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reviews 1.024 1.081
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trdl 1.020 1.035
re0) 0.968 1.038
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Improvement of document cluster ensemble algorithms using divide
and merge strategy

Lu Zhimao™ , Xu Sen™ , Liu Yuanchao™ , Gu Guochang”
(™ Pattern Recognition and Natural Compution Laboratory, Harbin Engineering University, Harbin 150001)
(™ Department of Computer Engineering, Yancheng Institute of Technology, Yancheng 224051)
(™ Intelligent Technology & Natural Langnage Processing Laboratory, Harbin Institute of Technology, Harbin 150001)
Abstract
The influence of the divide and merge (DM) strategy on document cluster ensemble algorithms was explored. First-

ly, the spherical K-means (SKM) algorithm utilizing the DM strategy was performed for r times in the ensemble member
generation phase, and each time more document sub-clusters were obtained and the agglomerative hierarchical method was
used to merge these sub-clusters according to their similarity to attain r ensemble members. Then, two fast spectral clus-
tering algorithms were performed to ensemble the r clusterings. The experiments on six real-world document sets showed
that the DM strategy increased the normalized mutual information (NMI) of the two cluster ensemble algorithms by 4.6
and 7.9 percentage in average, respectively. These results prove that DM strategy can effectively improve the performance
of document cluster ensemble algorithms .

Key words: cluster ensemble, spectral clustering, document clustering, divide and merge (DM) , normalized mu-
tual information (NMI)
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