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Let’s start in familiar territory:  regression model

Why do we assess model fit?
How do we assess model fit?
What do we learn from this?



How much of this intuition can we take with us?

LINEAR REGRESSION                                               FORECAST (e.g. filter divergence)

What’s the difference?
What has changed?
What has stayed the same?



Hierarchical Bayes and forecasting can seem 
very open, and it can be hard to see what 
your best choice is.

Modeling is a free and creative process. 

Don’t worry about getting it right (it’s not), 
but how can you make sure that your model 
is useful?

(A) Can it give rise to new observations that 
properly resemble the original data?

(B) Does it add to our knowledge, resolve 
disputes, or add depth of understanding?

(C) Does it make useful forecasts?



Can the model give rise to new observations like the data?

It’s easy to focus on getting a good fit.
But you learn more from the surprises.



Can the model give rise to new observations like the data?



We can do this more formally thanks to a key feature of 
Bayesian inference: everything (except the data) is a 
random variable. We can sample from the posterior:
- Predictions, including missing data (forecasts)
- Latent variables
- Derived quantities
- etc

Check residuals                                                            Predict new data (ynew)from model
via the posterior predictive distribution

(Hobbs & Hooten 2015)

Can the model give rise to new observations like the data?



Bayesian p-values (PB)
Choose the things you care about.
Make posterior predictive draws.
Compare their distribution to the data.

Conventional p-value: 
Probability of observing a more extreme test statistic than that calculated from the data.

Posterior predictive check:
Probability that distribution of data generated by our model is more extreme 
than the distribution of the data.

What test statistic, T(y, θ ), should we use? 
Whatever we care about: mean, variance, kurtosis, maximum value, chi-squared value, …

This is easy to do. Just sample ynew at each MCMC iteration, and compare to data.

Can the model give rise to new observations like the data?



RMSE (std dev of residuals)

Correlation coefficient

SDmodel/SDdata (under or overpredict?)

Can the model give rise to new observations like the data?



Does the model add depth of understanding?

Data identified missing or 
wrong assumptions

Data allowed discrimination 
of alternative assumptions

More data needed to 
discriminatie alternatives

(Medlyn et al. 2015)



Does the model add depth of understanding?

Information criteria regularize an optimization,
balancing model fit, with model parsimony

Example Watanabe-Akiake Information Criterion (WAIC)

Pointwise predictive score

Effective number of parameters

Hey! It’s our old friend the 
posterior predictive distribution.



Does the model add depth of understanding?

By far, the best way to assess or select among models is to predict out of sample (oos)!
For example, using mean squared prediction error:



“History is a sequence of random events and 
unpredictable choices which is why the future 
is so difficult to foresee. But you can try.” 

- Neil Armstrong

“Data assimilation is not rocket science, 
but it can be used for that.” 

- Dave Moore



Does the model make a useful forecast?

Thanks!


