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Simulated annealing based semi-supervised support
vector machine for credit prediction

ZHANG Jie, LI Lin, ZHU Ge
(School of Com puter Science & Technology s Wuhan University of Technology sWuhan 430070, China)
Abstract: In the mid-1990s financial institutions began to combine consumer and business information to
create scores for business credits. Enterprises in China, especially small and micro enterprises, have less
credit information, resulting in the situation where only a small number of enterprises have credit
information, while a large number of enterprises have none. However, semi-supervised support vector
machines (S3VM) can learn from labeled data and unlabeled data and solve the problems of imbalanced
credit data categories and insufficient sample information. The parameters of S3VM have a great influence
on the effect of the algorithm, and the actual parameter selection is often based on experience. An
SAS3VM algorithm was proposed to optimize the parameters of deterministic annealing based semi-

supervised support vector machine (DAS3VM) with simulated annealing. Based on the small number of
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labeled credit data, the algorithm takes advantage of the unlabeled credit data to help study and use the

simulate annealing to find the optimal parameters. Experiments were conducted on two categories of

enterprise credit data and three categories of personal credit data. The results show that semi-supervised

learning (DAS3VM and SAS3VM) performs better than supervised learning. The maximum accuracy of
SAS3VM has been increased by 13.108% compared with DAS3VM.

Key words: semi-supervised learning; deterministic annealing;simulated annealing; credit prediction
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Fig.1 Personal credit data sets
Bt 4 [+u Ratio f
German 1 000 0.700 24
Australian 690 0.445 14
Japanese 690 0.445 15
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Fig.2 Enterprise credit data sets
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credit-one 4 255 0.674 17
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@  UCI Machine Learning Repository.http: //archive.ics.uci.edu/ml/
@  http://www.gsxt.gov.cn/index. html

@  https://s.1688.com/company/company search.htm
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Fig.6 Recall of positive samples of German,

Australian and Japanese at different k
3.3.4 F-measure ¥ i %

&9 FE 10 s TAE £ B F-1 {H.F-1
RS 1 ORS BE AT ] 2, BE % SN0 v 6 2 3 4 550 ik
FIPERE. G b BT ik, B & £ BYHE I, AS SCHR Y Y SA
M PERE ] WA T H M R, DAS3VM I P REIR 2
DAS3VM 7E credit-one, credit-two 1 German £ #&
£ ER TR RE BT WAL T H A B VL, 7E Australian Al
Japanese BUHE 4R | 19 3% B Al 5 JH At Bk 0 B 0K
KA. SA TEAR FH 0 Hh 3% B i M e ELAS R 4 i)
J2 2 O T2 /N T I R O I A B R M o
SRR AN REAR 47 b 4k BRI R A% O

K 11 #, 114 SA £ credit-one, credit-two,



454 B AR K R 18 %
85 85
~RLS =SVM -+TSVM
\\_\ +-DAS3VM *SA  -HF

_ 8of —NeE— .|l < 80
< S
s = 5
§ 5L g 75t
& -

70+ = LS - gv

701 = TSVYM DAS3IVM
credit-one < SA Mir
65 credit-one ~~ NBEM
5 10 20 30 40 50 60 70 80 90 100 65 f . ! ! - . - . .
k 5 10 20 30 40 50 60 70 80 90 100

80 k

75 65
° 70 | <
S 65 2 60
2 607 2
B 55| creditt g
= redit-
£ credit-two s

45\/\/\\/’ ~ credit-two

405 1‘0 2‘0 36 4lO 50 60 7l0 8l0 9b 100 50 - L . - - - -

i 5 10 20 30 40 50 60 70 80 90 100

& 7

credit-one 1 credit-two ZE A [E k T B IE 5l A A< 45 B

Fig.7 Precision of positive samples of credit-one

90

o
W

x©
(=3

Precision/%

~
(=}

Precision/%
N

~
wn

and credit-two at different k

~RLS -=SVM
N~ | \Y S3VM
-SA - HF
-
~~NBEM
German

S 10 20 30 40 50 60 70 80 90 100

k

\
S

ustralian

5 10 20 30 40 50 60 70 80 90 100

Precision/%
hn NN
nowno

k

Japanese

5 10 20 30 40 50 60 70 80 90 100

k

8 German, Australian # Japanese i

EGIHERERE kK THHEE

Fig.8 Precision of positive samples of German,

Australia and Japanese at different k

&9

k

credit-one F1 credit-two B IEGIHARERE k TH F-11&

Fig.9 F-1 of positive samples of credit-one

90

85

F-1 measure/%

65

90

85
80
75
70

65

F-1 measure/%

80}
75t

70+

50 Australian
. _ __ _ ———
45

and credit-two at different k

~RLS - M

~+TSV. “=DAS3VM

- -HF
~~NBEM

5 10 20 30 40 50 60 70 80 90 100
k

German

F-1 measure/%

£

5 10 20 30 40 50 60 70 80 90 100
k

Japanese
e ——

5 10 20 30 40 50 60 70 80 90 100
k

10 German, Australian 1 Japanese fJ

EGIEREARRE kK TH F-1 18

Fig.10 F-1 of positive samples of German,

Australia and Japanese at different k



% 6 AT AR K F B E S T e AR AR 455
90 x4 credit-two T E K (s)
85->-<\ Tab.4 Computing time of credit-two(s)
< 80 E TSVM DAS3VM SAS3VM HF  NBEM
g sl 5 0.8188 6.0141 104.2540 05192  0.100 0
2 T ———— 10 07658 5.1149 86.2590 0.6520 0.115 9
< 7 :'if:“i"e - Avslan 20 0.800 6  6.330 6 115.3850 0.699 6 0.119 1
4 /L\\_\/\ 30 0.7909  7.459 3 136.0603 0.716 1  0.130 9
W10 70 30 40 =0 &0 70 EG S0 100 40 0.7037 6.8054 121.958 6 0.7284 0.117 5
k 50 0.6392 5.1527 91.5485 0.7375 0.130 5
B 11 ZEARE k T,SA 3 credit-one, credit-two, German,, 60 0.624 3 6.2912 954705 0.7534 0.154 0
Australian 1 Japanese 75 5 IEBI# A8 I-1 70 0.597 2  4.8824 99.4113 0.7756  0.198 5
Fig.11 F-1 of positive samples of German, Australia and
Japanese for credit-one and credit-two with SA at different k 800 0.978 7 6.3725 113.565 1 0.773 4 0.1310
90 0.545 1 5.2938 134.9450 0.793 3 0.146 3
German, Australian fl Japanese $(#5 5 £ 19 F-1 {1 100 0.498 4 5.599 9 100.730 0 0.743 9  0.120 3
4T T 3. credit-one, credit-two M German FJ ] - 3
SR |- AT B B £ £ R A 22 S German HERK
Tab.5 Computing time of German(s)
FEE RIS Y k=10, A 1026 MARICHEA, 2 k=
100 FUAF 190 B0 BRI BE A ) 5 Akt A 35 s 56 5~ E TSVM DAS3VM SAS3VM  HF NBEM
B 5 01991 0.4561 20.185  0.197  0.105
50, Australian Al Japanese FJ7E Mt #a T 22. d ik
% SA B A A 58 5 A0 4 69 2 B 10 0.1582 0.5495 30.646  0.162  0.095
. " : 20 0.1011 05637 38.980  0.136 0.063
ik 30 0.0938 0.6844 24.753  0.130  0.059
8.3.5 TR XS e Bl 40 01014 07141 17.605  0.135  0.058
R 3T WoR TGRS Ty 5 Ak M 5k 50 0.1158 0.664 2 20491  0.146  0.082
RS Py i NN I AN A RO S R N Top (R | 1 & 60 0.1187 0.8017 19.950  0.129  0.082
£ BRI kKRN, SA BT B K, 70 0.1998 0.8197 18.910  0.127  0.084
DAS3VM WK 22, Wa B 2 3] 5y i 7] o 4. 1 o 1 B 80 0.1117 0.8231 19.902  0.122 0.069
KORNEEHIE K ERAA — B AT R, A R s 90 0.2311 0.8967 19.5440  0.121 0.107
I, TS ) AH A K 100 0.190 9 0.8358 17.2590 0.159  0.073
#£ 3 credit-one it E BT (s) & 6 Australian T E B (s)
Tab.3 Computing time of credit-one(s) Tab.6 Computing time of Australian(s)
E TSVM DAS3VM SAS3VM  HF NBEM E TSVM DAS3VM SAS3VM  HF NBEM
5 1.3311 19.040 6 277.410 0 0.9450  0.197 0 5 0.0612 0.7418 18.2050 0.1822  0.054 6
10 2.109 6 27.0311 160.400 0 1.599 0  0.196 0 10 0.0559 0.5889 11.7884 0.1122  0.058 3
20 2.6758 16.1889 140.6710 1.7020 0.166 0 20 0.0440 0.864 3 249636 0.1116 0.0558
30 1.556 8 18.0556 154.520 0 1.8610 0.180 0 30 0.0413 1.8986 28.9885 0.1085 0.058 2
40 2,077 7 19.922 3 180.810 0 2.0210 0.172 2 40 0.0418 1.2133 31.2350 0.1074 0.063 5
50 2.3664  15.569 0 198.3550 2.0420 0.198 0 50 0.0404 1.4151 26.0007 0.110 1  0.064 1
60 1.426 5 14.872 2 172.594 0 2.1520  0.196 0 60 0.0439 1.1013 35.550 2 0.126 2 0.069 1
70 1.2918 11.903 7 164.757 0 2.389 0  0.195 0 70 0.1350 1.9270 251047 0.2213  0.069 2
80 1.136 7 11.017 7 240.143 0 2.293 0  0.207 0 80 0.1385 2.646 1 28.5658 0.2246 0.070 3
90 1.139 9 11.239 4 150.613 0 2.3140 0.223 0 90 0.1206 2.1317 15.8846 0.1122 0.071 8
100 1.051 0 11.509 1 156.1310 2.060 0 0.197 0 100 0.124 1 2.066 3 18.4381 0.1108  0.054 3
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% 48 %k

R 7 Japanese it E /I (s)
Tab.7 Computing time of Japanese(s)

k TSVM DAS3VM SAS3VM HF NBEM
5 0.070 0 0.5558 17.519 2 0.288 9 0.108 4
10 0.052 8 1.412 7 15.322 4 0.147 3 0.072 2
20 0.046 3 1.372 0 27.869 6 0.127 2 0.062 7
30  0.044 4 1.382 1 18.7345 0.121 3 0.054 8
40 0.044 8 1.281 9 19.142 7 0.116 5 0.076 8
50 0.148 5 1.973 8 19.467 8 0.1154 0.049 9
60 0.047 5 3.442 8 19.286 1 0.114 4 0.050 0
70 0.140 9 2.699 0 18.4201 0.113 3 0.052 0
80 0.144 2 2.1159 11.179 9 0.112 8 0.086 8
90 0.134 5 2.512 6 18,309 2 0.1117 0.073 8
100 0.040 9 2.2790 17.3691 0.1118 0.071 3
4 Z5ig

AR SCEE X Al A5 FH B A A B 84 45
PO A T — o B Bk 7 5 A S s B Y
SEH AR R TR SCHR B R T RNR SR
PEAEAEAR B 26 1 R R B AL, 5 ) J2 18 b i
BEA I /NTRPRICREAR BAE B0 R0 1 1 £ %L
B 19 WA L g 1 R 1 T 4R T LA s A A P E
ATTH W 5 R O T8 % R0 63 A4 0 R ok — 20 4 1 £ 1 il
DA PEBE. R BF XT38 KB B AY I ) 3 R A9 Bk A,
FA TR 5IARE S BRI E T 8 32K 5y
RS R8I 9D S A B AT 1]
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