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Table 1 Simulation results
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T =2 500
-1.500 0 0.980 0 0.0100 7.000 0
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0.103 1 0.005 5 0.001 3 0.222 17
RMSE 0.102 8 0.006 1 0.001 3 0.224 1
SCR ) 5 - )
T =4 000
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-1.4790 0.978 1 0.010 3 7.019 3
0.085 8 0.004 1 0.001 1 0.182 2
RMSE 0.087 9 0.004 5 0.001 1 0.182 3
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T =2 500 ‘ p . p 7 Y
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T = 4000 c B o B g3 v
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Fig. 2 Q-Q plots for generalized residuals for different models
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Fig. 3 ACF plots for generalized residuals for different models
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Fig. 4 ACF plots for squared generalized residuals for different models
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Table 4 Volatility forecast results
SSE SZSE HSI SPX
Panel A: RANG
RMSE
CARR .370 2 0.652 3 0.309 1 L2516
SCR .374 0 0.646 2 0.3111 .246 6
2FSCR .362 6 0.6356 0.304 3 .246 5
MAE
CARR .306 0 0.447 4 0.264 4 L1953
SCR .306 3 0.438 6 0.265 8 .1863
2FSCR .293 1 0.417 1 0.254 4 L1835
Panel B: RV
RMSE
CARR .463 5 0.6218 0.434 1 .303 4
SCR .456 2 0.599 0 0.426 8 .280 7
2FSCR .416 6 0.52717 0.3910 .269 7
MAE
CARR 4321 0.560 0 0.420 4 .286 6
SCR .420 5 0.53538 0.411 3 12622
2FSCR .3812 0.469 0 0.3755 .2505
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Two-factor stochastic conditional range model and its empirical study
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Abstract: Studies of volatility modelling and estimation usually rely on the returns information provided by the
closing prices whereas very few studies employ price ranges which incorporate more information on intraday
price movements to model volatility. The paper extends the classical conditional autoregressive range
( CARR) model and proposes a twofactor stochastic conditional range ( 2FSCR) model with Gamma distribu—
tion for price ranges. The proposed model mimics the structure of the stochastic volatility ( SV) model and can
capture the long—range dependence ( long memory property) of volatility. The maximum likelihood estimation
method based on the continuous particle filters is employed to estimate the parameters of the 2FSCR model.

Monte Carlo simulations show that the method performs well. The 2FSCR model is tested using data on Shang—
hai Stock Exchange Composite Index ( SSE)  Shenzhen Stock Exchange Component Index ( SZSE) Hong
Kong Hang Seng Index ( HSI) and United States Standard & Poor’ s 500 Index ( SPX) . The results show that
the 2FSCR model fits the data better than both the CARR model and the singlefactor SCR model. Model diag—
nostics suggest that the 2FSCR model can describe the extreme tails of the price range distribution better than
the CARR and SCR models and can capture the dynamics of the volatility ( time-varying volatility volatility
clustering and long memory property of the volatility) . Using the price range and realized volatility as the
benchmarks out-ofsample predictive ability of different models namely the CARR the SCR and the
2FSCR is compared based on the rolling window scheme. The results show that the 2FSCR model does have
superior predictive accuracy compared with the CARR model and the SCR model.

Key words: price range; CARR model; SCR model; 2FSCR model; continuous particle filters
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