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ARTICLE INFO ABSTRACT

In this paper, we present a new method for handling classification problems using a new fuzzy informa-
tion gain measure. Based on the proposed fuzzy information gain measure, we propose an algorithm for
constructing membership functions, calculating the class degree of each subset of training instances with
respect to each class and calculating the fuzzy entropy of each subset of training instances. Based on the
constructed membership function of each fuzzy set of each feature, the obtained class degree of each sub-
set of training instances with respect to each class and the obtained fuzzy entropy of each subset of train-
ing instances, we propose an evaluating function for classifying testing instances. The proposed method
gets higher average classification accuracy rates than the methods presented in [John, G. H., & Langley, P.
(1995). Estimating continuous distributions in Bayesian classifiers. In Proceedings of the 11th conference on
uncertainty in artificial intelligence, Montreal, Canada (pp. 338-345); Platt, J. C. (1999). Using analytic QP
and sparseness to speed training of support vector machines. In Proceedings of the 13th annual conference
on neural information processing systems, Denver, Colorado (pp. 557-563); Quinlan, ]. R. (1993). C4.5: Pro-
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1. Introduction

Classification techniques have been widely applied in many do-
mains. Many kinds of classifiers have been proposed for dealing
with classification problems, such as the rule-based method (Bane-
1ji, 1964; Chen & Chang, 2005; Chen, Kao, & Yu, 2002; Gomez, Gar-
cia, & Silva, 2005), the instance-based method (Cover & Hart,
1967), the linear function method (Fisher, 1936), the decision trees
method (Quinlan, 1986), the C4.5 method (Quinlan, 1993), the arti-
ficial neural networks method (ANN) (McCulloch & Pitts, 1943), the
support vector machines (SVM) method (Boser, Guyon, & Vapnik,
1992), the sequential minimal optimization (SMO) method (Platt,
1999), the naive Bayes method (John & Langley, 1995), the genetic
algorithm method (Chen & Chen, 2002; Winkler, Affenzeller, &
Wagner, 2006), etc. A data set might have numeric or nominal fea-
tures. Some classifiers may have high classification accuracy rates
for numeric data and some other classifiers may have high classi-
fication accuracy rates for nominal data. If a classifier can only deal
with nominal features, the discretization of numeric features is
necessary. If we can properly discretize each numeric feature into
finite subsets, then we can increase the classification accuracy
rates of classification systems (Catlett, 1991).
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In this paper, we propose a new method for handling classifica-
tion problems based on a new fuzzy information gain measure.
First, we propose a new fuzzy information gain measure for a fea-
ture with respect to a set of training instances. Then, based on the
proposed fuzzy information gain measure, we propose an algo-
rithm for constructing membership functions, calculating the class
degree of each subset of training instances with respect to each
class and calculating the fuzzy entropy of each subset of training
instances, where each subset of training instances contains a part
of the training instances whose values of a specific feature fall in
the support of a specific fuzzy set of this feature. Finally, based
on the constructed membership function of each fuzzy set of each
feature, the obtained class degree of each subset of training in-
stances with respect to each class and the obtained fuzzy entropy
of each subset of training instance, we propose an evaluating func-
tion for classifying testing instances. The proposed gets higher
average classification accuracy rates than the ones presented in
John and Langley (1995), Platt (1999), and Quinlan (1993).

The rest of this paper is organized as follows. In Section 2, we
present a method to construct membership functions of a numeric
feature. In Section 3, we briefly review the existing entropy mea-
sures and propose a new fuzzy information gain measure for a fea-
ture with respect to a set of training instances. In Section 4, we
propose a new method for dealing with classification problems
based on the proposed fuzzy information gain measure. In Section
5, we compare the average classification accuracy rates of the pro-
posed method with the ones using the existing methods (John &
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Langley, 1995; Platt, 1999; Quinlan, 1993). The conclusions are dis-
cussed in Section 6.

2. Construct membership functions of each numeric feature

In this section, we propose a method for constructing member-
ship functions of a numeric feature. Assume that R denotes a set of
training instances and f denotes a feature. First, we apply the k-
means clustering algorithm (Hartigan & Wong, 1979) for clustering
the values of the numeric feature f of a set of training instances into
k clusters (i.e., [x11,X12], [X21,X22],. - -, [Xk1,Xk2]) and generate k clus-
ter centers my, my,...,m;. Then, we use these cluster centers m;,
mo,. .., my as the centers of the fuzzy sets to construct the member-
ship functions of the fuzzy sets of the feature f as follows:

fori=1to kdo
{

if i=1 then

L,

| Construct the membership function 4, corresponding to

the first cluster center my, where U, denotes the minimum
value of the universe of discourse of the feature f, m; denotes
the ﬁrgt cluster center, and m, denotes the second cluster
center. |

1 _ﬁxo'i if Upin <X <My,
let p, (x)=q1-270, if my <x<my,
0, otherwise,
}
else
if i = k then
{

/*Construct the membership function y,, corresponding
to the kth cluster center my, where Un.x denotes the maximum
value of the universe of discourse of the feature f, m, denotes
the*kth cluster center, m;_; denotes the left cluster center of
my. /

— e if mey <x<my,
let p, (x) =<1 -5 -Re-x 05, if my <x < Unax,
0, otherwise,
}
else
{

/*Construct the membership function f, corresponding
to the ith cluster center m;, where 1 <i<k, m; denotes the ith
cluster center, m;_; denotes the left clustgr center of m;, and
m;+1 denotes the right cluster center of m;. |

17 X—m;
mi_y—m;’

if mi_y <

< m,

X
let p, (x)=4¢1-=20 if m <x <myp,

miq—m;’

0, otherwise .

3. Fuzzy information gain measures

In this section, we propose a fuzzy information gain measure of
each feature with respect to a set of training instances. In the fol-
lowing, we propose the definition of the fuzzy information gain

measure of a feature with respect to a set of training instances. A
feature can be described by several linguistic terms (Zadeh,
1975) and each linguistic term can be represented by a fuzzy set
(Zadeh, 1965) characterized by a membership function. Assume
that a set R of training instances is classified into a set C of classes
and assume that a set V of fuzzy sets is defined in the feature f. Let
1, denote the membership function of the fuzzy set v, v € V, and let
1,(x) denote the membership grade of value x belonging to the fuz-
zy set v. The support U, of a fuzzy set v denotes a subset of the uni-
verse of discourse U of a feature, where U, = {u|u,(u) > 0 and u € U}.
First, we review a class degree measure for calculating the degree
of possibility of a subset of training instances belonging to a spe-
cific class whose values of a specific feature fall in the support of
a specific fuzzy set, shown as follows.

Definition 3.1. (Chen & Shie, 2005) The class degree CD/(v) of a
subset R, of training instances belonging to a class ¢ whose values
of a feature f fall in the support U, of a fuzzy set v of the feature fis
defined by

CDC(V) o ZXEXCuV(X) (1)

B erx )uv (X) ’

where X denotes the set of values of the feature f of the subset R, of
training instances, X c U,, X denotes the set of values of the feature
fof the subset R, of training instances belonging to the class ¢, c € C,
1, denotes the membership function of the fuzzy set v, u,(x) de-
notes the membership grade of value x belonging to the fuzzy set
v, and p,(x) € [0,1].

Then, based on the class degree measure shown in Eq. (1), we
review a fuzzy entropy measure for calculating the uncertainty
about the class of a subset of training instances whose values of a
specific feature fall in the support of a specific fuzzy set, shown as
follows.

Definition 3.2. (Chen & Shie, 2005; Shie & Chen, 2007) The fuzzy
entropy FE(v) of a subset of training instances whose values of a
feature f fall in the support U, of a fuzzy set v of the feature f is
defined by

FE(v) = =~ (D (v)log,CDc(v), (2)
ceC

where C denotes a set of classes and CD(v) denotes the class degree

of the subset of training instances belonging to a class ¢ whose val-

ues of the feature ffall in the support U, of the fuzzy set v of the fea-

ture f.

Then, based on the fuzzy entropy measure shown in Eq. (2), we
propose a fuzzy information gain measure for calculating the
expected reduction in entropy caused by partitioning the set of
training instances according to a specific feature, shown as follows.

Definition 3.3. (Shie & Chen, 2006) The fuzzy information gain
FIG(R,f) of a feature f with respect to a set R of training instances
is defined by

FIG(R,f) = 2; (—%logz %) - ZV: (S?"FE(V)), 3)

where n denotes the number of instances contained in R, n. denotes
the number of instances which are contained in R and belonging to
a class ¢, V denotes the fuzzy sets of the feature f, s denotes the sum-
mation of the membership grades of the values of the feature f of
the set R of training instances belonging to each fuzzy set of the fea-
ture f, S, denotes the summation of the membership grades of the
values of the feature f of the set R of training instances belonging
to a fuzzy set v of the feature f, and FE(v) denotes the fuzzy entropy
of a subset of training instances whose values of the feature f fall in
the support U, of a fuzzy set v of the feature f.
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