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Estimating of CVaR with consideration of realized volatility and price range

YE Wu-si MIAO Bai—i
University of Science and Technology of China Hefei 230026 China

Abstract: There are lots of studies based on highHdrequency data including the estimating method and distri—
bution character of realized volatility and so on. In this paper the dependence structure between daily return
and realized volatility and that between daily return and price range are analyzed based on Copula method from
intraday high+requency data and daily returns. Joint distribution of one special type of data is estimated based
on distributions of different quadrants and CVaR with consideration of realized volatility and price range is al—
so calculated. An empirical analysis of highHrequency data from Shanghai and Shenzhen Stock Markets is
presented. By comparing the forecasting results the conclusion is obtained that the CVaR with consideration
of realized volatility forecasts market risks better.

Key words: Copula; realized volatility; price range; conditional value at risk



