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3 (
= ) ( )
TP + TN
TP + FN + FP + TN -
TP TN
TP + FN T FP + TN
TP _FN
T TP + FP “FN+ TN’
3
Table 3 Confusion matrix 4 5 HLSCE 7
PAKDD kaggle
TP FN TP + FN HISCE
FP TN FP +TN
TP + FP FN + TN TP + FN + FP + TN . 6 HISCE
Ko ~ Koy
/ .
4 HLSCE PAKDD
Table 4 Performance comparison of HLSCE model on PAKDD data set
HLSCE HLSCE HLSCE HLSCE HLSCE HLSCE HLSCE
(DT) (DA) (logistic) | (SVM —-liner) | (SVM -gauss) | (k—NN) ( NB)
76.50 62.58 60.25 55.75 58.38 61.85 81.36
(%) 76.00 60.83 58.63 55.15 58.03 61.33 79.30
82.00 57.16 59.87 53.70 59.20 62.63 89.25
(%) 78.76 60.16 58.03 54.90 56.42 62.40 91.11
71.66 68.36 60.26 56.51 57.54 60.78 76.40
(%) 73.86 61.60 59.33 56.39 60.94 60.57 72.86
72.53 69.99 61.55 53.60 69.47 53.64 72.46
(%) 70.75 64.30 62.35 61.20 71.15 57.45 65.10
77.43 46.41 55.33 48.18 31.24 67.12 88.29
(%) 81.25 57.35 54.90 49.10 44.90 65.20 93.50
57.18 62.63 58.92 54.78 55.54 60.92 74.81
(%) 55.60 59.40 55.90 53.60 56.50 60. 10 73.30
60. 10 67.63 51.00 52.46 49.43 61.23 75.64
(%) 57.02 58.84 55.45 52.78 55.15 61.19 73.15
51.78 56.25 60.61 56.76 57.79 60.20 72.81
(%) 54.69 60.12 56.49 55.40 59.00 59.61 76.46
47.21 44.89 62.40 53.41 69.19 49.46 67.46
(%) 46. 60 63.20 60.00 60.20 69. 60 56. 60 66. 60
61.31 57.14 63.70 48.93 42.09 61.14 76.45
(%) 64. 60 55.60 51.80 47.00 43.40 63.60 88.00
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5 HLSCE kaggle
Table 5 Performance comparison of HLSCE model on kaggle data set
HLSCE HLSCE HLSCE HLSCE HLSCE HLSCE HLSCE
(DT) ( DA) ( logistic) ( SVMHiner) ( SVM—gauss) ( k-NN) ( NB)
91.85 70.33 76.53 59.26 63.62 67.85 80. 65
(%) 91.70 63.28 75.60 59.15 56.08 67.35 79.85
92.65 72.19 83.56 60.75 64.34 75.05 97.21
(%) 92.12 63.70 81.72 57.90 68.63 71.68 99.13
90.26 68.71 70.84 58.51 59.83 59.62 72.14
(%) 91.31 65.88 71.61 60. 88 57.03 64.92 71.57
92.76 57.64 67.07 62.25 53.98 54.88 63.05
(%) 91.20 61.65 66.15 67.15 60.35 59.10 60.20
91.60 70.23 84.88 57.75 60.02 70.19 97.16
(%) 92.20 64.90 85.05 51.15 71.80 75.60 99.50
78.94 65.68 72.82 58.36 56.91 66. 80 71.96
(%) 75.50 60.70 67.40 56.70 54.50 65.20 70.20
73.01 68.69 76.04 60.27 62.29 75.33 64.41
(%) 75.30 61.18 72.59 55.45 67.01 69.52 62.00
80.91 60.30 60.57 56.09 52.03 60. 15 73.88
(%) 75.97 60.33 63.87 58.49 55.18 62.72 70.10
84.19 57.15 73.24 60.25 51.98 46.25 67.48
(%) 76.20 59.50 58.80 64.60 38.20 57.60 61.60
78.88 77.47 71.65 55.75 64.02 72.57 74.11
(%) 74.80 61.90 76.00 48.80 70.80 72.80 78.80
6 HLSCE
Table 6 Performance comparison of HLSCE model under different combinations of parameters
PAKDD kaggle
kneg kpos kneg  kpos kneg kpos kneg  kpos
(%) (%)
HLSCE( DT) 0.50 0.26 4.13 0.10 0.27 1.94
HLSCE( DA) 0.23 0.38 3.20 0.24 0.10 8.33
HLSCE( logistic) 0.46 0.21 2.98 0.17 0.52 5.08
HLSCE( SVMHiner) 0.31 0.51 3.05 0.26 0.37 7.71
HLSCE( SVM-gauss) 0.28 0.38 1.27 0.42 0.35 7.55
HLSCE( k-NN) 0.42 0.15 8.53 0.65 0.12 8.36
HLSCE( NB) 0.28 0.41 4.09 0.45 0.12 8.40
4 PAKDD 7 1.48%
HLSCE HLSCE NB
HLSCE
HLSCE HLSCE
NB

HLSCE



— 88 — 2018 7
5 kaggle
HLSCE DT NB
HLSCE
HLSCE
. HLSCE
14N CS
HLSCE pos Ko
HLSCE
NB
HLSCE
HLSCE NB
HLSCE 7
3.04%
4 5
HLSCE .
PAKDD
HLSCE kaggle
DT.NB
| 4N A
DA.logistic ~ k-NN
SVMiner  SVM-gauss
7 HLSCE . HLSCE
HLSCE | 40NN A CS
HLSCE v .
v
6
Epp ~ by
HLSCE HLSCE
LN
8% .
CS HLSCE 7
HLSCE
ko ~k



7 — 89 —

1 Lessmann S Baesens B Seow H V et al. Benchmarking state-of-the-art classification algorithms for credit scoring: An up—
date of research J . European Journal of Operational Research 2015 247(1): 124 -136.

2 Orgler Y E. A credit scoring model for commercial loans J . Journal of Money Credit and Banking 1970 2(4):
435 —445.

3 Steenackers A Goovaerts M J. A credit scoring model for personal loans J . Insurance: Mathematics and Economics
1989 8(1): 31 -34.

4 Leonard K J. Empirical Bayes analysis of the commercial loan evaluation process J . Statistics & Probability Letters 1993
18(4) : 289 —296.

5 J. 2001 4(1): 28 -32.
Wang Chunfeng Li Wenhua. Credit risk assessment in commercial banks under less samples J . Journal of Management
Sciences in China 2001 4(1): 28 =32. (in Chinese)

6 J. 2011 14(1): 28 -37.

Zhang Hongxiang Mao Zhizhong. Research of multidimensional time series credit evaluation based on grayHfuzz analysis
model J . Journal of Management Sciences in China 2011 14(1): 28 —37. (in Chinese)

7 Leong C K. Credit risk scoring with Bayesian network models J . Computational Economics 2016 47(3): 423 —446.

10

11

12

13

14

15

16

17

18

19
20

21

Zhao Z Xu S Kang B H et al. Investigation and improvement of multidayer perception neural networks for credit scoring
J . Expert Systems with Applications 2015 42(7): 3508 —3516.
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)
Sermpinis G Stasinakis C Rosillo R et al. European exchange trading funds trading with locally weighted support vector
regression J . European Journal of Operational Research 2017 258(1): 372 —384.
Huang C L. Chen M C Wang C J. Credit scoring with a data mining approach based on support vector machines J . Ex—
pert Systems with Applications 2007 33(4): 847 -856.
. C5.0 J . 2009 29(12): 94
-104.
Pang Sulin  Gong Jizhang. C5.0 classification algorithm and its application on individual credit score for banks J . Sys—
tems Engineering: Theory & Practice 2009 29( 12) : 94 —104. ( in Chinese)
Henley W E. Construction of a k-nearest-neighbour credit-scoring system J . IMA Journal of Management Mathematics
1997 8(4): 305 -321.
Kozeny V. Genetic algorithms for credit scoring: Alternative fitness function performance comparison J . Expert Systems
with Applications 2015 42(6): 2998 —3004.
Hsieh N C. Hybrid mining approach in the design of credit scoring models J . Expert Systems with Applications 2005
28(4) . 655 -665.
J. 2015 18(3): 114
- 126.
Xiao Jin Liu Dunhu Gu Xin et al. Dynamic classifier ensemble selection model for bank customer’ s credit scoring J .
Journal of Management Sciences in China 2015 18(3): 114 —126. ( in Chinese)
Zhou Y. Design dynamic credit risk model with fuzzy rules for auto dealers J . International Journal of Business Forecas—
ting and Marketing Intelligence 2017 3(3): 248 —258.
Finlay S. Multiple classifier architectures and their application to credit risk assessment J . European Journal of Operation—
al Research 2011 210(2): 368 —378.
Hand D J. Classifier technology and the illusion of progress J . Statistical Science 2006 21(1): 1 -14.
Franke B Plante ] F Roscher R et al. Statistical inference learning and models in big data J . International Statistical
Review 2016 84(3): 371 -389.
J. 2016 (5): 22 -42.



— 90 — 2018 7

Wang Tiansi. Causality in big data and its philosophical connotations J . Social Sciences in China 2016(5) : 22 —42.
(in Chinese)

22 Lehmann E L. Elements of Large-sample Theory M . New York: Springer Science & Business Media 1999.

23 Garcia V Marqués A I Sanchez J S. An insight into the experimental design for credit risk and corporate bankruptcy pre—
diction systems J . Journal of Intelligent Information Systems 2015 44(1): 159 —189.

24 Bellotti T Crook J. Support vector machines for credit scoring and discovery of significant features J . Expert Systems with
Applications 2009 36(2): 3302 -3308.

25 Tsath R Liu YJ Liu W et al. Credit scoring system for small business loans J . Decision Support Systems 2004 38

(1): 91 -99.

26 Harris T. Credit scoring using the clustered support vector machine J . Expert Systems with Applications 2015 42(2):
741 -750.

27 . J. 2010 S1: 97 -107.

Fang Kuangnan Wu Jianbin Zhu Jianping et al. Forecasting of credit card credit risk under asymmetric information based
on nonparametric random forests J . Economic Research Journal 2010 S1: 97 —107. ( in Chinese)

28 Lessmanna S Seowb H Baesenscd B et al. Benchmarking state-of-the-art classification algorithms for credit scoring: A
ten-year update C //Credit Research Centre Conference Archive 2013.

29 Kar A K. Bio inspired computing: A review of algorithms and scope of applications J . Expert Systems with Applications
2016 59: 20 -32.

30 Yang X S Deb S. Cuckoo search via Lévy flights C // Nature & Biologically Inspired Computing 2009. NaBIC 2009.
World Congress on 2009 210 -214.

31 Lee TS ChenlF. A two-stage hybrid credit scoring model using artificial neural networks and multivariate adaptive regres—
sion splines J . Expert Systems with Applications 2005 28(4): 743 —752.

32 Chawla NV Bowyer KW Hall L O etal. SMOTE: Synthetic minority over-sampling technique J . Journal of Artificial
Intelligence Research 2011 16(1): 321 —357.

A hybrid large sample credit evaluation model based on combining similar
samples

ZHANG Run-hi DU Ya-bin XUE Li—guo XU Yuan-hao WU Xin-hong
School of Business Nanjing University Nanjing 210093 China

Abstract: Most of the current credit evaluation models designed for large samples have no in-depth considera—
tion of the distribution characteristics of large samples and just simply apply traditional evaluation methods to
large samples. This paper firstly proposes the concept and definition of the related attribute set boundary vec—
tor and so on to describe the distribution characteristics of large samples and proves their main attributes. Then
the characteristics of sample distribution are studied in the aspect of similarity based on two large sample data
sets. Finally a hybrid large sample credit evaluation model: HLSCE model is designed. The key idea of
HLSCE model is that in large sample data sets the contribution of the same attribute of samples in different lo—
cal areas are different to classification performance. Specifically HLSCE model divides with biological heu—
ristic algorithm the whole data set into several subsets according to the similarity between samples and bound-
ary vectors and then trains the basic classifiers respectively on each subsets. The empirical study shows that
compared with the existing representative credit evaluation models our HLSCE model has a higher classifica—
tion accuracy as well as a better balance and stability.

Key words: credit risk; credit evaluation; large sample; boundary vector



