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Abstract In order to solve the nonconvex and nonsmooth problem of semi-supervised support vector classification, a
polynomial smooth function was introduced in this paper which was used to approach the nonconvex objective function,
The introduced polynomial function has a high approximation accuracy in high density regions of samples and poor ap-
proximation performance appear in low density regions of samples. The model was solved by the method of conjugate
gradient. Experimental results on artificial and real data support that the proposed algorithm can guarantee the accuracy

when the percentage of labeled sample is very low and the accuracy is not improved obviously as the number of labeled

data increasing. The performance of the proposed classifier is stable.
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Data set mXn * 3 C o=1 0=3 o=5 ¢=10
Heart 270X 14 2 0.1 3 8 14 27
Breast 428X10 2 0.1 4 13 21 43

Diabetes 7669 2 10 8 23 38 77
Monks 429X7 2 1 4 13 21 43
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Data set =1 =3 0=5 ¢=10
Heart 83. 146 83. 969 83.594 83.539
Breast 95, 047 95.422 95. 086 96, 364

Diabetes 69. 567 69. 852 69.78 69. 956
Monks 67. 765 68. 029 67. 892 69,171
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