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Feature Selection Algorithm Based on Mutual Information and Genetic Algorithm
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Abstract: A novel feature selection algorithm using mutual information and genetic algorithm is presented in this paper. The algo-
rithm designed the metrics for measuring the correlation between features and that between features and classes based on mutual in-
formation. By combining the strong global optimization capability of genetic algorithms, it can search for a globally optimal feature
subset in the candidate feature space, characterized by low inter-feature correlation, high feature-to-class correlation, and high classi-
fication accuracy. In this paper, comparative experiments were conducted on 10 standard datasets using 8 correlation-based feature
selection algorithms. Under 3 classifiers, the algorithm proposed in this paper achieves average classification accuracies of 88.98%,
87.5%, and 86.95%, respectively, outperforming all the comparative algorithms. The experimental outcomes demonstrate the effec-
tiveness of the proposed algorithm in significantly reducing the dimensionality of the original feature sets while enhancing the accu-
racies of classifiers.
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Table 1 Feature description of 10 widely used

UCI public datasets

Dataset Attributes Instances Classes
Iris 4 150 3
Diabetes 8 768 2
Breast _cancer 9 682 2
Wine 13 177 3
700 16 101 7
Waveform 21 5000 3
WDBC 30 568 2
WPBC 33 197 2
Tonosphere 34 350 2
Sonar 60 208 2
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Fig. 1 The feature selection algorithm in this paper uses the
classification accuracy of SVM, KNN, and CART classifiers to
construct a fitness function for the genetic algorithm. The fig-
ure compares the optimal number of features and the original

number of features for different datasets
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Table 2 Comparison among the classification accuracies of the proposed feature selection algorithm and the comparative

algorithms under the SVM classifier (%)

T o FAR AT (%)

Dataset Proposed mRMR reliefF Fisher ICAP CIFE IMI MRI WCFR
Tris 96.00 95.33 95.33 95.33 94.67 94.67 94.67 96.00 95.33
Diabetes 78.43 66.10 74.19 76.28 75.10 74.97 75.10 75.00 64.89
Breast_cancer 96.34 91.65 90.62 90.62 90.91 91.65 91.65 90.16 89.99
Wine 90.41 54.32 66.71 66.73 69.02 54.87 88.16 89.95 68.10
Zoo 97.00 86.00 87.00 84.00 82.00 82.00 84.00 86.05 85.09
Waveform 86.99 85.38 86.92 86.74 86.92 85.14 86.74 86.76 85.08
WDBC 93.84 91.56 92.09 91.38 89.98 88.40 92.44 92.10 91.92
WPBC 76.15 76.15 76.15 76.15 75.64 75.64 76.15 76.15 76.29
Tonosphere 96.86 92.29 95.71 92.86 92.86 90.29 93.71 90.58 95.15
Sonar 77.78 61.38 63.72 67.15 56.54 71.09 54.16 53.30 64.15

F3 AR FIE S SR A KNN 5 £ 8 T a0 42 (%)

Table 3 Comparison among the classification accuracies of the proposed feature selection algorithm and the comparative

algorithms under the KNN classifier (%)

Dataset Proposed mRMR reliefF Fisher ICAP CIFE IMI MRI WCFR
Tris 96.00 95.33 95.33 95.33 94.67 95.33 94.67 96.00 95.33
Diabetes 76.62 63.49 74.58 75.88 74.71 74.32 75.76 74.10 63.79
Breast_cancer 96.93 93.85 90.19 90.19 93.11 93.85 93.85 90.51 90.88
Wine 92.71 72.95 68.37 68.89 82.52 75.76 89.87 89.40 70.85
700 94.00 88.00 79.00 86.00 84.00 79.00 86.00 88.10 88.10
Waveform 81.96 75.43 81.68 81.68 81.68 75.33 81.68 81.12 75.78
WDBC 92.61 92.43 92.61 90.32 89.44 90.51 91.03 93.50 89.81
WPBC 77.21 71.00 69.01 70.04 64.36 67.41 71.00 69.15 71.61
Tonosphere 92.57 89.14 88.57 86.00 84.00 87.71 82.57 83.48 88.90
Sonar 74.39 63.26 61.27 64.24 52.57 65.32 54.52 52.78 59.14
90% e 3 o o3 28 B A AV R 0E 4 B8 T AR e A R i L
88% | — KNN
o S LTS
R 84% f oM 2—3R AW LUE Y, 78 SVM HI KNN J3
finf L \/_\ S o N Y Y S
® AN RS KT ARSCE G X SR, 16 9 A B
e | Y 1 {43 SN R FIARAL . 76 CART 40K F
76% | ARSCE A 10 DB 4 Bk Bl i, &2
T4l NIPTRN ; "
Proposed mRMR  reliefF  Fisher ICAP  CIFE JMI MRl WCFR X‘T [:K T Z'K X %: % lz:" X‘T H./A %: Yi‘ Tj_-{ g /I\ 73!:& ﬁ % ‘F E,:J
g%

B2 ASCRMEZEPEE X WRETE SVM KNN A
CART 7328 T BU-F-48 32 R5 B X LL 1A
Fig. 2 Comparison among the average classification accura-
cies of the proposed feature selection algorithm and the com-
parative algorithms under SVM, KNN, and CART classifiers
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Table 4 Comparison among the classification accuracies of the proposed feature selection algorithm and the comparative

algorithms under the CART classifier (%)

Dataset Proposed mRMR reliefF Fisher ICAP CIFE IMI MRI WCFR
Iris 72.36 62.18 66.11 69.10 70.80 69.24 71.18 69.00 62.77
Diabetes 93.55 91.65 90.62 90.62 90.91 91.65 91.65 85.59 84.54
Breast_cancer 95.52 87.51 89.29 91.59 81.40 82.54 87.60 92.22 93.33
Wine 96.00 96.00 90.00 95.00 92.00 94.00 95.00 96.00 81.00
Z0o 75.37 61.91 73.99 71.67 73.27 61.17 74.41 74.78 63.40
Waveform 94.02 92.26 92.43 93.13 91.38 89.09 90.32 93.90 92.10
WDBC 74.65 67.96 69.40 66.41 64.46 64.28 63.87 65.62 72.68
WPBC 94.86 87.71 92.00 86.86 86.00 89.14 83.14 83.75 89.24
Tonosphere 77.79 64.22 57.48 71.60 55.55 60.88 58.99 66.89 70.61
Sonar 95.33 92.00 92.00 92.00 92.67 91.31 91.31 95.33 95.33

4 é'ﬂ:ﬁ/a niques for High Dimensional Data[J]. Inf Fusion, 2020,

59: 44-58. DOL: 10.1016/j.inffus.2020.01.005.
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