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S, w; I 4 5
(1) (2) ( | ).
S ; =12 12 I t
(W)= ; wix( i = = m) I I} I I
(1) I 2 3
. . 4 3 (1)
2= (2 g I 0.83
S(Ww) i =12 - 2 4
n n W I I
W :( w, w, w} wm) w] ] 0.24 1 2 5
ym %y I I I
j 0. 31 0.88 1 3
1
Tabel 1 Credit scores corresponding to different weight vectors
1 2 3 4 5
| I I w n w,
1 X 1 0.1 0.7 0.1
2 Xin 0.6 0.7 0.2 0.1
3 X3 0.1 1 0.1 0.8
4 I s, 0.83 0.31 — —
5 | S; 0.24 0.88 — —
1 2 3
I I 0.83
I 0.24; I I
; I I 0.31
| 0.88; I I
N ( precision) 7 ¢ (recall) ”
L ” PR PR
1.2 F-score
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Fig. 1 Weighting principle based on greatest default distinction degree
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Tabel 2 Standard of qualitative indicator scoring
1. 1.00
2. 0.50
3. 0.00
1. 3 N N 1.00
3
2. 3 0.60
. 3. 3 N 0.50
4. 3 N 0.30
5. 3 0.00
2.2
(3)
2.2.1
(4)
D
( standardized mean difference)
1 1
ng, ; n, ; w
W=(w, w0, = w - w,)
. QO
Wj 7] ’ Sz( W)
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9, (14)
( interpretability)
( complexity) ( accuracy)
(12) w S,
FN TN
(12) (14) ( FN+TN)
N N 3 TN
(12) ( Recall)
2.4 PR
PR ( precision recall curve) **
s,
S, S,
PR S,
Precision Recall
4 : TD( true default) TD,.FN,.FD,. TN, (13) (14)
; FD( false default) Precision, Recall,
; FN( false non-default) Precision, Recall,
; TN( true S,
non—default) ( Recall; Precision;)
4 PR .
3 Recall Precision
3 PR
Tabel 3 Classification matrix of default status judgment
) () F-score=2/ ( 1/Precision) + ( 1/Recall)
(1) ™D FN S (15)
F-score Precision Recall
(0) kb W FD+TN
F-score
TD+FD FN+TN PR »
Precision Recall
(13) (14) * .
Precision=TN/( FD+TN) (13) (15) ( ( 1/Precision) + ( 1/Re-
Recall=TN/( FN+TN) (14) call) ) (16).
(13) R 2 (16)
precision  recall precision X recall
(16)
S, Precision = Recall (16)
FD (15) F-score
TN .FD/TN
( Precision) F-score.

F-score 1
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4
Tabel 4 Indicator system and data of small enterprises
1 231 u; 1231 %
(2 (d) 35 1 196 35 1 196
(b) (¢
) 39 (36) (1231) |(1232) | [(1266) |(1267) | |(2462)
( 35 36 1231 1 35 36 1231
L, X, 6 8.798 0 1.142 0.682 1 0 0.129
2 | X, 0.177 0.074 0.4 0.667 0.031 0.013 | :0.070 || 0.118
3 X, 0.02 - 1.93e-7 0.03 0.002 0.026 0 0.038 0.003
. . : : . . . . .
X,
6 ¢ 3.407¢7 0 1.033e7 1.234e6 | 0.675 0.498 | 0.552 0.505
9 X, 127.96 130.1 137.45 139.5 0.626 0.648 | 0.722 0.742
: Cs
X
11 " 9 101.35 |~+| 19014 | 9 101.35 24276 | 0.182 0.481 | 0.182 0.640
XlZ
12 9 3 8 10 1 0.4 1 1
Cs
14 X 0 0 0.5 1
c X /
23| " * — 0.1 0 0.65 0
24 — — 1 1 0 0
(7) : SH(wW)
n, 3.1 (17)
no=1196. (8)
S (W) (20).
(18) 3 )
O z Si(w) O
(7) . s > S,
o(SAM)= |2 Y By - S8
(19). 35 ,rzlm,ﬁ(W) 3 B
1196 20
1 %0 ES?(WI)DZ (20)
o(SIM= 1106 2 Brwy - = 5)
=rge 1196 0O
(19) (9) 6 .
4) n, 3.1
(8) : ny=1 196.
n, 3.1 S (W)
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n, 3.1 "
.t =1
n,=35. ; 121 “
S.(wW) w>0 j=123 - m
(17) .
a(SI(w)) 5 3 5 1 2
(19) 4 b c
o(SI(W))
(20) .
6 (9)
(21) 5 4 .
1196 35
(ZS?(W)/II%)—(ZS}(W)/%) 5 4
D — i=1 i=1 6
o (SAW) a(S(W) s 4 6
(21)
6) 5 5
(21) 5 6
1
3.8
Obj: Max D =
1196 35
(Zs}’(W)/l 196) —(Zs;(W)/%)
Jj= j=
Ja(SIW) a(S(W)
5
Tabel 5 Weights of indicators
1 2 3 4 5 6
c X, 5.141x107° 0.051 0.056
1 X, 0.051 0.263 0.049
X, 0.091 0.104 0.061
¢, 5 : 0.002 :
X 0.169 0.007
0.420
C, X, 0.104 0.135
C, X 0.002 0.027
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9 Xy 0.083 0.230 0.008
Cs : 0.089 :
11 Xy 0.147 0.199 0.014
12 X 0.022 3.643x107° 0.024
Ce : 3.119x107° :
14 Xy 0.067 0.063 0.035
15 Xis 3.748x107° 0.580 0.027
G, : :
20 X0 0.061 0.042
21 | Gg Xy 3.643x107° 0.025
22 Cy Xy 3.119x107° 0.027
23| Gy Xy 0.063 0.024
3.5 3.12x10™.
5 3.6
1) 5 3 w; (12) (22)
5 5 S W) =5.141x10"°x, ,+0.051x,,+
58% 0.091x,#+0.169x,,+0.104x,,+
0.002x,,+0.083x,,+--+0.147x, |, +
. 0.022x; ,,++--+0.067x, ,,+3.748%
2) 107x, s+++-+0.061x, ,,+3.643%
5 3 107x, ,#3.11940°x, ,;+0. 063x; ,;( 22)
6 (22)
\ 0. 169
. 4 23 1232 ~ 2462
3) (22) 1231
5 3 S, 6 3 1 ~ 1231
11 6 1231 1 ;2
0. 147 1 o4
4) ) S; 3.8
5 4 ;5 6
G, >C, >C, 3.9 6
>C, >C, 1232 3 4
>C,, ¢, >C, PR F-score 3.7 3.8
>C, >C,
C, 0.263 C,
6
Tabel 6 Credit scores and default status of small enterprises
| 2 3 4 5 6
s s
] 1 1 0.227 0.100 13 066 243.93 3196.75
3.5 35 1 0.310 0.249 115 097 967.47 65 248.66
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36 36 0 0.400 0.283 5 385 896.88 0
1 2‘31 1 231 0 0.473 0.354 20 600 154.57 0
1232 PR F-score 0.991 0.980 — — ‘
3.7 50 8 TN,,=50 (13)
PR 50 Precisionsy = TN,/
. ( FD4+TN) =1 7 50 8 .
3 1231 7 50 4 TDy =35 50
7 2 6 FNy,=1 146 (14)
7 3 Recallsy=TNy,/( TDsy+FNg,) = 0.042 7
4 50 9
1 S, Recall,
S, Precisions, 1
S, (0.042 1).
S, S.
Precision, Recall.. Precision, Recall, 7
50 S, =0.514 8 9 .
Precision, Recall g, 7 9 Recall, 7
8 Precision,
0.514 PR 2
0.514 PR F-score 2.4
Precision;  Recall, F-score
7 1196
3 1 231 4 S 1196 =0.261 Precision;  Recall,
TD, 7 1196 8 ~ 9 Preci—
35 7 50 4 sion 6= 0.991  Recall, s =0.991 (15)
FDy,, O 7 50 PR F-score
5 FN,, 0. 991 6 1232 3
1 146 7 50 6 F-score 1
TNy, 50 7 PR
50 7. .
50 5 FDy, =0
7
Tabel 7 Caculate the precision and recall through enterprise credit points sorted by descending order
1 2 3 4 5 6 7 8 9
S, TD;, FD; FN; TN, Precision; Recall;
1 970 0.585 0 35 0 1195 1 1 0.000 84
2 670 0.568 0 35 0 1 194 2 1 0.001 67
50 926 0.514 0 35 0 1 146 50 1 0.042 30
1 196 6 0.261 1 24 11 11 1185 0.991 0.991
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1230 19 0.126 1 34 1196 0.972 1
1231 20 0.126 1 35 1 196 0.972 1

3.8 26 27

1.
3 S,
21 2.
1 9 6 5 6
1 ) 1GD 27
2 6 " LGD “ .
6 4 1232 ~ 2462 ”
1 231 (12) 3
( ) S; 6
1 ~ 1231 .
1 2 .
6 1 1 231 2
4 3.7 2
2 PR 1
PR .
3
Fig.3 LGD corresponded to nine credit ratings
3
2 1 2 PR 4
Fig.2 PR curves corresponded to two credit scoring models
1 PR ) 4.1
PR ( ) 1 PR 1)
2 : :
3.7 2 PR ; )

F-score 0.980 6 1232 7

4 . F-score 1( 10 G,

F-score 0.991) 2 .
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Credit rating model based on weight of greatest default distinction degree

ZHOU Ying
School of Economics & Management Dalian University of Technology Dalian 116024 China

Abstract: Credit scoring model is the core of credit rating model and the weight is the key factor which influ-
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ences the accuracy of credit scoring. A rational weight vector is of crucial importance to credit rating. This pa—
per establishes a nonlinear programming which aims at maximizing a standardized mean difference of the credit
scores of two kinds of clients. Then by solving the programming the optimal weight of credit scoring model is
derived. To guarantee the effectiveness the model is validated by Precision Recall Curve. Next altogether
1231 enterprises are rated based on the credit score calculated by our model. The innovations and characters in
this paper are: firstly an objective function is established by constructing the function relationship between the
weight vector W and the standardized mean difference D of the two group of clients. Secondly a nonlinear pro—
gramming model which maximizes the above mentioned objective function is established to find the optimal
weight vector W. This method can guarantee that the scores based on the weights have a significant default dis—
crimination power and can distinguish the default to the largest possible extent thus avoiding the drawbacks of
recent researches. Secondly noninancial indexes accounting for nearly 58% are more important than finan—
cial indexes on small enterprise credit rating. Among the non-financial indexes per capital disposable income
of urban residents is most important with a weighting of 14.7%. Thirdly the credit scoring model is validated
by PR curve method. The research result shows that our credit scoring model has a better discrimination power
than classic models in existing researches.

Key words: credit rating; weight vector; optimal weighting; small enterprise credit rating



