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Volatility forecasting models for CSI300 index futures

WEI Yu
School of E conam ics& M anagen ent Sou hw est Jiaotong Un wersity Chengdu 610031 Chna

Abstract Taking 5m inutes high- frequency mock trading data ofCSI300 ndex futures as exanple the outof
sample daily volatility predictbns of these models are calculated by usng rollng predicting method and a
bootstrap SPA test is used to evaluate the predicting accuracy for different h istorical vohtilitymodels and reat
ized volatility models The empirical resulis show thai realized volatility model based on high-frequency data
and the extended SV model are superior to othermodels However the GARCH and its extended mode] which
are popular in fnancial academe and practice perfom worst for volatility predicting of CSB00 index futures
Key words CSI300 ndex futures realized volatiliy mode] SV mode] GARCH mode] SPA test



