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[ Abstract] Class imbalance is a common problem in the real world, which seriously affects the prediction effect of various
prediction models. These models can only identify majority class samples accurately, but it is difficult to identify minority class
samples. In this paper, an Adaptive double—weight Enhanced Boundary and Denoising Oversampling ( ADWEBDO) method is
proposed to deal with imbalance problems. The main idea of ADWEBDO is to introduce K Nearest Neighbor ( KNN) denoising
technology to reduce the possibility of noise sample synthesis; a dual-weight sample allocation method based on inter—class distance
and cluster capacity of minority class is proposed to avoid the overlapping of classes effectively; Fuzzy C-means (FCM) clustering
algorithm is used to analyze the sample clustering, which improves the reliability of the sample synthesis; a feature space-based
strategy for synthesizing samples is proposed, which increases the diversity and rationality of synthesized minority class samples.
Finally, the proposed method is tested on seven UCI datasets with satisfactory results.
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Fig. 2 Multi-layer perceptron model with one hidden layer
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Tab. 2 Datasets from UCI
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Tab. 3 Results of 6 oversampling methods on Accuracy for 7 datasets

ol sE SMOTE ADASYN BSI BS2 CBSO ADWEBDO
BT 0.708 0.665 0.733 0.715 0.730 0.751
HCV 0.704 0.650 0.756 0.647 0.658 0.761
Yeast 0.887 0.856 0.898 0.855 0.890 0.891
Abalone 0.902 0.874 0.901 0.890 0.903 0.913
Libras 0.979 0.958 0.962 0.956 0.976 0.960
PCl 0.706 0.700 0.716 0.697 0.699 0.788

Haberman 0.589 0.566 0.591 0.501 0.621 0.599
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Tab. 4 Results of 6 oversampling methods on Precision for 7 datasets

HAnLE SMOTE ADASYN BS1 BS2 CBSO ADWEBDO
BT 0.733 0.669 0.783 0.806 0.825 0.805
HCV 0.658 0.550 0.716 0.678 0.606 0.731
Yeast 0.788 0.767 0.759 0.755 0.790 0.892
Abalone 0.803 0.730 0.747 0.806 0.818 0.853
Libras 0.973 0.938 0.958 0.924 0.981 0.960
PCl1 0.764 0.740 0.742 0.713 0.746 0.788
Haberman 0.594 0.587 0.692 0.565 0.593 0.699

F5 6 MEREFEET HEIEE LK Recall R
Tab. 5 Results of 6 oversampling methods on Recall for 7 datasets

UEIIES SMOTE ADASYN BS1 BS2 CBSO ADWEBDO
BT 0.826 0.752 0.830 0.709 0.885 0.891
HCV 0.517 0.589 0.620 0.582 0.683 0.689
Yeast 0.810 0.749 0.836 0.879 0.768 0.897
Abalone 0.641 0.654 0.665 0.658 0.703 0.696
Libras 0.993 0.966 0.938 0.914 0.948 0.969
PC1 0.745 0.678 0.768 0.758 0.747 0.775
Haberman 0.525 0.517 0.586 0.544 0.584 0.560

F6 6MIREFEE T AEIEE LA Fl-score R
Tab. 6 Results of 6 oversampling methods on F1-score for 7 datasets

EUEITES SMOTE ADASYN BS1 BS2 CBSO ADWEBDO
BT 0.722 0.658 0.710 0.714 0.760 0.801
HCV 0.744 0.727 0.768 0.635 0.797 0.743
Yeast 0.890 0.860 0.901 0.862 0.911 0.911
Abalone 0.906 0.883 0.910 0.906 0.908 0.923
Libras 0.980 0.968 0.961 0.957 0.988 0.952
PC1 0.704 0.700 0.712 0.715 0.746 0.790
Haberman 0.668 0.685 0.690 0.580 0.683 0.698

R7T 6 MIIRBESEE T HEIEE LK AUC &R
Tab. 7 Results of 6 oversampling methods on AUC for 7 datasets

EVEITES SMOTE ADASYN BS1 BS2 CBSO ADWEBDO
BT 0.853 0.754 0.825 0.840 0.803 0.876
HCV 0.548 0.549 0.608 0.572 0.592 0.644
Yeast 0.781 0.750 0.842 0.868 0.877 0.890
Abalone 0.798 0.738 0.767 0.794 0.817 0.797
Libras 0.796 0.750 0.817 0.794 0.767 0.834
PC1 0.750 0.837 0.805 0.812 0.802 0.872
Haberman 0.703 0.689 0.675 0.648 0.699 0.752
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