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Abstract: The global COVID-19 pandemic has disrupted traditional learning methods, leading to
a surge in online learning. It has been found that the low course completion and performance are
associated with online learning. There has been increasing and urgent necessity to identify effective
and decisive ways to address these challenges. Self-directed learning and online learning attitudes
are key factors that influence learning behavior and outcomes, while the general traditional statistical
method often does not perform well in identifying those categories. To fill the gap, this study applies
the fuzzy Delphi method and the fuzzy decision-making trial and evaluation laboratory (DEMATEL)
method to clarify and analyze the relationship of influence among indicators of self-directed learning
and online learning attitudes, develop a cause–effect model, and ultimately identify an effective and
decisive strategy for improving online learning. According to the cause–effect relationship among
indictors, the computer/smartphone and internet confidence, computer/smartphone usage, and
computer/smartphone preference are the three decisive strategical ways for online learning. To
improve learners’ attitudes towards online learning, teachers need to develop or improve students’
computer/smartphone and internet confidence, computer/smartphone usage skills, and develop
their self-directed learning abilities to inspire and increase their willingness and ability to participate
effectively in online courses. Moreover, this study first applies the fuzzy DEMATEL method to
assess, analyze and develop a causal model of self-directed learning and online learning attitudes
for academics to further explore and confirm the complex interrelationships among the key learning
behaviors of online learners.

Keywords: self-directed learning; online learning attitudes; fuzzy Delphi method; fuzzy DEMATEL

1. Introduction

Due to the COVID-19 epidemic, universities have adopted online teaching to allow
students to study courses online. The internet is a common learning platform for learners
and teachers to interact, communicate, and collaborate in a specific way [1,2], and the use
of information technology (IT) in teaching has been implemented worldwide for decades.
The purpose of developing online learning is to use IT to enhance the quality of teaching
and learning, creating a high-quality learning environment, eliminating time and space
constraints on learning, improving the management of teaching resources, and establishing
the integration of IT with teaching and learning in various fields [3].

Since the 1990s, there has been an increase in the popularity of online education trends
in mainland China [4–6]. Although online education has been promoted in mainland
China for some time, it is still considered a supplementary tool to face-to-face teaching [7].
Due to lower information literacy in mainland China compared to Western countries [8]
and lagging behind other countries in online education [9], online education in China has
mostly failed when introduced by Western educational institutions [4–6], primarily due to
the lack of core technology and perceived value [4,9].
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In terms of technology, the Chinese government has been heavily promoting the devel-
opment of online education infrastructure since 2018. Furthermore, due to the COVID-19
pandemic, educational institutions have strengthened their online teaching environments
and required students to attend classes through online courses [9]. Although online educa-
tion in mainland China has overcome technical issues, there is still room for improvement
in learners’ perceived learning [10], information literacy [8], and learning outcomes [11–13].
Therefore, this study aims to investigate the lack of perceived learning and information
literacy as important factors among Chinese learners in online learning. It can help in
the understanding of learners’ self-directed learning abilities and attitudes toward online
learning, serving as insights to enhance perceived learning and information literacy among
learners.

During the COVID-19 pandemic, higher education institutions introduced the online
teaching and learning mode. Students needed to devote more effort and energy to meet
the requirements of the curriculums in the online learning environment [14]). Moreover,
learners needed to spend more time on their studies, and their academic performance was
not satisfactory [15].

Although learners‘ participation in online learning is a topic that has not been explored
adequately [16], there is a large body of literature on the association of learning behaviors
and online learning [17–19]. Learner’s learning behavior is still a complex behavioral
pattern and a complicated, multifaceted and uncertain concept [3]. Learners’ online learning
behavior includes self-directed learning [20–22], learning motivation [23–25], learning
attitudes [26–28], learning engagement [29–31], and self-directed learning; online learning
attitudes are important aspects of learning behavior [3], and the online learning behavior
is the most crucial factor that affects learning outcomes [32], so when investigating an
online learning environment for higher education, learners’ self-directed learning on the
learning behavior and online learning attitudes are the most important factors that are
worth exploring.

Since learners’ self-directed learning affects their motivation [33–37], learning atti-
tudes [38–41], learning effectiveness [38,42–46], and that learning attitudes affect moti-
vation [47–49], self-directed learning [44,50,51], learning engagement [52,53], learning
satisfaction [54,55] and learning effectiveness [38,55–57]. Therefore, there is no consistent
conclusion on the relationships between self-directed learning and online learning atti-
tudes, and there are many different indicators of self-directed learning and online learning
attitudes, and measuring self-directed learning and online learning attitudes requires one
to consider multiple quantitative and qualitative criteria [3]. This study aims to clarify
the relationships between learners’ self-directed learning in online learning and the index
of online learning attitudes that are so important to learners’ learning willingness and
capabilities in online learning.

In order to understand the complex relationships and determinants between learners’
self-directed learning and online learning attitudes in online learning activities, this study
uses the fuzzy Delphi method to survey scholars and experts on learning behavior to
obtain indicators of self-directed learning and online learning attitudes and to establish a
framework of self-directed learning and online learning attitudes. The study also analyzes
the causal relationships among the dimensions and criteria of self-directed learning and
online learning attitudes through the fuzzy DEMATEL method and identifies the determi-
nants in order to provide educational institutions and schools with teaching strategies and
curriculum designs for the integration of IT into online teaching. This study also constructs
a causal model of self-directed learning and online learning attitudes for academics to
further explore the complex interrelationships among the key learning behavior of learners
who learn online, and to find out and enforce the crucial factors of learners’ online learning
behavior, upgrading learners’ learning capabilities in online learning.
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2. Literature Review
2.1. Self-Directed Learning and Online Learning Attitiudes

Online learning has the capability of breaking down demographic boundaries and
bringing together learners and teachers from various disciplinary backgrounds [58]. Con-
sequently, online learning could be used at various branches of learning such as music
teaching courses. Nowadays, online learning is ubiquitous and has transformed our way of
thinking about teaching and learning [59]. Online learning has been applied to important
leaning media and was used as a tool in higher education [58,60,61] because self-directed
learning and online learning attitudes are important dimensions to learners’ online learning
behavior [3].

Self-directed learning is an effective learning method; it is flexible and not limited by
the time and space, and learners can continuously enrich their professional knowledge,
diagnosing their learning needs, find learning resources through their learning goals, and
implement appropriate learning strategies to achieve learning outcomes [46]. Enhancing
learners’ self-directed learning can motivate learners to learn [46], and the higher the
propensity for self-directed learning, the higher the satisfaction level of learners [46]; in
addition, the higher the self-directed learning, the better the learning outcomes [45,46].

Researchers who study self-directed learning have different opinions, for instance,
some scholars have adopted the readiness argument [20,62–65], and self-directed learning
readiness refers to the attitudes, abilities, and attributes that one possesses when engaging
in self-directed learning [63,65]. Scholars who have studied self-directed learning readiness
have different views on its constitutive features. Fisher, King and Tague [62], Chen [63],
and Kao, Yu, Kuo and Kuang [64] suggest that the constitutive features of self-directed
learning readiness include self-management, desire for learning, and self-control. However,
Chen [63] believes that the constitutive features of self-directed learning readiness include
hope for the future, understanding of the self, active learning, self-confidence in learning
things, and self-management. Deng [66], Chang and Chang [67], Shih, Chen and Huang [68]
and Liang and Lai [69] suggest that the constitutive features of self-directed learning
readiness are effective learning, enjoyment of learning, motivation of learning, active
learning, independent learning, and creative learning.

Other scholars [43,70,71] have applied the ability argument, which suggests that self-
directed learning ability affects online learning performances [43] and that self-directed
learning ability is often seen as a valuable skill in school settings [43]. Tang, Zhu, Wen,
Wang, Jin, and Chang [71] suggest that the constitutive features of the self-directed learning
ability include self-management ability, information ability, and cooperative learning ability.

Some scholars (such as Knowles [72]) have introduced the learning contract theory,
which is the process by which learners, with or without the assistance of others, can
diagnose their own learning needs, set learning goals, identify learning resources, select
and implement appropriate learning strategies, and evaluate learning outcomes [72]. Self-
directed learning in the learning contract theory can be applied to the effective planning
of teaching and learning [73], and emphasizes learner autonomy, the necessity of a two-
way interaction between teachers and learners, and learner-centered teaching to develop
learners’ independent and autonomous learning skills [45].

This study integrates different perspectives on self-directed learning and classifies
them into seven categories: self-learning efficacy, continuous learning, efficiency learning,
independent learning, self-understanding, planned learning, and favorite learning.

Learning attitudes are determined by the interaction between learners and their
surroundings during the learning process; therefore, the factors that influence learners’
attitudes are complex [74]. Learning attitudes refer to learners’ attitudes toward their
interactions with the learning environment and depend on their abilities and experiences
and their more persistent affirmative or negative behavioral tendencies or internal states
toward learning things [75].

Online education is an important delivery method in various educational settings [76],
and computer programs designed for education and the internet have fundamentally
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changed university education [77], with learner attitudes affecting not only online teach-
ing [78] but also learning satisfaction [54,55] and learning outcomes [38,56,57], while some
other scholars argue that learning attitudes affect motivation in learning behavior [47–49,79]
or self-directed learning [44,50]. Online learning is the use of computers and smartphones
as media of transmission, providing a diverse teaching environment where different learn-
ers have different problems and attitudes when using computers for learning. Rainer
and Miller [80] suggest that one of the most important factors in computer use should be
the learner’s attitude towards the computer, so building positive learning attitudes and
computer skills can have a positive effect on the learner’s learning outcomes. Hignite [81]
argues that computer attitudes refer to learners’ general perceptions of personal and social
use of computers. This study has been conducted on learners who take online music
lessons, so online learning attitudes are defined as the learners’ willingness, interest, and
emotional response to learning and interacting with computers and the internet, as well as
their ability to use computers and the internet to equip and operate computers at speed.

This study focuses on the integration of IT into teaching and learning, where learners
have to use computer devices and the internet to learn the content of music lessons;
therefore, it refers to the computer attitude scale [26], the online teaching attitude scale [27],
and the related online learning attitude studies [28]. The online learning attitudes are
categorized into five components: computer/smartphone and internet confidence, internet
usage, online learning interest, the usage and preference of computer/smartphone.

2.2. Fuzzy Delphi Method

When the understanding of a problem is not complete, the Delphi method is a suitable
research tool [82]. The Delphi method solicits expert opinions through questionnaire sur-
veys to obtain a consensus among experts [83,84], and presents the results using statistical
methods. Reza and Vassilis [85] recommended a Delphi sample size of 10 to 15 participants,
while Manoliadis, Tsolas and Nakou [86] concluded that a sample of fewer than 15 experts
is optimal. Therefore, the number of experts should not be too high, and generally ranges
from 15 to 20 [87].

The Delphi method is applicable in cases of insufficient data and uncertainty, where
quantitative predictions are not possible [88]. It overcomes the weaknesses of qualitative
research and leverages the objectivity and systematic nature of quantitative research [89].
The Delphi method is used in fields such as public policy and management [90], as it is a
systematic process for expressing the opinions of expert groups [91].

However, the Delphi method requires repeated surveys to obtain consensus among
experts, which increases implementation costs and survey time, resulting in a decrease
in feedback. Additionally, the expression of opinions by different experts may lead to
confusion. The fuzzy Delphi method can reduce the number of questionnaire surveys and
fully express expert opinions, thereby saving time and reducing cost [84]. Moreover, the
traditional Delphi method uses the arithmetic mean as the basis for evaluating criteria,
which is susceptible to the influence of extreme values, leading to difficulty in reaching
consensus. Klir and Yuan [92] proposed using the geometric mean of the generalization
model as the consensus value of experts. That is, the geometric mean of the selection item is
used as the consensus of experts. Therefore, the questionnaire is only administered once to
obtain results, and then, the importance screening is performed. The fuzzy weights of each
candidate factor are defuzzified into clear values using the simple gravity method, and
the threshold value is set as the screening criterion. When using the fuzzy Delphi method
to survey expert opinions, a minimum of 10 expert samples is required to obtain highly
consistent views [84,93], usually ranging from 15 to 25 experts [84,94,95].

2.3. Fuzzy DEMATEL Method

The decision-making trial and evaluation laboratory (DEMATEL) is a tool used to
construct a comprehensive solution for global and complex social issues, which involve
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conflicting interests [96]. DEMATEL can display complex problems through structured
causal relationships and has been successfully applied in various fields [97,98].

Tzeng, Chiang and Li [96] used a mixed multiple criteria decision analysis as a tool to
construct an evaluation system for digital learning. In previous research, 20 criteria have
been used as a basis for evaluation. When there are more than 20 criteria, factor analysis
can be used to reduce them. Lin and Tzeng [99] suggested that threshold values should be
established due to the causal diagram displayed in DEMATEL. The typical method is for
experts to discuss and decide the threshold or for researchers to set it themselves. However,
this could result in different causal diagrams among researchers. Afterwards, scholars
began using an arithmetic mean as the threshold value [100].

This study aims to evaluate the relationship between self-directed learning and online
learning attitudes by using the construct and criteria of these aspects. This involves the am-
biguity and difficulty in quantifying learning behaviors in an online learning environment,
leading to complexity and uncertainty in evaluating their factor relationships. According
to Karwowski and Mital’s [101] research, in many cases, it is unreasonable for experts to
directly evaluate the possibility of an event occurring with a precise value. In fact, for a
poorly defined event, experts can only use simple semantics, such as low, high, good, very
good, etc., to evaluate the possibility or performance of the event. These semantics contain
fuzziness, uncertainty, and multi-valuedness, posing a challenge to the evaluation of such
problems. Conventional quantification methods cannot effectively apply to such fuzzy
non-quantitative analysis. In fuzzy theory, experts can directly apply natural semantics to
evaluate, and the semantics description can be converted into evaluative values of the rela-
tionship degree or occurrence possibility of different items through different membership
function relationships. This allows evaluators to easily and fully express their subjective
judgment values. Therefore, fuzzy theory is very suitable for analyzing and evaluating
uncertain and fuzzy problems, and it has been widely used in multi-criteria management
decision analysis. Thus, this study’s fuzzy DEMATEL allows experts to directly apply natu-
ral semantics to evaluate the dimension and criteria relationships, which are then converted
into evaluative values of the relationship degree using different triangular membership
functions.

This study used the fuzzy Delphi method to screen the criteria and the fuzzy DEMA-
TEL method to evaluate and analyze the causal relationships and strengths of the dimen-
sions and criteria of self-directed learning and online learning attitudes. This identified the
key learning behavioral factors that need to be prioritized for enhancement among learners.

In summary, the fuzzy DEMATEL method can be used to analyze and evaluate causal-
ity in complex problems, and reduce the ambiguity and uncertainty in expert evaluations
through the use of fuzzy theory. This study applies this method to identify the factors that
influence learners’ online learning behaviors in online learning environments and provide
suggestions for improving their learning behavior, which can help to enhance learning
effectiveness and satisfaction.

3. Research Methodology and Design

In this study, the main factors of learners’ self-directed learning and online learning
attitudes, which are obtained from the literature review, are summarized, with a total of
12 criteria in two major dimensions. The main targets of the study are scholars and experts
in western Taiwan, Beijing–Tianjin China, who study online learning (IT-assisted teaching).

Although the Pearson correlation coefficient test is able to explore and analyze the
relationships between factors, it is not able to clarify what relationships exist among factors
or define the complex relationships among factors [102]. Nevertheless, fuzzy DEMATEL is
able to address these problems.

The study is conducted by using the fuzzy Delphi method first to select the criteria
with higher relative importance and then the fuzzy DEMATEL method to explore the
relationships among the dimensions and the criteria, constructing a matrix of the relation-
ships among the dimensions and the criteria, drawing a cause–effect relationship diagram,
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and analyzing the path of the cause–effect relationship. This study aims to explore the
determinants of learner self-directed learning and the attitudes of learners in online learning.

This study uses the fuzzy Delphi method to identify relatively important criteria of
self-directed learning and online leering attitudes. The fuzzy Delphi method [87,103] is a
four-step process.

Step 1: Gather the views of the decision-making community.
It uses the linguistic variables of questionnaires to find out every expert’s important

assessment indexes for each criterion. As for the measuring criterion scales, Thomas [104]
believes that three to seven scales are the most appropriate. This study uses a seven-point
measuring scale for the linguistic scale to measure criterions affecting self-directed learning
and online learning attitudes and to adopt the geometric mean for integrating every expert’s
opinion [105].

Step 2: Create a triangular fuzzy number.
To calculate experts’ important triangular fuzzy numbers, this study applies the

geometric mean of the general mode for an average mean that Klir and Yuan [92] developed,
namely the approach that fuzzy DEMATEL uses to count the group’s consensus decision
making.

Step 3: Defuzzification.
Because fuzzy numbers are not clear values and are not compared directly, we need

defuzzification for fuzzy numbers. The purpose of the process of defuzzification is to find
out the best non-fuzzy performance value, BNP. This study calculates BNP in accordance
with the graded mean integration that Chen and Hsieh [106] developed.

Step 4: Selection of evaluation criteria.
Threshold values and consistently statistical judgement standards of the experts’

opinions need to be set up for selection and assessment criteria [107]. Using threshold
values helps in the selection of much more appropriate criteria. In general, 60% to 80% of
the maximum value is adopted [87]. A total of 70% of the maximum value is the threshold
value to be applied in this study [3].

The retention dimensions and criteria questionnaires were distributed to 20 academics
and practical experts with more than ten years of experience in studying online music
learning programs at universities, using knowledge and experience to determine whether
to retain a criterion. The threshold used in this study is 70% [108], meaning that the criterion
will be kept if more than 70% of academics and experts agree to keep it. The two dimensions
and 12 criteria identified in this study have all been kept because more than 70% of experts
and academics agreed to keep them, as shown in Tables 1 and 2.

Table 1. Statistics of scholars and experts in online learning.

Years Attribute Working Place City

15 Digital distant learning Beijing Normal University Beijing, China

25 Educational evaluation Beijing Education University Beijing, China

24 Music blended teaching Central Conservatory of Music Beijing, China

18 Finance blended teaching and learning Tianjin University of Finance and Economics Tianjin, China

26 Teaching materials and methods of technical and
vocational education Tianjin Art Vocational College Tianjin, China

22 Inquiry and practice teaching, learning, and
curriculum design Tianjin Normal University Tianjin, China

12 Teaching design and research on creative
thinking ability Beijing Jiaotong University Beijing, China

28 Digital education and teaching management
environment Beijing Tsinghua University Beijing, China

16 Digital teaching and learning research Tianjin University Tianjin, China
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Table 1. Cont.

Years Attribute Working Place City

19 IT-assised music teaching and learning Tianjin Normal University Tianjin, China

23 Digital learning instructional design National University of Tainan Tainan, Taiwan

17 Online education curriculum research National Cheng Kung University Tainan, Taiwan

26 Art blended teaching and learning Tunghai University Taichung, Taiwan

27 Integration of IT into teaching National Taichung University of Education Taichung, Taiwan

22 Online IT teaching and learning research Da-Yeh University Changhua, Taiwan

16 Educational psychology research National Changhua University of Education Changhua, Taiwan

18 Design, production, and evaluation of
educational technology integrated into teaching National Tsing Hua University Hsinchu, Taiwan

15 Marketing management blended teaching Chinese Culture University Taipei, Taiwan

23 Online art teaching research Taipei National University of the Arts Taipei, Taiwan

21 IT-assised technology teaching and learning National Taipei University of Technology Taipei, Taiwan

Table 2. Fuzzy Delphi method questionnaire item statistics.

No. Self-Directed Learning (S)/Online
Learning Attitudes (O)

Thresh Hold (Fuzzy
Performance Values) Retain/Delete

1 Self-learning efficacy (S1) 0.870 Retain
2 Continuous learning (S2) 0.889 Retain
3 Efficiency learning (S3) 0.726 Retain
4 Independent learning (S4) 0.744 Retain
5 Self-understanding (S5) 0.844 Retain
6 Planned learning (S6) 0.898 Retain
7 Favorite learning (S7) 0.825 Retain

8 Computer/smartphone and internet
confidence (O1) 0.836 Retain

9 Internet useage (O2) 0.879 Retain
10 Online learning interest (O3) 0.870 Retain
11 Computer/smartphone useage (O4) 0.853 Retain
12 Computer/smartphone preference (O5) 0.799 Retain

The fuzzy DEMATEL is a method that combines fuzzy semantic variables and the
DEMATEL method. The formula and calculation steps [100,109–111] have seven steps,
which are as follows:

Step 1: Define the evaluation criteria and design a fuzzy semantic scale.
The evaluation criteria are shown as C = {Ci|i = 1, 2, . . . , n} , and the fuzzy linguistic

scale, taken from Li, Wu, Chen, Huang and Lin [112], is divided into Very High Effect (VH),
High Effect (H), Low Effect (L), Very Low Effect (VL), and No Effect (No).

Step 2: Create a direct association matrix.

The initial fuzzy direct association matrix
∼
Z, below, is obtained by having the partici-

pants (experts) carry out comparisons between pairs of criteria.

Z̃ =

C1
C2
...

Cn


0 Z̃12 · · · Z̃1n

Z̃21 0 · · · Z̃2n
...

...
. . .

...
Z̃n1 Z̃n2 · · · 0

 (1)

∼
Zij =

(
lij, mij, rij

)
are triangular fuzzy numbers, and Zii, i = 1, 2, . . . , n, on the diagonal

is (0, 0, 0).
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Step 3: Build and analyze the structural model.
The linear scale is changed to a normalization formula so that the criteria scale can be

transformed into comparable scales:

ãij =
n

∑
j=1

Z̃ij =

(
n

∑
j=1

lij,
n

∑
j=1

mij,
n

∑
j=1

rij

)
and r = max

1≤i≤n

(
n

∑
j=1

rij

)
(2)

based on X, the normalized direct association fuzzy matrix is established as
∼
X = r−1 ⊗

∼
Z,

so that

X̃ =


X̃11 X̃12 · · · X̃1n
X̃21 X̃22 · · · X̃2n

...
...

. . .
...

X̃m1 X̃m2 · · · X̃mn

 and X̃ij =
Z̃ij

r
=

( lij
r

,
mij

r
,

rij

r

)
(3)

Step 4: Total association matrix.

After establishing the normalized direct association matrix
∼
X, the fuzzy total associa-

tion matrix
∼
T can be established using the following equations.

T̃ = X̃ + X̃2 + · · ·+ X̃k

= X̃
(

I + X̃ + X̃2 + · · ·+ X̃k−1
)

= X̃
(

I + X̃ + X̃2 + · · ·+ X̃k−1
)(

I − X̃
)(

I − X̃
)−1

= X̃
(

I − X̃
)−1

, when lim
k→∞

X̃k = [0]nxn

T̃ =


t̃11 t̃12 · · · t̃1n
t̃21 t̃22 · · · t̃2n
...

...
. . .

...
t̃m1 t̃m2 · · · t̃mn

 and t̃ij =
(

l′′ij , m′′ij, r′′ij
)

(4)

[
l′′ij
]
= Xl × (I − Xl)

−1[
m′′ij
]
= Xm × (I − Xm)

−1[
r′′ij
]
= Xr × (I − Xr)

−1

Step 5: Conduct defuzzification.
From Equation (5), the fuzzy numbers can be defuzzified to obtain the total association

matrix T.

dFij =

(
rij − lij

)
+
(
mij − lij

)
3

+ lij (5)

Step 6: Centrality and causality.
The row and column values are acquired using Equation (6) and are defined as d and r.

T =
[
tij
]

, i, j ∈ {1, 2, . . . , n}

d = (di)n×1 =

[
n

∑
j=1

tij

]
n×1

; r =
(
rj
)′

1×n =

[
n

∑
i=1

tij

]′
1×n

(6)

Step 7: Result analysis.
The purpose of the fuzzy DEMATEL analysis is to assess the cause–effect relationships

among factors and to establish a structural model. According to the definition of the
causal diagram in the fuzzy DEMATEL analysis, the causal diagram among factors can be
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acquired by mapping the dataset of the value (d + r) and (d − r), where the horizontal axis
(d + r) is made by adding d to r, and the vertical axis (d − r) is made by subtracting d from r.

After calculating (d + r) and (d− r), a diagram of the correlations among the criteria can
be drawn. (d + r) represents the effects among the criteria, with a higher value signifying a
greater effect. (d − r) represents the causal relations among the criteria, with a higher value
indicating that the criteria are the causes of other criteria, and a lower one indicating that
they are the results of other criteria.

The influence–relation map, which indicates the cause–effect relationship among
factors, can be established based on the total relation matrix T. To avoid over-complicated
causality when drawing the influence–relation map, the decisionmaker group should set
up a threshold value to filter out some negligible relationships. This enables the decision
maker to choose only the relationships greater than the threshold value and to map the
cause–effect relationship accordingly.

4. Analysis and Discussion of the Findings

In this stage, 20 scholars and practical experts with more than ten years of experience
studying online music learning programs at universities were invited to take the survey.
The questionnaires were distributed to these researchers and practitioners for completion.
After conducting the survey for three months, there were 20 valid questionnaires, including
10 from researchers and 10 from practitioners. The results of the various dimensions and
criteria were analyzed.

4.1. Results of the Analysis of Each Dimension

In this stage, 20 scholars and practitioners with more than ten years of experience
studying online music learning programs at universities were invited to take the survey.
The questionnaires were distributed to these researchers and practitioners for completion.
After conducting the survey for three months, there were 20 valid questionnaires, including
10 from researchers and 10 from practitioners. The results of the various dimensions and
criteria were analyzed. The evaluative dimensions were self-directed learning (S) and
online learning attitudes (O). First, the evaluative dimensions were defined, which resulted
in the design of the fuzzy semantic scales, the establishment of the direct association matrix,
the creation and analysis of the structural model, the creation of the total association matrix,
and defuzzification. The formulae, calculations and the defuzzification matrix of each
dimension are shown in Table 3. The column and row values of each dimension after the
calculation of the centrality and causality are shown in Table 4. Then, after obtaining the
values of d + r (centrality) and d − r (causality), the cause–effect diagram can be plotted for
each value, as shown in Figure 1. The value of d + r (centrality) represents the strength of the
influence between the dimensions (the higher the value, the stronger the influence). When
the value of d − r is positive and if the value is higher than the threshold, it represents the
“cause” of the influence of other dimensions, and when d − r is negative and if the value is
lower than the threshold, it represents the “effect” of the influence of other dimensions.

Table 3. Matrix of defuzzied total correlations of the dimensions.

Dimension Self-Directed Learning (S) Online Learning Attitudes (O)

Self-directed Learning (S) 6.941 7.558 *
Online Learning Attitudes (O) 7.094 6.941

Note: * indicates value above the threshold value of 7.133.



Sustainability 2023, 15, 9381 10 of 20

Table 4. Collation of column and row values of dimension.

Dimension d
(Column Values)

r
(Row Values)

d + r
(Centrality)

d − r
(Causality)

d/r
(Influence Ratio)

Causal
Relationship

S 14.499 14.035 28.534 0.464 1.033 Affects another
dimension

O 14.035 14.499 28.534 −0.464 0.968 Independence
dimension

Average 28.534 0

Note: Self-directed learning (S), online learning attitudes (O).
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In the causality (d − r) section, according to the value of d − r (causality), the di-
mensions of self-directed learning and online learning attitudes are classified into cause
and effect clusters. The dimensions with positive d − r (causality) values are classified
as cause groups. The positive value of the self-directed learning (S) dimension directly
affects another dimension. Therefore, schools, educational institutions, and teachers should
consider this dimension as the main dimension in developing learners’ learning behavior
in online learning programs.

The main purpose of learners’ learning behavior is to enforce the dimension in cause
groups, namely self-directed learning, so as to improve self-directed learning. Hence, self-
directed learning (S) is the strongest affecting dimension and should be listed as the main
dimension, which could strengthen a learner’s learning behavior, while the online learning
dimension, which has negative d – r (causality) values, is categorized as an effect cluster
(O). This means that it is affected by others, and the extent to which this dimension was
affected is greater than its own influence, so schools, educational institutions, and teachers
can, therefore, consider the online learning attitude dimension as a problem to be solved
in the long-term development of learners’ learning behavior. The highest positive value
of d − r is self-directed learning (S), which represents the “cause” of the largest influence
on the other dimensions, while online learning attitudes (O) are the “effect” of the largest
influence from other dimensions. The higher the value of self-directed learning (S), the
stronger the online learning attitudes (O). Hence, the self-directed learning dimension is
the foundation of the learner’s learning behavior.

In terms of overall consideration, if learners want to improve their learning behavior at
an online learning course, they should choose the most influential dimension, namely “self-
directed learning (S)”, which directly affects the dimension (“online learning attitudes”) (O).
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The arithmetic mean of centrality (d + r) is 28.534, and it is set as the threshold value.
The self-directed learning dimension is located in Quadrants 1 and 2, while online learning
attitudes are in Quadrants 3 and 4. As shown in Figure 1, the dimension of self-directed
learning in the first and second quadrants occupies a relatively important position in
the other quadrant and affects the dimension in the third and fourth quadrants, where
the dimension of online learning attitudes is. As this dimension does not affect the self-
directed learning of the learner, it is listed as the least important dimension, and it could be
strengthened through the dimensions in the first and second quadrants.

In Figure 1, we can observe that self-directed learning (S) affects online learning
attitudes (O), and it is clear that the direction of the arrow of self-directed learning (S)
points directly towards the online learning attitudes (O). Hence, learners should cultivate
their self-directed learning to enforce their learning attitudes in order to perfect their online
learning course behavior.

The results of this study are consistent with previous research conducted by Ames and
Archer [38], Faisal and Eng [39], Zhang et al. [40], and Chen et al. [41], which indicate that
the self-directed learning dimension has an impact on the consistency of online learning
attitudes. Therefore, self-directed learning is a crucial dimension that determines learners’
learning behavior in online learning environments and affects their online learning attitudes.
Self-directed learning refers to learners’ ability and skills to set learning goals and utilize
learning resources, which has a significant impact on learners’ learning behavior and
learning outcomes. Autonomous and effective learning is essential for learners’ learning
behavior and outcomes.

4.2. Results of the Analysis of the Criteria

The assessment criteria are self-learning efficacy (S1), continuous learning (S2), effi-
ciency learning (S3), independent learning (S4), self-understanding (S5), planned learning
(S6), favorite learning (S7), computer/smartphone and internet confidence (O1), internet
usage (O2), online learning interest (O3), computer/smartphone usage (O4), and com-
puter/smartphone preference (O5). There is a total of 12 criteria. After defining the criteria
and designing the fuzzy semantic scale, establishing a direct association matrix, building
and analyzing the structural model, the total association matrix, and defuzzification, the
defuzzified total association matrix among the criteria is shown in Table 5. Once d + r
(centrality) and d − r (causality) have been obtained, the cause–effect relationship diagram
can be plotted against each value, as shown in Figure 2.

Table 5. Collation of column and row values of criteria.

Criteria d r d + r d − r d/r Causal Relationship

S1 4.876 4.418 9.293 0.458 1.104 Cause (core) criteria
S2 4.403 4.428 8.831 −0.024 0.994 Independence criteria
S3 4.329 4.491 8.820 −0.162 0.964 Independence criteria
S4 3.757 4.462 8.219 −0.705 0.842 Independence criteria
S5 4.033 4.464 8.497 −0.430 0.903 Independence criteria
S6 4.042 4.623 8.665 −0.581 0.874 Independence criteria
S7 4.252 4.653 8.905 −0.401 0.914 Independence criteria
O1 4.961 4.497 9.458 0.464 1.103 Cause (core) criteria
O2 4.075 4.530 8.605 −0.456 0.899 Independence criteria
O3 4.966 4.395 9.361 0.570 1.130 Cause (core) criteria
O4 4.916 4.403 9.319 0.512 1.117 Cause (core) criteria
O5 5.140 4.385 9.525 0.754 1.172 Core criteria

Average 8.958 0
Note: self-learning efficacy (S1), continuous learning (S2), efficiency learning (S3), independent learning (S4), self-
understanding (S5), planned learning (S6), favorite learning (S7), computer/smartphone and internet confidence
(O1), internet usage (O2), online learning interest (O3), computer/smartphone usage (O4), computer/smartphone
preference (O5).
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ing (S2), efficiency learning (S3), independent learning (S4), self-understanding (S5), planned g
learning (S6), favorite learning (S7), computer/smartphone and internet confidence (O1), internet
usage (O2), online learning interest (O3), computer/smartphone usage (O4), computer/smart phone
preferences (O5).

In terms of centrality (d + r), these three criteria (computer/smartphone and inter-
net confidence (O1), online learning interest (O3), and computer/smartphone preference
(O5)) are the most important. In terms of the causality (d − r), the value of these criteria
(self-learning efficacy (S1), computer/smartphone and internet confidence (O1), online
learning interest (O3), computer/smartphone usage (O4), and computer/smartphone pref-
erence (O5)) are positive, which means that these are the cause criteria. Among them,
the strongest are online learning interest (O3), computer/smartphone usage (O4), and
computer/smartphone preference (O5). Conversely, the values of these seven criteria—
continuous learning (S2), efficiency learning (S3), independent learning (S4),
self-understanding (S5), planned learning (S6), favorite learning (S7), and internet us-
age (O2)—are negative, which means that these criteria are effect criteria. Among these
criteria, independent learning (S4), planned learning (S6), and internet usage (O2) have the
highest negative values.

According to the causal relationships obtained from the combined centrality and
causality analyses, computer/smartphone preference (O5) have the strongest influence,
while the most influential criterion is independent learning (S4). Among the criteria of
self-directed learning and online learning attitudes, online learning interest (O3), com-
puter/smartphone usage (O4), and computer/smartphone preference (O5) are the most
influential criteria and are the main criteria for improving learner’s self-directed learning
and online learning attitudes.

In the causality (d − r) section, the 12 criteria of self-directed learning and online learn-
ing attitudes can be grouped into cause–effect clusters based on the d − r (causality) values.
Criteria with positive d − r (causality) values are categorized as cause clusters, with a total
of five criteria categorized. Positive criteria have a direct impact on other criteria. Therefore,
scholars should consider these criteria as important targets for enhancing self-directed
learning and online learning attitudes and strengthening the ability of the criteria of the
cause group to enhance other criteria of self-directed learning and online learning attitudes.
The most influential criteria are “online learning interest (O3), computer/smartphone usage
(O4), and computer/smartphone preference (O5)”. These three criteria are the most influ-
ential criteria and should be treated as the most important criteria for self-directed learning
and online learning attitudes and the most influential “cause” of the other criteria. The
higher the proportion of online learning interest, computer/smartphone usage, and com-
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puter/smartphone preference, the stronger the influence of other criteria on self-directed
learning and online learning attitudes. Therefore, the learners’ online learning interest,
computer/smartphone usage, and computer/smartphone preference are the basis for self-
directed learning and online learning attitudes. The negative value of d − r (causality) is
classified as the effect cluster. A total of seven criteria are categorized as “effect clusters,”
representing the extent to which they are influenced by other criteria. The extent affected
by these seven criteria is greater than their own influence; therefore, schools, educational
institutions, and teachers can consider these seven criteria as the long-term development
of learners’ self-directed learning and online learning attitudes to be addressed in online
learning programs.

The arithmetic mean of centrality (d + r) is 8.958, and its value is set as the threshold
value. The criteria of self-directed learning and online learning attitudes fall in the first
and third quadrants, as shown in Table 4. These five criteria are self-learning efficacy
(S1), computer/smartphone and internet confidence (O1), online learning interest (O3),
computer/smartphone usage (O4), and computer/smartphone preference (O5), which
means that they have a high degree of centrality and causality. The criteria of self-directed
learning and online learning attitudes in this quadrant are relatively important compared
to the criteria in other quadrants. They influence the criteria in Quadrants 2 and 4, and are,
therefore, important criteria for self-directed learning and online learning attitudes. The
criteria for self-directed learning and online learning attitudes in Quadrant 3 are continuous
learning (S2), efficiency learning (S3), independent learning (S4), self-understanding (S5),
planned learning (S6), favorite learning (S7), and internet usage (O2). These are the criteria
with low centrality and low causality, so they are classified as the least important criteria
for learners’ self-directed learning and online learning attitudes. These seven criteria in
Quadrant 3 can be improved through the criteria in Quadrant 1 so as to promote learners’
self-directed learning and online learning attitudes. This means that improving the criteria
of Quadrant 1 will improve the criteria in Quadrant 3. As the dimension of self-directed
learning affects the criteria of online learning attitudes, there is a complex entanglement
between self-directed learning and the criteria of online learning attitudes. Learners can
strengthen their self-directed learning and online learning attitudes by addressing the crite-
ria of self-learning efficacy (S1), computer/smartphone and internet confidence (O1), online
learning interest (O3), computer/smartphone usage (O4), and computer/smartphone pref-
erence (O5), which are listed as the first priorities for enhancing self-directed learning and
online learning attitudes.

It can be observed that online learning interest, computer or smartphone use, and
computer or smartphone preferences are the determinants of self-directed learning and
online learning attitudes. They influence the other seven criteria of self-directed learning
and online learning attitudes. Alternatively, self-directed learning will affect attitudes
toward online learning. The self-learning efficacy criterion is the main criterion for self-
directed learning. The self-learning efficacy criterion is the key criterion to self-directed
learning, and it is related to computer/smartphone and internet confidence (O1), online
learning interest (O3), computer/smartphone usage (O4), and computer/smartphone
preference (O5). Therefore, self-learning efficacy should also be considered a key factor in
enhancing self-directed learning and online learning attitudes, as it has a reciprocal effect
on other criteria for self-directed learning.

The results of this study show that there is a complex relationship between the criteria
of self-directed learning and online learning attitudes, meaning that the criteria can mutu-
ally influence each other. Previous studies have also pointed out that self-directed learning
criteria affect online learning attitude criteria, while online learning attitude criteria partially
affect self-directed learning criteria. Since self-learning efficacy, computer/smartphone
and internet confidence, online learning interest, computer/smartphone usage, and com-
puter/smartphone preferences are decisive criteria for self-directed learning and online
learning attitudes, online learning attitudes refer to learners’ confidence in and willingness
to use information terminal devices and the internet for online learning, as well as their
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level of interest in information terminal devices. Therefore, learners need to cultivate
online learning attitudes to adapt to the online learning environment [15,113]. In addition,
the application of information technology into online learning requires learners to have
self-directed learning abilities [114,115] in order to enhance academic performance [115].

Based on the analysis of the dimensions and criteria of self-directed learning and online
learning attitudes, higher education institutions should consider the tendencies of learners’
self-directed learning and online learning attitudes when promoting and implementing
online learning and teaching. Schools and teachers should cultivate learners’ self-directed
learning and online learning attitudes to enhance their learning behavior in online learning
environments.

The results of this study indicate that self-directed learning is a key factor in the
learning behavior of both Taiwanese and Chinese learners in online learning environments.
In addition, attitudes towards online learning are essential elements of learning behavior.
Therefore, learners must develop the ability for self-directed learning in order to effectively
self-learn, and possess the attitudes necessary for online learning, such as confidence in
using computers and smartphones to complete online courses.

Since the global pandemic of COVID-19 in 2020, learners have been unable to acquire
knowledge and skills through physical classes. Schools and educational institutions have
therefore established online teaching environments to allow students and learners to
continue learning. China was one of the first countries to experience the outbreak of
the pandemic, and therefore, schools and educational institutions at all levels in China
have implemented online teaching and learning to assist learners in their online learning.
This research targets the successful implementation of online teaching in China, effectively
exploring the important factors and complex relationships involved in the learning behavior
of online learners, and creates a theoretical framework for this study. It also provides
scholars and experts in the field of education with a better understanding of the learning
behavior of online learners, which can be used to develop friendly online learning strategies
and environments.

5. Conclusions

Learners’ self-directed learning and online learning attitudes are complex, multi-
criteria indicators of competence that cannot be precisely defined and measured, and there
are the criteria are characterized by complex and entangled relationships. The results of this
study show that the dimension of self-directed learning influences the dimension of online
learning attitudes. The criteria for self-directed learning and online learning attitudes are
correlated with each other and the degree of influence on the online learning attitudes
varies among the criteria.

In terms of the dimension, firstly, self-directed learning influences online learning
attitudes. In terms of the dimension level, self-directed learning is the cause that influences
dimensions, and online learning attitudes are the effect that is influenced by it. Therefore,
to strengthen learning behavior in online learning, learners can start by constructing a
self-directed learning dimension. Secondly, self-directed learning is the main determinant
dimension of learners’ learning behavior, it directly influences online learning attitudes,
and is a fundamental factor in enhancing learners’ learning behavior. Therefore, learners
need to develop self-directed learning to establish the foundation of their learning behavior
in online learning.

In the criteria section, firstly, self-learning efficacy, computer/smartphone and internet
confidence, online learning interest, computer/smartphone usage, and computer/smartphone
preference are the main influencing criteria for other criteria. In particular, the com-
puter/smartphone preference is the most influential criterion, and the self-learning ef-
ficacy, computer/smartphone and internet confidence, online learning interest, com-
puter/smartphone usage, and computer/smartphone preference, criteria affect each other
and also affect other criteria. In addition, the computer/smartphone preference criterion is
the strongest influencing criterion for other criteria. Learners can start with the strongest
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and most influential computer/smartphone preference to enhance their online learning
attitudes by encouraging learners to enjoy accessing and operating computers and smart-
phones. Learners can also enhance self-directed learning through self-learning efficacy to
develop skills for continuous learning and efficient learning, as well as other skills.

Self-learning efficacy, computer/smartphone and internet confidence, online learn-
ing interest, computer/smartphone usage, and computer/smartphone preference are the
main influences on the other criteria of online learning attitudes and self-directed learning.
Therefore, learners should have the skills of computer/smartphone and internet confidence,
online learning interest, computer/smartphone usage, computer/smartphone preference,
etc. Furthermore, learners need to develop self-learning skills. Secondly, self-learning
efficacy, computer/smartphone and internet confidence, online learning interest, com-
puter/smartphone usage, and computer/smartphone preference are key determinants
of online learning attitudes and self-directed learning. Learners should be able to grasp
learning opportunities and overcome barriers to learning; learners should be confident in
their learning abilities and computer performance, smartphones and the internet; learners
should enjoy and look forward to learning online; learners should be able to use computers
and smartphones in their studies, life and work and enjoy accessing and operating them.

The determinants and interactions of online learning attitudes and self-directed learn-
ing have not been explored extensively in previous studies; online learning attitudes and
self-directed learning are important dimensions that influence learners’ learning behav-
ior. In addition, scholars who study online learning attitudes and self-directed learning
have different theoretical perspectives. To understand the problems mentioned, this study
combines the fuzzy Delphi method and the fuzzy DEMATEL method to propose a more
comprehensive and complete set of determinants of self-directed learning and online learn-
ing attitudes. There is no research paper on this subject, so this study has academic value.
In summary, the academic value of the findings of this study is as follows: 1. The study
integrates theoretical perspectives on self-directed learning and online learning attitudes
and uses a wide range of perspectives to collect and analyze the relevant literature to select
indicators of self-directed learning and online learning attitudes and to identify the dimen-
sions and criteria of self-directed learning and online learning attitudes by integrating the
views of researchers and experts in online learning; 2. Using the fuzzy DEMATEL method
to evaluate the dimensions and criteria of self-directed learning and online learning atti-
tudes, the cause–effect diagrams were computed and analyzed to provide a clear and easy
understanding of the complex cause–effect structure among the dimensions and criteria of
self-directed learning, online learning attitudes and the strength and extent of the influence
of these factors.

In terms of practical implications, the findings of this study reveal a number of im-
portant implications for the learning behavior of learners in online learning. Schools,
educational institutions, and teachers can use the results of this study to identify the
structural interrelationships and causal relationships among the indicators of learners’
self-directed learning and online learning attitudes and to select the most important key
indicators of self-directed learning and online learning attitudes, which will help schools,
educational institutions, and teachers to understand learners’ learning behavior in online
learning programs, targeting learners’ self-directed learning and online learning attitudes,
and improving online learning programs. This will help schools, educational institutions,
and teachers understand learners’ learning behavior in online learning programs, focusing
on the key criteria of learners’ self-directed learning and online learning attitudes, improv-
ing online learning programs, cultivating the key criteria of learners’ self-directed learning
and online learning attitudes, which can effectively enhance learners’ self-directed learning
and online learning attitudes, and potentially improve learners’ learning behavior and
learning outcomes. In addition, this study provides a visualization chart to identify the
relationships and determinants between learners’ self-directed learning and online learning
attitudes.
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Because this study mainly aims to explore and analyze the effects that online learning
has on learners’ learning behavior through the viewpoints of scholars and experts applying
online teaching at universities. Therefore, the research object is mainly scholars and experts;
this study adopts experts’ investigative approaches in exploring and analyzing. However,
learners were not the object of research. Future research can address this limitation. Ad-
ditionally, the research object of this study is scholars and experts from western Taiwan,
Beijing and Tianjin in China. However, it is worth exploring and analyzing data from other
geographical locations, which will vary due to factors regarding conditions in different
countries, information technology, etc.

The results of this study could provide meaningful references for online education
researchers, practitioners, and learners regarding their intrinsic learning abilities, intentions,
and tendencies in online learning environments. As this study was limited to surveying
scholars and practitioners from China and Taiwan, future research could involve a more
diverse range of researchers, practitioners, or learners from different countries. This would
ensure that online learning designs not only keep pace with technological developments
but also fully consider important indicators of learners’ intrinsic learning.

Author Contributions: Conceptualization, J.L.; Methodology, J.L.; Validation, C.-H.W.; Investigation,
C.-H.W.; Resources, J.L.; Data curation, C.-H.W.; Writing—original draft, J.L.; Writing—review &
editing, C.-H.W. All authors have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: All data used for research are included in the content of the article and
in Tables 1–5.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Burbules, N.; Callister, T. Universities in transition: The promise and the challenge of new technologies. Teach. Coll. Rec. 2000, 102,

271–293. [CrossRef]
2. Baran, E.; Correia, A.P.; Thompson, A. Transforming online teaching practice: Critical analysis of the literature on the roles and

competencies of online teachers. Distance Educ. 2011, 32, 421–439. [CrossRef]
3. Wu, C.H.; Li, J.; Lin, T.J.; Chang, T.L.; Lin, C.T. Decisive Factors Affecting Learners’ Learning Behaviour and Outcomes on the

On-line Music Teaching. J. Manag. Inf. 2019, 24, 35–76.
4. Marginson, S. Don’t Leave Me Hanging on the Anglophone: The Potential for Online Distance Higher Education in the

Asia-Pacific Region. High. Educ. Q. 2004, 58, 74–113. [CrossRef]
5. Peters, M.A.; Wang, H.; Ogunniran, M.O.; Huang, Y.; Green, B.; Chunga, J.O.; Quainoo, E.A.; Ren, Z.; Hollings, S.; Mou, C.; et al.

China’s Internationalized Higher Education during COVID-19: Collective Student Autoethnography. Postdigital Sci. Educ. 2020, 2,
968–988. [CrossRef]

6. Zhu, C.; Valcke, M.; Schellens, T. A cross-cultural study of teacher perspectives on teacher roles and adoption of online
collaborative learning in higher education. Eur. J. Teach. Educ. 2010, 33, 147–165. [CrossRef]

7. Zhou, L.; Li, F.; Wu, S.; Zhou, M. School’s out, but class’ on’, the largest online education in the world today: Taking China’s
practical exploration during the COVID-19 epidemic prevention and control as an example. Soc. Sci. Res. Netw. 2020, 2, 501–519.
[CrossRef]

8. Wang, Y.; Liu, X.; Zhang, Z.H. An overview of e-learning in China: History, challenges and opportunities. Res. Comp. Int. Educ.
2018, 13, 195–210. [CrossRef]

9. Swanson, B.A.; Valdois, A. Acceptance of online education in China: A reassessment in light of changed circumstances due to the
COVID-19 pandemic. Int. J. Educ. Res. Open 2022, 3, 100214. [CrossRef] [PubMed]

10. Abdull Mutalib, A.A.; Akim, A.M.; Jaafar, M.H. A systematic review of health sciences students’ online learning during the
COVID-19 pandemic. BMC Med. Educ. 2022, 22, 524. [CrossRef] [PubMed]

11. Cifuentes-Faura, J.; Faura-Martínez, U.; Lafuente-Lechuga, M. Assessment of sustainable development in secondary school
economics students according to gender. Sustainability 2020, 12, 5353. [CrossRef]

12. Hurlbut, A.R. Online vs. traditional learning in teacher education: A comparison of student progress. Am. J. Distance Educ. 2018,
32, 248–266. [CrossRef]

https://doi.org/10.1111/0161-4681.00056
https://doi.org/10.1080/01587919.2011.610293
https://doi.org/10.1111/j.1468-2273.2004.00263.x
https://doi.org/10.1007/s42438-020-00128-1
https://doi.org/10.1080/02619761003631849
https://doi.org/10.2139/ssrn.3555520
https://doi.org/10.1177/1745499918763421
https://doi.org/10.1016/j.ijedro.2022.100214
https://www.ncbi.nlm.nih.gov/pubmed/36249568
https://doi.org/10.1186/s12909-022-03579-1
https://www.ncbi.nlm.nih.gov/pubmed/35786374
https://doi.org/10.3390/su12135353
https://doi.org/10.1080/08923647.2018.1509265


Sustainability 2023, 15, 9381 17 of 20

13. Mukhtar, K.; Javed, K.; Arooj, M.; Sethi, A. Advantages, Limitations and Recommendations for online learning during COVID-19
pandemic era. Pak. J. Med. Sci. 2020, 36, S27–S31. [CrossRef]

14. Cifuentes-Faura, J.; Obor, D.O.; To, L.; AI-Naabi, I. Cross-cultural impacts of COVID-19 on higher education learning and teaching
practices in Spain, Oman, Nigeria and Cambodia: A cross-cultural study. J. Univ. Teach. Learn. Pract. 2021, 18, 8. [CrossRef]

15. Faura-Martínez, U.; Lafuente-Lechuga, M.; Cifuentes-Faura, J. Sustainability of the Spanish university system during the
pandemic caused by COVID-19. Educ. Rev. 2022, 74, 645–663. [CrossRef]

16. Salas-Pilco, S.Z.; Yang, Y.Q.; Zhang, Z. Student engagement in online learning in Latin American higher education during the
COVID-19 pandemic: A systematic review. Br. J. Educ. Technol. 2022, 53, 593–619. [CrossRef] [PubMed]

17. Ford, N.; Chen, S.Y. Individual Differences, Hypermedia Navigation, and Learning: An Empirical Study. J. Educ. Multimed.
Hypermedia 2000, 9, 281–311.

18. Hwang, W.Y.; Liu, Y.F.; Chen, H.R.; Huang, J.W.; Li, J.Y. Role of parents and annotation sharing in children’s learning behavior
and achievement using E-readers. J. Educ. Technol. Soc. 2015, 18, 292–307.

19. Laer, S.V.; Elen, J. The effect of cues for calibration on learners’ self-regulated learning through changes in learners’ learning
behaviour and outcomes. Comput. Educ. 2019, 135, 30–48. [CrossRef]

20. Guglielmino, L.M. Development of the Self-Directed Learning Readiness Scale. Ph.D. Thesis, University of Georgia, Athens, GA,
USA, 1977.

21. Oddi, L.F. Development and validation of an instrument to identify self-directed continuing learners. Adult Educ. Q. 1986, 36,
97–107. [CrossRef]

22. Chen, C.M.; Liang, J.J. A Study of Recurrent Education Students’ Perception and Measurement Instrument upon Self-directed
Learning in Higher Education. J. Natl. Taichung Univ. Educ. 2009, 23, 205–230.

23. Boshier, R. Motivation Orientation of Adult Education Participants: A Factor Analytic Exploration of Houle’s Typify. Adult Educ.
1971, 21, 3–26. [CrossRef]

24. Gardner, R.C.; Lambert, W.E. Attitudes and Motivation in Second Language Learning; Newbury House: Rowley, MA, USA, 1972.
25. Chen, I.H.; Lin, H.C. A Study of Scientific Research Personnel in the Learning Motivation of the Academic Ethics Learning on the

Research Ethical Attitude and Learning Satisfaction. J. Technol. Hum. Resour. Educ. 2018, 4, 88–109.
26. Loyd, B.C.; Gressard, C. Reliability and factorial validity of computer attitude scale. Educ. Psychol. Meas. 1984, 44, 501–505.

[CrossRef]
27. Graff, M. Cognitive style and attitudes towards using online learning and assessment methods. Electron. J. E-Learn. 2003, 1, 21–28.
28. Okwumabua, T.M.; Walker, K.M.; Hu, X.; Watson, A. An Exploration of African American Students’ Attitudes toward Online

Learning. Urban Educ. 2010, 20, 241–250. [CrossRef]
29. Handelsman, M.M.; Briggs, W.L.; Sullivan, N.; Towler, A. A Measure of College Student Course Engagement. J. Educ. Res. 2005,

98, 184–191. [CrossRef]
30. Lin, S.H.; Huang, Y.C. Development of Learning Engagement Scale for College Students. Psychol. Test. 2012, 59, 373–396.
31. Tsai, C.H. Using Project-Based Learning Model to Promote Technical and Vocational College Students’ Learning Engagement and

Learning Achievement—A Quasi-Experimental Study. Takming Univ. J. 2016, 41, 25–38.
32. Qiu, F.Y.; Zhang, G.D.; Sheng, X.; Jiang, L.; Zhu, L.J.; Xiang, Q.F.; Jiang, B.; Chen, P.K. Predicting students’ performance in

e-learning using learning process and behaviour data. Sci. Rep. 2022, 12, 453. [CrossRef]
33. Mount, M.K.; Barrick, M.R.; Scullen, S.M.; Rounds, J.; Sackett, P. Higher-order dimensions of the big five personality traits and the

big six vocational interest types. Pers. Psychol. 2005, 58, 447–478. [CrossRef]
34. O’Shea, E. Self-directed learning in nurse education: A review of the literature. J. Adv. Nurs. 2003, 43, 62–70. [CrossRef] [PubMed]
35. Song, L.; Hill, J.R. A Conceptual Model for Understanding Self-Directed Learning in Online Environments. J. Interact. Online

Learn. 2007, 6, 27–42.
36. Liang, L.Z. Structural equation model of self-directed learning, learning motivation and learning strategies of in-service students.

Ling Tung J. 2008, 23, 205–230.
37. Saranraj, L.; Shahila, Z. Motivation in Second Language Learning—A Retrospect. Int. Interdiscip. Res. J. 2016, 4, 7–13.
38. Ames, C.; Archer, J. Achievement Goals in the Classroom: Students’ Learning Strategies and Motivation Processes. J. Educ.

Psychol. 1988, 80, 260–267. [CrossRef]
39. Faisal, M.; Eng, N.L. The Effect of Self-directed Learning Tasks on Attitude towards Science. In Proceedings of the 35th Annual

Conference Assessment for a Creative World, Brisbane, Australia, 13–18 September 2009; Volume 1318, p. 2009.
40. Zhang, Q.; Zeng, T.; Chen, Y.; Li, X. Assisting undergraduate nursing students to learning evidence-based practice through

self-directed learning and workshop strategies during clinical practicum. Nurse Educ. Today 2012, 32, 570–575. [CrossRef]
41. Chen, L.; Tang, X.J.; Liu, Q.; Zhang, X. Self-directed learning: Alternative for traditional classroom learning in undergraduate

ophthalmic education during the COVID-19 pandemic in China. Heliyon 2023, 9, 15632. [CrossRef]
42. Xu, F.M.; Ren, L. A Study on Teachers’ Learning Achievement and the Affecting Reasons. Teach. Educ. Res. 2005, 17, 63–66.
43. Chou, P.N. Effect of Students’ Self-Directed Learning Abilities on Online Learning Outcomes: Two Exploratory Experiments in

Electronic Engineering. Int. J. Humanit. Soc. Sci. 2012, 2, 172–179.
44. Khodabandehlou, M.; Jahandar, S.; Seyedi, G.; Abadi, R.M.D. The Impact of Self-directed Learning Strategies on Reading

Comprehension. Int. J. Sci. Eng. Res. 2012, 3, 1–9.

https://doi.org/10.12669/pjms.36.COVID19-S4.2785
https://doi.org/10.53761/1.18.5.8
https://doi.org/10.1080/00131911.2021.1978399
https://doi.org/10.1111/bjet.13190
https://www.ncbi.nlm.nih.gov/pubmed/35600418
https://doi.org/10.1016/j.compedu.2019.02.016
https://doi.org/10.1177/0001848186036002004
https://doi.org/10.1177/074171367102100201
https://doi.org/10.1177/0013164484442033
https://doi.org/10.1177/0042085910377516
https://doi.org/10.3200/JOER.98.3.184-192
https://doi.org/10.1038/s41598-021-03867-8
https://doi.org/10.1111/j.1744-6570.2005.00468.x
https://doi.org/10.1046/j.1365-2648.2003.02673.x
https://www.ncbi.nlm.nih.gov/pubmed/12801397
https://doi.org/10.1037/0022-0663.80.3.260
https://doi.org/10.1016/j.nedt.2011.05.018
https://doi.org/10.1016/j.heliyon.2023.e15632


Sustainability 2023, 15, 9381 18 of 20

45. Chen, S.H.; Pan, G.C.; Huang, P.Y.; Lin, J.Y. The Impacts of Self-directed Learning, NLP Technology, and Field Practice on Learning
Effectiveness. J. Environ. Manag. 2022, 23, 21–36.

46. Chen, Y.C.; Ho, S.H.; Tai, H.J. Meta-Analysis of Self-directed Learning. JTHRE 2021, 7, 109–126.
47. Li, D.L.; Wang, M.F. The Influence of Primary School Students’ Attitude in Science Learning and Problem-Solving Abilities

toward Information Technology Applied in Project-Based Learning. Res. Dev. Sci. Educ. Q. 2004, 69–94.
48. Ho, W.M. Students’ experiences with and preferences for using information technology in music learning in Shanghai’s secondary

schools. Br. J. Educ. Technol. 2007, 38, 699–714. [CrossRef]
49. Maclntyre, P.D.; Potter, K.; Burns, J.N. The Socio-Educational Model of Music Motivation. J. Res. Music Educ. 2012, 60, 129–144.

[CrossRef]
50. Ha, J.Y. Learning style, Learning attitude, and Self-directed Learning ability in Nursing Students. J. Korean Acad. Soc. Nurs. Educ.

2011, 17, 355–364. [CrossRef]
51. Liu, H.L.; Wang, T.H.; Koong Lin, H.C.; Lai, C.F.; Huang, Y.M. The Influence of Affective Feedback Adaptive Learning System on

Learning Engagement and Self-Directed Learning. Front. Psychol. 2022, 13, 858411. [CrossRef]
52. Lauren, C. International Trade Service-Learning Attitudes and Engagement in a Large Class Setting. J. Serv.-Learn. High. Educ.

2017, 6, 1–15.
53. Josephine, L.A.; Mabel, O.B.; Albert, T. Computer Attitude and eLearning Self-Efficacy of Undergraduate Students: Validating

Potential Acceptance and Use of Online Learning Systems in Ghana. Int. J. E-Learn. 2018, 17, 199–226.
54. Chi, J.T.; Lee, H.W.; Liu, C.H.; Hsu, C.H. The Relationship of Employees’ Learning Attitude and Learning Satisfaction. Bio Leis.

Ind. Res. 2007, 5, 58–76.
55. Wang, J.C.; Liao, L.C. The Correlations of Learning Behaviors and Learning Effects of a Practical Training Curriculum for

Accounting Majors. J. Contemp. Account. 2008, 9, 105–130.
56. Masgoret, A.M.; Gardner, R.C. Attitudes, Motivation, and Second Language Learning: A Meta-Analysis of Studies Conducted by

Gardner and Associates. Lang. Learn. 2003, 53, 123–163. [CrossRef]
57. Kuo, M.C.; Lee, S.F. Exploration of Factors Related to Learning Attitude and Learning Outcome among Nursing Students in

Physical Examination Skills Course. Chang Gung Nurs. 2008, 19, 172–186.
58. Hueske, A.-K.; Pontoppidan, C.A.; Iosif-Lazar, L.-C. Sustainable Development in Higher Education in Nordic Countries: Exploring

E-learning Mechanisms and SDG Coverage in MOOCs. Int. J. Sustain. High. Educ. 2022, 23, 196–211. [CrossRef]
59. Otto, D.; Becker, S. E-learning and Sustainable Development. In Encyclopedia of Sustainability in Higher Education; Leal Filho, W.,

Ed.; Springer International Publishing: New York, NY, USA, 2019; pp. 1–8.
60. Alismaiel, O.A.; Cifuentes-Faura, J.; Al-Rahmi, W.M. Online Learning, Mobile Learning, and Social Media Technologies: An

Empirical Study on Constructivism Theory during the COVID-19 Pandemic. Sustainability 2022, 14, 11134. [CrossRef]
61. Crawford, J.; Cifuentes-Faura, J. Sustainability in Higher Education during the COVID-19 Pandemic: A Systematic Review.

Sustainability 2022, 14, 1879. [CrossRef]
62. Fisher, M.; King, J.; Tague, G. Development of a Self-Directed Learning Readiness Scale for Nursing Education. Nurse Educ. Today

2001, 21, 516–525. [CrossRef]
63. Chen, Y.H. Interrelationship between Taiwanese College Students’ Self-Directed Learning Readiness and Smartphone Addiction.

Int. J. Digit. Learn. Technol. 2021, 13, 57–85.
64. Kao, Y.H.; Yu, C.W.; Kuo, S.Y.; Kuang, I.H. Self-Directed Learning in Nursing Students with Different Background Factors. J. Nurs.

2013, 60, 53–64.
65. Merriam, S.B.; Caffarella, R.S.; Baumgartner, L.M. Learning in Adulthood: A Comprehensive Guide, 3rd ed.; John Wiley & Sons Inc.:

Hoboken, NJ, USA, 2007.
66. Deng, Y.L. Adult Teaching and Self-Directed Learning; Wu-Nan Culture: Taipei, Taiwan, 1995.
67. Chang, M.F.; Chang, S.S. The Influences of self-directed Learning and Its Satisfaction to the Intention of Continuing Study. J. Ind.

Technol. Educ. 2010, 3, 33–40.
68. Shih, C.T.; Chen, H.Y.; Huang, L.C. The Enhancement of Manager’s Managerial Competency: The Interactive Effects of Self-

Directed Learning and Perceived Organizational Support. NTU Manag. Rev. 2011, 22, 135–164.
69. Liang, L.J.; Lai, C.H. A study on the relationship between learning motivation and self-directed learning under the use of different

learning strategies. J. Chin. Econ. Res. 2007, 5, 50–68.
70. Tough, A. The Adult’s Learning Projects: A Fresh Approach to Theory and Practice in Adult Learning, 2nd ed.; Ontario Institute for

Studies in Education: Toronto, ON, Canada, 1979.
71. Tan, L.Q.; Zhu, L.J.; Wen, L.Y.; Wang, A.S.; Jin, Y.L.; Chang, W.W. Association of learning environment and self-directed learning

ability among nursing undergraduates: A cross-sectional study using canonical correlation analysis. BMJ Open 2022, 12, e058224.
72. Knowles, M.S. Self-Directed Learning: A Guild for Leaders and Teachers; Cambridge Association Press: New York, NY, USA, 1975.
73. Siriwongs, P. Developing students’ learning ability by dint of self-directed learning. Procedia-Soc. Behav. Sci. 2015, 197, 2074–2079.

[CrossRef]
74. Huang, H.H. Research on Learning Attitude Toward Elective General Courses of Two-Year College Students-Using Takming

College as an Example. Shih Chien J. Gen. Educ. 2003, 1, 207–235.
75. Liu, H.C.; Ting, Y.Y.; Cheng, J.A. The Effects of a Reality Therapy Group Guidance Program for Underachieving Elementary

Students in Regard to their Mandarin Learning Attitudes and Achievements. Bull. Educ. Psychol. 2010, 42, 53–76.

https://doi.org/10.1111/j.1467-8535.2006.00643.x
https://doi.org/10.1177/0022429412444609
https://doi.org/10.5977/JKASNE.2011.17.3.355
https://doi.org/10.3389/fpsyg.2022.858411
https://doi.org/10.1111/1467-9922.00212
https://doi.org/10.1108/IJSHE-07-2020-0276
https://doi.org/10.3390/su141811134
https://doi.org/10.3390/su14031879
https://doi.org/10.1054/nedt.2001.0589
https://doi.org/10.1016/j.sbspro.2015.07.577


Sustainability 2023, 15, 9381 19 of 20

76. Ku, H.Y.; Lohr, L.L. A case study of Chinese student’s attitudes toward their first online learning experience. Educ. Technol. Res.
Dev. 2003, 51, 94–102. [CrossRef]

77. Liaw, S.S.; Huang, H.M. A study of investigating learners attitudes toward e-learning. In Proceedings of the 2011 5th International
Conference on Distance Learning and Education, Singapore, 16–18 September 2011; IACSIT Press: Singapore, 2011; Volume 12,
pp. 28–32.

78. Chang, C.S. The Effect of Attitudes and Self-Efficacy on College Student Performance in Online Instruction. Ph.D. Thesis,
University of Kansas, Lawrence, KS, USA, 2000.

79. Çevik, M.; Bakioğlu, B. Investigating students’ E-Learning attitudes in times of crisis (COVID-19 pandemic). Educ. Inf. Technol.
2022, 27, 65–87. [CrossRef]

80. Rainer, R.K., Jr.; Miller, M.D. An assessment of the psychometric properties of the computer attitude scale. Comput. Hum. Behav.
1996, 12, 93–105. [CrossRef]

81. Hignite, M.A. The Relationship between Computer Attitudes and Computer Literacy among Prospective Business Education
Teachers at Missouri’s Public Four-Year Colleges and Universities. Ph.D. Thesis, University of Missouri, Columbia, Indiana, 1990.

82. Jafari, A.; Jafarian, M.; Zareei, A.; Zaerpour, F. Using Fuzzy Delphi Method in Maintenance Strategy Selection Problem. J.
Uncertain Syst. 2008, 2, 289–298.

83. Mohd Jamil, M.R.; Siraj, S.; Hussin, H.; Mat Noh, N.; Sapar, A.A. Pengenalan Asas Kaedah Fuzzy Delphi Dalam Penyelidikan
Rekabentuk Dan Pembangunan; Minda Intelek: Bangi, Malaysia, 2017.

84. Yusoff, A.F.M.; Hashim, A.; Muhamad, N.; Hamat, W.N.W. Application of Fuzzy Delphi Technique to Identify the Elements for
Designing and Developing the e-PBM PI-Poli Module. Asian J. Univ. Educ. 2021, 17, 292–304. [CrossRef]

85. Reza, K.; Vassilis, S.M. Delphi Hierarchy Process (DHP): A methodology for priority setting derived from the Delphi method and
Analytical Hierarchy Process. Eur. J. Oper. Res. 1988, 37, 347–354.

86. Manoliadis, O.; Tsolas, I.; Nakou, A. Sustainable construction and drivers of change in Greece: A Delphi study. Constr. Manag.
Econ. 2006, 24, 113–120. [CrossRef]

87. Liang, L.W.; Lee, T.T.; Huang, B.Y. Investigation of Merging and Acquisition of Taiwanese Banks—Application of the Fuzzy
Delphi Method. J. Financ. Stud. 2010, 11, 31–65.

88. Linston, H.A.; Turoff, M. Introduction in the Delphi Method: Techniques and Applications; Addison-Wesley: Boston, MA, USA, 1975.
89. Sung, W.C. Application of Delphi method, a qualitative and quantitative analysis, to the healthcare management. J. Healthc.

Manag. 2001, 2, 11–19.
90. Yeh, C.C.; Weng, S.L.; Wu, J.H. A study comparing of Delphi method and fuzzy method. Surv. Res.-Method Appl. 2007, 21, 31–58.
91. Dalkey, G.B. The Delphi Method: An Experimental Study of Group Opinion; Research Paper RM-5888-PR; Rand Corp: Santa Monica,

CA, USA, 1969.
92. Klir, G.J.; Yuan, B. Fuzzy Sets and Fuzzy Logic: Theory and Application; Prentice-Hall: Hoboken, NJ, USA, 1995.
93. Adler, M.; Ziglio, E. Gazing into the Oracle: The Delphi Method and Its Application to Social Policy and Public Health; Jessica Kingsley

Publication: London, UK, 1996.
94. Kadir, W.N.H.W.A.; Abdullah, N.S.Y.; Mustapha, I.R. The Application of the Fuzzy Delphi Technique on a Component of

Development of Form Four STEM-Based Physics Interactive Laboratory (I-Lab). Int. J. Sci. Technol. Res. 2019, 8, 2908–2912.
95. Ramlie, H.A.; Hussin, Z.; Mohd Jamil, M.R.; Sapar, A.A.; Siraj, S.; Mat Noh, N. Aplikasi Teknik Fuzzy Delphi Terhadap Keperluan

Aspek ‘Riadhah Ruhiyyah’ Untuk Profesionalisme Perguruan Pendidikan Islam. Online J. Islam. Educ. 2014, 2, 53–72.
96. Tzeng, G.H.; Chiang, C.H.; Li, C.W. Evaluating intertwined effects in e-learning programs: A novel hybrid MCDM model based

on factor analysis and DEMATEL. Expert Syst. Appl. 2007, 32, 1028–1044. [CrossRef]
97. Lin, C.W.; Wu, W.W. A causal analytical method for group decision-making under fuzzy environment. Expert Syst. Appl. 2008, 34,

205–213. [CrossRef]
98. Tsai, W.H.; Chou, W.C.; Leu, J.D. An effectiveness evaluation model for the web-based marketing of the airline industry. Expert

Syst. Appl. 2011, 38, 15499–15516. [CrossRef]
99. Lin, C.L.; Tzeng, G.H. A value-created system of science (technology) park by using DEMETEL. Expert Syst. Appl. 2009, 36,

9683–9697. [CrossRef]
100. Hsu, C.Y.; Chen, K.T.; Tzeng, G.H. FDCDM with fuzzy DEMATEL approach for customers’ choice behavior model. Int. J. Fuzzy

Syst. 2007, 9, 236–246.
101. Karwowski, W.; Mital, A. Potential applications of fuzzy sets in industrial safety engineering. Fuzzy Sets Syst. 1986, 19, 105–120.

[CrossRef]
102. Mishra, N.; Singh, A.; Rana, N.P.; Dwivedi, Y.K. Interpretive structural modelling and fuzzy MICMAC approaches for customer

centric beef supply chain: Application of a big data technique. Prod. Plan. Control 2017, 28, 945–963. [CrossRef]
103. Lin, R.D.; Li, J.; Hsieh, W.Y. Influencing factors of online music teaching and learning behavior in University. Int. J. Technol. Vocat.

Educ. Stud. 2020, 5, 128–157.
104. Thomas, S.J. Designing Surveys That Work! A Step-by-Step Guide; Corwin Press, Inc.: Thousand Oaks, CA, USA; Sage Publications:

Newbury Park, CA, USA, 1999.
105. Saaty, T.L. Decision Making with Dependence and Feedback: The Analytic Network Process; RWS Publication: Pittsburgh, PA, USA, 1996.
106. Chen, S.H.; Hsieh, C.H. Ranking generalized fuzzy number with graded mean integration representation. Proc. Engl. Int. Conf.

Fuzzy Sets Syst. Assoc. World Congr. 1999, 2, 551–555.

https://doi.org/10.1007/BF02504557
https://doi.org/10.1007/s10639-021-10591-3
https://doi.org/10.1016/0747-5632(95)00021-6
https://doi.org/10.24191/ajue.v17i1.12625
https://doi.org/10.1080/01446190500204804
https://doi.org/10.1016/j.eswa.2006.02.004
https://doi.org/10.1016/j.eswa.2006.08.012
https://doi.org/10.1016/j.eswa.2011.06.009
https://doi.org/10.1016/j.eswa.2008.11.040
https://doi.org/10.1016/0165-0114(86)90031-X
https://doi.org/10.1080/09537287.2017.1336789


Sustainability 2023, 15, 9381 20 of 20

107. Yeh, T.M.; Pai, F.Y.; Peng, S.L. Using fuzzy multi-criteria decision analysis to analyze the factors affecting the junior high school
art-talented classed teachers’ job stress. J. Manag. Pract. Princ. 2017, 11, 1–26.

108. Wu, C.H.; Lin, M.L.; Li, J. Using Multiple Criteria Decision Analysis to Explore the Decisive Factors of Port Logistics Service
Quality. J. Manag. Inf. 2022, 27, 153–220.

109. Wu, K.J.; Liao, C.J.; Tseng, M.L.; Chiu, A.S.F. Exploring decisive factors in green supply chain practices under uncertainty. Int. J.
Prod. Econ. 2015, 159, 147–157. [CrossRef]

110. Yeh, T.M.; Huang, Y.L. Factors in determining wind farm location: Integrating GQM, fuzzy DEMATEL, and ANP. Renew. Energy
2014, 66, 159–169. [CrossRef]

111. Wu, C.H.; Li, J.; Shiu, F.J.; Chen, C.W.; Lin, C.T. Using Fuzzy-DEMATEL Method to Explore Decisive Factors in After Market of
Auto Lighting Industry. J. Manag. Inf. 2020, 25, 1–52.

112. Li, J.; Wu, C.H.; Chen, C.W.; Huang, Y.F.; Lin, C.T. Apply Fuzzy DEMATEL to Explore the Decisive Factors of the Auto Lighting
Aftermarket Industry in Taiwan. Mathematics 2020, 8, 1187. [CrossRef]

113. Sánchez-Rodríguez, J.; Ruiz-Palmero, J.; Sánchez-Rivas, E. Uso problemático de las redes sociales en estudiantes universitarios
problematic use of social networks in university students. Rev. Complut. Educ. 2015, 26, 159–174. [CrossRef]

114. Sakurai, R.; Nemoto, Y.; Mastunaga, H.; Fujiwara, Y. Who is mentally healthy? Mental health profiles of Japanese social
networking service users with a focus on LINE, facebook, twitter, and instagram. PLoS ONE 2021, 16, e0246090. [CrossRef]
[PubMed]

115. Alismaiel, O.A.; Cifuentes-Faura, J.; Al-Rahmi, W.M. Social media technologies used for education: An empirical study on TAM
model during the COVID-19 pandemic. Front. Educ. 2022, 7, 882831. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.1016/j.ijpe.2014.09.030
https://doi.org/10.1016/j.renene.2013.12.003
https://doi.org/10.3390/math8071187
https://doi.org/10.5209/rev_RCED.2015.v26.46360
https://doi.org/10.1371/journal.pone.0246090
https://www.ncbi.nlm.nih.gov/pubmed/33657132
https://doi.org/10.3389/feduc.2022.882831

	Introduction 
	Literature Review 
	Self-Directed Learning and Online Learning Attitiudes 
	Fuzzy Delphi Method 
	Fuzzy DEMATEL Method 

	Research Methodology and Design 
	Analysis and Discussion of the Findings 
	Results of the Analysis of Each Dimension 
	Results of the Analysis of the Criteria 

	Conclusions 
	References

