20

21

22

23

24

25

26

27

28

29

30

31

Journal of Intelligent & Fuzzy Systems xx (20xx) X—Xxx
DOI:10.3233/JIFS-181084
10S Press

An intuitionistic fuzzy clustering algorithm
based on a new correlation coefficient with
application in medical diagnosis
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Abstract. In this paper, we propose a new correlation coefficient between intuitionistic fuzzy sets. We then use this new result
to compute some examples through which we find that it benefits from such an outcome with some well-known results in the
literature. As in statistics with real variables, we refer to variance and covariance between two intuitionistic fuzzy sets. Then,
we determined the formula for calculating the correlation coefficient based on the variance and covariance of the intuitionistic
fuzzy set, the value of this correlation coefficient is in [-1,1]. Then, we develop this direction to build correlation coefficients
between the interval-valued intuitionistic fuzzy sets and apply it in the pattern recognition problem. Finally, we apply this
correlation coefficient in clustering problem with intuitionistic fuzzy information.

Keywords: Intuitionistic fuzzy set, interval — valued intuitionistic fuzzy set, variance, covariance, correlation coefficient

1. Introduction

In 1986, Atanassov introduced the intuitionistic
fuzzy set [1], which is a generalization of Zadeh’s
fuzzy set [19]. An intuitionistic fuzzy set (IFS)
consider the information both the membership func-
tion and non-membership function. After that, the
interval-valued intuitionistic fuzzy set (IVIFS) was
introduced by Atanassov and Gargov [2]. In which,
the membership function and non-membership func-
tion are subintervals of [0, 1]. As opposed to fuzzy
sets, intuitionistic fuzzy set also have broad applica-
tions for uncertain data processing such as decision
making, medical diagnose, agriculture [3, 9—14, 20].
Along with similar measurements, distance mea-
surements, correlation measurements of intuitionistic
fuzzy sets and interval —valued intuitionistic fuzzy set

*Corresponding author. Nguyen Xuan Thao, Faculty of Infor-
mation Technology, Vietnam National University of Agriculture,
Ha Noi, Viet Nam. E-mail: nxthao@vnua.edu.vn.

are also studied and widely used in many areas and
now it is a hot topic [4-8, 11, 15-17, 21].

The concept of correlation coefficient of intuition-
istic fuzzy sets was first studied by Gerstenkorn, and
Marko in 1991 [6]. In this correlation coefficient,
the variance and covariance are constructed directly
from the scalar product of the values of the mem-
bership function and the non-membership function,
respectively, of two intuitionistic fuzzy sets. Then, the
correlation coefficient between the interval-valued
intuitionistic fuzzy set is introduced by the Bustince
and Burillo [4] in 1995. Later, many authors have
studied and developed correlations in different trends
and in other spaces. In the results of the correlation
studies, in the 1990 s, we find that the values of the
correlation coefficient are in the range [0, 1].

In the 21st century, scholars have developed new
methods for building correlation coefficients for
fuzzy sets. In the new results, some studies show the
value of the correlation coefficient value received in
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the interval [-1, 1]. We can include some methods
as Hung’s method [7], and the method of Liu et al.
[11]. Hung’s method is based on a statistical view-
point to calculate the correlation coefficient. In 2016,
Liu et al. [11] constructed the correlation coefficient
between intuitionistic fuzzy sets based on the concept
of the deviation of the intuitionistic fuzzy numbers,
after that they also extend this approach to the IVIFSs
case.

As the correlation coefficient reflect the relation-
ship between two objects. When the correlation
coefficient has values =+1, it shows a linear rela-
tionship. Thus it reflects the “consistency” of the
two sets. That is the motivation for us to study
the correlation coefficient. Moreover, the correlation
coefficients found in the literature still have certain
limitations, as shown in the examples in this paper.

Howeyver, there are some cases where the cor-
relation coefficient according to Hung’s method or
method of (Liu et al) does not cover them. These
cases can be viewed in the examples presented in
this article. In those cases, if using our method, there
are reasonable results. In this paper, we propose a
new method to determine the correlation coefficient
between the intuitionistic fuzzy sets, in which the
value of the correlation coefficient computed accord-
ing to our method lies in interval [-1, 1]. Then, we
develop the method to construct the correlation coeffi-
cient between the interval-valued intuitionistic fuzzy
sets. Finally, we also provide examples to illustrate
our approach, and apply it to diagnostic problems in
medicine and to the problem of pattern recognition.

The contribution of this article is to provide a new
method for determining the correlation coefficient
between intuitionistic fuzzy sets. It has overcome
the limitations of existing methods. This method is
quite simple and its applications are quite varied.
As in sample identification, medicine and clustering
analysis.

The rest of this paper is organized as follows. In
Section 2, we recall the concept of intuitionistic fuzzy
set, interval — valued intuitionistic fuzzy set, the cor-
relation coefficients which are computed by using the
methods of Gerstenkorn and Mansko [6], Hung [7],
Xu [16] and Liu et al. [11]. In Section 3, we construct
the new correlation coefficient between the IFSs, in
this section we also give some examples that com-
pare the results computed based on our method to
other methods. In Section 4, we extend our method
to determine the correlation coefficient between
the IVIFSs. Finally, we present the conclusion in
Section 5.

2. Preliminaries

Let X be a universal set. We have

Definition 1. [1] An intuitionistic fuzzy set on X is a
defined by form

A ={(x, pax), va(x)| x € X} ey

in which wa(x) € [0, 1] and va(x) € [0, 1] are the
membership degree and the non-membership of the
element x in X to A, respectively, and pa(x) +
valx) < 1,V¥x € X.

Definition 2. [2] An interval — value intuitionistic
fuzzy set on X is a defined by form

A={(x. [5G0, mz @], [V, vi ()] xe X}
in which fia(x) = [ph(), n{] €[0,1] and
Da(x) = [VE(x), v§@)] € [0, 1] are the member-
ship degree and the non-membership of the element
x in X to A, respectively, and

u{e) + 5@ <1,vx e X. )

Now, we recall some existing correlation coeffi-
cient of intuitionistic fuzzy sets in literature. Given
X = {x1,x2, ..., x,}is a universal set and

A = {(x;, na(x), va(xi)l x; € X},

B = {(v, ppC). v i € X))

are two IFSs on X.

Definition 3. [11] The average of A is

1 n 1 n
E(A) = (j,Va) = (n PIVCOEDD m(x»)
i=1 i=1

)
The correlation coefficients of Gerstenkorn and
Mansko [6].

(A, B) = M (5)
PR B = JT(AT(B)

where

C(A, B) = ; (A Ges(x) + vaGvsGe)l,
T(A) = ; (120 + A ()],

T(B) =Y [wg(xi) + vi(x)].

—_

(6)
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The correlation coefficient of Hung [7]
1
(A, B) = 5(,01 + 02) 7

where

Z (na(x) — ma)(up(xi) — &B)

\/Z (malxi) — MA)Z\/Z (nB(x;) — MB)2
(8)

i (va(xi) — TR)(v5(x:) — VB)

\/ Zl (va(x) — vA)Z\/ Z] (v(x;) — V5)?
©

The correlation coefficient of Xu [16]

Avmin + AVmax
Av; + Avmax

n
1 Albmin + A
(A, B) = — § : |: Mmin Mmax +
2n — Api + Apmax

(10
113
where

Api = |na(x;) — up(xpl, Av; = [va(x;) — vp(x;)l
Allmax = MaxA;, Avpax = maxAv;

Amin = min A, Avpin = min Av;.

(11)
The correlation coefficient of Liu et al. [11]
C(A, B)
P(A, B) = ————= (12)
VD(A)D(B)

where

C(A, B) = ;17 > di(A)di(B).

i=1

D(A>=ﬁ§ (A), D(B) = %lgd?w)
(13)

in which

di(A) = (na(xi) — wa) — (Va(xi) —va)

di(B) = (us(x) — 5) — (vpx) — 1) O

114 foralli:l,Z,...,n

3. A new correlation coefficient of the IFSs

Let X = {x1, x2, ..., x,} be a finite set, A and B
are two arbitrary IFSs in X.

Definition 4. The variance of A can be represented
as

1 n
DA)=— ;‘ {(aG) =AY +(alx) — 72)%)
(1)

Definition 5. The covariance of A and B can be
defined by

COV(A, B) = A {(na(xi) = Ta)(pup(x;) — )
+(va(xi) — ) (p(x) — Vp)}
)

where E(A) = (14, v4) and E(B) = (iip, Vp).

Proposition 1. Let A and B be two arbitrary IFSs in
X. We have

(1) COV(A, B)=COV(B, A)

(2) COV(A, A) = D(A)

(3) ICOV(A, B)| < D(A)*> D(B)*?

Proof.

Itis easily to obtain (1), (2).

(3). According to the Cauchy — Schwarz inequality,
we have

COV(A, B = (25 {(a o) = a) (1 5(xi) ~ 7B)
+(a(x) — VD)) — R}
71 2 (1) = TP + ato) = 72}

IA

XL ; {(us(xi) — T + (vs(x)) — 75)2)

= D(A)D(B).

So that [COV(A, B)| < D(A)% D(B)? O

Now, we can define the correlation coefficient of
the intuitionistic fuzzy sets. It is similar to the cor-
relation coefficient of real number variables in the
statistic theory.

Definition 6. Let A and B be two arbitrary IFSs on X.
The correlation coefficient of A and B can be defined
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by
COV(A, B)

A B =245
PAB) = DB

3

Remark 1. Our correlation coefficient estimates the
value in [—1, 1], while many known correlation
coefficients take only values in [0, 1]. This is also
consistent with the correlation coefficient we often
see inreal-world statistics. The correlation coefficient
evaluates the linear relationship between the values of
the two fuzzy sets on the elements of the observed set
X. When two fuzzy sets have a real linear relation-
ship then the correlation coefficient between them
are 1.

Theorem 1. Given two IFSs A and B, then we have

(1) p(A, B) = p(B, A)

(2) -1=p(A,B) =1

(3) If A = kB + bforsomek > 0,then p(A, B) =
1.Here, A = kB + b means that us = kupg +
band vy = kvg + b.

(4) If A = kB + bforsomek < 0,then p(A, B) =
—1.

Proof.

(1) Straightforward.

(2) From proposition 1, we have |COV(A, B)| <
DA D(B>. Tt means that —D(A)"?
D(B)? < COV(A, B) < D(A)" D(B)"?
Hence, we have

COV(A, B) -

—1§P(AaB)=W_

(3) If up = kupg +band vy = kvg + b we have

COV(A, B) = - {(na(x)) — ) (p(x) — 7p)
+(a(x;)) — va)(vp(x;) — VB)}

= Lk x (up(x) — TR Wp(xi) — 75)

+k x (vp(xi) — VB)(vB(xi) — VB)}

= ﬁ{(ﬂB(xi) — ra)up(xi)) —B)

+(a(x;) — Vp)(vp(x;) — Vp)}

= kD(B).

D(A)= 71 3 {(a (i)~ +(va () 72}
K x (up(x)—TEB)* +k x (vp(xi)—75)%

= ,,Lz Zn) {(up(x;)) — WB)* + (vp(x;) = vp)*}

If k > 0 then
_ COVAB . kDB
p(A, B) = VDADB) =\ /k2D(B)D(B)
_kD(B) _ 4
= xD(B)

(4) Ifk < O then

A, B) — COV(A;B). _ kDB) _ | -
P = DB, —kD(B)

Now, we consider some examples to compare
our proposed correlation coefficient and some other
knowledge correlation coefficient.

Example 1. In this example, let’s look at Liu’s exam-
ple in [11]. Suppose that A and B are two IFSs in

X = {x1, x2, x3} where

A ={(x1,0.1,0.2), (x2,0.2,0.1), (x3,0.3, 0)} ,

B ={(x1,0.3,0), (x2,0.2,0.2), (x3,0.1,0.4)} .
(1) By our method

_ (0.140.240.3 0.240.1+0 \ _
E(A) = (RH02403 0210150) — (02,0.1)

E(B) = (0.3+032+0.1, 0+o.§+o.4) =(0.2,0.2)

COV(A, B) = —0.035; D(A) =0.02 and
D(B) = 0.075.
So that
—0.035
p(A, By = ———— = —0.9037.
0.02 x 0.075
(2) By the method of Liu et al. in [11]
p(A, B) = —

(3) By the method in Gerstenkorn and Marko [6]
p(A, B)=0.12

(4) By the method in Xu [16]
p(A, B) ~ 0.74
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(5) By the method in Hung [7]
p(A, B) = —1.

These results are consistent, because A is the
set of elements whose value increases, B is a set
whose values are decreasing. But not existk # 0 such
that B = kA + b, in particular up = —u s + 0.4 and
vg = —2v4 +0.4.

Example 2. Suppose that A and B are two IFSs in
X = {x1, x2, x3} where

A ={(x,0.16, 0.18), (x,, 0.16, 0.18), (x3, 0.19, 0.21)}

(x1,0.284, 0.282), (x2, 0.284, 0.282),
B= (x3,0.281, 0.279)

(1) By our method

E(A) =(0.17,0.19); E(B) = (0.283,0.281);
COV(A, B) = —0.00012; D(A) = 0.00012;
D(B) = 0.00012 and p(A, B) = —1.
(2) By the method of Liu et al. in [11]

We cannot determine the correlation coefficient
according to this method.
(3) By the method in Hung [7]

o(A, B) = —1.

In this example, the results of our method match
those of the Hung’s method.In this example, the
results calculated according to our method coincide
with the results calculated by the Hung’s method,
both methods yield have correlation coefficient
p(A, B) = —1. Thisresult is reasonable, because two
intuitionistic fuzzy sets A, B have a linear relation
B =kA+ b with k = —0.1 and b = 0.3. But the
method of Liu et al. in [11] does not tell us anything
about this data.

Example 3. Suppose that A and B are two IFSs in
X = {x1, x2, x3} where

A ={(x1,0.16, 0.18), (x2, 0.16, 0.18), (x3,0.19, 0.21)}
(x1,0.432,0.436), (x,, 0.432, 0.436),

B =
(x3,0.438,0.442)

(1) By our method

E(A) = (0.17,0.19); E(B) = (0.434, 0.438);
COV(A, B) = 0.00024; D(A) = 0.00012;
D(B) = 0.000048 and p(A, B) = 1.
(2) By the method of Liu et al. in [11]

We cannot determine the correlation coefficient
according to this method.

(3) By the method in Hung [7]
p(A, B) = 1.

In this example, the results of our method match
those of the Hung’s method.In this example, the
results calculated according to our method also
coincide with the results calculated by the Hung’s
method, both methods yield have correlation coeffi-
cient p(A, B) = 1. This result is reasonable, because
two intuitionistic fuzzy sets A, B have a linear rela-
tion B = kA + b with k = 0.2 and b = 0.4. But the
method of Liu et al. in [11] does not tell us anything
about this data.

Example 4. Suppose that A and B are two IFSs in
X = {x1, x2, x3} where

A = {(x1,0.1,0.3), (x2,0.1,0.4), (x3, 0.1, 0.5)}
(x1,0.41,0.43), (x2, 0.41, 0.44),

B =
(x3, 0.41, 0.45)

(1) By our method
E(A) =(0.1,0.4); E(B) = (0.41, 0.44);
COV(A, B) = 0.002; D(A) = 0.02;
D(B) =0.0002 and p(A, B) = 1.
(2) By the method of Liu et al. in [11]

o(A,B) = 1.

(3) By the method in Hung [7]

We cannot determine the correlation coefficient
according to this method.

In this example, the results of our method match
those of Liu et al. [11]. In this example, the results
calculated according to our method also coincide
with the results calculated by using the method of
Liu et al. both methods yield a correlation coeffi-
cient p(A, B) = 1. This result is reasonable, because
two intuitionistic fuzzy sets A, B have a linear rela-
tion B = kA 4+ b with k = 0.1 and b = 0.4. But the
method of Hung in [7] does not tell us anything about
this data.

Example 5. Suppose that A and B are two IFSs in
X = {x1, x2, x3} where

A = {(x1,0.4,0.2), (x2,0.4,0.2), (x3,0.1,0.2)}
{ (x1, 0.36, 0.38), (x2, 0.36, 0.38),}

(x3,0.39, 0.38)

(1) By our method
E(A) = (0.3,0.2); E(B) = (0.37, 0.38);
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COV(A, B) = —0.006; D(A) = 0.06;
D(B) = 0.0006 and p(A, B) = —
(2) By the method of Liu et al. in [11]

A, B)=—

(3) By the method in Hung [7]

We cannot determine the correlation coefficient
according to this method.

In this example, the results of our method match
those of Liu et al. In this example, the results cal-
culated according to our method also coincide with
the results calculated by using the method of Liu
et al, both methods yield the correlation coefficient
p(A, B) = —1. Thisresultis reasonable, because two
intuitionistic fuzzy sets A, B have a linear relation
B=kA+ b with k = —0.1 and b = 0.4. But the
method of Hung in [7] does not tell us anything about
this data.

Example 6. In this example, we use our method to
the medical diagnosis, and data we used are quoted in
Szmidtand Kacprzyk [15]. Usage of diagnostic meth-
ods D = {Viral fever (V), Malaria (M), Typhoid (T),
Stomach problem (S), Chest problem} for patients
with given values of symptoms S = {temperature,
headache, stomach pain, cough, chest pain}. In this
case, the intuitionistic fuzzy set is useful to han-
dle them. Here, for each d, € D(k =1,2,...,5)1is
expressed in form that is an intuitionistic fuzzy set on
the universal set S = {51, 52, 53, 54, 55}, see Table 1.
The information of symptoms characteristic for the
considered patients is given in Table 2. In which,
for each patient p;(i = 1, 2, 3, 4) is an intuitionistic
fuzzy set in the universal set S = {s1, 52, 53, 54, 55}

To select the appropriate diagnostic method we
calculate the correlation of each patient with. the
diagnostic methods. For each patient, the appropriate
diagnostic method will have the highest correlation
coefficient.

The correlation coefficients of a diagnosis dj €

D(k =1,2,...,5)foreach patient p;(i ='1,2,3,4)
is
oy — SOV i do)
; VD(p D)’

The computed results of correlation coefficients
are listed in Table 3. From the results, we see
that Al should use diagnostic method correspond-
ing to Malaria, Bob uses Stomach problem, Joe uses
Typhoid and Ted uses Malaria. We also cite the
results listed in [11]. These results together with the
results calculated according to our method are listed

in Table 4. All six methods point to Bob in accordance 262

with our S diagnosis. Our method and the other four 263

methods indicate that Joe should use T diagnostics. 264

Patient Al should use V, and Ted use diagnosis V. 265

4. The correlation coefficient of the IVIFSs 266
In this section, we extend our method to the IVIFSs. 267
Let X = {x1, x2, ..., x,} be a universal set. Given

an IVIFSs
A={(xs [5G 1] i) v (x)]) | xie X}

Definition 7. The average of A is

{i}: nE ), }:/LX(x,],

=1
E(A) = 1’ p @
l:n Z 1% xt) Z VU(xl :l
i=1
Lyl (x;
We denote 3 (x;) = 7“7‘(%);“"“ ), vi(x) =
vE i)+ ()
2 b
15 =2 1ZL )+ Z A 3)
/'LA_2 nl—] Axl MA -xl
and
3 1 /1 L
VAZE ;Z Ax,)+ Zv x)]. (6)
i=1 i=1
‘We can determine variance, covariance and corre- 268
lation coefficient between IVIFSs. 269

Definition 8. Let A be a IFS on X. The variance of
A can be represented as

. 1
D(A)= = (a0~ H7) +(03(x) =)}
i=1

@)
Definition 9. Let A and B be two IVIFSs on X
A= { (. [rhGaufe] [hon @] )| w e x}
B={ (x, [nbeanlen) [vEen, vWen]) | x e X}

270

The covariance of A and B can be defined by
COV(A, B) =
+(vz(xi) —

,,]Tl{(MA(Xi) — T (upx) —g)
V) (vp(xi) —Vp)}
(®)
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Table 1
Symptoms characteristic for the considered diagnoses
Viral fever =~ Malaria ~ Typhoid  Stomach problem  Chest problems
Temperature 0.4,0) (0.7,0) (0.3,0.3) (0.1,0.7) (0.1,0.8)
Headache (0.3,0.5) (0.2,0.6)  (0.6,0.1) (0.2,0.4) (0,0.8)
Stomach pain (0.1,0.7) (0,0.9) 0.2,0.7) (0.8,0) (0.2,0.8)
Cough (0.4,0.3) (0.7,0) (0.2,0.6) (0.2,0.7) (0.2,0.8)
Chest pain (0.1,0.7) (0.1,0.8)  (0.1,0.9) 0.2,0.7) (0.8,0.1)
Table 2
Symptoms characteristic for the considered patients
Temperature Headache Stomach pain Cough Chest pain
Al (0.8,0.1) (0.6,0.1) (0.2,0.8) (0.6,0.1) (0.1,0:6)
Bob (0,0.8) (0.4,0.4) (0.6,0.1) (0.1,0.7) (0.1,0.8)
Joe (0.8,0.1) (0.8,0.1) (0,0.6) (0.2,0.7) (0,0.5)
Ted (0.6,0.1) (0.5,0.4) (0.3,04) (0.7,0.2) (0.3,0.4)
Table 3
Correlation coefficients of symptoms for each patient to the possible diagnose sets
Viral fever Malaria Typhoid Stomach problem Chest problems
Al 0.8101 0.8192 0.6611 —-09228 -0.5794
Bob -0.5206 -0.653 0.1494 0.9230 -0.3717
Joe 0.4852 —-0.3001 0.7352 -0.3720 -0.4740
Ted 0.8753 0.9072 0.2588 —-0.5766 -0.4804
Table 4

The most possible diagnosis for each patient under different methods

Our method Method in Ref. [11] Method in Ref. [6] Method in Ref. [16] Method in Ref. [7] Method in Ref. [15]
Al M \Y M M \% \Y
Bob S S S S S S
Joe T T T Vv T T
Ted M M A% \% v M

Proof similar to proposition, we have some prop- defined by
erties of the covariance of two interval — valued o
intuitionistic fuzzy sets A and B as follows. _ COV(A, B)
y P(A, B) = ——eee )

Proposition 2. Let A and B be two arbitrary IVIFSs
on X. We have

(1) COV(A, B) = COV(B, A)
(2) COV(A, A) = D(A)
(3) |COV(A, B)| < D(A)*° D(B)">

Proof. Similarity to proof of Proposition 1. O

Now, we can define the correlation coefficient of
the interval - valued intuitionistic fuzzy sets (IVIFSs).
It is similar to the correlation coefficient of real num-
ber variables in statistic.

Definition 10. Let A and B be two arbitrary IVIFSs
on X. The correlation coefficient of A and B can be

v/ D(A)D(B)

Theorem 2. Given two IVIFSs A and B, then we have

(1) p(A, B) = p(B. &)

(2) -1 =<p(A, B) <1

(3) IfA = kB + bforsomek > 0,then p(A, B) =
1. Here, A = kB + bmeans that 1 5 = kug +
band vy = kvgp + b.

(4) IfA = kB + bforsomek < 0,then p(A, B) =
—1.

Proof.

(1), (2) is easy to verify.

(3). If A =kB+ b means that ué\ = ku% + b,
Mg :kug—i-b and v% :kvé—f-b, v%’ :kvg—f-b.
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We have
i) = uﬁ(x,*);rug(xi) _ k“;%(foszrkug(xi)er
- W = kpp(xi) +b,
(10)
vy (x) = v%(xi);vg(xi) _ k"g(xi)+b;kvg(xf)+b
- W = kvp(x;) + b.
So that
Eh (’tzn:l HEED + 5 Zu”(x, )
i=
= kg +D,

n n
Vi =3 (; > Vi) + 5 3 vg<x,->>
1=

i=1

Hence, we have
COV(A, B) = L {(na(x) — () — &p)
+(v3(x) — TDWE() — Vp)}
= L {k(up(x) — TR (up(x) — Ip)
+k(vg(x:) — VR (Wp(x:) — T3)}
= K {((upt) — mp(np) — Ip)
+(vp(xi) — V) (vp(xi) — Tp)}
= kD(B).
and

D(A)=-L > Aat) = TR + (v (xi) — 73)%}

=1 Z [ (np(xi) — Tp)* + KA (vp(x) — Dp)°]
= k2D(B)
If K > O then
< = COV(A,B)

(A, B) = —————==
V' D(A)D(B)
4) If k < 0 then
o(A, B) = COV(A,B)

+/ D(A)D(B)
_ kD(B) _ kD(B~) -1 0
JK2D(B)D(B) ~ —kD(B)
289 Now, we apply the new correlation coefficient of

290 intuitionistic fuzzy sets in a pattern recognition prob-
291 lem as follows.

Given m pattern {A{, Ay, ..., Ay} in the form of
the interval valued intuitionistic fuzzy sets on the
universal set X.

There is a new sample A € IVIFS(X).

Question: What pattern does B belong to?

To answer this question, we consider the correla-
tion coefficient of intuitionistic fuzzy sets p(A4;, A) of

sample A to each pattern A; foralli =1,2,...,m
If p(A;, A) > p(Ak, A) then we put A belongs to the
class of pattern A; fori,k =1,2,...,m.

Example 7. We consider a pattern recognition prob-
lem about the classification of minerals; the data
was quoted from Liu et al. [11]. There are three
classes of given minerals, which are expressed by
the IVIFSs Aq, As, ;\3 in the feature space X =
{x1, x2, x3, x4, x5, x¢}. Now, if there is a new min-
eral A along with its known attribute values. Our aim
is to determine which class that A belongs to. The
descriptive data information is given in Table 5.

From the result in Table 6, we can comment that
the correlation coefficients between A;(i = 1,2, 3)
and A as follow p(A3, A) > p(Az, A) > p(A;, A),
so that we can put A belongs to class A3. We also com-
pare the result of our method to the results obtained
by other methods in Refs. [4, 7, 11, 16, 19], the result
using our method is identical with the results using
methods in Refs. [ 4, 7, 11, 16, 19].

5. Application of correlation coefficient in
clustering intuitionistic sets

In this section, we use the correlation coefficient in
clustering intuitionistic fuzzy sets. This ideal is based
on Xu et al. [18].

Definition 11. [18] Let R= [R]  and S =
[Sij]mxm be two matrices which 0 < Rjj, Sjj < 1 for
alli, j =1,2,..., m. The composition of two matri-
cesRand Sdenoted7 = Ro S = [Tij]mxm’ whichis
defined by Tyj = maxg—1,2,....m {min { Rix, Si;} } for
alli, j=1,2,....m

The clustering algorithm based on the correlation
coefficient of intuitionistic fuzzy sets as follows.

Algorithm

Input: Let A = {Ay, A3, ..., Ay} beasetof intu-
itionistic fuzzy set on X = {x1, x2, ..., x,}.

Output: Clustering for A.

Step 1.
C = [cy]

.., m.

We construct a correlation matrix
where ¢;j = |p(Ai, A)|, i, j=1,2,

mxm
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Table 5

Data information of minerals

Ay

A

A3

Aq

X1

([0.72,0.74],[0.1,0.12])

([0.42,0.45],[0.38,0.40])

([0.30,0.32],[0.45,0.47])

([0.60,0.63],[0.30,0.35])

X2 ([0.00,0.051,[0.80,0.82]) ([0.65,0.671,[0.28,0.301) ([0.90,1.001,[0.00,0.007) ([0.50,0.531,[0.34,0.36])
X3 ([0.18,0.201,[0.62,0.63]) ([0.00,1.001,[0.00,0.00]) ([0.18,0.201,[0.70,0.73]) ([0.20,0.211,[0.68,0.70])
X4 ([0.49,0.501,[0.35,0.37]) ([0.70,0.901,[0.00,0.1071) ([0.15,0.161,[0.75,0.781) ([0.20,0.221,[0.75,0.77])
X5 ([0.01,0.021,[0.60,0.631) ([0.80,1.001,[0.00,0.007) ([0.00,0.051,[0.88,0.90]) ([0.05,0.07]1,[0.87,0.90])
X6 ([0.72,0.741,[0.12,0.13]) ([0.90,1.001,[0.00,0.001) ([0.65,0.681,[0.25,0.301) ([0.65,0.701,[0.25,0.30])
Table 6
Correlation coefficients of A and A; (i = 1, 2, 3) under different methods

Our method Method in Ref. [11]  Method in Ref. [4]  Method in Ref. [16] Method in Ref. [7] = Method in Ref. [19]
,0(1:41 ,A) 0.562 0.53 0.86 0.78 0.52 0.85
p(Az, A) -0.308 -0.52 0.52 0.77 -0.53 0.51
(A3, A) 0.817 0.81 0.94 0.84 0.81 0.94

Step 2. Compute M=o k=012 ...
We construct the sequence

C—>C2—>C4—>...—>C2k—>...

until €2 = ¢
Step 3. For a confidencelevel A € [0, 1], we construct

a A— cutting matrix C, of matrix C 2 If the j-th col-
umn of Cj is equal to the i-th column, then we put
Aj, A; in the same class.

Illustrative example

Example 8. We assume that {A{, Ay, Az, As}isaset
of intuitionistic fuzzy set on {x{, x2, x3} as follow:

Ay = {(x1,0.4,0.2), (x2,0.1,0.2), (x3,0.1,0.2)}
Az = {(x1,0.5,0.3), (x2,0.1,0.1), (x3, 0.3, 0.3)}.,
As = {(x1,0.1,0.5), (x2,0.1,0.1), (x3,0.3,0.3)} ,
As = {(x1,0.1,0.5), (x2,0.1,0.3), (x3,03,0.1)} .

Step 1. Using Equation (3) and ¢;; = | (A A )|, for
alli, j=1,2,..., m we have the correlation matrix
C:

1 075 025 0.25

075 1 0375 0
C=10250375 1 0625
025 0 0625 1

Step 2. Construction equivalence matrix:

1 0.75 0.375 0.25

0.75 1
0.375 0375 1
0.25 0.375 0.625

C?=CoC=

0.75 1 0.375
0.375 0375 1
0.375 0.375 0.625

C*=C%0C?=

and

0.375 0.375
0.625

1

1 075 0.375 0.375]

0.375
0.625
1

1
0.75

0.75 0.375 0.375]

1

0.375 0.375

cd=ctocCt =

0.375 0.375

1

0.375 0.375 0.625

0.625
1

Here, we see that C® = C*. So that C* is equivalent
matrix.

Step 3. Based on A—cutting matrix C, of
matrix C* we get all possible classifications of
{A1, Az, A3, As}:

+If 0 < X <0.375, then we have one cluster:

(A1, A2, A3, A4}

+1f0.375 < A < 0.625, then we have two clusters:
{A1, A2} and {A3, A4}

+If0.625 < A < 0.75, then we have three clusters:

{A1, A2}, {A3} and {A4}.

+If 0.75 < A < 1, then we have three clusters:

{A1},{A2}, {A3} and {A4}.
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6. Conclusion

From a statistical standpoint, the domain of the
correlation coefficient is [-1,1]. Not only does our
research indicate that, but many other studies point
out. This value domain is more significant than cor-
relation coefficients for only [0,1], because, besides
pointing out the linear relationship between two sets
of data in a space of observation objects, the corre-
lation coefficient also indicates the variability of the
two sets of data. Two datasets may have the same
tendency, or tend to decrease (in case of positive cor-
relation). It is also possible that the first data set is
incremented, the second data set is reduced; in con-
trast, the first data set is reduced, the second data set
is incremented (in the case of a negative correlation).
The correlation coefficient of two intuitionistic fuzzy
sets should also reflect this. In addition, because of
the characteristics of intuitionistic fuzzy sets, there
are two functions: a membership function, a non-
membership function of an intuitionistic fuzzy set
by the feature (elements) of the sample space. Thus,
the correlation between intuitionistic fuzzy sets has
its own characteristics. As many of the authors have
previously studied, we consider the correlation coef-
ficients of intuitionistic fuzzy sets based on both
membership functions and non-member functions.
Our method can effectively solve some cases where a
previous method was difficult. This is demonstrated
by the examples we present in this article. In this
article, we also apply the methods we propose in
determining the appropriate diagnostic methods in
medicine, and in the problem of pattern recognition,
clustering problems.
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