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Research on incremental subspace clustering of

categorical data based on MapReduce
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Abstract ; Based on the fine-grained attribute subspace construction method ,a parallel incremental clustering algorithm SUC was
proposed for categorical data. The algorithm adopted the attribute value-cluster similarity measurement method to strengthen the
positive influence of important attribute values on the compactness of clusters. In the incremental clustering results , the attribute
weights were updated and the incremental cluster was iteratively formed. Using the MapReduce programming framework , the two-

stage parallelization of algorithm SUC was realized. The accuracy, effectiveness, and scalability of the algorithm were experimen-

tally validated on artificially synthesized datasets, UCI datasets,and real datasets.
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Fig.2 The effectiveness comparison of algorithm SUC
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Fig.3  Clustering performance comparison of various algorithms on real datasets
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