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Table 2 Characteristic indexes of the early warning model for extremely financial risk
X1 ( HSI) X9
X2 ( KOSPI) X10
X3 ( TWII) X1
X4 ( GSPC) X12
X5 ( NASDAQ) X13
X6 225 ( Nikkei 225) X14
X7 ( DJIA) X15
X8 ( FTSE 100) X16

( http: //finance. yahoo. com) .
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Table 3 Dependence coefficient of lower tail between different return rates
HSI KOSPI TWII GSPC NASDAQ DJIA Nikkei 225 FTSE 100
CSI300 | 0.2387 | 0.1125 | 0.1123 | 2.4377x107* | 1.0435x107* | 1.6120x10°* | 0.054 1 0.009 9
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Table 4 Chi-square test statistics
HSI KOSPI TWII GSPC NASDAQ DJIA Nikkei 225 | FTSE 100
CSI300 | 31.921 3™ | 15.718 7°* | 4.267 5™ | 0.092 5** 0.403 87 0.003 9™ | 14.912 2% 0.285 5"
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Fig. 2 Influence of parameter alpha on prediction accuracy in different nearest neighbor K
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Fig. 3 The influence of nearest neighbor K on prediction accuracy in different parameter alpha
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Table 5 Results of the comparison among prediction accuracy of each model ODR-ADASYN-SVM
F 6 AUC ODR-SVM
SVM NAN 0.000 0 0.568 0 SMOTE-SVM ADASYN-SVM
SMOTE-SVM 0.275 8 0.6755 0.704 4
ODR-SVM 0.192 1 0.469 5 0.640 1
ADASYN-SVM 0.2770 0.676 1 0.706 1
ODR-ADASYN-SVM 0.279 3 0.680 4 0.703 5 T
NAN SVM  CSI300
| TS| 0 6
6 T

Table 6 Results of paired T-test of prediction performance of each model

SMOTE-SVM ODR-SVM ADASYN-SVM ODR-ADASYN-SVM
SVM 0.000 0 *** 0.000 0 *** 0.000 0 *** 0.000 0***
SMOTE-SVM - 0.001 0*** 0.826 0 0.557 0
d ODR-SVM 0.001 0*** 0.000 0 ***
ADASYN-SVM 0.629 0
SVM 0.000 0 *** 0.000 0 *** 0.000 0 *** 0.000 0 ***
SMOTE-SVM - 0.000 0 *** 0.938 0 0.6300
¢ ODR-SVM 0.000 0 *** 0.000 0***
ADASYN-SVM 0.595 0
SVM 0.005 0*** 0.130 0 0.005 0 *** 0.007 0***
SMOTE-SVM - 0.011 0** 0.374 0 0.844 0
AUC
ODR-SVM 0.009 0*** 0.009 0***
ADASYN-SVM 0.508 0
D p<0.01 ** p <0.05 p>0.1.
6 SVM G.F ADASYN SVM .
AUC T 6 ODR-SVM  SMOTE-
1% ( null hypothesis) SVM., ADASYN-SVM. ODR-ADASYN-SVM
SVM ODR-SVM
SVM SMOTE-SVM., ADASYN-
SMOTE. ODR. SVM  ODR-ADASYN-SVM
ADASYN ODR  ADASYN ODR- ODR
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Fig. 4 Comparison of G.F and AUC among ODR-ADASYN-SVM ADASYN-SVM and SMOTE-SVM in different imbalance ratios
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Table 7 Means and standard deviations of three models’ prediction accuracy in different imbalance ratios

ODR-ADASYN-SVM

ADASYN-SVM

SMOTE-SVM

F 0.178 1(0.077 3) 0.177 4(0.077 5) 0.172 7(0.077 6)
G 0.704 7(0.047 5) 0.696 7(0.051 2) 0.681 3(0.055 6)
AUC 0.743 8(0.048 1) 0.738 0(0.050 3) 0.735 8(0.053 6)
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4 3 F F SMOTE-SVM
3
F 7 3
ODR-ADASYN-SVM F
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ADASYN-SVM  F SMOTE-SVM 3
ODR-ADASYN-SVM F F T
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Table 8 Results of the independent T-est of F of three models in different imbalance ratios
10 15 20 25 30 35 40 45 50
0.1690 | 0.001 0™ | 0.0000** | 0.0000™* | 0.0000™* | 0.0000™* |0.0000** | 0.0000% | 0.0000**
5 101610 | 0.001 0™ | 0.0000™* | 0.0000™ | 0.0000%* | 0.0000™* |0.0000** | 0.0000% | 0.0000**
(0.161 0) | (0.001 0***) | (0.000 0*) [(0.0000***) | (0.000 0***) | (0.0000***) |(0.000 0***)| (0.000 0***) [(0.0000%*)
0.037 0** 0.001 0 | 0.0000™* | 0.0000™ | 0.0000™* | 0.0000** | 0.0000% | 0.0000**
10 - 0.093 0" 0.008 0% | 0.0020™* | 0.0010 = | 0.0000™* | 0.0000** | 0.0000% | 0.0000**
(0.063 0*%) | (0.001 0***) [(0.0000***) | (0.000 0%**) | (0.0000™**) |(0.0000***)| (0.000 0**) |(0.0000***)
0.094 0" 0.003 0™ | 0.001 0™ | 0.0000™ | 0.0000™ | 0.0000™ | 0.0000%
15 - 0.099 0" 0.001 0*** | 0.011 0** 0.000 0™ | 0.000 0% | 0.0000™* | 0.0000***
(0.038 0*%) [(0.001 0***) | (0.000 0***) | (0.0000™**) [(0.0000***)| (0.000 0***) |(0.0000%**)
0.0220% | 0.0060* | 0.0000™ | 0.0000™ | 0.0000™* | 0.0000"*
20 _ 0.009 0% | 0.0020™* | 0.0010™* | 0.0000™* | 0.0000"* | 0.0000"*
(0.046 07*) | (0.002 0°**) | (0.000 0***) |(0.000 0***){ (0.0000***) |(0.0000***)
0.8340 0.101 0 0.0450%* | 0.0120%* | 0.001 0***
25 - 0.774 0 0.118 0 0.089 0° 0.003 0™ | 0.0150™
(0.5280) (0.0540") |(0.047 0*) | (0.007 0***) [(0.001 0***)
0.110 0 0.048 0% | 0.0110** | 0.001 0***
30 - 0.079 0" 0.075 0° 0.006 0™ | 0.006 0***
(0.0560") | (0.0570") | (0.0040%) [(0.001 0***)
0.489 0 0.206 0 0.016 0**
35 - 0.858 0 0.269 0 0.056 0"
(0.706 0) (0.2200) | (0.021 0**)
0.666 0 0.143 0
40 - 0.4920 0.1120
(0.494 0) (0.07007)
0.2380
45 - 0.440 0
(0.162 0)
ODR-ADASYN-SVM  p ADASYN-SVM  p SMOTE-SVM
p * p<0.1 ** p<0.05 *F p<0.01 p>0.1.
8 ODR-ADASYN-SVM 10% ODR-ADASYN-SVM
P 9 ) 28 9 ADA-
ADASYN-SVM p 8 gk SYN-SVM 8 SMOTE-SVM
p 29 ; SMOTE-SVM p 6 1% ODR-ADASYN-
6 G 31 SVM F
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Early warning for extremely financial risks based on ODR-ADASYN-SVM

LIN Yu' HUANG Xun' CHUN Wei-de' HUANG Deng-shi’
1. Business School Chengdu University of Technology Chengdu 610059 China;
2. School of Economics and Management Southwest Jiaotong University Chengdu 610031 China

Abstract: Synthetic minority over-sampling technique ( SMOTE) has the problem of over fitting in improving
the imbalanced samples’ learning ability of support vector machine ( SVM) . In this paper adaptive synthetic
sampling approach ( ADASYN) and optimization of decreasing reduction approach ( ODR) are assembled into
an ODR-ADASYN to overcome the blindness in generating new samples and the limitations in processing the
object. Combining SVM with ODR-ADASYN an improved SVM named ODR-ADASYN-SVM is put forward
to predict extremely financial risks; T-est is also applied to the significance test of the difference of the predic—
tion accuracy of all models and to the evaluation of the prediction stability of all models. The result illustrates
that the ODR-ADASYN-SVM can not only significantly improve the imbalanced samples’ learning ability of
SVM  but also overcome the problem of over fitting for SMOTE effectively. Hence the ODR-ADASYN-SVM
has a superior ability to predict exiremely financial risks.

Key words: ODR; ADASYN; SVM; extremely financial risk; early warning model



