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Abstract 

This article describes a neuro-fuzzy methodology 
for feature selection under unsupervised training. 
The methodology includes connectionist minimiza- 
tion of a fuzzy feature evaluation index. A con- 
cept of flexible membership function incorporating 
weighted distance is introduced in the evaluation 
index to make the modeling of clusters more ap- 
propriate. A set of optimal weighting coeficients 
in tertns of networks parameters representing indi- 
vidual feature importance is obtained through con- 
nectionist minimization. Besides thb, another a& 
gorithm is developed for ranking dierent  feature 
subsets using the aforesaid fuzzy evaluation index 
without neural networks. Results demomtmting 
the egectiveness of the algorithms for various real 
&fe data are provided. 

1. Introduction 

EATURE selection is a process by which a sample 
in an n-dimensional measurement space is trans- 

formed into a point in an n’-dimensional (n’ < n) fea- 
ture space. The problem of feature selection deals with 
choosing some of the features from the measurement 
space to constitute the feature space. The main o b  
jective of feature selection is to retain the optimum 
salient characteristics necessary for the recognition pro- 
cess and to reduce the dimensionality of the measure 
ment space so that effective and easily computable al- 
gorithms can be devised for efficient categorization. 
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Fuzzy set theory enables one to deal with uncertain- 
ties in different tasks of a pattern recognition system, 
arising from deficiency (e.g., vagueness, incompleteness 
etc.) in information, in an efficient manner. Artificial 
Neural Networks (ANNs), having the capability of fault 
tolerance, adaptivity and generalization, and scope for 
massive parallelism, are widely used in dealing with 
learning and optimization tasks. There exist several 
methods for feature selection based on fuzzy set theory 
[1]-[3] and artificial neural networks (ANN) [4]-[S] in 
individual framework. 

Neurufuzzy computing deals with the concept of in- 
tegrating the merits of fuzzy set theory and ANN for 
making the systems artificially more intelligent. In 
the area of pattern recognition, neuro-fuzzy approaches 
have been attempted mostly for designing classifica- 
tion/clustering methodologies, not much for feature se- 
lection. 

The present article is an attempt in this line and pro- 
vides a neuro-fuzzy approach for feature selection under 
unsupervised mode of training. First of all, a fuzzy fea- 
ture evaluation index for a set of features is defined in 
terms of membership values denoting the degree of sim- 
ilarity between two patterns. This does not need the 
information on class labels of the patterns. The simi- 
larity between two patterns is measured by an weighted 
distance between them. The weighting coefficients are 
used to denote the degree of importance of the individ- 
ual features in characterizing/discriminating different 
clusters and to provide flexibility in modeling various 
clusters. The evaluation index is such that, for a set of 
features, the lower is its value, the,higher is the impor- 
tance of that set in characterizing/discriminating vari- 
ous clusters. A layered network is then formulated for 
performing the task of minimization of the evaluation 
index through unsupervised learning process; thereby 
determining the optimum weighting coefficients provid- 
ing an ordering of the individual features. 
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The investigation also includes the task of ordering 
different subsets from a set of features. This is done by 
computing the evaluation index (with weighting coeffi- 
cients being unity) on different subsets of features and 
then ordering them accordingly. The effectiveness of 
these algorithms is demonstrated on a speech [ I ] ,  Iris 
[9] and a medical data [ I O ] .  

2. Feature Evaluation Index 

Let, p& be the degree that both the pth and qth pat- 
terns belong to the same cluster in the n-dimensional 
original feature space, and 14; be that in the n‘- 
dimensional (n‘ < n) transformed feature space. p 
values determine how similar a pair of patterns are in 
the respective features spaces. Let, s be the number of 
samples on which the feature evaluation index is com- 
puted. 

The feature evaluation index for a subset (Q) of fea- 
tures is defined as 

It has the following characteristics. 
(i) If jig = jb; = 0 or 1, the contribution of the pair of 
patterns to the evaluation index E is zero (minimum). 
(ii) If 11; = ILL = 0.5, the contribution of the pair of 
patterns to E becomes 0.25 (maximum). 
(iii) For pg < 0.5 as j& 4 0, E decreases. 
For jbg > 0.5 as p L  -+ I ,  E decreases. 

Therefore, the feature evaluation index decreases as 
the membership value representing the degree of be- 
longing of pth and qth patterns to the same cluster in 
the transformed feature space tends to either 0 (when 
po < 0.5) or 1 (when po > 0.5). In other words, the 
feature evaluation index decreases as the decision on 
the similarity between a pair of patterns (Le., whether 
they lie in the same cluster or not) becomes more and 
more crisp. This means, if the intercluster/intracluster 
distances in the transformed space increaseldecrease, 
the feature evaluation index of the corresponding set 
of features decreases. Therefore, our objective is to 
select those features for which the evaluation index be- 
comes minimum; thereby optimizing the decision on 
the similarity of a pair of patterns with respect to their 
belonging to a cluster. 

In order to satisfy the characteristics of E (Eqn. (I)), 
the membership function (p) in a feature space may be 
defined as 

(2) 

where d, is a distance measure which provides simi- 
larity (in terms of proximity) between the pth and qth 

dpq - &in 

L - & : n ’  
p”1- 

patterns in the feature space. 4- and &in, respec- 
tively, are the maximum and minimum values of dpp. 
Note that, the higher is the value of &, the lower is 
the similarity between pth and qth patterns, and vice 
versa. When a&, = &n and I& = L, we have 
pm = I and 0, respectively. That is, when the patterns 
are most (least) similar, both the patterns must be in 
the same (different) cluster(s). If d, = !(a!,- -t &an>, 

pPp = 0.5. That is, when the similarity between the 
patterns is just in between its maximum and minimum 
values, the difficulty in making a dlecision, whether both 
the patterns are in the same clulster or not, becomes 
maximum; thereby making the situation most ambigu- 

The distance d, (in Eqn. (2):) can be expressed in 
many ways. Let us consider, for example, the Euclidian 
distance between the two patterns. Then, 

ous. 

where xp, and xg, are values of ith feature (in the coi- 
responding feature space) of pth and qth patterns, re- 
spectively. &= is defined as 

where xm,, and %mini are the maximum and minimum 
values of the ith feature in the corresponding feature 
space. &,, is taken as zero as the Euclidian distance 
between any two identical patterns is zero in any fea- 
ture space. 

In the above discussion, the similarity between two 
patterns, in terms of’proximity%, is measured by d, 
(Eqn. (3)). Since, d, is an Euclidian distance, the 
methodology implicitly assumes that the clusters are 
hyperspherical. But in practice, this may not neces- 
sarily be the case. To model the practical situation we 
have introduced the concept of weighted distance such 
that 

d, 

where w, E (0, I] represents weighting coefficient corre- 
sponding to ith feature. 

The membership value pm is now obtained by Eqns. 
(2), (4) and (5), and becomes dependent on w,. The 
values of w, (< 1) make the ppq function of Eqn. (2) 
flattened along the axis of &. The lower the value of 
Wi, the higher is extent of flattening. In the extreme 
case, when w, = 0, V i ,  d,  = 0 and pM = 1 for all pair 
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of ~ t t e ~ ~  $.e., all the patterns lie on the same point 
m ~ i n g  them indiscriminable. 

In pattern recognition literature, the weight wt (in 
Eqn. (5) )  can be viewed to reflect the relative impor- 
tance of the feature zj in measuring the similarity (in 
terms of distance) of a pair of patterns. It is such that 

ue of wi, the more is the importance of 
si in characterizing a cluster or discriminating various 
clusters. wi = 1 (0) indicates most (least) importance 
of xj. 

Note that, the coinputation of jLw in fip. (2) docs 
not require class information of the patterns, ie . ,  the 
algorithm is unsupervised. In addition, it does not de- 
pend on the number of clusters present in the feature 
space. It is also to be noted that, the algorithm does 
not explicitly provide clustering of the feature space. 
That is, unlike the method in [3], the present algorithm 
is independent of the number of clusters and is able to 
select a set of salient features without clustering (ex- 
plicitly) the feature space. 

3. Feature Selection 

In this section we describe two unsupervised algo- 
rithms for feature selection. The first one considers 
fuzzy feature evaluation index alone for ranking dif- 
ferent feature subsets. The second one is based on 
neuro-fuzzy approach where the fuzzy feature evalua- 
tion index is minimized with a layered neural network 
for ranking individual features. 

3.1 Ordering of feature subsets using E 
(Method 1) 

Rom the aforesaid discussion we see that if a par- 
ticular subset ( 0 1 )  of features is more important than 
another subset ($22) then E computed over sZ1 will be 
less than that computed over 0 2 .  Therefore, the task 
of feature subset selection boils down to selecting the 
suhset R from a given set of n features for which E 
is minimum. This is done by computing the E values 
for different subsets of features using Eqns. (1)-(4), 
and ranking them accordingly. Here po is computed on 
the n-dimensional original feature space, whereas pT is 
done on its various subsets. Note that, if the subset f2 
contains only one feature, it provides individual feature 
ranking. Let us call this algorithm Method 1 in the 
subsequent discussion. 

of individual features through 
connectionist minimization of E (Method 2) 

In Method 1, we have considered Euclidian distance 
(Eqn. (3)) to compute p-values. Here we consider 
Eqn. (5) instead of Eqn. (3). Therefore, the eval- 

uation index E (Eqn. (1)) becomes a function of w 
(= [wt , w2,. . . tun]), if we consider ranking of n features 
in a set. Here po and pT are both computed over the 
original n-dimensional feature space. The only differ- 
ence is that po needs Eqns. (2)-(4), while pT needs 
Qns. (2), (4) and (5)  for their computation. 

The problem of feature selection/ranking thus re- 
duces to finding a set of wis for which E becomes min- 
imum; w,s indicating the relative importance of s isa  

The task of minimization is performed using gradient- 
dcvccii~ tcehnique in a corincctioiiist framcwork under 
unsupervised mode. Let us now describe the model. 

The network (Fig. 1.) consists of an input, a hidden 
and an output layer. The input layer consists of a pair 
of nodes corresponding to each feature, Le., the num- 
ber of nodes in the input layer is 27-1, for n-dimensional 
(original) feature space. The hidden layer consists of 
n number of nodes which compute the part of Eqn. 
(5) for each pair of patterns. The output layer con- 
sists of two nodes. One of them computes ,uo, and the 
other jdT. The feature evaluation index E (Eqn. (14)) 
is computed from these p-values off the network. 

Input nodes receive activations corresponding to fea- 
ture values of each pair of patterns. A j t h  node in the 
hidden layer is connected only to an ith and (i + n)th 
input nodes via connection weights +1 and -1, respec- 
tively, where j,i = 1,2,. . . , n  and j = i. The output 
node computing pT-values is connected to a j t h  node 
in the hidden layer via connection weight W' (= wj), 
whereas that computing pO-values is connected to all 
the nodes in the hidden layer via connection weights 
+1 each. 

During training, each pair of patterns are presented 
at the input layer and the evaluation index is c o m  
puted. The weights Wis are updated using gradient- 
descent technique in order to minimize the index E. 
Note that, LZ is directly computed from the unla- 
beled training set using Eqn. (4), and is set to 
zero. Both A,, and &in are stored in the output 
nodes. When pth and qth patterns are presented to the 
input layer, the activation produced by ith (1 5 i 5 2n) 
input node is 

(0) - (0) (6) VI - 21, 
where 

(7) 
% (0) = xp, for 15 i 5 n and 
%+n (0) = xgi, for  15 i 5 n, 

the total activations received by ith and (i + n)th (1 
i 5 n) input node, respectively. A j t h  hidden node 
(connecting ith and (i +n)th, 1 5 i 5 n, input nodes) 
receives a total activation 
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to produce an activation 

(9) 

The total activation received by the output node which 
computes pT-va~ues, is 

and that received by the other output node which com- 
putes pO-vdues, is 

Therefore, a$) and ug) represent a& as given by Eqns. 

of the output nodes represent p; and pg for pth and 
qth pattern pair, respectively. Thus, 

(5) and (3), respectively. The activations, 0:) and vo (2) , 

and 

The evaluation index (which is computed off the net- 
work), in terms of these activations, is then written 
(from Eqn. (1)) as 

(14) 
As mentioned before, the task of minimization of 

E ( W )  (Eqn. (14)) with respect to W is performed 
using gradient-descent technique, where the change in 
W, (AW,) is computed as 

dE AWj = -v-,Vj, awj 
where is the learning rate. 

are used,, 
For computation of @, the following expressions 

and 

After convergence, E(W) attains a local minimum. 
Then the weights (Wj = w j )  of the links connect- 
ing hidden nodes and the output node computing pT- 
values, indicate the order of importance of the features. 
Let us call this algorithm Method 2 in the subsequent 
discussion. 4 

Note that, Method 2, which is lbased on neuro-fuzzy 
approach for individual feature ranking, finds the set 
of wts (for which E is minimum) considering the effect 
of interdependence of the features,, whereas in Method 
1, each feature is considered independent of the others. 

4. Results 

The effectiveness of the aforesaid algorithms is 
demonstrated on a speech (vowe1)i data [l], Iris [9] and 
a medical data [lo]. The speech (vowel) data consists 
of a set of 437 Indian Telugu VOWC:~ sounds collected by 
trained personnel. These were uttered in a consonant- 
vowel-consonant context by three male speakers in the 
age group of 30 to 35 years. The dLata set has three fea- 
tures, F1, Fz and F3 corresponding to the first, second 
and third vowel formant frequencies obtained through 
spectrum analysis of the speech data, and six vowel 
classes (a, a, i, u, e, 0). This vowel data is being ex-. 
tensively used for more than two decades in the area of 
pat tern recognition. 

Anderson’s Iris data [9] set contains three classes, 
i.e., three varieties of Iris flowers, namely, Iris Setosa, 
Iris Versicolor and Iris Virginica (consisting of 50 Sam.- 
ples each. Each sample has four features, namely, Sepal 
Length (SL), Sepal Width (SW), Petal Length (PL) 
and Petal Width (PW). Iris data hias  been used in many 
research investigations related to pattern recognition 
and has become a sort of benchmiark-data. 

The medical data consisting of $3 input features and 4 
pattern classes, deals with various Hepatobiliary dis- 
orders [lo] of 536 patient cases. The input features 
are the results of different biocheinical tests, v i z ,  Glu- 
tamic Oxalacetic Transaminate (GOT, Karmen unit), 
Glutamic Pyruvic Tkansaniinase (GPT, Karmen Unit), 
Lactate Dehydrase (LDH, iu/l), Gamma Glutamyl 
Banspeptidase (GGT, niu/ml), Blood Urea Nitro- 
gen (BUN, mg/dl), Mean Corpuscular Volume of red 
blood cell (MCV, fl), Mean Corpuscular Hemoglobin 
(MCH, pg), Total Bilirubin (TBil, mg/dl) and Crea- 
tinine (CRTNN, mg/dl). The hepatobiliary disorders 
Alcoholic Liver Damage (ALD), Primary Hepatoma 
(PH), Liver Cirrhosis (LC) and Cholelithiasis (C), con- 
stitute the four output classes. 

4.1 Using Method 1 

Table I shows the ordering of different subsets for the 
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two types data using Method 1. Note that, for Iris and 
speech data we have computed E-value for all possible 
subsets, including the individual features, (4. e., fifteen 
for Iris and seven for speech data) and ranked them 
accordingly. 

It is seen from Table I that a subset of higher car- 
dinality may not necessarily be more important than 
ones of lower cardinality. For speech data, it is F2 
which has become a member of the best four subsets. 
This conforms to an earlier investigation [2]. Similarly, 
for Iris data, PL being the best individual feature is 
seen to be a member of the first five best subsets. For 
medical data, since the number of features is large, we 
have, first of all, computed the E-value for the individ- 
ual features. A few bests of them (e.g., GOT, LDH, 
GPT, GGT) are selected after ranking. Then we have 
computed E-value for different (20) subsets containing 
only these selected features. 

TABLE I 
IMPORTANCE OF DIFFERENT FEATURE SUBSETS USING Method 1. 

(x > Y MEANS x IS MORE IMPOFlTANT THAN Y.) 

Datasets I Order of importance 
1 

(4 1 
{ P L }  > {PL ,  PW} > 

{ s w . P L )  > ISL .PL}>  

Iris 
{SW, PL, hwj > j ~ w }  > 

{ SL, PL, PW} > {SL,  sw, PL} > 
{SL ,Sw,PL,PW}  > { S L , P W }  > 

{SL}  > {SL, s w ,  PW} > 
{SW,PW}  > {SL ,SW}  > 

4.2 Using Method 2 

Tables II-IV provide the degrees of importance (w- 
value) of different features corresponding to these data 
sets obtained by the neuro-fuzzy approach. Note that, 
their initial values were considered to be random num- 
bers in [0,1]. The values of w were truncated to 0.0 
and 1.0 during training. 

In the case of the speech data, the order of impor- 
tance of the features is found to be F2 > F3 > F1 
(Table 11) which conforms to the order of individual 
features obtained by Method 1 (Table I). For Iris data, 

the best two features are found to be PL and PW (Ta- 
ble 111) which are also the best two individual features 
obtained by Method 1 (Table I) and in an earlier inves- 
tigation [6]. Similarly, for the medical data, the best 
two features are COT and LDH (Table IV) which are 
also found to be the best two individual features by 
Method 1 (Table I). 

TABLE I1 
w-VALUES FOR SPEECH DATA USING Method 2. 

Feature I W I Rank 
F1 I 0.045284 I 3 

TABLE 111 
W-VALUES FOR IRIS DATA USING Method 2. 

1 iy 1 0.194421 1 4 1 
0.965575 

PW 0.603508 

TABLE IV 
W-VALUES FOR THE MEDICAL DATA USING Method 2. 

Feature W 

GOT 0.851015 
GPT 0.665853 
LDN 0.733647 
GGT 0.055946 
BUN 0.704469 
MCV 0.704249 
MCH 0.706765 
TBil 0.706562 

CRTNN 0.707109 

Order 
1 
8 
2 
9 
6 
7 
4 
5 
3 

5. Conclusions 

The article has demonstrated how the concept of 
neurefuzzy computing can be exploited for developing 
a methodology for feature selection under unsupervised 
mode. The methodology involves connectionist mini- 
mization of a fuzzy feature evaluation index; thereby 
determining the ranking of various features. The al- 
gorithm considers interdependence of the original fea- I 
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tures. Unlike the method based on fuzzy emearis al- 
gorithm [3], the method does not need the information 
on the number of clusters present in the feature space, 
and it provides ranking of individual features without 
clustering the feature space explicitly. The elfective 
ness of the method is demonstrated extensively on a 
3 4  speech, 4d Iris and a 9-d medical data. 

Besides the neuro-fuzzy method, we have devel- 
oped another unsupervised feature selection algorithm 
(Afethod I) where the aforesaid fuzzy evaluatiori ie- 
dex is used alone to find the best subset of fcatures 
from a given set. Here the algorithm assumes, unlike 
the neuro-fuzzy methods, independence of the original 
features. Experimental results on the ordering of orig- 
inal features by both the algorithms corrfoonn well to 
those obtained using other methods [2], [SI. Although 
a network is used in Method 2 for minimization of the 
evaluation index, one may consider other optimization 
techniques for this task. 
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Fig. 1. A schematic diagram of the neural network model. 

23 

Authorized licensed use limited to: Indian Statistical Institute  Kolkata. Downloaded on June 21,2022 at 11:30:27 UTC from IEEE Xplore.  Restrictions apply. 


