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Two-stage feature selection algorithm based on

mutual information and genetic algorithm
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Abstract; To get better feature subset in the feature selection process, this paper proposed a new two-stage feature selection al-
gorithm based on normalized mutual information and genetic algorithm. First it ranked features by normalized mutual informa-
tion. Then to provide the genetic algorithm with better starting point it used the front ranking features to initialize the popula-
tion , thus got better feature subset after only a few evolution times. The test results on benchmark datasets show the effectiveness

of the algorithm,in terms of dimensionality reduction and classification performance.
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dataset features instances classes
Dermatology 33 366 6
Lung cancer 56 32 2
Breast cancer 30 569 2
Soybean-large 35 307 19
Tonosphere 34 351 2
Anneal 38 898 6
Sonar 60 208 2
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dataset all features SU GA SU-GA
Dermatology 33 24 10 9
Lung cancer 56 12 25 4
Breast cancer 30 18 8 3
Soybean-large 35 21 17 13
Tonosphere 34 32 9 10
Anneal 38 21 8 5
Sonar 60 14 16 6

Average 40. 86 20.29 13.29 7.14
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dataset all features SU GA SU-GA
Dermatology 97.26 97.27 98.91 98.91
Lung cancer 84.38 87.5 90.63 90.63
Breast cancer 92.97 92.97 95.96 96. 84
Soybean-large 92.18 92.18 93.81 92.84
Tonosphere 82.62 82.91 92.02 92.59
Anneal 98.44 98. 66 98.78 98.78
Sonar 71.15 77.40 76.44 82.69
Average 88.43 89.84 92.36 93.33
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