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Table 2 Performance comparison of six credit scoring models in German dataset
B( %) LMF DCESM KI-Subagg MS-Subagg EM-Subagg | RI-Subagg
0.720 0(3) |0.736 7(1) | 0.703 3(6) | 0.716 7(4) | 0.7220(2) | 0.714 8(5)
AUC 0.8724(3) | 0.878 9(1) | 0.844 7(6) | 0.8662(4) | 0.8732(2) |0.865 3(5)
i 0.6167(3) | 0.6411(1) | 0.597 9(6) | 0.6117(4) | 0.598 0(5) | 0.620 9(2)
0.764 3(3) |0.7777(1) | 0.748 5(6) | 0.7617(4) | 0.7752(2) |0.755 0( 5)
0.673 0(6) | 0.720 5(1) | 0.677 7(5) | 0.699 0(4) | 0.700 0(3) | 0.710 7(2)
AUC 0.830 0(5) | 0.866 1( 1) | 0.805 4(6) | 0.8318(4) | 0.8334(3) | 0.859 2(2)
10 0.583 3(4) | 0.601 2(2) | 0.561 5(6) | 0.593 8(3) | 0.5705(5) |0.6310(1)
0.711 4(6) | 0.760 6( 1) | 0.727 5(5) | 0.744 1(4) | 0.7555(2) | 0.744 8(3)
0.658 0(5) | 0.7057( 1) | 0.658 3(4) | 0.6553(6) | 0.6750(3) | 0.685 0(2)
AUC 0.821 5(6) | 0.8533(1) | 0.8230(5) | 0.8390(3) | 0.848 4(2) |0.831 7(4)
20 0.538 0(6) | 0.607 0( 1) | 0.544 6(5) | 0.5534(3) | 0.5459(4) |0.568 3(2)
0.709 4(4) | 0.748 0( 1) | 0.707 1(5) | 0.699 0(6) | 0.730 3(3) | 0.735 0(2)
0.633 1(6) | 0.6759(2) | 0.6467(5) | 0.653 1(4) | 0.6772(1) |0.660 0(3)
AUC 0.799 0(6) | 0.8350(1) |0.807 1(5) | 0.8159(4) | 0.8233(2) |0.821 3(3)
% 0.506 3(6) | 0.5826(1) |0.5217(5) | 0.5467(3) | 0.5447(4) |0.5542(2)
0.687 4(6) |0.7159(2) | 0.700 2(4) | 0.6987(5) | 0.734 0(1) | 0.705 3(3)
5.125 1.188 5.250 4.063 2.750 2.875
6
2 6

Fig. 2 Trend of credit scoring performance for six models
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Table 3 Performance comparison of six credit scoring models in Australia dataset
AUC
DCESM 0.887 8 0.942 3 0.876 2 0.896 7
LMF 0.880 2 0.913 8 0.857 0 0.898 0
KI-Subagg 0.867 5 0.901 5 0.8352 0.892 3
MS-Subagg 0.857 3 0.889 0 0.826 0 0.881 4
EM-Subagg 0.870 7 0.923 4 0.863 2 0.876 5
RI-Subagg 0.863 2 0.894 2 0.826 3 0.891 6
4 German
Australia
DCESM
4 KI-Subagg
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1 J. 2004 (6): 43-47.



— 124 — 2015 3

10

11

12

13

14

15

16

Chen Lei. International credit card fraud and prevention J . China Credit Card 2004 (6): 43-47. ( in Chinese)
J. 2013 16(3): 88-94.
Xiong Xiong Yao Chuanwei Zhang Yongjie. Analysis of scale in SME joint guarantee loans using agent-based computational
experiment finance J . Journal of Management Sciences in China 2013 16( 3) : 88-94. (in Chinese)
J. 2013 16(4): 8-21.
Xiong Haitao Wu Junjie Liu Hongfu et al. Towards classificaiton with class overlapping J . Journal of Management Sci—
ences in China 2013 16(4): 8-21. ( in Chinese)
Sustersic M Mramor D Zupan J. Consumer credit scoring models with limited data J . Expert Systems with Applications
2009 36(3): 4736-4744.
Panigrahi S Kundu A Sural S et al. Credit card fraud detection: A fusion approach using Dempster-Shafer theory and
Bayesian learning J . Information Fusion 2009 10(4): 354-363.
Desai V.S Crook J N Overstreet G A. A comparison of neural networks and linear scoring models in the credit union envi—
ronment J . European Journal of Operational Research 1996 95( 1) : 24-37.
Chen F L. Li F C. Combination of feature selection approaches with SVM in credit scoring J . Expert Systems with Applica—
tions 2010 37(7): 4902-4909.
J. 1998 1(1): 68-72.
Wang Chunfeng Wan Haihui Zhang Wei. Credit risk assessment in commercial banks and its test J . Journal of Manage—
ment Sciences in China 1998 1(1): 68-72. ( in Chinese)
J. 1999 19(9): 24-32.
Wang Chunfeng Wan Haihui. Credit risk assessment in commercial banks using neural networks J . System Engineering—
Theory & Practice 1999 19(9) : 24-32. ( in Chinese)
J. 2003 6(5): 46-52.
Yu Liyong. Study on credit risk assessing and forecasting model in commercial bank J . Journal of Management Sciences in

China 2003 6(5): 46-52. (in Chinese)

2005 24(11): 1-8.
Wu Chong Lii Jingjie Pan Qishu et al. Study on credit risk assessment model of commercial banks based on fuzzy neural
network J . System Engineering-Theory & Practice 2005 24( 11) : 1-8. (in Chinese)
J. 2004 (1): 62-69.
Fang Hongquan Zeng Yong. An empirical study and comparative analysis on credit risk evaluation of enterprise J . Journal
of Financial Research 2004 (1) : 62-69. (in Chinese)
J . 2009 (1) : 95-106.
Guo Yingjian Wu Chong. Credit risk evaluation model for commercial bank based on information fusion J . Journal of Fi-
nancial Research 2009 (1) : 95-106. ( in Chinese)
I 2009 28(4): 57

-61.
Wu Chong Xia Han. Credit risk assessment in commercial banks on five-class support vectormachines ensemble J . Fore—
casting 2009 28(4): 57-61. (in Chinese)

J. 2012 32
(3): 549-554.
Yao Xiao Yu Le’ an. A fuzzy proximal support vector machine model and its application to credit risk analysis J . System
Engineering-Theory & Practice 2012 32( 3) : 549-554. (in Chinese)

Hand D J Henley W E. Statistical classification methods in consumer credit scoring: A review ] . Journal of the Royal



— 125 —

17

18
19

20

21

22

23

24

25

26
27

28

29

30

31

32

33

34

35

36

Statistical Society: Series A ( Statistics in Society) 1997 160( 3) : 523-541.
Kim J Hwang K J Bae J K. Prediction of personal credit rates with incomplete data sets using cognitive mapping C //
IEEE Computer Society Washington 2007: 1912-1917.
Rubin D B. Multiple Imputations for Nonresponse in Surveys M . New York: John Wiley and Sons 1987.
Lessmann S Vol3 S. A reference model for customer—eentric data mining with support vector machines J . European Journal
of Operational Research 2009 199( 2) : 520-530.
Barakova I Bostic R W Calem P S et al. Does credit quality matter for homeownership? ] . Journal of Housing Eco—
nomics 2003 12(4): 318-336.
Hansen L K Salamon P. Neural network ensembles J . IEEE Transactions on Pattern Analysis and Machine Intelligence
1990 12( 10) : 993-1001.
Paleologo G Elisseeff A Antonini G. Subagging for credit scoring models J . European Journal of Operational Research
2010 201( 2): 490-499.
Jiang K Chen H Yuan S. Classification for incomplete data using classifier ensembles C // International Conference on
Neural Networks and Brain ICNN&B 05 2005: 559-563.
Krause S Polikar R. An ensemble of classifiers approach for the missing feature problem C // Int. Joint Conf. on Neural
Networks Port—land OR 2003: 553-558.
Mohammed H S Stepenosky N Polikar R. An ensemble technique to handle missing data from sensors C // IEEE
Sensors Applications Symposium Houston Texas USA  2006: 101-105.
Rubin D B. Inference and missing data J . Biometrika 1976 63(3): 581-592.
Lakshminarayan K Harp S A Samad T. Imputation of missing data in industrial databases J . Applied Intelligence
1999 11(3): 259-275.
Dempster A P Laird N M Rubin D B. Maximum likelihood from incomplete data via the EM algorithm ] . Journal of the
Royal Statistical Society 1977 39(1): 1-38.

J . 2007 29(6): 51-54.
Xia Guimei Zeng Jianchao. A stochastic particle swarm optimization algorithm based on the genetic algorithm of roulette
wheel selection J . Computer Engineering & Science 2007 29(6): 51-54. ( in Chinese)
Ho T K. The random space method for constructing decision forests J . IEEE Transactions on Pattern Analysis and Machine
Intelligence 1998 20( 8) : 832-844.
Ko A HR Sabourin R Jr Britto A S. From dynamic classifier selection to dynamic ensemble selection J . Pattern Recog—
nition 2008 41(5): 1718-1731.
Merz C Murphy P. UCI repository of machine learning databases EB/OL . http: //www.ics.uci.edu/ ~ mlearn/ MLReposi—
tory.html  1995.
Fayyad U M Irani K B. Multi-interval discretization of continuous—valued attributes for classification learning C // Pro—
ceedings of 13th International Joint Conference on Artificial Intelligence 1993: 1022-1027.

J. 2008 28(1): 71-77.

Xia Guo’ en Jin Weidong. Model of customer churn prediction on support vector machine J . System Engineering—Theory
& Practice 2008 28( 1) : 71-77. (in Chinese)
He H Garcia E A. Learning from imbalanced data J . IEEE Transactions on Knowledge and Data Engineering 2009 21
(9): 1263-1284.
Burez ] Van den Poel D. Handling class imbalance in customer churn prediction J . Expert Systems with Applications

2009 36(3): 4626-4636.



— 126 — 2015 3

Dynamic classifier ensemble selection model for bank customer’s credit sco—

ring
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Abstract: The data in the bank customer’ s credit scoring often include lots of missing values which affect the
modeling performance to a large extent. To overcome the deficiencies of existing models this paper proposes a
dynamic classifier ensemble selection model for missing values ( DCESM) . The model can make full use of the
information included in the dataset and does not need to pre-process the missing values before training the
model which decreases the dependence on the hypothesis for data missing mechanism and distribution model.
Two credit scoring datasets on bank credit card business from UCI database were selected for our empirical a—
nalysis. The results show that the DCESM model outperformed four imputation-based multi-classifiers ensemble
models and one ensemble model for missing values.

Key words: credit scoring; missing values; dynamic classifier ensemble selection



