®10% EUH 2 B8 it E M5 M A
Vol.10 No.11

2020 &£ 11 A

Intelligent Computer and Applications Nov. 2020

XEHE; 2095-2163(2020)11-0021-06 HE 4 %2, TP391

“EKAHEHIES L REE A RBHR

B/NE, X &, B, XX
(B Bt 9524, AL 100858)

MR SRS A

W OE. AR EAMEIRERRP SR A AR R 60 5 K ok AL AR ok, G A e K Sk K
FAAR R, A SUA b T 8 = SR 3 6 B A i A b BT AT 8 KEEL A1 500% % | G-mean {ife AUC
155 305 % 5 K B 09 fe A S A2 Ak A, 8 KEEL F & L ab 4 69 = % Hob b o 12 Ao sk 60 WAk AT T B8, W40 7 JEok
BB HE AL,

KW, —ERHEHRTE L TREFT B, RN F T ik, 85 T Hk; KEEL

A comparative study of common strategies for binary classification of
Imbalanced data
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[ Abstract] Class distribution imbalance is a widespread problem in the real world. The classification methods and performance
evaluation methods for imbalanced data sets are quite different from the traditional classification algorithms. Based on the analysis of
the commonly used binary imbalanced data classification strategy, selected ten the public KEEL scientific research data sets, using G
-mean value and the AUC value measuring accuracy and generalization performance of the classifier. On KEEL platform, the
performance of 12 methods of three commonly used strategies was experimentally verified, made clear the suitable situation of each
algorithm respectively.
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Tab. 1 The cost matrix of binary classification
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Tab. 2 Confusion matrix of classification results
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Mz r S » N Az, £y Ay 3 N
C4.5 HAT4725, SFERFEEYS C4.5 BILZE ccoli—=0-1-3-7_vs_2-6 281 7 39.14
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. Fr 5 g ey . abalonel9 4174 8 129.44
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Tab. 4 Performance comparison of resample method
G - mean {8 AUC {8
HALE SMOTE+ SMOTE_TL + SMOTE_ENN + SMOTE+ SMOTE_TL+ SMOTE_ENN+
TL+C4.5 TL+C4.5
C4.5 C4.5 C4.5 C4.5 C4.5 C4.5
wisconsin 0.96 0.950 9 0.949 0.945 6 0.960 1 0.951 2 0.949 1 0.945 9
Haberman 0.618 6 0.606 0.600 6 0.576 7 0.636 4 0.632 8 0.611 1 0.589 1
vehicleQ 0.9359 0.927 7 0.921 9 0.927 8 0.936 0 0.928 2 0.922 4 0.930 3
yeast3 0.903 3 0.887 4 0.89 0.912 8 0.904 4 0.890 8 0.891 0 0.913 3
ecoli4 0.950 2 0.777 7 0.861 7 0.883 5 0.951 3 0.813 9 0.869 9 0.887 0
glass—0-1-6_vs_5 0.956 0.794 2 0.851 3 0.958 9 0.957 1 0.891 4 0.865 7 0.96
yeast—1-2-8-9_vs_7 0.6357 0.243 4 0.527 0.565 4 0.674 4 0.544 0 0.607 8 0.618 2
ecoli-0—-1-3-7_vs_2-6 0.323 7 0.740 1 0.715 8 0.770 2 0.619 0 0.848 1 0.822 7 0.869 0
yeast6 0.813 4 0.757 7 0.813 6 0.822 1 0.830 6 0.795 5 0.830 6 0.836 9
abalonel9 0.338 9 0 0.368 1 0.491 6 0.555 8 0.5 0.566 1 0.605 3
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Tab. 5 Performance comparison of cost—sensitive learning method

G - mean 8 AUC {8

C4.5CS SVMCS NNCS C4.5CS SVMCS NNCS
wisconsin 0.963 5 0.970 7 0.962 2 0.963 6 0.970 7 0.962 4
Haberman 0.500 4 0.569 8 0.557 1 0.575 2 0.619 7 0.576 5
vehicle0 0.928 5 0.962 9 0.769 8 0.928 9 0.963 0.786 2
yeast3 0.9112 0.894 8 0.716 1 0.9117 0.895 1 0.742 9

ecoli4 0.853 4 0.951 2 0.508 4 0.863 6 0.952 9 0.66

glass—0-1-6_vs_5 0.988 5 0.973 9 0.870 4 0.988 6 0.974 3 0.88
yeast—1-2-8-9_vs_7 0.620 6 0.707 4 0.453 3 0.676 9 0.713 1 0.507 8
ecoli-0-1-3-7_vs_2-6 0.734 6 0.768 3 0.670 9 0.828 1 0.869 0.787 3
yeasto 0.784 5 0.873 0.463 3 0.808 2 0.875 8 0.562 4

abalonel9 0.307 1 0.755 7 0.304 4 0.57 0.761 5 0.410 8
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Tab. 6 Performance comparison of ensemble learning method about resample and cost—sensitive learning

G - mean & AUC{H
RN S
SMOTE+C4.5CS ~ SMOTE_ENN +C4.5CS SMOTE+C4.5CS ~ SMOTE_ENN +(C4.5CS

wisconsin 0.957 8 0.954 0 0.957 9 0.954 2
Haberman 0.433 5 0.647 9 0.576 6 0.651 8
vehicleO 0.927 6 0.921 6 0.927 7 0.922 9

yeast3 0.903 5 0.911 8 0.904 2 0.913

ecoli4 0.945 3 0.886 9 0.946 5 0.894 9
glass—0-1-6_vs_5 0.901 2 0.849 2 0.91 0.862 9
yeast—1-2-8-9_vs_7 0.445 8 0.544 8 0.550 5 0.577 5
ecoli-0-1-3-7_vs_2-6 0.527 6 0.747 1 0.731 8 0.820 8
yeast6 0.818 3 0.8222 0.834 2 0.8329
abalone19 0.494 4 0.390 9 0.59 3 0.559 7
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Tab. 7 Performance comparison of classical ensemble learning method

G - mean {8 AUC 18
FEARSE
SMOTEBoost EasyEnsemble  BalanceCascade SMOTEBoost EasyEnsemble  BalanceCascade
wisconsin 0.965 1 0.965 8 0.961 0 0.965 2 0.965 9 0.961 1
Haberman 0.609 7 0.657 4 0.633 1 0.614 6 0.661 0.636 8
vehicleO 0.9759 0.951 5 0.928 2 0.976 1 0.951 8 0.928 9
yeast3 0.885 2 0.910 9 0.910 9 0.887 8 0.910 9 0.911 6
ecoli4 0.873 8 0.889 8 0.912 2 0.885 7 0.893 1 0.914 8
glass—0-1-6_vs_5 0.864 3 0.866 5 0.964 1 0.88 0.872 9 0.965 7
yeast—1-2-8-9_vs_7 0.560 2 0.659 2 0.670 2 0.651 4 0.678 4 0.672 7
ecoli-0—-1-3-7_vs_2-6 0.726 3 0.682 7 0.702 7 0.8317 0.792 2 0.799 7
yeasto 0.725 2 0.824 7 0.813 6 0.774 3 0.829 3 0.816 4
abalone19 0.236 1 0.660 2 0.6153 0.536 6 0.671 7 0.623 7
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