View metadata, citation and similar papers at core.ac.uk

brought to you by .{ CORE

provided by Xiamen University Institutional Repository

EENZETM: GARCH 1225
(S A ES
RIFAL FHEH

(L BENkFemi; 2 HEMEXF)

[ 1 ARk EaD RN, X ALT N LHFEG I FIEA L ZAT
HAANAEAY T8 A 3 B A £ 37 RI 3HE B8 A48 SO0 AT AT o438 69 57
KA, ENMREELS () &, GARCH (1, 1) #AFAEZLEES, WA
e 1 Ak, {2AMEK IR (— M) B, REEHNETSELEK S, R
Big B, RTHLHAAEK, T RIRGE LR AR LT, (&4 50F 697 MRk
71 A ARTE

[ 44 % GARCH #& {Z4&4%
F830 A

i

Volatility Forecast: GARCH Model vs
Implied Volatility

Abstract: It is an interesting question that which is more efficient in forecas-
ting the future volatilities, the time series models based on historical data or implied
volatilities obtained directly from the option prices. T he study based on Hang Seng
Index ( HSI) options suggests that when the forecast horizon is one week, the
GARCH (1, 1) volatilities contains all information in implied volatilities, while
the result is the opposite and implied volatilities are more efficient in the prediction
of future volatilities when the horizon is one month. The larger the option trading
volume, the more the information contained in implied volatilities.
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