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Abstract — In this paper we introduce a modified
objective function for fuzzy c-means clustering with
logistic regression model in the presence of noise
cluster. The logistic regression model is commonly
used to describe the effect of one or several
explanatory variables on a binary response variable.
In real application there is very often no sharp
boundary between clusters so that fuzzy clustering is
often better suited for the data.

1 Introduction

The increasing availability and accessibility of data
require advanced tools to extract information from
these data. Automated data acquisition and the rise of
the Internet are contributing to a strong increase in the
amount of electronically available data. In today’s
world of data analysis, one of the significant problems
is the presence of noise within data sets. The concept of
“noise” plays a crucial role in the statistical analysis of
data.

A strange value that stands out because it is not like the
rest of the data in some sense is commonly called noisy
point or outlier. Outliers are vectors, or called data
point, in the data domain which are so distant from the
rest of the other vectors in the data set [1]. The handling
of outlying or anomalous observations in a data set is
one of the most important tasks in data analysis,
because outlying observations can have a considerable
influence on the cluster results.

In real applications there is very often no sharp
boundary between clusters so that fuzzy clustering is
often better suited for the data. In fuzzy clustering each
object belongs to multiple clusters to a different degree.
Fuzzy clustering give belongedness to groups at each
point of data set by a membership function [2]. Its
advantage can adapt to noisy data and classes that are
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not well separated. The logistic regression model is
commonly used to describe the effect of one or several
explanatory variables on a dichotomous response
variable. It has been used successfully in many areas of
application that use statistical modeling

In this paper we introduce a modified objective
function for fuzzy c-means clustering with logistic
regression model in the presence of noise cluster. The
aim of our approach is to develop a model utilizing
both the concept of fuzzy c-means clustering and
logistic regression. The modified fuzzy c-means
objective function is an extension of the standard fuzzy
c-means with the entropy term added to maximize the
entropy of the centroids with respect to the data points.
Additional variable o is added for controlling the
cluster sizes. Noise term is added to handle the noise
cluster.

The noise clustering approach is based on the concept
of first defining a noise cluster and then defining a
similarity or dissimilarity measure for the noise cluster.
The noise is considered to be a separate class
represented by an extra centroid that has a constant
distance & from all feature vectors. Most fuzzy cluster
analysis algorithms are based on either Euclidean
distances or density. However, most of today’s data
often consists of a lot of features which form a high
dimension space. We introduce a new similarity
measure based on the logistic regression for our
modified objective function and applied it to a medical
data. The error sum of squares contains the logit term.

2 Fuzzy c-means clustering

Fuzzy clustering allows an object to belong to multiple
clusters. Each object is bound to each cluster to a
certain degree, #<[0,1], also known as membership [3].
The basic idea of fuzzy c¢-means is very similar to k-
means algorithm. It assumes the number of cluster ¢, is



known a priori, and (tries to minimize the objective
function.

Let x;=(x}, -+, xf), k=1,--,n, be individuals to be
clustered. They are points in p-dimensional Euclidean
space. Notice that we use row vectors and hence x,'(
transpose of xy, is a column vector.

We consider two types of objective functions:

KUn=3 3 () s

i=l k=1

Jz(U,V)=i Zn:uikDik +! Zc: i“ik logu

i=1 k=1 i=l k=l

where u; is an element of cluster membership matrix U
= (uy). The constraint of the fuzzy partition

M={U: Euk—l 0<uy <\, i=l-,c,k=L---,n}

is assumed as usual.
The term Dy is assumed to be the square of the
Euclidean distance between the individual x; and the

center v, = (v},---,v”) of the cluster i:

D, = “xk "Vilz ’
unless otherwise assumed. V = (v, ,-++,v,) : the vector
collecting all cluster centers.

The former J; is well-known [3,4], while the latter J, is
for the method of entropy proposed by the authors [5]
(see also [6]).
We next note that the following alternative optimization
algorithm is used for finding optimal U and V¥, in which
either J=J,or J = J,.
Algorithm of fuzzy c-means
FCMI1 Set initial value for ¥.
FCM2 Find optimal solution U :
J(ﬁ,?):xyegl JU,Y)

FCM3 Find optimal solution ¥ :

JU,V)=min JU,V)

VeR¥®

FCMa4 Check stopping criterion and if convergent, stop.
Otherwise go to FCM2.

Assume J = J; (the method of the standard fuzzy c-
means is used). It is then easy to see that the solutions
in FCM2 and FCM3 are
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We omit the over bars, e.g., we write uy instead of

ui in the case of no ambiguity.
If we use J=J,, we have
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in FCM2 and FCM3, respectively.

3 Noise clustering

The idea of noise clustering approach was proposed by
Davé [7] to deal with noisy data for fuzzy clustering
methods. A noise cluster, cluster number 0 with
membership uy, k =1,---,n, is introduced, with the
hope that all noisy points can be dumped into this
cluster. The objective function is given by

JyUY) = ZZ uy )" ka+z i )"

i=l k=l
in which the constraint is

(4
M={U 3 uy=1,0<u;<1i=0,-,
Jj=0

Ichihashi ef al. [8] propose a generalized objective
function using K-L information with additional
variables. A variation of which has been proposed by
Miyamoto and Alanzado [9] to handle noise clusters.

JUV,0) = ZZ #Di + Zu0k5

i=l k=l
ﬂ'—l ZZ Ui lOg
i=0 k=1

with the constraint (M) and
A={a: Y a;=1, a;20, i=],--

i=0

,C}.

The conditions for local minimum for the objective
function J, are derived using Lagrangian multipliers

and the result are:
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4 Fuzzy c- logistic regression

Fuzzy c-logistic regression model yield simultaneous
estimates of parameters of ¢ regression models together
with a fuzzy c-partitioning of the data. Fuzzy c-logistic
regression model takes the following form.

P
. i J +1
Sl B)= Zﬂiij{ +pf
j=1
where x, =[x,'(,...,x,iJ 1" denotes the kth data sample.
The B;
(8. ,.... 87", For simplification Z, = (x,lc,...,x,f,l)T
is used and the scalar product is written as

+1
<ﬂi’zk> = iﬂilzllc
I=1

The membership degree u; €U is interpreted as a

c-regression  constant is expressed as

weight representing the extent to which the value
predicted by the model f(xj;/0;) matches y;. The
dissimilarity is defined by

Dy = (J’i - <ﬁi’zk>)z

i
=P,
The term P;/1-P; is the odds ratio for each level of x. It
is calculated as observed probability over one minus the

observed probability. P; describes risk in logistic model
for individual x [10].

where Y; = log( J is a logit term.

In logistic regression, the dependent variable is a logit,
which is the natural log of the odds, that is,

ij

log (odds) = logit(P) = ln[1

A logit is a log of odds and odds are a function of P, the
probability of a 1. In logistic regression we find

logit(P) =a+bx
Converting the odds to a simple probability yields:
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ln[1 P )z a+bx
_11_ _ e“+bx; P othx
1-P 1+ea+bx

The objective function is given as

J5(U,,8,a)=i iuik ()’i - (ﬂi’zk»z +ink s
k=1

i=l k=l

+Ili iuik log d

ik
=0 k=1 a;

The method of fuzzy c-means uses an alternative
minimization of the objective function J(U, 8,a) to find

the optimum value of U and V. An additional variable
a=(g;,...,a,) with the constraint 4 is used for

controlling the sizes of the clusters.

The following alternative optimization algorithm is
used for clustering

Algorithm of Fuzzy c-logistic regression

FCLRA 1 Set the initial values

FCLRA 2 f and & are treated as constant. Minimizing
the objective function J(U,S,a) the membership value
U can be found.

FCLRA 3 U and « are treated as constant. Minimizing
the objective function J(U,B,a) the prototype B can
be found.

FCLRA 4 U and g are treated as constant. Minimizing
the objective function J(U,S,a) the value of a can be
found.

The optimal solutions of U, £ and « are as follows.
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The parameter 6 is an arbitrary value.

5 Numerical Example

Figure 1 is an example of coronary heart disease data
consisting of eight age groups [11]. In this experiment
we modify the data for illustration purposes. Two
points are added to serve as noisy points. The initial
values of the memberships are assumed to be random.
The objective function J; and the algorithm FCLRA is
used to cluster this data. From the resulting
memberships, the two added points are clustered into
the noise cluster.
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6 Conclusion and Future works

An alternative fuzzy clustering technique has been
proposed in this paper. We have developed a
modification of the well-known fuzzy c-regression
objective function to handle the noise cluster. In our
experiment the proposed method worked effectively.
The noise points have been well separated from the
other cluster.

Future studies include application to larger data sets
with real noise present. The effectiveness of the method
should moreover be investigated.
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