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Computing information value R

Algorithm Calculate Ex[u(X, agptju)]

1: Take N samples of M ~ N (7.5,1)

2: form=1toNdo

3: fora=1to3do

4 Take n samples of R, and n samples of Cr.

5 Calculate n values of Y (a) using M = m and the samples of R, and Cr.
8: Calculate Ex, y[Ye(a))]

7 Calculate Ex, y[u(X, a)] = —Ex,u[Ye(a)] — cala)

Find u(X, agptip=m) = maxq Ex, mu(X, a)

9: Average the u(X, agpsu—m) over all m values to get Ex[u(X, Gptjm)]

Then Vi = Ex[u(X, doprim)] — Ex [u(X, aopt)]
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Computing information value iR

Algorithm Calculate Ex[u(X, agptju)]

1: Take N samples of M ~ N (7.5,1)
2: form =1toNdo
3: fora—=1to3do
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CLIMATE ADAPTATION DECISION-
MAKING

WEATHER

Home | Weather Warnings | Flood Warnings | Monthly Outlook | Coast and Sea | Help

' Double record-breaking year for UK
as 2025 confirmed as warmest and

sunniest on record e ——
England enters fourth heatwave as I ... of warming

- | will cause more

temperatures reach 33.4C B |- i) sdmissions

and heat deaths,
EEA report 01/2026 putting more strain = _

Overheated and underprepared: e
Europeans' experience of living with
CIimate Change Professor Antonio Gasparrini

Report (PDF) | Published 04 Feb 2026 Lead of the EHM Lab, LSHTM




CLIMATE ADAPTATION DECISION-
MAKING

1 December 2025 What is climate change adaptation and

UK social homes are unprepared for Whyisita priority at COP27?

rising heat as policy fails to keep pace, g
new research warns

4

Women and Extreme Heat: Simple
Adaptations Make a Big Difference

Europe, Physical Risk, UK July 14, 2025

@ Kate Schecter - CEO of World Neighbors

Employers tOId to inveSt in CIimate Comment Published: 29 January 2026
ad aptations as workers feel the heat Climate change adaptation must consider older people

Liming_Yao, Shigi Tan, Chengwei Lv, Nan Wang, Yoshikuni Yoshida & Yin Long &8

By Florence Jones

Nature Human Behaviour (2026) | Cite this article

177 Accesses | 2 Altmetric | Metrics

Older adults face higher risks from climate change. We propose an age-sensitive climate

adaptation framework, which emphasizes non-digital communication, financial

assistance and community-based strategies for older populations.
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BAYESIAN DECISION ANALYSIS

How can we make decisions under uncertainty?

We might be

all of these!
Possible decision

options




A BRITISH DECISION

State of nature: will it rain tomorrow?

Decision options: wear a raincoat OR don't wear a raincoat
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State of nature: will it rain What is the utility of each of our decisions, given a
tomorrow? particular state of nature?

Weather forecast: 67% chance of rain tomorrow

Decision options: wear a raincoat + 5 (stay dry!) -2 (too hot)

OR don't wear a raincoat -10 (got rained  +10
on) (comfortable)



A BRITISH DECISION

State of nature: will it rain What is the utility of each of our decisions, given a
tomorrow? particular state of nature?

Weather forecast: 67% chance of rain tomorrow

Decision options: wear a raincoat + 5 (stay dry!) -2 (too hot)

OR don't wear a raincoat -10 (got rained  +10
on) (comfortable)

What do you want to do?



A BRITISH DECISION

Pick your decision

+ 5 (stay dry!) -2 (too hot) Roll dice: 1,2, 3, or 4: it rains
-10 (got rained  +10 Oll'your dice. 5 or 6: it doesn't rain
on) (comfortable)

What is your utility?
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Bayes optimal decision

Select the decision that maximises expected utility:

Bayes decision under utility U

Select the decision d* such that

d* = arg U6, d)p(#) = arg max U(d
Mgmgxg; (6. d)p(6) = argmax U(d)
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Bayes optimal decision

Select the decision that maximises expected utility:
Bayes decision under utility U
Select the decision d* such that

d* = arg U6, d)p(#) = arg max U(d
mgm;ﬂgé} (6. d)p(6) = argmax U(d)

Weather possibilities
Utility of a particular

decision given a
particular weather



THE BAYES OPTIMAL BRITISH

DECISION

Bayes decision under utility U

Select the decision d* such that

d* = arg U6, d)p(#) = arg max U(d
Mgmgxgé} (0. d)p(0) = argmax U(d)

Raincoat: E[U(raincoat)] = No raincoat: E[U(nho raincoat)] =
U(rain, raincoat) x P(rain) + U(rain, no raincoat) x P(rain) +
U(no rain, raincoat) x P(no rain) U(no rain, no raincoat) x P(nho rain)



THE BAYES OPTIMAL BRITISH

DECISION

Bayes decision under utility U

Select the decision d* such that

d" = arg max Z U6, d)p(#) = arg max U(d)

d
HcO
Raincoat: E[U(raincoat)] = No raincoat: E[U(nho raincoat)] =
U(rain, raincoat) x P(rain) + U(rain, no raincoat) x P(rain) +
U(no rain, raincoat) x P(no rain) U(no rain, no raincoat) x P(nho rain)

=(5%x4/6)+(-2x2/6)=+2.67 =(-10 x 4/6) + (10 x 2/6) = -3.33



THE BAYES OPTIMAL BRITISH

DECISION

Select the decision d* such that

d* = arg U6, d)p(#) = arg max U(d
Mgmg:; (0. d)p(0) = argmax U(d)

Raincoat: E[U(raincoat)] = No raincoat: E[U(nho raincoat)] =
U(rain, raincoat) x P(rain) + U(rain, no raincoat) x P(rain) +
U(no rain, raincoat) x P(no rain) U(no rain, no raincoat) x P(nho rain)

=(5%x4/6)+ (-2 x2/6) = #2.67 =(-10 x 4/6) + (10 x 2/6) = -3.33




A MORE COMPLICATED BRITISH

DECISION

But what if the parameters of our decision change?
* What if the probability of rain is only 50%? 30%?
 What if our utilities are different?

* What if we are deciding between multiple jacket options?



MY RESEARCH

« How do we make climate adaptation decisions?

* How can we account for uncertainty in climate information?
« How can we account for uncertainty in decision information?
« What makes a decision robust?

e How can we make decisions over time?
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DECISION

Expected annual impact in Exeter

Do nothing
Modify working hours
Buy cooling equipment
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Utility
60 1 Do nothing
Modify working hours
7 Buy cooling equipment
60000 70000 80000 90000 0 T T T T T T T T
Days of physical work lost per year 6.0M 80M 10.0M 12.0M 14.0M 16.0M 18.0M 20.0M
Cost (in millions of £)
40 A
>
(9]
c
$ 30 4
Nonfinancial loss g 30
1000 - n n g 3 Do nothing &
1 Modify working hours
I Buy cooling equipment 20 4
10 4
>
g
d,: do nothing g e : : : ; :
0.1 0.2 0.3 0.4 0.5 0.6
. . Utility
d,: modify working hours
ds: buy cooling equipment

4 6
Nonfinancial loss




DECISION UNCERTAINTY

Varying all risk-related inputs, how uncertain
is...

Also varying decision-
related inputs...

the predicted risk? the optimal decision?

Uncertainty of risk:
varying risk inputs

Uncertainty of decision:
varying risk inputs

how does decision

uncertainty change?

Uncertainty of decision:
varying risk & decision inputs

1 optimal decision
N #‘x 2 optimal decisions . #

i o~
% g 3 optimal decisions
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2 optimal decisions . <
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Greatest uncertainty inrisk, Now any decision could be
but only optimal in most locations

Selected risk-related

Selected decision-

inputs

related inputs

How sensitive is the optimal decision to...

Choice of exposure model

Warming level

P Een -
i
s
po e ~
-« /

Cost per day of work

Decision is
often

to the
risk-related
inputs

Decision Sensitivity

Some inputs
have a greater
impactonthe
decision in
certain regions
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