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1 SVM s
Table I Output resulis of conventional SVM s

steps Lamb da Error E bow Support M argin
1 20. 166 803 45 2 200 127 166 31
100 6. 862 707 41 13 188 99 857 90
200 2. 188 731 36 17 172 84 919 02
300 0. 481 014 32 27 165 72 106 25
400 0. 038 890 28 31 154 61 291 64
443 0. 009 902 23 36 151 53 318 63

2 FSVMs
T able 2 Output results of FSVM s

steps Lambda Erwor E bow Support M argin
1 20. 166 803 45 2 200 127 166 31
100 6. 862 707 41 13 188 99 857 90
200 2. 188 731 36 17 172 84 919 02
300 0. 481 014 32 27 165 72 106 25
400 0. 038 890 28 31 154 61 291 64
500 0. 001 871 24 41 146 49 992 57
600 0. 000 099 17 47 145 38 871 35
6 7 3 FSVM's . ,
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32

3 FSVM s
Table 3 Classification results of FSVM sw ith three k ernel fanctions
K emel Steps Lanbda ErrorE bow Support M argin Correctness
Linear 120 0. 26 54 171 122. 98 73%
Poly 360 0. 00 51 148 109. 80 74 3%
Radial 600 0. 00 12 137 34. 78 94%
P
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Table 4 F nanc il index of 1sted corporation
(%)
5 FSVMs
Table 1 Traning and predicting results of FSVM smod el
train prediction
M odel sV n n, n, accuracy I ermor II emor
SWM s 67 13 4 9 87% 96% 91%
FSVM s 60 8 3 5 91% 97% 9%
6 SW's FSVMs
Table 6 Perfomance of SVM s and FSVM s
year accuracy I eror Il eror
SVM s FSVM s SWM s FSWM s SVM s FSVM s
t- 3 81% 91% 96% 9% 91% 9%
- 4 2% 80% 76% 8F% 80% T
t-= 5 51% 65% 66% 70% 53% 64%
ST ST (
s
. ), SVM's FSVMs
6} , FSVM s
SVM s s 1 2
, 9 1% 4% 4%.
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Predicting financial distress of listed corporations based on fuzzy support vec-
tor m achine

YANGH ai-jun, TAI Let
School of M anagement and Econan ic Behang Unwersity Beijing 100191, Chna

Abstract The support vectormachine ( SVM) has been applied to the problem of bankruptcy prediction and
proved to be superior to canpeting methods such as the lnear muliple discrin nant appwaches logistic re-
gressbn and the neural nework However conventbnalSVM enploys he structural risk m inin izaton princr
ple thus enpirical risk ofm isclassificatonm ay be higher especiallywhen a pont to be classified is close to
the optm izaton hyperplane Furthemore SVMs are very sensitive to outliers or noises because of overfitting
problen. In this paper FSVM was proposed to dealw ith the comporate fnancial distress prediction First a
propermembersh p modelwas used to fuzzy all the ranng data of positve/negatve class Second the outlr
ers were detected by the poposed outlier detectionmethod (ODM ). The ODM was a hybrid method based on
the fuzzy cmeans (FCM ) algorithm cascaded w ith an unsupervised neural newvork called self-organ izingm ap
(SOM). Finally FSVM was applied to corporate fnancial distress prediction and experical resulls nd icated
that the proposed FSVM s actually reduced the effect of outliers and yielded hgher classification rate than
SVM s

Key words corporate financial distress fuzzy support vectormachnes predicton



