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Distance / similarity measures facilitate in decision-making by identifying the discrimination or similarity
between two or more course of actions to identify the best decision. Data available in the real world may
not be in a crisp format. Intuitionistic fuzzy matrices are applicable managing uncertainty and useful in
decision making, relational equation, clustering, etc. To take decision the divergence between two
intuitionistic fuzzy matrices identifies dissimilarity between matrices. This paper presents a new divergence
measure for intuitionistic fuzzy matrices with the verification of its validity. The fundamental properties are
demonstrated for the new intuitionistic fuzzy divergence measure. A technique to solve multi-criteria
decision-making problems is developed by utilizing the proposed intuitionistic fuzzy divergence measure.
Finally, application in the medical diagnosis of this intuitionistic fuzzy divergence measure to decision
making is shown using real data.

Povzetek: Razvita je nova mera podobnosti mehkih matrik. Nova metoda omogoca resevanje problemov

veckriterijskega odlocanja in se uporablja v medicinski diagnostiki z uporabo realnih podatkov.

1 Introduction

In real-world data involved in medical sciences, social
sciences, engineering, and management are usually not all
crisp, meticulous, and deterministic due to various
uncertainties lying in the problem. Ambiguity may not be
handled only dealing with fuzziness to reduce uncertainty
of fuzzy values. Fuzzy sets use only crisp number for the
membership value. However, in some situations the exact
value of the function cannot be easily obtained. To tackle
this issue, we should consider intuitionistic fuzzy data for
linguistic evaluation for more reliable results than fuzzy
data which allocates the degrees of membership and non-
membership and provide more degree of flexibility to the
expert for expressing his judgment. In recent times, due to
increasing complexity of socio-economic environment,
intuitionistic fuzzy sets are more eminent than the fuzzy
sets in maintaining the ambiguity and exaggeration of real-
life problems.

In information theory, while studying the set of objects we
must differentiate or discriminate two objects on the basis
of some parameters associated with them. Divergence
measure is a significant tool for evaluating the amount of
discrimination. Shannon (1948) defined entropy measure
for probability distribution. Kullback and Leibler (1951)
firstly investigated divergence measure which assumed
probability distribution deviates from the original one
found applications in many studies. Bhandari and Pal

(1993) give a fuzzy divergence information measure for
discrimination of a fuzzy set A relative to some other fuzzy
set B which has found wide applications in many fields
such as image processing, signal processing, Fuzzy
clustering, and pattern recognition etc.

Atanassov (1986) proposed a generalization of fuzzy set,
an intuitionistic fuzzy set, is characterized by two
functions expressing the degree of membership and non-
membership and a hesitation index. IFSs have widely
implemented by the researchers to examine problems with
uncertainties. Intuitionistic fuzzy measures are more
appropriate in decision making such as in medical
diagnosis (Wei et al. (2011) and Wu and Zhang (2011)),
engineering, speech recognition, pattern recognition (Li
and Cheng, (2002); Mitchell (2003); Vlachos and
Sergiadis (2007); Wei and Ye (2010)) and in many more
areas. Wei and Ye (2010) proposed an improved version
of Vlachos and Sergiadis (2007) intuitionistic fuzzy
divergence and applied in pattern recognition. Later,
various research scholars have paid attention on
divergence measure for IFSs (Li and Cheng (2002);
Vlachos and Sergiadis (2007); Verma and Maheshwari
(2017)). Yue and Jia (2017) investigated a GDM method
based on projection measurement for IFSs to solve
complex decision-making problem. He et al. (2020)
proposed distance measures on IFSs based on IF
dissimilarity functions and successfully applied on pattern
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recognition. Taruna et al. (2021) studied fuzzy distance
measure and applied successfully in medical diagnosis.
Taruna et al. (2021) proposed a new parametric
generalized exponential entropy measure on Intuitionistic
vague sets. Arora and Naithani (2021) proposed
logarithmic entropy measures under PFSs and demonstrate
application proposed measures in detecting disease related
to Post Covid-19 implications through TOPSIS method.
Mishra et al. (2018) provides me direction to propose this
work, they proposed an intuitionistic fuzzy divergence
measure based on ELECTRE method for the performance
of cellular mobile telephone service providers. The
concept of intuitionistic fuzzy matrix was studied by Pal et
al. (2002). Intuitionistic fuzzy matrices (IFM) generalize
the fuzzy matrix presented by Thomson (2005) and has
been more applicable in multi-criteria decision,
bioinformatics, aircraft control and many related fields. It
also helps in generalization of various results on fuzzy
matrices and can be used in discussion in intuitionistic
fuzzy relations. IFM can be used in linear intuitionistic
fuzzy transformations whereas it can be helpful in non-
linear transformations.

It is noticeable that the strength of a measure lies in its
properties. The proposed measure has elegant properties
proved in the paper, to enhance the applicability of this
measure. Inspired by the above-mentioned work, we
propose a divergence measure for intuitionistic fuzzy
matrices for applying in multi criteria decision making in
every field of real world like in medical, engineering,
business where decision have to be taken on the basis of
some criteria. The aim of the measure is to evaluate the
optimal alternative under the set of the different ones.
The remainder of the paper is organized as follows.
Section 2 is devoted to introducing some well-known
concepts, and notions related to fuzzy set theory,
intuitionistic fuzzy set theory and intuitionistic fuzzy
matrix theory. In section 3, we proposed a new
intuitionistic fuzzy divergence measure for intuitionistic
fuzzy matrix corresponding to Mishra et al. (2018).
Section 4 provides more elegant properties of the proposed
measure. It is followed by the applications of the proposed
intuitionistic fuzzy divergence measure for the IFM to
medical diagnosis and a method of multi-criteria decision
making in section 5. Finally, some concluding remarks are
drawn in section 6.

2 Preliminaries

This section is devoted to introducing some well-known
concepts and the notions of fuzzy set theory and
intuitionistic fuzzy set theory. Then, we recall the concepts
and the notions related to fuzzy set theory and the
axiomatic definition of intuitionistic fuzzy divergence
measure.
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2.1 Definitions and preliminaries
2.1.1 Fuzzy set

The linguistic values of the alternative’s assessment are
usually symbolized by fuzzy sets for dealing with
fuzziness of real —world problem. Fuzzy sets are the sets
whose elements have a degree of membership. Zadeh
(1965) acquainted the fuzzy sets as the extension of the
classical notion of sets i.e. crisp sets.

Definition: A fuzzy set is a pair (U, m), where U is a set
and mh: U — [0, 1] for each y€ U, the value () is called
degree of membership of y in (U, m). For a finite set U =
{1.V2, -.-Jn} the fuzzy set (U, rh) is often denoted by

(15 65 - )

Definition: A fuzzy set m(y) on U is defined by a
membership function m(y): U — [0,1]. For y€ U, th(y) the
membership function denotes the degree to which y
belongs to fuzzy set m.

2.1.2  Intuitionistic fuzzy set

In some situation, fuzzy sets are not efficient for linguistic
evaluation. Atanassov (1986) introduced generalization of
fuzzy sets which can be applied in such situation.
Intuitionistic fuzzy sets (IFSs) allocate degrees of
membership and non-membership which give more
degrees of flexibility to the decision expert for express her/
his evaluation. They can be implemented to model
situations in which fuzzy sets do not provide all the
available information.

Definition (Atanassov, 1986) Let U = { uy, uy, ..., u, } be
a discourse set, then an IFS G on U is defined asG =
(i e, ve(uly € U},

Where pg: U-[0,1] and vg: U - [0,1] show the
membership degree and non-membership degree of y; to
G in U, respectively, with the condition 0 < pg(;) < 1,0
< vg(w) <1and0< pe(u) + ve(w) <1, peU.

Here, the intuitionistic index (hesitancy degree) of an
element y; € Uto Gisgiven by me(p)=1— pe(p) —
v () and 0 < e (py) < 1.

2.1.3  Intuitionistic fuzzy matrix theory

The intuitionistic fuzzy matrix theory is very simple and
easily applicable in circumstances where agreeness is not
sufficient we have to consider disagreeness for the same.
The algorithms and algebra for intuitionistic fuzzy matrix
theory are applicable for data related problems. Social
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scientists apply this approach to analyze interactions
between attributes and to analyze other analytical tools.

Definition: intuitionistic fuzzy matrix: A intuitionistic
fuzzy matrix(IFM)A of order m x n is defined as A =
[< aiju aijy >] where 0 < a;, <lis the
membership vaide of the element a;jinAand0< a;;, <
1 be the non-membership value of element a;; in matrix
A maintaining the condition 0 < a;;, + a;j, < 1. For our
convenience, we write A as A = [(aj,, aii”)]an'We
can define an IFM

A= [(ayu aijp)]

mxn
(U11,v11) (U2, V12) (U1n» V1n)
(M21,V21) (M22,V22) (U2ns V2n)
(.umlﬂ 17m1) (.“mz' 17m2) (,umn: Umn)

Example 2.3.1: Suppose a person wants to buy a mobile
phone. He selected three companies to purchase a mobile
phone, but he wants only one mobile phone of any of the
following (Samsung, Mi, Vivo) three companies which
suited him best according to features provided by
manufacturer. There are three features (cost, camera,
storage capacity) on the basis he can select best alternative
for him out of those he has chosen. He assigns membership
and non-membership values as follows:

(0.1,0.5) (0.3,0.7) (0.4,0.6)
A=(0702 (0402 (0.50.3)
(0.2,0.6) (0.1,0.7) (0.9,0.0)

is3 x 3 intuitionistic fuzzy matrix.

2.1.4  Boolean intuitionistic fuzzy matrix

An IFM B = [(bijy, bijp)] | € [FM)]mxn,is @
Boolean intuitionistic fuzzy matrix of order m x n if all
the elements of B are either 0 or 1 maintaining the

condition 0 < b, + b;j, < 1. For example,

(0,1 (1,0) (1,0

B=la0 01 01

is2 x 3 boolean intuitionistic fuzzy matrix.
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2.1.5  Most intuitionistic fuzzy matrix

|G fiso)]

[IF (M) ],nuxn, is Said to be a most IFM of order m x n if all

An intuitionistic fuzzy matrix F =
mxn

the elements of F are equal to 0.5 maintaining the

condition 0 < f;;,, + f;j, < 1. For example,

(0.5,0.5) (0.5,0.5)
F =(05,05) (0.5,0.5)
(0.5,0.5) (0.5,0.5)

is3 x 2 most intuitionistic fuzzy matrix.

2.16 Rectangle intuitionistic fuzzy matrix
LetR = [(rij rijv)]mxn € [IF(M)]nxn, Ifm # n, then R

is called an intuitionistic fuzzy rectangular matrix.

2.1.7 Square intuitionistic fuzzy matrix
LetS = [(Sij#, Sijv)] [S [IF(M)]an, Ifm = n, then S

is called an intuitionistic fuzzy square matrix.

mxn

2.1.8  Row-Intuitionistic Fuzzy Matrix:
LetS = [(siju Sifv)]mxn € [IF(M) ] s, If m = 1, then S

is called an intuitionistic fuzzy row matrix. For example,
=[(0.1,0.8) (0.5,0.3) (0.8,0.1)]
is 1 X 3 row matrix.

2.1.9  Column-intuitionistic fuzzy matrix
Let S = [(Sijuw Sijp)]. . € [F(M)]xn, 1fn =1, then §

is called a intuitionistic fuzzy column matrix. For example,

mxn

(0.2,0.5)
s =1(0.7,0.1)
(0.5,0.4)

is 3 x 1 column fuzzy matrix.
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2.1.10 Intuitionistic fuzzy diagonal matrix
Let S= [(Sij;u SijV)]an € [IF(M)]an,Ile =m and
Siju =0, 855, =1 for all i) then S is called a

intuitionistic fuzzy diagonal matrix. For example,

(0.4,02) (0,1) 0,1)
s=| (1) (0701 (01)
0,1) 0,1)  (0.2,0.5)

is 3 x 3 fuzzy diagonal matrix.

2.1.11 Scalar intuitionistic fuzzy matrix

Let S = [(siju Sif”)]mxn € [IF(M)],xnIf n=m, and
Siju =0, s, = forall i #j and s;;, =k, s, =p €
[0,1]Vvi =j then S is called a fuzzy scalar matrix. For

example

(04,05)  (0,1) 0,1)
s=| 01 (0405 (01
0,1) (0,1)  (0.4,0.5)

is3 x 3 fuzzy scalar matrix.

2.1.12 Upper triangular intuitionistic fuzzy matrix
Let S =[(sijw Sij)]___ € [[FM)]xn, Where s;; =

(Sijuwr Sijp) » Ifm =mn,and s;; = (0,1) foralli > j then S

mxn

is called a intuitionistic fuzzy upper triangular matrix. For

example,

(04,0.1) (0.5,0.2) (0.9,0.0)
s=| 01 (0203 (0304
0,1) 0,1)  (0.4,0.5)

is 3 X 3 upper triangular matrix.
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2.1.13 Lower triangular intuitionistic fuzzy matrix

Let S = [(Sijw Sijy)]m)(n € [I_F(M)]an, where Sij =
(Sijwr Sijv) » Ifm=mn,ands;; = (0,1)foralli <jthensS
is a intuitionistic fuzzy lower triangular matrix. For

example,

(0.4,03) (0,1) (0,1)
s=1(0504) (09,00) (01)
(0.3,06) (0,1) (0.1,0.6)

is3 x 3 fuzzy lower triangular matrix.

An intuitionistic fuzzy matrix is triangular if it is either
intuitionistic fuzzy lower or intuitionistic fuzzy upper
triangular matrix.

Definition: Let S = [(Siju! Sijv)] €

mxn
[IFM)]mxnWheres;; = (sij, Sijp).then  the elements
S11,S22, -, Smm are the diagonal elements and which they
lie along the line is called the principal diagonal of the

intuitionistic fuzzy matrix.

2.2  Operations on two intuitionistic fuzzy

matrices

Here we performed some operation on Intuitionistic fuzzy
matrices. Let us define two intuitionistic fuzzy matrices S
and T of order 3 x 3 as

(0.7,0.0) (0.5,0.2) (0.2,0.0)
s=1[(0307) (0203) (0.1,07) (2.4.1)
(0.3,0.5) (0.7,0.1) (0.6,0.2)

(0.2,0.5) (0.3,0.6) (0.1,0.5)
T =1(05,0.3) (0.2,0.6) (0.60.3) (2.4.2)
(0.8,0.0) (0.7,0.1) (1.0,0.0)
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2,21 Addition and subtraction of two fuzzy

matrices

The addition of two intuitionistic fuzzy matrices is

possible only when they have same order. Let S =
[Csijs Sijv)]mxn € [IFM)]xns T = [tiju tijo] €
[IF(M)];nxn- Then we define addition and subtraction of

intuitionistic fuzzy matrices of S and Tas:
S + T = {max(sijp tiju) , min(sv, tijp)} Vi and J.
$ = T = {min(sij tiju) , max(syjv, tijp)} V i and j.

The addition of above two matrices given by (2.4.1) and

(2.4.2) is possible because they have same order and

(0.7,0.0) (0.5,0.2) (0.2,0.0)
S+T=[(0502) (0.203) (0.60.3)
(0.8,0.0) (0.7,0.1) (1.0,0.0)

Clearly S+ T is alsoan intuitionistic fuzzy matrix.
However, addition of two standard IFMs is an
intuitionistic fuzzy matrix.

(0.2,0.5) (0.3,0.6) (0.1,0.5)
S—T=[(0307) (0.206) (0.1,0.7)
(0.3,0.5) (0.7,0.1) (0.6,0.2)

2.2.2  Product of two fuzzy matrices

We need to define an operation corresponding to
multiplication of two intuitionistic fuzzy matrices so that
the product again happens to be an intuitionistic fuzzy
matrix. The two types of operation which we have are
max-min operation and min-max operation. We define
multiplication of S and T as

S«xT=R = [rim, rl'f")]mxn: {maxmin((sim), (tim)),

minmax((sij,,), (tij,,))} Viandj .
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The product of two intuitionistic fuzzy matrices S and T
given by (2.4.1) and (2.4.2) is possible because they are
square matrices of same order.

Max-min Operation of Two Intuitionistic Fuzzy

Matrices (taking membership value)

Definition: Let S = [s;,] € [[FM)]mxn&T = [tiju] €
[IF(M)],.xm Then Max-min operation of S,T on u is
defined by Max — min(Spxm Tnxm) = Rmxm =
[Tijulmxm, Where 1, = max{min[(sij#,tij#)forj =

1ton]}fori=1tom.

Example: The Max-min operation of two matrices given
by (2.4.1) and (2.4.2) is

03 05 0.7
Max — min(53x3, T3X3) = R3xg =102 03 03
03 06 0.7

Where,

11, = max{min(0.7,0.2),min(0.5, 0.3), min(0.2,0.1)}
= max{0.2,0.3,0.1} = 0.3

11, = max{min(0.7,0.5), min(0.5,0.2), min(0.2,0.6)}
= max{0.5,0.2,0.2} = 0.5.

and so on

Min-Max Operation of Two Intuitionistic Fuzzy

Matrices (non-membership value)

Definition: Let S = [s;5,] € [[FM)];nun&T = [tij0] €
[IF(M)],uxm Then Min-man operation of S, T is defined by
Min — max(Smxn, Timxn) = Rmxm = [Tijplmxm, Where
7:jv = min{max[(s;jy, tji,)forj = 1 ton]} fori =

1 tom.
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Example: The Min-max operation of two matrices given
by (2.4.1) and (2.4.2) is

0.5 03 0.0
Mln - max(53x3, T3><3) = R3><3 = 0.6 0.6 0-3
05 03 0.1

where,

11, = min{max(0.0, 0.5), max(0.2,0.6) , max(0.0,0.5)}
= min{0.5,0.6,0.5} = 0.5

T2
= min{max(0.0,0.3), max(0.2,0.6) ,max(0.0,0.3)}
= min{0.3,0.6,0.3} = 0.3.

and so on.

Here we find max-min and min-max products of
membership and non-membership value of the matrices
respectively to define the product of matrices S and T thus
the product matrix R is

(0.3,0.5) (0.5,0.3) (0.7,0.0)
R =|(0.2,0.6) (0.3,0.6) (0.3,0.3)
(0.3,0.5) (0.6,0.3) (0.7,0.1)

2.2.3  Conjugate (complement) of intuitionistic fuzzy

matrix

Definition: Let S = [(syj Sij)] . € [FM)]mun, T =

[tiju tijv] € [IFOM)]mxn-then R is

(complement) of S denoted by S¢ = R = [n-,-], where r;; =

conjugate

(Sijvs Sij,) forall i and j.

Example: The conjugate (complement) operation of
matrix given by (2.4.1) is

(0.0,0.7) (0.2,0.5) (0.0,0.2)
S¢=R=5§=[(0.7,03) (03,0.2) (0.7,0.7)
(0.5,0.3) (0.1,0.7) (0.2,0.6)
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2.2.4  Transpose of intuitionistic fuzzy matrix

Definition: Let S = [(s;j, SijV)]mxn € [IF(M) xR =

[riju,rijv] € [TF(M)]an,Where Sij = (Sijﬂ' Sijy); then R
is transpose of S denoted by ST =R = [rﬁ], where 7;; =

sy forall i and j.

Example: The transpose operation of matrix given by
(24.1)is

0.7,0.0) (0.3,0.7) (0.3,0.5)
ST=R=5=1(0502) (0.2,03) (0.7,0.1)
(0.2,0.0) (0.1,0.7) (0.6,0.2)

2.2.5 Union of two matrix

Definition: Let S = [(siju Sijp)] € [[F(M)]yxn, R =

[7iju Tijv] € [IFOM)]mxcn, Where s;; = (Sijur Sijo)s

mxn

SUR = {[siju sijw] U [Tij 1ijo]}
= {max (S, iju) min(Sijy, Tijv) }
2.2.6 Intersection of two matrix

Definition: Let S = [(s;j, Sii“)]mxn € [IF(M)]nxn R =

[Tijur 7ijv] € [IFOM)]mxcnWhere s;; = (Siju Sijn)s

SR = [si 500 0 [rij 10

= [min(siju, riju),max(sijv,rijv)]
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3 Intuitionistic fuzzy divergence

measueres

Firstly, De Luca and Termini (1972) proposed entropy
function for fuzzy set A is defined as follows:

H ——15 el pa () + (1 — a(x)ln(L
o = A5 + (L= i

— pa(x)]

Later, in 1989 Pal and Pal pioneered exponential entropy
for fuzzy set A, which is as follows:

1 n
- E No(1-1a(xp))
HPP(A) n(\/z_ 1) izl[nu‘A(xl.)e
4 (1= g (x40 — 1

After towards, for the first time to measure the distinction
for fuzzy sets Bhandari and Pal (1993) developed
divergence measure for fuzzy set.

Let A, B be two fuzzy set, then divergence measure is

~ pa(x;)
Jep(A,B) = Z#A(xi)ln.us(}ﬁ‘)
1 —p,(x;
+(1- #A(xi))ln%

Later, Fan and Xie (1999) developed exponential
divergence measure for fuzzy set is as follows:

Jex(4,B) = Z[{l — (1 = pa(x;))eWabed-rsd)
i=1
+ (1 = pa(x))eBOD-1aGly]

Vlachos and Sergiadis (2007) introduced
intuitionistic fuzzy divergence measure is as follows:

n

_ . ta(x;)
Dys(A,B) = ; pa(x)n (@ (”A(xi)+u3(%‘)))
ta(x;)
+ v (x)In (G) (va(x) + VB()’i)))

Informatica 47 (2023) 19-34 25

Verma and Maheshwari (2017) defined the Jenson
Shannon divergence measure for fuzzy sets:

HVM (A, B)

1 zn:[uA(xi) + up(y;) 2=ralxi-wp(»)
= e 2
n(ve —1) & 2

(2 — () — g (yl-)) (alx)+up(yi))
+ e 2

2
1
— 5 (Ha G OG0 4 (1 — py (x;)eaC

+ pp ()0 + (1 — pp (y;)etsO0)

Symmetric measure of Verma and Maheshwari (2017) is
based on given by Hung and Yang (2008) for IFSs is as
follows:

[ (pa(x) + pup () L _ wa? () + up? )\ ]
2 2
(VA(XL') + VB()’i)>p
n (BT
Dyy(4,B) = LZ 2
" 1-rg) (vAﬂ(xi) + vgpm)) N (m(xi) + m;(y»)f’
2 2
_ (ﬂAp(xi) + ”Bp(Yi)>
2

Wherep > 0

Zhang and Jiang (2008) introduced intuitionistic fuzzy
divergence measure is as follows:

Dz/(4,B)

_ Z (um) +1 —m(n)) "
’ ()

(VA(Xi) +1- #A(Xi)) V() +1— pa(xy)
+ 2 in T
() (a0 = sa @) + 2+ s 3) = a0

HaCx) + 1 —va(x;)
(4G = vaG)) + 2 + () = v 0)

Mao et al. (2013) introduced an intuitionistic fuzzy
divergence measure:

n

14 (X;)
Du(4,B) = Y [maCet
" 2| (O e +m00)

Ay (x;)

+ Dy ()1
o () @ate + 2500

Where A, (x;) = [ua(x;) — va(x)l
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Properties of divergence measure for intuitionistic

fuzzy sets

Definition: Let A& B € IFSs, then a mapping D:
IFSs X IFSs — R is said to divergence measure if it

holds the postulates:

(D1). D(A,B) = D(B,A).

(D2). D(A,B) = 0 iff A=B.

(D3). DANC,BNC) <D(AB) foreveryCe
IFS(U).

(D4).D(AUC,B UC) < D(A,B)for every C € IFS(U).

4 Divergence measure for

intuitionistic fuzzy matrix

In this section, a divergence measure for intuitionistic
fuzzy matrices A & B is proposed which is based on
Vlachos and Sergiadis (2007). The validity of the proposed
measure is also verified.

Here first we define a non-probabilistic divergence
measure of intuitionistic fuzzy matrices:

Definition: Let [IF(M)]mxr be the set of all intuitionistic
fuzzy matrices having m rows and n columnsand X & Y €
[[FM)]mxn.  Then a mapping J: [[F(M)]nxn X
[IF(M)],.xn — Z is called non-probabilistic divergence
measure of intuitionistic fuzzy matrices if and only if it

follows properties given below:

4.1 Properties of proposed divergence
measure for IFMs

Let A,B,C € [IF(M)],nxn, divergence measure D(A, B)

given by (3.) satisfies the following postulate:

(P1). D(A,B) = D(B,A).
(P2). D(A,AS) = 1iffA€
[IFM) ]mscn-
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(P3). D(A,B) =0 iff A=B 0<

D(A,B) < 1.
(P4). D(A,B) = D(AS,B%)and

D(AS, B) = D(A,BO).
(P5). D(A, B) < D(A, C)andD(B, C) <

D(A,C) for AC B S C.
(P6). D(AUB,AN B) = D(A, B).
(P7). D(AUB,C) < D(A,C) +

D(B,C) forallCEe FM)]msxn
(P8). D(ANB,C) < D(AC) +

D(B,C) forallCEe [IFOMD -
(P9). DANC,BNC) <

D(A,B) for all C € [[F(M)]pmxn.
(P10). D(AUC, B UC) < D(A,B)forall C €

[IFMD I

Here we proposed a divergence measure for intuitionistic
fuzzy matrices X and Y of order m xn which is

logarithmic in nature as follows:
D(4,B) =

#A(’Q}')‘*‘MB(J’U) #A(xij)ﬂta(J’ij)
l

() tog ((ualr)+ 1))+ (vaCe) +va ()

va(xij)+vs(vi)
((MA(xij)+MB(Yij))+ (VA(xij)+VB(Yij)))
_ (”A(xij)+”3()’ij))

2

nalxij) )
pa(xij)+va(g)
VA(xij) )
pa(xip)+va(xiy)
g (vij) )

ME(Yi;’)+VE(J'ij)

+ (vA(xij)WB(yij)) log

2
-1

I T a(y)log (
+v, (xij)log (

+ug(yij)log (

+vp(yy)log (%) - (ﬂA(Xij) + ﬂs(yij))

(4.1)
Where ‘UA(xij), UA(xij) eX &‘LLB(yU), UB(yij) eEyY

Now to show that our proposed measure is a valid measure
since it satisfies all the above axioms which are proved in
the following theorems:
Theorem (P1): D(A:B) is symmetric
i.e.D(4: B) = D(B: 4).

measure

Proof: To prove D(A4: B) is symmetric measure we show
D(A:B) —D(B:4) =0
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D(B, 4)

=h
NgE
M=

(HB()’ij) + HA(xij) lo

.uB(yij) + .uA(xij)

2

Il
=
-
Il
=

) ! ((#B(yi,-) + HA(XU)) + (VA(xij) + Vs(yii))>

v (i) + valxiy)

+ (”B ) +-VA(xij) o

2 )l g((ﬂE(yij)+ﬂA(xij)) +v3(yij)+vA(xl-j))

2

[\S}

+ia

D(4,B) — D(B,4)

+up(yij)log (

+v3(yii)log<

+v,(x;j)log (

up(vi) ) 1

“B(yu) + VB(YU)
B(yt/) >
nuB(le) + VB(yU)

“A(xu)

(Xij)log ( (xu) + "A(xu))
va(xi)) )
Ha (xl]) + VA(le)

- (”B (yll) + T[A(xlj))

HA(XU) + .uB(yi])

=1

+ va(xi) + vs (i)

=_1 SN ”A(’CU)"'HB(}’U) . )
mnz; [< ) Y ((HA(X”) + ”B(yif)) + (VA("U) + VB(Yij)))

va(xiy) + vs (i)

ma (i) + ”B(yii))

2

Ha (XU)

- %{m(xw)log(

HB(Yij)

+ ug(vyj)log (m

- (ﬂA(xij) + ”B(yif))}

pa (i) + va(xiy)

) + vp(yij)log <

( 2 ) 0 ((MA(xu') +ua(vy)) + (valey) +vs (YU)))
(

vg(yi;) )

us(yi) + v (vis)

>+UA(x,v/-)log(

s (vi) + ta(xif)

Hp (yl]) + ”A(xu)) 0g

(( ws(vij) + HA(xij)) + (alxi) + VB(Yij)))

v (i) + valxi)

y
NECHEIC) N
(e

g (yu) + (xu))

#B(Yij)

- E{#B(yij)log (
pa(iy) )

+ pa(xij)log <m

- (”B(yi/’) + 4 (Xij))}‘

=¥, 27[0]

#B(Yij) + VB(Yij)

" (( 1 (viy) + a(xiy)) + v () + VA(XU'))

VB(Y:'/) )
Hp (}’ij) + VB(Y:'/)
v, (xi)) )

pa(2ig) + va(xij)

>+v3(yi]-)log(

+ v, (xi]-)log <
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Hence, we can say that the divergence measure is
symmetric in nature.

Theorem (P2):
D(A,B) < 1.
Theorem (P3):

DAB)=0iff A=B 0<

D(A AY) =1 iff A € [IF(M)]nxn-

Proof: Since F(x)=xlogxand0 <x <1 then

F'(x) =1+ logxand F'(x) ==> 0.

As a result, Fis a convex function of X. Therefore, for

any two points x and y in (0,1] the following inequality

holdsw T(x+y). Consequently,  xlogx +

ylogy — (x +y) log( ) > 0, with the equality hold

only for x = y. In addition, if x =y = 0 the equality
holds also. Therefore, we observe that the inequality has
the same form of [2018]. Hence, it follows that 0 <
D(A,B) <1,D(4,B) =0 if and only if A=B and
D(AAY) = 1.

Theorem(P4): D(A,B) = D(AS,B%and D(AS,B) =
D(A, BO).
Proof: 0] D(A,B) =
D(AS, BS), to prove this first find D(AS, BS).
DI4,BS)
Fualeg) +vs(yg Ty walx) + valyig)
[ 5 Jiog -
- ((ialrir) + velre)) + (valee) + palyi)})
Fvalxg ) + walyeg) valx) + el
+ log - '
. : ) ({1l + walye)) + {valz) +ealry)))
| Tl % ) + walvg |+
Hi. - - Iy [r Jl %
_wmzz #alry Ia.§'|¢ (% 3+ valxyy ||I
valxi) i
reutehon (o )
_i vlw) Wb
2| #rely |ag|¢ Tr) +valvy i)
f ,.l;.[m } y
+es( i Ia5‘|—r! Trl + 77 Ill
— (g ) 4 maly))




28 Informatica 47 (2023) 19-34

va(xi) + vs (i)

_ 1 SN | (vaGe) + 5 () o
mn;; ( 2 )l ! ((ﬂA(xij) + HB(Yij)) + Walxiy) + VB(yij)))

Up (yij) + HA(xij)

(1o G) + 1aCx)) + i) + vols))

. (#s (v4) ; ”A(x”)) log

_ (”B(yii) + (xij))

2

- %{”A(xij)IOg ( waliy)

#a(xij) +valxij)

w5 (viy) ) +va(viy)log (

Hp (Yij) + VB(yij)

) +va(xy)log ( va(e) >

ta(xij) + va(xi)

Vs ()’ij)
+up(vij)log ( m>

- ("B(yii) + s (xij))}‘

[ 'II'A,\[I.',: b+ gl Yo I
| . o

palxg )+ selvi)

([alri) + alrg)) + (valog) + ve (3} )
Val®y ) + valyig)

[:(.h[x;, b+ alv)) + (valze) + velyi) )

& !

& (r vl

H

' +(5, )lag I%"
1 [ pslrg)
"I | +uslyyog Iﬁi
+va(yi)log |%}
= (malxeg) + malyy))

=D(A,B)
(ii)D(AS, B) = D(A, B®)

Proof: To prove this, taking L.H.S.

D(AS,B)
_-t < v (xi) + s (viz) 0 va(xij) + s (v)
n; JZ:; [< 2 ) e ((VA(Xij) + HB(Yij)) +palxig) + VB(Yij))

ta(xij) + vs(vij) o waxij) + vs(vij)
’ ( 2 )l ! ((”A(xii) + #B(Yti)) + i) + VB(yii)>
_ (”A(xij) + 7 (Yij)>
2

- %{VA(xij)log (%) + pa(xij)log (%)

) + 05 (v1p)log < v (i) )

up(vij) + ve(vij)

MB(YU’)

+ up(vij)log <m

— (malxy) + nB(yi,»))}

Now, taking R.H.S,

A. Rani et al.

Here, from L.H.S and R.H.S it is clear that D(AS,B) =
D(A, B).

Theorem(P5):D(A, B) < D(A, C) and
D(A,C) forACBCC.

D(B,C) <

Proof: Let AC BCc C,then py <up <uc and v,>

vg = v, then

Let |pg —pgl + [vg —vp| + |my —mp| < g —pcl +

|vg —vel+ |my — el

lug — el + lvg—vel + Imp—mel < |pug —pcel +

lvg — vl + |my — 7l
Therefore,
D(A,B) < D(A, C)and D(B, C) < D(A, C).

For the proof of further properties, we consider IFM G
into two parts G,and G, such that

G]_ = {x,-j or yij; xl-j € X or yU € Y, xij > yU}}
Gz = {xij or yl]’ xij € Xor yl] € Y, xi]- < yl]}

(2)

And note that for all x;;,y;; € Gy,

HA(xij) 2 MB()’ij)andVA(xij) < VB(}’ij)

And aISO, for all xij,yij € Gz,

.UA(xij) < HB(}’ij)and UA(xij) = UB()’ij)

Theorem(P6):D(AUB, AN B) = D(A, B).

Proof: To prove the result, we should prove the following
relation

D(AUB, ANB) = D(AUB | ANB) + D(ANBJAU B)

By using the definition of (1), first we have
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D(AUB|ANB) =

(uAUB(xu) + #AnB(J’u)) log Haus(xi)) + sans (Vi)
2 ((.uAUB(xij) + HAnB()'ij)) + VAUB(Xij) + VAmB()'ii))
+ (VAUB(xij) + vAﬂB(ylj)) log VAUB(XU‘) + VAnB()'ij)
2 ((#Aus(xu) + HAnB(J/u)) + (VAUB(xl]) + VAﬂB(yl])))
_ (T[AUB(xlj) + ”AnB()’ij))

2

IR Haus (xi)
%ZZ #AUB(XU)W (VAUB(xu) +VAUB(x1]))
! VAUB(XU‘) )

taus (i) +vaus(xij)

HAnB()'ij) >
tans (i) +vans (i)

Vma()'u) >
tans (i) +vans(vi)
- (”AUB (%) + TfAnB(Yij))

e

[T

+;4Ams(yu)loy(

+vAms(yu)fog(

(#A(Mjﬁ#ﬂ(%‘j)) lo Ha(xi)+up(vif)
2 ((uA(h/)*’#s()’xi))’f(VA(xi;)’fVB(J’xf)))
va(xij)+ve(vij) va(xij)+vs (Vi)
1
() ((aCo) 1m0+ (v va 17
_ (”A(Xif)+”3(3'i}'))
2
ﬂA(xu) )

IlA(xi,)*'VA(xxj)
e og (220

Ha(xij)+va(xiy)
| +up (}’ij)log (M)

MB()’:])*‘VE()’i,)

-_——1
= Ly yij€6 ta(xij)log (

|
"B(J’i/)

l+175 (i)log (m) - (”A(xij) + T[E(yij))J

#B(Yij) + #A(Xij) o MB(}’ij) + IJA(xij)
+XLjryijE62 < 2 ) e ((#B(}’U) + HA(xij)) + (VB(yij) + VA(xij)))
v (i) + va(xyy) o vs(vy) +valxi)
' ( ? ) " ((#B(}’u‘) + #A(xl'j)) + (Vﬁ(yif) + vA(xij)))
_ (”B(yij) + ”A(’ﬁj))

2

- %{ﬂg(yij)log <M> + vp(yij)log <M>

(i) +vs(viy) 00) +vs0)
+ ia(xij)log <M> +1,(x;;)log (M)

palx) +va(xiy) pa(x) +va(xy)

- (ng(yu)m(xu))}l

Now, again from the definition (1), we have

D(ANBJAUB) =
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(MAHB(XU) +MAUB(}'ij)>lu Hans (i) + maus (vi)
2 ((#Aﬂa(xu) + #Aua(yu)) + (VAnB(XU) + VAUB(J/U)))
. (VAHB(x[]) + VAUB(yu)>log vans(x;j) + vaus(vij)
2 ((Mma(xij) + MAUB()’U)) + (VAﬂB(xu) + VAua()’i;)))
_ (ﬂAﬂB(Xu) + "AUB(yU))
2
#ans(xy) )
Hans(xi) +vans(xij)
VAnB(xl]) )
Hans (xi) + vans(xi;)
MAUB(YLJ) >
Haus (Vi) + vaus(vi)
VAua(Yi;) >
Haus (Vi) +vaus(vi))
- ("AnB(x!]) + "AUB(yU))

Mms(xu)lﬂg(

gL
i
s

+vang(x;)log (

N

ﬂhxus(}ﬁ;)lﬂg(

+17AUB(YU)IDQ<

-1 w5 (i) + #alxi) 0 s (i) + pa(xiy)
mnz xxj;EGZ ( 2 ) l ((Hs(yij) + HA(xij)) + s(yy) + VA(xij)))

n (Vﬁ(yij) + () 0g ve (i) + va(xi)

2 ) ! ((F‘B(Yij) + HA(XU‘)) + (VB(yij) + VA(Xij)))
s (yij)log (M)

1) +va(r)
ve(yij)
+vp (yij)log (m)A

+ux)log (M)

Ha(xi) + va(xi)

+vA(xij)log< G, )

- (ﬂe(}’ij)+”A(xij))
(HA(XU‘) + HB()’ij)) log palxy) + 5 (vy)
? ((#A(xi;‘) + #B(yii)) + (VA(XU) * VB(yU)))
va(xij) + vs (vi;) o valoy) + va ()
" ( 2 ) " ((NA(XU) + /‘B(yii)) + (VA(XU) * Vg(yij)))
(%)
XijYij€G2 +va(xy)log (HA(XU) +va(xy )>
_ (M) 1 15 (vy)
2 +up(y;)log (m)
UB(YU)
+Vs()’ij)109 (m)

- (nA(xij) + ﬂg(yi;))

2

N

N

Finally, by adding these two equations, we get

D(AUB, AN B) = D(AUB, ANB)
= D(AUB | ANB) + D(ANB|AU B)
D(A, B).
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Theorem (P7):D(AUB,C) < D(A,C) +D(B,C).

Proof: Consider the expression

D(A, C) + D(B,C) — D(AUB,C)

Ha(xiy) + pe(zi)

(ﬂA(xij) + pe(z)) o

va(xiy) +ve(zy)

2 ) ! ((HA(XU) + ﬂc(ztf)) + (VA(xij) + Vc(zij)))

n (VA(XU) +ve(zy) log

ta(xyj)log ( Fa(xy)

#Aua(xij) + VAUB(Xij)

i=1j=1 +v, (xu)lng (#A(Xij) v, (xij)
B (TIA(xij) + nc(zu‘)> 1 ue(ziy)
2 z +uc(zij)log (Mc(zij) +ve (Zij)>
ve(zy)
+velnylog (#c(zij) + Vc(Zij))
- (T[A(xij) + HC(ZU))
i (HB(Y:J)*HC(ZU)) lo up(vij) +ic(zij)
2 (ka0 +ac(zn)+ (o) +ve(z17)))
v (yij)+ve(zi)) ve(yy)+ve(zij)
l
+ ( 2 ) o9 ((#B(J/./)+Mc(zxj))+(VB(ij)+V£(Zu))>
_ ("ﬂ(yi/)+"c(lij))
_mslyy)
+r:z_1121v;12;}:1 (’us(yi})log ne (v /)+VAUE(3'1)

+v5(y;j)log uy(y"f)(fv’j(y]))

7%4 +.“c(zl])109 telzy) ) |L

HE(Z})H/C(Z )

C(Z )
+oe(y)log ()

L - (”B(YL1)+”C(ZU)) J

2 ) ((HA(xij) + .uc(zij)) + (VA(xij) + Vc(zij)))

)

[ |'|'"f [ % |:+.|-"-.[:-.- I}!CI Hauw (¥} +He 5]

(Vanue (%) +vel= )y, Vaur (i) + ve =)

P (o) + 0elz)) + (rase(m 1 +ve(z,0))

+ |lag

"":.Jl..\[-rul + w5,
_l—ﬂ—_}

-1y . Mo ) N
_WZZ ||ﬁ[1|||b3§|7¢| T T+ Yan % |+
- %y | ‘
ol Xy Iwglh}lf.[xul‘i"uu[x |+
L u[:”| )
T T |'ag| T [:..||'
—( ...ﬂ[x..|+ [-..I}

S {man )+ s ) ) (Va3 + sy 1)
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log us(vij)+uc(zij)
(i) +uc(zin) )+ (va (i) +ve(ziy)))
ve(vij)+ve(zif) ve(vij)+ve(zif)
+ B\ij 7)1 J J
( 2 ) %9 ((#B(J/ij)+uc(lij))+(VB(yij)+Vc(Zij)))
_ (”B(}’L/)*”C(lu))

s (yi,-)log ( HB(J’U) )

ﬂB(YL])+VAUB(YL1)

+VB (yi,-)log( VB(;VU) )

us(vij)+ve(vij)
~2 +uc(Zu)log( teler)

HC(ZL])+VC(ZLJ)

)
oo (22

#C(sz)+VC(ZLJ)

- (ﬂs()’ij) + "C(ZU))

E inj,yijesl

(HA(XU) + ﬂC(ZU)) log pa(xy) + ne(zy)
2 ((u,;(xi,) + ﬂc(zii)) + (VA(xii) + VC(Zi;')))
_ (”A(Xif) + "C(Zij)>

2
va(xij) + ve(zi)) 0 valxyy) + ve(ziy)
* ( 2 )l ! ((HA(xu') + uc(zn)) + (VA(xii) + Vc(zi/)))
A(XU)
+ Z #A(xi/‘)wg (WW)
VA(XU
ta(xij) + va( xu)>
#C(ZL/) >
c(z) ;— V;(Zu)
+vc(vyy)log (ﬂL‘(Zl}; +l1lzc(zl,)>

- (”A(XL/) + ”E(ZU))

Xij,Yij€G

+vA(xij)log<

N =

+uc(zij)log (

>0
This proves the theorem.

Theorem(P8):D(ANB,C) < D(A,C) + D(B,C).

Proof: We omit proof because theorem as it is similar to
theorem (P7).

Theorem (P9): D(ANC,BNC) <D(A,B) forallCe
[IFM) -

'I:heorem(PlO): D(AUC,BUC) < D(A,B)forallCe
(IFM)]mxn-

Proof: To prove theorem (P9) and (P10), we define eight
subsets as follows:

S ={s; € S| A(s;) < B(s;) = C(s)}U{s; € S| A(sy)
=C(s) < B(sp}

U{s; € S| A(s;) < B(s;) < C(sp)}U{s;
€ S| A(sy) < C(s)) <B(sp)}



A New Divergence Measure for Intuitionistic Fuzzy Matrices. ..

U{s; € S| A(s;) < B(s;) < C(s;)}U{s;
€ S| A(s;) < C(s;) < B(sy)}

U{s; € S| C(s;) < A(sp) < B(s)}U{s;
€ S| C(s;) < B(s;) < A(sy)}

From Montes et al.(2002),

4.2 Application in medical diagnosis

The divergence measure for IFM can be utilized to
quantify the significance of attribute in a specified
organized task.

In the study, the proposed divergence measure is applied
on a real data taken from a specialist (decision maker).
The case study consists of four patients having six
symptoms and decision- maker provide information about
possibility of disease patient may suffer in intuitionistic
fuzzy form. He also provides us Intuitionistic Fuzzy
values for symptoms corresponding to disease as well as
about patient.

Our main motive is to find closeness of patient and
disease based on symptoms. The application of above
measure as follows.

4.3 Algorithm for application in multiple-
criteria decision-making

IFM is a suitable tool for better demonstrating the
imperfectly defined facts and data, as well as imprecise
knowledge than fuzzy matrix (FM). In this section, we
present a five-stage technique to solve a multiple criteria
decision-making problem under an intuitionistic fuzzy
environment.

Method:

Let C = (¢, ¢y, ... ) be the set of choices and F =
(fi, f2r -, fn) be the set of criteria. Assume that the
characteristics of the choice C, in terms criteria F, entered
by the decision maker, are represented by the following
IFSs:

Co = {(Fi (e Ve I F; €F ), k=1,2,...,m.

Where ., indicates the degree that the Cj (choice)
satisfies the criteria F; and v, indicates the degree that
choice C;, does not satisfy the criteriaF;.

Using the divergence measure (DMIFM) defined in eq.
(), we set out the following approach to solve multi-
decision -making problems.

Step 1: Find the ideal solution | defined as follows:
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I(AUC)(s;) — (BUC)(sy)I<|A(s;) — B(sy)| and
I(ANC)(sp) — (B NO)(sp)I<|A(s;) — B(sy)l

Therefore, from Theorem (P5), we get

D(ANC,BNC) < D(A B) and D(AUC, B UC) <
D(A,B)for all C € [IF(M)]15n-

| = {(F;, (W, (F),v;(F))|F; € F} where for each i=1,
2,00

(G (F), vy (F) = (max e, (F), min i, ()
Step 2: Construct an Intuitionistic fuzzy matrix of choices
by taking choices as rows and parameters (criteria) as
columns
[Cy] = [Cii]m n . .
Step 3: Calculate divergence between ideal solution | and
in each row matrix of [ci]-]lxn by the proposed measure.
Step 4: Find the minimum value from the divergence
which shows the best alternative out of other.
Step 5: Stop.

4.4 A case study

There are four patients of a Doctor Suraj, Raunak, Aditya
and Akash in a clinic. They are suffering from a particular
disease having some symptoms. The doctor needs to take
decision which patient is suffering from which disease.
Our proposed measure helps the doctor to take decision
for the same. To solve this multiple criterion decision-
making problem, we considered some symptoms
corresponding to diseases and patients.

The set of symptoms is considered as:

Fever

Cough
Abdominal pain
Nausea

Chest pain
Body ache.

ook~ wNE

The set of disease is considered as:

Malaria
Chikungunya
Typhoid

Stomach infection
Respiratory
Dengue

ocoakrwbhE
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Let P = {p;, p,, p3, s} be the set of patients. The set of
symptoms isS = {s,s,,53,54,55,5¢} and the set of
disease is considered as D = {d;, d,, d3,d,, ds, dg}.

Now, the set representation of patient corresponding to
symptoms is as follows:

P, = {($;,<[0.8,0.1] >),(S,, < [0.55,0.1] >)(S3,
< [0.2,0.8] >), (54, < [0.6,0.2] >),

(S5, < [0.1,0.6] >), (Ss, < [0.5,0.1] >)}

P, = {(5,,< [0.7,0.2] >), (S;, < [0.65,0.10] >)(S3,
< [0.8,0.1] >), (S,,< [0.8,0.1] >),

(Ss, < [0.1,0.7] >), (Se, < [0.1,0.7] >)}

P; = {(5,,< [0.20,0.6] >), (S,, < [0.8,0.1] >), (S3,
< [0.1,0.8] >), (S,, < [0.1,0.8] >),

(Ss, < [0.7,0.1] >), (Se, < [0.1,0.7] >)}

P, = {(51,<[0.7,0.1] >), (S,,< [0.6,0.2] >)(S3,
< [0.2,0.7] >), (84, < [0.2,0.6] >),

(S5, < [0.2,0.6] >), (Se, < [0.7,0.1] >)}
The tabular representation (Table 1) of these four sets is

as follows:

Table 1: Intuitionistic fuzzy values for patients having

Symptoms
Patien | Fever Cough Abdo Naus | Ches | Body
t\sym minal ea tpain | ache
ptom pain
P, | [0801 |[0550. | [0.20. | [0.6, | [0.1, | [05,
1 1] 8] 02] | 06] | 01]
P, [0.70.2 | [0.650. | [0.80. | [0.8, | [0.1, | [0.1,
] 1] 1] 0.1] 0.7] 0.7]
P, [0.206 | [0.80.1 | [0.10. | [0.1, | [07, | [0.1,
] ] 8] 0.8] 0.1] 0.7]
P, [0.701 | [0.6,02 | [0.20. | [0.2, | [0.2, | [0.7,
] ] 7] 0.6] 0.6] 0.1]

The Matrix Representation of Patient — Symptom is as

follows:
[0.8,0.1] [0.55,0.1] [0.2,0.8][0.6,0.2][0.1,0.6][0.5,0.1]
b [0.7,0.2] [0.65,0.1] [0.8,0.1][[0.8,0.1][0.1,0.7][0.1,0.7]
~[0.2,0.6] [0.8,0.1] [0.1,0.8][0.1,0.8][0.7,0.1][0.1,0.7]
[0.7,0.1] [0.6,0.2] [0.2,0.7][0.2,0.6][0.2,0.6][0.7,0.1]
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The Tabular Representation (Table 2) of Disease
corresponding to Symptoms is:

Table 2: Intuitionistic fuzzy values for symptoms for

disease

Disease
\Sympto
m

Sy

Sz

S3

Sa

Ss

Se

D,

[08,01]

[0.6,0.3]

[0.7.0.2]

[0.7,0.3]

[0.1,09]

[0.7,01]

D,

[0.9,0.1]

[06,0.2]

[0.1,0.8]

[0.25,0.7]

[0.0,0.9]

[0.801]

Dy

[0.9,01]

[0.8,0.15]

[0.8,0.05]

[0.85,0.1]

[0.1,0.75]

[0.6,0.2]

D,

[0.8.0.2]

[0.7.0.2]

[0.9.0.1]

[0.85,0.1]

[0.1,0.8]

[0.2,0.8]

Ds

[0.25,0.65]

[0.9,01]

[0.15,0.85]

[0.2,0.7]

[08,0.1]

[0.1,0.8]

D

[0.85,0.1]

[0.6,0.3]

[0.2,0.75]

[0.25,0.65]

[0.2,07]

[0.8,0.1]

Matrix Representation of Disease-Symptom Matrix is as:

D

[0.8,0.1]

[ [0.9,0.1]
_| 0901]
| [0.8,0.2]
[0.25,0.65]
[0.85,0.1]

[0.6,0.3] [0.7,0.2]
[0.6,0.2] [0.1,0.8]
[0.8,0.15] [0.8,0.05]
[0.7,0.2] [0.9,0.1]
[0.9,0.1] [0.15,0.85]
[0.6,0.3] [0.2,0.75]

[0.7,0.3] [0.1,0.9]
[0.25,0.7] [0.0,0.9]
[0.85,0.1] [0.10,0.75]
[0.85,0.1] [0.1,0.8]
[0.2,0.7] [0.8,0.1]
[0.25,0.65] [0.2,0.7]

Now, we find the divergence between these two matrices
(P And D) or say patient-symptom matrix and disease —
symptom matrix by using the proposed measure eq. (4.1):

Now, we find the divergence between P, to each D; by
using proposed measure as:

1(P,: D,) = 3.539078,
I(P,: Dy) = 3.577851,
I(P,:Ds) = 2.701628,

1(P,:D,) = 2.06004,
I(P,:D,) = 3.037955,
1(P,: Dy) = 2.887842

We find the smallest difference is 2.06004 corresponding
to D,. Thus, we conclude that patient one is suffering
from disease D,. Similarly, we find the divergence for
each patient from the considered set of disease.
Divergence for each patient from the considered set of
disease are given in the following table 3representing
minimum value of divergence which shows patient is
suffering from the disease.

[0.7,0.1]
[0.8,0.1]
[0.6,0.2] |
[0.2,0.8]|
[0.1,0.8]
[0.8,0.1]
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Table 3: Patient suffering from disease

Patient

\ Disease

Malaria Chikungun | Typhoid Stomach

ya infection

Respiratory Dengue

Suraj

3.539078 | 2.06004 3.577851 3.037955 2.701628 2.887842

Raunak

3.903724 | 3.064673 3.637417 2.07845 3.006128 3.93541

Aditya

2717735 | 2.39147 2.726718 2.379052 2.336949 3.003302

Akash

3.69964 2.502108 3.684939 3.733669 2.221304 3.28197

From table 3 we can conclude that Suraj is suffering from
Chikungunya, Rounak is suffering from stomach
infection, Aditya is suffering from respiratory problem,
Radhika is suffering from respiratory problem.

Application in MCDM: Pattern Recognition:

Informatica 47 (2023) 19-34 33

satisfies all the axioms. Some operations which may be
applied on intuitionistic fuzzy matrices are defined. Its
fundamental advantage is the capacity to combine the
subjective information and attitude character of the
decision maker in estimating the interaction of divergence
degree. The proposed measure satisfies properties which
are valuable in tacking any dynamic issue. The
intuitionistic fuzzy divergence measure can be utilized in
circumstances relying on the importance of decision
makers. It can be utilized in situations where data should
be in degree of membership and non-membership values.
However, in many real-life situations, semantic factors
are utilized to address subjective information. An
application of multiple criteria decision-making in
medical diagnosis is also demonstrated by taking
information from a doctor. This divergence measure in

Divergence Measure are convenient tool to estimate dissimilarity yegical diagnosis to take decision which disease based
between two probability functions and are therefore applied ing, symptoms the patient follows. We may select the best

various field.

Example 1. Let there are three patterns A, B, Cof type
Intuitionistic Fuzzy sets in X. and the IFSs values for
these IFSs are as follows:

A =1{(0.3,0.6), (0.6,0.2), (0.4,0.5)}
B = {(0.2,0.8), (0.2,0.5), (0.3,0.6)}
¢ ={(0.1,0.7), (0.4,0.1), (0.6,0.3)}
D = {(0.4,0.3),(0.7,0.2), (0.1,0.8)}

Assume that a sample P is given as follows
Pattern P = {(0.4,0.5), (0.6,0.4), (0.6,0.1)}

Now to find dissimilarity between patterns to sample
pattern, we need to apply divergence measure

D(4,X) = 2.378125, .D(B,X) = 1903091,
D(C,X) = 1.796831, D(D,X) = 2.003087

Here, divergence value between pattern C and X is
minimum. Therefore, we can say that Pattern C is more
like X than others.

5 Conclusion

In this paper, we have recommended an adaptable
technique for solving multi-criteria decision-making
problem. Using the idea of Mishra et al. (2018) a new
divergence measure for intuitionistic fuzzy matrix has
developed. Proposed measure is a valid measure as it

[1]

[2]
3]

[4]

[5]
[6]

Iternative in preference to other available alternatives in
multi-criteria  decision-making problem. Using the
similar methodology different information measures such
as entropy, inclusion, similarity etc. can be derived. Also,
further hybridization of intuitionistic fuzzy with vague,
soft and rough sets can be done to extend the applicability
of the same.
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