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Abstract  Selective clustering ensemble is to select some of the basic clustering results with high accuracy and large diversity for
integration,so as to obtain more effective clustering ensemble results. In the cluster analysis application, the cluster validity index
is used to measure the goodness of the clustering results. In this paper.a selective clustering ensemble algorithm based on Xie-Be-
ni index is proposed. The algorithm uses Xie-Beni index to measure the validity of the basic clustering results,and uses NMI(nor-

malized mutual information) to select the better basic clustering results to enhance the aggregation, thereby improving the accura-

cy of the clustering results. Experimental results confirm the effectiveness of the algorithm.
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Table 1 Basic attributes of five data sets
rpupe — S CEBE
% 2 % # HAEE
Aggregation 2 7 788
Two_Cluster 2 2 400
Three_Cluster 2 3 600
Five_Cluster 2 5 2000
Flame 2 2 240
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Table 2 Comparison of experimental results F-measure value

F_measure 4

ke NJW CSPA CAS SCEX
Aggregation 0.2088 0.2125 0.2376 0.2388
Two_Cluster 0.4239 0.6660 0.6748 0.6824
Three_Cluster 0.3683 0.5000 0.5598 0.5000
Five_Cluster 0.2701 0.3216 0.3381 0.3386
Flame 0.3160 0.6915 0.8711 0.7155
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Fig. 1 Histogram of experimental results
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Fig. 2 Comparison of iteration times of various algorithms
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Fig. 3 Comparison of clustering integration performance of different data sets in various difference measurement methods
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