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Abstract Most of the existing clustering methods are two-way clustering, which are based on the assumption that a
cluster must be represented by a set with crisp boundary, However, assigning uncertain points into a cluster will reduce
the accuracy of the method. Three-way clustering is an overlapping clustering which describes each cluster by core re-
gion and fringe region. This paper presented a strategy for converting a two-way cluster to three-way cluster using the
neighborhood of the samples. In the proposed method, a two-way cluster is shrunk according to whether the neighbor-
hood of sample are contained in this cluster and it is stretched according to whether the neighborhood of sample inter-
sects with this cluster, The shrunk result is called core region and the difference between the shrunk result and

stretched result is regarded as the fringe region. Experiment using the proposed method on UCI data sets shows that

this strategy is effective in improving the structure and F1 values of clustering results.
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Fig. 1 Schematic diagram of data set
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Table 1  Description of UCI data set
BHEE AR FEARS R x5 %

Banknote 1372 4 2

Hill Valley 1212 100 2
Tonosphere 351 34 2
SPECTF Heart 267 44 2
Vertebral Column 310 6 2
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