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Table 2 Mean loss of volatility forecasts based on different models
X, c c P P’ GK GK" RS RS’
L 52.03 51.05 50.90 49.95 51.54 50.41 52.45 50.97
L, 5.29 5.12 5.03 4.84 5.16 4.90 5.31 4.99
Ly 0.97 0.93 0.89 0.85 0.92 0.85 0.95 0.88
L, 0.35 0.33 0.32 0.30 0.33 0.31 0.34 0.32
L, 52.40 51.17 50.59 50.09 51.39 50.30 52.77 51.60
L, 5.33 5.15 4.97 4.84 5.12 4.83 5.32 5.01
t Ly 0.98 0.94 0.88 0.85 0.92 0.84 0.96 0.88
Ly 0.36 0.35 0.32 0.31 0.33 0.31 0.34 0.32
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Table 3 Results of the Diebold-Mariano test
c P P GK GK” RS RS"
= C 2.07%* 2.64%* 3.27%* 1.06 2.33% -0.07 1.60
hg P -1.27 - 3.57%* -2.33% 1.62 ~2.65** 0.31
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Table 4 Results of Hansen’ s superior predictive ability ( SPA) test
SPA, p- SPAc  p- SPAu  p-
C 0.001 2 0.001 2 0.001 2
o (on 0.002 4 0.002 4 0.002 4
'I%.lij P 0.005 0 0.005 2 0.005 8
}"—‘1 P* 0.5122 0.854 2 0.999 2
i GK 0.002 6 0.002 6 0.002 6
:,L“; GK” 0.172 4 0.260 2 0.5190
= RS 0.001 6 0.001 6 0.001 6
RS” 0.018 6 0.024 4 0.025 8
Cc 0.000 0 0.000 0 0.000 0
s - 0.002 6 0.002 8 0.002 8
% P 0.070 6 0.101 2 0.150 4
Q:\{ P’ 0.422 2 0.709 8 0.9352
t‘?; GK 0.021 2 0.024 0 0.024 6
é GK” 0.5252 0.743 8 0.9340
= RS 0.004 0 0.004 0 0.004 0
RS” 0.015 6 0.018 8 0.018 8
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Table 5 Forecasting results for VaR and CVaR
c c p P’ GK GK” RS RS’
1*’%‘ Loss 298.99 298.04 294.08 294.07 292.07 291.83 290.95 290.49
g DM — 0.53 1.917% 2.317%* 2.27%* 2.56** 2.38%* 2.427%F
%
-1::_—( SPA 0.015 4 0.017 5 0.038 5 0.065 5 0.1555 0.242 8 0.392 3 0.5112
§ Loss 97.31 96.57 90.61 89.56 92.97 88.15 91.57 88.54
=
2| DM — 0.20 1.40" 1.45 0.82 1.30" 0.93 111"
§
= SPA 0.068 2 0.0825 0.246 5 0.276 1 0.1253 0.497 7 0.2113 0.432 3
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Volatility forecasting based on daily frequency prices
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Abstract: Within the GARCH-X framework put forward by the authors this paper considers several new vola—
tility forecasting models based on daily high low opening and closing prices of financial assets. These models
combine the GARCH modeling procedure and the results of volatility estimation in the early literature and
therefore extend the static estimators into the dynamic driving factors of volatility. Empirical results with the
daily prices of the Composite Index of Shanghai stock market over the last decade reveal that the forecasting
performances of these new models for volatility and Value-at-Risk are significantly better than the traditional
GARCH model.
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