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Three-way clustering based on sample’s stability
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Abstract: Two-way clustering algorithms produce clusters with clear and sharp boundaries, which does not truly reflect
the fact that a cluster may not necessarily have a well-defined boundary in many real world situations. To tackle this
deficiency, three -way clustering uses three regions through a pair of sets to represent a cluster instead of using two
regions to represent a cluster by a single set, which reflects the three types of relationship between an object and a
cluster, namely, belong -to definitely, uncertain and not belong-to definitely. In this paper, we propose a three - way
clustering algorithm by using the stability of each sample. We use clustering ensemble results to compute the sample’s
stability and divide the universe into cluster core and cluster halo based on sample’s stability. The elements in the cluster
core are assigned into the core region of each cluster by using traditional clustering algorithm. The elements in the

cluster halo are assigned into the fringe region of corresponding cluster according to distances between the elements and

FATE  E R H AR R4 (61503160, 61572242) VL7574 =i B8 A SR BB 58 8 R0 H (18KTA1300) , VL7548 i B8 H AR B2 1 5%
T H (15KIB110004)

Wk H 1. 2019—05—22

3l JREK & A, E-mail : wangpingxin@just.edu.cn



4l

W B ETREEM =R E < 547 -

the centers of the cluster core region. Therefore, a three-way clustering is naturally formed. Experimental results on UCI

datasets show that this method can improve the structure of the clustering results.

Key words: clustering ensemble, stability, two-way clustering, three-way clustering
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Table 1 Datasets used in experiments

Sample Sample .
Datasets ) ) Categories
numbers  dimensions
Bank 1372 4 2
Glass 214 9 6
Wine 178 13 3
Congressional 435 16 2
Breast 106 9 6
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Table 2 Experimental results on UCI datasets
Datasets Algorithm DBI AS ACC

k-means 1.1913 0. 5000 0.5758

Bank
Three-k-means 1.1772 0.5079 0.5751
k-means 0.9625 0.5325 0. 5981

Glass
Three-k-means 0.9252 0.6129 0.6774
k-means 1. 3053 0.4763 0. 9550

Wine
Three-k-means 1. 2430 0.5121 0.9704
k-means 1. 4865 0.4407 0. 8666

Congressional

Three-k-means 1. 3889 0.4723 0.8812
k-means 0. 8826 0. 5644 0.7735

Breast
Three-k-means 0.7288 0.6817 0.7945
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