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Abstract:
The dimensionality of feature vector
plays a major in text classification. We can
reduce the dimensionality of feature vector by
using feature clustering based on fuzzy logic.
We propose a fuzzy based incremental feature
clustering algorithm. Based on the similarity
test we can classify the feature vector of a
document set are grouped into clusters
following clustering properties and each cluster
is characterized by a membership function with
statistical mean and deviation .Then a desired
number of clusters are formed automatically.
We then take one extracted feature from each
cluster which is a weighted combination of
words contained in a cluster. By using our
algorithm the derived membership function
match closely with real distribution of training
data. By our work we reduce the burden on user
in specifying the number of features in advance.
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Introduction:
A feature vector contains a set of features
which are used for the classification of the text.
The dimensionality of feature vector plays a
major role in classification of text. For example if a
document set have 100000 words then it becomes
difficult task for the classification of text. To solve
this problem, feature reduction approaches are

applied before the classification of the text takes
place. Feature selection [1] and feature extraction
[2][3] approaches have been proposed for feature
reduction.
Classical feature extraction methods
uses algebraic transformations to convert the
representation of the original high dimensional data
set into a lower-dimensional data by a projecting
process. Even though different algebraic
transformations are available the complexity of
these approaches is still high. Feature clustering is
the most effective technique for feature reduction
in text classification. The idea of feature clustering
is to group the original features into clusters with a
high degree of pair wise semantic relatedness. Each
cluster is treated as a single new feature, and, thus,
feature dimensionality can be drastically reduced.
McCallum proposed a first feature extraction
algorithm which was derived from the
“distributional clustering”[4] idea of Pereira et al.
to generate an efficient representation of
documents and applied a learning logic approach
for training text classifiers. In these feature
clustering methods, each new feature is generated
by combining a subset of the original words and
follows hard clustering, also mean and variance of
a cluster are not considered. These methods
impose a burden on the user in specifying the
number of clusters.
We propose a fuzzy based incremental
feature clustering algorithm, which is an
incremental feature clustering[[5][6] approach to
reduce the number of features for the text
classification task. The feature vector of a
document are grouped into clusters following
clustering properties and each cluster is

313
All Rights Reserved © 2012 IJARCET

ISSN: 2278 – 1323
International Journal of Advanced Research in Computer Engineering & Technology
Volume 1, Issue 5, July 2012

characterized by a membership function with
statistical mean and deviation This forms the
desired number of clusters automatically. We then
take one extracted feature from each cluster which
is a weighted combination of words contained in a
cluster. By using our algorithm the derived
membership function match closely with real
distribution of training data. Also user need not to
specify the number of features in advance.

The main advantages
proposed work are:


of

the

A fuzzy incremental feature clustering
(FIFC) algorithm which is an incremental
clustering

approach

to

reduce

the

dimensionality of the features in text
classification.


Determine

the

number

of

features

automatically.


Match membership functions closely
with the real distribution of the training
data.



Runs faster than other methods.



Better extracted features than other
methods.

Background and Related work:
Let D=<d1,d2…dn> be a document set
of n documents, where d1,d2…dn are individual
documents and each document belongs to one of
the classes in the set {c1,c2…cp}. If a two or
document belongs to two or more classes, then two
or more copies of the document with different
classes are included in D. Let the word set
W={w1,w2...wn} be the feature vector of the
document set. The feature reduction task is to find
a new word set W0 such that W and W0 work
equally but W0<W well for all the desired
properties with D. Based on the new feature vector
the documents are classified into corresponding
clusters.

Dimensionality Reduction of the
Feature Vector:
In general, there are two ways of doing
feature reduction, feature selection, and feature
extraction. By feature selection approaches, a new
feature set W0 is obtained, which is a subset of the
original feature set W. Then W0 is used as inputs
for classification tasks. Information Gain (IG) is
frequently employed in the feature selection
approach. Feature clustering is an efficient
approach for feature reduction which groups all
features into some clusters, where features in a
cluster are similar to each other. The feature
clustering methods proposed before are “hard”
clustering methods, where each word of the
original features belongs to exactly one word
cluster. Therefore each word contributes to the
synthesis of only one new feature. Each new
feature is obtained by summing up the words
belonging to one cluster.

2(a).Proposed Method:
There are some drawbacks to the existing
methods. First up all the user need to specify the
number of clusters in advance. Second
when
calculating the similarities the variance of the
underlying cluster are not considered. Third all
words in a cluster have the same degree of
contribution to the resulting extracted feature. Our
fuzzy incremental feature clustering algorithm is
proposed to deal with these issues.
Suppose we are given a document set D of n
documents d1,d2…dn together with a feature
vector W of m words w1,w2…wn, and p classes
c1,c2…cp. We then construct one word pattern for
each word in W. For word wi, its word pattern xi is
defined as

Where

For i≤j≤p. Here dqi indicates the number of
occurrences of wi in document dq
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Also

Therefore we have m word patterns in
total. It is these word patterns, our clustering
algorithm will work on. Our goal is to group the
words in W into clusters, based on these word
patterns. A cluster contains a certain number of
word patterns, and is characterized by the product
of P one-dimensional Gaussian functions. Gaussian
functions[7][8] are adopted because of their
superiority over other functions in performance.
Let G be a cluster containing q word patterns
Xj=<xj1,xj2…xjp> 1≤j≤p. Then the mean is
defined as m=<m1,m2…mp> and the deviation
σ =< σ1, σ2… σp> of G are defined

For i≤j≤p, where |G| denotes the size of G.the fuzzy
similarity of a word pattern X=<x1,x2…xp>
to cluster G is defined by the following
membership function

Where 0≤µG≤1.

2(b).Fuzzy
based
Feature Clustering:

Incremental

Our clustering algorithm is an
incremental, self constructing algorithm. Word
patters are considered one by one. No clusters exist
the beginning, and clusters are created can be
created if necessary. For each word pattern, the
similarity of this word pattern to each existing
cluster is calculated to decide whether it is
combined into an existing cluster or a new cluster
is created. Once a new cluster is created, the
corresponding membership function should be

initialized. On the contrary, when the word pattern
is combined into an existing cluster, the
membership function of that cluster should be
updated accordingly.
Let k be the number of currently existing clusters.
The clusters are G1,G2…Gk respectively. Each
cluster Gj have the mean mj=<mj1,mj2…mjp>
and deviation σj=< σj1, σj2… σjp>. Let Sj be the
size of the cluster Gj. Initially we have k=0.so no
clusters exist at the beginning. For each word
pattern xi=<xi1,xi2…xip>, 1≤i≤m,we calculate
the similarity of xi to each existing clusters as

For 1≤j≤k, we sat that xi passes the similarity test
on cluster Gj, if

Where ρ, o≤ρ≤1 is a predefined threshold. If the
user intends to have larger clusters, then he/she
can give a smaller threshold. Otherwise, a bigger
threshold can be given. As the threshold increases,
the number of clusters also increases. Two cases
may occur. First, there are no existing fuzzy
clusters on which Xi has passed the similarity test.
For this case, we assume that xi is not similar
enough to any existing cluster and a new cluster
Gh, h=k+1, is created with

Where σ0 is a user defined constant vector. The
new vector Gh contains only one member i.e., the
word pattern xi at this point, since it contains only
one member the deviation of a cluster is zero. We
cannot use deviation zero in calculating fuzzy
similarities. Hence we initialize the deviation of a
newly created cluster by and the number of clusters
in increased by 1 and the size of cluster Gh, Sh
should be initialized i.e.,
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Second, if there are existing clusters on which xi
has passed the similarity test, let cluster Gt be the
cluster with the largest membership degree, i.e.,

3. Feature extraction using
Weighting Matrix:

In this case the modification of cluster
describes as follows

Where

Gt is

Feature Extraction can be expressed in the
following form:

With

We
discuss
briefly
here
the
computational cost of our method and compare it
with DC[9] , IOC[10] , and IG[11]. For an input
pattern, we have to calculate the similarity between
the input pattern and every existing cluster. Each
pattern consists of p components where p is the
number of classes in the document set. Therefore,
in worst case, the time complexity of our method is
O(mkp) where m is the number of original features
and k is the number of clusters finally obtained.
For DC, the complexity is O(mkp) where t is the
number of iterations to be done. The complexity of
IG is O(mp+mlogm) and the complexity of IOC is
O(mkpn) where n is the number of documents
involved. Apparently, IG is the quickest one. Our
method is better than DC and IOC.

For 1≤i≤n. Where T is a weighting matrix. The
goal of feature reduction is achieved by finding
appropriate T such that k is smaller than m. In the
divisive information theoretic feature clustering
algorithm the elements of T are binary and can be
defined as follows:

By applying our feature clustering
algorithm word patterns have been grouped into
clusters, and words in the feature vector W are also
clustered accordingly. For one cluster, we have one
extracted feature. Since we have k clusters, we
have k extracted features. The elements of T are
derived based on the obtained clusters, and feature
extraction will be done. We propose three
weighting approaches: hard, soft, and mixed. In the
hard-weighting approach, each word is only
allowed to belong to a cluster, and so it only
contributes to a new extracted feature. In this case,
the elements of T are defined as follows:
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In the soft-weighting approach, each word is
allowed to contribute to all new extracted features,
with the degrees depending on the values of the
membership functions. The elements of T are
defined as follows:
The mixed-weighting approach is a combination of
the hard-weighting approach and the softweighting approach. In this case, the elements of T
are defined as follows:

By selecting the value of γ, we provide
flexibility to the user. When the similarity
threshold is small, the number of clusters is small,
and each cluster covers more training patterns. In
this case, a smaller γ will favor soft-weighting and
get a higher accuracy. When the similarity
threshold is large, the number of clusters is large,
and each cluster covers fewer training patterns
which get a higher accuracy.

4. Classification Of Text Data::
Given a set D of training documents, text
classification can be done as follows: We specify
the similarity threshold ρ, and apply our clustering
algorithm. Assume that k clusters are obtained for
the words in the feature vector W. Then we find
the weighting matrix T and convert D to D’ .
Using D’ as training data, a text classifier based
on support vector machines (SVM) is built. SVM is
a kernel method, which finds the maximum margin
hyperplane in feature space separating the images
of the training patterns into two groups[12][13]. A
slack variables ξi are introduced to account for
misclassifications. The objective function and
constraints of the classification problem can be
formulated as:

Where l is the number of training patterns, C is a
parameter, which gives a tradeoff between
maximum margin and classification error, and yi,
being +1 or -1, is the target label of pattern xi.
Ø:X → F is a mapping from the input space to the
feature space F, where patterns are more easily
separated, and
is the hyper
plane to be derived with w, and b being weight
vector and offset, respectively.
We follow the idea to construct an
SVM-based classifier. Suppose, d is an unknown
document. We first convert d to d0 by
Then we feed dʹto the classifier. We get
p values, one from each SVM. Then d belongs to
those classes with 1, appearing at the outputs of
their corresponding SVMs.

5. Conclusions:
We have presented a fuzzy based
incremental feature clustering (FIFC)
algorithm, which is an incremental clustering
approach to reduce the dimensionality of the
features classification of text. Feature that are
similar to each other are placed in the same
cluster. New clusters formed automatically, if
a word is not similar to any existing cluster.
Each cluster so formed is characterized by a
membership function with statistical mean
and deviation. By our work the derived
membership functions match closely with the real
distribution of the training data. We reduce the
burden on the user in specifying the number of
extracted features in advance. Experiments results
shows that our method can run faster and obtain
better extracted features methods.
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