Eal3

£

From climate risk to
action:
Analysing adaptation
decision robustness under
uncertainty

Cecina Babich Morrow
Supervisors: Laura Dawkins, Dan Bernie, Dennis Prangle
Met Office Science Profession Seminar
10 February 2026

Met Office



I T —— T

NEWS

Atmospheric carbon dioxide rise to
remain too fast to track global climate
targetsin 2026

Author: Press Office
10:59 (UTC) on Thu 5 Feb 2026

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

“Every fraction of a
degree of warming

England enters fourth heatwave as will cause more

temperatures reach 33.4C

EEA report 01/2026

Overheated and underprepared:

Europeans' experience of living with
climate change

Report (PDF) | Published 04 Feb 2026

hospital admissions
and heat deaths,
putting more strain
on the NHS.”

Professor Antonio Gasparrini
Lead of the EHM Lab, LSHTM



CLIMATE ACTION AND WASTE REDUCTION
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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



I Our guestions

Where are different adaptation
options most often optimal?

How uncertain is
the optimal
decision?

Which inputs is the
optimal decision
most sensitive to?

How does
decision
uncertainty
relate to
climate risk
uncertainty?

How does the
sensitivity of
the optimal
decision vary
spatially?
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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 =1 ,(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 =1 ,(hazard intensity)

* Exposure: number of people working in outdoor physical jobs
(now and in the future)

Severity = Exposure x f . (hazard intensity)
Risk = Probability x Severity
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Vulnerability

Quantifying
uncertainty

Following Dawkins et al.
2023:

DI TICL NGB « |nput hazard, exposure,

risk and vulnerability data
1000 samples * Apply a risk assessment
model to each climate
from GAM model ensemble
member

I jobs)
o

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

Walue {Number of physical jobs

Exposure



Why use GAMs?

We only have n =12 ensemble members for UKCP18.

6 - Current climate (recent past)
20C warming level
4oC warming level

Frequency
Ly e

Pa
i

1.0 1.5 2.0 2.5 3.0 3.5 4.0

Spatially aggregated risk 1la7
(Mo. of days of work lost)

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



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:
logo(Risk(m, s)) ~ N(u(m, s), w?)
p(m, s) = f(lon(s), lat(s), orog(s), pop(s)) + ¢y,
<.~ N(0, A?)



Generalised Additive Models

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

L=3]

Current climate {recent past): UKCP1E Ensemble e Current climmate (recent past): GAM |
2oC warming level: UKCP1E Ensembla 2o warming level: GAM

4001 Ao warming level: UKCPLE Ensemble doC warming level: GaM

f= Lm

Frequency (GAM samples)
Aad
Frequency (UKCP18 Ensemble)

= 300

200 1

T
[t

T
[

T T T F T 'Ij
1.0 1.5 2.0 2.5 3.0 3.5 4.0

Spatially aggregated risk le7
(Mo, of days of wark lost)

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




Vulnerability
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Example:
Adaptation
decision-making



Potential adaptations

Relative annual cost Relative effectiveness | Alighment with
per person organisational objectives

d,: Do nothing No cost No efficacy Neutral

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

ds;: 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

O : states of nature

L :losses R: utilities
L(, ) . U(L(®, ) -
— Loss of making . &4 Relative utility of each
loss " utility . :
: decision d when the : decision given state of
function function

nature

true state of nature is 6

D : decisions

i EA

d*
Bayes optimal
decision




Bayes optimal decision

Select the decision that maximises expected utility:

Bayes decision under utility U

Select the decision d* such that

d* = arg m‘?}{é UIL(6,d)|p(f) = arg max U(d)



Our decision framework

© : expected annual
days of work lost to
heat stress

D : decisions
d,: do nothing

d,: modify working hours

d;: buy cooling equipment

L(5,")

loss
function

L :losses

Financial
Non-financial

U(L(®, ))
utility
function

R: utilities
Relative utility of each
adaptation given level

of heat stress

d*
Optimal adaptation
decision in each
location




. oss functions

L(6,d): is the loss of making decision d if the true state of nature is 6
For a location j, GAM sample n, and decision /:
Financial loss:
L,(6;,, d;) = (cost per person per year; x number of people))
+ (cost per day of work x (1 - % effectiveness)) x 6,,)
where 6 is the annual number of working days lost to heat stress

Non-financial loss:
L,(6,,d)=10-s;where0=s,=10



Utility function

U(L(6,d)): represents the relative value of each decision
For a location j, GAM sample n, and decision i:

Financial utility Non-financial utility

Ll(gjn.n d.t) LZ(Q"TU d.‘,)

Li(0n,d;)) =1 — : AN =1— &
Ul( 1( VALY )) II](‘]XH_!:?;! Ll(é’jn’;di’) UZ(LQ(QJH!O{?,)) 1 1JO

Overall utility function:

U(0n,d;) = kiUr(L1(0;,, d;)) + koUs(Lo(0;1,, d;)) where kq, ko2 0, ky + ky =1

T




Example: optimal decision in Exeter

© : expected annual
days of work lost to
heat stress

D : decisions
d,: do nothing

d,: modify working hours

d;: buy cooling equipment

L :losses

Financial
Non-financial

R: utilities
BN Relative utility of each N
adaptation given level
of heat stress

d*
Optimal adaptation

decision in each
location



Example: optimal decision in Exeter

Expected annual impact in Exeter

60

50

50000 60000 70000 80000 90000
Days of physical work lost per year

D : decisions
d,: do nothing

d,: modify working hours

d;: buy cooling equipment




Example: optimal decision in Exeter

Expected annual impact in Exeter
P P Cost
60
60 1 Do nothing
Modify working hours
50 4 %0 Buy cooling equipment
40 -
40 -
o)
S z
2 30 g
= 30 -
£ g
i
201
20 A
10 4
10 +
0 -
50000 60000 70000 80000 90000 0 - - - - - - i .
Days of physical work lost per year 6.0M 8.0M 10.0M 12.0M 14.0M 16.0M 18.0M 20.0M

Cost (in millions of £)

— Non-financial loss

Nonfinancial loss

1000 - n 3 Do nothing
1 Modify working hours
Emm Buy cooling equipment
800 1
D : decisions
2 600
d, : do nothing .
i
d,: modify working hours
200 1
d;: buy cooling equipment

0 2 4 6 8 10
Nenfinancial loss




Example: optimal decision in Exeter

Expected annual impact in Exeter Cost
60
60 1 Do nothing
Modify working hours
50 i i
50 4 Buy cooling equipment
40 4 ope
N 40 Utility
g &
S 30 S .
E 330 Utility
[ 60 - -
204 Do nothing
201 Modify working hours
Buy cooling equipment
10 | 50 4 y g equip
10
0 -
50000 60000 70000 80000 90000 0 . . . . . . ; . 40 -
Days of physical work lost per year 6.0M 8.0M 10.0M 12.0M 14.0M 16.0M 18.0M 20.0M
Cost (in millions of £) E
7]
. . = 30 T
— Non-financial loss — §
Nonfinancial loss 20 4
1000 - n 3 Do nothing
1 Modify working hours
Emm Buy cooling equipment
800 10 1
D : decisi
. aecisions
g 600 - 0 T T T T T T
. 1 g 0.1 0.2 0.3 0.4 0.5 0.6
d, : do nothing : ity
400
d,: modify working hours
200 4
ds: buy cooling equipment i | | | |
0 2 4 6 8 10

Nenfinancial loss



Optimal decision in Exeter

Expected utility of each decision

60 - Do nothing
Modify working hours
Buy cooling equipment

0 1 :
e i R
| | d
» | i Optimal
€ 2. f i ‘ adaptation
= § ; decision:
o | | Buy cooling
§ i equipment
10- | |
D T T T i T T T E
0.1 0.2 0.3 0.4 0.5 0.6

Utility



Potential adaptations

Relative annual cost Relative effectiveness | Alighment with
per person organisational objectives

d,: Do nothing No cost No efficacy Neutral
d,: Modify working hours Lower cost Moderate efficacy Fairly well-aligned
ds;: Buy cooling equipment  Highest cost Highest efficacy Not aligned with net zero

|
Uncertain about these values and their relative importance

to the decision-maker






Uncertainty
INn risk



© : expected annual
days of work lost to
heat stress

D : decisions
d,: do nothing

d,: modify working hours

d;: buy cooling equipment

L(5,")

loss
function

L :losses

Financial
Non-financial

U(L(®, ))
utility
function

R

Relative utility of each
adaptation given level
of heat stress

d*
Optimal adaptation
decision in each
location




Uncertain risk-related inputs

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

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
OC)

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



Varied over
162
possible

sets of
input values

Risk
Expected
annual
working days
lost

Distribution of
risk
1000 samples
from GAM

Uncertain
risk-related
Inputs

Sample the risk for each
combination of
plausible values for 5
risk-related inputs:

e Hazard: calibration
method, warming level

* Exposure: exposure
model

* Vulnerability: function
parameters



Uncertainty in
decision
attributes



© : expected annual
days of work lost to
heat stress

L(5,")

loss
function

D : decisions
d,: do nothing

d,: modify working hours

d;: buy cooling equipment

L :losses

Financial
Non-financial

U(L(®, ))
utility
function

R

Relative utility of each
adaptation given level
of heat stress

d*
Optimal adaptation
decision in each
location




Uncertain decision-related inputs

Financial loss:
L1(8;,, dj) = ([cost per person per yearﬂ x number of people;)
+ ({:ost per day of work]x (1 —f’/o effectivenessﬂ) x 0,
Non-financial loss:
L.(6,,d)=10-5s,
Utility:

z](eJ” d) :}]1 Ll Jns :](]2 L2 VLR




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 x 200 = 32,400 combinations >
record the optimal decision in each location

* Characterise the uncertainty of the optimal decision & its
sensitivity to each input






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 x;:

o Distance between unconditional CDF and conditional CDF:
KS(x;) = max ‘I*U(y) — Fy., (y)‘
Y ’

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

o PAWN sensitivity index:

Si = stat [KS(x;)]

Average of the maximum distances across all grey distributions

Cumulative Distribution

Cumulative Distribution

Function
o
o

Function

(a): calibration method

1.0 F===============2

o
®

o
o

o
(N

o
(=)

¥1= UKCP18 uncalibrated
2= UKCP18 bias corrected

1.0F

y 3= UKCP18 change factor
2 4 6 8
le7

(b): warming level

Varying all inputs

Holding specified
input fixed

3.0

2.0

4.0

2.0



(a) calibration method

1.0
cp - cie . 2 0.8 3.0
Quantifying sensitivity
§§0.4 29
Modified PAWN method for a discrete £ 02 1.0
00 | [j——

output: ol I (B e
* For amodel of the form y = f(x) and a optimal decision

(b) socio-economic pathway

particular input variable x;: 1.0-
o Modified PAWN sensitivity index: 2 08 >0
> c
> 00.6 1
= G 2.0
S.j = Bt;dl 111;13{ |f;; (y) - ﬁt,r|.r'; (y)l § 50.4 I
— £ 0 Jl] -
Average of the maximum distance between the red bar 0.0

and the grey bars ’ 1 ; 3
Optimal decision

Varying all inputs

Holding specific input fixed






Where are the different
adaptation options most
often optimal?



Optimal decision by location

Spatial distribution of
where certain
decisions are more
often optimal

Varying only

risk inputs

d,: do nothing

o
o nothing: % samples

optimal

d,: modify working
hours

N ES
Modify hours: % s

optimal

o
amples

d;: buy cooling
equipment

N »
Buy cooling equipment: % sa

o
optimal

@
mples



Optimal decision by location

 Spatial distribution of d,: do nothing d,: modify working d,: buy cooling
where certain hours equipment

decisions are more > o |
often optimal 5 3
w0 o
« We are less certainin = £ 3
. o @© 1) 0.2§
the decision when > = .

0.0

varying
risk and decision-
related inputs

BDA provides logical
adaptation decisions
across the country.

Varying risk &
decision inputs

L
o

optimal

o
©

o
o

o
»

o
N

©

o
optimal Buy cooling equipment: % samples

L
o

o
©

o
o

o
kS

o

N
cooling equipment: % samples

o
o
Buy



How uncertain is the
optimal decision?



Decision uncertainty

Unce_rtain.t3'/< of ristk: Uncertainty of decision:

. . . . varying risk inputs od Fisk InBot

* High uncertainty in climate 10,,:31'2302'5 ERUES
risk does not necessarily translate ' ’f 2 optimal decisions - #'

@ 3 optimal decisions
P wr

into high uncertainty in decision » &

/ Standard deviation of risk
(Annual person-days lost)




Uncertainty of decision:
varying risk inputs

1 optimal decision
2 optimal decisions - #

) 3 optimal decisions

Decision uncertainty

Uncertainty of risk:
varying risk inputs

* High uncertainty in climate
risk does not necessarily translate ‘ gfx .
into high uncertainty in decision > A B
* When accounting for uncertainty in . g 103§
both risk and decision inputs, the 58 2| £ Uncertainty of decision:

. . o 101= varying risk & decision inputs
decision becomes far more = : e
uncertain o -

Uncertainty analysis must be .- 2
performed on the adaptation decision, " _/ /I

not on climate risk alone.




Which inputs Is the
optimal decision most
sensitive to?



Choice of exposure model Warming level

o
w

o o e _ o . O
Decision sensitivity £
 The decision is often more Z 3

sensitive to decision-related 8 =
inputs than to risk-related %
Inputs i
e Sensitivity to many inputs varies o
regionally %
Local sensitivity analysis can be <
used to prioritise data-gathering &z %
efforts for decision-makers. 8 c
3
s
5

Decision Sensitivity

T
o
N







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
o Case study with an electricity distribution network operator

* Extensions to decision theory/sensitivity analysis methods

o Value of Information: what is the value to the decision-maker of learning
more about a particular input?

o Decision-making across time, as well as space
o Comparison to other decision-making methods



Questions?

cecina.babichmorrow@bristol.ac.uk
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mm Sensitivity of risk

0.4
mmm Sensitivity of decision
0.3 1
z
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£ 0.2 -
&
L [ [
S5P WARM CAL WULNL VULNZ2 DAYCOST COST-M COST-C EFF-M EFF-C WEIGHT
(b)
0.4 mmm Sensitivity of risk

I Sensitivity of decision

Sensitivity
(=] [=] (=] [=]
= [l mJ w

Do nothing
Modify working hours
Buy cooling equipment

. S5P WARM CAL VULNL VULN2 DAYCOST COST-M COST-C EFF-M EFF-C WEIGHT
(c)
0.4 B Sensitivity of risk
I Sensitivity of decision
0.3 1
z
2
b=
2 0.2
&
. N m
S5P WARM CAL VULN1 VULN2 DAYCOST COST-M COST-C EFF-M EFF-C WEIGHT

Sensitivity of risk (purple) and of the optimal decision (orange) to the eleven
uncertain input factors for three locations.
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