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Abstract: This paper contains a partitional based algorithm for clustering high-dimensional objects in subspaces for Iris
gene dataset. In high dimensional data, clusters of objects often exist in subspaces rather than in the entire space. This is the
data sparsity problem faced in clustering high-dimensional data. In the proposed algorithm, we extend the K-Means
clustering process to calculate a weight for each dimension in each cluster and use the weight values to identify the subsets
of important dimensions that categorize different clusters. This is achieved by including the weight entropy in the objective
function that is minimized in the K-Means clustering process. An additional step is added to the K-Means clustering process
to automatically compute the weights of all dimensions in each cluster. The experiments on both synthetic and real data have
shown that the algorithm can generate better clustering results than other subspace clustering algorithms. The new
algorithm is also scalable to large data sets
Keywords: K-Means, clustering, subspace clustering, high-dimensional data.
I. INTRODUCTION
High-dimensional data is a phenomenon in real-world data mining applications. The typical data clustering tasks are
directly performed in the data space. However, the space is always of very high dimensionality, ranging from several hundreds
to thousands. Due to the consideration of the curse of dimensionality, it is desirable to first project the data into a lower
dimensional subspace in which the semantic structure of the data space becomes clear. In the low dimensional semantic space,
the traditional clustering algorithms can be then applied. Clearly, clustering of high-dimensional sparse data requires special
treatment. This type of clustering methods is referred to as subspace clustering, aiming at finding clusters from subspaces of
data instead of the entire data space. In a subspace clustering, each cluster is a set of objects identified by a subset of dimensions
and different clusters are represented in different subsets of dimensions. The results of extensive experiments on both synthetic
and real data have demonstrated that the new algorithm outperformed the other subspace clustering algorithms in clustering
accuracy. It was also effective in clustering sparse data and scalable in clustering large data with respect to the number of
dimensions and the number of clusters the major challenge of subspace clustering, which makes it distinctive from traditional
clustering, is the simultaneous determination of both cluster memberships of objects and the subspace of each cluster.
Consider that different dimensions make different contributions to the identification of objects in a cluster. The difference
of contribution of a dimension is represented as a weight that can be treated as the degree of the dimension in contribution to the
cluster. In subspace clustering, the decrease of the weight entropy in a cluster implies the increase of certainty of a subset of
dimensions with larger weights in determination of the cluster. Therefore, in the clustering process, simultaneously minimize
the within cluster dispersion and maximize the negative weight entropy to stimulate more dimensions to contribute to the
identification of a cluster. This can avoid the problem of identifying clusters by a few dimensions with sparse data. The formula
for computing a dimension weight is derived based on Liping Jing, Michael K. Ng, and Joshua Zhexue Huang [1] and added to
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the K-Means clustering process as an additional step in each iteration, so the cluster memberships of objects and the weights of
dimensions in each cluster can be obtained simultaneously.
II. RELATED WORK
A lot of work has been done in the area of clustering. In general, most of the common algorithms fail to generate
meaningful results because of the inherent sparsity of the objects. In such high dimensional feature spaces, data does not cluster

anymore. But usually, there are clusters embedded in lower dimensional subspaces. In addition, objects can often be clustered
differently in varying subspaces. Local Dimensionality Reduction [9], like PROCLUS, projects each cluster on its associated
subspace, which is generally different from the subspace associated with another cluster. The efficacy of this method depends
on how the clustering problem is addressed in the first place in the original feature space. A potentially serious problem with
such a technique is the lack of data to locally perform PCA on each cluster to derive the principal components, therefore, it is
inflexible in determining the dimensionality of data representation.
Subspace clustering seeks to group objects into clusters on subsets of dimensions or attributes of a data set According to the
ways with which the subsets of dimensions are identified, divide subspace clustering methods into two categories. The methods
in the first category determine the exact subsets of dimensions where clusters are discovered. This is called as hard subspace
clustering. The methods in the second category determine the subsets of dimensions according to the contributions of the
dimensions in discovering the corresponding clusters. The contribution of a dimension is measured by a weight that is assigned
to the dimension in the clustering process [2], [3]. This method called as soft subspace clustering because every dimension
contributes to the discovery of clusters, but the dimensions with larger weights form the subsets of dimensions of the clusters.
The method in this paper falls in the second category.
A.

Hard Subspace Clustering

The subspace clustering methods in this category can be further divided into bottom-up and top-down subspace search
methods. The bottom-up methods for subspace clustering consist of the following main steps:
1. Dividing each dimension into intervals and identifying the dense intervals in each dimension.
2. From the interactions of the dense intervals, identifying the dense cells in all two dimensions.
3. From the intersections of 2D dense cells and the dense intervals of other dimensions, identifying the dense cells in all
three dimensions and repeating this process until all dense cells in all k dimensions are identified.
4. Merging the adjacent dense cells in the same subsets of dimensions to identify cluster.
B. Soft Subspace Clustering
Instead of identifying exact subspaces for clusters, this approach assigns a weight to each dimension in the clustering
process to measure the contribution of the dimension in forming a particular cluster. However, the purpose is to select important
variables for clustering. Extensions to some variable weighting methods, for example, the K-Means type variable weighting
methods, can perform the task of subspace clustering[4]. A number of algorithms in this direction have been reported
recently[7]. Unlike variable selection in which a weight is assigned to a dimension for the entire data set, assign a weight to
each dimension for each cluster. As such, different clusters have different sets of weight values. To retain the scalability, the KMeans clustering process is adopted in these new subspace clustering algorithms. In each iteration, an additional step is added to
compute the weight values[8]. The direct extension to the k-means type variable, weighting algorithm for variable selection
results from the minimization of the following objective function.
Here, n, k, and m are the numbers of objects, clusters, and dimensions, respectively
parameters greater than 1.

is the degree of membership of the jth object belonging to the lth cluster.
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ith dimension in the lth cluster. Xji is value of the ith dimension of the jth object, and zli is the value of the ith component of the lth

cluster center.

1 produces a hard clustering, whereas

> 1 results in a fuzzy clustering. There are three unknowns W,

Z, and A that need to be solved.
III. ENTROPY WEIGHTING K-MEANS
The weight of a dimension in a cluster represents the probability of contribution of that dimension in forming the cluster.
The entropy of the dimension weights represents the certainty of dimensions in the identification of a cluster [5],[6]. Therefore,
modify the objective function by adding the weight entropy term to it so that simultaneously minimize the within cluster
dispersion and maximize the negative weight entropy to stimulate more dimensions to contribute to the identification of
clusters[10]. The positive parameter
A.

controls the strength of the incentive for clustering on more dimensions.

PROPOSED ALGORITHM
Input: The number of clusters k and parameter

; Randomly choose k cluster centers and set all initial weights to 1=m;

REPEAT
Update the partition matrix W by equation;

Update the cluster centers Z by eqn;

Update the dimension weights A by eqn;

UNTIL (the objective function obtains its local minimum value);
The input parameter


is used to control the size of the weights as follows:

> 0. In this case,

is inversely proportional to. The smaller

, the larger

, the more important the

corresponding dimension.


is equal to one, indicating that the index

has the smallest value of

. The other weights

for

are equal to zero. Each cluster contains only one important dimension. It may not be desirable for highdimensional data sets.


< 0. In this case,

is proportional to

idea of dimension weighting. Therefore,
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Partitioning the objects: After initialization of the dimension weights of each cluster and the cluster centers, a cluster

membership is assigned to each object.
Cluster centers: Given the partition matrix W, updating cluster centers is to find the means of the objects in the same
cluster. Thus, for k clusters, the computational complexity for this step is O(mnk)
Calculating dimensions weights: The last phase of this algorithm is to calculate the dimensions weights for all clusters
based on the partition matrices W and Z. The computational complexity of this step is also O(mnk).
IV. EXPERIMENTAL RESULTS AND DISCUSSIONS
The proposed work is implemented using MATLAB for Iris gene dataset available in NCBI database. The K-means
Algorithm was applied on Iris dataset. Due to the disadvantages arised in K-Means Algorithm, it is extended to calculate a
weight for each dimension in each cluster of same dataset which is termed as EWK-Means algorithm. The cluster accuracy is
achieved high in EWK-Means by assigning weight values to the dimensions due to this performance is high. One of the major
advantages of EWK-Means algorithm is that Normal root Mean Squared Error (nrmse) value is minimized when compared to
K-Means algorithm. With the same cluster values the accuracy of both K-Means and EWK-Means is reported here. Number of
Dimensions and distribution of weight in EWK-Means is depicted in Fig 2.Fig.3 and fig 4 shows the output screen.
No of Dimensions

EWK‐Means

100

0.07

150

0.09

200

0.04

250

0.05

300

0.07

350

0.06

400

0.03
Table 1: Weight Distribution

Weight Distribustion

Value of weight
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Fig.1: Weighted Distribution
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Fig.2 Comparison between the Methods Showing NRMSE

Fig.3 Sample Screen Showing Implementation

V. CONCLUSION
In EWK-Means, K-Means type subspace clustering algorithm for high-dimensional sparse data. In this algorithm, we
simultaneously minimize the within cluster dispersion and maximize the negative weight entropy in the clustering process.
Because this clustering process awards more dimensions to make contributions to identification of each cluster, the problem of
identifying clusters by few sparse dimensions can be avoided. As such, the sparsity problem of high-dimensional data is tackled.
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