
Financial Econometrics
[EC5609]

Lect 7:Advanced Volality Modelling

Nicky Grant (Semester 1, 2021/2022)



Volatility Modelling- (Generalised)

Autoregressive Heteroscedasticity



Conditional Heteroskedasticy

Suppose we have estimated the conditional mean µt

Rt = µt + ut where we need to make some assumptions on the distribution of εt

Suppose ut|It−1 ∼ N(0, ht)

Where ht = σ0 + β1u
2
t−1 + β2ht−1

The GARCH(1,1) model

Can also consider ARCH models. e.g ht = σ0 + β1u
2
t−1

Or More general GARCH models with more lags of u2t and ht

Can test and select between using AIC/BIC and parameter restriction tests similar to

ARMA modelling
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Extensions to GARCH

Errors/shocks may not be conditionally normally distributed

GARCH does not allow asymmetric volatility effects- namely that the increase in

variance after a large down shock tends to be larger than for the equivalent up shock

GARCH doesn’t allow a risk-return tradeoff

All these we can extend using STATA software
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Asymmetric Volatility Effect
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GARCH(1,1) with generalised error distribution

Figure 1: GARCH(1) GED Model: Amazon

Weekly Stock Return 2000-2021
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GARCH(1,1) in mean Example

Figure 2: GARCH in Mean Model: Amazon

Weekly Stock Return 2000-2021
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Nelsons Exponential GARCH (EGARCH)

Figure 3: GARCH(1,3) Model: Apple Stock

Return 2000-2021
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Threshold GARCH (TARCH)

Figure 4: Threshold GARCH Model: Apple

Stock Return 2000-2021
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