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Table 2 Simulation results 1 for the two-step estimation method
T =200 T =400 T = 800 T =1200
XT -0.516 8 0.234 1 -0.464 6 0.170 2 -0.4150 0.153 1 -0.420 1 0.143 2
ﬁT 0.626 2 0.099 3 0.653 9 0.076 0 0.678 3 0.063 4 0.680 8 0.057 5
A op -0.42 0.68. 5 000 Monte Carlo
3 2
Table 3 Simulation results 2 for the two-step estimation method
T =200 T =400 T = 800 T =1200
;\\T -0.3813 0.148 8 -0.3205 0.0950 -0.269 9 0.074 3 -0.2812 0.067 8
ﬁT 0.460 5 0.1151 0.514 1 0.092 1 0.5527 0.078 8 0.5422 0.072 9
A op -0.28 0.54. 5 000 Monte Carlo
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Table 4 Forecasting performance of the competing models under 12 different accuracy measures
MAE MAPE MSE MSPE
/10° /10°
ES 4.506 4 0.280 0 4 4.104 5 4 0.133 8 4
LinGau 4.026 8 0.225 6 3 3.796 8 2 0.126 6 3
LogGau 4.080 7 0.220 3 1 4.026 3 3 0.113 9 1
ARFIMA(2 d 0) 4.925 4 0.289 9 5 6.341 6 5 0.356 8 5
ARFIMA(1 d 0) 5.2196 0.309 9 6 6.767 1 6 0.373 7 6
ARFIMA(1 d 1) 10.290 0.650 8 7 96.955 0 7 4.740 1 7
3.957 6 0.223 6 2 3.6915 1 0.117 4 2
b=1 b=-1 b=2 b==-2
/107 /10° /10® /10?
ES 4.565 3 1.034 9 3 1.131 1 5 5.956 0 3
LinGau 4.246 0 0.9759 2 1.083 0 2 5.8150 2
LogGau 4.3850 1.059 2 4 1.0855 3 6.456 0 4
ARFIMA(2 d 0) 9.988 0 1.3230 5 3.9232 4 7.8152 5
ARFIMA( 1 d 0) 10.610 0 1.419 2 6 4.151 4 6 8.410 0 6
ARFIMA(1 d 1)  |1158.0000 5.550 8 7 4 265. 200 7 33.151 0 7
4.126 5 0.9452 1 1.046 3 1 5.6135 1
b=3 b=-3 b =4 b=-4
/100 /10" /1072
ES 3.118 3 4,014 5 2 9.564 2 3 3.2839 2
LinGau 3.119 0 4,054 0 3 10.019 0 5 3.328 1 3
LogGau 3.029 8 4.617 1 4 9.4527 1 3.908 0 4
ARFIMA(2 d 0) 18.154 0 7.649 4 5 94.030 0 7 13.807 0 6
ARFIMA(1 d 0) 19.154 0 8.144 4 6 9.905 5 4 14.306 5 5
ARFIMA(1 d 1) | 186.8600 79.653 7 7 88.506 0 6 373.317 2 7
2.983 6 3.9258 1 9.478 0 2 3.267 4 1
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Table 5 SPA results for different realized volatility models
LinGau LogGau | ARFIMA(2 d 0) | ARFIMA(1 d 0) | ARFIMA(1 d 1) ES
MSE 0.989 7 1.000 O 0.999 4 0.999 9 0.955 8 0.931 3
MAE 0.999 3 1.000 0 1.000 0 1.000 0 1.000 0 1.000 O
MSPE 0.902 5 0.188 8 0.919 2 0.999 9 0.916 2 0.999 8
MAPE 0.904 1 0.146 4 1.000 0 1.000 O 0.999 9 0.946 7
LinGau LogGau | ARFIMA(2 d 0) | ARFIMA(1 d 0) | ARFIMA(1 d 1) ES
b =1 0.948 3 0.882 4 0.996 9 0.983 2 0.9133 0.9322
b=-1 0.999 9 1.000 0 0.993 3 1.000 0 0.999 8 1.000 0
b =2 0.9259 0.528 1 0.993 4 0.961 3 0.9115 0.844 5
b=-2 1.000 O 1.000 O 0.906 2 1.000 O 1.000 O 0.999 9
b =3 0.926 6 0.257 1 0.988 3 0.945 1 0.910 1 0.867 7
b=-3 0.994 4 0.999 9 0.865 7 0.998 5 0.993 6 0.999 9
b =4 0.934 5 0.158 6 0.982 3 0.936 2 0.908 9 0.909 0
b=-4 0.715 5 0.996 9 0.887 9 0.961 3 0.972 8 0.945 6
10000  bootstrap SPA p
4
Monte Carlo
Box-Cox Hansen  Lunde
SPA
Box-Cox ( 12 )
AR(1) ARFIMA 7
Box-Cox 6
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Short-term volatility forecast model and its performance evaluation

YANG Ke'> CHEN Lang-nan’

1. College of Economics & Management South China Agricultural University Guangzhou 510642 China,;
2. Lingnan College Sun Yat-sen University Guangzhou 510275 China

Abstract: A semiparametric time series model through power transformation and not setting the dependency
structure and distributional form of its error component is proposed to forecast the volatility in Chinese stock
markets. The model is estimated by an extreme value estimator based the two-stage estimation method and this
estimation method works fairely well in finite samples. In addition a bootstrap SPA test is used to evaluate the
predicting accuracy for the proposed model and other 6 models. The empirical results show that under various
loss functions the proposed model is the best model for volatility forecasts among the 6 models in Chinese
stock markets.

Key words: realized volatility; semiparametric model; SPA test
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