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An improved SDRSMOTE algorithm
based on Euclidean distance
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Abstract: The SMOTE algorithm can extend the minority samples and improve the classification a-
bility of a few classes in the unbalanced data set. However, it blindly chooses boundary samples and the
value of random numbers when extending the minority samples. This paper improves the traditional
SMOTE oversampling algorithm, called SDRSMOTE. It takes into account all the unbalanced data sets.
The distribution of all the samples, through the introduction of support degree sd and the influencing
factor posFac to guide the synthesis of the minority samples. On the WEKA platform, the SMOTE and
SDRSMOTE algorithms are used to preprocess the selected six unbalanced data sets and use the decision
tree, AdaBoost, Bagging and Naive Bayes classifiers to predict the preprocessed datasets. The data set is
classified, and F-value , G-mean and AUC are selected as evaluation indexes. The experiment shows that
the unbalanced datasets preprocessed by the improved SDRSMOTE algorithm have better classification
effect, which proves the effectiveness of the algorithm.
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Table 1 Confusion matrix for the two-class problem
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Table 2 Basic information of the data set

K2 HEKELER

GRS 2R FRAERL BEARREL DBEERAR ZBEHAR PEEEHER/K ASTFER/ X%
0 PC3 41 1563 160 1403 10.2 8.8
1 M1 22 7782 1672 6 110 21.5 3.7
2 blood 5 748 178 570 23.8 3.2
3 haberman 4 306 81 225 26.5 2.8
4 iris 5 150 50 100 33.3 2.0
5 breast 10 699 241 458 34.5 1.9
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Table 3 F-value of each prediction model on 6 data sets

3 BENTMNEELE 6 MIEE LW Frvalue &

Pt
Hods 4 5 AdaBoost Bagging NB
SMOTE SDRSMOTE SMOTE SDRSMOTE SMOTE SDRSMOTE SMOTE SDRSMOTE
0 0. 857 0. 869 0.831 0. 846 0. 871 0. 885 0.516 0.512
1 0.770 0.775 0.672 0. 699 0.797 0. 803 0.595 0. 609
2 0.738 0.726 0.695 0.706 0.748 0.737 0.608 0.614
3 0.696 0.735 0.663 0. 685 0.701 0.714 0.611 0.601
4 0. 947 0.952 0.957 0. 962 0.962 0. 966 0.914 0.928
5 0.952 0.957 0.958 0. 962 0.964 0. 968 0.963 0. 964
W1y 0. 827 0.836 0.796 0.810 0.841 0. 846 0.701 0.705
- H 0. 009 0.014 0. 005 0. 004
TR R/ % 1.10 1.76 0.59 0.57

Table 4 G-mean of each prediction model on 6 data sets

T4 BIMNEBTE 6 NEIEE LM Gmean &

B A P R AdaBoost Bagging NB
SMOTE SDRSMOTE SMOTE SDRSMOTE SMOTE SDRSMOTE SMOTE SDRSMOTE

0 0.759 0.774 0.717 0.721 0.743 0. 784 0.618 0.623

1 0. 740 0.747 0. 630 0. 664 0.767 0.775 0.558 0.570

2 0.719 0.707 0. 681 0. 691 0.731 0.720 0.588 0.593

3 0. 690 0.731 0. 654 0. 680 0. 694 0.710 0.614 0. 606

4 0. 947 0.951 0. 956 0.961 0.961 0.966 0.914 0.928

5 0.951 0.956 0.958 0.961 0.963 0.967 0.962 0.963

i) 0. 801 0.811 0. 766 0. 780 0. 810 0. 821 0.709 0.714
T4 0.010 0.014 0.011 0. 005
TR R/ % 1.25 1.83 1.36 0.71

Table S AUC of each prediction model on 6 data sets
x5 BIFNKEE 6 MEIEE LK AUCH

e
pAEIES Yo Rt AdaBoost Bagging NB
SMOTE SDRSMOTE SMOTE SDRSMOTE SMOTE SDRSMOTE SMOTE SDRSMOTE
0 0.786 0.793 0.851 0.876 0.911 0.924 0. 787 0.792
1 0.788 0.787 0.722 0.739 0. 847 0. 852 0.626 0.661
2 0.757 0.769 0.759 0.774 0. 806 0. 809 0.724 0.736
3 0. 704 0.717 0. 689 0.702 0.781 0.779 0.628 0. 656
4 0. 954 0. 955 0. 988 0. 987 0.990 0.997 0. 986 0.985
5 0.958 0.972 0.993 0.992 0.986 0.991 0. 986 0.985
IE 0. 825 0.832 0. 834 0. 845 0. 887 0. 892 0.790 0.798
R 0. 007 0.011 0. 005 0. 080
SRR R/ % 0.85 1.32 0.56 1.01
ANSE i BB 42 PC3. JM1, blood, haberman, iris. MFE 4 8] AE . % AdaBoost Xt 6 4~ A F

breast #E47 UM » Froalue SMEW R AR & e a3 260f . SDRSMOTE 595 5 SMOTE &
AdaBoost 7K fr ERCR N B . LM TE 6 DR b Gomean MR E T
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