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Abstract: A semi-supervised binary support vector machine (SVM) is proposed based on possibilistic two-means (P2M)
clustering. First, divide the unlabeled data using PCM; then, train the labeled data using SVM. Experiments on artificia
and UCI data show the superiority over existing algorithm. P2M-SVM utilizes both the robustness of P2M for binary

clustering and the strong generalization ability of SVM for classification thus increases the classification accuracy of
traditional clustering and reduces the cost of sample collecting of the SVM.
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Figure 1. Curve: Clustering results of variousalgorithms
1. FRIEZERRELR
Table 1. Performances comparisons of various algorithms
#* 1. FRIEERNGERILE
} P2M-SVM
Bk CcM FCM P2M
o =0.01 o=01 o=05
I Breast Cancer 46.50% 56.00% 63.81% 75.33% 80.56% 78.14%
I Diabetis 66.45% 67.74% 67.96% 76.32% 80.65% 79.13%
Wit Breast Cancer 23.38% 49.35% 55.63% 25.71% 63.07% 60.41%
I Diabetis 31% 46% 50.17% 13.69% 65.14% 65.63%
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Figure 2. Curve: Variations of accuracieswith radial basis kernel parameter
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