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Key Points:12

• Human influences played a strong role in the record 2014 temperatures in Europe13

• An attribution result is very sensitive to the spatio-temporal definition of the event14

• The increase in risk due to climate change declines on average moving to smaller spa-15

tial scales16
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Abstract17

The year 2014 broke the record for the warmest yearly average temperature in Europe. At-18

tributing how much this was due to anthropogenic climate change and how much it was due19

to natural variability is a challenging question, but one that is important to address. In this study,20

we compare four event attribution methods. We look at the the Risk Ratio (RR) associated with21

anthropogenic climate change for this event, over the whole European region, as well as its22

spatial distribution. Each method shows a very strong anthropogenic influence on the event23

over Europe. However, the magnitude of the RR strongly depends on the definition of the event24

and the method used. Across Europe, attribution over larger regions tended to give greater RR25

values. This highlights a major source of sensitivity in attribution statements and the need to26

define the event to analyse on a case-by-case basis.27

1 Introduction28

The warming of the global climate system is unequivocal [Stocker et al., 2013] and 201429

broke the record for the warmest year in Europe, in the observational record [Photiadou et al.,30

2015]. Record-breaking daily temperatures over Europe have increased in recent decades due31

to climate change [Bador et al., 2015], and record-breaking annual mean temperatures are also32

expected to increase. Europe, in 2014, saw many records of high annual temperatures broken33

regionally (e.g. in central England, King et al. [2015]) as well as the continent as a whole. A34

signal attributable to increasing anthropogenic greenhouse gas (GHG) emissions has been ro-35

bustly detected over the last decades in large-scale temperature extremes [Houghton et al., 2001;36

Solomon et al., 2007; Stocker et al., 2013] and over Europe [Bador et al., 2015], however the37

quantification of the signal for an individual event is less straightforward.38

An increase in temperatures over seasons as well as on shorter timescales puts strain on39

society, ecosystems, and infrastructure. Hence, it is valuable to determine to what extent, if40

any, anthropogenic climate change has contributed to the frequency of temperature records be-41

ing broken. This quantification improves our understanding of the impacts of rising GHG emis-42

sions and helps to begin assessing the socioeconomic costs of anthropogenic climate change43

today. It remains under debate whether such estimates are of immediate relevance for climate44

change policies [Hulme, 2014; Thompson and Otto, 2015; James et al., 2014]. However, whether45

or not anthropogenic climate change played a detectable role in the likelihood of current events46

is already debated outside the scientific community so the inclusion of scientific evidence can47

only improve this discussion.48
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To understand the implications of event attribution results, the design of the attribution49

study needs to be considered [Otto et al., 2015]. It is particularly important that event attri-50

bution findings not only state the answer but also the exact question that is addressed. For ex-51

ample, attributing the change of likelihood of an extreme event due to the observed trend an-52

swers a slightly different question to attributing the change in likelihood between modelled53

climates with and without anthropogenic greenhouse gas emissions. In addition, using a cou-54

pled ocean-atmosphere model changes the attribution question slightly compared with using55

a model with prescribed sea-surface temperatures (SSTs).56

Employing multiple methodologies allows a quantification of the uncertainties in the at-57

tributable signal, and provides a consistency check in the results between each method. This58

leads to greater confidence in the quantification of the attribution of human influences. In this59

study we contrast the results of four methodologies, applied to the question: how much did60

anthropogenic climate change alter the likelihood of the European record annual mean tem-61

peratures of 2014? Each of these methods takes a different approach and involves slightly dif-62

ferent assumptions regarding the modelling of anthropogenic influence on climate.63

In sections 2.1–2.3, each of the four methodologies are introduced, then compared in sec-64

tion 2.4. Values for the Risk Ratio (RR) calculated for each of the methodologies are presented65

in section 3.1. Expanding on this, section 3.2 looks at the spatial distribution of the RR and66

section 3.3 investigates how the RR varies when different sized regions are analyzed. In con-67

clusion (section 4) we find that while the dependency on the region size is expected, the ex-68

tent to which results differ is very large. This highlights the need for attribution studies to be69

conducted on a case-by-case basis.70

2 Methodology and Validation71

Four methodologies of event attribution, assessing to what extent anthropogenic climate72

change altered the likelihood of a year as warm as observed in 2014, are considered in this73

paper: (1) empirical methodology using historical data [van Oldenborgh, 2007; van Oldenborgh74

et al., 2012], (2) methodology employing the Coupled Model Intercomparison Project Phase75

5 (CMIP5; Taylor et al. [2012]) ensembles, using historical and historicalNat simulations [King76

et al., 2015] and (3 and 4) methodologies using very large ensembles of simulations in the weather@home77

framework [Massey et al., 2014]. The RR is defined as Pactual/Pnatural where Pactual and Pnatural78

are respectively the probabilities of the event occurring in the actual world with climate change79
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and in the world without human influence. For example, a RR of 10 means the event is 1080

times more likely in the current climate compared to a world without climate change. Note81

that the definition of this counterfactual world differs between methods (see below for details).82

For each of the methodologies, gridded datasets are used and each gridbox of this data can83

be analysed independently, or they can be averaged over sub-regions or the whole European84

domain.85

2.1 Empirical event attribution using historical data records86

To use the observational record for event attribution, a two-step process is performed.87

Firstly, the observed trend since pre-industrial times is computed (excluding the event itself).88

Secondly, the event is related quantitatively by physical and observational arguments to a quan-89

tity for which a model-based attribution study has been performed. This can be used to es-90

timate the extent that anthropogenic influences have contributed to the trend.91

For the first step we used a long observational dataset. We chose the Berkeley Earth Sur-92

face Temperatures [Rohde et al., 2013] dataset as its very large decorrelation scales match the93

value needed for annual mean temperature, while suppressing inhomogeneities. The area with94

data in 30◦–76◦ N, 25◦ W–45◦ E was taken to be the European temperature series.95

The trend in extremes was determined by fitting a Generalised Pareto Distribution (GPD)96

to the top 20% of the distribution above a threshold that varies linearly with the low-pass fil-97

tered global mean temperature as a measure of global warming [King et al., 2015]. A non-parametric98

bootstrap of 1000 samples gives an estimate of the uncertainties. The inverse GPD is evalu-99

ated in 1901 and 2014 to determine the return times for the current climate and the pre-industrial100

climate respectively. The ratio between the return times describes the increase of likelihood101

of the 2014 event occurring. Details can be found in Text S1.102

The second step, attribution, is done by referring to Stott [e.g., 2003], who find good agree-103

ment between the CMIP5 modelled trend in mean temperature over Europe and the observed104

trend, but not with the results of simulations using only natural forcings. This allows us to at-105

tribute the increase in likelihood of the event to anthropogenic forcings. The uncertainties of106

this attribution step are not included in the results.107
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2.2 Event attribution using the CMIP5 archive108

In the second approach we compare a set of multi-model simulations representing the109

world as it was in the years around 2014 with simulations representing the world had humans110

not influenced the climate. This methodology follows that of Lewis and Karoly [2013] and King111

et al. [2015].112

Firstly, 81 historical simulations from 17 different CMIP5 models were regridded onto113

a common 1.5◦ by 1.5◦ regular grid over the European region (30◦–75◦ N, 12◦ W–45◦ E).114

The E-OBS dataset was interpolated to the same resolution. For both the observations and all115

model simulations, European average annual time series were calculated as anomalies from116

the 1961-1990 climatological period.117

A Kolmogorov-Smirnov (KS) test was then employed to determine whether the model118

simulations adequately represented the European-average variability in annual temperature anoma-119

lies in the observational record over the common 1951-2005 period. To account for the high120

lag correlations in the observed time series (approximately 0.6 at a 1-year lag) the degrees of121

freedom used to determine the significance of the KS-statistic were reduced. Models were deemed122

to have passed this test if at least three historical simulations were available for analysis and123

no more than one of the historical simulations was significantly different (p<0.05) from the124

observational time series. This resulted in the selection of simulations from 15 climate mod-125

els to be investigated further.126

To use the HistoricalNat simulations in the RR analysis, the temperature anomalies were127

adjusted (from the base period of 1961-1990) by accounting for the warming prior to that pe-128

riod. This was done as per King et al. [2015], and resulted in a shift of the HistoricalNat PDFs129

for each model depending on the magnitude of warming seen in each model. The CMIP5 mod-130

els and the number of ensemble members used are shown in Table S1.131

Using 41 RCP8.5 (2006-2020) and 50 HistoricalNat (1900-2005) runs from these mod-132

els, an estimate of the RR was calculated. Ten thousand estimates of the RR were calculated133

by bootstrap resampling 50% of the pairs of RCP8.5 and HistoricalNat simulations. Using these134

10000 RR estimates, a median RR and 10th percentile RR were calculated.135

–5–

This article is protected by copyright. All rights reserved.



Confidential manuscript submitted to Geophysical Research Letters

2.3 Event Attribution using weather@home136

The final methods use the distributed computing framework climateprediction.net to pro-137

duce large ensembles of climate simulations. These experiments are part of the weather@home138

project [Massey et al., 2014], and use the Met Office Hadley Centre regional climate model139

HadRM3P over the EURO-CORDEX domain [Jacob et al., 2014], at 0.44◦ horizontal reso-140

lution, embedded in the atmosphere-only global circulation model HadAM3P at 1.25◦ x 1.875◦
141

resolution.142

For this analysis, the return time is calculated from the fraction of ensemble members143

which have an annual mean temperature for 2014 greater than observed (employing the Berke-144

ley data) in a particular region. The Berkeley (weather@home) data used were anomalies rel-145

ative to observations (simulations) from 1961–1990. This method of determining the likeli-146

hood of an event does not depend on the length of an available temperature record to obtain147

significant results. However, the uncertainty depends on the size of the ensembles, and return148

times of extremely rare events will still be highly uncertain.149

This study uses four weather@home ensembles. The first ensemble (actual2014) pro-150

vides simulations forced by observed SSTs of 2014, as well as current GHG and aerosol con-151

centrations. The second ensemble (actualClim), is used for the estimation of the return times152

under current climatological conditions. This combines ensembles of annual simulations of153

possible weather for the years 2001–2012. For the actual2014 and actualClim ensembles, the154

model is forced with observed SSTs and sea ice extent using the OSTIA data set [Stark et al.,155

2007].156

The third ensemble (natural2014) is a counterfactual ensemble of the year 2014 with-157

out anthropogenic climate change. As per Schaller et al. [2014], the anthropogenic signal was158

removed from the OSTIA SSTs used to force the simulations. As the uncertainty in estimat-159

ing the pattern of anthropogenic warming is large, 12 different patterns from CMIP5 models160

were used (see Text S2). We also employ a fourth ensemble representing the 2001–2012 pe-161

riod (naturalClim) which has a similar set-up as the actualClim ensemble but with the anthro-162

pogenic influences removed in the same way as the natural2014 ensemble. However, it only163

uses a single model (HadGEM2-ES) to represent the anthropogenic change in the SSTs.164

For a rare event, large ensembles are needed to obtain statistically significant results. The165

largest return times that can robustly be computed without using extreme value statistics can166
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be an order of magnitude less than the ensemble size [Sippel et al., 2015]. The ensemble sizes167

are given in Text S2.168

2.4 Comparison of approaches169

Each method described here has strengths and weaknesses, and relies on different as-170

sumptions. The empirical methodology reveals how the return time of the event in the observed171

temperature record is different in the current climate compared to the climatology of an ear-172

lier time period.173

This methodology assumes that the climatology changes in a simple way as a function174

of time or global mean temperature, e.g. shifting or scaling. It assumes that a GPD is a re-175

liable representation of the distribution. It also relies on the accuracy of the observational dataset176

for the whole historical record. It has the advantage of attributing the change in likelihood to177

the observed trend without any other complicating factors, but is limited by the amount of data178

in the historical record. The empirical method works best for small-scale events in space and179

time, as there are many data points to analyse for these events.180

When using climate models, the response of the climate to anthropogenic influence is181

determined by the physics of each model. Models are limited by resolution and the need to182

parametrize small scale or complex phenomena such as land surface, clouds and convection.183

These parametrizations are imperfect and may result in systematic biases in the model. The184

return time in the world without climate change is obtained from a counterfactual (natural) en-185

semble without anthropogenic forcings instead of comparing with observations of the early186

20th century. The use of many simulations and different models imply that the uncertainties187

in the response to these forcings are included.188

The CMIP5 method has the advantage of using highly complex coupled models with a189

range of different physics. It is most sensitive to structural differences between climate mod-190

els. However, because of the additional complexity of the models, they have a coarser reso-191

lution and fewer simulations compared to the weather@home ensemble.192

The weather@home method is able to produce thousands of simulations to increase the193

statistical significance of the results when the signal-to-noise ratio is poor, however it only in-194

cludes one representation of the physics of the climate system. Weather@home also answers195

different questions by prescribing the SSTs [Otto et al., 2015]. In the third method, by pre-196
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scribing the SSTs of 2014, we attribute the change in likelihood of the 2014 event given ev-197

erything else being equal. In the fourth method, when using simulations from 2001–2012, we198

look at the change in likelihood of the 2014 event under current climatic conditions, without199

requiring the exact patterns of SSTs observed in 2014. This renders it more comparable to the200

framing in the CMIP5 methodology while employing a very different modelling approach.201

3 Results202

3.1 Risk ratio for 2014 temperature event203

The increase in likelihood of high average temperature over Europe is robust across each204

of the methods presented here, even though the return times vary considerably. The one sided205

90% confidence intervals of the RR were calculated, and the RR was found to be at least 500206

using the empirical method. The weather@home and CMIP5 methodologies produce infinite207

RRs, as the observed 2014 European average temperature anomalies were greater than any of208

the natural simulations. There is a large uncertainty in these calculations due to the rarity of209

the event in the natural climate.210

Using the empirical method, the 2014 event has a return time of 30 yr in the current cli-211

mate, with a large uncertainty: the 95% confidence interval starts at 2 yr. A century ago the212

lower bound would have been 4000 yr. For the weather@home ensembles, the return times213

in the actual2014 and actualClim simulations were 39 and 151 yr respectively (confidence in-214

tervals [32,50] and [117,203]). We were unable to reproduce any events with a European av-215

erage temperature as warm as 2014 in the natural2014, naturalClim or CMIP5 historicalNat216

simulations, as expected from the return time estimated from the observations and the num-217

ber of ensemble members. For reference, the previous record had a natural return time of 1960218

yr becoming 3.7 yr in the current climate for the CMIP5 method.219

We can also explain the RR from the anomaly of the observed temperature for 2014 rel-220

ative to the temperature modeled for each method, the difference in temperature between the221

natural and actual climate (trend) for each method, and also the standard deviation of the data222

in each method (Table S2). The Empirical method has the largest natural anomaly as a result223

of the combination of a large actual anomaly and trend. The weather@home actualClim ex-224

periments have a larger anomaly than the actual2014 experiments, due to the simulations be-225

ing from the cooler period of 2001-2012. However, the trend in the naturalClim ensemble (us-226

ing the HadGEM2-ES model) is smaller than the average trend in the natural2014 ensemble,227
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resulting in similar anomalies in the natural2014 and naturalClim ensembles. Lastly we note228

that the natural2014 experiments have a slightly greater standard deviation than the actual2014229

simulations due to the use of 12 natural SST patterns. This will make the RR value more con-230

servative than if the variability of the actual2014 and natural2014 simulations were the same.231

3.2 Spatial distribution of the risk ratio232

As impacts of most events are realised on local rather than continental scales, a more233

meaningful way of looking at the RR is to calculate it for small regions. It is expected that234

the local RR for temperature will be correlated to the regional RR, and is likely to be lower235

[Angélil et al., 2014; Christiansen, 2015], however, the spatial pattern will depend on the spe-236

cific event.237

The anomaly between the observed temperature and the average temperature modelled238

for the present climate is shown in Figure 1 for each of the methods. This gives an idea of239

how extreme the temperature was for different areas in Europe compared to what is expected240

by the models. The temperatures for each of the methods show good agreement in the large241

scale features, showing that 2014 was especially warm in central Europe and Scandinavia but242

cooler in Portugal, Ukraine and the western part of Russia.243

The spatial distribution of RR is shown in Figure 2, calculated for individual grid-boxes244

using each of the methods. While the ratio is consistently greater than one, its magnitude and245

pattern varies for each method.246

Figure 2(a), using the empirical method, has RR around 10–100 over most of Europe,247

but greater than 1000 between Spain and France, and an area with RR less than 10 over Scan-248

dinavia. Figure 2(b), using the CMIP5 method, shows remarkably similar results in terms of249

the general magnitude of the RR values, albeit with differences for individual gridboxes. Like250

the empirical analysis, the higher RR values in the CMIP5 results are seen over southern and251

western Europe. Some coastal areas are undefined due to the coarser model resolutions (shown252

as white). Figure 2(c), calculated from the actual2014 and natural2014 ensembles, has a RR253

of around 10 for central Europe. There are a few areas with RR greater than 10 such as in Spain254

and Turkey, and RR greater than 100 over Scandinavia and Africa. Figure 2(d), calculated from255

the actualClim and naturalClim ensembles, is consistent with Figure 2(c), showing the attri-256

bution of this temperature event is not sensitive to the specific pattern of SSTs that occurred257

in 2014.258
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Each approach represents variability in the possible temperatures, shown by the standard259

deviation in Figure S1. The source of variability is different for each method. There is vari-260

ability in the time series used in the empirical method, variability in the weather@home sim-261

ulations exhibited across different ensemble members but damped near the coasts due to the262

prescribed SSTs, and variability in the CMIP5 ensemble, sampling uncertainty in the model263

response as well as the temporal variability. In places where the spread of values is relatively264

low, a small trend will change the likelihood of an event much more than in a place with higher265

variability (hence lower variability leads to higher RR). The trend in the temperature between266

the natural and current climate (Figure S2) combined with its variability (Figure S1), gives an267

indication of how much the likelihood of temperature events has changed, independent of any268

particular event. However, the RR appears to be less dependent on the magnitude of the trend.269

The RR is calculated for the specific conditions of 2014 (Figure 1) and shows lower values270

where the temperature anomaly is lower. RRs and trends for each of the SST patterns used271

in the natural2014 ensemble are shown in Figures S3 and S4 respectively. Which factor dom-272

inates may differ by method and by region. For example, the the high RR in Scandinavia for273

the weather@home model matches the pattern of higher anomaly, but there is a low RR in the274

same region in the empirical and CMIP5 methods, matching the pattern of higher variability.275

Calculating the RR on the grid-box scale relies on the observations being known with276

high accuracy across the whole region. In addition the model may not perform as well in some277

regions compared to others, leading to unevenly distributed biases. There are also regions where278

the event occurs in the actual ensembles, but not in any natural simulations. This results in279

an infinite RR which can be interpreted as an event possible in the current climate but extremely280

unlikely in the past. However, there is an inherent uncertainty for events at the tail of the dis-281

tribution due to the rarity of the event in the natural case. This statistical uncertainty may be282

reduced by spanning a wider range of possible climates, for example by conducting simula-283

tions with a wider range of possible SST forcings, using physics parameter perturbations or284

using different models with different physics parametrization schemes. However, it must be285

noted that increasing the ensemble spread (i.e. variability) will also systematically reduce the286

RR.287

3.3 Regional dependence of the risk ratio288

The previous section has shown that calculating the RR locally, then averaging over Eu-289

rope, gives a very different value compared to calculating the RR from the average European290
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temperature (compare values in Figure 2 and Table S3). It is well understood that variability291

changes as a function of domain size, so it is expected that the RR also exhibits some depen-292

dence on the domain size. To investigate how this occurs, this section looks at how the RR293

changes, calculated for average temperature over regions of varying sizes, centered about a spe-294

cific location. Because of the lower resolution of the CMIP5 data, this analysis is only done295

for the empirical and weather@home methods.296

Figure 3 shows how this behaviour depends on the size of the region and the rareness297

of the event in the ensemble. Figure 3(a) and (b) depict the probability of the event occurring298

at a specific grid-point and for different sized boxes of grid-points centered around this point,299

for each of the ensembles. The corresponding RR is shown in Fig. 3(d). Note that the prob-300

ability of the event in the actual simulations is much more stable than the natural simulations,301

which decreases rapidly for larger regions. This results in the RR increasing with increasing302

region size. The empirical method is shown in Figure 3(c) and (e), where the same trend can303

be seen although with larger uncertainty.304

The importance of the selection of region is clear. For example, using weather@home,305

Sweden experienced a very rare event where there were almost no natural ensemble members306

as warm as the observations across all region sizes, whereas Russia had a less rare event and307

the RR increased very smoothly with increasing region size. Some other regions have a very308

non-linear response as the region size is increased, likely due to expanding the region to in-309

clude grid-boxes with a much lower RR. Hence, the choice of region for analysis is partic-310

ularly important, to avoid including effects that are not relevant for a particular study.311

Differences in the observed temperature thresholds used for the RR calculation may yield312

different assessments of the anthropogenic influence on in particular the very extreme events313

(see Figures S5 and S6). Here the magnitude of the probabilities of the event differ slightly314

while the RR is more consistent when comparing against different observational products.315

When comparing the 2014 and the Clim ensembles, the magnitude of the probability of316

the event is different, but the RR is similar. For this particular type of event, specifying the317

SSTs to match the weather of 2014 compared to other recent years, does not change the re-318

sult of the attribution assessment. For other parts of the world where the inter-annual variabil-319

ity strongly depends on the specific SST patterns this is likely to be very different (e.g.,Otto320

et al. [2013]).321
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4 Conclusion322

Quantifying the extent to which anthropogenic climate change has contributed to record-323

breaking temperature extremes, such as the 2014 annual mean European temperatures, can be324

made by applying different methods of probabilistic event attribution [Lewis and Karoly, 2014;325

Allen, 2003; van Oldenborgh, 2007]. However, while it is relatively straightforward to obtain326

qualitative results for temperature extremes, the quantification and interpretation of these re-327

sults is much harder. For an annual mean temperature record, the definition of the event is less328

ambiguous than for other extreme events where different event definitions may lead to appar-329

ently contradictory results. For example there have been very different assessments in detect-330

ing and attributing a human signal in the Russian heat wave in 2010 [Otto et al., 2012] and331

the recent Californian drought [Diffenbaugh et al., 2015; Seager et al., 2014].332

This study compares assessments for the same event using four methodologies involv-333

ing three independent modelling approaches. The results for each of the methods are consis-334

tent in the range of the lower bound of risk ratios, although the spatial patterns vary. Com-335

paring these methods highlights the importance of taking into account the exact framing of336

the attribution question that is being addressed [Otto et al., 2015]. Whether the quantification337

of the anthropogenic signal is attempted using coupled or atmosphere-only model simulations338

or using observations alone will lead to different estimates of the RR. Because there is no sin-339

gle correct way of modelling human influence, these results should be treated more in terms340

of sampling estimates of the RR calculated from different scenarios and different modelling341

frameworks, rather than differing estimates of the same quantity.342

Using the multi-model approach, we can say with high confidence that the annual mean343

European temperatures have been made at least 500 times more likely. This is however not344

true for individual regions. For example, for regions of around 1000km in scale in Figure 3345

(also see Table S3), the lower bound of the RR was about 9 using the weather@home sim-346

ulations and 5 using the empirical method. At the gridbox level, in the centre of the same re-347

gions, these lower bounds are reduced to 6 using weather@home and CMIP5 methods, and348

4 using the empirical method.349

This shows that for an event defined by mean temperature, the exact choice of region350

can change the quantification of the risk ratio by an order of magnitude. An influence of re-351

gion averaging is not unexpected but has never been quantified before. To avoid this averag-352

ing effect, it may be preferable to calculate RR by pooling data over the region of interest rather353
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than averaging. Furthermore, when conducting event attribution, the event definition should354

be carefully chosen on a case-by-case basis to match the impacts. It should be tested for sen-355

sitivity to choice of region, and defined consistently to avoid misleading results when com-356

paring different attribution assessments.357
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lette, M. Déqué, G. Georgievski, E. Georgopoulou, A. Gobiet, L. Menut, G. Nikulin,397

A. Haensler, N. Hempelmann, C. Jones, K. Keuler, S. Kovats, N. Kröner, S. Kotlarski,398
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Fig1.png

Figure 1. The spatial distribution of differences between the observed 2014 temperatures and the average

temperature in the current climate modelled using different methods. a) historical data shifted to 2014 levels

using the empirical method, b) CMIP5 simulations between 2006-2020, c) actual2014 simulations, and d)

actualClim simulations. a), c) and d) were calculated relative to Berkeley data and b) was calculated relative

to E-OBS
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Fig2.png

Figure 2. The spatial distribution of the lower bound of the 90% confidence interval of the RR, calculated

for individual grid-boxes for different methods. a) is using the empirical method, b) using the CMIP5 method,

c) is from comparing the actual2014 and natural2014 ensembles, and d) is from comparing the actualClim and

naturalClim ensembles. a), c) and d) were calculated relative to Berkeley data and b) was calculated relative

to E-OBS.
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Fig3.png

Figure 3. Plots showing the event probability and RR, for regions centred around different locations, ex-

panding in size. Uncertainty here is defined using the 10%–90% confidence interval. a) Shows the probability

of the event occurring in the actual2014 and natural2014 simulations, b) shows the probability of the event

occurring in the actualClim and histClim simulations, c) shows the probability of the event occurring for the

empirical data corresponding to 1901 (Nat) and 2014 (Hist), d) shows the RR calculated from the actual2014

and natural2014 (2014 RR) and actualClim and naturalClim (Clim RR), e) shows the RR calculated from the

empirical data. Coordinates for the central points of the regions are given in table S4.

–19–

This article is protected by copyright. All rights reserved.



2016GL069568-f01-z-.png

This article is protected by copyright. All rights reserved.



2016GL069568-f02-z-.png

This article is protected by copyright. All rights reserved.



2016GL069568-f03-z-.png

This article is protected by copyright. All rights reserved.


