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ARTICLE INFO ABSTRACT
Keywords: Intuitionistic fuzzy information system (IFIS) is an extension of fuzzy information system
Intuitionistic fuzzy information system that can represent more uncertain information and more accurately describe the essence of

Attribute reduction

Intuitionistic fuzzy dominance mutual
information

Intuitionistic fuzzy dominance relation

fuzziness. Attribute reduction is an important problem in processing and analyzing IFISs.
The article tries to propose an attribute reduction method in view of intuitionistic fuzzy
dominance mutual information in IFISs, whose information values are intuitionistic fuzzy
numbers. First, an intuitionistic fuzzy dominance relation is established in IFISs according
to intuitionistic fuzzy dominance degrees, and the intuitionistic fuzzy information structure
generated by the intuitionistic fuzzy dominance relation is constructed. Then, the intuitionistic
fuzzy dominance entropy and its variations are researched, and some of their properties are
discussed. Subsequently, an attribute reduction method and its algorithm based on intuitionistic
fuzzy dominance mutual information are given. Furthermore, numerical studies and statistical
tests are presented to evaluate the performance of the proposed method. Theoretical research and
experiments show that the raised attribute reduction method is applicable to IFISs.

1. Introduction

Since Zadeh proposed the concept of information granule [1], information granularity has attracted great interest among re-
searchers. Zadeh points out that there are three basic concepts that underline human cognition: causation, organization, and
information granulation [2]. As a new interdisciplinary research field, granular computing has generated research topics such as
granular thinking, granular logic, granular reasoning, granular analysis, granular processing, granular problem solving, and so on.
Since the emergence of granular computing, people have studied the theory of granular computing from different perspectives, and
some methods have been used to research granular computing, such as rough sets [3], fuzzy sets [4], concept lattice [5], and quotient
space [6].

Rough set theory, as a newer technique for researching uncertainty, was introduced by Pawlak [3]. In rough sets, the so-called
information system is a knowledge representation system. Many applications of rough sets, such as attribute reduction, pattern
recognition, uncertainty reasoning, and decision analysis, are often associated with information systems. Attribute reduction (i.e.,
feature selection) is a core content in the analysis and processing of information systems, and the idea of rough sets can be well
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reflected in the process of attribute reduction. Attributes in an information system are not equally important, reduction is to delete
redundant and irrelevant attributes, so as to eliminate their impact on the calculation process and the final results, and improve
the efficiency and accuracy on the processing and analysis of systems. For an information system, the construction of the evaluation
standard of the importance of attributes in the system is the key to attribute reduction, so as to retain the attribute subsets with the
same or similar classification ability as the raw attribute set. Notably, the research on attribute reduction in information systems has
yielded remarkable achievements [7-9].

Shannon [10] expanded the fundamental concept of entropy to information theory. Entropy can express the substance of knowl-
edge and information in various forms, so it has wide applications, especially in uncertainty measurement [11-13]. In attribute
reduction, the entropy of measuring uncertainty can also be used as a standard to evaluate the importance of attributes. Xie et al.
[14] gave a novel fuzzy-rough attribute reduction approach via local information entropy. Dai et al. [15] proposed a novel feature
selection method based on fuzzy combination entropy considering global and local feature correlation. Chen et al. [16] researched
two-dimensional improved attribute reductions based on distance granulation and condition entropy in incomplete interval-valued
decision systems. In addition, more and more variations of entropy are being used as criteria to reduce attributes, especially mutual
information. Mutual information considers both attribute relevance and redundancy, selecting optimal attributes by maximizing rel-
evance and minimizing redundancy. Mutual information was first used for reducing attributes by Battiti [17], while Hu et al. [18]
gave a greedy forward search strategy by extending mutual information to fuzzy mutual information. During and after this period,
many reduction methods using mutual information as a criterion have emerged, such as the minimal-Redundancy-Maximal-Relevance
(mRMR) method [19], the conditional mutual information-based feature selection (CMIFS) [20], the independent classification in-
formation (ICI) function [21], the granularity fuzzy max-relevance and independence (GFMRI) criterion [22], and so on.

Intuitionistic fuzzy (IF) sets, a generalized concept of fuzzy sets, were proposed by Atanassov [23]. In an IF set, each element
corresponds to a membership degree and a non-membership degree, and the total of them is not more than 1. By setting membership
degree and non-membership degree, IF set can solve three kinds of state information: positive degree, negative degree and hesitation
degree, so it is able to handle more complex and uncertain problems and describe the essence of fuzziness more precisely. With
the popularization of IF sets, some scholars began to devote themselves to the study of this theory [24-26]. At present, it has
gradually penetrated into many theoretical and applied fields, such as pattern recognition, medical diagnosis, logical programming,
approximate reasoning, and decision-making.

In intuitionistic fuzzy information systems (IFISs) [27], each attribute determines an IF set on the interval [0, 1], i.e., the informa-
tion values of an IFIS are IF numbers (including memberships and non-memberships). It is worth mentioning that the IFIS given by
Hesameddini in [28] is the only one with an IF decision class (i.e., the decision class corresponds to an IF set). Furthermore, the IFIS
used by Feng et al. [29] or Tan et al. [30] is a pair with a family of IF relations and a universe, it is actually an IF knowledge base or
IF relation information system. To the best of our knowledge, there are few studies on developing attribute reduction in IFISs. Tan et
al. [31] gave an attribute reduction algorithm for IF information by using IF conditional entropy. However, they only considered the
relevance (significance) of an attribute to the decision one by one, ignoring the redundancies produced by the selected attributes.
From this point, we intend to construct a new IF dominance entropy and its variations based on IF dominance relation, and then
reduce attributes based on IF dominance mutual information for IFISs.

The article aims to present an attribute reduction method based on IF dominance mutual information in IFISs. There are four
main contributions to the article: (1) The IF dominance relation is raised in IFISs, and the IF information structure generated by the
IF dominance relation is constructed. (2) The IF dominance entropy and its variations are studied, and some of their properties are
discussed. (3) Based on the IF dominance mutual information, an attribute reduction method and its algorithm are given. (4) Some
experiments are presented to evaluate the performance of the proposed reduction method.

The remainder of the article is structured as follows. Section 2 reviews some fundamental knowledge, such as information
entropy and IF sets. Section 3 presents an IF dominance relation induced by IFIS, constructs an IF information structure based on
the IF dominance relation, introduces IF dominance entropy and its variations, and discusses some of their properties. Section 4
introduces an attribute reduction method in view of IF dominance mutual information. Section 5 gives some experiments to evaluate
the performance of the proposed attribute reduction method. Section 6 summarizes the article.

2. Preliminaries

This section briefly covers some basic content on decision systems, information entropy, intuitionistic fuzzy (IF) sets, and IF
relations [3,10,32].
In the article, denote I =[0,1].

2.1. Decision systems and information entropy

An information system is a pair (U, A), where U is an object set of universe and A is an attribute set. Each attribute a € A
corresponds to an information function a : U — V,, V, is the set of function values of a.

Additionally, (U, A) is referred to as a decision system if A =C U D, where D is the set of decision attributes, C is the set of
condition attributes.

For a given information system (U, A), B C A, define

ind(B) = {(x, )|V a € B,a(x) = a(y)}. 2.1



X. Liu, H. Mo and J. Dai Information Sciences 676 (2024) 120851

Obviously, ind(B) is an equivalence relation, and ind(B) = [ ind({a}).
a€B
Furthermore, U/B = { X, X,, -+, X, } is the partition generated by ind(B).

For a decision system (U,CUD), Y, €U/D={Y,Y,,-,Y,},if BCC, X, €eU/B={X,X,,,X,}, then
s

1) H(B) = - Y p(X))log,(p(X))) is the information entropy about B, where p(X;) = % is the probability of equivalence class
X, and | X|]| is t}llzlcardinality of X;;

2) H(D|B)=-— IES:I (X)) kil p(Y | X)) log,(p(Y,| X)) is the conditional entropy about D under B, where p(Y,|X,) = %;

3) HBUD)=- ]il kil p(X; NY))log,(p(X; NYy)) is the joint entropy about B with D, where p(X; nY}) = %;

4) H(B; D)= H(D) — H(D|B) is the mutual information about B with D.

Obviously, H(D|B)+ H(B)= H(B U D).

For a decision system (U, C U D), if the relation generated by B C C is fuzzy, then H(B) = --L ‘%‘ log, IRp)l eans the fuzzy

vl ; Ul
i=1
information entropy, where Rp(x;)= Y Rp(x;,x;)/x;, Rp(x;,x;) means the similarity degree (or relational degree) between x;
x; €U
and x; relative to B.

U]
Similarly, H(D|B) = _IITI > log, W is the fuzzy conditional entropy about D under B.
i=1 B

U]
H(BuUD)= _Illl_l 21 log, w is the fuzzy joint entropy about B with D.
=

H(B; D)= H(D) “H (D| B) is the fuzzy mutual information about B with D.
2.2. Intuitionistic fuzzy sets and intuitionistic fuzzy relations

For an universe set U, define

P={<xup(x),vp(x)> |x€U}. (2.2)

Then P is an IF set on U, where up : U = I, vp : U —» I and pp(x)+vp(x) € 1.

The degrees yup(x) and vp(x) mean the membership degree and non-membership degree of x to P, respectively. The hesitancy
degree is defined as 7p(x) =1 — up(x) — vp(x). Moreover, an IF number « is denoted by & = (up,vp).

In particular, 0= {<x,0,1>|xeU} and 1= {<x,1,0>|x €U} are IF empty set and IF universal set, respectively.

While introducing the concept of IF sets, Atanassov also gave some operators to compare them. For two IF sets P, and P, on U,

(1) P,2PeVxeU, ypz(x) = pp, (x) and vpz(x) <vp, (x);

(2) P,=P,©P,C P and P,D P;;

B)P NP ={(< X, ip, (x)/\ﬂpz(x),vpl (x)v VP2(X) >|xeU};

A PLUPy={<x,up (X)V pp,(x),vp (x) Avp,(x) > |x €U}

5) Plc ={<x, Vp, (x),ﬂpl x)>|xeU}.

The cardinality of IF set P is expressed as [33,34]:

1P| = Z up(x)+1 —vP(x).

(2.3)
xeU 2
The IF relation, raised by Bustince and Burillo [35], is expressed as
R={<(x],%9), up(x1,%x5), VR (X1, %2) > |(x1,x,) €U X U }, 2.4)

where pp(x(, %) + Vp(x, X)) €I, pg :UXU = I, vg : UXU = 1.
The degrees pg(x;,x;) and vg(x;, x,) mean the similarity degree and diversity degree of x; to x,, respectively.
An TF relation can be expressed by matrix R = (ug(x;,%2), VR(X1, X))y xu)-
There are some main properties of IF relations [35,36]. For each x, x,,x; € U, an IF relation on U is said to be
(1) serial, if A ug(x;,x,)=1and A vg(x;,x,)=0;
x,€U xp€U
(2) reflexive, if ugp(x;,x)) =1, vp(x;,x;) =05
(3) antireflexive, if up(x;,x1) =0, vr(x;,x) =1;
(4) symmetric, if up(xy,x5) = up(xy, %), Vr(X1,X5) = VR(xg, X))
(5) antisymmetrical intuitionistic, if x| # x, and pgr(x,x,) # ur(xs, x1), VR(X1,X5) # VR(X,X ), TR(X|, X)) = TR(X,X1);
(6) perfect antisymmetrical intuitionistic, if x; # x, and pg(x;,x,) >0 (or pgr(x(,x,) =0 and vi(x;,x,) < 1);
(7) transitive, if pg(x;,x3) >V (ug(x;,x3) A pg(xs, x5)) and vg(x;, %) < A\ (Vr(x(,x3) V vR(x3,%5));

x3€U x3€U
(8) C-transitive, if ug(x;,x)) < A (Ur(x1,X3) V pur(x3,%,)) and v(x,x3) =\ (Vr(x],x3) A Vr(x3,X5)).
x3eU x3€U



X. Liu, H. Mo and J. Dai Information Sciences 676 (2024) 120851

3. Intuitionistic fuzzy dominance relations and intuitionistic fuzzy dominance entropy

3.1. Intuitionistic fuzzy dominance relations

Definition 3.1 ([27]). Let (U, A) be an information system. (U, A) is called an intuitionistic fuzzy information system (IFIS) if
Vae A, V,is an IF set. Let (U,C U D) be a decision system, (U,C U D) is called an intuitionistic fuzzy decision system (IFDS) if
VaeC,V,isanIF set.

It is remarkable that decision attribute set D divides the universe U into a family of decision classes U/D = {D,, D,, -, D,}
based on decision labels, each decision class can be represented by an IF set:

(1,0), xeD,,
0,1, x¢&D,.
Below, we present an IF dominance degree between two objects whose attribute values are IF number.

D; ={<x, ,uDi(x),le_(x) > |x € U}, where (,uD‘_(x),le_(x)) =

Definition 3.2. For a given IFIS (U, A) and B C A, define
1
R;‘;Z(xi,xj) = Z|{a € Blpua(x;) 2 pa(x;) Avg(x;) S v,(x)H, (3.1

Ry=(0%,) = 21(a € Blitg() 2 1) V vyx) v, 3, (3.2)

where A is a parameter that adjusts RZ’Z(X,., x;) and R;S(xi, x;) to be in [ for any object pair. Here, 4 = |A|.

Let (Rg’z(x[, x;) 1= R;S(x[, x;)) be the degree that object x; dominates x; under B, where R’;’z(x[, x;) can be seen as the degree
to which the membership degree of x; dominates that of x;, 1 — R;’S(xi, x;) can be seen as the degree to which the non-membership
degree of x; dominates that of x;.

Actually, R;S(xi, x;) means the degree to which the non-membership degree of x; does not dominate the non-membership degree

of x;. It can be seen that 1 —R;S(x,-,xj) = % - ﬁl{a € Bl (x;) 2 pg(x;) Vv, (x;) < v,(x;)}. Since {a € Blu,(x;) 2 pa(x;)Vv,(x;) <
Va(x)} € 4, 50 1= Ry (xix)) = 1A = {0 € Blug(x) 2 1)) V v (x) < v (e} = 1 1(a € Blig(xi) < () A va(xp) > va(x),

o s > v,<
it is clear that Rp=(x;,x;) + (1 — R57(x;,x;)) < 1.

Definition 3.3. For an IFIS (U, A), BC A, U = {x,x,,+,X,}, an IF dominance relation R% is a relation matrix:

<Rg~§<x1,x1>,1—R;f(xl,xm (Riéf(xl,xz),l—R§f<xl,><z>> <R§f<xlsxn>’1-Rﬁfoﬁvxn))
RZ = (R;I;,_(Xstl)al_RE_(XZ’xl)) (RZ’_(XZ,XQ)’I—Rg_(xz»xz)) (R“;;’_(stxn)sl_R;_(x2’xn)) (3.3)
B )
(REZ(x,x )1 = RYZ (%) (REZ(x,0x0). 1 = Ry5(x,0%0)) o+ (REZ(x,0%,), 1 = RS (x,,x,))

It is easy to see that the memberships and non-memberships of R]Z3 are affected by B. The membership degrees of R% become
larger and the non-membership degrees of Ri become smaller as B becomes larger. In other words, Ri has the following property.

Proposition 3.4. Suppose B, C B, then Riz c Ril.
Proposition 3.5. Ri is reflexive.
Proof. According to equations (3.1) and (3.2), for any x; € U, R (x;,x,) = %|{a € Alpy(x,) > i, (x) Avy(x;) < v, (x)}| = %|A| =1,
1 1
1- R;S(xi,xi) =1- Zl{a € Alp,(x;) > puy(x) Vv, (x;) v, (x)} =1—- I|A| =0.
So Ri is reflexive. []

Below, we give an example to illustrate the relation matrices induced by attribute subsets.

Example 3.6. For the IFIS (U, A) shown in Table 1, pick A =|A|, the relation matrices induced by B; = {a,}, B, = {a;,a,,a5} and
A can be computed as follows:
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Table 1
An IFIS (U, A).

a, a, ay a, as

x,  (07.02) (04,03) (0.504) (03,03) (0.4,04)
x,  (04,04) (06,02 (02,07 (04,06) (0.7,03)
x;  (06,01) (08,01) (0.1,07) (02,08  (0.1,0.6)
x,  (03,06) (03,07 (06,03) (0503) (0.2,0.6)
xs  (05,03) (0.7,03) (04,05 (0.7,0.1)  (0.9,0.1)
xs (04,02) (06,03) (0.1,0.1) (0.7,03)  (0.5,0.1)
x,  (06,04) (0.1,02) (08,01) (03,0.1) (04,0.5)
xg  (06,03) (0.1,05) (03,07 (0.1,06) (0.3,0.6)
xo  (02,08) (02,04) (0503) (02,05 (0.4,03)

0.2,0.8) (02,0.8) (0,0.8) (0.2,0.8) (0.2,0.8) (0.2,0.8) (0.2,0.8) (0.2,0.8) (0.2,0.8)
(0,1) (02,08 (0,1) (02,08 (0,1) (0,08 (0,08  (0,1) (0.2,0.8)
0,0.8)  (0.2,0.8) (0.2,0.8) (0.2,0.8) (0.2,0.8) (0.2,0.8) (0.2,0.8) (0.2,0.8) (0.2,0.8)
0,1) ©,1) 0, 1) (02,08 (0,1 ©,1) (0,1) 0,1)  (0.2,0.8)
RZ =| (0,1) (02,08 (0,1) (0.2,0.8) (0.2,08) (0,0.8) (0,0.8) (0,0.8) (0.2,0.8) |,
0,0.8) (02,08 (0,1) (0.2,0.8) (0,0.8) (0.2,0.8) (0,0.8) (0,0.8) (0.2,0.8)
(0,1) (02,0.8) (0,0.8) (0.2,0.8) (0,0.8) (0,0.8) (0.2,0.8) (0,0.8) (0.2,0.8)
(0,1) (02,08 (0,0.8) (0.2,0.8) (0.2,0.8) (0,0.8) (0.2,0.8) (0.2,0.8) (0.2,0.8)
(0,1) ©,1) 0,1) (0,1) ©,1) ,1) (0,1) ©0,1)  (0.2,0.8)
0.6,04) (0.4,0.6) (0.2,0.6) (0.4,0.6) (0.4,04) (0.2,0.4) (0.2,0.6) (0.6,0.4) (0.4,0.4)
(0.2,0.8) (0.6,0.4) (0.2,0.8) (0.4,0.6) (0,0.8) (0.2,04) (0.2,0.6) (0.2,0.6) (0.4,0.6)
(0.2,0.6) (0.4,04) (0.6,0.4) (0.4,0.6) (0.4,0.6) (0.4,04) (0.4,0.6) (0.4,04) (0.4,0.6)
0.2,0.8) (0.2,0.8) (0.2,0.8) (0.6,0.4) (0.2,0.8) (0,0.8) (0,0.8) (0.2,0.6) (0.4,0.4)
RZ =|(0.2,0.8) (0.4,04) (02,0.8) (0.4,0.6) (0.6,04) (0.2,04) (0,0.6) (0.4,04) (0.4,0.6) |,
0.2,04) (02,04) (0.2,08) (0.4,04) (0,04) (0.6,04) (0,04) (0.2,04) (0.4,0.4)
(0.2,0.6) (0.4,04) (0.2,0.6) (0.4,04) (0.2,04) (0.2,04) (0.6,0.4) (0.4,04) (0.4,0.4)
0,1)  (04,0.6) (02,0.6) (0.2,0.6) (0.2,0.8) (0,0.6) (0.2,0.6) (0.6,0.4) (0.2,0.8)
02,0.8) (0.2,0.8) (0.2,0.8) (0,0.6) (0.2,08) (0,0.8) (0,0.8) (0.4,0.6) (0.6,0.4)
(1,0)  (0.4,04) (0.6,02) (0.6,02) (04,04) (0.2,02) (04,02) (1,0)  (0.6,0)
04,04)  (1,0) (0.6,04) (0.6,04) (0,0.8) (0.2,0.2) (0.4,0.2) (0.6,0.2) (0.6,0.2)
02,0.6) (04,04) (1,0) (0.4,04) (0.4,0.6) (0.4,04) (0.4,06) (0.4,0) (0.4,0.4)
(04,0.6) (04,0.6) (0.6,04) (1,0) (02,0.8) (0,0.6) (0,0.6) (0.4,0.2) (0.6,0.2)
=| 0.6,04) (08,0) (0.6,04) (0.8,0.2) (1,0)  (0.6,0) (0.4,02) (0.8,0) (0.8,0.2) |.
0.6,00 (04,00 (0.6,04) (0.8,0) (0,0 (1LO) (02,00 (0.6,0) (0.8,0)
04,02) (04,02) (0.6,02) (0.6,0) (0.2,02) (0.2,02) (1,00 (0.8,0) (0.6,0)
0,00  (0.4,04) (04,02) (04,04) (0.2,0.8) (0,0.6) (02,0.6) (1,0) (0.2,0.8)
04,0.6) (0.2,0.4) (0.6,04) (0.2,04) (0.2,0.8) (0,0.8) (0.2,0.6) (0.8,0.2) (1,0)

Y

A set of fuzzy information granules can be correspondingly induced by a fuzzy binary relation for a given universe [37], and it
can be seen as a fuzzy binary granular structure. Similarly, a set of IF information granules can be correspondingly induced by an IF
dominance relation, and it can be seen as an IF information structure.

Definition 3.7. For an IFIS (U, A), B C A, the IF information structure generated by RE is
S(RE) = (Sgz(x1), Sgz (x2), =+, Sz (Xjgy ), (3.4)
where S > (x;) is also called the IF information granule of x; relative to R%.
B
If R >(x,, x;)+(1— (xl-,x N=1{x;,x; €U),lie, the IF dominance relation degenerates to the classical fuzzy relation, then

the IF mformatlon structure can be degenerated to fuzzy information structure proposed by Qian et al. [37].
According to equation (2.3), the cardinality of IF information granule S > (x;) is
B

WIRZ(x;,x )+ 1= (1= RS5(x;,x;)) U (x,,x)+R =(x;2x)) 35

|S>(x>|-23 — =,

5
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3.2. Intuitionistic fuzzy dominance entropy

We now present several information measures for the discernibility power of an IF information granule. When the induced IF
dominance relation Ri degrades to a fuzzy relation, i.e., Sp>(x) degrades to a fuzzy information granule, the defined IF dominance
B

entropy degrades to fuzzy information entropy.

Definition 3.8. For a given IFIS (U, A), the IF dominance entropy about B C A can be expressed as

14 ISk >(x)|
H(B)=- —5 3.6
(B) |U|Z 08— (3.6)
(R (%1 ), RY (x;.x1)) (RY (o x ) RY (x7,%)) (R (xpx 1D RY (1% 101)

When U/D = {D,D,,+, Dy, ,D,}, Sg,(x;) = % + -+ % + ot % and
(1,0), x;,x; €Dy Il 1Sep il _ ¢ 1Dy 1D,
v _ Py — D 1kl Tkl
(R (x;, j) R (X,,x )= {(0’1)’ X;,XjﬁDk H(D)= |U| ZIng U] Z U] l0g2 \u| -

Theorem 3.9. For an IFIS (U, A):
(1) HB)=0if BC A;
(2) H(B,) < H(B,) if B, C B, C A,

Proof. (1) Since V x; €U, |R§(x,-)| < |U|, by equation (3.6), we have H(B) > 0.
(2) Since B, C By, by Proposition 3.4, we have R%z C REI .SoVx; €U, SRIZRZ (x;) € SREI (x;). Then lSRiz )] < lSRil (x;)|. By

equation (3.6), we have H(B;) < H(B,). [

Moreover, if the induced IF dominance relation Ri is an IF universal relation, that is, V x; € U, Sp=(x;) is an IF universal set,
B

then H(B)=0.

We can see from the above theorem that (1) it is non-negative for the IF dominance entropy of an attribute subset; (2) the value
of the IF dominance entropy decreases as the attribute subset becomes larger.

Next, the measure in the fuzzy context will be generalized to measure the importance of attributes in IFDSs.

Definition 3.10. For a given IFDS (U,C U D) and B C C, define

U] |SR12;(xi)nSRD(xi)|
H(D'B)‘_ﬁz ST ©.7)

H(D|B) is called the IF dominance conditional entropy about D under B.
In this article, H(D|B)=0if B=§.
Theorem 3.11. For an IFDS (U,C U D), B C C, one has
(1) 0< H(D|B).
(2 Ry C R5&H(D) - H(B)= H(D|B).

Proof. (1) DuetoV x; € U, Sp=(x) N Sk, (x)) € S (x7)- 50 IS (x) N S, (xp)] < [ (x)).

U] |5Rz<x,->nsRD(x,->| U]
B
By equation (3.7), H(D|B) = ‘U‘ 2 log, —ISRz o > IUI 2 log, 1 =0.
U] IS = (NS (x7)]

(2)“=>”Since R, C R3, thenV x, €U, S rz ()N Sg, () = Sg,, (x,). By equation (3.7), H(D|B) = |U| z log, W -
Rz i
B

19 | IS = ()]
ISRy CepIIUT ISRD(X,-)I B REVVL _
i, Pt 15 COMTUT — T, & (log —jgr— —logy —j7—) = H(D) - H(B).

“@” By H(D)— H(B) = H(DlB), onehasVx; €U, |Sg=(x)N S, (x)| = Sk, (x))]. Since V x; €U, Sp= (x,)N Sk, (x;) € Sk, (x),
B B
then ¥ x; € U, Sp= (x,) N Sk, (x)) = Sk, (x)). S0V x; € U, Sy, (x;) € Sp=(x,). Thus Rpp € R:. O

It can be seen from the above theorem that (1) the IF dominance conditional entropy is non-negative; (2) the IF dominance
conditional entropy and the IF dominance entropy are linearly related if and only if the relation induced by D is finer than the IF
dominance relation induced by B.

At the same time, we present the definitions of IF dominance joint entropy and IF dominance mutual information.
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Definition 3.12. For a given IFDS (U,C U D) and B C C, define

1 Wl |SR§(xi)nSRD(X,')|
H(DUB)=—— Y logy ——————. (3.8)
U Zl ? U

i=

H(D U B) is called the IF dominance joint entropy about D with B.
Obviously, H(DU B)= H(BU D).

Theorem 3.13. For an IFDS (U,C U D):
(1) H(Du B)>max{H(B),H(D)}if BCC;
(2) HDUB,)<H(DUB,) if B, CB,CC.

Proof. (1) SinceV x; €U, SRi(xi) N SRD(xi) Cc SRE(XI')’ we have |SR§(x,~) N SRD(xi)l < |SR§(xi)|.

UL 1S inSR, (e U] IS ()l
By equation (3.8), H(DUB)=—— Y logy ———— > —— Y log, —£— = H(B).
ol & U] ol & U]
Similarly, H(D) < H(D U B).
(2) If B, C B,, by Proposition 3.4, one has Rgl C Rgz. Then ¥ x; €U, Sg= (x) € Sz (x))- S0 : (x)NSpy(x)C S : (xp)n

1 2
Sk i |Sp= ()0 Sk, ()] < |Sge ()N S,y (x))]. Thus H(DU B,) < H(DUBy). [
1 2

Theorem 3.13 shows that (1) the IF dominance joint entropy about D with B is not less than any IF dominance entropy about D
and B; (2) the IF dominance joint entropy becomes smaller as the conditional attribute subset increases.
Definition 3.14. For an IFDS (U,C U D), B C C, define

Il |SRz(x,-)| : |SRD(X;)|
H(D;B)= ——— Y log, U .
UT & 18 g () 0 S, Gl - U]

3.9
H(D; B) is called the IF dominance mutual information about D with B.

Clearly, H(D; B) = H(B; D).
Next, we give a theorem to describe the relationships among IF dominance entropy and its variations.

Theorem 3.15. For an IFDS (U,C U D), B C C, one has
(1) H(BuU D)= H(B)+ H(D|B) = H(D) + H(B|D);
(2) H(B; D)= H(B) + H(D)— H(B U D);

(3) H(B; D)= H(B)— H(B|D)= H(D)— H(D|B).

Proof. (1) According to equations (3.6) and (3.7),

CUL ISl WU 1S GonSey (ol
H(B)J’H(D'B):_ﬁgllongT_nglogzw

Yy ISye 0l IS tnSryl | 1] 1Sy ConSy 0l

=g Zles (g s )T T Bl 0] =H(BUD).

Similarly, H(D)+ H(B|D) = H(BB u D).
Thus H(BU D)= H(B) + H(D|B) = H(D) + H(B|D).
(2) According to equations (3.6) and (3.8),

C ISl W s ) LIS S ()
H(B)+ H(D) = H(BU D)=~ Tlogy —r— = i Tlogs —7= = (7 X logy —b—r——
—-nglo S sy SRSy 20
=T &% T I 0]

W 1S, Gl 1SRy ()
- — B8 - ;

01 21982 f5— (s oo — H (B D)-
- B
WISl LU SRy GnS e )l

3) H(B)— H(B|D)=——— ¥ logy —&— — (= ¥ log, ———2 —
(3) H(B) - H(BID) = -7 El of — i ~ O El R KR

Wl 1S, Gl 1SRy GONS g () WL 1S Gl 1SRy ()
__L RB D RB _ 1 L_ .
=1 Lol e )T T e |SR§<xi>nsRD<xi>|-|U|‘H(B’D)'

Similarly, H(D) — H(D|B) = H(B; D).
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Thus H(B; D)= H(B)— H(B|D)=H(D)—- H(D|B). [

Example 3.16. For an IFDS (U, C U D), where U /D = {{x, x4, X7}, {X,,X5,X5, X9}, {x3,%4}}, and (U, C) is shown in Table 1, C =
{ay,a,,a3,a4,a5}. Pick A=|C|, By ={a;}, B, ={a;,a,,a3}, then the defined fuzzy entropies are computed as follows:

3
HD)=- Y Ztjog, T =1.5305.
k=1

9 IS, > (xp)l
By equation (3.6), H(B;) = —% > log, —+— =3.3128, H(B,)=1.5175, H(C) =0.7747;
i=1
9 IS e (Xi)ﬁSRD(Xi)I
By equation (3.7), H(DlBl)——— Zlogz IS - =] =1.1816, H(D|B,) =1.2891, H(D|C) =1.2813;
9 IS g & NSgp (<)
By equation (3.8), H(B; U D)= —% > log, IT =4.4944, H(B, U D) =2.8066, H(C U D) = 2.0560;
i=
S > S
9 | B(X)II Rp (%)l

By equation (3.9), H(B;; D)= =0.3489, H(B,; D)=0.2414, H(C; D) = 0.2492.

5 2 log, 1S GonSi, GaT9

Clearly, H(BU D)= H(B) + H(DlB) H(B; D) H(B)+ H(D)— H(BU D).
3.3. The influence of parameter A

It can be seen that the IF dominance relation introduced in Definition 3.2 and Definition 3.3 is crucial for defining the IF
dominance entropy. However, there is a parameter A in the IF dominance relation. In a dataset, if the number of attributes is larger,
the membership degrees of objects to the relation are smaller, the non-membership degrees are larger, and the values of IF dominance
entropy are larger. Next, we consider the influence of parameter 4 on the IF dominance entropy.

We apply the strategy of an increasing natural sequence as the value of parameter A in Definition 3.2 and Definition 3.3 to deduce
the computation of IF dominance entropy. The relationships between IF dominance entropies under different parameters are given
as follows.

Theorem 3.17. For an IFDS (U,C U D), B C C, an increasing natural sequence of numbers {4;|l = 1,2, -, s} is used as the value domain
of parameter A in Definition 3.2. When A= A, or A= A, the IF dominance entropies about B are recorded as H(B), and H(B),,,,
respectively; the IF dominance conditional entropies about D under B are recorded as H(D|B), and H(D|B),,,, respectively; the IF
dominance joint entropies about D with B are recorded as H(B U D); and H(B U D), ,, respectively; the IF dominance mutual information
about D with B are recorded as H(B; D), and H(B; D),,,, respectively. Then

(1) H(B),,; =log, = Lt + H(B),.

(2) H(D|B)4 = H(DIB),

(3) H(BU D), =log, ;—+[1 + H(BU D),
“4) H(BQD)H-I :H(B§D)1-

Proof. Let pij = [{a € Blu,(x;) = lla(xj) AVe(x) < Va(xj)} [, qij = [{a € Blu,(x;) = ﬂa(xj) Vv, (x;) < Va(xj)} [
. . = 1 =<
(1) According to equations (3.1) and (3.2), V x;,x; €U, when 1= 4, (R’;>),(xi,xj) =7 Pii> (RZ;),(x,-,xj) = Ai,q,-j;
z 1 < 1
when A=A, 1, (R4 (. X)) = TP (RG)41(xpo X)) = i Then

1 1 1 1 1 1
(Frvl=Fa)  (Fral-Fa0) (+piw 1=+ aio)
7 ; TP l=Tai ; ;
R L— et L L

> _ A
(RE)(x) = 21— = g
1 1 1
(r—=pi-l=7—41) (=P l=7—an) (A pilU|s ——q:w\)
(RIZ;)/+1(X'): 1+1 1+1 + 1+1 1+1 4o 4 1+1
X] X2 Xju|
Ul Ly +L Ul L p+-Lg
. > 4 ij 4 4ij T it g,
By equation (3.5), [(R3),(x)| = X % |(R N Gl=X %, ie.,

j=1 j=1

Ul Lp . 4Llg. U] Wl Ly st g U]

— TR R § Pij*dij _ Mgt Y A Y1 Pijtdij
1S (gz), (xol _El T TagTT 1SRz),,, X0l _El 2 Tha AT
Thus AI|S(RZ)[(xi)| = }'I+1|S(RZ)’H(XI')|» ie., |S(RZ)I+1(X,')| = (AI/AH'I)IS(RE), (xi)l-

U] IS(R?M(X,-)I L U] (/11//11+1)IS(R>> (xp)l

Based on equation (3.6), H(B),,| = — IUI Z log, T Z log, T

1S ), G
= \U\ Z(lOgZ I +10g2 T) 10g2 A +H(B)l
upposetat = ,vx; €U,
@S h UD {D,,-,D, D,}v, U
e (x) = Ry RpGix) R Gx)Rpixy) R G )R i)
DL :

X1 Xj Xlul
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V x; €U, when xi,xj;le D, (R’;)(xi,xj),RVD(xi,xj)) =(1,0);
when x;, x; & Dy, (R} (x;,x;), Rpy(x;,X;)) =EO, . 1
> V.
Y x;,x; €U, when A= 4, (Ry™)(x;,x;) = wPips (Rés)l(x[’xj) =79
= 1 < 1

when 4= 45y, (RE™) 4 (x;.x)) = L (R4 (. x)) = NEE Then

1 1 1 1

Sz, G = (i 1= 5417, Sz, D) = (piye 1 = 7=43p)-
1 1 1 1

So, when x;,x; € Dy, (S(Rf;)z(x") NS, x)(x;) = (T/Pijs 1- quij), (S(R§)1+1 (xp) N Sp, x)(x;) = (mpij, 1- mqu‘);
when x;.x; & Dy, (S, () N S, )67 = 0,1, (S(gz, | ()0 S, (xp)(x)) = (0. ).
Thus Alls(Ri)l(xi) n SRD(xi)l = A[+l lS(Rf;)Hl (Xi) n SRD(xi)l: ie, |S(R§)l+l (X,-) n SRD(xi)l = (/II/AI+1)|S(R§)I(XI') n SRD(xi)|~
According to (1), we have

lS(R§)1+1 ()l = (/1’//11+1)|S(R§)1(x")|'

DL S GonSrpGl UL /Al g, NSy Gl

i - s+ - B

By equation (3.7), H(DIB)iy1 =~ L loga IS gy, G o1 2108 G T IS e ol
= BI+1 i= (Rp)1

U] IS o=y (X)NSR, (x))]
L iy R0
Cowl igl tog2 ISz, (il = H(DIB),-

= ),

(3) According to Theorem 3.15, one has

H(BUD),,, = H(D|B),,, + H(B),,,= H(D|B), + log, A[Ttl + H(B),=log, ‘Q—*}‘ + H(BUD),.
(4) According to Theorem 3.15, one has

H(B;D),,, = H(D)— H(D|B),,,= H(D)— H(D|B), = H(B; D),. [J

Theorem 3.17 shows that the parameter A has no effect on IF dominance mutual information and IF dominance conditional

entropy, the IF dominance entropy under parameter A;,; and the IF dominance entropy under parameter A, display a linearity
relevance, the IF dominance joint entropy under parameter 4,,; and the IF dominance joint entropy under parameter A, display a
linearity relevance.

Example 3.18. (Continuation of Example 3.16) Pick A =|C|, 4, = |C]| + 1, we have

H(B,), =3.3128, H(B,), = 1.5175, H(C), =0.7747;
H(D|B,), = 1.1816, H(D|B,), = 1.2891, H(D|C), = 1.2813;

H(DU B)), = 44944, H(D U B,), = 2.8066, H(D U C), = 2.0560;

H(D; B,), =0.3489, H(D; B,), =0.2414, H(D;C), =0.2492.

H(B)),,, =3.5758, H(B,),,, = 1.7805, H(C),,, = 1.0377;
H(D|B));,, = 1.1816, H(D|B,),,, = 1.2891, H(D|C),,, = 1.2813;
H(DU B)),,, =4.7574, H(D U B,),,, =3.0696, H(DUC),,, =2.3190;
H(D; B)),,; =0.3489, H(D; B,),,, = 0.2414, H(D;C),,, =0.2492.

Since log, ’l—jl =0.2630, one can see that

H(B);,, =log, “1 + H(B),, H(D|B);,, = H(D|B),,
H(BU D), =log, ! + H(BU D),, H(B; D),,, = H(B; D),.

According to Theorem 3.17, the following corollary is easily obtained.

Corollary 3.19. For an IFDS (U,C U D) and {4,|l =1,2,+--,s}, a€ C — B, where B C C, we have

4.

(1) H(B),,, - H({a} U B),,, = H(B), — H({a} U B),.
(2) H(D|B),y; — H(D|{a} U B),;; = H(D|B), — H(D|{a} U B),.
(3) H(BU D),,, — H(({a} U B)U D),,; = H(BU D), — H(({a} U B)U D),.
4 H(B; D),y —H({a}U B; D), = H(B; D), — H({a} U B; D),.

Attribute reduction framework in intuitionistic fuzzy information systems

4.1. Attribute reduction framework

In attribute reduction, an attribute subset in IFISs may have the same observation of discernibility power as that of the raw

attribute set, which indicates that adding an attribute subset (or a new attribute) will not increase the discernibility power. From this
point of view, the relative reduction of IFDSs is given by Tan et al. [31].

Definition 4.1 ([31]). For an IFDS (U,C U D), B C C is a relative reduct of (U, C U D) iff

1. H(D|C)= H(D|B);
2.V be B, H(D|B) # H(D|(B - {b})).
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It can be seen from the above definition that each attribute in the relative reduct is jointly sufficient and independently necessary.
That is to say, the relative reduct is the minimal subset with the original entropy of the IFDS.

However, this attribute reduction method only considered the relevance (significance) of an attribute to the decision one by one,
ignoring the redundancies produced by selected attributes. Heretofore, Wang et al. [21] have proposed the maximizing independent
classification information method to reduce attributes. Based on the idea of maximizing independent classification information, we
construct an attribute reduction method by using IF dominance mutual information for IFDSs.

Before that, we give Algorithm 1 for calculating IF dominance mutual information.

Algorithm 1 Algorithm for calculating IF dominance mutual information.
Input: IFDS (U,Cu D), BCC.
Output: IF dominance mutual information H(B; D).

1: Initialize H(D|B)=0, H(D)=0, R4* = zeros(|U|), R;* = zeros(|U|);

2: Compute U/D ={D,,D,,--,D,};

3: for each a € B do

4 for each x, € U do

5 for each x; €U do

6: Let p=0, g=0;

7 if 41,(x;) > 1, (x;) and v,(x,) < v, (x;) then
8: p=p+1;

9: RIZ(x,,x,) = p/ICl;

10: end if

11: i 41,(5,) > ,(x;) OF v,(x,) < v, (x,) then
12: g=q+1;

13: R (x;,x;)=4q/|Cl;

14: end if

15: end for

16: end for

17: R’;‘Z(xl,xl) = R’;‘z(x,-,xj) + Rﬁ,"z(xi,xj), R;S(x“xj) = R;S(x,,xl) + RS (x;,x;);

18: end for
19: for each D, € U/D do
20: for each x; € U do

21: Lets=0,7=0;

22: for each x; €U do

23: s=5+Ry7(x.x) + Ry (x,.x));
24: if x;,x; € D, then

25: t=1+ Ry™(x.x) + Ry (x,.x));
26: end if

27: end for

28: end for

29:  H(D|B)= H(D|B) + (—(1/|U)logy(t/s)); H(D)= H(D)+ (=(ID,|/IUlog,(ID,|/IU));
30: end for

31: H(B; D)= H(D)— H(D|B);

32: return H(B; D).

Next, we introduce two kinds of the extended IF dominance mutual information.

Definition 4.2. For an IFDS (U,C U D), B, B, € C, B| N B, =, the joint IF dominance mutual information about D with B, and
B, can be defined as

H(B,B,;D)=H(B|;D)+ H(B,;D)— H(B, U B,; D). 4.1)
Obviously, H(By, B,; D) = H(B,, By; D).

Definition 4.3. For an IFDS (U,C U D), B;, B, C C, B| N B, =, the conditional IF dominance mutual information about D with B,
under B, can be defined as

H(B||B,; D)= H(B| UB,;D)— H(B,; D). (4.2)
Since the parameter 4 has no effect on IF dominance conditional entropy and IF dominance mutual information, the parameter A

has no effect on joint IF dominance mutual information and conditional IF dominance mutual information.
From Definition 4.2 and Definition 4.3, the following theorem is easily obtained.

Theorem 4.4. For an IFDS (U, C U D), if B| N B, =@, where B, B, C C, then
H(B; D)= H(B,|B,; D)+ H(By, B,; D). (4.3

10
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H(a;Ua;D)

H(ajfa;;D)

H(aj,a;;D)

H(a;Uaj)
Fig. 1. The relationship among IF dominance entropy and its variations.

Fig. 1 shows the relationship among IF dominance entropy and its variations. If there is a reduced (selected) attribute g;, the
relevance of attribute g; to decision D can be expressed by the IF dominance mutual information about a; with D, i.e., H(a;; D).
For a candidate attribute (attribute to be reduced) a;, the relevance of attribute a; to decision D is H(a;; D). However, it can
be seen from Fig. 1 that there exists redundant information between a; and a ;> 1e, H(a;a;;D). Based on this, the independent
classification information (ICI) of a; and a ; relative to D can be represented by the conditional IF dominance mutual information,
ie, ICI(a;;a;;D)=H (a;la ;3 D)+ H(a jlai;D). Assume that the candidate attribute is a;, and there is no redundant information
between g; and a, then ICI of g; and g, relative to D is ICI(a;;a;; D)= H(a;|ay; D)+ H(ay|a;; D) = H(a;; D)+ H(ay; D).

For an IFDS (U,C U D), a;€C—-Bisa candidate attribute, where B = {a;,a,, - ,aj_l} is the reduct set. Then ICI of a; and B
relative to D can be defined as

Y, ICI(a;;a;;D)= Y (H(a;la;; D)+ H(ajla;; D)). 4.4)
a,€EB a,€EB

According to the idea of max-relevance and max-independent [21], the attribute reduction criterion can be designed as below.

Definition 4.5. For an IFDS (U,C U D), a; € C — B is a candidate attribute, where B = {a;,a,, - ,aj_l} is the reduct set. Define

Siga;. D, B)=H(a;:D)+ Y, ICI(a;a;; D). (4.5)
a;,€EB

Sig(a;, D, B) is called the significance of a; for D relative to B. If B =, then Sig(a;, D, B)= H(a;; D).

The criterion for reducing attributes is to find the attribute a ; that maximizes significance Sig(a ;» B, D), when Sig(a ;. B, D) is
bigger, it means that a; is more important for D relative to the reduct set B.

Obviously,
Sig(a;, D, B)=H(a;; D) + Z ICI(a;;a;; D)= H(a;; D) + Z(H(ailaj;D)+H(aj|a,-;D))
a;,€EB a,€EB
=H(a;; D)+ Z(H(aiUaj;D)—H(aj;D)+H(ajUa[;D)—H(a,-;D)) (4.6)
a;,€B

=(1-|BDH(a;: D)+ Y (2H(4; Ua;; D) - H(a;; D).

a,€EB

Next, we give a heuristic attribute reduction algorithm for IFDSs in Algorithm 2.

Algorithm 2 Heuristic attribute reduction algorithm for IFDSs.
Input: IFDS (U,C U D).
Output: An attribute reduction subset B.
: Initialize B=§, H(B; D) =0;
: Compute H(C; D) on the basis of Algorithm 1;
: while |H(B; D) - H(C; D)| > a do
for each be C — B do
Compute Sig(b, D, B) by equation (4.6);
end for
Find b’ maximizing Sig(b, D, B) and the front attribute is selected if the maximum value corresponds to multiple attributes;
B=Bu{b};
Compute H(B; D) on the basis of Algorithm 1;
: end while
: return B.

O PN THwh

—
= o

11
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Table 2
Medical evaluation system.

U a a, az a, as ag

Xy (0.9,0.1) (0.5,0.0) (0.9,0.0) (0.6,0.1) (0.4,0.5) (0.5,0.4)
X, (0.4,0.5) (0.2,0.7) (0.1,0.6) (0.3,0.6) (0.5,0.0) (0.4,0.1)
X3 (0.5,0.3) (0.6,0.3) (0.6,0.2) (0.5,0.4) (0.3,0.5) (0.5,0.3)
Xy (0.5,0.4) (0.5,0.4) (0.6,0.3) (0.6,0.4) (0.4,0.4) (0.7,0.1)
X5 (0.7,0.2) (0.6,0.1) (0.7,0.1) (0.5,0.1) (0.8,0.1) (0.7,0.2)
X¢ (0.4,0.1) (0.3,0.5) (0.3,0.3) (0.2,0.6) (0.2,0.3) (0.3,0.0)
X7 (0.6,0.2) (0.6,0.3) (0.6,0.4) (0.8,0.2) (0.3,0.4) (0.5,0.3)
Xg (0.5,0.1) (0.5,0.3) (0.6,0.3) (0.4,0.3) (0.5,0.3) (0.4,0.4)
Xg (0.2,0.5) (0.2,0.6) (0.4,0.5) (0.1,0.8) (0.1,0.2) (0.1,0.3)
X10 (0.9,0.0) (0.7,0.1) (0.8,0.1) (0.9,0.0) (0.1,0.8) (0.8,0.1)

PO OPEEOR>|O

Strictly speaking, the termination condition in Algorithm 2 should be |H(B; D) — H(C; D)| > 0, but in most cases, H(B; D) and
H(C; D) are difficult to equal because of the existences of imprecision and inaccuracy. Moreover, a large number of experiments
show that there is a slight difference between the value H(B; D) and the value H(C; D) when a currently better attribute subset B
is obtained in attribute set C. In view of this reason (problem), we relax the condition of attribute reduction and consider the soft
attribute subset reduction: |H(B; D) — H(C; D)| > a, where « is a threshold to allow the possibility of a near miss for the search
strategy.

In Algorithm 1, the time complexity is not more than O(|U|?|C| + |U/D||U |?). In Algorithm 2, the complexity of step 5 for com-
puting the significance can be done in O(|U|?|C|?). Hence, steps 3-10 can be done within O(| B|(|U|?|C| + |U/DI||U|* + |U|*|C|?)).
To summarize, the time complexity of Algorithm 2 is not more than O(|U|?|C|?|B|).

4.2. Illustrative example

The attribute reduction method in IFISs, which can be used to directly reduce attributes of IF data, has been presented above. It is
worth noting that an increasing number of real-world problems are being described in terms of IF numbers. IF set is introduced into
data environment analysis to form IF data environment analysis [38]. IF neural network is generated by combining IF set and neural
network [39]. IF set is used to describe IF time series generated by time series data [40]. An IF data-driven product ranking model
is established based on emotion analysis and IF set [41]. Additionally, multi-attribute decision-making methods are constructed in
various fields by using IF information [42].

Furthermore, incomplete data is prevalent in reality due to measurement failure, omission, and storage loss. Processing incomplete
data is a crucial task. IF sets offer an alternative approach for handling incomplete data. Membership and non-membership can be
assigned to missing values to realize the filling of missing values, which can enhance the similarity of samples of the same category
and the difference of samples of different categories, so that the problem of incomplete data can be dealt with more effectively and
accurately.

An example is given below to illustrate the method proposed in the article.

Example 4.6. Consider a real case of medical evaluation system from [43], represented in Table 2, where U = {x, x5, -+, X} repre-
sents ten hospitals from different regions. C = {a;,a,, a3,a,, a5, aq} is composed of six evaluation indexes, where g;(i = 1,2,3,4,5,6)
represents equipment, service level, technical level, management level, treatment direction, and hospital scale, respectively. The
value of the decision attribute A, B, C represents the final level in this evaluation. We take the value a =0.17 in Algorithm 2 for
illustration.

First, initialize the set of attribute reduction to the empty set, i.e., B=0.

According to Algorithm 1, H(C; D) =0.3278.

For each attribute g; in C, calculate the significance Sig(q;, D, ?):

Sig(ay, D,¥) = H(ay; D)=0.4077, Sig(a,, D,¥) =0.4761, Sig(az, D,#) = 0.5029,

Sig(ay, D,¥) =0.4403, Sig(as, D,¥) =0.2588, Sig(as, D,#) = 0.0988.

Obviously, Sig(as, D,®) is the maximum, so attribute a5 is selected to add to set B, i.e., B={a3}. And H(B; D) =0.5029.

Then, for each attribute a; in C — {a3}, calculate the significance Sig(aq;, D, {a3}):

Sig(a;, D,{a3})=2H(a; Uas; D) — H(ay; D) =0.4251, Sig(a,, D, {a3}) =0.5059,

Sig(ay, D, {a3}) =0.4699, Sig(as, D, {ay}) =0.0879, Sig(aq, D, {az}) =0.0974.

Sig(a,, D, {as}) is the maximum, so attribute a, is added to set B, i.e., B={a,,a3}. And H(B; D) =0.5044.

Next, for each attribute a; in C — {a,, a5}, calculate the significance Sig(a;, D, {a,,a3}):

Sig(ay, D,{ay,a3}) =2H(a, Ua,; D) — H(ay; D)+ 2H(a; Uas; D) — H(as; D) — H(ay; D) =0.4264,

Sig(ay, D, {ay,a3}) =0.4949, Sig(as, D, {a,,as}) = —0.0702, Sig(ag, D, {ay,a3}) =0.0774.

Sig(ay, D, {a,,a3}) is the maximum, so attribute a, is selected to add to set B, i.e., B={a,,a3,a4}. And H(B; D) =0.4912.

At this moment, |H(B; D) — H(C; D)| =0.4912 — 0.3278 =0.1634 < 0.17 = «, the algorithm terminates.

So, attribute reduction subset B = {a,,a3,a4}.
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Table 3
Description of data.

No. Datasets Objects Attributes Class
1 wine 178 13+1 3
2 heart 270 13+1 2
3 australian 690 14+1 2
4 segment 2310 18+1 7
5 waveform 5000 21+1 3
6 wdbc 569 30+1 2
7 ionosphere 351 33+1 2
8 soner 208 60+1 2
9 hillvalley 1212 100+1 2
10 musk2 707 166+1 2
11 featMIAS 322 280+1 4
12 Yale 165 1024+1 15
13 ORL 400 1024+1 40
14 colon 62 2000+1 2
15 srbet 83 2308+1 4
16 web 149 2556+1 5
17 arcene 200 10000+1 2
18 orlraws10P 100 10304+1 10
19 CLL_SUB_111 111 11340+1 3
20 MLL 72 12582+1 3
21 GLI 85 85 22283+1 2

5. Experimental analysis
This part presents some experiments to evaluate the performance of the proposed method.
5.1. Experiment preparation

We compare the raised method (IFDMI) based on IF dominance mutual information with several existing reduction methods: the
fuzzy boundary region-based method (FBR) [44], the fuzzy positive region-based method (FPR) [45], the IF positive region-based
method (IFPR) [30] and the IF conditional entropy-based method (IFCE) [31]. The datasets, which come from the UCI repository
of machine learning databases, the ASU feature selection datasets and the Keng Ridge Bio-medical (KRBM) Data Set Repository,
employed in this part, are summarized in Table 3.

Before the experiments, we need to pre-process the above datasets to form the IF datasets. For a decision system (U,C U {d})
formed by a dataset, V x € U and a € C, fuzzify the information values:

a(x)—mina(x;)
(a(x)) = :

It is known that each attribute of an information system can generate a fuzzy relation. In a generated fuzzy information system,

the fuzzy similarity relation between objects x; and x; under attribute a can be calculated by:
R, (x;, xj) =1- |(a(x[))/ - (a(xj))/l-

Each attribute in a fuzzy information system corresponds to a fuzzy set on the object set. By combining the fuzzy set formed by
attribute a and the fuzzy relation induced by this attribute, we can construct a fuzzy rough set:

R,(a)(x;) = inf ((1- Ru(x,-,xj)) \Y, a(xj)), R, (a@)(x;) = sup (Ra(xi,xj) A a(xj)).
—_ x; €U x; €U

In rough sets, the positive region is the set of elements in U that definitely belong to subset X of U based on knowledge R, while
the negative region is the set of elements in U that definitely do not belong to subset X based on knowledge R. In fuzzy rough sets,
the positive region refers to the degree to which an element x; must belong to fuzzy set a, and the negative region refers to the
degree to which an element x; must not belong to fuzzy set a. Thus, we can construct an IF set a on the object set U:

Ha(xX) = Ry(a)(x), v,(x) =1 = R,(a)(x),

where v,(x) and p,(x) mean the non-membership degree and membership degree of x to a, respectively, and p,(x) + v,(x) € I,
clearly.

In this way, each conditional information value a(x) in original decision system (U,C U {d}) is transformed into IF information
value (p,(x), v, (x)).

The parameter « is used to terminate the main loop in Algorithm 2. For a given dataset, generally speaking, the number of the
selected attributes increases if the value of the parameter a decreases. As suggested by Wang et al. [46], the parameter « is usually
fixed at 0.01 for high-dimensional datasets and fixed at 0.001 for low-dimensional datasets.

The attribute reduction subsets of all datasets can be obtained using different attribute reduction methods. The corresponding
classification accuracies of these subsets are then calculated by classifiers. In this part, the k-nearest-neighbor rule (KNN, K= 3) and
the tree-based J48 (C4.5) classifiers are used to check the classification performances of these attribute reduction subsets, and the
10-fold cross-validation technique is adopted.

max a(x;)—mina(x;)
1 1
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Table 4
The attribute numbers of reduct sets.

Datasets FBR FPR IFPR IFCE IFDMI
wine 9 11 6 5 6
heart 11 11 8 9 6
australian 10 10 8 9 8
segment 9 12 8 6 11
waveform 14 15 11 12 14
wdbc 24 21 17 19 13
ionosphere 11 27 28 3 10
soner 20 17 13 19 25
hillvalley 24 14 16 21 16
musk2 20 26 21 20 13
featMIAS 28 31 23 20 17
Yale 219 203 67 146 83
ORL 154 172 71 135 58
colon 8 7 6 8 5
srbet 216 181 67 40 31
web 29 43 132 34 38
arcene 22 19 16 15 12
orlraws10P 12 16 14 11 8
CLL_SUB_111 8 12 24 19 15
MLL 6 8 7 6 6
GLI_85 7 5 12 10 7
average 41.00 41.00 27.38  27.00 19.14
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Fig. 2. The ratios of reduced attributes for each dataset.

5.2. Results and analysis

Table 4 displays the attribute numbers of reduct sets using the proposed method and the four compared methods for each
dataset. The table shows that all five methods can decrease the size of attribute subsets, indicating their effectiveness in reducing
redundant attributes. This effect is particularly noticeable on high-dimensional datasets. Such as MLL and GLI_85 datasets, the
reduction obtained by all methods is at least 99.94% lower in dimensionality and can even reach 99.98%. As to orlraws10P dataset,
method IFDMI reduces attribute set to 8 attributes while the other four methods reduce to at least 16 attributes. In the reduction
of low dimensional datasets, it is more obvious that method IFDMI is better than the other four methods, such as wdbc and musk2
datasets. The attribute number of reduct sets on average by method IFDMI is 19.14, which is smaller than those by the other four
methods. Overall, the proposed method is the most effective of the five methods. Moreover, the reduction rates of attribute sets of the
five methods are drawn in Fig. 2, where the ordinate is the ratio of attribute numbers of reduced attributes and original attribute set
on each dataset and the abscissa means the sequence number for 21 datasets. Although method IFCE can get the smallest reduction
on wine, segment and ionosphere datasets, the curve depicted by method IFDMI is in most cases higher than those of the other four
methods. Therefore, when it comes to reducing the size of data, the proposed method outperforms the four compared methods.

Table 5 and Table 6 display the classification performances of all five methods tested by KNN (K= 3) and C4.5, respectively.
The highest classification accuracies in all reduct sets are shown in bold. It can be observed that, in most cases, the classification
accuracies of all five methods can be improved or maintained when compared with the raw datasets. The improvement is even
significant in many cases. For example, on CLL_SUB_111 dataset with respect to KNN, the best accuracy obtained by method IFDMI
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Table 5
The classification accuracies of reduct sets on KNN.

Datasets Original data FBR FPR IFPR IFCE IFDMI

wine 94.94 +4.12 97.75+2.76 96.07 +3.75 94.38 +4.87 96.07 +4.37 94.94 +5.24
heart 80.00 + 23.65 80.74 £22.54  80.37+23.04 8444+2156 80.00+23.22  83.70+19.98
australian 8522+19.07 8246+21.53 8449+19.09 8275+21.72 8522+1942  87.39+20.64
segment 96.06 +1.38 96.10 + 1.43 96.10 + 1.38 95.93 +1.53 95.37+1.63 96.67 +1.24
waveform 80.24+ 1543  76.88+18.69  79.28+16.62  78.10+16.78  81.22+14.64  77.53 +18.63
wdbe 96.84 +4.75 96.66 +4.98 97.19 +4.92 96.13 +5.51 97.01 +4.80 95.96 +5.33
ionosphere 8490+ 1527  87.18+12.69  87.18+13.85 83.76+1584 87.46+14.06 88.89+11.67
soner 86.06+1599 8798+1583 8558+17.26 86.06+18.54  85.07+19.34 8510+ 17.58
hillvalley 5470+47.53  52.64+48.87 5446+4659 54214772 5347+48.19  5586+4585
musk2 92.65+11.39  91.65+847 90.66+11.54  91.94+1090 88.40+13.16  92.93+10.36
featMIAS 71.43+17.53  63.98+19.34  63.04+20.16 57.76+24.13 624242037 71.74+17.84
Yale 63.03 +6.14 52.73+7.23 52.12+7.42 40.61 +8.80 5515+6.97 43.64 +8.14
ORL 90.00 +0.95 76.75 + 1.69 79.50 + 1.47 80.75+1.44 82.50+1.23 83.25+1.32
colon 75.81 +27.15 8226+19.72  8387+17.59  79.03+21.31 87.10+17.06  83.87 +25.56
srbet 80.72+12.69  79.52+12.69  84.34+11.51 7831+13.09  100.00+0.00 86.75+8.75
web 38.26 +25.41 53.69+21.69  55.03+20.55 34.23+2698  49.66+2042  57.05+18.41
arcene 87.00+ 1895  74.00+31.07  72.00+32.07 76.50+25.59  80.50+24.26  82.50+23.93

orlraws10P 95.00+2.12 90.00 +3.02 94.00 +2.76 86.00 + 3.66 93.00 +2.57 93.00 +2.44
CLL_SUB_111 56.76 £30.17  67.57 £26.21 71.17+20.86  66.67+25.22  66.67 +25.81 72.07 £23.43

MLL 81.94+13.44 9583+554 86.11+1223  88.89+9.79 89.17 +8.30 90.28 +11.01
GLI 85 85.88+17.54  90.59+12.48  92.94+8.60 91.76 +£10.54  83.53+19.48  91.76 +10.54
average 79.88+15.75  79.86+15.17 80261492  77.53+1598 8090+ 1473  81.66 + 14.66
Table 6
The classification accuracies of redut sets on C4.5.

Datasets Original data FBR FPR IFPR IFCE IFDMI

wine 93.82 +4.86 94.38 +4.49 94.38 +4.53 91.57 +6.58 93.82 +5.45 96.63 +2.93
heart 76.30+28.06  78.52+25.67 7593+2939  78.15+26.06  7889+2787  78.00+25.66
australian 86.09+19.38  85.65+19.43  85.80+20.00 8420+20.74  8551+2029  85.36+20.49
segment 96.62 +1.10 96.10 + 1.27 96.23 +1.20 9472 +1.72 9597 +1.29 96.80 +1.04
waveform 759241692  7424+1940 76.68+1686 76301773  7642+1720  76.96 +17.34
wdbc 94.02 +6.58 9420+ 6.55 94.90 +5.91 93.67 +7.36 94.73 +6.12 95.43 +547
ionosphere 90.60 +9.57 92.02 +9.87 92.31+8.75 90.88 +10.57  90.03+1594  92.59+941
soner 71.15+28.63  73.56+27.82 7740+2332 72.60+27.07 72.60+27.54  74.04+27.94
hillvalley 49.65+50.00  49.67+50.00 49.67 +50.00  49.67 +50.00  49.67 +50.00  49.67 +50.00
musk2 88.68 +11.75  90.52+11.21 89.53+11.44 90.81+10.87 87.84+1395 89.82+12.68
featMIAS 69.25+15.89  60.25+19.65 62.11+20.17 57.45+2506 67.08+17.40 67.70 +17.62
Yale 48.48 +7.13 44.85+7.41 46.06 +7.38 39.39 +8.47 43.64 +7.55 47.27+7.59
ORL 58.75+2.12 59.00 +2.16 56.25 +2.28 54.50 +2.36 55.75+2.29 58.75+2.14
colon 8226+ 1827  8387x17.09  77.42+26.51 83.87+17.09 75.81+26.85  87.10+19.58
srbet 84.34 +8.30 85.54+7.42 91.57 +4.76 7229+ 14.06  87.95+6.73 7590+ 12.74
web 51.68+19.67  50.34+21.10  53.69+19.09 37.58+25.85  51.68+20.06 61.75+15.36
arcene 81.00+19.29  69.00+35.55 69.00+3536 72.00+31.98 71.50+31.54  70.50+31.01

orlraws10P 75.00 +5.00 72.00 +5.68 74.00 +5.88 75.00+5.51 80.00 +4.22 78.00 +4.70
CLL_SUB_111 59.46+26.79  62.16+25.12  63.97 +26.51 60.36 £26.30  58.56+29.09  65.77 +27.24

MLL 84.72 +10.61 88.89 +10.15 87.50+11.55 86.11+10.53  91.67 +6.75 87.50 +9.69
GLI_85 74.12+£25.63  8941+12.14  81.18+21.49 8824+13.70  78.82+21.21 84.71 +17.46
average 7581 +£1598 7591 +16.15 7598 +16.78  73.78 +17.12  75.62+17.11 77.15+16.10

exceeds the raw data with a margin of 15.31%. On web dataset with respect to C4.5, the best accuracy obtained by method IFDMI
exceeds the raw data with a margin of 10.07%. It is important to note that in some cases, reducing the number of attributes using
reduction methods may result in a decrease in accuracy compared to the raw data. On orlraws10P dataset with KNN, the accuracy of
the raw data is 95.00%, whereas that of the reduced data by method IFDMI is 93.00% with a margin of decrease of 2.00%. However,
it is more satisfactory that there is a dimension decrease of 99.92% by the reduction method. Moreover, it is observed that there are
10 classification accuracies of the reduct sets obtained by method IFDMI are higher than or equal to those obtained by other four
methods on KNN, and method IFDMI outperforms the other four methods 11 times on C4.5. In addition, the average performance
of method IFDMI is higher than that of other four methods on KNN and C4.5. Fig. 3 also displays the classification accuracies on
KNN and C4.5. It is obvious that method IFDMI has obtained superior classification results on most datasets. As a consequence, the
performance of the presented method is relatively good in comparison to the other four methods.

The reasons can be explained by the following aspects. Firstly, the proposed IF dominance relation is based on IFISs, and the
attribute values of the sample are IF numbers, which ensures that our method can deal with IF data directly and is conducive to
processing IF data. Secondly, the proposed relation is an IF relation, it can maintain both the maximal degrees of samples’ membership
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Fig. 3. The classification accuracies on KNN and C4.5.
Table 7
Statistical test of five methods under KNN and C4.5.
Classifiers Mean rankings )(12_, Fp
FBR FPR IFPR IFCE IFDMI
KNN 3.2381 2.8095 3.8095 3.0238 2.1190 12.8095 3.5987
C4.5 2.9762 2.7381 3.9048 3.3095 2.0714 15.5048 4.5273

to their own classes and non-membership to other classes, and thus can guarantee the maximum rate of correct classification and the
minimum rate of error classification simultaneously. Thirdly, we consider the dominance degrees and the non-dominance degrees
between the pairs of samples under attributes, which can better distinguish samples. For each attribute in the attribute subset, its
proportion of all attributes is considered under the dominance degrees, so that the role of each attribute can be reflected to the
greatest extent.

5.3. Statistical tests

In order to further study whether there are striking differences in the classification accuracies of each classifier under all compared
methods, Friedman test was performed from a statistical point of view to test the validity of the presented method. After that, the
corresponding Bonferroni-Dunn test was also performed.

Friedman test is shown [47] as

»_ 12N k(k+1)2 _ (N =Dy
Ar = k(k+l)(2 T NUe- D=2

where N and k mean experimental datasets and the number of methods, respectively; Fr means a F-distribution under (k — 1) and
(k — )(N —1) freedom degrees, R; = Zfi 1 7;i/ N is the average ranking of the jth method in all datasets, and r;; is the ranking of
the jth method under the ith dataset.

If the baseline of Bonferroni-Dunn test is called critical difference (CD), then the expression of CD is [48]

k(k+1)
6N

where o means the significance level, g, means a critical value [48].

Let « = 0.1. If the performances of all methods are tantamount, then the critical value of F(4,4 * 20) is 2.0160, the critical value
of g is 2.4590, and CD = 1.1999.

For those five attribute reduction methods, the null hypothesis of Friedman test can be built if the classification accuracies of
all methods are equal. Based on the classification accuracies of twenty-one datasets shown in Table 5 and Table 6, one can easily
calculate the rankings of five methods, and obtain their mean rankings under KNN and C4.5. The results, those calculated for the
values of )(% and Fp, are represented in Table 7.

It is evident from Table 7 that two Friedman statistical values both exceed 2.0160, indicating that the original hypothesis is not
accepted. That is to say, all methods have striking differences in the performance.

CD,=q

a o
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Fig. 4. Comparisons of accuracies with five methods under KNN and C4.5.

To make a more objective and intuitive comparison of the differences among several methods, the methods with no obvious
difference are connected by the graph proposed by Demsar and Schuurmans [48]. These graphs can clearly illustrate the critical
values among all methods. Fig. 4 shows the comparisons of accuracies with five methods under KNN and C4.5, where the critical
value is shown as the top line, the mean ranking of each method is represented by coordinate axis, and the closer to the right-hand
side, the higher the average ranking. Besides, the methods with no striking difference in the performance are connected by horizontal
lines.

We can see from Fig. 4 that the striking differences of five methods are obvious. In Fig. 4, IFMDI performs obviously better than
IFPR under KNN and C4.5. IFDMI is at the top in the rankings although there is no striking difference among IFDMI, FPR, IFCE and
FBR. In summary, the introduced method is overall superior to the other four methods.

6. Conclusions

Intuitionistic fuzzy information system (IFIS) is an extension of fuzzy information system that can represent more uncertain
information and more accurately describe the essence of fuzziness. When the entropy measurement of uncertainty is used to study
attribute reduction in IFISs, intuitionistic fuzzy (IF) conditional entropy only considers the relevance (significance) of an attribute
to the decision one by one, ignoring the produced redundancies of selected attributes. With that in mind, the article proposes an
attribute reduction method based on IF dominance mutual information for IFISs. The IF dominance relation is defined based on
IF dominance degree. The IF dominance entropy and its variations are constructed in view of IF dominance relation, and some
of their properties are discussed. Based on IF dominance mutual information, an attribute reduction method and its algorithm are
proposed. Furthermore, some experiments to evaluate the performance of the proposed method are presented. The proposed method
is efficacious and applicable for IFISs, which is clearly shown by theoretical research and experimental analysis. These results will
contribute to the analysis and processing of IF data.

The proposed method aims to reduce attributes in IFISs. However, its scalability is limited as it only targets IF data. It cannot
directly process general data unless it is preprocessed to be in IF format. The IF dominance relation defined in the article is relatively
complex, which leads to the complexity of the computation of IF dominance mutual information, and thus affects the scalability
of the algorithm for calculating IF dominance mutual information. Besides, the proposed attribute reduction method only considers
the redundancy among the attributes to be selected and the selected attributes, without taking into account the redundancy among
the selected attributes. In the future, we will try to simplify the IF dominance relation or construct a simple IF relation, while also
considering the redundancy among the selected attributes.
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