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Machine Learning-based extreme event attribution
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Use historical reanalysis data to create
counterfactuals for historical extreme events
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Extreme event attribution for 2003 Europe heatwave
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Extreme event attribution for 2003 Europe heatwave

Counterfactual CNN predictions for southern Europe at 4.0°C
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Much of the attribution is
driven by the calendar-
day warming, but
network learns different
contributions of global
warming for different
meteorological patterns

Trok et al., 2024



“Impacts attribution” for historical meteorological conditions

Extreme heat and mortality
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We can use machine learning combined with panel regression
to predict mortality for historical meteorological conditions at
different annual global temperature anomalies (including pre-
~.industrial and the year of the actual event)
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Prediction of peak annual global temperature from cumulative emissions

_ - SSP cross-sections (hottest annual temperature)
Ellnput CO, emissions remaining _ j _ L _?_ L _I:‘ > u
output rescaling & exponentiation

]
: [10] |10] [10] L5
| e SSP119 1%: 201 276
1
Lo e L = mm SSP126 10%: 218 3.04
g ol o ,o? . sro 204 SSP245 33%: 235 328
IIEHHI ol b | e S0 San e
32 32 ! 67%: 2.53 3.70
g B 1 90%: 275 434
| SRR 157 99%: 3.09 549
sl e
10/ [10] [10 15 o
o

predicted hottest historical annual temperature

| === observations 0.5 1
----- max temp prediction
3.5 1 —}— Observations Predictions w/ 66th %tile bounds

2.5 00 T T T T T T T L] T T 1
05 10 15 20 25 3.0 35 40 45 50 55 6.0 65 70

. _WW}__}M ....................................................................... maximum temperature increase (°C)
1.0 -M
0.5 1

0.0

1980 19I85 19I90 19I95 20|00 20I05 20I1O 2OI15 20I20 Diffenbaugh and Barnes, 2024




Key Messages

« Machine learning is already a powerful tool to quantify the contribution of global
warming to the magnitude of individual extreme events.

* ML can be combined with causal inference methods to quantify the contribution
of global warming to the impacts of individual extreme events.

* It is critical that ML methods are carefully and critically evaluated for accuracy
and fidelity with the physical world before being used for extreme event attribution.

 Further development will soon refine ML capabilities for localized predictions over
broad geographic areas, and for quantifying the contribution of global warming to
the probability of extreme meteorological conditions.
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