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Stochastic Processes, Information Dissemination and Hedging Function
——Based on the Empirical Research of Chinese Treasury Bond Futures and Spot Index

FU Jianru, WANG Juan, YE Menghua
(School of Finance,Jiangxi Normal University, Nanchang,Jiangxi 330022, China)

Abstract: This paper investigates the stochastic processes of Chinese Treasury bond futures and spot
index using the method of ADF three —stage test. By applying co—integration test, grange causality test
and variance decomposition test, this paper studies the leading and lagging of futures and spot prices and
the information transmission mechanism. Dynamic EC—VAR—DCC—GARCH model was used to explore
the hedging function of Treasury futures and the selection of hedging model. The empirical results show
that both futures and spot indexes of Chinese government bonds exhibit a pure random walk process. There
is a long—term stable equilibrium between Treasury futures and spot. In the long run,the spot price leads
the futures price, information is transmitted from the spot market to the futures market,and the futures
market adjusts to achieve the long—term stable equilibrium of the futures spot price. However, the adjust-
ment speed is relatively slow,and there is a long— term unstable equilibrium state of the futures spot price.
In the short term,futures prices are ahead of spot prices, which are guided by futures prices and informa-
tion is transmitted from the futures market to the spot market. Whether in or out of sample, the one—day
hedging effect of Treasury bond futures is not ideal. Using the main contract for hedging is better than u-
sing the other two contracts. There is no significant difference in hedging efficiency between static models.
The in—sample hedging efficiency of the dynamic model is slightly better than that of the static model, but
the out—of —sample hedging efficiency of the dynamic model is significantly lower than that of the static
model.

Key words: treasury bond futures;stochastic processes;information dissemination;hedging
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