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A Deep Learning Based Over-Sampling Scheme for
Imbalanced Data Classification
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ABSTRACT

Classification problem is to predict the class to which an input data belongs. One of the most popular methods to do this is training a
machine learning algorithm using the given dataset. In this case, the dataset should have a well-balanced class distribution for the best
performance. However, when the dataset has an imbalanced class distribution, its classification performance could be very poor. To
overcome this problem, we propose an over-sampling scheme that balances the number of data by using Conditional Generative
Adversarial Networks (CGAN). CGAN is a generative model developed from Generative Adversarial Networks (GAN), which can learn
data characteristics and generate data that is similar to real data. Therefore, CGAN can generate data of a class which has a small
number of data so that the problem induced by imbalanced class distribution can be mitigated, and classification performance can be
improved. Experiments using actual collected data show that the over-sampling technique using CGAN is effective and that it is superior
to existing over-sampling techniques.
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Table 1. Used Datasets

Dataset | Attributes | Instances Mgf;)glsty 1\/[(1)?;);‘1;{}]
Card 30 284807 284315 492
E-mail 9 64000 54606 9394
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Table 2. Performance Comparison of Over-sampling Methods and Classification Models

Dataset Base ROS SMOTE ADASYN B-SMOTE GAN CGAN
SVM 0.910 0.950 0.954 0.951 0.952 0.941 0.953
Card RF 0.850 0.859 0.867 0.857 0.849 0.857 0.878
MLP 0.930 0.959 0.961 0.964 0.959 0.965 0.971
SVM 0.495 0.631 0.631 0.636 0.636 0.629 0.632
E-mail RF 0.566 0.562 0.559 0.562 0.562 0.563 0.588
MLP 0.564 0.626 0.615 0.630 0.630 0.632 0.637
SVM 0.697 0.784 0.784 0.785 0.785 0.631 0.779
Tel RF 0.770 0.771 0.763 0.766 0.766 0.771 0.773
MLP 0.753 0.779 0.780 0.780 0.780 0.779 0.789
dlolele] 44 BE EF710A Hi 4%9] AUC &4< B 5. 48 ¥ &x A€
9, E—mall dlole 9] 7 SVMelA 27%, MLPol A 13%
= % FH Tel dlolHE SVMeA 12%= A & & wwdME FUs 22t 2 HolHe] 5S4
Aot RFE 04%= A9 Wslzh ¢laich. g S EAS Rkdete] vlolHE AT 4 e CGAN
Table 2 7|& SWAZY 7|WHIte] A Hugh Ho S 83 eHAEY 7IHE ALY A4 CGANS
th oA & 9ol B =goA Aetsle SWAEd V) g F g EE87] 3 TS Hol AAssen, A
ol 7]E SWMAEY VB HE) ditior % 4 4E dlolg e frejudhs A58l 98 SVM, RE, MLP
< 29 #dE F duh 53], RFSF MLPelA CGANS RIS AR 25 dhae AAslvh Ad A 719
g-&3k oS o] gy, SVMAE FgF i SHAEY 7Y dib] % B/ ATS HiL, Wilcoxon
AeS Bt £ o AEE vuS 9 Wilcoxon signed- signed-rank test® F3l 4% FF ForTE ?ﬂ]%_—a At
rank test[30]Z 7 &8} %t} Wilcoxon signed-rank test:® T e Ao A= CGANS AES AAsk= o], B}
HF7] Abolel Folgk Aelzt lEA wsly] 9| Apol st o o 22 AFS Fohdl 28 e AEd
Arke Ag AR AR T olE PFehed ogy e ATE YT Aot EF U ¥ BE ¥Ry dol
Atk pvalue gol frol5E Mh AL A= ARAe  Hol 49¢ Ba) Bt AdsE wdg T Ao

S 0b= A3 Wilcoxon signed-rank
3} Table 337 2t}

Table 3. Result of Wilcoxon signed-rank test

Over-sampling Scheme

p-value ( < .05 )

ROS 0.0273

SMOTE 0.0378

CGAN ADASYN 0.0328
B-SMOTE 0.0438

GAN 0.0039

30

25

20

15

10

SVM

RF

M Card W E-mail m Tel

MLP

Fig. 4. AUC Comparison of Classification Models
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