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Stochastic Volatility Model vs. GARCH Model :
A Comparative Study

Y.H. Lee? S. Kim? S.Y. Hwang®

ABSTRACT

The volatility in the financial data is usually measured by conditional variance. Two
main streams for gauging conditional variance are stochastic volatility (SV) model and
autoregressive type approach (GARCH). This article is conducting comparative study
between SV and GARCH through the Korean Stock Prices Index (KOSPI) data. It is
seen that SV model is slightly better than GARCH(1,1) in analyzing KOSPI data.
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