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Abstract This paper proposes an approach to interval-
valued intuitionistic stochastic multi-criteria decision-
making (MCDM) problems using set pair analysis. This
approach is applicable to MCDM problems in which the
criterion weights are incomplete or the weights are certain,
and evaluation values of alternatives take the form of
interval-valued intuitionistic stochastic variables. To begin
with, we briefly introduce the concepts of interval-valued
intuitionistic fuzzy set, interval-valued intuitionistic
stochastic variable, and set pair analysis. Then, we define a
new similarity measure between interval-valued intuition-
istic fuzzy numbers, after which we establish a mathe-
matical programming model based on the technique for
order preference by similarity to an ideal solution method
and the maximizing deviation method in order to determine
criterion weights. We then use connection degree to rep-
resent interval-valued intuitionistic fuzzy information and
transform the interval-valued intuitionistic stochastic
decision-making matrixes into corresponding connection
degree matrixes. Finally, we rank the alternatives accord-
ing to the value of set pair potential after calculating the
connection degree of each alternative. After defining the
method, we apply it to a practical decision-making problem
and provide a comparison analysis with existing methods
to illustrate the feasibility and validity of the proposed
approach.
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1 Introduction

Multi-criteria decision-making (MCDM) refers to evalu-
ating, ranking, or selecting alternatives on the basis of
several conflicting criteria or preferences. Due to the
complexity of life, the real world contains many MCDM
problems in which the preference information and criterion
weights are inaccurate, uncertain, or incomplete. To
address these circumstances, Zadeh introduced the concept
of fuzzy set (FS) [1], wherein an element’s membership
degree with regard to a set is represented by a real number
between zero and one. FS was identified as an excellent
theory with which to describe inexact, uncertain, and
imprecise information, and has been extended to many
application domains such as e-commerce, link prediction,
machine learning, fuzzy classification, intrusion detection
[2-8]. Considering that the single membership function is
insufficient to express the information completely, building
upon FS, Atanassov introduced intuitionistic fuzzy set
(IFS) [9], which takes the membership degree and non-
membership degree into consideration simultaneously. IFS
is more useful than FS in dealing with the presence of
hesitancy and vagueness originating from imprecise
information, and it has attracted great interest from schol-
ars [10-14]. However, considering the complexity and
uncertainty inherent in practical problems, interval num-
bers are more suitable than exact numbers for expressing
membership and non-membership degrees. Therefore,
Atanssov and Gargov [15] introduced interval-valued
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intuitionistic fuzzy set (IVIFS) as an important extension of
IFS that can better characterize membership and non-
membership degrees. Compared with FS and IFS, IVIFS
may be more flexible in describing abundant information
when uncertain information is involved [16, 17]. Interval-
valued intuitionistic fuzzy number (IVIFN) [18] is a special
case of IVIFS, and using IVIFN to model human judgment
may be a more appropriate way to handle real-life prob-
lems. For example, when a paper is sent to a reviewer, he
may use IVIFN ([0.3, 0.6], [0.1, 0.3], [0.1, 0.6]) to express
his attitude toward the paper. The notation [0.3, 0.6] rep-
resents that the paper is 30-60 percent acceptable,
[0.1, 0.3]means that the paper is 10-30 percent unaccept-
able, and [0.1, 0.6] expresses his hesitation. In this exam-
ple, IVIFNs describe the real-life problem better than crisp
numbers. Both IVIFSs and IVIFNs have been widely
applied in MCDM problems, and research on the subject
can be roughly classified into four main topics: aggregation
operators [19-21], similarity (or distance) measures
[22-25], extension of classic decision-making methods
[26-28] and preference relation [29, 30]. Xu [19], Liu [20],
and He et al. [21] proposed some operators for [IVIFNs and
applied them to MCDM problems. Chen [26] extended the
Technique for Order Preference by Similarity to an Ideal
Solution (TOPSIS) method to multi-criteria group deci-
sion-making problems with interval-valued intuitionistic
fuzzy information.

In daily life, it is common for decision-makers to
encounter MCDM problem in which the consequences of
each alternative are presented in the form of stochastic
variables with probability distributions. These problems are
called stochastic MCDM problems, and they have exten-
sive applications [31-35]. Zhou et al. [31] considered the
bounded rationality of decision-makers while integrating
regret theory and TOPSIS in order to handle grey
stochastic MCDM problems with extended grey numbers.
Wang et al. [32] extended the Elimination Et Choice
Translating Reality (ELECTRE) to rough stochastic
MCDM problems. Tan et al. [33] integrated prospect
stochastic dominance degrees and Preference Ranking
Organization Methods for Enrichment Evaluations II
(PROMETHEE 1I) to handle stochastic MCDM problems.
Okul et al. [34] combined stochastic multi-criteria accept-
ability analysis (SMAA) with TOPSIS, applying the new
method to drug risk—benefit analysis and machine gun
selection. Hu et al. [35] combined prospect theory with
conjoint analysis in addressing dynamic stochastic MCDM
problems with unknown weight information.

As decision-making environments and problems have
become increasingly complex and uncertain, stochastic
MCDM problems with intuitionistic fuzzy information
have gradually received more attention. For example, Gao
and Liu [36] developed a new approach to interval-valued
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intuitionistic stochastic MCDM problems by utilizing
prospect theory and P-score function. Li et al. [37-39]
introduced methods for solving stochastic MCDM prob-
lems with IFS and incomplete information, while Hu et al.
[40] defined a new score function and distance measure for
IFS and proposed an approach to intuitionistic stochastic
MCDM problems based on prospect theory. Wang and Li
[41] defined a new score function and applied it to intu-
itionistic stochastic MCDM problems.

Despite the volume of research, almost all of the
methods for dealing with intuitionistic stochastic MCDM
problems are based on prospect theory. In prospect theory,
the complexity of the decision-making problems makes it
difficult for decision-makers to provide an accurate refer-
ence point in the real decision-making process. Further-
more, the five parameters in the calculation functions of
prospect theory, o, f8, 0, y and 0, are hard to determine
because they depend on the psychological behavior of the
decision-makers. In contrast, set pair analysis [42], intro-
duced by Zhao, has no requirement to determine a refer-
ence point or parameters. Set pair analysis is a modified
uncertainty theory that considers both certainties and
uncertainties as an integrated certain-uncertain system. Set
pair analysis is considered to be an excellent theory for
analyzing and dealing with imprecise, inconsistent, and
incomplete information, and it has been applied in such
fields as risk assessment, agriculture, and decision-making
[43-45]. In set pair analysis, connection degree functions
as a useful tool to systematically describe certainty and
uncertainty from the three aspects of identity degree, dis-
crepancy degree, and contrary degree. Because set pair
analysis uses a simple mathematic depiction to express
ambiguous and imprecise information with clarity, it is
utilized in research into MCDM problems [46—48]. Zhang
[46] analyzed the compatibility between set pair analysis
and IFS, providing a method for transforming intuitionistic
fuzzy numbers into connection numbers. Yue et al. [47]
developed a multi-criteria group decision-making approach
based on set pair analysis, and Hu and Liu [48] combined
cumulative prospect theory with set pair analysis for use in
dynamic stochastic MCDM problems.

Randomness and intuitionistic logic commonly exist
simultaneously in decision-making problems, but little
systematic research has explored these problems. Previ-
ously published works recognize the advantages of set pair
analysis theory, but most existing methods of handling
intuitionistic stochastic MCDM problems are based on
prospect theory, no relevant research has applied set pair
analysis to deal with intuitionistic or interval-valued
stochastic MCDM problems. This gap in the research
motivates us to apply set pair analysis to interval-valued
intuitionistic stochastic MCDM problems. The main con-
tributions of this work are summarized below.
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1. In order to derive criterion weights, this paper defines a
new similarity measure of IVIFNs that considers
hesitation information. This paper also constructs a
mathematical programming model based on TOPSIS
and the maximizing deviation method in order to
determine optimal weight values when a decision-
maker may provide incomplete or inconsistent opin-
ions about weight information.

2. The proposed method introduces a new representation
using connection degrees to express interval-valued
intuitionistic fuzzy information on the basis of set pair
analysis. The proposed method deals directly with
interval-valued intuitionistic fuzzy information, avoid-
ing any loss of fuzzy information. Furthermore, the set
pair potential is employed to rank alternatives.

3. In contrast to existing interval-valued intuitionistic
stochastic MCDM methods based on prospect theory,
the proposed method based on set pair analysis does
not need to consider parameter values or set a
reference point. Besides, the calculations of the
proposed method are relatively simple.

The rest of this paper is organized as follows. Section 2
briefly reviews some basic concepts of IVIFS, interval-
valued intuitionistic stochastic variable, and set pair anal-
ysis. Section 3 introduces a new similarity measure
between IVIFNs and gives some examples to illustrate its
validity. Section 4 presents an approach to interval-valued
intuitionistic stochastic MCDM problems using set pair
analysis. Section 5 uses an example to illustrate the effi-
ciency and feasibility of the proposed approach and
describe a comparison analysis with existing methods.
Section 6 presents conclusions.

2 Preliminaries

This section provides a brief review of some concepts of
IVIFS, interval-valued intuitionistic stochastic variable and
set pair analysis.

2.1 IVIFS

Definition 1 [15, 18]: Let X be a universal set, and let
int([0, 1]) be a set of all the closed subintervals of [0, 1].
Then an IVIES A in X is described by the form

A = {(x, i (0), 750), 74 (0) e € X,

where the functions fi; : X — int([0,1]) and v;:X —
int([0, 1]) denote the interval membership and interval non-
membership degrees, respectively, of element x to IVIFS A.
For any x € X to IVIFS A, sup(fi;(x)) + sup(¥;(x))+

inf(7;(x)) =1, and inf(f;(x)) + inf(v;(x)) + sup(iz
left(x))=1.. Call w;(x) = 1— fiz(x) — v;(x) the interval
hesitation degree of element x to IVIFS A, for any x € X to
the IVIFS A, #; : X — int([0, 1]). For convenience, the
IVIFS can be denoted as follows:

A= {<x, {ﬂf;(x),ﬂg(x)}, [ﬁﬁ(x),ﬁg(x)}, {ﬁﬁ(x), ~f{(x)]>
|x € X}.
In practice, IVIFN o can be denoted as follows:

& = ([a",a"), [b",bY], [c", ")),
[aL7aU} C [0,1], [p",bY] C [0,1]

where

and a’ +bY<1.

Definition 2 [15]: Let & = ([af,aV], [b},bY], [ck, cV])
and % = ([a},a¥], [b5,bY], [c5,cY]) be two IVIFNs,
then

1. o, <%, if and only if a} < a5, a¥ < d¥, b} > b5, and
by > by.

2. & =y if and only if ¢} = a5, af = 4¥, b = b%, and

bY = bY.

Definition 3 [52]: Let & = ([af,aV], [b},bY], [ck, cV])
([a5,a¥], [b5,bY], [c5,c¥]) be two IVIFN,
then the normalized Hamming distance between two
IVIFNSs is defined as follows:

and o, =

-~ 1
D(ay, %) = Z(|a1 —a5| + |ay —ai| + |b} — b5
+ bV =3[+ |et = 5| + [l = <F]). (1)
Definition 4 [18, 49]: Let & = ([a%, aY], [b*, bY], [, cY])

be an IVIFN, then, the score function of & can be denoted
as follows:

S(a) = (a" +a¥ — " = bY) /2. (2)

2.2 Interval-valued intuitionistic stochastic variable

An interval-valued intuitionistic stochastic variable [41] is
a group of countable stochastic variables made up of a
finite set of IVIFNs. The interval-valued intuitionistic
stochastic variable is denoted as &(w). Table 1 shows the
probability distribution of &(w).

In Table 1, &(w) is an interval-valued intuitionistic
stochastic variable, w; is the i-th possible value that would be
taken by &(w), m is the number of values that an interval-

Table 1 Probability distribution of &(w)

E(w) [oN Wy w; Wy

P Py P, P; P,
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valued intuitionistic stochastic variable can have. P; is the
probability with respect to w;, and the probability density
function f{&(w)) can be denoted as fié(w) = w;) = P

Exampel 1  Assume that the evaluation information about
a company’s profitability can be expressed as ([0.6, 0.7],
[0.2, 0.3], [0, 0.2]) with a probability of 0.4 when the
company is well-run, or ([0.4, 0.5], [0.2, 0.4], [0.1, 0.4])
with a probability of 0.6 when the company is not well-run.
This information can be presented by the interval-valued
intuitionistic stochastic variable &(w) described in Table 2.
Meanwhile, the probability density function can be denoted
as follows:

f(E(w) = ([0.6,0.7],[0.2,0.3],[0,0.2]))
— 0.4, f(¢(w) = (0.4,0.5],[0.2,0.4],[0.1,0.4])) = 0.6.

2.3 Set pair analysis

Set pair analysis, proposed by Zhao [42], is a modified
uncertainty theory that considers both certainties and
uncertainties as an integrated certain-uncertain system. Set
pair analysis involves a useful tool called connection
degree that describes the certainty and uncertainty sys-
tematically from three aspects: identity degree, discrepancy
degree, and contrary degree. This subsection introduces
some basic concepts of set pair analysis.

Definition 5 [42, 48]: If E and F are two interrelated sets,
the set pair can be denoted as H(E, F). With respect to the
set pair H(E, F), the connection degree between sets E and
:%V—i—%i —&—%j, where N is the
total number of characteristics of the set pair H(E, F),
while I, C, and D = N — I — C represent, respectively, the
numbers of identity characteristics, contrary characteris-
tics, and discrepancy characteristics. The identity degree,
discrepancy degree and contrary degree of the discussed set
pair are represented by I/N, D/N and C/N, respectively.
i denotes the coefficient of discrepancy degree and
i € [0, 1], j denotes the coefficient of contrary degree and
j = —1. For convenience, let a = I/N, b = D/N and
¢ =CIN, and then § =%4+%8i+%j can be denoted as
follows:

n=a+bi+cj. (3)

F can be denoted as 1y,

Table 2 Probability distribution of &(w)

E(w) ([0.6, 0.7], [0.2, 0.3], ([0.4, 0.5], [0.2, 0.4],
[0, 0.2]) [0.1, 0.4])
P 0.4 0.6
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Definition 6 [42, 48]: If the connection degree
n =a + bi + ¢j satisfies ¢ # 0, the set pair potential,
which characterizes the approximate degree between the
two interrelated sets, can be denoted as follows:

Shi(n) = a/c. (4)

Zhang et al. [46] point out the compatibility between set
pair analysis and IFS. A given intuitionistic fuzzy value
(i3, vij» m;;) can be represented in the form of a connection
degree as

Ny = aij-l—bij%—FC,'jZ, (5)

where a; = w;, b;j = m;, and ¢; = v;;. The coefficient of

ij>

discrepancy degree is represented by k, while [ is the

coefficient of contrary degree and 1=—1.

3 A new similarity measure between IVIFNs

Scholars have studied the topic of similarity measures
between IFSs and IVIFSs from various points of view.
Some of similarity measures are extensions of well-known
distance measures, such as similarity measures between
IFSs or IVISs based on Hamming Distance [22, 50],
Euclidian Distance [22] and Hausdorff distance [23, 51].
However, some similarity measures for IFSs and IVIFSs
are entirely new, instead of extending well-known distance
measures, these includes similarity measures based on
entropy measure [25], preference relations [52], and cosine
similarity measure [53, 54].

Definition 7 [22]: Let a=([a},aV], [b},bY], [ck, cV])
and ,=([a5,ay], [b5,bY], [c5,cY]) be two IVIFNs, Xu
[22] defined the similarity measures between o, and o, as
listed below.

Sv1(, ) = 1~ (Jat — ab| + [bt— b5+ ol — |
+Jb — Y. ©

Sxa (a1, 22) = 1 — max(|ay — a5|, b} — b5, |af —aY|,
B~ Y)). )

Sx3 (o1, o2)

N A S

®)
Sxa (%1, 02)

- \/max{(af ) (B -

0%, (af = a)?, (Y = 08)*}.

©)
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The similarity measures between [VIFNs listed above have a
common drawback in which they only compared the differ-
ences in membership and non-membership degrees. Wei et al.
[25] and Singh [53] also defined the similarity measures
between IVIFNs based on entropy measure and cosine simi-
larity measure respectively. Similarly, these two similarity
measures also ignored the differences in hesitation degrees.
The similarity measure without considering hesitation infor-
mation is inaccurate and produces some counterintuitive
results in some special cases. To address this, we define a new
similarity measure between IVIFNs incorporating the hesi-
tation degree and the score function in the following.

Definition 8: Let &, = ([a},aV], [b},bY], [ch,cV]) and
oy = ([ab,dY], [b5,bY], [c5,cY]) be two IVIFNS, the
similarity measure between o; and @, can be denoted as
follows:

~ ~ S(ay) — S(a D(ay,a
M(Oﬁl,az):]—‘ &) (a2)|— (oc],ocz)7 (10)
4 2
where  S(z) = (ab +a¥ — % — bU)/Z S(a,) =
(ab+af — b5 —bY)/2, and D(ay,0)=1(|a} —ab|+

!al —a2’—|—|bL bL’—|—|bU bU|—&—|cl—cz|—i—|c1 —cz|

Theorem 1 Let o; and &, be two IVIFNS, the similarity
measure M (0o, o) satisfies the following properties:

L 0<M(o,22)<1.

2. M(0y,00) = M(0,01).

3. M(ay, %) = 1if and only if &, = %,.

4. If o <au<as, then M(ay, %) >M (o, 23) and
M(%,53) = M (a1, %3).

Proof

I. Solve the nonlinear programming problem:
max(D(01,,)) = max(}(|at — ab|+]aV —a¥|+

b5 — b5+ [bY — bY |+ |cf—c5| + [V — cY[)),  sub-
jectto 0<af <af <1,0<bi<bY <1,0<c}
<cf/<1,0<d<al <1,0<b5<bi<1,0%<
s<cd <1, af+bi<1l, af +b{ <1, a5+
b5<1,ay +bY <1,aV +bY + cf =1, af + b5 +
=1d+bV+E=1andas+ b5 +cY=1.

By using WinQSB, we can get max(D(a, %,))=1 if
% =([0.0001,0.0005], [0.5426, 0.9995], [0, 0.4573))

and % = ([0.9997,0.9998], [0.0001,0.0002],
[0,0.0002]). In other words, D(ay, o) <1. Clearly,
D(oy,0) >0, and thus 0<D(u;,a) <1 can be

obtained.

Xu [18] proved that —1<S(a;)<1 and —-1<
S(%;) <1. Since 0<|S(v'7§% and 0<
Mg; we can get 0 <M (o, a,) < 1.

2. It is apparent that D(ay, o2)=D(a,, o), so M(ay, o)

= PCREN 2By, ) <
_|S(“z)zs(”“)|—D(a;m), or in simpler terms,
M3y, %) = M, 7).

3. The definition of M(ay,®,) provides that we have
M(ay,00)=1< S(a1)=S(a2), D(o1,02)=0 <

b —ab] = Ja? —a¥| — bk — 64| = |8 — 67| -
’C1_ A=l =¥ =0 o =,
4. If 9, <3 <% then di+dV<db+dY and

by + bY > b5 + bY; therefore, S(a;)<S(d,). Simi-
larly, S(o2) < S(@3), such that S(o) < S(ap) <S(a3).

It is apparent that [S(a;) — S(a2)| <|S(2;) — S(a3)]
and [S(a3) — S(22)] <[S(23) — S(e)-
If o, <% <as, then lak — db <lab — agl lay —

adl < 1a¥ — &%, 1% — b5 < bk — b5, 1Y — Y1 < 1BY —
BV Ik — B <tk — 51 and 1Y — Y < 1eV — &Y
therefore, D(oy, o) < D(ay, a3). A similar process yields
D(up,03) <D(ay,23). Since [S(ay) — S(o2)| <|S(oty)—
S(as)],  I8(23) = S(2)| <[S(23) = S(a1)],  D(a,02) <
D(ay,03), and D(ap, a3) <D(oy,03), we can obtain
Moy, 02) > Moy, 03) and M(op, 03) > M (o, o3).

The following examples compare the proposed simi-
larity measure between IVIFNs with the existing similarity
measures, and validate the applicability and flexibility of
the proposed similarity measure.

Example 2 Let a3 = ([0.3, 0.4],[0,0.5],[0.1, 0.7]), &y =
([0.1,0.5],[0, 0.3],[0.2,0.9]), and a5 = (]0.3,0.6],0.1,
0.4], [0, 0.6] be three IVIFNs, by applying Egs. (7) and (9)
we obtain Sx2 (a3, 004) = Sx2(3, 05) = 0.8 and
Sxa(03,04) = Sxa(03,05) = 0.8.

By applying Egs. (6), (8) and (10), we obtain

SXl (&3, &4) = 0875 and SXl (’OVC}, &'5)
= 0.9, so Sx; (33, %s) <Sx1 (33, &s);

SX3(&3,&4) =0.85 and Sx3(&37&5)
= 08775, S0 Sx3 (&3,54) <Sx3(6£'37 &5);

M(&3, &4) = 0.8875 and M(,O?3, &5)
= 097 SO ]‘4(&37 &4) <M(&3, &5)

Example 3 Let o6 = ([0, 0.5],[0.1,0.4],[0.1, 0.9)), &7 =
([0.3,0.4], [0.2,0.5],[0.1,0.5]) and as = ([0.1,0.4],
[0.4,0.5],[0.1, 0.5]) be three IVIFNS, by applying Egs. (6),
(7), (8) and (9) we obtain Sx; (o, %7) = Sx1(%, %g) =
0.85, SXZ(&67&7) :sz(&67&g) —07 Sx3(&67d7) =
SX3(§67 &3) = 08268, and Sx4(066, 067) = Sx4(066, )
=0.7.
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By applying Eq. (10), we obtain

M(&G, &7) = 0.875 and M(&@, &8)
=0.825, so M(3g, 1) > M(3g, Gs).

The above results indicate that using different similarity
measures can produce different results. In Example 2, the
similarity measures Sy, and Sx4 defined by Xu [22] have
lower discrimination, such that they cannot be used to
classify this example. The result obtained from the pro-
posed similarity measure agrees with the results from Sy
and Sy defined by Xu [22]. The consistent results illustrate
the feasibility and validity of the proposed similarity
measure. In Example 3, all similarity measures defined by
Xu [22] lose their effectiveness. And the reason might be
the ignorance of hesitant degrees. Compared with existing
similarity measures between IVIFNs, the proposed simi-
larity measure takes all of the information into account, it
can characterize the degrees of similarity between IVIFNs
more accurate and effective. Furthermore, the examples
also demonstrate the feasibility and applicability of the
proposed similarity measure.

4 An interval-valued intuitionistic stochastic
MCDM method using set pair analysis

This section describes an interval-valued intuitionistic
stochastic MCDM method using set pair analysis.

For an interval-valued intuitionistic stochastic MCDM
problem, let A = {A,, A,, ..., A,,} be a set of alternatives,
C={Cy, Cy ...,C,} be a set of criteria, and let
0 = {0y, 05, ..., Os} be a set of statuses. The probability of
status 0, can be denoted as p;, where 0 < p; <1 and
> i=1px = 1. The weights vector of the criteria can be
denoted as W = (wy, wa, ..., w,), satisfying > Lyw; =
Lo0<w;<1,j=1,2, ..., n Let Dy = (&j)mxnxk Tep-
resent the interval-valued intuitionistic stochastic decision-
making matrix, where & = ([aiij, affk], [b{;k, bgk], [c,-ij,
cffk]) is an interval-valued intuitionistic stochastic variable
that refers to the criterion value of A; with respect to cri-
terion C; in the kth status. The problem to be addressed
concerns ranking the alternatives or choosing the best
alternative.

The interval-valued intuitionistic stochastic MCDM
approach using set pair analysis proceeds as follows.

Step 1. Determine the criterion weights.

The TOPSIS method, first developed by Hwang and
Yoon [55], is a well-known classical MCDM method. In
TOPSIS, the alternatives are ranked by evaluating the
shortest distance from the ideal solution among the
maximum and minimum criteria values according to
certain criteria. The maximizing deviation method [56],
proposed by Wang, is a method for handling MCDM
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problems with numerical information and determining
criterion weights. The basic idea of the maximizing
deviation method is that a criterion with a larger deviation
value among alternatives should be assigned a greater
weight. Base on the TOPSIS and maximizing deviation
methods, we can construct a new method to determine
criterion weights.

(1) Determine the positive ideal alternative and the
negative ideal alternative.

The positive ideal alternative A™ is chosen according to
the following formula:

AT = ([d",aV], [b",6Y7], [, cV]), (11)

where, @ = maxZi(ajp), a”" = maxZ(af), b =
minfZ (bf), b = minf, (i), ¢ =1 — maxi(af) —
minZ (bi), ¢UT =1 — maxZi(afz) — minZy(bf), and
l<i<m1<j<nl1<k<s.

The negative ideal alternative A~ is chosen according to

the following formula:
A = ([aLf,an}, [bLf,bUf], [ch,ch]), (12)

L— s m L — s m U I—
where, a = = mlni:1(aijk), a = mlni:l(aijk), b =

maxZ (b)), bY™ = maxZ;(bj), ¥~ = 1 — min}Z(aj) —
max:»il(b,;l,-]k), VT =1- minﬁl(af,-k) - maxﬁll(b,-ij), and
l<i=ml<j<nl<k=s

(2) Calculate the overall relative closeness between
alternative A; and the ideal alternative with respect to C;.

Use Eq. (10) to calculate the similarity between each
criterion value and both positive ideal alternative A* and
the negative ideal alternative A~, as follows:

M* (&) =M (&, A7), (13)
M~ (E) = M (&, A7) (14)

Calculate the relative closeness between each criterion
value and the ideal alternative with the following formula:

M(Cy) = M (&) /(M (Ce) + M (Ee))- (15)

The overall relative closeness between alternative A; and
the ideal alternative with respect to C; can be determined as
follows:

U

(3) Establish the mathematical programming model.

Calculate the deviation of the relative closeness of
alternative A; and alternative A; with respect to C; by
applying the following formula:

dh = |My — My (17)

The deviation of all alternatives to other alternatives
with respect to C; can be determined according to the
following formula:
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= ZZ |M'J MIJ

i=1 =1

(18)

Establish the mathematical programming model on the
basis of the maximizing deviation method as follows:

W) = ijdj
J=1

2 owj=1
=1
w; >0, j=12,...n

max L(

s.t

The weights W= (wT, wz, e w:) can be derived by
solving the programming model (19).

Step 2. Calculate the integrated connection degree n; of
alternative A,.

On the basis of compatibility between set pair analysis
and IFS, transform the interval-valued intuitionistic fuzzy
value & = ([a,-ij, affk], [b,_~L,~k, ljk] [c,}k, c,jk]) into a corre-
sponding connection degree 1, and then transform the
interval-valued intuitionistic stochastic decision-making
matrix Dy = (;i)mxnxk iNt0 a connection degree matrix
My = (MijK)mxnxi using the following formula:

nijk = djjk + szk% + C,'jk\l/, (20)
where a;x = [aji, ajxl, b = [cin, cinl, and ¢y = [bi,
bffk]. k is the coefficient of discrepancy degree, [ is the

coefficient of contrary degree and 1=—1.

Calculate the overall connection degree matrix
Cij = (N)mxn of alternative A; with respect to C; using the
following formula:

S S S
g =Y awpe+ Y bupk+ Y cppil.
k=1 =1 k=1

Calculate the integrated connection degree of alternative
A; by applying the following formula:

m m S
M= D W= ) W ) i
=1 =1 k=
m S _ m S _
+D W > bupk+ > wi Y el
=1 k=l =1 k=1

Step 3. Determine the set pair potential.
Calculate the set pair potential of alternative A; by
applying the following formula:

(21)

(22)

ij:l Wi Zi:l jkPk [ - 41 ;
i

shi i) — m K -
) Ej:leZk:ICi]kpk

i M

(23)

Step 4. Rank the alternatives according to the values of
set pair potential.

Normalize the interval number shi(y;) = [#; , n,-+]. Torank
an interval number on the basis of set pair analysis, the interval
number must be normalized so as to transform the various
interval number shi(y;) = [n;, 11,-*] into the comparable
interval number shi(fj;) = [ij; ,#; |, in which the lower limit
#i~ and the upper limit 7T satisfy 0 <7~ <1and 0 <7t <1,
respectively, The transformation formula is as follows:

mm/n
{ if; i=1-

mm
o
mm

where, n"" = m.m n; .
Transform the normalized interval number shi(ij;) =

(24)

[nl- M ] into a set pair connection degree. The transfor-
mation formula is as follows:

(25)

where i =S5 = ii; , b———ﬂ, i~ and
Ci = % = 1 — 117_

Calculate the set pair potential as follows:
shi(p;) =2 (26)

The larger the value of shi(y;), the better the alternative
A; will be.

5 Numerical example

This section applies the proposed method to solve a prac-
tical problem and compares the proposed approach with
existing methods to illustrate its effectiveness and
operability.

5.1 Illustration of the proposed method

Example 4 ABC MANUFACTURE is a manufacturing
company that is primarily involved in the development and
production of mobile phone parts. In order to enhance the
company’s market competitiveness, the company execu-
tives decide to select the best enterprise among four peer
enterprises {Aj, Ay, A3, A4} to form a corporate union.
ABC MANUFACTURE engages an expert to help select
the best enterprise. The expert assesses the four enterprises
on the basis of three criteria, namely production capability
C,, research and development capability C, and the cash
flow capacity C;. The expert provides information on the
four enterprises based on the evaluation criterion and the
operational status of each enterprise. Three possible sta-
tuses 60, 0,, and 03 may describe the operational status of
an enterprise; 0, indicates that the enterprise is well-run, 0,
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indicates that the enterprise is operating at a satisfactory
level, and 05 indicates the enterprise is not well-run. The
corresponding probabilities of each status occurring are
0.3, 0.5 and 0.2, respectively.

The evaluations given by decision-maker are transformed
into interval-valued intuitionistic stochastic variables in
order to reflect any fuzzy or uncertain information in the
evaluations. Dy = (1), D, = (), and D3 = (&;;3) con-
tain the transformed evaluation information for statuses 0,
0,, and 03, respectively. For example, in the fourth row
and the first column of decision matrix D,, the interval-val-
ued intuitionistic stochastic variable &4, = ([0.6, 0.7],
[0.1, 0.2], [0.1, 0.3]) indicates the expert’s belif that when
the enterprise is operating at a satisfactory level, enterprise
A4 is 60-70 percent productive and 10-20 percent unpro-
ductive; the range of 10-30 percent expresses his hesitation.
The vector of criterion weights given by the expert is denoted
as Q= {01 <w; <03,02 <w,<04,0.5 <ws <0.7,
W1+W2+W3=1}.

(2) Calculate the overall relative closeness between
alternative A; and the ideal alternative with respect to C;.

The overall relative closeness can be obtained by using
Egs. (10), (13), (14), (15) and (16). The results are shown
in Table 3.

(3) Establish the mathematical program model.

The deviation of all alternatives to other alternatives
with respect to C; can be obtained using Eqgs. (17) and (18),
with the following results

d; =0.936,d, = 0.518,d; = 0.946.
Establish the mathematical programming model as fol-
lows, according to Eq. (19):
W) = 0.936w; + 0.518w; + 0.946w;
wi+wy+ws =1
0.1<w; <03
02<w,; <04
0.5<w3<0.7

max L(

S.t.

T ([0.8,0.9],[0.0,0.1],[0.0,0.2])  ([0.7,0.8],]0.1,0.2],[0.0,0.2]))  ([0.5,0.7],]0.1,0.3],[0.0,0.4])
b _ | (06,07),002,03],(00,02)  ((05,07],(02,03],0.0,03])  ([03,0.6],0.2,03],[0.1,0.5])
"7 | ([04,0.5],[0.2,0.4],(0.1,04])  ([0.6,0.8],[0.0,0.1],(0.1,0.4])  ([0.7,0.9],[0.0,0.1],[0.0,0.3])
| ([0.7,0.8],[0.1,0.2],[0.0,0.2])  ([0.5,0.6],0.2,0.3],[0.1,0.3])  ([0.4,0.5],]0.2,0.4],[0.1,0.4])
[([0.7,0.8],[0.1,0.2],[0.0,0.2])  ([0.6,0.7],]0.1,0.3],0.0,0.3])  ([0.6,0.8],0.0,0.2],[0.0,0.4]) ]
b ([0.5,0.7],[0.1,0.2],[0.1,0.4])  ([0.8,0.9],]0.0,0.1],[0.0,0.2]) ([0.5,0.6],[0.2,0.3],[0.1,0.3])
27 1(]0.5,0.7],[0.2,0.3],0.0,0.3])  ([0.4,0.5],[0.1,0.3],(0.2,0.5]) ([0.6,0.7],]0.1,0.2],[0.1,0.3]]
| ([0.6,0.7],[0.1,0.2],0.1,0.3])  ([0.7,0.8],[0.1,0.2],[0.0,0.2]) ([0.5,0.7],[0.1,0.3],[0.0,0.4]) |
([0.6,0.7],[0.1,0.3],[0.0,0.3])  ([0.4,0.7],]0.1,0.2],[0.1,0.5]) ([0.6,0.7],[0.1,0.3],0.0,0.3]) ]
b ([0.4, 06}, 0.1,0.2],[0.2,0.5])  ([0.4,0.5],]0.3,0.4],[0.1,0.3]) ([0.5,0.7],]0.2, 0 3],[0.0,0.3))
37 [ ([0.2,0.4],[0.0,0.1],[0.5,0.8]) ([0.3,0.6],[0.0,0.1],[0.3,0.7]) ([0.5,0.7],[0.1,0.2],[0.1,0.4])
| ([0.7,0.8],0.0,0.1],[0.1,0.3])  ([0.8,0.9],0.0,0.1],[0.0,0.2]) ([0.7,0.8],[0.1,0.2],0.0,0.2]) |

Step 1. Determine the criterion weights.

(1) Determine the positive and negative ideal alternatives.

The positive ideal alternative and negative ideal alter-
native can be derived using Eqs. (11) and (12). The results
are as follows:

A* = (]0.8,0.9],]0,0.1],[0,0.2]), A~
= ([0.2,0.4],0.3,0.4],[0.2,0.5]).

The weights W =
using LINGO.

Step 2. Calculate the integrated connection degree #; of
alternative A;.

The stochastic connection degree matrixes M, = (#;j1),
M, = (y;2), and M3 = (1,3) are derived by applying
Eq. (20), and the results are as follows:

(0.1, 0.2, 0.7) can easily be obtained

Table 3 Overall relative closeness between each alternative and the ideal alternative

G G G
A 0.6033 0.5463 0.5504
Ay 0.5132 0.5645 0.4694
As 0.4648 0.4924 0.5678
Ay 0.5736 0.5736 0.5017
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[10.8,0.9] +[0,0.2] k +[0,0.1]7  [0.7,0.8] +[0,0.2]k +[0.1,0.2]  [0.5,0.7] + [0,0.4]k +[0.1,0.3]] |
u, — | 06,07+ 0, 0.2]k +[0.2,03]1  [0.5,0.7] +[0,0.3]k 4+ [0.2,0.3]]  [0.3,0.6] 4 [0.1,0.5]k + [0.2,0.3]/
[0.4,0.5] +[0.1,0.4]k 4+ [0.2,0.4]1  [0.6,0.8] 4+ [0.1,0.4]k +[0,0.1]/  [0.7,0.9] + [0,0.3]k + [0,0.1]1
1 [0.7,0.8] +[0,0.2]k + [0.1,0.2]]  [0.5,0.6] +[0.1,0.3]k + [0.2,0.3]] [0.4,0.5] + [0.1,0.4]k + [0.2,0.4] |
[10.7,0.8] +[0,02]k +[0.1,02]7  [0.6,0.7]+[0,0.3]k +[0.1,0.3]L  [0.6,0.8] + [0,0.4]k +[0,0.2] | |
M, — | 05,07+ [0.1,0.4]k + [0.1,0.2]] [0.8,0.9] +[0,0.2]k + [0,0.1]/ [0.5,0.6] + [0.1,0.3]k + [0.2,0.3]
[0.5,0.7] 4 [0,0.3]k +[0.2,0.3]]  [0.4,0.5] +[0.2,0.5]k + [0.1,0.3] [0.6,0.7] + [0.1,0.3)k + [0.1,0.2]
L[0.6,0.7] +[0.1,0.3]k 4 [0.1,0.2]7  [0.7,0.8] + [0,0.2]k + [0.1,0.2]/  [0.5,0.7] + [0,0.4]k 4 [0.1,0.3]]
[0.6,0.7] +[0,03]k + [0.1,03]7  [0.4,0.7) +[0.1,0.5)k +[0.1,0.2]]  [0.6,0.7] + [0,0.3]k + [0.1,0.3] /
M, — | 104,06] +[0.2,0.5)k + 0.1,0.2] 1 [04,0.5]+[0.1,0.3]k +[0.3,0.4]7  [0.5,0.7] + [0,0.3]k + [0.2,0.3]/
[0.2,0.4] 4 [0.5,0.8]k + [0,0.1]]  [0.3,0.6] +[0.3,0.7]Jk +[0,0.1]/  [0.5,0.7] + [0.1,0.4]k + [0.1,0.2]]
| [0.7,0.8] +[0.1,0.3]k 4 [0.0,0.1]  [0.8,0.9] + [0,0.2]k + [0,0.1]/ [0.7,0.8] + [0,0.2]k 4 [0.1,0.2]1

The overall connection degree matrix C = (#;),,x, can
be obtained through Eq. (21), with the following results:

[0.71,0.81] + [0, 0.22]k + [0.07, 0.19]/

[0.51,0.68] + [0.09,0.36] & + [0.13, 0.23]]
[0.41,0.58] +[0.13, 0.43]k + [0.16, 0.29]/
[0.65, 0.75] + [0.07,0.27]k + [0.08, 0.18]

[0.59, 0.73] 4 [0.02,0.31]k + [0.1, 0.25]/
[0.63, 0.76] 4 [0.02,0.25]k + [0.12,0.22]1  [0.44,0.62] + [0.08, 0.36]k + [0.2,0.3]
[0.44, 0.61] +[0.19, 0.51]k + [0.05, 0.2]1
[0.66, 0.76] + [0.03,0.23]k + [0.11,0.21]7  [0.51, 0.66] + [0.03, 0.36]k + [0.13,0.31]

Transform the interval number into a set pair connection
degree according to Eq. (25)

1 [0.57,0.75] + [0, 0.38]k + [0.05, 0.25]1

1 [0.61,0.76] 4 [0.07, 0.32]k + [0.07,0.17] 1
I I

The integrated connection degree of alternative A; can
be obtained using Eq. (22) as follows:

1 = [0.588,0.752] + [0.004,0.35]k + [0.062,0.244] 1, n,
= [0.485,0.654] + [0.069,0.338]k + [0.177,0.277],

1y = [0.556,0.712] + [0.1,0.369]k + [0.075,0.188]1, ,
= [0.554,0.689] + [0.034,0.325]k + [0.121,0.277] 1.

Step 3. Determine the set pair potential.

Using Eq. (23), the set pair potential shi(y;) of alterna-
tive A; can be determined as follows:

shi(ny) = [2.4098, 12.129],
shi(n,) = [1.7509, 3.6949],
shi(ng) = [2, 5.6942].
Step 4. Rank the alternatives according to the values of set
pair potential.

The normalized interval number shi(7j;) can be derived
as follows using Eq. (24).

shi(ij,) = [0.2734,0.8556], shi(ii,) = [0,0.5261], shi(is)
= [0.4080,0.8156], shi(ij,) = [0.1245,0.6925].

shi(nz) = [2.9574, 9.4933],

1y (shi(ijy), 1) = 0.2734 + 0.5822k + 0.14441,
11, (shi(ij5), 1) = 0+ 0.5261k + 0.47391,

115 (shi(ij;), 1) = 0.408 + 0.4076k + 0.18441,
11y (shi(ijy), 1) = 0.1245 4 0.568k -+ 0.30751.

Rank the alternatives
follows:

shi(py) = 1.8941,
shi(py) = 0.405,

shi(py) <shi(py) <shi(py) <shi(us).

The order of the alternatives is A, < Ay < A; < Aj,
indicating that the best enterprise for ABC MANU-
FACTURE to choose is enterprise As.

according to Egq. (26), as

shi() = 0, shi(us) = 2.2119,

5.2 Comparison analysis and discussion

In order to verify the feasibility of the proposed decision-
making approach based on IVIFSs and set pair analysis, we
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conducted a comparison analysis based on the same illus-
trative example.

The comparison analysis includes two cases. One
incorporates the methods outlined in Li et al. [37] and Li
et al. [38], which are compared to the proposed method
using intuitionistic fuzzy information. In the other case, the
method introduced in Gao and Liu [36] is compared with
the proposed approach using interval-valued intuitionistic
fuzzy information.

Case 1: The proposed method is compared with other
methods using intuitionistic fuzzy information.

In order to apply the methods in Li et al. [37] and Li
et al. [38], all interval-valued intuitionistic fuzzy evaluation
values are translated into intuitionistic fuzzy evaluation
values using the mean values of membership, non-mem-
bership and hesitation.

In the method developed by Li et al. [37], the intu-
itionistic fuzzy distance is defined, and the prospect deci-
sion matrix is obtained based on prospect theory and
intuitionistic fuzzy distance. Then, the comprehensive
prospect values which are in the form of intuitionistic fuzzy
numbers are calculated and the alternatives are ranked
using the score function. According the Li et al. [37], the
score function values are S; = —0.3394, S, = —0.6060,
S3 = —0.3668 and S; = —0.4069.

The method introduced in Li et al. [38] consists of two
main steps. First the intuitionistic fuzzy information is
transformed into crisp values through a new score function.
Then, based on prospect theory, the prospect matrix is
obtained, and the alternatives are ranked by comprehensive
prospect values. According to Li et al. [38], the compre-
hensive prospect values are W; = 0.7843, W, = 0.3610,
W3 = 0.9917, W, = 0.5533.

Case 2: The proposed method is compare with the
method using interval-valued intuitionistic fuzzy
information.

The method developed in Gao and Liu [36] consists of
two main steps. First, the IVIFNs are transformed into real
numbers through the proposed P-score function, and the
corresponding P-score function matrix is constructed.
Then, the positive and negative prospect values are com-
puted, and the integrated prospect values are derived. And
the alternatives can be ranked according to the integrated
prospect values.

Table 4 summarizes the ranking results according to
different methods, based on the criterion weights obtained
using the proposed programming model.

As Table 4 shows, different methods yield different
ranking results, but all of the methods except that found in
in Li et al. [37] identify A5 as the optimal alternative. This
inconsistency likely occurs because Li et al. [37] uses the
intuitionistic fuzzy distances between the evaluation values
and reference point to construct the prospect matrix. The

@ Springer

Table 4 Ranking results using different methods

Methods Ranking results

Li et al.’s [37] method
Li et al. ’s [38] method
Gao and Liu’s [36] method
The proposed approach

Ay <Ay < A3 < A
Ay < A4 <A < A;
Ay <Ay <A < A;
Ay <Ay <A < A3

validity and efficiency of the reference point [0.5, 0.5] in
Li et al. [37] requires further study and the score function
used to rank alternatives in Li et al. [37] needs to be
improved.

Although the ranking results obtained through the
methods developed by Gao and Liu [36] and Li et al.
[38] are consistent with the results of the proposed
method, the decision-making processes are different. Both
the method introduced by Gao and Liu [36] and that
introduced by Li et al. [38] are based on prospect theory,
with one of the methods applying to interval-valued
intuitionistic fuzzy environment and the other dealing
with intuitionistic fuzzy information. These two methods
use different score functions to transform interval-valued
intuitionistic information or intuitionistic fuzzy informa-
tion into real numbers during the first step of the deci-
sion-making process, which may cause a loss of fuzzy
information. Besides, all of the methods except the pro-
posed method are based on prospect theory, it is difficult
to determine the reference point and the parameters,
because they depend on the psychological behavior of the
decision-makers.

According to the above comparison analysis, the pro-
posed method for addressing intuitionistic stochastic
MCDM problems has the following advantages.

1. The proposed approach represents interval-valued
intuitionistic fuzzy information using connection
degrees, which can simultaneously characterize the
membership degree, non-membership degree and
hesitation degree with a simple mathematic depiction
and we can directly compute with connection degrees
without transformation. Compared with methods that
involve transforming IVIFNs into real numbers, the
proposed approach’s used of connection degrees can
effectively avoids the loss of information.

2. Considering the difficulty to determine the reference

points and parameters, the proposed method is more
applicable to hand MCDM problem in which the
decision-makers do not need to consider reference
point and parameters. The calculations of the proposed
approach are relatively simple. Besides, the proposed
method can also be extended to address stochastic
MCDM problems under IFS environments.
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3. The results obtained by the proposed similarity mea-
sure might be more accurate for it takes the hesitation
degree into account. And the new method to determine
criterion weights on the basis of TOPSIS and the
deviation maximizing method can effectively deal with
the MCDM problem with incomplete criterion weights
information.

6 Conclusion

In this paper, we present an approach for MCDM prob-
lems based on set pair analysis and IVIFSs, in which the
criteria values are interval-valued intuitionistic stochastic
variables. In the proposed method, an optimization weight
model based on TOPSIS and the maximizing deviation
methods is constructed to determine the criterion weights.
Evaluation values are expressed in corresponding con-
nection degrees based on the compatibility between set
pair analysis and IFS. Combining set pair analysis and
IVIFSs, alternatives are ranked according to the values of
set pair potential. The feasibility and applicability of the
proposed method was illustrated by an example, and a
comparison analysis verified the validity of the proposed
method and demonstrated its advantages over existing
methods.

The proposed method fully considers the advantages of
set pair analysis by using the connection degree to repre-
sent interval-valued fuzzy information and ranking the
alternatives according to set pair potential. The proposed
method effectively overcomes the shortcomings of the
existing methods as was discussed earlier. Nevertheless,
interval-valued intuitionistic fuzzy information cannot be
directly given by decision-makers. Normally, the evalua-
tion values of multiple decision-makers are collected and
transformed into interval-valued intuitionistic fuzzy infor-
mation and this preparation needs to be completed by the
experts who have certain understanding of IFS or IVIFS.
Besides, the method of determining the criterion weights in
the proposed method is applicable to handle the situation
that the criteria information is incomplete and, on the basis
of this method, it is worth studying how to calculate the
criterion weights in the case that nobody is capable of
giving them. In future study, we will also study the inter-
val-valued intuitionistic stochastic MCDM problems, and
extend them to other fields, such as selection of green
suppliers or evaluation of environmental comprehensive
service providers, etc.

Acknowledgments The authors thank the editors and anonymous
reviewers for their helpful comments and suggestions. This work was
supported by the National Natural Science Foundation of China (Nos.
71271218 and 71571193).

References

—

11.

12.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

. Zadeh LA (1965) Fuzzy sets. Inf Control 8:338-353
. Yu SM, Wang J, Wang JQ (2016) An interval type-2 fuzzy

likelihood-based MABAC approach and its application in
selecting hotels on the tourism website. Int J Fuzzy Syst. doi:10.
1007/s40815-016-0217-6

. Zhang H, Zhou R, Wang JQ (2016) An FMCDM approach to

purchasing decision-making based on cloud model and prospect
theory in e-commerce. Int J] Comput Intell Syst 9(4):676-688

. He Y, Liu JNK, Hu Y, Wang XZ (2015) OWA operator based

link prediction ensemble for social network. Expert Syst Appl
42(1):21-50

. He YL, Wang XZ, Huang JZ (2016) Fuzzy nonlinear regression

analysis using a random weight network. Inf Sci 364:222-240

. Wang XZ, Ashfaq RAR, Fu AM (2015) Fuzziness based sample

categorization for classifier performance improvement. J Intell
Fuzzy Syst 29(3):1185-1196

. Wang XZ (2015) Uncertainty in learning from big data-editorial.

J Intell Fuzzy Syst 28(5):2329-2330

. Ashfaq RAR, Wang XZ, Huang JZX, Abbas H, He YL (2016)

Fuzziness based semi-supervised learning approach for intrusion
detection system. Inf Sci. doi:10.1016/.ins.2016.04.019

. Atanassov K (1986) Intuitionistic fuzzy sets. Fuzzy Sets Syst

20(1):87-96

. Wang C, Wang J (2016) A multi-criteria decision-making method

based on triangular intuitionistic fuzzy preference information.
Intell Autom Soft Comput 22(3):473—482

Xu Z, Liao H (2014) Intuitionistic fuzzy analytic hierarchy pro-
cess. Fuzzy Syst IEEE Trans 22(4):749-761

Wang JQ, Han ZQ, Zhang HY (2014) Multi-criteria group
decision-making method based on intuitionistic interval fuzzy
information. Group Decis Negot 23(4):715-733

. Zhang X, Deng Y, Chan FTS (2013) IFSJSP: a novel method-

ology for the job-shop scheduling problem based on intuitionistic
fuzzy sets. Int J Prod Res 51(17):5100-5119

Yue Z (2014) TOPSIS-based group decision-making methodol-
ogy in intuitionistic fuzzy setting. Inf Sci 277:141-153
Atanassov K, Gargov G (1989) Interval-valued intuitionistic
fuzzy set. Fuzzy Sets Syst 31(3):343-349

Meng FY, Zhang Q, Cheng H (2013) Approaches to multiple-
criteria group decision making based on interval-valued intu-
itionistic fuzzy Choquet integral with respect to the generalized
A-Shapley index. Knowl Based Syst 37:237-249

Yu D, Wu Y, Lu T (2012) Interval-valued intuitionistic fuzzy
prioritized operators and their application in group decision
making. Knowl Based Syst 30:57-66

Xu ZS (2007) Methods for aggregating interval-valued intu-
itionistic fuzzy information and their application to decision
making. Control Decis 22(2):215-219

Xu ZS (2010) Choquet integrals of weighted intuitionistic fuzzy
information. Inf Sci 180:726-736

Liu P (2014) Some Hamacher aggregation operators based on the
interval-valued intuitionistic fuzzy numbers and their application
to group decision making. Fuzzy Syst IEEE Trans 22(1):83-97
He Y, Chen H, Zhou L (2014) Intuitionistic fuzzy geometric
interaction averaging operators and their application to multi-
criteria decision making. Inf Sci 259:142-159

Xu ZS (2007) On similarity measures of interval-valued intu-
itionistic fuzzy sets and their application to pattern recognition.
J Southeast Univ (English Ed) 23(1):139-143

Grzegorzewski P (2004) Distances between intuitionistic fuzzy
sets and/or interval-valued fuzzy sets based on the Hausdorff
metric. Fuzzy Sets Syst 148:319-328

@ Springer


http://dx.doi.org/10.1007/s40815-016-0217-6
http://dx.doi.org/10.1007/s40815-016-0217-6
http://dx.doi.org/10.1016/j.ins.2016.04.019

640

Int. J. Mach. Learn. & Cyber. (2018) 9:629-640

24.

25.

26.

217.

28.

29.

30.

31.

32.

33.

34.

35.

36.

38.

39.

40.

Hung WL, Yang MS (2004) Similarity measures of intuitionistic
fuzzy sets based on Hausdorff distance. Pattern Recogn Lett
25:1603-1611

Wei CP, Wang P, Zhang YZ (2011) Entropy, similarity measure
of interval-valued intuitionistic fuzzy sets and their applications.
Inf Sci 181:4273-4286

Chen TY (2015) The inclusion-based TOPSIS method with
interval-valued intuitionistic fuzzy sets for multiple criteria group
decision making. Appl Soft Comput 26:57-73

Wang XF, Wang JQ, Yang WE (2015) A group decision making
approach based on interval-valued intuitionistic uncertain lin-
guistic aggregation operators. Informatica 26(3):523-542

Zhang X, Xu Z (2015) Soft computing based on maximizing con-
sensus and fuzzy TOPSIS approach to interval-valued intuitionistic
fuzzy group decision making. Appl Soft Comput 26:42-56

Peng JJ, Wang JQ, Wu XH, Zhang HY, Chen XH (2015) The
fuzzy cross-entropy for intuitionistic hesitant fuzzy sets and its
application in multi-criteria decision-making. Int J Syst Sci
46(13):2335-2350

Xu Z, Cai X (2009) Incomplete interval-valued intuitionistic
fuzzy preference relations. Int J Gen Syst 38(8):871-886

Zhou H, Wang JQ, Zhang HY (2015) Grey stochastic multi-
criteria decision-making based on regret theory and TOPSIS. Int J
Mach Learn Cybern. doi:10.1007/s13042-015-0459-x

Wang JQ, Kuang JJ, Wang J, Zhang HY (2016) An extended
outranking approach to rough stochastic multi-criteria decision-
making problems. Cognit Comput. doi:10.1007/s12559-016-9417-5
Tan CQ, Ip WH, Chen XH (2014) Stochastic multiple criteria
decision making with aspiration level based on prospect
stochastic dominance. Knowl Based Syst 70:231-241

Okul D, Cevriye G, Emel KA (2014) A method based on SMAA-
TOPSIS for stochastic multi-criteria decision making and a real-
world application. Int J Inf Technol Decis Mak 13(5):957-978
Hu JH, Peng C, Liu Y (2014) Dynamic stochastic multi-criteria
decision making method based on prospect theory and conjoint
analysis. Manag Sci Eng 8(3):65-71

Gao J, Liu H (2015) Interval-valued intuitionistic fuzzy stochastic
multi-criteria decision-making method based on prospect theory.
Kybernetes 44(1):25-42

. Li P, Wu JM, Zhu JJ (2014) Stochastic multi-criteria decision-

making methods base on new intuitionistic fuzz distance. Syst
Eng Theory Pract 34(6):1517-1524

Li P, Liu SF, Zhu JJ (2012) Stochastic fuzzy intuitionistic fuzzy
decision-making methods based on prospect theory. Control
Decis 27(11):1601-1606

Li P, Liu SF, Zhu JJ (2013) Intuitionistic fuzzy stochastic multi-
criteria decision-making methods based on MYCIN certainty factor
and prospect theory. Syst Eng Theory Pract 33(6):1509-1515

Hu J, Chen P, Chen X (2014) Intuitionistic random multi-criteria
decision-making approach based on prospect theory with multiple
reference intervals. Scientia Iranica Trans E Ind Eng 21(6):2347

@ Springer

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

Wang JQ, Li JJ (2010) Intuitionistic random multi-criteria deci-
sion-making approach based on score function. Control Decis
25(9):1297-1301

Zhao KQ (1989) Set pair and set pair analysis-a new concept and
systematic analysis method. In: Proceedings of the national
conference on system theory and regional planning, pp 87-91
Guo E, Zhang J, Ren X (2014) Integrated risk assessment of flood
disaster based on improved set pair analysis and the variable
fuzzy set theory in central Liaoning Province, China. Nat Hazards
74(2):947-965

Tao J, Fu M, Sun J (2014) Multifunctional assessment and zoning
of crop production system based on set pair analysis-a compar-
ative study of 31 provincial regions in mainland China. Commun
Nonlinear Sci Numer Simul 19(5):1400-1416

Xie Z, Zhang F, Cheng J (2013) Fuzzy multi-attribute decision
making methods based on improved set pair analysis. In: Com-
putational intelligence and design (ISCID), 2013 Sixth interna-
tional symposium on IEEE, vol 2, pp 386-389

Zhang S (2008) Method for multiple attribute decision making
with linguistic assessment information based on set pair analysis
and intuitionistic fuzzy set. Sci Technol Rev 26(12): 67-69
Yue R, Wang ZB, Peng AH (2012) Multi-attribute group decision
making based on set pair analysis. Int J Adv Comput Technol
4(10):205-213

Hu JH, Liu Y (2011) Dynamic stochastic multi-criteria decision
making method based on cumulative prospect theory and set pair
analysis. Syst Eng Proc 1:432-439

Xu ZS (2010) A deviation-based approach to intuitionistic fuzzy
multiple attribute group decision making. Group Decis Negot
19:57-76

Szmidt E, Kacprzyk J (2000) Distances between intuitionistic
fuzzy sets. Fuzzy Sets Syst 114:505-518

Hung WL, Yang MS (2004) Similarity measures of intuitionistic
fuzzy sets based on Hausdorff distance. Pattern Recogn Lett
25:1603-1611

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 Mak 8(2):123—-139

Singh P (2012) A new method on measure of similarity between
interval-valued intuitionistic fuzzy sets for pattern recognition.
J Appl Comput Math 1(1):1-5

Ye J (2013) Interval-valued intuitionistic fuzzy cosine similarity
measures for multiple attribute decision-making. Int J Gen Syst
42(8):883-891

Hwang C, Yoon K (1981) Multiple attribute decision making:
methods and applications. Springer-Verlag, Berlin

Wang YM (1998) Using the method of maximizing deviations to
make decision for multi-indices. Syst Eng Electron 20(7):24-26


http://dx.doi.org/10.1007/s13042-015-0459-x
http://dx.doi.org/10.1007/s12559-016-9417-5

	An approach to interval-valued intuitionistic stochastic multi-criteria decision-making using set pair analysis
	Abstract
	Introduction
	Preliminaries
	IVIFS
	Interval-valued intuitionistic stochastic variable
	Set pair analysis

	A new similarity measure between IVIFNs
	An interval-valued intuitionistic stochastic MCDM method using set pair analysis
	Numerical example
	Illustration of the proposed method
	Comparison analysis and discussion

	Conclusion
	Acknowledgments
	References




