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The Semiparametric Test for Aggregated Effect of Long Memory Property in Sock Mar kets Volatility

HE Jian - min', ZHAO Wei
(1. School of Economics and Management , Southeast University , Nanjing 210096 , China;
2. School of Business, Huaiha Institute of Technology , Lianyungang 222001, China)

Abgtract : Based on semiparametric methods, the aggregation effect of long memory property in stock mar-
kets volatility has been researched from two aspects: On one hand, stock returns are aggregated firstly,
then the long memory property of aggregated series is consdered; on the other hand, stock returns are
convened to volatility seriesfirstly , then the long memory property of aggregated volatility seriesisconsd-
ered The former consders the aggregated property of long memory parameter in volatility series, whilte
the latter studiestheinfluence of datafrequency onlong memory parameter in volatility. Startingfrom the
real stuation of Chinese stock markets and integrated consideration of the two facts, the aggregation invar-
iant effect of long memory property isfoundin volatility , which can also show the good effect of semipara
metric methods

Key words: volatility ; long memory property ; aggregated effect ; high frequency



