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A3 GARCH(1,1) 23 0 & S&P500A 4 289 w542 57 = 2.3839+ 0.073087_; +0.916357_ 1;
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£ 4.1 A% 234

]

=34

A3 GARCH(1,1)
A3 GARCH(1,1)-M

¥ 4% GARCH(1,1)-M

Yt = [+ €, Jf = w+a5%_1 +BJ?_1
Yt = Y0 + 71Yt—1 + v20¢ + &

of =w+ag;_y +Bo;_,

yt = f1(yt—1,0¢) + €t

op = fa(ef 1,07 3)

£ 4.2 AAASY i FH HeHla

S&P5004 4 AH& o] ZAEAD AR

MAE, MSE, MAE, MSE,,
A% GARCH(1,1)-M 9.4095 181.8694 6.0778 66.4699
HA4¥ GARCH(1,1)-M 9.0948 167.8461 5.9341 63.2494

2 4.3 AAAES] MEAH FAH Asu
S&P500A] 4= A& u] ZA)EAA D A=
MAE, MSE, MAE, MSE,
A3 GARCH(1,1) 3.0589 19.6339 2.2656 8.1864
¥ GARCH(1,1)-M 3.0367 18.9540 2.2641 8.1791
H|A¥ GARCH(1,1)-M 2.7846 17.4165 2.1508 7.7286
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Abstract

Least squares support vector machine (LS-SVM) is a kernel trick gaining a lot of
popularities in the regression and classification problems. We use LS-SVM to propose a
iterative algorithm for a nonlinear generalized autoregressive conditional heteroscedas-
ticity model in the mean (GARCH-M) model to estimate the mean and the conditional
volatility of stock market returns. The proposed method combines a weighted LS-SVM
for the mean and unweighted LS-SVM for the conditional volatility. In this paper, we
show that nonlinear GARCH-M models have a higher performance than the linear
GARCH model and the linear GARCH-M model via real data estimations.

Keywords: Generalized autoregressive conditional heteroscedasticity model, generalized
autoregressive conditional heteroscedasticity model in the mean model, generalized
cross validation, least squares support vector machine, weighted least squares support

vector machine.

' This research was supported by the National IT Industry Promotion Agency (NIPA) under the program
of Software Engineering Technologies Development.

1 Adjuct professor, Department of Applied Statistics, Catholic University of Daegu, Gyungbuk 702-701,
Korea.

2 Corresponding author: Professor, Department of Statistics, Dankook University, Yongin 448-701, Ko-
rea. E-mail: jtlee@dankook.ac.kr



