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Abstract: Feature selection 1s an essential step m preprocessing and it refers to the process of selecting 1nput
variables that are most predictive for a given outcome. Reducing the input space is of major concern in areas
like pattern recognition, signal processing, medical research and machine learning. Use of rough set theory for
preprocessing of dataset has been very recent since other methods are inadequate at finding minimal reductions
that too with uncertain data. The essence of this study is to introduce an innovative approach by fusing rough
set theory with feature correlation for reducing the input space and then applying fuzzy ART neural network
for breast cancer diagnosis. The intended approach has produced satisfactory results as opposed to the

conventional methods.
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INTRODUCTION

Breast cancer is the most common cancer in women
worldwide. Trends and Statistics indicate that one out of
nine women will develop breast cancer in their lifetime,
and one out of 27 women die due to breast cancer
(http:/www.cancer.org/). To aid clinicians in the diagnosis
of breast cancer, recent research has looked into the
development of computer aided diagnostic tools.

Numerous samples and high dimensionality of the
feature space are the major obstacles in processing large
databases. One of the major challenges in breast cancer
domain is the extraction of comprehensible knowledge
from lab test results. Tt might be expected that the
inclusion of an increasing number of features would
further increase the likelihood of including enough
information  to  distinguish
Unfortunately, this 18 not true if the size of the training
dataset 1s not directly proportional to the rapid mcrease of
additional features. This 1s the so-called curse of
dimensionality (Rich and Dayne, 1994).

Rough set theory provides a new mathematical tool

between classes.

to deal with uncertamnty and vagueness of an information
system in Data mining. The information system may
contain a certain amount of redundancy that will not aid
knowledge discovery and may in fact mislead the process.
Tt is necessary to eliminate the redundant attributes by

retaining the essential ones or to construct the core of the
attribute set (Pawlak, 1991).

The study elaborates the experimental results using
the well-known Wisconsin Breast Cancer Dataset
(WBCD) with fuzzy ART neural network for classification
and the final section deals with conclusion.

ROUGH SET THEORY

In many applications, data 1s automatically generated
and therefore the number of objects to be mined can be
large. The time needed to extract knowledge from such
large data sets is an issue, as it may easily run in to days,
weeks, and beyond. One way to reduce computational
complexity of knowledge discovery with data mining
algorithms and decision making based on the acquired
knowledge is to reduce the volume of data to be
processed at a tiume, which can be accomplished by
decomposition (Zdzis, 1991).

Rough Set Theory (RST) (Komorowski ef al., 1998)
has indeed become a topic of great interest to researchers
and plays a predominant role in many domains as
reported in Chouchoulas and Shen (2001), Drwal (2000)
and Ho et al. (2003) for classification, clustering (Jensen
and Shen, 2001) systems monitoring (Sebban and Mocl,
2002) and expert systems (Swiniarski, 1996). Given a
dataset with discretized attribute values, it is possible to
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find a subset (termed a reduct) of the original attributes
using RST that are the most informative; all other
attributes can be removed {rom the dataset with mimmal
mformation loss. From the dimensionality reduction
perspective, informative features are those that are most
predictive of the class attribute. This success is due in
part to the following aspects of the theory (Pawlak, 1982).

¢ Only the facts hidden in data are analyzed.

. No additional information about the data is required
such as thresholds or expert knowledge on a
particular domain.

¢ It finds a minimal knowledge representation.

Rough sets remove superfluous mformation by
examining attribute  dependencies. It deals with
inconsistencies, uncertainty and incompleteness by
imposing an upper and a lower approximation to set
membership. Rough sets estimates the relevance of an
attribute by using attribute dependencies regarding a
given decision class (Alexios, 2001 ) Tt achieves attribute
set covering by imposing discernibility relation. Same as
i fuzzy logic, mn rough sets every object of mterest is
associated with a piece of knowledge indicating relative
membership. This knowledge is used to drive data
classification and is the key issue of any reasoning,
learming, and decision making (Angela and Juan, 2006).

The Rough Set based Attribute Reduction (RSAR)
technicque is herein explained in terms of the following
notions: U, the set of all samples in the dataset, along with
their corresponding class labeling; A, the set of all
variables; and B, the set of class labeling. The value of
variable g £ A insample x € U is written as f (X, ), which
defines an equivalence relationship over U. With respect
to a given g, the function partitions the universe into a set
of pair wise disjoint subsets of U:

Rg={xxecUMNMx, q=fx0,q)¥x0ec 1T} (1)

Assume a subset of the set of variables, Pc A. Two
samples x and y in U are indiscernible with respect to P if
and only if f (x, @) = (y, @) ¥ q € P. The indiscernibility
relation for all P ¢ A 1s written as IND (P). U/IND(P) 1s
used to denote the partition of U given IND(P) and 1s
calculated as T/IND(P) = {q ® P : W/IND({q})}, where A
@B={XnY: ¥XeAVYeB XnY={it

A rough set approximates traditional sets using a
pair of sets named the lower and upper approximation of
the set in question. The lower and upper approximations
of a set Pc T (given an equivalence relation IND(P)) are
defined as PY =[{X: XeU/AND(P), X c Y } and PY = [{X:
X eUANDP), X Y # {}} respectively. Assuming P and

Q are equivalence relations in U, the important concept
positive region POSP (Q) is defined as:

POSP (Q)=U PX ()
KeQ

A positive region contams all patterns in U that can
be classified mn attribute set Q using the information in
attribute set P. Thus, the concept of degree of
dependency can be defined (Carpenter et al., 1991) as the
degree of dependency v (P, Q) of a set P of variables with
respect to a set Q of class labeling 15 defined as

Y P (Q) = [POSP (Q)|
U]

Where |S| denotes the cardinality of set S. The
degree of dependency provides a measure of how
important P is in mapping the dataset examples into Q. If
v (P, Q) = 0, then classification @ 13 mndependent of the
attributes m 1n P, hence the decision attributes are of no
use to this classification. If v = 1, then Q is completely
dependent on P, hence the attributes are indispensable.
Values 0 < y(P, Q) <1 denote partial dependency, which
shows that only some of the attributes in P may be useful,
or that the dataset was flawed to begin with. In addition,
the complement of vy, gives a measure of the
contradictions in the selected subset of the dataset.

Given P, Q and a variable x € P, the significance ox
(P, Q) of x mn the equivalence relation denoted by P and Q
is 0x (P, Q) =v(P, Q) - y(P - {x}, Q). The higher the change
in dependency, the more significant x 1s. RSAR takes
advantage of this to remove variables that have little or no
significance to the classification task at hand.

Rough Set Attribute Reduction (RSAR): Given a
classification task mapping a set of variables C to a set of
labeling D, a reduct 1s defined as any subset R cC, such
that y(C.D) = v(R,D). Given a classification task mapping
a set of variables C to a set of labeling D, a reduct set is
defined with respect to the power set £(C) as the set Rc
£(C) such that

R = {A ep(C): ¥(A, D) = y(C, D)},

That is, the reduct set is the set of all possible
reducts of the equivalence relation denoted by C and D.
Given a classification task mapping a set of vanables C to
a set of labeling D, and R, the reduct set for this problem
space, a minimal reduct s defined as any reduct R such
that |[R| < |A], ¥ A € R. That 1s, the mimmal reduct 13 the
reduct of least cardinality for the equivalence relation
denoted by C and D.
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The QuickReduct algorithm attempts to calculate a
reduct without exhaustively generating all possible
subsets. Tt starts off with an empty set and adds in turn,
one at a time, those attributes that result in the greatest
mcrease 1n the rough set dependency metric, until this
produces its maximum possible value for the dataset. The
existing algorithm 1s outlined below (Tensen and Shen,
2004a, b, 2005).

Quick Reduct (C, D)

Input: C, the set of all features attributes; D, the set of
class attributes.

Output: R, the attribute reduct, R < C

(1) R« {}

(2) do

(3) T«R

(4) for eachx € (C-R)

(5) fy(RU {x},.D) > v (T.D)

(&) T+ RU {x}

(7) R+T

(8) until y(R,D) = y(C,D)

(9) return R

Algorithm 1: The QuickReduct algorithm
According to the Quickreduct algorithm, the

dependency of each attribute is calculated, and the best

candidate 1s chosen. This, however, 1s not assured to find

a minimal subset which has been proposed by Thangavel

et al. (2006) with a potential solution to the problem by

altering it nto an n-look ahead approach. However, even

this cannot promise a reduct unless n is equal to the

original number of attributes, but tlus reverts back to

generate-and-test. Tt still suffers from the same problem as

the original Quickreduct, i.e., it is impossible to tell at any

stage whether the current path will be the shortest to a

reduct. In order to obtain the minimal reduct, apply the

Improved Quickreduct Algorithm by using the best

degree of dependency walue by normalizing the

mformation system. As in the normalization process n the

data base system, the size of the information system can

also be reduced horizontally by eliminating the objects

which are mvolved i the construction of lower

approximations.

CORRELATION

The usefulness of a feature or feature subset is
determined by both its relevancy and redundancy. A
feature is said to be relevant if it is predictive of the

decision feature(s), otherwise it is irrelevant. A feature is
considered to be redundant if it is highly correlated with
other features. Hence, the search for a good feature
subset nvolves finding those features that are lughly
correlated with the decision feature(s), but are
uncorrelated with each other (Tohn et al., 1994).

Like the majority of feature selection programs,
Correlation based Feature Selection (CFS) uses a search
algorithm along with a function to evaluate the merit of
feature subsets. The heuristic by which CFS measures the
goodness of feature subsets, takes into account the
usefulness of individual features for predicting the class
label along with the level of intercorrelation among them.
The hypothesis on which the heuristic is based can be
stated by the following equation.

kr

ci

Jr k& D1,

Where, G, 1s the heuristic merit of a feature subset s
containing k features r; is the mean feature class
correlation (fes) and ry is the average feature feature
intercorrelation.

The numerator can be thought of as giving an
indication of how predictive of the class a group of
features are; the denominator of how much redundancy
there 1s among them. The hewistic goodness measure
should filter out wrelevant features as they will be poor
predictors of the class. Redundant features should be
ignored as they will be highly correlated with one or more
of the other features.

FUZZY ART

The best and most precise description of disease
entities uses linguistic terms that are also imprecise and
vague. Uncertainty is now considered essential to science
and fuzzy logic is a way to model and deal with it using
natural language. It can be said that fuzzy logic 18 a
qualitative computational approach. Fuzzy logic s a
method to render precise what is imprecise in the world of
medicine.

Fuzzy art 13 a clustering algorithm that operates on
vectors with analog-valued elements (Carpenter et al,
1991). Adding a further layer of processing to Fuzzy art
yvields a supervised clustering algorithm. Such
applications often require the formation of thousands of
clusters n a high dimensional feature space and could
benefit from parallel implementation of the algorithm for
high-speed or real-time classification.

Several properties of Fuzzy art facilitate
implementation in hardware. Notably, because 1t uses the
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1.1 distance metric, multiplication is not required at each
synapse. Furthermore, the algorithm can perform well with
as few as four bits of weight precision (Rubin, 1995).
Consequently, very little circuit area 1s required at each
synapse in an electronic implementation. However, as
originally specified, Fuzzy art requires bi-directional
synapses, weight transport, or weight duplication, any of
which is troublesome for a parallel implementation. This
mapping relies on a different sequencing of the operations
of the algorithm, but the classification of the input vectors
remains unchanged.

Carpenter ef al. (1991a) propose searching for the
category J which maximizes Tj(I) and then checking
whether S;(I) r. If not, category T is marked as ineligible
(reset) and the search is repeated until a satisfactory
category 18 found (resonmance). The neural network
realization described by Carpenter et al. (1991a) is three-
layer architecture, illustrated in Fig. 1. Calculation of the
choice function takes place in layer F2, whereas
calculation of the match fimction and comparison to the
vigilance parameter takes place in layer F1 and at the reset
node. Since the weight values, wji, are required for both
calculations, stored and mdependently
updated in each of the two layers. The length of time
between input presentation and selection of the
corresponding cluster is variable, depending on how

coples are

many search cycles are required.

Fuzzy art clusters vectors based on two separate
distance criteria, match and choice. For input vector T and
category j, the match function is defined by

8,0 = [I'W|
[

Node disabled?

Fig. 1. The Fuzzy art architecture proposed by Carpenter
et al (1991a) consists of three layers of
processing elements and utilizes two identical sets
of weights

Where wj is an analog-valued weight vector
associated with cluster j. U denotes the fuzzy and
operator, (p"q), = min(p,, q;) and the norm |. . .| 1s defined
by [p|=Y. Ip- The choice function is defined by

17w, |
ot W]

T (@ =

Where o 1s a small constant. When the bias 1s
increased, the search 18 more towards clusters with large
wj. Each input vector is assigned to the category that
maximizes Tj(I) while satisfying S, (I) r, where the
vigilance, r, is a constant, 0 < 1 < 1.

It 13 therefore, desirable to develop techmques to
provide the means of data reduction for crisp and real-
value attributed datasets which utilize the extent to which
values are similar. This can be achieved through the use
of fuzzy-rough sets. Fuzzy-rough sets encapsulate the
related but distinct concepts of vagueness and
indiscermibility, both of which occur as a result of
uncertainty in knowledge. Vagueness arises due to a lack
of sharp distinctions or boundaries n the data itself. This
is typical of human communication and reasoning. Rough
sets can be said to model ambiguity resulting from a lack
of information through set approximations.

RESULTS AND DISCUSSION

Making a blend of the three technologies of soft
computing namely rough set theory, neural network and
fuzzy logic, designing a fuzzy art classifier for the breast
cancer diaghosis by reducing the feature set is the central
focus of this study (Dubois and Prade, 1992). The RSAR
acts as the preprocessor to handle all vital issue of feature
selection and even after the application of the
QuickReduct algorithm there is no guarantee regarding
the removal of redundancy. Hence, the redundant features
are eliminated using feature correlation. In the end, a fuzzy
ART classifier has taken over the task of diagnosing with
a reduced feature set and produced very reasonable
results (Fig. 2).

The wertical reduct 18 possible using the
Quick Reduct algorithm, only when the superfluous
attributes are eliminated from the normalized data.
But even after that, redundancy exists. Hence, 1t 1s
necessary to fine tune the original algorithm to remove

Stagel Stage 2 Stage 3
Data. preprocess| art | Benigh
A.nalog ing by rough mﬁ; neural network :
Input |set th for classification] Jyalignant

Fig. 2: Fuzzy art results
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Tablel: Comparison of feature selection accuracies of customary methods (17) and the proposed CRSAR

Database WBCD Original no of features D3

SOAP

C4.5 RLF CRSAR

Features and 10/95.01 9.1/94.57

Accuracy (%)

5.2/94.64

7.0/95.42 5.7/95.02 2/96.24

the redundancy by incorporating feature correlation with
correlation coefficient factor exceeding 90. The modified
form of the original algorithm given

Correlated Rough Set Attribute Reduction (CRSAR)
Correlated Quick Reduct algorithm (C, D)

C-Set of highly correlated features.

D-Set of decision features.

(LR «{}

(2)do

(3T +R

(4for eachx € (C -R)
(if y(RU {x}, D)= v (T,D)
(6T + R U {x}

(MR« T

(Byuntil y(R, D) = y(C, D)
(9) foreachx e R

(10) if FC (x;, xg-x;) > 90
(11) remove x; from R
(12)yeturn R

Algorithm 2: Correlated quick reduct algorithm

The algorithm 2 has been tested on the popular breast
cancer database namely Wisconsin Breast Cancer
Database (WBCD). The WBCD consists of 683 samples
with 16 missing attributes (Blake and Merz, 2006) has been
employed in this research. The database consists of one
1d number and mne features obtained from fine needle
aspirates, each of which is ultimately represented as an
integer value between 1 and 10. The measured variables
are as follows: (1) Clump Thickness (X1); (2) Umformity of
Cell Size (X2); (3) Uniformity of Cell Shape (X3); (4)
Marginal Adhesion (X4); (5) Single Epithelial Cell Size
(X5), (6) Bare Nucleoli (X6, (7) Bland Chromatin (X7}, (8)
Normal Nucleoli (X8) and (9) Mitoses (X9) where 444 of
the data set belong to bemign, and remaining 239 are
malignant. The vigilance parameter 1 18 set as 0.75 by trial
and error method. Eighty percent of the reduced data set
18 used for traming the network and the remaimng 20% for
testing. Table 1 compares the number of features and the
accuracy for the traditional methods (Kohavi and John,
1997) with the method (CRSAR) outlined in this study.

CONCLUSION

The correlated QuickReduct algorithm has been
described m this research and its efficiency has been
compared with the well established methods reported n

the literature. From the experimental results, one can very
easily conclude that this approach has yielded better
results with less features than the regular methods. This
research can be further investigated with other neural
networks m the ART family, SVM, ete. for breast cancer
diagnosis.
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