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The Model Reset and the Efficiency of Futures Hedging

FU Jianru' YE Menghua' WAN Wenhao®
(1. College of Finance Jiangxi Normal University Nanchang Jiangxi 330022 China;
2. Jiangxi Provincial Expressway Investment Group Company Ltd Nanchang Jiangxi 330025 China)

Abstract: Market is constantly under new shocks in hedging practice and volatility is varying from minute to mi—
nute thus long-term historical data may mislead investors. The traditional hedging method is to estimate the optimal
hedging ratio in the current period by using full historical samples nevertheless does stock market and stock index
futures yield has long memory in China? Is early sample information reliable? To answer this question it is attemp—
ted to propose the concept of model reset that is maintaining a certain number of samples for each modeling introdu—
cing new sample in time sequence and eliminating early sample in one-step-ahead forecast. On this basis CCC DCC
and GOGARCH models are selected which can effectively depict the long memory of market returns to estimate the
time-varying hedging ratios of CSI 300 CIC 500 SSE 50 stock index futures in China and then compare the hedg—
ing efficiency before and after the model reset. The results show that the hedging efficiency is higher after model re—
set and the shorter the reset period ( the fresher the sample) the higher the hedging efficiency. It illustrates that
early historical data should be avoided in hedging China’s stock assets with CSI 300 CIC 500 SSE 50 stock index
futures.

Key words: long memory; hedging; model reset; GARCH models



