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Why perform uncertainty and sensitivity analysis of IAMs?
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* Are there nonlinear and persistent
(threshold) responses?

* What are the (deeply uncertain) risks?
* What controls the risks?

* How brittle are the results with respect to
improved representations of uncertainties
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Approaches to Uncertainty and
Sensitivity Analyses 1n IAMs

No formal inversion, “transfer pdfs”, neglect most correlations.
* Examples: Mclnerney and Keller et al (2008), Marten (2011), ...
« Simple method with interesting (but limited) insights.

* How to transfer pdfs?

» Still the predominant approach.

Consider correlations along conditional maximum a posterior (MaP)
estimates.

« Examples: Yohe et al (2004), Goes et al (2011),...

« Improves hindcast consistency and tail area representation, but
misses important uncertainties.

Full joint probabilistic analyses, without learning
« Examples: Pizer (1999), Urban and Keller (2009,2010).

. (?lc?bal sensiti\./i:cy .study (Butler eft al, in plzep) Increasing
Full joint probabilistic analyses, with learning
, , , power and
* Dynamic programming, agent based modeling, OSSE :
complexity

(Kelly and Kolstad, 1999, Keller et al, 2008, Peterson et al, 2003).

How does this work (or not) and why does this matter?



Two important tests:
(1) Does the model
represent key
mechanisms? (i1) Do
the hindcast credible
intervals have
appropriate coverage?

SNEASY (Simple Nonlinear
EArth SYstem model): coupled

nonlinear carbon cycle, climate,
and MOC models.

We are adding a dynamic
Greenland ice sheet flow model.

Full nonparametric posterior joint
parameter pdf through Bayesian
data-model fusion (MCMC).

SNEASY is open source and is
being integrated into DICE and
FUND.

SNEASY passes the laugh-test of
roughly appropriate past credible
intervals.

Urban and Keller (2010)
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What are the projections?



Using hindcasts to assess probabilistic projections:
Data vs DICE vs SNEASY
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Which uncertainty matters the most?
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The sensitivity analysis should resolve the effects of
important interactions within the reasonable parameter
range. => We need the joint pdf with correlations.




How to implement these correlations in IAMs?

* Simple: Use a stratified
sample of parameters and
apply rejection sampling
(ctf. Sriver et al, 2012).

* Intermediate: Sample
along maximum a posterior
conditional parameter
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estimates (cf. Yohe et al, .

2004, Goes et al, 2011).

* Advanced: Derive the full
joint pdf using MCMC and
then subsample the
parameter chain (Anthoff et
al, in prep.)
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Surface Air Temperature (ASAT) Observations
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— Learning affects the joint pdf in
complex ways.
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— The pdfs may be poorly
approximated by multivariate and
correlated normal distributions.
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Recommendations for MUG

Show probabilistic hindcasts over decision-relevant time-scales and
check modeling assumptions with these hindcasts.
Use inversion methods with reasonable theoretical underpinning

a) Windowing is simple and gets many important aspects
b) Conditional MAP estimates improve the analysis, at some computational costs.

c) MCMC is powerful, state-of-the-art, but nontrivial.
Account for correlations and interaction effects

a) Uncertainty analysis:
-> Windowing, conditional MAP, and MCMC

b) Sensitivity analysis
=> Sobols’ method or marginal projections

Choose sample size (and what you can sample) based on stability of the
results (not what would like or hope to do).
We need to move to full joint inversion

a) Computationally and conceptually nontrivial, but the state-of-the-art in other fields.
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Conclusions

. The range of high-resolution climate model runs 1s often
drastically overconfident and results in downwards biased

risk estimates.

. Model diagnosis and credible model projections hinge
critically on (a) probabilistic hindcasts over decision-relevant

time-scales and (b) the full joint parameter pdf.

. Neglecting parameter correlations can strongly bias

hindcasts, projections, and conclusions.

. Formal model inversion techniques such as MCMC provide
consistent and transparent avenues to probabilistic hindcasts
and the full joint parameter pdf.
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