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Abstract

Since the industrial revolution, humans have increased the greenhouse gas concen-

tration of the atmosphere by burning fossil fuels. The resulting global warming

has far reaching impacts on the climate system including increasingly frequent and

intense weather extremes. Due to the severe impacts these weather extremes cause

to societies, there is a strong interest in understanding how anthropogenic climate

change affects weather extremes.

Many weather extremes are best understood as compound events, a combination

of several weather conditions that together lead to severe impacts. For instance,

a late frost day in early April can only cause severe damages on apple trees if the

preceding winter and spring was mild and trees started blossoming early. I use

large ensemble climate simulations to show that the risk of such frost damages

on apple trees in Germany increases as a result of global warming. The use of

large ensemble simulations is, however, restricted to weather phenomena that are

adequately captured by general circulation models. Therefore, in a second part, I

explore how a similar weather event can be studied using observational data. In

2016, a warm winter followed by an anomalously wet spring led to an unprecedented

crop failure in northern France. Using stochastic weather generators, I analyze the

atmospheric circulation patterns that lead to such conditions and investigate, how

intense a record event of this type could be under current climatic conditions.

Most weather extremes occur under specific atmospheric circulation patterns.

Besides changes in extreme weather that are a direct consequence of events happen-

ing in a warmer atmosphere, it is therefore crucial to understand how atmospheric

circulation changes affect weather extremes. In a third study, I show that dynamic

changes in the climate system, such as atmospheric circulation changes lead to

an increase in persistence of hot, dry and rainy periods in northern hemispheric

summers.

The last two studies focus on tropical cyclones. Due to the poor representation

of tropical cyclones in general circulation models, I will base my analysis of tropical

cyclones in the Atlantic (also called hurricanes) on observational data. Using causal

effect networks, I identify conditions that favor active Atlantic hurricane seasons.



Based on the identified links between atmospheric circulation patterns, sea surface

temperatures and hurricane activity I subsequently construct a probabilistic em-

ulator to simulate Atlantic hurricane seasons. Finally, I analyze to which extend

ocean warming has contributed to some of the extreme hurricane seasons of the

recent decades.

One central methodological challenge in the research field is that weather ex-

tremes are rare by definition and that due to the strong internal climate variability

it is difficult to quantify changes that are forced by anthropogenic climate change.

In this thesis I explore two divergent approaches to this challenge: 1) Using large

ensemble climate simulations I smooth out the effect of internal variability thereby

exposing the forced change in apple frost and weather persistence. 2) Using obser-

vation based approaches, I quantify the contributions of internal climate variability

on tropical cyclones in order to subsequently estimate to which extent the observed

increase in tropical cyclone activity in the Atlantic can be attributed to internal

climate variability or forced changes.



Zusammenfassung

Seit der industriellen Revolution haben Menschen durch Verbrennung von fossilen

Energieträgern die Treibhausgaskonzentration in der Atmosphäre erhöht. Die da-

raus folgende Erderwärmung hat weitreichende Folgen für das Klima, unter an-

derem häufigere und intensivere Wetterextreme. Wegen ihrer gravierenden Auswirkun-

gen auf die Gesell-schaft, ist es von allgemeinem Interesse zu verstehen, wie der

menschengemachte Klimawandel diese Wetterextreme beeinflusst.

Viele Wetterextreme gehen aus einem Zusammenspiel von Wetterbedingungen

hervor, die in Kombination schwerwiegende Auswirkungen haben. Zum Beispiel

kann ein Frosttag Anfang April nur zu Schäden an Apfelbäumen führen, wenn

der Winter und Frühling davor mild war und die Bäume früh angefangen haben

zu blühen. Ich verwende große Klimasimulationsensembles, um zu zeigen, dass

das Risiko für solche Frostschäden an Apfelbäumen in Deutschland aufgrund der

globalen Erwärmung zunimmt. Der Anwendungsbereich von Klimasimulationen ist

jedoch auf Wetterereignisse begrenzt, die gut von Zirkulationsmodellen dargestellt

werden. Deswegen untersuche ich in einer zweiten Studie, wie ein ähnliches Wet-

terereignis auf der Grundlage von Beobachtungsdaten analysiert werden kann. Im

Jahr 2016 hat ein warmer Winter und ein feuchter darauf folgender Frühling zu

einem noch nie dagewesenen Ernteausfall in Nordfrankreich geführt. Mit stochastis-

chen Wettergeneratoren analysiere ich die atmosphärischen Zirkulationsmuster, die

zu solchen Bedingungen führen und untersuche, wie ein Rekordereignis dieser Art

unter aktuellen Klimabedingungen aussehen könnte.

Die meisten Wetterextreme entstehen nur unter bestimmten atmosphärischen

Zirkulationsmustern. Neben Veränderungen von Wetterextremen, die direkt da-

rauf zurück zu führen sind, dass die Ereignisse in einer wärmeren Atmosphäre

stattfinden, ist es deshalb wichtig zu verstehen, wie sich Veränderungen in der

atmosphärischen Zirkulation auf Wetterextreme auswirken. In der dritten Studie

zeige ich, wie dynamische Veränderungen im Klimasystem zu einer erhöhten Per-

sistenz von warmen, trockenen und regnerischen Sommerperioden in der nördlichen

Hemissphäre führen.

Die letzten beiden Studien befassen sich mit tropischen Zyklonen. Wegen der



schlechten Darstellung von tropischen Zyklonen in globalen Zirkulationsmodellen

werde ich meine Analyse von tropischen Zyklonen im Atlantik (auch Hurrikan

genannt) auf Beobachtungsdaten stützen. Mit kausalen Effektnetzwerken identi-

fiziere ich Bedingungen, die für starke Hurrikanaktivität förderlich sind. Aufbauend

auf den identifizierten Zusammenhängen zwischen atmosphärischen Zirkulations-

mustern, der Oberflächentemperatur des tropischen Atlantiks und der Hurrikanak-

tivität entwickle ich einen probabilistischen tropischen Zyklonemulator, der die

interne Variabilität und die erzwungene Veränderung gut reproduziert. Zuletzt

analysiere ich, wie stark die Erwärmung der Ozeanoberfläche in der Region zu

extrem aktiven Hurrikansaisonen der letzten Jahrzehnten beigetragen hat.

Eine zentrale methodische Herausforderung in diesem Forschungsfeld ist, dass

Wetterextreme per Definition selten sind und dass es aufgrund der starken inter-

nen Klimavariabilität schwierig ist, die Veränderungen zu quantifizieren, die auf den

menschgemachten Klimawandel zurück zu führen sind. In dieser Arbeit verfolge

ich zwei gegenläufige Ansätze um mit dieser Herausforderung um zu gehen: 1) Ich

verwende große Klimasimulationsensembles um den Effekt der internen Klimavari-

abilität aus zu glätten und dadurch die erzwungenen Veränderungen beim Apfel-

frost und in der Persistenz zu ergründen. 2) Mit Methoden, die auf Beobachtungs-

daten beruhen, quantifiziere ich den Einfluss der internen Klimavariabilität auf

tropische Zyklone um dann einschätzen zu können, in welchemMaß der beobachtete

Anstieg der tropischen Zyklonaktivität im Atlantik der internen Klimavariabilität

oder erzwungenen Veränderungen zugeschrieben werden kann.
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1. Introduction

1.1. Motivation

We are living in a climate that humans have pushed out of the long and relatively

stable climate conditions of the past thousands of years (Masson-Delmotte et al.,

In Press). By burning fossil fuels humans have caused an increase in global mean

temperature of 1.2◦C (Masson-Delmotte et al., In Press; Haustein et al., 2017) and

without a drastic change in human activities this global warming will continue.

Among the diverse impacts of anthropogenic climate change the change in weather

extremes is of particular interest due to the severe impacts they cause to the en-

vironment and to societies. An increase in frequency and intensity of these events

is one of the most dangerous consequences of global warming, particularly in the

near-term future. In order to inform about the risks of global warming and to

allow for an effective adaptation to these changes, it is crucial to understand how

weather extremes respond to a warmer climate.

This thesis is motivated by the impact relevance of weather extremes. Each

of the weather extremes studied here is an event that is related to some specific

impact that either affects societies regularly, such as tropical cyclones (TCs), or

that has been identified as a damaging event recently. This impact focus requires

the investigation of compound weather events that might only be relevant in a

specific region or for a particular activity in a region such as frost damages on

apple trees in Germany (section 2.1) or the meteorological conditions that lead to

an unprecedented crop failure in northern France in 2016 (section 2.2).

There are different ways of how anthropogenic climate change affects weather

extremes. Thermodynamic changes in the warmer atmosphere directly influence

weather extremes as temperatures rise and the warmer air can hold more water
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1. Introduction

vapor. Additionally, changes in the climate system also affect weather extremes

in a more indirect manner, through atmospheric circulation changes for example.

As weather extreme research progresses it becomes increasingly important to also

understand these indirect second order forcings of anthropogenic climate change.

Therefore, in section 2.3, I will quantify such indirect forcings on the persistence

of warm, dry and rainy periods in summer and for the northern hemispheric mid-

latitudes.

One central challenge for my thesis, and extreme weather research in general,

is the fact that forced changes in rare events are obscured by internal climate

variability. One could describe this problem as a weak signal to noise ratio that

makes it difficult to detect and attribute the signal - forced changes - in the noise of

internal climate variability. Contrary to other research fields where measurements

are obtained in a laboratory the “signal to noise ratio” cannot be improved by

repeating the “experiment” of increasing greenhouse gas concentrations with more

precise measurements.

Large ensemble climate simulations can serve as a substitute for such experi-

ments. In these ensembles, stable climate conditions are simulated over many years

for different greenhouse gas concentrations. A comparison of weather extreme fre-

quencies between simulations with different greenhouse gas concentrations reveals

the forced changes and with large ensemble sizes the noise from internal variability

becomes negligible. I will follow this approach for the analysis of frost damages on

apple trees and persistence of local weather conditions.

This approach is, however, limited by the quality of general circulation models

(GCMs) and to weather extremes that are adequately simulated by them. For

reasons I will elaborate on in section 1.3.2, TCs are among the weather extremes

that are not well reproduced in GCMs. Thus, studying the influence of anthro-

pogenic climate change on TCs requires different and innovative methodological

approaches. A way forward is to quantify the influence of internal variability on a

given weather extreme in order to better understand the forced and natural origins

of an observed trend. In this thesis, I will explore different methods that help

to understand the links between internal climate variability and weather extremes

such as stochastic weather generators and causal effect networks. Finally, I will

2



1.2. Overview

develop a probabilistic TC emulator that reproduces the influence of atmospheric

circulation and ocean surface temperatures on TC activity and thereby helps to

partially reveal the anthropogenic forcings on TCs.

1.2. Overview

In the following, I will shortly introduce weather extremes (1.3) to then focus on

the concepts that are most important for my research, namely compound weather

events (1.3.1), tropical cyclones (1.3.2) and dynamical forcings on weather extremes

(1.4). From there on, overarching topics such as internal climate variability (1.5)

and extreme event attribution (1.6) will be introduced. Finally, the methods used

in this thesis are described (1.7) and the scope of the thesis and the content of

the results section is summarized (1.8). Figure 1.1 gives an overview of the main

concepts, the five studies and the used methods.

1.3.1 Com-
pound

weather events

1.4 Dynamic
and thermody-
namic drivers

1.3.2 Tropical
cyclones (TCs)

1.5 Internal
climate

variability

1.6 Extreme
event at-
tribution

2.1: Increasing risks of
apple tree frost dam-

age under climate change

2.2: Simulating compound
weather extremes responsible
for critical crop failure with
stochastic weather generators

2.3: Summer weather becomes
more persistent in a 2 ◦C world

2.4: Robust predictors for
seasonal Atlantic hurri-
cane activity identified

with causal effect networks

2.5: Extreme Atlantic hur-
ricane seasons made more
likely by ocean warming

1.7.1 Large
ensemble

simulations

1.7.2 Stochas-
tic weather
generators
(SWGs)

1.7.3 Causal
effect networks

(CENs)

1.7.4 Prob-
abilistic TC
emulator

Concepts Results Methods

Figure 1.1.: Schematic overview of the thesis. On the left, important concepts for
the thesis are listed. The arrows indicate for which of the studies in
the center column these concepts are relevant. The right column shows
the used methods.
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1. Introduction

1.3. Extreme weather events

Weather extremes are events with exceptional weather conditions associated with

high societal impacts. They are by definition rare and as a result of internal climate

variability they are an integral part of the climate system. For instance, although

temperatures of above 30◦C are rare in Germany, there are summers with such hot

days and even without global warming unprecedented heat extremes are expected

from time to time (Benestad, 2003). As these extremes occur rarely, societies are

not adapted to them and when they occur they can lead to severe impacts on

human health, agriculture and infrastructure.

With global warming the frequency and intensity of many types of weather ex-

tremes increases (Sillmann et al., 2013; Schleussner et al., 2017; Robinson et al.,

2021; Seneviratne et al., in press). In many parts of the globe, an increase in

hot extremes resulting from anthropogenic climate change is clearly distinguish-

able from internal climate variability since several decades (King et al., 2016). The

combination of an advanced understanding of the physical mechanisms behind this

increase, a clearly detectable trend in observations (Coumou et al., 2013; Schleuss-

ner et al., 2017) and an unequivocal signal in climate model simulations (Sillmann

et al., 2013) leave no doubt about the link between anthropogenic climate change

and an increase in heat extremes (Seneviratne et al., in press). As shown in figure

1.2, a hot extreme that was expected once every 50 years in a pre-industrial climate

is today expected once in 10 years and in a climate corresponding to 4◦C global

mean temperature such an extreme would be expected in 8 out of 10 years.

Besides heat extremes, there is a large number of weather extremes for which

anthropogenically forced changes can be identified including heavy precipitation

events (Lehmann et al., 2015; Seneviratne et al., in press) and droughts (Dai et al.,

2018; Vicente-Serrano et al., 2020; Padrón et al., 2020). With advancements in

methods and increasingly well performing climate models, links between global

warming and changes in weather extremes can be studied for more and more types

of weather extremes.

The main motivation for studying extreme weather events are the damages they

can cause to societies. Depending on the region and the activities in the region
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1.3. Extreme weather events

Figure 1.2.: Projected changes in the intensity and frequency of hot temperature
extremes over land. Projected changes are shown at global warming
levels of 1°C, 1.5°C, 2°C, and 4°C and are relative to 1850-1900 repre-
senting a climate without human influence. The figure depicts frequen-
cies and increases in intensity of 10- or 50-year extreme events from
the base period (1850-1900) under different global warming levels. Hot
temperature extremes are defined as the daily maximum temperatures
over land that were exceeded on average once in a decade (10-year
event) or once in 50 years (50-year event) during the 1850–1900 refer-
ence period. Figure from IPCC AR6 (Figure SPM1.6 in Seneviratne
et al., in press).

different weather events and different characteristics of an event are relevant. For

example, not only the intensity of a heat wave but also its duration when it exceeds

a certain temperature threshold is affecting the morbidity (Xu et al., 2016). The

research community has therefore developed a number of indicators quantifying

various characteristics of weather extremes to better represent the societal relevance

(Schwingshackl et al., 2021).

1.3.1. Compound weather events

Many impact relevant weather extremes are a result of a combination of differ-

ent meteorological factors and they are usually referred to as compound events

(Zscheischler et al., 2018). These multiple factors can be different climate vari-

ables such as temperature and relative humidity that in combination can lead to
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1. Introduction

deadly conditions for the human body or a sequence of weather conditions that in

a certain timing lead to severe impacts. An example for this latter case would be

a strong storm that is followed by a heat wave. The impacts of the heat wave can

be severely amplified if infrastructure that would help to endure the heat wave has

been damaged by the earlier storm.

Studying compound events requires some special care as the factors characteriz-

ing the event might not be independent from each other. In that sense it is crucial

to study joint probabilities of all factors occurring together instead of studying

these probabilities independently.

The compound weather extremes that I study in section 2.1 and 2.2 can be

described as pre-conditioned compound events. In both cases, certain weather con-

ditions trigger an impact which would not occur if the weather conditions leading

up to the event would be different. In section 2.1, a late frost day would not lead

to reduced apple yields if it occurred after a cold winter and early spring and apple

trees would not have started blossoming early. For the crop failure of section 2.2,

it is hypothesized that the wet conditions in the April-July period led to a pest

outbreak that could build up due to the lack of cold days during winter (Ben-Ari

et al., 2018).

Analyzing such compound events and defining regionally relevant indicators and

thresholds has helped to estimate risks arising from global warming and to inform

about the potential of adaptation measures. While global extreme event indicators

give a rough perspective on the direction in which weather events might change,

regional studies tailored to specific vulnerabilities are an important contribution

for the assessment of risks from anthropogenic climate change and they are still

required for many types of events.

1.3.2. Tropical Cyclones

Many weather extremes, including the particularly persistent weather conditions

of section 2.3 and the meteorological conditions leading to the crop failures of

section 2.2, can be described as extreme versions of otherwise common weather

conditions. For a local observer, these events resemble common weather, it is just

more persistent or there is more precipitation which in the end makes the event
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1.3. Extreme weather events

extreme. There are, however, weather phenomena that lead to weather conditions

that are clearly distinct from usual conditions.

Tropical cyclones (TCs) are such weather extremes. They are better described

as a stable system moving across the ocean instead of describing them as a mixture

of anomalously strong winds and heavy precipitation that occur for a very short

amount of time at a given location. TCs form over warm tropical oceans and

they are fueled by the temperature gradient between the sea surface temperatures

(SSTs) and the upper troposphere. As a zone of strong convection, a TC attracts

surrounding air masses over the ocean surface that start to rotate around the center

of the TC due to the Coriolis force. As long as such warm and humid air masses can

be drawn into the TC it will continue to intensify creating stronger and stronger

wind gusts and heavy precipitation. In that sense, TCs are also compound weather

extremes. Nearly every year only a few TCs cause fatalities and multi billion dollar

economic damages (Geiger et al., 2018).

Despite the large interest in TCs, their response to anthropogenic climate change

remains subject to considerable uncertainties (Knutson et al., 2019, 2020; Senevi-

ratne et al., in press). TCs are subject to two major challenges in extreme weather

research: 1) TCs are rare events with only a few storms occurring per year in each

basin and the number of TCs and their strengths are subject to strong inter-annual

variability. It is therefore challenging to identify forced changes by analyzing the

relatively short period of reliable observations (satellite observation from 1979-

today). 2) TCs are complex weather phenomena with strong gradients in wind

speeds and convection over relatively short distances. Only a few high-resolution

climate models are able to adequately simulate TCs (Roberts et al., 2020). In

combination, the lack of long observational datasets and reliable climate model

projections leaves large uncertainties with respect to changes in TC frequencies.

It is nevertheless clear that impacts from TCs are increasing with global warming.

As for other heavy precipitation events, the amount of precipitation brought by TCs

increases in a warmer atmosphere (Knutson et al., 2019, 2020; Reed et al., 2020; van

Oldenborgh et al., 2017). On top of that, storm surges will become more severe as

the sea level rises (Lin et al., 2016). Damages from TCs are predominantly a result

of flooding that is caused by a combination of storm surges and heavy precipitation

7



1. Introduction

(Gori et al., 2020). Adaptation measures against such floods are costly and it

is questionable whether adaptation is possible in all regions where TCs can be

expected and with rising sea levels (Crichton and Esteban, 2018; Monirul Islam

et al., 2014).

1.4. Dynamic and thermodynamic drivers

Anthropogenic climate change affects weather extremes in multiple ways. For many

types of extreme events the dominant driver of change is directly linked to the

warming of the atmosphere. The hottest day of the year intensifies as annual

temperatures rise. In a similar way, heavy precipitation events are more intense in

a warmer atmosphere because warmer air can hold more water vapor which will

fall as precipitation during a heavy precipitation event (Pall et al., 2007). These

drivers that are a direct consequence of events happening in a warmer atmosphere

are called thermodynamic forcings.

Besides these thermodynamic forcings, there are changes in the climate system

that affect weather extremes in a more indirect manner. These drivers are diverse

and vary between regions and seasons and they are referred to as dynamic forcings.

For example, heat waves are not only intensifying because air temperatures rise.

In the mid-latitudes, heat extremes are often caused by an atmospheric blocking

event where a high pressure system stabilizes over a location drawing in warm

air from the sub-tropics and inhibiting rain bringing storms that would cool the

area (Black et al., 2004; Matsueda, 2011; Sousa et al., 2018). Changes in summer

circulation of the northern hemispheric mid-latitudes as a result of the reduction

of the equator to pole temperature difference is expected to alter the persistence

of such blocking situations (Francis and Skific, 2015; Coumou et al., 2015; Horton

et al., 2015). Furthermore, heat extremes can be amplified when soils dry out

reducing the evapotranspiration of soil-moisture which would otherwise cool the

lower atmosphere (Hirschi et al., 2011). A reduction in precipitation in a certain

region (with an intermediate soil-moisture regime) can thereby lead to more intense

heat extremes (Vogel et al., 2018).

For TCs, thermodynamic forcings are increasingly well understood: as for other

8



1.4. Dynamic and thermodynamic drivers
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Figure 1.3.: Drivers of extreme weather. The schematic on the left shows how an-

thropogenic climate change affects weather extremes. On the right, the
five studies of the thesis are listed. The colored dots in the schematic
indicate which links are analyzed in each study.

precipitation extremes the precipitation brought by TCs increases in a warmer at-

mosphere (Knutson et al., 2019, 2020; Reed et al., 2020; van Oldenborgh et al.,

2017). Furthermore, the warming of the lower troposphere enhances the tempera-

ture gradient across the troposphere which increases the potential intensity a TC

can reach (Emanuel, 1987, 1999). Whether a storm can develop to an intense

TC is, however, strongly constrained by the atmospheric circulation in the region.

There is currently no consensus on how dynamic changes in atmospheric circula-

tion might affect TCs and therefore large uncertainties about the response of TCs

to anthropogenic climate change remain (Knutson et al., 2019, 2020; Seneviratne

et al., in press).

Figure 1.3 visualizes the concept of thermodynamic and dynamic forcings and

highlights, which drivers of weather extremes are studied in sections 2.1 to 2.5.

Atmospheric circulation is at the same time driven by internal climate variability

and affected by global warming. A deep understanding of changes in weather

extremes therefore requires methods that allow to disentangle the contributions of

9



1. Introduction

internal climate variability from forced dynamic changes.

Thermodynamic forcings are the dominant driver for most weather extremes and

especially for heat extremes (Trenberth et al., 2015). Identifying and quantifying

dynamical forcings is far more challenging and observational records and climate re-

analyses are often times too short to clearly separate a forced change in an extreme

weather characteristic from internal climate variability.

1.5. Internal climate variability

Weather conditions vary on a daily basis and even for indicators like annually and

globally averaged surface air temperature there is considerable natural variability.

There are external perturbations such as volcanic eruptions and variations in solar

radiation, but most of this variability is an intrinsic part of the climate system

(Williams et al., 2017). First of all, the turbulent flow of the atmosphere results

in chaotic variability on time scales of seconds to minutes. The distribution and

movement of weather systems such as extra-tropical cyclones and anticyclones leads

to weather variability on time-scales of days to weeks (also called synoptic scale)

(Röthlisberger et al., 2016). Finally, there are larger oscillations in the climate

system, that shape variability on time scales of years and decades. As an example,

the El niño southern oscillation (ENSO) is a result of atmosphere ocean coupling

over the tropical Pacific that leads to a variation in ocean surface temperature

patterns and a shift in regions of strong convection over the Pacific (Philander,

1983; Timmermann et al., 2018). The ENSO varies on time-scales of 2-7 years and

through various teleconnections it affects weather conditions globally (Arblaster

and Alexander, 2012; Bódai et al., 2020; Domeisen et al., 2019). In particular, TC

activity in the Atlantic basin strongly depends on the state of ENSO and ENSO is

still a major predictor for seasonal TC activity (Camargo et al., 2007; Klotzbach,

2012; Rodŕıguez-Fonseca et al., 2016; Klotzbach, 2019).

As a result of the challenges arising from internal climate variability, attributing

a change in the climate system to rising greenhouse gas emissions usually requires

a combination of observational evidence and modeling confirmation. The detection

of a change in the climate system consists in showing that a statistically significant

10



1.6. Extreme event attribution

trend exists in observations and that this trend appears unlikely to be a result of

internal variability. If this trend is also found in climate simulations with rising

greenhouse gas concentrations but not in simulations with only natural forcings

there is a strong argument for the trend being attributable to anthropogenic climate

change (Hasselmann, 1997; Barnett et al., 2005; Bindoff et al., 2013).

1.6. Extreme event attribution

There are different angles from which extreme weather in a changing climate can

be studied. One of the most popular questions that people ask after an extreme

weather event has occurred is the attribution question: “Did climate anthropogenic

change cause event X”. In recent years, progress has been made to answering this

question for many weather extremes. The question of attributability of weather

extremes also has political relevance (Jézéquel et al., 2019) as the concept of loss

and damage has been included in the Paris agreement (UNFCCC, 2015).

Generally, the question whether a specific event was caused by anthropogenic cli-

mate change is difficult to answer. The event in question is an event that occurred

in a world with climate change and we do not have any control experiment that

would allow us to check whether the event would also happen without climate

change. Observations of the early twentieth century might give a hint of what the

state of climate was before global warming, but even with a climatological com-

parison between current climate and earlier climatic states, the question cannot be

answered.

The problem here is that the climate system is to some extend chaotic (Lorenz,

1963) and that there is large internal variability in the climate system (Deser et al.,

2012; Williams et al., 2017). Thus, the climate that we are experiencing is just one

possible realization of climate and other realizations would be possible. In other

words, there is a strong stochastic component to weather extremes and it is to some

extend random when and where extreme events happen.

Nevertheless, event attribution research can deliver rather satisfactory answers to

this question by estimating how probable a certain type of event is in current cli-

mate and how probable it would be in a climate as we would imagine it without
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1. Introduction

human interference (Allen, 2003). These probabilities can then be communicated in

terms of increased “risk ratio” or “fraction of risk” attributable to anthropogenic

climate change. In section 2.5, I present an attempt to attribute extremely active

hurricane seasons to the forced warming of tropical Atlantic SSTs. As it will be

discussed in the end of this study, further tests and validation would, however, be

required to fully attribute some of the recent hurricane seasons to anthropogenic

activity.
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1.7. Methods

There are numerous types of weather events and for each weather event the influ-

ence of different contributing factors can be analyzed. Depending on the research

question, the complexity of the event and the studied region, different methodolog-

ical approaches are required. In the following, I will introduce the methods I will

build upon in this thesis. Figure 1.1 also shows which methods are used in the five

studies.

1.7.1. Large ensemble climate simulations

General circulation models (GCMs) are an essential tool in climate research. These

models are based on physical processes and they adequately reproduce common

atmospheric and oceanic circulation patterns. GCMs that are coupled with the

cryosphere and the biosphere are referred to as earth system models (ESMs) rep-

resenting most factors influencing our climate. In validation against observations,

these models have demonstrated skill in projecting changes in global mean temper-

ature (Hausfather et al., 2020) as well as changes in temperatures and precipitation

patterns across the globe (Masson-Delmotte et al., In Press).

Most prominent modeling experiments investigate the response of the climate

system to a gradual increase in greenhouse gas concentrations. Recently, a new

setup for climate simulations has provided a powerful tool for the analysis of ex-

treme weather events: In large ensemble modeling experiments a stable climate

is simulated over many years in order to get a sufficiently large statistic of the

variability of weather conditions to allow for a robust assessment of extreme and

rare weather events (Mitchell et al., 2017). Such large ensemble simulations are also

used for weather event attribution where the occurrence probability of certain event

is compared in large ensemble simulations of current climate to a counterfactual

pre-industrial climate (Massey et al., 2015).

In section 2.1 and 2.3, I will use the large ensemble of the HAPPI project which

stands for “Half a degree Additional warming, Prognosis and Projected Impacts”

(Mitchell et al., 2017). The ensemble is based on four atmosphere-only GCMs

13



1. Introduction

(AGCMs) that are forced with greenhouse gas concentrations corresponding to

1◦C , 1.5◦C and 2◦C global mean temperature. The change in SSTs and sea ice

extent associated to these warming levels are retrieved from a multi-ESM ensemble

of the “coupled model intercomparison project 5” (CMIP5) that was used in the

IPCC fifth assessment report (T.F. Socker et al., 2013). The natural variability in

SST patterns and sea ice extent is the same for all warming levels and corresponds

to the observations for the period 2006-2015. For each warming level 100 simulation

runs of these ten years were performed. This results in thousand years of stable

climate simulations for each AGCM in which the statistics of weather extremes can

be analyzed.

Simulating only the atmosphere has some caveats and might be problematic

for events for which atmosphere-ocean interactions play an important role. On

the other hand, this modeling setup has the advantage that the used SST and

sea ice change signal from the CMIP5 ensemble is more robust than projections

from individual climate models. In that sense, this modeling setup reduces the

uncertainties on changes in ocean dynamics.

For the study of frost damages on apple trees, fixed temperature thresholds are

used to define winter chill days, mild days and frost days. To obtain meaningful

results, I use temperature projections that were bias-corrected using the approach

developed by Hempel et al. (2013). Using observations and the historical simu-

lations of the climate models, this bias correction method removes the bias in a

climate variable without affecting the trend in the variable.

Simulating a system that is as complex as the earths climate is a huge challenge

and it is thus little surprising that climate models misrepresent certain aspects.

Therefore, there are numerous caveats that have to be considered when creating a

weather extreme study based on climate model simulations. Biases in the represen-

tation of the studied weather event can be identified by comparing simulations to

observations. The representation of dynamical changes in the climate system and

their influences on the studied weather event are, however, more difficult to vali-

date and the comparison between different climate models shows that there remain

large uncertainties when it comes to these sorts of dynamical changes (Shepherd,

2014).
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1.7.2. Stochastic weather generators

Stochastic weather generators (SWGs) are used to simulate artificial weather events

by reassembling daily weather observations in a reasonable manner (Yiou and

Jézéquel, 2019). These SWGs are based on circulation analogues which are days

that resemble the observed atmospheric circulation in a defined region. When

simulating artificial weather events, daily observations are replaced by random

circulation analogues thereby creating new sequences of daily observations with

consistent large scale atmospheric circulation.

In section 2.2, I work with two SWGs that were originally developed to simulate

extreme heat waves over Europe (Yiou and Jézéquel, 2019). Both of these SWGs

are build to simulate weather events that maximize a local climate variable (ini-

tially temperature). The static SWG follows closely the large scale atmospheric

circulation of a given year but when replacing daily observations by circulation ana-

logues, the analogues that maximize the climate variable of interest are favored.

This SWG can be used to estimate how extreme a weather event with similar

atmospheric circulation could possibly be.

The dynamic SWG is only constrained to some initial conditions and evolves

freely from there on. Instead of following the atmospheric circulation of an ob-

served event, analogues are searched for the day that follows the previously selected

analogue. This SWG creates weather events with atmospheric circulation patterns

that are favorable for the event in question and can help to explore the potential

for extreme events irrespective of the atmospheric circulation.

When studying extreme and rare weather events the above described SWGs are

very efficient in the sense that only weather events of interest are simulated. It

requires only 100 cheap simulation runs to generate 100 artificial extreme weather

events while with conventional process based climate models thousands of simulated

years would be required to study 100 similarly extreme events.
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1.7.3. Causal effect networks

Due to the numerous complex interactions in the climate system it is challenging

to identify causal links, even without climate change. When studying interactions

between different parts of the climate system one is confronted with a multitude

of co-varying variables in different regions and at different time lags. There is

always the possibility that correlations between variables or observed trends occur

by chance and with the limited length of observational records it is difficult to prove

causality.

Causal effect networks (CENs) have been developed to deal with this problem of

causality (Runge, 2018; Runge et al., 2019): In these networks, all relevant variables

are treated as interlinked actors. By testing all combinations of conditioned corre-

lations the strength of links between these actors is estimated. While the method

aims at identifying causal links, technically it starts by identifying spurious links

for which it is well known that they are not causal. Examples for such spurious

links would be correlations that appear as a result of strong auto-correlations of

different actors or correlations that can be explained by a common driver. Af-

ter excluding these spurious links from the network, the remaining links are most

likely to be causal. Although the word causal is part of the method description,

the method would only be able to identify truly causal links if every part of the

climate system would be considered in the analysis. In practice, this method is

ideal for hypothesis testing, when a certain choice of drivers can be justified by

physical considerations (Kretschmer et al., 2016).

The method is in constant development and has proven to help understanding

the drivers of certain climate signals and to identify skillful predictors in seasonal

forecasts (Kretschmer et al., 2017; Capua et al., 2019). I will use this method in

chapter 2.4 to analyze the large scale conditions that favor active hurricane seasons.
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1.7.4. A probabilistic tropical cyclone emulator

When analyzing forced changes in weather extreme characteristics, the major chal-

lenge is that these changes are to some extent masked by internal climate variabil-

ity (Sippel et al., 2019). Internal climate variability influences weather extremes

through the occurrence and persistence of certain large scale atmospheric circu-

lation patterns. Understanding which role these circulation patterns play for a

given event is therefore crucial in order to disentangle the contributions of internal

variability and forced changes for the event (Cattiaux et al., 2010).

In section 2.5, I develop a TC emulator based on the empirically assessed influ-

ence of large scale weather patterns and SSTs on TC formation and intensification.

Different clustering algorithms or supervised machine learning algorithms can be

used to classify weather patterns for a given region. Here, I apply a self organizing

map (SOM) algorithm that has proven very useful for the classification of weather

patterns (Hewitson and Crane, 2002; Jaye et al., 2019). The advantage of SOMs

over other clustering algorithms is that the clusters (here weather patterns) are

arranged in a grid in which differences between neighboring nodes are smallest.

The aim of this emulator is to disentangle the contributions of internal climate

variability on highly active hurricane seasons from a forced change, namely warming

SSTs in the tropical Atlantic.
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1.8. Scope and content of the thesis

Anthropogenic climate change is increasing the frequency and intensity of weather

extremes (Masson-Delmotte et al., In Press). The effects of global warming on

weather extremes are diverse ranging from shifts in local temperature distributions

to changes in atmospheric circulation and land-atmosphere feedbacks. When ana-

lyzing these changes, the important role of internal climate variability for weather

extremes becomes a major challenge. In particular for weather extremes that are

difficult to represent in climate model simulations, such as TCs, new methodolog-

ical approaches are required to disentangle effects of internal climate variability

from forced changes. Besides informing about a number of weather extremes such

as persistent heat, drought and rainy periods and TCs, I will adapt and consolidate

recently developed methods and explore new ones.

In section 2.1, I analyze how frost damages on apple trees in Germany are affected

by global warming. Frost damages on apple trees are a compound weather event

where temperatures drop below 0◦C after trees have started blossoming. On the one

hand this study informs about the potential need of adaptation for apple producers.

At the same time, it shows that the methodological advancements in the field of

extreme weather research, such as large ensemble simulations and bias correction

techniques, make it possible to study very specific and extremely rare compound

events.

In section 2.2, I explore to which extent stochastic weather generators (SWGs)

can be adapted to study a similar compound event. The event in question consists

of an abnormally warm winter followed by a wet spring, a combination that has led

to unprecedented crop losses in northern France in 2016. SWGs have successfully

been applied to study the extraordinary European heatwave of 2003. Here, I will

adapt the SWGs to simulate prolonged wet extremes and show that under current

climatic conditions even considerably wetter spring seasons than observed in 2016

are possible.

Section 2.3, quantifies the dynamic forcings on persistent summer weather in the

northern hemisphere. In contrast to the sections 2.1 and 2.2, this study does not

treat a specific extreme event but rather a characteristic of weather conditions,
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namely persistence, that is relevant for different weather extremes. I will show

that persistence of local weather conditions increases in most regions of the north-

ern hemispheric mid-latitudes and that in some regions this change is forced by

atmospheric circulation changes.

The last two sections of the result chapter are on TCs in the Atlantic basin.

As described in section 1.3.2, TCs are notoriously difficult to reproduce in climate

model simulations which leads to considerable uncertainties when it comes to the

influence of global warming on TC activity. Here, I will analyze and quantifying

the influence of internal climate variability on TCs to then try to reveal forced

changes on TC activity.

In section 2.4, I identify robust precursors of active hurricane seasons using

causal effect networks. An Atlantic hurricane season forecast model based on these

precursors shows good skill compared to other operational forecast models. Besides

providing an additional independent forecast model to the suite of operational

forecasts, this study shows that Atlantic hurricane activity is indeed tightly linked

to large scale weather conditions in the region, a finding that will be exploited in

the last section of the results.

In the final study (2.5), I build a novel TC emulator for the Atlantic basin

that is based on daily weather patterns and SSTs in the region, two factors that

were identified as relevant conditions in section 2.4. I will show that the emulator

adequately reproduces the TC activity of the last decades and that with cooler

SSTs some of the recent extreme hurricane seasons would have been substantially

less likely.

In chapter 3, I will summarize how my thesis contributes to the research fields

of compound weather extremes (3.1.1), dynamical forcings on weather extremes

(3.1.2) and tropical cyclones (3.1.3). I will further discuss the limitations of the two

methodological streams of climate model based analyses (3.2.1) and the observation

based approaches (3.2.2). Finally, I will present ideas on follow up research topics

(3.3) and conclude with a few more general thoughts on extreme weather research

(3.4).
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2. Results

2.1. Increasing risks of apple tree frost damage

under climate change

Peter Pfleiderer, Inga Menke, Carl-Friedrich Schleussner

This paper explores the influence of global warming on frost damages on apple

trees using large ensemble simulations. Apple trees are most vulnerable to frost

damages after they start blossoming. Global warming influences frost damages on

apple trees in two ways: Warming of winter and spring temperatures leads to an

overall decrease in the number of frost days but it also shifts blossom to earlier

dates in the year thereby increasing the risk of frost days occurring after blossom.

These competing factors have been analyzed in observations but it has so far not

been possible to evaluate which of the forcings is the dominant one. We find that

in most regions in Germany the risk of frost damages increases in a climate with

2◦C global mean temperatures.
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conceived the research. Peter Pfleiderer performed the analysis with guidance of

Carl-Friedrich Schleussner. Peter Pfleiderer created all graphics and wrote the
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Supplementary information for this article can be found under 4.1.1.
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Abstract
Anthropogenic climate change is affecting agriculture and crop production. The responses of
horticultural and agricultural systems to changing climatic conditions can be non-linear and at
times counter-intuitive. Depending on the characteristics of the system, the actual impact can
arise as a result of a combination of climate hazards or compound events. Here, we show that
compound events can lead to increased risk of frost damage for apple fruit trees in Germany in
a 2 °C warmer world of up to 10% relative to present day. Although the absolute number of
frost days is declining, warmer winters also lead to earlier blossom of fruit trees, which in turn
can lead to regionally dependent increased risks of the occurrence of frost days after apple
blossom. In southern Germany, warmer winters may also lead to an increase in years in which
apple yield is negatively affected by a lack of sufficient amount of cold days to trigger the
seasonal response of the trees. Our results show how cropping system responses to seasonal
climate can lead to unexpected effects of increased risk of frost damage as a result of warmer
winters. An improved understanding of ecosystem responses to changes in climate signals is
important to fully assess the impacts of climate change.
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The relatively linear response of global mean temperatures to anthropogenic green-
house gas emissions leads to a complex pattern of changes in local and seasonal
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climatic conditions (IPCC 2013; Saeed et al. 2018). Changes on the seasonal scale
can play an important role for the response of eco- and agricultural systems (Porter
et al. 2014). To assess the risks arising from changing climate conditions on a system
or sector, the characteristic responses of that system need to be incorporated (Sillmann
et al. 2018), as impacts may be highly sensitive to even minor changes in the climate
hazard. In particular, a climate hazard may arise from the interaction of multiple
climate variables or compound hazards over time (Zscheischler et al. 2018).

Horticultural crops, e.g., apple trees, are sensitive organisms, and their yield strongly
depends on each year’s climatic conditions. Apple trees are especially vulnerable during their
blossom period when a few frost days can lead to vast yield reductions (von Storch and
Claussen 2012). Moreover, the internal clock of apple trees that triggers blossom depends on
various factors as the temperature history duringwinter and spring and the change in day length.

Apple tree blossoming is triggered by sufficiently long warm periods (forcing
requirement) after dormancy which can be characterized by a sufficient number of
chill units (chilling requirement). For different apple varieties, these two requirements
differ in terms of lengths and required temperatures. If the chilling requirements are
not fulfilled, great yield reductions can be expected (Luedeling 2012). In Germany,
dormancy has been neglected in the past, because chilling requirements are often
already reached at the beginning of the year (Luedeling et al. 2009). Particularly sub-
tropical regions, however, are already facing the challenge of not meeting the chilling
requirements, fostering dormancy research.

Although the phenological properties are not fully understood yet, there are reasons
to believe that climate change will impact apple yields in the future (Augspurger
2013). Global warming impacts frost risks on apple trees through generally warmer air
temperatures in late winter and early spring (see Fig. SI1a). On the one hand, frost
days are projected to become rarer in a warmer climate (Fig. SI1b). On the other
hand, it has been shown that global warming leads to earlier apple tree blossom due
to warmer late winter and spring temperatures (Fujisawa and Kobayashi 2010; Grab
and Craparo 2011). Thus, frost risk might increase as the start of apple blossom might
more frequently happen before the last frost days of spring.

Such an extremely damaging series of frost nights occurred in Europe in April
2017 leading to overall economic losses of €3.3bn (Faust and Herbold 2018). After a
relatively warm spring, fruit trees and whine crops were already in an advanced
budding phase and thus, especially vulnerable to frost. Vitasse and Rebetez (2018)
found that this frost event in 2017 was unprecedented since 1864 for parts of
Switzerland and southern Germany. In the observational record, they could, however,
not identify a trend towards an increased frost risk in these regions.

Whether global warming increases the risk of frost damages strongly depends on
regional aspects of climate change and the phenological properties of the studied crop.
Therefore, in addition to locally trustworthy climate projections, a model of pheno-
logical processes is required to project changes in growing periods for the crop.
Different semi-statistical phenological models for the apple blossom date have been
proposed. These models vary in the complexity of the implementation of the chilling
and forcing requirements. When applied to the stationary climate the models were
calibrated to, they perform quite well. However, when tested on different climate
conditions outside of the range of the climate they were calibrated to, the response of
the different models is contradictory (Luedeling 2012).

Climatic Change

2. Results
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Case studies projecting future changes in frost risk using climate models have been
conducted and often times concluded that no robust trend could be identified. This
can be due to a canceling out of shifts in blossom dates and the decrease in frost
days, but it could also be a result of sparse statistics for the analysis of generally rare
frost damages. In this study, we will exclude the latter issue by using the large
ensemble HAPPI simulations for current climate (2006-2015) as well as a 1.5 °C
and 2 °C climate (Mitchell et al. 2017). With 800 years per scenario (20 10-year runs
for each of the 4 models), we are able to make reasonable statistical statements about
changes in the frequency of relatively rare frost events after blossom. We use bias-
corrected climate simulations which is especially important when analyzing processes
characterized by fixed temperature thresholds.

2 2 Methods

2.1 2.1 HAPPI simulations

We analyze daily temperatures in 4 atmosphere-only global circulation models
(MIROC5, NorESM1, CAM4-2degree, and ECHAM6). Simulations are run under
the HAPPI (“Half a degree Additional warming, Prognosis and Projected Impacts”)
protocol (Mitchell et al. 2017) with three climate scenarios: a current climate forced
by observed ocean and sea ice coverage conditions of 2006–2015 (about 0.9 °C
warming compared to pre-industrial levels) and two 10-year future scenarios
representing a 1.5 °C and a 2 °C world above pre-industrial levels. Ocean surface
temperature patterns for the future scenarios are obtained by adding the respective
warming patterns from CMIP5 simulations on the observed patterns from 2006 to
2015. Sea ice coverage patterns are projected by fitting historic sea ice coverage to
ocean surface temperatures and applying this regression to the projected ocean surface
temperatures. For each 10-year scenario and each model, 20 runs are analyzed. These
800 years per scenario allow for a reasonable statistic of rare events.

2.2 2.2 Bias correction using EWEMBI reanalysis

For model evaluation, we use the EWEMBI reanalysis (Lange 2016) that has also
been used for bias correction in the Inter-sectoral Impact Model Intercomparison
Project (ISIMIP).

As the used phenological models rely on absolute temperature thresholds and
parameters, we apply a trend-preserving bias correction to the HAPPI simulations.
This bias correction technique first adjusts monthly means and then the daily vari-
ability around the monthly mean to the reference dataset (EWEMBI) over the refer-
ence period (2006–2015) without influencing projected trends (Hempel et al. 2013).

2.3 2.3 Phenological models

We use two phenological models explained and calibrated by Chmielewski et al.
(2011): one simple forcing model and one parallel chilling-forcing model. The regions
for which the models have been calibrated are shown in Fig. 1.

Climatic Change
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The forcing model cumulates forcing units on days with daily mean temperatures Ti above
the base temperature for forcing TBF = 3.3 ° C from January 1 onwards. The current state of
forcing SF can be expressed as

S F tð Þ ¼ ∑
t

i¼1

0 if T i≤TBF
28:4

1þ e −0:185 Ti−TBF−18:4ð Þð Þ if T i > TBF

(

Blossom is predicted to start when the state of forcing SF reaches the forcing criterion

F*
force. We use the parameters fitted by Chmielewski et al. (2011) (see Table 1).

Figure 2a illustrates the functioning of the simple forcing model.
Following Chmielewski et al. (2011), we consider days with temperatures below

7 °C as contributing to the chilling requirement. As an indication of the amount of
chilling days required by apple trees in each region, we take the threshold they
identify in the parallel chilling-forcing model (see parameter C∗ in Table 1). The
methodology is displayed in Fig. 2b.

In the parallel chilling-forcing model, chilling units as well as forcing units are
accumulated from August 1 onwards. The chilling state SC is the sum of all days with
temperatures below the chilling base temperature TBC = 7 ° C

SC tð Þ ¼ ∑
t

i¼1

0 if T i≥TBC

1 if T i < TBC

�

Fig. 1 Apple cultivation regions in Germany: phenological models have been calibrated for each of the different
regions (distinguishable by different colors) by Chmielewski et al. (2011). The model parameters for the regions
are listed in Table 1

Climatic Change

2. Results

26



The effectiveness of forcing units rises with the amount of accumulated chilling days and the
forcing state SF is defined as:

S F tð Þ ¼ ∑
t

i¼1

0 if T i≤TBF

Km þ 1−Km

C* SC

� �
Ti−TBFð Þ if T i > TBF

8<
:

with C∗ being the chilling criterion, TBF the forcing temperature threshold, and Km a model
parameter. Blossom is predicted to start when the state of blossom SF reaches the forcing criterion:

F*
parallel ¼ a expb SC tð Þ

All model parameters are listed in Table 1, and the functioning of the model is
visualized in Fig. 2c. Chmielewski et al. (2011) fitted the above described models for
eleven regions in Germany (see Table 1 and Fig. 1).

2.4 2.4 Frost risk

We analyze frost risk by counting the years with frost days after the modeled blossom date. We
define frost days as days with a minimal daily temperature below 0 °C.

3 Results

In the historic climatology, the forcing model predicts the first blossom day for the second half
of April (compare Fig. SI2). Blossom starts earlier in eastern and southern Germany and later
in the north. Frost days after blossom are rarer in northern Germany than in southern Germany
where 20% of all years’ frost days happen after blossom. For both, the day of blossom and the
amount of years with frost days after blossom, the bias corrected HAPPI ensemble reproduces
the EWEMBI reanalysis well.

Table 1 Model parameters for the simple forcing and the parallel chilling-forcing model. All parameters have
been fitted by Chmielewski et al. (2011). Forcing and chilling base temperatures are location independent. For the
forcing model, the forcing base temperature is TBF = 3.3 ° C and for the parallel chilling-forcing model the forcing
and the chilling base temperatures are TBF = 2.8 ° C and TBC = 7 ° C

Region Forcing model Parallel chilling-forcing model

F*
force

a b km C∗ (days)

BE 161.0 1030.2 0.0 0.43 71
FR 135.0 768.12 − 0.0002 0.31 100.0
BA 147.0 815.41 − 0.0001 0.31 83.0
BB 144.0 1003.63 − 0.0001 0.36 62.0
WM 152.0 824.89 − 0.0001 0.3 83.0
BO 124.0 758.68 0.0 0.4 116.0
NE 157.0 1151.63 − 0.0003 0.42 57.0
ST 148.0 947.51 − 0.0004 0.34 79.0
SN 150.0 1026.39 − 0.0003 0.37 66.0
NR 147.0 951.76 − 0.0005 0.37 81.0
RH 159.0 868.5 0.0 0.26 73.0
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As shown in Fig. 3a, HAPPI models project blossom to start 10 days earlier in a 2 °C
world as compared to the recent past (2006–2015). The shift is rather homogeneous with
strongest shifts (11 days) in northern Germany and weakest shifts (9 days) in eastern
Germany. At all locations, MIROC5 projects the strongest shift which is in average 3 days
longer than in NorESM1.

This shift in blossom day leads to a consistent increase in frost risk in parts of northern, central
and southern Germany and mixed projections elsewhere (Fig. 3b). For eastern and western
Germany, there is low model agreement on changes in frost risks with NorESM1 and CAM4-
2degree projecting a decrease, while MIROC5 and ECHAM6 project an increase in frost risk.

Fig. 2 Simple forcing model (a): daily mean temperature (red) and daily minimum temperature (blue) for a grid
cell in Baden (Southwest Germany) for 1981. Data from EWEMBI. From January onwards, days with
temperatures above the forcing base temperature TBF = 3.3 ° C contribute to the forcing (green). The start of
blossom is predicted for the day when the forcing threshold is reached (day 102). Frost days after blossom are
indicated by blue stars. Evaluation of the chilling requirement (b): from August 1 onwards, days with
temperatures below the chilling base temperature TBC = 7 ° C are accumulated. The chilling requirement is
fulfilled when the chilling threshold is reached (day 24). Parallel chilling-forcing model (c): from August 1
onwards, days with temperatures below the chilling base temperature TBC are accumulated (light blue). In
parallel, forcing units are accumulated (green). Note that forcing units become effective after the chilling
requirement is fulfilled. The start of blossom is predicted for the day when the forcing threshold is reached
(day 102)
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The simple forcing model assumes that the chilling requirement is always fulfilled by
January 1. But a rise in winter temperatures also affects the cumulation of chilling units and
could thereby influence the start of blossom through the chilling requirement. Figure 2b shows
a simple evaluation of chilling unit accumulation. In the climatological mean, the chilling
criterion is reached in February in most locations (see Fig. SI3a). The Bodensee region
(southern German region bordering Switzerland) is the only area where the chilling criterion
isn’t reached in about 5% of the years in the reference period (Fig. SI3b).

The accumulation of winter chill is projected to be hampered in the 2 °C scenario. As
compared to current climate, apple trees are projected to have accumulated around 10 days less
by end of January (Fig. 4a). Consistently, the chilling criterion is reached 10 days later in most
locations (Fig. 4b). In some locations especially in southern Germany, this results in an
increase in the frequency of years where the chilling criterion is not reached at all (Fig. 4c).
This is also reflected by an extreme prolongation of the average chilling period length for some
regions in southern Germany (Fig. 4b).

Fig. 3 Simple forcing model: shift in blossom day (a) and relative change in frost risk (b) in a 2 °C world as
compared to current climate (2006–2015) in the HAPPI ensemble. Individual model projections are shown by a
square at each location: NorESM1 (top left), MIRCO5 (top-right), CAM4-2degree (bottom left), and ECHAM6
(bottom right)

Fig. 4 Chilling requirement. a Change in the amount of chilling days accumulated by February 1 in a 2 °C world
as compared to current climate (2006–2015) in the HAPPI ensemble. b Shift in day when chilling requirement is
fulfilled (same scenarios). Years where the chilling criterion is not reached are filled with May 1. c Relative
change in years in which the chilling requirement is not fulfilled (same scenarios). Individual model projections
are shown by a square at each location: NorESM1 (top left), MIRCO5 (top right), CAM4-2degree (bottom left),
and ECHAM6 (bottom right)
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Chilling days are projected to become less abundant all over Germany, but only in southern
parts this seems to become critical as apple trees are already today at the edge of not getting
enough winter chill. In other regions, there seems to be enough headroom for winter chill, such
that global warming of 2 °C does not seem to endanger winter chill. At higher warming levels,
winter chill might also be at risk in other regions.

Finally, we test a phenological model that considers both processes of chilling and forcing
in parallel as shown in Fig. 2c. For the historic scenario, the blossom day is predicted for the
second half of April as in the forcing model (compare Fig. SI4 and Fig. SI2). Also, the amount
of frost days after blossom resembles closely the results from the forcing model.

As in the simple forcing model (Fig. 2a), blossom days are projected to be around 11 days
earlier in the 2 °C scenario (Fig. 5a). However, the parallel chilling-forcing model projects
stronger regional differences with shifts up to 19 days in southern Germany.

For some grid-cells in northern Germany, a decrease in frost risk is projected by the parallel
chilling-forcing model (Fig. 5b) while the forcing model projects an increase in frost risk.
Although the averaged projected shift in blossom day is nearly identical in both models (less
than 1 day difference) in 20% of the years, the model projections differ by a week for northern
Germany. Thus, considering the temperature history from autumn onwards leads to stronger
shifts in different years than when only forcing from January onwards is considered. This
results in a different projection of frost risks and highlights again the importance to analyze
frost risks as a compound weather event rather than analyzing shifts in blossom days and
occurrence of frost days in spring separately.

The strongest increase in frost risk is projected for southern Germany with 25% increase at
the most southern grid-cell next to the Bodensee. For this grid-cell also, the strongest change in
winter chill has been projected. The strong signal at this grid-cell could be explained by
climate conditions being already close to relevant phenological thresholds today. However,
noting that the parallel chilling-forcing model has a relatively low prediction skill in the
historic validation at this location (Chmielewski et al. 2011) questions the reliability of climate
change projections in this context.

Fig. 5 Parallel chilling-forcing model: shift in blossom day (a) and relative change in frost risk (b) in a 2 °C
world as compared to current climate (2006–2015) in the HAPPI ensemble. Individual model projections are
shown by a square at each location: NorESM1 (top left), MIRCO5 (top right), CAM4-2degree (bottom left), and
ECHAM6 (bottom right)
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Frost risks are lower in the 1.5 °C than in the 2 °C climate scenario. As shown in Fig. SI5,
additional increases in frost damages with an additional 0.5 °C warming are most pronounced
in southern Germany, especially in the parallel chilling-forcing model. In some regions as in
northern Germany, the signal is partially mixed with some models projecting lower frost
damages in the 2 °C scenario than in the 1.5 °C scenario.

4 Summary and discussion

We analyze the effect of global warming on the date of apple blossom by running two
phenological models on large ensemble atmosphere-only HAPPI simulations for a 1.5 °C,
and 2 °C world as well as the recent past (2006–2015). Both, the simple forcing model and the
parallel chilling-forcing model project a robust shift towards 10 days earlier blossom start in
the 2 °C scenario as compared to the recent past. In some regions, this leads to an increase in
risk of frost damages after blossom. Additionally, in the 2 °C world, the risk of not fulfilling
the winter chill before spring increases in southern Germany.

With this study, we demonstrate how global warming can lead to counter-intuitive re-
sponses by sensitive organisms: although frost days are projected to become less frequent in a
warmer climate, the risk of frost damages on apple trees could increase in certain regions. This
is due to the importance of the timing of certain weather events rather than their frequencies or
intensities. In this case, the probability of frost days after a relatively warm late-winter
increases, and thereby the probability of frost days after apple blossom.

The forcing model used to project the date of blossom is a strong simplification of the actual
processes influencing the start of blossom. In this model, it is assumed that winter chill is always
fulfilled January 1. We, therefore, also test a more holistic model that models chilling and forcing
processes considering the whole temperature history from autumn to blossom. The results of this
model do not differ significantly apart from a stronger signal in southern Germany, where the risk
of not reaching the chilling criterion is also higher. This is to some extend unexpected, as warmer
winter temperatures could delay apple blossom by delaying an effective forcing process. In the
parallel chilling-forcing model, forcing only becomes really effective after a sufficiently long
chilling period but the increased forcing temperatures seem to dominate this aspect.

The especially strong signal in southern Germany is surprising as for this region a critical
delay in the achievement of the chilling criterion is projected. Note that winter chill not only
affects the starting date of blossom but that insufficient winter chill can also reduce apple
yields (Luedeling 2012). Thus, the critical hampering of winter chill in combination with an
increased frost risk in southern Germany is a reason for concern.

While there is some evidence that frost days within the growing season become more
frequent as growing seasons lengthen (Liu et al. 2018), many case studies have shown
insignificant trends or contrasting results. For northeastern Germany, a decrease in frost risks
for apples has been found for a 3 °C warmer world (Hoffmann and Rath 2013). For northern
Italy, no significant change in frost risk for apples is projected (Eccel et al. 2009). For
northeastern USA, Wolfe et al. (2018) found a small increase in frost risks for the next
decades and a decrease in frost risks for the second half of the century. For sweet cherries,
Chmielewski et al. (2018) found no change in frost risk in Berlin and a small decrease at a
location in southwestern Germany. For grapevine in the Swiss Rhine valley, Meier et al. (2018)
conclude that depending on the region the risk of spring frost damages might either decrease or
increase. For fruit trees in Switzerland, Vitasse et al. (2018) confirm that the change in risk
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varies regionally arguing that it has only increased in higher elevations. Jeong et al. (2018)
project that the risk of frost damages on kiwi fruits in Korea remains mostly unchanged under
global warming.

Our study showing a tendency towards an increase in frost risk in most regions in Germany
and uncertain results in the remaining regions is broadly in agreement with the other studies
that highlight a large variety of results depending on regions, climate models, and studied
levels of climate change. While many studies are confronted with a weak signal to noise ratio,
our analysis of large ensemble climate simulations delivers reasonably large statistics. In many
regions, however, the four analyzed climate models project contradicting changes in frost risks.
Also, the necessity of simplified empirical models for the estimation of blossom days is a
challenge for climate change studies in this field (Chmielewski et al. 2018). Up to date, the
phenological processes that govern apple blossom are not fully understood. We have based our
analysis on models that have shown acceptable performance for a range of different climate
conditions over Germany (ranging from an average DJF temperature of 3 °C in the north-
western Germany to 0 °C in eastern Germany). However, in a 2 °C world, climate conditions
will lie partly outside of their calibration range in particular for southern Germany.

Our results, therefore, should be interpreted with caution indicating potential future risks
rather than providing fully reliable projections. More research and improved horticultural
models are needed to improve projections of future risk.

Nevertheless, our results highlight the importance of considering the complexity of sensitive
environments when estimating climate change impacts. Although blossom days are projected to
shift all over Germany, frost risk only increases in some regions. Our results are of wider relevance
not just to apple trees, but also to other economically important horticultural crops, such as, for
example, grapes, cherries, or other fruits that in principle are vulnerable to frost damages.
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In this section, I explore the applicability of stochastic weather generators (SWGs)

to study a weather event that consists of a warm winter followed by an anomalously

wet spring. In 2016, such meteorological conditions led to a severe crop failure in

northern France. We find that the meteorological conditions that were observed in

2016 are extreme with respect to the past decades, but that under current climate

far more extreme events of this kind are possible.

This section is foremost a methodological advancement and can be viewed as a

preparation for chapter 2.5. SWGs have not been applied to long lasting precipi-

tation events or to warm winter periods before. In this study, we show that with

a few adaptations a SWG that has been designed to simulate extreme heat waves

can be applied to other weather extremes. The weather event studied here might

be rather well reproduced by GCMs and could therefore also be analyzed in large

ensemble simulations. However, other weather events such as TCs require methods

that do not rely on large ensemble simulations which is a motivation for developing

and consolidating such methods.
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Abstract. In 2016, northern France experienced an unprecedented wheat crop loss. The cause of this event is
not yet fully understood, and none of the most used crop forecast models were able to predict the event (Ben-Ari
et al., 2018). However, this extreme event was likely due to a sequence of particular meteorological conditions,
i.e. too few cold days in late autumn–winter and abnormally high precipitation during the spring season. Here
we focus on a compound meteorological hazard (warm winter and wet spring) that could lead to a crop loss.

This work is motivated by the question of whether the 2016 meteorological conditions were the most ex-
treme possible conditions under current climate, and what the worst-case meteorological scenario would be with
respect to warm winters followed by wet springs. To answer these questions, instead of relying on computa-
tionally intensive climate model simulations, we use an analogue-based importance sampling algorithm that was
recently introduced into this field of research (Yiou and Jézéquel, 2020). This algorithm is a modification of a
stochastic weather generator (SWG) that gives more weight to trajectories with more extreme meteorological
conditions (here temperature and precipitation). This approach is inspired by importance sampling of complex
systems (Ragone et al., 2017). This data-driven technique constructs artificial weather events by combining daily
observations in a dynamically realistic manner and in a relatively fast way.

This paper explains how an SWG for extreme winter temperature and spring precipitation can be constructed
in order to generate large samples of such extremes. We show that with some adjustments both types of weather
events can be adequately simulated with SWGs, highlighting the wide applicability of the method.

We find that the number of cold days in late autumn 2015 was close to the plausible minimum. However, our
simulations of extreme spring precipitation show that considerably wetter springs than what was observed in
2016 are possible. Although the relation of crop loss in 2016 to climate variability is not yet fully understood,
these results indicate that similar events with higher impacts could be possible in present-day climate conditions.

Published by Copernicus Publications on behalf of the European Geosciences Union.
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1 Introduction

France is one of the highest wheat producers and exporters
in the world thanks to yields that are roughly twice as high
as the world average (FAO, 2013). Given the prominent role
of wheat production in France, crop failures can impact the
national economy. When an unprecedented disastrous har-
vest was registered in 2016, especially in northern parts of
France, with a loss in production of about 30 % with respect
to 2015 (Ben-Ari et al., 2018), France registered heavy losses
in farmer income and a loss of approximately USD 2.3 billion
in the yearly trade balance (OEC, 2020).

Interestingly, the extreme crop failure of 2016 was not pre-
dicted by any forecasting model, which all strongly overesti-
mated yields even just before the harvesting period (Ben-Ari
et al., 2018). Thus, classical crop yield forecasting models,
based on a combination of expert knowledge and data-driven
methods (Müller et al., 2019; MacDonald and Hall, 1980),
could not anticipate this unprecedented event because it was
outside their training range. To overcome these limitations
Ben-Ari et al. (2018) developed a logistic model that links
the meteorological conditions in the year preceding the har-
vest with the probability of a crop failure.

In their study, Ben-Ari et al. (2018) attribute the crop loss
to a combination of two meteorological events: an insuffi-
cient number of cold days in the December preceding the
harvest and an abnormally high precipitation during spring.
It was argued that this low wheat yield was a preconditioned
event wherein a mild autumn and winter favoured the build-
up of biomass and parasites, which in combination with ex-
cess precipitation in late spring resulted in favourable con-
ditions for root asphyxiation and fungus spread (ARVALIS,
2016). There could also be a direct influence of the meteoro-
logical conditions on plant development. For both potential
mechanisms it is crucial to study the meteorological condi-
tions leading to the crop loss as a compound event, as only
the combination of a warm winter and wet spring had this
unprecedented impact on wheat yields (Zscheischler et al.,
2020).

The research question we want to address is what a worst
case meteorological scenario would be for this kind of crop
loss event under the current climate with enhanced winter
temperatures and spring precipitation? This question arises
from the fact that we only experienced one possible real-
ization of our climate. Even under unchanged climate con-
ditions, unprecedented extreme events would occur as time
goes on. Thus, to be able to put in place effective preven-
tive measures, it is important to understand how severe an
extreme event could be.

To estimate how extreme a crop loss similar to the 2016
event could be, we need tools that all come with their as-
sumptions and caveats. A standard approach would be to use
large ensemble simulations based on circulation models of

current climate conditions (Massey et al., 2015a). If the en-
semble was large enough and physical mechanisms are ade-
quately reproduced in the circulation model, one would find
the most extreme possible version of the 2016 crop loss event
and could even estimate its occurrence probability. This ap-
proach has two main drawbacks: the often huge computa-
tional cost associated with a large number of simulations and
the possibly flawed representation of physical processes in
climate models that could introduce a systematic uncertainty
that cannot be overcome easily (Shepherd, 2019).

A second approach relies on the analysis of historical data.
There are many statistical methods that could be used in
this context. Specifically, copula-based techniques (Jaworski
et al., 2010) can be used to study the dependence between
two or more climate hazards, while models based on extreme
value theory (Cooley, 2009) are suited for analysing particu-
larly rare events. These methods have the merit of being com-
putationally cheap and of relying only on observed data, but
dealing with non-stationarity can be challenging with these
methods.

As another data-driven alternative, the so-called storyline
approach has emerged recently. The idea is to construct a
physically plausible extreme event that one can relate to
without necessarily focusing on the statistical likelihood of
such an event (Hazeleger et al., 2015; Shepherd et al., 2018;
Shepherd, 2019). Rather than asking what the most likely
representation of the climate would be, one could ask how
some extreme realizations of climate could be like. It has
been argued that for adaptation planning the latter question
could be more relevant (Hazeleger et al., 2015). This kind
of “stress-testing” based on the use of scenarios has been
standard practice in catastrophe analysis and emergency pre-
paredness, even outside of the context of climate change (see,
for example, de Bruijn et al., 2016).

In this paper, we construct a climate storyline of a warm
winter followed by a wet spring that is likely to lead to ex-
tremely low wheat crop yield in France. This storyline is
based on an ensemble of simulations of temperature and pre-
cipitation with a stochastic weather generator that we nudge
towards extreme behaviour.

Here, we adapt analogue-based stochastic weather gen-
erators (SWGs) presented by Yiou (2014) and Yiou and
Jézéquel (2020), which simulate spatially coherent time se-
ries of a climate variable, drawn from meteorological obser-
vations. Those SWGs were mainly tested on European sur-
face temperatures. A version was developed to simulate ex-
treme summer heatwaves (Yiou and Jézéquel, 2020). This
paper optimizes the parameters of the SWG of Yiou and
Jézéquel (2020) to simulate extreme warm winters (espe-
cially December) and extreme wet springs.

The goal is to construct a large sample of extreme climate
conditions and assess the atmospheric circulation properties
leading to those conditions of high temperatures and precipi-
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tation. The rationale of ensemble simulations is to determine
uncertainties in the range of values that can be obtained.

Section 2 details the data that is used in this paper and
explains the methodology of importance sampling with ana-
logue simulators. Section 3 describes the experimental re-
sults of the simulations of temperature and precipitation. Sec-
tion 4 provides a discussion of the results.

2 Methods

2.1 Data

We use temperature and precipitation observations from the
E-OBS database (Haylock et al., 2008). The data are avail-
able on a 0.1×0.1◦ grid from 1950 to 2018. As an estimate of
temperature and precipitation in northern France we average
these two fields over a rectangle spanning 45.5–51.5◦ N and
1.5◦W–8.0◦ E (see Fig. 1). This region also includes parts of
the UK, Germany, Belgium, and Switzerland and therefore
does not exactly match the studied area of (Ben-Ari et al.,
2018). The seasonal meteorological conditions we study here
are related to large-scale events, and averaging over a larger
rectangle therefore seems appropriate.

We use the reanalysis data of the National Centers for En-
vironmental Prediction (NCEP) (Kistler et al., 2001) for the
analysis of atmospheric circulation. We consider the geopo-
tential height at 500 hPa (Z500) and mean sea level pres-
sure (SLP) over the North Atlantic region for computation of
circulation analogues and a posteriori diagnostics. We used
the daily averages between 1 January 1950 and 31 Decem-
ber 2018. The horizontal resolution is 2.5◦ in longitude and
latitude. The rationale of using this reanalysis is that it covers
70 years and is regularly updated.

One of the caveats of this reanalysis dataset is the lack
of homogeneity of assimilated data, especially before the
satellite era. This can lead to breaks in pressure-related vari-
ables, although such breaks are mostly detected in the South-
ern Hemisphere and the Arctic region (Sturaro, 2003) and
marginally impact the eastern North Atlantic region.
Z500 patterns are well correlated with western European

temperature and precipitation because those quantities and
their extremes are related to the atmospheric circulation
(Yiou and Nogaj, 2004; Cassou et al., 2005). Since Z500
values depend on temperature, we detrend the Z500 daily
field by removing a seasonal average linear trend from each
grid point. This preprocessing is performed to ensure that the
analogue selection is not influenced by atmospheric trends.

2.2 Stochastic weather generators and importance
sampling

The idea behind importance sampling is to simulate trajecto-
ries of a physical system that optimize a criterion in a com-
putationally efficient way. Ragone et al. (2017) used such an

algorithm to simulate extreme heatwaves with an intermedi-
ate complexity climate model.

The procedure of importance sampling algorithms, say to
simulate extreme heatwaves with a climate model, is to start
from an ensemble of S initial conditions and compute trajec-
tories of the climate model from those initial conditions.

An optimization “observable” is defined for the system. In
this case, it can be the spatially averaged temperature or pre-
cipitation over France. The trajectories for which the observ-
able (e.g. daily average temperature) is lowest during the first
steps of simulation are deleted and replaced by small pertur-
bations of remaining ones. In this way, each time increment
of the simulations keeps the trajectories with the highest val-
ues of the observable. At the end of a simulation, one obtains
S trajectories for which the observable (here average temper-
ature over France) has been maximized. Since those trajec-
tories are solutions of the equations of a climate model, they
are necessarily physically consistent (given that the perturba-
tions are small).

Ragone et al. (2017) argue that the probability of the simu-
lated trajectories is controlled by a parameter that weighs the
importance to the highest observable values: if one trajectory
is deleted at each time step, the simulation of an ensemble of
M-long trajectories has a probability of (1− 1/S)M . Hence,
one obtains a set of S trajectories with very low probability
after M time increments at the cost of the computation of S
trajectories.

For comparison purposes, if one wants to obtain S trajec-
tories that have a low probability (p) observable, then the
number of necessary “unconstrained” simulations is of the
order of M/p, so that most of those simulations are left out.
Systems like weather@home (Massey et al., 2015b) that gen-
erate tens of thousands of climate simulations are just suffi-
cient to obtain S = 100 centennial heatwaves, and the num-
ber of “wasted” simulations is very high. Therefore, impor-
tance sampling algorithms are very efficient ways to circum-
vent this difficulty. The major caveat of this approach is that
one needs to know the equations that drive the system and
be able to simulate them. We use an alternative method that
does not require such knowledge of the system.

We use two SWG-based circulation analogues (Yiou and
Jézéquel, 2020) to simulate events of either warm temper-
ature in December or high precipitation in spring. These
SWGs resample daily weather observations in a plausible
manner to simulate new weather events (Yiou, 2014).

Circulation analogues are computed on SLP (or detrended
Z500) from NCEP between 1950 and 2018. For each day in
1950–2018, K = 20 best analogues are determined by mini-
mizing a spatial Euclidean distance between SLP (or Z500)
maps.

As explained by Yiou and Jézéquel (2020), the SWG ran-
domly samples analogues by weighting the analogue days
with a criterion that favours high temperatures or high pre-
cipitation. Hence, the importance sampling is summarized
by the procedure of giving more weight to analogues that
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Figure 1. Regions used to identify circulation analogues for December temperatures (blue) and spring precipitation (red). The black rectangle
indicates the region over which temperatures and precipitation are averaged in northern France.

yield temperature (or precipitation) properties. There are two
types of importance sampling for the analogues, which are
illustrated in Fig. 2.

The two main types of analogue SWGs are described by
Yiou (2014) and Yiou and Jézéquel (2020) are as follows:

1. A “static” weather generator replaces each day with one
of itsK circulation analogues or itself. With this type of
SWG, simulated trajectories are perturbations (by ana-
logues) of an observed trajectory.

2. A so-called “dynamic” weather generator has a similar
random selection rule, but the “next” day to be simu-
lated follows the selected analogue, rather than the ob-
served actual calendar day. A probability weight ωcal
that is inversely proportional to the distance to the cal-
endar day is introduced:

ωcal = Acale
−αcalRcal(k), (1)

where Acal is a normalizing constant, αcal ≥ 0 is a
weight, and Rcal(k) is the number of days that separate
the date of kth analogue from the calendar day of time t .
This rule is important to prevent time from going “back-
ward”. This type of SWG generates new trajectories by
resampling already observed ones. They are not just per-
turbations of observed trajectories.

Those random selections of analogues are sequentially re-
peated until a lead time T .

An importance sampling is applied while selecting an ana-
logue at each time step by weighing probabilities with the
variable to be optimized (temperature or precipitation). The
K = 20 best analogues and the day of interest are sorted
by daily mean temperature or precipitation. The probability
weights are determined by Yiou and Jézéquel (2020). If R(k)
is the rank (in terms of temperature or precipitation) of day
k in decreasing order and ωk the probability of day k to be
selected, we set

ωk = Ae
−αR(k), (2)

where A is a normalizing constant so that the sum of weights
over k is 1. The α parameter controls the strength of this im-
portance sampling for temperature or precipitation.

The useful property of this formulation of weights is that
the values of ωk do not depend on time t because the rank
values R(k) are integers between 1 and K + 1. The weight
values do not depend on the unit of the variable either, and
thus this procedure is the same for temperature or precipita-
tion. If α = 0, this is equivalent to a stochastic weather gen-
erator described by Yiou (2014).

Combining the weights of the calendar day and the inten-
sity of the climate variable, the probability of day k to be
selected becomes

ω′k = Ae
−αR(k)e−αcalRcal(k). (3)

The generators thus give more weight to the warmest or
wettest days when computing trajectories of December tem-
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Figure 2. Illustration of the analogue-based importance sampling. (a) The static SWG replaces each day in the observed trajectory (black
dots) with one of its analogues (red dots). (b) The dynamic SWG replaces the first day in the observations (black dot) with one of its
analogues, reads the following day of this analogue, and repeats the procedure until creating a new trajectory (red dots).

perature or spring precipitation. We thereby simulate extreme
events, e.g. warm Decembers and wet springs (May to July).

2.3 Experimental set-up

The parameters of the SWG depend on the variables and the
seasons to be simulated. We determine those parameters ex-
perimentally and detail them hereafter. Table 1 lists all pa-
rameters used for the simulation of December temperature
and spring precipitation. These parameters were set after per-
forming a number of sensitivity tests that are going to be dis-
cussed in Sect. 3. Table 2 lists all values tested for α and
αcal. Most figures related to these tests can be found in the
Appendix.

The procedure we follow is as follows.

– Start and end day of simulations. For each year from
1950 to 2018, 1000 simulations are started indepen-
dently for temperature in December and precipitation
in spring. The temperature simulations start on 1 De-
cember and end on 31 December. Precipitation simula-
tions start on 1 April and end on 31 July. This results in
68 000 independent simulations of December tempera-
tures and spring precipitation.

– Identification of circulation analogues. Weather ana-
logues are identified by evaluating the similarity of
weather patterns of an atmospheric variable in a cho-
sen region. For December temperature, analogues are
based on detrended geopotential height at 500 hPa
(Z500) over a region covering most of Europe (70–
23◦ N, 10◦W–40◦ E) (see Fig. 1). Jézéquel et al. (2018)
showed that Z500 is better suited to simulate tempera-
ture anomalies than SLP and that rather small domains
lead to better reconstitutions. This result is supported by
sensitivity tests we performed on the choice of variable
for the computation of the circulation analogues used
to simulate December temperature. For spring precipi-
tation, we use analogues of SLP over a zone covering

30–70◦ N and 50◦W–30◦ E, as shown in Fig. 1. This re-
gion includes large parts of the North Atlantic where
rain-bringing storms usually come from.

– Number of days before selecting a new analogue. For
the simulation of long-lasting precipitation events the
consistency of day-to-day variability is important to en-
sure a plausible water vapour transport. We therefore
adapt the stochastic weather generator (both static and
dynamic). Instead of choosing a new analogue every
day, we stay on an observed trajectory for a number
of days (ndays) before choosing a new analogue (see
Fig. 3). For the analogue selection we weight the ana-
logues based on the accumulated precipitation of the
analogue and the following ndays days, giving more
weight to analogues that bring more precipitation in the
following ndays days.

– Selection of circulation analogues by the generators.
The α-parameter controls the strength of the importance
sampling on either temperature or precipitation, while
αcal controls the influence of the calendar date when
selecting an analogue. For temperature simulations, we
use α = 0.75 and αcal = 6. Note that we thus strongly
condition the calendar day to restrict the SWGs to win-
ter and late autumn days. For precipitation, we set both
α and αcal to 0.5.

3 Results

A lack of cold days in December 2015 and an exception-
ally wet spring caused the 2016 crop loss in northern France.
Although the interplay between these two meteorological
events is crucial for the resulting crop loss, the two events
(warm December and wet spring) seem to have happened in-
dependently from each other: the correlation between tem-
perature in December and precipitation 4 months later is not
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Table 1. Parameters used for the static and dynamic SWG to simulate warm Decembers (second column) and wet April–July periods (last
column).

Parameter Choice for warm Decembers Choice for wet April–July periods

Start day 01/12 01/04
End day 31/12 31/07
Variable for analogues Z500 SLP
Region for analogues 70–23◦ N, 10◦W–40◦ E 30–70◦ N and −50◦W–30◦ E 30–70◦ N
Weighting of temp. or precipitation (α) 0.75 0.5
Weighting of calendar day (αcal) 6 0.5
Number of days before
selecting a new analogue (ndays) 1 5

Table 2. Performed sensitivity tests for the parameters used to simulate warm Decembers (first three rows) and wet April–July periods (last
three rows). The second column lists the parameters of which the sensitivity is assessed. The third column indicates at which levels all other
parameters are fixed for the test. The fourth column lists all tested values and the last column indicates the figure where the results of the test
are shown.

Experiment Tested parameter Fixed parameters Tested values Figure

December variable for analogues α = 0.5, αcal = 6, ndays = 1 Z500, SLP Fig. A1
December αcal α = 0.5, ndays = 1 0, 0.2, 0.5, 1, 2, 4, 6, 8, 10 Fig. A2
December α αcal = 6, ndays = 1 0, 0.1, 0.2, 0.5, 0.75, 1 Fig. A3
April–July ndays α = 0.5, αcal = 0.5 1, 2, 3, 4, 5, 7, 9 Fig. A4
April–July α αcal = 0.5, ndays = 5 0, 0.1, 0.3, 0.5, 0.7, 0.9, 1 Fig. A5
April–July αcal α = 0.5, ndays = 5 0, 0.2, 0.5, 1, 2, 5, 10 Fig. A6

significantly different from zero and we cannot reject the hy-
pothesis that both variables are not correlated (p value of
the Pearson correlation > 0.6). In addition, from an energy
point of view, the characteristic timescale of the atmosphere
does not exceed 35 d (Peixoto and Oort, 1992, Sect. 14.6.2).
This implies that it is unlikely to find links between climate
variables in December and the following May. We therefore
consider that it is reasonable to simulate warm Decembers
and wet springs independently.

3.1 December temperature simulations

The winter preceding the 2016 crop loss was abnormally
warm, with only a few cold days. Here, cold days are de-
fined as days with daily maximal temperatures between 0 and
10 ◦C. This December was the hottest in the observational
record and also the December with the fewest cold days.

Figure 4a shows the observed averages of daily maximal
temperatures and the results from static and dynamic SWG
simulations. The observed December temperatures fluctu-
ate around 6 ◦C, with a small warming trend of 0.2 ◦C per
decade over the whole time series (p value= 0.03). Simu-
lations from the static SWG are consistently around 3.5 ◦C
warmer and follow the year-to-year variability of the obser-
vations. With an average of 12 ◦C, the dynamic SWG sim-
ulations are significantly warmer than the static SWG simu-
lations, and inter-annual variability is strongly reduced. This
is to be expected as the dynamic SWG evolves freely from

the starting day and is therefore less bound to each year’s
circulation.

In years with higher December temperatures, the num-
ber of cold days with maximal temperatures between 0 and
10 ◦C is reduced (see Fig. 4b). Over the period 1950–2018 no
trend in the number of cold days is observed and the number
of cold days fluctuates around 25 d. As the SWG simulates
warmer Decembers the number of cold days is on average
8 d lower in the static SWG and 16 d lower in the dynamic
SWG. Nearly half of the simulations of the dynamic SWG
thus have fewer cold days than what was observed in De-
cember 2015.

December 2015 was unprecedented in terms of missing
cold days, and we simulate a number of warm Decembers
with even fewer cold days. To estimate the probability of
such an extreme December, we fit a beta-binomial distribu-
tion (Jézéquel et al., 2018) to the observations and find that
2015 was a 1-in-4000-year event and that 25% of our dy-
namic SWG simulations are 1-in-1000-year events or even
rarer (see Fig. A3).

As shown in Fig. 5, December 2015 was characterized by
a persistent anticyclonic circulation with its centre over the
Alps. The circulation in the coldest December (1969) was
the opposite of 2015, with negative Z500 anomalies over Eu-
rope and positive anomalies over the Atlantic. In 2008, the
December with most cold days in the observations, the data
resemble 1969 but have less pronounced anomalies.
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Figure 3. Adapted dynamic weather generators. (a) The adapted static SWG selects a new analogue every nth day (4 d in this illustration)
and follows the observed trajectory (dotted black line) of that day for 3 d. The resulting simulation combines observed 4 d chunks into an
artificial trajectory (red line). (b) The adapted dynamic SWG replaces the first day of the observations with one of its analogues and follows
the observed trajectory of that analogue for 3 d. Following this, a new analogue of the following day in the observed trajectory is chosen.

For all example years, the circulation in the static SWG
simulations exhibits the same features as the observed cir-
culation. The dynamic SWG always simulates high-pressure
anomalies over France irrespective of the starting conditions.
These anomalies are, however, more pronounced in 2015
where the starting circulation favours the anticyclonic pat-
tern over France.

The simulations of warm Decembers are most sensitive to
the weighting of the calendar date. If this parameter is chosen
too loosely, simulations would include days from other sea-
sons, which are generally warmer. As shown in Fig. A2, for
αcal ≥ 6 over 70% of all days in the simulations are sampled
from the November–February period. Increasing the weight-
ing of the calendar day further does not show a significant
effect.

The simulations are also sensitive to the weighting of daily
maximal temperatures α (Fig. A3). For α ≥ 0.75 we simu-
late a large number of Decembers that are more extreme than
2015.

Finally, the choice of geopotential height or mean sea level
pressure to classify circulation analogues does not influence
the simulations (see Fig. A1).

3.2 Spring precipitation

An extremely wet period from April to July 2016 followed
the warm December in 2015, with an average precipitation
of 2.7 mm per day and 332 mm for the whole period. This is
more than the long-term 75th percentile, but it is topped by
some years including 1983, 1987, and 2012.

Figure 6 shows the daily mean precipitation for April–July
periods over 1950–2018. Accumulated April–July precipi-
tation fluctuates around 256 mm with a strong year-to-year
variability. Over the observed period no trend is detected.

Simulations from the static weather generator (blue box-
plots in Fig. 6) also show a strong inter-annual variability but
have significantly larger amounts of precipitation. The aver-
age seasonal precipitation for all simulations and all years
is around 487 mm–190 % of the observed average. Single

simulations even reach daily mean precipitation of 6 mm for
April–July, which is 3 times as high as the observed precipi-
tation in 1983.

April–July periods simulated by the dynamic SWG are
even wetter than the simulations of the static SWG, with an
average seasonal precipitation of 590 mm. As expected, the
inter-annual variations are smaller in the dynamic SWG sim-
ulations than in the static SWG simulations because the dy-
namic SWG evolves freely, with the starting conditions their
only link to the observed circulation.

We estimate the return periods of our simulated events by
fitting a normal distribution to the observed April–July pre-
cipitation events. As we average over a quite large region and
over 4 months, a normal distribution represents the observa-
tions well (even though the analysed variable is precipita-
tion). We find that the 2016 April–July period was a 1-in-17-
year event, while the majority of our SWGs simulations are
1-in-10 000-year events.

In April–July 2016, the atmospheric circulation was char-
acterized by a moderate low-pressure anomaly north of
France and north of the Azores (Fig. 7a). The North Atlantic
Oscillation (NAO) index switched from slightly positive to
negative in May and remained negative until the end of June
(NOAA, 2020).

We next analyse the large-scale atmospheric circulation
patterns that characterize our SWG simulations by compar-
ing them to a few examples of observed events. Figure 7a–
d shows the mean sea level composites of 2016, the driest
(1976), the median (1986), and the wettest (1983) April–July
periods. The main feature in the median event (Fig. 7c) is
a low pressure anomaly north-westward of the British Isles.
The wettest event (Fig. 7d) is characterized by a strong dipole
over the North Atlantic with low pressure in the east and high
pressure in the west. In the driest event (Fig. 7b) this dipole
is reversed and slightly shifted to the east.

For all four events, the static SWG tends to create events
with stronger low pressure anomalies over northern France
(Fig. 7e–h). Similarly, the simulations from the dynamic
SWG all show a strong low-pressure anomaly over north-
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Figure 4. (a) Daily maximal temperature in December from 1950
to 2018. The black line shows E-OBS observations. The boxplots
represent the ensemble variability of the simulations of the static
(blue) and the dynamic (red) SWG for each year. The boxes of
the boxplots indicate the median (q50) and lower (q25) and up-
per (q75) quartiles. The upper whiskers indicate min[max(T ),1.5×
(q75− q25)]. The lower whisker has a symmetrical formulation.
The points are the simulated values that are above or below the de-
fined whiskers. Panel (b) is the same as (a) but for the number of
cold days. The coloured vertical lines indicate the coldest Decem-
ber (green), a median December (yellow), a December with 31 cold
days (cyan) and the warmest December (purple).

ern France (Fig. 7i–l). For the dynamic SWG simulations,
even in 1976, which was the driest April–July period, a low-
pressure anomaly is simulated for northern France where a
high-pressure system had been observed. In the static SWG,
the high-pressure anomaly is relocated to the west, also lead-
ing to a low-pressure anomaly over northern France.

Besides a general tendency towards low-pressure anoma-
lies over northern France, the 2016 April–July period was
characterized by an increased daily pressure variability west
of France (compare Figs. B1a and c). This indicates an en-
hanced storm track activity downstream of our region of in-
terest and could explain the increased precipitation observed

in 2016. In contrast to the persistent anticyclonic anomaly
that led to a continuously warm December in 2015, the wet
April–July period was favoured by a number of storms pass-
ing over northern France.

Our simulations of April–July periods combine 5 d chunks
of observed weather into one coherent time series. By using
5 d chunks instead of combining single-day observations, we
constrain our simulations to observed day-to-day variations
that appear to be crucially important for precipitation events.
This ensures that in our simulations storms predominantly
travel eastwards and that the moisture transport in the simu-
lations is reasonable – at least during the 5 d in question (see
the animated .gif files in the Supplement).

Sensitivity tests indeed show that simulations where a new
analogue is chosen every day result in significantly higher
precipitation, with 7 mm per day for the dynamic SWG sim-
ulations (see Fig. A4). The amount of precipitation steadily
decreases with the length of the observed chunks that are
assembled by the SWGs (ndays). This is to be expected, as
with longer assembled chunks and fewer analogue choices
the simulated weather events resemble the observations more
and more. There is an especially strong decrease in simulated
precipitation from 1 to 3 d, which suggests that when ana-
logues are chosen more frequently than every third day po-
tentially unreasonable weather events are created. Note that
taking 5 d windows is a heuristic choice and that window
sizes between 4 and 7 d give similar results.

The simulations are by definition sensitive to the weight-
ing of the amount of precipitation α. As shown in Fig. A5,
with a relatively small weight of 0.1 most dynamic simu-
lations already bring more precipitation than what was ob-
served in 2016. This could be due to the length of the simula-
tions: it is rather unlikely that extreme weather endures over
4 months. However, with a weak weighting of wet weather
simulations can already result in a long-lasting consistent wet
periods. This increase in precipitation saturates after α ≈ 0.5,
and increasing α further has no effect on the final results.

As for the other free parameters of the SWG, this sensitiv-
ity test does not directly justify the choice of the parameter
α. It instead gives guidance on the values that would be ap-
propriate choices for our application. In the end the parame-
ter is heuristically chosen considering the trade-off between
creating high-precipitation events and keeping as much ran-
domness as possible in our simulations.

As shown in Fig. A6, the weighting of the calendar day has
limited influence on the amount of precipitation in northern
France simulated by our SWGs.

For precipitation in northern France the weighting of the
calendar day is less relevant as there is no pronounced sea-
sonal cycle in precipitation (see Fig. A6).

Finally, one feature in the simulations of April–July de-
serves some more attention: for both static and dynamic
SWG simulations precipitation is exceptionally high in 1994
and 1998. Although observed precipitation in these years was
relatively high, this cannot explain the amount of precipi-
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Figure 5. Geopotential height anomaly at 500 hPa (Z500) composites for a year with 31 cold days (2008), the coldest December (1969), the
median (1978), and the warmest December (2015): (a–c) mean Z500 from NCEP reanalyses, (d–f) static SWG simulations, (g–i) dynamic
SWG simulations. Isolines are shown with 100 m increments. Positive Z500 anomalies are shown with continuous purple isolines, negative
anomalies are shown with dashed cyan lines, and the 500 hPa isoline is shown with a continuous thick black line.

tation in the simulations. One explanation for these outlier
years could be a loop in the simulations leading to an exces-
sive repetition of the same (wet) sequence of days. As shown
in Fig. A7, in 1998 one date is indeed repeated 10 times in
both the static and dynamic weather generator. In most other
years, repetitions of single dates are rare. As our results do
not rely on simulations of single years, this feature does not
affect the overall findings of the study.

These simulations show that there are many possible
April–July periods that would be significantly wetter than
what was observed in 2016 and also wetter than the observed
record precipitation (1983).

4 Discussion

In 2016 northern France suffered an unprecedented crop loss
that can be related to an abnormally warm December in
2015 and a following wet April–July period in 2016 (Ben-
Ari et al., 2016). Here we investigated how extreme these
meteorological precursors of the crop loss could be in the
current climate. Using stochastic weather generators (SWG)
we simulate warm Decembers and wet April–July periods
independently.

The warm December in 2015 resulted in very few cold
days with temperatures between 0 and 10 ◦C. Our simula-
tions show that substantially warmer Decembers would be
possible. However, in terms of cold days, which is a more
relevant indicator for wheat phenology in that season (Ben-
Ari et al., 2018), December 2015 was already extreme, and
only a few simulations show lower numbers of cold days.

For April–July precipitation, we find that much wetter pe-
riods than what was observed in 2016 would be plausible.
The simulated events bring more than twice as much precip-
itation than in 2016.

If crop yields responds to the number of cold days in win-
ter and to the precipitation rate in spring, as shown in Ben-Ari
et al. (2018), then we have shown here that in the current cli-
mate an even worse crop loss event would be possible. The
April–July period in particular could be significantly wetter
than what was observed in 2016.

We used stochastic weather generators to simulate extreme
but plausible weather events. While the method is estab-
lished for summer heat waves (Yiou and Jézéquel, 2020), the
weather events we studied here brought new challenges: al-
though the circulation pattern of the warm December 2015
was similar to a summer heat wave with an anticyclonic pat-
tern over France, special care was required to assure that our
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Figure 6. Daily precipitation averages for April–July from 1950 to
2018. The black line shows E-OBS observations. The boxplots rep-
resent the ensemble variability of the simulations of the static (blue)
and the dynamic (red) SWG for each year. The boxes of boxplots
indicate the median (q50), lower (q25), and upper (q75) quartiles.
The upper whiskers indicate min[max(T ),1.5× (q75− q25)]. The
lower whisker has a symmetrical formulation. The points are the
simulated values that are above or below the defined whiskers. The
coloured vertical lines indicate the driest April–July period (1976),
the wettest period (1983), a median period (1986), and 2016.

simulated events are actually realizations of winter weather.
Here we assured for this by strongly weighting the calendar
date when selecting analogues.

The wet April–July 2016 period was characterized by a
series of passing storms that brought considerable amounts
of precipitation. The main feature of this wet spring season
was therefore not persistence and simulating plausible day-
to-day variations with SWGs was a major challenge. SWGs
that select a new analogue every day tend to simulate persis-
tent rainfall events over spring, with little day-to-day varia-
tion.

As a first attempt to simulate plausible long lasting wet
periods, we propose to reassemble 5 d windows of observed
weather instead of single days. This ensures that low- and
high-pressure systems predominantly travel eastward at a
speed that is tightly linked to observations. An alternative ap-
proach could be to switch trajectories on dry days instead of
switching after a fixed number of days. This would addition-
ally avoid changing trajectories during precipitation events.

Evaluating the plausibility of our simulations remains a
challenge: although sensitivity tests and an analysis of the
simulated circulation patterns reveal the robust and clearly
interpretable behaviour of SWGs, further tests would be re-
quired to assess whether all simulated events could really
happen in our climate. It could, for instance, be interesting
to analyse the simulated wet April–July periods with respect
to more climate variables (e.g. relative humidity) to evaluate
whether the water transport is physically plausible through-
out the simulated period.

To further evaluate the plausibility of our simulations one
could also compare them to extreme events simulated by
large ensemble climate modelling experiments. In a study
using a near-term climate prediction model, Thompson et al.
(2017) found that for England there is a considerable chance
of unprecedented winter rainfall. Replicating a similar study
for northern France spring precipitation would not only pro-
vide an alternative estimate of extreme spring precipitation
but would also allow us to further evaluate the circulation
features of our weather simulations.

Finally, our simulated extremes could be used as input for
the regression-based yield model of Ben-Ari et al. (2018).
These results should, however, be interpreted cautiously as
our simulated weather extremes lie outside of the observed
range and therefore also the range within which the yield
model was trained. They could also be used in process-based
crop models as a worst-case meteorological scenario.

5 Conclusions

This paper is a proof of concept for the importance sampling
for a simulation of a compound event (warm autumn-winter
and wet spring) that would have an impact on crop yield. It
relies on a data-resampling approach to maximize tempera-
ture and precipitation over extended periods of time.

The simulations are based on the a priori knowledge (from
expertise on crop failures in northern France) that warm au-
tumns and winters followed by wet springs have detrimental
effects on crops.

The first application of SWGs to warm winter periods and
wet springs is an important advance in this research field. It
also shows that with only a few adaptations SWGs can be ap-
plied to new weather phenomena, highlighting the merits of
the method. Moreover, the SWG parameters can be adapted
to other types of crops (with other phenological parameters
and key dates).

This approach is rather flexible and could be adapted to
simulate compound extremes using climate model outputs
based on different scenarios of climate change. This could
lead to the first evaluation of the impact of climate change
on worst-case scenarios of crop yields. This type of analy-
sis has some limitations related to the uncertainty of models
and scenarios, and it fails to take into account non-climatic
drivers of crop yields such as pests, supply chains, or eco-
nomical concerns. However, we believe it could be useful to
estimate what could be plausible in terms of purely meteoro-
logical events in a changing climate.
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Figure 7. SLP anomaly composites (Pa) for April–July 2016, the driest period, the median (1986), and the wettest period (1983): (a–d) mean
SLP from NCEP reanalyses, (e–h) static SWG simulations, (i–l) dynamic SWG simulations. Isolines are shown with 100 Pa increments.
Positive SLP anomalies are shown with continuous purple isolines, negative anomalies are shown with dashed cyan lines, and the mean SLP
isoline is shown with a continuous thick black line.
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Appendix A: Sensitivity tests

A1 December temperature

Figure A1. Distribution of the daily maximum temperature in De-
cember averaged in observations (white) and in simulations com-
puted by the static (blue) and dynamic (red) generators using circu-
lation analogues computed using the SLP or Z500. The horizontal
dotted line corresponds to the daily maximum temperature observed
in December 2015. The boxes of boxplots indicate the median
(q50), lower (q25), and upper (q75) quantiles. The upper whiskers
indicate min[max(T ),1.5× (q75−q25)]. The lower whisker has a
symmetrical formulation. The points are the simulated values that
are above or below the defined whiskers.

Figure A2. Percentage of days sampled between November and
February by the dynamic generator when running 100 simulations
of December temperatures as a function of the parameter αcal. The
dotted red line is for αcal = 6 (which is the value used in the analy-
sis).
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Figure A3. Distribution of the number of December days with max-
imal temperatures between 0 and 10 ◦C in observations (white) and
in simulations computed by the static (blue) and dynamic (red) gen-
erators as a function of α. The axis on the right indicates the prob-
ability of occurrence, assuming a beta-binomial distribution of the
number of winter days with parameters estimated from white box-
plot. The horizontal dotted line corresponds to the observed num-
ber of days in December 2015. The boxes of boxplots indicate
the median (q50), lower (q25), and upper (q75) quartiles. The up-
per whiskers indicate min[max(T ), 1.5× (q75− q25)]. The lower
whisker has a symmetrical formulation. The points are the simu-
lated values that are above or below the defined whiskers.

A2 Spring precipitation

Figure A4. Distribution of April–July daily precipitation in obser-
vations (white) and in simulations computed by the static (blue) and
dynamic (red) generators as a function of the number of days before
selecting a new analogue ndays. The axis on the right indicates the
probability of occurrence, assuming a normal distribution of daily
precipitation with parameters estimated from white boxplot. The
horizontal dotted line corresponds to the observed daily precipita-
tion in April–July 2016. The boxes of boxplots indicate the median
(q50), lower (q25), and upper (q75) quartiles. The upper whiskers
indicate min[max(T ), 1.5× (q75− q25)]. The lower whisker has a
symmetrical formulation. The points are the simulated values that
are above or below the defined whiskers.
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Figure A5. Distribution of April–July daily precipitation in obser-
vations (white) and in simulations computed by the static (blue) and
dynamic (red) generators as a function of α. The axis on the right
indicates the probability of occurrence, assuming a normal distri-
bution of daily precipitation with parameters estimated from white
boxplot. The horizontal dotted line corresponds to the observed
daily precipitation in April–July 2016. The boxes of boxplots in-
dicate the median (q50), lower (q25), and upper (q75) quartiles.
The upper whiskers indicate min[max(T ), 1.5× (q75− q25)]. The
lower whisker has a symmetrical formulation. The points are the
simulated values that are above or below the defined whiskers.

Figure A6. Distribution of April–July daily precipitation in obser-
vations (white) and in simulations computed by the static (blue) and
dynamic (red) generators as a function of αcal. The axis on the right
indicates the probability of occurrence, assuming a normal distri-
bution of daily precipitation with parameters estimated from the
white boxplot. The horizontal dotted line corresponds to the ob-
served daily precipitation in April–July 2016. The boxes of boxplots
indicate the median (q50), lower (q25), and upper (q75) quartiles.
The upper whiskers indicate min[max(T ), 1.5× (q75− q25)]. The
lower whisker has a symmetrical formulation. The points are the
simulated values that are above or below the defined whiskers.
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Figure A7. Maximal number of times a single date is repeated for each simulated year. The boxplots indicate the range of this maximal
repetition number for the 1000 simulations for simulations of the static (blue) and dynamic (red) stochastic weather generator. The boxes of
boxplots indicate the median (q50), lower (q25), and upper (q75) quartiles. The upper whiskers indicate min[max(T ), 1.5× (q75− q25)].
The lower whisker has a symmetrical formulation. The points are the simulated values that are above or below the defined whiskers.
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Appendix B: Circulation details

Figure B1. Standard deviation of daily SLP anomalies (Pa) for April–July 2016, the driest period, the median (1986), and 2018: (a–d) SLP
from NCEP reanalyses, (e–h) static SWG simulations, (i–l) dynamic SWG simulations. For the SWG simulations the average of all 1000
runs for the given year is presented.
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In this paper, I quantify the effect of global warming on the persistence of local

weather conditions in the mid-latitudes. Persistence has been identified as a major

factor when it comes to the impacts of heat waves, droughts and in some cases also

flooding events. This paper quantifies the dynamical forcing on a class of events

in the mid-latitudes and confirm the hypothesis that a slowdown of summer circu-

lation leads to more persistent weather. Besides advancing the understanding of

forced changes in heat waves, droughts and long-lasting heavy precipitation events,

this study is an interesting methodological advancement in the field: it disentan-

gles the dynamical forcing on weather extremes from the dominant thermodynamic

forcing.
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Heat and rainfall extremes have intensified over the past few 
decades and this trend is projected to continue with future 
global warming1–3. A long persistence of extreme events 
often leads to societal impacts with warm-and-dry condi-
tions severely affecting agriculture and consecutive days of 
heavy rainfall leading to flooding. Here we report system-
atic increases in the persistence of boreal summer weather 
in a multi-model analysis of a world 2 °C above pre-indus-
trial compared to present-day climate. Averaged over the 
Northern Hemisphere mid-latitude land area, the probability 
of warm periods lasting longer than two weeks is projected to 
increase by 4% (2–6% full uncertainty range) after removing 
seasonal-mean warming. Compound dry–warm persistence 
increases at a similar magnitude on average but regionally 
up to 20% (11–42%) in eastern North America. The prob-
ability of at least seven consecutive days of strong precipi-
tation increases by 26% (15–37%) for the mid-latitudes. 
We present evidence that weakening storm track activity 
contributes to the projected increase in warm and dry per-
sistence. These changes in persistence are largely avoided 
when warming is limited to 1.5 °C. In conjunction with the 
projected intensification of heat and rainfall extremes, an 
increase in persistence can substantially worsen the effects 
of future weather extremes.

Extreme weather events are commonly analysed in terms of 
intensity or frequency but often it is their persistence that leads to 
the most severe effects. Extended periods of warm and dry weather 
can strongly affect human health and agriculture and increase risks 
of wildfires4. In 2018, dry and warm conditions in western Europe 
extended from April to September with only a few short interrup-
tions of cooler and rainy weather5–7 (see Fig. 1). This persistent dry–
warm compound extreme had a devastating effect on agriculture in 
Germany, with wheat harvests down by 15% (ref. 6).

Similarly, most damaging flooding events occur following sev-
eral consecutive days of heavy rainfall8. In 2016, a slow-moving 
low-pressure system remained over Europe for two weeks, result-
ing in several days of heavy precipitation leading to floods in many 
municipalities in western Europe9 (Fig. 1).

Global warming is already increasing the frequency and intensity 
of heat and rainfall extremes3, as well as the duration of heat waves10, 
and these trends are projected to continue with future warming11. 
However, if and how changes in persistence of local weather condi-
tions might contribute to more severe weather extremes is poorly 
understood. Some observational studies suggest that summer per-
sistence has increased over recent decades12–16 but this is so far not 
supported by modelling studies.

We assess changes in local weather persistence in four general 
circulation models (GCM) between two ten-year future scenarios 
at +1.5 °C and +2 °C above pre-industrial and a present-day cli-
mate scenario (2006–2015, that is about +1.0 °C above pre-indus-
trial global mean temperatures, GMT). The four atmosphere-only 
GCMs (NorESM1, MIROC5, ECHAM6-3-LR and CAM-2degree) 
are run under the HAPPI protocol17 (half a degree additional warm-
ing, prognosis and projected impacts protocol; see Methods). A 
total 4,000 year per scenario (100 × 10-year runs per model) provide 
the basis for a statistical analysis of rare events such as periods of 
extremely persistent weather conditions.

We identify periods of consecutive warm, dry, dry–warm or rain 
days following the method by Pfleiderer and Coumou12 (Fig. 1; see 
also Methods). As illustrated in Fig. 1c, in Berlin in 2018, two unin-
terrupted warm periods lasting longer than three weeks and several 
long dry periods are identified. In Paris, three clustered, multi-day 
rain periods in May 2016 contributed to the Seine flooding in early 
June (Fig. 1f).

In a warming climate, the number of consecutive days above 
a given temperature threshold will increase, which leads to an 
increase in the duration of heat waves with ongoing warming10,18. 
The aim of the persistence concept introduced here, however, is 
not to identify changes in heat-wave conditions per se but rather to 
investigate changes in the distribution of warm days relative to the 
new, warmer climate conditions. Thus, warm days are classified as 
temperature anomalies that exceed a scenario-dependent, seasonal 
and grid-cell specific median. This median is computed separately 
for the present-day, 1.5 °C and 2 °C climate simulations so that in all 
scenarios half of the days are classified as warm. In this metric, long-
term seasonal-mean warming by itself does not lead to an increase 
in warm persistence.

Unlike for temperature, the classification of what constitutes dry 
or rainy periods is less dependent on the local background climate 
state19. Therefore, we use the same absolute thresholds for all grid-
cells and scenarios to classify dry and rain days: dry days have less 
than 1 mm and rain days more than 5 mm precipitation.

We also analyse compound dry–warm periods defined as con-
secutive dry and warm days on the basis of the above metrics. These 
compound dry–warm events are particularly impact-relevant as 
they better represent the stress on our environment than do either 
dry or warm persistence alone20.

The observed summer-time warm-persistence climatology is 
well-reproduced by the GCM ensemble (Fig. 2). Regional patterns 
are generally replicated but some are less pronounced in models 
compared to observations (compare Fig. 2a,b). As shown in Fig. 2,  
the enhanced persistence observed over Europe is underestimated  
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by the models. For dry and rain persistence, biases are more  
heterogeneous between models: NorESM1 and CAM4-2degree 
underestimate dry persistence over Europe, while MIROC5  
overestimates dry persistence in northern Europe and ECHAM6-
3-LR in southern Europe (Supplementary Fig. 2i–l). Note that the 
present-day climate scenario in HAPPI (2006–2015) only cov-
ers part of the observational record allowing only for a qualitative 
model validation.

Figure 2d shows the probability of the different persistence met-
rics to exceed a given period length. Here, for each of the NH SREX 
regions (Supplementary Fig. 1, region name abreviations follow the 

IPCC SREX21), an aggregated persistence distribution is determined 
by combining periods identified at grid-cells within the region into 
one distribution per model. Consistent with previous studies12, we 
find that the probability that a warm period persists for one more 
day increases for longer events (gradient of the curves decreases for 
longer periods, Fig. 2d). Thus, the more persistent a period is, the 
more likely it is that it lasts even longer.

In the mid-latitudes, 80% of all warm periods are shorter than 
a week and 6% exceed two weeks (red curves in Fig. 2d). These 
exceedance probabilities vary between regions, which is generally 
well-captured by the climate models.
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Fig. 1 | illustration of the persistence metrics. a–f, Persistence derived from the daily gridded observational dataset for Europe (E-OBS). The daily 
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d the absolute temperature time-series are shown in light grey. For d–f the date of the Seine flooding (3 June 2016) is indicated by a blue line.
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Dry and rain persistence strongly vary between regions with 
month-long dry periods in arid regions (CAS and MED) and only 
a few periods longer than two weeks in some coastal regions (for 
example, ENA). In contrast to temperature persistence (with a 
fixed number of warm days), rainfall persistence also depends on 
the relative amount of rain and dry days. As rain days are gener-
ally rare (see Supplementary Fig. 4), rain periods are limited to less 
than two weeks in most regions. Periods of consecutive dry–warm 

days are shorter than warm or dry periods as both criteria need to 
be fulfilled. Over Europe, for which daily rainfall observations are 
available, dry, rain and dry–warm persistence are well-represented 
by the climate models.

The exceedance probability for warm, dry, dry–warm and rain 
periods consistently increases in a 2 °C world for the Northern 
Hemisphere mid-latitudes in all HAPPI models (Fig. 3 and 
Supplementary Tables 1–4). For warm and dry–warm persistence, we 
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Fig. 3 | relative change in exceedance probability in JJa in haPPi models. a–d, Changes of the 2 °C scenario relative to the 2006–2015 scenario are shown 
for different kinds of persistence: warm (a, red), dry (b, orange), dry–warm (c, purple) and rain (d, blue). Note the different scaling for changes in rain 
persistence (d). In each region, the full range of changes in the four models’ distributions are shown by the shaded area. The ensemble mean is indicated by 
a solid line. See Supplementary Tables 1–4 in the Supplementary Information for more details.

Nature Climate ChaNge | www.nature.com/natureclimatechange

2. Results

56



Letters Nature Climate ChaNge

find a relative increase in exceedance probability of two-week-long  
periods of 4% (0.5–6%). The increase in warm persistence is most 
pronounced in northern Asia (NAS), central Europe (CEU) and 
eastern North America (ENA). For these regions, an increase in dry 
persistence is found as well.

In regions where warm and dry persistence are projected to 
increase, compound dry–warm persistence is also increasing. In arid 
regions (MED, WAS and CAS), dry–warm persistence is limited by 
warm persistence and thus changes in dry–warm persistence follow 
those of warm persistence. In central and eastern North America 
(CNA and ENA) increases in dry–warm persistence appear to be 
linked to a strong increase in dry persistence.

Rain persistence increases significantly in almost all mid-latitude 
regions, with long periods increasing most. The average likelihood 
of week-long rainy conditions increases by 26% (15–37%) in a 2 °C 
world compared to the present. This increase in rain persistence is 
especially pronounced for northern Eurasia (NEU, CEU and NAS).

Averaged over the mid-latitude land area and specifically in 
ENA, CEU, NEU and NAS, dry, rain and warm periods are all pro-
jected to be more persistent in a 2 °C world (Fig. 3). As shown in 
Supplementary Fig. 3, the coincident increase in persistence is also 
found at the grid-cell level within single models.

The presented long-term changes in warm and dry persistence 
are probably driven by weakening summer storm tracks, something 
that is projected by all models. Over the mid-latitudes, warm and 
dry persistence are longer in months with low eddy kinetic energy 
(EKE), which is a proxy for storm track activity. For each model and 
region, we checked the correlation between the length of the longest 
period in each month and monthly EKE. This correlation is nega-
tive for most regions and, in combination with a projected decrease 
in EKE, this can partially explain the trend towards longer warm 
and dry persistence. We consider EKE to be a driver of a change  
in persistence if at least three models project a significant change in 
persistence that matches the expected EKE forcing (more details in 
the Supplementary Information, especially Supplementary Fig. 8).  
As shown in Fig. 4, EKE explains most changes in persistence pro-
jected for regions affected by the North Atlantic jetstream (ENA, 
MED, CEU and NEU). These findings are consistent with previ-
ous studies showing that weather persistence in the mid-latitudes 
is tightly linked to large-scale atmospheric circulation such as the 
jetstream or storm tracks22,23 and that storm track activity is weaken-
ing in boreal summer24,25.

Changes in the water cycle due to enhanced evapotranspiration 
and water-holding capacity of the atmosphere lead to changes in 
the number of dry and rain days (compare Supplementary Fig. 5).  

To test how the change in the number of rain and dry days affects rain 
and dry persistence, we create synthetic future weather time-series 
by randomly adding or removing dry and rain days to the historic 
time-series to match the amount of dry and rain days projected for 
the 2 °C scenario. As shown in Supplementary Fig. 6, the increase in 
rain persistence in the high latitudes can partly be explained by an 
increase in the number of rain days. However, overall, the changes 
in dry and rain days can only explain half of the actually projected 
changes in persistence (compare Supplementary Fig. 7).

Land–atmosphere interactions might also influence the persis-
tence of warm and dry periods. During warm periods, a lack of soil 
moisture hinders evaporative cooling and cloud formation, which 
can further increase temperatures26,27. Long-lasting warm and dry 
periods thereby favour subsequent warm and dry days, which is 
expressed by a negative correlation of warm and dry persistence 
with the standardized precipitation index of the preceding 3 months 
(SPI3; see Supplementary Fig. 9). In HAPPI projections, summer 
SPI3 increases in the NH mid-latitudes, wetting the soils; thus land–
atmosphere interactions are unlikely to play a role in the projected 
increases in dry persistence. The Mediterranean (MED) forms an 
exception: here, SPI3 decreases and this soil drying, together with 
the effect from weakening storm tracks, probably contributes to an 
increase in dry persistence.

Our analysis of potential drivers of persistence suggests that 
the weakening of summer storm tracks is an important driver of 
increased persistence in the mid-latitudes (see Fig. 4). Changes 
in the hydrological cycle only have limited explanatory power.  
The persistent summer 2018 was linked to a slow-moving sta-
tionary wave5 and further research will analyse the underlying 
circulation patterns of extremely persistent weather conditions 
to further improve our understanding of changes in summer 
weather persistence.

We find a projected lengthening of dry and warm periods in 
important breadbaskets such as central North America (CNA) and 
Europe (NEU/CEU). As long-lasting warm and dry periods have 
severe impacts on agriculture6 and extreme weather events are 
already negatively affecting crop production28, the lengthening of 
warm and dry periods in these regions imposes a risk for food pro-
duction. Furthermore, the substantial increase in the probability of 
week-long heavy rain enhances the risk of flooding.

We showed that changes in the clustering of relatively warm 
summer days (warm relative to the scenario mean warming) leads 
to longer uninterrupted warm periods (Fig. 3a). On top of this 
dynamic change, these warm periods will become more intense 
due to purely thermodynamic increases in global mean tempera-
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ture. For a future warming of +1 °C compared to present-day,  
we find that warm periods longer than two weeks will become 
1.5 °C warmer on average. Likewise, global warming increases the 
intensity of heavy precipitation events and the drying potential of 
soils during warm periods3.

Most of the projected increases in persistence can be avoided 
by limiting warming to 1.5 °C (Fig. 5). For central North America 
(CNA) and central Europe (CEU) a relative increase of 10% in dry–
warm persistence is projected for 2 °C but no change for the 1.5 °C 
scenario. This suggests a nonlinear dependence of dry–warm per-
sistence with GMT. Rain persistence increases almost everywhere, 
also under 1.5 °C, scaling roughly linearly with GMT.

Our analysis shows that summer weather becomes more per-
sistent, with global warming increasing risks associated with 
long-lasting heat waves, droughts, rain periods and compound 
hot–dry extremes.

Online content
Any methods, additional references, Nature Research reporting 
summaries, source data, statements of code and data availability and 
associated accession codes are available at https://doi.org/10.1038/
s41558-019-0555-0.
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methods
HAPPI simulations. We analyse HAPPI simulations of four atmosphere-only 
GCMs: NorESM1, MIROC5, ECHAM6-3-LR and CAM-2degree. The HAPPI 
protocol includes a current climate scenario (2006–2015) and two future scenarios 
for 1.5 °C and 2 °C global mean temperature relative to pre-industrial levels17. For 
each scenario, an ensemble of 100 runs per model is analysed. Future sea surface 
temperature (SST) patterns are obtained by adding an SST change pattern from 
CMIP5 simulations on 2006–2015 SST patterns. Future sea-ice coverage patterns 
are based on a regression between sea-ice coverage and SST, which is then applied 
on future SST patterns.

Observations and reanalysis. For model evaluation, we use the HadGHCND 
dataset, which is based on daily observed temperatures from 1950 to 2014 
aggregated on a 3.75° × 2.5° grid29 and the daily gridded observational dataset for 
Europe (E-OBS), which includes daily temperatures and precipitations from 1950 
to 2018 on a 0.5° × 0.5° grid30. Due to a lack of data coverage in the tropics and 
most parts of the Southern Hemisphere, our analysis is restricted to the Northern 
Hemispheric extra-tropics.

We additionally use the Global Precipitation Climatology Centre  
(GPCC) v.7 monthly precipitation observations to calculate SPI3 over the 
observational record31.

We use the ERA-Interim reanalysis to calculate EKE over the period  
1979–2017 (ref. 32).

Warm persistence. The quantification of warm persistence follows the method 
outlined by ref. 12. At each grid-cell and in each season, days are classified into cold 
and warm days relative to the state of seasonal warming. Periods of consecutive 
warm or cold days are then aggregated into persistence distributions for each 
grid-cell. For HAPPI simulations, all three scenarios are treated separately. As each 
ten-year run is expected to represent a stationary climate we subtract the daily 
climatology of the scenario for each run to get temperature anomalies relative to 
the climate scenario. HadGHCND and E-OBS observations are detrended on a 
daily basis: multi-year time-series for all 365 days of a year (for example, all  
1 January) are linearly detrended and the climatological mean is subtracted.

Precipitation persistence. For the analysis of persistence of dry periods, we 
classify all days with precipitation lower than 1 mm at the grid-cell level as dry days 
following ref. 33. Instead of classifying all days that are not dry as rain days, we only 
consider days with more than 5 mm precipitation to be rain days.

Using the classification of warm and dry days (see above), we define compound 
dry–warm persistence through periods of consecutive days of warm and  
dry conditions.

Eddy kinetic energy. We study links between changes in storm track activity 
and persistence using EKE as a proxy for storm track activity. EKE is based on 

daily horizontal wind fields filtered with a 2.5–6-day bandpass filter34. The EKE is 
calculated as:

EKE ¼ 1
2
ðv2 þ u2Þ

where u and v are the bandpass filtered longitudinal and meridional wind speeds at 
the 850 mbar level.

Standardized precipitation index. We take the SPI3 as an index for soil 
moisture35. We calculate the SPI3 using the R-package standardized precipitation 
evapotranspiration index (SPEI36).

Data availability
The observational data and HAPPI simulations that support the findings of 
this study are publicly available online at https://www.metoffice.gov.uk/hadobs/
hadghcnd, https://www.ecad.eu/download/ensembles/download.php and https://
portal.nersc.gov/c20c/data.html.

Code availability
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2.4. Robust predictors for seasonal Atlantic hurricane

activity identified with causal effect networks

Peter Pfleiderer, Carl-Friedrich Schleussner, Marlene Kretschmer

In this study, I use causal effect networks (CENs) to identify robust predictors

for seasonal TC activity. Seasonal Atlantic hurricane activity mostly depends on

the state of the el niño southern oscillation (ENSO). Since the state of ENSO

during the main Atlantic hurricane season is hard to predict before the beginning

of summer, the skill of seasonal forecast models drops considerably for longer lead

times. In this article, we show that CENs are a reliable tool for the identification

of robust predictors of TC activity in the Atlantic.

Besides the immediate practical use of the forecast model, this study shows that

Atlantic TC activity is strongly constrained by vertical wind shear and SSTs over

the Atlantic. In section 2.5, I will exploit the findings of this paper for the con-

struction of a tropical cyclone emulator. As for section 2.2, this section does not

touch upon the question of global warming. It rather improves our understanding

of how internal climate variability affects atmospheric circulation and thereby TCs.
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Abstract. Atlantic hurricane activity varies substantially
from year to year and so does the associated damage. Longer-
term forecasting of hurricane risks is a key element to reduce
damage and societal vulnerabilities by enabling targeted dis-
aster preparedness and risk reduction measures. While the
immediate synoptic drivers of tropical cyclone formation and
intensification are increasingly well understood, precursors
of hurricane activity on longer time horizons are still not well
established. Here we use a causal-network-based algorithm
to identify physically interpretable late-spring precursors of
seasonal Atlantic hurricane activity. Based on these precur-
sors we construct statistical seasonal forecast models with
competitive skill compared to operational forecasts. In par-
ticular, we present a skilful prediction model to forecast July
to October tropical cyclone activity at the beginning of April.
Our approach highlights the potential of applying causal ef-
fect network analysis to identify sources of predictability on
seasonal timescales.

1 Introduction

Tropical cyclones (TCs) are among the most damaging
weather events in many tropical and subtropical regions (Mu-
nich Re, 2020). The compound nature of tropical cyclone
hazards combining heavy winds, extreme precipitation and
coastal flooding contributes to their severity (Ye and Fang,
2018), directly impacting societies. Furthermore, a range of
secondary impacts in the aftermath of cyclones such as dis-

placement, loss of livelihoods or income, and health impacts
are being reported (Camargo and Hsiang, 2014). Applying
risk reduction measures to the direct damage of TCs is chal-
lenging and is expected to become even more so with global
warming and sea level rise (Woodruff et al., 2013). Prepared-
ness for the secondary impacts could, however, be improved
if reliable forecasts of the potential risks of the upcoming
hurricane season are available (Murphy et al., 2001).

Several academic institutes provide seasonal hurricane
forecasts for the Atlantic basin (Klotzbach et al., 2019). Col-
orado State University was one of the first, already issu-
ing seasonal forecasts in 1984 (Gray, 1984a, b). Since then,
a variety of forecasting methods have been applied, rang-
ing from purely statistical forecasts to forecasts based on
numerical global climate model simulations and hybrid ap-
proaches (Klotzbach et al., 2019, 2017). The Barcelona Su-
per Computing Center collects and publishes seasonal fore-
casts from universities, private entities and government agen-
cies each year (https://seasonalhurricanepredictions.bsc.es/
predictions, last access: 1 July 2020).

Dynamical forecasts are based on global circulation mod-
els that simulate the climate system including tropical cy-
clone occurrences (Manganello et al., 2017; Vecchi et al.,
2014; Vitart and Stockdale, 2001). Their skill depends on
their ability to represent TC genesis and development and
their capacity to forecast the large-scale circulation over the
Atlantic main development region (MDR) as well as their
ability to adequately represent the interaction between the
two. With increasing spatial resolution, their representation

Published by Copernicus Publications on behalf of the European Geosciences Union.

2. Results

62



314 P. Pfleiderer et al.: Robust predictors for seasonal Atlantic hurricane activity

of TCs improves (Roberts et al., 2020). Their ability to pre-
dict the large-scale circulation and low-frequency variability
can, however, remain a limiting factor for seasonal forecasts
(Manganello et al., 2017).

Statistical forecast models, in contrast, are usually based
on favourable climatic conditions in the region of TC forma-
tion and established teleconnections affecting cyclone activ-
ity on the basin scale (Klotzbach et al., 2017). Besides warm
sea surface temperatures (SSTs), both the formation and in-
tensification of TCs critically depend on low vertical wind
shear (VWS) over the tropical Atlantic (Emanuel et al., 2004;
Frank and Ritchie, 2001). Furthermore, dry air intrusion and
anticyclonic wave breaking can hamper TC formation (Han-
kes and Marinaro, 2016). Finally, a lack of easterly African
waves can lead to lower TC activity (Dieng et al., 2017; Patri-
cola et al., 2018).

The included predictors of a statistical forecast model are
often chosen based on correlation analysis and expert judge-
ment. One major challenge in statistical forecasting is yet to
select a set of skilful predictors without running into over-
fitting issues, implying dropping skill when applied to inde-
pendent test data (Hawkins, 2004).

Recently, a novel statistical forecast approach based on
causal effect networks (CENs) was proposed (Kretschmer et
al., 2017). In such a network, causal links between the pre-
dictand and a set of potential predictors are identified by it-
eratively testing for conditionally independent relationships,
thereby removing spurious correlations (Runge et al., 2019).
First applications have shown that statistical forecast models
based on causal precursors can result in skilful forecasts as
they identify relevant predictors without overfitting (Di Ca-
pua et al., 2019; Kretschmer et al., 2017; Lehmann et al.,
2020; Saggioro and Shepherd, 2019).

Here we apply this approach to detect remote spring pre-
dictors of hurricane activity in the Atlantic basin from July to
October. We first demonstrate the applicability of the method
by constructing a forecast for the July–October accumulated
cyclone energy (ACE) based on May precursors using re-
analysis data. The identified precursors are well-documented
drivers of hurricane activity in the Atlantic, indicating the
usefulness of our approach. To increase forecast lead time,
we then apply the same method to construct a forecast based
on March reanalysis and obtain competitive forecast skill
based on these predictors.

2 Methods

2.1 Data

We use tropical cyclone locations and maximum sustained
wind speeds from the official WMO agency from the IB-
TrACS database (Knapp et al., 2010, 2018). Our main anal-
ysis is based on the fifth generation of ECMWF atmo-
spheric reanalyses (ERA5) (Hersbach et al., 2020). We use

the monthly reanalysis data on a regular 1◦ grid for the period
1979–2018. For sensitivity testing, we also use the Japanese
55-year Reanalysis (JRA-55) on a monthly timescale and
provided on a regular 1.25◦ grid (JMA, 2013). As data in the
pre-satellite era are less reliable (Tennant, 2004), we focus
on the period from 1979 to 2018, but we also perform sensi-
tivity tests using the full range of the JRA-55 dataset ranging
from 1958 to 2018.

2.2 Accumulated cyclone energy (ACE)

Following Waple et al. (2002), we calculate accumulated cy-
clone energy (ACE) as an indicator for seasonal tropical cy-
clone activity:

ACE= 10−4
∑

all days
v2

max. (1)

ACE is accumulated for TCs within the Atlantic basin with
maximal sustained wind speeds above 34 kn (17.5 m s−1)
over all days from July to October.

2.3 Causal effect networks (CENs)

Causal effect networks have been introduced to statistically
analyse and visualise causal relationships between different
climatic processes, referred to as “actors”. Specifically, spuri-
ous correlations due to indirect links, common drivers or au-
tocorrelation effects are identified as such and removed from
the network structure (Kretschmer et al., 2016; Runge et al.,
2019). The remaining links can then be interpreted in a more
causal way within the set of considered variables.

Here we use a two-step approach to construct causal ef-
fect networks consisting of a condition selection algorithm
(PC algorithm) and a momentary conditional independence
(MCI) test. This so-called PCMCI algorithm was introduced
by Runge te al. (2019) and a Python implementation is
openly available on http://github.com/jakobrunge/tigramite
(Runge, 2014). The properties of the PCMCI algorithm in-
cluding mathematical proofs and numerical tests are docu-
mented and discussed in Runge et al. (2019).

Note that this algorithm relies on several assumptions,
which in real-world scenarios are likely never fully ful-
filled (Runge, 2018). Specifically, it requires a comprehen-
sive sampling of potentially relevant climate signals as well
as sufficient temporal coverage to ensure full representa-
tion of multi-annual to multi-decadal modes. As we are par-
ticularly restricted by the relatively short reanalysis record,
we cannot exclude potential state dependencies, e.g. on an-
nual timescales, as well as non-stationarities (Caron et al.,
2015; Fink et al., 2010). As this represents a divergence from
the theoretical methodological approach of causal precursor
analysis, we will therefore refer to the results of the CEN
analysis as “robust precursors” acknowledging that we can-
not assure true causality.
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2.4 Using CEN as a robust precursor selection tool to
construct a statistical forecast model

We apply a CEN approach to identify robust precursors in
May (and in March) of seasonal hurricane activity of the
same year. Similar to Kretschmer et al. (2017), our methodol-
ogy consists of four steps (see schematic overview in Fig. 1).

1. We first identify regions where favourable conditions
for TC formation and intensification are most rele-
vant. Here we use SSTs and VWS fields as established
favourable conditions but without prescribing spatial
patterns a priori. We then identify the regions in the
tropical Atlantic that are correlated with ACE in our tar-
get region during the hurricane season (July to October).

2. We search for potential precursors of the favourable
conditions identified in step 1. To do this, we calculate
lagged point correlation maps of gridded SST and mean
sea level pressure (MSLP) data and cluster the most sig-
nificantly correlated points into potential precursor re-
gions. We use SSTs and MSLP as they are commonly
used to describe the forcing on the atmosphere and the
current location of pressure systems which in turn gives
insights into the atmospheric circulation in general.

3. We identify robust precursors amongst all potential pre-
cursor regions identified in step 2 by constructing a
causal effect network (CEN) using the so-called PCMCI
algorithm.

4. We construct a statistical forecast model based on the
robust precursors identified in step 3 using linear re-
gression and logistic regression. While for the detec-
tion of potential and robust precursors (steps 2 and 3)
detrended anomalies of climate variables are used, the
final forecast models are constructed with the raw re-
analysis data.

More details including all relevant free parameters of our ap-
proach (such as significance thresholds and clustering param-
eters) are listed and discussed in the Supplement.

2.5 Forecast model evaluation

We evaluate the skill of our model by performing a cross-
validation hindcast: for each hindcasted year, we construct a
new statistical model using all years but the year we aim to
hindcast as well as the 2 preceding years of that year. Specifi-
cally, steps 2–4 are iteratively performed for each hindcasted
year (see Fig. 1). By excluding the two preceding years from
the training set, we assure that autocorrelations of up to
3 years do not leak information from the training data into
the testing data. Note that despite the clear separation be-
tween training and testing data, such cross-validation tests
cannot guarantee reproducibility of the forecast skill in a real
forecasting setting (Li et al., 2020).

Figure 1. Schematic overview of the four steps to build a forecast
model for ACE in July–October (left): (1) the regions of interest for
two favourable conditions of hurricane activity (SST and VWS) are
identified. (2) For each of the favourable conditions of (1) potential
precursors in May are identified by clustering the most significantly
correlated grid cells within SST data. (3) Causal effect networks are
used to select a sub-set of robust precursors. (4) A statistical model
is built based on the identified robust precursors of (3). Steps (2)–
(4) are repeated for the different training sets, leading to a different
forecast model for each hindcasted year.

3 Results

3.1 Favourable conditions for active hurricane seasons

Favourable conditions for active hurricane seasons are
(among others) warm SSTs and low VWS over the west-
ern tropical North Atlantic (Fig. 2). We identify the re-
gions where the association of SSTs and VWS with basin-
wide ACE is strongest by clustering the most strongly cor-
related grid cells (see Supplement for more information).
These regions cover large parts of the main development re-
gion (MDR), and we call them SSTMDR and VWSMDR. The
relationships between these variables and TC formation as
well as TC intensification are well documented (Frank and
Ritchie, 2001).

To identify potential precursors (step 2 in Fig. 1) of
SSTMDR and VWSMDR, we next calculate lagged point
correlation maps using the regional averages of VWSMDR
(SSTMDR) and gridded SST data. VWSMDR in July–October
is strongly correlated with SSTs in May in several locations.
Potential precursor regions are found in the tropical Atlantic
and Pacific, in the northern North Atlantic, and in the north-
eastern Pacific (see Fig. 3a).

We then construct a causal effect network (step 3 in Fig. 1)
with all identified potential precursors. We find that warm
SSTs in the tropical Pacific and cold SSTs in the subtropi-
cal North Atlantic are robust precursors of strong VWSMDR
(Fig. 3b). The signal from the Pacific resembles the Niño3.4
region and thus reflects the El Niño–Southern Oscillation
(ENSO) which is a well-known driver of variations in hur-
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Figure 2. Favourable conditions for high ACE in July–October.
(a) Point correlation between SST and basin-wide mean ACE in
July–October. The contour line indicates the identified region in the
Atlantic basin, which consists of a cluster of the 5 % most signifi-
cantly correlated grid cells. Details on the definition of the region
are described in the Supplement. (b) As panel (a) but for VWS.

ricane activity (Gray, 1984a; Kim et al., 2009; Tang and
Neelin, 2004). In combination, the difference between trop-
ical Atlantic SSTs and tropical Pacific SSTs is consistent
with the hypothesis that Atlantic hurricane activity mainly
depends on the temperature of Atlantic SSTs relative to
the other basins (Murakami et al., 2018; Vecchi and Soden,
2007).

The correlation maps vary for the different training sets,
partly leading to different potential precursors of VWSMDR
(Fig. 4a). For instance, some regions are only identified as
potential precursors in some training sets (lighter shading).
Nevertheless, throughout all different training sets, SSTs in
the Atlantic and in the Niño3.4 region are consistently iden-
tified as robust precursors of VWSMDR (Fig. 4c).

A robust precursor for warm SSTMDR in July–October is a
large SST region in the North Atlantic (Fig. 4d). This region
extends to the northeastern Atlantic. The strong link of this
precursor to SSTMDR is a result of the high autocorrelation
of SSTs. Furthermore it is likely that water from north of the
MDR would be advected into it during the following months
(Klotzbach et al., 2019). The identified SST signals north in
the subpolar Atlantic and Arctic oceans may not have a direct
impact on the cyclone activity but could also be the result of
the presence of a common driver of multi-month/annual SST
in the North Atlantic that cannot be resolved by our tempo-
rally limited application of the CEN method for forecasting
purposes. This does not mean that the SST signal in the re-
gion does not have skill as a robust precursor, but only that
no direct “causal” pathway might be at play here.

3.2 Forecast model based on May precursors

We next hindcast each year’s ACE in July–October with a
linear regression model (step 4 in Fig. 1) based on the ab-
solute values of the robust precursors identified in May for
the training set (containing again all years but the hindcasted
year and the 2 preceding years) (see Fig. 5). With a Pear-
son correlation coefficient of ρ = 0.47 (and a Spearman rank
correlation coefficient of ρrank = 0.53), our cross-validated

hindcast seems competitive with operational forecasts (from
CSU, TSR and NOAA) which have ρ < 0.4 (see Fig. 1 in
Klotzbach et al., 2019).

Our model skilfully discriminates between above- and
below-median seasonal activity (Fig. 5b). However, the in-
tensity of most extreme hurricane seasons is underestimated
in our linear forecast model (e.g. years 1995, 2004, 2005 and
2017 in Fig. 5a). Figure 5b shows that despite this lack in
sensitivity of the linear model, it can still deliver valuable
information on the occurrence of above-66th-percentile sea-
sons.

As an addition to the linear model, we next use a logistic
regression classifier to construct probabilistic forecast mod-
els. We focus on predicting the most active (above-66th-
percentile) and least active (below-33rd-percentile) seasons
using the same predictors as for the linear model (Fig. 6b–
c). For each year this model gives a probability of having a
season above the 66th (below 33rd) percentile. As it does not
assume a linear relationship between predictors and predic-
tands, it might be better suited for the prediction of extreme
seasons.

We evaluate the performance of the model using the Brier
skill score (BSS) (Brier, 1950). With a positive BSS, the re-
sult of the forecast model that gives the probability of find-
ing an above-66th-percentile season (Fig. 6c) is slightly su-
perior to a climatological forecast, which would be forecast-
ing above-66th-percentile seasons with a probability of 33 %
in each year. The reliability curve flattens out for high fore-
cast probabilities, indicating that the usefulness of this fore-
cast is however limited. For instance, the false positive rate is
50 % for seasons which are hindcasted to be an above-66th-
percentile season with a probability of 60 %. Yet, seasons that
are very unlikely to become particularly active are hindcasted
with high confidence.

We hypothesise that the deficit to hindcast some of the
most active seasons might be due to missing relevant pre-
dictors. For example, Klotzbach et al. (2018) argued that
the extreme TC activity in 2017 was due to an enhanced
Pacific Walker circulation during near-neutral ENSO condi-
tions. The Pacific Walker circulation and ENSO are strongly
correlated, but in 2017 forecast models using ENSO as a pre-
dictor (rather than the Walker circulation) heavily underesti-
mated the seasonal activity (Klotzbach et al., 2018). Further-
more, it has to be noted that there is some stochastic com-
ponent to TC formation which systematically limits the skill
of our empirical forecast model that is based on favourable
conditions for TC formation.

3.3 Forecasting at longer lead times

So far, the robust precursors we detected with our data-driven
approach are already well documented in the literature, pro-
viding us with confidence in the approach. We next apply
the same methods to construct a forecast model based on re-
analysis data in March, where existing operational forecasts
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Figure 3. Precursors of VWSMDR in a training set containing the years 1979–2015: (a) pointwise correlation between SSTs in May and
VWSMDR averaged over July–October. Labels indicate clustered regions that are treated as potential precursors. (b) Robust precursors of
VWSMDR as detected by our method. The colour of the arrows indicates the link strength, and the colour of the nodes indicates the strength
of auto-dependence. The link strength (including auto-dependence of variables) is calculated following Runge et al. (2019) using partial
correlations. This was shown to give a normalised measure of causal strength ranging between −1 and 1. For visualisation purposes only
ingoing links of VWSMDR are shown here; the full network is shown in Fig. S1 in the Supplement.

Figure 4. Potential and robust precursors of VWSMDR (a, c) and SSTMDR (b, d) in May. Number of training sets in which a grid cell is part
of a potential (a–b) and robust (c–d) precursor region. The maximum number is 40 – the number of different training sets considered.

show little skill (Klotzbach et al., 2019, 2017). At the end
of March, it is difficult to forecast the state of ENSO for the
upcoming hurricane season due to the ENSO predictability
barrier (Hendon et al., 2009; Torrence and Webster, 1998).
Indeed, in March, the El Niño region is not identified as a
robust precursor of VWSMDR in July–October (see Fig. S2).

We further search for robust precursors in mean sea level
pressure data (MSLP). To avoid spurious effects at this long-
time lag on atmospheric timescales, we adjust our criteria to
yield large-scale precursors and cluster the 7.5 % most signif-
icantly correlated grid cells (instead of 5 % elsewhere) into
large-scale precursor regions (see Supplement for more de-
tails).

We identify potential precursor regions in both hemi-
spheres (Fig. 7a). As robust precursors, a high-pressure sys-
tem over the southern Indian Ocean and a low-pressure sys-

tem eastward of New Zealand are identified in nearly all
training sets (Fig. 7c).

For SSTMDR, autocorrelation still plays an important role
and, as for the May forecast, a larger area in the North At-
lantic remains a robust precursor (see Fig. 7d).

As expected, the overall skill of a hindcast based on these
March precursors is lower than for the May hindcast but still
considerable with a spearman rank correlation of 0.27 be-
tween the observed and the hindcasted ACE (Fig. 8). Despite
being relatively low, this correlation is promising since this
correlation is near zero in most operational forecast models
(compare Klotzbach et al., 2017, 2019).

The linear model shows skill in hindcasting above median
as well as extremely active seasons (Fig. 8b). For instance, an
above-66th-percentile season can be hindcasted with a true
positive rate of 65 % and a false positive rate of only 27 %.
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Figure 5. Hindcast skill based on May reanalysis. (a) ACE yearly aggregated over July–October (black) and based on our linear forecast
model using precursors identified for the month of May (magenta). The shading corresponds to a 66 % confidence interval based on the
standard deviation of the model over the training periods. (b) Receiver operating characteristic (ROC) curve (see Supplement) for different
seasonal activities: above the (long-term) median in blue, above the 33rd percentile in green and above the 66th percentile in purple. The
area under the ROC curve (ROCA) is indicated in the legend with significance levels (∗∗ – alpha= 0.05; ∗ – alpha= 0.1).

Figure 6. Reliability diagrams for a logistic regression model on
May precursors and for three types of seasonal activities: above
median (a), below 33rd percentile (b), above 66th percentile (c).
Dots show the mean hindcasted probability versus the observed fre-
quency of a (seasonal) event. The size of the dots indicates the rel-
ative number of data points that contributed to a bin. A perfectly
reliable forecast would lie on the diagonal (dashed grey line). Dots
within the dark-green area contribute to a forecast skill improve-
ment compared to the climatology while dots within the light-green
area contribute to a forecast skill improvement compared to random
guessing. The Brier skill score (BSS) is indicated in the lower right
corner of each panel.

The hindcasts of the logistic regression model for above-
66th-percentile seasons have skill over a climatological fore-
cast (BSS= 0.11). The reliability diagram (Fig. 9c) shows
a rather flat curve with few data points with high observed
frequencies. This means that when the model predicts high
probabilities for above-66th-percentile seasons a relatively
high number of these events are false positives. For above-
median TC activity the reliability curve is substantially closer

to the diagonal and the skill over a climatological forecast is
higher (BSS= 0.17, Fig. 9a).

Our results suggest that the identified dipole pattern in
MSLP in the southern Indian Ocean and the western south
Pacific enhances VWS in the tropical Atlantic 4–6 months
later (see Fig. 7c for the dipole) but the underlying mecha-
nism is not obvious. We hypothesise that this dipole weak-
ens the trade winds in the western Pacific, thereby favouring
the formation of El Niño events. This would sub-sequentially
lead to strong VWS in the Atlantic (during the main hurri-
cane season).

We test this hypothesis by constructing a causal effect net-
work. As input data we include time series constructed as
the MSLP difference between the southern Indian Ocean and
the western south Pacific (“Delta MSLP”), the strength of the
trade winds in the western Pacific (“Trade winds 850 hPa”)
and SSTs in the Niño 3.4 region (“SST Niño 3.4”) (all re-
gions are displayed in Fig. 10a). The CEN is then calculated
for the months of February to July, which is roughly the pe-
riod for which we want to test the hypothesis.

The detected causal links between the actors are shown in
Fig. 10b. Indeed, weak trade winds in the western Pacific are
suggested to favour the formation of El Niño events in the
next month. Furthermore, a strong pressure gradient towards
the Indian Ocean weakens the trade winds (on a timescale
of 2 months). At the same time, strong trade winds increase
the pressure difference between the Indian Ocean and Pa-
cific. Overall, although a more detailed analysis is needed,
our analysis suggests that the identified March dipole might
indeed be physically linked to the upcoming Atlantic hurri-
cane activity.

The skill of the March forecast drops when detrended ACE
anomalies are predicted using detrended precursor anomalies
(see Fig. S3). One explanation for the reduced skill might
be related to the simultaneous increase in ACE and the in-
crease in Atlantic SSTs over the period 1979–2018, partly
modulated also by natural multi-decadal variability (Alexan-
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Figure 7. Potential and robust precursors of VWSMDR and SSTMDR in March. As Fig. 4 but in March and with MSLP precursors for
VWSMDR.

Figure 8. Hindcast skill based on March reanalysis. As Fig. 5 but for March.

Figure 9. Reliability diagrams for a logistic regression model on
March precursors. As Fig. 6 but for March.

der et al., 2014; Schleussner et al., 2014). As the link be-
tween Atlantic SSTs and ACE is well established (Murakami
et al., 2018), and SSTs are auto-correlated on up to decadal

timescales, such a detrending would be expected to reduce
the skill of our model. Also, the linear trends of March pre-
cursors are small compared to the interannual variability and
are not statistically significant (see Fig. S4). While a longer
time series would be required to fully establish the indepen-
dence of our findings from simultaneous trends in the predic-
tors and predictands, we are confident that our identified pre-
cursors of VWSMDR and SSTMDR do indeed contain physi-
cally meaningful information.

Note that the identified robust precursors of strong
VWSMDR over the southern hemispheric oceans might suffer
from quality deficits of the reanalysis product, as only rela-
tively few observations of SSTs and MSLP are available in
these regions. We therefore perform a number of sensitivity
tests to investigate how robust this signal is and whether it
could be an artefact of the used ERA5 reanalysis data. To do
this, we conduct the same analysis using the JRA-55 reanaly-
sis and obtain similar precursors in May and March (Figs. S5
and S7). Overall these precursors are yet less robust in JRA-
55 and the forecast skill is slightly reduced (Figs. S6 and S8).

The reason for this difference might also lie in the method
applied to identify potential precursors (step 2 in Fig. 1). Ap-
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Figure 10. Causal effect network (CEN) to test if the detected robust precursor in March affects ENSO variability. (a) Regions included to
construct the time series that enter the CEN. To describe the robust precursors, we include the MSLP difference between the southern Indian
Ocean (magenta box) and the western South Pacific (cyan box). We further include an index of western Pacific trade winds at 850 hPa (blue
box) and SSTs in the Nino3.4 region (green box). (b) Resulting CEN of the time series calculated over the regions as shown in panel (a). For
the CEN calculation only the months February to July and time lags of 1 to 4 months are considered. The colour of the arrows indicates the
link strengths, with the colour of the nodes indicating the strength of the auto-dependence.

plying the same clustering algorithm with the same parame-
ters to a dataset with a different grid size leads to a minimally
different clustering behaviour and might therefore affect the
whole model building approach. The strong influence of the
clustering step on the identified potential precursors and all
the subsequent steps in the analysis could thus partially ex-
plain the differences between the results obtained with JRA-
55 and ERA5.

Finally, we test whether our model has skill outside of the
period used for the main analysis (1979–2018) by applying
a forecast model trained on 1980–2018 to the early period
of JRA-55 (1958–1978). In the pre-1979 period, our model
captures the main features as a reduced hurricane activity in
the 1970s after higher activity in the 1960s (see Fig. S9). It,
however, systematically overestimates hurricane activity and
the skill is lower than in the cross-validated hindcast of the
period 1979–2018.

The reduced skill in the pre-1979 period could be a result
of non-stationarities in precursors of Atlantic hurricane activ-
ity. For instance, changes in anthropogenic aerosol emissions
lead to a suppression of tropical cyclone activity in the period
1950–1980 (Dunstone et al., 2013). This could explain the
systematic overestimation of hurricane activity in our model
as it does not capture the effect of aerosols.

It has to be noted as well that reanalyses for time peri-
ods before the use of satellites (before 1979) are subject to
considerable uncertainties, especially in the Southern Hemi-
sphere (Tennant, 2004). It therefore remains difficult to in-
vestigate whether the identified relationship between March
precursors and hurricane activity is robust under different cli-
mate states with the available datasets.

In summary, the identified MSLP precursors in March ap-
pear to be less robust than the well-documented May pre-
cursors. However, as far as it can be assessed with the given

reanalysis datasets, sensitivity tests suggest that the identi-
fied March precursors indeed contain useful information con-
tributing to a skilful seasonal forecast of ACE.

4 Discussion

A crucial component of statistical forecasting is the selec-
tion of meaningful predictors. Because too many included
features quickly lead to overfitting, methods are required to
sub-select relevant predictors from a large set of potential
predictors (Hawkins, 2004). Here we showed that causal ef-
fect networks (CENs), a data-driven method based on causal
inference techniques, can be used to identify robust predic-
tors of a variable of interest.

Using CEN, we identified warm SSTs in the Atlantic and
La Niña conditions in May as robust precursors of an active
hurricane season in July–October. These precursors are con-
sistent with the prevailing literature and thus show the useful-
ness of our approach. We performed hindcasts based on these
precursors and showed that the skill of our forecast model
compares well with operational forecast models (Klotzbach
et al., 2019), although the real forecasting skill of our model
can only be evaluated in the coming years.

At longer lead times, the skill of operational forecast mod-
els issued at the beginning of April is limited (Klotzbach
et al., 2019). Here we also identified robust precursors in
March including a region of Atlantic SSTs and two regions
of mean sea level pressure anomalies in the southern Indian
Ocean and east of New Zealand. A model based on these
precursors provides valuable hindcasts of above-median and
above-66th-percentile seasonal activity. We speculate on the
involved mechanism at play and suggest that a strong pres-
sure gradient in that region weakens the trade winds in the
western Pacific, which would favour the formation of El Niño
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events, which in turn are associated with reduced hurricane
activity. We provided some evidence for this hypothesis by
applying a simple CEN to the involved actors, but more re-
search is needed to show the robustness of this link.

In this study we searched for robust precursors of two
well-known favourable conditions for TC formation and in-
tensification, that is, warm SSTs and low VWS in the At-
lantic main development region. Including more variables to
the characterisation of favourable conditions, such as rela-
tive humidity or upper-troposphere temperatures, could fur-
ther increase the skill. It might, however, be challenging to
incorporate these conditions in our current framework which
was constructed using seasonally aggregated data. For rela-
tive humidity in particular, variability on shorter timescales
than SSTs or VWS might be relevant in this context.

Here we constructed causal effect networks for favourable
conditions in the hurricane season and their potential precur-
sors in SSTs or MSLP at a fixed time lag of 2 or 4 months.
Yet, mechanisms on different timescales and lags might also
play a role and might further affect our results (Runge, 2018).
Overall, we cannot guarantee that the identified links are
“truly causal”. The causal effect network approach rather
helps to identify “the least spurious links” and therefore most
robust precursors or most skilful predictors. We stress that
physical knowledge of the underlying mechanisms is essen-
tial to ensure a meaningful interpretation of our data-centric
approach.

A challenge that we did not address here is potential non-
stationarities regarding the detected robust precursors (as dis-
cussed in Fink et al., 2010; Caron et al., 2015). Such non-
stationarities could lead to varying forecast skill. Given the
limited time span for which reliable reanalysis datasets ex-
ist, this issue remains difficult. Applying our approach to cli-
mate simulations for which longer time series are available
is therefore a logical next step.

Our here-proposed technique to construct statistical fore-
casting models is generic and can easily be applied for other
meteorological phenomena. It could for instance be applied
to forecast seasonal hurricane activity in other basins for
which fewer forecasts exist.

From a methodological viewpoint, the most sensitive step
in the approach seems to be the identification of potential
precursors (step 2 in Fig. 1). Depending on the choice of the
free parameters of the clustering algorithm and significance
threshold for correlated grid cells, the detected potential pre-
cursor regions can vary and subsequently affect the causal
network. Improving the robustness of this step or finding al-
ternative ways of defining these potential precursors would
further enhance the applicability of the method. Given the re-
cent advances in novel machine learning techniques, we are
confident that this method can be further improved.

5 Conclusions

Using a causal effect network approach, we identified skil-
ful spring predictors of seasonal Atlantic hurricane activity
from July to October. For shorter lead times of 2 months,
the identified precursor regions represent well-documented
physical drivers. Statistical forecast models based on these
drivers yield considerable prediction skill, demonstrating the
potential of our method. For longer lead times of up to 4
months, our method suggests a pressure dipole between the
southern Indian Ocean and the western South Pacific as a pre-
dictor of hurricane activity in the following season. A predic-
tion model based on these March precursors still shows skill,
but challenges in predicting in particular highly active hurri-
cane seasons remain.

We see different entry points for our findings to be in-
corporated into applied seasonal hurricane forecasts. Be-
sides a direct application of our early April forecast model,
we encourage other statistical forecasting groups to inves-
tigate whether our newly identified predictors can help to
improve their statistical forecast models. Furthermore, the
causal links identified here could form the basis for hybrid
forecasting techniques where a dynamical forecast ensem-
ble is constrained by selecting only members that adequately
reproduce the causal links as demonstrated by Dobrynin et
al. (2018).

Improved seasonal forecasting with long lead times can
support seasonal planning of disaster risk reduction mea-
sures, particularly also related to disaster relief and emer-
gency aid provision. While basin-scale dissipated energy
does not directly provide risk profiles for individual coun-
tries, it allows us to inform decision making on the regional
level, including on financial support needs pooled, for ex-
ample, in the Caribbean Catastrophe Risk Insurance Facil-
ity serving Caribbean islands states (CCRIF, 2020). As such,
improved seasonal forecasting can provide essential informa-
tion to ensure hurricane preparedness in affected countries.

Code and data availability. All Python scripts re-
quired to reproduce the analysis are available under
https://doi.org/10.5281/zenodo.3925816 (Pfleiderer, 2020).
We used the openly available TIGRAMITE tool developed by
Jakob Runge (http://github.com/jakobrunge/tigramite; Runge,
2014). For the analysis we also used the following datasets:
IBTrACS dataset (http://ncdc.noaa.gov/ibtracs; Knapp et al.,
2020), fifth generation of ECMWF atmospheric reanalyses
(http://ecmwf.int/en/forecasts/datasets/reanalysis-datasets/era5;
C3S, 2019) and the Japanese 55-year reanalysis (http:
//jra.kishou.go.jp/JRA-55; JMA, 2013).

Supplement. The supplement related to this article is available on-
line at: https://doi.org/10.5194/wcd-1-313-2020-supplement.
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Abstract. Tropical cyclones are among the most damaging
extreme weather events. An increase in Atlantic tropical cy-
clone activity has been observed, but attribution to global
warming remains challenging due to large inter-annual vari-
ability and modeling challenges. Here we show that the in-
crease in Atlantic tropical cyclone activity since the 1980s
can be robustly ascribed to variations in atmospheric cir-
culation as well as sea surface temperature (SST) increase.
Based on a novel weather-pattern-based statistical model, we
find that the forced warming trend in Atlantic SSTs over the
1982–2020 period has doubled the probability of extremely
active tropical cyclone seasons. For the year 2020, our re-
sults suggest that such an exceptionally intense season might
have been made twice as likely by ocean surface warming.
In our statistical model, seasonal atmospheric circulation re-
mains the dominant factor explaining the inter-annual vari-
ability and the occurrence of very active seasons. However,
our study underscores the importance of rising SSTs that lead
to more extreme outcomes in terms of cyclone intensity for
the same seasonal atmospheric patterns. Our findings pro-
vide a new perspective on the contribution of ocean warming
to the increase in recent hurricane activity and illustrate how
anthropogenic climate change has contributed to a decisive
increase in Atlantic tropical cyclone season activity over the
observational period.

1 Introduction

Tropical cyclones (TCs) are highly destructive extreme
weather events (MunichRe, 2021), with a notable increase
in intensity and associated damages over recent decades
(Kossin et al., 2013, 2020; Holland and Bruyère, 2014; Knut-
son et al., 2019). Under anthropogenically caused climate
change, the impact severity of TCs is exacerbated due to
more extreme precipitation (van Oldenborgh et al., 2017;
Reed et al., 2020) and increased risk of storm surges follow-
ing from sea level rise (Lin et al., 2016), amongst others.

Whether the observed increase in TC intensity arises from
a long-term trend related to global warming, however, re-
mains unresolved. While climate models project an increase
in TC intensities (Bhatia et al., 2018; Walsh et al., 2016;
Knutson et al., 2020), a recent study suggests that after cor-
recting for missing storm observations prior to satellite ob-
servation there is no robust long-term trend in Atlantic major
hurricane counts (Vecchi et al., 2022).

TC formation and intensification mostly depends on the
atmospheric environment, which varies strongly on inter-
annual and intra-seasonal timescales. TC formation mainly
requires low vertical wind shear and strong low-level rela-
tive vorticity (Frank and Ritchie, 2001; Sharmila and Walsh,
2017) alongside some initial perturbation (Dieng et al.,
2017). The maximal potential intensity of a storm mostly de-
pends on the vertical temperature gradient from the ocean
surface to the upper troposphere (Emanuel, 1987; Emanuel
et al., 2013). Whether a storm reaches its maximum poten-
tial intensity is, however, strongly constrained by the large-
scale atmospheric circulation. As a result, substantial uncer-
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tainties on the impacts of dynamical effects of global warm-
ing on changes in TCs globally still exist (Knutson et al.,
2019, 2020).

Given the large uncertainty in forced atmospheric circula-
tion changes and assuming that these changes are small in
comparison to internal variability (Trenberth et al., 2015), a
promising way forward could be to focus on thermodynam-
ically forced changes instead. Using a numerical TC fore-
cast model, Reed et al. (2020) attributed a portion of the
rainfall of Hurricane Florence to thermodynamic effects of
global warming. This study followed the story-line approach
in which dynamical conditions of the weather event are re-
produced for different counterfactual thermodynamic forc-
ings. Such approaches are, however, restricted to individ-
ual events with clearly defined atmospheric conditions and
cannot be directly generalized to seasonal TC activity (Reed
et al., 2020).

For a more generalizable approach, the role of internal
variability needs to be established and separated from the
potential thermodynamic forcing (Shepherd, 2016). Climate
models could be used to this extent (Sippel et al., 2019), but
this would require a large ensemble of climate simulations
with adequate TC representation. Alternatively, circulation
analogues can be used. For example, Cattiaux et al. (2010)
reproduced European winter temperatures based on observed
circulation patterns and their influence on local temperatures.

Here we follow the idea of circulation analogues to con-
struct a probabilistic tropical cyclone season emulator based
on the empirically assessed influence of atmospheric circu-
lation patterns over the tropical north Atlantic on TC activ-
ity. We find that the sequence of weather patterns throughout
the main hurricane season (August–October) explains most
of the inter-annual variability in number of storms and their
intensities. The full observed variability in TC activity can
be reproduced by including sea-surface temperatures (SSTs)
over the main development region (MDR see Fig. S6 in the
Supplement) as an amplifying factor for most intense TCs.
Using counterfactual experiments, we furthermore investi-
gate the extent to which trends in Atlantic SSTs contribute to
highly active tropical cyclone seasons under current climatic
conditions.

2 Data and methods

2.1 Data and preprocessing

For the classification of weather patterns we use mean sea
level pressure (MSLP) and vertical wind shear (VWS) cal-
culated as the difference between 200 and 850 hPa eastward
wind from the ERA5 reanalysis (Hersbach et al., 2020) over
the period 1982–2020. Weather patterns are classified over
the tropical north Atlantic (10–90◦W and 10–30◦ N). For
the following pre-processing we transform the data from the
original 0.28◦× 0.28◦ to a 1◦× 1◦ grid. In order to remove

the direct influence of TCs in the reanalysis data, we re-
place the 3× 3 grid-cell square area encompassing the cen-
ter of the storm with the average of its surrounding 16 grid
cells. Finally, we transform the data from a 1◦× 1◦ grid to a
2.5◦× 2.5◦ grid and average 6-hourly data to daily data.

For the construction and validation of the TC emulator,
we use daily sea surface temperatures (SST) from the Daily
Optimum Interpolation Sea Surface Temperature (DOISST)
dataset (Huang et al., 2021). SSTs are averaged over the At-
lantic main development region (MDR) defined as 90–20◦W
and 10–20◦ N (see Fig. S6). The majority of Atlantic TCs
originate and develop in this region. Since the MDR is com-
monly used in the literature, we choose to use it here even
though it is slightly smaller than the region we use to classify
weather patterns.

We use historical climate model simulations from the
sixth phase of the Coupled Model Intercomparison Project
(CMIP6) to estimate anthropogenically forced trends in At-
lantic MDR SSTs over the period 1982–2014. A list of the
used models can be found in Table S1 in the Supplement. As
a reference for longer SST observations, the Hadley Centre
Sea Ice and Sea Surface Temperature dataset (HadISST) is
used (Rayner et al., 2003).

We use TC observations from the World Meteorological
Organization (WMO) agency provided by the International
Best Track Archive for Climate Stewardship (IBTrACS)
database (Knapp et al., 2010, 2018). Only storms in the At-
lantic basin that are classified as tropical storms are consid-
ered, resulting in a total number of 454 storms. Following
Bell et al. (2000), we use accumulated cyclone energy (ACE)
as a measure of seasonal TC activity:

ACE= 10−4
∑

v2
max, (1)

where vmax is the 6-hourly sustained wind speed in knots (kn)
of storms that have at least tropical storm strength according
to the Saffir–Simpson hurricane wind scale (vmax > 34 kn).

TCs are classified according to the Saffir–Simpson hur-
ricane wind scale, according to which TCs with sustained
winds of more than 64 kn are named hurricanes and TCs with
sustained winds above 96 kn are major hurricanes. Follow-
ing the definitions of the National Oceanic and Atmospheric
Administration (NOAA) National Weather Service (CPC,
2021), we classify Atlantic hurricane seasons into above-
normal seasons if they produce more than 126.1 ACE or ex-
tremely active seasons if the produced more than 159.6 ACE.

2.2 Daily tropical Atlantic weather patterns and sea
surface temperatures

We use a self-organizing map algorithm (SOM) to classify
daily tropical Atlantic weather into 20 patterns. A SOM is
an artificial neural network that is used for dimensionality
reduction and can be applied to classify synoptic weather
patterns (Hewitson and Crane, 2002). Here we reduce the
highly dimensional information of mean sea level pressure
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(MSLP) and vertical wind shear (VWS) over a 2.5◦× 2.5◦

grid spanning 10–30◦ N and 90–10◦W to a 5× 4 map where
each node represents a weather pattern (see Figs. S1–S2). We
use an initialization that is based on a principal component
analysis to guarantee the reproducibility of the results.

To guarantee that both variables (MSLP and VWS) have
equal weight in the classification, we standardize the vari-
ables to the 1982–2011 mean and standard deviation. The
combination of these two variables is a suitable choice for
our application as TC formation and intensification strongly
depends on VWS, while MSLP is generally helpful to char-
acterize the prevailing atmospheric circulation.

Some selected weather patterns are shown in Fig. 1: strong
TC activity is observed during weather pattern w0, which is
characterized by a large low-pressure anomaly and nearly no
vertical wind shear in the east of the MDR. Strong VWS in
this region leads to fewer and weaker storms (see weather
pattern w3). A strong high-pressure anomaly as in weather
pattern w15 is similarly TC inhibiting. A weak pressure gra-
dient from west to east with low VWS in the MDR is asso-
ciated with high TC activity (w12). All 20 weather patterns
are shown in the Supplement (Figs. S1, S2, S3).

The intensities of TCs also depend on SSTs in the region.
As shown in Fig. S7, the strongest storms are found over
warm SSTs. A quantile regression shows a significant rela-
tionship between warm SSTs and above median TC intensi-
ties. Weather patterns are not fully independent from SSTs:
weather patterns with low-pressure anomalies occur more of-
ten on days with warm SST anomalies (see Fig. 1 blue bars).
However, no systematic association between SSTs and VWS
is apparent (see Figs. S1 and S3). Although we will not be
able to treat our weather patterns as independent from SST
anomalies in the region, both variables contain distinct infor-
mation that is relevant for TC intensification.

2.3 Seasonal tropical cyclone emulator

We construct a probabilistic emulator that creates series of
storms with maximum sustained wind speeds for each day.
TCs are rare events, and their formation and intensifica-
tion involves complex physical processes. In our emulator
we break these processes down into three components that
are fully independent from each other: (i) storm formation,
(ii) storm duration and (iii) daily storm intensity. In these
components the daily weather pattern slightly alters the prob-
abilities for a new storm formation and its duration, and
the weather pattern in combination with regionally averaged
SSTs alters the probabilities for intensification of an existing
storm (see Fig. 2).

2.3.1 Storm formation

The number of storm formations varies strongly between
different large-scale weather patterns (Jaye et al., 2019).
Storm formation predominantly occurs during weather pat-

terns with low vertical wind shear, high relative humidity in
the lower troposphere and the existence of some kind of per-
turbation. The storm formation component relies on the fol-
lowing assumptions: (i) weather patterns can favor or ham-
per storm formations (Jaye et al., 2019; Lee et al., 2018) and
(ii) persistent weather conditions can further increase or de-
crease formation probabilities.

Based on these assumptions we estimate the probability of
a storm formation event Pgen on a day d with weather pattern
w(d) as

Pgen(d)= Pobs (gen|w(d))

×

√
Pobs

(
gen+1d |w(d − 1)

)
×Pobs

(
gen+2d |w(d − 2)

)
Pobs(gen|all)

. (2)

The first factor Pobs(gen|w(d)) is the observed probabil-
ity of storm formations for the given weather pattern w.
The second factor includes the probabilities of storm for-
mations 1 and 2 d after the weather pattern that occurred
1 d (Pobs(gen+1d |w(d−1))) and 2 d (Pobs(gen+2d |w(d−2)))
earlier respectively. These probabilities are given less weight
by applying a square root, and the factor is normalized by a
dividing by the overall observed storm formation probability
(Pobs(gen|all)).

2.3.2 Storm duration

There are numerous processes that can weaken and eventu-
ally dissipate TCs. The most common end of a TC is land-
fall. As we do not have information about the location of
storms in our emulator, estimating the duration of a storm is
challenging. For the development of this component we use
the following assumptions: (i) storms dissipate when mak-
ing landfall, (ii) the time a storm has before making landfall
is modulated by its formation location and (iii) the formation
location is to some extent influenced by weather patterns (see
Figs. S4 and S5).

To incorporate this dependence of storm duration on
weather patterns, we compute for each weather pattern a
Gaussian kernel estimate fg of all storms that have formed
on days with that weather pattern or on days of neighbor-
ing weather patterns in the SOM grid. In the emulator, the
duration D of a storm s is sampled from the Gaussian ker-
nel estimate fg corresponding to the weather pattern during
which the storm has formed w(df).

D(s)= fg
(
Dobs

[
wrow−wrow(df) < 2

& wcol−wcol(df) < 2
])

(3)

2.3.3 Storm intensity

We quantify storm intensity through the daily maximum sus-
tained wind speed. We use the following assumptions for our
daily storm intensity emulations: (i) intensification can be fa-
vored or hampered by specific atmospheric circulation pat-
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Figure 1. Tropical cyclone activity during selected weather patterns. Mean sea level pressure anomalies (a–d) and vertical wind shear
anomalies (e–h) for four selected weather patterns w0, w12, w3 and w15. The last row (i–l) shows relative deviations from the average of all
weather patterns expressed in standard deviations for the following statistics: frequency of the weather pattern, SST in the MDR, number of
storm formations during the weather pattern, storm days, hurricane days, major hurricane days and average ACE generated during days with
this weather pattern. A value of 2 indicates that the statistic is 2 standard deviations higher during this weather pattern than for the average
over all weather patterns. All 20 weather patterns are shown in Figs. S1, S2 and S3.

Figure 2. Schematic overview of the emulator. The input required to emulate TC seasons is shown on the left side. In the center, the three
components of the emulator are listed. On the right side, the functioning of the emulator is shown and the format of the output is indicated.
Arrows between the left-hand columns indicate which input is used in which components of the emulator. The light-purple arrow indicates
that the estimation of storm intensities depends on the previous intensity of a storm.

terns (Frank and Ritchie, 2001; Lee et al., 2016), (ii) the in-
tensity of a storm depends on the intensity on the day before,
(iii) warmer SSTs in the MDR favor the intensification of in-
tense TCs (Bhatia et al., 2018; Trepanier, 2020), and (iv) the
relationship between SSTs and storm strength can be regu-
larized by a quantile regression (see Fig. S7).

Assessing probability density functions (PDFs) for daily
storm intensities for all possible combinations of weather
patterns, SSTs and storm intensities on the day before is chal-
lenging given the insufficient number of storm observations.
Therefore, instead of estimating a PDF for the daily inten-
sity from all observations that match to certain conditions

(e.g. weather pattern w6, 28 ◦C SST and 60 kn wind speed
on the day before), we estimate the intensity PDF from the
100 storm observations that are most similar to these condi-
tions.

Furthermore, the distribution of observed intensities is
skewed towards weak storms, which would result in a low
intensity bias in a straightforward application of the nearest-
neighbor approach (see Fig. S10a–c). We therefore introduce
a linear relationship between regionally averaged SSTs and
storm intensities (see quantile regression in Fig. S7) to guar-
antee that the intensities from which we sample are not sys-
tematically too weak.
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For a given SSTtarget, we transform all observed storm in-
tensities to artificial pseudo-intensities vshifted using the slope
βτ of the next quantile τ below the observed storm strength
v(s,d):

vshifted(s,d,SSTtarget)= v(s,d)+βτ(s,d)

×
(
SSTtarget−SSTobs(d)

)
τ(s,d)=min(τ : v(s,d) > βτ + cτ ). (4)

We use the Euclidean distance metric applied on standard-
ized variables to identify the 100 nearest neighbors in terms
of weather pattern and storm intensity on the day before:

D(di,dj )
2
=

(
w(di)−w(dj )

)2√
1
N

∑
m(w(dm)−w)

2

+

(
vshifted(di − 1)− vshifted(dj − 1)

)2√
1
N

∑
m (vshifted(dm)− vshifted)

. (5)

For the weather patterns which are not a continuous vari-
able, we consider their coordinates in the SOM grid as loca-
tions and calculate differences between weather patterns as
the sum of the squared differences in row and column num-
bers.

w(di)−w(dj )=√(
wrow(di)−wrow(dj )

)2
+
(
wcol(di)−wcol(dj )

)2 (6)

3 Results

3.1 Validation of the emulator

Figure 3 shows the functioning of the emulator for three At-
lantic hurricane seasons: 2020 was a highly active season
with predominantly warm SSTs and favorable large-scale
weather conditions allowing for strong TCs throughout most
of the season; 2009 had similarly warm SSTs but less favor-
able weather conditions resulting in overall fewer days with
strong storms; and 1983 was an El Niño year with cool SSTs
in the tropical Atlantic and mostly unfavorable weather con-
ditions for TCs in the Atlantic basin. The chance of finding
storms and especially the chance of finding major hurricanes
in simulations (Fig. 3d) for the respective years reflects the
observed weather patterns and SSTs.

To validate the emulator, we re-simulated every hurricane
season between 1982 and 2020 a total of 1000 times using
the observed sequence of daily weather patterns and SST
averages over the MDR. We construct a new emulator for
each decade using all the years but the decade we want to
re-simulate as training data.

Large-scale weather patterns are sufficient to explain most
of the inter-annual variations in the number of storm forma-
tions (see Fig. 4a). The remaining spread between individual

simulation runs is to be expected as tropical storm forma-
tions have a strong stochastic component. Besides favorable
weather conditions, storm formation requires a (small-scale)
perturbation in the atmospheric flow such as African easterly
waves to be initiated (Dieng et al., 2017) – information that
is lacking in our emulator.

The number of storm days per season is strongly related
to the number of storms. The simulated storm durations en-
hance the representation of the number of storm days, re-
sulting in a accurate representation of storm durations (see
Fig. S5) and a Pearson correlation coefficient of 0.69 between
observations and the mean of all simulations (see Fig. 4b).

Finally, the storm intensity component produces a variety
of storm intensities including major hurricanes (see Fig. 4c).
As for the number of storm days, the number of strong storms
is tightly linked to the number of storm formations. But as
storm intensification is favored by certain weather patterns
and warm SSTs, the potential for intensification alters be-
tween years. In combination, this results in an adequate rep-
resentation of inter-annual variability in seasonal accumu-
lated cyclone energy (ACE) as shown in Fig. 4d.

According to the correlation coefficients, major hurricane
counts are slightly better represented than storm counts.
While the number of major hurricanes is tightly linked to the
amount of storm formations, the storm intensity component
is an additional instance controlling under which conditions
many major hurricanes are likely. The higher correlation for
major hurricane counts is therefore an indication for a mean-
ingful treatment of storm intensification in the emulator.

3.2 Sensitivity analysis

Strong simplifications were required to emulate TCs based
on sequences of weather patterns and regionally aver-
aged SSTs. The assumptions on which our methodological
choices are made are plausible and appear to work well; they
are, however, not without alternatives. We therefore test how
alternative emulators perform.

The most critical part is the treatment of SSTs in the inten-
sification component of the emulator as it directly influences
some of the results. As shown in Fig. S11, emulators without
any SST influence have considerable trends in residuals for
major hurricane counts of 0.3 per decade (or 0.9 per kelvin
of seasonal SST; see Fig. S11d). This misrepresentation in
major hurricanes translates into a negative trend in seasonal
ACE residuals (see Fig. S12). Including SSTs in the intensi-
fication component of the emulator reduces these trends sig-
nificantly, which suggests that SSTs contain information that
is required for an adequate representation of the strongest
TCs.

A simpler way of including SSTs in our emulator could
be to estimate intensity probability functions directly from
the 100 nearest neighbors in terms of weather patterns, storm
intensities on the day before and SSTs. While this approach
works well in the range of average conditions, there are sys-
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Figure 3. Functioning of the tropical cyclone emulator. (a) Sequence of daily weather patterns grouped into four categories from least
favorable for TC formation and intensification to most favorable for the years 2020 (purple), 2009 (cyan) and 1983 (orange). (b) Daily SSTs
averaged over the main development region for the same years. (c) Intensity of the strongest storm for each day grouped into the categories
storm, hurricane and major hurricane. (d) Probability of exceeding the intensity thresholds of panel (c) in simulations from the emulator.

tematic deviations between the nearest neighbors and the tar-
get conditions for more extreme conditions. As shown in
Fig. S10d–e, there is a warm bias for cool SSTs and vice
versa, which is a result of too few observations from which
the nearest neighbors can be searched. Similarly, there is a
bias towards weaker storms in the nearest neighbors (see
Fig. S10a–c). Reducing the number of nearest neighbors
from 100 to 20 only slightly reduces these biases. Ultimately,
this results in a lack of sensitivity in our emulator.

In the Supplement we present a number of additional em-
ulators with slightly altered storm formation (see Fig. S8),
storm duration (see Fig. S9) and storm intensity components
(Figs. S10–S14). Most of these altered emulators yield simi-
lar results which supports the robustness of our results.

3.3 The effect of ocean warming on recent TC activity

We deploy the emulator to assess the contributions of large-
scale atmospheric circulation and forced warming of tropi-
cal Atlantic SSTs towards the likelihood of extremely active
hurricane seasons. According to DOISST and over the pe-
riod 1982–2020, SSTs in the Atlantic MDR have warmed at
a rate of 0.3 K per decade (Fig. 5b). This trend is slightly

weaker in the HadISST dataset (Fig. 5a) for which also the
global trend in SSTs over the period 1982–2020 is weaker
than in other SST datasets (Yang et al., 2021). Using CMIP6
historical simulations, we estimate that the forced trend on
SSTs in the MDR throughout the hurricane season is 0.22 K
per decade for the period 1982–2014 (Fig. 5a). Thus, the ob-
served SST trend over the 1982–2020 period is to a large
extent forced by global warming.

To disentangle forced changes in TC activity from in-
ternal variability, we construct counterfactual scenarios in
which we first remove the forced SST trend as estimated
from CMIP6 simulations for the period 1982–2014. We then
shift these detrended SST time series so that on average
they match the values of the forced trend for the years 2020
and 1982 and call these artificial SST time series 2020 sce-
nario and 1982 scenario (Fig. 5c). The counterfactual SST
scenarios contain the observed year-to-year variations that
can be linked to natural modes of variability such as the El
Niño–Southern Oscillation (ENSO). The only difference be-
tween these two scenarios is that the 2020 scenario has 0.9 K
warmer SSTs than the 1982 scenario.
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Figure 4. Cross-validated hurricane season emulations. (a) Number of storms as observed (black) and simulated (cyan). The light shading
shows the 95 % range of the 1000 simulations, and the darker shading shows the 66 % range. The mean is indicated by a solid line. The
cross-validated Pearson (Spearman) correlation coefficient between hindcasts and observations is indicated in the legend (see methods for
more details on the decadal cross validation). (b) As panel (a) but for the number of storm days in a season. (c) As panel (a) but for the
number of major hurricanes in a season. (d) As panel (a) but for the seasonal ACE.

Figure 5. Sea surface temperatures averaged over August–October and the MDR. (a) Ensemble mean of historical CMIP6 simulations (red)
relative to 1850–1900 and HadISST observations (gray) relative to 1870–1900. The 66 % range of the CMIP6 ensemble is represented by
the red shading. Linear trends for CMIP6 (HadISST) over the period 1982–2014 (1982–2020) are indicated by dashed lines. (b) DOISST
observations for the period 1982–2020 in blue and respective to the right y axis. Besides the linear trend in DOISST, the linear trend of
CMIP6 is indicated by a red dashed line using the left y axis. (c) Counterfactual SST scenarios based DOISST observations from which the
CMIP6 trend is removed. This detrended SST time series is shifted to the value of the CMIP6 trend in the year 1982 (cyan) and the year 2020
(purple). The remaining linear trend in these counterfactual scenarios is indicated by a dashed line.

Both counterfactual scenarios contain a small linear trend
of 0.08 K per decade (Fig. 5c). This remaining trend reflects
that the observed trend in DOISST is not solely due to global
warming but that natural climate variability also contributes
to the trend over the period 1982–2020.

In the CMIP6 historic simulations, no forced warming
in MDR SSTs is simulated for the period before 1980.
The long-term average over the period 1850–1900 (27.27 K)
is close to the value of the 1982–2014 trend in the year
1982 (27.32 K). Therefore, SSTs in the counterfactual 1982
scenario are similar to pre-industrial levels for the MDR.
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Figure 6. Atlantic hurricane seasons under different counterfactual SST scenarios. (a) Two counterfactual SST scenarios: SSTs from which
the forced SST trend has been removed and that are shifted to 2020 SST levels (purple) and shifted to 1982 SST levels (cyan). The gray
rectangle indicates the range of observed seasonal SST averages. See Fig. 5 for more details. (b) Simulations for the counterfactual scenarios
of panel (a) displayed as boxplots. For years where the seasonal SST averages in the counterfactual scenario are outside of the range of
observed seasonal SST averages, the simulations are shown in lighter shading. (c) Simulations for all years aggregated and for the most
favorable years defined as years for which half of the simulations in the 2020 SST scenario have more than 126.1 ACE. (d) Probability of
above-normal seasons (ACE> 126.1). (e) As panel (d) but for all years and favorable years. (f) As panel (d) but for extremely active seasons
(ACE> 159.6). (g) As panel (e) but for extremely active seasons.

Despite differences in the 1982–2020 trend, the HadISST
dataset confirms the findings that SSTs in the MDR have not
warmed considerably before the 1980s.

Over the period 1982–2020, large-scale atmospheric cir-
culation patterns are the dominant factor explaining year-to-
year variability in TC activity. Our emulations show high TC
activity in the same years irrespective of the counterfactual
SSTs (see Fig. 6b). For instance, the low activity in the years
1982–1987 is also simulated in the 2020 scenario, while the
years 1995, 2005, 2010 and 2017 have a high likelihood of
becoming an extremely active season also in the 1982 sce-
nario.

Nevertheless, differences in seasonal TC activity are ap-
parent between the two scenarios. On average, the seasonal
activity is 25 ACE lower in the 1982 scenario as compared to
the 2020 scenario (see Fig. 6c). As a result, more than one-
third of the seasons that are simulated to be above-normal
seasons in the 2020 scenario are below-normal seasons in
the 1982 scenario (an above-normal seasonal activity being
defined as > 126.1 ACE, CPC, 2021). Similarly, the number
of simulations that are classified as extremely active (with
ACE> 159.6) doubles from 11 % in the 1982 scenario to
22 % in the 2020 scenario (see Fig. 6g).

Differences between the counterfactual scenarios are
stronger in years with high TC activity (see Fig. 6c). For
years in which half of the simulations of the 2020 scenario
are above-normal seasons, the simulations are on average
36 ACE more active in the 2020 scenario than in the 1982
scenario. For these years the risk of finding an extremely ac-
tive season (with ACE> 159.6) drops from 50 % under cur-
rent climate to 27 % in the 1982 scenario (see Fig. 6g). Our
results do not imply that increasing sea-surface temperatures
lead to more TC formations but point towards a trend of more
extreme outcomes for seasons with many TCs. This is in line
with a global trend towards more intense tropical cyclones
over the observational record as well as projections (Masson-
Delmotte et al., 2022).

Simulations from the emulator can moreover be used to
analyze contributions to extremely damaging hurricane sea-
sons such as that of 2020. The 2020 season is one of the
most active recorded hurricane seasons with an ACE index
of 178 and five major hurricanes in August–October (and
two additional major hurricanes in November). The season
was characterized by weather patterns that are favorable for
TC formation and intensification and relatively warm SSTs.
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Figure 7. Influence of ocean warming on the hurricane season 2020. (a) Cumulative distribution functions for seasonally aggregated ACE
for the 2020 scenario (solid) and the 1982 scenario (dashed). All years between 1982–2020 aggregated in green, 2005 in purple, 2020 in
blue, and 1983 in orange. The area between the 2020 scenario and the 1982 scenario is shaded. The horizontal gray lines indicate 178 ACE
which was observed in 2020 (solid), the threshold for above-normal seasons 126.1 (dotted) and the threshold for extremely active seasons
159.6 (dashed). (b) Fraction of risk of an ACE> 178 season attributable to the SST difference between the 2020 SST levels and 1982 SST
levels (dashed lines). The histograms show the fraction of attributable risk (FAR) distributions from a 10000-member bootstrapping for the
1982 SST level scenario, and the vertical lines indicate the median FARs.

Figure 7a shows the probabilities of finding such a season
under counterfactual SST scenarios.

Compared to other years, 2020 has a high probability of
becoming an above-normal season (78 %) and a considerable
probability of becoming an extremely active season (60 %),
and 47 % of the simulations reach the observed ACE of 178
(see Fig. 7a).

Under a counterfactual 1982 SST scenario with similar
modes of internal climate variability, weather patterns and
short-term variations in Atlantic SSTs, the season would
have a lower likelihood of becoming an above-normal hur-
ricane season (61 %), an extremely active season (33 %) or
even a season with 178 ACE (21 %).

For 2020 weather conditions, the warming of Atlantic
SSTs since the 1980s has increased the probability of find-
ing a season with 178 ACE by a factor of 2.2 (see Fig. 7b).
For a year like 2005 which according to our analysis had
a higher likelihood of becoming an extremely active season
than 2020, the probability of finding a seasonal ACE of 178
is a factor of 1.6 higher in the 2020 scenario as compared to
the 1982 scenario. The likelihood of finding 178 ACE in any
year irrespective of the weather conditions is increased by a
factor of 2.4. The increase in likelihood of finding 178 ACE
is higher for seasons with weather conditions that are ham-
pering TC formation and development. For a year like 1983
with very few TC formations, there are no simulations that
reach 178 ACE in either of the counterfactual scenarios.

4 Discussion and conclusions

We have demonstrated that the observed Atlantic tropical cy-
clone activity over the last 40 years can be reproduced with a

probabilistic emulator based on large-scale weather patterns
and SSTs. Over this period, we observe a trend in weather
patterns favoring more active TC seasons. Whether or not
this trend in atmospheric circulation can be attributed to an-
thropogenic climate change or other external drivers such
as aerosol loadings (Dunstone et al., 2013) remains an open
question.

It is important to highlight that our weather patterns and
regional SST time series are not fully independent. Specifi-
cally, it appears that years with warm Atlantic SSTs are also
years where Atlantic SSTs are warm relative to the rest of
the tropics, and it has been argued that this effect of rela-
tive SSTs is the dominant contribution to TC activity (Sobel
et al., 2016; Murakami et al., 2018). The temperature differ-
ence between the tropical Atlantic and other tropical basins
has a strong impact on atmospheric circulation. However, our
sensitivity analysis suggests that SSTs over the MDR contain
relevant information and that our approach to include SSTs
in the emulator as an addition to the sequences of weather
patterns is suited to simulate intense TCs.

The potential maximum intensity a TC can reach depends
on the temperature difference between the ocean surface
and the tropopause layer, and it is plausible that increasing
SSTs have an amplifying effect on strong TCs (Emanuel,
1987). However, it has been argued that, over the satellite
era, tropopause layer cooling might have dominated over the
role of SSTs (Emanuel et al., 2013), a hypothesis we cannot
exclude based on our analysis.

Ultimately, the integration of SSTs in our model relies on
assumptions that are physically motivated and that lead to
a better representation of TC activity over the period 1982–
2020 than other assumptions. Since the early 1980s, an in-
crease in global average surface air temperature of more than
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0.5 K has occurred, and we would argue that over this period
SSTs in the region serve as a useful proxy for thermodynamic
changes in the climate system.

There is increasing consensus in the scientific literature
that the number of tropical cyclones might not or only mod-
erately increase, while the number of most intense storms
would increase substantially (Masson-Delmotte et al., 2022).
Our emulator results indicate that increasing SSTs could be
a potential driver for such an intensification, also allowing
for potential avenues to link those changes more directly to
anthropogenic climate change.

In this first application of the emulator we have focused
on ocean warming. Applying the emulator to future climate
projections from state-of-the-art earth system models might,
however, also help to estimate the dynamic forcing on TC ac-
tivity resulting from atmospheric circulation changes. While
most climate models have a poor representation of TCs, their
projections of atmospheric circulation changes contain valu-
able information that could be meaningfully analyzed using
this TC emulator.

By separating out the thermodynamic and dynamic forc-
ings for observed ACE, our approach allows us to link the
observed trend in seasonal cyclone activity and extreme sea-
son probability to warming SSTs. Our findings indicate that
warming SSTs over the tropical Atlantic might have already
contributed significantly to more extreme tropical cyclone
seasons and thereby to the fatalities, destruction and tril-
lion dollar losses that these cyclones have caused over the
last four decades (MunichRe, 2021). Given the projected in-
creases in SSTs with increasing warming, our findings sug-
gest that the probability of extreme seasons might further in-
crease. To minimize future risks, stringent emission reduc-
tions in line with achieving the goals of the Paris Agreement
would be required (Masson-Delmotte et al., 2022).
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form the analysis and create the plots are available under
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3. Conclusions

3.1. Synthesis

Due to the severe and devastating impacts on societies and ecosystems, there is

a strong interest in knowing how extreme weather events are affected by anthro-

pogenic climate change. On the local level, this knowledge could allow for a well

informed adaptation to the current and potential future climatic conditions. At the

same time, when weather extremes cause severe impacts, the question of liability

for damages and whether the event can be attributed to anthropogenic climate

change becomes increasingly important.

3.1.1. Compound weather extremes

In that sense, extreme weather research - also mine - is to a large extend driven

by the relevance of the impacts that such events cause. The impacts depend on

the vulnerabilities of societies and ecosystems to certain weather events and differ

strongly across regions. Consequently, studies on specific types of weather events

addressing the regional vulnerabilities are required. The most relevant weather

extremes are compound weather events that lead to severe impacts because of a

combination of different weather conditions.

In my thesis, I study two compound weather extremes that are known to cause

severe impacts on horticulture and agriculture: frost damages on blossoming apple

trees and a combination of a warm winter and a wet spring period that has caused

an unprecedented crop loss in northern France in 2016. Both of these events can

be described as a pre-conditioned event where the succession of two weather events

causes an impact.
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Frost days that occur while apple trees are blossoming can have severe impacts

on apple yields. There are two factors influencing the event: the date of blossom

and the last frost day in a year. The date of blossom depends on the temperature

history of winter and spring and in simplified models the trees start blossoming after

a certain amount of days with mild and warm temperatures. With global warming

and in Germany, the last frost day in a year as well as the start of blossom of apple

trees shifts to earlier dates. Comparing the averaged advance of blossom dates to

the advance of last frost days is, however, not sufficient for an assessment of the

risk of apple frost as only the extreme cases where the last frost day occurs after

blossom are of interest and not the average timing of blossom and frost days.

I study the likelihood of apple frost by checking for each year in a large ensemble

simulation whether the event “frost after blossom” occurs. Doing so, I implicitly

treat the event as a compound event consisting of a warm winter and early spring

followed by a late frost day. A comparison between stable climatic conditions at

different global warming levels shows that in many parts of Germany, including

the south west and the north west, the likelihood of frost damages on apple trees

increases with global warming while in other parts of Germany there is no consistent

change in the projections of the four used atmospheric general circulation models

(AGCMs).

In section 2.2, I study a similar kind of compound event in more detail. The event

in question is a warm December followed by an anomalously wet April-June period

that lead to unprecedented crop failures in northern France in 2016 (Ben-Ari et al.,

2018). While it is the combination of the two weather events “warm December”

and “wet April-July” that caused impacts on wheat yields, these events appear to

be statistically independent from each other. Mid-latitudes weather is governed

by synoptic variability and the typical memory of the atmosphere is considerably

shorter than the three months between December and April. Additionally, it ap-

pears that there is no relevant common driver to these two events such that their

occurrence can be studied independently. This greatly simplifies the analysis of the

compound event, as otherwise the joint occurrence probabilities of warm Decembers

and wet April-July periods would have to be modeled.

I use stochastic weather generators (SWGs) to simulate large numbers of weather
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3.1. Synthesis

events that maximize December temperatures and April-July precipitation. A com-

parison between simulations that follow the large scale atmospheric circulation for

different years and simulations that evolve freely from some given atmospheric cir-

culation pattern reveals the atmospheric circulation patterns that favor the events.

For the April-July period, frequently passing low pressure systems allow for high

cumulative precipitation. According to the simulations, the number of cold days in

December was already close to the minimum but considerably wetter April-July pe-

riods would be possible under current climatic conditions. Whether more extreme

weather conditions of the kind would also result in more severe crop losses is, how-

ever, a different question that requires more research on the biological processes

involved in the event.

3.1.2. Dynamic drivers of change

The observation that atmospheric circulation strongly constrains the probability

for a certain weather extreme raises the question to which extend atmospheric cir-

culation changes, and changes in the climate dynamics in general, affect weather

extremes. This question is challenging as for most weather extremes the thermo-

dynamic changes dominate over other indirect effects. Furthermore, the strong

internal climate variability in atmospheric circulation makes it difficult to detect

dynamically forced changes.

In section 2.3, I quantify the effect of dynamic changes in the climate system on

the persistence of prolonged warm, dry, and rainy periods as well as compound dry-

warm periods. I show that on top of thermodynamic effects, changes in atmospheric

circulation patterns and soil-moisture increase the persistence of various weather

conditions in summer and across the northern hemispheric mid-latitudes.

This finding is an important advancement in the field as it confirms a vividly

debated hypothesis about the influence of the slowdown of the jet stream on more

persistent weather extremes in the mid-latitudes (Francis and Skific, 2015; Barnes

et al., 2014; Woollings et al., 2018). As the Arctic warms faster than the rest of

the globe, the pole to equator temperature gradient is reduced and thereby the

driver for mid-latitudinal circulation weakens - an effect that is robust for northern

hemispheric summer circulation (Coumou et al., 2015; Lehmann et al., 2014; Harvey
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et al., 2020). This weakened circulation is expected to lead to more persistent

weather conditions, and this effect is detectable in observations for some regions of

the northern hemisphere (Pfleiderer and Coumou, 2018). In combination with this

detected trend, the forced signal identified in section 2.3 is a strong indication for

an attributable change.

The study on frost damages on apple trees (section 2.1) is based on the same

AGCM ensemble as section 2.3. Although the studied season differs, it is likely

that the changes that are projected for the likelihood of apple frost events are to

some extend forced by dynamic changes in the climate system. In that regard,

the conditions under which late frost days occur are of special interest. While

on average, spring temperatures robustly increase, the likelihood of cold snaps is

governed by atmosphere dynamics and it is still debated how cold extremes are

affected by global warming (Cohen et al., 2014, 2020).

3.1.3. Tropical cyclones

Although there is a large interest in understanding how anthropogenic climate

change affects TCs, the state of research is less advanced for TCs than for other

weather extremes. This is mainly due to the rarity of TCs, the need of satellite data

to study them and the challenges in simulating them in climate models. There is a

growing consensus that global warming leads to a higher frequency of very intense

TCs and that the precipitation associated with TCs increases (Seneviratne et al.,

in press). The question to which extent these changes can explain the increase in

TC activity in the Atlantic basin is, however, still debated.

In my thesis, I study seasonal TC activity in the Atlantic basin. In a first step

(section 2.4), I analyze the influence of remote drivers such as ENSO on TC activity

in the Atlantic. Using causal effect networks (CENs), I identify robust precursors

of favorable conditions for TC activity, namely warm sea surface temperatures

(SSTs) and low vertical wind shear (VWS) over the tropical Atlantic. Seasonal

forecast models constructed with the identified precursors for a lead time of two

and four months show competitive skill in a cross-validated hindcast compared to

operational forecasts.

The skill of these forecast models indicates that TC activity is strongly con-
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strained by SSTs and VWS during the hurricane season. The identified precursors

of VWS are related to ENSO, or more generally to the temperature difference

between tropical Atlantic and tropical Pacific SSTs.

The findings of section 2.5 are used for the construction of a probabilistic TC em-

ulator that simulates artificial TC seasons for a given sequence of tropical Atlantic

weather patterns and SSTs. The emulator adequately reproduces the seasonal

number of TCs, major hurricanes and the accumulated cyclone energy (ACE). It

could therefore help to construct a hybrid seasonal forecast model that emulates

TCs based on weather patterns and SSTs from dynamical circulation forecasts.

I use the TC emulator to investigate the contribution of Atlantic SST warming

to some extremely active hurricane seasons of the recent decades. By comparing

counterfactual simulations with identical weather patterns and intra-seasonal SST

variations but different long-term SST averages, I show that 20% of the probabil-

ity of finding the seasonal hurricane activity of 2017 can be attributed to ocean

warming since the 1980s.

By using these counterfactual SST scenarios, I separate the influence of forced

SST warming from internal climate variability and other forcings on TC activity.

This separation brings a new perspective to the observed increase in hurricane

activity in the Atlantic basin. Being able to quantify the contribution of ocean

warming to the observed trend in hurricane activity is already an important step

forward. However, the observed increase in hurricane activity is to a large extent

a result of more favorable atmospheric circulation towards the end of the observa-

tional record which is probably a result of internal climate variability. It would be

interesting to investigate whether forced changes in atmospheric circulation also

play a role.

3.2. Strengths and limitations of methodological

approaches

In my thesis I have used and explored two diverging approaches to deal with internal

variability: In section 2.1 and section 2.3, I smooth out internal climate variability
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by analyzing large ensemble simulations of stable climatic conditions. In section

2.2, 2.4 and 2.5, I try to better understand the role of internal climate variability

for weather extremes using observational data.

3.2.1. Large ensemble simulations

Large ensemble simulations have proven to be a powerful tool to analyze frost dam-

ages on apple trees in Germany and persistence of summer weather conditions in

the northern hemisphere. The experimental setup where stable climatic conditions

are simulated for different global warming levels allows for a straightforward esti-

mate of forced changes in the likelihood of weather events. Additionally, the size

of the ensemble makes it possible to adequately sample the tails of distributions

of persistence. In that way, changes in persistence likelihood could be resolved for

extremely persistent periods such as month-long warm periods.

These large ensemble simulations can be used to study a broad range of weather

extremes and the opportunity to meaningfully study extremely rare events are

an important addition to the conventional climate simulation experiments. The

method is, however, directly limited by the trustworthiness of the climate model

that produced the simulations. Therefore, a major task in such studies is to assure

that the used climate models are adequately reproducing the phenomena that are

studied.

For the analysis of frost damages on apple trees and persistent warm periods,

only daily temperatures are required and this variable is relatively well reproduced

by most climate models. For the persistence of dry and rainy periods, daily precip-

itation is required and this variable is subject to larger uncertainties especially for

extreme precipitation. However, I only differentiate between considerable amounts

of precipitation (above 5mm) and no precipitation (below 1mm) and this dynamic

of dry and wet days appears to be well reproduced by the used climate models.

Nevertheless, there are substantial and intrinsic limitations to the conclusions

that can be drawn from such an analysis. Generally, it is challenging to test

whether dynamical changes in the climate system are well reproduced in the used

climate models and it appears impossible to test whether these changes are well

represented for high and unprecedented levels of global warming. It is reasonable
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to expect that a climate model that reproduces changes in a climate signal over

the observational record will also provide useful insights for unprecedented global

warming levels. There could, however, be non-linearities in the climate system that

become important at higher warming levels and that are not captured by climate

models.

In this thesis, I use simulations from atmospheric general circulation models

(AGCMs). Besides being faster to run, these models have the advantage that

they only simulate a part of the climate system (the atmosphere) which greatly

reduces the uncertainties. In such projections the atmosphere responds to changes

in greenhouse gas concentrations and changes in ocean surface temperatures as

well as changes in sea ice extent that are estimated from a large suite of earth

system models. On the downside, there is no short-term interaction between the

atmosphere and oceans. Although for the studied weather events, atmosphere

ocean coupling does not play a major role, this is a simplification that could have

some minor effects on the results.

More importantly, however, the analyzed ensemble is only based on four AGCMs.

Model inter-comparison studies show that both the representation of weather phe-

nomena as well as the changes in climate conditions strongly varies between dif-

ferent climate models. Indeed, a recent modeling study that is mostly based on a

different GCM questions my findings on increasing persistence for central Europe

(Huguenin et al., 2020). Two further studies that are based on the newest genera-

tion of GCMs (Kornhuber and Tamarin-Brodsky, 2021) and on simplified physical

models (Li and Thompson, 2021) again confirm the increase in weather persis-

tence. It has to be noted, that all of these studies use slightly different definitions

of “persistence” such that a direct comparison is difficult.

To gain more confidence about the simulated changes, it can help to analyze the

drivers of change in the climate models. In section 2.3, I check whether an increase

in persistence can be traced back to the weakening of summer circulation or a

change in soil-moisture on the regional level. This analysis is an important part

of the study which is motivated by the hypothesis that changes in atmospheric

circulation increase persistence of local weather conditions. The study on apple

frost in Germany is more explorative and there was no prior hypothesis on the
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drivers of change. It would nevertheless be interesting to investigate potential

drivers of the projected increase in apple frost to understand what exactly happens

in these climate projections.

Broadening the view on the part of the thesis that focuses on TCs, the major

limitation of the approach remains that there are a number of weather extremes

that are only poorly represented by climate models, including TCs. This limitation

is the main motivation for exploring observation based approaches in the field of

extreme weather research.

3.2.2. Studying internal climate variability in observations

In section 2.2, I adapt stochastic weather generators (SWGs) that were developed

to study heat waves in Europe to simulate compound weather events that consist

of a warm December followed by a wet April-July period. Adapting the SWG

to simulate warm Decembers requires a stronger weight on the calendar date in

the analogue selection. To simulate meaningful precipitation events, an SWG is

constructed that assembles five-day chunks into new weather events instead of

assembling daily observations. The performance of these slightly adapted SWGs

demonstrates the wide applicability of the method.

In this thesis, I use SWGs to estimate how extreme the meteorological conditions

of the event could possibly be in current climate conditions. The study also sheds

light on the atmospheric circulation patterns under which such events develop. In

section 2.4, I go one step further and identify teleconnections that drive the large

scale atmospheric circulation patterns that are relevant for TCs in the Atlantic. For

this kind of analysis CENs have proven to be a powerful tool. First, I use CENs to

identify robust drivers of low VWS (and warm SSTs) in the tropical Atlantic. At

the end of the section, I again use a CEN to test a hypothesis about an identified

driver for which the link to VWS in the Atlantic is less evident.

In section 2.5, I demonstrate how the knowledge about the links between internal

climate variability and weather extremes can help to quantify forced changes. By

building a probabilistic emulator that simulates artificial hurricane seasons from

a given sequence of weather patterns and SSTs, I am able to reproduce both the

variability and the trend in TC activity in the Atlantic. The strength of such an
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emulator is that it allows to disentangle the different contributions to an event

and in this case quantify the contributions of warming SSTs in the region to the

observed increase in Atlantic TC activity.

One overarching limitation of such observation based studies is the restricted

amount of usable data that requires simplified descriptions of complex weather

events. This is a major challenge for the development of the TC emulator in

section 2.5: There are not enough TC observations to adequately estimate intensi-

fication probabilities for all combinations of weather patterns, SSTs and previous

storm intensities. Therefore, I could not model the influence of weather patterns

and SSTs jointly but had to regularize the influence of SSTs on storm intensities

through a quantile regression between storm intensities and SSTs. This is problem-

atic as weather patterns are not fully independent from SSTs in the region. With

a thorough sensitivity analysis I ensure that the sensitivity of the intensification

component of the emulator to weather patterns and SSTs allows for an adequate

simulation of TC activity over the observational record. Nevertheless, this simpli-

fication is a serious limitation of the study that would not have been required if

longer observational records would have been available.

The circulation analogues used in section 2.2 are based on sea level pressure.

Working with multivariate analogues by including precipitable water as an addi-

tional variable would more accurately represent the state of the atmosphere and

could lead to a better simulation of wet spring periods. With increasing level of

detail in the metric for the analogue computation one would, however, limit the

variety of the simulated weather events. As the aim of the analysis is to map out

the space of possible weather events, it is a delicate balance between ensuring that

the simulated events are as realistic as possible while at the same time trying to

simulate events that are more extreme than all events that have been observed so

far.

One additional caveat of section 2.4 and 2.5 is the risk of overfitting models to

observations (Li et al., 2020). When fitting statistical models, there is always the

risk that random covariances between variables are incorporated in the model. By

applying a cross-validated hindcast in which training and testing data is strictly

separated I exclude the risk of overfitting the parameters in the models. However,
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throughout the iterative process of testing and developing the methods, method-

ological choices have been influenced by the cross-validated skill. This implies, that

on the meta-level of methodological choices, including variable choices for example,

there has not been a strict separation of test and training data.

Despite these limitations, I see a great potential in pursuing the approach I

sketched with the TC emulator. This approach starts with an analysis of links

between the studied weather event and large scale atmospheric circulation patterns.

Studies like section 2.4 can then help to trace back those atmospheric circulation

patterns to well known modes of internal climate variability such as ENSO. This

will help to understand to which extent natural modes of variability contribute

to an observed trend in weather extreme characteristics. From there on, links to

other research fields can be established, for example research on forced changes in

ENSO, to estimate how the weather extreme is influenced by anthropogenic climate

change.
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3.3. Outlook

The presented studies of this thesis provide a new perspective on some questions

concerning weather extremes in a changing climate and at the same time raise

interesting new ones. In combination with the limitations that are discussed in

the previous section, these questions could be the basis for a number of follow-up

studies.

One evident and relevant continuation of this thesis would be to apply the meth-

ods of section 2.4 and 2.5 to TCs in other ocean basins such as the Western Pacific

or the Indian Ocean. The benefits of such a study would be twofold: Firstly, an

additional seasonal forecast model for TCs in the Western Pacific (or any other

basin) and a new perspective on changes in TC activity in that basin would be of

great interest. At the same time, an application of exactly the same methodology

to a different basin would allow to ground-proof the method and contribute to

more confidence in the results for the Atlantic. In that sense, it would address the

caveat of insufficiently thorough separation of test and training data that I raised

in section 3.2.2.

A central question in TC research is how dynamic forcings affect TC formation

frequencies. The TC formation probability is strongly constrained by atmospheric

circulation in the region (see section 2.5), but there is no consensus on how atmo-

spheric circulation changes affect TC activity. There have been studies analyzing

individual conditions that are important for TC activity, such as VWS, in climate

projections (Vecchi and Soden, 2007; Tang and Camargo, 2014). Applying the

TC emulator presented in section 2.5 on state of the art climate projections would

allow to further investigate the potential effects of changes in weather conditions

on a daily basis including the effects of persistent weather conditions and the co-

occurrence of favorable weather conditions and warm SSTs.

The poor representation of TCs in most GCMs was the motivation for the de-

velopment of the TC emulator in section 2.5. More generally, I find it worthwhile

to continue to develop and apply such observation based methods to complement

climate simulations, also for weather extremes that are in principle well represented

in GCM simulations. GCMs provide valuable simulations that match the observed
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changes in the climate system impressively well. They will, however, remain mod-

els that do not capture all dynamic interactions in the climate system and their

changes. Despite the considerable challenges in observation based weather extreme

research, it is always more robust if climate change research can be based on several

lines of evidence including climate simulations and climate observations.

3.4. Concluding remarks

With ongoing global warming, weather extremes are becoming more frequent and

more intense. Some extremes intensify at a worrisome rate and at some point

societies will be confronted to weather extremes that have never been observed in

their region before. In the long-term, the only effective response is to drastically

cut greenhouse gas emissions and to protect environments that serve as carbon

sinks in the earth system.

Whether such mitigation efforts will be achieved or not, societies will have to

adapt to a warmer climate in the near term. Effective adaptation requires a good

understanding of the changes one has to adapt to and in this regard extreme

weather research plays a crucial role. Besides the scientific and methodological

challenges in extreme weather research that I discuss in this thesis, the diversity of

impacts that extreme weather conditions can cause in different regions is a partic-

ular challenge. The study on the increase in frost days after apple blossom showed

that even for a tiny area like Germany, regional differences matter. For an effective

adaptation to frost damages and the critical reduction in winter chill in southern

Germany, such case studies can be useful and in that sense they would be required

around the world and for all kinds of impacts.

The study on apple frost also points towards an inequality problem in extreme

weather research: I could rather easily analyze the likelihood of apple frost events

in Germany because previous research had analyzed and modeled the influence of

winter and spring temperatures on the date of apple blossom for the apple varieties

that grow in Germany. The choice of research topics is not only biased by the

interest of researchers and funding agencies but also by the availability of data

and the state of research on certain weather extremes. As a result, most weather
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extreme research covers phenomena in the global north (Callaghan et al., 2021).

We should aim to break this self-enforcing circle where more research is produced

on topics for which more background knowledge and data is available to provide

research on weather extremes in regions that really matter (Otto et al., 2020).

Despite all adaptation efforts there will be damages from anthropogenic climate

change that cannot be avoided. A drastic example of such impacts would be the

loss of islands as a result of sea level rise or deadly heatwaves in the tropics and

subtropics. There will also be impacts of weather extremes for which adaptation

is in principle possible but to which affected societies will not be able to adapt fast

enough to keep pace with the rate of changes in extreme weather events (Schleuss-

ner et al., 2021). In such cases the question of liability for climate impacts emerges

as it is unquestionable that certain countries or companies have contributed dispro-

portionately to the current greenhouse gas concentrations (Rayer et al., 2020). For

the question of liability, the confidence with which weather events can be attributed

to anthropogenic climate change is crucial. My study on the contributions of ocean

surface warming to extremely active Atlantic hurricane seasons (2.5) is a step in

that direction, but more research would be required to provide a comprehensive

and robust attribution of hurricane damages to anthropogenic climate change.

Finally, a stronger inter-linkage between research communities would be required

to estimate the full risk of anthropogenic climate change. Weather extreme research

mostly focuses on specific events and analyzes change in their intensities and fre-

quencies in a rather abstract way. It would, however, be important to understand

what the potentially non-linear effects of an increase in frequency of certain extreme

events are on ecological environments. For instance, how would the environment

around Berlin change if extremely warm and dry summers like 2018 would become

the new norm? What would that mean for water resources, forests and agricultural

lands in the region?

These questions are highly relevant for people in the region but they also mat-

ter on a global scale. To meet the 1.5◦C target from the Paris Agreement (UN-

FCCC, 2015) we might need to reduce greenhouse gas concentrations after reach-

ing net-zero emissions. One prominent measure to achieve this is afforestation. In

that sense, it is highly relevant to study what the effect of frequently reoccurring
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droughts on existing and potential new forests would be.

Whether it is to convince people about the importance of drastically reducing

greenhouse gas emissions or to provide the background knowledge required for

efficient adaptation planning, weather extremes will stay an important research

field. I hope that in the coming years new methods to study weather extremes in

a changing climate will be developed and applied to all kinds of relevant weather

extremes. It would make me happy if the studies presented in this thesis serve as

an inspiration for some new methods and studies.
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T. Bódai, G. Drótos, M. Herein, F. Lunkeit, and V. Lucarini. The Forced Response

of the El Niño–Southern Oscillation–Indian Monsoon Teleconnection in Ensem-

bles of Earth System Models. Journal of Climate, 33(6):2163–2182, Mar. 2020.

ISSN 0894-8755, 1520-0442. doi: 10.1175/JCLI-D-19-0341.1.

M. Callaghan, C.-F. Schleussner, S. Nath, Q. Lejeune, T. R. Knutson, M. Re-

ichstein, G. Hansen, E. Theokritoff, M. Andrijevic, R. J. Brecha, M. Hegarty,

C. Jones, K. Lee, A. Lucas, N. van Maanen, I. Menke, P. Pfleiderer, B. Yesil, and

J. C. Minx. Machine-learning-based evidence and attribution mapping of 100,000

climate impact studies. Nature Climate Change, Oct. 2021. ISSN 1758-678X,

1758-6798. doi: 10.1038/s41558-021-01168-6.

S. J. Camargo, K. A. Emanuel, and A. H. Sobel. Use of a Genesis Potential Index

to Diagnose ENSO Effects on Tropical Cyclone Genesis. Journal of Climate, 20

(19):4819–4834, Oct. 2007. ISSN 0894-8755. doi: 10.1175/JCLI4282.1.

G. D. Capua, M. Kretschmer, J. Runge, A. Alessandri, R. V. Donner, B. van den

Hurk, R. Vellore, R. Krishnan, and D. Coumou. Long-Lead Statistical Forecasts

of the Indian Summer Monsoon Rainfall Based on Causal Precursors. Weather

and Forecasting, 34(5):1377–1394, Oct. 2019. ISSN 1520-0434, 0882-8156. doi:

10.1175/WAF-D-19-0002.1.

J. Cattiaux, R. Vautard, C. Cassou, P. Yiou, V. Masson-Delmotte, and F. Codron.

Winter 2010 in Europe: A cold extreme in a warming climate: COLD WINTER

2010 IN EUROPE. Geophysical Research Letters, 37(20):n/a–n/a, Oct. 2010.

ISSN 00948276. doi: 10.1029/2010GL044613.

J. Cohen, J. A. Screen, J. C. Furtado, M. Barlow, D. Whittleston, D. Coumou,

J. Francis, K. Dethloff, D. Entekhabi, J. Overland, and J. Jones. Recent Arctic

amplification and extreme mid-latitude weather. Nature Geoscience, 7(9):627–

637, Sept. 2014. ISSN 1752-0894, 1752-0908. doi: 10.1038/ngeo2234.

102



Bibliography

J. Cohen, X. Zhang, J. Francis, T. Jung, R. Kwok, J. Overland, T. J. Ballinger,

U. S. Bhatt, H. W. Chen, D. Coumou, S. Feldstein, H. Gu, D. Handorf, G. Hen-

derson, M. Ionita, M. Kretschmer, F. Laliberte, S. Lee, H. W. Linderholm,

W. Maslowski, Y. Peings, K. Pfeiffer, I. Rigor, T. Semmler, J. Stroeve, P. C.

Taylor, S. Vavrus, T. Vihma, S. Wang, M. Wendisch, Y. Wu, and J. Yoon. Diver-

gent consensuses on Arctic amplification influence on midlatitude severe winter

weather. Nature Climate Change, 10(1):20–29, Jan. 2020. ISSN 1758-6798. doi:

10.1038/s41558-019-0662-y.

D. Coumou, A. Robinson, and S. Rahmstorf. Global increase in record-breaking

monthly-mean temperatures. Climatic Change, 118(3-4):771–782, June 2013.

ISSN 0165-0009. doi: 10.1007/s10584-012-0668-1.

D. Coumou, J. Lehmann, and J. Beckmann. The weakening summer circulation in

the Northern Hemisphere mid-latitudes. Science, 348(6232):324–327, Apr. 2015.

ISSN 0036-8075. doi: 10.1126/science.1261768.

R. Crichton and M. Esteban. Limits to Coastal Adaptation in Samoa: Insights

and Experiences. In W. Leal Filho and J. Nalau, editors, Limits to Climate

Change Adaptation, pages 283–300. Springer International Publishing, Cham,

2018. ISBN 978-3-319-64599-5. doi: 10.1007/978-3-319-64599-5 16.

A. Dai, T. Zhao, and J. Chen. Climate Change and Drought: A Precipitation and

Evaporation Perspective. Current Climate Change Reports, 4(3):301–312, Sept.

2018. ISSN 2198-6061. doi: 10.1007/s40641-018-0101-6.

C. Deser, A. Phillips, V. Bourdette, and H. Teng. Uncertainty in climate change

projections: The role of internal variability. Climate Dynamics, 38(3-4):527–546,

Feb. 2012. ISSN 0930-7575, 1432-0894. doi: 10.1007/s00382-010-0977-x.

D. I. Domeisen, C. I. Garfinkel, and A. H. Butler. The Teleconnection of El Niño

Southern Oscillation to the Stratosphere. Reviews of Geophysics, 57(1):5–47,

2019. ISSN 1944-9208. doi: 10.1029/2018RG000596.

K. A. Emanuel. The dependence of hurricane intensity on climate. Nature, 326:3,

1987.

103



Bibliography

K. A. Emanuel. Thermodynamic control of hurricane intensity. Nature, 401(6754):

665–669, 1999. ISSN 00280836. doi: 10.1038/44326.

J. Francis and N. Skific. Evidence linking rapid Arctic warming to mid-latitude

weather patterns. Philosophical Transactions of the Royal Society A: Mathe-

matical, Physical and Engineering Sciences, 373(2045):20140170, 2015. ISSN

1364-503X. doi: 10.1098/rsta.2014.0170.

T. Geiger, K. Frieler, and D. N. Bresch. A global historical data set of tropical

cyclone exposure (TCE-DAT). page 10, 2018.

A. Gori, N. Lin, and D. Xi. Tropical Cyclone Compound Flood Hazard Assessment:

From Investigating Drivers to Quantifying ExtremeWater Levels. Earth’s Future,

8(12), Dec. 2020. ISSN 2328-4277, 2328-4277. doi: 10.1029/2020EF001660.

B. J. Harvey, P. Cook, L. C. Shaffrey, and R. Schiemann. The Response of the

Northern Hemisphere Storm Tracks and Jet Streams to Climate Change in the

CMIP3, CMIP5, and CMIP6 Climate Models. Journal of Geophysical Research:

Atmospheres, 125(23):e2020JD032701, 2020. ISSN 2169-8996. doi: 10.1029/

2020JD032701.

K. Hasselmann. Multi-pattern fingerprint method for detection and attribution of

climate change. Climate Dynamics, 13(9):601–611, Sept. 1997. ISSN 0930-7575,

1432-0894. doi: 10.1007/s003820050185.

Z. Hausfather, H. F. Drake, T. Abbott, and G. A. Schmidt. Evaluating the Per-

formance of Past Climate Model Projections. Geophysical Research Letters, 47

(1):e2019GL085378, 2020. ISSN 1944-8007. doi: 10.1029/2019GL085378.

K. Haustein, M. R. Allen, P. M. Forster, F. E. L. Otto, D. M. Mitchell, H. D.

Matthews, and D. J. Frame. A real-time Global Warming Index. Scientific

Reports, 7(1):15417, 2017. ISSN 2045-2322. doi: 10.1038/s41598-017-14828-5.

S. Hempel, K. Frieler, L. Warszawski, J. Schewe, and F. Piontek. A trend-

preserving bias correction: The ISI-MIP approach. Earth System Dynamics,

4(2):219–236, 2013. ISSN 2190-4987. doi: 10.5194/esd-4-219-2013.

104



Bibliography

B. Hewitson and R. Crane. Self-organizing maps: Applications to synoptic cli-

matology. Climate Research, 22:13–26, 2002. ISSN 0936-577X, 1616-1572. doi:

10.3354/cr022013.

M. Hirschi, S. I. Seneviratne, V. Alexandrov, F. Boberg, C. Boroneant, O. B.

Christensen, H. Formayer, B. Orlowsky, and P. Stepanek. Observational evi-

dence for soil-moisture impact on hot extremes in southeastern Europe. Nature

Geoscience, 4(1):17–21, Jan. 2011. ISSN 1752-0894. doi: 10.1038/ngeo1032.

D. E. Horton, N. C. Johnson, D. Singh, D. L. Swain, B. Rajaratnam, and N. S.

Diffenbaugh. Contribution of changes in atmospheric circulation patterns to

extreme temperature trends. Nature, 522(7557):465–469, June 2015. ISSN 0028-

0836. doi: 10.1038/nature14550.

M. F. Huguenin, E. M. Fischer, S. Kotlarski, S. C. Scherrer, C. Schwierz, and

R. Knutti. Lack of Change in the Projected Frequency and Persistence of Atmo-

spheric Circulation Types Over Central Europe. Geophysical Research Letters,

47(9):e2019GL086132, 2020. ISSN 1944-8007. doi: 10.1029/2019GL086132.

A. B. Jaye, C. L. Bruyère, and J. M. Done. Understanding future changes in tropical

cyclogenesis using Self-Organizing Maps. Weather and Climate Extremes, 26:

100235, Dec. 2019. ISSN 22120947. doi: 10.1016/j.wace.2019.100235.
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Fig. SI1 Change in winter temperatures and the number of frost days per year between 2°C and the current climate 
scenario: a: Change in December – January – February (DJF) mean temperatures. b: change in the number of frost days per 
year. NorESM1 (top-left), MIRCO5 (top-right), CAM4-2degree (bottom-left) and ECHAM6 (bottom right).  

 
 

 

Fig. SI2 Evaluation of the simple blossom model: a: Mean blossom day for the period 1979-2013 in EWEMBI (dot at each 
location) and for the historic scenario (2006-2015) in 4 HAPPI models: NorESM1 (top-left), MIRCO5 (top-right), CAM4-
2degree (bottom-left) and ECHAM6 (bottom right). b: percentage of years with frost days after blossom. 
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Fig. SI3 Evaluation of the chilling requirement: a: Averaged day when the chilling requirement is fulfilled for the period 
1979-2013 in EWEMBI (dot at each location) and for the historic scenario (2006-2015) in 4 HAPPI models: NorESM1 (top-
left), MIRCO5 (top-right), CAM4-2degree (bottom-left) and ECHAM6 (bottom right). Years where the chilling criterion isn’t 
reached are filled with May 1. b: percentage of years in which the chilling requirement isn’t fulfilled. 

 

Fig. SI4 Evaluation of the parallel chilling-forcing blossom model: a: Mean blossom day for the period 1979-2013 in 
EWEMBI (dot at each location) and for the historic scenario (2006-2015) in 4 HAPPI models: NorESM1 (top-left), MIRCO5 
(top-right), CAM4-2degree (bottom-left) and ECHAM6 (bottom right). b: percentage of years with frost days after blossom. 

 

 

Fig. SI5 Difference in frost risk between the 2°C and the 1.5°C future climate scenarios: a: Change in the percentage of 
years with frost days after blossom in the simple forcing model. b: Same as (a) but for the parallel chilling-forcing model. 
NorESM1 (top-left), MIRCO5 (top-right), CAM4-2degree (bottom-left) and ECHAM6 (bottom right). 

4.1. Supplementary information

119



4. Appendix

4.1.2. Summer weather becomes more persistent in a 2

◦C world

Supplementary information for 2.3.

120



4.1. Supplementary information

121



4. Appendix

122



4.1. Supplementary information

123



4. Appendix

124



4.1. Supplementary information

125



4. Appendix

126



4.1. Supplementary information

127



4. Appendix

128



4.1. Supplementary information

129



4. Appendix

130



4.1. Supplementary information

131



4. Appendix

132



4.1. Supplementary information
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S1 Weather patterns

S1.1 Weights of weather patterns

S1.1.1 Figure S1: MSLP maps for the 20 weather patterns

Figure S1: Mean sea level pressure (MSLP) anomalies for the 20 weather pat-
terns expressed in standard deviations.

S1.1.2 Figure S2: VWS maps for the 20 weather patterns

Figure S2: Vertical wind shear (VWS) anomalies for the 20 weather patterns
expressed in standard deviations.
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S1.2 TC activity in weather patterns

S1.2.1 Figure S3: TC statistics for the 20 weather patterns

Figure S3: Tropical storm statistics for the 20 weather patterns expressed as
relative deviations from the average.

S1.2.2 Figure S4: Storm formation locations in weather patterns

Figure S4: Storm formation locations for each weather pattern.
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S1.2.3 Figure S5: Histograms of storm durations

Figure S5: Histograms of observed storm durations of all storms that formed
during each weather pattern (blue). The orange histograms show the distribu-
tions from which storm durations are sampled in the emulator.
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S2 Sea surface temperatures (SST)

S2.1 Figure S6: Main development region (MDR)

Figure S6: TC occurrences for the period 1982-2020 and the months August-
October. The main development region (MDR) is indicated by a green rectangle
and spans the area 90W-20W and 10N-20N.
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S2.2 Figure S7: Quantile regression SST vs TC intensity

a b

c d

1990-2020 1982-1990 & 2001-2020

1982-2000 & 2011-2020 1991-2020

Figure S7: Quantile regression between daily maximal sustained wind speeds
of tropical storms and daily SSTs averaged over the MDR. Quantiles for which
the null-hypothesis of no trend can be rejected with a 95% confidence level are
indicated by a star.
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S2.3 Table S1: CMIP6 historical simulations - model list

We construct a CMIP6 historical ensemble by selecting on simulation run from
each of the following models:

ACCESS-CM2, ACCESS-ESM1-5, AWI-CM-1-1-MR, AWI-ESM-1-1-LR, BCC-
CSM2-MR, BCC-ESM1, CAMS-CSM1-0, CAS-ESM2-0, CESM2, CESM2-FV2,
CESM2-WACCM, CESM2-WACCM-FV2, CIESM, CMCC-CM2-HR4, CMCC-
CM2-SR5, CMCC-ESM2, CNRM-CM6-1, CNRM-CM6-1-HR, CNRM-ESM2-
1, CanESM5, CanESM5-CanOE, E3SM-1-0, E3SM-1-1, E3SM-1-1-ECA, EC-
Earth3, EC-Earth3-AerChem, EC-Earth3-CC, EC-Earth3-Veg, EC-Earth3-
Veg-LR, FGOALS-f3-L, FGOALS-g3, FIO-ESM-2-0, GFDL-CM4, GFDL-
ESM4, GISS-E2-1-G, GISS-E2-1-G-CC, GISS-E2-1-H, HadGEM3-GC31-LL,
HadGEM3-GC31-MM, ICON-ESM-LR, IITM-ESM, INM-CM4-8, INM-CM5-0,
IPSL-CM5A2-INCA, IPSL-CM6A-LR, KACE-1-0-G, KIOST-ESM, MCM-UA-
1-0, MIROC-ES2L, MIROC6, MPI-ESM-1-2-HAM, MPI-ESM1-2-HR, MPI-
ESM1-2-LR, MRI-ESM2-0, NESM3, NorCPM1, NorESM2-LM, NorESM2-MM,
SAM0-UNICON, TaiESM1, UKESM1-0-LL

Table S1: Models used to estimate the forced trend in MDR SSTs over the
period 1982-2014
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S3 Sensitivity analysis

For each of the emulator components heuristic methodological decision had to
be taken. In the following we show how the emulator performs compared to
alternative methodological choices.

S3.1 Storm formations

S3.1.1 Simplest approach - fig S8b

The probability for a new storm is the number of storm formations during the
weather pattern w(d) of the day d that is emulated divided by the number of
observed days with that weather pattern:

Pgen(d) = Pobs(gen|w(d)) (1)

S3.1.2 Giving more weight to the weather history - fig S8c

As in the main component, the probability of finding a storm formation is
multiplied by the probabilities of finding a storm formation on the following
day of the weather pattern of the day before and respectively two days before.
In contrast to the main component, these additional probability factors are not
normalised by dividing by the overall observed genesis probability squared.

Pgen(d) = Pobs(gen|w(d))∗
Pobs(gennext day|w(d− 1)) ∗ Pobs(gen2 days after|w(d− 2))

Pobs(gen|all)2
(2)

S3.1.3 Nearest neighbours with weather pattern and SST - fig S8d

For each combination of SST and weather pattern, the 100 nearest neighbours
in the observations are taken and the genesis probability is estimated from these
observations.

We use the Euclidean distance metric and standardise our variables for the
distance calculation.

D(di, dj)
2 =

(SST (di)− SST (dj))
2

√
1
N

∑
m(SST (dm)− SST )2

+
(w(di)− w(dj))

2

√
1
N

∑
m(w(dm)− w)2

(3)

For the weather patterns, which are not a continuous variable, we consider
their coordinates in the SOM grid as locations and calculate differences between
weather patterns as the sum of the squared differences in row and column num-
bers.

w(di)− w(dj) =
√
(wrow(di)− wrow(dj))2 + (wcol(di)− wcol(dj))2 (4)
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a b

c d

main equal weight for lag 1 & 2

no weather history 100 NN weather & SST

Figure S8: Seasonal storm formation counts for the main storm formation com-
ponent (a), an alteration where more weight is given to the weather history (b),
an alternation where the weather history is ignored (c) and an alteration where
storm formations are sampled using a nearest neighbors approach based on SSTs
and weather patterns (d). The black line indicates the observed storm counts.
The solid cyan line shows the mean of 1000 cross-validated simulations. The
light shading shows the 95% range of the 1000 simulations, the darker shading
shows the 66% range.

All storm formation components result in similarly high correlation coeffi-
cients between the hindcasted emulations and the observed numbers of storm
formations. Including the information of weather patterns on the two days be-
fore makes the component more sensitive while without this information the
emulations remain close to the long-term mean.

9

4.1. Supplementary information

151



S3.2 Storm duration

S3.2.1 No averaging over neighboring weather patterns - fig S9b

The length of a storm is sampled from the probability function of all storms
that emerged during the same weather pattern:

D(s) = fg(Dobs[w = w(df )]) (5)

S3.2.2 Independent of weather patterns - fig S9c

The duration of a storm is sampled from the probability distribution of all
observed storms:

D(s) = fg(Dobs) (6)

a b c

d e f

main no neighbors random

Figure S9: Seasonal storm day counts for the main storm formation component
(a), an alteration where the durations are estimated from the current weather
pattern without averaging over neighboring weather patterns (b), a storm for-
mation component that samples from a distribution of all observed storm lengths
(d). The black line indicates the observed storm counts. The solid cyan line
shows the mean of 1000 cross-validated simulations. The light shading shows
the 95% range of the 1000 simulations, the darker shading shows the 66% range.
The second row shows the residuals of the simulations for the respective plots
of the first row.

Variations between the three tested storm duration components are small.
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S3.3 Storm intensity

S3.3.1 Nearest neighbours approach

The storm intensity is sampled from a 100 nearest neighbors distribution with
conditions being characterized by weather patterns, SSTs and the storm inten-
sity on the day before. This is a simpler variation of the main component that
works without the quantile regression between storm strengths and SSTs.

D(di, dj)
2 =

(SST (di)− SST (dj))
2

√
1
N

∑
m(SST (dm)− SST )2

+
(w(di)− w(dj))

2

√
1
N

∑
m(w(dm)− w)2

+
(v(di − 1)− v(dj − 1))2√

1
N

∑
m(v(dm)− v)

(7)

The initial idea for this component of the emulator was this nearest neighbors
approach. As shown in figure S10 there is not enough data to find close enough
neighbors for all possible combinations of weather pattern, SST and intensities
on the day before. This problem is most pronounced for strong storms under
unfavorable weather conditions. Using 20 nearest neighbors instead of 100 only
slightly improves this problem.
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a b c

d e

main nearest neighbors (100) nearest neighbors (20)

Figure S10: First row: Deviation from the storm intensity on the day before
in the nearest neighbor observations for different requested storm intensities
on the day before (x-axis). Second row: Deviation from the requested SST in
the nearest neighbor observations for different requested SSTs (x-axis). Main
emulator (a), 100 nearest neighbors (b,d), 20 nearest neighbors (c,e). The black
line indicates the observed storm counts. The solid cyan line shows the mean
of 1000 cross-validated simulations. The light shading shows the 95% range of
the 1000 simulations, the darker shading shows the 66% range.
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S3.3.2 No SST dependence

The storm intensity is sampled from a 100 nearest neighbors distribution with
conditions being characterized by weather patterns and the storm intensity on
the day before.

Building an emulator without any dependence on SSTs by simply using the
100 nearest neighbors in terms of weather patterns and storm histories leads
to a similar performance in terms of year to year variability. However, there
is a significant trend in the residuals of seasonal major hurricane counts that
shows that the effect of warming SSTs in the region on TC activity cannot
be reproduced without SSTs. As shown in figure S11d this trend is even more
pronounced if seasonal major hurricane counts are plotted against the seasonally
averaged SSTs.

The misrepresentation of major hurricanes leads to a considerable trend in
ACE residuals (fig. S12).

Note that there is a positive trend in the residuals of simulated storm days
which could propagate into major hurricane counts and ACE.

a b

c d

main no SST

Figure S11: Residuals in seasonal major hurricane counts in the main emulator
(a) and an emulator without SST dependence (b). Panels (c-d) show the same,
but against the seasonally averaged SSTs in the MDR instead of years. The
black line indicates the observed storm counts. The solid cyan line shows the
mean of 1000 cross-validated simulations. The light shading shows the 95%
range of the 1000 simulations, the darker shading shows the 66% range.
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a b

c d

main no SST

Figure S12: Residuals in seasonal major hurricane counts in the main emulator
(a) and an emulator without SST dependence (b). Panels (c-d) show the same,
but against the seasonally averaged SSTs in the MDR instead of years. The
black line indicates the observed storm counts. The solid cyan line shows the
mean of 1000 cross-validated simulations. The light shading shows the 95%
range of the 1000 simulations, the darker shading shows the 66% range.
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S3.3.3 No weather dependence

Storm intensities are emulated as in the main component with the only differ-
ence, that the dependence on weather patterns is removed.

Removing the dependence of weather patterns on storm intensification only
slightly alters the emulations. As shown in figure S13, with this variation there
is a tendency towards fewer hurricane and major hurricane strength storms.

a b

c d

main no weather

Figure S13: Residuals in seasonal hurricane (a-b) and major hurricane (c-d)
counts in the main emulator (a,c) and an emulator without weather dependence
(b,d). The black line indicates the observed storm counts. The solid cyan line
shows the mean of 1000 cross-validated simulations. The light shading shows
the 95% range of the 1000 simulations, the darker shading shows the 66% range.
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S3.3.4 No storm memory

Storm intensities are emulated as in the main component with the only differ-
ence, that the dependence on the storm intensity on the day before is removed.

When intensities are estimate irrespective of the intensity of the storm on the
day before the performance of the emulator is considerably poorer. As shown
in figure S14 there are twice as many hurricanes and major hurricanes in the
emulations than observed.

a b

c d

main no memory

Figure S14: Seasonal hurricane (a-b) and major hurricane (c-d) counts in the
main emulator (a,c) and an emulator without memory in the storm evolution
(b,d). The black line indicates the observed storm counts. The solid cyan line
shows the mean of 1000 cross-validated simulations. The light shading shows
the 95% range of the 1000 simulations, the darker shading shows the 66% range.
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