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Multiobjective ant colony optimization for stable feature selection
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Abstract; To improve the feature selection stability of evolutionary algorithms, a new method for stable feature selection based on
multiobjective ant colony optimization was developed. Feature selection results of three feature ranking methods by resampling policy were combined
to provide stable features’ information for multiobjective ant colony optimization; the feature’s Fisher discriminant value and maximal information
coefficient value were integrated as heuristic information; the classification correctness rate and value of extensions of Kuncheva similarity measure
were taken as two optimization objectives to balance algorithm's classification performance and its stability. Some comparisons and experiments were

carried out on four benchmark data sets, and results show that the proposed method has a better tradeoff between classification performance and

feature selection stability.
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Fig.1 Framework of SFSMOACO
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Alg. 1 Pseudo-code of SFSMOACO
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Tab.1 Characteristics of experiment datasets
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Fig.2  Stability results of SFSMOACO
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Tab.2 Classification success rate of SFSMOACO on PC

SHE L B

Bk
1% 2% 3% 4% 5%

SFSMOACO 0.96 0.95 0.94 0.92 0.92
SVMRFE 0.89 0.89 0.88 0.90 0.89
TTEST 0.87 0.8 0.90 0.89 0.90
LASSO 0.79 0.81 0.81 0.83 0.81
MRMR 0.87 0.8 0.8 0.90 0.91
MACOFS 0.90 0.91 0.92 0.91 0.92
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Tab.3 Classification success rate of SFSMOACO on RE
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ik
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SFSMOACO 0.94 0.94 0.92 0.92 0.92
SVMRFE 0.84 0.84 0.8 0.86 0.85
TTEST 0.76 0.82 0.8 0.86 0.86
LASSO 0.74 0.81 0.82 0.81 0.83
MRMR 0.76  0.81 0.84 0.86 0.85
MACOFS 0.89 0.91 0.92 0.94 0.94
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SFSMOACO 0.95 0.95 0.94 0.94 0.93
SVMRFE 0.94 0.95 0.96 0.9 0.96
TTEST 0.93 0.95 0.9 0.97 0.96
LASSO 0.59 0.67 0.78 0.80 0.79
MRMR 0.94 0.95 0.96 0.87 0.86
MACOFS 0.95 095 097 097 0.98
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TTEST 0.54 0.52 0.55 0.50 0.51
LASSO 0.50 0.50 0.51 0.52 0.48
MRMR 0.53 0.54 0.54 0.49 0.52
MACOFS 0.90 0.90 0.91 0.91 0.91
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