current, information-based society in which knowledge comprises the core of
production, the capability to utilize information and produce knowledge with IT is emerging
as essential to learning. Accordingly, MOOCs have recently been introduced and are being
recognized as an alternative to new forms of open education. Therefore, this study presents an
extended research model which combines IS continuance and task-technology fit models
through literature research, revealing factors of continued learner use after accepting MOOCs,
and analyzes the model empirically.
In this study we found that task-technology fit has a positive effect on the utilization and
perceived usefulness in MOOC use environment; additionally, the use of task-technology fit
has a positive effect on intention of continued use. The task-technology fit affects the use of
production performance IT when performing specific tacks utilizing IT [31]. Therefore, if the
MOOCs are sufficient to support learning in the MOOCs use environment, it can be
understood that the user evaluates the use of the MOOCs and uses them positively.
Additionally, it was found that perceived usefulness positively affects usability, user
satisfaction, and intention of continuous use: user satisfaction has a positive effect on intention
of continuous use. The more an MOOC user perceives that the MOOC’s use is helpful to
learning and increases the effects of learning, the more they are satisfied with an MOOC’s
function and output, leading to continued use [43]. If IS is not used frequently after acceptance,
however, and if it is inappropriate and ineffective, IS is a failure factor in achieving good
results [5]. Therefore, this study found that perceived usefulness and user satisfaction in an
MOOC use environment are important predictors of an intention of continued use of MOOCs.
The results of this study suggest that an MOOC’s success is defined as continued use in an
acceptance environment and that the MOOC’s validity as a research model is verified by
examining the factors that affect intention to use MOOCs. Recently, the importance of
MOOCs as a means by which to enhance the quality of higher education and bolster a
university’s competitiveness has increased, but empirical study on the issue is insufficient
[15,16]. Therefore, this study is academically significant since it confirms the factors affecting
users' intention to use MOOCs continuously in use environments by applying task-technology
fit and IS Continuance models.
Additionally, according to this study’s results, it is important for the success and
competitiveness of MOOCs to increase their service utilization by improving the fitness of
tasks and technologies in their environments. Therefore, it is expected that the present study
will have practical value as it helps us to understand MOOCs’ usage environment and presents
strategic directions for the successful establishment and diffusion of MOOCs.
In this study, we collected and empirically analyzed data regarding experienced adult
university MOOC users in Seoul who participated in life-long education center curriculum.
Therefore, the extent to which we can generalize the results of this study is limited. In addition,
to determine the factors of MOOC success, we examined previous studies on IS success,
presented task-technology fit, level of use, perceived usefulness, and user satisfaction as
determinants of an continuance intention, and verified them empirically. We expect that by
further reviewing various MOOCs services and learner-level success factors, we will be able
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to gain a broader understanding of the success of MOOCs.
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Appendix. Measurement items.
Task-Technology Fit
1. It is appropriate to use MOOCs when learning.
2. MOOCs features are sufficient to complete my study.
3. MOOCs fulfill my learning objective.
4. MOOCs fit well with my learning method.
Utilization
1. I frequently use MOOCs.
2. I apply MOOCs in my study.
3. I use MOOCs learning courses.
4. I utilize MOOCs study materials.
Perceived Usefulness
1. I find MOOCs useful.
2. MOOCs assist me in acquiring information.
3. MOOCs are helpful to my learning.
4. Education quality increases when I use MOOCs.
User Satisfaction
1. I am satisfied with using MOOCs.
2. I am satisfied with MOOCs’ utilities.
3. I am generally satisfied with my experience using MOOCs.
4. Utilizing MOOCs is a wise choice.
Continuance Intention
1. I plan to use MOOCs frequently in the future.
2. I plan to use MOOCs very often in the future.
3. I believe the use of MOOCs will increase.
4. I would recommend the use of MOOCs to others.
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