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Abstract

This study proposes a novel fuzzy multiple-attribute group decision-making approach based on expert reliability and the
evidential reasoning (ER) rule in an interval-valued intuitionistic fuzzy environment. First, to determine the reliabilities of
experts, an objective method is developed by combining the similarity between the assessments provided before and after
group discussion. Second, the proposed approach extends the ER rule to the case where belief degrees are intervals and
employs it to combine experts’ assessments. Hereinto, several optimization models are established to produce the
aggregated assessments of the alternatives. Then, the overall priority degree of each alternative can be obtained according
to the aggregated assessments and further utilized to yield a ranking of alternatives. Finally, a shopping center site selection
problem is analyzed by the proposed approach to demonstrate its validity and applicability.

Keywords Interval-valued intuitionistic fuzzy sets - Expert reliability - Evidential reasoning rule - Multiple-attribute group

decision making

1 Introduction

Decision making is usually considered a process in which
human beings and enterprises make choices among several
alternatives [1]. In real life, it is becoming impossible for a
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single decision maker or expert to take into account every
related aspect of a decision-making problem without any
difficulty due to increasingly complex socioeconomic cir-
cumstances [2-4]. Hence, many practical decisions are
usually made by multiple decision makers or experts,
which give rise to abundant research concerning the topic
of multiple-attribute group decision-making problems
(MAGDMs).

In group decision making, experts should provide their
preferences for alternative attributes to achieve a collective
decision. Because of various uncertainties in real world, the
information received or provided by experts may be inde-
terminate and inconsistent. To address indeterminate
information and inconsistent information, Smarandache [5]
introduced the concept of neutrosophic set, in which each
element of the universe has a degree of truth, falsity, and
indeterminacy. Subsequently, the neutrosophic sets have
been successfully used in decision-making field. For
example, many researchers have succeeded in combining
neutrosophic sets with some classical decision-making
techniques, such as the TOPSIS (Technique for Order
Preference by Similarity to an Ideal Solution) method [6],
the  VIKOR  (VIsekriterijumska  optimizacija i
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KOmpromisno Resenje) method [7], the MULTIMOORA
(Multi-Objective Optimization by Ratio Analysis plus Full
Multiplicative Form) method [8], and the WASPAS
(weighted aggregated sum product assessment) method [9],
to solve various decision-making problems with neutro-
sophic information [10-13]. Broumi and Smarandache [14]
further investigated the correlation measures of interval
neutrosophic sets. On the other hand, due to the uncertainty
and complexity of decision-making problems, as well as
the ambiguity of human thinking, the preferences provided
by experts may be imprecise. In this sense, the theory of
fuzzy sets [15] has been used to model uncertainty or
vagueness and applied to different kinds of decision-mak-
ing problems. To better handle uncertain and vague
information, fuzzy set theory has been extended to many
higher-order extensions, including intuitionistic fuzzy sets
[16] and interval-valued intuitionistic fuzzy (IVIF) sets
[17]. Compared with the theory of intuitionistic fuzzy sets,
the theory of IVIF sets more effectively applies to the
situations where decision makers have limited attention,
and information sources are insufficient for dealing with all
possibilities. Thus, it is more suitable and convenient to
represent the experts’ assessments based on IVIF sets
[18, 19].

Since its appearance in the literature, the IVIF set has
attracted increasing attention, and many fuzzy MAGDM
approaches based on IVIF sets have been presented
[18-30]. For instance, Atanassov [22] and Xu [23] con-
structed the arithmetic operations of IVIF values. Later,
with the aid of these operational rules, Xu and Chen [19]
developed some IVIF aggregation operators, such as the
IVIF weighted geometric and arithmetic aggregation
operators, and developed an approach for group decision
making with interval-valued intuitionistic information. Li
et al. [20] presented an improved group decision-making
method based on IVIF prioritized operators. By means of
Hamacher operations, Liu [24] developed a few Hamacher
IVIF aggregation operators and applied them to group
decision making. Makui et al. [17] proposed a fuzzy multi-
criteria group decision-making approach based on the IVIF
preference relation and the IVIF decision matrix. With the
use of Einstein operations, Wang and Liu [27] proposed
several Einstein IVIF aggregation operators to aggregate
IVIF information in multi-criteria group decision making.
Although these fuzzy MAGDM approaches have some
merits, there still exist two issues to be resolved with
regard to IVIF set-based MAGDM problems.

The first issue is that expert reliability is rarely taken
into account in these MAGDM approaches. In fact, experts
in MAGDM are not necessarily reliable. They have
bounded rationality in decision making because of their
selective memory and perception, as well as limited com-
putational ability, as analyzed in [31]. Expert reliability, as
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an important concept in MAGDM, is usually applied to
evaluate the proficiency of specialists [32]. It is the
inherent property of the specialists [33-36]. Hence, expert
reliability should be considered and effectively measured
in the process of MAGDM. To our knowledge, none of the
above fuzzy MAGDM approaches has considered the
reliabilities of experts, which has significant influence on
the validity and rationality of decision results. Therefore,
one aim of this study is to develop an objective method to
determine expert reliability in the context of IVIF sets in
MAGDM.

The second issue is that the IVIF aggregation operator-
based MAGDM approaches (e.g., [19, 23, 24, 27]) will
generate unreasonable preference orders of alternatives in
some situations because of the deficiencies of the afore-
mentioned IVIF operational rules. In fact, these operations
are limited by their failures to take into account all the
interval-valued membership degrees and the interval-val-
ued non-membership degrees of elements that belong to
IVIF sets, since they only consider the maximal member-
ship degree and the minimal non-membership degree.
Moreover, according to the operational rules, the interval-
valued membership degrees and the interval-valued non-
membership degrees are computed independently. In the
situations, when there is an IVIF assessment whose mem-
bership degree equals [1] or non-membership degree equals
[0,0], the aggregated IVIF assessment will be ([1,1], [0,0])
or ([0,0], [1,1]), which is biased and invalid and thus will
yield unreasonable preference orders of alternatives in
MAGDM problems [37, 38]. Dymova and Sevastjanov
[39, 40] recently conducted a detailed analysis of the
limitations of the operations on IVIF values and noted that
the operations of “addition” and “multiplication” exhibit
undesirable properties and are not always rational. How-
ever, all the IVIF aggregation operator-based MAGDM
approaches mentioned above are developed in accordance
with the operations that have some similar deficiencies,
which make these approaches less reasonable. To address
this matter, Mohammadi and Makui [38] developed a fuzzy
MAGDM method on the basis of IVIF sets and the original
ER approach [41, 42]. The method developed in [38]
overcomes the second issue of the existing IVIF aggrega-
tion operator-based methods for fuzzy MAGDM in IVIF
environments. However, the original ER algorithm [41, 42]
only takes attribute weights into account when it is used to
combine attribute values. In other words, expert reliability
is still not considered in [38].

All the above analyses indicate that MAGDM with IVIF
information is still an active field of research. Many con-
tributions to this field have been made, but there are two
issues, as discussed above. In light of this, it is necessary to
develop a novel approach for MAGDM with IVIF sets that
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can overcome the above two issues, which serves as the
main motivation of this study.

Yang and Xu [35] recently extended the original ER
approach and established a unique ER rule to combine
multiple pieces of evidence with their associated reliabili-
ties and weights in the case where the degrees of belief in
the evidence are precise values. The consideration of reli-
abilities follows Simon’s theory of bounded rationality.
Therefore, taking into account the above motivations, the
focus of this study is to put forth a new fuzzy MAGDM
approach. First, in order to effectively determine the reli-
abilities of experts, an objective method is developed
through combining the similarities between the assess-
ments provided before and after group discussion (GD),
respectively. Then, we extend the ER rule to the case where
the belief degrees are intervals and employ the extended
ER rule to combine experts’ assessments. Several opti-
mization models are established and solved herein to
generate aggregated assessments of the alternatives. The
combination process of assessments considers expert
weights and expert reliabilities simultaneously. Finally, the
overall priority degrees of alternatives are calculated based
on their aggregated assessments. The novelty of the
developed approach can resolve the two aforementioned
issues for fuzzy MAGDM problems in IVIF environments.

Due to the emergence of modern lifestyles, all kinds of
businesses, especially service-oriented businesses, are
witnessing rapid transformations in many aspects. Service
firms are exploring new business models and taking actions
to meet the needs of modern lifestyles. One of these basic
actions is to select a suitable business location to expand
the scope of operation. Proper site/location selection is a
MAGDM problem where the decision-making process will
be conducted by multiple experts based on different
quantitative and qualitative attributes [43]. Many decision-
making models have been developed for this application
over the past few decades. Cheng et al. [44] applied the
analytic network process approach to handle a shopping
mall location selection problem. Kuo et al. [45] constructed
a decision support system for store location selection by
integrating fuzzy AHP and artificial neural network. Based
on a perspective with foresight, Zolfani et al. [43] proposed
a hybrid decision model to solve shopping mall location
problems. Liu et al. [46] developed an MAGDM method
with interval 2-tuple linguistic information to select the
optimal disposal site for municipal solid waste. From a
sustainability perspective, Rao et al. [47] presented a fuzzy
MAGDM model for location selection of city logistics
centers. In this study, we will also focus on this topic and
apply the proposed approach to analyze a shopping center
site selection problem to illustrate its validity and
applicability.

The rest of this study is organized as follows. Section 2
reviews some basic concepts of IVIF sets and the ER rule.
In Sect. 3, we present a detailed discussion of the proposed
approach. In Sect. 4, the proposal is applied to solve a
shopping center site selection problem to demonstrate its
applicability and wvalidity. In Sect. 5, comparisons with
existing MAGDM approaches are made to highlight the
effectiveness and feasibility of the proposed approach.
Finally, we conclude this study in Sect. 6.

2 Preliminaries

To facilitate the introduction of the proposed approach, this
section reviews IVIF sets and some basic theorems which
will be used in the discussion that follows.

2.1 IVIF sets

Atanassov and Gargov [17] introduced the concept of IVIF
sets as follows.

Definition 1
IVIF set A on X is represented in the following manner:

[17]. Given a universe of discourse X, an

A = {{x, 3(x), V4 (x))|x € X}
- {<x, {Mf{(x)vﬂf{(x)}, {vfi(x),vf{(x)]>|x € X},

where intervals fi;(x) and v;(x) symbolize the membership

(1)

and the non-membership degrees of x to A, respectively,
such that jiz(x) = [uk(x), 1% (x)] € [0, 1], ;(x) = [Vh(x),
U U U

vi(0)] €10,1], and 0<pz(x) +v;i(x) <1 for all x € X.

Based on fi;(x) and v;(x), the corresponding interval-val-

ued hesitation degree of x to A is represented in the form:

7a(x) = [k (), Y (0]

= 1= ) =01 - ) =] @)

Consider the case where each of fi;(x) and v;(x) con-
tains only one value for each x € X, we have pk(x) =

1Y (x) and vk(x) = vY(x), and then the given IVIF set A

will be degraded to an intuitionistic fuzzy set [15]. The pair
(fi7(x), 7;(x)) in the IVIF set A is called an IVIF value [22],
which is usually denoted by a = ([us, u¥], [v&,vY]) for
simplicity, where 0<pt<pV<1, 0<vi<y¥<1, and
0<u(x) +vY(x) < 1.

To compare different IVIF values, the scholars in
[48, 49] developed a few comparison mechanisms based on
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the real-valued score, accuracy, and hesitation functions of
IVIF values. These mechanisms for comparison of IVIF
values possess undeniable merit. Subsequently, to avoid
information loss, Dymova et al. [50] extended the above
real-valued functions to their associated interval forms and
designed the interval-valued score and accuracy functions
of an IVIF value as follows.

Definition 2 [50]. Given an IVIF value a = ([ut, 1Y],
LU

[vZ,v7]), the interval-valued score function of 4 is calcu-
lated in the following manner:

S(a) = [ug — v i =i, (3)
and the interval-valued accuracy function of a is calculated
as follows:

H(@) = [ug +vG 1 +vg]- “)

With the use of such interval-valued score and accuracy
functions, Dymova et al. [50] developed a two-criterion
method to compare IVIF values, which will be detailed in
the proposed MAGDM approach in Sect. 3.

In [51], Xu and Yager defined the normalized Hamming
distance between two IVIF values, as shown in the
following.

Definition 3 [51]. Given any two IVIF values a; =

(luf, u?], v, vY]) and a; = ([,uj,uj] [VL V]U]), the nor-

malized Hamming distance measure between the IVIF
values @; and g; is defined as follows:

d(di,dj):%(ﬂffuf + ui”*ujuh vi = vy
_VJU + niL_njL + an_njU)
=%(u§—uﬂ+ W = |+ [t = o]
+viU— I-‘+vf—uiL—viL
ﬂﬁ+ﬁ—ﬁ—ﬁw (%)

One can easily verify that 0 < d(a;,a;) < 1.

Definition 4 [23]. Given any two IVIF values a; =
([:utLHul ] [Vl’th]) and dl = ([tuj Muj } [j’ J D the opera-
tional rules of IVIF values are defined in the following

manner:
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L a®d= ([ﬂ,-L'FM,-L—H[L' wow o —

2 @@= (| ] oo vkl

ij_sz v;j]a)

3w = ([1 = (1= ) 1= (1= )], B ))
K>0

4. ay = ([ u] 1= =vD)" 1= (1 =) ]),
K>0.

Based on the above operations of IVIF values, Xu and
Chen [19] developed a family of IVIF aggregation opera-
tors, including the IVIF arithmetic and geometric weighted
averaging operators. Here, the IVIF arithmetic weighted
averaging (IVIFAWA) operator is presented as an
example.

Given a collection of n IVIF values
the IVIFAWA

Definition 5 [19].

= ([:uiLnuiU]v [Vz 7V1UD (i=12..., n),
operator is defined as follows:

IVIFAWA (a1, dy, . . .Gn)

g

where o; is the weight of g;, satisfying that 0 < w; <1 and
er-l:l w; = 1.

The aggregation operators presented in [19] are based on
the algebraic operations of IVIF values. With the use of the
Einstein operations of IVIF values, Wang and Liu [27]
developed several IVIF Einstein aggregation operators.
Recently, Liu [24] extended the Hamacher operations to
IVIF environments and presented a series of IVIF Hama-
cher aggregation operators for aggregating IVIF informa-
tion in decision making. In particular, the IVIF Hamacher
aggregation operators can be reduced to the algebraic and
the Einstein aggregation operators when the parameter in
the Hamacher operations is equal to 1 and 2, respectively.

Note that the IVIF aggregation operators in [19, 24, 27]
have the drawback that when there is only one IVIF value
whose membership degree equals [1,1] or non-membership
degree equals [0,0], the aggregated IVIF value will be
(1,11, [0,0]) or ([0,0], [1,1]) even if the membership
degrees of the other IVIF values are not equal to [1,1] or
the non-membership degrees are not equal to [0,0]. That is
to say, these operators do not consider all the interval-
valued membership degrees and the interval-valued non-
membership degrees of elements that belong to IVIF sets.

n n

=110 =)™ =TT = u) ]

i=1 i=1

1 (vf)”‘f[(vf’)“’” ©

i=1 i=1
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In such situation, the aggregated results are invalid and
further will yield unreasonable preference orders of alter-
natives in decision-making problems. Consider the fol-
lowing example, which illustrates the drawback of the
IVIFAWA operator. Obviously, the other aggregation
operators mentioned above can be tested similarly.

Example 1 Suppose that there is one collection of four
IVIF  values {a; = ([0.8,0.9],]0.1,0.2]), a, = ([1, 1],
[0,0]), a3 =([0.7,0.8],[0.1,0.2]), a5 = ([0.6,0.8],  [0.1,
0.2])} and their corresponding weights are 0.25, 0.25, 0.35,
and 0.15. Then, using the IVIFAWA operator, one can
obtain the aggregated IVIF value:

IVIFAWA Gy, dy, . . .ds) = ([1,1],[0,0]).

Given another collection of four IVIF values {d; =
([0.1,0.2],[0.8,0.9)), a, = ([1,1], [0,0]), a; = ([0.1,
0.2],[0.7,0.8]), as = ([0.1,0.2],]0.6,0.8])} and the same
weights above, then the aggregated IVIF value obtained by
the IVIFAWA operator is

IVIFAWA (G, s, . . .ds) = ([1,1],[0,0]).

From the above calculations, one can find that except the
second IVIF value, the other three IVIF values in the first
collection are completely different from those in the second
collection. However, the aggregated results are the same,
namely ([1, 1],[0,0]), which is counterintuitive. More
details of the drawbacks of the aggregation operator-based
methods [19, 24, 27] will be discussed by a comparative
analysis in Sect. 5. As such, this paper will employ the ER
rule instead of the IVIF aggregation operators to aggregate
IVIF information in the following proposed approach.

2.2 ER rule with weight and reliability

The ER rule has been proven to be an effective technique
for aggregating information from multiple experts. In the
ER rule, different pieces of evidence are combined with
their associated reliabilities and weights. To facilitate the
presentation of the ER rule, the evidence representation is
introduced first.

Suppose that Q = {H, ..., Hy} is a set of propositions
or grades and P(Q) =2Q=1{@, {H},..., {Hy}, {H,
H>},..., {Hy, Hy},..., {Hy,..., Hy_1}, Q} is the power set
of Q. Then, L pieces of independent evidence can be pro-
filed on P(Q) by the following belief distribution:

Ei - {(H7 ﬁH,i)) VH g Qa (7)
ZHQQ ﬁH,i = 1}7 i= 13 N 'aLa

where (H, ;) is an element of evidence E;, meaning that
the evidence supports an element H with a belief degree of

,BHJ. Letw;, i=1,..,L)withO<w; <1,andR; i =1,
..., L) with 0 < R; < 1 denote the weights and reliabilities
of E; (i=1, ..., L), respectively. When the weights and
reliabilities of E; are simultaneously considered in the
combination of E;, hybrid weights can be obtained by the
following formula:

Wi =wi/(1+w —R) (i=1,...L). (8)

In these circumstances, the ER rule with weight and
reliability is presented in the following manner.

Theorem 1 [35]. Suppose that L pieces of evidence E;
(i=1, ..., L) are described by Eq. (7) with the hybrid
weights w; of Eq. (8). Then, the combined result of the
first i pieces of evidence can be represented by the fol-

lowing belief distribution: E(i) = {(H, By ), VH C
Q, ZHQQ ﬂH,E(i) =1} (=2, ..., L), with
0 H=10
ﬁH,E(i) = mH“'EA(") HCQHH#0 9)
pco MD.E(i)
0 . H=10
g My E(i)
M (i) _ _ HCQH#)
2 _pce M E(i) + (@) £()
(10)
My (2) E(i)
mMy(Q) E(i) = S Py > (11)
P S o (i) + () ()
My i) = [(1 —Wi) - My g1y + Mp(@) E(i—1) - WiﬁH,i]
+ ZBQC:H mB’E(i,D . wiﬂclh VH g Q, and
(12)
) £6) = (1 —Wi) - my0) Bi-1) (13)

where 0 < By piy,mu e <1, VH C Q,0<mpyq) i <1,
and Zﬂgz My g(i) + Mp0)eq) = 1 for i =2, ..., L recur-
sively. The detailed proof for Theorem 1 can be found in
[35].

3 The proposed approach
This section will explore a novel MAGDM approach based
on expert reliability and the ER rule for fuzzy MAGDM in

which the experts’ assessments are expressed as IVIF sets
according to their preferences. To facilitate the
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introduction of this approach, MAGDM problems with
IVIF assessments are first modeled. In the model, we
explore how to measure expert reliabilities in fuzzy
MAGDM problems. Then, we describe how to combine
experts’ IVIF assessments with their weights and reliabil-
ities, which is followed by an introduction of how to derive
solutions to MAGDM problems. As a whole, an integrated
procedure of the proposed MAGDM approach is presented.

3.1 Modeling of MAGDM problems with IVIF
assessments

Assume that a MAGDM problem involves an expert team
consisting of T experts ¢; (j = 1, ..., T) and one moderator
who organizes this decision-making activity. The set of
alternatives is denoted as A = {ay,..., a4, ..., ay;} and needs
to be evaluated with respect to L attributes, denoted c;
(i=1, ..., L). Suppose that the weight of attribute c; is
symbolized by w; with 0 <w; <1 fori=1, ..., L and
S°F  w; = 1, and the reliability vector of these attributes is
{ry, ..., r}. For attribute c;, the relative weight of expert ¢;
is denoted by # (c;), such that Zszl Me)=1.Let Al,,,
be the decision matrix provided by expert e; given as
follows:

(a5.7)

(5, 7,)

(,.71,)

(222, V1)

(&, 71,)
(221, 93, )
(@n:7in) (s Piro) ()

(14)

where (fi/, 7)) is the IVIF information denoting the
assessment of expert e; with respect to attribute c; of
alternative a;.

3.2 Measurement of expert reliabilities

In the process of group decision making, group discussion
(GD) is usually needed for experts to clarify the decision
problem under consideration. With the development of
GD, experts may modify their own opinions or assessments
due to the influence of other experts’ views. After GD,
experts with a better understanding of the decision problem
will be less willing to modify their assessments. They will
be more reliable than those who are less familiar with the
same problem. In this sense, the reliability of an expert can
be objectively measured in accordance with the degree that
he/she is willing to modify his/her assessments based on
other experts’ assessments. In [32], Fu et al. first provided
the qualitative definition of expert reliability, presented as
follows:

@ Springer

Definition 6 [32]. In a group, the reliability of an expert is
defined as a combination of the similarities between the
assessment provided by the expert before GD and that
provided by any other expert after GD.

Experts will become more famous with the decision
problem through GD, which indicates that the assessments
provided after GD will be more credible than those pro-
vided before GD for other experts. For this reason, the
assessments of other experts after GD, instead of those
before GD, are used to evaluate expert reliability in Defi-
nition 6. The process of GD is shown in Fig. 1.

One can easily find that the definition of expert relia-
bility is based on the majority rule, meaning that the truth
generally falls in the hands of the majority. According to
Definition 6, the closer an expert’s assessment is to the
assessments provided by the rest of experts after GD, the
higher the reliability of that expert is. If one expert does not
alter his/her assessment after GD, three cases will occur:
(1) the assessments of other experts may move toward that
of the given expert; (2) the assessments of other experts
may move in the opposite direction to that of the given
expert; and (3) the assessments of other experts may
remain unchanged. In the first case, the reliability of the
expert will increase; in the second case, the reliability of
the expert will decline; and in the third case, the reliability
of the expert will stay the same. In other words, the reli-
ability of one expert is subject to the movements of the
assessments provided by the rest of experts after GD.

In the proposed MAGDM approach, the reliability of an
expert will be measured with the use of the original IVIF
assessments provided before GD and the updated IVIF
assessments after GD. To do this, we first investigate a
similarity measure between two IVIF values (ﬂlj;., \7{1) and
(¥, ) in the discussion that follows.

A similarity measure reflects the degree of similarity
between two objects, whereas a distance measure is used to
distinguish the difference between them. The two measures
are usually considered complementary concepts. Thus,
based on their relationship, a similarity measure can be
deduced from its associated distance measure, and vice
versa. Then, by means of the distance measure between
two IVIF values defined in Definition 3, a similarity mea-
sure between two IVIF values can be deduced in the fol-
lowing manner:

Definition 7 Given any two IVIF values a), = (jij;, ¥,) and
ak = (@&, v%), then the similarity measure between the

IVIF values @), and @ is defined as:

S*(li) = 1 —d(aj, al,) (15)
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Fig. 1 Graph representation of
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where d(aj;, @) represents the normalized Hamming dis-
tance measure between the IVIF values defined in Defini-
tion 3. Note that the similarity measure $*(1i) satisfies the
properties as follows:

1. o<S*L)<T1;
2. S§*(li) = 1 if and only if aj, = a;
3. Sk(li) = SH(L).

The proofs for properties (1)-(3) can be directly
deduced from the properties of the normalized Hamming
distance measure in Definition 3; thus, we omit them here.

Then, based on the qualitative definition of expert reli-
ability in Definition 6, the reliability of expert e; can be
quantified by using the similarity measure in Definition 7,
defined as follows:

Definition 8 Let (jif, 7)) and (i, %)y (= 1,...L;

[ =1,...,M) be the IVIF assessments provided by expert ¢;
(G =1,...,T) before and after GD for a MAGDM problem,

S’%I(;)(l)(li) represent the similarity between (ﬂ{;,ﬁ{;)(m and

(it V1) 1y and S{G) ) (li) represent the similarity between

(ith> Vi) 0y and (g, ‘?Z')(o)- Then, after GD the expert reli-
ability denoted by R'(li) is calculated in the following way:

T ik . .
_ pyranyes \/Sj(o)m)(ll) - Ry (1)

RI(li 16
(1) T (16)
with

. ZZ:Ih;ék Skg 0 (li)
Ry (1) = =20 (17)

where Rf) (li) stands for the initial reliability of expert e,
before GD. Consider the following example, which illus-
trates the calculation process for expert reliability.

Example 2 Suppose that four different experts {e;, e», e3,
e4} anonymously provide the following IVIF assessments
with respect to attribute c; of alternative a; before GD:
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(M}p 9111)@ (10.5,0.7],10.2,0.3]); 3.3 Combination of IVIF assessments
. with reliabilities and weights based on ER
(,uh, 1) ([0.4,0.6],[0.1,0.3]); rule
(3, 73) o= (0:6,0.9],[0,0.1]); o -
a - To circumvent the flaws of the operator-based IVIF
4 4y
(7t v”)< 0 ((0.3,0.4],[0.2,0.4]). information aggregation MAGDM approaches mentioned

Then, the four experts have a discussion about the
decision problem under consideration under the guidance
of the moderator. After the discussion, the experts anony-
mously provide their updated assessments as follows:

(A7) (= ((0.5,0.7],[0.2,0.3]);
(a5, 73) 1,= ((0.5,0.7],[0.2,0.3));

(i, 73) )= (10-5,0.8],[0.1,0.2]);
(i, ﬁ?,)(,) ([0.4,0.5],0.2,0.3]).

Using the similarity measure defined in Definition 7, we
have:

— 085 08 075
. 085 — 075 0.85
Soom) =108 075 — 06 |
075 085 06 —
_ 09 0.85
, 085 — 085 09
Som =108 08 — o7
075 075 07 —

From Eq. (17), the initial reliabilities of the four experts
before GD can be calculated‘RéO)(li) = 0.8; R<20>(li) =

0.8167; R} (i) = 0.7167; RY (Ii) = 0.7333.

From Eq. (16), the reliabilities of the four experts after
GD can be obtained:

R'(li) = 0.8321; R*(li) = 0.8058; R3(li) = 0.7749;
R*(li) = 0.7552. The calculation results reflect that expert
e is more reliable than the other three experts. Note that in
the above example, the IVIF assessments provided by other
three experts after GD simultaneously get close to that
provided by expert e;, and the IVIF assessment provided
by expert e; after GD is the same as that provided before
GD. This indicates that expert e, has a better understanding
of the decision problem compared with the other three
experts. In other words, the reliability of expert e; is sub-
ject to the movements of the IVIF assessments provided by
other three experts after GD.

This section discusses the method for determining
expert reliability in the context of MAGDM with IVIF
information. In the next section, we will discuss how to
combine experts’ assessments with weights and reliabilities
for an MAGDM problem.

@ Springer

in Introduction, in the following, we apply the ER rule to
combine the assessments of experts with reliabilities and
weights for the MAGDM problem modeled in Sect. 3.1.
Suppose that alternatives are assessed with respect to each
attribute using two evaluation grades denoted by Q = {H|,
H,}, where H, and H, stand for completely matching and
not matching the fuzzy concept of “excellence,” respec-
tively. We then can transform the IVIF assessment

(ﬂf;, \7[’;)< ;) into an interval-valued distribution assessment

denoted by BI(1i) = {(Hy, (B, 1), B (1)), (Hl, B (),
i (1)), (9, [Bg (1), B (1))}, where [B (1), B, (1)) =
fi); and [ﬁjéz(li), /31HU7 (Li)] = ¥, stand for the interval belief
degrees of expert e; on attribute c; of alternative a; with
regard to the grades H, and H,, respectively, and
[ﬂjé (l), /313 (li)] = 7], stands for the degree of global igno-
rance [35, 42]. Here, Q can be interpreted as the grade of
“indeterminacy.” In the ER context, the assessment B/(li)
is considered as a piece of evidence, and now the ER rule
can be utilized to combine these assessments.
Step 1 Combine the individual assessments B/(li)
( = 1,...,T) with R/(li) and ¥(c;) by using the ER rule to
calculate the aggregated group assessment B(li) = {(H,
[ﬁIL-I] (ll)’ ﬂgl (ll)D’ (H2’ [ﬂ}Lfiz (ll)a ﬁgz(ll)])v (‘Qv [ﬁé}(ll)v
BY(1i)])}. To complete this step, the following sub-steps
should be done first:
Step 1.1 Convert the
assessment B/(li) into the weighted interval-valued distri-
bution assessment with reliability denoted by m/(li) =

interval-valued distribution

[(H, DR, Y (), VH € @5 (P(@), [ty (i),
%7Q>(li)})}, presented as follows:
0 . ' =0
iy (li) = § (1+ 2/ (c;) — Ri(li)) - . (18)
1 — R/(Li) _ p(0)
(14 2/ (c;) — Ri(li))
In Eq. (18), nﬁfj,(li) is the basic probability mass for

B/(li) with both the reliability and weight of expert e; taken
into account. From Eq. (8), we can obtain the hybrid
weight of expert e on attribute ¢, ie,
X(e;) = 2(c;) /(1 + 2/(¢;) — Ri(li)). Thus, Eq. (18) can
be equivalently rewritten as follows:
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| 0 H=10
gy (i) = § A (c)pp(li) HC QHF#0 (19)
1= () H=P(Q)

Theorem 1 presents the combined result of assessments
in the situation where belief degrees are precise values.
Hereafter, we extend the ER rule to the situation where
belief degrees are intervals by constructing two nonlinear
optimization problems.

Step 1.2 Combine the first j-independent interval-valued
distribution assessments B/(li) (j =2, ..., T) with their
hybrid weights 1/(c;) (j = 2, ..., T) by using the recursive
ER rule. The combined interval-valued distribution
assessment  denoted by  BY(li) = {(H [ (lz)
B S @ B < p0 < 47 )
Y Hco Bg)(li) = 1)} is calculated through resolving the
follo_wing nonlinear optimization problems with variables
P (li) developed by using Theorem 1.

Model 1

MIN/MAX Y (1i) =

(20)
S.t.
0 ’) H=0
I’I’l}?(ll) n%g (li) HCQH(:
S pco i) () + 1ty (1) -
(21)
20 (1
0 (1) = "y (22)

iy () = [ (1= Zen)) - iy ) i) 1) - )|

+3 o ami V) () pl), VH C @,
(23)
i (1) = (1 - if(c,-)) mlo) i), (24)
Br (1) < By (1) < By (1), (25)
> By =1. (26)

HCQ

In the problems above, rh,@(li) is the combined proba-
bility mass for H, 0<pY (1), m@(l)<1, VHCQ,
0<m (i) <1, and ) ,cq mg)(h) + m(’) y(li) =1 for

P(Q)
j =2, ..., T recursively.

When all the 7-independent interval-valued distribution
assessments are aggregated recursively, we can obtain the
combined interval-valued distribution assessment (or the

aggregated group assessment) denoted by BT (li) = {(H,

(B ). By (1)), VH € Qand i (1) < By (1) <
ﬁgw(li), > Hco ﬂg)(li) = 1)}. To facilitate the discussion
BO(L) as  B(li) = {(H),
(B, (1), B4, G))), (i, B, (00), B (), (2, [B5 (1),
BY(1i)])}. Let RT)(li) stand for the combined reliability;
ZD(1i) for the combined weight; and A)(li) for the
combined hybrid weight of B/(li). In the following, R (li)

below, we simplify

will be utilized to combine B(li) (i=1, ..., L). As
T . 5 . —RD (i .
m( ) o) =1- A1) = W, and R (li) can

be obtained with a precise 4 )(ll) judged by the moderator,
according to the following formula:

1= mi{g (1) - (1+ 27 (1))
1= m{{, ()
7)(1i) cannot be provided by the moderator,

RO (1)) =

, due to the fact

RO (i) = (27)

If a precise A
RD(1i) will lie in the interval [RT)(li)~,
1- 2m >(lz) l—ml(I()))(li)(l+max€(l T}{)/'(c;)})
1 m(T) (i)’

) (1)

(@) p(ﬂ

that max {4/(c;)} <A (1) <1 [36].
Jje{l,..,T

Step 2 Combine the aggregated group assessments B(li)
(i =2, ..., L) with the reliabilities and weights of attributes
to compute the aggregated assessment B(l) = {(H|,
(B, (1), B, (D)), (Ha, (B, (1), B, (D)), (2, (B (1), Bo (D))}

With the use of the fundamental reliability r; and weight
w; of attribute c; for alternative a;, the overall reliability and
weight of B(li) are,
T (ll) x w; and 7; = RT
sis, we can obtain B(I) by applying the ER rule to combine

respectively, computed as w; =

)(Ii) x r;. From the above analy-

B(li) with r; and w;.

Step 2.1 Convert the aggregated group assessment 3(11’)
into the weighted interval-valued distribution assessment
with reliability denoted by m(li) = {(H, [mk(li), mY(1i)]),
VH C Q; ((P(Q), [y, g (1i), iy (11)]) }, according to the

following formula:

0o H=10
Wi
— L HCQH#)
g (li) = (14+w; —ri) N # . (28)
S )
(l—l—w,-—r,»)
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In Eq. (28), ity (li) is the basic probability mass for B(li)
with both the reliability and weight of attribute c; taken into
account. Similarly, Eq. (28) can be rewritten as

0 H=10
i (1) = § Wiy () HCQ H#0, (29)
1—w;, H=P(Q)

where w; = w; /(1 +w; — ;).

Step 2.2 Combine the first i-independent interval-valued
distribution assessments B(li) (i =2, ..., L) with their
hybrid weights w; (i = 2, ..., L) by using the recursive ER
rule. In the following, we discuss two situations:

(1) Consider the case where a precise A7) (1i) is provided
by the moderator, and the combined interval-valued dis-
tribution assessment B(I(i)) = {(H, [B5(1(i)), BL(1(i))]),
VH C Q and i (1(i)) < Bu(1i)) < BY D)), e
Py (1(i)) = 1)} is computed by solving the following non-
linear optimization problems with boundary constraints on
the variables S}, (/i).

Model 2
i)
MINMAX  fiy(1(i)) = my (L HCOHLD:
Spcamoti) I
(30)
’ i (1(9) "y
s.t. myu(l(i)) = mu I\ )
{zpcgmnuu))mpm)(()) HEQHZ0
(31)
(o) (1))

l _ _ P(Q)( , 32
e ) = o I(0) + 1y (D) )
sy (1)) = [(1 = Wi) - my (10 = 1)) + myp)(I(i = 1)) - g (1i)] (33)

D ey me(lli— 1)) - WiBe(li), VHCQ,
(o) (1(7)) = (1 = wi) - mye) (1(i — 1)), (34)
Bra (1) < By (1) < By (1), (35)
> By =1 (36)
HCQ
In these optimization problems, 0< f4(l(i)),
my(l(i))) <1, VHCQ,  0<myq((i)<1, and

Sucomu(l(i) + myo) @) =1 for i=2, .,

L recursively.

@ Springer

(2) In the case where a precise I(T)(li) cannot be pro-
vided by the moderator, the constraint

A ?llaxT}{ij (e)}y <D (li)<1 is added to the aforemen-
je{l,...,

tioned optimization problems to calculate B(I(i)), shown as
follows:

Model 3
MIN/MAX
H=10
. (37)
(i) =< @) ooy g,
Spcarp(l@)) T EEHF
{0 i (1(1)) =0
s.t. my(l(i)) = my (i
Speamnl) + i) T EHHAD
(38)
. i) (1(0))

1 — _ P(Q)( a ) 39
@ (1)) = 5= =2 XU0)) + gy (09) (39)
g (1)) = [(1 = 01) - myg (1 = 1)) + my)(1(i = 1)) - g (1)

4
D ey ms(l(i— 1) ie(l), VHC Q (40)
i) (1(1)) = (1 — w;) - mpo)(I(i — 1)), (41)
By (1) < By (1) < By (1i), (42)
SN T) (12
jeg?f}fn{ﬂ’(cl)}éi* (i) <1, (43)
S Bl = 1. (44)
HCQ

In the problems above, 0<f,(I(i)), my(I(i)) <1,
VH C Q, 0<myq(l(i)) <1, and } ycomu(l(i))+
my)(I(i)) = 1 for i = 2, ..., L recursively.

Until all the L-independent interval-valued distribution
assessments are combined recursively, the aggregated

assessment B(l) of a; such that lg’(l):{(Hl,[ﬁ}Lﬁ,l (),
Bra, (D), (2, B, (1), B, (D)), (2, [Bo (D), Bo (D)}, where
(H, [B (D), (D)) = (H, [Bz(I(L)), Bz (L)),  VH C @,

ﬁé](l) < Bu(l) Sﬁlg(l)’ and Zﬂgz Bu(l) =1), can be
obtained.

3.4 Generation of solutions

Based on the aggregated assessment B(l), we can obtain its
associated IVIF assessment such that a = ([uF,uV],
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Vi vPD), where [uf, uf'] = [, (1), By, (D] and [vf,v/] =
[ﬂﬁz(l), [322(1)], and 1 <1 < M. To compare alternatives
represented by the obtained IVIF assessments a; (I = 1, ...,
M), the two-criterion method for IVIF value comparison
proposed in [50] is used in this paper.

For any two IVIF assessments @; and q,,, the interval
local “net profit” is calculated as

— S(an)) = (Sa) —i(dm)) +27 s

Uas (S (a1)

and the “risk” criterion is computed as

(H(a;)) — H(ay)) +2
1 )

With the aid of U,g(S(a@) — S(@n)) and U,g(H(a)—
H(d,)), the interval possibilities [P(d > d,)] and
[P(@;<a,,)] can be obtained:

[P(d@ > dw)] = 0U,5(S(a@r) — S(én))
+ (1= 0)Uy;(H(a@) — H(éy)), and

UAI:I(H(dl) - H(dm)) =

(46)

(47)
[P(d<am)] = 0U,5(S(d@nm) — S(a@)) 48)
+ (1= 0)Upg (H(an) — H(ay)),

in which 0 <60 <1 is a balance factor measuring the risk
attitude of the moderator.

From the resulting [P(d; > a,)] and [P(d;<d,)], an
interval overall priority degree of alternative a; with
respect to other alternatives can be designed as

[ST(@)] =Y | [P > an)]
B ZZ:],m;é[ [Par<aw)], (49)

which represents the interval-valued overall strength of the
inequality of alternative a; with respect to other alterna-
tives. In what follows, the real-valued overall priority
degree of alternative a; can be obtained:

ST(a) =5 ((Zﬁ;m @ a) (0 Pa<an) U)
(0 P> ) v (PG <am)})L> > .

(50)

Thus, we can rank alternatives to produce an order in
accordance with the value of ST(«)).

3.5 Procedure of the proposed MAGDM
approach

As a whole, the decision flowchart of solving an MAGDM
is shown in Fig. 2, and the procedure of the proposal is
presented as follows:

Step 1 Identify an MAGDM problem. A moderator
invites 7 experts to form an expert team and
identifies the set of alternatives A = {ay,..., ay, ...,
ays} as well as the set of attributes ¢; (i = 1, ..., L).
Prepare for the developed approach. The
moderator assigns the values of A(c;), w, r;, and
AUy G=1,...,L1=1,.., M.

Organize GD and collect IVIF preferences
provided by the expert team before and after
GD. Experts express their preferences and provide

Step 2
Step 3

their original IVIF assessments (fi}, \7‘1’;.)(0)
(i=1,..L, I=1,...M, j=1,...,T). Then, the
moderator organizes GD which improves the
experts’ understanding of the problem. After
that, they modify their preferences and provide
their updated IVIF assessments (i, \7{;)(,)
(i=1..L1=1,..Mj=1,..D.

Compute the reliability of each expert. Based on
(ﬁ{i,\?',’i)(o) and (ﬁ'l’i,ﬁl’i)(,) i=1,...L 1=1,..M,
j=1,..,T), the reliabilities Rj(li) (i=1,..L,
I=1,...M, j=1,..,T) of experts on each
attribute can be obtained by using Eq. (16).
Transform the updated IVIF assessments into the

ER context. Let [ﬂ’,ﬁl (li),/?’,yl(li)] = ji); and | }57
(li), By, (1)) = ¥, then  (ji}, 7)) can be
transformed into ER  belief distribution
assessments  profiled by B/(li) = {(H, [ﬁ’;,‘l

(h)a ﬁll-z (h)])7 (HZv [ﬁgz(ll)v ﬁJHZ(ll)Da (‘Qa [.Bjé(ll),
B (1))}, where [y (1), By, (1i)] and (B, (1),

ﬁ/[_Z(ll)] denote the interval belief degrees of

Step 4

Step 5

expert ¢; on attribute ¢; of alternative a; with
regard to the grades H, and H,, respectively,
and [B5(li), B (li)] is the degree of global

ignorance.

@ Springer



5224

Neural Computing and Applications (2020) 32:5213-5234

Step 6 Generate the aggregated assessment of each
alternative

Step 6.1 Based on Eq. (18), get the basic

probability mass (i) for B/(li)
with both the reliability R(li) and
weight H(c,) of expert e; taken into
account
Step 6.2 Using Model 1, aggregate B/(li)
(G =2, ..., T) and get the aggregated

group assessment B(li) = {(H, [[3{:,]

(1), By, (10)]),(Ha, B, (10), By, (D)),
(Q, [B5 (1), B5 (1))} of alternative a
on attribute ¢;

Based on Eq. (28), get the basic
probability mass iy (li) for B(li)
with both the reliability r; and weight
w; of attribute c¢; taken into account
Using Model 2, if Z7)(1i) is provided
in Step 2, otherwise using Model 3,

Step 6.3

Step 6.4

aggregate B(li) (i =2, ..., L) and get
the aggregated assessment B(I) =
{(H, B, (D, B, (DD, (Ha, [, (1),
B, D)), (@,[Ba(1), Bo(D)}  of
alternative q;
Produce a ranking of the M alternatives. As per
Eq. (50), calculate the overall priority degree
ST(a;) of alterative a; and then obtain a ranking of
the M alternatives in accordance with the values
of ST(ap) (I =1,....M).
Step 8 Finish the decision.

Step 7

4 A numerical example

In this section, we apply the proposal to analyze a shopping
center site selection problem in order to demonstrate its
validity and applicability.

4.1 Introduction of the shopping center site
selection problem

In this example, we investigate the decision of one service
firm in Anhui Province of China to select the appropriate
site for a new shopping center. First, an expert committee
of four experts, including a manager of the firm, a pro-
fessional consultant from a consulting company, a spe-
cialist in development strategy research in our research
institute, and a staff representative of the firm, was formed
to help the moderator evaluate the most suitable location
alternatives. In this study, the business development

@ Springer

department of the firm, together with our research institute,
is responsible for establishing the strategies, and the
moderator is the general manager of the firm. Then, four
potential locations in Anhui Province are identified to form
the set of alternatives for this problem. The potential
locations are Baohe, Yaohai, Shushan, and Luyang, which
are four urban districts in Hefei (the capital of Anhui
Province) and shown in Fig. 3. Finally, after discussing
with the expert committee and consulting various studies
[43, 47], six attributes, including total cost, population
characteristics, degree of competition,
considerations, accessibility, and flexibility, are selected to
carry out the analysis. Assume that the four experts, the
four potential locations, and the six attributes are denoted
by ¢ (j=1,..,4), a (I=1,....4), and ¢; (i=1,...,6),
respectively. The experts express their preferences of
locations for each attribute by using IVIF sets. Step 1 has
been completed.

Supported by the documentations about the six attri-
butes, the moderator utilizes the method of [52] to calculate
their weights. In detail, the moderator first identifies the
most important attribute, i.e., the first attribute, and then
compares other attributes with the first one to analyze the
importance of these attributes. Finally, by normalizing
these relative weights, we can find that (w, ...,
we) = (0.23, 0.19, 0.15, 0.14, 0.14, 0.15). Based on the
positive correlation between w; and r;, the reliabilities of
these attributes, i.e., r; (i=1, ..., 6) = (0.7, 0.58, 0.46,
0.43,0.43, 0.46), can also be obtained. In the same manner,
the moderator can obtain the relative weights of the experts
with the aid of their knowledge and different backgrounds,
which are presented in Table 1. Furthermore, the combined

environmental

weights are specified as 1, i.e., 1(4)(11’) =1@G=1, ..., 6,
[ =1,....4). Step 2 has been completed.

4.2 Generation of the aggregated assessments
of potential locations

To find the solution to the shopping center site selection
problem, the aggregated assessment of each potential
location should be first produced by aggregating the
experts’ assessments. The aggregated assessments of the
four potential locations are then utilized to compute the
overall priority degree of each potential location.

Each expert expresses his/her initial preference of the
four potential locations on the six attributes in the form of
an IVIF value, as presented in Table 2. Then, the moder-
ator organizes the experts to have a GD, and after that, they
independently update their preferences, which are given in
Table 3. Step 3 has been completed.

With the use of the two sets of IVIF assessments pre-
sented in Tables 2 and 3, we can obtain the reliability of
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Form a MAGDM problem
Select 7" experts
Identify L attributes
List M/ alternatives

CA O R ?
'
% Prepare the proposed method J ? ¥ Generate solutions to the problem

Specity A(¢)(i=1,....L),w,r;(i=1,
L).and 270 (I=1. ... . M.i=1....L)
4 ranking of the M alternatives in accordance with
Collect IVIF the values of ST(a;) (1= 1.... M)
assessments from Q) I

A

As per Eq. (50), calculate the overall priority
degree ST(a)) of alterative ; and then obtain a

experts before

N ‘ Original IVIF assessments (.7},
20 YU BN Gl Eal=ale V=il w7 from
2 .~ ‘;ﬁ‘ e Y experts before GD

—

Group discussion
* Calculate the reliability of each expert

—> The reliabilities R/(/i) o f experts on any
attributes can be determined by using Eq. (16).

(KISiEe;f .
3 |

Collect IVIF
assessments from \
experts after GD

Updated IVIF assessments
(T AT NS ey ol s

‘ 1.1 ‘ﬁ‘" ‘ M.j = 1....T) from experts
4 after GD
' A
5 %' Combine assessments with
- l - weights and reliabilities based on ER rule

* Transform the updated IVIF *
assessments into the ER context

Transform (&.V))y (i = 1. ... L. 1=
1, ...,M,j=1,..T) into B’ (li)

Generate the aggregated
group assessments of alternatives
As per Eq. (18). get the basic probability |
mass A, (dfor i) with both R(Ii) and if(c,)i_’ mass 7, (li) for Rll)\\'ith both 7; and w; of attribute
of expert ¢; taken into account.

* Produce the aggregated
assessments of alternatives
Based on Eq. (28). get the basic probability

¢; taken into account.

l |l Then, using Model 1. aggregate B'(i) (j =! | Then.u sing Model 2 if 27@i) is provided,
2. ... T) and get the aggregated group: otherwise using Model 3. aggregate Bli)(i = 1.

i 1....L)and get the aggregated assessment 3(7)of .

Fig. 2 The decision flowchart of the proposed MAGDM approach

each expert by using Eq. (16). The resulting reliabilities are
presented in Table 4. Step 4 has been completed.
Suppose that the locations are evaluated by using the
evaluation grades H; and H,, as described in Sect. 3.3. We
can transform the updated IVIF assessments (fi}, 17{;.)(1)

given in Table 3 into the interval-valued belief distribution
assessments B/ (li) = {(H,, [ﬁ’hL,l (1), ﬁ’h[,{ (1)), (Ha, [ﬁﬂé(li)7
Bia, (1)), (2, (B (1), By (1))}, where (B (i), By, (1i)] =
Ay and [ﬁ’,fz(li), ﬁ’,f,i(li)] = v},. Taking attributes ¢ and c; as
examples, the transformed interval-valued belief distribu-

tion assessments of the four potential locations are given in
Table 5. Step 5 has been completed.

To generate the solution to the shopping center site
selection problem, the transformed interval-valued distri-
bution assessments E"'(li) i=1,..6;l=1,...4,j=1, ...,
4) are aggregated to produce the aggregated assessment
B(l) (I=1,...,4). Following Steps 1 and 2 discussed in
Sect. 3.3, B(l) (I =1,...,4) can be obtained. The results are
presented in Table 6. Step 6 has been completed.

The aggregated assessments in Table 6 can effectively
reflect the real situations of the four locations in Hefei. Let
us take Yaohai District (a,) and Shushan District (a3) as
examples to demonstrate this. With strong support from
Anhui government, Hefei has undergone unprecedented
development during the last 10 years. Particularly, the
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LUYANG

9 33 YAOHAI
SHUSHAN 2

Hefei
ShE™

TAOHUAZHEN

’90 m lli)':.'bi!h'

DAXUZHEN

YANDUN

RESIDENTIAL

Fig. 3 The four potential locations

Table 1 Relative weights of the experts on each attribute

Attribute AL (e 22 () 22 () 24 ()
c 0.35 0.2 0.25 0.2

¢ 0.25 0.25 0.35 0.15
s 0.3 0.2 0.2 0.3

s 0.25 0.35 0.2 0.2

cs 0.35 0.2 0.2 0.25
co 0.3 0.3 0.25 0.15

districts closer to the city center compared to other districts
develop more rapidly. Figure 3 shows that among the four
districts, Yaohai District is the farthest one from the city
center, which implies that its development is the slowest.
As such, for the service firm, the cost of building a shop-
ping center in Yaohai District is lower than that in other
districts. However, Yaohai District is relatively undevel-
oped. Its infrastructure is poor, which makes it perform
badly on the attributes degree of competition and accessi-
bility. In comparison with Yaohai District, Shushan District
is closer to the city center of Hefei. Its development has
always been valued by Hefei government. So, Shushan
District with good infrastructure owns outstanding perfor-
mances in the aspects of competition and accessibility.
Although the total cost of building a shopping center in this
district is not as low as that in Yaohai District, it is mostly
at an acceptable level. Meanwhile, in the other three
aspects, the performances of Shushan District are not
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poorer than those of Yaohai District. Overall, it is rational
that (B, (3), By, (3)] > [By;,(2), By, (2)] and (B, (3), By,
(3)] < [B, (2), By, (2)].

4.3 Generation of the solution to the shopping
center site selection problem

Based on the aggregated assessment E(l) of location a;, we
can find its IVIF assessment a; = ([uk, uV], vk, vY]), where
[, 1) = 1B, (D), By, (D] and v, v = (B, (1), By, (D),
and 1 <[ < 4. The overall priority degrees of the four
potential locations are then calculated using Eq. (50) given
0 = 0.5, as decided by the moderator. The results are pre-
sented in Table 7. Consequently, we can obtain a ranking
of the four potential locations as az > a; > a4 > a,. Step 7
has been completed.

Finally, the resulting ranking which is the solution to the
shopping center site selection problem indicates that the
optimal location is alternative as, i.e., the Shushan District
can be selected to construct a shopping center of the firm.
Step 8 has been completed.

4.4 Sensitivity analysis

From the above decision process, one can observe that the
resulting ranking is relative not only to the attribute relia-
bility r; (i = 1, ..., 6) but also to the risk attitude of the
moderator as well. In view of this, the sensitivity analyses
for r; and parameter 0 are performed to determine their
effects on the solutions.
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Table 2 Original IVIF assessments from the expert committee for each location before GD

Attribute a, a, as ay
¢l er: ([0.3, 0.6], [0.1, 0.2]); er: ([0.4, 0.7], [0, 0.1]); ey: ([0.3, 0.7], [0.2, 0.3]); eq: ([0.5, 0.6], [0.3, 0.4]);
ey ([0.2, 0.4], [0.4, 0.5)); ey: ([0.1, 0.4], [0.4, 0.5]); e5: ([0.6, 0.8], [0, 0.2]); ey: ([0.2, 0.4], [0.5, 0.6));
ez ([0.2, 0.4], [0.4, 0.5)); e3: ([0.7, 0.9], [0, 0.1]); e3: ([0.7, 0.8], [0, 0.2]); e3: ([0.2, 0.3], [0.4, 0.6]);
e4: ([0.4, 0.5], [0.3, 0.4]) e4: ([0.2, 0.3], [0.5, 0.6]) e4: ([0, 0.2], [0.5, 0.7]) e4: ([0.4, 0.6], [0.2, 0.4])
c ey: ([0.5, 0.7], [0.1, 0.2]); er: ([0.2, 0.3], [0.4, 0.6]); ey ([0.2, 0.4], [0.4, 0.5]); ey: ([0.7, 0.8], [0, 0.1]);
ey: ([0.6, 0.7], [0.1, 0.2]); ey: ([0.8, 0.9], [0, 0.1]); ey: ([0.3, 0.7], [0, 0.1]); ey: ([0.5, 0.6], [0.3, 0.4]);
e3: ([0.2, 0.4], [0.4, 0.5]); es: ([0.3, 0.4], [0.4, 0.5]); e3: ([0.3, 0.8], [0, 0.1]); e3: ([0.2, 0.3], [0.4, 0.6]);
eq: ([0.3, 0.4], [0.4, 0.5]) e4: ([0.5, 0.6], [0.3, 0.4]) e4: ([0.4, 0.6], [0.2, 0.3]) e4: ([0.1, 0.2], [0.4, 0.6])
c3 er: ([0.6, 0.7], [0.2, 0.3]); er: ([0.1, 0.4], [0.4, 0.5]); ey: ([0.2, 0.4], [0.4, 0.5]); eq: ([0.6, 0.8], [0, 0.2]);
ey ([0.5, 0.6], [0.2, 0.3]); ey ([0.4, 0.7], [0.2, 0.3]); ey ([0.6, 0.7], [0.1, 0.2]); ey: ([0.1, 0.3], [0.4, 0.6));
e3: ([0.4, 0.7], [0, 0.1]); e3: ([0.1, 0.3], [0.3, 0.5]); e3: ([0.4, 0.7], [0.2, 0.3]); e3: ([0.6, 0.7], [0.2, 0.3));
e4: ([0.3, 0.5], [0.3, 0.4]) e4: ([0.6, 0.7], [0.2, 0.3]) e4: ([0.3, 0.4], [0, 0.2]) e4: ([0.5, 0.6], [0.1, 0.2])
Cy er: ([0.4, 0.5], [0.2, 0.4]); er: ([0.3, 0.4], [0.4, 0.6]); ey: ([0.1, 0.3], [0.4, 0.6]); ey: ([0.6, 0.8], [0, 0.2]);
ey ([0.5, 0.7], [0.1, 0.2]); ey ([0.1, 0.4], [0.2, 0.5]); ey: ([0.2, 0.3], [0.4, 0.6]); ey: ([0.7, 0.8],[0.1, 0.2]);
e3: ([0.7, 0.9], [0, 0.1]); es: ([0.2, 0.4], [0.4, 0.5]); e3: ([0.6, 0.7], [0, 0.2]); e3: ([0.5, 0.7], [0.1, 0.2]);
e4: ([0.3, 0.5], [0.4, 0.5]) e4: ([0.6, 0.7], [0.1, 0.3]) e4: ([0.5, 0.6], [0.2, 0.4]) e4: ([0.4, 0.6], [0.2, 0.3])
Cs er: ([0.6, 0.8], [0.1, 0.2]); er: ([0.2, 0.4], [0.4, 0.5]); ey: ([0.7, 0.8], [0.1, 0.2]); eq: ([0.5, 0.7], [0.2, 0.3]);
e,: ([0.6,0.8], [0, 0.2]); ey ([0.2, 0.3], [0.4, 0.6]); e5: ([0.6, 0.7], [0.2, 0.3]); ey ([0.6, 0.8], [0.1, 0.2]);
ez ([0.3, 0.8], [0.1, 0.2]); e3: ([0.3, 0.4], [0.4, 0.6]); e3: ([0.2, 0.3], [0.5, 0.6]); e3: ([0.1, 0.2], [0.4, 0.6));
eq: ([0.4, 0.5], [0.2, 0.3]) eq: ([0.7, 0.8], [0, 0.1]) e4: ([0.3, 0.4], [0.4, 0.6]) eq: ([0.3, 0.5], [0.4, 0.5])
Ce er: ([0.7, 0.8], [0.1, 0.2]); ey: ([0.3, 0.6], [0.1, 0.2]); ey ([0.2, 0.4], [0.4, 0.5]); ey: ([0.5, 0.7], [0.1, 0.2]);
ey: ([0.1, 0.4], [0.2, 0.5]); ey: ([0.6, 0.7], [0.2, 0.3]); ey: ([0.7, 0.8], [0.1, 0.2]); ey: ([0.6, 0.8], [0, 0.2]);
es: ([0.2, 0.4], [0.4, 0.5]); es: ([0.1, 0.2], [0.4, 0.6]); e3: ([0.4, 0.7], [0, 0.1]); e3: ([0.1, 0.3], [0.3, 0.5]);
e4: ([0.5, 0.6], [0.1,0.2]) e4: ([0.6, 0.7], [0.1, 0.3]) e4: ([0.3, 0.4], [0, 0.2]) e4: ([0.4, 0.6], [0.2, 0.4])

To perform sensitivity analysis for r; (i = 1, ..., 6), we
suppose that the ratios of r; (i =2, ..., 6) to r| equal to
(0.83, 0.66, 0.61, 0.61, 0.66), while we keep the previous
assumptions for the ratios of w; (i =2, ..., 6) to w; and
assume that the moderator is risk neutral, namely 0 = 0.5.
Under such conditions, ten different values within the
interval [0,1] are assigned to r, and then the overall pri-
ority degrees of the four alternatives are obtained
(Table 8). The results in Table 8 show that the ranking
orders of the alternatives are stable when the value of r;
changes between 0.1 and 1. The attribute reliability r;
(i=1, ..., 6) has a great influence on the overall priority
degree of each alternative (Fig. 4). Figure 4 shows that the
priority degrees of alternatives a, and a3 are positively
related to the attribute reliability ry. In contrast, the priority
degrees of alternatives a; and a4 are negatively related to
ry.

To perform sensitivity analysis for the parameter 0, 21
different values within the interval [0,1] are assigned to this

parameter. The overall priority degrees of the alternatives
are presented in Table 9, and the variation trend of the
overall priority degree for each alternative is shown in
Fig. 5. The results in Table 9 and Fig. 5 indicate that the
risk attitude of the moderator has a significant impact on
the final ranking of the alternatives. For example, if the
moderator is risk-averse, the optimal location for the con-
sidered selection problem is the alternative a4. The ranking
of a; gradually increased with the increase in 6. In par-
ticular, az becomes the third optimal location when 0 lies in
[0.05,0.2] and then becomes the optimal location when 6
increases to [0.25,1]. There exist two stable intervals of 0
from 0.05 to 0.2 and from 0.3 to 1, in which the ranking
orders of the alternatives remain as a4 > a; > a3 > a; and
as > ay » a4 > a;, respectively. More importantly, the
distinctions between the alternatives become increasingly
apparent with the increase in 0. One can see that the pro-
posed approach meets the different risk attitudes of
moderator.
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Table 3 Updated IVIF assessments from the expert committee for each location after GD

Attribute a, a, as ay
¢l er: ([0.3, 0.5], [0.1, 0.2]); er: ([0.4, 0.6], [0, 0.1]); ey: ([0.4, 0.7], [0.2, 0.3]); eq: ([0.5, 0.6], [0.3, 0.4]);
ey ([0.3, 0.4], [0.4, 0.5]); ey ([0.2, 0.4], [0.4, 0.6]); e5: ([0.6, 0.7], [0, 0.2]); ey: ([0.3, 0.4], [0.5, 0.6));
e3: ([0.2, 0.5], [0.4, 0.5)); e3: ([0.8, 0.9], [0, 0.1]); e3: ([0.7, 0.8], [0.1, 0.2]); e3: ([0.2, 0.3], [0.4, 0.5));
e4: ([0.4, 0.5], [0.3, 0.4]) e4: ([0.2, 0.4], [0.5, 0.6]) e4: ([0, 0.2], [0.6, 0.8]) e4: ([0.4, 0.5], [0.3, 0.5])
c ep: ([0.6, 0.7], [0.1, 0.2]); ep: ([0.2, 0.4], [0.4, 0.5]); ey ([0.2, 0.4], [0.4, 0.5]); ey: ([0.7, 0.8], [0, 0.1]);
ey: ([0.6, 0.8], [0.1, 0.2]); ey: ([0.8, 0.9], [0, 0.1]); ey: ([0.3, 0.6], [0, 0.2]); ey: ([0.4, 0.5], [0.3, 0.5]);
es: ([0.2, 0.3], [0.5, 0.7]); es: ([0.3, 0.5], [0.4, 0.5]); e3: ([0.4, 0.8], [0.1, 0.2]); e3: ([0.2, 0.3], [0.4, 0.7]);
e4: ([0.3, 0.4], [0.4, 0.6]) e4: ([0.5, 0.6], [0.3, 0.4]) e4: ([0.4, 0.6], [0.2, 0.3]) e4: ([0.1, 0.2], [0.4, 0.6])
c3 er: ([0.6, 0.7], [0.1, 0.2]); er: ([0.2, 0.4], [0.4, 0.6]); ey: ([0.2, 0.3], [0.4, 0.5]); eq: ([0.6, 0.8], [0, 0.2]);
ey ([0.4, 0.6], [0.2, 0.3]); ey ([0.4, 0.6], [0.2, 0.3]); ey ([0.5, 0.7], [0.1, 0.2]); ey: ([0.2, 0.3], [0.4, 0.5));
ez ([0.5, 0.7], [0, 0.1]); e3: ([0.2, 0.3], [0.4, 0.5]); e3: ([0.4, 0.8], [0.1, 0.2]); e3: ([0.6, 0.7], [0.2, 0.3));
e4: ([0.3, 0.5], [0.2, 0.4)); e4: ([0.5, 0.6], [0.2, 0.3]); e4: ([0.4, 0.5], [0, 0.2]); e4: ([0.5, 0.6], [0.1, 0.2]);
c4 ep: ([0.4, 0.5], [0.2, 0.4]) er: ([0.3, 0.4], [0.3, 0.5]) ey: ([0.1, 0.3], [0.4, 0.6]) ey: ([0.7, 0.8], [0, 0.2])
ey: ([0.6, 0.7], [0.1, 0.2]); ey ([0.2, 0.4], [0.3, 0.5]); ey: ([0.2, 0.3], [0.4, 0.5]); ey: ([0.7, 0.9], [0, 0.1]);
e3: ([0.7, 0.8], [0, 0.2]); es: ([0.1, 0.3], [0.4, 0.5]); e3: ([0.6, 0.8], [0, 0.2]); e3: ([0.6, 0.7], [0.1, 0.2]);
e4: ([0.2, 0.5], [0.4, 0.5]) e4: ([0.6, 0.7], [0.1, 0.2]) e4: ([0.5, 0.7], [0.2, 0.3]) e4: ([0.4, 0.6], [0.2, 0.4])
Cs er: ([0.5, 0.8], [0.1, 0.2]); er: ([0.3, 0.5], [0.4, 0.5]); ey: ([0.6, 0.8], [0.1, 0.2]); eq: ([0.5, 0.7], [0.1, 0.2]);
ey ([0.5, 0.6], [0.3, 0.4]); ey ([0.1, 0.3], [0.4, 0.6]); e5: ([0.6, 0.7], [0.1, 0.2]); ey: ([0.6, 0.7], [0.1, 0.3]);
e3: ([0.4, 0.8], [0.1, 0.2]); e3: ([0.2, 0.4], [0.4, 0.6]); e3: ([0.3, 0.4], [0.5, 0.6]); e3: ([0.1, 0.2], [0.4, 0.6));
eq: ([0.4, 0.5], [0.2, 0.3]) eq: ([0.7, 0.8], [0, 0.1]) e4: ([0.3, 0.5], [0.4, 0.5]) eq: ([0.4, 0.5], [0.4, 0.5])
Ce ey: ([0.7, 0.8], [0, 0.2]); er: ([0.4, 0.6], [0.2, 0.3]); ey: ([0.3, 0.4], [0.4, 0.6]); eq: ([0.6, 0.7], [0.2, 0.3]);
ey: ([0.1, 0.3], [0.2, 0.5]); ey: ([0.5, 0.6], [0.2, 0.3]); ey: ([0.7, 0.8], [0, 0.2]); ey: ([0.6, 0.8], [0.1, 0.2]);
es: ([0.3, 0.4], [0.4, 0.5]); es: ([0.2, 0.3], [0.4, 0.6]); e3: ([0.5, 0.7], [0, 0.1]); e3: ([0.2, 0.3], [0.4, 0.5]);
e4: ([0.4, 0.6], [0.1, 0.2]) e4: ([0.7, 0.8], [0.1, 0.2]) e4: ([0.3, 0.5], [0.1, 0.2]) e4: ([0.5, 0.6], [0.2, 0.4])

5 Comparative analysis

In this section, the proposed method is compared with one
representative ER-based IVIF MAGDM method [38] and
three IVIF aggregation operator-based MAGDM methods
[19, 23, 24, 27] to verify its effectiveness and feasibility.

5.1 Comparison with the ER-based IVIF MAGDM
method

Based on IVIF sets and the ER methodology [41, 42],
Mohammadi and Makui [38] developed an ER-based IVIF
approach for addressing MAGDM problems. The key idea
of the approach in [38] is briefly described as follows. In
the approach of Mohammadi and Makui [38], the indi-
vidual IVIF assessments on each attribute for each alter-
native are first transformed into their associated belief
distribution assessments. Second, the original ER approach
[41, 42] is utilized to aggregate the belief distribution
assessments and the weights of attributes to obtain the
aggregated assessments of individual. Then, the ER
approach is employed again to aggregate the previously
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obtained aggregated assessments of individuals and their
associated weights to produce an aggregated assessment of
each alternative. After that, a positive ideal solution (PIS)
and a negative ideal solution (NIS) are used as references
to calculate the gray relational coefficients of each alter-
native from these baselines. Finally, in accordance with the
degree of gray relational coefficients of each alternative
from PIS and NIS, the rank order of alternatives can be
generated. The superiority of their developed approach in
dealing with MAGDM with IVIF information has also been
demonstrated in [38]. In what follows, in order to compare
this paper’s developed approach with the approach of
Mohammadi and Makui, the considered selection problem
was solved a second time by applying the method.

Assume that both the reliabilities of experts and those of
the attributes are equal to 1. On the basis of the weights of
experts and attributes determined in Sect. 4.1, as well as
the updated IVIF assessments in Table 3, the resulting
aggregated assessments of the four potential locations by
employing the approach of Mohammadi and Makui are
given in Table 10.
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Table 4 Expert reliability on each attribute for each location

Attribute  a, a, as ay

¢ eq: (0.7751); e1: (0.5861); e;: (0.6569); e;: (0.7963);
ey: (0.8134); e5: (0.5972); e,: (0.6630); e,: (0.8024);
e3: (0.8134); e3: (0.5892); e3: (0.6524); e3: (0.7884);
ey (0.8193)  e4: (0.5931)  e4: (0.5616) ey (0.7936)
c) e1: (0.7312);  e;: (0.6560); ey: (0.7317); e;: (0.5743);
e (0.7493);  e5: (0.6331); ep: (0.7246); e5: (0.6425);
e3: (0.7438); es3: (0.6927); e3: (0.7405); es: (0.6672);
eq: (0.7512)  e4: (0.7025)  e4: (0.7736) ey (0.6388)
c3 ey: (0.7777); ey: (0.7451); e;: (0.6855); e;: (0.7127);
e>: (0.8014); e5: (0.7419); e5: (0.7123); e5: (0.6371);
e3: (0.7888); e3: (0.7190); e3: (0.7310); e5: (0.7129);
eyq: (0.7803)  e4: (0.7123)  e4: (0.6998) ey (0.7253)
cs er: (0.7546); e;: (0.7465); e;: (0.6825); e: (0.8553);
e (0.7621); ey (0.7550); e5: (0.7019); e5: (0.8605);
e3: (0.7191);  es3: (0.7824); e3: (0.6930); e3: (0.8360);
ey4: (0.7410)  e4: (0.6981)  e4: (0.7094) ey (0.8122)
cs eq: (0.81006); e: (0.7480); e;: (0.7118); e;: (0.7156);
e (0.8353); e5: (0.7346); e5: (0.7331); e5: (0.6862);
e3: (0.7987); e3: (0.7431); e3: (0.6861); e5: (0.6505);
es: (0.8192); ey (0.6375); e4: (0.7148); e4: (0.7006);
Cs e (0.6430); e;: (0.6905); e;: (0.6352); e: (0.7510);
e5: (0.6700); e5: (0.7194);  e,: (0.6609); e5: (0.7274);
e3: (0.6737); e3: (0.6240); e5: (0.6660); e5: (0.6585);
e4: (0.6869) e4: (0.7163) ey (0.6415) ey (0.7509)

According to the aggregated assessments in Table 10,
the PIS and NIS can be obtained as at = ([0.7236, 0.9679],
[0.0135, 0.0271], [0.0049, 0.2629]) and a = ([0.4140,
0.8418], [0.0473, 0.1342], [0.0240, 0.5387]), respectively.
Then, the gray relational degree of each location from PIS
and NIS is calculated.

1 =0.7766,&5 = 0.3434, &5 = 0.5850, & = 1;
& =0.3851,& =1,& = 0.4603, &, = 0.3465.

After that the relative gray relational degree of each
location from PIS is {; = 0.6685, {, = 0.2556, {53 = 0.5597,
{4 =0.7427. Finally, in accordance with the values of {;
(i =1,...,4), a ranking order of the four locations is pro-
duced as as > a; > a3 > ap. It is evident that the ranking
result can be obtained by the proposed approach when 6 €
[0.05, 0.2]. This reflects that the proposed approach is
effective and more flexible compared to the approach of
Mohammadi and Makui. Besides, the reliabilities of dif-
ferent experts are assumed to be the same and equal to 1
when the approach of Mohammadi and Makui is used to
solve group decision-making problems. In other words, it

Table 5 Interval-valued belief distribution assessments transformed from the updated IVIF assessments

as

as

az

Attribute a,

er: {(Hy, [04, 0.7]), (H2, [0.2, 0.3]), (Q,  ey: {(H}, [0.5, 0.6]), (H2, [0.3, 0.4]), (€,

ey: {(Hy, [0.4, 0.6]), (H2, [0, 0.1]), (€, [0.3,

0.6D)};

ey: {(Hy, [0.3, 0.5]), (H2, [0.1, 0.2]), (€,

1

[0, 0.2D)};
ex: {(H;, [0.3, 0.4]), (Ha, [0.5, 0.6]), (Q,

[0, 0.4D};
ex: {(H,, [0.6, 0.7]), (Ha, [0, 0.2]), (Q,

[0.3, 0.6])}:
ex: ((Hy, [0.3, 0.4]), (H,, [0.4, 0.5]), (Q,

ey: {(Hy, [0.2, 0.4]), (H,,[0.4, 0.6]), (Q, [0,

04D}

[0, 0.2D)};
es: {(Hy, [0.2, 0.3]), (Ha, [0.4, 0.5]), (Q,

[0.1, 0.4])};
es: {(Hy, [0.7, 0.8]), (Ha, [0.1, 0.2]), (€,

(0.1, 0.3D};
es: {(Hy, [0.2, 0.5]), (Ha, [0.4, 0.5]), (2, [0,

e3: {(H1,[0.8, 0.9]), (H>, [0, 0.1]), (, [0,

0.2D};

[0.2, 0.4])};
eq: {(Hy, [0.4, 0.5]), (Hz, [0.3, 0.5]), (€,

[0, 0.2D)};
eq: {(Hy, [0, 0.2]), (H2, [0.6, 0.8]), (2, [0,

04D}

0.4D};
eq: {(Hy, [0.4, 0.5]), (Ha, [0.3, 0.4]), (€,

eq: {(Hy, [0.2, 0.4]), (H2, [0.5, 0.6]), (&, [0,

0.3}

[0, 0.3])}
er: {(Hy, [0.7, 0.8]), (Ha, [0, 0.1]), (Q,

[0.1, 0.3])}

er: {(Hy, [0.2, 0.4]), (H2, [0.4, 0.5]), (L,

er: {(Hy, [0.2, 0.4]), (Ha, [0.4, 0.5]), (,

[0.1, 0.4])};

: {(H,, [0.6, 0.7]), (Ha, [0.1, 0.2]), (QQ,

(0.1, 0.3D};
ey {(H,, [0.6, 0.8]), (Ha, [0.1, 0.2]), (€, [0,

€

(&)

[0.1, 0.3D};
ey: {(Hy, 0.4, 0.5]), (Ha, [0.3, 0.5]), (2,

(0.1, 04D };
ey: {(Hy, [0.3, 0.6]), (Ha, [0, 0.2]), (Q,

[0, 0.3D};
es: {(Hy, [0.2, 0.3]), (Ha, [0.4, 0.7]), (Q,

(0.2, 0.7D};

es: {(Hy, [0.4, 0.8]), (Ha, [0.1, 0.2]), (Q,

ey: {(Hy, [0.8, 0.9]), (H,, [0, 0.1]), (Q, [0,

0.2D};

0.3D};
es: {(Hy, [0.2, 0.3]), (Ha, [0.5, 0.7]), (€, [0,

es: {(Hy, [0.3, 0.5]), (Ha, [0.4, 0.5]), (€, [0,

0.3D};

[0, 0.4D};
eq: {(Hy, [0.1, 0.2]), (Ha, [0.4, 0.6]), (Q,

[0, 0.5D};
eq: {(Hy, [0.4, 0.6]), (Ha, [0.2, 0.3]), (Q,

03D}

eq: {(Hy, [0.4, 0.6]), (Ha, [0.3, 0.4]), (, [0,

[0.2, 0.5}

[0.1, 0.4])}

eq: {(Hy, [0.5, 0.6]), (Ha, [0.3, 0.4]), (€, [0,

02D}

03D}
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Table 6 Aggregated

Aggregated assessments

assessments of the four Location
locations a

ar

as

(21

{(H}, [0.4996, 0.7897]), (Ha, [0.1422, 0.1474]), (Q, [0.0629, 0.3582])}
{(H}, [0.4380, 0.7214]), (H», [0.1653, 0.2013]), (Q, [0.0773, 0.3967])}
{(H,, [0.5169, 0.8152]), (Ha, [0.1085, 0.1161]), (Q, [0.0687, 0.3746])}
((H,, [0.5154, 0.7508]), (Ha, [0.1181, 0.1854]), (Q, [0.0638, 0.3665])}

Table 7 Overall priority degrees of the four locations

Location Overall priority degrees Rank order

a 0.0276 az > ay »~ ag > a
a — 0.1024

as 0.0704

ay 0.0045

Table 8 Overall priority degrees obtained by the proposed approach
with variation in rq

r a a, a ay Rank order

0.1 0.0385 —0.1148 0.0500 0.0262 a3 >a; = as >~ ar
02 0.0374 —0.1137 0.0520 0.0242
03 0.0362 —0.1123 0.0544 0.0218
04 0.0347 —0.1107 0.0572 0.0189
0.5 0.0329 - 0.1086 0.0606 0.0152
0.6 0.0306 — 0.1059 0.0648 0.0105
0.7 0.0276 - 0.1023 0.0704 0.0044
0.8 0.0236 —0.0972 0.0778 — 0.0042
09 0.0178 —0.0895 0.0886 — 0.0169
1 0.0085 — 0.0766 0.1060 — 0.0379

012
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Fig. 4 Movement of overall priority degrees of the four locations
with variation in ry
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cannot allow the experts to have different reliabilities as
the proposed approach does.

5.2 Comparison with the IVIF aggregation
operator-based MAGDM methods

With the use of IVIF aggregation operators such as the
IVIFAWA operator [19, 23], the IVIF Einstein weighted
averaging (IVIFEWA) operator [27], and the IVIF Hama-
cher weighted averaging (IVIFHWA) operator [24], three
IVIF aggregation operator-based MAGDM approaches are
presented in [19, 23, 24, 27]. In these approaches, the IVIF
aggregation operators are used twice to implement attribute
aggregation and the aggregation of individual assessments.
Finally, based on the obtained aggregated assessments, a
ranking order of the alternatives can be produced. In the
following, in order to compare the approach developed in
this paper with the approaches in [19, 23, 24, 27], the
considered selection problem was solved by using the latter
three approaches.

Under the same assumptions as stated in Sect. 5.1, the
resulting aggregated assessments of the four potential
locations by using the three different aggregation methods
are presented in Table 11. As the IVIFAWA operator and
the IVIFEWA operator are the special cases of the
IVIFHWA operator when 7 = 1, 2, respectively, Table 11
shows that the aggregated assessments using the IVIFHWA
operator in the setting of T = 1, 2 are the same as those,
respectively, using the IVIFAWA operator and the IVI-
FEWA operator. More importantly, the lower bound of the
aggregated interval-valued non-membership degree is
equal to 0, even if the lower bounds of the most individual
interval-valued non-membership degrees are not equal to 0
as listed in Table 3. This is due to the drawback of these
operators that they only consider the individual interval-
valued non-membership degrees whose lower bounds are
equal to O but fail to consider all the other individual
interval-valued non-membership degrees.

In order to eliminate the impact of different IVIF
comparison rules, we use the two-criterion rule [50] to
compare the aggregated IVIF assessments of the four
locations. The results are presented in Table 12. As given
in Table 12, the three aggregation operator-based
MAGDM methods generate the same ranking order of the
four locations: as > a4 > a; > ap, where the rankings of



Neural Computing and Applications (2020) 32:5213-5234 5231
Table 9 Overall priority
degrees obtained by the 0 & @ - da Rank order
Pr"P‘t’?ed ?P%maCh with 0 0.0082 ~ 0.0193 — 0.0246 0.0357 as - ay = ax = a
ariation in
vanation t 0.05 0.0101 — 00276 — 00151 0.0325 as > ay - ay - a
0.1 0.0091 — 0.0234 — 0.0198 0.0341
0.15 0.0096 — 0.0255 — 0.0174 0.0333
0.2 0.0094 — 0.0244 — 0.0186 0.0337
0.25 0.0179 — 0.0608 0.0229 0.0201 az = as = a; - a
0.3 0.0198 — 0.0691 0.0324 0.0169 az > ay > as - az
0.35 0.0217 — 0.0774 0.0419 0.0138
0.4 0.0237 — 0.0857 0.0514 0.0107
0.45 0.0256 — 0.0940 0.0609 0.0076
0.5 0.0276 — 0.1024 0.0704 0.0045
0.55 0.0295 —0.1107 0.0798 0.0013
0.6 0.0314 — 0.1190 0.0893 — 0.0018
0.65 0.0334 — 0.1273 0.0988 — 0.0049
0.7 0.0353 — 0.1356 0.1083 — 0.0080
0.75 0.0373 — 0.1439 0.1178 — 0.0112
0.8 0.0392 — 0.1522 0.1273 — 0.0143
0.85 0.0411 — 0.1605 0.1368 — 0.0174
0.9 0.0431 — 0.1688 0.1463 — 0.0205
0.95 0.0450 — 0.1771 0.1558 — 0.0236
1 0.0470 — 0.1855 0.1653 — 0.0266
g.fg . Makui, all the experts are assumed to be fully reliable when
0j16:: —=— g, —e—q, LAt these aggregation operator-based MAGDM methods are
g:};} A g v oq, At used to solve group decision-making problems. Thus, they
g;g- At 4 cannot allow the experts to have different reliabilities as
8 0064 At the proposed method does.
eon 1 - - - .« .
.i 3%1 vYvvyy P T il In summary, the decision results generated by the
£ oop] W mETE TYYYyy, methods [19, 23, 24, 27, 38] can be achieved by the pro-
£-0024 a44t4 YV¥vyy ; . . .
£ 0,04 v posed method. Meanwhile, relative to a static fixed deci-
g :g:ggf b NN . sion result obtained by the method of Mohammadi and
e 'g:g{ e, . Makui [38], the dynamic decision result generated by the
014 S, . proposed method can better reflect the inherent variety
ote e, . rule. This indicates that the proposed method is effective
00t~ and is more flexible than the existing one [38]. When
01 00 01 02 03 04 05 06 07 08 09 10 11

1%

Fig. 5 Movement of overall priority degrees of the four locations
with variation in 0

a; and ay differ from those generated by the proposed
method, but the best and the worst choices are still a; and
a,, respectively. Similar to the method of Mohammadi and

aggregating IVIF information, the proposed method takes
into account all the interval-valued membership degrees
and the interval-valued non-membership degrees of ele-
ments that belong to IVIF sets instead of only considering
the maximal membership degree and the minimal non-
membership degree as the aggregation operator-based
methods [19, 23, 24, 27] do. More importantly, different

Table 10 Aggregated

Aggregated assessments

assessments of the four Location
locations ay

a

as

as

{(H}, [0.6525, 0.9679]), (H», [0.0175, 0.02711), (Q, [0.0049, 0.3300])}
((H), [0.4140, 0.84181), (Ha, [0.0389, 0.1342]), (Q, [0.0241, 0.54717)}
{(H,, [0.5907, 0.9351]), (Ha, [0.0473, 0.0481)), (Q, [0.0168, 0.3620])}
((H,, [0.7236, 0.9614]), (Ha, [0.0135, 0.0325]), (Q, [0.0061, 0.2629])}
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Table 11 Aggregated assessments of the four locations using different aggregation methods

Aggregation method a

as as ag

Using the IVIFHWA operator [24]

=0.1 ([0.4513, 0.6302],
[0.0000, 0.2816])
=05 (10.4388, 0.6130],
[0.0000, 0.29817])
t=1 ([0.4289, 0.6034],
[0.0000, 0.3065])
=15 ([0.4229, 0.5982],
[0.0000, 0.3110])
T=2 ([0.4187, 0.5948],
[0.0000, 0.3139])
=5 ([0.4065, 0.5867],
[0.0000, 0.3205])
=100 (10.3908, 0.5792],

[0.0000, 0.3266])
([0.4289, 0.6034],
[0.0000, 0.3065])
([0.4187, 0.5948],
[0.0000, 0.3139])

Using the IVIFAWA operator [19, 23]

Using the IVIFEWA operator [27]

([0.4695, 0.6373],
[0.0000, 0.2762])
([0.4376, 0.6001],
[0.0000, 0.3116])
([0.4185, 0.5835],
[0.0000, 0.3274])
([0.4072, 0.5751],
[0.0000, 0.3353])
([0.3995, 0.5699],
[0.0000, 0.3401])
([0.3787, 0.5578],
[0.0000, 0.3509])
(10.3539, 0.5471],
[0.0000, 0.3600])
([0.4185, 0.5835],
[0.0000, 0.3274])
(10.3995, 0.5699],
[0.0000, 0.3401])

([0.4541, 0.6632],
[0.0000, 0.2641])
([0.4390, 0.6445],
[0.0000, 0.2803])
([0.4280, 0.6333],
[0.0000, 0.2891])
([0.4207, 0.6268],
[0.0000, 0.29407])
([0.4154, 0.6225],
[0.0000, 0.2972])
(10.3989, 0.6114],
[0.0000, 0.3051])
([0.3591, 0.6001],
[0.0000, 0.3129])
([0.4280, 0.6333],
[0.0000, 0.2891])
([0.4154, 0.6225],
[0.0000, 0.2972])

([0.4994, 0.6592],
[0.0000, 0.2908])
([0.4852, 0.6323],
[0.0000, 0.3160])
([0.4748, 0.6179],
[0.0000, 0.3279])
([0.4679, 0.6099],
[0.0000, 0.3341])
([0.4630, 0.6046],
[0.0000, 0.3379])
([0.4484, 0.5911],
[0.0000, 0.3468])
(10.4285, 0.5773],
[0.0000, 0.3547])
([0.4748, 0.6179],
[0.0000, 0.3279])
([0.4630, 0.6046],
[0.0000, 0.3379])

Values in bold represent the unreasonable results obtained by aggregation methods

Values in italic represent the same results obtained by different aggregation methods

Table 12 Overall priority

degrees of the four locations Method o o 4 da Rank order
using different methods Using the IVIFHWA operator [24]
t=0.1 —0.0035 —0.0558 0.0358 0.0235 a3z >as>a; - a
=05 0.0032 — 0.0686 0.0407 0.0247
=1 0.0064 — 0.0737 0.0423 0.0251
t=15 0.0082 — 0.0762 0.0428 0.0251
=2 0.0095 — 0.0776 0.0431 0.0250
=5 0.0129 — 0.0804 0.0429 0.0245
7 =100 0.0193 — 0.0802 0.0353 0.0256
Using the IVIFAWA operator [19, 23] 0.0064 — 0.0737 0.0423 0.0251 a3 = a4 = a; ~ ay
Using the IVIFEWA operator [27] 0.0095 —0.0776  0.0431 0.0250 a3 > a4 = a; > ay

from the methods [19, 23, 24, 27, 38], the proposed method
allows experts to have different reliabilities when it is
employed to address group decision-making problems. The
above comparisons verify the effectiveness and feasibility
of the proposed method.

6 Conclusion and future study

This study proposes a novel fuzzy approach for MAGDM
with IVIF information. For the purpose of resolving the
issues with the operator-based IVIF aggregation MAGDM
methods [19, 23, 24, 27, 38], we first transform the IVIF

@ Springer

assessments into the ER context and then use the ER rule
twice to combine experts’ assessments. Several optimiza-
tion models are established and solved in order to produce
the interval-valued aggregated assessments of alternatives.
More importantly, expert reliabilities and expert weights
are taken into account simultaneously, which has rarely
been considered in most of the existing IVIF set-based
MAGDM methods. In other words, the proposed approach
explores a new way to address expert reliability in fuzzy
MAGDM. Finally, the proposed approach is utilized to
solve a service firm’s shopping center site selection prob-
lem to demonstrate its applicability and validity. By solv-
ing the practical example, we find that the proposal of this
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paper puts forth an effective tool for us to handle MAGDM
with IVIF information.

In this study, we discuss the reliabilities of experts in
MAGDM with IVIF information. However, there exist few
works that consider this topic in fuzzy circumstances. In
the future, we will explore new ways to measure expert
reliability in other circumstances, including the neutro-
sophic set [5, 9-12], the hesitant fuzzy environment
[53-55], the interval-valued hesitant fuzzy context [56], the
probabilistic soft circumstance [57], and other contexts.

Acknowledgements This research was supported by the Foundation
for Innovative Research Groups of the National Natural Science
Foundation of China (No. 71521001), the National Natural Science
Foundation of China (Nos. 71690235, 71601066, 71501056,
71501054, and 71303073), the Humanities and Social Science
Foundation of Ministry of Education in China (Nos. 16YJA630017,
16YJA630075, 16YJC630093, and 13YJC630030), and the Founda-
tion of North Minzu University (No. 2013XYS07).

Compliance with ethical standards

Conflict of interest The authors declare that there are no conflicts of
interest regarding the publication of this paper.

References

1. Behret H (2014) Group decision making with intuitionistic fuzzy
preference relations. Knowl Based Syst 70:33-43

2. Yang Y, Lang L, Lu LL, Sun YM (2017) A new method of
multiattribute decision-making based on interval-valued hesitant
fuzzy soft sets and its application. Math Probl Eng 2017:9376531.
https://doi.org/10.1155/2017/9376531

3. Wu J, Chiclana F, Liao HC (2016) Isomorphic multiplicative
transitivity for intuitionistic and interval-valued fuzzy preference
relations and its application in deriving their priority vectors.
IEEE Trans Fuzzy Syst 26(1):193-202

4. Tang XA, Feng NP, Xue M, Yang SL, Wu J (2017) The expert
reliability and evidential reasoning rule based intuitionistic fuzzy
multiple attribute group decision making. J Intell Fuzzy Syst
33:1067-1082

5. Smarandache F (1999) A unifying field in logics. Neutrosophy:
neutrosophic probability, set and logic. American Research Press,
Rehoboth

6. Hwang CL, Yoon K (1981) Multiple attribute decision making:
methods and applications. Springer, Berlin

7. Opricovic S, Tzeng G-H (2007) Extended VIKOR method in
comparison with outranking methods. Eur J Oper Res
178(2):514-529

8. Brauers WKM, Zavadskas EK (2010) Project management by
MULTIMOORA as an instrument for transition economies. Ukio
Technol Ekon Vystym 16(1):5-24

9. Zavadskas EK, Bausys R, Lazauskas M (2015) Sustainable
assessment of alternative sites for the construction of a waste
incineration plant by applying WASPAS method with single-
valued neutrosophic set. Sustainability 7(12):15923-15936

10. Chi PP, Liu PD (2013) An extended TOPSIS method for the
multiple attribute decision making problems based on interval
neutrosophic set. Neutrosophic Sets Syst 1:63-70

11.

12.

13.

14.

15.
16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

217.

28.

29.

30.

31.

32.

33.

Bausys R, Zavadskas EK (2015) Multicriteria decision making
approach by VIKOR under interval neutrosophic set environ-
ment. Econ Comput Econ Cybern Res (ECECSR) 49(4):33-48
Zavadskas EK, Bausys R, Juodagalviene B, Garnyte-Sapranavi-
ciene I (2017) Model for residential house element and material
selection by neutrosophic MULTIMOORA method. Eng Appl
Artif Intell 64:315-324

Bausys R, Juodagalviene B (2017) Garage location selection for
residential house by WASPAS-SVNS method. J Civ Eng Manag
23(3):421-429

Broumi S, Smarandache F (2014) Correlation coefficient of
interval neutrosophic set. Appl Mech Mater 436:511-517

Zadeh LA (1965) Fuzzy sets. Inf Control 8(3):338-353
Atanassov KT (1986) Intuitionistic fuzzy sets. Fuzzy Sets Syst
20:87-96

Atanassov K, Gargov G (1989) Interval-valued intuitionistic
fuzzy sets. Fuzzy Sets Syst 31:343-349

Liu YJ, Liang CY, Chiclana F, Wu J (2017) A trust induced
recommendation mechanism for reaching consensus in group
decision making. Knowl Based Syst 119:221-231

Xu ZS, Chen J (2007) Approach to group decision making based
on interval-valued intuitionistic judgment matrices. Syst Eng
Theory Pract 27(4):126-133

Li Y, Deng Y, Chan FTS, Liu J, Deng XY (2014) An improved
method on group decision making based on interval-valued
intuitionistic fuzzy prioritized operators. Appl Math Model
38:2689-2694

Huang X, Guo LH, Li J, Yu Y (2016) Algorithm for target
recognition based on interval-valued intuitionistic fuzzy sets with
grey correlation. Math Probl Eng 2016:3408191. https://doi.org/
10.1155/2016/3408191

Atanassov KT (1994) Operators over interval-valued intuitionis-
tic fuzzy sets. Fuzzy Sets Syst 64:159-174

Xu ZS (2007) Methods for aggregating interval-valued intu-
itionistic fuzzy information and their application to decision
making. Control Decis 22:215-219

Liu PD (2014) Some Hamacher aggregation operators based on
the interval-valued intuitionistic fuzzy numbers and their appli-
cation to group decision making. IEEE Trans Fuzzy Syst
22(1):83-97

Tang XA, Fu C, Xu D-L, Yang SL (2017) Analysis of fuzzy
Hamacher aggregation functions for uncertain multiple attribute
decision making. Inf Sci 387:19-33

Makui A, Gholamian MR, Mohammadi SE (2015) Supplier
selection with multi-criteria group decision making based on
interval-valued intuitionistic fuzzy sets (case study on a project-
based company). J Ind Syst Eng 8(4):19-38

Wang W, Liu X (2013) Interval-valued intuitionistic fuzzy hybrid
weighted averaging operator based on Einstein operation and its
application to decision making. J Intell Fuzzy Syst 25:279-290
Wan SP, Xu GL, Dong JY (2016) A novel method for group
decision making with interval-valued Atanassov intuitionistic
fuzzy preference relations. Inf Sci 372:53-71

Hashemi SS, Hajiagha SHR, Zavadskas EK, Mahdiraji HA
(2016) Multicriteria group decision making with ELECTRE III
method based on interval-valued intuitionistic fuzzy information.
Appl Math Model 40:1554-1564

Xue YX, You JX, Lai XD, Liu HC (2016) An interval-valued
intuitionistic fuzzy MABAC approach for material selection with
incomplete weight information. Appl Soft Comput 38:703-713
Simon H-A (1955) A behavioral model of rational choice. Q J
Econ 69:99-118

Fu C, Yang J-B, Yang S-L (2015) A group evidential reasoning
approach based on expert reliability. Eur J Oper Res 246:886—893
Shafer G (1976) A mathematical theory of evidence. Princeton
University Press, Princeton

@ Springer


https://doi.org/10.1155/2017/9376531
https://doi.org/10.1155/2016/3408191
https://doi.org/10.1155/2016/3408191

5234

Neural Computing and Applications (2020) 32:5213-5234

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

Smarandache F, Dezert J, Tacnet J-M (2010) Fusion of sources of
evidence with different importances and reliabilities. In: 13th
conference on information fusion (FUSION), 26-29 July 2010,
pp 1-8. https://doi.org/10.1109/icif.2010.5712071

Yang J-B, Xu D-L (2013) Evidential reasoning rule for evidence
combination. Artif Intell 205:1-29

Jiao LM, Pan Q, Liang Y, Feng XX, Yang F (2016) Combining
sources of evidence with reliability and importance for decision
making. CEJOR 24(1):87-106

Chen S-M, Cheng S-H, Tsai W-H (2016) Multiple attribute group
decision making based on interval-valued intuitionistic fuzzy
aggregation operators and transformation techniques of interval-
valued intuitionistic fuzzy values. Inf Sci 367-368:418-442
Mohammadi SE, Makui A (2017) Multi-attribute group decision
making approach based on interval-valued intuitionistic fuzzy
sets and evidential reasoning methodology. Soft Comput
21(17):1-20

Dymova L, Sevastjanov P (2012) The operations on intuitionistic
fuzzy values in the framework of Dempster—Shafer theory.
Knowl Based Syst 35:132-143

Dymova L, Sevastjanov P (2016) The operations on interval-
valued intuitionistic fuzzy values in the framework of Dempster—
Shafer theory. Inf Sci 360:256-272

Yang JB, Singh MG (1994) An evidential reasoning approach for
multiple-attribute decision making with uncertainty. IEEE Trans
Syst Man Cybern 24(1):1-18

Xu D-L (2012) An introduction and survey of the evidential
reasoning approach for multiple criteria decision analysis. Ann
Oper Res 195:163-187

Zolfani SH, Aghdaie MH, Derakhti A, Zavadskas EK, Varzandeh
MHM (2013) Decision making on business issues with foresight
perspective; an application of new hybrid MCDM model in
shopping mall locating. Expert Syst Appl 40(17):7111-7121
Cheng EWL, Li H, Yu L (2005) The analytic network process
(ANP) approach to location selection: a shopping mall illustra-
tion. Constr Innov 5:83-97

Kuo RJ, Chi SC, Kao SS (2002) A decision support system for
selecting convenience store location through integration of fuzzy
AHP and artificial neural network. Comput Ind 47:199-214

Liu H-C, You J-X, Fan X-J, Chen Y-Z (2014) Site selection in
waste management by the VIKOR method using linguistic
assessment. Appl Soft Comput 21:453-461

@ Springer

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

Rao C, Goh M, Zhao Y, Zheng J (2015) Location selection of city
logistics centers under sustainability. Transp Res Part D 36:29-44
Xu ZS, Cai XQ (2009) Incomplete interval-valued intuitionistic
preference relations. Int J Gen Syst 38:871-886

Wang Z, Li KW, Wang W (2009) An approach to multiattribute
decision making with interval-valued intuitionistic fuzzy assess-
ment and incomplete weights. Inf Sci 179:3026-3040

Dymova L, Sevastjanov P, Tikhonenko A (2013) Two-criteria
method for comparing real-valued and interval-valued intuition-
istic fuzzy values. Knowl Based Syst 45:166—-173

Xu ZS, Yager RR (2009) Intuitionistic and interval-valued intu-
itionistic fuzzy preference relations and their measures of simi-
larity for the evaluation of agreement within a group. Fuzzy
Optim Decis Making 8(2):123-139

Olger Al, Odabagi AY (2005) A new fuzzy multiple attributive
group decision making methodology and its application to
propulsion/manoeuvring system selection problem. Eur J Oper
Res 166(1):93-114

Das S, Malakar D, Kar S, Pa T (2017) Correlation measure of
hesitant fuzzy soft sets and their application in decision making.
Neural Comput Appl. https://doi.org/10.1007/s00521-017-3135-0
Ghadikolaei AS, Madhoushi M, Divsalar M (2017) Extension of
the VIKOR method for group decision making with extended
hesitant fuzzy linguistic information. Neural Comput Appl.
https://doi.org/10.1007/s00521-017-2944-5

Tang XA, Yang SL, Pedrycz W (2018) Multiple attribute deci-
sion-making approach based on dual hesitant fuzzy Frank
aggregation operators. Appl Soft Comput 68:525-547
Gitinavard H, Mousavi M, Vahdani B (2016) A new multi-cri-
teria weighting and ranking model for group decision-making
analysis based on interval-valued hesitant fuzzy sets to selection
problems. Neural Comput Appl 27:1593-1605

Fatimah F, Rosadi D, Hakim RBF, Alcantud JCR (2017) Prob-
abilistic soft sets and dual probabilistic soft sets in decision-
making. Neural Comput Appl. https://doi.org/10.1007/s00521-
017-3011-y

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.


https://doi.org/10.1109/icif.2010.5712071
https://doi.org/10.1007/s00521-017-3135-0
https://doi.org/10.1007/s00521-017-2944-5
https://doi.org/10.1007/s00521-017-3011-y
https://doi.org/10.1007/s00521-017-3011-y

	Multiple-attribute group decision making for interval-valued intuitionistic fuzzy sets based on expert reliability and the evidential reasoning rule
	Abstract
	Introduction
	Preliminaries
	IVIF sets
	ER rule with weight and reliability

	The proposed approach
	Modeling of MAGDM problems with IVIF assessments
	Measurement of expert reliabilities
	Combination of IVIF assessments with reliabilities and weights based on ER rule
	Generation of solutions
	Procedure of the proposed MAGDM approach

	A numerical example
	Introduction of the shopping center site selection problem
	Generation of the aggregated assessments of potential locations
	Generation of the solution to the shopping center site selection problem
	Sensitivity analysis

	Comparative analysis
	Comparison with the ER-based IVIF MAGDM method
	Comparison with the IVIF aggregation operator-based MAGDM methods

	Conclusion and future study
	Acknowledgements
	References




