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Climate adaptation decision-making

How can we make robust climate adaptation decisions?

Uncertainty in climate risk:
• Climate projections
• Exposure and vulnerability
Uncertainty in characteristics of decision options:
• Financial costs
• Efficacies
• Characteristics of decision-makers



Our questions

Where are different adaptation 
options most often optimal?

How uncertain is 
the optimal 
decision?

How does 
decision 
uncertainty 
relate to 
climate risk 
uncertainty?

Which inputs is the 
optimal decision 
most sensitive to?

How does the 
sensitivity of 
the optimal 
decision vary 
spatially?



Paper: https://www.sciencedirect.
com/science/article/pii/S2212096
325000658
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Example:
Heat-stress in the UK



An idealised example

What should a UK company do to combat the effects of heat 
stress?
• Risk: How much is heat going to impact our workers?
• Adaptation options: What are the characteristics of our potential 

adaptations?

Optimal decision: What action should we take, given what we 
know about the risk level and the adaptations?



Example:
Heat-stress 

risk



Heat stress risk

Risk: Expected annual total number of days of physical work lost 
due to heat stress
Calculated based on:
• Hazard: Humidex
• Vulnerability: Impact = fvuln(hazard intensity)
• Exposure: number of people working in outdoor physical jobs 

(now and in the future)



Heat stress risk

Risk: Expected annual total number of days of physical work lost 
due to heat stress
Calculated based on:
• Hazard: Humidex
• Vulnerability: Impact = fvuln(hazard intensity)
• Exposure: number of people working in outdoor physical jobs 

(now and in the future)
Severity = Exposure × fvuln(hazard intensity)

Risk = Probability × Severity



Heat stress risk

Hazard

Vulnerability

Exposure

Heat 
stress 

risk

Risk from 1 ensemble 
member



Quantifying 
uncertainty
Following Dawkins et al. 
2023:
• Input hazard, exposure, 

and vulnerability data
• Apply a risk assessment 

model to each climate 
model ensemble 
member

• Generate 1000 samples 
of risk per location using 
Generalised Additive 
Models (GAMs)

Distribution of 
risk

1000 samples 
from GAM

Hazard

Vulnerability

Exposure

Heat 
stress 

risk



Why use GAMs?

Distribution of spatially aggregated risk across the 12 UKCP18 ensemble 
members for each warming level. (Reproduced from Dawkins et al. 2023.)

We only have n = 12 ensemble members for UKCP18.



Generalised Additive Models

Generalised Additive Model (GAM): models response variable 
using a sum of smooth functions

For climate ensemble member m and spatial location s:
log10(Risk(m, s)) ~ N(µ(m, s), ω2)         

                      µ(m, s) = f(lon(s), lat(s), orog(s), pop(s)) + ξm

ξm ~ N(0, λ2)



Generalised Additive Models

Distribution of spatially aggregated risk across the 1000 GAM samples for each warming level. 
(Reproduced from Dawkins et al. 2023.)

Now we have n = 1000 representations of risk for each warming 
level.



Heat stress risk
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Example:
Adaptation 

decision-making



Potential adaptations

Action Relative annual cost 
per person

Relative effectiveness Alignment with 
organisational objectives

d1: Do nothing No cost No efficacy Neutral

d2: Modify working hours Lower cost Moderate efficacy Fairly well-aligned

d3: Buy cooling equipment Highest cost Highest efficacy Not aligned with net zero



Bayesian Decision Analysis

Framework for decision-making under an uncertain state of nature

𝒟 : decisions

d1

d2
d3

dn...

Θ :  states of nature

L(θ,d)
loss 
function

𝓛 : losses
Loss of making 

decision d when the 
true state of nature is θ

U(L(θ,d))
utility
function

ℝ: utilities
Relative utility of each 
decision given state of 

nature

d*

Bayes optimal 
decision



Bayes optimal decision

Select the decision that maximises expected utility:



Our decision framework
Θ : expected annual 
days of work lost to 

heat stress

L(θ,d)
loss 
function

𝓛 : losses
• Financial
• Non-financial

U(L(θ,d))
utility
function

ℝ: utilities
Relative utility of each 
adaptation given level 

of heat stress

𝒟 : decisions
d1 : do nothing

d2: modify working hours

d3: buy cooling equipment

d*

Optimal adaptation 
decision in each 

location



Loss functions

L(θ,d): is the loss of making decision d if the true state of nature is θ
For a location j, GAM sample n, and decision i:
Financial loss:

L1(θjn, di) = (cost per person per yeari × number of peoplej)
+ (cost per day of work × (1 – % effectivenessi) × θjn)

where θ is the annual number of working days lost to heat stress
Non-financial loss:

L1(θjn, di) = 10 – si where 0 ≤ si ≤ 10



Utility function

U(L(θ,d)): represents the relative value of each decision
For a location j, GAM sample n, and decision i:

Overall utility function:

 where k1, k2 ≥ 0, k1 + k2 = 1

Financial utility Non-financial utility



Example: optimal decision in Exeter

Θ : expected annual 
days of work lost to 

heat stress

𝓛 : losses
• Financial
• Non-financial

ℝ: utilities
Relative utility of each 
adaptation given level 

of heat stress

𝒟 : decisions
d1 : do nothing

d2: modify working hours

d3: buy cooling equipment

d*

Optimal adaptation 
decision in each 

location



Example: optimal decision in Exeter

𝒟 : decisions
d1 : do nothing

d2: modify working hours

d3: buy cooling equipment

Risk



Example: optimal decision in Exeter

𝒟 : decisions
d1 : do nothing

d2: modify working hours

d3: buy cooling equipment

Financial loss

Non-financial loss

Risk



Example: optimal decision in Exeter

𝒟 : decisions
d1 : do nothing

d2: modify working hours

d3: buy cooling equipment

Financial loss

Non-financial loss

Risk

Utility



Optimal decision in Exeter

d*

Optimal 
adaptation 
decision:

Buy cooling 
equipment

Utility



Potential adaptations

Action Relative annual cost 
per person

Relative effectiveness Alignment with 
organisational objectives

d1: Do nothing No cost No efficacy Neutral

d2: Modify working hours Lower cost Moderate efficacy Fairly well-aligned

d3: Buy cooling equipment Highest cost Highest efficacy Not aligned with net zero

Uncertain about these values and their relative importance 
to the decision-maker



Accounting for 
uncertainty



Uncertainty 
in risk



Θ : expected annual 
days of work lost to 

heat stress

L(θ,d)
loss 
function

𝓛 : losses
• Financial
• Non-financial

U(L(θ,d))
utility
function

ℝ
Relative utility of each 
adaptation given level 

of heat stress

d*

Optimal adaptation 
decision in each 

location

𝒟 : decisions
d1 : do nothing

d2: modify working hours

d3: buy cooling equipment



Uncertain risk-related inputs

Risk-related input Possible values

Calibration method Uncalibrated, Bias corrected, Change factor

Warming level +2 °C above pre-industrial, +4 °C above pre-industrial

Socio-economic pathway SSP1 (sustainability), SSP2 (middle of the road), SSP5 (fossil-
fuelled development)

Vulnerability function parameter 1 Lower bound (53.78 °C), Mean value (54.5 °C), Upper bound (55.79 
°C)

Vulnerability function parameter 2 Lower bound (−4.597%/°C), Mean value (−4.1%/°C), Upper bound 
(−3.804%/°C)

Used GAMs to quantify the uncertainty in risk for a specific set of 
hazard, exposure, and vulnerability inputs
But we are still uncertain about our choices for those inputs



Hazard
Humidex 

(temperature
& humidity)

Uncertain 
risk-related 
inputs
Sample the risk for each 
combination of 
plausible values for 5 
risk-related inputs:
• Hazard: calibration 

method, warming level

• Exposure: exposure 
model

• Vulnerability: function 
parameters

Exposure
Number of 

people 
working in 

outdoor jobs

Vulnerability
Impact 

of  Humidex 
on   working 

capacity

Risk
Expected 

annual 
working days 

lost

Distribution of 
risk

1000 samples 
from GAM

Varied over 
162 

possible 
sets of 

input values



Uncertainty in 
decision 

attributes



Θ : expected annual 
days of work lost to 

heat stress

L(θ,d)
loss 
function

𝓛 : losses
• Financial
• Non-financial

U(L(θ,d))
utility
function

ℝ
Relative utility of each 
adaptation given level 

of heat stress

d*

Optimal adaptation 
decision in each 

location

𝒟 : decisions
d1 : do nothing

d2: modify working hours

d3: buy cooling equipment



Uncertain decision-related inputs

Financial loss:
L1(θjn, di) = (cost per person per yeari × number of peoplej)

+ (cost per day of work × (1 – % effectivenessi) × θjn)
Non-financial loss:

L1(θjn, di) = 10 – si

Utility:

Varied by 
taking 200 
samples 

from a 
range of 

plausible 
values



Overall process

• Vary the risk-related inputs across a range of 162 combinations →
record the optimal decision in each location

• Vary both risk-related and decision-related inputs across a range 
of 162 × 200 = 32,400 combinations →

record the optimal decision in each location
• Characterise the uncertainty of the optimal decision & its 

sensitivity to each input



Uncertainty & 
sensitivity analysis



Quantifying uncertainty

Discrete approach:
• Find the number of adaptation options that are optimal for at 

least one combination of input parameters
Continuous approach:
• Determine the percentage of combinations for which each of the 

three decisions was optimal



Quantifying sensitivity
PAWN method for a continuous output:
• Global sensitivity analysis method
• For a model of the form y = f(x) and a particular input 

variable xi:
o Distance between unconditional CDF and conditional CDF:

Maximum distance between unconditional (red) and one conditional 
(grey) distribution

o PAWN sensitivity index:

Average of the maximum distances across all grey distributions



Quantifying sensitivity

Modified PAWN method for a discrete 
output:
• For a model of the form y = f(x) and a 

particular input variable xi:
oModified PAWN sensitivity index:

Average of the maximum distance between the red bar 
and the grey bars

Varying all inputs

Holding specific input fixed

(a) calibration method

(b) socio-economic pathway
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Results



Where are the different 
adaptation options most 

often optimal?
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d1: do nothing d2: modify working 
hours

d3: buy cooling 
equipment

Optimal decision by location

• Spatial distribution of 
where certain 
decisions are more 
often optimal
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d1: do nothing d2: modify working 
hours

d3: buy cooling 
equipment

Optimal decision by location

• Spatial distribution of 
where certain 
decisions are more 
often optimal

• We are less certain in 
the decision when 
varying 
risk and decision-
related inputs

BDA provides logical 
adaptation decisions 
across the country.



How uncertain is the 
optimal decision?



• High uncertainty in climate 
risk does not necessarily translate 
into high uncertainty in decision

Decision uncertainty



• High uncertainty in climate 
risk does not necessarily translate 
into high uncertainty in decision

• When accounting for uncertainty in 
both risk and decision inputs, the 
decision becomes far more 
uncertain

Uncertainty analysis must be 
performed on the adaptation decision, 
not on climate risk alone.

Decision uncertainty



Which inputs is the 
optimal decision most 

sensitive to?



• The decision is often more 
sensitive to decision-related 
inputs than to risk-related 
inputs

• Sensitivity to many inputs varies 
regionally

Local sensitivity analysis can be 
used to prioritise data-gathering 
efforts for decision-makers.

Decision sensitivity
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Conclusions



Conclusions

• We can use BDA to find reasonable adaptation decisions across 
space.

• Uncertainty and sensitivity analysis should be performed on 
adaptation decisions, not only on climate risk

• Decisions can be less sensitive to risk-related inputs than they 
are to decision-related ones

• Uncertainty and sensitivity analyses should be performed on a 
local basis



What's next?

• Real-world application
oCase study with an electricity distribution network operator

• Extensions to decision theory/sensitivity analysis methods
oValue of Information: what is the value to the decision-maker of learning 

more about a particular input?
oDecision-making across time, as well as space
oComparison to other decision-making methods



Questions?
Paper: https://www.sciencedirect.
com/science/article/pii/S2212096
325000658

cecina.babichmorrow@bristol.ac.uk
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Sensitivity of risk (purple) and of the optimal decision (orange) to the eleven 
uncertain input factors for three locations.
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