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Abstract: Feature selection methods have been successfully ap-
plied to text categorization but seldom applied to text clustering
due to the unavailability of class label information. In this paper, a
new feature selection method for text clustering based on expecta-
tion maximization and cluster validity is proposed. It uses super-
vised feature selection method on the intermediate clustering result
which is generated during iterative clustering to do feature selec-
tion for text clustering; meanwhile, the Davies-Bouldin’s index is
used to evaluate the intermediate feature subsets indirectly. Then
feature subsets are selected according to the curve of the Davies-
Bouldin’s index. Experiment is carried out on several popular
datasets and the results show the advantages of the proposed
method.
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0 Introduction

With more and more high-dimensional data such as
text data increasing, people need to partition the text col-
lection into several parts according to some criteria such
as the theme in order to obtain their expected data
quickly. Clustering is a form of unsupervised learning
which clusters similar objects together, so data belonging
to one cluster are the most similar; and data belonging to
different clusters are the most dissimilar. Majority work
in text mining employs the “bag of words” approach and
uses plain language words as features!"). This representa-
tion of text data leads to an explosion in the number of
features. Most clustering methods available can not han-
dle text data well because of its high-dimension, so se-
lecting a feature subset to represent the text and cluster-
ing on it is an effective method to solve the problem
mentioned above. Motivated by the Iterative Feature se-
lection (IF) method proposed in Ref. [2], in this paper,
we propose a new feature selection method for text clus-
tering based on expectation maximization and cluster
validity. The major advantages of our method are:

(D Feature subsets can be selected by user conven-
iently according to the performance curve;

2 The complexity of the proposed feature selection
method is very low and it has good performance in most
cases;

(3 The usability and effectivity of our method are
better than IF method'*!,

1 Related Works
Feature selection, an effective dimensionality re-
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duction technique, is an essential preprocessing method
to remove noisy features. Feature selection includes
search or generation, and evaluation of subsets of fea-
tures. Exhaustive methods guarantee optimality, but are
impractical due to their exponential complexity in num-
ber of features. For supervised methods used in classifi-
cation, the correlation of each feature with the class label
is of importance. Dash et al'’! categorized the selection
methods according to the generation procedures and
evaluation functions. Koller et al*!' conducted further
theoretical study on information theory based methods,
and a framework for defining the theoretically optimal,
but computationally intractable, method for feature sub-
set selection was presented. Reviews for supervised se-
lection can be found in Refs.[5,6].

As for unsupervised feature selection for clustering,
Dash et al) proposed a filter method that is independent
of any clustering algorithm, where feature importance is
measured by its contribution to an entropy index based
on data similarity. Martin ef a/'™® estimated how salient
the individual features are. In addition, the number of
clusters is estimated directly from the data. All these
works proposed how to evaluate selection in clustering
using the similarity between data objects. Thus, the
problem of class label is avoided.

As to text processing, Yang et al ) conducted a
comparative study of supervised feature selection meth-
ods in statistical learning of text categorization, including
document frequency (DF), information gain (IG), mutual

information (MI), a )(z—test (CHI), and term strength (TS).

IG and CHI are found to be the most effective in their

experiments. Although supervised feature selection
methods have been successfully applied to text categori-
zation, as text clustering is done on unsupervised data
without class information, they could not work directly.
Liu et al'” demonstrated how to conduct supervised fea-
ture selection using the intermediate clustering result
generated during iterative clustering to improve cluster-
ing performance. In their approach called IF, effective
supervised feature selection is conducted in an iterative
way during clustering. The essential of their method is an
expectation maximization algorithm. We notice that in IF
sometimes, an improper feature subset will be selected
due to an impure cluster, and the performance will be
degraded; and what is even worse is that IF discards
some features in each iteration, so when the initial clus-
tering is bad, the method would be ineffectual. Our
method proposed in this paper is to overcome these dis-

advantages.
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2 Feature Selection Method

In this section, we first explain the basic idea of our
feature selection method. Then, our approach is com-
pared with IF in Ref.[2].

2.1 Feature Selection Criteria

IG is widely employed for attributes merit criterion
in machine learning. It measures the number of bits of
information obtained for category prediction by knowing
the presence or absence of a term in a document'. Let
{c1, ¢2, ***, ¢} denote the set of categories in the target
space, the information gain of term ¢ is defined to be:

m

G(1)=-3 P(c)logP(c,)
+ROY P |nlog P |

+ B3P [Dlog (e, [7) (1)

CHI measures the independence between feature
and category!'”). Using the two way contingency table of
a term ¢ and a category c;; where 4 is the number of
times ¢ and ¢; co-occur, B is the number of time the # oc-
curs without ¢;, C is the number of times c; occurs with-
out ¢, D is the number of times neither ¢; nor ¢ occurs,
and N is the total number of instances in the given data-
set, the term goodness measure is defined to be:

, ~ Nx(4D-BC)’ 5
2 )= e (B+ D)x(A+ B)x(CD)
2 (t)= max {;(2 (t,c, )} ?3)

i=l,m

2.2 Index of Cluster Validity

DB index (Davies-Bouldin’s index)[”] is a function
of the ratio of the sum of within-cluster scatter to be-
tween-cluster separation, it uses both the clusters and
their sample means. The value of this index will decrease
as clusters become more compact and more distinctly
separated. Therefore, when using this index to assess
cluster validity, lower values are desirable.

The within ith cluster scatter and the between ith
and jth cluster separation are defined as:
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where 4; is the set whose elements are the data points
assigned to the ith cluster, v; is the ith cluster center,
t=1, g is an integer and ¢,¢ can be selected independ-
ently of each other. |4,] is the number of elements in 4;.
The DB index is defined as:

1 C
DB(c)= ZZR""” (6)
i=1
S +8S.
R, = max Zha - T)a (7)
’ Jjec,j#i dij,t

2.3 Feature Selection Algorithm

Our method first does feature selection using DF
criteria, and the feature subset selected by DF is used as
the baseline of our experiment (start point). Then it
repeats to cluster and do feature selection, and in each
iteration it stores the selected feature subset and the DB
index value of the new clustering which is clustered base
on the selected feature subset, so the DB index value
reflects the quality of the selected feature subset
indirectly. Finally it draws the curve of the DB index
value over iterating times. The detailed algorithm is
shown as follows:

Algorithm Feature Selection:

1) Do feature selection using DF criteria;

2) For (i=0; i<N;i++) // Nis given by user

{

3) Store the new selected feature subset f[i];

4) Cluster in the new feature space;

5) Compute the DB index value db[i] for the new

clustering;

6) Store db[i];

7) Do feature selection based on the new clustering

using IG or CHI method;

}

8) Draw the curve of db over iterating times.

Actually, in order to evaluate the quality of the
clustering, we also compute its error rate, F1-measure and
entropy (in Section 3.2) of the clustering simultaneously
with DB index in step 5).

Our feature selection method is also an iterative
method based on expectation maximization like IF, but it
overcomes the disadvantages in IF:

(D It does not remove terms with lowest ranking
scores outputted by IG or CHI at any iteration, so good
features discarded before may be selected back in the
subsequent iteration.

@ It has a clear evaluation criterion (DB index
value) for each feature subset, while IF can not decide
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which feature subset is good or bad if it does not remove
terms.

3 Experiments and Analysis

3.1 Data Sets

As text clustering performance varies greatly on
different datasets, we used three subsets of the two
popular datasets (CT and 20 newsgroups dataset) in our
experiment. CT is a subset of the four universities’
datasets containing Web pages and hyperlink data. It was
used for the cotraining experiments by Blum ef al'*. The
20 Newsgroups dataset is a collection of approximately
20 000 newsgroup articles, partitioned (nearly) evenly
across 20 different newsgroups. Except few articles, all
of them belong to one newsgroup precisely. The dataset
has 20 sub-categories belonging to 4 categories: science,
politics, sports and computer.

The following three subsets of the two datasets are
used to measure the quality of generated clusters by
comparing them with a set of categories created
manually:

(D Course2: A subset of the CT dataset, we removed
hyperlink data from the original CT data set because of
our assumption that only content is available;

@ All4: A subset of 20 newsgroups dataset contains
4 000 articles which belong to one of the sub-categories
of each category;

(3 Sci4: A subset of 20 newsgroups dataset contains
4 000 articles which belong to the four sub-categories of
category science.

3.2 Evaluation Criteria

Three kinds of measurements, error rate, entropy
and Fl-measure are used to evaluate the clustering per-
formance.

Error rate is a commonly used method in statistics
learning. F1-measure has been used to measure the qual-
ity of cluster when the cluster is compared with manually
labeled class. Entropy measures the uniformity or purity
of a cluster. The definition of these criteria can be found
in Ref.[13], and they all need label information of the
data.

3.3 Results and Discussion

K-means clustering algorithm was used to cluster
datasets, and IG and CHI method were chosen in our
feature selection experiment shown in Figs.1-6. Figures
1, 3, 5 display the error rate, Fl-measure and entropy
results on dataset Course2, All4 and Sci4 respectively.
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Accordingly, Figures 2, 4, 6 display the DB index results
on each dataset. We only show the results by using CHI
as supervised feature selection method due to the
limitations of page.

Our method selects features based on the DB index
value, as can be seen from Fig.2, Fig4 and Fig.6.
Experiment shows that points (feature subsets at which
iterating time) we should select have these characteristics:

@ Its DB index value is a little smaller than the
middle value, not too small.

2@ DB index value of points before it decreases
slowly, and decreases sharply after its position (because
of the instability of K-means algorithm).

(3 DB index value of points before it decreases
slowly, and increases slowly after its position.

Points 3 in Fig.1, 7 in Fig.3 and 13 in Fig.5 can be
selected according to the criteria mentioned above and
the curves of DB index in Fig.2, Fig.4 and Fig.6, and
their quality is quite good as can be seen from Fig.1,
Fig.3 and Fig.5 respectively. Our experiment also
indicates that good feature subsets can be selected in
about 20 times’ iteration.
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4 Conclusion

We have proposed a new feature selection method,
which exploits cluster validity index as criteria to select
feature subset, and good feature subsets can always be
selected after a few iterations according to the criteria.

In the future, the proposed method will be tested on
more data sets using some clustering algorithms other
than hard K-means, e.g., soft clustering and density-
based clustering.
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