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An Instance Reduction Algorithm for Different Classifiers
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Abstract; Most of the existing instance reduction algorithms are designed for particular classifiers, which have some
limitations in practical application. Combined with the idea of clustering algorithm, this paper proposes an instance
reduction algorithm applicable to different classifiers. The core idea is to select instances with high density and rela-
tively far distance. Compared with other instance reduction algorithms, this algorithm can obtain the instance subset
in any size and can be applied to a variety of classification algorithms. For the set with noise, both the classification
accuracy and stability of the proposed algorithms can be improved to some extent.
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Fig. 3 Comparison of elite selection
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Tab. 3 Comparison of instance reduction ratio Tab. 4 Classification accuracy comparison (SVM)
A4 MCS ICF DROP3 RENN DBESI DBES2 FEAS £ MCS ICF DROP3 RENN DBES1 DBES2
ala 0.00 0.25 0.25 0.26 0.70 0.50 ala 0.817 0.754 0.755 0.819 0.815 0.819
australian 0. 00 0.81 0. 84 0.79 0. 70 0. 50 australian 0.858 0.866 0.831 0.551 0.855 0.855
breast-cancer 0.92 0.79 0. 95 0.04 0.70 0.50 breast-cancer  0.973 0.954 0.903 0.972 0.973 0.973
fourclass 0.41 0.82 0.89 0.60 0.70 0.50 fourclass 0.799 0.777 0.712 0.752 0.799 0.808
german_numer 0. 00 0. 96 0. 98 0. 55 0.70 0. 50 german_numer 0.811 0.763 0.775 0.700 0.755 0.785
heart 0.65 0.64 0.64 0.25 0.70 0.50 heart 0.851 0.774 0.855 0.848 0.792 0.818
ionosphere 0.00 0.72 0.77 0.00 0.70 0.50 ionosphere 0.945 0.367 0.601 0.945 0.772 0.903
mushrooms 0.99 0.94 0.95 0.00 0.70 0.50 mushrooms 0.518 0.505 0.505 0.999 0.739 0.895
sonar 0.74 0.52 0.52 0.17 0.70 0.50 sonar 0.514 0.701 0.860 0.812 0.711 0.750
svmguidel 0.92 0.76 0. 81 0.05 0.70 0. 50 svmguidel 0.400 0.935 0.864 0.974 0.646 0.646
wla 0.00 0.03 0.03 0.05 0.70 0.50 wla 0.970 0.971 0.971 0.970 0.970 0.970
average 0.42 0.66 0.69 0.25 0.70 0.50 average 0.769 0.761 0.785 0.850 0.803 0.839
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Tab.5 Classification accuracy comparison (KNN) Tab. 6 Classification accuracy comparison (C4.5)
FEAE MCS ICF  DROP3 RENN DBES1 DBES2 FEALE MCS ICF  DROP3 RENN DBES1 DBES2
ala 0.883 0.753 0.753 0.745 0.796 0.809 ala 0.940 0.753 0.753 0.794 0.810 0.839
australian 0.905 0.766 0.788 0.872 0.853 0.873 australian 0.713 0.879 0.871 0.833 0.847 0.856
breast-cancer  0.959 0.847 0.937 0.880 0.973 0.975 breast-cancer  0.803 0.884 0.940 0.612 0.935 0.945
fourclass 1.000 0.849 0.920 1.000 1.000 1.000 fourclass 0.720 0.768 0.660 0.736 0.938 0.967
german_numer 0.836 0.605 0.651 0.760 0.708 0.759 german_numer 0.774 0.724 0.745 0.754 0.752 0.806
heart 0.796 0.722 0.711 0.779 0.800 0.811 heart 0.711 0.788 0.818 0.768 0.755 0.770
ionosphere 0.860 0.359 0.359 0.862 0.826 0.906 ionosphere 0.813 0.359 0.359 0.768 0.755 0.846
mushrooms 0.943 0.482 0.482 0.816 0.859 0.898 mushrooms 0.972 0.482 0.482 0.950 0.871 0.912
sonar 0.729 0.615 0.649 0.740 0.725 0.754 sonar 0.7404 0.721 0.745 0.705 0.635 0.749
svmguidel 0.958 0.631 0.917 0.943 0.956 0.959 svmguidel 0.938 0.933 0.953 0.928 0.948 0.964
wla 0.986 0.970 0.970 0.918 0.890 0.894 wla 0.987 0.970 0.970 0.940 0.952 0.981
average 0.896 0.691 0.740 0.847 0.853 0.876 average 0.828 0.751 0.754 0.799 0.836 0.876
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Tab. 7 Comparison of comprehensive index of reduction

Tab.8 Variance of reduction ratio and classification accuracy

MCS  ICF  DROP3 RENN DBESI DBES2 MCS  ICF  DROP3 RENN DBESI DBES2
SVM  0.276 0.486 0.527 0.179  0.562 0.419 RR 0.186  0.083  0.096 0.076  0.000 0.000
KNN  0.378 0.432  0.499 0.213  0.597  0.438 SVM  0.039  0.034 0.018 0.020 0.010  0.009
C4.5  0.351 0.477 0.507 0.195 0.585 0.438 KNN  0.007 0.030 0.038 0.007 0.009 0.007
average 0.335 0.465 0.511 0.196 0.581 0.432 C4.5  0.012  0.034 0.037 0.011 0.010  0.006
81.5
81.0- ‘K
e\
0.2000 N
0.1800 $0.3r I\
0.1600 [N
0.1400 S 80.0f P\ s
g 01200 i VAN
T 01000 ' 7950 - I \ / \\
88288 ______ i il ettt Tl e et
: 79.04 N0 v 0 \/ B
0.0400 B \ X / ¥
1] B AN \ \ *
0.0200 B2 B2 N p / v
0.0000 == B =X EEK e 785 N/ ¥ \/
ICF DROP3 RENN DBESI DBES2 N —4
(<8
HRRMSVM=KNNxC4.5 78'0] ‘2 "% z‘l ‘5 ‘6 ‘7 f‘{ é 10
B4 AEEEGIMORBEENFTE 5 fourclass & #/1 $ #£ 38 I 45 R

Fig. 4 Variance of reduction ratio and classification accuracy

Fig. 5

Random sample validation results of data set 1
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Fig. 7 Results of data set 3 after dimension reduction
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