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Application of Random Over Sampling Examples(ROSE)
for an Effective Bankruptcy Prediction Model
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Abstract

If the frequency of a particular class is excessively higher than the frequency of other classes
in the classification problem, data imbalance problems occur, which make machine learning
distorted. Corporate bankruptcy prediction often suffers from data imbalance problems since the
ratio of insolvent companies is generally very low, whereas the ratio of solvent companies is very
high. To mitigate these problems, it is required to apply a proper sampling technique. Until now,
oversampling techniques which adjust the class distribution of a data set by sampling minor
class with replacement have popularly been used. However, they are a risk of overfitting. Under
this background, this study proposes ROSE(Random Over Sampling Examples) technique which
is proposed by Menardi and Torelli in 2014 for the effective corporate bankruptcy prediction. The
ROSE technique creates new learning samples by synthesizing the samples for learning, so it
leads to better prediction accuracy of the classifiers while avoiding the risk of overfitting.
Specifically, our study proposes to combine the ROSE method with SVM(support vector
machine), which is known as the best binary classifier. We applied the proposed method to a
real-world bankruptcy prediction case of a Korean major bank, and compared its performance
with other sampling techniques. Experimental results showed that ROSE contributed to the
improvement of the prediction accuracy of SVM in bankruptcy prediction compared to other
techniques, with statistical significance. These results shed a light on the fact that ROSE can
be a good alternative for resolving data imbalance problems of the prediction problems in social
science area other than bankruptcy prediction.
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e W il v = A EAH R folF A AolE BT Y &
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H]-S 747(4 — 7 S =3 g -
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¥4 T A A9

FEEZ 1 2 3 4 5 gz

UTRE | sag | ©38 | oeg | 458 | %e® | A58 | a8 | 438 | %es | 438 | 4es | 458

75.24% | 71.10% | 70.48% | 68.83% | 76.13% | 71.75% | 70.24% | 66.23% | 71.53% | 68.51%
Under 72.73% | 69.29%
RBFC=10¢=1 | RBF.C=100,0=25 | RBF,C=10¢=1 | RBE.C=100¢=25 | RBF.C=1d=1
72.99% | 71.75% | 68.26% | 67.86% | 72.41% | T1.75% | 69.86% | 68.18% | 70.50% | 69.16%
Over 70.80% | 69.74%
RBFC=1¢=1 | RBF,C=10¢=100 | RBF.C=1,d=1 T}, C=78,d=3 | RBF,C=100,0=25
71.98% | 71.43% | 69.52% | 69.16% | 77.38% | 7T1.75% | 69.52% | 67.53% | 81.09% | 69.81%
SMOTE 73.90% | 69.94%
RBFC=1.¢=1 | RBFC=556=25 | RBF.C=10,¢=1 | RBF,C=100,¢=100 | RBF,C=33d=1
75.19% | 71.10% | 68.92% | 67.86% | 82.17% | 75.00% | 69.98% | 69.16% | 85.51% | 69.81%
ROSE 76.35% | 70.58%
RBF,C=1,0=1 RBF,C=55,0=50 RBF,C=33,0=1 v} C=10,d=2 | RBF,C=100,0’=1
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