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Abstract. In practical situations, there are many definitions of relative
reducts with respect to different criterions, but researchers don’t notice
their application backgrounds, and less efforts have been done on investi-
gating the relationship between them. In this paper, we first discuss the
relationship between these relative reducts and present the generalized
relative reduct. Then we investigate the relationship between several dis-
cernibility matrixes and present the generalized discernibility matrix and
discernibility function. Finally, we employ several examples to illustrate
the related results accordingly.
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1 Introduction

Rough set theory [20], the theoretical aspects and applications of which have been
intensively investigated, is a useful mathematical tool for knowledge acquisition
of information systems. Originally, Pawlak’s rough set theory was constructed
on the basis of an equivalence relation, and it has been developed by extending
the equivalence relation to the tolerance relation, similarity relation and so on.
Until now, rough set theory has successfully been applied in many fields such as
granular computing, pattern recognition, data mining, and knowledge discovery,
with applications increasingly being adopted in the development of rough set
theory.

In rough set theory, attribute reduction [1–6,8–17,19,21,22,24,27–37,39–
41,43] plays an important role in classification and feature selection, and a reduct
is interpreted as a minimal set of attributes that can provide the same descrip-
tive or classification ability as the entire set of attributes. Many attempts have
been done on attribute reduction of consistent and inconsistent information sys-
tems. On one hand, many concepts of reducts have been proposed for attribute
reduction with respect to different criteria. For example, Chen et al. [1] pre-
sented the concept of reduct for consistent and inconsistent covering decision
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information systems with covering rough sets. Jia et al. [6] introduced the gener-
alized attribute reduct of information systems in rough set theory. Kryszkiewicz
et al. [7] focused on boundary region reduct of decision information systems.
Mi et al. [17] proposed the concepts of β lower and β upper distribution reducts
of information systems based on variable precision rough set model. Miao et al.
[18] presented relative reducts in consistent and inconsistent decision informa-
tion systems. Pawlak et al. [20] proposed the concept of positive region reduct
of decision information systems. Qian et al. [22] provided the concepts of the
lower and upper approximation reducts of decision information systems. Slezak
et al. [23] studied decision reduct of decision information systems. Zhao et al. [42]
presented a general definition of an attribute reduct. Zhang et al. [40] proposed
the concept of assignment reducts and maximum assignment reducts for decision
information systems. In practical situations, different reducts are equivalent to
each other in consistent decision information systems, but they are not equiv-
alent in inconsistent decision information systems. For example, the boundary
region of a consistent decision information system is empty, and the positive
region reducts are equivalent to boundary region reducts in consistent decision
information systems, but they are not equivalent to each other in inconsistent
decision information systems since the boundary regions of inconsistent deci-
sion information systems are not empty. Therefore, we only need to consider
one of the positive region reducts and boundary region reducts in consistent
information systems, and we need to consider the positive region reducts and
boundary region reducts simultaneously in inconsistent information systems. But
researchers usually utilize the concepts of relative reducts without considering
their application backgrounds and many efforts have been paid to useless work.
Therefore, it is urgent to discuss the relationship between them.

On the other hand, many methods [1,7,9,11,14,17–19,23,25,26,38,39] have
been proposed for constructing relative reducts of decision information systems.
For example, Kryszkiewicz et al. [7] provided the notion of discernibility matrix
and discernibility function for computing decision reducts. Leung et al. [11]
investigated dependence space-based attribute reduction in inconsistent deci-
sion information systems. Li et al. [14] studied quick attribute reduction in
inconsistent decision information systems. Miao et al. [18] presented the gener-
alized discernibility matrix and discernibility function of three types of relative
reducts. Meng et al. [19] studied extended rough set-based attribute reduction in
inconsistent incomplete decision systems. Slezak et al. [23] introduced the notion
of discernibility matrix and discernibility function for constructing distribution
reducts. Skowron et al. [25] proposed the concept of the classical discernibility
matrix and discernibility function for constructing relative reducts of decision
information systems. Yao et al. [37] investigated discernibility matrix simplifica-
tion for constructing attribute reducts. Ye et al. [38] also presented the notion
of discernibility matrix and discernibility function for calculating positive region
reducts. Clearly, the discernibility matrix and discernibility function are effec-
tive and feasible to construct attribute reducts of decision information systems.
In practice, there are several types of discernibility matrixes and discernibility
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functions, and we need to propose the generalized discernibility matrix and dis-
cernibility function for constructing relative reducts of decision information sys-
tems.

The rest of this paper is organized as follows: Sect. 2 briefly reviews the
basic concepts of rough set theory. In Sect. 3, we investigate the relationship
between relative reducts and present the generalized relative reduct. In Sect. 4,
we review several discernibility matrixes and discernibility functions and present
the generalized discernibility matrix and discernibility function. We conclude the
paper in Sect. 5.

2 Preliminaries

In this section, we review some concepts of rough set theory.

Definition 1. [20] An information system is a 4-tuple S = (U,A, V, f), where
U = {x1x2, ..., xn} is a finite set of objects, A is a finite set of attributes, V =
{Va|a ∈ A}, where Va is the set of values of attribute a, and card(Va) > 1, f is
a function from U × A into V .

For convenience, we take S = (U,C∪D) and f(x, a) = a(x) for x ∈ U and a ∈
C ∪D in this work, where C and D denote a non-empty finite set of conditional
attributes and a non-empty finite set of decision attributes, respectively.

Definition 2. [20] Let S = (U,C ∪ D) be an information system, and B ⊆ C.
Then an indiscernibility relation IND(B) ⊆ U × U is defined as IND(B) =
{(x, y) ∈ U × U |∀a ∈ B, a(x) = a(y)}, where a(x) and a(y) denote the values of
objects x and y on a, respectively.

If (x, y) ∈ IND(B) for x, y ∈ U , then x and y are indiscernible based on
the attribute set B. We can receive a quotient set which is called the family
of equivalence classes or the blocks of the universe U by IND(B), denoted as
U/B = {[x]B |x ∈ U}. Moreover, if IND(C) ⊆ IND(D), then S is called a
consistent information system. Otherwise, it is inconsistent.

Definition 3. [20] Let S = (U,C ∪ D) be an information system, and B ⊆ C.
For any X ⊆ U , the lower and upper approximations of X with respect to B are
defined as RB(X) =

⋃{[x]B |[x]B ⊆ X} and RB(X) =
⋃{[x]B |[x]B ∩ X �= ∅}.

By Definition 3, we have the positive region, boundary region and negative
region of X ⊆ U as follows: POSR(X) = R(X), BNDR(X) = R(X) − R(X)
and NEGR(X) = U − R(X). Furthermore, we have the positive region and
boundary region of D as follows: R(D) = POSR(D) =

⋃|U/D|
i=1 R(Di), R(D) =

⋃|U/D|
i=1 R(Di) and BNDR(D) = R(D) − R(D), and the Confidence of the rule

[x]B → Di is defined as Confidence([x]B → Di) = |[x]B∩Di|
|[x]B | = P (Di|[x]B),

where U/D = {Di|1 ≤ i ≤ r} and | • | denotes the cardinality of •.
In a consistent decision information system, the boundary region is empty,

but it is not empty in an inconsistent decision information system.
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Table 1. An inconsistent decision information system.

c1 c2 c3 c4 c5 c6 d

x1 0 0 0 1 1 0 0

x2 1 0 0 1 1 0 1

x3 1 1 0 1 1 0 1

x4 1 1 0 1 1 0 1

x5 1 1 0 1 1 0 0

x6 1 1 0 1 0 1 0

x7 1 1 0 1 0 1 1

x8 1 1 0 1 0 1 1

x9 1 1 0 0 0 1 0

x10 1 1 0 0 0 1 1

x11 1 1 0 0 0 1 1

x12 1 1 0 0 0 1 1

x13 1 1 0 0 0 1 1

x14 1 1 1 0 0 1 1

x15 1 1 1 0 0 1 2

Example 1. Let Table 1 be an inconsistent decision information system S =
(U,C ∪ {d}), C = {c1, c2, ..., c6}, U/d = {D1,D2,D3}, D1 = {x1, x5, x6, x9},
D2 = {x2, x3, x4, x7, x8, x10, x11, x12, x13, x14}, D3 = {x15}. By Definition 3,
we have R(D) = {x1, x2, x3, x4, x5, x6, x7, x8, x9, x10, ..., x13, x14, x15} and
R(D) = {x1, x2}. Therefore, we obtain BNDR(D) = {x3, x4, x5, x6, x7, x8, x9,
x10, ..., x13, x14, x15} and the partition {{x3, x4, x5}, {x6, x7, x8}, {x9, x10, ...,
x13}, {x14, x15}} of BNDR(D).

Definition 4. [18] Let S = (U,C ∪ D) be an information system, and B ⊆ C.
Then the relative indiscernibility and discernibility relations defined by B with
respect to D are defined as follows:

IND(B|D) = {(x, y) ∈ U × U |∀c ∈ B, c(x) = c(y) ∨ d(x) = d(y)};
DIS(B|D) = {(x, y) ∈ U × U |∃c ∈ B, c(x) �= c(y) ∧ d(x) �= d(y)},

where c(x) and c(y) denote the values of objects x and y on c, respectively.

By Definition 4, the relative indiscernibility relation is reflexive, symmetric,
but not transitive; the relative discernibility relation is irreflexive, symmetric,
but not transitive. By Definitions 2 and 4, we observe that if (x, y) ∈ IND(C)
and (x, y) ∈ IND(D) for (x, y) ∈ U × U , then S is inconsistent; S is consistent,
otherwise. In other words, all objects in an equivalence class [x]C satisfying one
and only one class in a consistent decision information system; while all objects in
an equivalence class [x]C may satisfy different classes in an inconsistent decision
information system.
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Definition 5. [18] Let S = (U,C ∪ D) be an information system, A ⊆ C, and
τ(x|A) = {d(y)|y ∈ [x]A} for any x ∈ U . Then the set of generalized decisions
Δ(A) of all objects in U is denoted as Δ(A) = {τ(x1|A), τ(x2|A), ..., τ(xn|A)}.

If there exists x such that τ(x|C) > 1, then the decision information system
is inconsistent; otherwise, it is inconsistent.

Definition 6. [32] Let S = (U,C∪D) be a decision information system, U/P =
{X1,X2, ...,Xn}, U/Q = {Y1, Y2, ..., Ym}, p(Yi) = |Yi|

|U | , and p(Yi|Xi) = |Yi∩Xi|
|Xi| .

Then the entropy H(Q) and conditional entropy H(Q|P ) are defined as follows;

H(Q) = −
m∑

j=1

p(Yi)log(p(Yi)),H(Q|P ) = −
n∑

i=1

p(Xi)
m∑

j=1

p(Yj |Xi)log(p(Yj |Xi)).

The entropy H(Q) can be interpreted as a measure of the information con-
tent of the uncertainty about knowledge Q, which reaches a maximum value
log(|U |) and the minimum value 0 when the knowledge Q becomes finest and
the distribution of the knowledge Q focuses on a particular value, respectively.

Definition 7. [32] Let S = (U,C ∪ D) be a decision information system. Then
the mutual information I(P ;Q) is defined as I(P ;Q) = H(Q) − H(Q|P ).

The mutual information I(P ;Q) measures the decrease of uncertainty about
Q caused by P . Furthermore, the amount of information contained in P about
itself is H(P ) obviously.

3 Relative Reducts

In this section, we investigate the relationship between relative reducts.

Definition 8. Let S = (U,C∪D) be a decision information system, and B ⊆ C.
Then

(1) If POSB(D) = POSC(D), then B is called a positive consistent set of C
with respect to D.

(2) If IND(B|D) = IND(C|D), then B is called a boundary consistent set of
C with respect to D.

(3) If τ(x|B) = τ(x|C) for any x ∈ U , then B is called a decision consistent set
of C with respect to D.

(4) If I(B;D) = I(C;D), then B is called a mutual information consistent set
of C with respect to D.

(5) If μB(x) = μC(x) for any x ∈ U , then B is called a distribution consistent set
of C with respect to D, where μB(x) = ( |[x]B∩D1|

|[x]B | , |[x]B∩D2|
|[x]B | , ...,

|[x]B∩D|U/D||
|[x]B | ).

(6) If γB(x) = γC(x) for any x ∈ U , then B is called a maximum distribution
consistent set of C with respect to D, where γB(x) = max{ |[x]B∩Di|

|[x]B | |1 ≤ i ≤
|U/D|}.
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Definition 9. [7,20,23,32,39] Let S = (U,C ∪ D) be a decision information
system, and B ⊆ C. Then
(1) B is called a positive region reduct of C with respect to D if
(I) POSB(D) = POSC(D); (II) POSB′(D) �= POSB(D) for any B′ ⊂ B.
(2) B is called a boundary region reduct of C with respect to D if
(I) IND(B|D) = IND(C|D); (II) ∀B′ ⊂ B, IND(B′|D) �= IND(B|D).
(3) B is called a decision reduct of C with respect to D if
(I) ∀x ∈ U, τ(x|B) = τ(x|C); (II) ∀B′ ⊂ B,∀x ∈ U, τ(x|B′) �= τ(x|B).
(4) B is called a mutual information reduct of C with respect to D if
(I) I(B;D) = I(C;D); (II) ∀B′ ⊂ B, I(B′;D) �= I(B;D).
(5) B is called a distribution reduct of C with respect to D if
(I) ∀x ∈ U, μB(x) = μC(x); (II) ∀B′ ⊂ B,∀x ∈ U, μB′(x) �= μB(x).
(6) B is called a maximum distribution reduct of C with respect to D if
(I) ∀x ∈ U, γB(x) = γC(x); (II) ∀B′ ⊂ B,∀x ∈ U, γB′(x) �= γB(x).

In consistent information systems, the positive region reducts which are
the minimum attribute sets remaining the positive regions are equivalent to
the boundary region reducts which are the minimum attribute sets keeping the
boundary region, but they are not equivalent to each other in inconsistent infor-
mation systems; the decision reduct is the minimum attribute set remaining the
decision sets of equivalence classes; the mutual information reduct is the mini-
mum attribute set keeping the mutual information; the distribution reduct is the
minimum attribute set remaining the distributions of all objects with respect to
the decision equivalence classes; the maximum distribution reduct is the mini-
mum attribute set keeping the maximum distributions of all objects with respect
to the decision equivalence classes. Therefore, we should consider the correspond-
ing concepts of reducts for solving the problems in practical situations.

Theorem 1. Let S = (U,C ∪D) be a decision information system, and B ⊆ C.
Then
(1) If IND(B|D) = IND(C|D), then τ(x|B) = τ(x|C) for any x ∈ U .
(2) If I(B;D) = I(C;D), then μB(x) = μC(x) for any x ∈ U .
(3) If μB(x) = μC(x) for any x ∈ U , then I(B;D) = I(C;D).
(4) If μB(x) = μC(x) for any x ∈ U , then τ(x|B) = τ(x|C) for any x ∈ U .
(5) If τ(x|B) = τ(x|C) for any x ∈ U , then POSB(D) = POSC(D).
(6) If IND(B|D) = IND(C|D), then τ(x|B) = τ(x|C) for any x ∈ U .
(7) If μB(x) = μC(x) for any x ∈ U , then γB(x) = γC(x) for any x ∈ U .

Proof: The results can be proved by Definitions 8 and 9. �
By Theorem 1, the boundary consistent set is a distribution consistent set; the

mutual information consistent set is a distribution consistent set, and vice versa;
the distribution consistent set is a decision consistent set; the boundary region
is a positive consistent set; the boundary consistent set is a decision consistent
set; the distribution consistent set is a maximum distribution consistent set.

By Definition 9, we can obtain several reducts of the inconsistent decision
information system shown in Table 1 as follows.
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Example 2 (Continued from Example 1). By Definition 9, we have that

(1) positive region reduct {c1, c2} and the partition of the boundary region
{x3, x4, ..., x15};

(2) decision reduct {c1, c2, c3} and the partition of the boundary region
{{x3, x4, ..., x13}, {x14, x15}};

(3) distribution reduct {c1, c2, c3, c4} and the partition of the boundary region
{{x3, x4, ..., x8}, {x9, x10, ..., x13}, {x14, x15}};

(4) boundary region reduct {c1, c2, c3, c4, c5} and the partition of the boundary
region {{x3, x4, x5}, {x6, x7, x8}, {x9, x10}, {x14, x15}};

In Example 2, we obtain the same boundary region by using different reducts,
but there are different partitions for the same boundary regions of different
reducts. Therefore, it is of interest to investigate the properties of boundary
regions with respect to different reducts for inconsistent information systems.

Example 3 (Continued from Examples 1 and 2).

(1) For B = {c1, c2}, we have that

Confidence([x1]B → D1) = 1;Confidence([x2]B → D2) = 1;

Confidence([x3]B → D1) =
3
13

;Confidence([x3]B → D2) =
9
13

;

Confidence([x3]B → D3) =
1
13

.

(2) For B = {c1, c2, c3}, we have that

Confidence([x1]B → D1) = 1;Confidence([x2]B → D2) = 1;

Confidence([x3]B → D1) =
3
11

;Confidence([x3]B → D2) =
8
11

;

Confidence([x14]B → D2) =
1
2
;Confidence([x14]B → D3) =

1
2
.

(3) For B = {c1, c2, c3, c4}, we have that

Confidence([x1]B → D1) = 1;Confidence([x2]B → D2) = 1;

Confidence([x3]B → D1) =
1
3
;Confidence([x3]B → D2) =

2
3
;

Confidence([x9]B → D1) =
1
5
;Confidence([x9]B → D2) =

4
5
;

Confidence([x14]B → D2) =
1
2
;Confidence([x14]B → D3) =

1
2
.

(4) For B = {c1, c2, c3, c4, c5}, we have that

Confidence([x1]B → D1) = 1;Confidence([x2]B → D2) = 1;

Confidence([x3]B → D1) =
1
3
;Confidence([x3]B → D2) =

2
3
;

Confidence([x6]B → D1) =
1
3
;Confidence([x6]B → D2) =

2
3
;
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Confidence([x9]B → D1) =
1
5
;Confidence([x9]B → D2) =

4
5
;

Confidence([x14]B → D2) =
1
2
;Confidence([x14]B → D3) =

1
2
.

By Definition 8, we present the concept of generalized consistent set as
follows:

Definition 10. Let S = (U,C ∪ D) be a decision information system, and a
function e : 2C → L, which evaluates the property P, where L is a poset. If
e(B) = e(C) for B ⊆ C, then B is called a generalized consistent set of C with
respect to D.

By Definition 10, we observe that a positive consistent set, a boundary con-
sistent set, a decision consistent set, a mutual information consistent set, a dis-
tribution consistent set and a maximum distribution consistent set are special
cases of the generalized consistent sets.

Definition 11 [18]. Let S = (U,C ∪ D) be a decision information system, and
a function e : 2C → L, which evaluates the property P, where L is a poset. If
e(B) = e(C) for B ⊆ C and e(B′) �= e(B) for any B′ ⊂ B, then B is called a
generalized relative reduct of C with respect to D.

By Definition 11, we see that a positive region reduct, a boundary region
reduct, a decision reduct, a mutual information reduct, a distribution reduct
and a maximum distribution reduct are special cases of the generalized relative
reducts.

Definition 12 [18]. Let S = (U,C ∪D) be a decision information system. Then
COREP = {a ∈ C|g(C − {a}) �= g(C)} is called the generalized relative core of
C with respect to D.

By Definitions 10, 11 and 12, Miao et al. presented the following proposition
for the generalized relative core.

Proposition 1 [18]. Let S = (U,C∪D) be a decision information system. Then
the generalized relative core COREP =

⋂
REDP(C|D).

4 Discernibility Matrix and Discernibility Function

In this section, we present several discernibility matrixes and discernibility func-
tions.

4.1 Classical Discernibility Matrix and Discernibility Function

To construct relative reducts, we present the typical discernibility matrix and
discernibility function.
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Definition 13 [25]. Let S = (U,C ∪ D) be an information system. Then the
discernibility matrix M = (M(x, y)) is defined as follows:

M(x, y) =
{{c ∈ C|c(x) �= c(y)}, if d(x) �= d(y);

∅, otherwise.

By Definition 13, we obtain the discernibility function as follows.

Definition 14 [25]. Let S = (U,C ∪ D) be an information system, and M =
(M(x, y)) the discernibility matrix. Then the discernibility function is defined as
follows:

f(M) =
∧

{
∨

{(M(x, y))|∀x, y ∈ U |M(x, y) �= ∅}}.

The expression
∨{(M(x, y))|∀x, y ∈ U |M(x, y) �= ∅} is the disjunction of

all attributes in M(x, y), which indicates that the object pair (x, y) can be dis-
tinguished by any attribute in M(x, y); the expression

∧{∨{(M(x, y))|∀x, y ∈
U |M(x, y) �= ∅}} is the conjunction of all attributes in

∨
M(x, y), which indi-

cates that the family of discernible object pairs can be distinguished by a set of
attributes satisfying

∧{∨{(M(x, y))|∀x, y ∈ U |M(x, y) �= ∅}}.

4.2 Elements-Based Discernibility Matrixes and Discernibility
Functions

In this section, we provide several elements-based discernibility matrixes for
constructing attribute reducts of decision information systems.

Definition 15 [7,20,23]. Let S = (U,C ∪ D) be an information system. Then

(1) Mpositive = (Mpositive(x, y)), where

M(x, y) =
{{c ∈ C|c(x) �= c(y)}, if [x]C ∨ [y]C ∈ POSC(D);

∅, otherwise.

(2) Mboundary = (Mboundary(x, y)), where

Mboundary(x, y) =
{{c ∈ C|c(x) �= c(y)}, if (x, y) ∈ IND(C|D);

∅, otherwise.

(3) Mdecision = (Mdecision(x, y)), where

Mdecision(x, y) =
{{c ∈ C|c(x) �= c(y)}, if τC(x) �= τC(y);

∅, otherwise.

In Definition 15, Mpositive,Mboundary and Mdecision denote the discernibility
matrixes for constructing the positive region reduct, boundary region reduct and
decision reduct, respectively.

Subsequently, Miao et al. proposed the elements-based discernibility matrix
and discernibility function for constructing relative reducts.
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Definition 16 [18]. Let S = (U,C∪D) be an information system, and D = {d}.
Then the elements-based discernibility matrix MP = (MP(x, y)) is defined as
follows:

MP(x, y) =
{{c ∈ C|c(x) �= c(y)}, if x, y are distinguishable w.r.t. P;

∅, otherwise.

By Definition 16, we see that Mpositive,Mboundary and Mdecision are special
cases of the elements-based discernibility matrix MP . Furthermore, Miao et al.
presented the concept of the elements-based discernibility function as follows.

Definition 17 [18]. Let S = (U,C ∪D) be an information system, and MP the
discernibility matrix. Then the elements-based discernibility function f(MP) is
defined as follows:

f(MP) =
∧

{
∨

{(MP(x, y))|∀x, y ∈ U |MP(x, y) �= ∅}}.

4.3 Blocks-Based Discernibility Matrixes and Discernibility
Functions

In this section, we provide several blocks-based discernibility matrixes for con-
structing attribute reducts of decision information systems.

Definition 18 [39]. Let S = (U,C ∪ D) be a decision information system.
(1) If D•

1 = {([x]C , [y]C)|μA(x) �= μA(y)}. Then the discernibility matrix
MDR = (MDR(X,Y )) for constructing distribution reducts is defined as follows:

MDR(X,Y ) =
{{c ∈ C|c(X) �= c(Y )}, if (X,Y ) ∈ D•

1 ;
C, (X,Y ) /∈ D•

1 .

(2) If D•
2 = {([x]C , [y]C)|γA(x) �= γA(y)}. Then the discernibility matrix MMD =

(MMD(X,Y )) for constructing the maximum distribution reducts is defined as
follows:

MMD(X,Y ) =
{{c ∈ C|c(X) �= c(Y )}, if (X,Y ) ∈ D•

2 ;
C, (X,Y ) /∈ D•

2 .

In Definition 18, MDR and MMD denote the discernibility matrixes for con-
structing the distribution reduct and the maximum distribution reduct, respec-
tively. Subsequently, we presented the concept of blocks-based discernibility
matrixes as follows:

Definition 19. Let S = (U,C∪D) be a decision information system, and DQ =
{(X,Y ) ∈ U/C × U/C|X and Y satisfy the property Q}. Then the blocks-based
discernibility matrix MQ = (MQ(X,Y )) is defined as follows:

MQ(X,Y ) =
{{c ∈ C|c(X) �= c(Y )}, if (X,Y ) ∈ DQ;

C, (X,Y ) /∈ DQ.
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Definition 20. Let S = (U,C ∪ D) be a decision information system, and
MQ = (MQ(X,Y )) the discernibility matrix. Then the blocks-based discernibility
functions f(MQ) is defined as follows:

f(MQ) =
∧

{
∨

{(MQ(X,Y ))|∀X,Y ∈ U/C|MQ(X,Y ) �= ∅}}.

By Definitions 16 and 19, we present the concept of the generalized discerni-
bility matrix.

Definition 21. Let S = (U,C ∪ D) be a decision information system, X ,Y ∈
F (U,C), where F (U,C) is a quotient set of U with respect to C, and D =
{(X ,Y)|X and Ysatisfy the property Q}. Then the generalized discernibility
matrix MG = (MG(X ,Y)) is defined as follows:

MG(X ,Y) =
{{c ∈ C|c(X ) �= c(Y)}, if (X ,Y) ∈ D;

C, (X ,Y) /∈ D.

5 Conclusions

In this paper, we have investigated the relationship between relative reducts
and presented the generalized relative reduct. We have studied the relation-
ship between discernibility matrixes and presented the generalized discernibil-
ity matrix. We have employed several examples to illustrate the related results
simultaneously.

In the future, we will further investigate the relationship between different
relative reducts. Additionally, we will present the generalized relative reducts
for information systems and construct a foundation for attribute reduction of
information systems.
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D. (eds.) RSKT 2007. LNCS (LNAI), vol. 4481, pp. 101–108. Springer, Heidelberg
(2007)

43. Zhu, W.: Generalized rough sets based on relations. Inf. Sci. 177(22), 4997–5011
(2007)


	A Further Investigation to Relative Reducts of Decision Information Systems
	1 Introduction
	2 Preliminaries
	3 Relative Reducts
	4 Discernibility Matrix and Discernibility Function
	4.1 Classical Discernibility Matrix and Discernibility Function
	4.2 Elements-Based Discernibility Matrixes and Discernibility Functions
	4.3 Blocks-Based Discernibility Matrixes and Discernibility Functions

	5 Conclusions
	References


