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Ensemble clustering based on information entropy weighted

Shao Changlong, Sun Tongfeng, Ding Shifei’
(School of Computer Science and Technology, China University of Mining and Technology, Xuzhou,221116, China)

Abstract: The purpose of ensemble clustering is to generate a better clustering result by integrating multiple different base
clustering. In recent years, researchers have proposed multiple ensemble clustering algorithms. However, the current
limitation is that most of these algorithms regard each base clustering and each cluster as equally important, which makes the
clustering results susceptible to low -quality base clusterings and clusters. In order to solve this problem, researchers have
proposed some methods to weight the base clustering, but most of these methods regard the base clustering as a whole, and
ignore the difference of the clusters. In this paper, we are inspired by information entropy and propose an ensemble clustering
algorithm based on weighted information entropy. This algorithm first measures the uncertainty of each cluster, then proposes
a cluster evaluation index based on information entropy, and then weights it from the cluster level. After dividing the
weighting matrix, the final clustering result is obtained. The algorithm in this paper has two main advantages. First, it
proposes an effective cluster evaluation index. Second, it calculates the weights from the cluster level that is more refined than
from the base cluster level. A series of experiments have proved the effectiveness and robustness of the proposed algorithm.
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Fig.1 The flowchat of ensemble clustering
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Table 1 The attributes of the UCI datasets used in ex-
periments
AEITES FEAEL Bk R iE %L

Balancescale 625 3 4
Blood 748 2 4
Cardiotocograph (CTG) 2126 10 21
Dermatology 336 6 33
Ionosphere 351 2 34
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Wine 178 3 13
700 101 7 16
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Table 2 The ARI of IEWEC and other algorithms

EAC HBGF WCT WEAC LWEA IEWEC
Balancescale 0. 133 (0. 060) 0.122 (0. 054) 0.125(0.054) 0. 131 (0. 066) 0. 136 (0.103) 0. 138 (0. 052)
Blood 0. 069 (0.016) 0. 077 (0. 005) 0. 066 (0.005) 0. 038 (0.016) 0.031(0.017) 0.071 (0.025)
CTG 0. 130 (0. 006) 0. 137 (0.008) 0.125 (0.004) 0. 126 (0. 006) 0. 137 (0.007) 0. 142 (0. 008)
Dermatology 0.723 (0. 040) 0.721(0.052) 0.725(0.071) 0.719(0.014) 0.722(0.103) 0. 730 (0. 054)
Ionosphere 0. 150 (0.007) 0.164 (0.010) 0.168 (0.010) 0. 149 (0. 006) 0. 169 (0.003) 0. 173 (0. 008)
Seeds 0.664 (0.071) 0.653 (0.055) 0. 658 (0. 055) 0. 588 (0. 046) 0.628 (0.055) 0. 696 (0. 042)
Wine 0. 364 (0.025) 0.353(0.051) 0. 360 (0.001) 0.362 (0.024) 0. 336 (0.079) 0. 374 (0. 002)
Zo0 0.677(0.017) 0.703(0.011) 0.704 (0.005) 0. 683 (0.020) 0.700(0.011) 0.709 (0. 008)

*3 AEEEHNMIEREER
Table 3 The NMI of IEWEC and other algorithms

EAC HBGF WCT WEAC LWEA IEWEC
Balancescale 0.102(0. 046) 0.107(0. 045) 0.101(0. 047) 0.105(0. 051) 0. 108(0. 088) 0. 111(0. 042)
Blood 0.014(0. 002) 0.016(0. 002) 0.018(0.004) 0.012(0.001) 0.020(0. 002) 0. 025(0. 006)
CTG 0.262(0.005) 0. 280(0. 007) 0.265(0.004) 0.261(0.005) 0.277(0.008) 0. 268(0.006)
Dermatology 0.820(0.001) 0.874(0.011) 0.872(0.015) 0.874(0.014) 0.873(0.024) 0. 876(0. 029)
Tonosphere 0. 115(0. 004) 0.125(0. 006) 0.127(0. 005) 0. 114(0. 003) 0.127(0.003) 0. 129(0. 004)
Seeds 0.671(0.041) 0.669(0.034) 0.670(0.035) 0.628(0. 028) 0.653(0. 030) 0. 689(0. 031)
Wine 0.409(0. 030) 0.416(0. 036) 0.420(0. 008) 0.412(0. 030) 0. 400(0. 057) 0. 430(0. 003)
Zoo 0. 756(0. 007) 0.757(0.006) 0.759(0. 003) 0. 756(0. 007) 0. 758(0. 006) 0.761(0. 004)
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Fig. 2 ARI values of IEWEC algorithm under different Fig. 3 NMI values of IEWEC algorithm under differ-

clustering ensemble sizes ent clustering ensemble sizes
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