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ARCH(ARCH(11) Model) ModelARCH(ARCH(11) Model) Model
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Classical regression model follows OLS 
assumptions (homoscedasticity). 
However, the conditional variance is:However, the conditional variance is:
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ARCH(ARCH(11) Model) Model
Since classical regression model follows OLS 

ARCH(ARCH(11) Model) Model

assumptions, OLS estimators are efficient.  
However, with the conditional heteroscedasticity, However, with the conditional heteroscedasticity, 
nonlinear estimation method (such as MLE) can 
provide more efficient estimatorsprovide more efficient estimators.
Conditional log-likelihood of the model:
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where t t ty xε β ′= −
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ARCH(q) ModelARCH(q) Model

xy εβ +′=

ARCH(q) ModelARCH(q) Model

ttt xy εβ +=

ARCH(q) process:ARCH(q) process:
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ARCHARCH--inin--Mean ModelMean ModelARCHARCH inin Mean ModelMean Model
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Test for ARCH EffectsTest for ARCH Effects
Hypothesis: H0:  α1= α2= ...= αq=0

Test for ARCH EffectsTest for ARCH Effects

ttt xy εβ +′=

yp 0 1 2 q

1. Estimate obtain t̂εttty β

2. Estimate
2 2 2 2
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obtain 2R
3. Calculate TR2 ~ χ2(q)
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GARCH(p,q) ModelGARCH(p,q) Model

xy εβ +′=

GARCH(p,q) ModelGARCH(p,q) Model

ttt xy εβ +=

GARCH( ) GARCH(p,q) process:
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Asymmetric GARCH ModelAsymmetric GARCH ModelAsymmetric GARCH ModelAsymmetric GARCH Model
Glosten, Jagannathan & Runkle (GJR ) orGlosten, Jagannathan & Runkle (GJR ) orGlosten, Jagannathan & Runkle (GJR ) orGlosten, Jagannathan & Runkle (GJR ) or
Threshold GARCH (TARCH) ModelThreshold GARCH (TARCH) Model

xy εβ +′=TARCH(p,q,r) ttt xy εβ +

Conditional variance process:

TARCH(p,q,r)

Conditional variance process:
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Asymmetric GARCH ModelAsymmetric GARCH ModelAsymmetric GARCH ModelAsymmetric GARCH Model
Exponential GARCH (EGARCH) ModelExponential GARCH (EGARCH) ModelExponential GARCH (EGARCH) ModelExponential GARCH (EGARCH) Model

xy εβ +′=EGARCH(p,q,r) ttt xy εβ +

Conditional variance process:

EGARCH(p,q,r)

Conditional variance process:
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