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S1 Perfect-model experiment1

In this section, we describe a perfect-model experiment carried out with the coupled slab ocean-2

atmosphere model HadSM4 that mirrors the design used in the main text. This model combines3

the atmosphere-land global model HadAM41,2,3,4,5 with a simple slab ocean model6,2. It is very4

similar to the configuration used by7 who coupled a slab ocean to a lower-resolution HadAM35

configuration8. The atmosphere is run at N144 resolution (1.25° x 0.83°) with 38 vertical lev-6

els, of which 8 levels are in the boundary layer. At each atmospheric grid cell, the slab ocean7

is represented by a mixed layer with a constant thickness of 50 m that exchanges heat with the8

atmosphere through surface heat fluxes and the deep ocean by a provided ocean heat conver-9

gence, representing slow ocean forcing onto the mixed layer. With no vertical structure and10

a spatially and temporally constant mixed layer depth it is therefore consistent with previous11

work2,7,9,10,11 (note that12,13 use a smaller depth of 2.5 m for faster equilibration), but relatively12

simple compared to newer slab ocean models14,15. The slab ocean includes the sea ice model of13

HadCM3, with a simple treatment of dynamics where sea ice is advected by prescribed veloci-14

ties (uice,vice). The timestep of ∆ts = 1day does not resolve the diurnal cycle. Like HadAM4,15

HadSM4 is run on the volunteers computers as part of the climateprediction.net system16,17,18. It16

has much lower computational requirements than more recent Met Office models while achiev-17

ing comparable performance for extratropical winter climate3,4 and can thus generate many18

more ensemble members.19

We use identical observationally-informed perturbations to the initial states of ocean tem-20

perature, sea ice concentration and sea ice thickness to those described in the methods section.21

The standard approach within climateprediction.net to generate initial condition ensembles is22

to perturb the initial 3D potential temperature at 38 vertical levels with sequential daily temper-23

ature differences taken from a control run. These perturbations are thus dynamically informed24
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by the attractor of the model (i.e. they are not white noise) and can be expected to sample the25

fastest-growing modes to a satisfactory degree. However, the perturbations tend to be quite26

large (up to 20 K), so the memory of the initial state is lost very quickly. This makes these per-27

turbations unsuitable for predictability studies. Instead, for the experiments we performed here,28

the standard perturbations are scaled by a factor of 0.3, which was found to yield a compara-29

ble if slightly lower error growth compared to the ECMWF medium-range and S2S ensembles.30

This may be due to the lack of more advanced features of forecast models, such as stochastic31

physics and perturbations derived using data assimilation.32

For this perfect-model experiment, we selected a “heatwave”, with an estimated return pe-33

riod of 10 years, that occurred in a single model realisation in the first week of February. We34

then ran initial condition ensembles as described above at several different lead times, ranging35

from a few days to three months. We initialised a 500-member ensemble at each lead time36

for three scenarios representing current, pre-industrial and future climate states through the ini-37

tial condition perturbations described above, plus perturbations to the CO2 concentration. The38

results of these ensembles are shown in Figure S1. Summarising, these ensembles show that39

while the raw estimated attributable climate change signal within the heatwave is reduced for40

short lead times, due to the model adjustment to the new climate state, consistent estimates of41

this signal across lead times can be obtained by normalising the local response by the global42

land surface temperature response, as we did in the main text. This provides confidence in the43

approach taken to account for these changes to the attributable signal with lead time.44
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Figure S1: Summary figure for HadSM4 perfect model experiment. Continued overleaf.
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Figure S1: Panel a: change in intensity between the current and climatological ensemble of
an estimated 1-in-10-year extreme 3-day heatwave occuring in the first week of February for
ensembles initialized on February 1st. This shows how different the the current ensemble is
from climatology on lead times of less than a week, i.e. the role of initialization or the pre-
dictability on those timescales. Panel b: as a but for the change in intensity between the future
and pre-industrial ensembles. This shows the climate change signal for a 10-year heatwave that
has emerged on timescales of less than a week. Panel c: as b but showing the intensity change
divided by the ensemble mean change in global land surface air temperature over the first week
of February. Panels d-f as a-c but for events in the second week in February. Panels g-i as
a-c but for events in the first two weeks of February and ensembles initialized on January 1st.
Panels j-l as a-c but for events in the first two weeks of February and ensembles initialized
on December 1st. Panels m-o aggregating panels a-l for global land points. m demonstrates
the loss of initialization signal for longer lead times - the distribution collapses around zero. n
shows the increasing climate change signal, which over land is still small in the first week and is
very consistent for January initialization. The normalized signal in o shows that the magnitude
of a 10-year heatwave increases closely in line with global surface land temperature.
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S2 Methods-supporting figures45

6



Figure S2: The initial ocean state perturbation applied. Left panel: map of the surface
temperature perturbation. Top right panel: map of zonally averaged temperature perturbations
as a function of depth. Bottom right panel: globally averaged temperature perturbation as a
function of depth. Note that the x-axis switches from a linear to logarithmic scale at a depth of
500m.
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Figure S3: Relationship between local and global warming signals. Points indicate ensemble
mean attributable change in peak heatwave intensity as a function of ensemble mean change in
global land warming level. Both of these changes are computed as the difference between
corresponding members of the future and pre-industrial ensembles.
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Figure S4: Validation of the bias correction applied to the SEAS5 seasonal forecast sim-
ulations, following Thompson et al. Figure 219. Throughout, the raw SEAS5 data is shown
in dotted blue, the bias-corrected SEAS5 data in solid blue, the ERA5 data excluding the 2021
datapoint in black, and the ERA5 data including 2021 in grey. The SEAS5 CDFs shown in
the smaller right-hand panels are obtained through random re-generation of pseudo-timeseries
constructed using one member per year. Left panel: climatological PDF. Top center panel:
climatological mean. Top right panel: climatological variance. Bottom center panel: clima-
tological skewness. Bottom right panel: climatological kurtosis.
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S3 Additional supplementary figures46
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Figure S5: Drivers of the PNW heatwave and their predictability in the forecast initialised
2021-06-26 (3 days). As Figure 2, but for the forecast initialised on 2021-06-26.
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Figure S6: Drivers of the PNW heatwave and their predictability in the forecast initialised
2021-06-22 (7 days). As Figure 2, but for the forecast initialised on 2021-06-22.
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Figure S7: Drivers of the PNW heatwave and their predictability in the forecast initialised
2021-05-01 (2-4 months). As Figure 2, but for the forecast initialised on 2021-05-01.
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Figure S8: PDFs of the PNW heatwave in the operational and counterfactual forecast
ensembles. As Figure 3, but showing probability density functions, rather than return-time
diagrams.
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