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Abstract

Windstorms induced by extratropical cyclones in winter (winter storms) are one of the

most destructive weather phenomena impacting Europe, and lead to signiÞcant eco-

nomical losses and fatalities. Changes in both the storm track and individual storms

are expected as climate changes. Understanding future changes in winter storm activ-

ity is thus key for risk assessment and damage mitigation in Europe. This thesis com-

bines state-of-the-art climatic projections from 29 General Circulation Models (GCMs)

participating in the 6th phase of the Coupled Model Intercomparison Project (CMIP6),

with the open-source weather and climate risk assessment model CLIMADA to ob-

tain a set of relevant projections for future winter-storm-induced damages over Eu-

rope. More speciÞcally, we study the uncertainties, spatial patterns, and atmospheric

factors of inßuence of future projected windstorm damages occurring during the win-

ter half-year (October-March: ONDJFM). We use an ANOVA model to partition the

uncertainty in the projections of the damages into four different sources: the climate

model, the stochastic, the emission scenario, and the impact function uncertainty. We

Þnd that the climate model uncertainty dominates the uncertainty in the projections

of damages related to frequent events, but that the stochastic uncertainty dominates

for damages related to extreme events, highlighting the need for improvements in

climate models and an increased number of ensemble members. Spatial patterns of

the future changes in winter storm damages projected by the multi-model ensemble

show a median increase in the damages in a narrow band covering parts of the British

Isles, northern mainland Europe, southern Scandinavia and the Baltic states, and a

median decrease in the rest of the European domain, in agreement with an eastward

extension of the North Atlantic storm track into Europe. The large variability in the

projected changes of extreme surface winds between GCMs suggests that projected

storm damages cannot be explained exclusively by the changes in the storm track.

We investigate the changes in extreme loss events by combining the different climate

models and model members resulting in two long simulations of 1920 years of mod-

elled climate and Þnd solid evidence for the intensity of rare and extreme events to

increase more relatively to the intensity of more frequent events. We study the role of

different remote climate drivers, such as the tropical warming, the arctic ampliÞcation,

iii
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and the stratospheric polar vortex strength, as well as the trends of different indices

of atmospheric circulation, such as the North Atlantic Oscillation (NAO) and the East

Atlantic/Western Russia pattern (EAWR) on the projected wind extremes and associ-

ated losses. We Þnd climate models projecting the strongest changes in the ONDJFM

mean states of the NAO and EAWR indices to be associated with signiÞcantly differ-

ent responses in terms of spatial patterns and changes in frequency and intensity of

future winter storm damages. Also, we Þnd polar ampliÞcation and changes in the

strength of the stratospheric polar vortex to potentially inßuence the future extreme

winds and damages over Europe. Our Þndings identify climate features that inßuence

part of the variability in future European wind losses, with potential applications in

the assessment of future climate simulations, or in seasonal forecasting of winter storm

activity and damage. Our study also provides a common framework which can serve

as a guidance for future climate risk assessment studies which could similarly take

beneÞt of the association of a large ensemble of GCMsÕ projections with a powerful

open-source risk assessment model.



Chapter 1

Introduction

1.1 Winter storm damages in Europe

Extratropical cyclones (ETCs) are common, but occasionally very destructive weather

phenomena impacting the midlatitudes, and can potentially lead to important eco-

nomic losses or even losses of life. Such weather systems and their associated depres-

sions can occasionally intensify and cause damaging winds at the surface (e.g. Munich

Re, 2002; Coulam, 2015). They can also contribute to heavy precipitation via the pas-

sage of fronts or warm conveyor belts (rapidly ascending warm and moist air masses

within a cyclone leading to precipitation; see e.g. Pfahl and Wernli, 2012; Pfahl et al.,

2014). In Europe, those destructive events are the most common during winter (Lau-

rila et al., 2021), and are therefore often referred to aswinter stormsor European winter

storms.

The relevance of such events in terms of economic losses for Europe has been known

for a long time, as those weather phenomena can cause enormous damages due to

their strong winds and associated storm surges, or accompanying heavy precipita-

tions (F¬ussel, 2017). The reinsurance company Munich RE ranked winter storms as the

costliest natural hazard in terms of insured losses in Europe between 1980 and 2015,

and ranked them second and fourth in terms of overall losses and number of fatalities,

respectively, with the most exposed regions in Europe being northwestern, western

and northern Europe, in particular regions close to the coast (Outten and Esau, 2013;

Osinski et al., 2015). According to the Emergency Events Database (EM-DAT), a global

database on natural and technological disasters (Guha-Sapir, 2021, see section 2.4.3 for

more details), damages caused by intense winds associated with ETCs amounted to

77 bn USD (in 2019 value), for the period 1998 to 2021.

With climate change, extratropical cyclones are expected to undergo considerable

changes, rendering the future of winter storm-related losses uncertain (Shaw et al.,

2016; Seneviratne et al., 2021; F¬ussel, 2017). Understanding and monitoring ETCs, and

1



2 CHAPTER 1. INTRODUCTION

modelling the damages they can cause in the present but also in the future climate,

is thus of great interest for the affected population as well as for the governmental

authorities and stakeholders involved, such as insurance and reinsurance companies.

1.2 Expected changes in the North Atlantic storm track

and cyclonic activity with climate change

Extratropical cyclones build on baroclinic instability, which is the inherent instability

of the atmosphere due to the meridional temperature gradient created by the differ-

ential solar heating between the equator and the poles. ETCs are the result of small

disturbances that grow into mature low-pressure systems using this instability as their

energy source and transforming it into kinetic energy. They are associated with a typ-

ical time and length scale, often lasting for several days and being a few thousands

kilometers wide (Eady, 1949; J.G. Charney, 1946; A. Joly and et al., 2003).

Favourable regions for cyclogenesis and cyclonic activity are called storm tracks, and

they strongly depend on horizontal gradients of temperature (Chang et al., 2002; Shaw

et al., 2016). Such a baroclinic region can be found over the northern part of the At-

lantic ocean and is referred to as the North Atlantic storm track. Most of the cyclones

that generate in this region then move eastward with the zonal ßow and are thus likely

to reach the European continent, making Europe one of the worldÕs most exposed

places to extratropical cyclones and their damages. Cyclonic activity is in general the

most intense in the winter season, when the baroclinicity is the strongest (Chang et al.,

2002; Laurila et al., 2021). Therefore, windstorms in Europe usually make the most

damages in boreal winter.

Studying the storm track and understanding how it will change with climate change

is thus key to understanding how damages due to extratropical cyclones might evolve

in the future. It is generally assumed that processes altering horizontal temperature

gradients are the main drivers of storm track changes. However, the mechanisms

remain difÞcult to study, as many processes are impacting the future changes in hor-

izontal temperature gradients, often in a counteracting manner (Shaw et al., 2016).

For instance, warmer temperatures lead to a greater latent heat release in tropical

convection, contributing to warm the tropical upper troposphere more relatively to

the global surface warming. This enhanced tropical warming has been shown to in-

crease baroclinicity and shift the storm tracks poleward (Shaw et al., 2016; Catto et al.,

2019). Changes in surface albedo and temperature feedbacks have been shown to en-

hance the warming in the Arctic region relative to the global mean, which in turn

contributes to shift the storm tracks equatorward (Shaw et al., 2016; Catto et al., 2019).

Furthermore, the future change in the strength of the stratospheric polar vortex is also
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expected to be relevant factor of inßuence on the storm tracks (Zappa and Shepherd,

2017; Oudar et al., 2020). In addition to all those competing processes, the character-

istics of the individual cyclones are expected to change, contributing to add an extra

source of uncertainty (Woollings, 2010; Catto et al., 2019; Priestley and Catto; Dolores-

Tesillos et al., 2022). Consequently, future projections of extratropical cyclones and

storm tracks over Europe are uncertain.

The topic of extratropical cyclone activity and storm tracks changes has been widely

investigated in the past decades (e.g. Leckebusch et al., 2006; Zappa et al., 2013; Harvey

et al., 2020); for an overview on this topic, see Shaw et al. (2016). There is a consen-

sus that the upper-level jet stream and storm track shift poleward as climate warms,

in most parts of the Southern Hemisphere, and in the Northern Hemisphere PaciÞc

region (Simpson et al., 2014; Shaw, 2019). The situation is however less clear for the

wintertime North Atlantic storm track, where the response shows a more complex

pattern, with an extension of the storm track further into Europe and a reduction in

cyclonic activity in the Mediterranean and Norwegian seas (Zappa et al., 2013; Harvey

et al., 2020; Shaw et al., 2016).

While the projected changes in either the magnitude, the temporal characteristics, or

the spatial patterns of intense winds generated by ETCs do not always agree between

the different studies, there is an agreement on an increase in either the magnitude

(Lambert and Fyfe, 2006; Catto et al., 2019; Priestley and Catto; Dolores-Tesillos et al.,

2022), or the frequency (Gastineau and Soden, 2009; McDonald, 2011; Michaelis et al.,

2017) of extreme winds over the North Atlantic storm track region and Europe. Con-

sequently, many studies expect increased damages, in particular for the northwest-

ern and central-northern European regions (e.g. McDonald, 2011), Catto et al. (2019),

Zappa et al. (2013)), Pryor et al. (2012). Overall, dynamical changes in individual

ETCs are expected to be small, and changes in the storm track location is expected be

the dominant factor for future changes in local extreme winds (Seneviratne et al., 2021;

Dolores-Tesillos et al., 2022).

For all those reasons, it is clear that damage assessment of future ETCs over Europe is

a challenging task, for which the projections of climate models can be of great help.

1.3 Climate models and associated uncertainties

There exist many complex climate processes and weather systems such as ETCs that

require a good understanding and modelling of the global climate. For this reason, an

increasing number of climate models have been developed in the past decades, lead-

ing to an improved understanding of the climate system. The term climate model en-

compasses models of different types and complexities, from the simpler atmosphere-
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ocean coupled models, or general circulation models (GCMs) to the more complex

Earth Sytem Models (ESMs).

The Coupled Model Intercomparison Project (CMIP) from the World Climate Research

Program has been created to provide a common framework for the increasing num-

ber of available models and simulations. The CMIP provides a set of different climate

projections from various climate models, all of them needing to meet speciÞc criteria,

and to participate in standardized experiments (Eyring et al., 2016). Currently, CMIP

is already in its 6th phase (CMIP6), and it already provides an improved representa-

tion of several climatic features, notably the jet stream and the North Atlantic storm

track, in comparison to its previous phases (CMIP3 and CMIP5) (Harvey et al., 2020;

Priestley et al., 2020).

Future climate projections are complicated by various sources of uncertainty (Knutti

et al., 2010). First, an important source of uncertainty comes from our incomplete

knowledge of the climate, and from our imperfect modelling of it. Climate models

therefore yield different climate projections due notably to the different parameteri-

zations and numerical methods they employ. This uncertainty is often referred to as

model uncertainty. Knutti et al. (2010) pointed out the importance of considering mul-

tiple models in the assessment of climate change, as it allows to better sample this

uncertainty. Consequently, climate projections, but also climate impact risk assess-

ment studies should be based on as many climate models as required, so that this

uncertainty is not underestimated. However, Knutti et al. (2010) also highlight the

challenges of multi-model ensembles, in particular the complexity of selecting and

combining the different models and the difÞculty in the interpretation of the output.

Secondly, climate models also require information on boundary conditions, that is,

all the processes that are not explicitly dealt with by the models. For instance, such

boundary conditions can include information on the concentration or emission of di-

verse atmospheric gases or aerosols, such as CO2, or land use change. Providing in-

formation on such boundary conditions requires making assumptions on the future.

Such assumptions are referred to as scenarios, and we thus refer to the associated un-

certainties as scenario uncertaintyor boundary conditions uncertainty. One of the main

activities of the CMIP6 project is the Scenario Model Intercomparison Project (Scenar-

ioMIP). It consists in the evaluation of future climates in the framework of different

Shared Socio-Economic Pathways (SSPs), which encompass future scenarios of emis-

sions and land-use changes, but also societal, political and economical considerations

(Gidden et al., 2019). Including models that participate in the ScenarioMIP project and

that are thus forced by different boundary conditions allows us to estimate the uncer-

tainty stemming from the scenario uncertainty.

One third source of uncertainty originates from the inherent chaotic behavior of the
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climate system. The high non-linearity of the diverse climate processes results in a

strong dependency on the initial conditions of the simulations. This is referred to

as stochastic uncertainty, or internal variability. We can account for this inherent un-

certainty by considering ensembles of members of a climate model. A member is a

simulation of a single climate model that has been run with slightly perturbed initial

conditions, boundary conditions or parameterization. Comparing different members

from a single model, which only differ in their initial conditions, can thus help us to

estimate the uncertainty resulting from internal variability.

In summary, climate models are our best tool to study and model the various atmo-

spheric and climate processes. However projections from such climate models are af-

fected by considerable uncertainties. It is therefore crucial for climate change studies

to consider as many climate models, model members and climate scenarios in order

to have a comprehensive view of the potential future climates and their consequences.

Projections from climate models can be used in combination with weather and climate

risk models to study the impacts of those potential future climates, on our society, or

on the natural environment.

1.4 Risk assessment framework and weather and climate

risk modelling

As climate evolves, and extreme climatic events become more and more frequent and

intense, there is a growing need for the population, stakeholders, and governmental

authorities to get an improved appraisal of the possible future impacts associated to

those extremes. One way to understand and model those impacts can be achieved

by adopting the risk framework. Following the IPCC (Field et al., 2014), risk can be

understood as:

The potential for consequences where something of value is at stake and

where the outcome is uncertain, recognizing the diversity of values.

Risk thus takes different forms depending on the value at risk of interest. Furthermore,

the risk of climate change impacts can be modelled as the convolution between three

components: the hazard, the exposure, and the vulnerability:

Risk= Hazard ! Exposure! Vulnerability (1.1)

The hazard term represents the intensity of the hazard in space and time, or accord-

ingly in probabilistic risk modelling, the probability of occurrence of an event of a

given intensity and at a given place. The exposure quantiÞes the presence of assets,
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which could be affected by the hazard. In essence, exposure represents the distribu-

tion of the different values at risk in space and time. The vulnerability characterizes

the sensitivity of the exposure, in terms of the assessed impact, to the hazard intensity.

The vulnerability is often represented using vulnerability curves, also referred to as im-

pact functions, which approximate the complex hazard-exposure-impact relation with

simpler functional relationships.

Weather and climate risk models use the framework of risk modelling as a basis to

project the impacts of climate change on human societies, or on the natural envi-

ronment. Those models can combine the assessment of changes in exposure and

vulnerability, such as rising population, societal changes or economic growth, with

the assessment of changes in the climate system, by for instance taking advantage of

physically-based projections from climate models. Accounting for changes in the three

components of risk: the hazard, the exposure, and the vulnerability allows to obtain

comprehensive estimates of climate impacts which can be used as a mean to improve

the resilience of our societies or of the natural environment to the climate change.

CLIMADA (CLImate ADAptation) is an open-source global weather and climate risk

assessment platform (Aznar-Siguan and Bresch, 2019). It permits explicit, event-based

calculations of damages caused by a broad range of natural catastrophes, in a proba-

bilistic framework. The CLIMADA model implements the risk framework using three

different modules: a Hazard module, gathering information about the location, fre-

quency, and intensity of the hazard under investigation, an Entity module, gathering

information on the socioeconomic aspects such as the exposure and the impact func-

tions, and Þnally, an Enginemodule which contains the risk assessment metrics result-

ing from the interactions between the hazard and the entity, as well as the computa-

tion methods required for the risk calculations. CLIMADA also provides an Adaptation

module which allows for calculations of the costs and beneÞts resulting from the ap-

plication of certain adaptation or risk reduction measures. CLIMADAÕs design allows

for fast multi-hazard calculations over a broad range of spatial scales and resolutions,

making it a valuable tool for risk and adaptation studies in a wide variety of contexts.

1.5 Objectives and outline of the thesis

The previous sections highlight the relevance of winter storms for Europe, but also

the difÞculties and challenges that complicate future projections of extratropical cy-

clone activity and its impacts. Many studies have evaluated windstorms and their

associated damages in present-day, and in a future climate. However, such studies in

general only considered a limited number of climate models for their projections. Sim-

ilarly, only a couple of emission scenarios and model members are in general included
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in the analyses. As pointed out in the previous section, only considering a limited

number of climate models, model members, and emission scenarios strongly restrict

the possibility of assessing the projectionsÕ uncertainties and their trustworthiness. To

our knowledge, no research taking advantage of the new CMIP6 projections to study

potential damage due to windstorms over Europe including a focus on the different

uncertainty sources has been published yet. In this thesis, we aim to obtain projections

of economic damage caused by winter storms over Europe, and to evaluate them with

regards to the uncertainties that affect them.

Furthermore, we take the novel approach of using the open-source weather and cli-

mate risk assessment model, CLIMADA, and the economic asset exposure dataset

LitPop to compute the damages, providing a common framework for regional climate

impact assessment studies using climate models. In a second part, we also investigate

the role of different dynamical and circulation mechanisms in the spread of the impact

projections. Thus, this thesis addresses the following questions:

¥ How will climate change impact future winter storm damages over Europe?

The Þrst part of the study is to produce projections of the patterns and distri-

butions of winter storm damages in Europe, using the CLIMADA model and

several climate models participating in CMIP6. We investigate changes in the

future modelled losses in both the spatial and the frequency-intensity domain.

(sections 3.3.1 and 3.3.2)

¥ What are the main sources of uncertainty in the projections? We use analysis of

variance (ANOVA) methods to partition the spread of the projections between

different components: climate model uncertainty, impact function uncertainty,

stochastic uncertainty, and scenario uncertainty (section 3.2). We also investigate

the regional variations in the uncertainty partitioning and assess the relation be-

tween the uncertainty and the rarity of the events considered.

¥ What are the dynamical and circulation mechanisms inßuencing future wind-

storm damages over Europe, and how do they relate to climate change? We

propose to better frame the spread in the multi-model ensemble by conditioning

the different climate models based on their representation of several circulation

mechanisms of importance. We do so by conducting a multiple linear regres-

sion analysis based on several remote climate drivers, and on trends of different

atmospheric circulation indices representing those circulation mechanisms (sec-

tion 3.4).

The structure of this thesis is as follows. Chapter 2 details the data and methodology

used for this study. Chapter 3 presents and discuss the results. Finally, chapter 4 pro-
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vides concluding remarks on the main Þndings of this thesis, as well as a discussion

of the limitations and suggestions for potential future research.



Chapter 2

Data & Methods

2.1 Study domain and period

This study focuses on damages and associated economic losses occurring in the event

of winter storms over Europe. To this end, we deÞne a study domain comprised

within latitudes 30¡ to 75¡N and longitudes 30¡W to 30¡E. In order to better explore

the spatial patterns of the losses, the domain is further separated into sub-regions.

Seven sub-regions are deÞned according to their climate, adapted from Christensen

and Christensen (2007):

1. British Isles (BI): United Kingdom and Ireland.

2. Iberian Peninsula (IP): Spain, Portugal, and Andorra.

3. France (FR): France and Monaco.

4. Western Europe (WEU): Kingdom of the Netherlands, Switzerland, Luxem-

bourg, Belgium, Germany, and Liechtenstein.

5. Scandinavia (SC): Denmark, Sweden, Finland, Norway, Estonia, Latvia, and

Lithuania.

6. Mediterranean and Balkan region (MED): Italy, Albania, Bosnia and Herzegov-

ina, Croatia, Montenegro , Malta, Greece, San Marino, Vatican City State, Slove-

nia, Macedonia, Bulgaria, Serbia, and Kosovo.

7. Eastern Europe (EEU): Austria, Belarus, Czech Republic, Hungary, Poland, Slo-

vakia, Ukraine, Republic of Moldova.

8. Entire European Domain (EU): Aggregation of all the seven sub-regions detailed

above.

9
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Losses are investigated on a daily basis, for the winter half-year only (October-

November-December-January-February-March, herein ONDJFM). Climate change ef-

fects are studied by comparing losses computed for a future vs. a historical period.

They are deÞned as 30-years periods, spanning the end of the 20th century (1980-2010)

for the historical period, and the end of the 21st century (2070-2100) for the future pe-

riod.

Figure 2.1: Map of the seven sub-regions deÞned in section 2.1: the British Isles (BI),

the Iberian Peninsula (IP), France (FR), Western Europe (WEU), the Mediterranean

and Balkan region (MED), Scandinavia (SC), and Eastern Europe (EEU).

2.2 DeÞnitions and metrics

In this thesis, we present results using different concepts and impact metrics, which

we deÞne as follows:

1. Impacts, damages, and losses: In this study, we use those three terms interchange-

ably, which we deÞne as the economic losses, measured in USD, which result

from the interaction between the hazard and the exposure.

2. The Average Annual Impact (AAI)represents the sum of all the loss events occur-

ing during a period, divided by the number of years of this period. The AAI can

be aggregated to the whole domain (EU), or to the sub-regions deÞned in Þgure

2.1.

3. Return Period (RP): Return periods are the average time intervals between the

occurrences of events with an intensity equal to or higher than a certain value.

4. Intensity of an event with a given Return Period (RPI): Alternatively, we can also Þx

the return period, and look at the maximum event intensity that is not exceeded
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during this period. For instance, the intensity of an event with a return period

of one year (one-year RPI), is the maximum event intensity that is expected to

occur on average once a year. In this study, we use one-year RPIs to represent

common events, and ten-years or 20-years RPIs to represent extreme events.

5. Impact maps: We use impact maps to visualize the distribution of the losses in

the spatial domain. In this study, impact maps represent the RPIs, or the future-

minus-past relative to the past change in the RPIs, as modelled by a single cli-

mate model or by the median of a multi-model ensemble. The resolution of the

impact maps is at the exposure level, i.e. 600 arcseconds.

6. Exceedance Frequency Curves (EFCs): We use EFCs to visualize the distribution of

the losses in the frequency-intensity domain. An EFC links the RPIs, in economic

value, on the y-axis, to the RPs, in years, on the x-axis. It thus informs on the

yearly frequency at which a certain event intensity is exceeded, according to the

dataset under investigation.

2.3 Modelling framework

Our impact assessment study is based on the risk framework, and is conducted using

the weather and climate risk assessment model CLIMADA.

We use daily surface wind maxima (sfcWindmax) outputs from several models partic-

ipating in CMIP6 as the representation of the here considered weather hazard (section

2.4.1). Exposure is modelled using the LitPop dataset (section 2.4.2). We use damage

functions (section 2.6) to represent vulnerability. Finally, we incorporate those three

components into CLIMADA to obtain a variety of risk assessment metrics, such as im-

pact maps or EFCs. Finally, we use historical loss values from the EM-DAT database

(section 2.4.3), and observed daily surface wind maxima from the ERA5 reanalysis

(section 2.4.4) to calibrate our modelling framework (section 2.6.1).

2.4 Data

2.4.1 CMIP6

This study uses several climate models participating in CMIP6 to represent the atmo-

spheric variables of interest (Eyring et al., 2016). We use primarily daily surface wind

maxima (sfcWindmax), which we use for the modelling of the windstorm damages.

We also use other variables to help in the understanding of the dynamics behind the

modelled damages, e.g. daily-mean sea-level pressure (psl), monthly near-surface air
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Figure 2.2: Project schematic describing the whole modelling process. Twenty-nine

General Circulation Models (GCMs) participating in the phase six of the Coupled

Model Intercomparison Project (CMIP6) are used to represent the climate from the

past period (1980-2010), leading to 64 members x 30 years = 1920 years of modelled

climate, and to represent the climate from the future period (2070-2100), using the

boundary conditions from one of the four Shared Socio-economic Pathways (SSPs):

SSP126, SSP245, SSP370, or SSP585, leading to 148 members x 30 years = 4440 years

of modelled climate. Storm days are then detected from the pre-processed daily sur-

face wind maxima Þelds from those 1920 + 4440 years of modelled climate and in-

corporated as the weather hazard data into the weather and climate risk assessment

model CLIMADA. Three different impact functions, and exposure data from the Lit-

pop dataset are then incorporated into CLIMADA, which then produces impact met-

rics, such as impact maps, or Exceedance-Frequency-Curves.
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temperature (tas), monthly-mean air temperature (ta), and monthly-mean of the zonal

component of the wind (ua). In particular, we use ua at 850 hPa (U850) as an indirect

indicator of the location of the eddy-driven jet and the storm track (Woollings et al.,

2012; Zappa and Shepherd, 2017; Oudar et al., 2020). Variables for the past period

(1980-2010) are obtained from the historical simulations of the climate models. For the

future period (2070-2100), we use primarily the Shared Socio-economic Pathway 5-8.5

(SSP585), the scenario of most extreme global warming, in order to maximize the cli-

mate change signal. The socio-economic pathway SSP585 corresponds to a forcing of

8.5W/ m" 2, and is therefore similar to the RCP 8.5 of the previous CMIP phases. See

OÕNeill et al. (2016) for more information on the SSPs.

The climate models are selected based on their availability in the variables of interest.

Only models for which the sfcWindmax variable is available for at least the historical

and future SSP585 simulations are selected. No pre-conditions are applied on model

performance, or on a matching of the climate modelsÕ projections to future expected

changes in the North Atlantic storm track or in surface winds under climate change.

This selection yielded 29 climate models (table 2.1). In a next step, we further sub-

select 14 models, based on the criterion that they provide at least three members for

the historical simulation as well as for each of the four following SSPs: SSP126, SSP245,

SSP370, and SSP585. We use this sub-selection of 14 models to analyze the sensitivity

of our projections with regards to the different boundary conditions and initial condi-

tions (see section 2.7).

2.4.2 Litpop

Obtaining a reliable and consistent distribution of economic assets in space is difÞ-

cult, as the information about the value and exact location of the different goods is in

general not publicly available. Insurance companies can provide information on the

distribution of economic assets in space, but their data usually has poor coverage, and

such data is in general not made available to the public. An alternative is the use of

proxies for asset distribution, based on information from light intensity from remote

sensing and/or population counts. The use of such surrogates for distribution of as-

sets has been previously used in similar studies and has shown to perform well (e.g.

Klawa and Ulbrich, 2003; Karremann et al., 2014).

More recently, Eberenz et al. (2020) developed a tool called LitPop; a dataset which

provides an estimation of the spatial distribution of monetary assets by means of light

intensity and population distribution information. This data has the advantage of of-

fering consistent information, with a great spatial coverage. Information is also avail-

able for uninsured assets, and not only the insured ones. Such data has already proven

valuable for conducting climate change impact studies, in a framework similar to ours
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historical ssp126 ssp245 ssp370 ssp585

AWI-CM-1-1-MR 1 x x x 1

BCC-CSM2-MR 1 x x x 1

CanESM5 3 3 3 3 3

CNRM-CM6-1 3 3 3 3 3

CNRM-ESM2-1 3 3 3 3 3

CNRM-CM6-1-HR 1 x x x 1

EC-Earth3-Veg 3 3 3 3 3

EC-Earth3 3 3 3 3 3

EC-Earth3-Veg-LR 3 3 3 3 3

EC-Earth3-CC 1 x x x 1

IPSL-CM6A-LR 3 3 3 3 3

MIROC-ES2L 3 3 3 3 3

UKESM1-0-LL 3 3 3 3 3

MRI-ESM2-0 3 3 3 3 3

GISS-E2-1-G 1 x x x 1

FGOALS-g3 3 3 3 3 3

ACCESS-ESM1-5 3 3 3 3 3

CMCC-CM2-SR5 1 x x x 1

CMCC-ESM2 1 x x x 1

MIROC6 3 3 3 3 3

MPI-ESM1-2-HR 2 x x x 2

MPI-ESM1-2-LR 3 3 3 3 3

INM-CM4-8 1 x x x 1

INM-CM5-0 1 x x x 1

KACE-1-0-G 3 3 3 3 3

ACCESS-CM2 2 x x x 2

HadGEM3-GC31-LL 3 x x x 3

HadGEM3-GC31-MM 3 x x x 3

NESM3 2 x x x 2

Table 2.1: List of the 29 CMIP6 models considered in this study. The numbers repre-

sent the number of ensemble members available for each climate model, for the his-

torical simulations, and for each of the four Shared Socio-economic Pathways (SSPs)

considered for the future simulations: SSP126, SSP245, SSP370, and SSP585. The x

symbol indicates that the data is not available.
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(e.g. L¬uthi et al., 2021; R¬o¬osli et al., 2021).

For this study, we use the Litpop dataset to represent exposure. Information for 45 Eu-

ropean countries is obtained, and produced capital is disagreggated to a spatial scale

of 600 arcseconds. To simplify our analysis, we do not apply any scenario of economic

growth for the future period. Thus, asset values are kept constant with 2018 as a ref-

erence year. Although this assumption might lead to an underestimation of the future

losses, due to the disregard of the economic growth, we motivate this simpliÞcation

by the fact that this study focuses on the climate change impacts, and keeping constant

asset values thus allows us to clearly separate the effects of climate change from the

effects of economic growth and changes in exposure.

2.4.3 EM-DAT

The Emergency Events Database (EM-DAT; see Guha-Sapir, 2021), a global database

on natural and technological disasters, is used as a reference for the comparison of

the modelled damages with recorded losses. The database contains data on the occur-

rence and impacts of more than 21,000 disasters globally, and is compiled from various

sources including the UN, governmental and non-governmental agencies, insurance

companies, research institutes and press agencies. For this study, we retrieve the esti-

mated losses that occurred during thirty separate severe winter storms, which hit 24

separate countries in Europe between 1998 and 2021. Those storms resulted in a total

estimated loss of 74 bn USD (inßation-adjusted to 2020 values), for an average yearly

loss of about 3.1 bn USD. We note that for a disaster to be registered in the database, at

least one of the following must apply: ten or more people reported killed, a hundred

or more people reported affected, a state of emergency declared, or a call for inter-

national assistance. Therefore, our loss statistics might be biased towards the most

extreme events, and might be missing losses that occurred during less intense and

damaging events. However, we consider those numbers to be sufÞciently accurate for

the purpose of our analysis.

2.4.4 ERA5

We use the ERA5 reanalysis dataset (Hersbach et al., 2020) to investigate biases of the

GCMs in the daily sfcWindmax variable, and to validate our event detection scheme.

To this end, the hourly maxima of the zonal and meridional components of the 10-

meter wind is retrieved. The original hourly-resolved data is resampled to daily max-

ima to match the temporal resolution of the CMIP6 models. The reanalysis data is

spatially interpolated to the different CMIP6 model grids using bilinear interpolation.
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2.5 Event detection

No actual cyclone tracking is undertaken in this study. Instead, we detect stormy days

directly from the daily sfcWindmax Þelds, and calculate the associated daily losses.

We consider a day as stormy following two criteria:

1. Stormy conditions at a grid cell are detected when the 98th local percentile of the

daily sfcWindmax is exceeded.

2. A day is considered as stormy only if the total area of the stormy grid cells is

equal or greater than a spatial threshold A. This threshold is chosen so that

stormy days have a minimum stormy area corresponding approximately to the

area expected from an ETC wind footprint. Days that have a stormy area smaller

than the minimum expected area of a winter storm wind footprint are discarded

from the analysis.

Those two criteria can be summarized in the following equation:

Stormy day #$ !
i

{ ai |vi % v98,i } % A (2.1)

where ai is the area of the grid cell i, vi is the daily sfcWindmax intensity at grid cell

i on the day considered, v98,i is the 98th percentile of the daily sfcWindmax at grid

cell i, computed over the ONDJFM months of the historical period, and A is the area

threshold parameter.

The Þrst condition corresponds to assuming that storms and associated damages only

occur during the two percent windiest days of the winter half-year, and allows us to

account for local adaptation to strong winds, i.e. a certain wind intensity can be con-

sidered as damaging in a place where winds are climatologically weak, but the same

intensity can be considered as harmless in a place of climatologically strong winds.

The choice of the exact value of the percentile threshold has been Þrst empirically de-

rived by Klawa and Ulbrich (2003), and has been later widely used for other winter

storm damage assessment studies (e.g. Pinto et al., 2007; Schwierz et al., 2010; Do-

nat et al., 2010a, 2011). Furthermore, the 98th daily sfcWindmax percentile is relevant

as being a factor considered for the reinforcement of buildings against wind damage

(Prahl et al., 2015).

The second condition helps us to Þlter out noise from our analysis. With the applica-

tion of this minimum area constraint, we intend to only keep large-scale wind Þelds

associated with extratropical cyclones, and that noise coming from other wind pat-

terns either originating from smaller scale processes or spurious model outputs is dis-

carded. See section 3.1.1 for more details on the calibration and validation of the event

detection scheme.
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2.6 Impact functions

Impact functions, also called damage functions, or vulnerability curves, are simple

functional relationships that link the hazard intensity to the damage expected for the

asset. In the context of this study, impact functions thus represent the vulnerability

of the Litpop exposure data to the winter storm wind hazard. They take as input the

daily wind intensities at the surface, and yield a corresponding damage percentage,

which represents the percentage of the exposure value that can be expected to be lost

given that particular input wind intensity. Losses here represent the overall costs ex-

pected from a winter storm event, mainly stemming from repair costs on buildings

and infrastructure.

The deÞnition of an impact function is case-speciÞc, and depends on the hazard data,

the exposure data, but also on the modellerÕs theoretical view on the damages. For

instance, one modeller can expect damages to scale with the rate of dissipation of the

wind kinetic energy, which has a cubic dependency on the wind speed, whereas an-

other modeller can expect the damages to scale with the exerted pressure, which has

a square dependency on the wind speed. Furthermore, a modeller might expect dam-

ages on buildings to start only from wind gust intensities of 20 m/ s, and that winter

storms usually do not lead to the complete destruction of the exposed value, but an-

other modeller can have a different view on those assumptions. Designing an impact

function thus requires consideration of the scales and boundaries of both the input

hazard intensity and output damage magnitude, but also of the form of the functional

relationship that links them.

Small variations in impact functions can eventually lead to important differences in

the modelled damages (Prahl et al., 2015; Welker et al., 2021; Koks and Haer, 2020).

The choice and calibration of the impact functions are therefore a crucial part of risk

assessment analyses. For this study, we consider multiple impact functions, as this ap-

proach allows us to better capture the associated uncertainty. We select three different

impact functions from the literature, which we consider as being representative of the

variability of impact functions used for assessing winter storms wind hazards:

1. Cubic excess-over-threshold (hereafter CubEOT) from Klawa and Ulbrich (2003):

lossi,t "
!

vmax,i,t

v98,i
" 1

" 3

(2.2)

where lossi,t is the daily loss at day t and model grid cell i, vmax,i,t is the daily

sfcWindmax for day t at model grid cell i, and v98,i is the 98th percentile of the

sfcWindmax variable at model grid cell i, computed over the winter half-year

of the historical period. Such cubic excess-over-threshold impact function has

been widely used for the assessment of losses caused by winter storms winds
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(e.g. Klawa and Ulbrich, 2003; Leckebusch et al., 2007; Donat et al., 2010b, 2011;

Pinto et al., 2012). It is based on the rationale that damages scale with the rate

of dissipation of the wind kinetic energy, which has a cubic dependency on the

wind speed (Prahl et al., 2015). Further, the daily maximum wind speed intensity

at the grid cell is normalized by the 98th percentile of the daily maximum wind

speed intensity at the same grid cell. This normalization implicitly accounts for

local adaptation to strong winds, i.e. places which are used to strong winds (high

values of v98) will see relatively less damages for the same excess-over-threshold

value than places not used to strong winds (low values of v98).

2. An empirical curve based on recorded winter storm losses from a reinsurance

company from Schwierz et al. (2010) (hereafter Sw2010).

The curve is a simpliÞed version of the operational loss model of Swiss Re. The

curve is based on losses on residential assets which occurred in UK between 1987

and 1990, and has been cross-validated with other European countries to ensure

applicability at the European scale.

3. A sigmoid relationship, initially derived for tropical cyclone damage assessment

in the US by Emanuel (2011) (hereafter Em2011):

lossi,t "
! 3

i,t

1 + ! 3
i,t

, where ! i,t =
MAX [(Vi,t " Vthresh), 0]

Vhal f " Vthresh
(2.3)

where Vi,t is the daily sfcWindmax for day t at model grid cell i, Vthresh is the

wind speed at and below which no damage occurs, and Vhal f is the wind speed

at which half the property value is lost. Even though this damage function has

originally been designed to work with tropical cyclone damage, we assume it

can be applied to winter storms. However, we did not Þnd examples of other

studies using such an approach to model winter storm damages.

Those impact functions were originally designed to work with data with resolution

and characteristics which are likely to be different from ours. Those impact functions

thus require calibration to ensure a proper application to our study framework. The

calibration we operated is described in the next section.

2.6.1 Calibration of the impact functions

The impact function calibration undertaken in this study aims at fulÞlling the follow-

ing goals:

1. Bring the losses modelled with different climate models and impact functions to

a common baseline, to ensure comparability.
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2. Ensure that the modelled losses have realistic values and statistical properties

similar to the observed losses.

3. Overcome the issues related to wind biases in the different climate models.

The Þrst objective is important, as we use different climate models and different im-

pact functions, which, if not calibrated, would lead to drastically different results, ren-

dering all model-to-model or impact-function-to-impact-function comparisons difÞ-

cult. We recall that this study focuses on the inßuence of climate change on winter

storm damage. Thus, we do not intend to accurately predict storm damage in a future

climate. We could therefore only aim our calibration with the objective of capturing

the climate change signal in the losses. However, we still want our modelled losses

to have somewhat realistic values, as it makes the results more interpretable. In order

to comply with the Þrst and second objectives, we adopt a simple calibration proce-

dure, with which the modelled historical losses for each climate model-impact func-

tion combination reproduce some target statistic computed on observed loss data.

We choose as a target statistic the Average Annual Impact (AAI) of 3.1bn USD, which

we compute from EM-DAT. We then compute for each GCM-impact function combi-

nation the correction factor cm required so that the AAI computed over the historical

period equals the AAI from computed from EM-DAT (equation 2.4):

fcal,m = cm f , with cm =
AAI EMDAT

AAI historical,m
(2.4)

where f represents the uncalibrated impact function, fcal,m, the impact function f cali-

brated for model m, AAI EMDAT is the AAI computed with the EM-DAT database, and

AAI historical,m is the AAI computed for the historical period with the model m. We also

Figure 2.3: Graphs of the three impact functions considered in this study: the Cubic

excess-over-threshold from Klawa and Ulbrich (2003) (CubEOT), the tropical cyclone

impact function from Emanuel (2011) (Em2011), and the empirical curve based on

recorded winter storm losses from a reinsurance company from Schwierz et al. (2010)

(Sw2010). The Em2011 and Sw2010 impact functions have been rescaled to work with

excess-over-threshold intensity.
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decided to Þlter out loss events with losses below 100mn USD from the AAI historical,m,

to be consistent with the calibrating database which only contains high-impact events.

This required an iterative procedure, during which we Þnd the best parameters by it-

eratively removing events below the 100mn USD threshold and adjusting the cm factor

accordingly, until convergence is reached.

Objective three is also crucial, as we use global climate models with low horizontal

resolutions, and which often come with important biases. More precisely, it is often

the case that a model performs reasonably for ßat lands, but shows large biases for

regions where the topography is complex, such as the Alpine ridge, or the Scandi-

navian mountains. We found that using a single impact function, based on absolute

wind intensity for the whole domain was improper, as the impact function only per-

forms for a limited part of the domain where wind biases are small, but shows poor

results in places where biases are larger. The usual procedure to overcome this issue

is to calibrate the wind data of the GCMs onto real wind data, often represented by a

reanalysis product. This way, one can ensure that the winds modelled by the GCMs

have the same statistical and spatial characteristics as the observed wind Þelds, and it

is then possible to use impact functions which have been calibrated on real data with-

out further calibration. For this study, we are however limited in the sense that we are

interested in damages occurring in a climate which has not been observed yet, thus

rendering this type of calibration complex.

We thus take the approach of using impact functions calibrated grid cell by grid cell,

so that we overcome the issue of spatial inconsistent loss computations. This way, we

also leave the climate modelÕs wind Þelds untouched, and avoid the complex task of

calibrating wind Þelds from unobserved climates. We only apply a gust correction

factor to the GCMÕs wind Þelds, to account for the fact that the daily surface wind

maxima are likely to be an underestimation with respect to wind gusts, which are

ultimately driving the damages. We take a wind gust correction factor of 1.67, as sug-

gested in Stucki et al. (2016), and apply it to every climate model and for every study

period and scenario.

The grid-cell-speciÞc calibration is done by transforming the impact functions so that

they compute damages using excess-over-threshold intensity instead of absolute in-

tensity. The threshold is taken as a local percentile of the daily wind at each of the

modelÕs grid cells. We chose as a threshold value the 98th percentile, to be consis-

tent with the CubEOT function, and as it is a commonly used value in the winter

storm damage modelling community. Impact functions initially working with abso-

lute wind intensity: Em2011 and Sw2010, are adapted to this new intensity scale by

simply shifting their intensity scale so that they start to compute damage at an excess-

over-threshold value of zero, meaning that damages start to occur as soon as the wind
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is in excess of the local 98th percentile. Computing losses using excess-over-threshold

intensity allows us to get rid of the potential issues linked to wind biases, as damages

will be computed regardless of the absolute, potentially biased wind intensity, as long

as the daily intensity is exceeding threshold value.

This approach however comes with some caveats. Indeed, it has been pointed out

by Karremann et al. (2014) that this method can be problematic in regions where the

value of the 98th percentile is too low to produce damages. We however decided to

keep this approach, but interpreting with care results where this misbehavior can be

expected. In section 3.1.1, we investigate and discuss the location of those problematic

regions.

2.7 Uncertainty analyses

As mentioned in the introduction, climate projections are subject to important uncer-

tainties. Further uncertainties are also added in the case of climate impact assessment

studies, originating from the modelling of the impacts. In this study, we propose to

study how the spread of the projections of future winter storm damages is inßuenced

by the following four uncertainty sources, introduced in section 1.3:

1. Stochastic uncertainty (or internal variability)

2. Model uncertainty (climate model uncertainty)

3. Scenario uncertainty (emission uncertainty)

4. Impact function uncertainty (impact function shape uncertainty)

Considering those separate sources of uncertainty allows us to better frame our anal-

ysis, by determining which of the components of the projection ensemble contributes

the most to the total uncertainty. However, the four uncertainty sources which we

consider in our uncertainty analysis are only a partial reßection of the total uncer-

tainty associated with our entire modelling framework. For instance, we are neglect-

ing other sources of uncertainty such as parameter uncertainty, calibration uncertainty,

event deÞnition uncertainty, wind speed uncertainty, damage data uncertainty, etc.

Furthermore, our assessment of the impact function uncertainty merely reßects the

uncertainty related to the shape of the impact function, as we only consider three

impact functions, which are speciÞcally selected and calibrated for our study frame-

work, and which are very similar in their design, as the three impact functions work

on excess-over-threshold intensity. Thus, our assessment of the uncertainty should not

be taken as an assessment of the entire uncertainty impacting our damage projections,
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but rather be taken as an indication of the potential uncertainty in the projections that

can result from uncertainty in the four sources deÞned above.

To partition the uncertainty in the damage projections between the four different

sources, we use the analysis of variance method (ANOVA), which we apply on a

subset of our projection ensemble, using climate models for which three members

are available, each forced by the four emission scenarios SSP126, SSP245, SSP370 and

SSP585. Here we assume that the different members of a climate model represent ran-

dom realisations of the same climate (Della-Marta and Pinto, 2009), which allows us

to assess the internal variability to which the projections are subjected.

Along with those four main sources of uncertainty, we also investigate two additional

interaction terms, which may potentially be relevant: the model-scenario interaction

and the model-impact function interaction. Interaction accounts for the fact that the

effects of the different factors does not always combine additively (Berrington de

Gonz«alez and Cox, 2007). In the case of the model-scenario interaction, interaction

stems from the fact that different climate models react differently to the different forc-

ing scenarios. Similarly, the model-impact function interaction term accounts for the

fact that the different impact functions do not behave in the same way when they are

used with different climate models. This is likely linked to the fact that the impact

functions have complex, non-linear shapes that yield different results when used with

the wind Þelds from the different climate models.

Analysis of variance is a simple, yet powerful model-based approach, which enables

us to partition the total variance of an ensemble into components, each accounting for

a different source of variation. The use of this method in the Þeld of climate sciences

has Þrst been introduced by Von Storch and Zwiers (1984), and has later been used in

numerous studies in the Þelds of climate (e.g. Yip et al., 2011; Sain et al., 2011; Evin

et al., 2019; Christensen and Kjellstr¬om, 2020) or hydrology (e.g. Bosshard et al., 2013;

Kundzewicz et al., 2018; Chawla and Mujumdar, 2018).

Let x(m, s, f , r) represent the individual realisations of the future damages projection

ensemble, obtained with the climate model m, forced by the scenario s, using the im-

pact function f , and model member realization r. We Þt the following ANOVA model,

adapted from Yip et al. (2011):

x(m, s, f , r) = µ + " (m) + #(s) + $( f ) + %(m, s) + &(m, f ) + ' (m, s, f , r) (2.5)

where µ is the overall effect representing the ensemble mean, " (m) is the deviation

of model m = 1, 2, ..., 14 from the ensemble meanµ; #(s) is the scenario deviation

for SSPs = 1, 2, 3, 4;$( f ) is the impact function deviation for impact function f =

1, 2, 3;%(m, s) is the model-scenario interaction; &(m, f ) is the model-impact function

interaction, and ' (m, s, f , r) is an error term, independent and identically distributed.

" (m), #(s) and $( f ) are often referred to as main effects, and %(m, s) and &(m, f ) as
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interaction terms.

Using the notion of variance, we can deÞne the following variability sources:

1. Internal variability V:

V =
1

Nm Ns N f Nr

Nm

!
m= 1

Ns

!
s= 1

Ni

!
f = 1

Nr

!
r= 1

[x(m, s, f , r) " x(m, s, f , á)]2 (2.6)

2. Model uncertainty M:

M =
1

Nm

Nm

!
m= 1

[x(m, á, á, á) " x(á, á, á, á)]2 (2.7)

3. Scenario uncertainty S:

S =
1
Ns

Ns

!
s= 1

[x(á, s, á, á) " x(á, á, á, á)]2 (2.8)

4. Impact function uncertainty F:

F =
1

N f

N f

!
f = 1

[x(á, á, f , á) " x(á, á, á, á)]2 (2.9)

5. Model-scenario interaction Ims:

Ims =
1

Nm

1
Ns

Nm

!
m= 1

Ns

!
s= 1

&x(m, s, f , á)

" { x(á, á, á, á) + [ x(m, á, á, á) " x(á, á, á, á)] + [ x(á, s, á, á) " x(á, á, á, á)]} ' 2

(2.10)

6. Model-impact function interaction Im f :

Im f =
1

Nm

1
N f

Nm

!
m= 1

N f

!
f = 1

&x(m, s, f , á)

" { x(á, á, á, á) + [ x(m, á, á, á) " x(á, á, á, á)] + [ x(á, á, f , á) " x(á, á, á, á)]} ' 2

(2.11)

where áindicates averaging over the corresponding indices, and Nm, Ns, N f and Nr are

the numbers of models, scenarios, impact functions, and model member realisations

considered, respectively.

As was highlighted by Bosshard et al. (2013), the ANOVA method uses biased vari-

ance estimators, which can lead to ßawed results when considering uncertainty factors

with different sample sizes. In particular, the ratio R of two variances estimated with
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the biased ANOVA estimator is biased by the factor B(R) =
N1" 1

N1
N2" 1

N2

, where N1 and N2

represents the two different sample sizes. In our case, considering N1 = 14 and N2 = 3

for the model and stochastic uncertainty respectively, we see that the bias in the vari-

ance ratio is about 1.4, meaning that we would overestimate the model uncertainty

with regards to the stochastic uncertainty by a factor of 1.4.

To overcome this issue, we sub-sampled the uncertainty factors variables which had a

larger sample size to a sample size of three, which is the minimum sample size within

our projection ensemble (i.e. the sample size of the stochastic and impact function un-

certainty). We then computed 1000 bootstrap samples, randomly sub-sampling with-

out replacement the climate models and scenario samples and took the average of the

1000 uncertainty estimations.

2.8 Atmospheric circulation storylines

In this study, we try to explain the spread of the multi-model projections of surface

winds or related damages by taking advantage of climate dynamics and circulation

knowledge. We do so by Þnding indices which help us to determine how the climate

models represent certain climate phenomenons, or circulation regimes and then link

those indices to the model spread using multiple linear regressions. This approach has

been successfully used in other studies to explain the spread of multi-model projec-

tions of other climate variables (e.g. Manzini et al., 2014; Zappa and Shepherd, 2017;

Oudar et al., 2020).

We use this approach to Þrst try to explain the multi-model spread in projected dam-

ages, for each sub-region and for the whole European domain. We then repeat the

analysis Þtting the regression framework to changes in extreme surface winds (98th

percentile of the daily sfcWindmax) at each of the domainÕs grid cell. This allows us to

understand how the regional damages can be linked to the different patterns of wind

change associated to the climate indices. Once we have found climate indices which

can satisfactorily help to explain part of the variance of the multi-model ensemble, we

group the models according to their values for the relevant indices.

In the two following sections, we Þrst present the climate indices used in this study

(section 2.8.1), and then describe the regression framework used to link the indices to

the multi-model spread (section 2.8.2).
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2.8.1 Climate indices

We Þrst use the Þve remote climate indices described in Zappa and Shepherd (2017)

and Oudar et al. (2020). Those indices are thought to be drivers for changes in the

circulation and in the low-level jet intensity and position over Europe. We thus ex-

pect that those indices might help to explain our modelled losses and winds, as we

expect the low-level jet to relate to the storm track position, which in turn relates to

the extreme winds at the surface and associated damages. Furthermore, Zappa and

Shepherd (2017) show that some of those metrics can be successfully used to explain

part of the variance of an ensemble of projections of extreme surface winds over Eu-

rope, from several models participating in CMIP5.

We use the following index deÞnitions, following Oudar et al. (2020):

1. Polar warming: temperature change averaged between 1000-700 hPa and 60¡-

90¡N (denoted pol),

2. tropical warming: temperature change averaged between 400-150 hPa and 20¡S

to 20¡N ( trop),

3. stratospheric polar vortex strength: zonal mean zonal wind change averaged

between 250-30 hPa and 70¡-90¡N (strat),

4. surface temperature difference between the NINO4 region (5¡S to 5¡N/160¡E to

150¡W) and the NINO3 region (5¡S to 5¡N / 150Ð90¡W) ( Nino4 " Nino3), and

5. surface temperature in the North Atlantic warming hole region (35Ð60¡N/40Ð10¡W)

(NAWH )

where all indices are computed using latitudinally weighted averages. We also in-

vestigate the link between winter storm damages or extreme surface wind and large-

scale atmospheric variability modes, also referred to as large-scale atmospheric circu-

lation patterns. Large-scale atmospheric variability modes represent circulation pat-

terns typical of certain regions (Barnston and Livezey, 1987). They are often linked to

principal modes of variability in pressure or geopotential height Þelds, and are often

associated with speciÞc impacts in terms of surface weather, for instance temperature,

precipitation, or wind. The most well-known large-scale atmospheric variability mode

for the North Atlantic / European region is the North Atlantic Oscillation (NAO),

which is the dominant mode of atmospheric variability over the North Atlantic region

(see e.g. Hurrell, 2003; Woollings et al., 2010b; Hurrell, 2014). The NAO is linked to

storm activity over Europe, and has been successfully used as a predictor for seasonal

forecasting of storm activity (e.g. Pinto et al., 2009; Donat et al., 2010a; Walz et al., 2018;

Walz and Leckebusch, 2019; Befort et al., 2019).
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There also exist other relevant large-scale atmospheric variability modes and asso-

ciated indices affecting the circulation and weather over Europe, in particular: the

East-Atlantic pattern (EA; see e.g. Mellado-Cano et al., 2019), the Scandinavian pat-

tern (SCA; Bueh and Nakamura, 2007), and the East-Atlantic/Western-Russia pattern

(EAWR; Lim, 2015). Those three indices have also been shown to be linked to wind

variability and storm activity in the Euro-Atlantic and Mediterranean region (Nissen

et al., 2010; Zubiate et al., 2017; Walz and Leckebusch, 2019). Consequently, we also

include them in our analysis.

To represent those large-scale atmospheric variability modes, we use the box-based

indices deÞned by Cusinato et al. (2021), as they could show that those indices effec-

tively capture the atmospheric variability patterns of interest in an ensemble of climate

models from CMIP6. Cusinato et al. (2021) use the boxes detailed in table 2.2 to repre-

sent the different centers of variation of the large-scale atmospheric variability modes.

Subsequently, Cusinato et al. (2021) use the following equations to compute the vari-

Indices Boxes Coordinates

lon1 lon2 lat1 lat2

NAO
neg1 (Greenland) -91 30 82 50

pos1 (North Atlantic) -63 -5 49 31

EA

neg1 (North Russia) 63 99 71 59

neg2 (North Atlantic) -49 -2 61 45

pos1 (subtropical Atlantic) -70 25 34 9

EAWR

neg1 (North of the Caspian Sea) 33 68 66 37

pos1 (China) 100 140 50 34

pos2 (North Eastern Atlantic) -10 13 60 44

SCA

neg1 (China) 80 118 56 37

neg2 (Eastern Atlantic) -21 9 41 33

pos1 (Scandinavian region) -35 53 75 63

Table 2.2: Longitude (lon1 and lon2) and latitude (lat1 and lat2) boundary coordinates

in of the boxes used by Cusinato et al. (2021) to compute the indices from the 500hPa

geopotential height anomalies.

ous indices:

NAO = " 8.57! 10" 5 " 0.015áneg1 + 0.017ápos1 (2.12)

EA = " 0.005áneg1 " 0.009áneg2 + 0.054ápos1, (2.13)

EAWR = 2.857! 10" 5 " 0.021áneg1 + 0.010ápos1 + 0.007ápos2 (2.14)

SCA = 5.714! 10" 5 " 0.013áneg1 + 0.003áneg2 + 0.016ápos1 (2.15)
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where the values of the different centers of variation for the various indices are com-

puted by averaging ONDJFM-mean Þelds of Z500 geopotential heights within the cor-

responding boxes detailed in table 2.2, and spatial averages are weighted with the co-

sine of the latitude.

Consequently, our indices do not reßect the monthly atmospheric variability asso-

ciated with the different indices, but rather the future tendency in the ONDJFM-

averaged circulation associated with those indices. Our approach is slightly different

from the one used by Cusinato et al. (2021), as they use anomalies with respect to

the climatology to compute their indices. We decided not to work with the anoma-

lies, as we are not interested in obtaining monthly time series for the different indices,

but rather in obtaining the future trend of the circulation induced by the ONDJFM-

averaged change of those indices. In this case, working with anomalies with respect

to the climatology would have resulted in averaging out the signal.

For more details on the derivation of those indices, we redirect interested readers to

Cusinato et al. (2021).

2.8.2 Regression framework

The regression models used to link the climate indices to the wind or wind damage

projections are similar to the one introduced by Zappa and Shepherd (2017), which

was then also adopted by Oudar et al. (2020). First, the predictors are deÞned as

the future-minus-past difference in the different climate indices, averaged over the

winter half-years of the two study periods. The difference is then normalized by the

near-surface global warming, in order to ensure that all predictors are independent

of global warming and uncorrelated. Next, the normalized difference is standardized

with respect to the multi-model mean and variance, so that regression coefÞcients are

in the same units as the response variable. We also decided to normalize the response

variable by global warming, as this allows us to bring each model to the same baseline

and to decrease the inßuence of the different climate sensitivities of the different mod-

els. Once the predictors have been computed, the following linear regression model is

Þtted:

# Cxm

Tm
= #0,x + #1,x

# # I1
# T

$(

m
+ #2,x

# # I2
# T

$(

m
+ ...+ #p,x

# # Ip

# T

$(

m
+ ' xm (2.16)

where # Cxm represents the climate change response of the Þeld C at a locationx in

the model m, #0,x is the mean expected response for no anomaly in the response of the

drivers relative to multi-model mean, #1,...,p,x represents the regression coefÞcient for

the I1, ...,p indices and ' xm are the residual variations. The former equation is scaled

by # Tm, the annual-mean near-surface atmospheric global warming in the model m.

The regression coefÞcients are then estimated using a robust linear regression algo-
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rithm. We choose robust regression instead of ordinary regression as we suspect our

framework to be impacted by inßuential points. We use for the robust regression the

Beaton and Tukey (bisquare) weighting function with tuning constant from Welsch

(1977), as suggested in Zappa and Shepherd (2017) supplementary material.

The regression framework is applied either to the damages directly, in which case the

regression model is Þtted to the damages for each region and to the entire European

domain, or the regression framework is applied to the changes in surface winds, in

which case the regression model is Þtted to each of the cells of a common 2.5¡ x 2.5¡

grid, onto which all the climate models are previously bilinearly interpolated. SigniÞ-

cant regression coefÞcients are tested at the 10% level. We use StudentÕs t-tests to test

the coefÞcients for the regional damages, and show statistical signiÞcance for the spa-

tial maps of the regression coefÞcients of the surface winds, using the False Detection

Rate method from Wilks (2016).

Best models in terms of explanatory power on the loss projections are selected for each

region and EU, by maximizing the adjusted R2. Using the adjusted R2 instead of the

regular R2 allows us to account for the fact that adding more predictors systemati-

cally increases the explained variance. Selecting models by maximizing the regular R2

would lead to systematically selecting models including the highest number of pre-

dictors.

Necessary assumptions for linear regression have been veriÞed for each of the Þtted

regression models. Details about the assumption veriÞcation can be found in the ap-

pendix.
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Results

3.1 Model calibration and validation

In this section we discuss the calibration and assess the performance of our model in

terms of stormy days detection and loss modelling. We Þrst discuss the performance

of our detection scheme, and notably the choice of the spatial area parameter. Sec-

ondly, we discuss the calibration of the impact functions, assess their performance,

and determine which curve is the most adequate to our study.

3.1.1 Event detection

Our primary interest in this section is to get an idea of the typical events which our

modelling framework captures. We display in Þgure 3.1 wind footprints from individ-

ual loss events as modelled by a selection of Þve GCMs. The loss events are detected

using a value of 5 á105 km2 for the parameter A, and the losses are computed using

the Em2011 impact function. We only show the results for Þve GCMs due to space

constraints, and as the results for the remaining 24 GCMs do not bring any additional

information. We display the same climate models as the ones shown in section 3.3.1

for consistency. Those Þve climate models are selected as being representative of the

entire model ensemble, based on their projections of future changes in the 98th per-

centile of daily surface wind maxima (sfcWindmax) and corresponding losses.

The loss events are individual loss days, and the displayed wind intensities therefore

correspond to the maximum intensities of the surface winds on those speciÞc days.

The mean sea-level pressure Þelds (SLP) of those days are also shown to assist the in-

terpretation of the wind Þelds. Those days are selected and shown as their magnitudes

in terms of modelled losses correspond to speciÞc return periods. More speciÞcally,

the left column of Þgure 3.1 displays loss events with return periods of 0.02 year, the

middle column loss events with return periods of one year, and the right column loss

29
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events with return periods of ten years. Therefore, the displayed days and associ-

ated wind Þelds are simply single daily realizations in a certain climate model, whose

modelled loss intensities happen to be representative of loss events which have spe-

ciÞc characteristics in terms of intensity and frequency, with respect to the distribution

of the loss events in this climate model. The intensity of an event with a return period

of one year (one-year RPI) and the intensity of an event with a return period of ten

years (ten-years RPI) are two principal impact metrics that we use in this study. The

0.02-year RPIs are shown to represent high-frequency low-impact events. A return pe-

riod of 0.02 year means that those events occur on average 50 times a year, so roughly

every three days as only the ONDJFM months are considered in this study.

Inspection of the one-year and ten-years events for each model reveals that the major-

ity of the stormy days are indeed related to extratropical storms, as in each case it is

possible to associate a minimum of sea-level pressure to the stormy wind Þelds. The

magnitude of the losses is also reasonable, with values around 500 million USD for

one-year events, and of a few billions USD for ten-years events. Inspection of lower-

intensity events (0.02-year RPIs) reveals that low impact events can also be linked to

ETCs in the majority of the cases. Their low impacts result from the fact that those

low-impact events are related to storms situated overseas, whose stormy wind Þelds

only partly affect coastal areas, resulting in small damages.

We calibrated our detection scheme by trying different values for the spatial thresh-

old A but keeping the value of the local wind threshold v98 Þxed, as we assume that

the wide literature on the topic and the apparent consensus on the choice of the 98th

percentile to be sufÞcient proofs of its proper functioning. Sensitivity analyses to the

parameter A resulted in the selection of a value of 5 á105 km2. We tested values be-

tween A = 105 km2 and A = 106 km2, and realized that high values of A are leading

major loss events, with modelled losses in the order of a few bn USD, to be discarded

from the analysis, as the area of their stormy wind Þelds is below the selected thresh-

old. However, selecting smaller values for A is leading the average event intensity to

decrease, as more and more small-scale events, with modelled losses below a few hun-

dreds of USD, are included in the analysis. A value of 5 á105 km2 was Þnally selected

as offering the best trade-off between not missing major loss events, and not includ-

ing too many irrelevant low-impact events. Regardless of the chosen area threshold,

it is impossible to exclude the entirety of the low-impact events. The fact that we al-

ways include undesirable events with negligible impacts regardless of the choice of

the A parameter motivates us not to show results of AAI and daily event frequencies,

as we suspect those statistics to be biased by those low-impact events. In contrary,
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RPIs are more robust to the event detection deÞnition, as they are based on the rank-

ing of the intensities of the events located at the high-end of the eventsÕ distribution,

which makes those metrics less sensitive to the event deÞnition, as the event deÞnition

mainly impacts the low-end of the eventsÕ distribution.

As another independent mean of validating and calibrating our detection scheme, we

tested whether our detection scheme was able to detect stormy days, associated with

known and recorded loss events. To do so, we recovered the dates of loss days which

caused more than 200 mn USD losses from the EM-DAT database, and we used ERA5

reanalysis to represent the observed daily wind Þelds. We regridded the ERA5 data

to a 1¡x1¡ regular grid to have an horizontal resolution roughly matching those of

the different GCMs from our multi-model ensemble. We then applied our detection

algorithm to the daily wind Þelds from ERA5, and compared the resulting detected

stormy days to the recorded loss days from EM-DAT. Among the 35 loss days selected

from the EM-DAT database, our algorithm is able to successfully detect 31 days, cor-

responding to a hit rate of about 89 %. The four missed days are all coming from

different storms (Anatol, Erwin, Kyrill, and Klaus), which means that we do not miss

entire storms, but only part of the days associated to those storms. This analysis con-

Þrms the ability of our detection scheme to detect storm days from daily sfcWindmax

wind Þelds, at least for high-impact events, with magnitudes higher than 200 mn USD.

In conclusion, we can validate our detection and modelling schemes as the modelled

daily losses of interest (i.e. the one-year and ten-years RPI events) present reasonable

values and can be associated with large-scale extratropical windstorms.

3.1.2 Impact function calibration and selection

In this section we discuss the performance of the different impact functions and assess

if their calibration has been successful. Our calibration procedure is considered suc-

cessful if all three impact functions produce satisfying loss estimations, with realistic

magnitudes and spatially consistent loss patterns. First, we show that our calibration

procedure, where we apply a simple multiplicative factor on the damage ratio scales

of the impact functions manages to produce losses with realistic magnitudes. Sec-

ondly, we show that the rescaling procedure which we operated on the Em2011 and

Sw2010 impact functions, so that they work with excess-over-threshold intensity in-

stead of absolute intensity, yields the impact functions to produce spatially consistent

loss patterns. Finally, we select the best performing impact function, which we then

primarily use for our loss computations.
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Figure 3.1: Individual loss days corresponding to the 0.02-year (left column: 0.02yr

impact), one-year (middle column: 1yr impact) and ten-years (right column: 10yr im-

pact) return period (RP) events, computed in a selection of Þve GCMs over the his-

torical period (1980-2010). The colouring represents the daily intensity in m/ s of the

surface wind maxima (sfcWindmax) over the individual days, and the contours rep-

resent the daily average sea-level pressure (SLP) inhPaover the individual days. The

grid cells which do not contribute to the damages as their daily values of the sfcWind-

max is below the 98th percentile are masked. Impacts in terms of monetary losses for

the individual events are shown in USD at the top of each subplot, and are computed

using the Em2011 impact function. The names of the Þve GCMs which are used for

the projections are indicated on the row labels.
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Figure 3.2 shows the cumulative histograms of the daily losses computed over the

historical period, and with the three impact functions, CubEOT (left), Em2011 (mid-

dle), and Sw2010 (right). The red curves represent the cumulative histograms of the

daily losses computed with the uncalibrated impact functions and the blue curves the

cumulative histograms of the daily losses computed with the calibrated impact func-

tions. The blue curves show that our calibration procedure is successful as the three

impact function present reasonable daily loss values, with the median loss days being

in the order of a few dozens mn USD, and the most extreme loss days being in the

order of a few dozens bn USD. The calibration procedure reveals itself particularly

useful in the case of the CubEOT and Em2011 impact functions, as their uncalibrated

median loss days have values of a few bn USD, and their uncalibrated most extreme

loss days reach unrealistic values of a few thousands bn USD. In the case of the Sw2010

impact function, the difference between the calibrated and uncalibrated losses is less

important, which can result from the fact that this impact function was originally de-

signed to work in a framework similar to ours.

Comparing the shapes of the cumulative histograms between the different impact

functions reveals a slightly sharper shape for the Em2011, as its cumulative histogram

is less ßat and resembles more to a step function than the histograms of the other two

impact functions. We explain that by the fact that the asymptotic shape of the Em2011

allows for a greater sensitivity to a larger range of wind intensities. In contrary, the

CubEOT and Sw2010 impact functions become insensitive to high wind intensities as

they model a constant maximum damage starting from a certain wind value. This be-

havior results in a saturation of the damages for high wind intensities, and can result

in a more uniform distribution of the losses, as the extreme loss events are down-

weighted with regards to less extreme loss events.

Figure 3.2: Cumulative histograms of the loss days in log 10(USD), obtained with the

three impact functions considered in this study: CubEOT (left), Em2011 (middle), and

Sw2010 (right). The red curves represent the cumulative distribution of the loss days

obtained with the uncalibrated impact functions and the blue curves represent the

cumulative distribution of the loss days obtained with the calibrated impact functions.
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Figure 3.3 shows the results of the rescaling procedure operated on the Em2011 and

Sw2010 impact functions. Left column displays the values of the 98th percentile of the

daily sfcWindmax computed over the winter half-years of the historical period. The

dotting indicates regions where the observed 98th percentile of the daily sfcWindmax

over the historical period is below 9 m/ s, according to the ERA5 reanalysis. Mid-

dle and right columns show the one-year RPI losses computed over the historical

period without rescaling (middle) and with rescaling (right). The results are shown

only for the Þve representative GCMs described in the previous section, and only for

the Em2011 impact function, but the rescaling procedure leads to similar results in the

case of the Sw2010 impact function. Figure 3.3 highlights the necessity of our grid-cell-

speciÞc calibration procedure, as the unscaled impact functions, which work with the

absolute sfcWindmax outputs from the GCMs, are unable to produce consistent loss

projections in regions with signiÞcant wind biases. Our calibration approach, con-

sisting in rescaling the impact function so that they work with excess-over-threshold

intensities, helps to overcome this issue, as the right column in Þgure 3.3 shows more

spatially consistent loss projections. However, adopting this approach leads to the

computation of damages regardless of the absolute wind intensity. This approach

might thus lead to an overestimation of the damages in regions where wind speeds

are climatologically low, as the 98th percentile of the sfcWindmax in those regions

might not correspond to wind values intense enough to actually produce damages.

Karremann et al. (2014) pointed out that this behavior could be expected in parts of

Scandinavia, the Mediterranean, and South-Eastern Europe. They suggest 9m/ s to be

an adequate minimum threshold for loss computation in those regions. We marked

the regions where the observed 98th percentile of the daily sfcWindmax over the his-

torical period is below 9 m/ saccording to the ERA5 reanalysis to indicate that our loss

computations in those regions of low-wind can be biased, and should be interpreted

with care. However, this potential for biases only concern a small part of our study

domain, which indicates that our results are in general reliable. Furthermore, we focus

in the rest of the study on the future trends in the losses, using the historical period

as a baseline. This means that we do not look at losses in absolute terms, but only at

their increase with regards to their value during this historical period. This allows to

diminish the negative impacts which could result from this defect in our modelling

framework.

As described in the previous paragraph, the Em2011 impact function has the desirable

property of having an asymptotic behavior on the wind intensity scale, which pre-

vents it to saturate at high wind values. We could show that the lack of this property

is leading the other two impact functions to present a less desirable distribution of the
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losses, which is potentially leading to an underestimation of the extreme loss events.

Furthermore, a careful investigation of the spatial patterns of the future changes in the

losses revealed that the three impact functions are showing similar patterns, but that

the Em2011 is showing more realistic results in terms of the magnitude of the changes

(not shown). We expect those differences to result from the previously mentioned sat-

uration issues which impact the CubEOT and Sw2010 impact functions. Consequently,

we select the Em2011 as our best performing impact function and mainly present loss

estimations using this function in the remainder of this thesis, unless stated otherwise.

3.2 Uncertainty partitioning

In this section we present the uncertainty partitioning for the four uncertainty sources:

climate model, emission scenario, impact function shape and stochastic uncertainty,

derived with the ANOVA model. In particular, we assess the relation between the

uncertainty and the modelled impacts by return period. We Þrst discuss the results

aggregated to Europe, and then examine how these change, at a more local level.

Figure 3.4a shows the relative contribution of each of the uncertainty sources against

the return period of the loss event considered, aggregated to the whole European do-

main. Going from frequent events (left) to extreme events (right), the importance of

the different uncertainty sources is changing. More speciÞcally, model uncertainty

dominates for frequent events, but internal variability plays an increasingly impor-

tant role as the return period increases. Consequently, internal variability becomes the

principal uncertainty source for events with return periods of seven years or higher.

Interestingly, the impact function uncertainty also increases with the return period,

highlighting the fact that our impact functions differ in terms of their modelling of

extreme events. The scenario uncertainty and interaction terms have relatively small

contributions and their importance remains constant throughout the considered re-

turn periods.

Figure 3.4b shows how the absolute uncertainty changes with the return period. Un-

surprisingly, the uncertainty increases drastically, at a non-linear rate, as the return

period increases. This change is mainly driven by the increase in the stochastic un-

certainty, highlighting its importance for the study of extreme events. The increased

importance of stochastic uncertainty with increasing return period can be explained

by the fact that investigating events with return periods which are close to the length

of the data sample at hand increases the sampling uncertainty. Indeed, following the

deÞnition of the return period, the intensity of an event with a return period equal to

a fraction 1
n of the total length of the data sample is based on n observations (e.g. the
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Figure 3.3: a) Spatial maps of the 98th percentile of the intensity of the daily sur-

face wind maxima (sfcWindmax) in m/ S. b) Spatial maps of the intensities of the

loss events with a return period of one year (one-year RPIs) at the exposure level in

log10(USD), computed using the Em2011 impact function using absolute wind inten-

sity. c) Same asb) but using the Em2011 impact function using excess-over-threshold

wind intensity. The 98th percentile of the sfcWindmax and the one-year RPIs are com-

puted over the ONDJFM months of the historical period (1980-2010). Dotting on the

spatial maps of the 98th percentile of the daily sfcWindmax represents grid cells where

the value of the 98th percentile of the sfcWindmax computed over the historical pe-

riod using the ERA5 reanalysis is below 9 m/ s. The names of the Þve GCMs which are

used for the projections are indicated on the row labels.
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intensity of an event with a return period of 15 years in a dataset containing 30 years

will be based on n = 2 observations: the most intense event observed in the dataset

and the second most intense event observed in the dataset). Therefore, it is likely that

statistics based on a few observations only are not representative of the true underly-

ing distribution of the data and subjected to an important uncertainty.

In the context of our study, using 30-years-long samples seems sufÞcient to study loss

events having a return period of about one third of the total sample length. For higher

RP events, the stochastic uncertainty becomes the dominant source of uncertainty,

which renders the projections of little use. This dominant effect of the stochastic un-

certainty on our study of winter storms and their associated losses should be taken as

a strong motivation for the climate modelling community to produce climate projec-

tions with multiple ensemble members. This way, climate impact studies can be based

on data samples as large as possible, and the effects of the stochastic uncertainty can

be reduced.

We also investigated the partitioning of the uncertainty at a regional level, by repeat-

ing the previous analysis for each of the sub-regions deÞned in section 2.1: British Isles

(BI), Iberian Peninsula (IP), France (FR), Western Europe (WEU) ,Mediterranean and

Balkan region (MED), Scandinavia (SC), and Eastern Europe (EEU). Figure 3.5a shows

the regional uncertainty partitioning for the intensity of events with return periods of

one year (one-year RPIs) and Þgure 3.5b for the intensity of events with return periods

of Þve years (Þve-years RPIs). The results are similar as for the aggregated Europe

in the sense that the model uncertainty dominates for frequent events in each of the

regions, but that internal variability quickly starts to dominate as the return period

considered increases, even already dominating in some regions for the Þve-years RPI

events. This highlights the fact that the importance of the stochasticity increases when

smaller spatial scales are considered, as was already pointed out by Hawkins and Sut-

ton (2009).

Interestingly, Þgure 3.5 also shows that the importance of the different uncertainty

sources varies regionally, as for instance in the BI and EEU regions, where the impact

function deÞnition plays a larger role. We explain this behavior by the fact that our

set of impact functions includes an impact function, the Cubic excess-over-threshold,

which works on a normalized intensity scale. This could therefore, enhance the dam-

ages in regions of climatologically weak winds (i.e. where the 98th percentile of the

daily surface wind maxima is low), such as EEU, and reduce them in regions of clima-

tologically strong winds, such as BI.

The importance of the other contributors to the uncertainty also shows some regional
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Figure 3.4: Partitioning of the uncertainty in the projections of the intensities of loss

events with given return periods (RPIs), against the return periods considered. The

partitioning of the uncertainty is made between four main sources of uncertainty

and obtained using the ANOVA model described in section 2.7. The colouring rep-

resents the different sources of uncertainty, with the four main sources of uncertainty:

climate model uncertainty (model: green), stochastic uncertainty (stochastic: blue),

shared-socio-economic pathway (SSP) uncertainty (scenario: orange), impact func-

tion shape uncertainty (impact function: red), and the two interaction terms: model-

scenario interaction (purple), and model-impact function interaction (brown). The

RPIs are computed using an ensemble of 14 GCMs! 3 ensemble members! 4 SSPs!

3 impact functions, and aggregated to the whole European domain. a) represents the

relative contribution of the different sources to the total uncertainty in the RPI projec-

tions (%) versus return periods (years). b): same asa) but where the uncertainty is

represented in absolute value ([USD]2).
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variation, although maybe less striking. We however note that the scenario uncer-

tainty also shows an interesting regional behavior, with marked regional differences

in some cases, as for instance between IP and FR. Interestingly, the regional impor-

tance of the scenario uncertainty shows a dependency to the return periods, as for

instance for the FR region, where the scenario uncertainty of the Þve-years RPI has

more than doubled with respect to its value for the one-year RPI, whereas this behav-

ior is not observed in the other regions.

Figure 3.5: a): relative contribution of different sources to the total uncertainty in the

projections of the intensities of loss events with return periods of one year (one-year

RPIs) in %, aggregated to the seven sub-regions described in section 2.1: British Isles

(BI), Iberian Peninsula (IP), France (FR), Western Europe (WEU), Mediterranean and

Balkan region (MED), Scandinavia (SC), and Eastern Europe (EEU).b): same asa)

but for the uncertainty in Þve-years RPI projections. The colouring represents the dif-

ferent sources of uncertainty: climate model uncertainty (model: green), stochastic

uncertainty (stochastic: blue), shared-socio-economic pathway (SSP) uncertainty (sce-

nario: orange), impact function shape uncertainty (impact function: red), and the two

interaction terms: model-scenario interaction (purple), and model-impact function in-

teraction (brown). The ANOVA model, the uncertainty sources, and the projection

ensemble considered are the same as in Þgure 3.4.

In conclusion, the uncertainty in our projections is strongly inßuenced by both the

extremeness of the events and the spatial scale considered. We show that model un-

certainty dominates the uncertainty for low RP events, but that stochastic uncertainty

starts to dominate when investigating less frequent events. In particular, we show that

stochastic effects dominate for events with return periods longer than seven years at

the European level, and that stochastic effects can even dominate for events with a

return period smaller than Þve years, when considering losses aggregated at a sub-
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regional scale. Moreover, we also note an interesting behavior of the impact function

uncertainty, where marked regional differences appear.

3.3 Future changes in the losses

3.3.1 Regional changes in the losses

In this section, we investigate the spatial patterns of the changes in the future losses

with respect to historical losses, by showing spatial maps of the future-minus-past

changes in the losses relative to the historical period. In addition, we examine the

results with a focus on the model uncertainty. In the following, we present results ob-

tained using the Em2011 impact function, and combining the ensemble members for

climate models which have multiple members available.

First, we examine the multi-model median change in the intensity of the loss events

with return periods of one year (one-year RPIs) in Þgure 3.6a. Changes are repre-

sented on a relative scale, where the future change of the losses is normalized by the

historical loss values. The median change, as projected by the ensemble of 29 climate

models, shows increased future winter storm damages within a band extending from

the south of England to the Baltic states, throughout northern France, the Benelux,

Denmark, northern Germany, and southern Sweden. In contrast, future storm dam-

age is expected to decrease over Scandinavia and Eastern Europe, as well as over the

Iberian Peninsula and the Mediterranean. Those results are in agreement with the

consensus of an eastward extension of the storm track into Europe, with numerous

studies also Þnding a similar pattern, using different data and methods (e.g. Pinto

et al., 2007, 2012; Donat et al., 2011; Schwierz et al., 2010).

However, we Þnd somewhat different results, in some regions, compared to other

studies. For instance, Donat et al. (2011) and Pinto et al. (2012) Þnd a pattern of losses

extending over Poland, whereas we Þnd a pattern of losses extending further north,

with decreased losses over Poland. Interestingly, there is an extension of the damages

further south into the Balkans, which has not been observed in previous studies.

Next, we compare between changes in damages and changes in the surface winds.

Figure 3.7 shows the multi-model mean of the future-minus-past change in the 98th

percentile of the daily surface wind maxima (sfcWindmax). We Þnd that the change in

the damages is consistent with the change in surface winds, which is expected given

that the 98th percentile of the daily sfcWindmax was used as the basis for the damage
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calculation. More interestingly, the change in surface winds also follows the change

in the low-level jet, as can be seen by the contours, which show the future-minus-past

change in the ONDJFM-average monthly-mean zonal-mean zonal wind at 850 hPa

(U850). This is an encouraging result, as it indicates that knowledge in the mecha-

nisms inßuencing the changes in low-level winds in the atmosphere can be used to

better explain the changes in surface winds. We also note that the models disagree

on the sign of the change in surface winds for the central part of the domain, where

the future storm damage is increased, but tend to agree for the south (Mediterrannean

region) and the north (northern Scandinavia) of the domain, as can be seen by the

hatching, which indicates regions where 75% of the models agree on the sign of the

change.

To further investigate the model agreement, we display regional boxplots of the multi-

model spread in the change of one-year RPIs in Þgure 3.6b. We Þnd that the spread

is large, and that it systematically overlaps the climate change signal for each of the

sub-regions, as the zero-change line is always contained within the boxplot bound-

aries, where the boxplot boundaries represent distances of 1.5 times the inter-quartile

range below and above the 25th and 75th quantiles of the distributions. Secondly, we

also note that the model disagreement varies spatially, which is something we already

noted in the previous section. For instance, the expected change in one-year RPI losses

for the British Isles takes values from -75% to +200%, depending on the climate model.

For the Iberian Peninsula, the spread is more reduced, with more than 75% of the cli-

mate models agreeing on a decrease in the losses.

To better understand the pattern of damages projected by the median of the multi-

model ensemble and the important model spread, we also examine the loss patterns

projected by individual climate models. We select Þve models which represent var-

ious future outcomes in terms of changes in extreme winds and associated losses.

The future-minus-past change in the 98th percentile of the daily sfcWindmax with

the future-minus-past change in the ONDJFM-average U850 winds (Þgure 3.8a), and

the change in the one-year RPIs (Þgure 3.8b) for each of those models reveal large

inter-model differences:

¥ Model CNRM-CM6-1 shows a Europe-wide increase in the damages, with a

weak signal over Scandinavia and the Baltic states, but a signal for increased

losses over most of the rest of the domain, with increased losses even extending

down to Spain, Italy, and the Balkan Peninsula.

¥ Model ACCESS-ESM1-5 shows an increase in damages for northern Europe only,

with a strong increase in damages at latitude 50¡N and above, and almost no
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Figure 3.6: a) Spatial map of the future-minus-past relative to the past multi-model

median change in the intensity of loss events with return periods of one year (one-

year RPIs), in %. The past period represents the historical period of 1980-2010 and

the future period is the 2070-2100 period, under the Shared Socio-economic Pathway

5-8.5 (SSP585) conditions. The spatial map displays the one-year RPIs at the exposure

level, and the multi-model distribution of the RPIs is obtained from the ensemble of

29 GCMs, and using the Em2011 impact function for the damage calculation. b) Box-

plots representing the multi-model distributions of the future-minus-past relative to

the past change in the one-year RPIs in %, aggregated to each of the seven sub-regions

deÞned in section 2.1: British Isles (BI), Iberian Peninsula (IP), France (FR), Western

Europe (WEU) ,Mediterranean and Balkan region (MED), Scandinavia (SC), and East-

ern Europe (EEU). The boxplotsÕ colored boxes represent the 25th and 75th percentile

range (inter-quartile range) of the distributions, and the grey lines inside the boxes

represent the medians. The boxplotsÕ whiskers are drawn at distances of 1.5 times the

inter-quartile range below and above the 25th and 75th percentiles of the distributions.

The diamonds represent outlying datapoints outside the whiskers. The red line rep-

resents the 0-% change line, which corresponds to no change in the future losses with

respect to their historical value.
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Figure 3.7: Spatial map of the future-minus-past multi-model mean change in the

ONDJFM 98th percentile of the daily surface wind maxima (sfcWindmax), and the

future-minus-past multi-model mean change in the ONDJFM-average monthly-mean

zonal-mean zonal wind at 850 hPa (U850). The coloring represents the change in the

98th percentile of the sfcWindmax in m/ s, and the contouring represents the change

in the ONDJFM-average U850 in m/ s. The past period represents the historical pe-

riod of 1980-2010 and the future period is the 2070-2100 period, under the Shared

Socio-economic Pathway 5-8.5 (SSP585) conditions. The multi-model distribution is

obtained from the ensemble of 29 GCMs. The hatching represents regions where 75%

or more of the GCMs agree on the sign of the change.
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increase below, apart from a signal for increased winds and losses in the Aegean

Sea.

¥ Model CanESM5 shows an increase in damages over the Balkan Peninsula and

Aegean Sea exclusively, and a decrease everywhere else.

¥ Model HadGEM3-GC31-MM shows a pattern combining increased damages

over the north of Europe, similarly to the multi-model median, and increased

damages in the Balkan region.

¥ Model EC-Earth3-Veg-LR shows a scattered pattern with higher spatial variabil-

ity.

In all cases, the damages follow closely the changes in surface winds. Secondly, we

note that using the changes in ONDJFM-average U850 wind Þelds allows us to make

interesting inferences about future circulation over Europe and possible changes in the

storm track. The observed patterns of changes in the surface winds and the losses can

be associated with a westerly response of the ONDJFM-average U850 winds, which

we interpret as an eastward extension of the storm track into Europe. However, the

eastward extension of the storm track varies in terms of location, orientation, and

intensity according to the different models. In particular, models showing an inten-

siÞcation of damages over Northern Europe are linked to a southwesterly oriented

intensiÞcation of the westerly winds, whereas models projecting damages in more

southern locations are linked to a more westerly or northwesterly intensiÞcation of

the westerly winds. This orientation of the low-level winds could then explain the

increased surface winds in the Balkans, as those increased winds could be a conse-

quence of an enhanced lee cyclogenesis, resulting from the blocking of the ßow by the

Alpine ridge.

We also note a dynamically confusing pattern for the EC-Earth3-Veg-LR, where the re-

sponse in the U850 and extreme surface winds are not evidently linked to an eastward

extension of the storm track into Europe. We suggest those patterns with high spatial

variability to be linked to the modelsÕ extrapolation scheme of the surface winds, or to

its representation of surface processes. For instance, those surface wind changes could

be linked to changes in surface roughness, caused by changes in land use.

In conclusion, the multi-model ensemble tends to project increased losses in a narrow

band extending from the south of the British Isles up to the Baltic states, and cover-

ing parts of France, the Benelux, northern Germany, Denmark, southern Sweden and

Finland. This pattern of losses could be related to an extension of the storm track into

northern Europe, which is an outcome projected by the majority of the climate models.

The response for the rest of the continent is a decrease, apart from part of the Balkans,
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over a region comprising Serbia, Bosnia, Romania and part of Bulgaria. The potential

increase in winds and damages over the Balkans is robust across the multi-model en-

semble, and could potentially be linked to an intensiÞcation of the westerly low-level

ßow creating enhanced lee cyclogenesis over those regions. However, the uncertainty

of the climate models is always greater than the climate change signal, rendering the

future projections of winter storm damages uncertain over most of the domain. While

the models do not have a tight consensus at individual points, the broad spatial agree-

ment and the fact that there is a clear explanation in the atmospheric dynamics in-

creases our conÞdence in the results.

3.3.2 Changes in extreme loss events

We complete our investigation of low RP events by an analysis focused on extreme

loss events. We Þrst examine the spatial changes in high RPIs, by again looking at

impact maps and regional boxplots. Secondly, we investigate the changes in high RPIs

by aggregating model results to the entire European domain, and by combining the

simulations from the different climate models and ensemble members together. This

approach, described in the following section, allows us to consider longer samples for

our analysis.

Spatial changes of extreme loss events

Figure 3.9 shows impact maps of the multi-model medians (left column) and boxplots

of the multi-model distributions aggregated by regions (right column), for the changes

in one, ten and 20-years RPIs. The patterns of the changes of the ten and 20-years RPIs

are similar to the patterns of the one-year RPIs, as the ten and 20-years RPI maps also

display an increase in damages over a band extending from the British Isles and north-

ern France up to southern Scandinavia and the Baltic states.

A comparison between the one-year RPI map and the ten and 20-years RPI maps in

terms of intensity reveals that extreme loss events could become even more intense

in the future, as the multi-model median takes values locally higher than 30 % for the

ten and 20-years RPIs. However, an inspection of the regional boxplots in Þgure 3.9 re-

veals a positively skewed multi-model distribution of the extreme events, as more and

more outlying models appear in the distribution, as shown by the diamonds outside

of the boxplots whiskers, which represent outliers in the distributions. A positively

skewed distribution can be an indication that our projections of extreme loss events

are strongly inßuenced by stochastic uncertainty, as some of the models are only repre-

sented by a single ensemble member in our analysis. Ten and 20-years RPI projections

computed for climate models which are only represented by a single ensemble mem-
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Figure 3.8: a) Same as in Þgure 3.7 but showing the future-minus-past change in the

98th percentile of the daily surface wind maxima (colouring: m/ s), and the ONDJFM-

average monthly-mean zonal-mean zonal wind at 850 hPa (contouring: m/ s) for a

selection of Þve representative GCMs instead of showing the multi-model mean com-

puted from the entire multi-model ensemble. b) Same as in Þgure 3.6a but showing

the future-minus-past relative to the past change in the intensity of loss events with

return periods of one year (one-year RPIs) in %, for a selection of Þve representative

GCMs instead of showing the multi-model median computed from the entire multi-

model ensemble.
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ber are likely to be biased, as the ten and 20-years RPIs are then estimated from a

reduced number of data points. Furthermore, the magnitude of the future change in

extreme events varies from region to region. For instance, 75% of the models agree on

more intense 20-years RPIs for the SC region, and there is also a signal for an increased

intensity of extreme events for the IP and ME regions. However, the situation is less

clear in other regions, as for instance in the FR, MED and EEU regions, where the 20-

years RPIs indicate a decrease in the intensity of extreme events. This inconsistency

highlights that our projections of extreme events should be interpreted with care when

inspecting the results at a sub-regional scale, as the stochastic uncertainty is likely to

be the dominant source of uncertainty.

Intensity changes of extreme loss events

The previous sections highlighted the importance of the stochastic uncertainty in the

projections of extreme events. To overcome this limitation, we Þrst spatially aggregate

all the loss events and only look at the change in intensity over the whole European

domain. In section 3.2, we showed that spatial aggregation helps to decrease the in-

ßuence of stochastic uncertainty. Secondly, we combine the different climate models,

in an ensemble of opportunity approach (Tebaldi and Knutti, 2007), where all models

are considered to be equally valid realizations of the climate and combined without

prior weighting. The ensemble of opportunity paradigm allows us to consider longer

time periods when computing the Exceedance Frequency Curves (EFCs), and thus to

decrease the importance of the internal variability.

In Þgure 3.10, we compare the multi-model approach, where the projections from the

different climate models are considered separately, resulting in 64 separate 30-years

periods from each model member (left panel), to the ensemble of opportunity ap-

proach, where all simulations from all the models available are combined, resulting

in two long simulations of 1920 years, for both the historical and future periods (right

panel). In the following, we refer to the 1920-years-long simulation as grand ensemble.

The left panel shows the multi-model spread of the EFCs, where we compute an EFC

for each climate model, combining the climate modelsÕ ensemble members for climate

models which have multiple members, so that the effects of internal variability are

reduced. We however only show the EFCs up to return periods of 30 years, to avoid

extrapolating the curves for climate models which only have 30 years of data available.

Secondly, we show in the right panel the EFCs obtained via the ensemble of opportu-

nity approach. We approximate uncertainty bands around the grand-ensemble EFCs

by using a bootstrapping approach (Bradley Efron and Tibshirani R.J., 1994), where we

simulate the distribution of the grand-ensemble EFCs by drawing with replacement
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Figure 3.9: a) Same as Þgure 3.6a.b) and c): same as Þgure 3.6a but for the future-

minus-past relative to the past multi-model median change in the intensity of loss

events with return periods of ten years (ten-years RPIs), and 20 years (20-years RPIs)

respectively. d) Same as Þgure 3.6b.e) and f) : same as Þgure 3.6b but for the multi-

model distributions of the future-minus-past relative to the past changes in the ten-

years and 20-years RPIs, aggregated to each of the seven sub-regions of the study

domain.
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1000 random 580-years-long sub-samples from the initial 1920 years of data. The 90%-

conÞdence intervals are then represented by the 5th and 95th empirical quantiles of

the bootstrapped distribution. We ensure that each climate model is equally repre-

sented in each of the random sub-sample, by always taking 20 years of data from each

climate model, regardless of their number of ensemble members. This way, we avoid

that climate models which have multiple ensemble members are over-represented in

comparison to the climate models which only have a single ensemble member. In each

plot of the Þgure 3.10, blue-coloured curves represent EFCs for the past period, and

orange-coloured curves represent the EFCs for the future period, using the SSP585 sce-

nario. Solid lines represent the medians, and dashed lines the 5th and 95th quantiles

of the respective distributions.

Figure 3.10: a)Multi-model distribution of the Exceedance-Frequency Curves (EFCs)

according to the multi-model ensemble of 29 GCMs, and where simulations from mod-

els with multiple ensemble members are combined. b) Distribution of the EFCs for the

grand ensemblerassembling the simulations from all the 29 climate models and their

ensemble members together, and where the distribution of the EFCs is approximated

using bootstrapping. Blue-coloured curves represent EFCs for the past period (1980-

2010), and orange-coloured curves represent the EFCs for the future period (2070-

2100), under the Shared Socio-economic Pathway 5-8.5 (SSP585) conditions. Solid lines

represent the medians, and dashed lines the 5th and 95th quantiles of the respective

distributions. The Em2011 impact function is used for the damage calculation, and the

loss values are in USD.
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Left panel on Þgure 3.10 highlights that the large spread among the climate models is

still dominating the climate change signal. The difference between the future and past

multi-model median EFCs indicates a signal for increased future losses, but overall,

the EFCs computed for the past period are entirely contained within the projections

for the future period. This shows that aggregating our projections at a coarser spatial

scale does not help to reduce the model uncertainty, which is expected as we showed

in section 3.3.1 that models disagreed on the sign of the changes in extreme winds and

losses over most of the European domain. Additionally, the spread of the future pro-

jections is more important than that of the past projections, which can be an indication

that the model disagreement increases for the future period, but can also be an artifact

of our calibration, as the impact function are calibrated on the historical simulations

only, which can contribute to artiÞcially decrease the multi-model variance for the past

period.

The spread of the EFCs also increases as the return period increases, which can be

an indication that models disagree more in their projections of extreme events, but

this might also be due to the internal variability inherent to the projection of extreme

events. We already highlighted in section 3.2 that stochastic uncertainty is already

becoming as important as the model uncertainty when considering events with RPs

of about one third of the sample length. Here, 11 of the 29 climate models only have

a single member, meaning that the multi-model distribution of the EFCs starts to be

strongly inßuenced by stochastic uncertainty for RPs of 10 years and higher.

The previous paragraphs revealed that the combined effects of model and stochastic

uncertainty are still entirely covering the climate change signal when aggregating the

losses to the entire European domain and investigating the losses in the frequency-

intensity domain. We now assess whether considering the multi-model ensemble as a

single large simulation with 1920 years of data for each study period allows for further

inferences on the future of extreme loss events in Europe. The right panel in Þgure 3.10

displays the EFCs resulting from the 1920-years simulations and reveals future and

past conÞdence intervals entirely distinguishable from each other. This shows that,

disregarding model and stochastic uncertainty, future loss events will be overall more

damaging according to the ensemble of 29 GCMs considered in this study. Further-

more, the departure of the future median curve from the past median curve increases

as the return period increases, indicating that future extreme loss events could increase

more relatively to low RP events, with loss events with a return period of 200 years

being on average two to three times more damaging in the future than in the past.
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Our analysis reveals the signal for loss events to be overall more intense in the future,

and that this increase in intensity might even be more pronounced in the case of ex-

treme events. However, the large model uncertainty can lead our analysis based on

the grand ensembleto be biased. Combining different climate models associated with

potentially highly different signals for future changes in losses might lead the resulting

EFCs to be strongly inßuenced by a few climate models that show the most dramatic

increases in future losses. Furthermore, our conÞdence bands are only estimations

based on bootstrapping, and only reßect the characteristics of the data sample under

investigation. This can be well visualized on the EFCs for return periods higher than

100 years, as the curves become ßatter and tend to an upper limit, which results in a

squeezing of the upper bound of the envelope. This can be expected from the boot-

strapping procedure, as the EFCs for high return periods are limited by the maximum

observed value of the entire dataset, and therefore converge to this maximum value

as the return period approaches the number of years of the entire dataset. Diciccio

and Efron (1996) and Hesterberg (2011) already pointed out that bootstrapping pro-

cedures used on small datasets could produce conÞdence intervals narrower than the

true conÞdence intervals. Our bootstrapped-based conÞdence intervals should thus

only be taken as indicative of the potential spread in the EFC projections, and one

should keep in mind that those intervals are likely to be biased, especially for high-

RPs events.

3.4 Atmospheric circulation storylines

The results of the previous section showed that an important disagreement among

the climate models is rendering future projections in extreme winds and winter storm

damages uncertain. In this section, we attempt to overcome this limitation by tak-

ing advantage of knowledge in climate dynamics and circulation mechanisms to ex-

plain part of the multi-model spread (subsection 3.4.1). We do so by Þnding indices

which represent dynamical processes in the atmosphere, or modes of atmospheric cir-

culation, and then link those indices to the model spread using a linear regression

framework. We Þt the regression model to the CMIP6 modelsÕ future projections of

storm damage (one-year RPIs), for each sub-region and for the whole European do-

main Þrst, and then Þt the regression model to the change in the extreme surface winds

(98th percentile of the ONDJFM daily surface wind maxima, hereafter sfcWindmax)

at each grid cell. To gain a better understanding of the changes in the large-scale tro-

pospheric circulation associated with the future changes in the remote drivers and

circulation indices, we also link the climate indices to the change in ONDJFM-average
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monthly-mean zonal-mean zonal wind at 850 hPa (hereafter U850) using the same lin-

ear regression framework. This allows us to understand how the regional damages

can be linked to the different patterns of wind change associated with the climate in-

dices. Once we have found climate indices which can satisfactorily help to explain

part of the variance of the multi-model ensemble of the CMIP6 models, we can group

the climate models according to the values they project for the relevant indices and

identify different futures of storm losses in each group (subsection 3.4.2). A similar

approach has been used by Zappa and Shepherd (2017), and is referred to as thecircu-

lation storylinesapproach.

3.4.1 Explaining the ensemble variance

Remote climate drivers

We Þrst use the Þve remote climate indices, the polar ampliÞcation (pol), the tropi-

cal warming ( trop), the change in the stratospheric polar vortex strength ( strat), the

change in the temperature gradients in the El-Nino region ( Nino4 " Nino3), and the

North Atlantic Warming Hole ( NAWH ), as described in Zappa and Shepherd (2017)

and Oudar et al. (2020). Those indices are thought to be drivers for changes in the cir-

culation and in the low-level jet intensity and position over the Euro-Atlantic sector.

We thus expect that those indices help to explain our future modelled losses, as we

could see from Þgures 3.6, 3.7, and 3.8 that changes in the surface winds and damages

are correlated with the changes in the low-level jet.

First, we examine how the future changes in those Þve remote drivers are represented

in the CMIP6 multi-model ensemble under investigation (Þgure 3.11a). Our results are

in line with Zappa and Shepherd (2017), and Oudar et al. (2020), as the distributions

of the different indices projected by our multi-model ensemble are similar to theirs.

The climate models considered in this study agree on the sign of the changes in the

pol, trop, and NAWH indices, but with an important uncertainty on the magnitude

of their changes. The change in the strength of the polar vortex with climate change

is even more uncertain, as the climate models disagree on both the sign and the mag-

nitude of the change. The climate models also disagree on the sign of the change of

the Nino4 " Nino3 index, although the magnitude of the spread is more reduced than

for the other indices. Those results conÞrm the high uncertainty which is associated

with the future change of those remote climate drivers with climate change, as it has

been previously highlighted in numerous studies (Stroeve et al., 2012; Chadwick et al.,

2013; Ma and Xie, 2013; Ayarzag¬uena et al., 2018, 2020). Thus, given the known link

between those remote drivers and the storm activity in the mid-latitudes (Scaife et al.,
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2014), we expect the changes in those remote climate drivers to be relevant predic-

tors to explain the important spread in the multi-model ensemble investigated in this

study.

We show the results obtained when regressing the one-year RPIs aggregated to dif-

ferent sub-regions on the Þve remote driver indices ( pol, trop, strat, Nino4 " Nino3,

and NAWH ), using the linear regression framework described in section 2.8.2 (table

3.1). For each of the sub-regions: British Isles (BI), Iberian Peninsula (IP), France (FR),

Western Europe (WEU), Mediterranean and Balkan regions (MED), Scandinavia (SC),

and Eastern Europe (EEU), and for the entire domain (EU), we select the multiple lin-

ear regression models which show the highest adjusted explained variance (adj-Rsq),

so that only the predictors which are relevant to explain the one-year RPIs in the dif-

ferent regions are included in the different regional regression models. The table 3.1

shows the values of the regression coefÞcients for the selected regression models max-

imizing the adj-Rsq. The remote driver indices which are not included in a regression

model for a certain region are indicated by a - symbol. The explanatory power of the

different remote drivers has a marked regional dependence, as the explained variance

is close to zero for three regions (BI, WEU, EEU), but reaches values of more than 20%

for FR, SC, and MED, and even reaches 50% for IP. Those differences can be explained

by the fact that the explanatory power of the different predictors varies from region to

region. The pol, strat, NAWH , and Nino4" Nino3 indices show signiÞcant regression

coefÞcients at the 10% level for two regions individually, whereas the trop index is

only signiÞcant for one region. Results for the whole European domain are showing

an explained variance of 6%, and no signiÞcant predictors.

In order to better understand the dynamical mechanisms behind the relevance of the

different predictors, we plot spatial maps of the different regression coefÞcients ob-

tained when regressing the Þve remote driver indices on the changes in extreme sur-

face winds (Þgure 3.12), and when regressing the Þve remote driver indices on the

changes changes in low-level zonal winds (Þgure 3.13). We show results of the mul-

tiple linear regression, with all Þve predictors included altogether. Results in terms

of changes in extreme surface winds, as represented by the changes in the 98th per-

centile of the sfcWindmax, show that only pol is associated with a strong signal in

terms of statistical signiÞcance, with a wide region of statistical signiÞcance around

the British Isles, northwestern France, the Benelux, the North and Baltic Sea, and part

of the Mediterranean sea. The spatial pattern of the pol regression coefÞcient sug-

gests that a positive polar ampliÞcation is linked to a weakening of extreme surface

winds over northwestern Europe, Scandinavia, but also over the Mediterranean re-

gion. The four remaining predictors, strat, trop, NAWH , and Nino4" Nino3 show lit-
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Figure 3.11: a) Multi-model distribution of the future-minus-past changes in the

annual-mean global near-surface temperature (# T: K), and the Þve remote driver in-

dices as described in Oudar et al. (2020): polar ampliÞcation (pol: K), tropical warm-

ing ( trop: K), North Atlantic Warming Hole ( NAWH : K), difference in the Nino4

and Nino3 indices ( Nino4 " Nino3: K), and change in the stratospheric polar vortex

strength (strat: m/ s). b) Multi-model distribution of the future-minus-past changes

in the ONDJFM mean states of the four indices of large-scale atmospheric variability

modes, as described in Cusinato et al. (2021): North Atlantic Oscillation ( # NAO: m),

East Atlantic pattern ( # EA: m), East Atlantic / Western Russia pattern ( # EAWR: m),

and Scandinavian pattern (# SCA: m). The distributions of the indices are obtained

considering the multi-model ensemble of 29 CMIP6 GCMs, the 1980-2010 period as

the past period, and the 2070-2100 period as the future period, under the Shared Socio-

economic Pathway 5-8.5 (SSP585) conditions. The boxplotsÕ boxes represent the 25th

and 75th percentile range (inter-quartile range) of the distributions, and the green lines

inside the boxes represent the medians. The boxplotsÕ whiskers are drawn at distances

of 1.5 times the inter-quartile range below and above the 25th and 75th percentiles of

the distributions. The diamonds represent outlying datapoints outside the whiskers.
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BI IP FR WEU MED SC EEU EU

pol - -2.03 -3.44 -1.52 -1.96 -5.04 - -

trop - 1.48 - - - -3.29 - -

strat - -3.22 -1.94 - -3.72 -1.24 - -

NAWH -3.36 -1.46 -3.63 - -2.65 - - -3.03

Nino4-Nino3 - 3.26 3.34 - 4.19 2.64 1.72 -

Rsq 0.03 0.50 0.23 0.02 0.32 0.29 0.03 0.06

adj-Rsq -0.01 0.38 0.10 -0.02 0.20 0.17 -0.01 0.02

Table 3.1: Regression coefÞcients, explained variance (Rsq), and ajusted explained

variance (adj-Rsq), obtained when using the remote driver indices from Oudar et al.

(2020) to regress the future-minus-past relative to the past change in the intensity of

loss events with return periods of one year (one-year RPIs), scaled by global warming,

and aggregated to different sub-regions of the study domain. The regression coef-

Þcients in %/ K are shown for the multiple linear regression models which use the

combinations of the Þve remote driver indices: the polar ampliÞcation ( pol), the trop-

ical warming ( trop), the change in the stratospheric polar vortex strength ( strat), the

change in the difference between the Nino4 and Nino3 indices ( Nino4 " Nino3), and

the North Atlantic Warming Hole ( NAWH ), which maximize the ajdusted explained

variance in each of the seven sub-regions: British Isles (BI), Iberian Peninsula (IP),

France (FR), Western Europe (WEU), Mediterranean and Balkan regions (MED), Scan-

dinavia (SC), and Eastern Europe (EEU), and for the entire domain (EU). Bold font in-

dicates statistically signiÞcant coefÞcients at the 10% level. The remote driver indices

which are not included in a regression model for a certain sub-region are indicated by

a - symbol. The one-year RPIs are obtained considering the multi-model ensemble of

29 CMIP6 GCMs, the 1980-2010 period as the past period, and the 2070-2100 period

as the future period, under the Shared Socio-economic Pathway 5-8.5 (SSP585) condi-

tions
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tle statistical signiÞcance. However, the patterns still present some meaningful spatial

structures. The strat and trop predictors are associated with dipolar structures, with a

strengthening of the stratospheric polar vortex being associated with a strengthening

of the surface wind extremes over the northern half of the domain, and a weakening

over the southern half, and a strong tropical warming showing a similar pattern, but

with reversed sign. The Nino4 " Nino3 predictor is also associated with a dipolar

structure, similar as for the trop index but more oriented along a northwest-southeast

axis. The signal for the NAWH predictor is less structured, but resembles the pattern

of the pol index, although with a weaker magnitude.

Those results provide to a certain extent a clearer interpretation of the regression co-

efÞcients, obtained regressing the indices directly on the damages, shown in table 3.1.

The pol and NAWH contribute to a general strengthening or weakening of the ex-

treme surface winds over the domain. The strat, trop, and Nino4 " Nino3 indices are

linked to dipoles controlling north-south and northwest-southeast shifts in the regions

experiencing changes in the strength of the surface wind extremes.

We now link the changes in extreme surface winds to large-scale circulation changes.

Figure 3.13 shows the spatial maps of the regression coefÞcients of the same Þve re-

mote climate indices, but using the future-minus-past change in the U850 winds as a

response variable.

The geographical distributions of the regression coefÞcients for the pol, strat, and

NAWH predictors corroborate our results obtained when regressing those three in-

dices on the surface wind extremes. Our results suggest that polar ampliÞcation con-

tributes to a poleward shift of the storm track, and that the strengthening of the strato-

spheric polar vortex contributes to an eastward or north-eastward extension of the

storm track into Europe. Those results are in line with Zappa and Shepherd (2017)

and Oudar et al. (2020) who found similar results. However, our results slightly differ

from those of Zappa and Shepherd (2017), as they found no signiÞcant link between

the polar ampliÞcation and surface wind extremes, whereas we Þnd this driver to have

a signiÞcant inßuence on surface wind extremes. The geographical distribution of the

regression coefÞcients for theNAWH index is qualitatively similar to the distribution

of the pol index, although the signal is weaker and less signiÞcant. We thus expect

the North Atlantic Warming Hole to similarly Ð although to a lesser extent Ð affect the

changes in extreme winds and losses over Europe.

Our results indicate that the trop and Nino4 " Nino3 indices are positively linked to a

strengthening in extreme surface winds over the southern part of the domain. How-

ever, it is less straightforward to link the pattern of changes associated with those two

indices to a change in the eddy-driven jet or the storm track, as the changes in surface
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winds and in the U850 have opposite signs. This can indicate that the changes in ex-

treme surface winds associated with those two indices might not results from changes

in the storm track, but that the changes in extreme surface winds might be a result of

other climate processes. In particular, the tropical ampliÞcation and difference in the

El-Nino indices might reßect changes in extreme surface winds over the southern part

of the domain which are associated with wind regimes less westerly or more longitu-

dinally oriented. This can be expected as a poleward shift of the North Atlantic storm

track is likely to decrease the inßuence of North Atlantic cyclones on Mediterranean

wind regimes (Burlando, 2009). Potentially, other factors might then play a more im-

portant role, as for instance the extension of the subtropical high-pressure cell, or more

local processes primarily driven by topographical or thermal forcings.

Our results show that it is possible to explain part of the multi-model variance of the

changes in extreme surface winds and associated damages, using remote climate in-

dices. However, the links found are statistically weak, and none of the indices has a

high enough explanatory power for the damages at the scale of the European conti-

nent. Nevertheless, our Þndings reßect the common theory, which states that storm

track changes and extreme winds over Europe will be partly modulated by the coun-

teracting inßuences of the polar ampliÞcation, tropical warming, and stratospheric

vortex strength (Shaw et al., 2016; Zappa and Shepherd, 2017; Oudar et al., 2020).

Given the spatial patterns of our regression coefÞcients, we expect a combination of

polar ampliÞcation and change in the strength of the stratospheric polar vortex to

be linked to an extension of the storm track and associated wind extremes further

eastward into Europe. We also see a potential inßuence of the tropical warming and

tropical teleconnections on extreme winds and windstorms damages over Europe, al-

though those changes might not be directly linked to changes in the North Atlantic

storm track.

Large-scale atmospheric variability modes

Using linear regression, extreme winds over the Euro-Atlantic and windstorm dam-

ages over the entire European domain are found to be only weakly related to the for-

mer set of large-scale predictors, in terms of explanatory power, with no predictor

showing statistical signiÞcance to explain the damages over the entire domain. This

motivates us to use other indices which could show more consistent results at the

European level. In this section, we repeat the previous analysis using indices rep-

resenting four large-scale atmospheric variability modes: the North Atlantic Oscil-

lation (NAO), the East Atlantic pattern (EA), the East Atlantic / Western Russia pat-

tern (EAWR), and the Scandinavian pattern (SCA). Those four large-scale atmospheric
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Figure 3.12: a), b), c), d), and e) Values of the regression coefÞcients at each grid cell

of the domain ( m/ s/ K), obtained using the linear regression framework to link the

Þve remote climate indices from Oudar et al. (2020): the polar ampliÞcation ( pol), the

tropical warming ( trop), the change in the stratospheric polar vortex strength ( strat),

the North Atlantic Warming Hole ( NAWH ), and the change in the difference between

the Nino4 and Nino3 indices ( Nino4 " Nino3), to the future-minus-past change in the

ONDJFM 98th percentile of the daily surface wind maxima, scaled by global warming.

f) Explained variance of the regression models at each grid cell of the domain (Rsq).

The stippling indicates grid cells where the regression coefÞcients are signiÞcant at the

10% level. The future-minus past changes in winds are obtained considering the multi-

model ensemble of 29 CMIP6 GCMs, the 1980-2010 period as the past period, and the

2070-2100 period as the future period, under the Shared Socio-economic Pathway 5-

8.5 (SSP585) conditions.
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Figure 3.13: Same as Þgure 3.12, but for the values of the regression coefÞcients at

each grid cell of the domain obtained using as a response variable the future-minus-

past change in the ONDJFM-average monthly-mean zonal-mean zonal wind at 850

hPa (U850) instead of the ONDJFM 98th percentile of the daily surface wind maxima.
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variability indices represent the main patterns of atmospheric variability in the Euro-

Atlantic sector, and they have been shown to be relevant predictors to explain winter

storm activity over the European region, at seasonal and sub-seasonal time scales. In

this section, we investigate whether the future changes in the ONDJFM mean states

of those four indices of large-scale atmospheric variability modes can be used to ex-

plain future, end-of-the-century changes in winter storm damages over Europe. In

particular, we aim at using the changes in the mean states of those indices to explain

the important multi-model spread in the projections of extreme winds and damages,

which is associated with our multi-model ensemble of 29 CMIP6 GCMs.

We show the distributions of the future trends in the ONDJFM mean states of the

NAO, EA, EAWR, and SCA large-scale atmospheric variability indices, as projected

by the multi-model ensemble (Þgure 3.11b). Here, we use a # symbol to indicate that

the values displayed correspond to the future-minus-past change in the mean states

of the corresponding indices. The multi-model ensemble of 29 GCMs considered in

this study shows robust future changes in the mean states of the four indices, as all

the models considered agree on a positive change for the EA index, nearly 75% of the

models agree on a positive change of the NAO and SCA indices, and 75% of the mod-

els agree on a negative change of the EAWR index. Those results are consistent with

previous studies projecting a positive trend in the NAO index with climate change

(Pinto et al., 2009; Rind et al., 2005; Ning and Bradley, 2016; Gillett et al., 2003). Our

results are only partly in agreement with Cusinato et al. (2021), as they Þnd no robust

changes in the mean states of the NAO and SCA indices. This difference between their

results and ours can probably be explained by the slightly differing methodology that

we use to compute the changes in the mean states of the indices, as we do not use

anomalies with respect to the climatology to compute the future-minus-past changes.

Our results indicate that the multi-model ensemble disagree at least on the magnitude

of the future changes in the mean states of the indices, and we expect those differences

in magnitudes to result in different futures of winter storms activity and windstorm

damages.

As in the previous section, we show the results obtained when regressing the one-

year RPIs, aggregated to the seven sub-regions (BI, IP, FR, WEU, MED, SC, EEU), and

to the entire domain (EU), on the future change in the mean states of the four large-

scale atmospheric variability indices (NAO, EA, EAWR, and SCA). For each of the

sub-regions, we again select the multiple linear regression models which show the

highest adjusted explained variance (adj-Rsq), so that only the predictors which are

relevant to explain the one-year RPIs in the different regions are included in the dif-

ferent regional regression models. The table 3.2 shows the values of the regression
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coefÞcients for the selected regression models maximizing the adj-Rsq. The predictors

which are not included in a regression model for a certain region are indicated by a

- symbol. We remind the reader here that the predictors represent the standardized

anomalies with respect to the multi-model mean of the future trends in the different

indices. Therefore, a positive NAO does not correspond strictly speaking to a positive

value of the NAO index, but rather to a positively anomalous future trend in the NAO

index with respect to the multi-model mean. We use the # symbol, to indicate that the

values correspond to the future changes in the mean states of the indices, standard-

ized with respect to the multi-model ensemble mean and variance. Thus, we use the

notation # NAO to refer to the standardized future change in the NAO index, and to

# SCA, # EA, and # EAWR to refer to the standardized future changes in the SCA, EA,

and EAWR indices respectively.

Here, our results show a more spatially consistent explanatory power, with an ex-

plained variance (Rsq) of 15% or higher for all regions except for BI. The combination

of the # NAO and # EAWR indices performs well, with regression coefÞcients being

signiÞcant at the 10% level for six and three sub-regions, for the # NAO and # EAWR

index respectively. Furthermore, those two indices are signiÞcant at the 10% level

when used to regress the changes in damages over the entire European domain. The

# EA index is signiÞcant for two sub-regions, and the # SCA index is signiÞcant for

no region. The explained variance for the entire European domain obtained with this

set of indices is larger, with the # NAO and # EAWR predictors alone being able to

explain 32% of the variance of the future multi-model change in the damages.

We again show spatial maps of the different regression coefÞcients, obtained by re-

gressing the changes in sfcWindmax (Þgure 3.14) and the changes in U850 (Þgure 3.15)

on the future changes in the mean states of the four large-scale atmospheric variability

indices. This time, we show the results for single linear regressions, where the target

variables are regressed individually on each of the large-scale atmospheric variability

indices, instead of showing the results for multiple linear regression. This is motivated

by the fact that we found signiÞcant correlations among some of the predictors (table

3.3). Showing results of single linear regressions thus allows us to visualize the effects

of each climate index individually, avoiding biases due to the interactions between the

different predictors in the linear regression framework. Figure 3.14 reveals that the

# NAO and the # SCA indices correspond to similar patterns of wind change but with

opposite signs, with a positive trend in the NAO index linked to a general increase

in extreme surface winds over Europe, and a positive trend in the SCA to a general

decrease. Those two indices are the only indices showing a signal in terms of statisti-

cal signiÞcance, with area of statistical signiÞcance west and south of the British Isles,
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over the Baltic Sea, and over the eastern Mediterranean. The two remaining indices

also show spatially interesting patterns, although with fewer statistical signiÞcance.

The trend in the EAWR index is linked to a north-south dipole, with positive values

of the index being linked to a strengthening of surface wind extremes over the north-

ern part of the domain. The # EA predictor is linked to a region of increased wind

speeds extending over the southwest of the domain, covering the Iberian Peninsula,

the British Isles, and a large part of western Europe.

We inspect the link between the changes in the four large-scale atmospheric variabil-

ity indices and the changes in the U850 winds, to gain a better understanding of the

changes in the atmospheric circulation associated with a change in the large-scale in-

dices (Þgure 3.15). Models showing an upward trend in the NAO index are linked to

a strong westerly response over the North Atlantic, resulting in increased zonal winds

over Europe. The # SCA index shows a similar behavior, although with reversed sign.

Positive upward trends in EA are linked to a westerly response, similarly as for the

NAO but shifted southward, resulting in a more southwesterly oriented response over

Europe. The response to a positive trend in the EAWR predictor is linked to a dipole

over Europe, with an easterly response of the zonal winds over central Europe and the

northwestern Mediterranean, and a westerly response over the central and northern

Scandinavian region.

BI IP FR WEU MED SC EEU EU

# NAO 5.80 2.15 6.89 5.35 4.31 4.38 7.83 4.31

# EA - - -2.56 -3.35 -3.58 -2.41 -4.76 -

# EAWR - -2.35 -2.64 -2.95 -3.66 - -3.22 -4.29

# SCA - - - - - - 2.08 -

Rsq 0.02 0.30 0.35 0.21 0.38 0.15 0.40 0.32

adj-Rsq -0.02 0.25 0.26 0.11 0.30 0.08 0.29 0.27

Table 3.2: Same as table 3.1, but for the regression coefÞcients, explained variance

(Rsq), and ajusted explained variance (adj-Rsq), obtained when using the future-

minus-past changes in the ONDJFM mean states of the four indices representing large-

scale atmospheric variability modes, as described in Cusinato et al. (2021): North At-

lantic Oscillation ( # NAO), East Atlantic pattern ( # EA), East Atlantic / Western Russia

pattern (# EAWR), and Scandinavian pattern (# SCA), to regress the future-minus-past

relative to the past change in the intensity of loss events with return periods of one

year (one-year RPIs), scaled by global warming, and aggregated to the different sub-

regions of the study domain.
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Figure 3.14: Same as Þgure 3.12, but for the values of the regression coefÞcients at

each grid cell of the domain ( m/ s/ K), obtained using the linear regression framework

to link the future-minus-past changes in the ONDJFM mean states of the four indices

representing large-scale atmospheric variability modes from Cusinato et al. (2021): the

North Atlantic Oscillation ( # NAO), the East Atlantic pattern ( # EA), the East Atlantic

/ Western Russia pattern ( # EAWR), and the Scandinavian pattern (# SCA), to the

future-minus-past change in the ONDJFM 98th percentile of the daily surface wind

maxima, scaled by global warming.
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In summary, we can associate a shift of the future ONDJFM-average atmospheric cir-

culation towards a more positive NAO state to a more westerly low-level ßow over

Europe during the ONDJFM months, and to an increase in the intensity of extreme

surface winds. We dynamically interpret this change as being in line with an intensiÞ-

cation of the jet stream over the Euro-Atlantic region, and with an eastward extension

of the North Atlantic storm track into Europe. A similar conclusion can be made for a

shift of the future ONDJFM-average atmospheric circulation towards a more negative

SCA state. The response to a positive change in the EA index is similar to the change

in the NAO index, but the strengthening of the westerly low-level winds, which we

assume consistent with a an intensiÞcation and an extension of the storm track into

Europe, is more directed toward southwestern Europe than in the case of the NAO

index. We suggest the signal captured by those three indices to be a reßection of a

similar future trend of atmospheric circulation over the Euro-Atlantic region, which

corresponds to a strengthening of the North Atlantic storm track. Future trends in the

EAWR index tend to modulate the north-south shift of the response of the zonal wind,

where we associate an upward trend in the index to a poleward shift of the storm

track.

The link we Þnd between an increase in winter storm damages and a future circulation

tending more to a positive NAO-like mean state is not surprising given the amount

of literature supporting the link between a positive state of the NAO and increased

winter storm activity (Pinto et al., 2009; Donat et al., 2010a; Walz and Leckebusch,

2019; Befort et al., 2019). The link between the NAO and storm activity has a clear

physical foundation. For instance, Pinto et al. (2009) explain the increase in both the

frequency and the intensity of extreme extratropical cyclones over the North Atlantic

region during strong positive phases of the NAO, by the more favorable conditions

to cyclogenesis and cyclone intensiÞcation in the storm track region associated with a

positive phase of the NAO. Those favourable conditions include notably increases in

baroclinicity, strength of the upper-air jet stream, and low-level equivalent potential

temperature.

However, we Þnd the future trends in the different indices to be associated with pat-

terns of changes in the U850 or surface wind extremes which are different from the

patterns associated with the monthly variability of the indices. For instance, varia-

tions in the monthly NAO index are in general linked to north-south shifts of the cy-

clonic activity (Pinto et al., 2009; Woollings et al., 2010a; Walz and Leckebusch, 2019),

whereas we Þnd positive NAO index values to be linked to a strengthening of the

storm track over the entire Euro-Atlantic region. This difference between the usual

wind patterns which are associated with seasonal or sub-seasonal values of the NAO

index and the wind patterns which we Þnd associated to the long-term changes in the
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NAO mean-state can be an indication that the characteristics of the modes of atmo-

spheric variability which we capture with the box-based indices, or their links to the

winds, will likely change in the future. Pinto et al. (2009) also noted a link between

a positive future trend in the NAO, and an increase in storm activity over Europe,

although they suggest this increase to be associated with a geographical shift of the

center of actions of the NAO rather than to a shift of the index to a more positive

phase.

Figure 3.15: Same as Þgure 3.14, but for the values of the regression coefÞcients at

each grid cell of the domain obtained using as a response variable the future-minus-

past change in the ONDJFM-average monthly-mean zonal-mean zonal wind at 850

hPa (U850) instead of the ONDJFM 98th percentile of the daily surface wind maxima.

In a further step, we investigate the links between the nine different predictors as-

sessed so far, to determine if their changes are driven by common processes. To do

so, we examine the correlations between the predictors (table 3.3), and also compare

the spatial patterns of their regression coefÞcients (Þgures 3.12, 3.13, 3.14, and 3.15 ).

We determine statistical signiÞcance of the different correlation coefÞcients at the 5%

level by operating a bootstrapping approach. We draw without replacement 10000

random subsets of 20 GCMs out of the total number of 29 GCMs of the multi-model

ensemble, and compute the correlation coefÞcients among the indices computed for

those random sub-samples of models. Statistical signiÞcance at the 5 % level is then

obtained by comparing the actual correlation coefÞcients computed from the entire

multi-model ensemble, to the 2.5th and 97.5th empirical quantiles of the bootstrapped

distribution. A correlation coefÞcient is then considered as signiÞcant at the 5% level
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if it Þnds itself outside the 2.5th and 97.5th empirical quantiles of the bootstrapped

distribution.

First, table 3.3 reveals that all predictors show no signiÞcant correlation with global

warming # T, which shows that the approach of normalizing the indices by the global

near-surface warming is indeed leading to the desired result of having uncorrelated

predictors with global warming. However, this approach only managed to decorrelate

part of the remote climate indices, but did not succeed in decorrelating all the large-

scale atmospheric variability indices, and even introduced a correlation between # EA

and # EAWR. This indicates that global warming is not the only factor responsible for

the change in the mean states of the large-scale atmospheric variability indices, and

that other processes are involved. Moreover, this also emphasises that the combina-

tion of # NAO and # EAWR is a good choice of predictors as they are linked to distinct,

uncorrelated patterns of changes for the ONDJFM-averaged future circulation.

The correlation table shows that both the # EAWR and # NAO indices are correlated by

47% with the change in the stratospheric vortex strength. The link between NAO and

the stratospheric polar vortex is already well-known and documented (e.g. Baldwin

and Dunkerton, 2001; Scaife et al., 2005; Rind et al., 2005; Butler et al., 2017; Domeisen,

2019). Our Þndings indicate that future changes in the stratospheric polar vortex

are likely to inßuence future changes in the mean state of the NAO and EAWR at-

mospheric variability indices, thus further highlighting the importance of the future

changes in the stratospheric polar vortex for the future atmospheric circulation over

Europe. Figures 3.12 and 3.14 also reveal the similarity in the spatial patterns of the

# EAWR and strat regression coefÞcients. The trend in the NAO index is also nega-

tively correlated with the polar ampliÞcation index, which is another indication that

polar ampliÞcation could be an important factor of changes for the future extreme

winds and losses in Europe.

The change in the SCA index is strongly negatively correlated with the change in the

NAO index, and has also signiÞcant correlations with the pol, strat and NAWH re-

mote drivers. This indicates that the change in the SCA index could also be used as

a valid predictor to investigate future change in storm tracks and wind extremes over

Europe. We also note a signiÞcant correlation between# EA and the tropical warming,

and between Nino4" Nino3 and strat. We are unable to provide physically consistent

explanations for those links at this point. We suggest tropical convection to have an

inßuence on the stratospheric polar vortex via its inßuence on planetary wave activity

(e.g. Li and Wen, 2022), but further investigation should be undertaken to better ex-

plore those links.
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# T pol trop strat NAWH Nino4-Nino3 # NAO # EA # EAWR # SCA

# T 1.00 - - - - - - - - -

pol - 1.00 - - - - -0.35 - - 0.46

trop - - 1.00 - - - - 0.41 - -

strat - - - 1.00 - 0.72 0.47 - 0.47 -0.42

NAWH - - - - 1.00 - - - - 0.50

Nino4-Nino3 - - - 0.72 - 1.00 - - - -

# NAO - -0.35 - 0.47 - - 1.00 0.47 - -0.73

# EA - - 0.41 - - - 0.47 1.00 - -

# EAWR - - - 0.47 - - - - 1.00 -

# SCA - 0.46 - -0.42 0.50 - -0.73 - - 1.00

Table 3.3: Correlation coefÞcients between near-surface global warming (# T), the Þve

remote driver indices from Oudar et al. (2020): the polar ampliÞcation ( pol), the trop-

ical warming ( trop), the change in the stratospheric polar vortex strength ( strat), the

North Atlantic Warming Hole ( NAWH ), and the change in the difference between the

Nino4 and Nino3 indices ( Nino4 " Nino3), and the future-minus-past changes in the

ONDJFM mean states of the four indices of large-scale atmospheric variability modes

from Cusinato et al. (2021): the North Atlantic Oscillation ( # NAO), the East Atlantic

pattern (# EA), the East Atlantic / Western Russia pattern ( # EAWR), and the Scandi-

navian pattern ( # SCA). CoefÞcients which are not signiÞcant at the " = 5% level are

indicated with a - symbol.
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3.4.2 Grouping the models

In a last part, we show how the different indices can be used to group the climate

models, and to obtain a clearer view on the potential future outcome of winter-storm-

related damages over Europe. We separate the models in four groups, according to the

modelsÕ combined anomalies in two indices (e.g. models showing positive anomalous

trends with respect to the multi-model mean for both the NAO and the EAWR indices

are sorted into one group, models showing positive and negative anomalous trends

with respect to the multi-model mean for the NAO and the EAWR indices, respec-

tively, go in another group). We then investigate the utility of the model grouping in

the spatial domain, by examining if the models in the different groups show signif-

icantly different patterns of losses. Secondly, we investigate the utility of the model

grouping in the intensity-frequency domain by examining if the models in the differ-

ent groups show signiÞcantly different Exceedance-Frequency-Curves (EFCs).

We Þrst detail the grouping procedure. We only consider the # NAO and # EAWR

indices, as we could show in section 3.4.1 that they are the best indices in terms of

explaining the multi-model variability of the Europe-wide damages. We Þrst select the

models that show a signiÞcant combined standardized anomaly in the two respective

indices, using a threshold of 0.5, as suggested by Zappa and Shepherd (2017):

%
[# NAO]2 + [ # EAWR]2 > 0.5 (3.1)

Secondly, we group the models according to their anomalies for each of the indices,

i.e. positive # NAO and positive # EAWR (# +
NAO # +

EAWR), negative # NAO and neg-

ative # EAWR (# "
NAO # "

EAWR), negative # NAO and positive # EAWR (# "
NAO # +

EAWR),

and positive # NAO and negative # EAWR (# +
NAO # "

EAWR), where again we use the #

symbol to indicate that the grouping refers to the future trends of the NAO and EAWR

indices with respect to the multi-model mean. This grouping procedure leads to a se-

lection of seven models in each of the # +
NAO # +

EAWR and # +
NAO # "

EAWR groups, and to a

selection of six models in each of the # "
NAO # "

EAWR and # "
NAO # +

EAWR groups.

Spatial patterns

Impact maps of one-year RPIs using those four groups of models, as well as the re-

gional boxplots are shown in Þgure 3.16. The boxplots represent the multi-model

spread in each of the four model groups, in each of the seven sub-regions, and the grey

lines the sampling uncertainty introduced by the sub-selection of the climate models.

For each model group, we operate a bootstrap where we randomly draw 1000 times

samples of the same size as the groupÕs sample size and compute the median one-year
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RPI as projected by each of the random model grouping. We then compute the me-

dian (solid line) and 5th and 95th quantiles (dashed lines) of the distribution of those

random medians. This way, we can compare medians resulting from our index-based

grouping, to medians resulting from an arbitrary grouping. Multi-model medians

computed for a certain model group and for a certain region which Þnd themselves

outside of the 5 and 95 % lines can then be interpreted as being signiÞcant at the 10 %

level.

Figure 3.16 indicates that the index-based separation results in the selection of mod-

els which are associated with distinct patterns of future changes in damages. Models

in the # +
NAO # +

EAWR group are linked to a signiÞcant increase in the damages in the

southern Scandinavian region and in the Baltic states, as the multi-model median of

this group shows a statistically signiÞcant departure from the random distribution

of the medians in the SC region. Models in the # "
NAO # "

EAWR group are representa-

tive of a low-impact scenario, with a future decrease in the damages for most of the

domain, as the # "
NAO # "

EAWR group medians are below the zero-change line in all re-

gions. This negative difference is only signiÞcant for the BI, FR, and EEU regions, but

close to signiÞcance in the remaining regions. Models in the # +
NAO # "

EAWR group are

representative of a high-impact storyline for western-central Europe, as the damage

map of the multi-model median of the group displays a marked increase in damages

for the British Isles, the Benelux, France and Germany. There is also an extension of

the region of increased future damages further into eastern Europe and the Balkans.

Regional changes are signiÞcant for FR, WEU, MED and EEU. Finally, models in the

# "
NAO # +

EAWR group are associated with a spatial pattern of future losses which lies

somewhere in between the # +
NAO # +

EAWR and # +
NAO # "

EAWR cases, with increased dam-

ages for the British Isles, Benelux, Germany, Denmark, southern Sweden and the Baltic

states. However, those changes are not signiÞcant at the 10% level.

To summarize, we Þnd that using the climate modelsÕ future trends in the NAO and

EAWR indices can help to successfully separate the models in terms of the spatial

characteristics of their projected damages. More speciÞcally, models which show the

strongest trends in the NAO but the weakest trends in the EAWR with respect to the

multi-model mean are associated with a high-impact future in terms of winter storms

damage over Europe, with signiÞcant increases in damages for the western European,

the Mediterranean, and the eastern European regions. In contrary, models showing

the weakest trends in both the NAO and EAWR indices with respect to the multi-

model mean are associated with a low-impact future, with a decrease in winter storm

damages in the seven sub-regions of the domain.
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Figure 3.16: a), b), c), and d): same as Þgure 3.6a but considering the multi-model

medians computed for the four index-based groups of climate models instead of the

multi-model median computed from the entire multi-model ensemble. e), f), g), and

h): same as Þgure 3.6b, but considering the multi-model distributions within the four

index-based groups of climate models instead of considering the multi-model distri-

bution of the entire multi-model ensemble. The four groups of climate models are

based on the climate modelsÕ anomalies with respect to the multi-model mean in the

future-minus-past change in the ONDJFM mean states of the North Atlantic Oscilla-

tion ( # NAO), and East Atlantic / Western Russia pattern ( # EAWR). # +
NAO # +

EAWR

corresponds to the group of climate models showing positive anomalies in both

# NAO and # EAWR, # "
NAO # "

EAWR to negative anomalies in both # NAO and # EAWR,

# "
NAO # +

EAWR to a negative anomaly in # NAO and a positive anomaly in # EAWR, and

# +
NAO # "

EAWR to a positive anomaly in # NAO and a negative anomaly in # EAWR.
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Extreme events

In this section, we assess whether the previously deÞned model grouping can also

be used to separate the models in terms of the intensity-frequency characteristics of

their projections. More precisely, we investigate whether anomalous future trends in

the NAO and EAWR indices can be linked to future trends in extreme winter storm

events. To study extreme events, we again make use of EFCs, in a similar way as

in section 3.3.2. We Þrst examine how the model grouping performs in terms of de-

creasing the intra-group multi-model spread in the EFCs (Þgure 3.17). Secondly, we

investigate the future trends in extreme events with long RPs, and compare the trends

between the different groups (Þgure 3.18.). We do so by combining the simulations

from the different climate models within each group separately, in the same approach

as in section 3.3.2, so that we can consider one long simulation per group instead of

considering multiple 30-years simulations.

Figure 3.17 shows the intra-group, multi-model distributions of the future and past

EFCs similarly as on the left panel of Þgure 3.10, but this time considering the four

different groups based on the NAO and EAWR combined anomalies. As detailed

in section 3.3.2, the multi-model distribution is reßecting both model and stochas-

tic uncertainty. The distributions of the EFCs for the # +
NAO # +

EAWR, # "
NAO # "

EAWR, and

# "
NAO # +

EAWR groups reveal an important uncertainty, as the future distributions al-

most entirely contain the past distributions of the EFCs. In the three groups, the impor-

tant spread thus entirely covers the climate change signal, which is something we sim-

ilarly observed in the entire multi-model ensemble of 29 GCMs. The multi-model me-

dians of each groups however show behaviors different from the multi-model medi-

ans of the entire multi-model ensemble, as for instance the # +
NAO # +

EAWR group shows

a median decrease in losses for all RPs, and the the# "
NAO # "

EAWR and # "
NAO # +

EAWR

groups show a decrease in losses for small RPs, but an increase in losses for higher

RPs. In contrary, the models in the # +
NAO # "

EAWR group show a signiÞcant future trend

in the losses for all RP considered, as the absence of overlapping between the past and

future 90% conÞdence intervals indicates that 90% of the models agree on increased

future losses.

Therefore, our model grouping is only able to sufÞciently diminish the intra-group

multi-model uncertainty in the case of the # +
NAO # "

EAWR group. The multi-model

spread within the three remaining group is still larger than the climate change sig-

nal, but the medians of the intra-group multi-model distributions indicate that our

grouping is successful in bringing out groups of models associated with different fu-

ture median trends in losses in the frequency-intensity domain.
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Figure 3.17: Same as Þgure 3.10a, but considering the multi-model distributions

within the four index-based groups of climate models instead of considering the multi-

model distribution of the entire multi-model ensemble. The four groups of climate

models are based on the climate modelsÕ anomalies with respect to the multi-model

mean in the future-minus-past change in the ONDJFM mean states of the North

Atlantic Oscillation ( # NAO) and East Atlantic / Western Russia pattern ( # EAWR),

where # +
NAO # +

EAWR corresponds to the group of climate models showing positive

anomalies in both # NAO and # EAWR, # "
NAO # "

EAWR to negative anomalies in both

# NAO and # EAWR, # "
NAO # +

EAWR to a negative anomaly in # NAO and a positive

anomaly in # EAWR, and # +
NAO # "

EAWR to a positive anomaly in # NAO and a negative

anomaly in # EAWR.
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The previous section shows that our grouping is able to separate the climate models

according to their trends in the future losses, at least in terms of the median behavior

within each group. In this section we investigate changes in events with high RPs by

combining the simulations from the different climate models present in each group.

This approach is also further motivated by the fact that we can show that our model

grouping is able to partly decrease the intra-group multi-model spread, meaning that

the climate models within a same group tend to agree more with each other than with

the climate models present in the other groups.

The curves in Þgure 3.18 are obtained by computing the ratio of the difference be-

tween the future and past EFCs to the past EFCs. Therefore, Þgure 3.18 shows the

percent change in the future losses relatively to the past losses, in function of the

RPs. This computation is conducted for the EFCs obtained by combining the simu-

lations from the different climate models present within each group. The EFCs there-

fore correspond to data samples of 450, 420, 300, and 480 years for the# +
NAO # +

EAWR,

# "
NAO # "

EAWR, # +
NAO # "

EAWR, and # "
NAO # +

EAWR groups respectively. We simulate the

distributions of those future trends by applying a bootstrap procedure, similarly as in

section 3.3.2, where we approximate the 90% conÞdence intervals by using the 5% and

95% empirical quantiles of the bootstrapped distribution. The bootstrapped distribu-

tion is obtained by randomly drawing 1000 sub-samples with a size corresponding to

two third of the original sample size for each model group. The solid lines correspond

to the medians of the bootstrapped distributions, and the dashed lines to the 5th and

95th quantiles of the bootstrapped distributions. The different colors represent the dif-

ferent model groups.

The median curves in Þgure 3.18 similarly reveal the outstanding character of the

# +
NAO # "

EAWR storyline, as the combined simulation of the models in this group shows

an increase in intensity for all future loss events, regardless of their return periods. In

particular, the future increase in the intensity of the loss events with small return pe-

riods is projected to be of about 50% relatively to the past events, but the intensity of

events with longer return periods could increase by more than 100%. The average in-

crease in the intensity of the events with the return period is of about 5% per ten-year-

increase in the return period. The situation is less dramatic for the three other model

groups, as we observe a moderate increase in the intensity of the losses, where the

relative change never exceeds 50%, even for the most extreme events. However, the

# "
NAO # "

EAWR and # "
NAO # +

EAWR groups show a similar trend as the # +
NAO # "

EAWR group,

as the relative change in the intensity also increases at a rate of about 5% per ten-year-

increase in the return period. Interestingly, the # "
NAO # "

EAWR group even shows a de-

crease in the intensity of the low RP loss events, but an increase in intensity for loss

events with return periods of ten years or higher. The # +
NAO # +

EAWR group is associ-
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ated with a median change in intensity close to zero, regardless of the return period

considered.

The conÞdence intervals reveal that the # +
NAO # "

EAWR is associated with a future in-

crease in winter storm losses signiÞcant at the 10% level, regardless of the RP, as the

90% conÞdence interval lies far above the 0%-change line. The# "
NAO # +

EAWR group

shows an almost signiÞcant increase at the 10% level, and the two remaining groups

show future trends not signiÞcantly different from zero, as the 90% conÞdence inter-

vals of those two groups include the 0%-change line.

In conclusion, our model grouping is able to select seven climate models, which show

a signiÞcant future increase in winter storm losses, for both extreme, and more fre-

quent events. Those seven climate models are associated with positively anomalous

future trends in the NAO index, but negatively anomalous future trends in the EAWR

index, when compared to the multi-model mean of the 29 climate models considered

in this study. The three remaining groups of models cannot be linked to future trends

in winter storm losses signiÞcantly different from zero. However, we can highlight

a tendency for extreme events to see the most drastic increases in intensity, with an

apparent rate of increase in the intensity of the future losses relatively to the historical

losses of about 5% per ten-year-increase in the return period.
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Figure 3.18: Future-minus-past relative to the past change in the intensities of the

loss events (%), in function of the return periods (years), as projected by the four

index-based groups of climate models, where all climate models and ensemble mem-

bers within a group are combined to obtain one single simulation. The four groups

of climate models are based on the climate modelsÕ anomalies with respect to the

multi-model mean in the future-minus-past change in the ONDJFM mean states of

the North Atlantic Oscillation ( # NAO) and East Atlantic / Western Russia pattern

(# EAWR), where # +
NAO # +

EAWR corresponds to the group of climate models showing

positive anomalies in both # NAO and # EAWR, # "
NAO # "

EAWR to negative anomalies

in both # NAO and # EAWR, # "
NAO # +

EAWR to a negative anomaly in # NAO and a posi-

tive anomaly in # EAWR, and # +
NAO # "

EAWR to a positive anomaly in # NAO and a nega-

tive anomaly in # EAWR. The distributions within each group are approximated using

bootstrapping. Solid lines represent the medians, and dashed lines the 5th and 95th

quantiles of the respective distributions. The coloring refers to the different groups of

models.





Chapter 4

Discussion and conclusion

The aim of this thesis was to answer the three following questions:

¥ What are the main sources of uncertainty inßuencing projections of future

winter storm damages over Europe ?

¥ How will climate change impact future winter storm damages over Europe ?

¥ What are the dynamical and circulation mechanisms inßuencing future wind-

storm damages over Europe, and how do they relate to climate change ?

We answered to the Þrst question by using ANOVA methods, and could show that

the disagreement among the different climate models is the dominating source of un-

certainty for events with a return period between one to seven years. We also showed

that looking at more extreme events or investigating smaller spatial scales allows other

sources of uncertainty to gain in importance and eventually dominate the total un-

certainty. In particular, we highlighted the importance of stochastic uncertainty, and

could show that stochastic uncertainty already becomes the main source of uncertainty

for events with return periods of more than seven years, which corresponds roughly

to a third of our 30-years study period. In addition, we showed that the impact mod-

elling adds an extra layer of uncertainty, and that the formulation and the shape of the

impact function can become an important source of uncertainty, especially for high-

intensity events. We did not Þnd the scenario uncertainty to have a major inßuence

on our projections, at the European scale. However, this uncertainty may become rel-

evant when considering more regional scales.

The combined importance of model and stochastic uncertainty should be a strong mo-

tivation to improve climate models, and to use climate models with initial conditions

ensembles. Indeed, it is only by considering multiple climate models, each providing

an ensemble of simulations obtained with varying initial conditions, that the com-

bined effects of model and stochastic uncertainty can be estimated reliably. The fact

77
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that many climate models only have a few ensemble members is an important limita-

tion of our study, as it prevents us from satisfyingly assessing the climate uncertainty

in the modelling of extreme events, due to the confounding effects of the stochastic

uncertainty.

We investigated the second research question by examining the impact of climate

change on future extended-winter (October-March: ONDJFM) winter storm damages

over Europe in both the spatial and the intensity-frequency dimension. We demon-

strated that the multi-model median projection of our ensemble of 29 climate models

corresponds to a spatial pattern of the losses which could be resulting from an ex-

tension of the storm track further into northern Europe. We highlighted regions po-

tentially at risk, from the British Isles and western France to the Benelux, northern

Germany, Denmark, southern Sweden, and the Baltic states, with future increases in

losses at the end of the 21st century reaching values up to 30% locally, with respect

to the losses at the end of the 20th century. In contrast, we found a decrease in fu-

ture storm damage over Scandinavia, Eastern Europe, the Iberian Peninsula and the

Mediterranean, with future decreases in losses greater than 40% locally. We also found

a signal for a potential increase in losses in the Balkan Peninsula, but we are however

not able to link it with certainty to a particular, already known change in the climate

system under climate change. We suggest that the increase in future losses in the

Balkan Peninsula could be linked to an increased cyclogenesis in the lee side of the

Alpine ridge, however, verifying this theory requires a deeper investigation.

We emphasized the importance of examining multi-model projection ensembles be-

yond the simple median projection, as the median can hide the marked diversity of

the model outputs. We noted that not all the climate models show an extension of the

storm track into the aforementioned regions, but that the diversity of the responses

includes other patterns, which are sometimes more difÞcult to physically interpret.

In particular, certain climate models show wind and loss patterns with high spatial

variability. We suggest those spatial patterns with high spatial variability to be related

with the climate modelsÕ representation of surface processes, in particular processes

inßuencing surface roughness, for instance changes in land-use. We could however

not investigate this theory further because the necessary data was not accessible to us

at the time of this study. We strongly encourage future research aimed at clarifying the

role of surface processes and land-use changes on the future changes in surface wind

extremes.

We completed our investigation on the impact of climate change on winter storm dam-

age over Europe in the spatial domain with an investigation in the intensity-frequency

domain, which also allowed us to improve our understanding in the future changes
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in extreme loss events. Despite an important stochastic uncertainty we showed solid

evidence for the intensity of future extreme loss events to increase more relatively to

frequent events, with events with return periods in the order of a hundred years in-

creasing twice as much as events with return periods in the order of a few years.

To gain insight on the potential factors of changes for future winter-storms-related

losses over Europe and address the third research question, we made use of simple

climate or circulation indices, and linear regression models. We could show that the

future trends of indices describing large-scale atmospheric variability modes, such as

the North Atlantic Oscillation (NAO), and the East Atlantic / Western Russia pat-

tern (EAWR), help to explain a signiÞcant part of the variance of the projections of

the damages. We thus emphasize that a better understanding in the future evolution

of atmospheric variability modes such as the NAO and the EAWR can help to better

frame and understand future winter storm activity and damages over Europe. For

instance, we highlighted that climate models showing the strongest increase in the

ONDJFM-mean state of the NAO index, but the strongest decrease in the ONDJFM-

mean state of the EAWR index are linked to the strongest impacts in terms of winter

storms damages. In contrary, climate models showing the weakest change in the mean

states of both the NAO and the EAWR indices are projecting smaller losses for Europe.

We motivated this link between those two indices and the damages by showing that a

future positive trend in the NAO index is linked to a strong westerly response of the

ONDJFM-average zonal winds at 850 hPa over the North Atlantic region, which re-

sults in increased extreme winds over Europe, and that the future trend in the EAWR

index is rather linked to a north-south dipole determining the latitude of the change

in extreme winds over Europe.

We could also partly link remote climate drivers to wind and damage projections

of our multi-model ensemble. We found the Þve remote climate indices, represent-

ing polar ampliÞcation, tropical warming, changes in the stratospheric polar vortex

strength, changes in temperature gradients over the PaciÞc ocean, and the North At-

lantic Warming Hole to have an inßuence on winter storm damage over some regions

in Europe. In particular, we suggest polar ampliÞcation and changes in the strato-

spheric polar vortex strength to signiÞcantly affect extreme surface wind speeds by

contributing to an eastward extension of the North Atlantic storm track into Europe.

We also found signiÞcant positive correlations between the strengthening of the strato-

spheric polar vortex and future trends in the NAO and EAWR indices, and a signif-

icant negative correlation between polar ampliÞcation and future trends in the NAO

index. Those correlations further support the importance of polar ampliÞcation and

changes in the stratospheric polar vortex strength for the future of winter storm activ-
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ity and damages over Europe. Tropical ampliÞcation and changes in temperature gra-

dients over the PaciÞc ocean probably also play a role, although we could not directly

link them to changes in the storm track. Rather, we suggest that the changes in those

two remote climate indices impact surface wind extremes by inßuencing other climate

phenomena, and that those other climate phenomena are not related, or less directly

related to changes in the North Atlantic storm track. Those two indices might be par-

ticularly relevant for assessing climate change impacts on wind extremes in regions

less directly impacted by changes in the North Atlantic storm track, as for instance in

the Mediterranean or in the Balkan region. However, further studies aimed at clari-

fying the role of the tropical warming and the changes in temperature gradients over

the PaciÞc ocean on the future European climate are required to determine the exact

role of those large-scale teleconnections.

The interpretation of our results however remains difÞcult, as the connection between

the different climate indices and the surface wind extremes is not always straightfor-

ward. In particular, extreme surface winds as modelled by low-resolution global cir-

culation models are impacted by signiÞcant biases and the future-minus-past change

patterns in extreme surface winds are often difÞcult to interpret in a meaningful way

due to the important noise. Consequently, our analysis using climate indices often re-

sulted in weak signals in terms of statistical signiÞcance, and difÞcult-to-interpret spa-

tial patterns due to the noisy character of the daily surface wind maxima. Repeating

the analysis for variables less affected by noise, such as the future-minus-past change

in the ONDJFM-mean zonal wind at 850 hPa helped to a certain extent to better inter-

pret the results. However, the link between low-level zonal winds and surface wind

extremes is also not direct, as the low-level zonal winds are only an indirect indicator

of the jet position and storm activity.

Despite the limited interpretation of the links between certain climate indices and the

surface winds or the associate damages, our Þndings are still physically consistent,

and reßect some previously asserted mechanisms. In particular, the link we found be-

tween an increase in winter storm damages and a future circulation tending more to

a NAO-like mean state seems plausible, given the amount of literature supporting the

link between a positive state of the NAO and an increased winter storm activity. Our

Þndings thus provide a good basis for future research, especially motivating studies

aimed at clarifying the future of modes of atmospheric circulation, like the NAO and

the EAWR, and on their link with other remote climate drivers, such as the strato-

spheric polar vortex or polar ampliÞcation.

An overarching limitation of our study is the absence of a certiÞed link between the

daily surface wind Þelds and extratropical cyclone storms. We visually inspected some
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representative daily events and could Þnd that the daily surface wind Þelds are linked

in most cases to the presence of an extratropical cyclone system. However, we cannot

be certain that this is the case for every stormy day of our analysis. Consequently,

some stormy days might not be directly linked to extratropical cyclones, but to other

weather phenomena. Although the absence of a certiÞed link between the daily sur-

face wind Þelds and extratropical cyclone storms does not change the validity of our

results, it does inßuence their interpretation, as it might not be entirely correct to al-

ways refer to the modelled damages as being the consequence of winter storms. Mak-

ing use of tracking algorithms can be a way to overcome this limitation, as such tools

allow for a more reliable detection of extratropical cyclonic storms. Combining a track-

ing algorithm to our wind-based detection scheme would allow us to systematically

link the stormy days to a speciÞc extratropical cyclone system. Such an approach has

already been successfully applied in a similar framework by Walz and Leckebusch

(2019).

In conclusion, our study provides valuable clariÞcations on the future of winter storms

and their damages for Europe. Using an ensemble of 29 state-of-the-art climate models

participating in CMIP6, we showed robust evidence for a future eastward extension

of the storm track into Europe, resulting in an increased risk of winter storm dam-

age in a narrow band covering parts of the British Isles, northern mainland Europe,

southern Scandinavia and the Baltic states. We highlighted an important disagree-

ment among the climate modelsÕ projections of surface wind extremes, and showed

that model uncertainty was the dominant contributor to the uncertainty in the pro-

jections for frequent storm events. This considerable model uncertainty emphasizes

the importance of considering multiple climate models for climate change impact as-

sessment studies, and highlights the need for further improvements in the climate

modelsÕ representation of the Euro-Atlantic winter storm climate, and the modelling

of extreme surface winds. We also showed evidence for the intensity of extreme, low-

return-period loss events to potentially increase more relatively to more frequent loss

events, with events with a return period in the order of a hundred years potentially

increasing twice as much as events with a return period in the order of a few years.

We also emphasized the need for climate models with multiple ensemble members to

reduce the inßuence of the stochastic uncertainty on the assessment of extreme events

projections. We demonstrated the usefulness of simple atmospheric circulation in-

dices, such as the NAO or the EAWR indices, to help to explain the variance in the

projections of future winter storm damages, thus highlighting the beneÞts of a better

understanding of the future of those large-scale atmospheric variability patterns. We

also put forward the potential importance of polar ampliÞcation and changes in the
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strength of the stratospheric polar vortex for the future of winter storm activity over

Europe, thus encouraging further research aimed at clarifying the future evolution of

those climate processes.

To our knowledge, our study is the Þrst quantiÞcation of the uncertainty of windstorm

events and losses that cover such an extensive number of CMIP6 models. We identi-

Þed climate features that inßuence part of the variability in future European wind

losses, and those features can be used for the assessment of future climate simulations,

or have applications in seasonal forecasting of winter storm activity and their dam-

age. Our study is fully based on freely-available material, combining an open-source

weather and climate risk assessment model, CLIMADA, to freely-available data, the

Litpop exposure dataset, and simulations from models participating in CMIP6 to rep-

resent weather hazards. Thus, our study framework can serve as a guidance for future

climate risk assessment studies, which could similarly beneÞt from a powerful open-

source risk assessment model and state-of-the-art climate model projections.
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Appendix

VeriÞcation of the assumptions for the linear regressions

In this section we detail the procedure for the Þtting of the different linear regression

models, and show how we verify the required assumptions for linear regressions.

Following James et al., we consider the veriÞcation of the four following assumptions,

required for the Þtting of linear regression models using the ordinary least square

algorithm (OLS):

1. Zero expectation of the errors.

2. Constant variance of the errors.

3. Uncorrelatedness of the errors.

4. Normally distributed errors.

The assumptions 1., 2., and 3. are required for the OLS algorithm to give a good, un-

biased solution, whereas assumption 4. is necessary for inference, i.e. for signiÞcance

tests and conÞdence intervals. In addition, linear regression models using OLS can

be biased by inßuential points, which are single data points with outlying values and

which lies far from the bulk of the observations. Inßuential points can be detrimental

to linear regression models as they have the potential to bias the regression hyper-

plane.

First, the distributions and values of the different indices are examined to detect

anomalous values, using notably Þgure 3.11. We remove one member of the KACE-1-

0-G model from the analysis, as it is associated with an anomalous value of -9.6 K of

polar ampliÞcation, which results in an inßuential point, detrimental to the analysis.

The CNRM-CM6-1-HR is also discarded from the analysis as its only available mem-

ber is associated with an outlying weakening of the stratospheric polar vortex of -2.4

m/ s, which also results in an inßuential point, detrimental to the analysis. Inspection

of the large-scale atmospheric variability indices does not reveal any anomalous value,

but the anomalous member from the KACE-1-0-G model and the CNRM-CM6-1-HR
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model are also removed from the analysis using the large-scale atmospheric variabil-

ity indices for consistency. Secondly, we average over the members for climate mod-

els with multiple ensemble members, so that we decrease the potential inßuence of

stochastic uncertainty on the values of the different indices.

Regional damage regression models

For each of the Þtted regression models used to explain the variance of the damage

projections in each of the seven regions, and for the whole European domain, we ver-

ify the previously described assumptions by visual inspections of Residuals vs Þtted

plots, Normal QQ-plot, Scale-location plots, and Residual vs Leverage (see chapter

3.3.3 from James et al.). Visual inspection is made possible as the number of linear re-

gression models to inspect remains reasonable. The diagnostics plots are only shown

for the regression models using the trends in the NAO and EAWR index as predictors,

due to space constraints, but the veriÞcation yields similar results in the case of all

the other Þtted models (Þgure 4.1). All four assumptions for the validity of the OLS

are reasonably veriÞed for each of the regression models. Furthermore, no potentially

damaging inßuential point is present, as the Residual vs Leverage plots reveal no data

points with a CookÕs Distance greater than 0.5. We also test if the correlations among

the different predictors are dangerous to the regression model by using Variance Inßa-

tion Factor (VIF) tests. No serious, potentially damaging correlations are found, as the

values of the VIF tests for each regression model remain below three units of variance

inßation.

Next, we further verify that our regression models are not impacted by inßuential

points by comparing the results between models Þtted using a robust regression algo-

rithm with models Þtted using OLS, as was suggested in Zappa and Shepherd (2017)Õ

supplementary material. The tables 4.1 and 4.2 are the reproductions of the tables

3.1 and 3.2, but where the regression models are Þtted using OLS instead of using

robust regression with a Beaton and Tukey (bisquare) weighting function with tuning

constant from Welsch (1977). The values of the regression coefÞcients and levels of sta-

tistical signiÞcance differ little between the two different approaches, indicating that

our framework is not impacted by inßuential data points. However, we still decide

to use robust regression, as we assume this approach to perform better in our frame-

work, due to the low number of data points considered in the analysis.
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Figure 4.1: Diagnostic plots used to verify that the assumptions required for linear

regression. Diagnostic plots are only shown for the regression models which use the

trends in the NAO and EAWR indices to regress the future-minus-past relative to the

past changes in the intensity of loss events with a return periods of one year, aggre-

gated to each of the seven sub-regions of the domain (BI, IP, FR, WEU, MED, SC, EEU),

as well as aggregated to the entire domain (EU).
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BI IP FR WEU MED SC EEU EU

pol - -2.16 -3.47 - -2.33 -4.37 - -

trop - 1.28 -2.32 -1.69 - -2.43 - -

strat - -3.33 -3.65 - -4.17 - - -

NAWH -3.59 -1.67 -4.32 - -2.96 - - -2.64

Nino4-Nino3 - 3.47 5.11 - 4.44 2.18 1.68 -

Rsq 0.03 0.50 0.28 0.02 0.32 0.29 0.03 0.06

adj-Rsq -0.00 0.38 0.11 -0.02 0.20 0.20 -0.01 0.02

Table 4.1: Same as table 3.1, but using the OLS algorithm instead of the robust regres-

sion algorithm.

BI IP FR WEU MED SC EEU EU

# NAO 4.33 2.17 6.37 5.80 4.55 4.65 6.37 4.34

# EA - - -2.30 -4.33 -3.32 -2.88 -4.27 -

# EAWR - -2.22 -3.34 -2.60 -3.60 - -3.36 -4.24

# SCA - - - - - - - -

Rsq 0.05 0.30 0.35 0.22 0.38 0.16 0.38 0.32

adj-Rsq 0.01 0.25 0.27 0.12 0.30 0.09 0.30 0.27

Table 4.2: Same as table 3.2, but using the OLS algorithm instead of the robust regres-

sion algorithm.
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Wind regression models

Visual control of diagnostic plots is not feasible for the veriÞcation of the assumptions

of the regression models Þtted at each grid cell of the domain, due to the elevated

number of regression models to inspect. However, we assume that our modelling

framework is sufÞciently close to the ones of Zappa and Shepherd (2017) and Oudar

et al. (2020), so that the assumptions for linear regressions are similarly veriÞed. We

only investigate whether the regression models are subject to the detrimental impact

of inßuential points by comparing the results between regression models Þtted us-

ing OLS, and regression models Þtted using the robust regression algorithm (Þgures

4.2 and 4.3). Comparing left and right panels of Þgure 4.3 with their counterparts

obtained using robust regression (Þgures 3.14 and 3.15) reveals no major differences,

and we can conclude that our framework is not impacted by inßuential points, when

regressing the large-scale atmospheric circulation indices from Cusinato et al. (2021)

on the sfcWindmax and U850 winds. However, comparing left and right panels of Þg-

ure 4.2 with their counterparts obtained using robust regression (Þgures 3.12 and 3.13)

reveals that the linear regression linking the sfcWindmax to the remote driver indices

from Oudar et al. (2020) might be impacted by inßuential points, as the patterns of the

different regression coefÞcients obtained with the two different methodologies differ.

This behavior is however not observed when regressing the U850 on the remote driver

indices. Those observations motivate us to use robust regression instead of ordinary

regression, as robust regression is expected to be less sensitive to inßuential points. We

expect that using robust regression indeed prevents inßuential points to be too dam-

aging to our analysis. However, those Þndings indicate that the results obtained when

linking sfcWindmax to the remote driver indices should be interpreted with care.
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Figure 4.2: Left: same as Þgure 3.12 but using Ordinary Least Square (OLS) instead of

robust regression. Right: same as Þgure 3.13 but using Ordinary Least Square (OLS)

instead of robust regression.

Figure 4.3: Left: same as Þgure 3.14 but using Ordinary Least Square (OLS) instead of

robust regression. Right: same as Þgure 3.15 but using Ordinary Least Square (OLS)

instead of robust regression.
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