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Abstract

We present subspace clustering method based on entropy and modification of Gustafson-Kessel clustering. The proposed
method associates with each cluster its center, variance co-variance matrix and a weight matrix. It represents clusters and their
features through gradation in membership, and hence reflects a realistic representation of clusters. Evaluation of experiments
on data from UCI ae well as text with the comparative methods shows better results of proposed method.
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1. Introduction

Large document collection often contains vast amount of important scientific data which requires an automatic
method for organizing documents. A collection of documents may contain multiple topics and hence, may belong
to multiple categories. Also, text data has a large number of dimensions and is highly correlated. Thus, the primary
issues for document categorization are hard clustering, curse of dimensionality and correlation in data. Class of
fuzzy co-clustering algorithms generate descriptive clusters in high dimension and discover clusters with overlap
i.e. it enables a document to be in multiple clusters. Subspace clustering finds cluster with fewer dimensions. Soft
subspace clustering finds cluster in the entire space with continuously dimension grading. In high dimensional
text data, only a subset of dimensions is relevant for each cluster [14] as varying key words categorize the feature
space of each document cluster. Also, a document may belong to multiple categories and multiple specific set
of key words may belong to a document cluster. Some of the techniques that have been proposed for variable
weighting subspace clustering for document categorization are LAC [6], FWKM [15], and EWKM [14]. These
algorithms discover soft subspaces for soft partitioning of document categories.

We propose an algorithm for entropy based overlapping subspace clustering and demonstrate the performance
on document categorization. The proposed algorithm associates a center, variance co-variance matrix and a weight
matrix with each of the clusters. It represents cluster and their features through a gradation in memberships, and
hence reflects a realistic representation of document clusters.

It takes into account the correlation between the features at two stages: (i) during the clustering (ii) while
finding the subspaces. The proposed algorithm has the feature of local adaptation of Mahalanobis distance metric
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used as the similarity measure which takes into account the co-variance of the data for clustering. For finding
subspaces locally for each cluster the weight matrix assigns the degree of relevance of features and is inversely
proportional to ratio of dispersion. In order to effectively capture the correlation in the data, we incorporated
mahalanobis distance metric in our algorithm. The primary contributions of this paper are:

We present an entropy based gustafon kessel subspace clustering algorithm with locally adaptive distance met-
ric. Entropy based subspace clustering algorithm finds meaningful subspaces and clusters with fewer dimensions
from text. The contributions of EGKS clustering algorithm are:

1. A correlation-based subspace clustering objective function is proposed which minimize cluster error.

Finds multiple categories with multiple set of keywords.

Captures the correlation in data at level of clustering as well to find subspaces.
Extracts arbitrarily positioned overlapping subspace clusters simultaneously.
Has feature of local adaptation of distance metric and weight matrix.

Ability to identify subspace clusters to categorize text data.

SAINARE I e

The paper is structured in the following manner. Section 2 presents the existing research literature close to the
proposed method on subspace clustering. In Section 3 the proposed Entropy based Gustafson Kessel Subspace
algorithm is presented. Section 4 presents the results of experiments on both UCI as well as text datasets along
with the experimental comparisons with other comparative methods. Finally conclusion is presented in Section 5.

2. Related Work

Kmeans algorithm is a widely used partitional clustering algorithm which gives equal weights to each of
the variables in the clustering process. However, in many real-world applications where the true clusters tend
to appear only in a subset of dimensions it is more desirable to generalize the algorithm to incorporate feature
weights. Huang et al. [12] presented kmeans type method Wkmeans which automatically assigns weights to
the variables on the basis of their relevance to the clustering solution. W kmeans modifies the basic k-means by
including the weights to the features as well an update mechanism for the weight variables on the basis of current
data partitioning.

Wang et al. have presented fuzzy c-means algorithm with varying weights called Fuzzy W-k means. It creates
partition of soft clusters [20]. They have modified K-means to create soft partitions of the clusters and introduced
the parameters o and f3 as fuzzification parameters. They computes memberships of data points and dimensions
simultaneously.

Jing et al. have presented clustering method FW-KMeans [15] for finding subspaces. It assigns weight to
dimensions specific to clusters. Thus a dimension may be assigned a high weight for a cluster (implying high
relevance) and a low weight for another cluster (implying low relevance).

Subsequently Jing et al. have modified the FW-KMeans for clustering textual data. In text clustering, large
weight identifies a key. In text data many words may not be a part of documents of certain classes. This adds
sparsity to the text data. However, cases where a word may not appear in any document of the corresponding
cluster or a word may appear in every document with equal frequency results in zero dispersion which makes wj,
infinite. For text data sets FW-Kmeans algorithm becomes unsolvable as weights for these terms become infinite.

Jing et al. have proposed an extension of k-means i.e. Entropy Weighting K-Means. EWKM is a soft subspace
finding approach [14]. They have extended k-means to compute a membership of every dimension in each cluster.
These weight values identify the subset of relevant dimensions which categorize different every cluster. The
weight w;,. of a feature measures the contribution of that dimension in forming the cluster where as the entropy of
the feature measures the certainty of a feature in the cluster identification.

In this paper, we present an entropy and Gustafson Kessel based subspace finding method for document cat-
egorization. It discovers multiple partitions of document in variable weighting subspaces of words. It finds
overlapping clusters of documents in the overlapping subspaces i.e. it clusters documents and words simultane-
ously where word membership helps in generating more useful descriptions of document clusters. The proposed
algorithm takes into account the correlation in the data calculated using the inverse of variance co-variance matrix.
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Gradation in degree of membership of feature weights is computed using weight matrix which is inversely pro-
portional to the ratio of dispersion. Detailed formulation of entropy based Gustafson Kessel subspace clustering
(EGKS) algorithm. We demonstrated its effectiveness with the help of experimental study through performance
comparison with other document clustering algorithms like FCCM, GK and EWKM on the benchmark document
datasets. Results show the efficacy of EGKS algorithm over other standard fuzzy clustering and co-clustering
algorithms in the web environment.

3. Entropy based Gustafson-Kessel Subspace Clustering

We discuss proposed Entropy based Gustafson-Kessel Subspace clustering algorithm in this section. We have
extended Gustafson-Kessel clustering objective function as follows:
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J ¢ the entropy based subspace Gustafson-Kessel objective function. where A; is the norm inducing matrix for
cluster i. Distance with respect to the " dimension of point z ; and the it class center [8] is defined as:
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is a symmetric and positive definite matrix. It induces for a norm for each cluster [10]. AsJy ¢ is linear in A;,
it leads to singularity problem. Thus it is difficult to minimizing J ¢. Thus, A; is constrained to obtain feasible
solution in the following way
det(4;) = pi > 0, 3)

p; 1s fixed for each ¢. It permits varying cluster sizes [11].

J) ¢ is the sum of squared-errors for each i*cluster additionally weighted by weight memberships and func-
tions £ and E» multiplied by weight factors A™! > 0 and ¢~ > 0 respectively. It defines the total scatter within
each group. The A= > 0 and £~ > 0 are predefined and called the degree of fuzzy entropy. In limiting cases
of weight factors A™! > 0and ¢! > 0, as A~! and £~! — 0 EGKS clustering tends to become hard clustering.
Also, if A= and €1 — o0, it results in single cluster [19].

E1(U) = = Y0y S0y i log(uiz)

EQ(W) = - Zle Zk 1 Wir IOg(wzr)

E1(U) and Eo(W) express respectlvely the uncertainty in determining to what extent 5 object belongs to a
given cluster and to what extent r*" dimension belongs to subspace of a cluster. £, (U) and Eo(W) signify the
average degree of non-membership of members in a cluster [19]. E4(U) and Eo (W) are maximum if y;; = 1/k
and w;, = 1/k Vi respectively and are minimum if z;; and w;,, = 1 or 0 respectively. In the context of

th

document categorizations the terms — Zle 2?21 g log(p;) and — Zle Zle wir log(w;;) are the document
and word fuzzifiers respectively [18]. These fuzzifiers have dual objective i.e. first is to act as a regularization
terms. If the fuzzifiers are not introduced in the objective function, maximization of objective function becomes
ill posed problem i.e. no unique solution for p;; and w;, [18] exists. Secondly regularization terms help in
adjusting the fuzziness of the resulting document and word clusters so that document and word memberships
are forced not to take crisp values [18]. Different clusters have different minimization of objective function
of EGKS algorithm leads to minimizations of its first term and maximization of entropy functions E; and Eo
respectively with continuous feature weighting. The objective function J) ¢ is minimized over U, W and Z to
obtain partitioning for X and the set of attributes respectively. The matrices A; also act as optimization variables
in the objective function J) ¢.
Equations below are the necessary conditions for minimizing objective function:

As = ((det(F)p)VIF, 1<i<k (4)
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3.1. The Proposed EGKS Clustering Algorithm
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Using the update equations described earlier, we will now describe below the Entropy based Gustafson-Kessel
Subspace Clustering (EGKS) algorithm. The algorithm works on high dimensional data set X of size n. Parameters
A and £ are chosen in suitable range. Initially prototypes are chosen randomly. The process of updating the cluster
prototypes and partition matrices is repeated until the membership matrices in successive iteration fall within a

predefined threshold range of € or the limit of the maximum number of iteration is reached.

Algorithm of EGKS

Input:
n: data set size X
k: cluster number, where 1 < £ < n
A: matrix U weight exponent , A=% > 0
&: matrix W weight exponent , £~ > 0
€: closeness, € > 0
A: norm-inducing matrix,
maxiter: max iteration.

Output:

U: membership matrix of objects

W: membership matrix of dimensions
Z: center of cluster

Procedure:
The partition matrices U, W are randomized initially
||Ut — Ut’1|| >¢€ ort < maxiter
Step 1. Updation of prototypes of cluster
Zir = D0y M) D0y 1

Step 2. Update the cluster covariance matrices
FE = S0 @l )l ™) (g — 2h) (s — 24) 1 < rys < d.

Step 3. Update the distances:

&3 = (g1 = 2y) o (wja — 2E)1Ail(jn — 28) - (wja — L))"

Step 4. Update the partition matrices:
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U, W, and Z are updated iteratively till there is scope for improvement for partitions. Computational complexity
of EGKS algorithm in updating Z, U, W and F is O(nkd), O(nk?d), O(nkd?) and O(nkd?) respectively.
4. Experimental Results

We will now present the experimental results of the EGKS clustering algorithm using the standard UCI ma-
chine learning repository data sets [1] and several other document datasets. We will also compare the performance
of EGKS with other state-of-the-art algorithms. Finally, we will also present some of the qualitative results ob-
tained by these algorithms on text datasets.

4.1. Experimental Setup

Table 1. UCI and text datasets description.

Datasets Instances | Attributes | Classes
Diabetes 768 9 2
Lung Cancer | 32 57 3
Ionosphere 351 35 2
Statlog 2310 19 7
Email-1431 1431 3490 3
SW 341 859 4
Lingspam 1156 2259 4
Spambase 4601 57 3

Dataset Description: We used four UCI datasets [1] for the experimental evaluation. These data sets are different
with respect to size, clusters count, and class distribution. In addition to demonstrate the performance of the
algorithm on real high-dimensional scenarios, we have also used the following four popular text datasets in our
evaluation.

1. Email-1431 dataset! contains 1431 documents. It has three classes: conference (370 documents), jobs (272
documents) and spam (789 documents).

2. Syskill & Webert (SW) dataset [1] consists of 341 web documents distributed into 4 classes with unequal
distribution of documents. The 4 different classes are sheep (70 documents), goats (74 documents), band
(61 documents), and biomedical (136 documents).

3. Ling-Spam corpus? has four versions. They are with or without stemming and with or without stop word
removal. Each data set consists of 289 mails. We use Lemmatized, stop-list enabled and Lemmatize and
stop-list enabled versions from the Ling-Spam corpus.

4. Spambase dataset [1] contains 4601 documents. These documents belongs to one of the two classes: spam
and nonspam.

Text datasets form a good testbed for subspace algorithms due to their high-dimensional nature. Table 1
summerizes the data sets used in experiment.
Comparison Algorithms: We compare the EGKS algorithm with the following methods: EWKM [14], FWKM
[15], and LAC [6] algorithms that are described in the related work section. While EWKM and LAC are subspace

Thttp://www2.imm.dtu.dk/fem/data/
Zhttp://www.aueb.gr/users/ion/
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clustering algorithms, FWKM compute a common subset of dimensions for all clusters. All three algorithms are
implemented in WEKA software®. The comparisons are made using some of the standard evaluation metrics. The
implementation of EGKS has been done through MATLAB. Systematic grid search was made in the range 0.05-5
in steps of 0.1 independently for setting the parameters for a and 3.

4.2. Performance Comparison Results

We will show the comparison of different algorithms using several different evaluation metrics. Table 2
presents result of accuracy for all competing algorithms and data sets. Since all of the datasets have associ-
ated class labels information, we matched the membership of the cluster result with that of the class labels to
determine the values of various performance metrics.

Table 2. Comparison of Accuracy values for real-world datasets.

Data Sets EGKS EWKM FWKM LAC

Diabetes 0.6640 0.6614 0.5924 0.6666
Lung Cancer 0.6250 0.6250 0.4687 0.5625
Tonosphere 0.7179 0.3809 0.3875 0.7094
Statlog 0.6398 0.3964 0.3823 0.6831
Email-1431 0.9364 0.5521 0.5538 0.5552
SwW 0.5982 0.5416 0.5446 0.5148
Lingspam 0.6314 0.2502 0.2502 0.2502
Spambase 0.6568 0.6034 0.5934 0.5089

In order to make our evaluation more comprehensive, other alternative measures of evaluation such as F1-
measure, recall rate (or sensitivity) and specificity, are also used in the experiments.

Tables 3, 4, and 5 show the comparison results in terms of Fl-measure, recall, and specificity, respectively.
These tables show EGKS generally performs superior compared to the other methods. In general, the improve-
ments of the EGKS algorithm are much higher on high-dimensional text datasets. On low-dimensional UCI
datasets, LAC performs better in terms of Fl-measure. More specifically, the performance of EGKS on text
datasets in terms of F1-measure and recall rates (widely used metrics in text classification) is significantly better
compared to all the other methods.

4.3. Qualitative Results

Table 6 shows the results on text datasets generated by EGKS, EWKM, and LAC algorithms. It gives the top
10 words with the highest membership values in the respective clusters for the Email-1431, SW, and Spambase
datasets. Since the FWKM algorithm obtains a common set of features for all the clusters, we could not it in

3http://www.cs.waikato.ac.nz/ml/weka/

Table 3. Comparison of F1-measure values on real-world datasets.

Data Sets EGKS EWKM FWKM LAC

Diabetes 0.6005 0.6005 0.6005 0.6666
Lung Cancer 0.6387 0.6227 0.4785 0.5673
Ionosphere 0.4270 0.4270 0.4270 0.7149
Statlog 0.6383 0.3267 0.3309 0.6827
Email-1431 0.9377 0.4025 0.3970 0.4385
SwW 0.5766 0.4801 0.4865 0.4857
Lingspam 0.5167 0.1274 0.1125 0.1454
Spambase 0.6310 0.4760 0.4518 04114
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Table 4. Comparison of Sensitivity (or Recall) values on real-world datasets.

Data Sets EGKS EWKM FWKM LAC

Diabetes 0.5861 0.5861 0.5861 0.6666
Lung Cancer 0.6387 0.6250 0.4687 0.5625
Ionosphere 0.4279 0.4279 0.4279 0.7094
Statlog 0.6398 0.3964 0.3823 0.6831
Email-1431 0.9457 0.5521 0.5538 0.5552
SW 0.5498 0.5416 0.5446 0.5148
Lingspam 0.5130 0.2502 0.2502 0.2502
Spambase 0.5759 0.6034 0.5934 0.5089

Table 5. Comparison of Specificity values on real-world datasets.

Data Sets EGKS EWKM FWKM LAC

Diabetes 0.5861 0.6247 0.6171 0.6332
Lung Cancer 0.8051 0.5768 0.6102 0.6102
Ionosphere 0.7179 0.4395 0.2821 0.2843
Statlog 0.93997 0.8578 0.8719 0.8782
Email-1431 0.9457 0.6673 0.6682 0.6811
SW 0.8757 0.8000 0.7965 0.7933
Lingspam 0.5130 0.6667 0.7500 0.7500
Spambase 0.5759 0.4969 0.5103 0.5793

our qualitative comparisons. From these qualitative results, we can clearly observe that the EGKS describes the
word clusters with a better set of words for the clusters compared to the EWKM and LAC algorithms. In other
words, the features extracted by the EGKS are more representative of the clusters and can qualitatively describe
the clusters in a better way compared to the other algorithms available in the literature.

5. Conclusion

We developed a novel entropy based algorithm for extracting overlapping subspace clusters from high-dimensional
data. We have discussed in detail the formulation of the algorithm and the derivation of the new update rules along
with proof of its convergence. The proposed EGKS algorithm generates soft membership results which in turn
led to more qualitatively interpretable results for the high-dimensional document categorization tasks in many
real-world datasets. In addition, the EGKS algorithm generates clusters with fewer dimensions than the original
dataset compared to the ones produced by its competitors.
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