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LI Liujie

Abstract Imbalanced data affect the performance of traditional classification algorithms to some extent, leading to a
lower recognition rate for minority classes. Oversampling is one of the common methods for processing Imbalanced data-
sets. Its main idea is to increase the number of minority class samples so that the number of minority classes and majori-
ty classes can be balanced to a certain extent. Existing oversampling methods have problems of synthesis of overlapping
samples and overfitting. This paper proposed a weighted oversampling method based on hierarchical clustering for Im-
balanced data,named WOHC. It uses hierarchical clustering algorithm to divide the minority class samples into several
clusters first,then it calculates the clusters’ density factors to determine the sampling rate of each cluster,and finally
determines the sampling weights according to the distance between the minority classes and the boundary of majority
classes. In the experiments, WOHC method is adopted for oversampling and C4. 5 algorithm is combined to perform the
classification experiment on several datasets. Results show that the proposed method can improve the performance of al-

gorithm by 7. 6% and 5. 8% on F-measure and G-mean respectively,which indicates the effectiveness of the method.
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Table 1 Confusion matrix
W E £ o %
LB IE % TP FN
SR f % FP TN
.. TP
Precz.\zr)77fT7P+FP (D)
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Recall=4p 1 FN &
2 . c

Foneasure — (14+p° ) * Recall * Precision (9

B* * Recall+ Precision

TP ™
G”wan_N/TPvLFNXTNJrFP (10)
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Table 2 Datasets

& B AE 3 RN ¥ ¢ ¥R
pima 8 768 1:1.87
blood 4 748 1:3.20
haberman 3 306 1:2.78
ionoshpere 35 351 1:1.78
breast 10 699 1:1.90
wine 13 178 1:1.83
vehicle 17 846 1:3.25
ecoli 7 336 1:4.98
yeast 8 1484 1:9.10
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Table 3 Comparison of F-measure values of each algorithm

on different datasets

, . sMOTE+  SMelevel o sMoTE S wone+
hER ch.s Ct.5 SM((iT)F+ Ci.5 Ch.5
pima  0.5996  0.5586 0.5695 0.5888  0.6001
blood  0.3839  0.4127 0.4011 0.3968  0.4075
haberman  0.3228  0.3776 0.3694 0.3863  0.4071
ionoshpere  0.7353 0.7414 0.7699 0.7756 0.7562
breast  0.7076  0.7063 0.6968 0.6854  0.7196
wine 0.9021  0.9326 0.9599 0.9204  0.9785
vehicle  0.9234  0.9251 0.9266 0.9179  0.9353
ecoli 0.7299  0.7246 0.7468 0.7139  0.7352
yeast  0.3758  0.434 0.4752 0.4523  0.4838
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Table 4 Comparison of G-mean values of each algorithm

on different datasets

sMoTE+  Melevel o sMvoTE - wone+

HAE & C4.5 o SMOTE+

Ci.5 Ci.5 Ci.5
CL.5

pima  0.6605  0.6519 0.6584 0.6852  0.6855
blood  0.5617  0.5918 0.5531 0.5796  0.5827
haberman  0.4860  0.5436 0.5356 0.5481 0.5682
ionoshpere 0.7835 0.7963 0.8196 0.8230 0.8086
breast 0.7627 0.7520 0.754 0.748 0.7650
wine 0.9199  0.9531 0.9604 0.9558  0.9810
vehicle  0.9635  0.9637 0.9635 0.9619  0.9657
ecoli 0.9077  0.9018 0.9117 0.9011 0.9018
yeast  0.5442  0.6084 0.6429 0.6351 0.6757
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Table 5 G-mean values at different M
M wine ecoli haberman
2 0.9412 0.9314 0.5047
3 0.9554 0.9429 0.5373
4 0.9772 0.9287 0.5590
5 0.9857 0.9102 0.4928
6 0.9336 0.9166 0.5497
7 0.9421 0.9014 0.5239

%6 A f£1H F W G-mean {H
Table 6 G-mean values at different f

A wine ecoli haberman
0.2 0.9521 0.9368 0.5167
0.4 0.9601 0.9355 0.5777
0.6 0.9757 0.9456 0.5749
0.8 0.9695 0.9578 0.5419
1.0 0.9683 0.9245 0.6114
1.2 0.9378 0.9359 0.5973
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