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HSMOTE-AdaBoost: An integrated classification
algorithm based on improved mixed boundary resampling

LI Jing, LIU Jiang, NI Feng, LI Xiaoyu

(Business School, University of Shanghai for Science and Technology, Shanghai 200093, China)

[ Abstract] When dealing with the class imbalance problem, existing sampling methods have the issues of being susceptible to
noise and ignoring boundary samples, especially majority class boundary samples, making the boundary sample instances, which
play an important role in determining the decision boundary, easily be misclassified. By improving the combination of SMOTE
oversampling and random under sampling (RUS), a hybrid boundary resampling algorithm ( HSMOTE-AdaBoost) is proposed.
The HSMOTE-AdaBoost algorithm firstly performs SMOTE oversampling on the minority samples to improve data balance and
effectiveness. Then, the paper uses the K nearest neighbor algorithm to remove noise and overlapping instances generated by the
sampling method. Meanwhile, the paper recognizes and retains the boundary majority class samples based on the average Euclidean
distance to the minority samples. After that, the remaining data is randomly undersampled. Finally, by making use of the advantages
of AdaBoost algorithm , the balanced dataset is trained for multiple iterations to obtain the final classification model. The
experimental results show that, comparing with the traditional SMOTE—-Boost, RUS-Boost, PC-Boost and the improved algorithm
KSMOTE-AdaBoost, the increase of the F' — measure, G — mean and AUC values of HSMOTE - AdaBoost could reach 22.97% ,
13.88% and 10.03% respectively, implying a better performance of HSMOTE—-AdaBoost.

[ Key words] class imbalance; SMOTE oversampling; AdaBoost algorithm; noise sample; boundary sample
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Fig. 2 F-measure comparison of different algorithms
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Fig. 4 AUC comparison of different algorithms

%3 AREEEM F-measure

Tab. 3 F-measure of different algorithms

KiRAE SMOTE-Boost RUS-Boost PC-Boost ~ KSMOTE-AdaBoost ~ HSMOTE-AdaBoost
ecoli2 0.915 0.753 0.918 0.921 0.926
yeast1 0.689 0.603 0.652 0.639 0.714
glass] 0.751 0.652 0.689 0.726 0.755
glass6 0.907 0.879 0.914 0.885 0.922
ecoli3 0.846 0.801 0.887 0.864 0.905
ecolil 0.943 0.899 0.903 0.907 0.928
*4 AEEEM G-mean
Tab. 4 G-mean of different algorithms
pAEE S SMOTE-Boost RUS-Boost PC-Boost ~ KSMOTE-AdaBoost ~ HSMOTE-AdaBoost
ecoli2 0.826 0.675 0.855 0.882 0.901
yeastl 0.633 0.578 0.605 0.678 0.689
glass1 0.654 0.629 0.689 0.790 0.779
glass6 0.912 0.765 0.922 0.890 0.931
ecoli3 0.874 0.798 0.854 0.869 0.884
ecolil 0.902 0.789 0.899 0.905 0.916
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x5 ATREEMAUC
Tab. 5 AUC of different algorithms

pAE/E S SMOTE-Boost RUS-Boost PC-Boost ~ KSMOTE-AdaBoost ~ HSMOTE-AdaBoost
ecoli2 0.933 0.856 0.942 0.941 0.951
yeastl 0.790 0.752 0.783 0.792 0.798
glass1 0.759 0.639 0.745 0.708 0.758
glass6 0.930 0.895 0.859 0.932 0.946
ecoli3 0.912 0.867 0.876 0.925 0.954
ecolil 0.922 0.907 0.937 0.934 0.943
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