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A Novel Subspace Clustering Method Based
on Categorical Data (SCCAT)

ZHANG Hui-rong, TANG Yan, HE Ying,
SHI Jiao-kai, XU Ping-an

College of Computer and Information Science s Southwest University , Chongqing 400715, China

Abstract: ROCAT (Relevant Overlapping Subspace Clusters on Categorical Data) has overcome a series of

conventional problems, such as the difficulties in defining the parameters or a large amount of redundan-

cies or other troubles caused by the conventional algorithm as CLIQUE, K-means and so on. Meanwhile,

its data compression model reduces the clustering accuracy with high complexity. For dealing with these

problems, we propose a novel Subspace Clustering Method based on Categorical Data (SCCAT). We put

forward a data cohesion model (DCC) instead of the data compression model to improve the clustering ac-

curacy, divide the data source into in-sample data and out-of-sample data, cluster the in-sample data to ob-

tain sample clusters and spread the out-of-sample data to the sample clusters to finish clustering. As the

experiment results show, SCCAT not only improves the accuracy but also reduces the time complexity and

the space complexity, which makes it suitable for large-scale data processing.

Key words: categorical data; complexity; accuracy; cohesion
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