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Stochastic Volatility Modeling of Shanghai Stock Exchange
Using MCMC Method
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Abstract: One method is by Markov chain Monte Carlo (MCMC) bias statistics method. In this paper, we
study the stochastic volatility of Shanghai Stock market, and estimate the parameters of the stochastic volatility
model (SV) of Shanghai Stock market based on the MCMC sampling, and implement the Gibbs software in the
WinBUGS software. By comparingthe parameters of SV-N, SV-T, SV-MT model, and according to discrimi-
native information criterion, we find the SV-T model is the best model in China reflecting the fluctuation of the
stock market of Shanghai which has peak thick tail characteristics, this model can also be used to step out of
sample forecasting volatility results.
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Tab.1 Bayesian estimation of SV model parameters
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Fig. 1 Posterior density function for SV-T model
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