Non-linearities and Time-Varying
Volatility Models

Autoregressive Conditional Heteroscedasticity
ARCH(1) Model

ARCH(q) Model

ARCH in Mean (ARCH-M) Model

Generalized ARCH or GARCH(p,q) Model

Asymmetric GARCH Models
- GJR or Threshold GARCH (TARCH) Model
- Exponential GARCH (EGARCH) Model



ARCH(1) Model
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Classical regression model follows OLS
assumptions (homoscedasticity).
However, the conditional variance is:
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ARCH(1) Model

Since classical regression model follows OLS
assumptions, OLS estimators are efficient.
However, with the conditional heteroscedasticity,
nonlinear estimation method (such as MLE) can
provide more efficient estimators.

Conditional log-likelihood of the model:
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ARCH(q) Model
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ARCH(q) process:
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ARCH-in-Mean Model
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ARCH process —Variance Equation:
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Test for ARCH Effects

Hypothesis: Hy: o= o= .= ;=0

|. Estimate Y, :IBX +& obtain &

2. Estimate
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obtain R?
3. Calculate TR? ~ #%(q)



GARCH(p,q) Model
Y, =P% +&

GARCH(p,q) process:
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Asymmetric GARCH Model

Glosten, Jagannathan & Runkle (GJR ) or
Threshold GARCH (TARCH) Model

TARCH(p,qr) Y, =f% +4
Conditional variance process:
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Asymmetric GARCH Model
Exponential GARCH (EGARCH) Model

EGARCH(p,q,r) Y, =BX% +&

Conditional variance process:
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