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Abstract 3.0ur Proposed Spectral Clustering

Clustering, a major research subject in data mining, has been successfully applied to a wide variety of areas
in the real world. In this paper, we address the issue of clustering numerical vectors with a network. This is a
general setting which can be found in a lot of applications and basically equivalent to constrained clustering by
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Wagstaff and Cardie [Wagstaff2000] and semi-supervised clustering by Basu et al. [Basu2004], but our focus ' - —_ D-—W-_—"—"Y
is more on the optimal combination of two heterogeneous data sources, numerical vectors and a network. 1 ] Comlete matrix MUU r L 2N _
An application of this setting is web pages which can be numerically vectorized by their contents, e.g. term 2. To optlmlze cost J(Z) = tr{ZT Mw Z} Su bjet to Z7Z=I :
frequencies, and which are hyperlinked to each other, showing a network. Another typical application is genes . .
whose behavior can be numerically measured and a gene network can be given from another data source. ComPUte elgen-values and -vectors Of matrix Mw
We first define a new graph clustering measure which we call normalized network modularity, by balancing relaxing e|ements Of V4 to a rea| value
Q)

the cluster size of the original modularity. We then propose a new clustering method which integrates the cost
of clustering numerical vectors with the cost of maximizing the normalized network modularity into a spectral
relaxation problem. Our learning algorithm is based on spectral clustering which makes our issue an
eigenvalue problem and uses k-means for final cluster assignments. A significant advantage of our method is
that we can optimize the weight parameter for balancing the two costs from the given data by choosing the
minimum total cost.

We evaluated the performance of our proposed method using a variety of datasets including synthetic data
as well as real-world data from molecular biology. Experimental results showed that our method is effective 3
enough to have good results for clustering by numerical vectors and a network. ]

Assign a cluster label to each node by k-means.
(k-means outputs Cost ..o IN spectral space.)
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H(C) : Entropy of probability variable C,
C : Resultant cluster, G : KEGG metabolic function
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2. Cost Combining Numerical Vectors
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