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Similarity measures (SM) and correlation coefficients (CC) are used to solve many problems. These problems include vague and
imprecise information, excluding the inability to deal with general vagueness and numerous information problems. The main
purpose of this research is to propose an m-polar interval-valued neutrosophic soft set (mPIVNSS) by merging the m-polar fuzzy
set and interval-valued neutrosophic soft set and then study various operations based on the proposed notion, such as AND
operator, OR operator, truth-favorite, and false-favorite operators with their properties. This research also puts forward the
concept of the necessity and possibility operations of mPIVNSS and also the m-polar interval-valued neutrosophic soft weighted
average operator (nPIVNSWA) with its desirable properties. Cosine and set-theoretic similarity measures have been proposed for
mPIVNSS using Bhattacharya distance and discussed their fundamental properties. Furthermore, we extend the concept of CC
and weighted correlation coefficient (WCC) for mPIVNSS and presented their necessary characteristics. Moreover, utilizing the
mPIVNSWA operator, CC, and SM developed three novel algorithms for mPIVNSS to solve the multicriteria decision-making
problem. Finally, the advantages, effectiveness, flexibility, and comparative analysis of the developed algorithms are given with the
prevailing techniques.

1. Introduction

Multicriteria decision-making (MCDM) is an essential
condition for decision scientific discipline. The decision-
maker should judge the choices stated by the diverse forms
of distinguishing perspectives. Though, in quite a lot of
situations, it is tough for someone to undertake it because of
numerous uncertainties in the data. One is due to lack of
expertise or ravishment of policies. Thus, to measure the
given disadvantages and thinking tools, a succession of
philosophies had been projected. Zadeh introduced the

notion of the fuzzy set (FS) [1] to resolve complex problems
that contain vagueness and uncertainty. But FS is unable to
handle the environment when any expert considers the
membership (Mem) grade of any object in the intervals
form. To overawed such states, Turksen [2] proposed the
idea of interval-valued fuzzy sets (IVES). Sometimes, deci-
sion-makers consider the nonmembership (NMem) value of
the object which cannot be processed by FS nor by IVES.
Atanassov [3] settled the concept of intuitionistic fuzzy sets
(IFS) to contract above declared complications. The idea
proposed by Atanassov involves only underconsidered data
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as well as Mem and Nmem values. However, the IFS theory
is unable to cope with overall incompatibility and inaccurate
data. To resolve the challenge of incompatibility and in-
correct data, Smarandache [4] planned the theory of NS.
Molodtsov [5] presented a universal accurate tool for
addressing uncertain environments renowned as soft set
(SS).

Maji et al. [6] expanded the concept of SS and proposed
fundamental operations with their desired properties. Maji
et al. [7] established a decision-making (DM) technique
utilizing their developed operations and used it for DM. Ali
et al. [8] extended the notion of SS and established some
novel operations with their fundamental properties. The
authors [9] extended the notion of SS and proved De
Morgan’s law. The concept of soft matrices has been de-
veloped by Cagman and Enginoglu [10]; they also famil-
iarized some basic operations for soft matrices and studied
their required possessions. Cagman and Enginoglu [11]
protracted the concept of SS with some fundamental op-
erations and discussed their characteristics. Furthermore, a
DM approach has been established to solve DM difficulties
employing their settled operations. In [12], the author
presented some novel operations with their properties. Maji
[13] presented the impression of a neutrosophic soft set
(NSS) along with necessary operations and possessions. Liu
et al. [14] discussed the class of uncertain fractional-order
neural networks with external disturbances using adaptive
fuzzy control. Broumi [15] extended the notion of NSS and
proposed the generalized form of NSS and discussed some
fundamental operations. Zulqarnain et al. [16] presented the
idea of multipolar neutrosophic soft sets and discussed their
desirable properties.

Correlation plays a significant part in statistics as well as
engineering science. The joint association of two variable
quantities can be utilized to appraise the interdependency of
the correlation qualitative analysis. In addition to using
probabilistic strategies for noticeably pragmatic engineering
science complications, you also can locate various bound-
aries to probabilistic methods. However, the bodily structure
has numerous exceptions, the improvement is challenging,
and it is difficult to obtain exact consequences. Thus, due to
the wide variety of incomprehensible info, the consequences
of probability theory are not able to provide professionals
with suitable information. In addition, in natural world
concerns, there is not any priggish reason out to deal along
with distinguished statistical information. Due to the pre-
liminary limitations, the outcomes of probability theory are
not conducive to specialists. So, probability theory is not
very adequate to resolve the insecurity explicit in the data.
Several assessors around the world have prearranged and
suggested different strategies to solve anxiety-related com-
plications. Wang et al. [17] developed a decision-making
(DM) technique utilizing CC for single valued neutrosophic
soft sets (SVNSs). Zulqarnain et al. [18] established the
generalized neutrosophic TOPSIS to solve MCDM issues.
Hashmi et al. [19] merged two existing theories such as
multipolar FS and neutrosophic set and proposed a mul-
tipolar neutrosophic set. Zulqarnain et al. [20] introduced
the CC for Pythagorean fuzzy soft set and developed the
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TOPSIS method based on CC for supplier selection in green
supply chain management.

Gerstenkorn and Manko [21] proposed a method for IFS
correlation, and they also presented the characteristic co-
efficients. Yu [22] proposed the CC for fuzzy numbers to
measure the relation among fuzzy numbers. Chiang and Lin
[23] have developed a way to test the CC of fuzzy data.
Zulqarnain et al. [24] proposed the TOPSIS technique to
resolve multiattribute decision-making complications con-
structed on CC for the interval-valued intuitionistic fuzzy
soft set (IVIFSS). Hung and Wu [25] intended a novel
technique to measure the center of gravity for IFS and gave
the presented method to interval-valued IFS. Bustince and
Burillo [26] presented the relationship between IVIFS and
CC, proving the decomposition theorem for IVIFS. Hong
[27] and Mitchell [28] developed the CC for IFS and IVIES.
Zulqarnain et al. [29] protracted the AOs and CC foe
intuitionistic fuzzy hypersoft set, and they also constructed a
TOPSIS method utilizing their proposed CC. Zulgarnain
et al. [30] presented a DM technique based on CC for the
interval-valued neutrosophic hypersoft set. Samad et al. [31]
utilized the TOPSIS approach for the selection of the most
suitable hand sanitizer in this pandemic under the neu-
trosophic hypersoft scenario.

In the past few years, quite a lot of mathematicians have
progressed numerous methodologies such as similarity
measures, CC, and aggregation operators (AQOs) along with
their applications in DM. Harish [32] offered the weighted
cosine SM of IFS. Additionally, they built the MCDM ap-
proach under his planned methodology and used the pro-
gressed strategies for information processing and diagnosis.
Garg and Kumar [33] recommended some novel SM to
evaluate the relative strength of IFS. Liu et al. [34] studied the
synchronization for a class of indeterminate fractional-order
neural networks focusing on peripheral instabilities and
distressed scheme parameters. Peng and Garg [35] proposed
a variety of Pythagorean fuzzy set (PFS) similarity measures
with multiple parameters. The notion of the m-polar neu-
trosophic soft set (mPNSS) was developed by Saeed et al.
[36]. Liu et al. [37] studied synchronization problematic of
fractional-order chaotic schemes through input capacity and
indefinite exterior trouble using adaptive fuzzy control.
Zulqarnain et al. [38] offered a DM technique based on a
score matrix to solve multiattribute decision-making
(MADM) problems for neutrosophic hypersoft matrices.
Riaz et al. [39] developed an MCDM method for soft
multiset, and they also presented the soft multiset topology
AOQs. Zulqarnain et al. [40] proposed the integrated neu-
trosophic TOPSIS to resolve MCDM concerns.

In this epoch, specialists believe that real life is touching
the track of multipolarization. Therefore, there is no distrust
that the multipolarization of information has played a sig-
nificant part in the prosperity of many arenas of science and
technology. In neurobiology, multipolar neurons in the
brain accumulate a lot of info from other neurons. In the
whole manuscript, the motivation for expanding and mixing
this research work is gradually given. We prove that under
any appropriate circumstances, different hybrid structures
comprehending FS will be transformed into distinct
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privileges of mPIVNSS. This study will be the utmost ver-
satile form that can be used to merge data in daily life
complications. The organization of the current research is
such as follows: some basic concepts are presented in Section
2, which helps us to construct the structure of the following
study. In Section 3, we propose a novel idea of mPIVNSS by
combining the m-polar fuzzy set (mPFS) and interval-valued
neutrosophic soft set, its properties, and operations. In
Section 4, the concepts and properties of CC and WCC are
presented, and the decision-making method is established
based on CC. In Section 5, the multipolar interval-valued
neutrosophic soft weighted aggregation (mPIVNSWA)
operator and two different types of similarity measures with
their decision-making methods are developed. In Section 6,
we use the developed techniques for DM and present a
numerical example. In Section 7, a brief comparison between
our developed approach and existing techniques is provided.
Also, superiority, practicality, and flexibility have been in-
troduced in the same section.

2. Preliminaries

In the following section, we recalled some fundamental
concepts which help us to construct the structure of the
following study.

Definition 1 (See [4]).

Let 2% be a universe, and &/ be an NS on % defined as
o ={<uuyWw),vy(u),wy (u)>: ue %}, where u, v, w:
U —107,1"[ and 0™ <uy (u) + vy (u) + wy (u) <3".

Definition 2 (See [19]).

Let % be the universal set and gy is said to be the
multipolar neutrosophic set if g ={ (1,1, (1), v, (),
w,(w):ueU,a=1,2,3,...,m}, where u,(u), v,(u),
and w, (u) represent the truthiness, indeterminacy, and

Let % be the universal set and & be the set of attributes
concerning %. Let (%) be the power set of Z and o C &. A
pair (¥, &) is called an SS over % and its mapping is given as

Fd — P(U). (1)

It is also defined as
(F,A)={F () e P(U):ec EF(e) = Dif e+ A}
(2)

Definition 4 (See [13]).

Let % be the universal set and & be the set of attributes
concerning %. Let 2 (%) be the set of neutrosophic sets over
U and of € &. A pair (¥, ) is called an NSS over %, and its
mapping is given as

F A — P(U). (3)

Definition 5 (See [41]).

Let % be a universal set; then, the interval-valued
neutrosophic set can be expressed by the set
A = {u, (uy (u),vy (u),wy, (u): u e %}, whereuy, v, and
w,, are truth, indeterminacy, and falsity membership
functions for &, respectively, uy, v, and w, c [0, 1] for
each u € %, where

gy () = [, (), ug (W),
vy () = [Vl (), v )], (4)
we () = [w (), w ().

For each point, u € %, 0<uy, (u) + vy, (u) + wy (u) <3,
and IVN (%) represent the family of all interval-valued
neutrosophic sets on %.

falsity,  respectively, u, (u),v, (1), w, (1) <[0,1] and
0<u,(u)+v,(u) +w, (u)<3, for all «=1,2,...,m; and Definition 6 (See [42]).
ue. Let % be a universe of discourse and & be a set of at-
tributes, and an m-polar neutrosophic soft set (mPNSS) gy
Definition 3 (See [5]). over % defined as
ox =1{(e{ (wuy (W), v, (W), w, (w): ue % a=1,2,3,...,m}):ec E}, (5)

where u, (1), v, (u), and w, (u) represent the truthiness,
indeterminacy, and falsity, respectively, wu, (1), v, (1),
w, (u)<[0,1] and 0 0 <u, (u) + v, (u) + w, (1) <3, for all
a=1,2,3,....,m; e€ & and u e %. Simply an m-polar
neutrosophic number (mPNSN) can be expressed as

pn =1 (e, { (1 ug (1), vg (W), wg (W): u € Uya=1,2,3,...

where O0<u,+v,+w,<3 and

W = {(ua’ Vtx’ wa>}’
a=1,2,3,...,m.

Definition 7 (See [43]).

Let % be a universe of discourse and & be a set of at-
tributes, and IVNSS g over % defined as

,m}):e € E}, (6)



where ug (1) = [ub; (u),ul (W], vy (1) = [Vl (W), vig (W],
and wg (1) = [wg{ (u), wy, (u)] represents the interval tru-
thiness, indeterminacy, and falsity, respectively,
ug (1), vy (), wy (1) € [0, 1] and  0<ug (u) + vy (u) +
wy; (u) <3, for each e € & and u € %.

3. Multipolar Interval-Valued Neutrosophic
Soft Set with Aggregate Operators
and Properties

The idea of the m-polar fuzzy set (mPFS) was developed by
Chen et al. [44] in 2014, capable of addressing data with
ambiguity along with vagueness multipolar information.
Smarandache [45] presented the tripolar, multipolar neu-
trosophic sets as well as their graph in 2016. The membership
degree range of mPFS is in the interval [0, 1]™, representing
m criteria of the object, but mPFS cannot handle
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indeterminacy and falsity objects. NS bargains with truth,
falsity, one any choice specifications containing indeter-
minacy, but are not able to deal with multicriteria, multiple
sources, and multiple polarities information fusion of
possible choices. To conquer this question, Deli et al. [42]
combined the concept of the m-polar neutrosophic set and
SS and introduced a new model of mPNSS. The developed
mPNSS can deal with m criteria for each alternative. mPNSS
is an extension of the bipolar NSS which was introduced by
Ali et al. [46]. Deli [43] established the IVNSS which was the
combination of IVNS [41] and SS [5]. We build some basic
concepts of mPNSS and extend the mPNSS to mPIVNSS
with various operations and properties.

Definition 8. Let % be a universe of discourse and & be a set
of attributes, an m-polar interval-valued neutrosophic soft
set (MPIVNSS) g over % defined as

on ={(e{ (uu, (W), v, (w),w, (W)): u € U,a=1,2,3,...,m}): e € E}, (7)

where u, (u) = [uﬁ(u),u(‘x‘ W)], v, (u) = [vi(u), vy (u)], and
w, (1) = [wﬁ(u),wg (u)] represent the interval truthiness,
indeterminacy, and falsity, respectively; u, (u),v, (1),
w, (1)< [0, 1] and 0<ul (u) + vy (u) + wy (u) <3 for all
a=1,2,3,...,m; e€ & and u € %. Simply, an m-polar
interval-valued neutrosophic soft number (mPIVNSN) can
be expressed as o= { [ul (u),u} (W], [v} (), v} (w)],
[wi (u), w;, (u)]}, where 0 <u® (u) + v* (u) + w (u) <3 and
a=1,2,3,...,m.

Definition 9. Let py and g, be two mPIVNSSs over %.
Then, gg is called an m-polar interval-valued neutrosophic
soft subset of @, if

R ¢z
u, (w)=u,” (u),

Definition 10. Let @y and po be two mPIVNSSs over %.
Then, pg =P, if

uf‘m (u) < uig (u),

uig (u) < uim (u),

uS’(

u;m (u) <uy

u),

uZR(

u (u) <u

u),

ez
w (

Iz m
vy () =2v, (u),
v;’m (u) > v:x'g (),

v;"? (u) > V:ER (),

|
v, (w=v” (u),

9)

uzm (u) Zu;‘g(u), wim(u) wa‘y(u%
vﬁm (u) > vﬁg (u), ®) wig (u) > wim (u),
8 .
v:m (u) > vf;g (), w;m (u) = w;‘f (u),
wim (u) Zwﬁg(u), w;g(u) szm (u),
w;m(u)szy(u), foral a =1,2,3,...,m;ec &and u € .

foralla=1,2,3,....mec &and uc . Definition 11. Let gy be an mPIVNSS over %. Then, empty
mPIVNSS can be represented as g and defined as follows:
©s =1(e, {(u, ([0,0], [1,1], [1,1]), ([0,0], [1,1], [1,1]),..., ([0,0], [1,1], [1,1])): u € %}): e € E}. (10)

Definition 12. Let @y be an mPIVNSS over %. Then, uni-
versal mPIVNSS can be represented as - and defined as
follows:
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5 =1(e, {(w, ([1,1], [0, 0], [0,0]), (1, 1], [0,0], [0,0]),..., ([1,1],[0,0], [0,0])): u € %}): e € E}. (11)

Definition 13. Let pg be an mPIVNSS over %. Then, the
complement of mPIVNSS is defined as follows:

O :{(e, {( u, [wi (u), wy (u)], [1 - uy (u),1- ui(u)], [vi(u), vy (u)]): ueUa=1,23,..., m}): ec E} (12)
Proposition 1. If oy be an mPIVNSS over U, then Proof. Let
(%) = o>
(o) = o5 (13)
(z) = o
on ={(e {(w [ui(u),u;’ W), [Vi (), vy ()], [wi(u), wy(W)]):ue%a=1,23,...,m}):eecE}. (14)

Then, by using Definition 13, we get

O ={(e, {( u, [wf((u),w:x1 (u)], [1 vy (u),1- vi(u)], [ui(u),u: (u)]): ueUa=1,273,..., m}): ec E}, (15)

again, by using Definition 13,

(%) ={(e, {(u, [ui(u), u, (u)], [1 -1+ vi(u), 1-1+v, (u)], [wi(u), wy (u)]): ueUa=1,23,..., m}): ec E},
(%) ={(e, {(u [ui(u), Uy (u)], [Vi (u), v (u)], [wi (u), w (u)]): ueUa=1,23,..., m}): ec E}
()" = -

(16)
Similarly, we can prove 2 and 3. Definition 14. Let pg and @ be two mPIVNSSs over %.

Then,

u, [max{uim (w), uig (u)}, max{u:ER (u),uzg(u)}],
PrUpy = e, [min{vim (u),vig (u)}, min{v:m (), v:‘? (u)}], cue€Ua=123,....m¢ |:ecE t+. (17)

[min{wf;m (), wig (u)}, min{wzm (w), w;’g (u)}]

Definition 15. Let pg and @ be two mPIVNSSs over %.
Then,
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u, [min{uim (), uig(u)}, min{uzm(u),u;‘g(u)”,
Pr NPy = e, [max{vim (u),vgg (u)}, max{vgm (), vzg (u)}], cueUa=1,23,....,my¢r |:ecE . (18)
[max{wiER (), wggz (u)}, max{w;'m (), w;'g (u)}]
Proposition 2. Let gy and @ be two mPIVNSSs over %.  Proof. As we know,
Then,
(pm Ups)” = o N5

c_ ¢, ¢ (19)
(Pr NPz) = pPn U

©On ={ (e, {(u, [u?‘ (u),u;'m(u)], [vim (u),v;‘m (u)], [wﬁ?‘ (u),wzm(u)]): ueU,a=1,2,3,..., m}): ecE },

20
0o ={ (e {(w [t W, ul” W), [ve” ), vy” W], [ws” W, wy” W)]):ue%a=1,2,3,...,m}):ecE}. 20
By using Definition 14, we get
u, [max{uﬁm (), uiy(u)}, max{u:m (), u;’g (u)}],
PrUpy = e, [min{vim (w), vi‘y(u)}, min{v;m (), v;’g (u)}], cueUa=123,...,m¢ |teecE }.
[min{w?‘ (w), wig(u)}, min{w;’m (w), wzg (u)}]
(21)
Now, by using Definition 13, we get
u, [min{wf;SR (u), wig (u)}, min{wzm (), w;‘g (u)}],
(P Ups) = e, [1 - min{v:m (u), v;‘g (u)}, 1- min{vim (w), vig(u)}], cueU,a=1,23,....m{ |:ecE
[max{uim (u), uig (u)}, max{u;‘m(u), uzg(u)}]
(22)

Now,

p; :{ (e, {(u, [wfn (u),w;’m (u)], [1 - vffR (u),1 - v:m (u)], [uiSR (u),uzm (u)]): ueUa=1,23,..., m}): ec E},
0 :{ (e, {(u, [wiy (u),wzg(u)], [1 - vi‘y(u), 1- v;‘y(u)], [ui‘?(u), u;’y(u)]): ueUa=1,2,3,..., m}): ec E}
(23)

By using Definition 15,
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f u, [min{ % (w), w u)}, mm{ uR (u) w"y(u)}]
prnps =1 [ e | [minfr - vi" W), 1- v"y(u)} min{l - vi" (), 1-vi7 W}], | ue%a=123...,m¢ [lecEt,
| [max{us” (), ul? ()}, max{ul™ (), uy” (W)}
[/ w, [min{wS (W), ws (W}, min{w}™ W), wi” W}],
pnnes =1 | e 4| [1-min{vi™ @), vi¥ @} 1 - min{v @), v W)}], |ue%a=1,23...,m} |:ecE
[max{ufim (), ui“? (u)}, max{u:;% (), u;’y(u)}]
(24)
Hence, P U (7 NPsr) = (Px Ups) N (Pn V),
L e e #n N (P2 Vpsw) = (En NP2) U (En Vo).
(om Upo) = pom NP (25) 00U (65 N0) = P (26)
Pn N (5 VP 2) = P

Proof. Similar to assertion 1.

Proposition 3. Let gy, @0, and pg, be three mPIVNSSs over

U. Then, Proof. As we know,

u, [min{uiz (u), uiyf (u)}, min{u;ly (u), u,';y( (u)}],

PeNpy =1 | & [max{vig(u),viz(u)}, max{v:y(u),v:y{(u)}], cue¥Ua=1,23,...,m ce€E ¢,
[max{wu(u) ww(u)} max{w"z(u),w;y/(u)}]
u, [max{uim(u), min{min{uiy(u),ui?/(u)}}}, max{u;m(u) mm{u"j(u),u:?y (u)} }],

(u }} mm{v'm u), v (),

[min{vﬁ"R (u), ma\x{viy (u), v

[inf

{
[mm{u[ER (u), uU(u)} mm{u"m(u) u"j(u)}],

v ],

min w"SR (u), max{w:x'y(u),wxl(u)}}]

P U (7 Npr) =1 | & 1 max{v

w;m (u), max{ww (u), we?/ (u)}}

ey =1 [ e 4| [max[v® @, v& @}, max{vt™ @), v W}], |ue%a=123...mp|ecE}
[max{w™ (. wi” (0}, maxfuwl™ @), w)” w}]
u, [min{ul® ), ul” ()}, min{ul™ (w), 1™ W)}],

Pnngr =1 | e 4| [max{rl @, v @}, max{v:™ @, 2" @)}], |uwe%a=123...m} |ecE}
[max{w™ (o, wi G0}, maxfu™ @), w)” w}]

(u), v (u)} ma.x{v[SR (u),

),

[min{max{wﬁ:"I (u), wf;‘s'ﬁ (u)}, malx{wf:"l (u), w?f (u)}},

(o Np2)U (pm Npz) =17 | & [ min{max{v:"

u, [max{ufx(u), min{uiy(u),ug%(u)}}, max{u;‘m(u), min{u;y(u),u::?{(u)}}],

(P NP2)U (P Npz) =1 | e [mm{v (u), max{vU(u) vn/(u)}} 'n{ :%(u), max{v:y(u),v:z/(u)}ﬂ,

[min{wiy (u), max{w (u), W/(u)}}, min{w‘:m (u), max{w:y(u),w:?/(u)}}]

cu€U,a=1,2,3....,m

u, [max{min{ugy(u),uf‘g(u)}, min{uim(u),uil(u)}} max{mm{ "m(u) "y(u)} mm{ YR,

cueU,a=1,2,3,....m

)

min{max{v:w (u), v;y (u)}> max{v;,loz (u), v;y[ (u)}} ],

cuelU,a=1,2,3,....,m ceckE ¢,

min{max{w;m (u), W (u)}, maX{w;w (), wh” i} |

ce€kE t.

(27)



Hence,

Px U (P2 NPx) = (P NPz) U (Pn N O ). (28)
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Definition 16. Let py and o be two mPIVNSSs over %.
Then, their extended union is defined as

Similarly, we can prove other results.

[ [ul (), ul™ W), ifeeR -2,
u(pn Uepz) =1 [ue” ), uy” w)], ifee Z-RN,
[max(u® (u), u” ()}, maxful™ w),u'” W)}], ifeecRNZ,
[ [0 (), vi™ W), ifeeR-2,
v Uepe) =9 [V ), vi” W), ifee 7-R, (29)
| [min{v (), ve” W}, min{vi™ (), vi7 W)}], ifeeRnZ,
[ [wl” ), wy™ (w)], ifee R-2,
w@mU$&J—*[w?00uf$Wﬂ ifee 7 -9,
| [min{ws® (W), w)” W} minfw™ W), wi” W)}], feeRnZ.

Example 1. Assume % = {u,,u,} be a universe of discourse ~ and & = Unsupported {e;, e,} € E. Consider 3-PIVNSSs g
and E = {e;, e,, 5,4} be a set of attributes, and R = {e;,e,}  and @, over % can be represented as follows:

PR =7

[«
(-
IS
(-

Then,

@mueﬁy’ =1

it
e
3!
1

( {(m,ﬂ&iOBL[QLOEL[QLOJD,HQ&O5L[QL03L[QLOAD,HQ@OEL[QZOBL[Q&lD)})
1>

< {(up([a4,08L[01,06L[02,Q4D,([02,Q7L[01,&4L[03,05D,([Q7,09L[03,a8L[o5,08D)]_)
e2a -

< {(W,HQ&QNJQ&QQJQLQQLﬂ&LQﬂJQ&QﬂJQLQﬂLﬂQ&QﬂJQ&QﬂJQiQ&»}>
e,,

uj, ([0.5,0.8], [0.2,0.5], [0.1,0.2]), ([0.3,0.5], [0.1,0.3], [0.2,0.4]), ([0.6,0.9], [0.7,0.8], [0.8,1]))
uz, (10.2,0.4], [0.3,0.4], [0.1,0.3]), ([0.2,0.5], [0.1,0.6], [0.1,0.3]), ([0.8, 1], [0.6,0.9], [0.6,0.7])) })

uj, ([0.3,0.6], [0.1,0.6], [0.3,0.4]), ([0,0.2], [0.1,0.4], [0.3,0.5]), ([0.5,0.9], [0.3,0.8], [0.5,0.8])) ’
(u,, ([0.2,0.5], [0.2,0.3], [0.5,0.6]), ([0.3,0.5], [0.1,0.5], [0.5, 0.8]), ([0.6,0.9], [0.5,0.8], [0.6,0.9])) } )
(uy, ([0.4,0.8], [0.3,0.6], [0.2,0.5]), ([0.2,0.7], [0.3,0.4], [0.4, 0.6]), ([0.7,0.8], [0.4,0.9], [0.5, 1]))
(uy, ([0.1,0.6], [0.5,0.7], [0.1,0.2]), ([0.3,0.4], [0.2,0.5], [0.2,0.5]), ([0.5,0.9], [0.7,0.8], [0.4, 06))})
(uy, ([0.2,0.7], [0.3,0.5], [0.2,0.6]), ([0.1,0.3], [0.2,0.5], [0.2,0.7]), ([0.4,0.9], [0.4,0.7], [0.5,0.8]))

(u,, ([0.1,0.6], [0.1,0.5], [0.4,0.8]), ([0.3,0.6], [0.3,0.4], [1,1]), ([0.5,0.9], [0.3,0.7], [0.1,0.8])) ]’)

(30)

(u,, ([0.2,0.4], [0.3,0.4], [0.1,0.3]), ([0.2,0.5], [0.1,0.6], [0.1,0.3]), ([0.8, 1], [0.6,0.9], [0.6,0.7]))

(uy, ([0.2,0.6], [0.2,0.3], [0.1,0.2]), ([0.3,0.5], [0.1,0.5], [0.2,0.5]), ([0.6,0.9], [0.5,0.8], [.4,0.6]))

(u,, ([0.1,0.6], [0.1,0.5], [0.4, 0.8]), ([0.3,0.6], [0.3,0.4], [1,1]), ([0.5,0.9], [0.3,0.7], [0.1,0.8]))
(31)

Definition 17. Let py and o be two mPIVNSSs over %.
Then, their extended intersection is defined as
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[ [ (), uy™ ()], ife e R -2,
ulpm Nepzr) =1 [u” W), uy” W), ifee Z-R,
| [min{ul™ (), @}, minful™ (), ul” W)}], feeRnZ,
' [Vﬁm (u), V,ljm(u)], ifeeR -,
v(pm Nepz) =1 [V ), v W), ifee ¥R, (32)
| [max{v® (u), v ()}, max{vi™ W), vi” w}], ifee Rn2,
[ [wi” (), wi™ (W), ifeeR-2,
w(pn Nepz) =1 [ws” W, wy” W), ifee 7-RN,
| [max{w® (w), w? @)}, max[w!™ W), w'? W)}], ifeeRNZ.

Remark 1. Generally, if oy # 05 and g # (=, then the law  Definition 18. Let py and py be two mPIVNSSs over %.
of contradiction g N5 = gy and the law of the excluded ~ Then, their difference is defined as follows:

middle pg U©§; = gz do not satisfy mPIVNSS. On the other

hand, in classical set theory, both laws always hold.

u, [min{uim (), uiy (u)}, min{u;m (), u;”? (u)}],
Pr\@ o = e, [max{vim (u),1 - vzg (u)}, max{vfx'm (u),1 - vsfz (u)}], cueUa=123,...,my [tecE

[max{wf?{ (w), wiy (u)}, max{w;m (), wzg (u)}]

(33)

Definition 19. Let gy and g, be two mPIVNSSs over %.
Then, their addition is defined as follows:

u, [min{uim (u) + ufcg(u), 1}, min{uzm (u) + u:fz (u), 1}],
PR+ Py = e, [min{vﬁ?z (u)+vf;g(u), 1}, min{v;m(u)+v;g(u), 1}], ueUa=1,23....,my |tecE

[min{wiER (u) + wi“? (), 1}, min{w;m (u) + w;‘g(u), 1}]

(34)

Definition 20. Let gy be an mPIVNSS over %. Then, its
scalar multiplication is represented as g. a, where a € [0, 1]
and defined as follows:

u, [min{u‘?{ (u).4, 1}, min{u;m (w).a, IH,
P -G = e, [min{vim (u).a, 1}, min{v:m (u).a, 1}], TueU,a=1,2,3,....m :e€E ¢. (35)

[min{wim (w).a, 1}, min{w;m (v).a, 1}]

Definition 21. Let gy be the mPIVNSS over %. Then, its
scalar division is represented as gg/a, where a € [0,1] and
defined as follows:
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o 2| ‘
u, | min —, 1, min —, 1t 1,
a
R uR
@=< e, 1 [min{“ F),l},min{ y(u),l}], cueUa=1,2,3,....,mp |ecE }. (36)
a a a
infe 5 e8]
min —, 1, mini———, 1
a a ]
Definition 22. Let @y be an mPIVNSS over %. Then, the
truth-favorite operator on gy is denoted by Apy and de-
fined as follows:
_ u, [min{u?‘ (u) + vim (u), 1}, min{ (u) + vuR (u), IH,
Aoy = e cueUa=1,23,...,m¢r |:ecE . (37)
[0,0], [0,0],..., [0,0], [ws” (), wi™ ()]

Definition 23. Let g be an mPIVNSS over %. Then, the
false-favorite operator on gy is denoted by Apy and is
defined as follows:

u, [ug” (), ul™ ()], [0,0], [0,0]

Von

Definition 24. Let gy and g be two mPIVNSSs over %.
Then, their AND operator is represented by g Ao and
defined as follows:
P N Py =Ip.y where

Iy (%, y) = pg (x) N (y) forall (x, y) e R x Z.

(39)

(uy, ([0.5,0.8], [0.2,0.5], [0.1,0.2]), ([0.3,0.5],
(u, ([0.2,0.4], [0.3,0.4], [0.1,0.3]), ([0.2,0.5],

PR =
uz, ([0.2,0.5], [0.2,0.3], [0.5,0.6]), ([0.3,0.5],
(uy, (1
uz,([Ol 0.6], [0.5,0.7], [0.1,0.2]), ([0.3,0.4],
Pz =1

(uy, (10.2,0.7], [0.3,0.5], [0.2,0.6]), ([0.1,0.3],

(uy, ([

(=1
(1,
(],
(=]

(uy, ([0.3,0.6], [0.1,0.6], [0.3,0.4]), ([0,0.2], [0.1,0.4], [0.3,0.5]), ([0.5,0.9], [0.3,0.8], [0.5,0.8]))

([0.4,0.8], [0.3,0.6], [0.2,0.5]), ([0.2,0.7], [0.3,0.4], [0.4,0.6]), ([0.7,0.8], [0.4,0.9], [0.5, 1]))

([0.1,0.6], [0.1,0.5], [0.4, 0.8]), ([0.3,0.6], [0.3,0.4], [1,1]), ([0.5,0.9], [0.3,0.7], [0.1,0.8]))

o b o bl b bl bl P [0)0])
1l CueUa=1,23,..., cecEb. (38
{(6 {( [min{w?{ (u) + v (u), 1}, min{w;lm () + "% (w), 1}] > wena " }) °c } G8)

Definition 25. Let @y and g be two mPIVNSSs over %.
Then, their OR operator is represented by @y Vo and
defined as follows:

PRVEPy =Ipxe> Where

Inio (%, y) = pg (x) U, (y) forall (x, y) e R x Z.
(40)

Example 2. Reconsider Example 1.

[0.1,0.3], [0.2,0.4]), (0.6,0.9], [0.7,0.8], [0.8,1]))
[0.1,0.6], [0.1,0.3]), ([0.8, 1], [0.6,0.9], [0.6,0.7]))

)
)
)
)

>

[0.1,0.5], [0.5,0.8]), ([0.6,0.9], [0.5, 0.8], [0.6, 0.9]))

[0.2,0.5], [0.2,0.5]), ([0.5,0.9], [0.7, 0.8], [0.4, 0.6]))
[0.2,0.5], [0.2,0.7]), ([0.4,0.9], [0.4,0.7], [0.5, 0.8]))

>
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PR NPz =1

Definition 26. Let @y be an mPIVNSS. Then, necessity
operation on mIVPNSS is represented by & gy and defined
as follows:

{ ( {(u, [uftm (u),u;m (u)], [vim(u),v;'m(u)],>
PR = e, TueUa=123,...

[1- ™ (), 1 - ()]

Definition 27. Let g be the mPIVNSS over %. Then,
possibility operation on mIVPNSS is represented by ®px
and defined as follows:

u, [1 —w:m(u),l—wim (u)], ”
opx =1 | e CueUa=1,23...
o ‘ < [VE% (), vi™ )], [wET (), wi™ ()] > e

Proposition 4. Let gy and @ be two mPIVNSSs over %.  Proof. As we know,
Then,

@ (PrUcpy) = 8Py U Dpg,

(44)
® (Pr NePy) = P N &Py

11

( (ey,€,), (uy, ([0.4,0.8], [0.3,0.6], [0.2,0.5]), ([0.2,0.5], [0.3,0.4], [0.4,0.6]), ([0.6,0.8], [0.7,0.9].[0.8,0.1])), ]
(uy, ([0.1,0.4], [0.5,0.7], [0.1,0.3]), ([0.2,0.4], [0.2,0.6], [0.2,0.5]), ([0.5,0.9], [0.7,0.9].[0.6,0.7])),
(ey»e3), (uy, ([0.2,0.7], [0.3,0.5], [0.2, 0.6]), ([0.1,0.3], [0.2,0.5], [0.2,0.7]), ([0.4,0.9], [0.7,0.8].[0.8,0.1])),
(uy, (10.1,0.4], [0.3,0.5], [0.4,0.8]), ([0.2,0.5], [0.3,0.6], [1,1]), ([0.5,0.9], [0.6,0.9].10.6,0.8])),
(e1,e,), (uy, ([0.3,0.6], [0.1,0.6], [0.3,0.4]), ([0, 0.2], [0.1, 0.4], [0.3, 0.5]), ([0.5,0.9], [0.3,0.8].[0.5,0.8])),
(uy, ([0.2,0.5], [0.2,0.3], [0.5,0.6]), ([0.3,0.5], [0.1,0.5], [0.5,0.8]), ([0.6,0.9], [0.5, 0.8].[0.6,0.9])),
(e1,e3), (uy, ([0.2,0.6], [0.1,0.6], [0.3, 0.6]), ([0, 0.2], [0.2,0.5], [0.3,0.7]), ([0.4, 0.9], [0.4, 0.8].[0.5, 0.8])),
(1, ([0.2,0.5], [0.2,0.5], [0.5,0.8]), ([0.3,0.5], [0.3,0.5], [0.5,0.8]), ([0.5,0.9], [0.5,0.9].[0.6,0.9])),

(41)

,m}):eeE}. (43)

©On ={(e, {(u, [uiER (u),u;m (u)], [vﬁm (u),v;lm (u)], [wim (u),wfxm (u)]): ueU,a=123,... ,m}): eec E},

P (e) ={(e, {(u, [u‘gfZ (u),ugg(u)], [vf‘g (u),v:;“(Z (u)], [wﬁy (u),w:fZ (u)]): ueUa=1,2,3,... ,m}): ec E},

(45)

be two mPIVNSSs over %. Let oy U 0o = @t
[l (), ul™ ()], ifec R -2,
u(pz) = [ue” @) uy” W), ifee 2R,

[max{uim (), ui‘y (u)}, max{uzm (u), u:‘y (u)}], ifee RNZ,
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( [viER (), v:;m (u)], ifeecR-Z,
vipw) = Va7 ), v? W), ifee 7R,
| [min{vim (w), vig (u)}, min{v;m (u), v;g (u)}], ifee RN,
( [wfﬂ (u),w;m(u)], ifee R-2,
w(py) =1 [wd W,wy” W], ifec -, (46)
[ [min{w!” (1), wl” W}, min{wi™ W), wi” W}], ifeeRNZ
By using Definition 26,
[ [ul” (w), uy™ (W), ifeeR -2,
ou(py) =1 [ul” W), ut” W), ifeeZ-R,
| [max{uiy (w), uig (u)}, max{u:m (u), uzg (u)}], ifecRNnZ,
| [vgm (), vzm (u)], ifecR -2,
®v(py) =1 [vi W), va” W), ifee Z-R, (47)
| [min{vl” (), vi” @)}, min{vi™ (), vi7 W)}], ifeeRnZ,
[[1-ugt W), 1- ™ w)], ifeeR -2,
ow(py) =1 [1-ul” (), 1-u)” W], ifee ¥-N,
[min{u1-2% (), 1 - 1S ()}, min{1 - 2™ @), 1-u}” W}], ifeeRn2.
Assume @y, U ®py = N, where @y and &g, are
given as follows by using the definition of necessity
operation.
{ ( { < [l (), ™ )], [ @, ) > D }
®pn (e) = e, ueUa=123,...,m¢ |te€E ¢,
[1 - u;'m (u), 1 - uim (u)]
(48)

u, [uig(u), uzy(u)], [Vﬁg(ul V;g(u)L
®p,(e) = e,

By using Definition 16,

u(R) = 4

V(R) = -

) [“?R W), u“m(u)],
[ue” (W), uy” (w)],
[max{l - uf;m (u),1 - ufcg (u)}, max{l - u;m (u),1 - u;‘g (u)}], ifecRNnZ,

[ [ ), vy W),
[Ve7 (W), v (),

| [min{l - V?R (u),1 - vig(u)},min{l - v;m (u),1 - v:‘g(u)}], ifee RNZ,

>:ue%,a:1,2,3,...,m}>:eeE }

[1 - uzy(u), 1- uig (u)]

ifee R -2,
ifee &N,

a

ifeeR-Z,
ifee -R,
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[1 - uf;m (u),1 - u;m (u)],
[1 - uf;y (u),1 - uzg (u)],

[min{l - uim (u),1 -

w(N) =

Therefore, (g U, .0y) = @y U, ®Pxy.

4. Correlation Coefficient of m-Polar Interval-
Valued Neutrosophic Soft Set

In this section, we introduce CC and WCC with their
properties for mPIVNSS and present the decision-making
approach by using developed CC.

o = (e 0 [ () ) 5 0 ) 027 ) [o a) 2 ()]) € 2 = 1,2,5,
o1 = (e o [ ) o)) o7 o2 ) s () () )y €2 = 1,23,

ut? (u)}, min{l —u®

13
ifeeR-Z,
ifee & -NR, (49)
W), 1-uy” W}], ifecRNZ

Definition 28. Let

m}): ec E},
m}): ec E},

(50)
be two mPIVNSSs over the universe of discourse 7. Then,
informational neutrosophic energies for mPIVNSS can be
presented as
Gmerowss () = 37 (7 (17)) (2% (1)) + (02 (1)) (2% (1)) (0 (1)) (™ (1))
a=1 j=1
mon (51)
Gmervwss (92) = 3 D (467 (1)) (i (o))" (087 () (27 () (7 () (0 (1))
a=1 j=1
Definition 29. Let pp and g, be two mPIVNSSs. Then, the
correlation between them defined as
m n
s (o ) = 2 (" () 0 () 207 (1) a0 (1) + 7" o) 427 (1) .
a=1 j=1
(1) 20 (o) + ™ () w7 () + i () w wi” ().

Theorem 1. Let oy and @, be two mPIVNSSs and
G pivnss (Pm> P) Trepresents the correlation among them.
Then, the subsequent estates hold.

(1) € uprvnss (P> Ox) = Smprvnss (Ox)
(2) € uprvnss (O ©7) = Smprvnss (P2)

Proof. The proof is trivial.

Definition 30. Let pg and @ be two mPIVNSSs over %.
Then, the CC between them is given as & prynss (P> o)
and can be stated as follows:
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Smprvss (P> ©) =
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(53)
o () 27 ) ) i ) 0 a) 7 ()4
Suresss (P 0) = . ZJ‘1<v:”‘<u,->w::y ) () e uf” () + 0t () e b >
VR (7 )+ 0)) 07 (1) (7 )) () (7 ()
V(o () )+ (87 1)) 02 () (087 () #(07 (w)))

Theorem 2. Let gy and g, be two mPIVNSSs over %. Then,
CC between them satisfies the following properties.

(1) 0<6,prvnss (P> ) <1

(2) Suprviss (Om> ©2) = Omprvnss (O o)

) If pg =gy that is, Vj,a, u‘m(u ) = ue‘f(u )
um(u)_uuf‘f(u) VZER(M)_V&?(“) Vu?i(u)_
uy(u) wl{){(u)_ &?(u) wuiR(u)_ uy(u)
then 5mP1VNss((@m»(@$) =L

G mprviss (> ©)
max{Gyprvnss (% )> Smervnss ()}

6r1nPIVNSS (o> ) =

Yot 2t
vum(uj) w7

R L uR
M‘x (uj)*ua (uj)+ua

Proof. 'The proof is obvious.

Definition 31. Let pg and @ be two mPIVNSSs over %.
Then, their CC has also been given as 8} prvnss (- ) and
is expressed as follows:

(55)

6IIVIFSS (o3> 0) = =
\jZazl Zj:l((u

max

) (7)) (2 )+ (0™ ) (1)) + (02" (1)))

Vi Dy (8 (o)) o)) (7 o) (27 o))+ 0))” (" ()’

Theorem 3. Let gy and @, be two mPIVNSSs over %. Then,
CC between them satisfies the following properties.
(1) 00 8pypss (om0 07) < 1

) SIVIPSS(K’WK’EZ) IVIFSS(K’EZr ©x)

) If pp =@y that is, Vj,a m(u ) = u&?(u )
ui)%(u)_uui’(u) VZER(M)_VL?(”) Vum(u)_
;’3(14,) wﬁm(u,) = f;?(u,) wx”‘(u]) = ,‘;g(uj)

then 8}VIFSS (o> ) = 1.

Proof. 'The proof is obvious.

These days, it is important to discuss the weight of
mPNSS for practical life. When professionals set different
weights for each alternative, the decision may be different.
Therefore, it is perfectly correct for experts to weigh the
recent decision. Suppose the weight of professionals can be
stated as @ = {@,, @, @3,...,0,} , where @ >0,
Y, @ = 1. The weights for an attribute can be assumed as

follows: y = {y1, V2, V3> - - ,yn}T, where y; >0, Y, y;, = 1.

Definition 32. Let pg and g, are two mPIVNSS over %.
Then, their WCC is given as Syprynss (0% ) and stated
as follows:
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G mpIVNSS (Pm) Py)
\/ Smprvnss (€) * Smprvass (©2)

Swmprvwss (s> 0) =

15

Swmprvnss (@m’ K’y)

A R

Definition 33. Let gy and g be two mPIVNSSs over %.
Then, their WCC also given as 8yy, prynss (> ) is defined
as follows:

G mprvuss (P> Pz)
Smprvnss (B)> Smprviss (@z)}

6\lePIVNSS (Pw>07) = max{

() (7 (o)) 07 () ( () + (" (w))))

) e () + v () 20 () + ))

8\1/VmPIVNSS (o 0) =

max

R R (e O R

If we consider o= {(1/m), (1/m),..., (1/m)} and
y ={(1/n), (1/n),..., (1/n)}, then Oy prvnss (Pn> @) and

(Si/\/mPIVNSS (-9 ) are reduced to 6,,prynss (P> ) and
0, prvnss (P9 @), respectively, defined in Definitions 30

and 31.

Theorem 4. Let gy and g, be two mPIVNSSs over %. Then,
WCC between them satisfies the following properties.

(1) 0<8ymprvnss (P> 7)) < 1

(2) Swmprvnss (Pm> ) = Owmprvnss (P> )

) If pp =gy that is, Vj,a uf?‘(uj) = uey(uj),
W () = ut (), v (1) = v (), v () =

V7 (), w () = wl? (), W (ug) = wi? (u),

then dyyprvnss (Pw> P) = 1.

Proof. 'The proof is obvious.

4.1. Decision-Making Approach Based on Correlation Coef-
ficient of mPIVNSS. Assume a set of “s” alternatives such as
B = {[31,/32,[33,...,ﬂ5} for assessment under the team of
experts such as % ={u ,u,, us...,u,} with weights
Q=(Q,Q,..., Q)" such that Q;>0, Y7, Q; = 1. Let

(57)

& ={ep ey ... e, be a set of attributes with weights, and

Y= (V15 V2> V3> - - V)’ be a weight vector for parameters
such as y,>0, Z;":I y;=1. The team of experts {u;:

i=1,2,...,n} evaluate the alternatives {ﬁ(z): z=12,...,s}
under the considered parameters {ej: j=12,...,m} given
in the form of mPIVNSNs Ei(jz) = (u(ff), vgfv), wgfv)), where
ij ij ij
ug? = g (w),uy, (), viZ = v, (), vy ()], and w =
[wﬁij (w),wy (W), where 0 <ul (u), u (u), V% (u), v* (u),
wh (u),w" (u)<land 0< u;‘ij (u) + v;'i] (u) + w“x‘ij (u) < 3. So,
31()'2) =( [”ﬁij (w), tugy n(w)), t

[wf,, () w} () for all i, j.

[ve, () vy (Wlnq

The flowchart of the offered algorithm is shown in
Figure 1.

5. Similarity Measures and Weighted Average
Operator for m-Polar Interval-Valued
Neutrosophic Soft Set

In the past few years, many mathematicians developed
various methodologies to solve MCDM problems, such as
aggregation operators for different hybrid structures, CC,
similarity measures, and decision-making applications.



« Input alternatives, attributes

« Construct the decision matrix according to experts in
form of mPTVNSNG.

N

« Compute the informational interval neutrosophic energies
for mPIVNSSs.

« Calculate the correlation between mPIVNSSs

» Compute the CC among mPIVNSSs

« Analyze the alternatives ranking

Cegaek

FicUre 1: Flowchart for correlation coefficient under mPIVNSS.

Some operational laws and mPIVNSWA with its decision-
making approach have been established for mPIVNSS which
is an extension of the interval-valued neutrosophic weighted
aggregation operator [47]. The idea of the score, accuracy,
and certainty functions based on [48] introduces in the
following section for comparing m-polar interval-valued
neutrosophic numbers (mPIVNNs). We also present two
different types of similarity measures with their decision-
making approaches, such as cosine and set-theoretic based
on Bhattacharya’s distance [49, 50] for mPIVNSS.

Definition 34. Let gy = [ui (), uly (W], [vg(u), v ()],
[wl (), wt W], g, = e @oul @], e (w),
vt ()], [we (), we ()], and g = [ug? (), ut®

2], [ ), v W], [wE™ (u),wi™ ()] be three
mPIVNSNs, and the basic operators for mPIVNSNs are

defined as when 6 > 0.
(1) g, @y, = ([ () + g (1) = g (W
(), w0 () +uy () — ul o Wuy (W), v
Wve = W), v, @) v W], [we (Wws ™ (u),
Wi (1) Wi W)y
(2) P, ®Pn, = gui?‘l g (), us Wy (W],
Ve () + v () = v (v (), v (u) +
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VT () — v v (), [we ! () + wi (u) —
W Wws® (w), wr™ (u) + wie (1) —wi™
(wwy™ (u)])

(3) dpg = ([1- 1 -uF W), 1-(1-u® W),
[V (W), (% w)°], [ (), (Wi ()°])

@) ()’ = (1@ )’ (u w)°], [1- (1
@)% 1- (1-v W), [1-(1-w® W), 1-
(1-w (1))°])

Theorem 5. Let g, g , and px_be three mPIVNSNs and
8, 68,, 6, >0; then, the following laws hold.

(1) o, ® P, = En, PR,

(2) pg, ® PR, = Px, @ Px,

(3) O(px, ®px ) = Opn, ® Spx,

4) (o, ®pw,)’ = (px,)° ® (gm,)°

(5) b1, ® Oy, = (0, ®0,)py,

(6) ()" ® (e ) = (g )"

(7) (pn ®pPn,) @R, = P ® (Px, DEx,)
(8) (3 ®pw,) ®Px, = Px ® (Px, ®Ex,)

Proof. 'The proof of the above laws is straightforward by
using Definition 28.

Definition 35. Let ORe. = [uﬁ?‘ (u), u}x'fn ()],
R (), ™R (w)], [w™ (1) w“m(u)]v be a’ collection of
% T ? & > Tay; R
mPIVNSNs. O, and y ; are the weight vectors for expert’s and
parameters, respectively, with given conditions ;> 0,
Z,’»’:I Q=1 ¥;>0, Yy =1, where
(i=12...,nandj = 1,2,...,m). Then, the
mPIVNSWA operator defined as mPIVNSWA: A" — A is
defined as follows:

k n
mPIVNSWA ((Omen’ PRep -0 Pmenk) = ®j:1))j( @i Qime, )
(58)

Theorem 6. Let g, = [uf?"(u), u}x’fn(u)], [vf?“ (u),
v};_?R (u)], [wf_’_‘(u), w;‘_?‘(ux)J] be a collection of mPIVNSNS,
where (i= T,Z,...,I’/Izandj = 1,2,...,k), and the aggre-
gated value is also an interval-valued neutrosophic soft
number, such as
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Proof. We can prove this easily by using IFSWA [51].

Definition 36. Let px = (1 (), u (W], [v¢ (),
v (u)], [wf;t (u), w} (u)] be an mPIVNSN; then the score,
accuracy, and certainty functions for an mPIVNSN, re-
spectively, defined as follows:

(1) S(px) = (1/6m)(u§ (u) +uy (u)+1- vf( (u)+1-
vy (u)+1- wfi (u) + 1 —wy (u)(px)

(2) 2)A(pg) = (1/4m) (4 + uf; (u) +uy  (u)- wft (u) -
wy (u))(pPx)

(3) 3)C(px) = (12m) (2 + ug (u) + uyy (1)) (g ), where
a=12,....,m

Definition 37. Let oy and pg be two mPIVNSSs. Then, the
comparison approach is presented as follows:

(1) (MIf (pg) > (pml), then gy is superior to P,

(2) @If (pg) = (px,) and (px) > A (g ), then @y is
superior to @y

(3) BIf S(px) =S(px) Alpx) =A(pg), and
C(pn) > C(pg,), then g is superior to g

@I S(ow) =S(on) Aln)>Alpy), and
Clpg) = C(Pml)) then gy is indifferent to P, and
can be denoted as g ~
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5.1. Decision-Making Approach-Based mPIVNSWA for
mPIVNSS. Assume a set of “s” alternatives such as
p= {B BB, ﬁ} for assessment under the team of
experts such as CZJ = {uy, uy, us, ..., u,} with weights Q =

Q, Q4, .. Q) , such that Q;>0, Y Q, =1. Let & =
{el,ez, e } be a set of attributes with weights
= (V1 V2> V3s-- > V)" be a weight vector for parameters
such as y;>0, Z 1y;=1. The team of experts {u;:
i=12,...,n} evaluate the alternatives {ﬁ(z z=12,...,s}
under the considered parameters {e; ] =12,. m} given
in the form of mPIVNSNs 3 = (u v;zv) (2)) where
ul? = [ (u),ut L) & = (u) vl (u)1 and

w&) = [w’f’ ) wh )], where 0%uf (u), u (u), v% (u),
“(u) w (1), wh (u)<1 and 0<u} (u)+v (u)+w
(u)<3.  So, By = (luf, (), tuy n "), trv (), i
(w)In,q [w (u), wy (u)]) for all i, j. Experts glve the1r
preferences sfor each alternative in term of mPIVNSNs by
using the mPIVNSWA operator in the form
ofAk— ([ul (u),t ul n(u)] t[Ve (w), v (u)ln, q[wt, (w),
wy (w)]). Compute the score values for each alternative and
analyze the ranking of the alternatives.

The flowchart of the offered algorithm is shown in
Figure 2.

Definition 38. Let g, and g be two mPIVNSSs over the
universe of discourse % = {ul, Uy, oo uj}. Then, a cosine

similarity measure between g, and gy is defined as

() i (o)) + O (1) 2™ () O (o) + Viy(“j)%)
( )

1 n m
“S)rlnPIVNSS(W!K,’K’!RZ) = om Z Z

J((ﬁ‘(u,-))z+<u;:”‘<u,->>2+<vz“<u, RO R

V(7 () (2 (1)) +7 ())” +(027 ()) (08 (o))" #(2 ()))

Theorem 7. Let pg, @, and @ be three mPIVNSSs. Then,
the following properties hold.

(1) 0< S prvnss (P 0) <1

2 SinPIVNSS (Pwo02) =S inPIVNSS (0o on)

B)If PnSpPySPq then S uprvnss (O ©q) <
S mprvwss (O Pz) and S mprvnss (O Pq) <
§ inPIVNSS (P 00)

Proof. By using the above definition, the proof of these
properties can be done easily.

Definition 39. Let g, and g be two mPIVNSSs over the
universe of discourse % = {u,, u,, ..., u]-}. Then, the set-
theoretic similarity measure between g, and gy is defined
as
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FIGURE 2: Decision-making model for mPIVNSS.

n

Mz

( (o™ () #2057 (7)) (o (1) + ™ (1)) + (7 (1) + 92 (1)
_ )+ w0 (u)

1
2 —
SmPIVNSS(FERI’KJRZ) = 4

.

e \/((uf“(uj))2 (™ ()

(61)

Theorem 8. Let gy and @, be two mPIVNSSs over %. Then,
the following properties hold.

(1) 0 0< S prynss (P P7) < 1
2) anPIVNSS (Pmope) =S fnPIVNSS (P> Pn)

BV If  pr<Py <P then S prvnss (O ©q)
52'5 mervnss (@ 0)  and S prynss (- 0) <
S mprvnss (P ©q)

Proof. By using the above definition, the proof of these
properties can be done easily.

6. Application of Similarity Measures and
Correlation Coefficient of mPIVNSS for
Decision Making

In this section, we utilized the developed approaches based
on correlation coefficient, mPIVNSWA operator, and
similarity measures for decision making.

6.1. Numerical Example. A university calls for the ap-
pointment of a vacant position of associate professor. For
further assessment, four candidates (alternatives) choose
after preliminary review such as {8V, @, &, p¥1. A
team of three experts has been hired by the president of the
institution {u;,u,,u;} with weights (0.25,0.30, 0.45)" for

final scrutiny and provide the selection criteria, as given in
Table 1. First of all, the group of experts decides the pa-
rameters for the selection of the candidate such as
e, =experience, e, = publications, and e; =research quality
with weights (0.35,0.25, 0.40)". Each expert gives his
preferences for each alternative in the form of mPIVNSNs
under the considered parameters given in Tables 2-5. The
developed methods to find the best alternative for the
position of associate professor are presented in Algo-
rithm 1, Definitions 35 and 36.

6.2. Apglications of Proposed Approaches. Assume {7, %,
B3, B} be a set of alternatives who are shortlisted for
interview and & = {e; = experience, e, = publications, e; =
research quality} be a set of parameters for the selection of
associate professor. Let R and & € &; then, we construct the
3-PIVNSS g, (e) according to the requirement of university
management such as follows:

Construct 3-PIVNSS pg) (e) for each alternative
according to experts, where t=1, 2, 3, 4.

6.2.1. Solution by Using Algorithm 1. By using Tables 1-5,

compute  the  correlation  coeflicient  between
1 2

Omprvnss (9 (€), (0( (o)), Smprvss (P (e)(’ g’n(%’) (e))s

Omprvss (Pm (e)’@:z)(e))» and J,,prynss (9 (€), @:; (e)) by
using equation (54), such as
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Step 1: choose the set of attributes

Step 2: construction of decision matrix in terms of mPIVNSNs in light of experts’ opinion for each alternative
Step 3: compute the informational neutrosophic energies for mPIVNSSs

Step 4: compute the correlation among two mPIVNSSs utilizing the following formula:

Grprvnss (O 07) = Yoty Xy (e ) % ug? () + u™ () = ™ (ug) + v () v
(uj) + v;m (uj) * vxg (uj) + wfim (uj) * wﬁy (uj) + w(‘xm (uj) * wt‘x‘y (uj))

Step 5: calculate the CC between two mPIVNSSs by using the following formula:

L

Step 6: analyze the results

Smprvnss (P> 02) = (Grmprvnss (O ©2)VSmprvnss () * Smprvnss (P2))

AvrGoriTHM 1: For the correlation coefficient of mPIVNSS.

(0.3)(0.2) +(0.5)(0.4) +(0.2) (0.4) + (0.4) (0.5) + (0.2) (0.3) + (0.6) (0.4)

\/(0.3)2 +(0.5)% +(0.2)* + (0.4)% + (0.2)* + (0.6)* \/(o.z)2 +(0.4)% + (0.4)% + (0.5)% + (0.3)% + (0.4)2

(0.2)(0.6) +(0.3)(0.7) + (0.5) (0.1) +(0.7) (0.2) + (0.1) (0.2) + (0.3) (0.3)

5mPIVNss(K3§R (e),r@é}) (6)) =4 ¥

I \/(0.2)2 +(0.3)2 +(0.5)2 + (0.7)% + (0.1) + (0.3)2 \/(0‘6)2 +(0.7)2 + (0.1)% + (0.2)% + (0.2)> + (0.3)

2

(62)

- (0.2)(0.2) + (0.4) (0.5) + (0.3)(0.2) + (.5) (.3) + (.3) (0.4) + (0.6) (0.6)

\/(0.2)2 +(0.4)2 + (0.3)% + (0.5)% + (0.3)* + (0.6)* \/(0.2)2 +(0.5)2 + (0.2)% + (0.3)% + (0.4) + (0.6)2
24.28
=< ) = 0.87642.
27.7036

Similarly, we can find the CC between [0.3144,0.5379], [0.1819,0.3711], [0.2437,0.3752],
6 , (C4) . ) 6 , . s 3 = . 5 U, N N > U, 5
mpivnss (P (€), 0 (e))  given  as mprvss (P (€) [0.4296,0.5670], and A, = [0.3530,0.5200],

P2 (€)) = (25.04/28.6727) = 0.87330,  &,prvnss (0 (€)s
P (e) = (23.73/29.4968) = 0.80449, and 8, pryss (9 (€),
0. (e)) = (24.58/28.7433) = 0.85516. This shows that
Smprvnss (Pm (€0 1V (€))> S prynss (K’m(e)’P;)(e))>
O mprvss (Pw (€), K’g) (€) > Smprvnss (Pn (e),@fcﬁ)(e))- The

above-obtained ranking shows that ) is the best alter-
native. So, the ranking of other alternatives is given as

Y >p@ > W B3 Graphical results are shown in
Figure 3.

6.2.2. Solution by Using Algorithm 2

Step 1: experts evaluate the scores for each alternative in
the form of mPIVNSNs given in Tables 2-5.

Step 2: utilizing equation (59), the opinion of experts
for each alternative can be summarized as follows: A, =

[0.2815, 0.4420], [0.3546,0.5037].

Step 3: utilizing equation (60), compute the score
values for each alternative. S(A;) =0.2045, S(A,) =
0.2004, S(A;) = 0.1709, and S(A,) = 0.1828.

Step 4: so, alternatives’ ranking is as follows:
S(A)>S(A)>S(A)>S(A;).  So, B> >
BW > BD); hence, the alternative SV is the most
suitable alternative for the position of associate pro-
tessor. Graphical representation of the obtained results
is shown in Figure 3.

6.2.3. Solution by Using Algorithm 3. By using Tables 1-5,
compute the cosine similarity measure between &) prvss
(om (), 05 (€)), Sraprvnss (g9m (0,0 (@),

Srprvass (P (€)% (€)), and 8 prynss (0 (€), % (€) by
using equation (60), such as
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0.8{642

0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2

0.1

0

0.8733 