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Abstract

In recent years, several concepts such as fuzzy sets, Z-numbers, and D-numbers have been proposed to handle real-world
decision-making problems. Despite the desirable properties of these types of numbers, they do not consider the concept of
Necessity. On the other hand, recently, the Best-Worst Method (BWM) has been introduced as a technique based on a systematic
pairwise comparison of decision criteria. The advantage of this method is that it reduces the level of inconsistency or ambiguity in
the results. Since ambiguity is associated with information, it is important to consider it in the decision-making process to boost
the accuracy of findings. The main aim of this study is to reduce the ambiguity in attributing weights to the criteria by
incorporating the BWM method and the Importance-Necessity concept (G-number), and to present a novel method, namely
The GBWM method. By decreasing levels of ambiguity in the final results through the addition of the Necessity and Importance
concepts, this method can be applied to an extensive range of practical and complex decision-making problems. To express the
feasibility and usefulness of the proposed method in the real-world, two case studies have been investigated. Finally, the
sensitivity analysis and a conceptual comparison with other methods have been conducted to confirm the strength and stability

of this method.
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1 Introduction

One of the latest proposed Multi-Criteria Decision-Making
(MCDM) methods is the Best-Worst Method (BWM); it is
commonly used to compute attribute weights [44]. The meth-
od demonstrates several benefits: high consistency in results,
fewer violations, reduced pairwise comparisons, and its total
deviation, flexibility, and simplicity makes this method per-
form better than other MCDM methods. Further, because of
constraints on knowledge, time, and experience, the BWM
method has lent itself to significant research [3, 14, 36, 37].
There are different concepts and theories, such as the fuzzy set
theory [56] and Z-number [57] to tackle this issue in various
fields. For instance, fuzzy set theory has been applied in sup-
plier evaluation [12], risk assessment [21, 54], and analysis of
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large-scale group decision-making [52]. In this regard, some
researchers extended the conventional BWM method based
on using these uncertainty concepts and applied it in different
fields [20, 23, 25, 27, 33, 34, 38, 45]. Furthermore, non-
interference certainty and reliability lead to extend this method
to the fuzzy environment (FBWM) [24] and Z-number
(ZBWM) concepts [1].

Generally, the information for planning and decision-
making is mainly captured with uncertainty. Therefore, hu-
man rationality alone cannot fulfill the demands and objec-
tives of the organizations. That is to say, the existence of
uncertainty in determining the exact weights in weighting
methods based on experts’ objectives can lead to an in-
crease in the levels of ambiguity [28]. To address this short-
coming, Ghoushchi and Khazaeili [19] proposed the
Importance-Necessity concept, namely G-numbers, to de-
crease ambiguity in the decision-making process. G-
numbers include two fuzzy variables and indicates in the
form of G= (I, N). The primary aim of this method is to
reduce the uncertainty of information based on /
(Importance) and N (Necessity) components. / and N are
linguistic variables; for instance, the task of allocating a
budget for a project might be rated as (high) or (very high).
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Since decision-makers play an important role in
assigning a weight to criteria and scoring the alterna-
tives in the BWM method as in other MCDM tech-
niques, it is crucial to reduce the ambiguity in its pro-
cess. In other words, in other words, a question may be
raised about how certain decisions are made regarding
their Importance and Necessity in assigning crisp values
[5, 6, 10, 11]. In this regard, this study aims to address
this important question about human multi-criteria deci-
sions by proposing an extended version of BWM based
on G-numbers (GBWM). The concept of importance is
one of the significant indicators in the decision-making
process. The importance of an activity, criteria, or mea-
surement indicates its value in the prevailing condition.
Although, sometimes, there is no necessity of doing an
activity that seems to be important. In other words,
there are several important issues in a different process,
but only some of them are necessary for consideration.
Uncertainty and ambiguity can be reduced by combin-
ing Importance and Necessity [19]. The integration of
G-numbers with the BWM can simultaneously consider
the uncertainty and ambiguity in its decision-making
process in comparison with other existent methods. In
fact, timely implementation of a sensitive activity or
considering special criteria can inform decision-makers
about circumstances and they can take appropriate ac-
tion in a suitable time. The output of the GBWM meth-
od is to rank the identified criteria and determine their
weight. This method can be used alone to identify im-
portant criteria, or it can be combined with an
outranking method like TOPSIS, MOORA, or other
similar ones to prioritize alternatives. Such methods re-
quire the obtained weights from the implementation of
weighting techniques to form a weighted normalized
decision matrix and to make a favorable and satisfactory
decision based on several criteria [42]. According to the
advantages of the GBWM method, such as simultaneous
consideration of Importance and Necessity in the form
of linguistic variables, it can be strongly useful for de-
cision support systems in dealing with complex
problems.

This study is organized as follows: In Section 2, a
background of G-number theory and a literature review
of the BWM method have been presented. The GBWM
steps and transformation rules have been explained in
Section 3. In Section 4, GBWM has been utilized to
address the problem in two cases, including a high-cost
performance car selection problem (case one) and cancer
prevention (case two). Moreover, sensitivity analysis has
been performed for case two to analyze the rank of
criteria in a different situation. Finally, the conclusion
has been presented in Section 5.

2 Background

In this section, the literature review of the BWM method has
been briefly described. Afterward, the background of the G-
number method is presented.

2.1 BWM method

In recent years, BWM has become a popular method to solve
MCDM problems due to its advantages [36, 37]. In this meth-
od, decision-makers identify the best and worst criteria in a
specific case. Then, the weight of criteria and alternatives are
obtained based on a pairwise comparison. The number of
pairwise comparisons in the BWM method is less than in
similar methods, like the analytic hierarchy process (AHP).
The ultimate scores are derived using the weights of the dif-
ferent sets of criteria and alternatives [33, 34, 44, 45].

BWM’s presentation has been utilized in several different
fields as an appropriate method in weighting criteria and al-
ternatives [44]. For instance, this method has been applied
within the oil and gas industry to find out the importance of
external forces in the operating environment that could affect
sustainable supply chain management strategies [47]. de-
Magistris et al. [13] identified the most valued European food
label using the BWM method. Ghimire et al. [18] compared
the consumers’ preference shares of turf-grass attributes.
Ahmadi et al. [2] investigated about social sustainability di-
mension of supply chains in manufacturing companies using
the BWM method. In another study, Van de Kaa et al. [50]
assigned a weight to the factors that play an important factor in
the selection of biomass thermochemical conversion technol-
ogy in the Netherlands. You et al. [53] evaluated the opera-
tional performance of a power grid enterprise in China
concerning sustainability factors. Van de Kaa et al. [51] stud-
ied the influential factors in the battle between battery and fuel
cell that powered electric vehicles regarding investment deci-
sions. Stevi€ et al. [48] surveyed the internal transport logistics
of a paper manufacturing company with the aim of the rational
selection of wagons. Nawaz et al. [39] proposed a cloud bro-
ker architecture for cloud service selection. Rezaei et al. [46]
assessed the crucial criteria that play a role in the quality as-
sessment of airline baggage handling systems. Asadabadi
et al. [5] presented an algorithm to extract the hidden fuzzy
terms and specification process in a project.

To reduce skepticism and to obtain more realistic final
results, several theories were proposed by researchers. To as-
certain the validated results, proposed theories have been
combined with MCDM methods. Zadeh [55] introduced the
fuzzy set theory to solve practical problems under an uncertain
environment. That method has been used in many applications
such as safety and reliability engineering [29], the chemistry
industry [8], automotive industry [43], decision making [59],
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and so forth. Fuzzy set theory is a useful tool to describe
situations in which the data are imprecise or vague; therefore,
BWM was extended to fuzzy BWM to support the lack of
information and human intuitive decision-makings [24]. The
good performance of the extended BWM method in different
fields has been demonstrated in various studies. For instance,
Amoozad Mahdiraji et al. [4] investigated prioritizing the key
factors of sustainable architecture in a fuzzy environment.
Guo and Zhao [24] indicated the efficiency of the fuzzy set
theory in dealing with human decisions in comparison with
the classical BWM method. Tian et al. [49] enhanced the
performance of the classic FMEA by extending classic
BWM and VIKOR methods based on the fuzzy method.
Tian et al. [49] evaluated the performance of the smart bike-
sharing program under uncertain conditions. In the following,
the Z-number extension of BWM was introduced by
Aboutorab et al. [1]. This theory is utilized in the supply man-
agement field to evaluate the capabilities of the supplier and
his/her willingness to collaborate. In conclusion, both fuzzy
and Z-number theories take only certainty and reliability into
account and fail to consider the Importance and Necessity of
each criterion and alternatives. Therefore, in this study, G-
number and BWM have been combined to reduce the ambi-
guity in the decision-making process, especially in compari-
son with other similar methods, including conventional BWM
and Fuzzy BWM methods.

2.2 G-number theory

The Urgent/Important principle or matrix was firstly proposed
by Eisenhower [16], for deciding and prioritizing tasks by
urgency and importance. In other words, it’s vital to sort out
less urgent and less important tasks which should be either
delegated or not done at all [7, 16]. The main aim of the
Eisenhower concept is based on efficiently performing the
tasks. Task prioritizing without attention to their level of ne-
cessity or urgency may reduce the management effectiveness
and/or efficiency. When a task needs a real-time reaction, it is
an urgent task. Our strategies, values, and goals are affected
by important tasks. These tasks are not necessarily urgent.

Accordingly, Eisenhower’s suggested matrix includes four
quadrants (Fig. 1) [31]:

Urgent Non-Urgent
g
£ Quadrants 1: Do Quadrants 2: Schedule
é Important and urgent Important, but not urgent
E . .
% 8 Quadrants 3: Delegate Quadrants 4: Eliminate
Z é Urgent, but not important Neither important nor urgent

Fig. 1 Eisenhower matrix [16]
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Quadrant 1: Important and urgent (leads to doing): tasks
that need to be addressed immediately. Our long-term
strategy depends on these kinds of tasks; these items re-
quire immediate attention, i.e., important issues,
deadlines.

Quadrant 2: ITmportant, but not urgent (leads to sched-
ule): tasks or activities that their due date is not vital but
accelerate achieving personal goals. These tasks are typ-
ically about future planning, strengthening relationships,
and self-improvement.

Quadrant 3: Urgent, but not important (leads to dele-
gate): activities that need real-time attention or urgency
but do not play an important role in fulfilling personal
missions. Most of these tasks are supportive tasks to help
other people.

Quadrant 4: Neither important nor urgent (leads to elim-
inate): tasks that are neither pressing nor important and
cannot help in achieving goals or performing missions.
These tasks are mostly distractive activities.

Eisenhower classified the tasks of each category based on
their importance and urgency and suggested to implement them
as the desired management strategy.

Importance-based planning may realize the high-level
goals of the organization, while urgent-based planning may
reduce the risks of activities that must be done in real-time.
Therefore, it seems organizations may consider both men-
tioned planning methods together to gain their goals efficient-
ly and profitably.

Necessity is the comprehensive form of urgency, which has
not gained enough attention from researchers; they mainly
consider the Importance concept in MCDM issues [58].
Necessity may resolve ambiguity and represent real-world
decision-making in a better and more precise way. This con-
cept is called G-numbers.

The ordered triple is referred to as G-valuation. X is unspec-
ified, / is the Importance and N is the Necessity component; / and
N can get the value of X. For instance, an increase in the budget
of education (Medium, High) is a group of G-valuations and
called a G-information. The concepts of many decision-making
issues can be expressed as G-information [19].

In the present study, linguistic variables like Triangular
Fuzzy Numbers (TFN) for Importance and Necessity concepts
are used. Furthermore, a new approach has been proposed,
which enhances the capability of ambiguity reduction in the
decision-making process.

2.2.1 G-number appropriateness for BWM

In this study, a method is proposed based on G-number theory
and BWM. The clarification of the decision-maker’s
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knowledge and reduction of ambiguity is the prime reason for
this integration. Moreover, considering the Importance and
Necessity for each criterion based on a specific situation is
the superiority of this method, compared to fuzzy BWM and
Z-BWM methods. The integration of the two concepts can be
useful in solving complex decision-making problems.

2.2.2 The relevant concepts

The fundamental concepts of this research, along with defini-
tions of G-numbers and the associated arithmetic operations,
are discussed comprehensively in this section.

Definition 1 A fuzzy number A = (a, b, ¢) is a TFN where a,
b, and c¢ represent the lower, modal, and upper values respec-
tively [17]. The membership function of the TFN is defined by
u;(x) = X—0,1]:

% a<x<b
M~(x> = a x=1 (1)
A c—x he<y<
cb =r=¢

Definition 2 A TFN like (a, b, ¢) is non-negative if >0 [7].

Definition 3 The graded mean integration representation
(GMIR) is used to change a fuzzy number to a real crisp value

[61]. In GMIR, crisp (R) ofa TFN R indicates the ranking of
the triangular fuzzy number [60]. Where R = (a, b, ¢), the

GMIR Crisp (ﬁ) of TFN R can be calculated as follows:

Crisp (ﬁ) = %b—f—c (2)

Definition 4 The G-number is identified as G = (7, ﬁ),
where [ = (ar ,br ,cr) indicates the importance component
and N = (an , by , cn) shows the necessity component on the
real-valued uncertain variables. In general, / and N are de-
scribed as linguistic variables. For instance, linguistic vari-
ables associated with an appointment and investment in the
stock market are (high, very high) and (high, medium), re-
spectively. An ordered pair relates to computations with G-
numbers, which are TFNs [19].

Definition 5 A G-numbers set [(a;, by, ¢)), (an, by, cy)] is non-
negative if a;>0, ay >0 [19].

Definition 6 Let G| = [(a},b},c}) , (a}v,b]l\,,c}\,)] and G, =
[(a?,b7.¢}) , (a3, by, )] be non-negative G-number

and\be a non-negative real variable. The arithmetic opera-
tions are defined as follows [19]:

i) G®G, = [(a} +al, b} + b e+ c%), (a}v + %, by + by ek + c%,)]
ii) G16G: = [(a}~c, b} b7 ¢} =a7), (ak~c, by —b3 ch—a3) ]

iil) Gi&Gs = [(ala?, B0}, c}3), (aka, Db} chd )]

v) G1@Gs = [(a} /c}, b} /B, c} /a}) (ak /R bl B3 ek /a3 ]

V) AGH = [(Aa}, A0, Ad)), (Aak, Al Ack)]

(3)

Definition 7 If G = (I,N) is a G-number. The G-number
linguistic variable transformation rules are defined as follows
[19]:

G=al®ON; a+ =1, a,3>0 (4)

In this equation, « and [ are the non-negative weights of
the Importance and the Necessity components. It means that
whenever « is increased, the value of 3 needs to be decreased.

2.2.3 Transformation rules for G-numbers linguistic variables

This section illustrates how a G-number can convert to a fuzzy
number. In G = (7, N ) , I indicates the Importance and N is

the Necessity component. The G-number is transformed into
TEN using Eq. (4). The values of o and 3 for each criterion or
alternative are determined by the experts based on self-
identification or they can be defined by an optimization algo-
rithm to decrease the cost function (in contrast to our aim) [10,
11]. As f=1-q, Eq. (4) can be transformed into Eq. (5):

G = al®(1-a)N; 0<a<l (5)

Using a combination of Importance (Table 1) and
Necessity (Table 2), the transformation rules of linguistic
variables are obtained and transformed into the TFNs.
The fuzzy pairwise comparisons among criteria are
based on the linguistic variables listed in Tables (1)
and (2), respectively.. Afterward, the linguistic evalua-
tions of decision-makers need to be transformed to
TFNs [24, 35].

As a numerical example, suppose that the linguistic variable
that is chosen by the expert or the optimization algorithm for the
Importance component of G-number is ‘Absolutely important’

(AI), where (I =Al ). In the following, the Necessity component

is selected ‘High Necessity’ (HN) N = HN, based on Table 1.
Moreover, the non-negative weight of the importance is a. The
value is expressed as follows:

G =a(7/2,4,9/2)8/4(5/2,3,7/2) ;a+ =1 ,0<a, f<I (6)
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Table 1 Linguistic variables for

Importance component Linguistic Equal Weak Fair High Absolute
variables Importance (EI)  Importance Importance Important Importance (Al)
(WD) (FD (HD)
TFNs (1,L,1) (2/3,1,3/2) (312,2,5/2) (5/2,3,7/2) (712,4,9/2)

If 6=1—q, Eq. (5) is transformed into Eq. (7):
G=a(7/2,4,9/2)(5/2(1-),3(1-a),7/2(1-a))  (7)
Then, the G-number is converted to the TFN as follows:
G=025+a,3+a,35+a) (8)

Repetitively applying this procedure will turn the elements
of Tables 1 and 2 into the elements shown in Table 3.

3 Proposed approach

In this section, this study seeks to reduce the ambiguity in
attributing weights to the criteria by incorporating the conven-
tional BWM method and Importance-Necessity concept (G-
number) and by introducing the GBWM method. It should be
noted that the same steps of Fuzzy BWM [24] have been
followed to produce the rules of the G-numbers’ linguistic
variables transformation (see Table 3).

3.1 GBWM steps

The implementation of the proposed GBWM method can be
summarized in the following six steps:

Step 1: Determining a set of decision criteria

A set of decision criteria is built by decision-makers. For
instance, {C;, C5, ..., C,}.

Step 2: Identifying the best and worst criteria

The decision-makers should determine, from their own
perspective, the desirable and undesirable criteria among the
set of criteria identified in Step 1. The best or desirable crite-
rion is indicated by Cp, and the worst or undesirable criterion
is represented by Cyy.

Step 3: Conducting G-number pairwise comparisons be-
tween the best criteria and the other criteria.

This step aims to determine the Best-to-Others vec-
tor, and then decision-makers identify the Importance
and Necessity of a best or important criterion to the
others through Table 3.

~] ~ 1 1 ~ 1 _N
(ABaAév) = {(aBp B]Y)’ (agzaaB];/), vy (aBnaaBn )} (9)
where ap, is the preference of B criterion to the j—1th
criterion and (dyp, dyg) = (1,1,1).

Step 4: Conducting G-number pairwise comparison be-
tween other criteria and the worst criterion.

In this step, decision-makers determine the Importance and
Necessity of other criteria to the worst criterion by using

Table 3. The Others-to-Worst vector is represented in Eq.
(10):

(A 2) = { (@ ). (@@ (@moan) | (10)

Where in a,,y, the preference of j — thcriterion over the Wis
identified and (@, @y ) = (1,1,1).

Step 5: Transforming the Best-to-Others and Others-to-

Worst vectors to TFNs based on Table 3, Egs. (9) and
(10) convert to the following equations:

Gp = (§317§32a '”7§Bn); g = O‘“{Bj@(l_a)ag' (11)
Gy = (§1W7§2Wa "'7§nW); ng = aa}w@(l_a)a}}‘ljv (12)

Wherej=1,...,nand 0<a<1.

Table 2 Linguistic variables for

Necessity component Linguistic Equal Weak Necessity ~ Fair Necessity ~ High Necessity ~ Absolute
variables Necessity (EN)  (WN) (FN) (HN) Necessity (AN)
TFNs (1,1,1) (2/3,1,3/2) (3/2,2,5/2) (5/2,3,7/2) (7/2,4,9/2)
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Table 3 Importance-Necessity

for a Linguistic terms Membership function Linguistic terms Membership function
(ELEN) (1,1,1) (ELWN) (0.67+0.33,,1,1.5-0.5x)
(ELLFN) (1.5-0.50,2—,2.5—1.5a) (ELHN) 2.5-1.50,3-20,3.5-2.50)
(ELLAN) (3.5-2.50,4—3,4.5-3.5q) (WLEN) (1-0.33¢,1,1+0.5)
(WL,WN) 0.67,1,1.5) (WLFN) (1.5-0.830,2—,2.5— )
(WLHN) (2.5-1.83c,3-20,3.5-2a) (WLAN) (3.5-2.83a,4-30,4.5-3q)
(FLEN) (1+0.50, 1+, 14+1.5q0) (FLWN) (0.67+0.83c, 1+, 1.5+)
(FLFN) (1.50,2,2.50) (FLHN) 2.5-a,3-a,3.5~)
(FLLAN) (B.5-2a,4-20,4.5-2c) (HLEN) (I+1.5q, 1420, 1+2.50)
(HI,WN) (0.67+1.83c, 1420, 1.54+2a) (HLLFN) (1.5+a,2+0,2.5+)
(HLLHN) (2.50,3,3.50) (HI,AN) BS5-a,4-,4.5-)
(ALEN) (1+2.50,1+3a,1+3.5q) (ALLWN) (0.67+2.83c, 143, 1.5+3a)
(ALFN) (1.5420,2+20,2.5+20) (ALHN) Q2.5+a,3+,3.5+q)
(ALLAN) (3.50,4,4.50)

Step 6: Calculating the optimal weight (Vv?, Wy ooy W ): Where £ = (at, bS, ). Considering a° < b <ct, we as-

The optimal weight for criteria should meet the require-
ment of wg/w; = gp: and w;/wy = gy To satisfy the
condition for all j, the maximum absolute gaps in
|(Ws/w;) —8g| and |(W;/ww) —g;y| are minimized.
Moreover, considering the non-negativity characteristic
and sum condition of weights, Eq. (13) can be formulated
as follows:

. Wy
min max |~__gBj|7 ‘~__ng|
Wj Ww

n
Y R(iw) =1 (13)
=

S ar<br<ey

w s
a; =20, for j=1,....n

i p— w w o w W e —
Where wp = (af, by, cl) 7w,-—<],bj, ]> W =

(@i, by cy) s a = (as; by, cg) @w = (aw by ,Gw).
In the following, the above problem is transforms to Eq. (14).
(14).

min Z

|— S| <, forall j
/

Wi o~ ) 14
s.t |~—j—gjw|§§forall] U
Www
p R(ij) =1
W<by§C], a}“/ZO, for j=1,...,n

sume £ = (k*, k*, k), k* <a®, then Eq. (15) can be formulated
as follows:

. sk
min&
(aBa by, CB)

w W
(a7.87.¢7)

~(ap;, by, cgy) |< (K7, K7 K7)

(ar.by.cr) R 15
) G o ) "

W ~YW»

a“’<b;v5c,, @20, j=1,2,...,n

By solving the above model, optimal fuzzy weights
(wy, w3, ...,w,) are obtained. According to Rezaei’s [44]
study, the superiority of the BWM method is a reduction of
pairwise comparisons, which causes a lower level of inconsis-
tency. The extension of the BWM method using G-number
theory adds several powerful features to this method.
Specifically, minimizing ambiguity by the addition of the
Importance-Necessity concept, translating human knowledge,
having fewer pairwise comparisons, handling the uncertainty
of linguistic variables, implementing big-data, and consider-
ing different scenarios all respect the different values of « and
(. The main weakness of this method is the subjectivity issue
of the fuzzy part in translating the concept [1, 24, 44].

3.2 Consistency ratio for GBWM

A Consistency Ratio (CR) is an indicator to address the incon-
sistency level of pairwise comparisons. This section explains
the computation of CR for GBWM. If the comparison is con-

~ 1 =N N\ ol =N
s1stent<a3j,a3j) ®(ajw,ajw) = (dyy, dyy). The (aB/,aB/)
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indicates the preference of the best criterion to the criterion j.
The (a'j.w,aﬁv) presents the preference of jcriterion over the

worst one and (T, ay,) shows the preference of the best
criterion over the worst one.

The G-number (. ay) x (@@ ) = @y ahw)
which converts to TFN based on Egs. (11), (12) and (16)
establishes the result of this conversion.

gBj X ng = Zpw (16)

When g5,®g;y#8 pw- it means that g5,®gy, may be greater
or smaller than gy, and the fuzzy pairwise comparisons will
be inconsistent. If both gz and gy, are equal to ggy, the
amount of inequality will be the greatest and result in Z
Considering the occurrence of the greatest inequality, accord-
ing to the equality relation (wg/Ww;) ® (w;/ww) = (Wg/Ww),
the following equation can be obtained.

(ggj_z) ® (gjw_g) = (ng + g) (17)

For the maximum fuzzy inconsistency gz = gw = Zpw-
Eq. (17) transforms to the next equation as follows:

(gBW_E) ® (§BW_Z) = (§BW + E) (18)
Eq. (18) can be formulated as follows:
52_(1 + 2§BW>E+ (ngz_ng) =0 (19)

Based on Table 3, (3.5,4,4.5) is the maximum value of g/
and is attributed to the linguistic term of “Absolutely

Table 4 Consistency Index for GBWM

Important” (Al) with Necessity linguistic term of “Absolute
Necessity” (AN) given by the decision-makers. For gz, =
(agw ,bpw ,caw), the maximum value is (3.5,4,4.5), which
indicates agy = 3.50, by =4 and cpy=4.5. It illustrates that
the maximum value cannot exceed 4.5; the maximum possible
E is obtained by using the upper boundary cpy.

The E can be represented by a crisp value &. In other cases,
like ggyw = (1,1,1), 85w = (170330, 1,1 + 0.5¢) , gy =
(3.52a, 42, 4.5-2«) a similar process can be performed..
Thus, it can transform Egs. (18) to (19) as:

52_(1 + 2gpw)€ + (gng—ggw) =0 (20)

Where gz, = 1,1 +0.50,4.5-2,4.5, and so on.
By solving Eq. (20), for different gz, the possible peak
value of ¢ is used as the consistency index (CI) for GBWM

(Table 4). Then the CR value can be obtained through E* as
follows:

*

¢
CR=- (21)

The bigger value of Z* can result in higher CR, and the
comparisons are less reliable. This ratio is acceptable when
CR<0.1 [44].

4 Analysis of the results

In this section, the GBWM method has been applied to two
case studies to demonstrate its applicability in various fields
such as management and healthcare and to validate its outputs.

Linguistic upw CI Linguistic Uupw CI

terms terms

(EL EN) 1 3 (EL WN) 15-0.5a 4oty AatT3
(EL FN) 2515« % v—4a+7 (EL HN) 3.5-2.5q 8*5(&+\/2*200+29
(EI, AN) 4.5-3.5a 10-7a+v=28a+37 V2’28“+37 (WL, EN) 14050 3+a+2\/4a+9
(WI, WN) 1.5 3.8 (WL FN) 25— 620+ \/278(} +21
(WL, HN) 3.5-2a fdat/Cl6et2) (WI, AN) 45-30, 1060+ Th0$37
(FL, EN) 1+1.5a ItdatlBvAad3 (FI, WN) 15+ 420+ /8ot T3
(FL, FN) 25 53 (FL, HN) 35—a 8-2a+ \/2—8a+29
(FI, AN) 45-2a 10-datyibatd] (HIL, EN) 14250 3tSoty/MotD
(HI, WN) 1.5+2a drdatylbatll (HI, FN) 2540 Gt20:+ySa2]
(HI, HN) 35 6.7 (HI, AN) 25— 10—2a+x2/—8a+3_7
(AL EN) 1+3.5a Toty28at9 (AL, WN) 15430 4+6a+\2/24a+l3
(AL, FN) 252 Stdatyléatal (AL HN) 3540 420+ /R0t
(AL, AN) 45 8.04
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4.1 Case one

In this section, the GBWM method is employed to address a
problem in high cost-performance car selection, discussed by
Guo and Zhao [24]. A buyer must decide by evaluating alter-
natives based on criteria [41]. Table 5 indicates the main
criteria that play an important role in the high-cost perfor-
mance car selection problem.

Among the five identified criteria for willingness, C, is
regarded as the best criterion and Cs is selected as the worst

one. Table 6 shows the linguistic variable that decision-
makers assigned for G-number preference of Best-to-Others
criteria.

According to Table 6, the Best-to-Others vector based on
G-numbers for the capabilities criteria is presented as follows:

(63) = {(WI,AN), (EI,EN), (FI, WN), (WI,HN), (AIAN)}

Based on Table 3, the linguistic variables can be converted
to TFN as follows:

(G2) = {(3.5-2.830,4-30,4.5-3a), (1,1,1), (0.67 + 0.83r, 1 + o, 1.5 + ), (2.5-1.83, 3-20v, 3.5-201), (3.50, 4,4.50) }

Table 7 indicates the linguistic variable that decision-
makers assigned for G-number preference of Others-to-
Worst criteria.

Based on Table 7, the Others-to-Worst vector based on G-
numbers is as follows.

(Gyw) ={(FI,HN), (AI,AN), (FI,FN),(WI,FN), (EI,EN)}

Based on Table 3, the linguistic variables can be converted
as follows:

(G%) = {(2.5-a,3-,3.5-0), (3.50,4,4.50),

(1.50,2,2.50), (1.5—0.83a,2—a,2.5—a)., (1, 1, 1)}

In the GBWM method, the Importance («) and Necessity
(B) for each specific case should be determined by the deci-
sion-makers. Therefore, in this case, o and 3 have been iden-
tified equally to 0.5; it means that based on experts’ recogni-
tion, the non-negative weights of Importance and Necessity
have the same value in high-cost performance car selection.

The fuzzy Best-to-Others and Others-to-Worst vector for
the criteria are as below:

5,4,4.5),(1.5,2,2.5),(1.09,1.5,2), (1,1, 1)]

G =(2.09,2.5,3
(

L(1,1,1),(1.09,1.5,2.5), (1.59,2,2.5), (3.5,4,4.5)]
G =(2,2.5,3),(3.5

)
3

The mathematical programming model presented in Eq.
(22) can be updated as follows:

Table 5 The considered

main criteria for high- Symbol Identified Criterion
cost performance service

G Quality

C, Price

Cs Comfort

Cy Safety

Cs Style

min€"

—c1#<a;—2.09%¢c1 <c1 %
—b1*<by—2.5%b <b; *¢
—a1 *¢<cr—3%a;<a; ¥
—c3*€<ay—1.09%c3<c3 %€
—b3*E<by—1.5%b3<b3*¢
—a3*{<cr2*%az<az*
—c4¥E<ay—1.59%c4<cy
—byFE<by—2%bg<bs*¢
—ay*<cr—2.5%as<as*€
—cs*E<ap;—3.5%cs<cs*E
—bs*§<by—4*bs<bs*¢{
—as*<cr—4.5%as<as*¢
—cs*E<a;—2%cs<cs*
—bs*E<b1—2.5%bs<bs*¢
—as*{<ci—3*as<as*{
—cs*<az—1.5%cs<cs*E
—bs*<b3=2%bs<bs*
—as*<c3—2.5%as<as*¢
—Cs *55614*1.09*05565 *f
—bs*¢<bs—1.50%bs <bs*£
—as*{<cy—2%*as<as*{

a; +4%, +cy +ay +4%b, +cr + a3
+4%by +c3 +a4 +4%bs +¢c4 +a5 +4%bs +¢c5 =6
a1<bi<ci;ay<by<c;

a3 <b3<c3;a3<bs<cy
a5§b5 SCS
a17a27a33a47a520

£>0

s.t.

Table 6 Best-to-Others vector

Criteria Cl C2 C3 C4 C5

Best Criteria C,

(WL, AN) (ELEN) (FLWN) (WLHN) (ALAN)
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Table 7 Others-to-

Worst vector Criteria Worst criteria Cs
C (FLHN)
G (ALAN)
G (FLFN)
Cy (WLEN)
Cs (ELEN)

By solving Model (22), the fuzzy optimal weights of the
five determining criteria are calculated as follows.

w, = (0.146,0.181,0.200), w, = (0.336,0.379,379)
w,, = (0.157,0.209,0.224), w, = (0.130,0.165,0.177)

ES

w; = (0.077,0.087,0.092), £, = (0.408,0.408,0.408)
In the following, the GMIR can be calculated as below.
W = 0,177, wE" = 0.368, wS" = 0.200, 5" = 0.159, <" — 0.086,& — 0.408

Therefore, the weights of five criteria ‘Quality’ (Cy),

‘Price’ (C5), ‘Comfort’ (C3), ‘Safety’ (Cy), and ‘Style’ (Cs)
are 0.177, 0.368, 0.200, 0.159, and 0.086, respectively.

Finally, the value of CR must be evaluated, given that agy
= (AI,AN) and CI= 8.04 (see Table 4). Therefore, the CR
value is 0.05 < 0.1 and the results are consistent.

4.2 Case two

Cancer is a leading health threat worldwide [40]. However, at
least half of cancers could be prevented. Understanding the can-
cer incidence and the major risk factors can help facilitate better
cancer prevention programs [9, 15, 30]. Gotay [22] introduced
ten main risk factors in cancer prevention programs. Table 8
shows the influential risk factors in cancer prevention. In this
study, the Importance and Necessity of each alternative is deter-
mined by the experts using G-number theory.

Among the ten main alternatives for cancer prevention, C;
is regarded as the best criterion and C, selected as the least
important criterion compared to the other criteria. Table 9
shows the linguistic variable that decision-makers assigned
for G-number preference of Best-to-Others criteria.

Table 9 indicates that the Best-to-Others vector for the
capabilities criteria are as follows:

(G) = {(FI,EN), (HI,FN), (EI, EN), (Al,AN), (Hl, HN) (HI,AN), (EI,HN), (FI,HN), (F],FN), (HI.EN)}

Based on Table 3, linguistic variables can be converted to
TFN as follows:

(3.5-a,4—a,4.5-a)(2.5-1.5a, 32, 3.5-2.5a)

(140.50,1 +a,1+ 1.5a)(1.5 + a,2 + 0, 2.5 + a)(1, 1, 1)(3.50, 4, 4.50)(2.50, 3, 3.50)
(G§) =

(2.5, 3, 3.5-a)(1.50,2,2.50) (1 + 1.5c, 1 + 2, 1 + 2.5c)

Table 10 indicates the linguistic variable that decision-
makers assigned for G-number preference of Others-to-
Worst criteria.

Based on Table 10, the Others-to-Worst vector for the ca-
pabilities criteria can be obtained as follows, the comparison
of other criteria with the worst one.

(G%) = {(F],FN), (W],HN), (AI,AN), (EI,EN), (Wl, WN), (Wl,FN), (AI, WN), (Fl, FN), (FI,EN), (AI, HN) }

According to Table 3, the linguistic variables can be con-
verted as follows:

(1.5-0.83cr, 2, 2.5—) (0.67 + 2.83c, 1 + 3, 1.5 + 3v)

(1.50,2,2.50)(2.5-1.83c, 3-20, 3.5-20x)(3.50, 4, 4.50)(1,1,1)(0.67, 1, 1.5)
(Gy) =

(1.50,2,2.50)(1 + 0.5, 1 + o, 1 + 1.50)(2.54+ a,3 + ,3.54+ )
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Based on the G-number method, the Importance ()
and Necessity () in each specific case should be deter-
mined by the decision-makers; therefore, in this case,
a=0.4 and #=0.6, where a+ (=1. By substituting

Gl = { (1.2,1.4,1. 6)),

(
(2.1,2.6,3.1),(1.5,2,2.5),(1.6,1.8,2)
G(C4> _ (1572725)7(1 872272 )7( a4
W= (15.2.2.5), (1.2, 1.4, 1.6), (2.9,3.4,3.9)

a=0.4 in the linguistic variables of G3,Gj), the fuzzy
Best-to-Others and Others-to-Worst numerical vectors for
the criteria are obtained as follows.

1.9,2.4,2.9), (1,1, ) (3.5,4,4.5),(2.5,3,3.5),(3.1,3.6,4.1), (1.9,2.2,2.5),

5), (1,1,1),(0.7,1,1.5),(1.2,1.6,2.1),(1.2,2.2,2.7),}

In the following, a non-linear constrained optimization
problem is defined as follows according to Eq. (23).

min&”

s.t.

—c1*<az—1.2%c; <c1 %€ ;—b ¥{<b3—1.4%b; <b *§
—a1*¢<c3—1.6%a1<a, ¥~y *E<az—1.9%c, < ¥
—by*E<b3=2.4%by<by*¢ ;—ary*{<c32.9%ay<ar*¢
—c4¥<az—3.5%c4 <y ¥E by ¥ESb3—4¥bs <byFE
—a4*§<c3—4.5%ay<as ¥ —cs*E<az—2.5%cs<cs*E
—bs*<b3—3%bs<bs*{ ;—as*{<c3—3.5%as<as*¢

—Ce *65a3*3.] *Cf, <cg *é ;*b(, y§§b3*36vb(,§b(, yf

—dg *§§63*4.1 *a(,Sa(, Vf ,TC7 *§§a3*1 .9*6’75(27 *5
_b7*§fb3_2.2*b75b7*§ ;—a7*§§c3—2.5*a7§a7*§
—cg*E<az—2.1%cg<cg ¥ ; —hg ¥*{<b3=2.6¥bg <bg*{
—ag*{<c3—3.1%ag<ag*{ ;—co*{<az—1.5%co<co*¢
—bo*{<b3—2%bg<bo*{ ;—a9*{<c3—2.5%ag<ag*¢{
—c10*<a3—1.6%ci9<ci0*€ ;—b1o*{<b3—1.8%bg<bio*{
—ajp*{<c32%ajg<a ¥ s —ca¥E<ar—1.5%c,<cy ¥
—by*E<b1—=2%by<by*€ ;—as*E<c1—2.5%as<as*E
—c4*<ar—1.8%cy<cy ¥E s —by ¥E<by=2.2%by<by*§
—ay¥{<er=2. 7% as<as ¥ s —ca*<as—0.7*cy<c4 ¥
—by*E<bs—1%by<by*¢ ;—as*{<cs—1.5%as<a,*¢

—C4 *65(16*1 .2*64 <cy *§ N *b4 *fib5*1 6"1)45174 *f
—ay*§<ce—2.1%a4<as*§ ;—cy ¥ <ar—1.2%c4<cy ¥E
*b4*§§b7*2.2*b4§b4*£ ;*a4*§§cr2.7*a4ﬁa4*§
—cq*E<ag—1.5%cy<cs ¥ s —ba*E<bg—2%bs<bs*{
—as¥{<eg—2.5%as<as¥E s —ca*E<ag—1.2%cy<cy ¥

—by ¥ <bo—1.4%bg<by*§ ;—as*<co—1.6%as<as*§
—c4¥<a10=2.9%c4 <y ¥ ;b FESb19—3.4%by<by ¥
*04*55610*3.9*04504 *f

a; + 4% +c; +ay +4%by + o +a3 +4%b; + o3 +ag +4%by +cat
as + 4%bs + cs + ag + 4%bs + ¢ + a7 + 4¥b; + ¢7 + ag + 4¥bg + cz+
a9 + 4%bg + cg +aj9 +4%bjg +cio =6
ar<b<ci;ay<by<cy;a3<b;<cs;ay<bs<c4
as<bs<cs;as<bs=<cs;a;<b7=c7;a3<bg=<cg
ag<bg<cy;ajn<hig<cio; a1, az,as,as, as,ag,as, as,as,ajp=0
£20

(23)

Now, by solving this mathematical programming model
(Eq. 23) [9], the optimal fuzzy weights of four main capabil-
ities criteria can be calculated as follows:

we; = (0.105,0.105,0.116), wg, = (0.081,0.085,0.101)
Wiy = (0.191,0.194,0.194), we, = (0.046,0.050,0.054)
wes = (0.062,0.075,0.075), wgg = (0.053,0.062,0.073)
wer = (0.097,0.099,0.101), wey = (0.074,0.092,0.092)
ww (0.091,0.094,0.096), wi,, = (0.129,0.148,0.156)

= (0.495,0.495,0.495)

In the following, the crisp values of criteria are calculated
using definition (2) and Eq. (2).

WZI = 0107, WZZ = 0.087, WZ?} = ()193’ Wé4

= 0.050, w5 = 0.073, wgs = 0.063, w,, = 0.099,
wig = 0.089, Wiy = 0.094, wiy, = 0.146,€ = 0.495

Therefore, the weight of ten alternatives, ‘Tobacco use’
(C1),‘Exposure to infections’ (C,), ‘Nutrition’ (Cj3),
‘Obesity’ (C4), ‘Alcohol” (Cs), ‘Sun exposure’
(C¢),'Radiation exposure’ (C;), ‘Chemicals and other sub-
stances’ (Cg), ‘Viruses and bacteria’ (Cy), ‘Family history of
cancer’ (C), are 0.107, 0.087, 0.193, 0.050, 0.073, 0.063,
0.099, 0.089, 0.094, 0.146 respectively. Finally, the value of
CR must be evaluated due to the fact that agw = (Al,AN) and
the CI=8.04 (see Table 4). Therefore, the CR value is 0.06 <
0.1 and the results are consistent.

4.3 Sensitivity analysis

Sensitivity analysis is a typical measure to quantify the impact
of uncertainty on overall simulation/prediction uncertainty. A
variety of sensitivity analysis techniques have been developed
[26, 32). In this study, the rank of criteria has been obtained

Table 8 Major risk factors for cancer prevention

Symbol Identified Criterion

C Tobacco use

C, Exposure to infections
Cs Nutrition

Cy Obesity

Cs Alcohol

Cs Sun exposure

C; Radiation exposure

Cg Chemicals and other substances
Co Viruses and bacteria

Cro Family history of cancer
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Table 9 Best-to-Others vector

Criteria C] Cz C 3 C4 C 5 C7 Cg Cg Cl 0

Best Criteria Tobacco Exposure to  Nutrition Obesity Alcohol Sun Radiation ~ Chemicals and Viruses and Family history
use infections exposure exposure  other substances ~ bacteria of cancer

C; (FLEN) (HLFN) (ELEN) (ALAN) (HLHN) (HLAN) (ELHN)  (FLHN) (FLEN) (HLEN)

based on a different value of .. According to the experts, a
balance value contributed to the Importance and Necessity
components. In this regard, a sensitivity analysis has been
done for each case study to demonstrate the ranking and con-
sistency rate in different scenarios.

Table 11 shows the rank of criteria in Case one and Case
two by considering different values for . Regarding Case
one, a comparison between different scenarios in Table 11
indicates that the lowest level of inconsistency attributes to

the CRy¢ = 338 = 0.045 < 0.1; thus, Scenario 6 is the best
— 117

scenario among eleven scenarios. Moreover, the CRy = Sou
= 0.146 > 0.1 has the highest inconsistency and is known as
the worst scenario that decision-making can take. Scenario 2 is
the primary criteria in all ten scenarios, and Scenario 5 is the
worst one. Regarding the result of CIs in eleven different
scenarios, Scenario 0, Scenario 1, and Scenario 2 are undesir-
able because of CR> 0.1 [44]; therefore, decision-makers
should reconsider these pairwise comparisons. Likewise, in
Table 12, lowest level of inconsistency is attributed to
Scenario 6; it is the best scenario among eleven scenarios
and Scenario 10 is the worst one. Generally, for 0<a<0.6
when the value of « is closer to 0.6, the value of £* decreases
and for 0.6 <« <1, the value of ¢" increases.

Focusing on Case two, the lowest level of inconsistency
attributes to the CR4 = %57 = 0.061 < 0.1; thus, Scenario
4 is the best scenario among eleven scenarios. Moreover, the
CRyy = ﬁ = 0.14 > 0.1 has the highest inconsistency and

known as the worst scenario which can be chosen by decision-

Table 10 Others-to-

Worst vector Criteria Worst criteria Cy
el (FLEN)
G (WLHN)
G (ALAN)
C, (ELEN)
Cs (WL,WN)
Cs (WLFN)
& (ALLWN)
Cs (FLFN)
G (FLEN)
Cio (ALLHN)

@ Springer

makers. Considering the result of CIs in eleven different sce-
narios, Scenario 8, Scenario 9, and Scenario 10 are undesir-
able because of CR > 0.1 [44]. Generally, for 0 < <0.4 when
the value of « is closer to 0.4, the value of " decreases and for
0.4 <« <1, the value of £ increases.

4.4 Comparison with similar methods

As previously stated, the decision-makers encounter ambigu-
ity in information and data in real-world problems. In this
regard, some researchers tried to introduce some concepts to
address this issue in decision-making problems. Among them,
Zadeh [55] introduced a fuzzy concept to reduce uncertainty
and ambiguity. In the following, Guo and Zhao [24] intro-
duced fuzzy BWM and applied it in different cases to verify
this method. Nevertheless, the fuzzy BWM method cannot
consider the Necessity concept, along with the Importance
concept. To deal with this shortcoming, the presented G-
number by Ghoushchi and Khazaeili [19] can reduce the am-
biguity of information by considering both the Importance and
Necessity components.

In a conceptual comparison between conventional BWM,
fuzzy BWM, and GBWM (proposed method), it can be said
that BWM is incapable of considering uncertainty in compar-
ison with other methods. Furthermore, GBWM can apply the
concepts of Importance and Necessity in the weighting pro-
cess in different situations, while fuzzy BWM can only con-
sider the Importance concept. In an example from Guo and
Zhao [24], the value of a was identified as a moderate level of
0.5 by the expert. It is necessary to explain that the way the
mathematical model works in the mentioned methods is the
same, and the authors have made an unbiased comparison
between these methods and preserved the nature of pairwise
comparisons, which is the main input of this model. Since the
fuzzy BWM only requires the value of the concept of
Importance, this value is extracted from Tables (6) and (7)
for each pairwise comparison (the first component of the G-
number in the form of a linguistic variable). Also, these ex-
tracted elements are used in the BWM model after being con-
verted to crisp numbers. Initially, a comparison of the ranking
criteria among BWM, fuzzy BWM, and GBWM, with o =
0.5, is presented in Table 12. In all three methods, ‘Price’ (C,)
is the best and ‘Style’ (Cs) is the worst criterion. In the case



S. Jafarzadeh Ghoushchi et al.

8041

Table 11 Sensitivity analysis for different values of o in two case studies
2 E 2 S e 2 I 2 Q RS
s & 37 s $I §T % $I §T sl I 3t :t
£ 05 §2 §E2 §ED §ED §E3 §ES ES §E°S §8 §3 ows
s 5 57 53 §d §¢ 53 3¢ 5% sy 52 sg i%
S N Q Q Q Q Q S S Q S (S
S a2 ”% mg wg "’g ”g ”g mg "’g ”g 3 <
C, 3 4 4 3 3 3 2 2 2 3 2
C, 1 1 1 1 1 1 1 1 1 1 1
S C, 2 2 2 2 2 2 3 4 3 4 4
N 4 3 3 4 4 4 4 3 4 2 3
@
S C; 5 5 5 5 5 5 5 5 5 5 5
5* 1.17 1.02 0.87 0.72 0.56 0.41 0.36 0.44 0.56 0.67 0.79
CR 0.146 0.127 0.114 0.090 0070 0.051 0.045 0.055 0.070 0.083  0.098
Ci 4 3 4 3 3 3 4 4 6 4 3
C2 2 4 3 4 6 7 7 7 9 7 8
Cs 1 1 1 1 1 1 1 1 1 1 1
Cq 10 10 10 10 10 10 10 10 10 10 10
Cs 6 8 7 9 8 8 8 8 8 8 9
§ Cs 9 9 9 8 9 9 9 9 5 9 7
3 Cr 7 7 5 7 4 4 3 2 2 2 2
S Cs 5 6 6 6 7 6 6 6 4 6 5
Co 8 5 8 5 5 5 5 5 7 5 4
Cio 3 2 2 2 2 2 2 3 3 3 6
f* 0.852 0.761  0.671 0582 0495  0.500 0.635 0.771  0.905 1.03 1.17
CR 0.10 0.09 0.08 0.07 0.061  0.062 0.07 0.09 0.11 0.12 0.14

one, it can be seen that the CR for the high-cost performance
selection in all methods is less than 0.1.

Regarding Case one, based on the BWM method and in-
cluding decisive numbers determined by experts in pairwise
comparisons, ‘Quality’ (Cy), ‘Safety’ (Cy4), and ‘Comfort’ (C)
are second, third, and fourth criteria, respectively. With regard
to the uncertainty in pairwise comparisons, fuzzy BWM is
utilized for weighting criteria. In Fuzzy BWM, ‘Quality’
(Cy) is still ranked second, but the rank of ‘Safety (C4)’ is
upgraded one level, and the rank of the ‘Comfort (C3)’ crite-
rion decreases one level and ranks in third place. To reduce the
ambiguity and uncertainty in a pairwise comparison, the
GBWM method was proposed. In this method, the rank of
‘Safety’ (Cy) is in the fourth (mirroring the fuzzy BWM

Table 12 Ranking of the criteria in BWM, Fuzzy BWM and GBWM
for Case one

Main criteria BWM Fuzzy BWM GBWM
C1 2 2 3

C2 1 1 1

C3 4 3 2

c4 3 4 4

Cs5 5 5 5

& 0.146 0.791 0.438
CR 0.018 0.098 0.054

method), but ‘Comfort (C3)’ moves to second place (one rank
lower compared to the fuzzy BWM method), and ‘Quality
(C1)’ is upgraded to third place (one rank higher compared
to the fuzzy BWM method). In fact, these changes occur be-
cause the Necessity concept in the pairwise comparisons pro-
cess has been implemented. For example, since the Necessity
of'the criterion Cj is more highly rated than the criterion C, in
pairwise comparisons between criteria from the point of view
of decision-makers, criterion C; has the second rank in

Table 13  Ranking of the criteria in BWM, Fuzzy BWM and GBWM
for Case two

Main criteria BWM Fuzzy BWM GBWM
C1 2 3 3

C2 7

C3 1 1 1

C4 10 10 10
Cs5 9 9 8

Cé6 7 8 9

Cc7 5 2 4

C8 6 5 7

Cc9 3 4 5
C10 4 6 2

& 0.096 1.17 0.495
CR 0.01 0.14 0.06
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Table 12, while this criterion occupies third priority in the
fuzzy BWM method.

The same analysis can be made for the second case
(Table 13). If we consider ‘Exposure to infections’ (C,) as
an example, this criterion is ranked eighth according to the
BWM method, but after uncertainly is added to the pairwise
comparison process through the fuzzy BWM method, this
criterion climbs to seventh place. Furthermore, by simulta-
neously considering the concepts of Importance and
Necessity in the process of pairwise comparisons in the
GBWM method, ‘Exposure to infections’ (C,) is upgraded
to sixth place.

5 Conclusion

Ambiguities in the decision-making procedure initiate the appli-
cation of the fuzzy concept in MCDM methods. Existent fuzzy
sets cannot consider both aspects of Importance and Necessity in
a criterion or in alternatives. To cover this shortcoming, this study
seeks to present an extended version of the BWM method using
the G-numbers theory. The G-numbers approach seeks to reduce
or to eliminate ambiguity in the decision-making process through
considering both the Necessity and Importance components.
Therefore, the obtained results are closer to reality. In addition
to implementing the GBWM method in two case studies to dem-
onstrate its applicability, the outputs of implementation of this
method in a high-cost performance selection case were compared
with conventional BWM and fuzzy BWM methods to validate
their outputs. In Case one, all three methods reached the same
ranking for best (C2) and worst (C5) criterion. In Case two, (C3)
is ranked best and (C4) is ranked worst; however, the ranks of the
other criteria changed through the addition of certainty or the
Importance-Necessity concepts. In all the mentioned methods,
there was consistency according to the CR result. Once results
that are closer to real-world scenarios are reached, decision-
makers can proceed more confidently with accurate measure-
ments. Nevertheless, since experts play a direct role in doing
pairwise comparisons, their opinions can lead to results consis-
tent with their mindsets. If several experts participate in the
pairwise comparisons process, the GBWM method is imple-
mented per expert. Then, the average of obtained weights of
model implementation for all experts is considered as the final
solution. This, in turn, reduces the deviation from reality. When
many experts or people with irrelevant backgrounds participate
in the field of the studied problem, the results obtained can lead to
unreliable outputs. In addition, not considering the causal rela-
tionships between some criteria can reduce the accuracy of the
model’s output. For future studies, researchers can implement the
proposed method in other case studies with the aim of verifying
its capability and applicability in various fields. Besides, the G-
numbers theory can be synchronized with other MCDM
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methods and group decision-making to reduce the ambiguity of
information in the process of ranking various alternatives.
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