Model assessment
Jason MclLachlan, Notre Dame
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Let’s start in familiar territory: regression model
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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?
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All models are
wrong, but
some are
useful.

- George Box

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?
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Can the model give rise to new observations like the data?
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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 Markov Chain Monte Carlo » 173 Predict new data (y"¢")from model
1 via the posterior predictive distribution
] [9 Frmw | V} X |:V | 0 1_~rl€w} [9 ,‘,He’w:|
ié | % _ - [ s - -
g g I 1ew ... new .
: - VY'“"ly] = [ [y""|0] [8]y]d6
o D“_: |
i - c | = ]
T T T T T 1 T T T T T 1 _E 2
lteration lteration > & . § -
Figure 7.3.4. A trace plot of a chain that has not converged will “wander” among = E 7
different values of the parameter, so that the band of values is not level and well mixed -
(left panel). Compare with the trace plot of the converged chain in the right panel. =9 : : : : : E i
] 5 10 15 20 o 5 10 15 20 5
X e

(Hobbs & Hooten 2015)



Can the model give rise to new observations like 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.

Py =Pr(T(y"".0)> T(y.0)y)

What test statistic, T(y, 0 ), should we use?
Whatever we care about: mean, variance, kurtosis, maximum value, chi-squared value, ...

This is easy to do. Just sample y™"* at each MCMC iteration, and compare to data.



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

RMSE (std dev of residuals)
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Figure 16-3 Taylor Diagram assessing the ability of 20 ecosystem models to predict daily mean GPP
across 39 eddy-covariance towers. Data are located at point A. The multi-moedel ensemble mean (0, P)
had the lowest RMSE and highest correlation but underpredicted the true variability. A cluster of models
(G, M. L. W) had a slighty lower correlation and higher RMSE but had similar variability to the
observations. The MODIS GPP products (Q. R, 5] performed worse than most models and substantially
underpredicted the true variability in the system. [Schaefer et al. 2012)
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Does the model add depth of understanding?

Model-experiment synthesis
Questions/

Testable
predictions

Experimental
manipulations

Modal

Compare with
|
data and raject invalid Madel synthesis
assumptions,
hypaothesas

Dilagnose differances
In medalling hypothesas.

Mult-
model hypothesis
predictions

developmeant

Plank tissue

(s

turnovar

Increased belowground
Priming C alincation
= J ] N T—

1-"/} ‘\ \ ’5_—
a'ua13hlll‘ly AR

: NN )

ﬂfl&'@

El'mhuﬂl lumﬂ'l el:_

Data allowed discrimination
of alternative assumptions
More data needed to

discriminatie alternatives

(Medlyn et al. 2015)




Does the model add depth of understanding?
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Does the model add depth of understanding?

By far, the best way to assess or select among models is to predict out of sample (0o0s)!
For example, using mean squared prediction error:

 (Yoos,i = Foos,i)’
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“Data assimilation is not rocket science, “History is a sequence of random events and
but it can be used for that.” unpredictable choices which is why the future
- Dave Moore is so difficult to foresee. But you can try.”
- Neil Armstrong



Does the model make a useful forecast?
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