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Imbalanced Data Classification Based on Cost Sensitivity
Penalized AdaBoost Algorithm
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Intelligence, Hebei University, Baoding 071002, China)

Abstract: How to improve the classification accuracy of minority instances is one of the hot topics in machine
learning research. In order to solve the problem of imbalanced data classification, a penalized AdaBoost
algorithm based on cost sensitivity is proposed. In the penalized Adaboost algorithm, a new adaptive cost
sensitive function is introduced, which gives higher cost value to the minority instances and the misclassified
minority instances. It can obtain a larger average margin by introducing penalty mechanism. The weighted
support vector machine (SVM) optimization model is used as the base classifier. The stochastic variance reduced
gradient (SVRG) with variance reduction method is used to solve the optimization model. The comparative
experiments show that the proposed algorithm is not only superior to other algorithms in terms of
geometriccmean (G-mean) and area under ROC curve(AUC), but also can obtain a larger average margin by
introducing penalty mechanism, which fully demonstrates the effectiveness of the proposed algorithm in
handling imbalanced data classification problems.
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LERES A AL 4
yeast-2vsd 9.08 514 8
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pima 1.87 768
yeastl 2.46 1484
glass=0-1-6vs2 10.29 192 9
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car-vgood 25.58 1728 6
kr-vs-k-zero 26.63 2901 6
abalone9-18 16.4 731 8
vowelO 9.98 988 13
ecoli4 15.8 336 7
page-blocks0 8.79 5472 10
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bank-full 7.54 45211 16
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Table 3 Geometric mean values of the proposed algorithm and the comparison algorithm

GRS PADA %3 GCADA ®3: MCADA % g SMLBoost % i PCADA &
CacPued 0.843 4 0.855 1 0.899 6 0.905 4 0.932 5
yeastavs 0.869 1 0.892 3 0.938 5 0.926 2 0.959 7
hicleO 0.717 2 0.709 5 0.736 5 0.687 4 0.762 1
vemele 0.895 8 0.902 9 0.902 9 0.857 7 0.924 0
. 0.540 0 0.550 0 0.522 1 0.557 4 0.5715
prma 0.745 2 0.740 8 0.738 4 0.738 7 0.745 7
a 0.608 1 0.707 5 0.699 5 0.665 7 0.722 4
yeas 0.726 4 0.786 2 0.741 3 0.696 8 0.726 1
lass-0-1-6vs2 0.507 0 0.534 5 0.552 3 0.547 8 0.560 6
glass VS 0.736 7 0.609 4 0.788 3 0.897 7 0.925 8
coment0 0.572 2 0.570 7 0.749 8 0.785 4 0.882 1
segme 0.914 0 0.915 3 0.877 8 0.925 4 0.942 8
carveond 0.896 0 0.919 4 0.920 2 0.8857 0.9617
rve 0.904 7 0.947 5 0.963 6 0.896 7 0.969 4
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ceolid 0.756 5 0.792 1 0.806 5 0.816 7 0.883 8
! 0.801 4 0.817 4 0.8156 0.837 3 0.898 5
s blocksd 0.746 9 0.800 1 0.793 3 0.756 4 0.8219
bag ‘ 0.769 0 0.847 5 0.814 6 0.808 7 0.8810
Avila 0.541 6 0.602 1 0.613 6 0.639 8 0.674 9
0.690 1 0.745 4 0.710 5 0.758 9 0.803 9
b full 0.500 1 0.507 4 0.506 4 0.505 4 0.510 6
“ 0.500 1 0.510 2 0.536 9 0.554 1 0.564 8
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Table 4 AUC of the proposed algorithms and the comparison algorithms
P PADA & GCADA & i MCADA % 3 SMLBoost 5 1 PCADA 45
Pved 0.572 2 0.570 7 0.749 8 0.785 4 0.882 1
yeastavs 0.914 0 0.915 3 0.877 8 0.925 4 0.962 8
. 0.667 8 0.679 5 0.706 2 0.697 4 0.792 1
vehicleO
0.7950 0.801 1 0.822 9 0.847 7 0.944 0
- 0.540 0 0.550 0 0.522 1 0.557 4 0.6714
Pt 0.657 2 0.665 8 0.708 9 0.738 7 0.780 0
casil 0.572 2 0.570 7 0.749 8 0.785 4 0.882 1
yeas 0.914 0 0.915 3 0.877 8 0.925 4 0.942 8
a0 L bues 0.609 8 0.634 5 0.651 1 0.647 8 0.660 6
g1ass Ve 0.736 7 0.809 9 0.799 3 0.864 5 0.925 8
comentd 0.842 0 0.847 7 0.849 1 0.936 5 0.937 3
S8 0.892 8 0.898 7 0.902 5 0.945 7 0.948 2
evood 0.796 0 0.879 4 0.821 1 0.895 1 0.9617
carvgoo 0.762 1 0.847 7 0.832 5 0.901 2 0.969 4
K kgero 0.842 0 0.847 0 0.850 1 0.836 5 0.867 3
) 0.863 8 0.874 3 0.879 5 0.885 7 0.895 2
baloned-18 0.654 3 0.647 8 0.708 9 0.776 5 0.878 6
abatone 0.708 0 0.754 3 0.794 8 0.8257 0.893 5
voweld 0.564 3 0.654 3 0.709 8 0.733 1 0.794 9
0.739 8 0.760 9 0.801 1 0.895 7 0.932 1
" 0.654 3 0.708 4 0.802 1 0.826 4 0.853 1
ceot 0.785 4 0.743 2 0.813 4 0.844 7 0.855 5
e blocksd 0.6521 0.700 3 0.723 3 0.756 4 0.834 7
PageTbIocks 0.702 6 0.798 7 0.814 0 0.848 7 0.887 0
Avila 0.574 5 0.624 5 0.658 8 0.734 6 0.774 8
! 0.658 8 0.729 8 0.745 6 0.758 9 0.823 4
0.506 5 0.527 4 0.567 4 0.565 4 0.623 3
bank-full
0.509 1 0.532 4 0.570 0 0.574 1 0.678 9
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