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Abstract In view of the fact that the classification performance of current classification algorithms is not ideal for the
unbalanced dataset,through combining supervised learning and unsupervised learning, this paper proposed a sub-sam-
pling method based on centroid,namely ICIKMDS. In practical applications,some data are not easily to be obtained or
different types of data are different in quantity,resulting in uneven distribution of data,such as the disproportion of the
sufferer and the normal people in the detection of diseases, the disproportion of the fraud users and normal users in
credit card fraud and so on. The new method solves the disproportion problem of dataset well. In this method. the initial
centroid is obtained by solving the Euclidean distance between samples,and then the k-means algorithm is used to clus-
ter the large-class sample sets to make the disproportionate dataset more balanced in distribution, effectively improving
the effect of classifiers. The proposed method makes the classification accuracy of the classifier much better than that of
random under-sampling and SMOTE algorithm on the subclass of test set,and its accuracy on the whole test set has lit-
tle difference from other algorithms.
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Table 1 Attribute description of three kinds of datasets
D B & IE ] % 1) %
1 Jingdong_NB_4000 2000 2000
1 Dangdang_Book_4000 2000 2000
1 ChnSentiCorp_htl_ba_4000 2000 2000
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Table 2 Confusion matrix

Negative
True Negative(TN)
False Negative(FN)

Positive

True True Positive(TP)

False False Positive(FP)
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Table 3 Comparison of experimental results of each method in

Jingdong NB_400

B 10 8 6 4
g-mean pr g-mean pr g-mean pr g-mean pr
ICIKMDS  0.827 0.787 0.8394 0.798 0.8326 0.822 0.8572 0.847
RDS 0.823 0.758 0.8464 0.773 0.8533 0.810 0.8689 0.835
SMOTE 0.795 0.617 0.8314 0.680 0.8461 0.748 0.8502 0.761
NODO 0.785 0.449 0.8014 0.483 0.8197 0.598 0.8440 0.692
ORD

ke means 0.846 0.766 0.849 0.767 0.8595 0.812 0.8490 0.808
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Table 4 Comparison of experimental results of each method on

Dangdang Book_ 4000

10 8 6 4
k

g-mean pr

ICIKMDS 0.7571 0.823 0.7928

g-mean pr g-mean pr

869 0.7920 0.865 0.7992 0.851

g-mean pr

0.
RDS 0.7693 0.776 0.7996 0.801 0.8052 0.830 0.8183 0.839
SMOTE 0.7736 0.491 0.7918 0.538 0.7944 0.607 0.8155 0.696
NODO  0.7474 0.227 0.7674 0.327 0.7799 0.410 0.8098 0.583
ORD -
0.803 0.785 0.7925 0.808 0.8015 0.800 0.8210 0.822
k-means

# 5 & EAE ChnSentiCorp_htl_ba_4000 iR} I ) S2 16 45 50 H
Table 5 Comparison of experimental results of each method on

ChnSentiCorp_htl_ba_4000

10 8 6 4
k

g-mean pr g-mean pr g-mean pr g-mean pr

ICIKMDS 0.8065 0.814 0.7991 0.825 0.7983 0.824 0.8338 0.860
RDS 0.8289 0.776 0.8202 0.768 0.8192 0.773 0.8363 0.815
SMOTE 0.8062 0.563 0.8088 0.602 0.8186 0.659 0.8360 0.729
NODO 0.7647 0.330 0.7804 0.402 0.7983 0.510 0.8320 0.639
ORD _
0.836 0.783 0.8245 0.775 0.8445 0.812 0.8405 0.809
k-means
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Table 6

Comparison of average pr values of various methods on

three data sets

10 8 6 4
k g-mean pr g-mean pr g-mean pr g-mean pr
ICIKMDS 0.797 0.808 0.810 0.831 0.808 0.837 0.83 0.856
RDS 0.807 0.770 0.822 0.780 0.826 0.804 0.841 0.829
SMOTE  0.792 0.557 0.811 0.607 0.820 0.671 0.834 0.729
NODO 0.765 0.335 0.783 0.404 0.799 0.508 0.829 0.638
ORD

kmeans 0.828 0.778 0.822 0.783 0.835 0.808 0.837 0.813

MFE 6 AT L W A SCHR B SR Y prr (H L At B3 LR

1 FEEEARPERE LA SCHR H 5 2L B ORD k-means 1A AL K
KFE RG22, (0 b A B L i,
1.8 2 B W R T 3% 6 H i gh

10

09

IR S e a1

»

07 i e o

06| 0 -
IS ~—— L]
N 05 ~e—_

——[ & 1cKMDS

04 -¥- RDS

03 ~m- SMOTE

02 —e— NODO

o —@- ORDK-means

T 5 6 7 8 9 10

£

B1 3 AU AR LA Rh 7 i 172 pr (E X L
Fig. 1 Average pr value comparison of various methods

on three datasets
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