From risk to action: Climate decision-
making under deep uncertainty

We want to make the best adaptation decisions possible, given
uncertainty about climate risk. What drives decision robusthess?
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 Selectvalues for risk-related inputs, e.g. warming level

* Model the distribution of risk in annual days of work lost

 Selectvalues for decision-related inputs, e.g. cost of
Implementing each decision

 Selectthe decision with the highest expected utility to
the company across the distribution of risk

* Conduct uncertainty and sensitivity analysis to explore
how the decision responds to variation in all inputs
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What’s next?

Apply this decision-making framework to a

£id ible in th . | real-world example to understand
contident as possible in the optima uncertainty and sensitivity of decisions in a

decision despite uncertainty. more complex context.

By analysing the uncertainty and
sensitivity of decisions, we can be as
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