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Sample pairwise weighting co-association matrix based

ensemble clustering algorithm

Wang Tong', Wei Wei"*, Wang Feng'*
(1. School of Computer and Information Technology, Shanxi University, Taiyuan, 030006, China;
2. Key Laboratory of Computation Intelligence and Chinese Information Processing, Ministry of Education,

Shanxi University, Taiyuan, 030006, China)

Abstract: The goal of clustering ensemble is to improve the stability, robustness and accuracy of the final clustering
results by integrating multiple clustering results. In recent years, clustering ensemble has attracted more and more
attention. One limitation of most existing clustering ensemble methods is that they generally treat all base clustering
equally, regardless of their importance. Although scholars have made some efforts in this aspect, for example, the
weighted strategy is used to improve the co-association matrix. However, they ignore the difference in the contribution
of samples to the classes they belong to when either weighting the base clustering or evaluating the class importance.
Therefore, sample pairwise weighting co - association matrix based ensemble clustering algorithm is proposed. The
algorithm firstly uses the £-means algorithm to generate multiple base partition results and multiple small classes for

each class. The importance of the sample to the class is evaluated by calculating the change degree of uncertainty of the
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class after removing the subclass of the sample pairwise. Finally, the final clustering result can be obtained through the

hierarchical clustering algorithm. Experimental results on six UCI data sets show that the performance of sample

pairwise weighting co-association matrix based clustering ensemble algorithm is superior to the three classical clustering

ensemble algorithms based on co-association matrix.

Key words: clustering, clustering ensemble, co-association matrix, weighted strategy
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Table 1 Datasets

Datasets Objects  Dimensions Classes
Iris 150 4 3
Wine 178 13 3
Column_3C 310 6 3
Glass 214 9 6
Musk 476 167 2
Seeds 210 7 3
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Table 2 Average performance of OWEC algorithm for different parameters(ARI)

Datasets ’
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0 2.0 4.0
Iris 0.6249 0.6141 0.6183 0.6167 0.6107 0.5985 0.6003 0.6170 0.6124 0.6023 0.5937 0.5976
Wine 0.3238 0.3680 0.3721 0.3796 0.3794 0.3703 0.3498 0.3511 0.3595 0.3372 0.3201 0.339%4
Column_3C 0.3616 0.4057 0.4403 0.4234 0.4320 0.4196 0.4066 0.3800 0.4495 0.4206 0.4186 0.4226
Glass 0.2732 0.3005 0.3357 0.3115 0.3094 0.3503 0.3145 0.3388 0.3038 0.3388 0.3038 0.7303
Musk 0.1687 0.2914 0.2592 0.2639 0.2511 0.2644 0.2949 0.2876 0.2949 0.2355 0.2086 0.2444
Seeds 0.3631 0.4283 0.4573 0.4575 0.4615 0.4861 0.4789 0.4352 0.5461 0.5153 0.4891 0.4681
#3 WFAEMNSEH OWECE XHFHMEE(CA)
Table 3 Average performance of OWEC algorithm for different parameters(CA)
0
Datasets
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0 2.0 4.0
Iris 0.8567 0.8490 0.8603 0.8543 0.8480 0.8410 0.8443 0.8467 0.8560 0.8477 0.8463 0.8430
Wine 0.6646 0.6820 0.6713 0.6904 0.6483 0.6789 0.6646 0.6612 0.6840 0.6621 0.6590 0.6671
Column_3C 0.7152 0.7471 0.7690 0.7563 0.7571 0.7426 0.7450 0.7410 0.7687 0.7519 0.7518 0.7556
Glass 0.6993 0.7008 0.7098 0.7178 0.7136 0.7203 0.7231 0.7376 0.7210 0.7376 0.7210 0.3318
Musk 0.6818 0.7569 0.7420 0.7291 0.7232 0.7255 0.7450 0.7561 0.7561 0.7243 0.7143 0.7255
Seeds 0.7140 0.7593 0.7731 0.7743 0.7702 0.7864 0.7807 0.7624 0.8188 0.7993 0.7881 0.7793
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Table 4 Average performance of different algorithms over different data sets (ARI,CA)

ARI CA
Datasets

OWEC EAC LWEA LWGP OWEC EAC LWEA LWGP
Iris 0.6324 0.4394 0.4634 0. 4400 0. 8527 0.6533 0.7527 0.7413
Wine 0.3632 0. 3045 0.3331 0.3295 0.6607 0.6348 0.6354 0.6399
Column_3C 0.4320 0. 3054 0.3963 0.3675 0.7571 0.6935 0.7326 0. 6944
Glass 0. 3581 0. 2092 0.2701 0. 2520 0.7290 0.6782 0. 6449 0.6729
Musk 0. 2876 0.0291 0.1785 0.1687 0.7561 0. 5924 0.6893 0. 6890
Seeds 0.5016 0.1317 0.2522 0.2385 0.7943 0. 5286 0. 5952 0. 5886
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Fig.3 Average performance of different algorithms on each data set under different ensemble size (ARI)
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Fig. 4 Average performance of different algorithms on each data set under different ensemble size (CA)
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