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ABSTRACT The outbreak of COVID-19 has promoted distance learning and rapidly increased the usage
of online learning platforms. As a result, more and more IT companies are competing to offer high-quality
Web-based E-Learning Platforms (WELPs). However, the problem facing educational institutions is how
to evaluate the quality of WELPs to choose the one that best fulfills their needs. In order to select the
most appropriate WELP among different alternatives, many evaluation criteria must be considered by the
Decision Maker (DM). Hence, evaluating WELPs is a complex Multi-Criteria Decision Making (MCDM)
problem that needs to be addressed efficiently. In literature, we have noticed that MCDMmethods are rarely
used for evaluating WELPs. In addition, traditional MCDM methods suffer from additive complexity and
inconsistency due to the numerous pairwise comparisons of criteria. In contrast, Hybrid MCDM (HMCDM
is a promising and more efficient decision-support tool. In this paper, we propose a HMCDM approach
for evaluating and ranking WELPs which is more efficient and more reliable than traditional approaches.
The proposed approach incorporates different techniques (i.e., BWM, SAW, and Delphi) and comprises the
following three phases: 1) a Hierarchical Structure QualityModel (HSQM) is defined in which the evaluation
criteria are identified; 2) a Criteria Preference Structure (CPS) is developed where the criteria identified
in HSQM are weighted using the pairwise comparison Best-Worst Method (BWM); 3) the performance
of alternative WELPs w.r.t criteria is estimated and integrated with the CPS using the Simple Additive
Weighting (SAW) method to determine their ranking. The widely used consensus method, Delphi, has been
utilized in phases 2 and 3 to estimate the relative preferences of the criteria and the scores of alternatives
over these criteria. The proposed approach has been validated and compared to the widely accepted MCDM
method, Analytical Hierarchy Process (AHP). The results revealed that the proposed approach surpasses
AHP.

INDEX TERMS E-learning, online learning, web-based e-learning, multi-criteria decision-making, best
worst method, simple additive weighting, Delphi, analytical hierarchy process.

GLOSSARY
Acronym Full Name
WELP Web-based E-Learning Platform.
COVID-19 Coronavirus Disease 2019.
MCDM Multi-Criteria Decision Making.
HMCDM Hybrid Multi-Criteria Decision Making.
DM Decision Maker.
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TOPSIS Technique for Order of Preference by Simi-
larity to Ideal Solution.

MOORA Objective Optimization by Ratio Analysis.
SAW Simple Additive Method.
AHP Analytic Hierarchy Process.
BWM Best-Worst Method.
ARAS Additive Ratio Assessment.
WASPAS Weighted Aggregates Sum Product

Assessment.
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TAOV Total Area based on Orthogonal Vectors.
SLR Systematic Literature Review.
CPS Criteria Preference Structure.
HSQM Hierarchical Structure Quality Model.

I. INTRODUCTION
Across the globe, the spread of the novel coronavirus disease
(COVID-19) has led to profound changes in social interaction
and organizations, and the education sector has not been
immune. To maintain social distancing, it was important to
revisit traditional education, which gathers many students in
one space of implementation. An interesting alternative form
of learning that has been promoted due to COVID-19 is online
learning [1], [2], [3], [4], [5], [6], [7], [8], [9], [10], [11],
[12]. In addition to retaining social distancing, online learning
have other numerous benefits such as ease of use, flexibility,
better control over the environment, and reduced cost without
sacrificing the quality of learning.

As a consequence, many schools across the world are
now moving towards online learning and many Web-based
E-Learning Platforms (WELPs) such as Blackboard, MOO-
DLE, WebCT, etc. have been introduced by major IT
companies. These WELPs are now being explored and eval-
uated by educational institutions to bring maximum possible
ease for their students. Several choices can bemade according
to the needs of each institution. Hence, to carry out online
learning, educational institutions must know how to make
a decision on the most appropriate WELP among different
alternatives. Evaluating and ranking WELPs involves many
diverged quality criteria. Therefore, the selection of the best
WELP can be viewed as a complex MCDM problem. In lit-
erature, we have noticed that MCDM methods are rarely
used for evaluating WELPs. Traditional MCDM methods
such as AHP have been applied to solve this issue [13], [14],
[15]. However, these methods suffer from additive complex-
ity and inconsistency due to the large number of pairwise
comparisons used to estimate the relative weights of evalu-
ation criteria [16], [17], [18], [19]. The purpose of this study
is to fill this research gap and propose a Hybrid MCDM
(HMCDM)method that helps solve the problem of evaluating
and ranking WELPs efficiently.

HMCDM is a promising and more efficient decision-
support tool. When using HMCDM in situations with an
increasing variety and complexity of information as well as
when facing more difficult problems, a decision-maker can
be more confident in the outcomes. As a result, a propensity
toward hybridization of well-known and other methods to fit
for use in a specific applicationmay be seen in state-of-the-art
trends in MCDM [20], [22].

The proposed HMCDM approach incorporates different
techniques (i.e., BWM, SAW, and Delphi) and comprises the
following three phases: 1) the quality criteria of WELPs are
defined in a Hierarchical Structure Quality Model (HSQM);
2) the relative weights of the criteria identified in HSQM
are estimated using the Best-Worst Method (BWM); this
is called a Criteria Preference Structure (CPS); 3) finally,

to rank WELPs, the scores of different alternatives over all
criteria are estimated and integrated with the CPS using the
Simple Additive Weighting (SAW). The relative preferences
of criteria and the performance of WELPs over these cri-
teria have been estimated using the widely used consensus
method, Delphi. The proposed approach has been validated
and compared to AHP, a widely accepted representative to
traditional MCDM methods. The results revealed that the
proposed method surpasses AHP.

The main contributions of this work are: 1) introducing
a HMCDM method that is more efficient and more reli-
able than traditional MCDM approaches, 2) employing the
proposed approach to solve the important and the complex
MCDM problem of evaluating and ranking WELPs. The
rest of this paper is organized as follows; section II reviews
MCDM methods and describes the current related research.
In section III, the proposed HMCDM approach is introduced
and validated through a use case scenario. The performance
of the proposed approach is evaluated and compared to AHP
in section IV. In section V, we discuss research findings
and highlight research contributions and the strengths and
the limitations of HMCDM approach. Finally, in section VI,
we give our conclusion remarks and future work.

II. LITERATURE REVIEW
MCDM [74], [75], [76] is concerned with structuring and
solving decision making problems involving different alter-
natives and multiple conflicting evaluation criteria. Over the
years, several MCDM methods (estimated to be over one
hundred) have been introduced in literature [22], [23], [24],
[25], [26], [27], [28], [29], [30], [31], [32], [33], [34], [35],
[36], [37], [38], [39], [40], [41], [42], [43], [44], [45], [46],
[47], [48], [49], [50], [51], [52], [53], [54], [55]. Although
all MCDM methods share the same objective, they employ
quite different techniques. There are no better or worse ones,
only ones that are better suited to a particular application [40].
Table 1 gives a short assessment of the MCDM methods that
are most frequently used today [22].

The creation of innovative MCDM methods does not
appear to be a major area of current research because of the
enormous number of MCDM methods now in use and the
time required for a new method to become widely accepted.
Thus, the problem directly related to the enormous variety
of distinct MCDM methods is hybridizing the best MCDM
techniques to apply for a given application.

HMCDMmethods are very promising since they are more
efficient and improve users’ trust; examples of these methods
can be found in [23], [24], [40], and [56]. The approach
introduced in this work belongs to the hybrid class with
the application to WELPs. HMCDM has the potential to
improve all areas of decision-making in engineering [56],
healthcare [57], supply chain management [58], sustainable
energy [59], green supplier [60], Industry 4.0 [61], and oth-
ers [21], [22], [23], [24] but is especially beneficial for
applications in IT market sectors, where IT product differen-
tiation and selection are often achieved by evaluating similar
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TABLE 1. A comparison between various MCDM methods adapted
from [22].

products against different evaluation criteria given the DMs’
preferences.

In the context of WELPs, several quality models that
implement different quality factors have been suggested in
literature; these are summarized in Table 2. In review of these
models, we have noticed that MCDM methods are rarely
used for evaluating WELPs. Some researchers have explored
AHP [13], [14], [15], however, the large number of criteria
used for evaluating WELPs increases the number of pairwise
comparisons needed in AHP. This results in additive compu-
tational complexity; moreover, these excessive comparisons
are the main source of inconsistency [16], [17].

TABLE 2. A summary of WELPs quality models found in literature and the
quality factors adopted in these models.

This paper aims to address the aforementioned problem by
introducing a novel HMCDM approach for evaluating and
ranking WELPs which is more efficient, scalable, and reli-
able than AHP. The proposed HMCDMmethod incorporates
different techniques (i.e., BWM, SAW, and Delphi). BWM is
a recent pairwise comparisons method that has been proven
to be more efficient than other traditional methods in com-
puting the relative weights of criteria; while Delphi is a very
common consensus method that is used by DMs to assign
values to relative preferences of criteria and to estimate the
performance of alternatives over these criteria. Finally, SAW
is a simple method used to combine the scores of an alterna-
tive over different evaluation criteria into a single scalar score
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which can be used to rank this alternative among others. The
following sub-section briefly describes these techniques as
well as AHP as a baseline for comparison.

A. ANALYTICAL HIERARCHICAL PROCESS (AHP)
First, it is necessary to introduce AHP and discuss its
shortcomings to show how the proposed HMCDM method
overcomes its deficiencies. AHP is not meant for itself,
it has been chosen as a common representative for traditional
MCDM approaches that rely on the numerous workloads of
pairwise comparisons. The procedure for AHP is simple and
can be briefly described as follows

Input: a set of evaluation criteria C = {c1, c2, . . . , cn}
Output: relative weights of criteria W = [w1w2 . . .wn]

and Consistency Ratio (CR)
Step 1: Estimate the preference matrix
Pairwise comparisons are performed to estimate the rel-

ative preferences of criteria. DM evaluates two criteria
ci and cj at a time in terms of their relative importance w.r.t
the goal of the study. Preference values (pij) from 1 to 9 are
used to assign the relative importance of criteria. If criterion
ci is exactly as important as criterion cj, this pair receives
a preference pij = 1 (equal importance). If ci is extremely
more (less) important than cj, the preference pij = 9 (1/9); all
gradations are possible in between. These indices are entered
row by row into a preference matrix P (n x n) as illustrated in
Equations 1, 2 and 3.

P =

 p11 · · · p1n
...

. . .
...

pn1 · · · pnn

 (1)

pji =
1
pij

(2)

if i = j, pij = 1 (3)

Step 2: Calculate the normalized preference matrix
A normalized pairwise comparison matrix P′(n × n) is

created by dividing each element in P by the sum of the
elements in its column. This is shown in Equation 4.

p′
ij = pij/

∑n

i=1
pij (4)

Step 3: Calculate the relative weights of the criteria. To
get the relative weightwi of criterion ci, the mean of each row
in P′ is calculated as per Equation 5.

wi =
1
n

∑n

j=1
p′
ij (5)

These weights are already normalized as illustrated in Equa-
tions 6.

0 ≤ wi ≤ 1∑n

i=1
wi = 1 (6)

Step 4: Compute consistency
The consistency of the results of the pairwise comparisons

must be checked. According to Saaty [46], if the consistency

TABLE 3. Relationship between RI and n.

TABLE 4. Relationship between ξmax and pBW .

ratiowas less than 10%, then it is acceptable. TheConsistency
Ratio (CR) is given in Equation 7.

CR =
CI
RI

(7)

RI: is the random index of consistency which takes different
values based on n as shown in Table 3.

CI is consistency index and is given by Equation 8.

CI =
λmax − n
n− 1

(8)

λmax: is the maximum eigenvalue.

B. BEST-WORST METHOD (BWM)
The very significant challenge to AHP method stems from
the additive complexity and inconsistency associated with
the large number of pairwise comparisons. Therefore, BWM
suggested that when considering the preference of ci over cj
w.r.t some standard, DM does not need to estimate values
for all possible comparisons between criterion pairs; in fact,
DM need only to consider comparisons to the Best and the
Worst criteria w.r.t the norm in question, these are called ref-
erence comparisons, while other comparisons (i.e., secondary
comparisons) have no role in estimate of relative weights.
BWM can be described as follows:

Input: a set of evaluation criteria C = {c1, c2, . . . , cn}
Output: optimal weights of criteria,W ∗

=
[
w∗

1w
∗

2 . . .w∗
n
]
,

and Consistency Ratio (CR)
Step 1:Determine the best (e.g., most important) criterion,

cB, and the worst (e.g., least important) criterion, cW, with
respect to the goal of comparison.

Step 2: Determine the preference of cB over all criteria
(Best-to-Others) using (1-9) scale. The resulting preference
vector is shown in (9):

Best − to− Others = [pB1pB2 . . . pBn] (9)

where: pBi indicates the preference of cB over ci. It is clear
that pBB = 1.
Step 3: Determine the preference of all criteria over cW

(Others-to-Worst) using (1-9) scale. The resulting preference
vector is shown in (10)

Others− to−Worst = [p1W p2W . . . pnW ] (10)

where: piW indicates the preference of ci over cW. It is clear
that pWW = 1.
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Step 4: Find the optimal weight of criteria as shown in (11)

W∗
=

[
w∗
1,w

∗
2,. . .w∗

n,
]

(11)

The optimal weight w∗
i for the criterion ci is the one that

satisfies condition (12).
wB
wi

= pBi and
wi
wW

= piW (12)

To satisfy these conditions for all i, we should solve formula
(13) for all i.

minmax
i

(|
wB
wi

−pBi|, |
wi
wW

−piW |)

such that
∑n

i=1
wi = 1 ,wi ≥ 0, ∀i (13)

The problem in (13) can be transferred into the following
problem:

min ξ , such that

|
wB
wi

−pBi| ≤ ξ∀i

|
wi
wW

−piW || ≤ ξ∀i∑n

i=1
wi= 1,

wi≥ 0, ∀i (14)

By solving (14), the optimal weights (w∗
1 ,w∗

2 , . . . ,w∗
n ) and

the optimal value of ξ which is ξ∗ can be obtained.
Step 5: compute Consistency Ratio (CR) as per Equation

(15) where ξmax varies for different values of pBW as shown
in Table 4.

CR =
ξ∗

ξmax
(15)

C. SIMPLE ADDITIVE METHOD (SAW)
The Simple Additive Weighting (SAW) is a MCDM method
where the performance values of an alternative over multi
evaluation criteria are combined in a single scalar score using
the weights of the evaluation criteria. If W = [w1w2 . . .wn]
is the vector representing the weights of evaluation criteria
and A = [a1a2 . . . an] is the vector representing the scores
of the alternative over all criteria, where ai is the score of the
alternative w.r.t criterion ci, then the combined score, z, of this
alternative can be computed from Equation (16).

z = W .A =

n∑
i=1

wiai (16)

D. DELPHI
A well-liked consensus-based estimating technique for clas-
sifying and ranking decision-making-related issues is Del-
phi [68], [69], [70], [71]. In this method, information is
gathered from a chosen group of Subject Matter Experts
(SMEs) who are competent in a certain subject. Each SME
is asked to estimate the relative preferences of criteria and/or
performance of alternatives w.r.t criteria. A moderator then
presents the estimates from all SMEs in an anonymized

manner and has a discussion about them with everyone. The
participants are urged to repeatedly reevaluate and adjust their
estimate in the light of the comments from earlier discussions
until an agreement is reached.

III. THE PROPOSED HMCDM APPROACH
The proposed approach includes the three phases shown in
figure 1; these phases are described below.

A. PHASE 1: IDENTIFYING QUALITY EVALUATION
CRITERIA FOR WELPs
A Systematic Literature Review (SLR) has been conducted
in section II to identify the factors that affect the quality
of WELPs. As a result, a broad range of quality factors
were identified; furthermore, the identified factors have been
classified into main factors (dimensions) and sub-factors (cri-
teria) i.e., related criteria were clustered into a single group
called a dimension. The output of this phase is the Hierar-
chical Structure Quality Model (HSQM) shown in Table 5.
It categorizes quality factors into seven dimensions (Func-
tionality, Reliability, Usability, Efficiency, Maintainability,
Portability, and Context) which are further sub-divided into
45 criteria that can be used for WELPs evaluation.

B. PHASE 2: PRIORITIZING EVALUATION CRITERIA
Given the HSQM shown in Table 5, we estimate the relative
weights of dimensions and criteria (i.e., CPS). First, DMs
have implemented a Delphi session which comprises a team
of SMEs who have good experience in WELPs; the team
consists of five experts; three are academic staff and two
are web developers. SMEs have estimated the relative pref-
erences of dimensions and criteria in pairwise comparisons
on a scale (1-9). Then, BWM has been used to compute the
weights that are shown in Table 6. It must be noted that
the relative weights of dimensions are calculated based on
pairwise comparisons between dimensions w.r.t themain goal
of the study (quality of the WELP). On the other hand, the
local weights of criteria are calculated on the basis of pairwise
comparisons between criteria within the same dimension w.r.t
this dimension. A criterion’s overall (global) weight can be
obtained by multiplying its local weight by the weight of the
dimension to which it belongs. In Table 6, we can verify that
the following conditions.

• The sum of the relative weights of all dimensions = 1
• The sum of the local weights of criteria within each
dimension = 1

• The sum of the global weights of criteria within a dimen-
sion = The weight of this dimension

• The sum of the global weights of all 45 criteria = 1.

From Table 6, we can see that ‘‘Content’’ was ranked as the
most important dimension with priority 34.4%while the least
important dimension was ‘‘Portability’’ with priority only
3.3%. Locally, security’’ was ranked as the most important
criterion in ‘‘Functionality’’ dimension with priority 41%,
while ‘‘accuracy’’ came in the last place with priority 3.8%.
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FIGURE 1. The proposed HMCDM approach for WELPs evaluation.

For ‘‘Reliability’’ dimension, the most important criterion
was ‘‘availability’’with weight 39.8%, while the least impor-
tant criterion was ‘‘maturity’’ with weight 3.7%. Within the
‘‘Usability’’ dimension, ‘‘ease of use’’ was ranked first with
priority 31.4%, while ‘‘operability’’ came last with priority
only 2.9%. As for ‘‘Efficiency’’, criterion ‘‘resource utiliza-
tion’’ attained the highest priority of 54% followed by ‘‘time
behavior’’ with priority 29% then ‘‘efficiency compliance’’
with priority 17%. For the ‘‘Maintainability’’ dimension,
‘‘stability’’ was selected as the most important criterion
with 35.5% priority and ‘‘analyzability’’ was ranked in the
last place with 4.3% priority. For ‘‘Portability’’ dimension,
‘‘adaptability’’ came in the first place with priority 38.6%,
while ‘‘co-existence’’ was ranked last with priority 4.6%.
Finally, in ‘‘Content’’ dimension, ‘‘sufficient content’’was the
most important criterionwithweight 31%,while ‘‘blogs’’was
the least important one with weight 3%. Overall, ‘‘sufficient
content’’was ranked as the criterion with the highest priority
10.66%, while ‘‘co-existence’’ was ranked as the least impor-
tant criterion with priority 0.15%.

C. PHASE 3: EVALUATING AND RANKING WELPs
A set E = {e1, e2, . . . , em} of mWELPs has to be evaluated
and ranked w.r.t a setC = {c1, c2, . . . , cn} of n criteria, where
m and n are positive integers. The SAW method is used to
evaluate and rank WELPs as described below:

Input: a set of WELPs, E, and a set of evaluation criteria C
Output: Ranking of E .
Step 1: Build a decision matrix, X.
DMs create X (n× m) in which they rate the performance

of each WELP in E over all criteria in C .

X =

 x11 · · · x1m
...

. . .
...

xn1 · · · xnm

 (17)

xij : score of WELP ej w.r.t. criterion ci
i = 1, 2, . . . , n and j = 1, 2, . . . ,m
Step 2: Determine the normalized decision matrix, Y.
Y (n× m) are calculated as follows:
For beneficial criterion

yij =
xij
xmaxi

(18)

For non-beneficial criterion

yij =
xmini

xij
(19)

where yij is the normalized score of WELP ej w.r.t. criterion
ci,

xmaxi = max
j

(xij) (20)

xmini = min
j

(xij) (21)

Step 3: Compute the overall score for each WELP
The overall score of a WELP ei is

sj =

∑n

j=1
wiyij (22)

Equivalently, the overall score vector S = [s1s2 sm] can be
computed as follows:

S = WY (23)

Step 4: Rank S.
The best WELP is the one with the highest score in S.
Next, we validate the proposedHMCDMapproach through

the following use case scenario:
Five (m=5) WELPs, all involving English learning, have

been evaluated using (n=45) criteria defined in Table 5. The
selected WELPs were denoted E = {e1, e2, e3, e4, e5} to
protect their anonymity. The SMEs were invited to another
Delphi session to estimate the performance of each WELP
w.r.t every criterion on scale 1-to-100 (lowest to highest) and
the moderator fed the final scores into the decision matrix
X. There are a total of 225 elements in X (45 × 5); the
normalized decision matrix Y (45 × 5) was computed from
Equation 18; X and Y are shown in Table 7 and Table 8
respectively. Finally, each WELP’s overall score is acquired
by summing its weighted performance scores over all criteria
as per Equations 22, 23; the resulting score vector S is shown
below.

S = [81.28 85.64 69.72 97.52 88.63]

The results in S show that the best WELP is e4 with score
97.52; the other WELPs are ranked as follows: in the second
place came e5 with score 88.63, e2 was ranked third with
score 85.64, e1 was ordered in the fourth place with score
81.28, and finally, e3 came in the last place with score 69.72.
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TABLE 5. Quality factors (dimensions and criteria) for WELPs evaluation (HSQM).

IV. PERFORMANCE EVALUATION
In this section, the performance of the proposed HMCDM is
compared to traditional approaches (i.e., AHP). The simula-
tion of AHP has been accomplished using the tool in [72].
BWM computations have been put into practice using the
BWM Linear Solver [73].

Table 9 compares HMCDM to AHP in terms of number
of pairwise comparisons used in each approach. It shows
that while AHP required 154 comparisons to complete the

whole evaluation process, HMCDM needed only 80 with a
reduction of 48%. Figure 2 shows that for (n > 3), HMCDM
requires fewer pairwise comparisons than AHP; it also shows
that number of pairwise comparisons rapidly increases with
n when using AHP, while it increases slowly with HMCDM;
this clearly illustrates the scalability of HMCDM. Figure 3
shows the percentage reduction in pairwise comparisons at
different values of n when HMCDM is used. From Figures 2
and 3, we can conclude that HMCDM is more efficient than
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TABLE 6. Weights of dimensions and local and global weights of criteria (CPS).

AHP since it requires less comparisons and consequently less
computational work.

The consistency ratio (CR) gauges the reliability of a
MCDM method’s output; CR for AHP and HMCDM can be
computed from equation 7 and 15 respectively. The CR scales
from 0 to 1, with values closer to 0 (0%) exhibiting greater
consistency and values closer to 1 (100%) exhibiting lesser
consistency. The pairwise comparisonmatrix’s judgments are
totally consistent if CR is equal to 0, and adequate consistency
is indicated by a CR of less than 10%. Table 10 shows a
comparison between AHP and HMCDM in terms of CR.
As expected, due to the removal of secondary comparisons,
HMCDM has smaller CR than AHP, thus, it is more reliable.
The results show an average improvement of 53.39%.

V. DISCUSSION
From the analysis of the experimental results, we conclude
that the strengths of the proposed HMCDM over traditional
MCDM approaches lie in: 1) Efficiency; considering that
fewer comparisons (just the reference comparisons) need to
be submitted and processed, the proposed approach involves
less computation workload that traditional approaches. Num-
ber of required pairwise comparisons in the proposed
approach = (n-2) Best-to-Others + (n-2) Others-to-Worst
+ (1) Best-to-Worst = 2n-3 instead of n(n − 1)/2 in AHP,
2) Reliability; due to the exclusion of secondary compar-
isons in the proposed approach, comparisons become more
reliable; secondary comparisons are more challenging, less
precise, and ideally redundant; they are the primary cause
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TABLE 7. Decision matrix, X.

of contradiction, 3) Scalability; the proposed approach can
manage larger number of criteria without sacrificing effi-
ciency. The contributions of this study are, thus, 1) the
introduction of an HMCDM that is more effective, depend-
able, and scalable than traditional MCDM approaches, and
2) the use of the suggested approach to resolve the significant
and challenging MCDM problem of evaluating WELPs.

On the other hand, the main limitation of this study is that
it adopts a subjective method that relies on DMs’ preferences
to determine the weights of evaluation criteria. Since Dif-
ferent DMs weigh criteria differently, the selected solution
is subject to the preferences of DMs and typically, there
is no unique optimal solution. To overcome this problem,
we plan to employ an objective approach for determining

TABLE 8. Normalized decision matrix, Y.

TABLE 9. HMCDM vs. AHP in terms of no. of pairwise comparisons.

the weights of criteria. This method views the criteria as
sources of information. The relative relevance of the criteria

72444 VOLUME 11, 2023



A. E. Youssef, K. Saleem: Hybrid MCDM Approach for Evaluating Web-Based E-Learning Platforms

TABLE 10. HMCDM vs. AHP in terms of CR.

FIGURE 2. Number of comparisons in AHP and HMCDM.

FIGURE 3. % reduction in number of pairwise comparisons due to
HMCDM.

shows the quantity of information that each criterion has. The
degree of contrast between each criterion and the amount of
information it contains is correlated. Possible indicators of
the strength and modes of presentation of objective criteria
weight are the standard deviation and entropy.

VI. CONCLUSION AND FUTURE WORK
Many educational institutions have investigated the usage of
WELPs as a replacement to regular classrooms. However,
it has rarely been considered as the main scheme of formal
education until the spread of COVID-19. Hence, teaching is
nowmoving toWELPs on an unprecedented scale. This paper
addresses the problem of selecting the WELP that best fits

the needs of educational institutions. Since the solution to
this problem involves evaluating different alternatives using
multiple conflicting evaluation criteria, it has been treated
as a MCDM problem. We introduced a HMCDM approach
that incorporates different techniques (i.e., Delphi, BWM and
SAW) to evaluate WELPs. The proposed approach outper-
forms AHP in terms of efficiency, scalability, and reliability.

The applications of HMCDM techniques for industry are
becoming more well-known. One of the most promising
future directions is the application of HMCDM in Industry
4.0 area. Other promising research directions that we plan
to explore is the application of HMCDM in IoT and green
computing.
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