19 11 Vol. 19 No. 11
2016 11 JOURNAL OF MANAGEMENT SCIENCES IN CHINA Nov. 2016
)
1 2% 1 1
(1. 210093; 2. 210093)
BP
: F832.59 A : 1007 -9807(2016) 11 -0114 - 13
0 1
2
3
@ 1 2016 —09 - 14; 1 2016 -09 -21.
- (70932003) : (71271109; 71201074; 70901037; 71271110) :
(708044) ; (13YJC790174) .
(1990 —) . Email: yangyang68nj@ 163. com



11

— 115 —

BP

2013

BP

BP

1.1

Altman ’

19

4
A
6
g
Kim
A
10
Al Al
. 11
. Edmister
N > Al
. 12
N . Hajek
.
13
. Doumpos
1 14
15

16

. Meyer



— 116 —

2016

11

er
1.2
18
19
(
20
Boosting
1
. Che *
( DEA)
gilella »
. Yu?®

. Malhotra *'

. Lussi-
Logit
»
Logistic
Logistic
21
34
»
C5.0
3
Probit ’
( AHP)
. An- 2
SMMAA-TRI
2
. West 7 2.1
. Kim * 1
U
. Zhong 30 U— 01

BP.ELM.I-ELM  SVM

ELM  BP x A

33

BP

( fuzzy neural network FNN)

. Piramuthu *

2



11

— 117 —
N, =n. L,
)
Wi o= (%) (2)
i=123-nj=123 " m.n
w—a, 2
() =P b 50 (1) mo
a b N, = m,
2.2 i=1
. L
Mamdani  ( 3
M ) Tagagi-Sugeno TS )
¥ ANFIS o :
TS . TS . o = min{u' g o} (3)
hef{l2 - m},;i,e{l2: - m};
- TS i,e{l2 - m};j=12 - m,m:Hmi
i=1
Ny, =m. L,
z =f(x v) .
_ a
x Aandy B z=flxy). a =——"j=12 m (4)
A B e =flxy) 2
i=1
,
SL, - SL, .
SL,
36
2.3 SL, m
Yi = Pig ¥PRE T R PE = D pi X
; ) (j=12 myi =12 71
> SL,
Yi = Z&inj (5)
i
Yi
: SL,
2 2 n
14
TS (L) (SL)
36 3
L,
x; 3.1
X o= XK tw,



— 118 — 2016 11
Delphi
19
7
4 A3
VA4 VA5 A6
; ; Bl
2013 N
2013 1
1
Table 1 Input and output variables of the model
Al
A2
A3
/ N /
A4
/ /
AS
A6
A7
B1
2013 270 30
2007 20: 1;
15: 1.
3.2
MATLAB R2012a
500 3 000 ( fuzzy logic)
500 genfis]
1 493 1 681 ( adaptive neuro—
fuzzy inference system ANFIS) TS
( fuzzy inference system FIS)
1 264
1323
( ANFIS editor) anfise—
300 300 dit

270 30
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7 . 1 Al
VA2 A7 4. 100
; 4
0.000 1 20 . 30 ~40
270
40
5
SPSS 5
2
Al VA2 A7
Al
A7 ; A4
A5
7
2.2.2.2.2.2.2
1 3
Fig. 1 Training error curve of network 3
1. 20 0.061 652
3.2.2.2.2.2.3
2. 0. 059 348 1
5
3.2.2.2.3.2.3
3. 0.059 816 1 2 5
Fig. 2 Training error curve of network 5
AS 3Xx2x2x2x2x%x2X%
. 3 =288
3.2.2.2.2.2.3. 3 EditRules
1 . ( Ruleedit)

1
“l1. If (inputl is inlmfl) and ( input2 is in2mfl)
100 and ( input3 is in3mfl) and ( input4 is indmfl) and
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(input5 is in5mfl) and ( input6 is in6mfl) and
( input7 is in7mfl) then ( output is outlmfl)

(1) 7. if 7
input
in
mf
then ( output
is outlmfl) B1
1
ANFIS
Edit-Membership Function
( Mfedit)
Al
3
4
3 4 Al
{0.212 3 0}
{0.167 1
-0.021 75}
2
2

3 Al

Fig. 3 Al membership function original image

4 Al

Fig. 4 Al membership function image after training

Table 2 Change of parameter values before and after the membership function training of each variable

( ) ( )
Al {0.2123 0} {0.1671 -0.021 75}
A2 (0.4247 0} {0.366 7 0.035 05}
A3 (2.123 0} {2.116 0.000 421 6}
A4 {2.548 0} {2.54 —0.004 975}
A5 {2.973 0} {2.973 0.001 044}
A6 {0.8493 0} {0.8087 —0.032 78}
A7 {0.2123 0} {0.2123  —0.000 334 1}
3.3 ). 30
3.3.1
5
30 3 1
28 2 0
evalfis
5 ( 0.5
; 0.5
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1.933 2 29
; 100. 00%
28 -1.184 5
0
3
Table 3 Comparison between expected output and actual output of small business test samples

1 2 3 4 5 6 7 8 9 10

1 1 0 0 0 0 0 0 0 0
1.933 1. 154 0.026 -0.004 0.027 0.077 -0.157 0.027 0.077 0.012

11 12 13 14 15 16 17 18 19 20

0 0 0 0 0 0 0 0 0 0
-0.100 0.033 0.033 0.011 -0.004 -0.006 -0.172 -0.286 0.016 0.010

21 22 23 24 25 26 27 28 29 30

0 0 0 0 0 0 0 0 0 0
-0.001 0.002 -0.900 -0.235 -0.143 0.067 -0.017 -1.185 -0.119 -0.138

3.3.2
TS
7
3.2.2.2.2.2.3
270 259
s s 11 60
Fig. 5 Network 5 detection results 6
30 28
2 6 . 30
4
4 5
1.052 1
28
96. 67%

6

6

Fig. 6 Network 6 detection results
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Table 4 The comparison between the expected output and the actual output of the micro enterprise
1 2 3 4 5 6 7 8 9 10
1 1 0 0 0 0 0 0 0 0
1.497 1.039 0.074 -0.111 1.052 -0.006 -0.067 0.184 -0.023 -0.214
11 12 13 14 15 16 17 18 19 20
0 0 0 0 0 0 0 0 0 0
-0.040 0.161 0.004 0.001 0.001 -0.011 -0.001 0.003 -0.003 0.001
21 22 23 24 25 26 27 28 29 30
0 0 0 0 0 0 0 0 0 0
0.001 0.006 0.001 -0.210 0.000 -0.011 0.000 -0.001 0.003 0.001
3.3.3 BP BP
BP 5
BP  ROC 9
7 BP  ROC
1 6 10
100 0.000 1
7
8 7 8
7
8 7 BP
93.34%
50. 00%; 8 BP
90. 00%
7 7
30 Fig. 7 Network 7 detection results
ROC
(AUC )
ROC
(
) (1-
)
SPSS ROC 8 8
AUC AUC Fig. 8 Network 8 detection results
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Table 5 Comparison of detection accuracy of fuzzy neural network and BP neural network
AUC (%) (%) (%) (%)

FNN 1.000 100. 00 0.00 0.00 100. 00

BP 0.732 93.34 3.57 50.00 50.00
FNN 0.982 96. 67 3.57 0.00 100. 00

BP 0.482 90.00 3.57 100. 00 0.00

BP
50% BP
100% FNN
BP
i 3) FNN 100%
FNN 100% FNN
BP
. 4) BP
9 FNN BP  ROC BP
Fig. 9 ROC curves of small FNN and small BP FNN BP
4
10 FNN BP ROC BP
Fig. 10 ROC curves of micro FNN and micro BP ~
5 1) BP : BP
BP AUC 0.732 BP
AUC 0. 482 FNN
AUC 1.000 FNN AUC  0.982;
FNN )
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Research on the credit rating of small and micro enterprises based on fuzzy
neural network

®

XIAO Bin-ging' YANG Yang® LI Xin-dan' LI Hao-hua'

1. School of Engineering and Management Nanjing University Nanjing 210093  China;
2. School of Business Nanjing University Nanjing 210093 China

Abstract: Currently the loan demand of small and micro enterprise is rapidly increasing thus the establish—
ment of an effective credit rating model for small and micro enterprises has become the focus of attention in the
academic and practical fields. On the basis of the model and the index system this paper puts forward the re—
search steps of small and micro enterprises credit rating based on fuzzy neural network. This paper takes the
micro data of the small and micro enterprises in a rural commercial bank as the empirical sample and carry
out the small enterprises and micro enterprises credit rating test separately. The empirical results show that the
fuzzy neural network model in the small and micro enterprises credit rating research brought a higher detection
accuracy than the BP neural network model. The model can realize the combination of subjective and objective
ratings; can be used for qualitative adjustment and batch processing of data; and has explicit calculation
process and decision rules. Therefore it is suitable for the research of credit rating and has robustness.

Key words: fuzzy theory; neural network; small and micro-enterprises; credit rating



