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Abstract: GARCH family models have been widely used in financial risk measurement. There is double long
memory characteristic in stock market. That is returns and fluctuations series of stock prices usually have long {5 AH 28 33
memory feature respectively. Hereby, by using Shanghai and Shenzhen stock markets returns series, double-long-
memory GARCH family models with different distributions are comparative analyzed, based on the instruction of
VaR computation and PCS indicator which can be used to measure investment risk and risk disgust degree
respectively. As fitting and forecasting results shown, skewed t distribution can describe the "fat tail" feature of WA
stock markets, and under the small VaR condition the ARFIMA(2,d,,0)-FIAPARCH(1,d,,1)-skt model show stronger

forecast ability to the fluctuation risk of stock market while the ARFIMA(2,d,;,0)-HYGARCH(1,d,,1)-skt model

present stronger ability to the trends of rise and fall.
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