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Abstract A clustering algorithm based on ensemble and spectral technique named CBEST that works well for data with

mixed numeric and categorical features was presented. A similarity measure based on clustering ensemble was adopted

to define the similarity between pairs of objects, which makes no assumptions of the underlying distributions of the fea-

ture values. A spectral clustering algorithm was employed on the similarity matrix to extract a partition of the data. The

performance of CBEST was studied on artificial and real data sets, Results demonstrate the effectiveness of this algo-

rithm in clustering mixed data tasks and its robustness to noise. Comparisons with other related clustering schemes il-

lustrate the superior performance of this approach. Moreover, CBEST can infuse prior knowledge effectively to set the

weights of different features in clustering.
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0. 1833(a=1.2)

WFE2HERERTLUUEN, i THEIESH S AUTO-
CLASS™S 8 5 R BEAR4F Bt AUTOCLASS' B 378 i 8
BEEBETRENERE 0. RITMEE CBEST £ o=
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RiETEITEENERER L CIINERE, TRER D
= 3 B3, .

%3 ATHIRE Dataset2 FHISTRER

L5 HiRE
SBAC 0. 36667
AUTOCLASS 0, 0056
0. 2319 («=0.2)
k-prototypes 0. 2364 (a=1)
01944 (o=1.2)
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P Bt BACT 8- 8: 1 k-prototypes ™ i 18 &
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lian Credit Approval 215 RIS, 0 THEHEE BT
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BEREEEE. EAMNE, —H 650 MR A.
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HEEEE FRTEREERINRE 6 Fial.
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PEME 6 RITHR I « BEXFE L k-prototypes™ 1P BH
AW, MR E Y CBEST XS5 o« B E R 8K,
2 o BE AR RIR/NGT , ATH I CBEST IR RIFE LB
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0. 3806 (2=0.2)
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