% 29 %% 10 A AL A Vol. 29 No. 10
2009 4 10 A Journal of Computer Applications Oct. 2009

B4 :1001 - 9081(2009) 10 —2751 - 04
E T 2R Renyi Y IFIZ &R /N = 5 S #5 @ E 41 F Al £ 2

R A
(1. KRR EEAERE, R 300072; 2. INZRIMBUERE < it45Be, ¥r R 250014)
( sczgh2006@ sina. com)

W E:HF—AKRenyi A THLMFERETM,#ET —FFETFT =K Renyi HeIR D= L H@EH(LS-
SVM) A, @K AR B4 4e LS-SVM LR 474 SVM A AR 5 = Logistic & Ja #4  BP 4% 2 M £ ( BP-
ANN) 9 5 AT, R T B AR R VNG H AN BT TR Z LN E, I FR T LD, B A RIF -,
SFIES AT A, H =K Renyi 4 7| N4 b W 45 B L M AR RS 69, R, 838 RSN R ZHATR ZFBRAR B
FOMRIE RS TRANEZAH, RN EAHFXB]T 88% ,5LH BT o4k A2,

KW : =K Renyi i ; A =R XAF @ BAGATE XK@ ZA; FRK; BT 540 M5 B3EAR

hE 55 TP181 XEkRERS A

Prediction model of noniterative least squares SVM based on
quadratic Renyi-entropy

ZHAO Guan-hua"?

(1. School of Management, Tianjin University, Tianjin 300072, China;
2. School of Accounting, Shandong University of Finance, Jinan Shandong 25001, China)

Abstract: A learning algorithm of noniterative Least Squares Support Vector Machine ( LS-SVM) based on quadratic
Renyi-entropy was proposed in the article by using quadratic Renyi-entropy in financial distress prediction. By comparing the
model of LS-SVM based on quadratic Renyi-entropy with traditional LS-SVM, standard SVM, binomial Logistic regression
model and Back Propagation Artificial Neural Network ( BP-ANN), this paper concluded that either the number of training
samples or the computing time, the model of noniterative LS-SVM based on quadratic Renyi-entropy is remarkably better than
the others, as well as the stability. Indicated by demonstration analysis, the model of noniterative LS-SVM based on quadratic
Renyi-entropy is successful in financial distress prediction. Meanwhile, although the number of input variable has been
reduced by conspicuity test and gene analysis, the accuracy rate of the prognosis still reached 88% . In a word, the factor
analysis method has been successfully proved in the article.
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