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Attribution of extreme weather events has expanded rapidly as a field
over the past decade. However, deficiencies in climate model rep-
resentation of key dynamical drivers of extreme events have led to
some concerns over the robustness of climate model-based attribu-
tion studies. It has also been suggested that the unconditioned risk-
based approach to event attribution may result in false negative re-
sults due to dynamical noise overwhelming any climate change sig-
nal. The “storyline” attribution framework, in which the impact of cli-
mate change on individual drivers of an extreme event is examined,
aims to mitigate these concerns. Here we propose a novel methodol-
ogy for attribution of extreme weather events using the operational
ECMWF medium-range forecast model that successfully predicted
the event. The use of a successful forecast ensures not only that the
model is able to accurately represent the event in question; but also
that the analysis is unequivocally an attribution of this specific event,
rather than a mixture of multiple different events that share some
characteristic. Since this attribution methodology is conditioned on
the component of the event that was predictable at forecast initiali-
sation, we show how adjusting the lead time of the forecast can flex-
ibly set the level of conditioning desired. This flexible adjustment of
the conditioning allows us to synthesise between a storyline (highly-
conditioned) and a risk-based (relatively unconditioned) approach.
We demonstrate this forecast-based methodology through a partial
attribution of the direct radiative effect of increased CO2 concentra-
tions on the exceptional European winter heatwave of February 2019.
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Attribution of extreme weather events is a relatively young1

field of research within climate science. However, it has2

expanded rapidly from its conceptual introduction (1) over3

the past twenty years; it now has an annual special issue4

in The Bulletin of the American Meteorological Society (2).5

Extreme event attribution is of particular importance for com-6

municating the impacts of climate change to the public (3, 4),7

since the changing frequency of extreme weather events due8

to climate change is an impact that is physically experienced9

by society. As a result of this rapid expansion, there now10

exists a large number of different methodologies for carrying11

out an event attribution (5). Many of these rely on large en-12

sembles of climate model simulations, the credibility of which13

has been questioned by recent studies (6–8). A particular14

issue is the dynamical response of the atmosphere to external15

forcing, which is highly uncertain within these models (9).16

As attribution studies try to provide quicker results, with an17

operational system a clear aim, it is vital that any such sys-18

tem provides trustworthy results. In this study we propose a19

“forecast-based” attribution methodology using medium-range20

weather forecasts which could provide several key advantages21

over traditional climate model-based approaches. Firstly, if an22

event is predictable within a forecasting system, we know that 23

that system is capable of accurately representing the event. 24

Secondly, we know that any attribution performed is unequiv- 25

ocally an attribution of the specific event that occurred; unlike 26

in unconditioned climate model simulations. Finally, weather 27

forecasts are run routinely by many different national and 28

research centers. The models used are generally state-of-the- 29

art and extensively verified. We propose that the attribution 30

community could and should take advantage of the massive 31

amount of resources that are put into these forecasts by de- 32

veloping methodologies that use the same type of simulation. 33

Ideally, the experiments required for attribution with forecast 34

models would be able to be run with little additional effort on 35

top of the routine weather forecasts; in this way they might 36

provide a rapid operational attribution system. We discuss 37

these ideas further throughout the text. 38

There have been several studies that propose or perform 39

methodologies related to the forecast-based attribution demon- 40

strated here. Hoerling et al. (10) used two seasonal forecast 41

ensembles to examine the predictability of the 2011 Texas 42

drought/heatwave within a comprehensive attribution analysis 43

involving several different types of types of climate simulation. 44

Meredith et al. (11) used a triply nested convection-permitting 45

regional forecast model to investigate the role of historical SST 46

warming within an extreme precipitation event. They condi- 47

tioned their analysis on the large-scale dynamics of the event 48

through nudging in the outermost domain. More recently, Van 49
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Garderen et al. (12) employed spectrally nudged simulations50

to assess the contribution of human influence on the climate51

over the 20th century on the 2003 European and 2010 Rus-52

sian heatwaves. Possibly the most similar studies to the one53

presented here are a series of studies by Hope and colleagues54

(13–15). They used a seasonal forecast model to assess anthro-55

pogenic CO2 contributions to record-breaking heat and fire56

weather in Australia. Two more similar studies carried out57

forecast-based hurricane attribution studies (16, 17). Tropical58

cyclones are a natural candidate for forecast-based method-59

ologies due to the high model resolution required to represent60

them accurately, if at all. A final distinct, but related study is61

Hannart et al. (18), which proposes the use of Data Assimila-62

tion for Detection and Attribution (DADA). They suggest that63

operational causal attribution statements could be made in a64

computationally efficient manner using the kind of data assim-65

ilation procedure carried out by weather centers (to initialise66

forecasts) to compute the likelihood of a particular weather67

event under different forcings (these would be observed and68

estimated pre-industrial forcings for conventional attribution).69

Our forecast-based framework differs from these other studies70

in several regards. Firstly, we use a state-of-the-art forecast71

model to perform the attribution analysis of the event in ques-72

tion; rather than to solely assess the predictability of the event.73

We use free-running coupled global integrations here, allowing74

the predictable component at initialisation to dynamically75

condition the ensemble; as opposed to nudging our simula-76

tions towards the dynamics of the event, using nested regional77

simulations, or using the highly observationally constrained78

output of data assimilation procedures. A final key difference79

is that here we present an attribution of the direct radiative80

effect of CO2 in isolation, though we hope that our approach81

could be extended in the future to provide an estimate of the82

full anthropogenic contribution to extreme weather events as83

in these other studies. We argue that the relative simplicity84

in the validation, setup and conditioning of our simulations85

is desirable from an operational attribution perspective; and86

flexible across many different types of extreme event.87

We begin by introducing the chosen case study, the 201988

February heatwave in Europe, describing its synoptic charac-89

teristics and formally defining the event quantitatively. We90

then demonstrate the predictability of the event within the91

ECMWF ensemble prediction system, showing that this opera-92

tional weather forecast was able to capture both the dynamical93

and thermodynamical features of the event. In Perturbed CO294

forecasts, we outline the experiments we have performed in95

order to quantitatively determine the direct CO2 contribution96

to the heatwave. We then provide quantitative results from97

these experiments, and finally conclude with a discussion of98

the strengths and potential issues of our forecast-based at-99

tribution methodology, including our proposed directions for100

further work.101

The 2019 February heatwave in Europe102

Between the 21st and 27th February 2019, climatologically103

exceptional warm temperature anomalies of 10-15 °C were104

experienced throughout Northern and Western Europe (19),105

as shown in Fig. 1A. In particular, the 25th - 27th February106

saw record-breaking temperatures measured at many weather107

stations and over wide areas of Iberia, France, the British108

Isles, the Netherlands, Germany and Southern Sweden, as109

shown in Fig. 1C (20). Fig. 1D, comparing the regional 110

mean maximum temperatures during the 2019 heatwave with 111

timeseries of winter mean maximum temperatures between 112

1950 and 2018, illustrates just how unusual and widespread 113

the event was. This heat was associated with a characteristic 114

flow pattern: a narrow titled ridge extending from north-west 115

Africa out to the southern tip of Scandinavia, advecting warm 116

subtropical air north-east (21), as shown in the geopotential 117

height field in Fig. 1A. This dynamical driver was accompa- 118

nied by another synoptic feature that further enhanced the 119

warming: widespread clear skies between the 25th - 27th, 120

shown in Fig. 1B. These clear skies resulted in a widespread 121

and persistent strong diurnal cycle, reaching 20 °C in some 122

locations. Further details of the meteorological mechanisms 123

and historical context of the heatwave are provided in refs. 124

(19, 22, 23). 125

In order to quantify the direct impact of CO2 on the heat- 126

wave in question within this study, we need to characterise 127

the heatwave in an “event definition”. The choice of event 128

definition is subjective but can impact on the quantitative 129

results of an attribution study significantly (24–26). The most 130

remarkable feature of the February 2019 heatwave were the 131

maximum temperatures observed, which peaked between the 132

25th and 27th for the majority of the affected area. Focusing 133

on this relatively short time-period ensures that the synoptic 134

situation driving the heat is coherent throughout the event 135

definition window. For the spatial extent of the event, we use 136

the eight European sub-areas described in ref. (27). The use 137

of regions previously defined in the literature aims to avoid 138

selection bias. Our resulting event definition is as follows: 139

the hottest temperature observed between 2019-02-25 and 140

2019-02-27, then averaged over the land points within each 141

region (the temporal maximum is calculated before the spatial 142

averaging). Although we carry out our calculations for all 143

sub-areas, several regions were characteristically very similar 144

in terms of both the event itself, and the forecasts of the event. 145

We therefore focus on three of the eight regions: the British 146

Isles (BI), which experienced exceptional heat and was well 147

predicted; France (FR), which experienced exceptional heat 148

but where the magnitude of the heat was less well forecast; and 149

the Mediterranean (MD), which experienced well-predicted 150

but climatologically average heat. 151

Forecasts of the heatwave. This heatwave was well-predicted 152

by the European Centre for Medium-Range Weather Forecasts 153

(ECMWF) ensemble prediction system. Their forecasts indi- 154

cated “extreme" heat was possible at a lead time of around 155

two weeks, and probable at a lead time of around ten days 156

(Fig. 2A), despite the exceptional nature of the heatwave 157

in both the model climatology and real world. As expected, 158

the forecast’s performance in predicting the extreme heat at 159

the surface is reflected in variables more closely linked to the 160

dynamic drivers of the heat, such as 500 hPa geopotential 161

height (Fig. 2B). 162

This successful forecast is a crucial part of our study as 163

it means that we are not only confident that the model used 164

is able to simulate the event in question; but that we are 165

unequivocally performing an attribution analysis of the specific 166

winter heatwave that occurred in Europe during February 2019. 167

This is an important distinction to the framework used in 168

“conventional” or “risk-based” (9) attribution studies (24, 29– 169

31), which in general reduce the event to some impact-relevant 170
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Fig. 1. Observations and historical context of the February 2019 heatwave. A,
maximum temperature anomaly in E-OBS with overlying contours of mean Z500
anomaly from ERA5 (28) over 25-27 February 2019. B, mean total cloud cover with
overlying contours of mean sea level pressure anomaly averaged over 25-27 February
2019. C, Rank of the maximum temperature in E-OBS over 25-27 February 2019
out of all winter temperature maxima since 1950 and light-blue scatterplot of 216
HadISD stations (with > 30 winters of measurements) which recorded their highest
recorded value over the same three days. D, historical winter maximum regional
mean daily maximum temperatures in E-OBS. Solid purple line shows timeseries of
winter maxima for 1950-2018; dashed pink line indicates maximum value observed
over the 25-27 February 2019. Regions as ref. (27).

quantitative index , then estimate the increase in likelihood 171

of events that exceed the magnitude of the event in question. 172

For example, a heatwave attribution study may choose to 173

define the event as the hottest observed temperature during 174

the heatwave, and then compute the attributable change in 175

likelihood of temperatures hotter than this recorded maximum 176

(eg. using models or historical records). While this does 177

provide useful information, it does not answer the question 178

of how much more likely anthropogenic activities have made 179

the specific heatwave that occurred, rather the question of 180

how much more likely anthropogenic activities have made 181

a mixture of events that share one or more characteristics. 182

Studies have attempted to provide a more satisfactory answer 183

to this first question by including a level of conditioning on the 184

set of events considered by using circulation analogues (32), or 185

by nudging model simulations towards the specific dynamical 186

situation that occurred during the event in question (11, 12). 187

Here we are evidently performing an attribution study of the 188

specific record-breaking heatwave that occurred in February 189

2019 due to the use of these successful forecasts, that not only 190

captured the heat experienced at the surface, but also the 191

dynamical drivers behind the heat. 192

As well as enabling us to answer the attribution question 193

for a single specific heatwave, the use of a numerical weather 194

prediction model provides additional benefits. Since large 195

model ensembles are required to properly capture the statis- 196

tics of extreme events, many previous attribution studies, 197

especially in the context of heatwaves, have used relatively 198

coarse, atmosphere-only climate models (33–35), which may 199

not fully capture all the physical processes required to credibly 200

simulate the extreme in question (36). In particular, the use 201

of atmosphere-only simulations may result in the full space 202

of climate variability being under-sampled due to the lack 203

of atmosphere-ocean interaction (37). This can lead to stud- 204

ies overestimating the impact of anthropogenic activity on 205

weather extremes (6, 38). More generally, Bellprat et al., and 206

Palmer and Weisheimer (8, 39) have shown the importance of 207

initial-value reliability in model ensembles underlying robust 208

attribution statements. Model evaluation is therefore a key 209

part of any robust model-based attribution study. Here, the 210

demonstrably successful forecast enables us to be confident 211

that the model used is providing credible realisations of the 212

event. 213

A clear distinction between the typical climate model sim- 214

ulations used for attribution (33, 35) and the forecasts used 215

here is that the climate model simulations are usually allowed 216

to spin out for a sufficient length of time such that they have 217

no memory of their initial conditions; an ensemble constructed 218

in this way will therefore be representative of the climatology 219

of the model. If such simulations use prescribed-SST bound- 220

ary conditions, then the ensemble will be representative of 221

the climatology conditioned on the prescribed SST pattern 222

(34). Unlike climatological simulations, a successful forecast is 223

conditioned upon the component of the weather that is pre- 224

dictable at initialisation. In general, the level of conditioning 225

imposed upon the ensemble by the initial conditions reduces 226

as the model integrates forwards from the initialisation date. 227

Hence a forecast ensemble initialised only a few days before an 228

event will be much more heavily conditioned (and therefore 229

much less spread) than one initialised weeks before. As the 230

lead time increases, a forecast ensemble will tend towards the 231
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Fig. 2. Medium-range forecasts of the heatwave. A, ensemble distribution of heatwave
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model climatology, analogous to the climate model simula-232

tions discussed above. We can relate these situations to the233

two broad attribution frameworks discussed in (9): very long234

lead times, where the forecast simulates model climatology,235

are analogous to “conventional” attribution; while short lead236

times, in which the forecast ensemble is heavily dependent237

on the initial conditions and therefore conditional on the ac-238

tual dynamical drivers that lead to the extreme event, are239

analogous to the “storyline” approach in (12, 40). In order to240

synthesize between these two frameworks, here we have chosen241

4 initialisation times (3-, 9-, 15-, and 22-day leads) for our242

experiments that span the range from a near-unconditioned243

climatological forecast to a short-term forecast that is tightly244

conditioned on the actual dynamical drivers of the heatwave.245

Perturbed CO2 forecasts246

In this study we choose to only change one feature of the op-247

erational forecast in our experiments: the CO2 concentration.248

This means that the analysis we carry out is limited to at-249

tributing the impact of diabatic heating due to increased CO2250

concentrations above pre-industrial levels just over the days251

between the model initialisation date and the event. Although252

this results in a counterfactual that does not correspond to any253

“real” world (since it is one with approximately present-day254

temperatures but pre-industrial CO2 concentrations), and thus255

reduces the relevance of our analysis to stakeholders or policy-256

makers; it does significantly increase the interpretability of our257

results, and remove a major source of uncertainty associated 258

with a “complete” attribution to human influence: the estima- 259

tion of the pre-industrial ocean and sea-ice state vector used to 260

initialise the model (41). Here we define a complete attribution 261

as an estimate of the total impact of human influence on the 262

climate arising from anthropogenic emissions of greenhouse 263

gases and aerosols since the pre-industrial period. For each 264

lead time chosen, in addition to the operational forecast (ENS) 265

we run two experiments using operational initial conditions 266

and identical to the operational forecast in every way except 267

the experiments have specified fixed CO2 concentrations. One 268

experiment has CO2 concentrations fixed at pre-industrial lev- 269

els of 285 ppm (PI-CO2), while in the other they are increased 270

to 600 ppm (INCR-CO2). These represent approximately 271

equal and opposite perturbations on global radiative forcing 272

(42). We carry out these two experiments for each lead time, 273

perturbing the CO2 concentration in opposite directions, to 274

ensure that any changes to the likelihood of the event can be 275

confidently attributed to the changed CO2 concentrations. It 276

is possible that, due to the chaotic nature of the weather, the 277

operational conditions were ideal for generating the observed 278

extreme, and any perturbation to the dynamical system would 279

reduce the likelihood of its occurrence (9). If this were the 280

case we would see a reduction in event probability regardless 281

of whether we increased or reduced the CO2 concentration. 282

Some previous work has been done on the impact of re- 283

duced CO2 concentrations in the absence of changes to global 284

sea surface temperatures. Baker et al. (43) explored how 285

temperature and precipitation extremes were affected by the 286

direct effect of CO2 concentrations (defined there as all the 287

effects of CO2 on climate beside those occurring through ocean 288

warming), finding the direct effect of CO2 increases risk of tem- 289

perature extremes, especially within the Northern hemisphere 290

summer. Our experimental design is also reminiscent of some 291

of the earliest work done on investigating the impact of CO2 on 292

climate in global circulation models (44, 45). This work found 293

that, in the absence of changes to sea surface temperatures 294

or sea ice concentrations, a doubling of CO2 concentrations 295

would change global mean surface temperatures over land by 296

∼ 0.4 °C. These early studies indicate that changes in global 297

land temperatures are approximately linear with the logarithm 298

of CO2 concentration. 299

We find that the best-estimate global mean change in land 300

surface temperatures attributable to the additional diabatic 301

heating due to CO2 over pre-industrial levels (henceforth the 302

“CO2 signal”, calculated as half the difference between the two 303

experiments for a particular variable) at a lead time of two 304

weeks (over the final 5 days of the forecasts initialised on 2019- 305

02-11) is 0.22 [0.20 , 0.25] °C (square brackets indicate a 90 % 306

confidence interval throughout). In general, the further away 307

from the initialisation date, the slower the rate of change of the 308

globally-averaged ensemble mean CO2 signal, and the larger 309

the ensemble spread (Fig. 3A). While in experiments with 310

prescribed SSTs, we might expect the CO2 signal in surface 311

temperatures to approach a maximum value within timescales 312

on the order of months, in our experiments the CO2 signal will 313

likely continue to increase in magnitude for centuries due to the 314

ocean-coupling, as is the case in the abrupt-4xCO2 experiment 315

carried out in CMIP (46–48). The zonal-mean patterns of 316

surface temperature CO2 signal are qualitatively similar to 317

those exhibited by CMIP5 and CMIP6 models during the 318
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abrupt-4xCO2 experiment (49, 50), despite the considerably319

shorter timescales involved: small and very confident changes320

in the tropics become larger but much less confident changes321

at the poles. This heterogeneity in the zonal distribution of322

warming appears to originate in the zonal distribution of the323

lapse-rate feedback; the weekly timescales of these experiments324

is insufficient for the surface-albedo feedbacks to have any325

significant impact (51).326

We also examine the impact on the specific event dynamics327

over our region of interest; since these were crucial in devel-328

oping the extremes observed. Fig. 3B shows the growth in329

Z500 errors (measured as the mean absolute distance from330

ERA5 over the European domain) for each of the experiments.331

This figure illustrates that there are no clear differences in the332

ability of each experimental ensemble to predict the dynami-333

cal characteristics of the event. In other words, we have not334

made the synoptic event any more or less likely as a result335

of our perturbations. This is crucial as it means that we can336

consider any changes to the magnitude of the temperatures337

observed to be entirely due to the thermodynamic effect of338

changed diabatic CO2 heating, and not due to the attractor339

of the dynamical system having changed as a result of the340

perturbations we have made.341

Figs. 3C and 3D show analogous plots to 3B, but for inter-342

experimental and intra-ensemble errors respectively. These343

indicate a couple of important features. Firstly, no two exper-344

iments are more similar than any other two; the magnitude345

of Z500 distances in Fig. 3C are near identical for all lead346

and validation times. Secondly, the error growth due to the347

CO2 perturbation is slower than due to the initial condition348

perturbations; the errors in Fig. 3C increase slower than in 3D.349

However, by the end of the longest lead forecast, we can see350

that the intra-ensemble errors have saturated, and the inter-351

experimental errors have grown to be the same magnitude.352

The saturation of intra-ensemble errors by the end of this lead353

time reinforces our assertion that at this lead the forecast is a354

good approximation of a climatological simulation.355

Attributing the heatwave to diabatic CO2 heating356

First, we examine the geographical pattern of the CO2 signal357

in the heatwave in Fig. 4A − D. These indicate several key358

features of the attributable direct CO2 effect on the heat-359

wave. The CO2 effect tends to grow with lead time, consistent360

with its impact on global mean temperatures. It is generally361

stronger over land than ocean, also consistent with global362

mean temperatures. Finally, the ensemble tends to become363

less confident in its effect as the lead time increases and the364

ensemble members diverge. The CO2 signal magnitude in the365

heatwave generally exceeds the signal in the global mean sur-366

face temperature (Fig. 3A), in particular in Central Europe;367

possibly due to the high contribution of diabatic heating to368

the heatwave arising from ideal dynamical conditions. Fig.369

4E shows boxplots of the heatwave CO2 signal for the three370

regions of interest plus the full European land area. Although371

there is some region-specific variability, these reinforce the372

main messages illustrated by the maps: the CO2 signal grows373

and decreases in confidence as the lead time increases.374

In addition to the absolute impact of the direct CO2 effect375

on the heatwave, we also carry out a probabilistic assessment376

of its impact, consistent with conventional “risk-based” at-377

tribution studies (9, 52). Due to the novel approach we are378

2019-02-06

2019-02-10

2019-02-14

2019-02-18

2019-02-22

2019-02-26

time

−0.3

−0.2

−0.1

0.0

0.1

0.2

0.3

0.4

0.5

0.6

g
lo

b
a

l C
O
2

t2
m

 s
ig

n
a

l /
 K

domain
land
ocean
inidate
2019-02-04
2019-02-11
2019-02-17
2019-02-23

2019-02-23

2019-02-17

2019-02-11

2019-02-04

inidate

A
25th-27th

2019-02-05 2019-02-09 2019-02-13 2019-02-17 2019-02-21 2019-02-25

time

0

50

100

150

200

250

Z
5

0
0

 d
is

ta
n

c
e

 /
 m

B
mean absolute error

inidate

2019-02-04

2019-02-11

2019-02-17

2019-02-23

experiment

operational

pi-CO2

incr-CO2

2019-02-05 2019-02-15 2019-02-25

time

0

50

100

150

200

250

Z
5

0
0

 d
is

ta
n

c
e

 /
 m

C
inter-experimental

experiments

pi-CO2|operational

pi-CO2|incr-CO2

incr-CO2|operational

2019-02-05 2019-02-15 2019-02-25

time

D
intra-ensemble

Fig. 3. Perturbed CO2 forecast experiments. A, CO2 signal in global mean surface
temperatures. Green features show mean land temperatures and blue features show
ocean. Line styles indicate initialisation date of the experiments. In the boxplot
of the temporal mean over 2019-02-25 to 2019-02-27, the black line shows the
ensemble mean, dark shading indicates 90 % confidence in the mean, and light
shading indicates 90 % confidence in the ensemble. B, Mean absolute error in Z500
between experiments and ERA5. Color indicates initialisation date and line style
indicates experiment. Solid line indicates ensemble mean. The shading shows the
5-95 % range from the operational ensemble. C, as B but for mean absolute error
between corresponding ensemble members of different experiments. Line style here
indicates the two differenced experiments. The shading shows the 5-95 % range of
the differences between the PI-CO2 and INCR-CO2 experiments. D, as B but for
intra-ensemble errors. Errors here are only shown for the operational ensembles.

Leach et al. PNAS | September 3, 2021 | vol. XXX | no. XX | 5



DRAFT

taking within this study, it is worth clarifying exactly what379

question we are answering with this probabilistic analysis.380

The specific question is: “given the forecast initial conditions,381

how did the direct impact of increased CO2 concentrations382

compared to pre-industrial levels just over the days between383

initialisation and the heatwave itself change the probability384

of temperatures at least as hot as were observed?”. Using385

conventional attribution terminology, we call the operational386

forecast ensemble of the event as our “factual” ensemble, and387

the pre-industrial CO2 experiment as our “counter-factual” en-388

semble. We calculate the probability of simulating an event at389

least as extreme as observed in the factual ensemble, P1, and390

in the counterfactual ensemble, P0. These probabilities are391

estimated by fitting a generalised extreme value distribution392

to the 51-member ensemble in each case. We then express393

the change in event probability as a risk-ratio, RR = P1/P0,394

which represents the fractional increase in the likelihood of an395

event at least as extreme as observed in the factual ensemble396

over the counterfactual ensemble (29, 53). Uncertainties are397

estimated with a 100,000 member bootstrap with replacement,398

rejecting samples for which the probability of the event in the399

factual ensemble is zero. The resulting risk-ratios are shown400

in Fig. 4F . There are several key factors that contribute to401

the best-estimate and confidence in the risk ratios: the CO2402

signal growth with lead time; the ensemble spread growth with403

lead time; how extreme the event was; and how well-forecast404

the event was. The larger the CO2 signal, the greater the405

increase in risk; the larger the ensemble spread, the lesser the406

increase in risk and the lower the confidence; the more extreme407

the event, the greater the increase in risk; and the better the408

forecast (ie. the closer the event to the ensemble centre), the409

greater the confidence.410

We find that on the shortest lead time, the direct CO2411

effect increases the probability of the event over all European412

regions (significant at the 5 % level based on a one-sided test).413

For the well-forecast event experienced over the British Isles,414

the direct CO2 effect increases the probability of the extreme415

heat by 42 [30 , 60] %. For the France heatwave, which was416

well-forecast given its exceptional nature, but for which the417

ensemble did not quite reach the total magnitude of the heat418

experienced, the event probability increased by at least 100419

% (5th percentile), but with a very wide uncertainty range.420

Finally, for the least remarkable but relatively well-forecast421

event over the Mediterranean, the direct impact of CO2 in-422

creased the event probability by 6.7 [4.6 , 9.7] %. These results423

from the very short lead experiments represent very highly424

conditioned statements: in both ensembles the dynamical evo-425

lution of the event was near-identical (pattern correlation of426

> 0.99 for all ensemble members, Fig. 2B).427

Moving out to the longer lead times, we find that the428

confidence in the change in event probability decreases almost429

ubiquitously. This is as expected, since the further we move430

away from the event, the less highly conditioned our ensemble431

is, and the more dynamical noise we are adding to the system432

(9). However, for the 9-day lead forecast, the uncertainty is433

low enough to have confidence in the results for the majority434

of study regions. In particular, the British Isles heatwave, for435

which the 9-day lead forecast was better than several of the436

regional 3-day lead forecasts (as measured by the Continuous437

Ranked Probability Skill Score), increases in probability by438

52 [29 , 94] % due to the direct CO2 effect. However, for439

France the uncertainty range is so large that based on these 440

results alone we would have no confidence in the direction of 441

the CO2 effect. Moving further out to the 15- and 22-day lead 442

forecasts, this loss in confidence becomes more pronounced, 443

especially for the British Isles region. For this region, we can 444

get virtually no useful information out of these probabilistic 445

results for the two longest lead experiments. This drop-off in 446

confidence arises due to the increasing ensemble spread from 447

dynamical noise, and large reduction in the number of factual 448

ensemble members able to simulate an event as hot as occurred 449

in reality between the 9- and 15-day leads. A similar, though 450

generally less pronounced drop-off in confidence is found in all 451

other regions. 452

We can make use of our INCR-CO2 experiment to increase 453

our confidence that the positive results we obtained in the 454

probabilistic analysis above are in fact due to the direct CO2 455

effect, and not just random variability. If CO2 were driving 456

the changes in event probability between the PI-CO2 and 457

operational forecasts, then we would expect to see an even 458

more dramatic increase in event probability between the PI- 459

CO2 and INCR-CO2 forecasts. This is indeed what we find. 460

For all regions and lead times, our best-estimate change in 461

event probability is above zero when CO2 concentration is 462

increased from pre-industrial levels of 285 ppm to 600 ppm. 463

This therefore increases our confidence further that the posi- 464

tive attribution to CO2 under high conditioning is genuinely 465

significant. From these results, it also appears that there is a 466

general trend of change in event probability increasing as the 467

forecast lead increases, similar to the absolute impact of the 468

direct CO2 effect trend; though it is still somewhat masked 469

by uncertainty. 470

An important caveat on all of these results, probabilistic and 471

absolute, is that they represent a lower bound on the estimate 472

of the direct CO2 effect. As is clear from the development 473

of the CO2 signal estimates with lead time, the model is still 474

adjusting to the sudden change in CO2 concentration (and 475

would continue to do so for centuries due to the very long 476

deep ocean equilibration timescales). Hence we would expect 477

the “full” effect of CO2 to be greater than the estimates we 478

present here. This is consistent with a recent study that 479

used unconditioned climate model simulations to carry out 480

an attribution of the complete anthropogenic contribution to 481

the same event, which produced much higher estimates of the 482

risk-ratio (23). 483

Discussion 484

Here we have presented a partial, forecast-based attribution 485

of the European 2019 winter heatwave. Taking advantage of 486

successful medium-range forecasts from ECMWF, we used a 487

state-of-the-art numerical weather prediction model that was 488

demonstrably able to predict the event to attribute the direct 489

impact of CO2 through diabatic heating over pre-industrial 490

levels and just over the days immediately preceding the event 491

on the high temperatures experienced in several regions of 492

Europe. We explored how the level of dynamical conditioning 493

imposed can be specified by changing the lead time of the 494

forecasts. Finally, we presented our quantitative results using 495

two different approaches: measuring the attributable absolute 496

and probabilistic impacts of CO2; inspired by the “storyline” 497

and “risk-based” attribution frameworks (9, 29, 52, 54). 498

There are several advantages associated with this novel 499
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Fig. 4. Attribution of the direct CO2 influence on the heatwave. A-D, maps of the
ensemble mean attributable CO2 signal in the heatwave for the four forecast lead
times, which are indicated by the subplot titles. Stippling indicates a significant positive
signal at the 90 % level. E, boxplot of the absolute CO2 signal for the three regions of
interest, and over the four forecast lead dates. Black line indicates ensemble median.
Dark shading indicates 90 % confidence in the median, and light shading indicates 90
% confidence in the ensemble. Grey line indicates median difference between the
operational forecast and PI-CO2 experiment. F, as E, but showing risk ratios using
the operational forecast as a factual, and PI-CO2 experiment as a counterfactual
ensemble. G, as F, but using the INCR-CO2 experiment as a factual, and PI-CO2
experiment as a counterfactual ensemble.

forecast-based attribution methodology, compared to conven- 500

tional climate model based attribution. One simple advantage 501

is that forecast models generally represent the technological 502

peak within the spectrum of General Circulation Models. They 503

tend to have a higher resolution than the models used for cli- 504

mate simulation. In addition, the forecast model used here 505

is coupled, while the large climate model ensembles used for 506

attribution tend to use prescribed sea surface temperatures 507

(34). The use of prescribed SSTs can lead to model biases that 508

project strongly onto attribution results (37). A final advan- 509

tage arising from the use of an operational forecast model is 510

the wealth of literature and model analysis that will already 511

be available before an attribution study is initiated. As well 512

as these advantages associated with the type of model there 513

is the crucial advantage associated with using successful fore- 514

casts: the specific and intrinsic model verification. Due to 515

the difficulty in fully quantifying how well climate models can 516

represent an individual specific event (in particular, the very 517

large ensembles required to have a large enough sample of char- 518

acteristically similar events), climate model based attribution 519

studies tend to perform statistical model evaluations; or/and 520

account for this uncertainty through multi-model ensembles 521

(55). On the other hand, if a forecast model that demonstrably 522

predicted the event as it occurred is used, no further model 523

verification or evaluation is required to test whether the model 524

is capable of producing a faithful representation of the specific 525

event. 526

Related to this intrinsic verification is an important point 527

on the framing of forecast-based attribution studies. Climate 528

model based attribution studies tend to characterise an event in 529

terms of some quantitative index closely related to the impact 530

of the event (such as the maximum temperature observed 531

during a heatwave). They then use climate model simulations 532

to determine how climate change has affected the probability of 533

observing an event at least as extreme as the actual event. This 534

is often done without imposing any dynamical conditioning 535

on the simulations, though this is an area of active research 536

(32, 56). This unconditional approach means that the specific 537

question being answered is not “how has anthropogenic climate 538

change affected the probability of event X?”, but “how has 539

anthropogenic climate change affected the probability of all 540

events that are at least as extreme as event X in terms of the 541

index used to define X?”. This second question does not fully 542

answer the question of how climate change has affected the 543

actual event that the study is concerned with. In contrast, 544

the use of a forecast model that predicted the event ensures 545

that any attribution analysis is unequivocally an attribution 546

of that specific event (15). 547

In addition to its advantages, this novel forecast-based 548

attribution methodology also has associated issues that must 549

be overcome. Firstly, the forecast model must have produced a 550

“good” forecast of the event. If the model is unable to represent 551

the event as it happened, then we cannot have confidence in any 552

estimates of the impact of climate change on that event. Issues 553

can arise even in qualitatively “good” forecasts, such as the 554

forecast of the heatwave over France in this study. As very few 555

ensemble members, if any, exceeded the observed magnitude 556

of the event for this region, the confidence in our estimates of 557

the probabilistic impact of CO2 on the event is extremely low 558

(since we are extrapolating the distribution shape outside of 559

the range of our data). Although the estimates of the absolute 560
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impact of CO2 do not share this lack of confidence, this is still561

a problem. It is possible that applying some bias correction562

procedure (e.g. 57–59) based on the model climatology to the563

model output before analysis might alleviate these issues to564

some extent, but not if the model is simply unable to predict565

the event in question (ie. a forecast bust). Secondly, the short566

timescales involved in these medium-range forecasts mean that567

the interpretation of any results becomes more difficult as the568

model is still adjusting to the perturbations imposed (13),569

at least in the case of the CO2 perturbations applied here.570

This adjustment is clear on a global scale in Fig. 3A. Due to571

this incomplete adjustment, any quantitative statements of572

attribution represent a lower bound on the “true” value.573

We have shown that the direct effect of CO2 concentrations574

over pre-industrial levels on the February heatwave is signifi-575

cant, even on timescales as short as a few days. Based on the576

very good 9-day lead forecast of the heatwave over the British577

Isles, the region that saw the most climatologically exceptional578

event, the direct effect of CO2 was to increase the magnitude579

of the heatwave by 0.31 [0.24 , 0.37] K, and the conditional580

probability of the heatwave by 52 [29 , 94] %. It is very im-581

portant to bear in mind that this statement of risk is highly582

dynamically conditioned (Fig. 2B). These estimates of the583

impact of CO2 on the heatwave follow the storyline attribution584

framework, since we have effectively removed the dynamical585

uncertainty from our simulations with this strong conditioning586

imposed by the short lead time (9, 54, 60). Our longer, 22-day587

lead experiments can contrast this storyline analysis with rela-588

tively unconditioned results much closer to the climatological589

simulations typically used in the conventional “Risk-based”590

attribution framework (29, 55). At this lead, we find that al-591

though over all regions the best-estimate impact of the direct592

CO2 effect is to enhance the heatwave by approximately 0.5593

K, in none of the regions is this impact significantly positive594

at the 90 % level (based on the bootstrapped confidence in595

the median value). Corresponding estimates of the risk ratio596

have so low confidence that they provide virtually no useful597

information. Increasing the forecast ensemble size, which is598

small compared to the climate model ensembles used in most599

attribution studies, would increase the confidence, potentially600

resulting in useful quantitative estimates of the risk ratio even601

at these longer lead times. Our results illustrate some of the602

concerns voiced recently over the conventional risk-based ap-603

proach to attribution (9, 52). Due to the dynamical noise604

present in unconditioned ensembles, it is possible to obtain605

an inconclusive attribution within a conventional risk-based606

framework, and at the same time obtain a confident positive607

attribution if the dynamical uncertainty is removed through608

conditioning (in our case achieved by reducing the forecast609

lead).610

While this study provides a demonstration of the potential611

use for forecast models within attribution science, it remains a612

partial attribution to the direct CO2 effect only. For forecast-613

based attribution to provide results that are fully comparable614

to conventional climate model-based attribution, we will need615

to demonstrate how the complete anthropogenic contribution616

to an extreme event could be estimated with successful fore-617

casts. The next step to progress forecast-based attribution618

further will be to remove an estimate of the anthropogenic619

contribution to ocean temperatures from the model initial con-620

ditions (e.g. 41). If performed in addition to reducing other621

greenhouse gas concentrations and aerosol climatology down 622

to their pre-industrial levels, this should allow us to run pre- 623

industrial forecasts of an event. This has been done previously 624

for a seasonal forecast model by Hope et al. (13–15). They 625

removed the anthropogenic signal from 1960 onwards from the 626

initial conditions, but we could in principle remove the signal 627

from pre-industrial times onwards in order to estimate the 628

complete anthropogenic contribution to an event. Although 629

it is highly likely that there will be methodology specific is- 630

sues that arise in this direction, we suggest that being able 631

to estimate the complete anthropogenic contribution to an 632

extreme event using a forecast model that was able to predict 633

the event in question would be extremely valuable. Developing 634

a methodology to allow us to do so might also provide a path- 635

way to operational attribution being able to be carried out 636

by weather prediction centres, due to the routine frequency 637

at which they produce forecasts. In addition to attempting 638

a “complete” forecast-based attribution of an extreme event, 639

we would like to explore how increasing the ensemble size 640

may allow us to provide confident forecast-based attribution 641

analyses within the unconditioned risk-based framework (ie. 642

at long forecast lead times). One potential avenue to allow us 643

to do this efficiently might be to reduce the resolution of the 644

forecasts, though this would not be appropriate if it reduced 645

the ability of the model to represent the event in question. On 646

a similar note, we would also like to extend our experiments 647

out to seasonal timescales. This would reduce the issues with 648

the interpretation of our medium-range results that occurred 649

due to the model adjustment to the sudden changes to the CO2 650

concentration. It is possible that seasonal forecasts have the 651

greatest potential to target for an operational forecast-based 652

attribution methodology. 653

Materials and Methods 654

The ECMWF Integrated Forecasting System (IFS). In this study, we 655

use IFS model cycle CY45R1, the operational cycle at the time of 656

the event. The 51-member ensemble prediction system comprises 657

a 91 layer, TCo639 resolution atmospheric model coupled to the 658

75 level, 0.25 degree resolution NEMO 3.4 ocean model (61). Once 659

the model integration reaches the extended-range (day 15 onwards), 660

the atmospheric model resolution is reduced to TCo319. 661

The IFS model climatology. We define the IFS model climatology, 662

used to compute model anomalies and the CRPSS, in an identical 663

manner as is done operationally (for example to calculate the Ex- 664

treme Forecast Index product) (62). This climatology is defined 665

using 9 consecutive re-forecast sets, spanning 5 weeks centered on 666

the forecast initialisation date (re-forecast sets are run twice a week, 667

every Monday and Thursday), of 11 members per re-forecast. These 668

sets are created by initialising the re-forecast ensemble on the same 669

calendar date over the previous 20 years. This procedure results in a 670

model climatology of 9 × 11 × 20 = 1980 members covering the 1999- 671

2018 period. Throughout this article, we use the model climatology 672

defined for the forecast initialised on 2019-02-11. Climatologies 673

defined for other initialisation dates are virtually identical. 674

A. Statistical methods. 675

A.1. Significance testing. For the significance stippling displayed on 676

the maps, we use a non-parametric (binomial) pairwise sign test at 677

a 90 % confidence level. 678

A.2. Distribution fitting. When fitting statistical distributions to the 679

ensembles during the risk-ratio calculation, we employ the method 680

of L-moments (63), due to its numerical stability under small sample 681

sizes. 682
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Datasets used.683

ERA5. We use the latest generation climate reanalysis from ECMWF,684

ERA5 (28).685

E-OBS. We use the E-OBS analysis v20.0e at 0.1 degree resolution686

(20).687

HadISD. We use HadISD v3.1.1.202003p (64–67).688
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