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1
Table 1 Basis statistics for data
Tee 0.082 0.248 2.098 -0.447 2.215
RK 3.322 2.032 3.861 4.070 30.056
2
Table 2 Parameter estimations for different models
B y ¢ d, d, d v Ie I(r x;0)
0.516 0.39%4 1.047 -0.17 0.067 - ®© - 2 087.88
™ (0.036) | (0.028) | (0.018) | (0.195) | (0.034)
0.518 0.396 1.036 -0.174 0.101 1.645 o - 2 088.97
(N0 (0.692) | (0.814) | (1.249) | (3.305) | (1.522) | (0.335)
0.508 0.424 0.993 -0.169 0.067 - 8.001 - 2 106.75
D (0.018) | (0.034) | (0.036) | (0.236) | (0.029) (0.333)
0.51 0.427 0.979 -0.173 0.102 1.632 7.976 - 2 107.98
(T (0.032) | (0.024) | (0.032) | (0.019) | (0.026) | (0.252) | (1.967)
0.508 0.433 0.967 -0.181 0.103 - 11.37 - 2 107.06
(e (0.018) | (0.022) | (0.090) | (0.047) | (0.042) (0.929)
) 0.51 0.409 1.023 -0.172 0.069 - 7.84 -0.224 2 124.85
(50 (0.312) | (0.149) | (0.181) | (0.105) | (0.013) (15.537) | (0.131)
N 0.512 0.412 1.011 -0.176 0.104 1.642 7.826 -0.223 2 125.98
(5T (0.477) | (0.773) | (0.574) | (0.520) | (0.527) | (0.337) | (1.315) | (0.319)
0.506 0.42 1.002 -0.209 0.117 - 11.409 -0.23 2127.72
(519 (0.027) | (0.051) | (0.032) | (0.055) | (0.016) (1.415) | (0.090)
(N s) (N)
t Realized
GARCH 2 300 (
1.
GAS
300
d<2
. GAS
1 GAS
Realized GARCH
« »
® (local polynominal regression) . ( )



Fig. 2 Nonparametric regression with In( RK) on first order lagged returns
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Fig. 1 Impulse responds function for different settings
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3 Realized GARCH VaR
Table 3 One step VaR forecast for different Realized GARCH models

«=0.1 . GAS
& . 1%
(N) 0.095 0.226 0.635
(T) 0. 106 0.341 0.559 GAS
(T s) 0. 106 0.341 0.559
(ST) 0.096 0.126 0.722 2. 5%o 1. 3%o.
(ST s) 0.098 0.056 0.813
a=0.05
P
(N) 0.063 2.447 0.118
(T 0.064 2.941 0.086 3
(T s) 0.063 2.447 0.118
(ST) 0.054 0.231 0.631
(ST s) 0.054 0.231 0.631 GARCH
a=0.01
P
(N) 0.020 6.262 0.012
(@) 0.018 3.715 0.054 GAS
(T s) 0.018 3.715 0.054 t Skewed—+ Realized
(ST) 0.008 0.553 0.457 GARCH
(ST ) 0.011 0.121 0.728 Realized GARCH
Skewed-# Realized GAS-GARCH
p Realized GARCH ’.
Skewed-# VaR
t
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Realized GAS-GARCH model and its application in Value-at-Risk forecast

WANG Tian—i ' HUANG Zhuo

1. School of Banking and Finance University of International Business and Economics Beijing 100029 China;

2. National School of Development Peking University Beijing 100871 China

Abstract: This paper proposed a new volatility model-Realized GAS-GARCH and derived its Quasi-MLE es—
timator for the model parameters. In the light of Generalized Autoregressive Score ( GAS) model *  this paper
extended Realized GARCH model ° to fat-ail distribution with an appropriated distribution dependent impulse
response function. Compared with the simple distribution modification the current model is more robust to ex—
treme returns. Empirical results from HuShen 300 high frequency data show that the Realized GARCH model
with GAS impulse response function outperforms traditional Realized GARCH structure with fatail distribu—
tions.

Key words: Realized GARCH; impulse response function; fat-tail; VaR



