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C Take forecast errors as primitives.  Why?

- Effects of estimation error vanish quickly
- Facilitates important comparisons, e.g.:

Model vs. SPF GDP forecasts
Model vs TIPS inflation forecasts

C GR effectively use .

Is that really the right loss function?



Predictive Accuracy Tests I: Unconditional (Continued)

Under ,   

(Diebold-Mariano, 1995)



Predictive Accuracy Tests I: Unconditional (Continued)

Under ,   

(Diebold-Mariano, 1995)



Predictive Accuracy Tests II: Conditional

“Offline” - full sample estimation



Predictive Accuracy Tests II: Conditional

“Offline” - full sample estimation

“Online” - recursive estimation, recursive residuals, cusum etc.



Predictive Accuracy Tests II: Conditional

“Offline” - full sample estimation

“Online” - recursive estimation, recursive residuals, cusum etc.

Nonstationary (“Indicator”) X’s:  Breaks, Trends, ...



Predictive Accuracy Tests II: Conditional

“Offline” - full sample estimation

“Online” - recursive estimation, recursive residuals, cusum etc.

Nonstationary (“Indicator”) X’s:  Breaks, Trends, ...

Stationary X’s: Stage of the business cycle, vol bursts, ...



Predictive Accuracy Tests II: Conditional

“Offline” - full sample estimation

“Online” - recursive estimation, recursive residuals, cusum etc.

Nonstationary (“Indicator”) X’s:  Breaks, Trends, ...

Stationary X’s: Stage of the business cycle, vol bursts, ...

Midway: Crises, ...
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Final Thoughts

C Multivariate
- y vector may differ across models
- Compare subsets of the y vector

C Extension to posterior odds calculation

C Extension to nested models
- Again facilitates important comparisons, 

such as SW vs. BVAR!
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