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Clustering tendency analysis algorithm based on data stream
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Abstract: Focusing on the issues that clustering tendency analysis algorithms based on sampling have instability and
one-sidedness in clustering tendecy index, and clustering tendency parameters need to be computed repeatedly because the
algorithms do not suit the batch incremental property of data stream, an improved Clustering Tendency Index analysis
algorithm based on Minimum Distance Connected Graph (MDCG) was proposed, namely MDCG-CTI, which performs
overall analysis on all data. First, MDCG was built with complexity optimization by using stack depth-first traversal to update
the nearest path of incremental data; then clustering tendency index was computed to determine the judgment threshold of
clustering; finally, the proposed algorithm was integrated with batch incremental Density-Based Spatial Clustering of
Applications with Noise (DBSCAN). Experimental results on self-built datasets show that the proposed algorithm has higher
accuracy of clusterable determination than existing algorithms for single cluster and data with a large number of noises. And
on large datasets pendigits and avila, the proposed algorithm has the time consumption reduced by 38% and 42% compared
to Spectral Visual Assessment of cluster Tendency (SpecVAT) ; meanwhile, the proposed algorithm combined with batch
incremental DBSCAN has average accuracy of clustering increased by 6% and 11% and time consumption of clustering
reduced by 7% and 8% compared to SpecVAT combined with batch incremental DBSCAN. It can be seen that the proposed
algorithm not only determines clustering tendency nonparametrically and accurately, but also improves effectiveness and
operational efficiency of incremental clustering.

Key words: clustering tendency; Minimum Distance Connected Graph (MDCG); data stream clustering; batch
incremental clustering; Density-Based Spatial Clustering of Applications with Noise (DBSCAN)
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Fig. 1 Schematic diagram of MDCG
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Tab. 1 Comparison of clustering tendency and running time of different algorithms based on one-time clustering on self-built datasets
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Tab.2 Comparison of clusterable rate distribution and running time of different algorithms on UCI datasets (100 runs for each algorithm)
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Tab.3  Comparison of clustering results of different algorithms combined with DBSCAN on UCI datasets
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