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Lockdowns of various forms have prompted higher education institutions (HEIs) to suddenly shift from physical face-to-face
classes to e-learning environments on an unprecedented scale in recent history. &is sudden shift promotes the continuity of the
teaching-learning process in HEIs despite the COVID-19 pandemic, at most on the positive side, while bringing forth challenges
related to individual learners and academics. &is work is based on a recently reported Values-Enhanced Technology Adoption
(VETA) model, which incorporates individual values in technology acceptance modeling. Despite offering crucial insights into
academics in evaluating e-learning adoption, the current literature suffers from drawbacks. Motivated by addressing these
limitations, this work reevaluates the nine constructs of the VETA model using the decision-making trial and evaluation
laboratory (DEMATEL). Results indicate that effort expectancy, hedonic motivation, price value, habit, security, tradition,
conformity, achievement, power, and hedonism constructs cause performance expectancy, behavioral intention, and social
influence. &e DEMATEL captures and models the causal relationships between these constructs within an analytical framework,
which induces some variations of the recent empirical findings. Finally, the perception of self-achievement among academics
drives the intention to adopt e-learning. &e findings offered in this work are crucial to the evolving literature of COVID-19 on
education, particularly in informing the design of initiatives and measures to enhance e-learning.

1. Introduction

In curbing COVID-19 transmission, e-learning is deemed to
be the immediate alternative to face-to-face classes in uni-
versities [1]. At present, after over a year of lockdowns of
various forms, academics are coping with e-learning, along
with the plethora of lectures, training, webinars, and tuto-
rials on how to effectively use related tools [2]. &e trans-
formation from offline to online education brings out some

crucial issues in HEIs [3, 4], particularly in developing
countries. Higher education institutions (HEIs) in most
developing countries are facing various challenges amplified
by poor technical infrastructure, pedagogical insufficiencies,
and limited resources, along with aspects of culture, prac-
tices, skills, competencies, individual values, and attitudes
[5, 6].

&e COVID-19 pandemic highlights abnormal condi-
tions, and an increasing number of published works have
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examined the adoption of distance education through
e-learningmethodologies during these challenging times [7],
including teachers’ attributes relevant to information and
communication technologies [8], online teaching adoption
factors [9], and some exogenous variables (e.g., [10]). &e
direction of the dynamics of the literature of COVID-19 on
HEIs now integrates important constructs that explain the
use of e-learning platforms to support distance education
[11, 12]. Among other extensions, exploring individual
values of learners or users within the context of e-learning
amidst the COVID-19 pandemic has not gained much at-
tention, although some insights were reported.&e inclusion
of social factors as external factors of e-learning acceptance
modeling draws interest among scholars in the recent lit-
erature (e.g., [13–15]). In this regard, how social factors were
integrated into those acceptance models requires some
consideration of culture (i.e., an aggregate framework of
societal views) or values (i.e., individually held beliefs) [16].

Limited insights on incorporating individual values in
e-learning acceptance models were recently offered. Some of
these works include Lee et al. [17]; Aparicio et al. [18]; and
Tarhini et al. [19]. Mehta et al. [16] bridged these limitations
by proposing an extended model incorporating individual
values (e.g., conformity, tradition, security, achievement,
power, and hedonism). Insights into the values-enhanced
model offered by Mehta et al. [16] were explored further by
succeeding studies such as evaluating the acceptance of
social video platforms (e.g., YouTube) for learning [20],
online learning platforms [21, 22], and cloud learning
management systems [23]. Brought about by the ongoing
COVID-19 pandemic that has since shifted the traditional
physical mode of learning to e-learning, the integration of
constructs that explain individual values of learners on their
acceptance to e-learning or associated platforms has been
gaining attention, albeit limited. Inspired by the Values-
Enhanced Technology Adoption (VETA) model of Mehta
et al. [16], some reports, including Jameel et al. [24], Sitar-
Tăut and Mican [25], Fatima et al. [26], and Sitar-Tăut [27],
highlight individual values, at varying degrees, in modeling
acceptance of e-learning during the COVID-19 pandemic.

While Mehta et al. [16] reported some empirical findings
in the context of two cultural contexts (i.e., &e Gambia and
the UK), these findings may be idiosyncratic and the effect of
COVID-19 pandemic as an emergency may alter acceptance
of e-learning. In addition, the viewpoint of academics in
e-learning acceptance involving individual values was not
explored in recent studies. &is agenda is crucial in the
teaching-learning process and may pose insights into de-
signing measures that could advance essential aspects of
e-learning. Aside from these gaps, a few reservations could
be observed from the previous works. First, although
popular, the use of structural equationmodeling (SEM) (e.g.,
[28]) as a means for analyzing causal relationships some-
times, if not often, results in some fallacies due to model
modification [29]. Second, empirical investigations via SEM
involve large samples, and most established models, such as
the technology acceptance model (TAM) and the Unified
&eory of the Acceptance and Use of Technology (UTAUT),
for e-learning require that these samples completely

understand the domain context [30]. Finally, with an in-
tention to only model e-learning, identifying crucial con-
structs of implementing e-learning was not explored. &ese
gaps form the main departure of this work.

&us, this work aims to advance the methodological
process of evaluating the VETA model proposed by Mehta
et al. [16] using an expert-opinion-oriented analytical ap-
proach, the decision-making trial and evaluation laboratory
(DEMATEL). Developed in the 1970s by the Geneva Re-
search Centre of the Battelle Memorial Institute [31],
DEMATEL handles a complex system of elements connected
by causal relationships, borrowing its efficacy from the
principles of graph theory and linear algebra [32]. It pro-
motes (1) determining the causal relationships among ele-
ments in a network (e.g., constructs in a set of constructs)
and (2) clustering these elements into the net cause and net
effect groups. &e DEMATEL is a practical and useful tool
for visualizing the structure of complex causal relationships
between elements into an intelligible structural model [29].
In the education sector, applications of the DEMATEL are
limited, which include strategic management [33], perfor-
mance evaluation [34, 35], and e-learning [36, 37]. Note that
this list is not intended to be comprehensive. Various at-
tempts were reported on the use of the DEMATEL approach
in evaluating some popular models, including TAM [38, 39],
UTAUT [30, 40], and Decomposed &eory of Planned
Behavior [41, 42]. Sheng-Li et al. [43] provided a thorough
review of the methodologies and applications of the
DEMATEL during the recent decade.

With the efficacy of the DEMATEL in modeling causal
relationships (e.g., [44, 45]), this work advances the pro-
posed VETA model of Mehta et al. [16] by offering a dif-
ferent methodological perspective. In this work, the 13
constructs of the VETAmodel are adopted in constructing a
structural model using DEMATEL. Contrary to SEM, the
proposed methodology provides the following innovations:
(1) hidden causal relationships among constructs are un-
covered, (2) aside from the direct effects of one construct to
another, it takes further consideration into the indirect ef-
fects among constructs, which would then generate total
relations, (3) it identifies critical constructs for decision-
making, (4) it provides a better understanding on compli-
cated and intertwined problems, instrumental in an ex-
ploratory mode of analysis, and (5) it addresses technical
problems (e.g., e-learning) with limited sample sizes. &is
work advances the evolving literature of COVID-19 on
education by effectively providing a structural model based
on expert analysis on the use of e-learning platforms of
academics. &e remainder of this paper is arranged as fol-
lows: Section 2 presents a brief background of the
DEMATEL. &e proposed methodology is described in
Section 3. Section 4 details the results and the findings. &e
paper ends with a conclusion and discussion of future work
in Section 5.

2. Review of the Related Literature

&e onset of the COVID-19 pandemic has brought drastic
changes in various aspects, wide and deep, more significantly
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in the processes of HEIs. A variety of relevant issues
emerged, and crucial attempts have been posed in the
current literature. For instance, Daniel [46] provided some
pragmatic guidance to the government, HEIs, and teachers
in managing the educational consequences of COVID-19.
Shahzad et al. [47] proposed a framework for identifying the
success of e-learning portals by exploring the impact of
information quality, system quality, and service quality on
user satisfaction and the e-learning system used on the
e-learning portal success. Mishra et al. [48] highlighted the
online teaching-learning process perception of faculty and
students during the COVID-19 pandemic and provided a
roadmap on how HEIs can shift to online (i.e., distance)
education with their existing resources. Other COVID-19
works with HEIs include online teaching strategies
[4, 47, 48], e-learning [49–51], students’ perceptions
[52–54], challenges and opportunities [2, 55–57], responses
[58–63], digital readiness [64, 65], online assessment
[66, 67], and digital transformation [7, 68, 69]. &is list is
highly dynamic with the dramatic evolution of insights in
promoting a good perspective in various areas of the edu-
cation sector.

Although not well highlighted in the domain literature,
the impact of the sudden and massive shift to e-learning on
academics, particularly in developing economies, is signif-
icant in the continuum of the teaching-learning process. For
instance, they lack the necessary training and technical
infrastructure to facilitate online classes, required lesson
plan design, learning materials (e.g., audio-visual and
modules), and technical support groups [4]. Academics are
also concerned with the lack of online teaching training and
experience, slow Internet speed, WIFI coverage, design of
the interface, content quality, system use and adoption, and
technical infrastructure in remote areas, among others
[47, 70]. Furthermore, local culture and practices, skills and
competencies, individual values, and attitudes are deemed to
be crucial barriers to distance education [71]. Understanding
these factors affecting e-learning becomes necessary to
provide a better perspective on fine-tuning response ini-
tiatives to this sudden shift [1].&us, it is important for HEIs
to continually motivate academics, either externally or in-
trinsically, cognitively, affectively, positively, or negatively,
to sustain distance education or e-learning [12].

Emerging reports on e-learning acceptance modeling
amidst COVID-19 can be observed in the domain literature.
Sukendro et al. [50] explored the factors of predicting
e-learning acceptance among sports science education
students in HEIs in Indonesia using an extended TAM (i.e.,
the inclusion of facilitating condition as an external factor).
Still, in one university in Indonesia, Mailizar et al. [28]
adopted the TAM with system quality and e-learning ex-
perience in modeling factors of students’ behavioral in-
tention to use e-learning. In addition to the traditional
constructs of TAM, Siron et al. [72] integrated other con-
structs such as student experiences, perceived enjoyment,
computer anxiety, and perceived self-efficacy to examine the
use of e-learning of a university in Indonesia. On the other
hand, an updated version of the popular information system
success model of Delone and McLean [73] was adopted by

Shahzad et al. [47] in modeling the e-learning portal ac-
ceptance of universities in Malaysia. In an Indian context,
Saxena et al. [74] espoused e-learning quality as a predictor
of learner satisfaction and adopted the SERVQUAL model
to explore those factors that predict the quality of e-learning.
In the case study of South Korea, Baber [75] extended TAM
by incorporating instructor characteristics and student
characteristics to evaluate e-learning adoption among
management students at both the undergraduate and
graduate levels. Abbad [76] reported a case in a university in
Jordan and adopted the UTAUT to analyze students’ in-
tention of using an e-learning system (i.e., Moodle). Note
that this list is not intended to be comprehensive due to the
increasing attention scholars are paying to the domain field.
At this point, it is noteworthy that (1) the majority of the
works implemented SEM in analyzing acceptance models,
and (2) limited attention is allotted to the perspective of
academics in e-learning acceptance modeling, except for a
few works (e.g., [77]).

However, the presence of individual-level values has not
been explored in the current nexus of e-learning and the
COVID-19 pandemic. &ese values are crucial to investigate
the differences in acceptance modeling among different
cultures [78]. Incorporating them into the context of
e-learning is insightful as e-learning acceptance is associated
with social factors and culture [16]. In this regard, Mehta
et al. [16] developed integration of Schwartz’s &eory of
Human Values and UTAUT2 and introduced the VETA
model. &e VETA model is strongly inspired by some
previous insights. For instance, Aparicio et al. [18] observed
that the individualistic or collectivistic culture of students
moderates perceived satisfaction on their assessment of
individual impacts, with a consequence on organizational
impacts. Tarhini et al. [79] found that subjective norms and
quality of work-life are positively associated with the be-
havioral intention of students to adopt e-learning. On a
follow-up work, Tarhini et al. [19] maintained the inte-
gration of subjective norms and quality of work-life as
additional constructs for an extended TAM while exploring
the moderating effects of cultural variables (i.e., masculinity/
femininity, individualism/collectivism, power distance, and
uncertainty avoidance), measured at the individual level.
&ey suggest that subjective norms and quality of work are
sensitive to the differences in individual-cultural values. &e
formal integration of individual values was put forward by
Mehta et al. [16] by highlighting that an argument explaining
individual-level constructs (i.e., values) by way of group-
level constructs (i.e., culture) would result in ecological
fallacy.

Some insights into the VETA model have been explored
to model the acceptance of e-learning during the COVID-19
pandemic. For instance, Jameel et al. [24] studied the effect
of the constructs of UTAUT2 on the behavioral intention of
Iraqi students in using e-learning. &ey found that perfor-
mance expectancy, effort expectancy, facilitating conditions,
and habit positively affect behavioral intention. In the case of
the EU, Sitar-Tăut [27] explored a new model based on the
UTAUT with hedonic motivation acting as a mediator as
opposed to being an exogenous variable in the original
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structure of the UTAUT. &ey underscore the strong re-
lationship between hedonic motivation and behavioral in-
tention and between perceived effectiveness and hedonic
motivation. Sitar-Tăut and Mican [25] developed an ex-
tension of the UTAUT to model the relationships between
the constructs and personal innovativeness and information
quality, with hedonic motivation and learning value as
mediators. &eir findings suggest the significant relationship
between performance expectancy and hedonic motivation
and the positive effect of hedonic motivation on behavioral
intention to use. Fatimah et al. [26] proposed a model as-
sociating extroversion/introversion character (i.e., personal)
qualities and collectivism/individualism (i.e., cultural)
convictions on collaborative learning.&eir work shows that
the personality and cultural beliefs of students are associated
with computer-supported collaborative learning. While
these works offer some insights, the following gaps are
deemed to be relevant: (1) the perspectives of academics in
e-learning acceptance models were generally set aside de-
spite their importance in the teaching-learning continuum,
(2) the use of SEM in most studies has various drawbacks as
accounted byWei et al. [29] and Jeng and Tzeng [30], (3) as a
consequence of using SEM, priority constructs were not
determined which may be input to strategy formulation, and
(4) the application of the constructs of the VETA model in
evaluating e-learning acceptance of academics during the
COVID-19 pandemic.

3. Preliminaries of the DEMATEL Method

Developed by the Battelle Memorial Institute of Geneva for a
Science and Human Affairs Program in the 1970s, the
DEMATEL method is a tool based on graph theory that
considers a system as a graph, where elements or concepts
and the causal relationships between these elements are
represented as vertices and edges, respectively. It achieves
two objectives: (1) to determine the total causal relationships
among elements based on direct and indirect relations and
(2) to categorize these elements into the net cause and net
effect groups. In the DEMATEL, elements take on both
cause and effect roles, and the final categorization identifies
each element as a superior role, either cause or effect. &ese
objectives of the DEMATEL enable a better understanding
of the elements or concepts under consideration, which are
often intertwined in convoluted problems [31, 32].

&e computational algorithm of the DEMATEL is briefly
described in the following steps. Note that the notations
adopted in this work were lifted from Ocampo and
Yamagishi [45]:

(1) Establish a system of a finite number of n elements.
Let p1, p2, . . . , pn represent these n elements.

(2) Generate the direct-relation matrix. An expert group
ofH � 1, 2, . . . ,N members elicits judgments on the
causal influence of element pi on element pj,
i, j ∈ 1, . . . , n{ }. &is generates a set of k direct-re-
lation matrices Zk � (zkij)n×n, k � 1, 2, . . . , H. Here,
xij represents such a causal influence, with an
evaluation scale of 0, 1, 2, 3, and 4, representing “no

influence,” “low influence,” “medium influence,”
“high influence,” and “very high influence,” re-
spectively. &e aggregate direct-relation matrix Z,
∀Zk, k � 1, 2, . . . , H, is obtained by any predefined
aggregation method (e.g., arithmetic mean method).

(3) Obtain the normalized direct-relation matrix. &e
following equation is used to produce such a matrix:

G �
z

max1≤i≤n∑nj�1 zij. (1)

(4) Calculate the total relation matrix T, which repre-
sents all the direct and indirect causal relationships
among the elements of the system. &e total relation
matrix T � (tij)n×n is computed using

T � G + G2
+ G3

+ · · · � G(I − G)− 1. (2)

(5) Compute for the prominence and relation vectors.
On the basis of equation (2), vectors D and R are
obtained using the following equations, respectively:

D � ∑n
j�1

tij 
n×1

� ti( )n×1, (3)

R � ∑n
i�1

tij 
1×n

� tj( )1×n. (4)

&e (D + RT) vector (i.e., also known as the
prominence vector) represents the relative impor-
tance of each element. Elements having greater
values of (D + RT) indicate stronger relationships
with other elements [44]. &ose elements in the
(D − RT) (i.e., also known as the relation vector)
having ti − tj > 0, i � j belong to the net cause group,
while those elements with ti − tj < 0, i � j belong to
the net effect group. Elements in the net cause group
are referred to as dispatchers, while those in the net
effect group are receivers.

(6) Construct the prominence-relation map. &is map
shows the (D + RT, D − RT) mapping of the ele-
ments.&e directed relationships in the prominence-
relation map are characterized by tij. However, some
of these total relationships are insignificant, either in
theory or in practice. To filter out these insignificant
relations, a threshold value λ is set in such a way that
when tij ≥ λ, then a directed edge from element pi to
element pj is drawn in the prominence-relationmap.

4. Methodology

4.1.ResearchParticipants. An expert group of five academics
with extensive background and experience in e-learning
elicits judgments on the contextual relationships among
constructs. All of them hold Ph.D. degrees. &ey are all
working in universities in the Philippines, ranging from
Assistant Professor to Full Professor positions. &e average
length of experience holding academic positions is 17 years,
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with an average of 11.6 years in supervisory and adminis-
trative functions. &ese academics have been working on a
work-from-home arrangement since the start of the
COVID-19 pandemic, engaging in the use of online learning
and flexible learning systems. Also, they are involved in
research in various areas (e.g., education, technology
management, business management, information and
communication technology, guidance, and counseling),
having a range of 10 to 100 Scopus-indexed publications.

4.2. Research Instrument. &e proposed constructs that best
describe the integration of values in e-learning during the
COVID-19 pandemic were obtained from Mehta et al. [16].
In summary, Table 1 presents the nine constructs, along with
the codes for the brevity of presentation and corresponding
brief descriptions. &ese include perceived performance
expectancy (PE), effort expectancy (EE), behavioral inten-
tion (BI), social influence (SI), hedonic motivation (HM),
price value (PV), habit (HAB), security (SE), tradition (TR),
conformity (CO), achievement (AC), power (PO), and he-
donism (HE).

From these constructs, a questionnaire was structured
in a way that allows the research participants to evaluate
the perceived degree of casual relation from one construct
to another construct. Each question contains two parts: (1)
evaluating whether one construct causes another con-
struct and (2) if the answer in (1) is Yes, rating the degree
of causal impact using the scale described in Table 2. A
sample question becomes “Does Performance expectancy
cause the existence of Effort expectancy? If Yes, by how
much?” &e questionnaire contains 144 questions of this
type. &e responses would form the initial direct-relation
matrix from a participant within the context of the
DEMATEL. With a purposive sampling technique, each
questionnaire was sent via e-mail to an invited partici-
pant, following the qualifications set in identifying the
composition of the expert group. Inquiries from the
participants regarding the questionnaire were promptly
addressed.

4.3. Proposed Research Design. &e proposed approach for
modeling the constructs of the recently established VETA
model in e-learning acceptance is described in the following:

Step 1: identify the constructs that comprise the model.
&e constructs presented in Table 1 obtained from
Mehta et al. [16] comprise the elements of the model
(i.e., vertices or nodes of a directed graph).

Step 2: set up the initial direct-relation matrices in
linguistic variables. With the rating scale shown in
Table 2, the questions in the questionnaire would form
the initial direct-relation matrix; each corresponds to
the decision-maker k � 1, 2, . . . , H.

Step 3: generate the initial direct-relation matrices in
numerical values. Substituting the linguistic variables
with their corresponding equivalent scores in Table 2
produces the initial direct-relation matrices.

Step 4: aggregate the initial direct-relation matrices.
&e initial direct-relation matrices, each corresponding
to a participant, are combined to generate an aggregate
initial direct-relation matrix.

Step 5: calculate the normalized direct-relation matrix.
Applying equation (1) to the aggregate initial direct-
relationmatrix, the normalized direct-relationmatrix is
obtained.

Step 6: obtain the total relation matrix and the
prominence and relation vectors. &e total relation
matrix is generated through equation (2). On this basis,
the prominence and relation vectors are calculated
based on equations (3) and (4).

Step 7: obtain the adjacency matrix.&e threshold value
λ is set for the significant tij values of the total relation
matrix. If tij ≥ λ, then construct i is adjacent to con-
struct j; that is, the (i, j) position of the adjacency
matrix is equal to one. Otherwise, its value is zero.

Step 8: construct the prominence-relation map. By
plotting the (D + RT, D − RT) points that correspond
to all constructs and taking the adjacency matrix into
consideration, the prominence-relation map is con-
structed as a directed graph.

5. Results and Discussion

In this section, we detail the results of the corresponding
procedural steps in Section 4.3. For tractability, the relevant
results consequent to the implementation of the DEMATEL
method are presented here. A sample initial direct-relation
matrix in linguistic variables from an expert is shown in
Table 3. Using Table 1, the initial direct-relation matrices
were obtained. Table 4 presents a sample that is an equivalent
matrix to Table 3.&e aggregate initial direct-relation matrix
was obtained using an arithmetic mean method, an ap-
proach widely adopted in the domain literature (e.g., [80]).
Table 5 shows the aggregate initial direction-relation matrix.
Applying equation (1) to Table 5, the normalized direct-
relation matrix was obtained, as shown in Table 6. Finally,
the total relation matrix was generated using equation (2).
From the total relation matrix, the prominence and relation
vectors were obtained from equations (3) and (4). &ey are
all presented in Table 7. &e threshold value λ is obtained by
computing for the 75th percentile of all tij values in Table 7.
&is choice is consistent with other DEMATEL-based
studies. It yields λ � 0.021. Table 8 shows the adjacency
matrix. Combining the information obtained from promi-
nence and relation vectors reflected in Table 7 and the
adjacency matrix in Table 8, Figure 1 illustrates the prom-
inence-relation map.

Results show that effort expectancy (EE), hedonic mo-
tivation (HM), price value (PV), habit (HAB), security (SE),
tradition (TR), conformity (CO), achievement (AC), power
(PO), and hedonism (HE) belong to the net cause group,
which implies that they are deemed to be the primary
motivating constructs in e-learning considering individual
values of users. Attaining them is crucial to the successful
implementation of e-learning during the COVID-19
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pandemic with the presence of various values-related fea-
tures. &ese constructs in the net cause group have a more
influential impact (D) than influenced impact (R). On the
other hand, performance expectancy (PE), behavioral in-
tention (BI), and social influence (SI) are in the net effect
group. &ey tend to be influenced by the constructs in the
net cause group as their (D − RT) values are negative, which
implies that the influential impact (D) of these constructs is
lower than their influenced impact (R). For instance, PE is
influenced by all constructs except EE, BI, and HAB. &is
finding is similar to SI with the addition of PV. On the other

hand, BI is impacted by all constructs. &ese relationships
are appropriately depicted in Table 1, where most edges are
directed to these PE, BI, and SI.

We compare these observations with the findings of
Mehta et al. [16]. At the outset, it should be noted that the
model introduced by Mehta et al. [16] is hypothesized by
exploring evidence from previous studies. However, in this
work, participants are allowed to perceive the causal relation
of one construct on another construct while setting aside
rigorous theoretical support. &e process then becomes
exploratory, and the results must be used for future

Table 1: Constructs on integrating individual values in e-learning adoption.

Code Construct Description

PE
Performance
expectancy

&e degree to which an individual believes that system use will yield gain in work performance

EE Effort expectancy &e degree to which system use is free from effort
BI Behavioral intention &e strength of one’s intention to perform a specified behavior
SI Social influence &e perception of group influence on an individual’s decision

HM Hedonic motivation
Linked to learner enjoyment, playfulness with e-learning, learning strategy, the flow of the learning

experience, and engagement, as well as the success of online learning

PV Price value
Linked to a user making a cost-benefit decision, where technologies are more useful if the benefits are more

significant than the cost incurred
HAB Habit Established routines in the workplace for finding information and learning job-related skills

SE Security
Associated with personal security (personal health, safety, and wellbeing) and societal security (stable social

order)
TR Tradition Indicating an individual’s priority on existing paradigms within their organization

CO Conformity
&e degree to which the rules laid down by the organization in terms of mandatory or endorsed training

programs are followed

AC Achievement
Including the demonstration of competence by the standards of one’s reference groups and the pursuit of

personal success

PO Power
Associated with dominance over resources and people are linked to both formal and informal status in an

organization
HE Hedonism Incorporating intrinsic motivation, including novelty, challenge, excitement, and pleasure

Table 2: &e linguistic rating scale for DEMATEL.

Linguistic variables Code Influence score

No influence NI 0
Low influence LI 1
Medium influence MI 2
High influence HI 3
Very high influence VHI 4

Table 3: Sample initial direct-relation matrix in linguistic variables.

PE EE BI SI HM PV HAB SE TR CO AC PO HE

PE HI LI
EE HI
BI
SI HI LI
HM HI MI
PV MI LI
HAB HI
SE MI LI
TR HI HI
CO HI HI
AC HI HI HI
PO LI HI MI
HE HI
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validation. Nevertheless, their perception is based on
knowledge and experience, which may reveal important
points of discussion.&e findings of Mehta et al. [16] suggest
that BI is only directly influenced by PV, PE, EE, and HAB in
one or two cases under consideration. However, their val-
idated model shows that, under both direct and indirect
causal relationships, all except SE and PO influence be-
havioral intention. &e notion of the total influence of the
DEMATEL (i.e., as shown in equation (2)), with the help of
the threshold value, captures these relationships in Figure 1.

Under a pandemic, given possible exposure to COVID-19
associated with mobility, public transport, and face-to-face
classes, it is straightforward that personal and societal se-
curity via public health always favors the use of e-learning
platforms (i.e., satisfying SE). On the other hand, with the
national measure of banning face-to-face classes, conse-
quently, processes within HEIs are compelled to shift online.
As a result, power over people and resources is maintained
with the adoption of e-learning platforms; thus, personal
inclination to hold power in an organization such as an HEI

Table 4: Sample initial direct-relation matrix in numerical values.

PE EE BI SI HM PV HAB SE TR CO AC PO HE

PE 3 1
EE 3
BI
SI 3 1
HM 3 2
PV 2 1
HAB 3
SE 2 1
TR 3 3
CO 3 3
AC 3 3 3
PO 1 3 2
HE 3

Table 5: Aggregate initial direct-relation matrix.

PE EE BI SI HM PV HAB SE TR CO AC PO HE

PE 0 0 3.2 0 0 0 0 0 0 0.2 1.2 0 0
EE 0 0 3.4 0 0 0 0 0 0 0 0 0 0
BI 0 0 0 0 0 0 0.2 0 0 0 0 0 0
SI 3.2 0 2.6 0 0 0 0 0 0 0 0 0 0
HM 3.4 0 2.6 0 0 0 0 0 0 0 0 0 0
PV 3.2 0 2.8 0 0 0 0 0 0 0 0 0 0
HAB 0 0 3.2 0 0 0 0 0 0 0 0 0 0
SE 2.4 0 0 2.2 0 0 0 0 0 0 0 0 0
TR 2.8 0 0 3.2 0 0 0 0 0 0 0 0 0
CO 2.8 0 0 2.4 0 0 0 0 0 0 0 0 0
AC 3.2 0 0 3.2 0 3.2 0 0 0 0 0 0 0
PO 2.4 0 0 2.8 0 2.4 0 0 0 0 0 0 0
HE 0 0 0 0 2.4 0 0 0 0 0 0 0 0

Table 6: Normalized direct-relation matrix.

PE EE BI SI HM PV HAB SE TR CO AC PO HE

PE 0 0 0.333 0 0 0 0 0 0 0.021 0.125 0 0
EE 0 0 0.354 0 0 0 0 0 0 0 0 0 0
BI 0 0 0 0 0 0 0.021 0 0 0 0 0 0
SI 0.333 0 0.271 0 0 0 0 0 0 0 0 0 0
HM 0.354 0 0.271 0 0 0 0 0 0 0 0 0 0
PV 0.333 0 0.292 0 0 0 0 0 0 0 0 0 0
HAB 0 0 0.333 0 0 0 0 0 0 0 0 0 0
SE 0.250 0 0 0.229 0 0 0 0 0 0 0 0 0
TR 0.292 0 0 0.333 0 0 0 0 0 0 0 0 0
CO 0.292 0 0 0.250 0 0 0 0 0 0 0 0 0
AC 0.333 0 0 0.333 0 0.333 0 0 0 0 0 0 0
PO 0.250 0 0 0.292 0 0.250 0 0 0 0 0 0 0
HE 0 0 0 0 0.250 0 0 0 0 0 0 0 0
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would inspire academics for e-learning. While the moti-
vations behind the other constructs influencing BI are not
discussed here following the findings of Mehta et al. [16], the
conditions under the COVID-19 pandemic justify the causal
relationships between SE and PO on BI.

In the PE construct, Mehta et al. [16] found that CO, TR,
AC, HE, HM, SI, PV, and EE have either direct or indirect

influence on PE. &ese relationships are supported by the
findings of this work, except for EE. Currently, since all
courses are offered under e-learning platforms with no
option for physical meetings, laboratory courses would
require academics to exert more effort in e-learning than in
face-to-face classes. Depending on the topic within a given
course, the degree of effort hugely varies.&us, this finding is

Table 7: Total relation matrix with prominence and relation vectors.

PE EE BI SI HM PV HAB SE TR CO AC PO HE D R D+R D−R Cluster

PE 0.084 0 0.391 0.051 0 0.045 0.008 0 0 0.023 0.135 0 0 0.737 3.551 4.288 −2.815 Net effect
EE 0 0 0.357 0 0 0 0.007 0 0 0 0 0 0 0.364 0.000 0.364 0.364 Net cause
BI 0 0 0.007 0 0 0 0.021 0 0 0 0 0 0 0.028 3.812 3.840 −3.784 Net effect
SI 0.361 0 0.403 0.017 0 0.015 0.008 0 0 0.008 0.045 0 0 0.857 1.651 2.508 −0.794 Net effect
HM 0.384 0 0.411 0.018 0 0.016 0.009 0 0 0.008 0.048 0 0 0.894 0.250 1.144 0.644 Net cause
PV 0.361 0 0.424 0.017 0 0.015 0.009 0 0 0.008 0.045 0 0 0.879 0.773 1.652 0.106 Net cause
HAB 0 0 0.336 0 0 0 0.007 0 0 0 0 0 0 0.343 0.100 0.443 0.242 Net cause
SE 0.354 0 0.190 0.246 0 0.015 0.004 0 0 0.007 0.044 0 0 0.860 0.000 0.860 0.860 Net cause
TR 0.437 0 0.248 0.354 0 0.018 0.005 0 0 0.009 0.055 0 0 1.126 0.000 1.126 1.126 Net cause
CO 0.406 0 0.215 0.269 0 0.017 0.004 0 0 0.008 0.051 0 0 0.971 0.095 1.066 0.876 Net cause
AC 0.602 0 0.406 0.362 0 0.358 0.008 0 0 0.013 0.075 0 0 1.824 0.569 2.393 1.255 Net cause
PO 0.467 0 0.321 0.314 0 0.269 0.007 0 0 0.010 0.058 0 0 1.446 0.000 1.446 1.446 Net cause
HE 0.096 0 0.103 0.004 0.250 0.004 0.002 0 0 0.002 0.012 0 0 0.473 0.000 0.473 0.473 Net cause

Table 8: Adjacency matrix.

PE EE BI SI HM PV HAB SE TR CO AC PO HE

PE 1 0 1 1 0 1 0 0 0 1 1 0 0
EE 0 0 1 0 0 0 0 0 0 0 0 0 0
BI 0 0 0 0 0 0 1 0 0 0 0 0 0
SI 1 0 1 0 0 0 0 0 0 0 1 0 0
HM 1 0 1 0 0 0 0 0 0 0 1 0 0
PV 1 0 1 0 0 0 0 0 0 0 1 0 0
HAB 0 0 1 0 0 0 0 0 0 0 0 0 0
SE 1 0 1 1 0 0 0 0 0 0 1 0 0
TR 1 0 1 1 0 0 0 0 0 0 1 0 0
CO 1 0 1 1 0 0 0 0 0 0 1 0 0
AC 1 0 1 1 0 1 0 0 0 0 1 0 0
PO 1 0 1 1 0 1 0 0 0 0 1 0 0
HE 1 0 1 0 1 0 0 0 0 0 0 0 0

PE
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HM PVHAB

SE TR
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Figure 1: &e prominence-relation map.
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not supported by the findings of the DEMATEL. On the
other hand, the influence of SE and PO on PE is supported in
this work, in contrast to Mehta et al. [16]. With the public
health dilemma, an individual’s sense of personal and so-
cietal security associated with e-learning adoption would
improve work performance. Academics are better off using
e-learning than the anxiety they might experience in and out
of the workplace while holding physical classes. Also, the
power that academics would gain from e-learning improves
work performance, as current yardsticks of academic per-
formance rely on online activities. Again, these conditions
under the COVID-19 pandemic support the influence of SE
and PO on PE.

&e findings ofMehta et al. [16] also suggest that TR, AC,
and CO support SI. &ese are both supported in Figure 1.
Aside from these relationships, the DEMATEL approach
considers the causal impacts of PE, SE, and PO on SI. &ese
insights may be explained as follows: &e belief that job-
related goals are achieved and that performance is improved
through e-learning fosters others to adopt the same. &is
reasoning can be extended to SE and PO. Perception of
enhanced security and power when using e-learning would
attract others to do the same.&ese links are enhanced under
a pandemic where other modes of teaching and learning are
almost nonexistent. Consistent with Mehta et al. [16], he-
donism influences hedonic motivation, and the explanation
is relatively straightforward. &e findings of this work also
support the influence of AC on PV. In addition, PE and PO
are also linked to PV, which are not reflected in Mehta et al.
[16]. One striking set of findings described in this work is the
causal influence of PE, SI, HM, PV, SE, TR, CO, and PO on
AC, which was not hypothesized by the VETA model of
Mehta et al. [16]. &is finding implies that these constructs
promote the belief of self-achievement among academics.
However, it must be noted that while in-degrees of this node
(or construct) are many, which may suggest AC as a net
effect construct, AC remains a net cause. &us, confirmatory
studies must be implemented to evaluate these relationships.
Nevertheless, these insights may pave crucial points of
discussion.

Ultimately identifying the critical constructs must si-
multaneously consider both (D + RT) and (D − RT) vectors.
In achieving this, we refer to Figure 1 and categorize all
constructs into four distinct categories: minor key constructs
(low prominence and high relation), key constructs (high
prominence and high relation), indirect constructs (high
prominence and low relation), and independent constructs
(low prominence and low relation). Based on Figure 1, the
minor key construct comprises EE, HM, PV, HAB, SE, TR,
CO, PO, and HE. &e key construct only includes
achievement (AC). &e indirect construct category is
composed of performance expectancy (PE), behavioral in-
tention (BI), and social influence (SI), which consequently
belong to the net effect group. No independent construct is
identified. Here, we would highlight the key construct
category as it is crucial for policy-making, particularly in
crafting initiatives to improve e-learning during the pan-
demic.&is finding is also illustrated in the empirical finding
of Mehta et al. [16], where achievement influences

performance expectancy, social influence, and price value,
leading to the behavioral intention of adopting e-learning.
&is indicates that the perception of academics on e-learning
is linked to a sense of achievement. &us, HEIs must con-
centrate their resources on investing in initiatives that would
emphasize to academics the benefits of e-learning in
achieving their goals. Investments in seminars, training, and
workshops may be facilitated to improve such required
knowledge. Such initiatives would enhance the use of
e-learning among academics in HEIs.

6. Conclusion and Future Work

As the suspension of physical classes at schools is still an
important measure in curbing COVID-19 cases, universities
are compelled to instantly shift the teaching-learning process
to digital platforms on a massive scale. Amplified by poor
technical infrastructure, academic incompetency, and lack of
resources, particularly in the developing economies, this
sudden shift induces a stressful environment for academics
in carrying out teaching duties, not to mention the other
roles they have in their respective organizations. &e current
literature quickly catches up with reports on better under-
standing the various facets of education affected by the
COVID-19 pandemic. An important highlight focuses on
understanding the role of individual values in e-learning
acceptance models. An important contribution of Mehta
et al. [16], which offers a model based on 13 constructs,
becomes the motivation of this work. Despite providing
crucial insights on the problem domain, the work of Mehta
et al. [16] with SEM as their mode of the analysis entails few
drawbacks, which include (1) the limited perspectives of
academics, (2) the serious shortcomings in the use of SEM in
most studies, (3) identification of priority constructs for
decision-making, and (4) the application of the constructs of
the VETA model under the COVID-19 pandemic in a
specific setting.

&is work offers advances on these drawbacks by
adopting the DEMATEL approach in modeling the con-
structs explaining the success of e-learning while integrating
values in the advent of the COVID-19 pandemic. In this
study, the causal relationships between the 13 constructs of
the VETA model (i.e., performance expectancy, effort ex-
pectancy, behavioral intention, social influence, hedonic
motivation, price value, habit, security, tradition, confor-
mity, achievement, power, and hedonism) were evaluated.
Results indicate that performance expectancy, behavioral
intention, and social influence are the effects of effort ex-
pectancy, hedonic motivation, price value, habit, security,
tradition, conformity, achievement, power, and hedonism
constructs. Findings also reveal that some findings are
consistent with Mehta et al. [16], while some differences are
observed.&e new insights into this work, albeit exploratory,
may be associated with the casual loops and interdepen-
dencies among constructs that are not captured in SEM.
Finally, consistent with the empirical evidence ofMehta et al.
[16], the achievement construct drives academics to adopt
e-learning. Initiatives that would better highlight the benefits
of e-learning in self-achievement among academics would
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increase the use of e-learning. With these insights, this work
reveals that DEMATEL has considerable potential in
modeling studies in education and learning, which are scarce
in the domain literature.

Nevertheless, the findings of this work must be treated
with limitations. First, the limited number of experts may be
a ground for future research. With an expanded number of
experts, future works may explore the same model along
with the proposed approach (i.e., DEMATEL) to test the
validity of the findings. Second, the proposed approach
could be used in any extended model, capturing some salient
constructs on how academics adopt e-learning. &ird, other
DEMATEL extensions could be explored as a methodo-
logical extension to evaluate any acceptance models. Fourth,
the use of different modeling techniques (e.g., system dy-
namics modeling and interpretative structural modeling)
could also be used to evaluate the hypothesized model of
Mehta et al. [16]. Fifth, since the findings contain idio-
syncrasies, they must be interpreted with caution that they
are exploratory in nature and empirical data is needed for
validation. Finally, a resulting construct prioritization
problem may be carried out in future research, along with
the use of multiattribute decision-making techniques.
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