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Abstract: A feature selection algorithm using quadratic programming is proposed based on feature mar-
gins. Firstly, the inner-class distance of features is taken as the coefficient of the quadratic terms in the
objective function and the inter-class distance of features is used as the coefficient of the linear terms for
searching informative features. The elements of the quadratic terms and the linear terms are normalized
to balance the feature relation between inner class and inter-class. Then, the optimal solution vector is
taken as the feature weight vector for selecting informative features. Finally, experiments on six different
datasets show the effectiveness and feasibility of the proposed method.
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Table 2 Average time of selecting feature subsets by each method on five datasets

BAE 4 SVM-RFE KQPFS DQPFS

Tonosphere 4,298 0. 062 0.109
Promosters 0.747 0.012 0.262
Acute Leukemia 1. 359 0.086 326.3
Multiple myeloma 2.687 0.116 374.1
Colon 0.861 0.028 61.3

DLBCL 1. 560 0. 081 350.5
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> F SVM-RFE J5 3k . e 4 58 A8 B 46 1 45 A0 2 0h . DQPFS J7 35 B I 22 7 HoAb 5 Ff 05 3% o (H L4
ik 328 UM RE fi 4T

3 HERIE
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DAY B B R 2K T B 9 A Ry R R R RE 0 B R ST YR IR — Y TS 0 I 6 R R — YR
PR VA — Ak 34 887 R 0 78 28 N RIS ] 19 06 2R RO R B30 0 0 4K S5 1 S5 D0 A i 40 Ay A AR AR i 5 R A 2 )
5 B RREACE . FRAE BEHCSE 50 25 SR R W . DQPFS J5 5 76 6 A~ B4 48 b e A 5 11 58 5 % A2 38 R AR 1
WU RE 7 S i o U B2 7 125 T 0 R E A st A B[] 28 R A ) g S R S 2 PR AR ) 110 22 S 1. AR
Y TR Ak 5080 A R G 0 R R R JEOTE BB ST BT I B R R
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