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Abstract—The fuzzy-rough set (FRS) methodology, as a useful tool to handle discernibility and fuzziness, has been widely studied.
Some researchers studied on the rough approximation of fuzzy sets, while some others focused on studying one application of FRS:
attribute reduction (i.e., feature selection). However, constructing classifier by using FRS, as another application of FRS, has been less
studied. In this paper, we build a rule-based classifier by using one generalized FRS model after proposing a new concept named as
“consistence degree” which is used as the critical value to keep the discernibility information invariant in the processing of rule
induction. First, we generalized the existing FRS to a robust model with respect to misclassification and perturbation by incorporating
one controlled threshold into knowledge representation of FRS. Second, we propose a concept named as “consistence degree” and by
the strict mathematical reasoning, we show that this concept is reasonable as a critical value to reduce redundant attribute values in
database. By employing this concept, we then design a discernibility vector to develop the algorithms of rule induction. The induced
rule set can function as a classifier. Finally, the experimental results show that the proposed rule-based classifier is feasible and

effective on noisy data.

Index Terms—Knowledge-based systems, fuzzy-rough hybrids, rule-based classifier, IF-THEN rule.

1 INTRODUCTION

REAL-WORLD applications in the areas of artificial intelli-
gence, such as pattern recognition and machine learn-
ing, require that their tools be able not only to reduce
dimensionality of large databases, but also build classifiers
on classification problems. The fuzzy-rough set (FRS)
methodology [1], [2], [3], [4], [5], [6], [7], [8], [%], [10], [11],
[12], [13], [14], [15], [16], [17] is one widely studied class of
tool for reducing database dimensionality (also known as
attribute reduction) and building classifiers [18], [19], [20],
(21], [22], [23], [24], [25], [26], [27], [28], [29], [30], [31], [32],
[33]. There have been some approaches proposed that used
FRS to build classifiers but most of the resultant classifiers
either required the support of other classifiers or had not
been shown to have a mathematical foundation or were not
robust to misclassification or perturbation [34], [35], [36],
[371, [38], [39], [40], [41], [42], [43], [44], [45].

The approaches of classifier building with either Rough
Sets (RSs) or FRS can be roughly divided into three
categories. The first category has been to use FRS (or RS)
as a preprocessing tool [35], [36], [37], [38]. For example, in
[35], FRS was not used to induce rules, but merely to reduce
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features. This was a two-step process in which each of the
steps was independent. Its first step used RS to select
features and the second step built a rule-based classifier by
extracting some fuzzy rules from a perceptron network
classifier in the reduced space.

The second category uses RS or FRS as part of classifier-
designing tool [39], [40], [41]. The fuzzy-rough classification
tree classifier [41], for example, used fuzzy-rough hybrids to
qualify the dependency of decision attributes in the decision
tree generation mechanism.

The third category uses fuzzy-rough hybrids to construct
classifiers. It does so without the assistance of other classifiers
[42], [43], [44], [45]. However, the resultant classifiers in this
category have some observable limitations. For example, the
classifier designed using RS in [42], [43] could only operate
effectively on the data sets containing discrete values and
they needed perform a discretization step beforehand on the
data sets containing real-valued features. Although Wang
et al. [45] used RS to design a rule-based classifier without
discretization and performed well on some data sets, they
did not consider the theoretical structures of the lower and
upper approximations, such as topologic and algebraic
properties, or use them in knowledge discovery. That is,
there exist one gap between the existing FRS methodology
and its application of classifier building.

In this paper, the focus is on narrowing this gap by
building a classifier using the FRS methodology. However,
we find that it is not an effective selection of building
classifier using the existing FRS since it was not a robust
model in the real applications. Because we have found that
the existing FRS was sensitive to misclassification and
perturbation [44]. Therefore, it is necessary to design a
robust classifier based on the FRS methodology.

In this paper, we propose a rule-based classifier by using a
generalized FRS framework. First, we generalize FRS to a
robust model named as Generalized Fuzzy-rough Sets
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(denoted by GFRS), which is used as the foundation to build a
rule-based classifier. Second, we propose the consistence
degree as a critical point to reduce attribute values and the
strict mathematical reasoning shows that this concept is
reasonable by keeping it invariant to reduce attribute values.
Further, we propose a discernibility vector to find all
attribute value reductions and investigate the structure of
attribute value reductions. The above proposed concepts, i.e.,
consistence degree and discernibility vector, are the main
contribution of this paper. Forth, we develop some heuristic
algorithms, which achieve the near-optimal attribute value
reductions and near-minimal rule set, to build a rule-based
classifier. Finally, we compare our proposed method with
other rule-based classifiers: RS, FRS, and fuzzy decision tree.
The experimental results show the feasibility and effective-
ness of our proposed method on noisy data.

The rest of this paper is organized as follows: Section 2
reviews FRS. Section 3 generalizes fuzzy approximation
operators to a robust model named as GFRS. Section 4 then
proposes the concepts of attribute value reduction based on
GEFRS and designs a discernibility vector to investigate the
structure of attribute value reductions. Also, it proposes a
rule induction algorithm. In Section 5, the experimental
comparisons between our proposed method and other rule-
based classifiers are given. Section 6 concludes this paper.

2 REeviEwW oF Fuzzy-ROUGH SETS

Theories of RSs and fuzzy sets (FSs) are distinct and
complementary to handle vagueness and uncertainty [4],
[16]. RS described the idea of indiscernibility between
objects in a set, while FS modeled the ill-definition of the
boundary of a subclass of this set. That is to say, they were
not rival theories but captured two distinct aspects of
imperfection in knowledge [4]. Many researchers were then
inspired to combine them to handle indiscernibility and
fuzziness [1], [2], [3], [4], [5], [6], [7], [8], [9], [10], [11], [12],
[13], [14], [15], [16], [17]. The results of these studies led to
the instruction of the notions of FRS.

Generally speaking, FRS was composed of two parts.
One was knowledge representation (i.e., the rough approx-
imation of fuzzy sets), while the other was knowledge
discovery (i.e., attribute reduction and rule induction). Most
researchers focused on knowledge representation of FRS by
using two approaches: the constructive and axiomatic [3],
[4], [5], [6], [7], [8], [9], [10], [11], [14]. The axiomatic
approach took the fuzzy approximation operators as the
primary notion and focused on studying the mathematical
structure of FRS, such as algebraic and topologic structures.
On the contrary, the constructive approach took the
replacements of the equivalence relation, such as fuzzy
binary relation, fuzzy T-similarity relation, and fuzzy weak
equivalence partition, as the primary notion. Other notions,
such as the lower and upper approximations, were
constructed by using the replacements.

The summarization of FRS has been done in [1], [9], [13],
[23] and interested readers can refer to them. In this paper,
we just review some researches of FRS summarized in [9],
[23], which are helpful for us to build a rule-based classifier.
As preliminaries, a fuzzy decision table used as the study
platform of FRS is formulated as follows:

2.1 Fuzzy Decision Table

Let U be a nonempty set with finite objects. With every
object, we associate a set of condition attributes R and a set
of decision attributes D. The pair (U, RUD) is called a
decision table, denoted by DS. If some attributes in DS are
fuzzy attributes, the decision table is called fuzzy decision
table, denoted by F'D = (U, RU D). Here, fuzzy attributes
mean the attributes with real number values since these
values can be transferred to fuzzy values. For simplicity, we
still use R to represent the set of fuzzy attributes.

In a fuzzy decision table F'D = (U, RU D), a(z) repre-
sents the value of z € U on the attribute ¢ and P(z) =
{a(z) : a € P C R} represents the subset of attribute values
of x € U on attribute subset P C R. With every P C R, we
associate a binary relation P(z,y) called fuzzy similarity
relation of P, which is a binary relation satisfying reflexivity
(P(x,x) = 1), symmetry (P(z,y) = P(y,z)), and T — tran-
sitivity (P(z,y) > T(P(z, 2), P(z,y))) for every z,y,z € U.
Actually, when the attribute values are symbolic, the fuzzy
similarity relation degenerates to an equivalence relation,
which generates a partition on U, denoted by U/P =
{[z]p | z € U}, where [z], = {y € U | a(z) = a(y),Va € P} is
the equivalence class containing x € U.

In most practical applications, condition attributes often
have real number values, while decision attributes have
symbolic values. This type of fuzzy decision table with
condition fuzzy attributes and decision symbolic attributes
is thus acted as the platform to design the rule-based
classifier by using FRS in this paper.

2.2 Fuzzy-Rough Sets

The concept of FRS was first proposed by Dubois and Prade
[3], [4], their idea was as follows: Let U be a nonempty
universe and R a fuzzy binary relation on U, F'(U) the fuzzy
power set of U. A fuzzy-rough set is a pair (R.(F'), R*(F)) of
a fuzzy set F on U such that for every z € U,

R.(F)(x) = infyev maz{1 — R(z,y), F(y)},
R (F)(x) = supyey min{R(z,y), F(y)}-

In [10], the above Dubois and Prade fuzzy-rough set was
generalized from Max, Min to a residuated implicator ¢
and a general triangular norm T with respect to a fuzzy
similarity relation R. The lower and upper approximation
operators of a fuzzy set A are defined as for every A € F(U),

RA(x) = infucy H(R(u,x), A(u)),
RA(z) = supyer T(R(u, ), A(u)).

However, another upper approximation operator was
proposed to obtain the dual approximation operator of RA
since RA and RA were not dual with each other [5].
Suppose S is the dual triangular conorm of T, define
R(A)(z) = supyer o(1 — R(z,y), A(y)) as another kind of
upper approximation of a fuzzy set A.

The aforementioned approximation operators can be
summarized as the following four general fuzzy approx-
imation operators. For every A € F(U),

e T—upper approximation operator:

FTA(I) = SUPucU T(R(l‘, u)’ A(u))
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Fig. 1. The demonstration graph of the sensitivity of the existing FRS.

e S—lower approximation operator:

&A(I) = infuer S(N(R(z,u)), A(u));

e o—upper approximation operator:

EA(%) = SUPucU U(N(R(xv u))v A(u))v

e J—lower approximation operator:
RyA(z) = infuev V(R(z,u), A(u)).

This type of definition is seen as the membership
function representation of fuzzy approximation operators
since they are defined by using membership function.

From the viewpoint of granular computing, RrA and
RyA, and R,A and RgA are two pairs of approximation
operators, respectively, since they can be represented by
their individual fuzzy granules: Rrz) and R,r), where a
fuzzy point z, is defined as [8]

A z=ux,
() = 0, z#=x

Their granular representation is presented as follows [8]:

VzeU.

&A = U{RiTSL'A : FTmA - A}7
RgA = U{R,z) : Rymy C A};

RrA =U{Ryzy : x) C A}
R,A=U{R,z):z) C A}.

It is easy to see that there are two conditions Rrxy C A
and R,zy C A in the granular representation of fuzzy
approximation operators. These conditions control which
fuzzy sets Rrxy and R,z can be included in the fuzzy lower
approximation operators RyA and RgA. Small perturbation
of Rrz) and R,z will change the result of RyA and RgA.
These show that the conditions Rrz) C A and R,z) C A are
too harsh to construct the fuzzy lower approximation
operators RyA and RgsA, and then, the existing FRS is
sensitive to misclassification and perturbation.

In Fig. 1, we use one demonstration graph to show the
sensitivity of the existing FRS. In R,z) C A or Ry C A,
R,z or Rrz) can be represented by a fuzzy set (e.g., f1, f2,
and f3 in Fig. 1) and A can be represented by a rectangle.

In Fig. 1, we find that there are three kinds of inclusion
relations: f; is included in A, most part of f; is included in
A, and a small part of f3 is included in A. In fact, f; should
be included in A if we ignore some small membership
degrees of f; (these small membership degrees may be
caused by misclassification and perturbation). All these

show that two conditions Rrzy C A and R,zy C A are
sensitive to misclassification and perturbation. As a result,
the knowledge representation power of FRS is weak.

3 GENERALIZATION OF Fuzzy-ROUGH SETS
(GFRSs)

To make FRS less sensitive to misclassification and perturba-
tion, we generalize the existing fuzzy approximation
operators as membership function representation and
granular representation. We then prove that these two
representations are equivalent. The membership representa-
tion of the fuzzy approximation operators in FRS is general-
ized by introducing a threshold, described as follows:

Definition 3.1 (membership function representation). For
every A € F(U) and a given threshold o € [0,1), fuzzy lower
and upper approximations are, respectively, defined as follows:

Ry A(z) = inf J9(R(z,u),a)

A(u)<a

, (D3.1.1)
A inf Y(R(x,u), A(u)),Vz € U;
Au)>a
Ry, Alx) = sup T(R(z,u),N(a))
A(u)>N(a)
(D3.1.2)
Vo osup T(R(z,u), A(u)),Vz € U,
A(u)<N(a)
Rs, A(z) = inf S(N(R(z,u)),a)
Alw=e (D3.1.3)
A inf S(N(R(z,u)), A(u)),Vz € U;
A(u)>a
R, A(x)= sup o(N(R(z,u)),N(a))
A(u)>N(a)
(D3.1.4)
Vo osup  o(N(R(z,u)), A(u)),Vz € U.
A(u)<N(a)

In this paper, we focus on the pair of approximation
operators: Rg A and R, A. The properties and applications
of another pair of approximation operators Ry, A and Ry A

have been studied in another work [46].
Here, we take (D 3.1.3) as an example to show the

difference between FRS and GFRS, which is helpful for
readers to understand Definition 3.1. In FRS, the S-lower
approximation operator is defined as

RsA(z) = infuer S(N(R(z, u)), A(u))-
It can be equivalently represented as (D’3.1.3):

RsA(x) = inf S(N(R(z,u)), A(u))

A(u)<a ,
) (D'3.1.3)
A inf S(N(R(z,u)), A(u)),
Alu)>a
R Ax) = inf S(N(R(z,u).0)
Alw=e (D3.1.3)

A inf S(N(R(z,u)), A(u)).

A(u)>a
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Fig. 2. The demonstration graph of the less sensitivity of GFRS.

Comparing (D 3.1.3) and (D’3.1.3), we find that in GFRS,
a threshold replaces the membership degree A(u) when it
meets the condition A(u) < a. By controlling this threshold,
some misclassification and perturbation can be ignored. In
the following, we would like further explain this point by
using the generalized granular representation.

The generalization of the granular representation is
obtained by incorporating a concept of fuzzy cut set to the
granular representation of RgA and R,A. The fuzzy a-cut
set is defined as

f(z) > e,

(0% — f(l.)’
! (I)_{ 0, f(z)<a,

here, f is the fuzzy set defined on U.

Definition 3.2 (Granular representation). For every A €
F(U) and a given threshold o € [0, 1), fuzzy lower and upper
approximations are, respectively, defined as follows:

Rs A=U{R,x): (R,x))" C A}; (D3.2.1)
R, A=U{R,x):z) C Apn@}, where
N(a), A(z)> N(a), (D3.2.2)
ANa) = .
A(x), otherwise.

Definition 3.2 shows that a fuzzy a-cut set is introduced in
the granular representation, and then, the condition Ryxy C
A in FRS is relaxed by (R_(,x 2)" C A in GFRS. This condition
(Ryx\)“ C A is less sensitive to misclassification and
perturbation since small perturbation of R,z, will not
change the result of R5 A. In the following, we use one
demonstration graph to illustrate this point (see Fig. 2).

As compared to Fig. 1, Fig. 2 cuts those fuzzy sets fj, {5,
and f; by a gray rectangle. Fig. 2 shows that after we cut
some small membership degrees, f; and f; are included in
A, but f3 is not included in A. This shows that when we
ignore some small misclassification and perturbation, some
more fuzzy sets are chosen to compute the fuzzy lower
approximation value. Thus, the fuzzy lower approximation
value becomes larger, and then, the fuzzy positive region
becomes larger. That is to say, the knowledge representa-
tion power becomes stronger in GFRS. All these show that
GFRS is a robust framework with respect to perturbation
and misclassification.

The membership function and granular representations
of Rs A and R, A are equivalent, respectively, i.e., (D 3.1.3)
and (D 3.2.1), and (D 3.14) and (D 3.2.2) are equivalent,

respectively. We verify this fact by using the following
theorems. As preliminaries, a lemma about fuzzy granular
R,z is described as follows:

Lemma 3.1. Let

v = (U{R,zy : (Ryx))* C A})(2)

for x € U, then the following statements hold: (R,z.)" C
A; (Ryzg)" C A does not hold for any 3> .

(L3.1.1)

U{Rsxx : ) C An()} = U{Roxy : N = Ay (2)}.

(L3.1.2)

Proof. (L3.1.1) By 7= (U{R,xz): (Ryx\)" C A})(x), there
exist t € (0,1] and y € U satisfying R,y (z) =1 and
(Roy)* © A, where Ryy(x) = o(N(R(y, )).1).
(R,y1)* C A, we obtain if o(N(R(y,2)),t) > «, then
o(N(R(y, 2)),t) < A(z) for any z € U.

Vz € U, Ryxy(2) =
o(N(R(y,x)),t)) =

o(N(R(z,2)),7) = o(N(R(z, 2)),
(S(N(R(z, 2)), N(R(y, ))),t)
(

ie., (R,z,)" C A holds.

Assume that (R,z3)* C A for >+, then by =
(H{Rowy : (Roxn)" C A})(w), we get v > Roxs(z) =5,
which contradicts the assumption §>~. Thus,
(R,73)" C A does not hold for 3 > .

(L 312) If Ty C AIV(O’)/ then A < AN(a) (I) Since 0’(', )
is monotonically increasing in the right argument, we
have (R,z) = o(N(R(,2)),)\)) C (Ryxy = o(N(R(z, 2)),
)\l) for z) C AN((y) and N —A]\ (a) (T) Thus, (U{R_UI)\i
Ty C sz(a>}) - (U{EZL‘)\/ N = AN(O{)(CL)}) It is straight—

forward to see that (U{R,x) : 2) C Ay()}) 2 (U{Rozy :
)\l I_AN(a)(ZE)}) Hence, (U{ECL’A Y Q AN(a)})) =
(UW{ Ry : N = Ay (2)}). ]

In the following, we describe and prove two theorems
which show that the membership function representation
and granular representation of Rs A and R, A are
equivalent.

Theorem 3.1. For every fuzzy set A € F(U), the following two
formulas are equal:

inf S(N(R(z,u)),a) N inf S(N(R(z,u)),A(u)),Vx € U,
A(u)<a Au)>a

(T3.1.1)

U{R,zy: (Roz))" C A} (T3.1.2)

Proof. Vz € U, we need to prove

inf S(N(R(z,u)),a) A inf S(N(R(z,u)), A(u))
A(u)<a Au)>a
=U{R,z) : (Ryx\)" C A}(2).
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Let v = U{R,x) : (R,z))a C A}(z), then (R,z,)" C A,
but (R,z;5)" C A does not hold for § > ~ (by Lemma 3.1).
Thus,

Vu € U, (Ryz,)" (u) < Alu)

{U(N(R(m 1Y) A) < A(u),
(N(R(z,9)),A) < «,

a) A inf S(N

A(u)>a

(R(z,u)), A(u)),

then we get 3 > v. Assume that 3 > v, then (R,z5)" C A.
Thus, 3/,

(Roxp)" (u) > A(u)

o(N(R(z,y)),B) > A(v'), A() >«
‘i’{mm(m W8 >a, AW <a
ﬁ{ S(N(R(z,y)), A(u')) <7, A) > a,
S(N (R(fv Y)), ) <7, A() < a.
We get
g= W){ S(N(R(z,u)),a)
A inf S(N(R(z,u)), A(u)) < 7.

Au)>a

It contradicts the assumption (> ~. Thus, we get

B =nr, ie,

Ve e U, inf S(N

Au)<a

=U{R,z) : (Ryx\)" C A}(2).

(R(z,u)),a) A inf S(N

Alu)>a

(R(z, ), A(u))

Theorem 3.2. For every A € F(U), the following two formulas

are equal:
sup  o(N(R(z,u)), N(a))
A(u)>N(a) (TB 9 1)
Vo osup  o(N(R(z,u)), A(u)),Vx € U; -
A(u)<N(a)
U{R,z : 2x C An(o)}- (T3.2.2)

Proof. By Lemma 3.1, we get U{R,z):2) C Ay} =
U{Rsxx : N = Ay(a)(2)}. Then, we have

(U{Rouy : X' = Ay (w)}) () = sup{Roux(z) :

N = AN(a)( )}
N(a), A(u) > N(«
(since Ap(r) = { Aéu))7 ( )A(u) ( )>
= Sup {RUUN (o) (x } V. sup {Eu/l(u) (1’)}
A(u)=N (o) A(u)<N ()
= sup o(N(R(z,u)), N(a))
A(u)=N ()
Vo osup  o(N(R(z,u)), A(u)).
A(u)<N(a)

Hence, Vx € U,

sup  o(N(R(z,u)), N(a))
A(u)>N(a)

Vo osup  o(N(R(z,u)), A(u))

A(u)<N(a)

= (H{Rozx : 2y C Ay })(2).
O

Theorems 3.1 and 3.2 show that the membership
representation and granular representation of Rs A and
R, A are equivalent. They are the key theorems for us to
build the rule-based classifier using GFRS since they are the
theoretical foundation to design the discernibility vector
approach. Without them, the discernibility vector cannot be
designed in GFRS.

4 BUILDING A RULE-BASED CLASSIFIER

This section aims to develop a methodology for building a
rule-based classifier from a fuzzy decision table by using
GFRS. This methodology is composed of two parts: first
attribute value reduction, and then, rule induction from the
reduced decision table. Here, the rules are IF-THEN
production rules.

4.1 Attribute Value Reduction

The consistence between two objects means that the objects
with similar condition attributes belong to the same
decision classes. In the following, we present a theorem
which describes in what condition two objects are consis-
tent in a fuzzy decision table.

Theorem 4.1. Given two objects x© and y (y # x) in FD =
(U,RUD), if N(R(z,y)) < Rs[z]p(z), then [z],(y) = 1.

Proof. We prove it by contradiction. Assume that [z],(y) =
0, then Rsz]p(x) = inf.ep SIN(R(z, u)), [2]p(u)) <
S(N(R(z,y)),0) = N(R(z,y)). This contradicts the given
condition, and then, we get [z],(y) = 1. O

Theorem 4.1 shows that if the distance between two
objects is smaller than a certain value Rg[z],(z) (N(R(z,y))
can be seen as one kind of distance between the objects x
and y), then these objects belong to the same decision
classes. If the distance between two objects is bigger than or
equal to this certain value, then they may belong to different
decision classes. That is, this certain value is the critical
value to keep two objects consistent. Since misclassification
and perturbation are available in a fuzzy decision table, this
critical value should be enlarged to adjust the robust
framework of FRS.
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In this paper, we enlarge the critical value to Rs_[z]p(7)
since it is the enlarged value of Rg[z],(x) in the proposed
robust framework GFRS, we then obtain the following
statement “if the distance between the objects z and y are
smaller than the value Rs [7](z), then these two objects
are consistent if we ignore some inconsistent objects caused
by misclassification or perturbation. That is to say, if
N(R(z,y)) < Rs [a]p(x), then [z]5(y) = 15 if N(R(z,y)) >
Rs [z]p(x), then [z],(y) = 0 may happen. It is clear that
Rg_[7]p(x) is the critical value to keep the consistence of the
object = with other objects if we ignore some misclassifica-
tion and perturbation. Thus, we define the consistence
degree of an object in a fuzzy decision table as follows:

Definition 4.1 (consistence degree). Given an object x in
FD = (U,RUD), let

Conpa(D)(x) = Rs 2] p(x), Cong o (D)(x)

is then called the consistence degree of x in FD = (U, RU D).

Definition 4.1 shows that the consistence degree of each
object gets its value at the lower approximation of its
corresponding decision class.

Keeping the consistence degree invariant, some redun-
dant attribute values can be reduced. That is to say, the
reduction of attribute values does not cause new indiscern-
ibility information. This allowed the fuzzy decision table to
retain the main information. In the following, we use this
idea in proposing the concept of attribute value reduction in
FD=(U,RUD,).

Definition 4.2 (attribute value reduction). Given an object x
in FD=(U,RUD), if the subset P C R satisfies the
following two statements:

Conpo(D)(z) = Conpq(D)(x); (D4.2.1)

Vb € P,Congo(D)(z) > Congp_gy1.0(D)(x). (D4.2.2)

Then, P(z) = {a(z) : a € P} is called the attribute value
reduction of z € U.

The attribute value a(z) € P(z) C R(z) is dispensable in
P(z) if Conpo(D)(x) = Conp_{q+(D)(x); otherwise, it is
indispensable. If all attribute values in P(x) are indispen-
sable for the object z, then P(z) is independent for z.

Definition 4.3 (attribute value core). Given an object x in
FD = (U, RU D,), the collection of the indispensable attribute
values in R(z) is the attribute value core of x, denoted by
Corey(x).

Definitions 4.2 and 4.3 show that the proposed attribute
value reduction and core have similar key idea of attribute
value reduction and core in RS. That is, attribute value
reduction is the minimal subset keeping the discernable
information of one object invariant, attribute value core is the
collection of those important attribute values in an object.

In the following, we study the structure of attribute value
reductions and core. As preliminaries, we present two
lemmas as follows:

Lemma 4.1. In a fuzzy decision table FD = (U,RUD), if
(Ras)" C [y, then (Roan)" € [o],
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Proof. If [2], =[z],, it is straightforward to get
(Ryz))" C [z]p. If [2]p # [2]p, we have R,z)(x) <« for
r & [2]p, ie, A <a. When A<a, we get ((R,z)), =
) C [z]p. O

Lemma 4.2. For two T-similarity relations R and P, if
Ve,u € U,R(z,u) < P(z,u), then the following statements
hold: (L 4.2.1) Ry A D Py A; (L 4.2.2) Ry A C Pr A

Proof.

Ve,u € U, R(z,u) < P(z,u) = inf HR(z,u),q)

A(u)<a
AN HR(x,u), A > i I P(x,u),
A(Zgj;l (R(z,u), A(u)) A?T;J;a (P(w,u), ) (14.2.)
A inf ﬁ(P(IﬂL)vA(U))
Au)>a

(By the antimonotonicity of ¥(-,-) in the left argument)
=Ry AD By A

Vae,u € U, R(z,u) < P(z,u) = sup T(R(z,u),1—a)

Alu)>1—a
A sup T(R(z,u),A(u))

Alu)<l—a
< sup T(P(z,u),l—a)A sup T(P(z,u),A(u))
Alu)>1—a A(u)<l—a

(14.2.2)

(By the monotonicity of T(-,-) in both arguments)
= Ry AC Pr A. O

Theorem 4.2. Given x € U and P C R in FD = (U,RU D),
the following two statements are equivalent:

e (T 4.2.1) P(x) contains the attribute value reduction
of x.

o (T 4.2.2) The formula o(N(P(z,y)),\) < a always
holds for every y & [x]p, where A = Rs [7]p().

Proof. (T 4.2.1) = (T 4.2.2): Assume that P(x) contains the
attribute value reduction of z, then Cong,(D)(z) =
Rs [7]p(z) = Conpo(D)(z) = Ps_ [7]p(z) holds. Let A =
R_S(y [z]p(x), then Ps_[z](x) = A\.ByLemma4.1, (B,z))" C

[#], holds. Thus, o(N(P(x,y)),\) < a for every y ¢ [x] .
(T 4.2.2) = (T 4.2.1): By the condition A = Rs_[z]5(7),

we get A > Ps_[z],(z) by Lemma 4.2. o
By the condition o(N(P(z,y)),\) <a for every

y € [z]), we have (P,z,)" C [z],. By the granular repre-

sentation of Rg A, (P,x)(z) =A< Ps [z],(z) holds.

Thus, A = Ps_[z]p(7) = Rs [z]p(x), i.e., Conpa(D)(z) =

Conp,(D)(z). By Definition 4.2, P(z) contains the attri-

bute value reduction of the object . 0

By Theorem 4.2, we construct discernibility vector as
follows:

Suppose U = {z1,x2,23,...,%,}, by Vector(U,R, D, ),
we denote an n x 1 vector (c¢;), called the discernibility
vector of the object x;, such that

¢j ={a:o(N(a(zi,z;)),A) < a}, for D(z;,z;) =0, (V4.1)
where A\ = Rg_[x] (i),
¢j = ¢, for D(z;,z;) = 1. (V4.2)
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The proposed discernibility vector is similar with one
column of discernibility matrix in [47]. ¢; is the collection of
attribute maintaining o(N(a(z;, z;)), A) < a, each attribute
in which can distinguish z; from «;.

The following theorems show that by using discernibility
vector, we can find the value reductions and core.

Theorem 4.3. Corey(z) = {a(z) : ¢; = {a}} for some1 <j < n.

Proof.

a(x) € Corey(x) & Congo(D)(x) > Congp_(a}.o(D) ()
& Rs, ([2]p)(z) > (R —{a})g ([z]p)(z) < .

107

Let A= Rs ([z]p)(x) and ¢ = (R —{a})g ([z]p)(x), then
these four formulas

A >t Ro(x), € [2]p,  (R—{a}),(), € [2]p,

and (R — {a}),(z), € [z]p hold (By Lemma 4.1) < there
exists y € U(y # x) satisfying o(N((R — {a})(z,y)),\) >
aand o(N((R — {a})(z,9)),t) < a < o(N(b(z,y)),\) > «
holds for any b€ R—{a}; o(N(a(z,y)),\) <a holds
< ¢j = {a}. The statement ¢; = {a} implies that a is the
unique attribute to maintain o(N(a(z,v)), ) < a. 0

Theorem 4.4. Suppose P C R, then P(x) contains one attribute
value reduction of = if and only if P N c; # ¢ for every c; # ¢.

The proof is straightforward by Theorem 4.2 and
definition of c;.

Corollary 4.1. Suppose P C R, then P(z) is a attribute value
reduction of x if and only if P(z) is the minimal subset of R(x)

satisfying P N c; # ¢ for every c; # ¢.

Theorem 4.3 shows that the value core is the collection of
single elements in the discernibility vector. Theorem 4.4 and
Corollary 4.1 show that by using discernibility vector, we
can find the attribute value reduction which is the minimal
subset having the nonempty intersection with each none-
mpty entry in discernibility vector.

A discernibility function f, ,(£'D) for an object z in F'D is
a Boolean function of m Boolean variables ay,...,a,
corresponding to the attributes ai,...,a,, respectively,
and defined as follows: f,(FD)(@i,...,an,) = A{V(c)):
1 < j < n}, where V(c;) is the disjunction of all variables @
such that a € ¢;. Let g, (FD) be the reduced disjunctive
form of f,,(FD) obtained from f,.(FD) by applying the
multiplication and absorption laws as many times as
possible. Then, there exist [ and Ry C R for k=1,...,(
such that g, (FD) = (AR1) V-V (AR;), where every ele-
ment in R;, only appears one time.

Theorem 4.5. Re d,(z) = {Ri(z),..., Ri(x)}, here, Re d,(x)
is the collection of all attribute value reductions of x, and
Ry(x) is the attribute value of x on attribute subset Ry, for
k=1,...,1

The proof is omitted since this theorem is similar to the
one in [23].

Theorem 4.5 clearly shows that by using the discern-
ibility vector, we can find all value reductions. In the
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following, we present the detail algorithm to find all value
reductions by using the discernibility vector.

We now design an algorithm to compute all attribute
value reductions for one object by using the discernibility
vector approach. For z; € U in F'D = (U, RU D), the algo-
rithm to find all attribute value reductions of x; is described
in Algorithm 4.1. This algorithm can find all attribute value
reductions of one object, but its computational complexity
increases exponentially with the number of attributes (i.e.,
O(|U]| x 2141), here, |U| is the number of objects and |A| is the
number of attributes). In practical applications, it is not
necessary to find all value reductions because finding a near-
optimal one is enough. We then provide a heuristic
algorithm (see Algorithm 4.2) to find one near-optimal
attribute value reduction by rewriting the part covered by
dot-lined box in Algorithm 4.1. The key idea of this algorithm
uses the add-deletion strategy of reduction algorithm
construction described in [48].

Algorithm 4.1: to find all attribute value reductions of x;
in FD = (U,RUD)

Red «1{}
(1) Compute discernibility vector V={c;} using the following

three steps:
(1.1) Compute R ;
(1.2) Compute Cong(D)(x;)

(1.3) Compute Cj; : ¢ ={a:o(N(a(x,x,)),1)<a} for

Ji

D(x;,x;)=0 , where 3 =Cony(D)x,) / c;=¢ + for
- Dzl -
(2) Compute f, ,(FD) = V(e )} with those ¢ j; # @ in
V(x;,o);

(3) Compute g (FD)=(AReduct;)  V..v(aReduct)) by
fo.a(FDT) = AV(C )}

(4) Output Red ={Reduct,(x,),...,Reduct,(x,)} -

Algorithm 4.2 (Heuristic): to find one near-optimal
attribute value reduction of the object z; in #'D = (U, RU D)

Red < {}Reduct < (}, CD« R,V «{c;}
(1) Compute the value core: Core = {a: ey = {a}};
(2) Let V'=V, V'=v'—-{veV'|vnCore# ¢ orv=g} .
Reduct = Reduct U Core, CD =CD — Core;
(3) Do while V'# ¢
(3.1) Compute frequence(a) =| {v € V'| a v} | for each
aeCD;
(3.2) Select the attribute with maximum frequency b,
let Re duct = Reduct U {b}, CD=CD—{b};
B3 Let V'=py'—fveV'|vnibl#¢ orv=g}
(4) Remove the superfluous attribute from Reduct until
Reduct is the minimal subset satisfying Reductﬂcjl- ¢
forevery ¢ ;; # @;
(5) Output Red = Reduct(x,) - (here Re duct(x,) is the
attribute values of x, on attribute subset Re duct ).

In the following, we use one example to illustrate the
method of attribute value reduction proposed in this paper.
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TABLE 1 TABLE 3
One Simple Decision Table The Discernibility Vector of Every Object
(All Vectors Become a Matrix)
OT b d f g h k i D
X, 1 0.1 011111 0.88889 0.11111 0.11111 1 0.11111 0 0.88889 0 . "
. Obj X X, x, X, X, X X, x5 X, Xy
X, 0.11111 0 1 ] [] 1 [ 1 0.77778 0.22222 1 -
X, 0 0.1 1 0.11111 0.88889 0 0.66667 0.44444 0.77778 0.33333 1 lacd
%, 0 0.1 1 0 1 0 0 1 088889 : 041111 : 1 X, 0 fghil fat fag) Igki {1 fa) ) o lak)
x, 088889 02 0 0 033333 066667 0 1 1 0 1 facd fedf face
X 1 01 0 1 0 0 088889 © 011111 - 066667 : 04ddsd 0 X, fghl o 1 1 1 ghl i (kj) fghl 0
X, Y] 1 0 0 0 1 0.11111 0.88889 0.11111 1 1 d
X, 011111 : 0.1 1 0 011111 1 011111 0.88889 0 1 0 X, lac) 4 tl t t 5 th i lefl fac) 0
X, 1 01 = 0 0.33333 0.88889 0.11111 1 - 0 1 0 0 i facd H fede facg
X 011111 09 i 022222 1 0 01111 : 1 0 088889 011111 1 x, eghl] | { th th th h) 1t fefkij} h 1]
CO A 0o E L e gm0
TABLE 2 0 fed 2 g e @ 0 pan i 0w
The Lower Approximation Value and the Consistence Degree P feh - : : : : :
x, ‘;‘b“ t il i i L ool fibe =)
gl : ; fi H fghkij) :
obj x P o fwmimisom imlom Pox, . Y i (k o i ldfg
" T T T T T T T H T s i ift if ckij) {t fel i i h k
L‘::Z’Q:K:XL‘I‘;T::‘" 0.88889 0 0 0o 0.88889 0 077778 : ossss 0 : : ]
Lower approximation RN R e R e R I R S R % 0 i‘ghj fd ¢ ofcghl ¢ H o : () U T T Y
_ ofdecisionclass1 | ¢ AR J B : : Lo bed
Consistence degree 0.88889 077778 1 1 1 0.88889 1 077778 088889 0.88889 x, K u il U il = U fghk | lae "
i
Example 4.1. Given a simple decision table with 10 objects The Attribute V. -|I—AB|(3E 4 ‘E Obi
as follows (see Table 1), there are 10 condition fuzzy e Attribute Value Core of Every Object
attributes R = {a,b,c,d,e,f,g,h,k,j} and one decision T - - - — T -
symbolic attribute {D} There are two decision classes: 0 Core | {1 | (I | (@0 160 | 1@&0! | 1@l | 1@o), | U 1 @
. £,0 0 0.11111
and 1. The objects {x1,zg,xs, 29} belong to class 0 and - e -
To, T3, T4, L5, T7, T1o + belong to class 1.
{22, 73, 24, 5, 7, T10 } g TABLE 5
. o Attribute Value Reduction of Every Object
In this example, the Lukasiewicz T-conorm Si(z,y) =
min{1, z + y} and thenegator N(z) = 1 — z areselected as the Obj i b e d ey i kD
x 1T o Do+ T0ssssy 1o+ 1o+ T+ T ox T« o« T
T — conorm and negator operator to construct the S — lower Fo e : S R O Vo TR
. . . . . - 0 1 0 * H * Hi 1
approximation operator. The lower approximation is then o 0 ; 0 i
e . . X, . 0 0 0 1
specified as &(‘A(x) = inf sy<o min((1 — R(z,u)) + A(u)), & . . : * .
@) Ninf guyso min((1 — R(z,u)) + A(u)),1). The consistence % ' o 0 M R A W : :
X,
iscomputed by Cong o (D)(z) = Rg_[z],(x). Letalpha = 0.05, 3 i S T g
’ — (R e I B B! U osesse L v T

the lower approximations of each decision class and the
consistence degree of each object are listed in Table 2. Table 2
shows that the consistence degree of each object gets its value
at the lower approximation of its corresponding decision
class.

The formula to compute the discernibility vector of =;
is ¢j; = {a : max(a(z;,z;) — 1+ X,0) < a} for D(z;,z;) =0,
where A= Rg_ [zi]p(zi); ¢ji=¢, for D(z;,z;) =1. The
discernibility vectors are listed in Table 3 (Each column
in Table 3 corresponds to one discernibility vector). One
element of discernibility vector is an attribute subset in
which each attribute can distinguish one pair of objects.
For example, the element of the first column and third
row in Table 3 is an attribute subset {a,c}. Each attribute
{a} or {c} can distinguish z; from z3; without causing new
inconsistence.

The attribute value core is the collection of the most
important attribute values to distinguish one object from
others. The attribute value core of each object is listed in
Table 4. The attributes in value core is the collection of the
element with single attribute in discernibility vector. For
example, the value core of object z3 is {(a,0)(f,0)} in which
the attribute subset {a,f} is the collection of the elements
with single attribute in discernibility vector of .

Using Algorithm 4.2, we compute one near-optimal
attribute value reduction of each object (see Table 5). Table 5

* The star mark represents the attribute-value which has been reduced.

shows that a fuzzy decision table has been significantly
reduced after attribute value reduction.

4.2 Rule Induction from the Reduced Decision
Table
In a fuzzy decision table F'D = (U, RU D), each original
object can be represented in the formulation of a decision rule.
The corresponding rule of the object « is denoted by fd,.. The
restriction of fd, to R, denoted by fd,|R, is defined by
“N(R(z,y)) < Conpa(D)(z) on R(z) = {a(x) : a € R}” and
the restriction of fd, to Dis denoted by fd,|D = /\{%') |deD}.
They are called the condition and decision of fd,, respec-
tively. Thus, a fuzzy decision rule fd, can be denoted by
fde|R — fdi|D.
Example 4.2. Let us consider Example 4.1 again. We
illustrate the rule representation of the object x; in a
fuzzy decision table as follows:

Since the object x; belongs to “decision class 0,” its
lower approximation on “decision class 0” is 0.88889, and
its consistence degree is 0.88889, the original decision rule
corresponding to the object z; can be stated in the
following formulation:
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fdy,|R — fd,,|D:if 1 — R(y, 1) < 0.88889 on

21 = {(a,1), (b,0.1), (c,0.11111), (d,0.88889)(e,0.11111),
(£,0.11111), (¢, 1), (h,0.11111), (k,0), (4,0.88889)},

then the object y belongs to “decision class 0.”

This rule represents that if the distance between y and « is
smaller than a certain value, then y belongs to the decision
class containing z. For example, since 1— R(x¢,x1) =
0.66667 < 0.88889, the object s belongs to “decision class
0” by using the decision rule fd,,|R — fd,,|D; since 1 —
R(xq,x1) = 1 > 0.88889, the decision class of object 22 cannot
be predicted by using the decision rule fd,, |R — fd,,|D.

This example shows that the decision rule corresponding
to each original object is very trivial. It is necessary to reduce
them from the viewpoint of attribute value reduction.

Definition 4.4 (reduction rule). Given an object x and its
corresponding rule fd,|R — fd,|D in FD= (U, RUD),
suppose P(x) C R(x) is one attribute value reduction of z,
then fd,|P — fd,|D is called the reduction rule of
fd,|R — fd,|D.

This definition shows that each attribute value reduction
corresponds to a reduction rule.

Example 4.3. Let us consider Example 4.1 again. Suppose
one attribute value reduction of object z; is
P(x1) ={(a,1),(d,0.88889)}, then its corresponding re-
duction rule is represented as follows:

fdy |P — fd,,|D: if 1— P(y,z1) < 0.88889 on z; =
{(a,1),(d,0.88889)} (here, P = {a,d}), then the object y
belongs to “decision class 0.”

This rule represents that if the object y is similar with the
reduced object z; = {(a, 1), (d,0.88889)}, then y belongs to
the decision class containing z, i.e., [z].

The covering power of each rule is measured using a
concept named rule covering.

Definition 4.5 (rule covering). Given an object x and its
corresponding rule fd,|R — fd,|D in FD = (U,RU D), for
an arbitrary object y € U, if N(R(z,y)) < Conpo(D)(z),
then we say that fd,|R — fd,|D covers the object y. We also
say that fd,|R — fd.|D covers the rule corresponding to the
object y.

If the rule fd,|R — fd,|D covers the object y, then the
object y belongs to the decision class of z, i.e., y € [z] , if we
ignore some misclassification and perturbation.

Now, we present one theorem which shows the relation
between the original decision rule and the reduction rule.

Theorem 4.6. Given an object = and its corresponding rule
fd;|P — fd,|D in FD = (U,RUD), If the rule fd,|P —
fdy|D covers one object ye U, then its reduction rule
fdy|P — fdy|D also covers the object y.

Proof. Since S(N(R(z,v)),0) < Cong(D)(z) and
Conpq(D)(z) = Conp(D)(x),
)

we have S(N(P(z,y)),0) < Conpqo(D)(z) (by R(z,y) <
P(z,y)). Thus, the reduction rule fd,|P — fd.|D covers
the object y. ]
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TABLE 6
One Reduced Table of Table 1

Consistence

Obj a b c d e i f g :ih j k D degree
x2 0.11111 0.77778 * 1 0.77778
x8 1 0 0 0.77778
xl 1 * 0.88889 : * * * P ¥ £ * Pr 0 0.88889

* The star mark represents the attribute-value which has been re-
duced.

This theorem shows that the rule induction process keeps
the discernibility information in the original decision table
invariant. We also use this theorem to design an algorithm to
find a near-minimal rule set from FD = (U,RUD) (see
Algorithm 4.3).

Algorithm 4.3: to find the near-minimal rule set

‘Minimal_rule_set’ <—{ };
(1) Compute the reduction rule of every original decision rule, add
them into "All_rules’;
(2) Do while “All_rules” is not empty
(2.1) Compute the’Cover_degree’ of every rule in “All_rules’.
(2.2) Add the rule ‘Rule( X ;)" which has the maximum ‘Cov-
er_degree’ into “Minimal_rule_set’;
(2.3) Delete the rules cover by ‘Rule( X; )" from "All_rules’;
(3) Output “Minimal_rule_set’.

Here, “All_rules” denotes the collection of the reduction
rules of every original decision rule; “Rule(z;)” denotes one
reduction rule of z;; “Cover_degree(z;)” denotes the number
of rules which is covered by the reduction rule “Rule(z;);” and
“Minimal_rule_set” denotes the near-minimal rule set in-
duced from the fuzzy decision table.

Example 4.4. Let us consider the table in Example 4.1 again.
Using Algorithm 4.3, we obtain a near-minimal rule set
as follows:

If 1 — P(y,x) < 0.77778 on

z = {(a,0.11111), (4,0.77778)}

(here P = {a, j}), then y belongs to “decision class 1.”
If 1—P(y,x) <0.77778 on z = {(c,1),(4,0)} (here,
P = {c, j}), then y belongs to “decision class 0.”
If 1— P(y,z)) < 0.88889 on z = {(a,1),(d,0.88889)}
(here, P = {a,d}), then y belongs to “decision class 0.”
If 1-Ply,z) <1 on z={(a,0),(f,0)} (here, P=
{a, f}), then y belongs to “decision class 1.”
This rule set can also be represented in a table (see
Table 6).

The rule set obtained by using GFRS can be used as a
classifier to predict the unseen objects. In the following,
the rule-based classifier obtained by using GFRS is
denoted by GFRSC.

5 SCALABILITY ANALYSIS AND EXPERIMENTAL
COMPARISON

In this section, we first analyze the scalability complexity of
GFRSC, and then, experimentally compare it with several
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[T -

i Preprocessing |

I Similarity relation

|

Discernibility vector 0(\U|2 x|4])
1

!

Reduction rules (attribute-value reductions) o|y|* x|4])
]

Near-minimal rule set

g
o(4| x=E)

Here |U | is the size of the universe,
|D| is the number of decision classes.

Lower approxima-
tion

o(ul’ /o

A| is the number of attributes,

Fig. 3. The procedure and scalability analysis to rule induction.

rule-based classifiers. Since GFRS is the generalization of RS
and FRS, it is necessary to compare the rule-based classifiers
constructed using RS and FRS (denoted RSC and FRSC,
respectively). We also compare GFRSC with one popular
rule-based classifier, decision tree (denoted as DTC).

5.1 Scalability Analysis

Fig. 3 shows the procedure for inducing rules using GFRSC
and an analysis of its scalability. This figure is similar to the
ones for RSC and FRSC. The main difference lies in the step
covered by the dot-lined box, ie. preprocessing. In the
fuzzy procedures, ie.,, FRSC and GFRSC, preprocessing
means computing the similarity relation and lower approx-
imation operator. Their time and space complexities of
them are O(|U|*x|A|) and O(|U|*x|D)), respectively. In the
crisp case, i.e., RSC, preprocessing means the discretization
of data sets. Its time and space complexity depend on the
discretization method that is used.

5.2 Experimental Comparison

In this section, we experimentally compare GFRSC with
some other rule-based classifiers: RSC, FRSC, and DTC.
First, we specify one reasonable triangular norm for GFRSC.
In GERS (see Section 3), there are two lower approximation
operators (R, and Rg ) and two upper approximation
operators (Rz, and R,,). Generally, they are not equal to
each other. If we specify the Lukasiewicz’s T-norm 17, then
its dual conorm with respect to NV, is the bounded sum
Sp(z,y) = min{l,z + y}, the Tj-residuated implication is
9r(z,y) = min{l, 1 — z + y}, and the dual of ¥; with respect
to the negator N(z)=1—-=x is or(x,y) = max{0,y — z};
clearly, we have Sp(1 —z,y) =9r(z,y) and or(1 —z,y) =

Ty (x,y), which imply Ry, = Rs, and R, = R, hold

a

for a fuzzy T -similarity relation R and the standard negator

N(z) =1—z. This is one reason why we specify the
Lukasiewicz’s T-norm 77 in GFRSC. Furthermore, many
discussions on the selection of triangular norm 7" emphasize
the Lukasiewicz’s T-norm T}, as a suitable selection [15], [53],
[54]. For more on this, interested readers can refer to [24]. In

TABLE 7
The Information of Some Data Sets from
UCI Machine Learning Repository

vas | pe Decision

Datasets Abbreviation : Objects (condition Attributes y
H . classes

attributes)
Tonosphere Tonosphere 351 Real number 34 2
Wisconsin
Diagnostic WDBC 569 Real number 31 2
Breast cancer H
diabetes Diabetes - 768 . Realnumber . 9 S22
wine Wine Lz | Realnumber | 14 K

the following experiments, we adopt the S-lower approx-
imation operators constructed on 77, to design the rule-based
classifier. The discernibility vector is then specified as
follows:

cji={a:a(vi,z;) + A=1<a} for D(z;z;) =0,
(V5.1)
where A = Rs,) ([x:]p)(x:),
Cji = gi), for D($77l’]) =1. (V52)

The experiments are set up as follows:

Data set. Four data sets from UCI Machine Learning
Repository [49] are used to compare the performance of the
classifiers. The details are provided in Table 7.

Data set split. The data set is split into two parts. The
randomly chosen 50 percent of objects are used as the
training set to find the classifier. The remainders are used as
the testing set to test the accuracy of the found classifier.

Noise control. Some noise (misclassification and pertur-
bation) are added to the training sets since GFRSC focuses
on dealing with the problems of noise (i.e., misclassification
and perturbation). The percentage of the added noise 3 x
100% means that in the randomly selected § x 100% data,
the decision classes are changed and condition attributes
are perturbed.

Indexes. Indexes are: 1) the number of selected rules and
2) the classification accuracy of the rule set.

Parameter specification. We try the parameter in GFRSC
“alpha” from 0 to 0.15 with step 0.01. We try the percentage
of noise “beta” from 0 to 0.2 with step 0.05.

5.2.1 Discussion of the Parameters: Alpha and Beta

There are two parameters in the following experiments:
the threshold in GFRSC “alpha” and the noise percentage
“beta.” In this section, we focus on analyzing the effect of
alpha and beta on the classification performance of
GFRSC. Figs. 4 and 5 show the classification results on
four data sets. The x-axis is the value of alpha. The y-axis
in Fig. 4 is the number of rules and the y-axis in Fig. 5 is
the classification accuracy. There are five curves in each
subfigure which correspond to the classification results on
different beta values. Note that the points on y-axis is the
accuracy (or the number of rules) of FRSC (Since GFRS
degenerates to the classifier on FRS when alpha is set to
0), which provide some base points to evaluate the
performance of GFRSC.

Fig. 4 shows that the number of rules curves with the
change of alpha and beta. We find that the number of rules
monotonously decreases with the value of alpha. That is, the
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Fig. 4. The valuation of number of rules of GFRSC on different values of
“alpha” and “beta.” (a) WDBC. (b) Diabetes. (c) lonosphere. (d) Wine.

bigger the parameter in GFRSC is, the compacter the obtained
rule set in GFRSC is. What is more, we find that on the y-axis,
the number of rules changes dramatically with the percen-
tage of noise (i.e., beta), whereas it changes slightly when the
value of alpha is large. This shows that from the viewpoint of
number of rules, FRSC (i.e., alpha = 0) is sensitive to the
percentage of noise, whereas GFRSC is less sensitive.

Fig. 5 shows that the accuracy of GFRSC curves with the
change of alpha and beta. We find that in most cases, the
accuracy curves of GFRSC share a similar pattern. At the
beginning, the accuracies increase dramatically, and then,
change slightly. But when the value of alpha is too large,
the accuracy decreases perceptibly. This shows that within
a certain extent of alpha, the accuracy is stable and
reasonable. The extent of alpha depends on the domain of
specific practical problems. What is more, we also find that
on y-axis, the accuracies change dramatically with the
percentage of noise (i.e., beta), whereas it changes slightly
when the value of alpha is large. These show that from the
viewpoint of accuracy, FRSC is sensitive to the percentage
of noise; whereas GFRSC is less sensitive.

The above analyses show that the noise in the data sets
significantly affects the performance of FRS, whereas it has
slight influence in GFRS. The basic reason is that the noise
(i.e., misclassification and perturbation) is effectively con-
trolled in the step of knowledge representation in GFRS:
misclassification or small perturbation is ignored by control-
ling the threshold « in the fuzzy cut set (R_,,x 2)" since the
threshold « controls the accuracy of R,z included in A.

5.2.2 Experimental Comparison GFRSC with RSC and
FRSC

First of all, we would like to list the main differences among
GFRS, RS, and FRS.

1. FRS and GFRS can handle real-valued data sets,
whereas RS can only deal with symbolic data sets.
Therefore, RS need a preprocessing of discretization.

The selection of the discretization method affects
the performance of RSC. Generally, there are
two types of discretization methods for RS. One is

1
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Fig. 5. The valuation of number of rules of GFRSC on different values of
“alpha” and “beta.” (a) WDBC. (b) Diabetes. (c) lonosphere. (d) Wine.

to keep the discernibility information in the data sets
invariant before and after discretization (e.g., the
discretization method proposed by Nguyen which
preserves the discernibility information in the
original data sets [57]), while the other is a common
discretization method (e.g., fuzzy C-mean). In this
paper, we select fuzzy C-mean as the discretization
method since some perturbation in the real-valued
data sets can be omitted by it. That is to say, RSC is
less sensitive to perturbation in this paper.

2. FRSis one special case of GFRS. The main difference
between them is the threshold introduced into the
fuzzy approximation operators. By controlling this
threshold, some misclassification and perturbation
are ignored in the step of knowledge representation.
That is to say, GFRS is less sensitive to misclassifica-
tion and perturbation.

In this section, we experimentally compare
GFRSC with RSC and FRSC. Here, we focus on
comparing the sensitivity, the number of rules, and
classification accuracy of the obtained classifier. The
comparison results are summarized in Figs. 6 and 7.
The x-axis in Figs. 6 and 7 is the noise percentage,
i.e., beta. The y-axis in Fig. 6 is the number of rules
and the y-axis in Fig. 7 is the classification accuracy.
In each subfigure, there are seven curves which
correspond to the classification results on different
classifiers, i.e., RSC, FRSC, and GFRSC on different
values of alpha.

Figs. 6 and 7 show that in most cases, the number
of rules and accuracy of RSC and FRSC increase
significantly with the increment of noise, whereas
the number of rules and accuracy of GFRSC increase
slightly. Except the data set “Diabetes,” other three
data sets share these patterns. This shows that FRSC
and RSC are sensitive to noise, whereas GFRSC is
less sensitive.

Fig. 6 shows that GFRSC finds a compacter rule
set than FRSC and RSC. It also shows that in most
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cases, the curves obtained by GFRSC are lower than
the curves obtained by FRSC and RSC in most cases.
That is to say, from the viewpoint of number of
rules, the larger the percentage of noise is, the better
the performance of GFRSC over FRSC and RSC.
Fig. 7 shows that GFRSC finds a higher accuracy
than FRSC and RSC. We find that in most cases, the
accuracy curves of GFRSC are often higher than
those in FRSC and RSC. The larger the percentage of
noise is, the greater the accuracy of GFRSC com-

pared with FRSC and RSC.
All the above analyses show that GFRSC per-

forms better than FRSC and RSC in terms of the
noise sensitivity, number of rules, and accuracy.
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TABLE 8
The Valuation of the Comparison of DTC and GFRSC
DTC (see5) GFRSC
dataset feta (noise Number of Number of

parameter) ules accuracy ules accuracy

0 103 0.7362 10.095 0.71429

0.05 9.35 0.7082 9.2857 0.70337

Diabetes 0.10 8.55 0.6832 8.2857 0.68539

0.15 7.85 0.6248 7.9524 0.6684

0.2 6.4 0.62195 6 0.67423

0 6.7 0.8922 6.619 0.78707

0.05 74 0.8434 7.2381 0.78057

Ionosphere 0.10 6.85 0.7708 67619 0.77408
0.15 6.7 0.73715 6.9048 0.7757

02 83 0.7138 8.0952 0.78057

0 48 0.9314 B 0.92615

0.05 6.15 0.8737 6.381 0.91328

WDBC 0.10 6.5 0.81605 6.7143 0.90459
0.15 4.85 0.77755 4.9524 0.85246

0.2 53 0.72115 5.381 0.8675

0 4.7 0.90065 4.5714 0.81594

0.05 5.6 0.84825 5.2857 0.82986

Wine 0.10 54 0.80065 5.619 0.80578
0.15 7.2 0.69715 7.0952 0.82183

0.2 8.35 0.6372 8.4762 0.82076
Average 6.921875* 0.742188* 7.089288* 0.791148*

* It is calculated by omitting the values on beta=0.

5.2.3 Experimental Comparison GFRSC with
Fuzzy Decision Tree

Decision tree is a very popular rule-based classifier
(denoted as DTC) [50], [51], [52]. It is necessary to compare
our proposed rule-based classifier GFRSC with DTC. See5,
as the successor of the successful and widely used ID3 and
C4.5 systems (fuzzy decision tree learning algorithm) is
selected to compare with GFRSC since it can deal sensibly
with missing values and is pruning to deal with noisy data.

DTC and GFRS are two very different types of classifier
building systems: 1) DT obtains a set of rules by construct-
ing one tree; GFRS obtains a set of rules by reducing some
redundant attribute values. 2) DTC controls the noise by
pruning after the tree has been built; GFRSC controls the
noise before reducing the redundant attribute values, i.e., in
the first step of knowledge representation.

The classification results of GFRSC which have the similar
number of rules with DTC are selected to compare with DTC.
The comparison results are summarized in Table 8.

Table 8 shows that GFRSC performs better than DTC in
the noised data. The bold and italic texts in Table 8 are the
values of accuracy of GFRSC which are noticeably higher
than DTC. For example, GFRSC significantly performs better
than DTC on the noised data set “WDBC” and “Wine.” The
reason may be that DTC controls the noise in the last step,
whereas GFRSC controls the noise in the first step.

The computational complexity of DTC is O(|U] x | 4| x
|T|) (here, |T| is the size of the induced tree), whereas the
one of GFRSC is O(|U|*x|A|). The strength of DTC is that it
performs well on the data sets without noise and executes
faster than GFRSC. The strength of GFRSC is that it is a
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robust model because it is less sensitive to misclassification
and perturbation. These two classifiers suit different types
of real applications.

6 CoNcLUSION AND FUTURE WORK

In this paper, we develop a rule-based classifier using a
novel framework GFRS. We first propose a robust model of
FRS (ie., GFRS), and then, design a classifier building
method based on GFRS. The key idea of building the
classifier is to keep the discernibility information in the
original data sets invariant. The proposed GFRS model, as
the foundation of classifier building, has a sound mathe-
matical rational. We, by using the strict mathematical
reasoning, not only show the reasonability of the new
concept “consistence degree,” but also design a discern-
ibility vector. This is the main contribution of this paper.
One advantage of this paper is that the classifier GFRSC is
robust since GFRS is a robust with respect to misclassifica-
tion and perturbation. The main advantage of GFRS is that
knowledge representation and knowledge discovery are
closely related. That is, the fuzzy lower approximation
operator (i.e., consistence degree) is used in attribute value
reduction. This point distinguishes GFRSC from other
classifiers built by using FRS.

In the future, we would like to do some more work on
GFRS. One of our future work is to give a more detailed
discussion on the parameter in GFRS. Now, one guideline
of specifying this parameter is that in a certain reasonable
extent, the larger the parameter in GFRSC is, the compacter
the obtained rule set is. However, it is difficult to specify the
extent of its parameter.

A discussion on GFRS and probability theory is our
another future work. Our proposed GFRS model intends to
solve the problem about data perturbation. If data pertur-
bation is due to randomness, then another formal approach
may be assumed that fuzzy data are obtained under a
randomness process. Therefore, a framework based on the
notion of random fuzzy-rough set may be developed.

APPENDIX

Here, we present and exemplify some notions of fuzzy
logical operators [4], [10], [11], [55] that are triangular norm,
triangular conorm, negator, dual, T-residuated implication,
and its dual operation.

A triangular norm, or shortly T-norm, is a function 7" :
[0,1] x [0,1] — [0, 1] that satisfies the following conditions:
monotonicity (T'(z,y) < T(a, 3)); commutativity: (T'(z,y) =
T(y,x)); associativity: (I'(T(z,y),2) =T(z,T(y,2))); and
boundary condition: (T'(z, 1) = z). The most popular contin-
uous T-norms include the standard min operator (the largest
T-norm) Ty (x,y) = min{z, y}; thebounded intersection (also
called the Lukasiewicz T-norm) Ty (z, y) = max{0,z + y—1}.

A triangular conorm, or shortly 7T-conorm, is an
increasing, commutative, and associative function S':
[0,1] x [0,1] — [0,1] that satisfies the boundary condition:
Va € [0,1],S(z,0) = 2. The well-known continuous T-
conorms include the standard max operator (the smallest
T-conorm) Sy(z,y) = max{z,y}; the bounded sum
SL(xa y) = min{la T+ y}

A negator N is a decreasing function N :[0,1] — [0, 1]
that satisfies N(0) = 1 and N (1) = 0. A negator N is called
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involutive iff N(N(z)) ==z for all = €[0,1]; it is called
weakly involutive iff N(N(z)) >z for all z € [0,1]. The
standard negator is defined as Ng(x) =1—x. Given a
negator N, T-norm T and T-conorm S are called dual w.r.t.
N iff De Morgan laws are satisfied, i.e.,, S(N(z), N(y)) =
N(T(z,y)) and T(N(z), N(y)) = N(S(z,y)).

Given a lower semicontinuous triangular norm 7, the
residuation implication, or called T-residuated implication
is a function ¥ : [0, 1] x [0,1] — [0, 1] that satisfies ¥(z,y) =
sup{z|z € [0,1],T(z, 2) <y} for every z,y € [0,1]. Two ex-
amples of T-residuated implications include the Godel
implication 9,;, based on

1, =<y,

Ty 9y = {y7 T>y’

the Lukasiewicz implication ¥;, based on Ti: ¥7, =
min{l —x +y,1}.

Given a upper semicontinuous triangular conorm S, the
dual of T'— residuated implication w.r.t. N is a function o:
[0,1] x [0,1] — [0,1] that satisfies o(z,y) =inf{z |z € [0,1],
S(z,z) > y} forevery z,y € [0,1]. o(N(z), N(y)) = N(V(z,y))
and 9(N(z), N(y)) = N(o(z,y)) hold for an involutive nega-
tor N. Examples of the dual of T-residuated implication w.r.t.
N include the dual of Godel implication o, based on

0, z>y.

S]\,j:o']\,j: {y’ w<y’

the dual of Lukasiewicz implication o7, based on Sy:
or, = max{—z +y,0}.
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