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Risk Prediction for Breast Cancer Apply Single Nucleotide Polymorphism using
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SI\II\(IJP Chr. Gene (location) SNP rs# 1 Gengtype 3

1 12 CD4 (intron 3) 112812942 AA AT TT
2 17 CCR7 (intron 1) rs3136685 AA AG GG
3 2 CXCR4 (11241) 1s2228014 CC CT TT
4 10 CXCL12 (3'UTR) rs1801157 AA AG GG
5 6 VEGF (C936T) rs3025039 CC CT TT
6 16 MMP2 (T460T) rs2287074 AA AG GG
7 12 KITLG (intro 1) rs10506957 CC CT TT
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BPSO algorithm for feature selection and optimization parameter

Fold Samples

Sensitivity Specificity

Accuracy Optimized C  Optimized y features

1 55 0.714286 0.794118 0.763636 2201.03 8.372551 6
2 55 0.733333 0.700000 0.709091 4006.994 14.981 6
3 55 0.700000 0.771429 0.745455 302.5831 15.79585 5
4 55 0.750000 0.627907 0.654545 4077.81 2.328212 3

5 55 0.916667 0.720930 0.763636 1555.21 2.490861 4
6 55 0.714286 0.823529 0.781818 2601.646 10.84777 5
7 55 0.857143 0.780488 0.800000 1756.123 13.52724 3

8 55 0.812500 0.692308 0.727273 119.8872 0.76004 6
9 55 0.875000 0.765957 0.781818 594.9403 9.748901 2
10 59 0.727273 0.750000 0.745763 3262.34 8.212954 2
Average 0.766667 0.740099 0.747292 4.2
+SD +0.078602  £0.057772  +£0.042380 +1.62
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RO TR

Legends: (1) NN: Nearest-Neighbor; (2) RF: Random forest; (3) NB: Naive Bayes; (4) KA: Kernel-Adatron algorithm;
(5) SMO: Sequential Minimal Optimization; (6) BPSO-KA: our propose approach.

AR HRRE | FER | FREF
NN 0.455399 | 0.639296 | 0.568592
C4.5 0.451613 | 0.630435 | 0.570397
RF 0.482353 | 0.640625 | 0.592058
NB 0.531646 | 0.656566 | 0.620939
SMO 0.585586 | 0.650113 | 0.637184
KA 0.618182 | 0.627255 | 0.626354
BPSO-KA | 0.766667 | 0.740099 | 0.747292
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