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We investigate multiple attribute group decision making (MAGDM) problems with arguments taking the form of interval-valued
intuitionistic fuzzy numbers. In order to relieve influence of unfair arguments, a Gaussian distribution-based argument-dependent
weighting method and a hybrid support-function-based argument-dependent weighting method are devised by, respectively,
measuring support degrees of arguments indirectly and directly, based on which the Gaussian generalized interval-valued
intuitionistic fuzzy ordered weighted averaging operator (Gaussian-GIIFOWA) and geometric operator (Gaussian-GIIFOWG),
the power generalized interval-valued intuitionistic fuzzy ordered weighted averaging (P-GIIFOWA) operator and geometric (P-
GIIFOWA) operator are proposed to generalize a wide range of aggregation operators for decision makers to flexibly choose in
decision modelling. And some desirable properties of the proposed operators are also analyzed. Further, application of an approach
integrating proposed operators to exploitation investment evaluation of tourist spots has shown the effectiveness and practicality

of developed methods; experimental results also verify the properties of proposed operators.

1. Introduction

Multiple attribute group decision making (MAGDM) is an
important part of decision theories and the purpose of
MAGDM is to find a desirable solution from finite alterna-
tives by a group of experts assessing on multiple attributes
with different types of decision information, such as crisp
numbers [1-5], interval values [6-8], linguistic scales [9-11],
and fuzzy numbers [12-17]. In order to better handle the
fuzziness and uncertainty in decision process, intuitionistic
fuzzy set (IFS) [18] and interval-valued intuitionistic fuzzy set
(IVIES) [19] have been introduced and increasing approaches
[20-31] for MAGDM with intuitionistic fuzzy information
can be found in related research literatures. Among the
procedures of those MAGDM approaches, a very common
information aggregation technique is the OWA [32] operator,
which can provide a parameterized family of aggregation
operators including the maximum, the minimum, and the

average criteria. Since its appearance, the OWA operator has
been developed and used in a wide range of applications in
decision making and expert systems [8, 10, 13, 21-24, 33-40].

The important and fundamental step of OWA operator
and its extended versions is to determine the associated
weights. Many researches have been carried out on this
issue and useful methods have been developed under differ-
ent decision environments, such as crisp numbers, interval
numbers, and linguistic scales, which can be mainly clas-
sified into two categories [41]: (1) argument-independent
approaches [42-48]; (2) argument-dependent approaches [4,
5,9, 11, 23, 41, 42, 44, 45, 49-52]. The weights derived by
the argument-independent approaches are associated with
particular ordered positions of the aggregated arguments
and have no connection with the aggregated arguments,
while the argument-dependent approaches determine the
weights based on input arguments. As for the argument-
dependent approaches, the prominent characteristic is that



they can relieve the influence of unfair arguments on the
aggregated results by assigning low weights to those “false”
and “biased” ones. In viewing of this merit, researches on
argument-dependent approaches under intuitionistic fuzzy
environments and interval-valued intuitionistic fuzzy envi-
ronments have started to accumulate recently, such as the
linear programming-based aggregation operators with par-
tial weight information [53], the aggregation operators [24]
based on power method [54], the induced aggregation oper-
ators [55] based on Choquet integral and Dempster-Shafer
theory, the power average operators [27] with trapezoidal
intuitionistic fuzzy information, the generalized intuitionistic
fuzzy power averaging operators [23], and the generalized
dependent aggregation operators [40] for MAGDM with
intuitionistic linguistic information.

Another practical and interesting research issue of apply-
ing OWA operator to MAGDM is the generalized exten-
sions utilizing generalized means and quasiarithmetic means,
which are, respectively, known as the generalized OWA
(GOWA) operators [35, 56] and the Quasi-OWA operators
[57]. And the main advantages of generalized operators are
that they can generalize a wide range of aggregation operators
including the average, the OWA and the OWG operators,
and that they can flexibly reflect the interests and actual
needs of decision makers, such as the generalized extensions
[58] of induced OWA (IOWA) operator [59], the generalized
weighted exponential proportional aggregation operators [4]
for group decision making with crisp numbers, the expanded
generalized hybrid averaging (GHA) operator [37, 60] for
fuzzy multiattribute decision making environments, the
induced linguistic generalized OWA (ILGOWA) operators
[61], and the generalized power aggregation operators for
linguistic environment [9].

As for the decision making situations with intuitionistic
fuzzy information, several researches have been conducted
to address suitable generalized operators recently. Zhao et al.
[62] investigated extensions of GOWA operator to present the
generalized intuitionistic fuzzy weighted averaging operator,
generalized intuitionistic fuzzy ordered weighted averaging
operator, generalized intuitionistic fuzzy hybrid averaging
operator, and Li [36] presented another extensions of GOWA
operator to accommodate intuitionistic fuzzy information.
However, all the above operators are unsuitable for aggre-
gating individual preference relations into group preference
relation when some experts prefer to aggregate the vari-
ables with an inducing order. So, Xu and Xia [55] studied
the induced generalized intuitionistic fuzzy Choquet inte-
gral operators and induced generalized intuitionistic fuzzy
Dempster-Shafer operators. Xu and Wang [22] developed
the induced generalized intuitionistic fuzzy ordered weighted
averaging (IGIFOWA) operator based on the GIFOWA [62]
and the I-IFOWA [22, 63] operators. And based on the
IGOWA operator introduced by Merigé and Gil-Lafuente
[58], Su et al. [21] presented another induced intuitionistic
generalized fuzzy ordered weighted averaging (IG-IFOWA)
operator. In addition, Zhou et al. [23] proposed a generalized
operator based on the power aggregation operator and gen-
eralized mean, but the same as most researches [9, 11, 24, 38,
64] that focused on extended power aggregation operators,
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they did not discuss construction methodology of support
function in their presented operators. Comparatively, current
research on generalized operators for decision making situa-
tions with interval-valued intuitionistic fuzzy information is
still in its infancy; only few papers can be found in the liter-
ature. Representatively, Zhao et al. [62] further extended the
GOWA operators to present some basic generalized aggrega-
tion operators for dealing with interval-valued intuitionistic
fuzzy information, including the generalized interval-valued
intuitionistic fuzzy weighted averaging operator, generalized
interval-valued intuitionistic fuzzy ordered weighted averag-
ing operator, and generalized interval-valued intuitionistic
fuzzy hybrid average operator. Based on the Choquet integral
method and Dempster-Shafer theory, Xu and Xia [55] investi-
gated patulous induced generalized operators for aggregation
of interval-valued intuitionistic fuzzy information. And most
recently, Xu and Wang [22] also studied the induced version
of generalized OWA operators for interval-valued intuition-
istic fuzzy group decision making.

The aim of this paper is to develop some generalized
argument-dependent aggregation operators more suitable for
tackling with uncertainty in multiple attribute group decision
making with interval-valued intuitionistic fuzzy information.
Inspired by the Gaussian distribution method, we present
the Gaussian generalized interval-valued intuitionistic fuzzy
ordered weighted averaging (Gaussian-GIIFOWA) operator
and Gaussian generalized interval-valued intuitionistic fuzzy
ordered weighted geometric (Gaussian-GIIFOWG) operator;
and a hybrid method is developed for construction of sup-
port degree function, based on which we further present
the power generalized interval-valued intuitionistic fuzzy
ordered weighted averaging (P-GIIFOWA) operator and
the power generalized interval-valued intuitionistic fuzzy
ordered weighted geometric (P-GIIFOWG) operator. The
main advantages of these operators are that: they depend on
input arguments neatly and allow arguments being aggre-
gated to support each other so that they can relieve the influ-
ence of unfair assessments on decision results by assigning
low weights to those “false” and “biased” ones; and simultane-
ously they can include a wide range of aggregation operators
as particular cases, such as interval-valued intuitionistic fuzzy
averaging (IIFA) operator, interval-valued intuitionistic fuzzy
geometric (IIFG) operator, Gaussian interval-valued intu-
itionistic fuzzy ordered weighted geometric (Gaussian-
IIFOWG) operator and averaging (Gaussian-IIFOWA) oper-
ator, power interval-valued intuitionistic fuzzy ordered
weighted geometric (P-IIFOWG) operator and averaging
(Gaussian-IIFOWA) operator, and generalized ITFA (GIIFA)
operator and generalized IIFG (GIIFG) operator. Further-
more, an approach based on the proposed operators is devel-
oped and applied to solve a practical MAGDM problem con-
cerning exploitation investment evaluation of tourist spots.
This approach can give a more completely view of decision
problems with decision information aggregation depending
on input arguments and can also be suitable for solving other
group decision making problems including supplier selection
decision making, strategic management decision making,
human resource management, and emergency solutions eval-
uation.
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The remainder of this paper is organized as follows. In
Section 2, we give a concise review of fundamental concepts
related to intuitionistic fuzzy sets and interval-valued intu-
itionistic fuzzy sets. In Section 3, we first introduce some
related basic aggregation operators, and then we present two
methods to obtain argument-dependent attribute weights by
Gaussian distribution method and by support degree func-
tion, respectively, based on which the Gaussian-GIIFOWA
operator, Gaussian-GIIFOWG operator, P-GIIFOWA oper-
ator, and P-GIIFOWG operator are presented. In addition,
some desirable properties of these operators are analyzed.
In Section 4, an approach for multiple attribute group
decision making under interval-valued intuitionistic fuzzy
environments is constructed based on the four generalized
dependent aggregation operators. In Section 5, application
study on exploitation investment evaluation of tourist spots is
conducted to verify the validity and practicality of developed
methods. Finally, conclusions are given in Section 6.

2. Preliminaries

In this section, we briefly review some basic concepts to
facilitate future discussions.

Atanassov [18] generalized the concept of fuzzy set and
defined the concept of intuitionistic fuzzy set as shown in the
following Definition 1.

Definition 1 (see [18]). An intuitionistic fuzzy set (IFS) A is a
generalized fuzzy set and can be defined as

= {(x,pa (x), 74 (%)) | x € X}, o)

in which p, means a membership function and v, means a
nonmembership function, with the condition 0 < g, (x) +
Va(x) < 1, pyu(x),va(x) € [0,1], for all x € X. Particularly,
A = pu(x) = v4(x); the given IFS A is degraded to an
ordinary fuzzy set.

In reality, it may not be easy to identify the exact values for
the membership and nonmembership degrees of an element
a set. In this case, a range of values should be a more
appropriate measurement to accommodate the vagueness. So,
Atanassov and Gargov [19] introduced the notion of interval-
valued intuitionistic fuzzy set (IVIES).

Definition 2 (see [19]). An interval-valued intuitionistic fuzzy
set (IVIFS) A in X can be defined as

A= {(x iz (%), 77 (0) | x € X} .
2
= {(% 150,15 ], 505 @]) 1 x e X},

where 0 < ,u%(x) < ,u%(x) <1,0 < v%(x) < v%(x) <1,
0< ,u%(x) + v%(x) < lforall x € X.

Similarly, the intervals jiz(x) and 7;(x) denote the mem-
bership and non-membership of an element a set.

If each of the intervals fiz(x) and ¥z(x) contains only one

value for each x € X, we have

¥z (x) = Ve (x) = v5 (x).

(3)

fiz (%) = pk (x) = u3 (%),

Then, the given IVIFS A is degraded to an ordinary
IES.

In order to aggregate interval-valued intuitionistic fuzzy
information, Xu [65] defined the following relations and basic
operations.

Definition 3 (see [65]). Let& = ([a,b], [c,d]), & = ([a,,b;],
le;,dq]), & = ([ay, bB,], [, d,]) be interval-valued intuition-
istic fuzzy numbers (IVIFNs), then

)&, eq, = (la, +a,—aya,,b +b, b b, [¢c,,d,d,]);

(2) &, o, = ([aya,,b,b,], [¢; + ¢, — ¢,6,,d) +d, —dd,]);

G)Ad=([1-(1-a)’1-1-b),[ctd");

() & = ([a" b1, [1-(1-o"1 -1 -dM).

Usually, the following normalized distance measure for-
mulae listed in Definition 4 can be introduced to calculate the
distance of IVIFSs.

Definition 4. Suppose that two interval-valued intuitionistic
fuzzy sets (IVIFSs) A and Bin X can be defined as

A = {(x, iz (x,), 75 (%)) | x; € X}

= {(x 15 () 15 (x)] [ () 95 ()] | i € X
B = {(x, 15 (x,), 75 (x))) | x; € X}

= {(x [u5 () g ()] [ (%) 95 () ]) 1 s € X5

(4)
then we can have

(1) the normalized Euclidean distance measure:

D, (4, B)

v (x;) = 9% (%)) (5)



(2) the normalized Hamming distance measure:

D, (A, B)
1L L
= a; .["Z(xi) ~ Uz (xi)|

|6 () - )|
+ ok () — % () ©

+ iz () =5 ()]

+ [z () - 75 ()|

+ |7T% (x;) = ”Lg] (xi)l ;

(3) the normalized Hausdorff distance measure:

b,(59)
- %imax“#% (x:) - p5 (x,»)' ’
' %(xz) ~ Uz (x )'
o) b, O
'v% (x;) - V% (xi)| )

(i) = 75 (1) »

'77% (xi) - ”g (xl)'} .

In order to rank alternatives, it is necessary to consider
how to compare two interval-valued intuitionistic fuzzy
numbers, so Xu [66] devised an approach to compare two
IVIFNs based on the concepts of score function and accuracy
function.

Deﬁnition 5 (see [66]). For any three IVIFNs & = ([ML, yU],
h D, @ = (i), 4 ), and & = (11, 1
v, Y1), score function can be defined as s(&@) = (1/2)(;4L +
MU — =), accuracy function can be defined as h(&) =
(1/2)(ML + ‘uU +2f +9Y), and

if s(&;) < s(&,), then &, is smaller than &,, &, < &,;
if s(&;) > s(&,), then &, is greater than &,, &; > &,;

if s(&%,) = s(&,), then

if h(a;) < h(&,), then & is smaller than &,, &; <
a,;

if h(&,) > h(&,), then &, is greater than &,, &, >
05

if h(&,) = h(&,), then &, and &, represent the
same information, denoted by &, = &,.
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3. Proposed Generalized Dependent
Interval-Valued Intuitionistic Fuzzy
Ordered Weighted Aggregation Operators

3.1. Basic Operators. Up to now, some useful operators have
been proposed for aggregating the interval-valued intuition-
istic fuzzy information. The most commonly used two opera-
tors for aggregating interval-valued intuitionistic fuzzy argu-
ments are the interval-valued intuitionistic fuzzy weighted
averaging (IIFWA) operator and geometric (IIFWG) operator
as defined by Xu [65] in the following definitions.

Definition 6 (see [65]). An interval-valued intuitionistic
fuzzy weighted averaging (IIFWA) operator of dimension n
is a mapping IIFWA: Q" — (, which has an argument

associated vector w = (w;, w,,... ,a)n)T with w; € [0,1] and
Yy w; = 1, such that

IIFWA,, (&), 8, ...,&,) = 0,0, ® 0,8, ® -+ ® w,d&,. (8)

Leta; = ([a,b],[¢,d;]) (i = 1,2,...,n) be a collection
of interval-valued intuitionistic fuzzy numbers, then their
aggregated value by using the IIFWA operator can be shown
as

IIFWA,, (&, &,,...,&,)

-(|-f1e-aa-flo-sy |

1 1 ©)

1511 ])

Particularly, when w = (1/n,1/n,..., 1/n)T, the IIFWA
operator reduces to the interval-valued intuitionistic fuzzy
averaging (IIFA) operator; that is,

= IIFA (&, &y, ..., @,) .

Definition 7 (see [65]). An interval-valued intuitionistic
fuzzy weighted geometric (IIFWG) operator of dimension
n is a mapping IIFWG: Q" — Q, which has an argument
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associated vector w = (w;, w,, ... ,wn)T with w; € [0,1] and

Yy w; = 1, such that

IIFWG,, (&, &, ..., &,)

— 3% o 3% o ... A%
=4 ' ®&, 0 Qf,

( [ Hb , (
j=1

- [o-oa-flo-a)7| )

j=1 j=1

Particularly, when w = (1/n,1/n,...,1/n)", the IFWG
operator reduces to the interval-valued intuitionistic fuzzy
geometric (IIFG) operator; that is,

IIFWG,, (&}, &, ..., &,)

_ l/n ~1/n ~1/n
= ®--®a,

n n
= Un Tt |,
(|11

- [e-)" - Tl0-4)" )

i1 =1

= IIFG (&, a5, ..., @,) .
(12)

Considering ordered positions of interval-valued intu-
itionistic fuzzy arguments rather than weighting the interval-
valued intuitionistic fuzzy arguments themselves, Xu and
Chen [67] proposed an interval-valued intuitionistic fuzzy
ordered weighted averaging (IIFOWA) operator and an
interval-valued intuitionistic fuzzy ordered weighted geo-
metric (IIFOWG) operator, as shown in the following defi-
nitions.

Definition 8 (see [67]). Let (&;,&,,...,&,) be a collec-
tion of interval-valued intuitionistic fuzzy arguments, and
Q= ([a], J] [c d]]) The interval-valued intuitionistic fuzzy
ordered welghted averaging (IIFOWA) operator of dimen-
sion 7 is a mapping IIFOWA: R* — R, which has an asso-

ciated weight vector w = (wy, w,, ..., w,)", Z w; = 1and

w; € [0, 1]; then

IIFOWA, (&, &, ...,&,) ow,pB,

(13)

=w few,p, &

where (ﬁl,ﬁz,...,ﬁn) is a permutation of (&,@,,...
with ﬁj_l > ﬁj for all j.

’&n))

Particularly, when w = (1/n,1/n, ..., 1/n)T, the IFOWA
operator reduces to the IIFA operator; that is,

[IFOWA,, (&, &,, ..., q,

® -, (14)

3|>—‘ \/

1> 1
=-pe-p-
—Bio—p,
=FA, (&;,8,,...,8,).

Definition 9 (see [67]). Let (&;,&,,...,&,) be a collection
of interval-valued intuitionistic fuzzy arguments, and &; =
([a;, b;], [c;, d;]). The IIFOWG operator of dimension 7 is a
mapping IIFOWG: R” — R, which has an associated weight

vector w = (wy, wy,...,w,)", Z] ywj = land w; € [0,1];

then

FOWG,, (&, &, ...,&,) = @2 ®-- @ f, (15)
where (ﬁl,ﬁz,...,ﬁn) is a permutation of (&;,&,,...,q&,),
with §;_; > j3; forall j.

Particularly, when w = (1/n,1/n,...,1 /n)T, the IIFOWG
operator reduces to the IIFG operator; that is,

IIFOWG,, (&, &, ..., &,)
"l/n ®‘Bl/n ®B'rll/n (16)

= [IFG,, (&, &,,...,&,).

From another important and practical aspect, Yager [56]
defined a generalized version of OWA operators as the
generalized ordered weighted averaging (GOWA) operator;
then Zhao et al. [62] extended it to the situations where
input arguments are IVIFNs and presented a generalized
interval-valued intuitionistic fuzzy ordered weighted averag-
ing (GIIFOWA) operator and geometric (GIIFOWG) opera-
tor as defined in Definitions 10 and 11.

Definition 10 (see [62]). Let (&;,&,,...,&,) be a collection
of interval-valued intuitionistic fuzzy arguments, and &; =
([aj, bj], [cj,dj]). The GIIFOWA operator of dimension # is
a mapping GIIFOWA: R* — R, which has an associated
weight vector w = (wy, w,, ..., w,)", Z;'l=1 w; = landw; €
[0,1], A > 0; then

GIIFOWA, (&, &, ..., &,)

(& wm)

" v 1/A
- (1 [ (1-a3;) ) ,

A
<1— (1—b§(j))’> ,

—

B

—

.



6
1/
u A\ Wi
1—(1— (1 (1-cz;) ) ) ,
=1
1/
u A\ Wi
1—<1— (1—(1—d5(j))) > ,
=1
17)
where (ﬁl,ﬁz,...,ﬁn) is a permutation of (&;,&,,...,&,),

with ﬁj_l > ﬁj for all j.
Ifw = (1/n,1/n,...,1/n)", then the GIIFOWA operator
reduces to the GIIFA operator; that is,

" 1~ 1/A
GIIFOWA, (&, &,,...,&,) = ( ® <—I3A~>>
=1 \nJ
= GIIFA, (&, &, ..., &,).
(18)

Definition 11 (see [62]). Let (&, &,,...,&,) be a collection
of interval-valued intuitionistic fuzzy arguments, and &; =
([aj, bj], [cj,d j]). The GIIFOWG operator of dimension # is
a mapping GIIFOWG: R" — R, which has an associated
weight vector w = (wy,w,, ..., w,)", Z;l=1 w; = land w; €
[0,1], A > 0; then

GIIFOWG, (&,,&,, ..., &,)

where (ﬁl,ﬁz,...,ﬁn) is a permutation of (&,@,,...
with ﬁj_l > ﬁj for all j.
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Ifw=(1/n1/n,...,1/n)T, then the GIIFOWG operator
reduces to the GIIFG operator; that is,

- ~ — 1 n ~\1/n
GIIFOWG, (&, &,,...,&,) = T <j§1 (AB;) >
= GIIFG, (&, &,,...,&,).
(20)

From Definition 8 to Definition 11, it can be seen that
one important and basic step of interval-valued intuitionis-
tic fuzzy ordered weighted aggregation operators and gen-
eralized versions is to determine the associated weights.
In the following subsections, we will focus on investigat-
ing argument-dependent operators in which the associated
weights can be determined objectively only depending on the
interval-valued intuitionistic fuzzy input arguments.

3.2. Proposed Gaussian Generalized Interval-Valued Intuition-
istic Fuzzy Aggregation Operators. According to the basic
operational rules listed in Definition 3 and IIFWA operator
in Definition 6 for aggregating IVIENSs, here we can naturally
define mean value of a set of IVIFNs as shown in the following
definition. Obviously, the mean value j is still an IVIFN.

Definition 12. Let (&;,&,,...,&,) be a collection of inter-
val-valued intuitionistic fuzzy arguments, where &; = ([a;,
b;l, [c;>d;]). Let ji be the mean value of (&;,,,...,d,), and
i= ([aﬂ, bﬂ], [cy, d#]); then j7 can be obtained by IIFWA ope-

rator with w = (1/n,1/n,..., l/n)T, where

1 1/n n 1/n
“ﬁl—n(l—%‘) J bfl—l_[(l—bj) J

j=1 j=1

(21)
- 1/n . 1/n
C"ZHCJ R dﬂ:ndj .
= Jj=

Definition 13 (see [68]). Let (&, &,,...,&,) be a collection
of interval-valued intuitionistic fuzzy arguments, and &;
([aj,bj], [cj,dj]). g = ([aﬂ,b#], [cﬂ,dy]) denotes mean value
of (&, &,,...,&,); then the variance of &, &,, ..., &, can be
computed according to

o= Jl Jz (d(a, 7)) 22)

In real world, a collection of n aggregated arguments
(a;,a,,...,a,) usually takes the form of a collection of n
preference values provided by n different decision makers.
Some decision makers may assign unduly high or unduly low
preference values to their preferred or repugnant objects. In
such case, very low weights should be assigned to these “false”
or “biased” opinions; that is to say, the closer a preference
value argument is to the mid one(s), the more the weight;
conversely, the further a preference value is apart from the
mid one(s), the less the weight. So, Xu [44] and Xu [49]
developed Gaussian (normal) distribution-based method to
determine OWA weights by utilizing orderings of arguments
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assessed with crisp numbers and interval numbers, respec-
tively. Inspired by these ideas, by using predefined mean value
ft of IVIENSs, we extended the Gaussian distribution method
to obtain the dependent weights, here called Gaussian weight-
ing vector, according to interval-valued intuitionistic fuzzy
input arguments.

Definition 14. Let fi be the mean value of given interval-
valued intuitionistic fuzzy arguments, o the variance of
given interval-valued intuitionistic fuzzy arguments; then the
Gaussian weighting vector w = (wl,wz,...,wn)T can be

defined as

1 e*dz(gj*ﬁ)/Zﬂz

W= = . i=12...,n  (23)
where (B,,B,,...,f3,) is a permutation of (&,&,,...,&,),

with Ej_l > Ej forall j=2,...,n
Consider that w; € [0,1] and Z;’Zl w; = lare commonly

required in aggregation operators; then we can normalize the
Gaussian weighting vector according to

(1/V2ro) e B2’
w; = — ., j=12,...,n (24)
Z;‘lzl (1/ 27.[0) e (Bi-m/20

Then by (17), we can define a Gaussian generalized inter-
val-valued intuitionistic fuzzy ordered weighted averaging
(Gaussian-GIIFOWA) operator, as shown in the following
definition.

Definition 15. A Gaussian-GIIFOWA operator of dimension
n is a mapping Gaussian-GIIFOWA: Q" — Q, which has an

Gaussian-GIIFOWG (&;, &, . . .

ST

&) =

® (B,

®..

T2

®...

-® (A,

® (/\ﬁn

associated Gaussian weighting vector w = (w;, @, ...,w,)"
with w; € [0,1] and Y, w; = 1; then

>

Gaussian-GIIFOWA (&, &, ..., &,)

A \/A
fiu(n) 060-(”))

= (g, , @1y @ g, Ty @+ D@
(1/V2m0) e P2’
] ( Z;l:l (I/MG) o @ (Bi=)/20
(1/V2ro) e Bl 5
Y, (1/V2m0) o~ B-j20? 2
(1/V2m0) e Bzt
: Y, (1/V2m0) ¢4 (By-i)/20? P ">

L @G-
—e
V2o ﬁz

_ 1/
1 _2@-mne 7

e B,
2no

B

1/A

_ 207 = 2~
BT g

-1

" 1/A
L &m0
X e 7 5
< ]2{ V2no

(25)

where (ﬁl,ﬁz,...,ﬁn) is a permutation of (&,&,,...,&,),
with ﬁ]-_l > ﬁj forall j=2,...,n

Similarly, we can define the Gaussian generalized inter-
val-valued intuitionistic fuzzy ordered weighted geometric
(Gaussian-GIIFOWG) operator.

Definition 16. A Gaussian-GIIFOWG operator of dimension
n is a mapping Gaussian-GIIFOWG: Q" — Q, which has an
associated Gaussian weighting vector @ = (w;, ;.. .,w,)"

with w; € [0,1] and Y, w; = 1; then

((Aﬁl)wﬁm ® (Aﬁz)wﬁu) ® - ® ()tﬁn)wg‘”)>

1 ((AB' )(Umo_)efdz(ﬁrﬁ)/hz/z;xﬂ(l/mo_)efdz(ﬁ_j*ﬁ)/z‘yz
A 1

2073, _m 2 2(F._p 2
)UNEa)e'd e (1/Vame)e @ Fir P

)(l/ma)e’dz(ﬁ"’m/zgz/ Z?ﬂ(l/\/ﬁd)fdz(ﬁjﬂﬁhz ) (26)

AB

1 ~ (1) VEro)e B2’ ~ \(1/VEr)e a2t
(08) (15

2,7~ 2
1/ ¥, (1/amo)e @ Firire

>

)(1 |Namo)e Bumi20? )
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vzhere (/3’1, Bo> .- > B,) is a permutation of (&}, &,, . . ., &,,) with Let & = ([az0) ba) (G da))s Bi = ([aﬁ(i>, bﬁ(z‘)]’
Bj-1 = Bjforal j=2,....,n [Cﬁ(i)’ dﬁ(i)]); then by Definition 3, Gaussian-GIIFOWA oper-
ator and Gaussian-GIIFOWG operator can be transformed
into the following forms;

o . 1/
- L \WNERE)e B 5 (1 Emgye B
Gaussian-GIIFOWA (&, &, ..., &,) = 1-T1(1- aﬁ(j)) ,

P o 1/A
1 ﬁ(l v )‘wma)e’dz(ﬁf’“’““z/Z?q(l/ma)e*dz(ﬁr“””z !
i B(3)

" (27)
n A (1/VZmJ)e’dz(Ef”j”z"z/Z;‘:l(1/\/Zﬂa)e"’lz(Ef”j”z"2 /
-1 1- (1‘(1‘CE(J'))) ,

(1 - (1-dg)

—
|
—
—
|

.
I 3
-

S P 1/A
/\)(1/\/27T<1)t?’d2(51"‘”2"Z XY VEre # ) |
,

( ) VTR B 5 e e \
Gaussian-GIIEOWG (&, &,...,&,) = |1-(1- ) ,

o - A
n N VTRD)E CEP 51 (1 By B 1
1- 1—H(1—(1—b ))

(28)

~%B0)

_ o 1/A
n N (l/ma)e—dz(ﬁ,—m/zaz/Z?:l(l/mg)e—dz(ﬁj—wzaz
1-T1(x ) ,
j=1

S - 1/A
T(1-at Az G 5 1 Vameye o
-T10-4) :

2(R _= 2 ~
L EP B g

V2no

L _l@-p2e* ar L @m0 52
e i Uﬁ @ ®—e Bu—id)/20
\2mo 2 \2mo P
B L P LS R

V2o ! V2o

1 2= iy 2
DD —e d*(&,~)/20 ‘xi’

V2no

/A n 1/A
L d@-nns | _ Y LR T
=i V2o = V2o

(1) Vo) -l (VIR B2 (29)
(08) s (15,

2

)(1/ \/ﬂa)e’dz Fu-if20

U S, VERe)e Bt
& (AB, )

>

-d% (@ -p)/20% -d* (@ -p)/20%
((Aal)(l/x/ﬂa)e © ()Laz)(l/x/ﬁa)e

—d? (G —)/20°
@ ® (Aan)(l/ma)e

>

)1/ 2?:1(1/m0)e’d2‘5‘rm/zaz
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then we can rewrite as

Gaussian-GIIFOWA (&,, &, ..., &,)

(30)
A A _A\1/A
= (w[i(l)al D w&(Z)“Z D---D w&-(n)“n) N
Gaussian-GIIFOWG (&;, &, . . ., &,)
1 ~ \Wg(1) ~ \Wz(2) ~ \Wx(n)
= X((/\(xl) ® (Ax,) " - & (Ad,) )
(31)

Obviously, the aggregated results of Gaussian-GIIFOWA
operator and Gaussian-GIIFOWG operator are indepen-
dent of orderings; thus, Gaussian-GIIFOWA and Gaussian-
GIIFOWG are neat and dependent operators.

Theorem 17. Let a; = ([aj,bj],[cj,dj]) (j = L,2,...,n) be
a collection of interval-valued intuitionistic fuzzy arguments,
and the w = (wl,a)z,...,wn)T be the Gaussian weighting
vector related to Gaussian-GIIFOWA operator and Gaussian-
GIIFOWG operatot, with w; € [0,1] and Z;’Zl w; =1L then
Gaussian-GIIFOWA operator and Gaussian-GIIFOWG ope-

rator have the following properties.

(1) Commutativity: let (&}, &, , ...
tion of (&, &y, ..., &,); then

, &) be any a permuta-

Gaussian-GIIFOWA,, , (&, &,..., &,
= Gaussian-GIIFOWA , , (&, &,, ..., &,),
Gaussian-GIIFOWG,, , (&, &, , ..., &, )

= Gaussian-GIIFOWG,, , (&, &, ..., &,).

(1 / 27,0) o4 (B2’

(2) Idempotency: let&; = &, forall j =1, 2,...,n; then
Gaussian-GIIFOWA , (&, &,, ..., &,) = &

(33)
Gaussian-GIIFOWG,, , (&, &,, ..., &,) = &

(3) Boundedness: the Gaussian-GIIFOWA operator and
the Gaussian-GIIFOWG operator lie between the max
and min operators;

& < Gaussian-GIIFOWA,, ) (&, &,,...,&,) < &',
(34)
& < Gaussian-GIIFOWG,,, (&, &,,...,&,) < &',
where
a = < [mjm (aj) ) mjin (bj)] R [m]ax (cj) R mjax (dj)] ) R
o = (| max (a) . max ()] [min (¢} min (4] )
(35)

Theorem 18. Let &, ([aa(jy baj))> Leacjy day]) B

([a/—g(j), bﬁ(j)]’ [Cﬁ(j)’ dﬁ(j)]) be two collections of interval-valued
intuitionistic fuzzy arguments, (B, By>. .., B,) a permutation
of (&,,0,,...,&,) with /gj,l > ﬁj forall j = 2,...,n, and
w = (0,w,...,w,)" the Gaussian weighting vector related

to the Gaussian-GIIFOWA operator and Gaussian-GIIFOWG
operator, with w; €[0,1] and Z;.’:l w; =1 then

(1) if A = 1, then the Gaussian-GIIFOWA operator and
Gaussian-GIIFOWG operator reduce to the following
Gaussian-IIFOWA operator and Gaussian-IIFOWG
operator:

Gaussian-IIFOWA (&, &,, ..., &,) =

(1/3r0) e B2

Yia (1/v2m0) e B-iI20

B

[

@ -
Z;lzl (1/ \/27‘[0’) e (B-i)/20
(1/V2n0) o4 (B2’

B,

@ n P
Z;‘:l (1/ \/27'[0') e‘dz(ﬁj—ﬂ)/Zoz

1
N V2no

D---D

2o

—d*(B. - 2~ 1 207 = 2~
— ¢ d”(By—@)/20 ﬁl ® e d*(B,—i) /20 ‘32

2o

-d*(B,~i)/20” 7
e Bu—it ﬁn

-1
o B2’ >
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n -d?(B-m/20% -d*(Bj-m/20”
(1/V2mo)e J /Zj=1(1/\/27m)e J
= < 1-T](1-ag;)

-1

n

(/Zro) —dz(gj-ﬁ)lszz/ " (1/vZr0) -d2<5j-ﬁ>/202
I—H(l—bg(j)) T0)e 211 T0)e

j=1
C.
B(j)

BGj)

Gaussian-IIFOWG (&, &, ..., &,) =

207 oy 2 207 2
[ (1/ 27w)eid (Bj=m/20 /Z;;l(l/mo')e% (Bj=im/20

Journal of Applied Mathematics

>

>

>

207, = 2 2073, = 2
(1/V2mo)e * Fi-Pie /Z;‘:l(l/\/Zna)e_d (Bj=#i2o ] >
b

(36)

2 2 27 o2
ﬁ(l/ 2no)e 4 P/ /Z’]?:l(l/\/ﬁa)e_d (Bj=ii2e
1

207 = 2 207~ 2
~(1/V2ra)e ™ F2PR 51 (1) v2mo)e iR

® P,

~1/V2n0)e”

R Q® »

(v
=\ P

~ a2 (Bp-i)/20%
® - ® ﬁfll/ma)e

2(3._ip 2 207 . i 2
3 ( S (Vame)e  E PR s (1 Vama)e ® Fir P

a..
i1 BGj)

205 = 2 2.7 2
ﬁ (1/V2mo)e & B /Z;}:l(l/ma)e—d (Bj-m/20

i1 B

n

I‘H(l ~ B

Jj=1

n

j=1

(2) if A — 0, then the Gaussian-GIIFOWA operator re-
duces to the Gaussian-IIFOWG operator;

WNER0)e CEPRS 50 (1 amoye B P
1-[](1-dg;) i :
B(j)

207 02 2 2
d” (Bp—if) /20 /2?21(1/"/2710')8 d*(Bj=m/20

203 /2
1/ /271(7)67‘1 (B2—i)/20
® f3,

)1/ S, (1 /vy B’

(37)

>

>

207 02 207 o 2
)(l/ma)e’d (Bj=m/20 /Z?:l(l/ma)eid (Bj=i/20

>

>

Bif o = (1/m,1/n,...,1/n)T, then the Gaussian-
GIIFOWA  operator —and  Gaussian-GIIFOWG
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operator reduce to the GIIFA operator and GIIFG
operator;

4 if (/n,1/n,...,1/n)T and A 1, then
the Gaussian-GIIFOWA operator and Gaussian-
GIIFOWG operator reduce to the IIFA operator and
IIFG operator;

1

Theorem 20.
([ag(j)’ b[;’(j)]s [CB’(]-); cote K
intuitionistic fuzzy arguments, (3, B, ..., 3,) is a permuta-
tion of (&, 0,,...,a&,) with B;_ > PB; forall j = 2,...
and let = (w,, w,, ..., w,)" be the Gaussian weighting vector
related to the Gaussian-GIIFOWA operator and Gaussian-

Let & = (lax) bxiy)s [eap daiy)): B
d A j)]) be two collectzons of interval-valued

> h,

. n
5) ifw=(1/n,1/n,..., l/n)T and A — 0, then the Gaus- GIIFOWG operator, with wj € [0,1] and zJ':l w; =1, then
sian-GIIFOWA operator reduces to the IIFG operator. (1) Gaussian-TIFOWG(&,, &, ...,&) < Gaussian-
IIFOWA(&,, &,, ..., &,);
Lemma 19. Assume that x; > 0,A; > 0, j = 1,2,...,n, and OWA@,, 8., &)
S A =1, then (2) Gaussian-IIFOWG(&;, &y, ...,&,) <  Gaussian-
j=17j s GIIFOWA ,(&;,&,, ..., &,);
ijj < lexj, (38) (3) Gaussian-GIIFOWG, (&, &,, ..., &,) < Gaussian-
j1 =1 [IFOWA(@&,, &, ..., &,).
with equality if and only if x, = x, = -+ = x,,. Proof. Based on Lemma 19, we can have
ll[ W/ zma)e P 5 (1 amge B
a.’
-1 PO
n - (1/v2n0) o F B-in20*
= az .
g "1 (1/V2mo) e Biri i B
2(R 2
n 1/V2ma) e @ BiPi2e
:l_z ( ) 2R i z(l_aﬁ(j))
=D (1/\/2710) e~ (Bi=P)/20
ﬁ( ) ay zﬂo)e—dz (Bj-m/20* I3y ma)e’dz (Bj-m/20*
S 1 - 1 —az - >
i BG)
(a)

ﬁ W/ zma)e B 5 (1 ama)e B
a
j,

LB

A A/ VZo)e CEPLE 5
BG)

1/\/_ )e @ B2’
1/\/_0') ~d(B;-m)/20°

o B2

/2(7

1/A
/\2ro)e a? (B~ w/20° >

)

1/1
ot

)

/A

=1 Z 1/\/_0) ~&(Bj-m)/20°
L 2
I-11a- 5

- “3(1)) )

1A
))(l/ma)e 2 Fj-mi2o? /¥ 27w)ed2(‘3/'?7)/2”2> ,

(b)
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—
|
/
—
|
.
I N
—

(1 - (1-a5,)

(1/ Zno)e

2 (7. = 2 2.5 = 2
,\)(l/x/ﬁa)ed Bj=mie /¥ 2nc)ed PP >

- (B;-/20?
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1/A

/1

(1/ 2710)@

- (1/ 2710) o4 (B~i)/20>

-d*(B;-m/20”

-(-)))

1/A

(1-ag,)"
AYL, (1/V2no) e Bl B0

n -d(Bj-p/20” -d*(Bj-i)/20* A
A(l/mo)e j /¥ (1N2mo)e™ P
j= 1
n -d*(B;-)20” | -d(B;-m/20”
(1/V2me)e @ ‘Fi /ZjZI(l/\/Ea)e J
( ﬁ(1>) '
j=1

Obviously, the above inequations (a), (b), and (c) are also
valid for b 5) By and dﬁ(;

Then by Lemma 19, we can have

® (87) szal (@)

j=1
n —~w; n = 1/4
&)= (8 (wh)) @)
1/ n = \w; n ~
2(8,08)") <8 (w8)
and thus complete the proof of Theorem 20. O

Example 21. For a group decision making problem, suppose
that there are six decision makers d; (j = 1,2,...,6);
these decision makers provide their individual preferences
with interval-valued intuitionistic fuzzy numbers. Then, the
preference arguments are collected as follows:

&, = ([0.5,0.6],[0.2,0.4]),
&, = ([0.3,0.6],[0.3,0.4]),

&, = ([0.4,0.7],[0.2,0.3]),
(40)
&, = ([0.3,0.5],[0.1,0.4]),

& = ([0.4,0.7],[0.2,0.3])
&, = ([0.6,0.8],[0.0,0.2]).

Utilizing (21) and (22), the mean value #% and variance

value o can be obtained:
7i = ([0.4273,0.664],[0,0.3238]), o =0.1271. (41)

Then, by (23) and (24), we can compute the Gaussian
weighting vector:

w=(w,w,,...,w5), (42)

(c)

where w; = 0.1391, w, = 0.128, w; = 0.1867, w, = 0.192,
ws = 0.1867, and wg = 0.1675.
Given A = 5, according to (27) and (28), it follows that

Gaussian-GIIFOWA (&;, &, .. ., &,)

— ([0.4676,0.6846] , [0.0,0.3083]),
(43)
Gaussian-GIIFOWG (&, &,, . .., &,)

= ([0.381,0.6038] , [0.2166, 0.3554]) .

3.3. Proposed Power Generalized Interval-Valued Intuitionistic
Fuzzy Aggregation Operators. 'The above-presented Gaussian
distribution-based methods can obtain argument-dependent
weights according to the indirectly calculated support degree
of arguments by considering the distances between argu-
ments and the mid one (mean value). On the other hand, to
directly consider the support degree of each argument, Yager
[54] developed the power average (PA) operator and a power
ordered weighted average (POWA) operator, which allow the
arguments being aggregated to support each other. Then, Xu
and Yager [39] developed power geometric average (PGA)
operator and power ordered weighted average (POWA) ope-
rator. Most recently, Zhou and Chen [9] further studied
extensions of power operator to linguistic decision environ-
ment. Motivated by these ideas, here we first devise a hybrid
support function for interval-valued intuitionistic fuzzy input
arguments to not only consider the support degrees of each
argument by other arguments but also consider the sup-
port degrees between argument values and mid one (mean
value). Then, a power generalized interval-valued intuitionis-
tic fuzzy ordered weighted averaging (P-GIIFOWA) operator
and a power generalized interval-valued intuitionistic fuzzy
ordered weighted geometric (P-GIIFOWG) operator are
defined, in which associated weights are obtained by the
devised hybrid support function.



Journal of Applied Mathematics

Definition 22. Let (&, &,,...,&,) be a collection of interval-
valued intuitionistic fuzzy arguments, and let j denote the
mean value; then the hybrid support function can be defined
as

~ 1 < _ _
swp(w) = 3 (1-dla,@)+ (1-d(a,0)
=1,
= nil Z Sup(&j,&k)+8up(&j,ﬁ).
k=1,j#k

(44)

Then, we can use Sup(;, &;) to denote the support degree
between a; and &; and Sup(&;, () to denote the support degree
between &; and ji.

Obviously, Sup(&;, &;) and Sup(a;, f1) satisfy the following
properties:

(1) Sup(@;, &) € [0, 1], Sup(& @) € [0, 1];
(2) Sup(&; &;) = Sup(&;, &);

(3) Sup(a;, &;) > Sup(a, &) ifd(&i,&j) < d(@a,, a@,), and
Sup(&;, 1) > Sup(éij, p) if d(@;, i) < d(&j,ﬁ), where
d is a certain distance measure for interval-valued
intuitionistic fuzzy numbers.

Then utilizing hybrid support function in Definition 22,
we can manage to obtain the associated argument weights,
called power weighting vector, according to

Sup (&;

oo @)
Y- Sup (&)

that is to say, the closer a preference argument is to other

arguments or the closer a preference argument is to mid value,

the more the argument weighs.

And let (8, B, ..., B,) be a permutation of (&,&,;...,
&,), with ﬂj_l > [3]- forall j = 2,...,n; then we can have the
power weighting vector derived according to

__Sw(B) i=12...

Wgiy = —,
BGj) 27:1 Sup(ﬁj)

Further, we can define the P-GIIFOWA operator and P-
GIIFOWG operator as follows.

SN, (46)

P-GIIFOWA (&,,&,, ..., &,) =

13

Definition 23. A P-GIIFOWA operator of dimension # is a
mapping P-GIIFOWA: Q" — Q, @ = (@}, @,,...,w,)" is
associated power weighting vector, w; € [0,1] and )| w; =
1; then

P-GIIFOWA (&, &,, . . .
) ( swp(B)
Z;l:l Sup (ﬁ;) ' z;t:1 Sup (B])

® _ Swp (B.) ~A>w
Z?=1 Sup (E]) !

) <Sup(ﬁl)/§?®8up(ﬁz)/§§®~--®Sup(ﬁn)/?2>m
Z;‘L:I Sup (E]) )

&)

Sup (EZ) [3-,1

(47)

where (ﬁl,ﬁz,...,ﬁn) is a permutation of (&,&,,...,&,),
with ﬁ]-_l > ﬁ]- forall j=2,...,n

Definition 24. A P-GIIFOWG operator of dimension # is a
mapping P-GIIFOWG: Q" — Q, w = (w},@,,...,w,)" is
associated power weighting vector, w; € [0,1] and )| w; =
1; then

P-GIIFOWG (&, &,, ..., &,)

1 ~ \Sup(By)/ X, Sup(B;) ~ \Sup(B,)/ Y1, Sup(B;)
=3 (g e

~ \ Suj ~n ", Su B.
®“'®(7&ﬂn) p(B.) T p(ﬁ,))

_ % <(M§I)Sup</§l) ® (ABZ)Supu?z)

sup(F,) ) Y Zser Sup(f)

®...®(,\/§n)

>

(48)

where (B,,B,,...,f3,) is a permutation of (&,&,,..
with §;_; > B;forall j=2,...,n. B

Given &i = ([a&(i): b&(i)]: [C&(i): d&(i)])’ ﬁi = ([aﬁ(i)’ bﬁ(,)])
[Cﬁ(i)’dﬁ(i)])> then P-GIIFOWA operator and P-GIIFOWG
operator can be transformed into the following forms:

< ﬁzn)’
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_ _\ A
. n A Sup(ﬁj)/ Z?:l Sup(ﬁj)
_<!<1_H(1_aﬁ(1‘)) :
B)I Y By v
n Sup(;) ',‘: Sup(;
A 7 j=1 J
<1_j=1<1_bﬁ(j)> > },

I _ N 1A
Sup(B;)/ ¥, Sup(B;) )

(1 -1 ‘Cﬁ(ﬁ)l)

sup(B)/ 32 supBp \

1 A\ SuP(Bj)] 2 j-1 Sup(p;

1_<1_A1<1_(1_d5<1'>)> > D
i

>

| —|
—_
|
—_
|
.
I B
—_

(49)
n o /1
P-GIIFOWG(&I,&Z,...,&H)=(ll_ 1- (1_(1_aﬁ(j))/\) m) ’
j=1
" 1/A
A\ @B
b 1_.1<1 (l_bﬁm)) ) ]
j=
" /A
[(1 _g(l _Cg(])> ﬁ(])) ,
» /A
A \YB»
<1_J:1<1_dﬁ(1)) ) D
(50)

1/A
(1= (1= g )™ T S“P(ﬁf’> } ,
a Sup(B))/ X1, Sup(B;) "
A UPLP;)] 2 j=1 SUPLP;
[(1‘ (1-<)) ) ’

BIY (B) "
n 1 Sup(B;)/ X1 Sup(B;
<1_j_1<1_d5(1’)) ) D

—
|
—
|
~.
[ 3
-
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P-GIIFOWA (&, &@,, . .

P-GIIFOWG (&,, &, . ..

n

H(AB‘j)Zz:u#k(l_d(gj’gk))"'(l_d(ﬁj’/"))

15
By (45), we can have
S &,) = (wﬁ(l)ﬁ?ﬂ;wﬁ(z)ﬁ; @ wp n)ﬁ )IM
] lsup ﬁ])ﬁ
Y- ISup(ﬂ] (51)
~ ~ 1/A
< Zk ek ((1- (ﬁ: B))+(1 d(/%y))))@)
i1 Xienjok (1= d (B Be)) + (1= d (Bow))
@)= L ((B) o (W)™ o (1F,)")
_ % <(M§1)Sup</§1> o (Aﬁz)sup(EZ)
sup(f) | Zies 0 )
A"
( /3 ) (52)
1 ( . (A )zzzl,,-#k<1—d(ﬁj,ﬁk»+<1—d<ﬁj,m>/2311 ZZl,j#k<1—d<3j,ﬁk»+(1—d<ﬁjw>>
VR i
j=1
1+ Tir ek (1=d (BB +(1-d(B ) U X i j#11-d(Byo B+ (1-d(By)
~ 12k (1=d (BB +(1-d(B;,
- x(j_l(wj) B )
then we can have
P-GIIFOWA (&, &,, ..., &,)
= (@a@ ® wzp)® @ ®wa<n>~A)W’
(54)
)) " (1 _d(&j,#))) a, P-GIIFOWG (&, &,, ..., &,)
= 2 (&) 8 (1&)" 8- © (1,)")

=1 Obviously, P-GIIFOWA and P-GIIFOWG are also neat
and dependent operators.
0 o\ T k(1@ ) +H(1-d ()
=1 (/\‘xj) > Theorem 25. Let (&,,&,,...,®&,) be a collection of interval-
7= valued intuitionistic fuzzy arguments, and ([31,,82,.. ,B,) is
0 n apermutatzon of (&, &,,...,q&,), with ﬁ] 1 B] forall j =
5 3 ((1-a(FR)-(-a(Fm) e () Sy e =
j=1 k=1,j#
Theorem 26. Leta; = ([a a; J] [j,dj]) (j =12,...,n) be
noon a collection of interval-valued intuitionistic fuzzy arguments,
- Z Z ((1-d(a,a))+(1-d(u))), and w = (w,wy,...,w,)" the weighting vector derived by
=1 k=1,j#k

hybrid support method related to the P-GIIFOWA operator and

(53) P-GIIFOWG operator, with w; € [0,1] and 27=1 w; =1 then



16

the P-GIIFOWA operator and the P-GIIFOWG operator have
the following properties.
(1) Commutativity: let (&;, &, ...
tion of (&, &,, ..., &,); then

, &) be any a permuta-

P-GIIFOWA,,, (& ,&,,...,&,)

= P-GIIFOWA,, , (&, &, ...

A
=
~—

(55)
P-GIIFOWG,,, (&;,&,...,&,

= P-GIIFOWG,, ) (&, &, ..., &,) .

(2) Idempotency: let &; = &, for all j = 1,2,...,n; then

P-GIIFOWA,, (&, &,,...,&,) = &,
(56)
P-GIIFOWG,,, (&, &,,...,&,) = &

(3) Boundedness: the P-GIIFOWA operator and the P-
GIIFOWG operator lie between the max and min
operators:

& < P-GIIFOWA (&, 8y, ..., &,) <

K

. O

&,)
& < P-GIIFOWG,,, (&,&,...,&,)

IN
Ry

where

& = ([min (o)), min (1) | max (¢ max ()|

i j J ! )
SRS

j i j j
(58)

Theorem 27. Let 55]» = ([a[x'(j)’ b&(j)]’ [C&(j)> daz(j)]), Bj
([ag(j), bﬁ(j)]’ [CE(J.), dﬁ(j)]) be two collections of interval-valued
intuitionistic fuzzy arguments, (B, By ..., ,) a permutation
of (@), &,,...,&,), with /gj,l > Bj forall j = 2,...,n, and
w = (W, w,,...,w,)" the weighting vector derived by hybrid
support method related to the P-GIIFOWA operator and P-
GIIFOWG operator, w; € [0, 1], 27:1 w; = 1; then

(1) if A = 1, then the P-GIIFOWA operator and P-
GIIFOWG operator reduce to the following P-IIFOWA
operator and P-IIFOWG operator:

P-IIFOWA (&, &,,...,&,)

Sup <ﬁ1) ~ Sup (52) ~
= 1 ® ~ 2
Z;'l=1 Sup (ﬁ;) Z;’=1 Sup (ﬁ])

Journal of Applied Mathematics

Sup (En) —
& o ———=<Pu
Z;’l=1 Sup (ﬁ])

= < |:1 _ ﬁ(l B aﬁ(j))Sup(ﬁj)/ i Sup(ﬁj),

j=1

n

1- H(l _ bﬁ(]))SuP(ﬁj)/ Z;;l Sup(ﬁj)] )

j=1

[ Sup(B;)/ -y Sup(By)  Sup(B))/ Xy Sup(l?})] >

“B07) *“B0j) ’
(59)
P-IIFOWG (&, &,, . ..,&,)
_ _ =\ 1/ Xy Sup(B))
ASup(B;) 2Sup(B,) Sup(pB, / !
=<ﬁ1Pﬂ ®ﬁ2Pﬁ ®'“®ﬁnp('8)>
_ [aSup(ﬁj)/ Yy Sup(B)) bSup<EJ—>/ i Sup(ﬁj)]
[Z6) e ’
(60)

n - -~
S“P(ﬁj)/ 2;1:1 Sup(ﬁ,-)
[ 1-T](1- c&j)) ,

n 2 \SPB) T swB |\
1-T1(1-d) ’

(2) if A — 0, then the P-GIIFOWA operator reduces to the
P-IIFOWG operator;

3) ifw=(1/n1/n,..., 1/n)T, then the P-GIIFOWA oper-
ator and P-GIIFOWG operator reduce to the GIIFA
operator and GIIFG operator;

@ ifo = (/n1/n,...,1/n)" and A = 1, then the P-
GIIFOWA operator and P-GIIFOWG operator reduce
to the IIFA operator and IIFG operator;

G)ifw = (1/n1/n,...,1/n)" and A — 0, then the P-
GIIFOWA operator reduces to the IIFG operator.

Theorem 28. Let &; = (lag;) bxy)l> [ Azl ﬁj

([“ﬁ(j)’ bﬁ(j)]’ [cﬁ(].), d A j)]) be two collections of interval-valued
intuitionistic fuzzy arguments, (B, 5, ..., 3,) a permutation
of (@), &,,...,&,), with Bj_l > Ejfor allj =2,...,nw =
(@), @,,...,w,)" the weight vector derived by hybrid support

method related to the P-GIIFOWA operator and P-GIIFOWG
operator, with w; € [0,1] and 27:1 w; =1 then

(1) P-IIFOWG(&,,&,,...,&,) < P-IIFOWA(&,,&,...,

a,);
(2) P-IIFOWG(&,, &, ...,&,) < P-GIIFOWA (&, &,
cH0,);
(3) P-GIIFOWG, (@,,y....,&,) < P-IFOWA(@,,d,
s @)
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Proof. Similar to the proof of Theorem 20, Theorem 28 can
be proved by mathematical induction method, so proof steps
are omitted here. U

Example 29. For a group decision making problem, suppose
that there are six decision makersd; (j =1,2,...,6) to pro-
vide their individual preferences with interval-valued intui-
tionistic fuzzy numbers. Then, the preference arguments can
be collected as follows:

&, = ([0.5,0.6],[0.2,0.4]),
&, = ([0.3,0.6],[0.3,0.4]),
&, = ([0.4,0.7],[0.2,0.3]),
(61)
&, = ([0.3,0.5],[0.1,0.4]),
& = ([0.4,0.7],[0.2,0.3]),

& = ([0.6,0.8],[0.0,0.2]).

According to (44) and (45), we can have the power
weighting vector:

w = (@), Wy, W3, Wy, W5, W) » (62)

where w; = 0.1653, w, = 0.164, w; = 0.1715, w, = 0.1651,
ws = 0.1715, and wg = 0.1625.

Suppose A = 5, then according to (51) and (52), it follows
that

P-GIIFOWA (&, &, ..., &,)
= ([0.4691,0.6828] , [0.0,0.299]),

(63)
P-GIIFOWG (&, &,, ..., &,)
= ([0.3808, 0.6049], [0.2225,0.3422]) .
Theorem 30. Let @ (XJ = ([ (X(])’ (])] [ LX(]) ) and/j

([a i)y Y5 ])] [cﬁ(J A )]) be two collectzons of interval- vafued

intuitionistic fuzzy arguments, and let y be the interval-valued
intuitionistic fuzzy number obtained by applying GIIFOWA ,

or GIIFOWG, on &; and ﬁj; then one can have

(1-a) if 5, = 0, 7 = GIIFOWA,(&;, B) = ([a,b], [¢.d]),
thenc = 0;

(1b) if dg;) = 0, 7 = GIIFOWA,(&;, B;) = ([@,b],[c,d)),
thend = 0;

(1-0) if cg;, = O and dp ;) = 0, 7 = GIIFOWA,(&;, B;) =

([a, ] [c,d]), thenc=d = 0;

(2-a) if ag; = 0,7 = GIIFOWA,(&; ;) = ([a,b], [¢,d]),
thena = 0;

(2-b) if by = 0, 7 = GIIFOWA,(&;, B;) = ([a,b], [c.d]),
then b = 0;

(2-¢) ifa/;( = 0 and b~

=0, )7 = GIIFOWA, (&;, /3]) =
([a,b], [c,d)), then a=b=

17

Proof. For the proposition (1-a), if cg(j = 0, then we can have

GIIFOWA, (&, &, ..., &,)

(3 )

= ([a:8].[0.d]).

(64)

so the proposition (1-a) is right. Correspondingly, proposition
(1-b) and proposition (1-¢) can be proved in the same way.
For the proposition (2-a), if ag(j) = 0, then

GIIFOWG, (&, 8,,...,&,)

) % (él (mj)wj)

N

= ([0.8].[24]),

(65)

so the proposition (2-a) is right, and proposition (2-b) and
proposition (2-c) can also be proved similarly.
Thus, according to Theorem 30, for the situation that

) = 0 or d[{(]) = 0, GIIFOWG;, operators should be
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better choices than GIIFOWA, operators to consider more
completely the preference information indicated by nonzero
arguments, while for the situation az, = 0 or bg, = 0,
GIIFOWA, operators can use preference information more
completely than GIIFOWG, operators. O

4. An Approach for
Multiple Attribute Group Decision
Making with Interval-Valued Intuitionistic
Fuzzy Information

For the multiple attribute group decision making problems,
in which both the attribute weights and the expert weights
take the form of real numbers, and the attribute arguments
take the form of interval-valued intuitionistic fuzzy num-
bers, we develop a decision making approach based on
the above-presented dependent interval-valued intuitionistic
fuzzy aggregation operators.

Let X = {x,,x,,...,x,} be a set of alternatives, G =
{91>G2>-- > G} a set of attributes, w = {w;, w,,... ,w,} the
weighting vector of attributes, where w; € [0, 1], Z?:r w; =
1, D = {d|,d,,...,d,} a set of decision makers, and A =
()L(l), 2@ .,A(t)) the weighting vector of decision makers.
The proposed approach involves the following steps.

Step 1. Construct individual interval-valued intuitionistic
(GO =

nxm
U(k) L(k) U(k) L(k)
n"iz] ’vz] )nxm = ([‘uij Mz] ]’[ ,7/1] ])nxm’Where [M >
U(k)

Ui ] indicates the degree to whrch the alternative x; satisfies
the attribute g, [viLj(k), vg(k)] indicates the degree to which the
alternative x; (i = 1,2,...
9; j=12,...,m).

fuzzy evaluation matrices R®. R® =
(~(k)

,n) does not satisfies the attribute

iohti (k) _ (k)
Step 2. Calculate argument weighting vector 0 = (w;

wgk), el ka))T associated with the interval-valued intuition-

istic fuzzy value ?f;‘) in kth individual matrix R® according
to (24) or (46).

Step 3. Utilize Gaussian-GIIFOWA operator, P-GIIFOWA
operator, Gaussian-GIIFOWG operator, or P-GIIFOWG
operator to aggregate the arguments in ith row of kth decision
maker’s assessment matrix R% as the corresponding interval-
valued intuitionistic fuzzy value 7 in the group decision
matrix R for each x;.

Step 4. Utilize IIFWA operator or IIFWG operator to derive
the overall group interval-valued intuitionistic fuzzy decision
vector 7 for all the alternatives by aggregating the values in
each row of R.

Step 5. Calculate score values s(7;) (i = 1,2,...,n) and
accuracy values h(7;) (i = 1,2,...,n) of alternative x; and
then rank all the alternatives to select the optimal one(s)
according to Definition 5.

Step 6. End.

Journal of Applied Mathematics

5. Application to Exploitation Investment
Evaluation of Tourist Spots

5.1. Application Study. Suppose that a tourism development
and investment company is about to choose the most
desirable project(s) to invest from several candidate tourist
spots, which are filtered out through initial screening and
advance to an investment expert committee for detailed com-
prehensive due diligence, such as evaluation of exploitation
feasibility and evaluation of sustainable management strate-
gies [69]. Given that five filtered alternative tourist spots
x; (i=1,2,3,4,5) advance to be reviewed for acceptance, the
corresponding investment criteria about exploitation feasibi-
lity of tourist spots could be constructed according to [69]
from the following five aspects: variety (g,), orientability
(g,), monopoly (g3), destructibility (g,), and novelty (gs).
And three domain experts are organized as decision makers
DM d, (k = 1,2,3) in the investment expert committee
to assess alternative tourist spots x; by interval-valued intu-
itionistic fuzzy numbers with respect to each investment
criterion g;. Suppose the decision makers” weighting vector

A = (0.3,0.3,0.4)". According to Section 4, the procedure
for solving this practical MAGDM problem contains the
following steps.

Step 1. According to the opinions of decision makers, the
interval-valued intuitionistic fuzzy decision matrix R® =
(F(k)) = 1,2,3) can be firstly constructed, and the
assessments are listed in Tables 1, 2, and 3.

nxm (

Step 2. Respectively calculate Gaussian weighting vector
according to (24) and power weighting vector according to
(46).

Gaussian weighting vector:

D = (0.2443,0.159,0.2682, 0.1661, 0.1623)",
2 =(0.1719,0.2185,0.3227,0.1169,0.17)", (66)
3 = (0.1613,0.2245, 0.2058, 0.2721, 0.1363)";
power weighting vector:
Y = (0.2022,0.197,0.2046, 0.1976,0.1985)",
@ = (0.1982,0.2030,0.2072,0.1901,0.2015)",  (67)
® = (0.1972,0.2041,0.2029, 0.2069, 0.1889) .
Step 3. Then, respectively utilize the Gaussian-GIIFOWA
operator, P-GIIFOWA operator, Gaussian-GIIFOWG oper-

ator, or P-GIIFOWG operator to aggregate each interval-
valued intuitionistic fuzzy arguments in ith row of kth deci-
sion maker’s assessment matrix R*® and get the group deci-
sion matrix R for each x;. Here, suppose A = 1, and the results
are shown in Tables 4, 5, 6, and 7.

Step 4. Aggregate each row in R using IIFWA operator or
IIFWG operator to derive the interval-valued intuitionistic
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TaBLE 1: Decision matrix RY by d, .

19

9 92 93 94 Is
X, (10.4,0.5], [0.3,0.4]) ([0.5,0.6], [0.1,0.2]) ([0.6,0.7], [0.2,0.3]) ([0.7,0.8],[0.1,0.2]) ([0.7,0.8],[0.0,0.2])
x (10.6,0.8], [0.1,0.2]) ([0.5,0.6], [0.3,0.4]) ([0.4,0.5],[0.3,0.4]) ([0.4,0.6], [0.3,0.4]) ([0.4,0.7],[0.1,0.3])
X3 (10.5,0.6], [0.3,0.4]) ([0.5,0.7],[0.1,0.2]) ([0.5,0.6], [0.3,0.4]) ([0.3,0.4],[0.2,0.5]) ([0.6,0.7],[0.2,0.3])
x4 ([0.5,0.6], [0.3,0.4]) ([0.7,0.8], [0.0,0.1]) ([0.4,0.5],[0.2,0.4]) ([0.5,0.7],[0.1,0.2]) ([0.5,0.7],[0.2,0.3])
X ([0.4,0.7],[0.2,0.3]) ([0.5,0.6], [0.2,0.4]) ([0.3,0.6],[0.3,0.4]) ([0.6,0.8],[0.1,0.2]) ([0.4,0.5],[0.2,0.3])
TABLE 2: Decision matrix R® by d,.
9 92 93 94 Is
X ([0.4,0.6],[0.3,0.4]) ([0.5,0.71,{0.0,0.2]) ([0.5,0.6],[0.2,0.4]) ([0.6,0.8],[0.1,0.2]) ([0.4,0.7],[0.2,0.3])
X (10.5,0.8], [0.1,0.2]) (10.3,0.5], [0.2,0.3]) ([0.3,0.6], [0.2,0.4]) ([0.4,0.5],[0.2,0.4]) ([0.3,0.6],[0.2,0.3])
X3 (10.5,0.6], [0.0,0.1]) (10.5,0.8], [0.1,0.2]) ([0.4,0.7],[0.2,0.3]) ([0.2,0.4],[0.2,0.3]) ([0.5,0.8],[0.0,0.2])
x4 (10.5,0.7], [0.1,0.3]) ([0.4,0.6], [0.0,0.1]) ([0.3,0.5],[0.2,0.4]) ([0.7,0.9], [0.0,0.1]) ([0.3,0.5],[0.2,0.2])
X (10.7,0.8], [0.0,0.1]) ([0.4,0.6], [0.0,0.2]) ([0.4,0.7],[0.2,0.3]) ([0.3,0.5],[0.1,0.3]) ([0.6,0.7],[0.1,0.2])
TABLE 3: Decision matrix R® by d,.
9 92 93 g 9s
x, 0.3,0.4],[0.4,0.5]) ([0.8,0.9], [0.1,0.1 ([0.7,0.8],[0.1,0.2]) ([0.4,0.5],[0.3,0.5]) ([0.2,0.4],[0.3,0.6])
X, 0.5,0.7],[0.1,0.3]) ([0.4,0.7],[0.2,0.3 ([0.4,0.5],[0.2,0.2]) ([0.6,0.8],[0.1,0.2]) ([0.2,0.3],[0.0,0.1])
X3 0.2,0.4],[0.1,0.2]) ([0.4,0.5],[0.2,0.4 ([0.5,0.8],[0.0,0.1]) ([0.4,0.6],[0.2,0.3]) ([0.5,0.6],[0.2,0.3])
x4 0.7,0.8], [0.0,0.2]) ([0.5,0.7], [0.1,0.2 ([0.6,0.7],[0.1,0.3]) ([0.4,0.5],[0.1,0.2]) ([0.7,0.8],[0.1,0.2])
X 0.5,0.6],[0.2,0.4]) ([0.5,0.8], [0.0, 0.2 ([0.4,0.7],[0.2,0.3]) ([0.3,0.6], [0.2,0.3]) ([0.7,0.8],[0.0,0.1])
TABLE 4: Group decision matrix R obtained by utilizing Gaussian-GIIFOWA operator.
d, d, d,
X ([0.5836, 0.6885], [0.0, 0.2642]) ([0.4815,0.6701], [0.0,0.3019]) ([0.5666,0.6954], [0.1959, 0.2958])
X ([0.4721,0.6578], [0.1919, 0.3223]) ([0.3511,0.6173], [0.1775, 0.3175]) ([0.4574, 0.6650], [0.0, 0.2128])
X3 ([0.4900, 0.6099], [0.2205, 0.3549]) (10.4397, 0.7080], [0.0, 0.2122]) ([0.4095, 0.6107], [0.0, 0.2391])
x4 ([0.5159, 0.6539], [0.0, 0.2730]) ([0.4215,0.6386], [0.0, 0.2126]) ([0.5689, 0.6945], [0.0, 0.2174])
X ([0.4321, 0.6554], [0.1988, 0.3172]) (10.4938, 0.6837], [0.0, 0.2122]) ([0.4694, 0.7064], [0.0, 0.2470])
TaBLE 5: Group decision matrix R obtained by utilizing P-GITFOWA operator.
d, d, d,
X, ([0.5951,0.7002], [0.0, 0.2500]) (10.4845, 0.6879], [0.0, 0.2874]) ([0.5457, 0.6792], [0.2024, 0.3094])
x ([0.4667, 0.6562], [0.1932, 0.3284]) ([0.3641,0.6194], [0.1743, 0.3104]) ([0.4322,0.6338], [0.0, 0.2047])
X3 ([0.4887, 0.6132], [0.2058, 0.3445]) ([0.4322, 0.6925], [0.0, 0.2048]) ([0.4104, 0.6071], [0.0, 0.2337])
x, ([0.5307, 0.6741], [0.0, 0.2507]) ([0.4598, 0.6820], [0.0, 0.1905]) ([0.5970,0.7189], [0.0, 0.2175])
X5 ([0.4486, 0.6560], [0.1895,0.3109]) ([0.5037,0.6766], [0.0,0.2048]) ([0.5006, 0.7153], [0.0, 0.2344])
TABLE 6: Group decision matrix R obtained by utilizing Gaussian-GIIFOWG operator.
d, d, d,
X, ([0.5553,0.6574], [0.1658, 0.2805]) ([0.4733,0.6588], [0.1677, 0.3217]) ([0.4555, 0.5881], [0.2392, 0.3904])
X, ([0.4576, 0.6285], [0.2247, 0.3400]) ([0.3387,0.5930], [0.1836, 0.3307]) ([0.4213,0.6035], [0.1321, 0.2279])
X3 ([0.4732,0.5894], [0.2388,0.3752]) ([0.4180,0.6725],[0.1141,0.2302]) ([0.3861,0.5724],[0.1463,0.2724])
X, ([0.4969, 0.6292],[0.1818,0.3117]) ([0.3851,0.5905], [0.1202, 0.2588]) ([0.5400, 0.6647], [0.0846, 0.2217])
( ) ( { LI

Xs

0.4104, 0.6345], [0.2129,0.3299

0.4562,0.6658], [0.0972,0.2302])

0.4351,0.6871],0.1329, 0.2719])
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TABLE 7: Group decision matrix R obtained by utilizing P-GIIFOWG operator.

d, d, d,

x, ([0.5669, 0.6689], [0.1473,0.2655]) ([0.4735, 0.6745], [0.1663, 0.3070]) ([0.4247,0.5680], [0.2473, 0.4063])
x, ([0.4537, 0.6317], [0.2258, 0.3443]) ([0.3506, 0.5913], [0.1811,0.3239]) ([0.3927,0.5645], [0.1240, 0.2235])
X ([0.4687, 0.5886], [0.2245, 0.3684 ([0.4011, 0.6443], [0.1042, 0.2234]) ([0.3819, 0.5663], [0.1424, 0.2661])
x4 ([0.5105, 0.6503], [0.1671,0.2907]) ([0.4134, 0.6202], [0.1060, 0.2312]) ([0.5693,0.6926], [0.0810, 0.2218])
X ([0.4270,0.6319], [0.2032, 0.3244]) ([0.4592,0.6535], [0.0838, 0.2234]) ([0.4636,0.6959], [0.1244, 0.2662)

TaBLE 8: Overall group decision assessment values for all alternatives.

Combination of

X1 X2 X3 Xy X5

operators

Gaussian-GIIFOWA ([0.5481, 0.6859], ([0.4322,0.6491], ([0.4437,0.6427], ([0.5125, 0.6664], ([0.4661,0.6850],
and IIFWA [0.0,0.2877]) [0.0,0.2718]) [0.0,0.2597]) [0.0,0.2312]) [0.0,0.2544])
P-GIIFOWA and ([0.5442,0.6882], ([0.4235,0.6365], ([0.4414,0.6367], ([0.5394,0.6951], ([0.4865,0.6869],
IIFWA [0.0,0.2839]) [0.0,0.2673]) [0.0,0.2524]) [0.0,0.2181]) [0.0,0.2450])
Gaussian-GIIFOWG ([0.4890, 0.6292], ([0.4045,0.6077], ([0.4203,0.6061], ([0.4759,0.6310], ([0.4337,0.6646],
and ITFWG [0.1965,0.3385]) [0.1762,0.2943]) [0.1660, 0.2930]) [0.1254, 0.2608]) [0.1475,0.2778])
P-GIIFOWG and ([0.4785,0.6281], ([0.3964, 0.5921], ([0.4121, 0.5955], ([0.5005, 0.6575], ([0.4510,0.6634],
HNFWG [0.1943,0.3371]) [0.1728,0.2919]) [0.1570,0.2864]) [0.1151,0.2459]) [0.1372,0.2719])

TaBLE 9: Orderings of the alternatives obtained by using different
operators.

Different combination of operators
Gaussian-GITFOWA and IIFWA
P-GIIFOWA and ITFWA
Gaussian-GIIFOWG and ITFWG
P-GIIFOWG and I[TFWG

Ordering

Xy <Xy < Xg <X <Xy
X, < X3 < X5 < X < X,
X, < X3 < X < X5 < X,

X, < X3 < X < X5 < X,

fuzzy overall group decision assessment values for all alter-
natives. The results are shown in Table 8.

Step 5. Calculate the scores S(7;) (i = 1,2,3,4,5) of the
group overall intuitionistic fuzzy assessment values and rank
all alternatives in accordance with scores S(7;); the obtained
ordering results are listed in Table 9.

As can be seen from Table 9, for all four combinations of
operators, alternative x, is consistently distinguished as the
best one, and alternative x, and x5 are consistently distin-
guished as the worst ones. The ordering of x; and x5 shows
difference with IIFWA or IIFWG adopted. The first two
combinations of averaging operators yield the same ranking
result as x, < x5 < x5 < x; < x, and the last two combina-
tions of geometric operators also generate the same ranking
result as x, < x; < x; < X5 < X, which show that the pro-
posed Gaussian distribution-based operators and power
method-based operators can help to effectively differentiate
the most desirable one(s). Generally, from the aspect of dif-
ferent support degree measurement methods adopted, the
Gaussian-GIIFOWA operator and Gaussian-GIIFOWG ope-
rator appear to be more straight and concise than the P-
GIIFOWA operator and P-GIIFOWG operator, while the

latter two operators can utilize preference more completely
by considering not only support degree of each argument
by other arguments but also the support degree between the
aggregated argument and the mean value. So for different
practical decision making problems, decision makers may
choose different operators according to their preference and
the related facts.

5.2. Further Discussion. In order to further verify proper-
ties of the proposed four generalized argument-dependent
aggregation operators, experiments are conducted in this
subsection with attitudinal parameter A varying in a crisp
range: 1/5,1/4,1/3,1/2,1, 2, 3,4, and 5. For clarity, the proposed
Gaussian-GIIFOWA operator, Gaussian-GIIFOWG opera-
tor, P-GIIFOWA operator, and P-GIIFOWG operator are,
respectively, applied on assessment matrix given by decision
maker d, (as shown in Table 4), and corresponding results are
listed in Table 10 to Table 13.

From comparison with the last columns of Table 10 to
Table 13, it is can be seen that the best and worst alternatives
are totally consistent and only the orderings of x, and x5
exhibit some difference, which shows that all the proposed
four aggregation operators can effectively distinguish the
most desirable alternatives. And from the view of results
obtained by Gaussian-GIIFOWA and Gaussian-GIIFOWG
with ranging A, it is can be observed that all the score values in
Table 11 are smaller than the score values in Table 10 with A =
1 (Gaussian-GIIFOWA is reduced to be Gaussian-IIFOWA),
and that all the score values in Table 10 are bigger than the
score values in Table 11 with A = 1 (Gaussian-GIIFOWG
reduces to Gaussian-IIFOWG). These observed facts just
verify the validness of the inequations given in Theorem 20.
And similarly, the same facts verifying the validness of Theo-
rem 28 can also be observed by comparing the score values
listed in Tables 12 and 13.
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TABLE 10: Ranking results obtained by applying Gaussian-GIIFOWA on assessments given by d;.

Aggregation operator A Score values Ranking
1/5  s(7) = 0.9965, s(7,) = 0.6022, s(7,) = 0.5121, s(7,) = 0.8839, s(7;) = 0.5594 X, > X, > X, > X5 > X5
1/4  s(7) = 0.9972, s(7,) = 0.6030, s(F;) = 0.5128, s(7,) = 0.8874, s(7;) = 0.5601 X, > X, > X, > X5 > X3
1/3  s(7,) = 0.9984, s(7,) = 0.6044, s(7;) = 0.5141, 5(7,) = 0.8860, s(7;) = 0.5613 X, > X, > X, > X5 > X5
1/2 s(7,) = 1.008, s(7,) = 0.6071, s(73) = 0.5167, s(7,) = 0.8886, s(75) = 0.5638 X > Xy > Xy > X > Xy
Gaussian-GIIFOWA 1 s(7,) = 1.008, s(7,) = 0.6156, s(73) = 0.5245, s(7,) = 0.8968, s(75) = 0.5716 X > Xy > Xy > X > Xy
2 s(7;) = 1.0231, s(7,) = 0.6341, s(7;) = 0.541, s(7,) = 0.9147, s(75) = 0.5887 X; > Xy > Xy > Xg > Xy
3 s(7,) = 1.0386, s(7,) = 0.6542, s(7;) = 0.558, s(7,) = 0.9343, s(75) = 0.6075 X; > Xy > Xy > Xg > Xy
4 s(7,) = 1.054, s(7,) = 0.6755, s(7;) = 0.575, s(7,) = 0.9552, s(75) = 0.6272 X; > Xy > Xy > Xg > Xy
5 s(7,) = 1.0688, s(7,) = 0.6972, s(73) = 0.5917, s(7,) = 0.9767, s(75) = 0.6471 Xp > Xy > Xy > Xg > Xy

TABLE 11: Ranking results obtained by applying Gaussian-GIIFOWG on assessments given by d,.

Aggregation operator A Score value Ranking
1/5 s(7)) = 0.841, s(7,) = 0.5523, 5(7,) = 0.4714, s(7,) = 0.7077, s(7;) = 0.5225 x| > X, > X, > Xg > X
1/4 s(7;) = 0.8327, s(7,) = 0.5505, s(7;) = 0.4701, s(7,) = 0.699, s(75) = 0.5213 X; > Xy > Xy > Xg > Xy
1/3 s(7;) = 0.8215, s(7,) = 0.5475, s(7;) = 0.4678, s(7,) = 0.6873, s(75) = 0.5193 Xp > Xy > Xy > Xg > X
1/2 s(7)) = 0.8041, s(7,) = 0.5413, s(7;) = 0.4632, s(7,) = 0.6694, s(75) = 0.5152 X; > Xy > Xy > Xg > Xy
Gaussian-GIIFOWG 1 s(7;) = 0.7664, s(7,) = 0.5215, s(7;) = 0.4486, s(7,) = 0.6325, s(75) = 0.5022 Xy > Xy > Xy > Xg > Xy
2 s(7,) = 0.7059, s(7,) = 0.4811, s(7;) = 0.4168, s(7,) = 0.5795, s(7;) = 0.4741 Xp > Xy > Xy > X > Xy
3 s(7)) = 0.6513, s(7,) = 0.4449, s(7,) = 0.3838, s(7,) = 0.5371, s(7;) = 0.4459 X, > X, > X, > X5 > X3
4 s(7)) = 0.6024, s(7,) = 0.4149, s(7,) = 0.3513, 5(7,) = 0.5019, s(7;) = 0.4194 X, > X, > X5 > X, > X5
5 s(7,) = 0.56, s(7,) = 0.3905, s(7;) = 0.3199, s(7,) = 0.4725, s(75) = 0.3952 X; > Xy > Xg > Xy > Xy

TaBLE 12: Ranking results obtained by applying P-GIIFOWA on assessments given by d,.

Aggregation operator A Score value Ranking
1/5 s(7,) = 1.0344, s(7,) = 0.5892, s(73) = 0.5375, s(7,) = 0.9417, s(75) = 0.5918 X > Xy > X5 > Xy > Xy
1/4 s(7,) = 1.035, s(7;,) = 0.5899, s(7;) = 0.5383, s(7,) = 0.9424, s(75) = 0.5925 X; > Xy > X5 > Xy > Xy
1/3 (7)) = 1.0361, s(7,) = 0.5911, s(7;) = 0.5398, s(F,) = 0.9437, s(7;) = 0.5938  x, > X, > X5 > X, > X3
1/2  s(7) = 1.0384, s(7,) = 0.5936, s(7;) = 0.5427, s(F,) = 0.9462, s(7;) = 0.5963  x, > X, > X5 > X, > X3
P-GIIEFOWA 1 s(7,) = 1.0453, s(7,) = 0.6013, s(73) = 0.5517, s(7,) = 0.954, s(75) = 0.6042 X > Xy > Xg > Xy > Xy
2 s(7,) = 1.0595, s(7,) = 0.6182, s(7;) = 0.5704, s(7,) = 0.9708, s(75) = 0.6214 X > Xy > X > Xy > Xy
3 s(7)) = 1.0741, s(7,) = 0.6367, s(7;) = 0.5895, s(7,) = 0.989, s(75) = 0.64 X; > Xy > Xs > Xy > Xy
4 s(7;) = 1.0884, s(7,) = 0.6564, s(7;) = 0.6083, s(7,) = 1.0081, s(75) = 0.6594 X; > Xy > Xg > Xy > Xy
5 s(7y) = 1.1021, s(7,) = 0.6767, s(73) = 0.6263, s(7,) = 1.0275, s(75) = 0.6788 X; > Xy > Xg > Xy > Xy
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TaBLE 13: Ranking results obtained by applying P-GIIFOWG on assessments given by d;.

Aggregation operator

A Score value

Ranking

1/5  s(7) = 0.9026, s(7,) = 0.5437, s(7;) = 0.4907, s(7,) = 0.7869, s(7;) = 0.5531  x, > X, > X5 > X, > X3

1/4 s(7;) = 0.8938, s(7,) = 0.542, s(7;) = 0.4892, s(7,) = 0.7773, s(75) = 0.5518 Xy > Xy > Xy > Xy > Xy

1/3  s(7) = 0.8818, s(7,) = 0.5392, s(7;) = 0.4867, s(7,) = 0.7642, s(F;) = 0.5497  x, > X, > X5 > X, > X3

1/2  s(7) = 0.8631, s(7,) = 0.5335, s(7,) = 0.4814, s(7,) = 0.7442, s(F;) = 0.5453  x, > X, > X5 > X, > X3

P-GIIFOWG 1 s(7)) = 0.8229, s(7,) = 0.5154, s(7,) = 0.4644, s(7,) = 0.7029, s(7;) = 0.5313 X, > X, > X5 > X, > X3
2 s(7)) = 0.7581, s(7,) = 0.4783, s(7,) = 0.4271, s(7,) = 0.6435, s(7;) = 0.5012 X, > X, > X, > X5 > X3
3 s(r}) = 0.6987, s(7,) = 0.4451, s(7;) = 0.3884, s(7,) = 0.5956, s(75) = 0.4709 X > Xy > X > Xy > X3
4 s(7,) = 0.6453, s(7,) = 0.4176, s(7;) = 0.3505, s(7,) = 0.5555, s(75) = 0.4424 Xp > Xy > X5 > Xy > Xy
5 s(7)) = 0.5987, s(7,) = 0.395, s(7,) = 0.3146, s(7,) = 0.5217, s(7;) = 0.4164 Xy > X, > Xs > X, > X

In summary, the proposed four generalized argument-
dependent operators can effectively and objectively distin-
guish the most desirable alternative(s). The Gaussian weight-
ing vector directly measures support degree of arguments
with less computation complexity by only considering the
distance between arguments with mean value, while the
power weighting vector obtained by hybrid support function
can consider objective preference information by measuring
both the support degrees between arguments and the support
degrees between arguments and mid values. In practical deci-
sion modelling process, decision makers can select suitably
presented operators and proper parameter A in accordance
with attitudinal preference or problem characteristics to help
effectively solve multiple attribute group decision making
problems under interval-valued intuitionistic fuzzy environ-
ments.

6. Conclusions

We have investigated some generalized argument-dependent
aggregation operators for MAGDM under interval-valued
intuitionistic fuzzy environments. First, a Gaussian distribu-
tion-based method for deriving weighting vector by measur-
ing distances between arguments and mean value has been
presented, based on which we have proposed the Gaussian-
GIIFOWA operator and the Gaussian-GIIFOWG operator.
Then, a hybrid support degree function has been devised
for measuring both the support degrees between arguments
and the support degrees between arguments and mean value,
based on which we have also proposed the P-GIIFOWA oper-
ator and the P-GIIFOWG operator. And some desirable pro-
perties of the proposed dependent operators have been ana-
lyzed. The main advantages of developed operators are that
they can relieve the influence of unfair assessments on the
results by assigning low weights to those false and biased ones,
and they can include a wide range of other aggregation ope-
rators for decision makers to flexibly choose in practical deci-
sion modelling. An approach has been formed based on
developed operators and applied to solve the MAGDM

problem concerning exploitation investment evaluation of
tourist spots for verifying effectiveness and practicality of
proposed methods. Furthermore, the results of comparative
experiments have also verified the properties of developed
operators. In the future, we will continue working on the
extension and application of these operators to other fields
under different environments, such as the information fusion,
data mining, and hybrid decision making indices with hesi-
tant fuzzy preference.
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