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Abstract

A single-valued neutrosophic multi-set is characterized by a sequence of truth membership degrees, a sequence of indeter-
minacy membership degrees and a sequence of falsity membership degrees. Nature of a single-valued neutrosophic multi-set
allows us to consider multiple information in the truth, indeterminacy and falsity memberships which is pretty useful in multi-
criteria group decision making. In this paper, we consider sequences of intuitionistic fuzzy values instead of numbers to define
the concept of intuitionistic fuzzy-valued neutrosophic multi-set. In this manner, such a set gives more powerful information.
We also present some set theoretic operations and a partial order for intuitionistic fuzzy-valued neutrosophic sets and provide
some algebraic operations between intuitionistic fuzzy-valued neutrosophic values. Then, we develop two types of weighted
aggregation operators with the help of intuitionistic fuzzy #-norms and z-conorms. By considering some well-known additive
generators of ordinary f-norms, we give the Algebraic weighted arithmetic and geometric aggregation operators and the
Einstein weighted arithmetic and geometric aggregation operators that are the particular cases of the weighted aggregation
operators defined via general f-norms and 7-conorms. We also define a simplified neutrosophic valued similarity measure
and we use a score function for simplified neutrosophic values to rank similarities of intuitionistic fuzzy-valued neutrosophic
multi-values. Finally, we give an algorithm to solve classification problems using intuitionistic fuzzy-valued neutrosophic
multi-values and proposed aggregation operators and we apply the theoretical part of the paper to a real classification problem.
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Fuzzy sets (FSs) [1] are characterized by membership
functions and a fuzzy set is a successful tool to handle uncer-
tainties arising from partial belongingness of an element to
a set. Atanassov [2] extended the concept of fuzzy set to
the concept of intuitionistic fuzzy set (IFS) via a member-
ship function p4 and a non-membership function v4 such
that 0 < pua(x) + va(x) < 1 for each x € X. For a
fixed x € X, the pair (u4(x), va(x)) is called an intuition-
istic fuzzy value (IFV) or an intuitionistic fuzzy number [3].
Moreover, Atanassov [2] described the hesitant function of
an IFS that is given by w4 (x) = 1 — ua(x) — va(x). This
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function indicates exactly the level of indecision of a deci-
sion maker and it is not included in the classical intuitionistic
fuzzy set notion. Theory of IFS has been extensively studied
by many authors and it has been applied to vary fields such
as decision making, image fusion and segmentation systems,
classification and clustering (see e.g., [4-9]). Recently, many
methods and approaches also have been developed to solve
the problems in many areas. For example, Krawczak and
Szkatula [10] have studied on IFSs’s perturbation and they
have applied this concept to classification problems. He et al.
[11]have proposed some distance measures between IFSs via
dissimilarity function and have given a pattern recognition
application. Kumar [12] have formulated the crisp, fuzzy and
intuitionistic fuzzy optimization problems. Lohani et al. [13]
have carried out experimental study of intuitionistic fuzzy
c-mean algorithm over machine learning dataset.

Smarandache [14] has proposed the concept of neutro-
sophic set (NS) from a philosophical point of view as a
generalization of the concept of FS and IFS. A NS is char-
acterized by a truth membership function, an indeterminacy
membership function and a falsity membership function and
each membership degree is a real standard or a non-standard
subset of the non-standard unit interval ]~0, 11[. Unlike
IFSs, there is no restriction on the membership functions
in a NS, and the degree of hesitancy is included in the NS.
Nonetheless, NSs are hard to apply in practical problems
since the values of the truth, indeterminacy and falsity mem-
bership functions lie in ]~0, 1*[. Therefore, this concept has
been extended to various NSs whose truth, falsity and indeter-
minacy membership functions take only one value from the
closed interval [0, 1] such as single-valued neutrosophic sets
(SVNSs) [15], simplified neutrosophic sets (SNSs) [16], neu-
trosophic soft sets (NSSs) [17] and they have been applied to
various multi-criteria decision making problems. However,
decision makers get hard to determine the truth, indetermi-
nacy and falsity membership degree of an element to a set
in some real-life situation and so they give rise of giving a
few different values due to doubt such as fuzzy multi-sets
(FMs) and intuitionistic fuzzy multi-sets IFMSs) (see e.g.,
[18-20]). In such a situation, it may be useful to use the
concept of single-valued neutrosophic multi-set (SVNMS)
which was proposed by Ye and Ye [21] in 2014. A SVNMS
is characterized by sequences of truth, indeterminacy and
falsity membership degrees coming from [0, 1].

The process of combining several numerical values into a
single representative one is called aggregation, and a numer-
ical function performing this process is called an aggregation
operator. This concept has various application areas such as
artificial intelligence, operations research, economics and
finance, pattern recognition and image processing, data
fusion, multi-criteria decision making, classification and
clustering, automated reasoning, etc. (see, e.g., [35]). The
concepts of r-norm and 7-conorm are often used to define
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algebraic operations and aggregation operators for fuzzy sets.
Most researchers have identified various aggregation opera-
tors for an IFS and its generalizations using several types of
t—norm and ¢— conorm. For example, Beliakov et al. [22]
constructed some operations for IFSs based on Archimedean
t-norm and 7-conorm, from which an aggregation principle is
proposed for intuitionistic fuzzy information. Liu et al. [23]
proposed Heronian aggregation operators of IFVs based on
the Archimedean r—norm and #—conorm and Liu and You
[24] developed Heronian mean operators based on Einstein
t—norm and t—conorm for linguistic IFSs. Garg and Rani
[25] have proposed Bonferroni mean aggregation operators
based on Archimedean t—norm and ¢ —conorm for complex
intuitionistic fuzzy information and Garg and Arora [26]
introduced Maclaurin symmetric mean aggregation opera-
tor based on Archimedean 7—norm for intuitionistic fuzzy
soft sets.

Classification is a pattern identification method in the field
of data science and statistics. This method is used for rear-
ranging the data into predefined classes according to the
some specific algorithms. These algorithms have been com-
monly used in machine learning as a supervised rule learning
method. On the other hand, cluster analysis is an unsuper-
vised learning method which is used for classification without
labeled responses. Once data have been classified or clus-
tered, the correct output can be checked using some statistical
features like accuracy. There are plenty of classification and
clustering algorithms in machine learning studies. These
algorithms are commonly based on some statistical features
or analysis. The concept is preferred by researchers in vari-
ous fields such as pattern recognition, information retrieval,
microbiology analysis, data mining, etc. In the meantime,
recently many researchers have been using fuzzy methods as
well as fuzzy set theory in classification analysis (see, e.g.,
[36-38]) and clustering analysis (see, e.g., [39,40]).

In this paper, we expand the idea of SVNMS to the
concepts of intuitionistic fuzzy-valued neutrosophic multi-
set IFVNMS) and intuitionistic fuzzy-valued neutrosophic
multi-value (IFVNMYV), which combine NS theory with IFS
theory with the help of IFVs instead of numbers in mem-
bership sequences. Actually, an IFVNMS lets us model
membership and non-membership degrees of an element
to truth, indeterminacy and falsity sequences in the neutro-
sophic environment. Therefore, more detailed information
can be carried when transforming the data to fuzzy infor-
mation and so decision makers can assign less strict fuzzy
values. Thus, an IFVNMS or IFVNMYV prevents the loss of
the information and relaxes the decision process. We also
present some set theoretic operations and a partial order
for IFVNMSs. Then, we give some fundamental algebraic
operations with the help of intuitionistic fuzzy #-norms and
t-conorms and we provide some weighted arithmetic and
geometric aggregation operators for [IFVNMVs. A compar-
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Table 1 Literature survey based on aggregation operators for IFS, NS

References Type of the set Aggregation operator t—norm/t-conorm Case study

Beliakov et al. [22] IFS Averaging Archimedean, Lukasiewicz -

Liu et al. [23] IFS Heronian Archimedean -

Liu and You [24] Linguistic IFS Heronian Einstein Supplier selection problem

Garg and Rani [25] Complex IFS Bonferroni Archimedean Software selection problem

Garg and Arora [26] IF Soft S Maclaurin symmetric Archimedean Investment selection problem

Zhang et al. [27] IFS Frank power Frank Investment selection problem

Zhu et al. [28] Linguistic Hamacher weighted Hamacher Supplier selection problem
Interval-valued IFS

Chen et al. [29] SVNS Dombi weighted Dombi Investment selection problem

Peng et al. [30] SNS Arithmetic/geometric Archimedean Investment selection problem

Peng et al. [31] Multi-valued NS Power Einstein Investment selection problem

Ye et al. [32] Neutrosophic enthalpy Arithmetic/geometric Algebraic, Einstein Car selection problem

Jamil et al. [33] Bipolar NS Bipolar N Hamacher Hamacher Investment selection problem

Wang et al. [34] Bipolar NS Frank Choquet Frank Plant location selection

Bonferroni
Present study IFVNMS Arithmetic/geometric Algebraic, Einstein Classification

Table 2 Comparison of IFVNMS with some existing sets

Sets Truth Indeterminacy Falsity Restriction on Repetitive Representable as sequence of two
Membership function information dimensional information in
multi-valued set setting
FS v X X X X X
IFS v X v v X X
FMS v X X X v X
IFMS v X v v v X
NS v v v X X X
SVNMS v v v X v X
IFVNMS v v v v v v

ison of aggregation operators from the literature and those
of the present study is provided in Table 1 and the advan-
tages of the concept of [IFVNMS is emphasized in Table 2.
Next, we aim to solve a real classification problem with the
help of the proposed aggregation operators. For this purpose,
we first define a simplified neutrosophic valued cosine sim-
ilarity measure between IFVNMVs and we rank similarity
results via a score function for SNVs. As an example, we
consider a real-life example and construct a new classifica-
tion method based on IFVNMVs, the proposed aggregation
operators and the cosine similarity measure for an applied
classification problem.

Preliminaries

The concepts of triangular norm (z-norm) and triangular
conorm (f-conorm) have a significant importance in the
definition of algebraic operations and aggregation opera-

tors for fuzzy sets. A f-norm and a 7-conorm are functions
that map pairs of numbers from [0, 1] to [0, 1]. Deschrijver
et al. [41] extended the notions of #-norm and f-conorm
to the intuitionistic fuzzy case by defining these func-
tions from the domain of I* x I* to I* where I* :=
{(x1,x2) : x1,x2 € [0, 1] and x; + x» < 1}. Before recall-
ing these concepts, we recall a partial order for IFVs.

Letx = (x1,x2)andy = (y1, y2) betwoIFVs. According
to the partial order introduced by Atanassov [2] x <) y if
and only if x; < y; and x> > y;.

A function 7 : I* x I — I* is called an intuitionistic
fuzzy t-norm if

(1) Forany x € I*, 7 (x, (1,0)) = x (border condition),

(2) Forany x,y € I'*, 7T (x,y) =7 (y, x) (commutativity),

(3) For any x,y,z € I*, T(x,7T(y,2)) = T(y,7(x,2))
(associativity),

(4) Forany x = (x1,x2),x" = (x[,x5),y = (1, y2). Y =
Yy € I, T(x,y) <@n T(',y") whenever

@ Springer
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(x1,%2) Z(ny (], x5) and (y1,¥2) <@ (] ¥5)
(monotonicity) [41].

A function S : I* x I* — I* is called an intuitionistic
fuzzy t-conorm if

(1) Forany x € I'*, S(x, (0, 1)) = x (border condition),

(2) Forany x,y € I'*, S(x, y) = S(y, x) (commutativity),

(3) For any x,y,z € I*, S(x,S8(,2) = S(y,S(x,2))
(associativity),

(4) Forany x = (x1,x2),x" = (x|, x5),y = (y1,y2),y =
(. ¥y € I*, S(x,y) =@ny S',y’) whenever
(x1,%2) Z@ny (x}.x5) and (y1,¥2) <@ (V] ¥5)
(monotonicity) [41].

Definitions of #-norm and #-conorm in the ordinary sense
can be found in [42,43].
A function N : I* — [* is called a fuzzy negator if

(1) For any x = (x1,x2),y = (y1,y2) € I, N(X) <(inn)
N (y) whenever x >(inr) V> 1.6., N is decreasing,

(2) N((0, 1)) = (1,0) and N'((1,0)) = (0, 1) [41].

Remark 1 (i) The mapping N defined by N ((x1, x2)) =
(x2, x1) is a fuzzy negator and it is called the standard
negator (see e.g., [41]).

(ii) Let 7 be an intuitionistic fuzzy ¢-norm and let A/ be
a fuzzy negator. Then, the function 7* : I* x [* —
I* defined by T*(x,y) = N (T (N (x),N(y))) is a
t-conorm which is called the dual intuitionistic fuzzy ¢-
conorm of 7 with respect to N [41].

(iii) Let T be a t-norm and let S be a #-conorm in the ordinary
sense. If

T(a,b) <1-S(1—a,1->b) foranya,b € [0, 1], (2.1)

then the mapping 7 : I* x I* — [* defined by
T(x,y) = (T(x1,y1),S(x2,y2)) is an intuitionistic
fuzzy t-norm and the mapping 7% : I* x I* — [*
defined by 7*(x,y) = (S(x1, y1), T (x2, y2)) is the
dual intuitionistic fuzzy f-conorm of 7 with respect to

N [41].

Remark 2 Additive generators of 7-norms and 7-conorms of
ordinary sense play an important role while defining the alge-
braic operators. Now, we generate an intuitionistic fuzzy
t-norm and an intuitionistic fuzzy ¢-conorm using genera-
tors in the ordinary sense. Let g : [0, 1] — [0, co] be the
additive generator of a t-norm 7" and let S be the dual ¢-
conorm of 7. In this case, we know that h(t) = g(1 — 1)
(see, e.g., [44]). Then, (2.1) is satisfied. Thus, using (iii) of
Remark 1 we obtain an intuitionistic fuzzy t-norm 7 defined
by

@ Springer

T y) = (87100 + 801 b~ (hx2) + h(32)))
and its dual #-conorm
T (e, ) = (K7 (a0 + (), 87 (80) + (1))

with respect to Nj. In this case, we say that 7 is the intu-
itionistic fuzzy ¢-norm generated by g.

Example 1 Let g, h : [0,1] — [0, oo] defined by g(t) =
—logt and h(¢) = —log(l — t). Then, we obtain the alge-
braic intuitionistic fuzzy ¢#-norm

T(x,y) = (x1y1, X2+ y2 — x2)2)

given in [41] (see pg.48) and its dual intuitionistic fuzzy dual
t-conorm

T*(x,y) = (x1 + y1 — X1y1, X2)2).

Let o, B € [0, 1] such that « + B < 1. Then, the pair
(ar, B) is called an IFV [2]. Now, we are ready to introduce
the concepts of IFVNMS and IFVNMV.

Definition1 Let X = {xi,...,x,} be a finite set. An
IFVNMS defined on X is given with

A= {(Xi, ((Ti\])fl:l’ (I[iA:j);]i:]v (IFZA])?':I)> =1, n}
2.2)

where (T';’ )’/.":1, a’ )j.”'zl and (F;’ )7;1 are the truth, the

indeterminacy and the falsity membership sequences of
IFVs, respectively, ie.,i = 1,...,n, j =1, ..., pi
TS = ()", )7, with T)% T €10, 1]
such that 0 < T + 77" <1 (23)
12 = (), 1, with 1%, 177 € [0, 1] such that

0 <41l <1 24
and
F/ = (F", F) 7, with ) F)7 € 0,1
A T A T A ’ A T A ’
such that 0 < FJ" + F/ /" < 1. 2.5)

For a fixed i = 1, ..., n the expression
o = ((TH7_y @7y )Ty

- <x,~, ((Ti;/)f;], @, (]ij)?,»:]»
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denotes an IFVNMV.

Example2 Let X = {x;, x3}. The following is an IFVNMS:

0 Oy TJ1 = (min(a " 13,

max (I3, 1)

(x1, ((0.5,0.4),(0.7,0.1)), ((0.3,0.2), (0.1, 0.1)) , ((0.9, 0.1), (0.2, 0.6)) ),

A=
20 ((0.0,0.8), (0.3,0.6), (0.5,0.2))

< ((0.3,0.5), (0.4,0.2), (0.1, 0.2)), ((0.1,0.9), (0.5, 0.5), (0.7,0.2)) , >

Now, we introduce some set theoretic operations among
IFVNMSs. Throughout this manuscript “C (iny» Neine), Yine)s
(-)¢inndenote the set operations for IFSs [2].

Definition2 Let X = {xi, ..., x,} be a finite set and let A
and B be two IFVNMSs in X. Some set operations among
IFVNMSs can be defined as follows:

a) A C B if and only if

Q) Ty Cinn Ty e, 1" < T and {7 > 1] F
(i) H in) ]IB 1e 1] t’ > I] t’ and IJ f’ I] fi
(111)IF Dany Fy e, F”’>F”’ andij’<ij’

forj=1,2,...pijandi =1,2,...,n
(b) A= Bifandonlyif A C Band A D B.
© A = {{x. (@D, @ i)
i=1,2,..n}
@ AU B = s (@ Ygun TEHI @ N
T3Py (B Oinn TP, )) i = 1,2, n | where

(TI‘ ' Uginn T’ Jypi (max(Tj ol Tf iy,

Jl_

m;n(Tg’ﬁ, (RO
J

and

(F m(,n,)]F Iypi (mm(Ff i Ff iy,

Jl_

maX(Flf\’f', Fé’f’ ))‘}7".
j

(© AnB={{xi. (T N T @ Vi T
@ Uy T ),-’:1)> i=1,2, n} where

(T ﬂ(,m)TI‘ Jypi (mm(Tf i Tf W,

Jj=1
max<T,§'f’, T )Y,
J
(T Vi L = (max(13", 15",
min(y ", 15T
J

and

F Uinry B (m?x(F,{’“, Fy,

j=1=

mjin(F/g’ff, Fg*f"))f".

Example 3 Let X =
MSs given with:

{x1,x2} and let A and B be two IFVN-

(x1,((0.5,0.4), (0.7,0.1)), ((0.3,0.2), (0.1, 0.0)) , ((0.9,0.1), (0.2, 0.4))),

A= ((0.3,0.5), (0.1,0.2), (0.1,0.1)) , ((0.4,0.2), (0.5, 0.5), (0.7,0.3)) ,
2 (0.7,0.2), (0.3,0.5), (0.2, 0.3))
and
(x1, ((0.6,0.2), (0.9,0.1)), ((0.1,0.5), (0.1, 0.3)) , ((0.6, 0.3), (0.2, 0.6))) ,
B =

2 ((0.0,0.8), (0.3,0.6), (0.0, 0.9))

<x ((0.5,0.4), (0.4,0.1), (0.1, 0.0)) , ((0.1,0.3), (0.2, 0.6), (0.4, 0.6)) , >
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then A C B. On the other hand, it is easy to check that

and

(x1, ((0.9,0.1), (0.2,0.4)) , ((0.2,0.3), (0.0, 0.1)) , ((0.5, 0.4), (0.7, 0.1))) ,

AT = ((0.7,0.2), (0.3,0.5), (0.2,0.3)), ((0.2,0.4), (0.5, 0.5), (0.3,0.7)), ’
2 ((0.3,0.5), (0.1,0.2), (0.1, 0.1))
(x1, ((0.6,0.2), (0.9,0.1)), ((0.1,0.5), (0.1, 0.3)) , ((0.6,0.3), (0.2, 0.6))) ,
AUB = ((0.5,0.4), (0.4,0.1), (0.1,0.0)), ((0.1, 0.3), (0.2,0.5), (0.4, 0.6)) , ’
2 (0.0, 0.8), (0.3, 0.6), (0.0,0.9))
and
(x1, ((0.5,0.4), (0.7,0.1)), ((0.3,0.2), (0.1, 0.0)) , ((0.9,0.1), (0.2, 0.4))),
ANB = ((0.3,0.5), (0.1,0.2), (0.1,0.1)), ((0.4,0.2), (0.5, 0.5), (0.7,0.3)) ,
2 ((0.7,0.2), (0.3,0.5), (0.2,0.3))

The following shows that De Morgan’s rules are valid for

set operations defined in Definition 2.

Theorem 1 Let X = {xy, ..., x,,} be a finite set and let

= o (O )

and

B:{(x,,((’ﬂ‘l DL @ )>:i=1,2,...

be two IFVNMSs in X. The following De Morgan’s rules are

satisfied:

(1) (AU B)® = A° N B,
(2) (AN B)° = A° U B.

Proof We obtain

AU B ={{xi. (® g T,

(T3 Ny T )P

(T’ Ui Tzéj)yi: >> =12, n}

[<xlr ((F m(znt)]F ])j 1

(@60 Uiy (T yeanyin

(T% Uginn) Ti;j)f;)) i=1,2, n}

=A°N B¢

@ Springer

(AN By ={{xi, (E Vinn T,
(@57 Yy T e
(T Ny TP, )) Li=1,2, n}
{<xl , ((F Uinn ]F )] 1
(@0 Moy (7))L
(T Ao Tgf)fle)) i=1,2, n}
—A°U B°
which finish the proof. O

Now we define a partial order over the set of all IFVNMSs
on a given set X using“<(;,s".

Proposition 1 The relation defined on the set of all IFVN-
MSs on a set X by o =< ,3 if and only if T <(int)
T] I > (int) ]I‘jg and IF >(m,) ]F for any j =
1, pwhereot—<(']1‘]] l,(]I = 1,(F >andﬁ=
<(T )j 1 (@ )] l,(IF )j 1>1sapartlalorder

Proof Reflexivity and antisymmetry are trivial. To prove
transitivity let « < g and B < y where y = <(T A =1

(]1 )P (F){)j.’:l).Therefore, forany j =1, ..., p, we have

j=b
TS, <(inty T 1 >(inty I, Y >(insy F (2.6)
and
Tf; <(in1) T{;, H,{j > (int) H,’;, ng > (int) F,J, 2.7
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Since,“<(ins)” is a partial order we have from (2.6) and
2.7

T <gnty T4, T > ey I, FL > i) ]F{,

]
which yields that @ < y. O
Note that

0=(((0,1),...(0, 1)), ((1,0), ...(1,0)), ((1,0), ... (1, 0)))

and

1=(((1,0),...(1,0)), ((0, 1), ... (0, 1)), ((0, 1), ... (0, 1)))

are the minimal and the maximal elements of the IFVNMVs
with respect to*“<”.

Algebraic operations for IFVNMVs

In this section, using intuitionistic fuzzy #-norms and intu-
itionistic fuzzy ¢-conorms, we define some algebraic opera-
tions for [FVNMVs.

Definition 3 Leta =<(’]I‘£)7:1, (¥ le, (Fé)le> and B =(
J\P
(Ty);

[ (Hé)le, (Fé)le) be two IFVNMVs with same

sequence lengths p € Z™T, let 7 be an intuitionistic #-norm
and let NV be a fuzzy negator. Then,

((r (mm)) L, (r ()
(7 (¥, Fé))jzl >
(7 (remy))”, (e (3))'
(7 (¥, Fg))f:l>

where 7* is the dual intuitionistic fuzzy z-conorm of 7 with
respect to V.

o ®p =

) ¢« ® B =

The following proposition confirms that the sum and the
product of two IFVNMVs are also IFVNMVs.

Proposition2 Let o and B8 be two IFVNMVs, let T be an
intuitionistic t-norm and let T* be the dual intuitionistic t-
conorm of T with respect to a fuzzy negator. Then, a ® B and
o ® B are IFVNMVs.

Proof Since 7 and 7* have range I* the proof is trivial. O

Now, we define multiplication by a positive constant and
a positive power of IFVNMVs using additive generators of
ordinary #-norms.

Definition 4 Let « =<(’H‘£)‘I.’:1,(]I£)j.’:1,(Fé)j.’:1> be an

IFVNMYV with sequence length p € Z*1 and let g be the
additive generator of a f-norm and let 4 (¢) = g(1 —¢). Then,

i) For A > 0, ha = {<(T{a)§:1,(H{a)ﬁ-’zl,(lFi’,f)j-’:1>

:i=1,2,..n} where T{a = (T)f;t, T)f;f),ﬂia =
it ogif J Jt i f
(IAa’IAa )’]Flaz(Fka’FAa )and

e
Il
=
|
>
>

forany j =1, ..., p.

(i) For » > 0, a* = {((Til)le,(]Iik)?:l,(]F;{)f:J
:i=1,2,...n} where Ti/\ = (T;A’I, T;:A’f), ]Ii,\ =
U515 F = (F L FLT) and

1 =g (rg (T4))
150 =0 (i (147))

(4 (

(0 (72)
15 =0t (i (1))
&
and

Fil= 0" (2h (F{*))
e Gal2)
forany j =1, ..., p.

The following theorem validates that A« and a* are also
an IFVNMVs.
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Theorem 2 Let o and B be two IFVNMVs and ). > 0. Then,
A and o* are IFVNMVs on X.

Proof We prove that A is an IFVNMV. Since T <1-
andh h~! are increasing we obtain for any j = 1 “ D
that

;hk_l ()\h/\(aTo{'”» +e (22 (13))
<h! (Ah (1- To{’f>> +e! (e ( f))
=1-g! (kg (To{’f))-i-g (Ag( f))

=1

&3

o

which proves that T{a is an I F'V. Similarly, we can prove
that I} , F) . Té Ny ]Ii . and IE‘; , are IFVs. m]

Some properties of the operational laws are given in the
following theorem.

Theorem 3 Let «, B and v be IFVNMVs on X. Assume that
t-norm T, t-conorm S and intuitionistic fuzzy t-norm T are
generated by an algebraic generator g and let h(t) = g(1 —
t). Then,

(i) a®dB=BDa,
(i) @ B=BRq,
(iii) @@ P)Dv=ad(BDV),
(iv) (@®@B)®Vv=a®(BQV),
(v) Ma®B) =2 ®AB, A >0,
i) A+ pP)a=rdya, A,y >0,
wii) (@@ B =a* @ 4 A >0,
(viii) o* @ ¥ =V, A,y > 0.
(ix) Ifa < B, thena ® ¢ < B @ o.
(x) Ifo < B, thena @ ¢ < B® .
(xi) « ®0 = a.
(xii) « @1 = 1.

Proof (i) and (ii) are trivial.
(iii) We know that

J
Ta@ﬁ

() £ ()7 1)
(1)

@ Springer

forany j = 1, ..., p which yields that
J J j
T, eson = 1" (Ta@ﬁ, T )

= (w7t (0 (7" (n (")
+h (1)) + 1 (T,7)) .
el () )
e 1)
= (nt (n () + 0 (157)
1)
)5 ()5 (0)
= (nt (o () (07" ( (737)
+h(1:71))))
¢ (e (1) e (s (e (1)
+e(1:7)))))
=T (TJ T;j@v)

ad(Bdv)”
J
Similarly, we get H(aeaﬂ)eav = Ha@(ﬁ@v) and F(a@ﬂ)@v =
Fa®(ﬂ®v) forany j =1, ...,

(iv) It is clear that

J
Toep

(6 o) 5 ) 7 ()
)

for any j = 1, ..., p. Therefore, we obtain

Tlagpron = 7( @ Ti)

e ) 1)
+e (177))

w7 (n (! (v (127) + 0 (737))

+h (1:77)))

- () (07 (079

= (n (1 )+ (1) + 0 (177)))

= (¢ (e (") +2 (7 (s (15)
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+e (1)) - =7 (! (>
- (h(Tff)+h(h (h(T’f> h—1< j
h (TJ f)))))) - (s (h—l (Ah. Ta”) :

(st (s G (20) 0
= T/ - = (=" (n (n" (2 (127)))
Similarly, we get ]I(a®5)® ]Ia®(ﬁ® ) and F(a@ﬁ)@ th (h_l (T t))))

(v (

Fagpan forany j=1.....p g (g (g’l (Kg
(v) We have for anyj =1,..., p that

(e (

Ti(aeam:(h (”l (TaI@tﬁ)) gil( (Tﬂi@iﬂ))) = (h=t (n (T1) + yh
=( ( ( (T” T3 t))) g g(Ag((T’(f> +)Vg(
e e {r (17.717) (et

= (0t (n (0t (n (7) (7)) ((Hy)g( )

o s (57 6 (12 o (127)

= (t (o (7 20 (7))

_ Similarly, we obtain I/ wdva = I/ , and F/ wdva =
8 1 (kg (Tj f) + )»g( ))> G- F(Ikﬂ/)ot forany j =1, ): peB:vthh p(r);)—:/z)s the Clall):n@y

On the other hand. we obtain vii) We obtain for any j = 1, ..., p that

Toors = T" (Theo Thp) Toop = (¢7 (e () 17" (20 (155)))
= (s 5.1 (5. 747)) = (&7t (e (7 (. 7)))
(=t (n(m) + (55)) 7 (e () (s (1 73)))
+e(1))) = (¢
67 (7 o)
6 o () N ,
s (s (e (22 (1)) W= (i (T3) o (147))
+ (hg 1% (n5 f))z)) and

(3.3)

— (5! J.t t
-1 A T] f A T/ f (3 2) ak@ﬁ - a* ﬂk ot ﬂk
: (g(x)w(x)))- ~ g (15)) 61 (e (1
“ ’3 = (1 (e (e (7)) 67" (re (1))
From (3.1) and (3.2) we have Tk(aeaﬁ) Txa@xﬁ Simi- S (h—l (Ah (wf)) h! (Ah (Tﬁ]f))))
larly, we obtain I[/\aeBAﬁ = ]Im@w and ]F)\Ot@/\/3 = an@xﬁ for . ( 1 ( _1 (k (Tj’t))>
any j = 1, ..., p which proves the claim. =8 g\8 §\ 1
vi) We get forany j = 1, ..., p that ( —1 ( ( jJ)))
+8 (g \re (T ;
Taaya = T* (Ta Tha) et (n (nt (20 (227)))
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(4 (577)
- (e G 12+ (17)
o (127) 30 (7).

Now, from (3.3) and (3.4) we get T’

(34)

_m
- T()l)‘®ﬁ/\

=F

Sim-
(@®B)*

: J -
ilarly, we obtain ]1( o) = I/ @ p and IF( o)

., p which proves the claim.
, p that

0[)”®/3)”
forany j =1, ..
viii) We have forany j =1, ...

T, o = ( (Tf{, TO{V’) .S (Tofkf, Ta’yf))
(7 s 02) o s 02)
S G (127)) 07" (0 (727)))

-/

. -
Similarly, we obtain T , Qar = ah +, and F/ by

forany j = 1, ..., p which proves the claim.
ix) Let « < B. Then, for any j = 1, ..., p, we have

A®ay

T <(inr) T,é
which yields that
1 T i f
T <1 T = T
andso7* (Té T/ ) <@nn T* <T/JS ']I‘é).SimilarlyM > (int)

I} and B} > ir) F imply that 7 (]1{;, Hf) >iny T (11/ I/ )
and T (]Fé, ) >inn T (Fﬁ, ]F’) Hence,a @ ¢ < 8@ ¢.
x) The proof is similar to the proof of (ix).
xi) We have
a®0

- <(T (rh.0.0))" (7 (. 0.0))" -

@ Springer

(7 (7 1)>>f=1>.

On the other hand, forany j =1, ...

T* (Tg;, a, 0)) —n! (h (Tof”) +h (0))

4 (52)

— Tt
= Ta

, P, we obtain

which yields that 'IF] &0 = ']I‘J Similarly, we have H] &0 =
IF] andIF] 5= T] Hence, we geta @ 0 = a.
xii) The proof is similar to the proof of (xi). O

Remark 3 From Theorem 3, itis clear that “®” and “@”define
a t-norm and a ¢-conorm on the set of IFVNMVs, respec-
tively.

Weighted aggregation operators

Aggregation operators are very crucial while transforming
the data that is represented by a fuzzy set to a more compact
form. In this section, using operations discussed in Sect. 3,
we give some weighted aggregation operators for classes of
IFVNMVs. Throughout this section, we study with -norm
T, the dual t-conorm S of 7 and intuitionistic fuzzy ¢-norm
T that are generated by an algebraic generator g.

Weighted arithmetic aggregation operator

In the following, we define a weighted arithmetic aggrega-
tion operator for collections of IFVNMVs given with equal
sequence lengths.

Definition 5 Let <(’JI‘ ) @y Fd)h >
i=1,...,n} be a collectlon of IFVNMVS W1th equal
sequence lengths p € Z%. Then, a weighted arithmetic
aggregation operator WA — I FVNMV is defined by

WA —-IFVNMV (v, ...

n
’ an) = @wlal
i=1

here 0 < w; < 1 f =1 ith S

where 0 < w; < orany! =1, ...,n wit Zizla) =
Theorem 4 Let {al _<(']I‘ W E)T >
:i=1,...,n} be a collection of IFVNMVs with equal
sequence lengths p € Z%7 and let 0 < w; < 1 for
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any i = 1,
IFVNMV(al,..

,n with 37 jw;i = 1. Then, WA —
oy) is an IFVNMV and we have

WA —-IFVNMV(ay, ..., an)

i e

(1

R

ari))] (B 0)]).
el )

Proof From Proposition2 and Theorem2, WA—IFVNMV
(a1, ..., ay) is an IFVNMV. For the second part of the proof,
we conduct mathematical induction. For any j = 1, ..., p,
we obtain

S
e e,
OQ\
<. ~
M=

T]

w1 dwroy

( (O w2a2>
(e, 78:d) - (Tdit T32,))

=7
T*
( ( wlﬂll’ Taj)zfth) ’ T Tailgl ’ Taizgtz))
8

/'\
/-\
g3
]~
N—
+
:‘
N~
.ol
> <
[
S~
S}
—
—

g7 (18 (T47) + g (T47))
().
(Gmat21)

Similar proof is valid for I/ and F/

any j =
n = 2. Assume that

. n—1 .
T, = <h—1 (Za)ih (T,{;’)),
n— i:l 1

w10 Dwr0n wlﬂll@wzaz

e (Foe (1))

for
= 1, ..., p which yield that the statement is true for

1713
n .
where A, = @,_ﬁoiai. Then, we have for any j =
1, ..., p that
i
TAN - TA,;,]@(U,,D!”

_T* ('{rj; Té),,an)

=7 (4! 72) (7 T,
= (sl 7)1 (1, 72
(o (rgr )+ (7).

¢ (e () +o(154)))
(o o (o)
o o (129)
e (Ehete)

+e (¢ (one (727)))))

= (1 (Soun (1) wenn (12)).
(a1 o)

_ (éwih (Ta“)) ! (éw,-g (TO{)‘)) :

Similar proof is valid for Hil,, and Fin forany j=1,...,p
which finishes the proof. O

=l

Proposition3 WA — IFVNMVQ@,...0) = . i
1=
and WA — IFVNMV (., .. 1) =P’ ol=T1
1=

Proof From Theorem 4, we have

n
WA—IFVNMVQO,....0) = Pw;d

, ) »
= ((i (Zwlh(m)] ,{g‘ (Zwmw)] )
j=1 =l j=1
P n p
( Zw,gm)} ,{hl (Zwih(o))} ) ,
j=I1 i=1 j=1
n P n P
( Z ,g<1>) »{h_1<zwih(0))} ))
=l j=1 i=l j=1

=(((0, 1), ...(0, 1)), ((1,0), ... (1, 0)), (1,0, ..., (1,0)))

ol
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Note here that, g(0) = oo and g‘l(oo) = 0 stand for
lim,_, ¢+ g(t) = oo and (1) = oo and h~!(c0) = 1 stand
for lim,_, - h(t) = oo. Similarly, it is seen that

n
WA—IFVNMV,.., 1) = @wii =1.
i=1

O

The following theorem shows that WA — IFVNMYV is

monotone.
Theorem 5 Let {ai - <(T’0{;)§;], @), (Fg{;)le):

i=1oony and (B =(THI_, @) EI_):
i =1, ...,n} be two families of IFVNMVs such that o; < B;
foranyi =1, ...,n. Then,

WA—IFVNMV (ay,...,a,) X WA-IFVNMV (B, ...,

Bn)
and

WG —IFVNMV(ay,...,ay) < WG —IFVNMV (B, ...,

Bn)-

Proof Assume that o; < f; for any i = 1, ..., n. Then, we
have

7)< T and T > 1)

Since h, h~ !, g and g_1

(i) (o)

are increasing, we have

and
n i n .
o (Eon(r) 2 (S
i=1 i=1
which implies that Twa_irvNmMV(a,...an) <(int)

Twa—1FVNMVBi,....00-
Similarly, we obtain

IwA—1FVNMV(ay,...an) ZGnt) IWA—IFVNMV (By,....80)
and

FWwA—1FVNMV (ai,.an) ZGint) FWA—TFVNMV (B1,....B)-

Therefore, weget WA—IFVNMV (ay, ..., o) < WA—
IFVNMV(By, ..., By). Hence, WA — I FV N MV is mono-
tone with respect to the partial order “<”. O

@ Springer

Weighted geometric aggregation operator

Definition6 Let o = <(TD{;)§’:1, @), (]F;j,ﬁ)',.’:1>:
i=1,..,n} be a collection of IFVNMVs with equal

sequence lengths p € ZT. Then, a weighted geometric aggre-
gation operator WG — [ FVNMYV is defined by

n
WG — IFVNMV(ay, ..., o) := Q)"
i=1

. n
where 0 < w; < 1foranyi =1, ..., n with E ) lw,-: 1.
1=

Theorem6 Let i = ((Tu)7_. @)7_. (FeD)?_, )
i =1, ...,n}beacollection of IFVNMVs with equal sequence
lengths p € Z" and let 0 < w; < 1 foranyi =1, ..., n with
Z?_l‘”i — 1. Then, WG — IFVNMV (ay, ..., ay) is an
IFVNMYV and we have

WG — IFVNMV(ay, ..., &)

(I (o))
[ (e )] )

Proof The proof is similar to the proof of Theorem 4. There-

fore, we omit it. O
— — n —_
Proposition4 WG — I[FVNMV(,....0) = . (@i0
1=
— — n —_ —_
and WG — IFVNMV,...,1) = @izla)il =1
Proof 1t can be proved similar to Proposition 3. O

Remark 4 Similar to Theorem 5, it can be proved that

WG —IFVNMV(ay, ...,ay) < WG —-IFVNMV

(Bs oo Bn)

whenever o; < B; for any i = 1, ...,n. Hence, WG —
I FV NMYV is monotone with respect to partial order “<”.
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Some particular cases of WA — IFVNMV and

WG — IFVNMV

In this subsection, we study some particular cases of WA —
IFVNMYV and WG — I FVNMYV by choosing particular
additive generators.

(1) Consider the generator g recalled in Example 1 and
defined by g(#) = —logt. Then, WA — IFVNMYV
and WG — IFVNMYV turn into following Algebraic
weighted aggregation operators:

WAy —IFVNMV(ay, ..., otn)

((f-fro-mry
{zﬁl (Toé’f>wi}:=1> |

WAgp —IFVNMV (ay, ..., o)
n J A\ n AN
Hi:l 1+ TOli - Hi:l 1— TOti
. w;
[T (1 + To{{t) + 17 ( To{,l>
21—[{1 1(1({’t)wi P (
i= i

and

WG4 — IFVNMV (ay, ..., o)

respectively.

2) Consider the additive generator g defined by g(1r) =
log - L. Then, WA—IFVNMV and WG—IFVNMV
turn into following Einstein weighted aggregation oper-
ators:

p

oM (1)

= mf) T ()

I
-

J

. w; . w; )
[Ti= (2 - Io{{t) +11i- (Iof,-’t> - (

ij

i
)T ()
e

Hz"l:l (1 + Fﬂ{i’f) ”

(_ij ’

i 1 Fo{l o

)

j:
. w; 14
21_[?:1 (Fﬂ{i’t) ]

P\ @i P\ Wi
H?:l (2 - FO{;’J) + H?:l (Ft{i’t)

j=1

[T (1 + Fo{{f) +1Ti- 1

(4.3)
FO{I f

@ Springer
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and

WGg — IFVNMV (ay, ..., o)

. wj p i} wj . wj P
2[ 17 (T‘){i’[) [T= (1 + Taj{f> —[Ti= (1 - T(){i’f)
- t 1\ % Lo\ W n . w; ’
[T (2 Ty, ) +ITi- (To{l ) N i (1 + To{,.’f) + 11 (1 - TO{;f)
i=1 j=1
w;j w; p . w; P
l_[;l:l (1 + IO{tt) - l_[;l:l (1 - Iojli’t> 21_[;121 <Iojh’f)
. wj Lo\ Wi ’ .o ’
M (14 a!)" T ()™ | () s ()
= j=
w; - \Nwi )P . w; p
H?:l (1 + Fo{t t) - H?:l (1 - Féi’t> 2]_[?21 (FD{t‘f) (4 4)
. w;j . w;j ) -\ W -\ W ’ .
H?:l (1 + Fo{i’t> + l_[?:l (1 - F‘D{i’t> - Hz"lzl (2 - FOii’f) + 1—[?:1 (FOii’f) 1
J= J=
respectively.

An application of IFVNMV:s to a classification
problem

In this section, we give a classification method using
IFVNMSs and aggregation operators defined in Section
“Weighted aggregation operators”.

A simplified neutrosophic valued cosine similarity
measure for IFVNMVs

Similarity measures are convenient tools in the classifica-
tion. A cosine similarity measure between IFSs depends on
the cosine of the angle of the vector representations of the
membership and non-membership degrees (see e.g., [45]).
Now, we propose a simplified neutrosophic valued cosine
similarity measure. First, let us recall the notion of SNS and
simplified neutrosophic value (SNV). A SNS [16] on a uni-
versal set X = {x, ..., x,,} is given by

A = {(xi, (Ta(xi), Ia(xi), Fa(xi))) :i =1, ...

. n}

where Ty, 14, Fg : X — [0, 1] are the truth, indeterminacy
and falsity functions. For a fixed x € X,

T= (Tfs I‘[’ F‘[) = (TA(X), IA(X), FA(x)>

is called a simplified neutrosophic value (SNV).

@ Springer

Definition7 A simplified neutrosophic valued weighted
cosine similarity measure between IFVNMVs « and 8 with
same sequence lengths p is given with

CSN(a, B)

Jof i f
T, T/3

T]f \/\/T]t

I]tI][+I]fIJf

IJf \/\/I]t

Jot st I i f
Fy F + Fy Fﬂ

ey ey

where 0 < w; < 1forany j =1, ...

P T]tTjt+

Za)

J
j=1 \/(T]t

p
I—Za)j

7y

p
1-— Za)j
j=1

T f)2

’

1 f)2

F]f)

5.1)

,pand 30 w; =1.

Itis clear that CSN («, B) is a SNV. Therefore, we need a
score function to rank the values of CSN. Let A = (a, b, ¢)
be a SNV. An improved score function N defined by

1+(@—2b—c)2—a—c)

2

N(A) = (5.2)

has been proposed by Nancy and Garg [25]. We use the score
function N to rank the results of CSN.

’
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Table3 IFVNMV representations of value sizes of iris plant

{]Fl, ]FZ’ ]F’;}

{Hl, ]12, H’;}

{']I‘] , TZ, T'ﬁ}

Value size

{(0.05,0.95), (0.1,0.9) , (0.1, 0.8)}

{(1,0), (1,0), (1,0)}

{(1,0),(0.9,0.1), (0.95,0.05)}

Extremely large

{(0.1,0.9), (0.1,0.8) , (0.15, 0.8)}

{(0.85,0.1), (0.9,0.1), (0.9, 0.05)}
{(0.75,0.2), (0.8, 0.15) , (0.8, 0.15)}
{(0.7,0.25), (0.7,0.2) , (0.75, 0.20)}

{(0.65,0.35) , (0.6, 0.35) , (0.7, 0.25)}
{(0.5,0.5), (0.5,0.5) , (0.55, 0.40)}

{(0.85,0.1), (0.8,0.1), (0.9, 0.05)}
{(0.8,0.1), (0.8,0.15), (0.8, 0.1)}

Very very large

{(0.15,0.8) , (0.1,0.75) , (0.2, 0.75)}
{(0.2,0.75) , (0.15, 0.75) , (0.25, 0.7)}
{(0.3,0.6) , (0.25,0.65) , (0.3, 0.65)}

{(0.35,0.55) , (0.4, 0.55) , (0.35, 0.6)}

{(0.5,0.4), (0.5, 0.45) , (0.4, 0.55)}

Very large

{(0.75,0.1), (0.7,0.2) , (0.75, 0.15)}
{(0.6,0.3), (0.65,0.3) , (0.7,0.2)}

Large

Medium large

{(0.55,0.4), (0.5,0.4) , (0.6, 0.3)}

Fair

{(0.6,0.35) , (0.65, 0.35) , (0.70, 0.25)}
{(0.65,0.3), (0.7,0.25) , (0, 85, 0.15)}
{(0.85,0.1), (0.9, 0.05) , (0.9, 0.05)}

{(1.0), (1,0), (1,00}

((0.45,0.5), (0.4,0.5) , (0.5, 0.4)}

Medium small

Small

{(0.55,0.25) , (0.55,0.3) , (0.45, 0.5)}
{(0.75,0.15) , (0.7,0.2) , (0.65, 0.3)}
{(0.9,0.05), (0.9,0.1) , (0.85,0.1)}

{(0.25,0.55), (0.35, 0.5) , (0.45, 0.45)}

{(0.2,0.75) , (0.15, 0.75) , (0.25, 0.65)}
{(0.1,0.9), (0.1,0.85), (0.15, 0.8)}

Very small

Very very small

Numerical example

In this sub-section, we consider a real-life example of classi-
fication. Before, we summarize the proposed method by the
following simple algorithm:

Step 1: Consider the whole data set as X = {xy, ..., x,},
where n is the sample size of the data set.

Step 2: Separate the database as the training set 7 =
{t1, ..., t} and testing set Y = {yy, ..., y;}, where m and [ are
the sample sizes of the training and testing sets, respectively.

Step 3: According to the view of p experts, the value sizes
are expressed as IFVNMVs.

Step 4: For each attribute x; in data set, calculate the range
as R = x(u) — X (1) Where x ;) is the maximum value and x 1)
is the minimum value of the data set. The range is divided
into ¢ categories using percentiles. Determine the levels and
each level corresponds to an IFVNMYV from Step 3.

Step 5: For each class in the training set, calculate the
mean value X for each attribute. The interval that X is coming
from determines the level. Obtain the IFVNMS representa-
tions that consists of [IFVNMVs from Step 4 of each class
using these levels and using a weighted aggregation operator,
obtain the IFVNMYV representation of each class.

Step 6: With the same algorithm, determine the IFVNMV
representation of the each sample from testing set.

Step 7: Calculate the similarity measures using CSN (5.1)
and obtain the scores from score function N (5.2). Then, clas-
sify each sample according to the maximum score function
value.

It should be also noted that, these steps are repeated using
different aggregation operator.

As an application, a real example of classification from
UCI Machine Learning Repository is conducted to show the
performance of the method. Recently, researchers have car-
ried out some studies on iris dataset with the help of fuzzy
logic. For example, Singh and Ganie [47-49] have proposed
similarity and correlation measures for some various fuzzy
sets and have applied them to a classification problem with
Iris database. In these studies, the authors have introduced
the conversion formula from crisp data to fuzzy data. Also,
to assess the performance of the proposed measures a per-
formance index, namely “Degree of confidence (DoC)”, has
been introduced. In view of DoC, these proposed measures
are found to outperform the existing compatibility measures
and they have not proposed accuracy mean for result of clas-
sification. Moreover, Fei et al. [5] have introduced a vector
valued similarity measure for IFSs and they have applied it to
the same classification problem. Di Martino and Sessa [50]
have proposed classification algorithm based on direct and
inverse fuzzy transforms.

The data are for iris plants and consists of 150 sam-
ples. These samples are divided into three categories, namely
Setosa, Versicolour and Virginica and each sample has four
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Table4 IFVNMV representations of each class with respect to aggregation operators (1=WA 4-IFVNMYV, 2=WG 4-IFVNMYV, 3=WA -IFVNMYV,
4=WGg-IFVNMV)

AO. Class IFVNMV
Setosa {(0.38 0.46), (0.37 0.52), (0.44 0.46)} {(0.82 0.17), (0.84 0.12), (0.89 0.09)} {(0.55 0.36), (0.51 0.39), (0.53
1 Versicolour {(t)())..;%)(}).%), (0.61 0.31), (0.67 0.22)} {(0.65 0.33), (0.64 0.32), (0.71 0.24)} {(0.31 0.61), (0.26 0.64), (0.31
Virginica {(0273)(}).15), (0.71 0.22), (0.73 0.16)} {(0.70 0.25), (0.73 0.22), (0.76 0.19)} {(0.22 0.72), (0.17 0.70), (0.25
Setosa {(E'ZZE)(}”S)’ (0.220.69), (0.30 0.63)} {(1.00 0.00), (1.00 0.00), (1.00 0.00)} {(0.76 0.15), (0.75 0.22), (0.69
2 Versicolour {((())..652)(}).31), (0.59 0.33), (0.65 0.24)} {(0.65 0.32), (0.64 0.30), (0.71 0.24)} {(0.33 0.57), (0.30 0.61), (0.31
Virginica {((())'.6688)(}).22), (0.65 0.27), (0.70 0.20)} {(0.71 0.24), (0.75 0.20), (0.77 0.18)} {(0.27 0.66), (0.23 0.66), (0.27
Setosa {(gl;g)(}).sn, (0.340.55), (0.41 0.48)} {(0.83 0.16), (0.85 0.11), (0.90 0.09)} {(0.58 0.32), (0.55 0.35), (0.56
3 Versicolour {((())'.6641)(}),27), (0.61 0.31), (0.67 0.22)} {(0.65 0.33), (0.64 0.31), (0.71 0.24)} {(0.31 0.60), (0.27 0.64), (0.31
Virginica {((())..73)(}).15), (0.70 0.22), (0.73 0.16)} {(0.70 0.25), (0.74 0.21), (0.76 0.19)} {(0.22 0.72), (0.17 0.69), (0.25
Setosa {(8%)(}),72), (0.240.67), (0.31 0.61)} {(1.00 0.00), (1.00 0.00), (1.00 0.00)} {(0.74 0.16), (0.73 0.23), (0.67
4 Versicolour {(8‘.22)(}).31), (0.59 0.33), (0.66 0.24)} {(0.65 0.32), (0.64 0.31), (0.71 0.24)} {(0.33 0.58), (0.29 0.62), (0.31
Virginica {(8:6689;(}'21)’ (0.66 0.26), (0.71 0.19)} {(0.70 0.24), (0.74 0.20), (0.77 0.18)} {(0.26 0.67), (0.22 0.67), (0.26

Table 5 Scores of similarity measures between IFVNMVs of testing sets and all classes

Setosa Versicolour Virginica

Setosa Versicolour Virginica Setosa Versicolour Virginica Setosa Versicolour Virginica
0.99 0.70 0.66 0.92 0.93 0.85 0.71 0.93 0.99
0.97 0.91 0.88 0.91 0.94 0.84 0.69 0.91 0.97
0.93 0.92 0.92 0.84 0.95 0.86 0.76 0.97 0.99
0.97 0.69 0.59 0.83 0.99 0.98 0.74 0.95 0.99
0.98 0.75 0.65 0.84 0.99 0.94 0.70 0.92 0.98
0.99 0.86 0.81 0.79 0.99 0.97 0.68 0.93 0.98
0.99 0.78 0.72 0.77 0.99 0.98 0.64 0.91 0.99
0.95 0.65 0.54 0.90 0.98 0.93 0.71 0.91 0.98
0.99 0.77 0.69 0.85 0.98 0.85 0.74 0.90 0.99
0.99 0.86 0.80 0.79 0.98 0.91 0.70 0.97 0.98
0.89 0.49 0.39 0.84 0.99 0.92 0.69 0.96 0.99
0.95 0.65 0.54 0.79 0.96 0.90 0.70 0.95 0.99
0.95 0.92 0.87 0.90 0.98 0.94 0.82 0.99 0.98
0.99 091 0.87 0.85 0.99 0.90 0.70 091 0.99
0.98 0.90 0.84 0.86 0.95 0.92 0.65 0.93 0.98
0.95 0.71 0.69 0.75 0.95 0.90 0.64 0.90 0.99
0.95 0.65 0.54 0.78 0.96 0.93 0.70 0.92 0.99
0.99 0.90 0.82 0.90 0.99 0.95 0.72 0.89 0.98
0.98 0.89 0.81 0.85 0.99 0.95 0.69 091 0.98
0.95 0.65 0.52 0.77 0.98 0.91 0.80 0.99 0.98
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Table 6 Comparison of
classification study for Iris plant

attributes, namely Sepal Length (SL), Sepal Width (SW),
Petal Length (PL) and Petal Width (PW). In this example, 30
samples are randomly selected from each category as a train-
ing set and 20 of them are used as a testing set. First, each
value size of the iris plant is represented by an IFVNMV

Study Methodology Accuracy mean
Fei et al. [5] Vector valued similarity measure 90%
Di Martino and Sessa [50] MEC classifier 98.15%
Decision tree J48 98.38%
Multilayer perceptron 98.22%
Naive Bayes 96.55%
Lazy IBK 97.17%
This study Aggregation and score function, similarity measure 97%
IFVNMSs
Proposed weighted

by adapting Table 2 of [5]. For a fixed i = 1,2,3; T/, I
and I is considered the truth, indeterminacy and falsity IFV,
respectively, given by the ith expert. The adapted values of
IFVNMs are shown in Table 3.

The IFVNM Vs of three classes are obtained as shown in
Table 4 with four different aggregation operators.

Next, similarities are calculated between IFVNMVs of
the three classes and the 20 testing samples of each class and
score functions are calculated based on different aggregation
operators (see Table 4). Table 5 is constructed using aggre-
gation operator WA 4-IFVNMYV for the sake of brevity. It can
be seen that other aggregation operators give the same result
as well.

It can be easily seen that, the accuracy is 100% in Setosa,
100% in Versicolour and 90% in Virginica class. The average
accuracy is 97%.

Conclusion

In this study, we introduce the concept of intuitionistic fuzzy-
valued neutrosophic multi-set (IFVNMS) by considering the
sequences of intuitionistic fuzzy values instead of numbers.
Therefore, more detailed information can be kept when trans-
forming the data to fuzzy sets. In this manner, it prevents the
loss of information. We present some set theoretic operations
between IFVNMSs. Using general 7-norms and 7-conorms,
we define some fundamental algebraic operations between
intuitionistic fuzzy-valued neutrosophic values IFVNMVs).
With the help of these algebraic operations, we introduce
some weighted arithmetic and geometric aggregation oper-
ators. These aggregation operators allow us to aggregate
IFVNMSs to IFVNMVs. Thus, one may obtain more com-
pact and rich representation of real data. By defining a
simplified neutrosophic valued cosine similarity measure, we
rank IFVNM Vs in the simplified neutrosophic environment.
After this, with the help of an improved score function for

aggregation operators

IFVNMVs

Proposed SNV-valued
cosine similarity measure

SNV

A score function

Classification
results

Fig. 1 Application of the proposed theory to the classification

simplified neutrosophic values existing in the literature [25],
we manage to rank results of the cosine similarity measure.
We give an algorithm to give the applicability of the proposed
theory to the classification. We also apply the algorithm to
areal classification from UCI Machine Learning Repository
and we show that the average accuracy is 97%. The steps how
we used the theoretic part of this paper in the classification
can be seen in Fig. 1.

The proposed theory is applicable in any multi-criteria
decision making problem, pattern recognition and classifi-
cation problems, especially problems with more than one
decision makers. Therefore, this new theory will be a useful
tool in decision and ranking problems such as robot selec-
tion, software selection, green suppliers selection or solid
waste landfill site selection problems etc. In the future, we
give some applications of the proposed theory to some multi-
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criteria decision making problems such as medical diagnosis
and pattern recognition.
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