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Modeling financial volatilities based on price range: theoretical

resaarch and empirical study

L | Hong quan*? ,WANG Shou-yang?
(1 School of Business, Hunan Normal University, Changsha 410081 ,China;
(2 Academy of Mathematics and Systems Science, Chinese Academy of Sciences, Beijing 100190. China)

Abstract : The classcal volatility models, such as GARCH , are return-based models, which are construc
ted with the data of closng prices. It might neglect the important intraday information of the price move-
ment , and will lead to loss of information and efficiency. This study introduces and extends the range
based autoregressive volatility model to make up for these weaknesses and obtain satiSactory volatility pre-
dicting performance. The results consistently show that the new model success ully captures the dynamics
of the volatility and gains good performance relative to GARCH model. Furthermore, wefind that thein-
cluson of the lagged return can significantly improve the forecasting ability of the volatility model , and the

leverage effect does exist in volatility.

Key words: volatility model ; price range; intraday information; forecasting performance



