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Zero-norm Penalized Feature Selection

Support Vector Machine
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Abstract To deal with the high-dimensional sparse modeling
problem, this paper derives a zero-norm penalized feature selec-
tion criterion based on the the empirical risk minimization prin-
ciple, and combines it with support vector machines through an
embedded paradigm. Numerical results on both synthetic and
real data sets show that the proposed approach does not only
perform well for feature selection tasks, but also shows good
performance compared to the conventional sparse modeling tech-
niques, in the sense of classification accuracy and generalization
capability.
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Table 1  Summaries of the three microarray datasets
Kl sk FEA R RS e S L2 L
Leukemia 72 38 34 7129
Lung cancer 181 32 149 12533
Prostate cancer 136 102 34 12600
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Experimental results on synthetic dataset
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Table 2  Comparative study of the 0-Norm SVM and other

typical feature selection methods on synthetic data

P Method # Recall FPR (%) FNR (%)
0-Norm 10.62 £ 0.74 0.68 £ 0.82 0.00 £ 0.00
BIC 16.99 £ 3.50 7.77 £ 3.89 0.00 £ 0.00
10° LARS 10.00 £ 0.00 1.15+0.79 10.38 £7.13
EN 10.00 £ 0.00 1.12+£0.79 10.12 £ 7.13
0-Norm 10.65 £ 2.20 0.23 £0.22 15.94 £ 5.07
BIC 59.80 + 1.52 5.17 £0.16 13.52 £ 6.55
10° LARS 10.00 £ 0.00 0.30 £ 0.05 30.02 + 4.63
EN 10.00 £ 0.00 0.30 4+ 0.04 29.70 = 4.44
0-Norm 10.08 £ 2.20 0.02 £0.02 16.88 £+ 4.64
. BIC 89.00 £ 0.00 0.81 £0.01 16.00 £ 5.16
10 LARS 10.00 £ 0.00 0.04 +£0.01 44.48 +5.10
EN 10.00 £ 0.00 0.04 +£0.01 44.50 £ 5.14
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Table 3  Classification accuracies of the 0-Norm SVM, FAIR,

and EB algorithms on three microarray datasets

Kl PAE SRS kiR 2z ke 2z L2 L
Baseline 0/38 14/34 7129
Leukemia  0-Norm 0/38 1/34 27
FAIR 1/38 1/34 11
EB 0/38 3/34 7129
Baseline 0/32 15/149 12533
Lung 0-Norm 0/32 4/149 22
FAIR 0/32 7/149 31
EB 0/32 1/149 12533
Baseline 0/102 25/34 12600
Prostate 0-Norm 0/102 3/34 37
FAIR 10/102 9/34 2
EB 38/102 4/34 12600
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Table 4

support vector machines with different norm penalties

Comparison of the generality capabilities of the

Ktk 0-Norm SVM 1-Norm SVM 2-Norm SVM
Leukemia 91.4+2.3 90.1 £1.5 82.7£1.0

Lung 92.2+1.3 92.6 £ 0.5 92.9+0.4
Prostate 94.0 £ 1.5 88.5+0.8 90.8 £ 0.6

T MR 4 50 0-Norm SVM 72 [ L5 FI TG 51) 5
B 102 SRS FE I AR T LA 9 285 B 20 TR 1 S 6 i
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