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ABSTRACT
The climate in the summer months is essential for ecosystems and society. However, climate change
is causing lasting changes in the characteristics of the summer climate. In order to better understand
the summer climate, to capture changes in a statistically meaningful way and to develop climate scenarios for the future, long-term climate observations and reliable climate models are needed. These
three points are addressed in this thesis with the help of three main research questions.
The first question examines the prevailing large-scale climate patterns which are elaborated using the
climate signature of the oxygen isotope ratio in tree ring cellulose (δ18Ocel) over the past 400 years.
An empirical orthogonal function analysis reveals two different modes of variability. The first mode
is related to multi-seasonal anomaly patterns associated with the El Niño-Southern Oscillation. The
second mode of δ18Ocel variability, which captures a north-south dipole, is associated with a regional
summer atmospheric circulation pattern that has a distinct centre over the North Sea.
To further exploit the climate sensitivity of δ18Ocel tree-ring records, the first grid-based reconstruction of the European summer vapour pressure deficit (VPD) for the last four centuries is presented.
This reconstruction is used to answer the second question of what trends in VPD have occurred in
Europe over the last 400 years. The simultaneous increase in temperature and decrease in precipitation starts from mid-17th century in Central Europe and the Mediterranean region and relates to a
positive VPD trend. This trend towards higher VPD continues throughout the observation period.
In addition to studying the past summer climate with the help of a tree ring network, climate models
provide valuable information on future scenarios which are highly relevant for society and ecosystems. Therefore, this thesis addresses the question of whether simulations with different climate
models from a climate model comparison project are suitable for making reliable statements about
future drought conditions and what influence the amount of greenhouse gases has on drought occurrence. Based on a comparison between simulated and observed drought conditions for the period
1971-2000, reasonable agreement can be found between climate model simulations and the observations. However, climate models cannot reproduce drought trends in observations for recent decades
for large parts of the Northern Hemisphere. Furthermore, it is shown that drought occurrence is
projected to increase significantly in arid regions under three different future scenarios, with the severity of droughts depending on greenhouse gas emissions. For regions currently less affected by
prolonged droughts, such as the European continent, the climate models show that the probability
of drought occurrence increases significantly under the warmest future scenario. Thus, this thesis
presents new perspectives on past, present and future European summer climate using a δ18Ocel tree
ring network, climate observations and climate model simulations.
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1.1 MOTIVATION
Summer 2021 was extreme in many respects: numerous new temperature and precipitation records
were set worldwide. For example, a heat wave occurred in western North America in June and July,
which, in addition to setting a new Canadian temperature record of 49.6 °C, also set a new record for
the measured temperature north of 50°N (e.g. Philip et al., 2021; WMO, 2021). Almost in parallel,
several cities and communities in western Europe, centred on western Germany and eastern Belgium,
experienced some of the most severe flooding since records began, killing over 200 people
(e.g. Fekete and Sandholz, 2021). This included large-scale rainfalls of 100 to 150 mm on 14 and 15
July on already very wet soils. A few days later, from 17 to 21 July, the Chinese city of Zhengzhou
was flooded. During these days, 720 mm of rain fell and the highest measured precipitation in one
hour in China was recorded with 201.9 mm (WMO, 2021). Shortly afterwards, temperatures rose
sharply in the Mediterranean region, with a new European temperature record of 48.8 °C being recorded in Italy in mid-August (Keith et al., 2021). In addition to these selected examples, there were
numerous other global extreme events in the summer of 2021, such as a tornado in the Czech Republic or forest fires in Greece. But also throughout the year, e.g. temperature or precipitation anomalies could be observed that exceeded records from the past and demonstrably had a major impact
on society (e.g. Fekete and Sandholz, 2021).
The changing climate on planet Earth is not only causing temperatures to rise globally but also causing the characteristics of climate extremes, such as frequency and magnitude, to change. The causes
of this can be very diverse and are often indirectly or directly related to the rise in the global mean
temperature (e.g. IPCC, 2021). As the highest temperatures are reached in the summer months, several of these climate extremes, such as heat waves, floods and droughts, occur mainly in the summer
(IPCC, 2021). Precise knowledge of how climate extremes and their spatial and temporal characteristics develop in the summer is accordingly highly relevant for society to adapt or prepare for the
impacts of climate extremes. For example, early warning mechanisms can be developed to prepare
for large economic losses, or disaster management in case of floods can be optimised.
The World Climate Research Programme's (WCRP) international climate science research strategy
addresses the high societal relevance and incomplete scientific understanding of climate extremes.
The WCRP is a WMO-based international climate science coordinating organisation that works to
develop, share, and apply climate knowledge for the benefit of society (Brasseur and Carlson, 2015).
In order to answer the questions with the highest societal relevance, to combine capacities and efforts,
to minimize uncertainties and to deepen knowledge about climate, seven Grand Science Challenges
(GCs) have been developed by the WCRP (Brasseur and Carlson, 2015). One of these GCs deals
with the assessment of climate extremes. The aim is to work out what controls them, how they have
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changed in the past, and how they might change in the future (Zhang et al., 2014; Alexander et al.,
2016). Therefore, this research field is currently a key topic for climate science.
The major challenge begins with the definition of climate extremes. There is a multitude of definitions, different international standards, different temporal durations of climate extremes, and different spatial conditions that are often not taken into account (e.g. Sillmann et al., 2017). In addition,
the definition is often based on a threshold or distribution of historical observations that, when applied in recent decades or for future projections, cannot draw on the same stationary processes as
once existed in the historical periods. Therefore, stationarity and linearity cannot be assumed when
comparing climate extremes. However, one of the greatest challenges is the availability of observational records.. Climate extremes are rare in themselves. Therefore, long-term observations are
needed to compare several climate extremes of the same type and under the same initial spatial and
climatic conditions. This is challenging as weather records are very inhomogeneous in spatial distribution as well as in quality (e.g. Schneider et al., 2018). While in densely populated and industrialised
areas, such as Western Europe, one can draw on many time series covering the last 100 to 150 years,
records from unpopulated or non-industrialised areas often cover only 40 to 70 years. When analysing
climate extremes that occur only a few times a century, their large-scale drivers and the influence of
climate change on their frequency, there is often a lack of statistical significance for many parts of
the world due to the data situation described. Thus, it is a challenge for climate science to quantify
changes in the spatial and temporal characteristics or underlying mechanisms of climate extremes
(e.g. Sillmann et al., 2017). In addition, it is challenging to check future developments of climate
extremes in future scenarios for plausibility and consistency in comparison with historical observations (Sillmann et al., 2017).
It is precisely these challenges that this thesis addresses. The analyses and results presented in this
thesis are based on four defined strategy points of the WCRP for this GC (Alexander et al., 2016)
and focus in particular on the summer climate. The first task of the topic climate extremes is to
document them. In this thesis, past climate conditions outside the instrumental observation period
are reconstructed in order to be able to make more reliable statements about climate change and
current climate extremes. The second point of the WCRP is the understanding of the effect of largescale, regional and local climate-effecting activities and processes and their impact on the occurrence
of climate extremes, which can be enabled by reconstructed climate data. For this purpose, reconstructed climate states are compared and visualised in this thesis with large-scale climatic processes,
such as large-scale atmospheric and oceanic circulation. Thirdly, climate extremes are to be successfully modelled and their changes simulated. Therefore, this thesis makes use of existing climate models, which are evaluated with a focus on drought extremes and verified with historical observations.
Furthermore, these models can also be used to determine the decisive factors for climate extremes,
and to predict their propagation and frequency, which is the subject of point four of the GC strategy.
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In this thesis, future climate scenarios are used to investigate the influence of increasing greenhouse
gas emissions on drought extremes.

1.2 STRUCTURE & OBJECTIVES OF THE THESIS
Besides the introduction, the thesis is divided into 5 main chapters. Chapter 2 provides the necessary
basics about the climate system, climate models and climate proxies. Based on this, Chapters 3 to 5
present the main findings of this thesis and are oriented towards the research questions explained
below. Chapter 3 is published in Balting et al. (2021a) in Climate of the Past. The results shown in
Chapter 4 are prepared for the submission at Nature Scientific Data (Balting et al., in preparation), while
Chapter 5 is published in Balting et al. (2021b) in npj Climate and Atmospheric Science. Thus, each of the
chapters represents a separate study, with a separate introduction, methodology and presentation of
results, as well as a separate discussion. Finally, Chapter 6 summarises the main findings and presents
an outlook.
The aim of this thesis is to address three research questions. These questions and a brief explanation
of them are presented in the following:
1. What large-scale patterns can be captured by a δ18Ocel tree-ring network and is there a link to the
El Niño-Southern Oscillation (ENSO)?
The analysis of time series of oxygen isotope ratio in tree ring cellulose (δ18Ocel) from individual
sample sites has so far been used to establish local or regional links to climate parameters (e.g. Etien
et al., 2008). The aim is to present a comprehensive spatial-temporal analysis of a European largescale δ18Ocel network and to determine the dominant modes of the network for the last 400 years.
Furthermore, the influence of external and internal factors on the summer climate will be investigated, e.g. ENSO, and the composition of the δ18Ocel can be better understood.
2. What trends in the summer water vapour pressure deficit (VPD) have occurred in Europe over
the last 400 years and how do they look in future scenarios?
The topic of VPD is still relatively new and unexplored. VPD has received particular attention as
studies have found that VPD is an important factor for plant growth (Restaino et al., 2016), forest
mortality (Park Williams et al., 2013), drought occurrence (Dai, 2013), crop production (Zhao et al.,
2017) and wildfire occurrence (Seager et al., 2015). Long-term observations and large-scale evaluation
of VPD variability are scarce. Therefore, gridded fields of European summer VPD from 1600 to
1994 are reconstructed to answer this question using a European δ18Ocel network from tree rings.
The goal is to provide the first large-scale and long-term perspective on the past VPD variability and
trends in Europe. Furthermore, the reconstructed and observed VPD conditions in Europe are compared with the VPD evolution in different future climate scenarios.
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3. Can historical simulations of a climate model reproduce historical summer drought observations, and how do the greenhouse gas concentration affect the probability of summer droughts?
Reliably determining drought conditions for the coming century can help to develop adaptation strategies or provide information on how greenhouse gas emissions effect drought probability. To make
this possible, the current ability of climate models from a coupled model intercomparison project is
evaluated in the context of reproducing historical observed drought conditions. Depending on this,
the ability to determine future drought probabilities of three climate scenarios can be assessed. Furthermore, with the help of the climate model experiments for a future climate, it is also possible to
predict the influence of greenhouse gas concentrations on regional drought probabilities, to recognise
spatial patterns, and to identify hotspots for future droughts.

6
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2.1 CLIMATE SYSTEM
Before the hypotheses can be discussed, it is necessary to explain the climate system and the individual
factors in more detail. Basically, the climate system is determined by five spheres (Figure 2.1; Stocker,
2011):
1. The atmosphere is an important part of the climate system, since processes such as the weather,
the Earth's radiation budget, the formation of clouds and precipitation, large-scale circulations,
and heat transport among others, are co-determined in it. The atmosphere is a mixture of gases
and it reacts comparatively fast to changes in the climate system.
2. The hydrosphere comprises all forms of water above and below the Earth's surface: the entire
ocean as well as freshwater in rivers, lakes, and groundwater. Important processes that belong to
the hydrosphere are, for example, transport processes of oceanic water masses, heat transport,
or mass transport.
3. The cryosphere includes all forms of ice in the climate system: ice shelves, sea ice, glaciers, and
permafrost. The cryosphere is an important part of the climate system because among others, it
has a significant influence on the Earth's albedo. This sphere responds comparatively slowly to
changes in the climate system.
4. The lithosphere or land surface describes the properties of the soil and solid earth. This sphere
is decisive for the position of the continents, the depth of the oceans, the albedo of the land surface, and the position of the climate zones.
5. The biosphere groups together all the flora and fauna on land masses as well as in the oceans.
One well-known influence of the biosphere is the uptake and release of greenhouse gases, although it is also relevant for many other processes in the climate system.
In some cases, a sixth sphere is also attributed to the climate system. This is the so-called anthroposphere, which describes the influence of humans on the climate system. This includes, for example,
gas emissions (e.g. IPCC, 2013). However, these five or six spheres that determine the climate system
do not stand alone, as all spheres interact with each other on different time and spatial scales. This
can be the change in the position of the continents, which significantly alters the properties of the
local biosphere, or the comparatively rapid heat exchange between the oceans and the atmosphere.
Therefore, a major challenge in climate science is to explore mechanisms and processes in the
spheres, as well as to understand the interactions between them.
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Figure 2.1: The six spheres of the Earth that influence the climate system. Note, the representation of the spheres
and the climate system is a simplification, as the processes within and interacting with other spheres are more
complex.

2.2 CLIMATE MODELS
After the brief introduction of the components of the climate system, the question now is how processes that take place within and between spheres can be analysed more precisely. The classical way
to better understand processes or to test hypotheses is to collect measurements and to analyse them
specifically. However, when it comes to large-scale or complex mechanisms that are difficult to analyse with observations, it can be advantageous to model the processes and mechanisms. The aim of
climate modelling is to understand physical and chemical information and data obtained from palaeodata (Stocker, 2011).
Since the processes and mechanisms in the climate system are very diverse, there are models with
different sizes of dimensions or spatial resolution. Basically, climate and Earth system models are
based on fundamental physical principles and reproduce many important aspects of the observed
climate (IPCC, 2021). However, the set-up of the models can differ significantly from climate models
with zero dimensions (e.g. simple energy balance models) to complex Earth system models with three
spatial dimensions (e.g. Atmosphere–Ocean General Circulation Models (AOGCMs)). Earth system
models are so complex because the explicit solution of the energy, momentum and mass conservation
equations must be calculated at millions of points on Earth, in the atmosphere and on land
(IPCC, 2013).
The final choice of model for a particular application depends directly on the scientific problem
(Held, 2005), with the complexity of the models defining the appropriate scope of application (IPCC,
2013). For many research projects, it is not necessary that all global processes are well represented.

10
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Rather, it is important that the processes to be analysed can be represented well enough by the model.
Therefore, even supposedly unimportant processes are removed from the model or simply parameterised. In general, parameterizations are included in all model components to incorporate processes
that cannot be explicitly resolved or are not understood (IPCC, 2013). This saves additional computing resources, which can play a major role for large and long simulation durations. For this reason,
intelligent simplifications and models with reduced complexity are in demand (Stocker, 2011). The
‘standard’ climate models are AOGCMs, which are used to understand the dynamics of the physical
components of the climate system (atmosphere, ocean, land, biosphere and sea ice), and for making
projections (IPCC, 2013). In case of biogeochemical feedbacks, Earth System Models (ESMs) are the
current state-of-the-art models, and they include representation of various biogeochemical cycles
(Flato, 2011).
In order to expand the application areas of models, it is possible to couple models with each other.
This means that two or more models regularly exchange the relevant boundary conditions with each
other. For the coupling of ocean and atmospheric models, this means that, among other things, the
heat transfer between oceans and atmosphere must be implemented. As a consequence, a warm atmosphere, for example, gives off energy to a cold ocean. The coupling between models of the spheres
has the advantage that processes that depend globally on several spheres can be represented better
and more accurately. Furthermore, a more accurate picture of processes can be generated, as further
boundary conditions and interfaces can be better modelled. To be able to model the global climate
system completely, it is therefore necessary to represent all spheres as a model and to couple them
efficiently and meaningfully with each other.
Especially in the climate system, the investigation of different driving forces on the different spheres
are highly relevant. So-called radiative forcing (RF) can be used to define which influences act on the
observed system, whereby RF is defined as a measure of the net change in the energy balance in
response to an external perturbation (IPCC, 2013). An example of a predefined RF is the fluctuation
of solar radiation, volcanic eruptions or changes in greenhouse gas emissions. Also anthropogenic
activity can perturb the Earth’s radiation budget and can be considered (Flato, 2011). Once a forcing
is applied, complex internal feedbacks determine the eventual response of the climate system
(e.g. IPCC, 2008). Therefore, changes to the RF allow statements about the reaction of the climate
system to certain events or certain conditions and can be used to develop scenarios or to model the
climate of the past.
The simplest approach to assessing the quality of climate models is to compare observed and simulated climate variables (e.g. Gleckler et al., 2008). In order to understand the cause of model errors,
it is necessary to examine the processes both in the context of the full model as well as to evaluate
them in isolation (IPCC, 2013). In addition to looking at the model individually, it is also possible to
evaluate the performance of multiple models. So-called multi-model ensemble methods are used to
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investigate uncertainty in climate model simulations, including structural uncertainties due to different model formulations (e.g. Tebaldi and Knutti, 2007; IPCC, 2013, 2021). If the results of a model
are consistent overall, the model created provides a quantitative interpretation of the development of
the climate within a certain time frame based on the physical and chemical replication of reality
(Stocker, 2011). Nevertheless, climate models should always be viewed critically, because, like any
mathematical model of natural systems, a climate model is a simplification.
2.2.1 COUPLED MODEL INTERCOMPARISON PROJECT

Over the past decades, a large number of institutes have developed their own General Circulation
Models (GCM) or use the GCM from other institutes for their applications. However, it is important
to compare the model used with other climate models in order to assess its validity and performance
compared to other climate models (IPCC, 2013). This allows the quality of the individual climate
models to be assessed and sources of error to be identified (e.g. Tebaldi and Knutti, 2007).
The systematic comparison of several climate models from different institutes is organised within the
framework of Model Intercomparison Projects (MIPs). They define experiments in advance, the necessary standardisation of data structure, and output requirements to enable a meaningful comparison.
The structure of MIPs is crucial for the reusability of the generated data and the transparency of the
calculated results. Because MIPs were not uniformly standardised, relationships between models were
difficult to determine, and there was a growing need for systematic multi-model comparison of
climate models (Eyring et al., 2016), the Coupled Model Intercomparison Project (CMIP) was first
organised by the Working Group on Coupled Modelling more than 20 years ago (Meehl et al., 1997).
Since then, it has evolved over six phases into a major international multi-model research activity
(Meehl et al., 1997, 2000, 2005, 2007; Taylor et al., 2012; Meehl et al., 2014; Eyring et al., 2016).
The aim of the CMIP is to create a common standardisation for data formats (structure and
metadata), data management, data documentation, data collection, and data access to provide a framework that promotes consistency and transparency and serves as a reference system (e.g. Eyring et al.,
2016). An important part of CMIP is to make the multi-model results publicly available and to involve
the whole community (e.g. Meehl et al., 2014). This framework can also be used by other MIPs that
can draw on the data infrastructure and CMIP standards. Thus, the CMIP creates a framework that
unites a variety of coordinated modelling activities. According to Eyring et al. (2016), this can reduce
duplication of effort, minimise operational and computational burden, and establish common practices in the production and analysis of large volumes of model results. Furthermore, it also gives
researchers access to climate model data who do not have the required computing resources.
To increase the relevance of the CMIP, it is now organised under the patronage of the WCRP. Thus,
the CMIP not only addresses general questions, such as "How does the Earth system respond to
forcing?", but also addresses the WCRP GCs (WCRP, 2016). However, the CMIP has received more
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attention in recent years because the IPCC's Fifth Assessment Report (IPCC, 2013) uses the output
data of CMIP5 (Taylor et al., 2012). The output of the next phase of CMIP is also used for the IPCC's
Sixth Assessment Report (AR6; IPCC, 2021). It should be noted that not only the comparison of
CMIP experiments is used, but also the results of the 23 MIPs developed in the framework of CMIP6.
Participation in CMIP and thus in the associated MIPs is conditional on adherence to the common
standards, coordination, infrastructure and documentation, as well as the implementation of the
DECK (Diagnostic, Evaluation and Characterisation of Climate) and CMIP historical simulations
(Meehl et al., 2014). The DECK experiments are designed to (1) provide continuity across past and
future CMIP phases, (2) change as little as possible over time, (3) be well-established and include
simulations that modelling centres are doing anyway as part of their own development cycle, and (4)
be relatively independent of the drivers and scientific goals of any particular CMIP phase (Eyring et
al., 2016). According to Eyring et al. (2016), the design of the DECK experiments has proved useful
in answering a variety of questions related to recent climate change and in detecting model errors.
The first DECK simulation is the pre-industrial control simulation (piControl). According to Eyring
et al. (2016), this simulation is conducted under conditions representative of the period before the
onset of large-scale industrialisation, using 1850 as the reference year. The piControl simulation
serves as an equilibrium climate experiment, which is defined as an experiment in which the models
can fully adapt to a given change in RF (IPCC, 2013). Thus, no change in RF takes place. This experiment can be used to analyse the dynamics of internal processes that are not affected by the variability
of the RF. Furthermore, the piControl simulations serve as a starting point for all subsequent historical simulations.
The next two experiments are clearly driven by CO2 forcing and start with the piControl simulation.
In the first, the CO2 concentration is immediately and abruptly quadrupled (abrupt-4×CO2) from
the 1850 global annual mean used in piControl (Hansen et al., 1981). In the second, the CO2 concentration is gradually increased at a rate of 1% per year (1pctCO2; Meehl et al., 2014). Both experiments
are used to analyse the response of the climate system to greenhouse gas forcing and equilibrium
climate sensitivity, comparing non-linear and linear influences.
The final DECK experiment is the Atmospheric Model Intercomparison Project (AMIP; Meehl et
al., 2014), where simulations are performed using only atmospheric general circulation models for
the period 1979 to 2015.. The idea of AMIP is to analyse and assess the atmospheric and land-based
components of the climate system when constrained by observed ocean conditions (Eyring et al.,
2016).
In addition to the four DECK experiments, another requirement for participation in CMIP is the
simulation of the historical period from 1851 to the end of 2014. The simulation starts from the
piControl simulation, and the forcing is based on observations of externally imposed forcing such as
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solar variability, optical properties and fractional changes in the effective radius of cloud droplets,
volcanic aerosols, global gridded land use datasets, and changes in atmospheric composition caused
by human activities (Eyring et al., 2016). This will allow the simulations to be compared with observations of historical climate and determine the ability to represent variability and trend (e.g. Balting
et al., 2021b). Therefore, the simulations of the historical climate are also used in later chapters of the
thesis.
2.2.2 THE SCENARIO MODEL INTERCOMPARISON PROJECT

In order to better understand the impacts of climate change and to develop adaptation strategies, it
is necessary to investigate scenarios of future climate development. Thus, based on the Special Report
on Emissions Scenarios (SRES; Nakićenović et al., 2000) of the IPCC, climate model projections
were carried out for the first time in phase 3 of the Coupled Model Intercomparison Project (CMIP3;
Meehl et al., 2007). Since then, the primary goal has been a better understanding of the impacts on
the climate system and on society with AOGCMs (e.g. Meehl et al., 2007).
Since CMIP3, not only the CMIP framework but also the scenarios have evolved. For example, the
scenarios, which used to be an integral part of CMIP (e.g. Taylor et al., 2012), are now a stand-alone
MIP based on the CMIP6 framework. In addition, the Scenario Model Intercomparison Project (ScenarioMIP) scenarios are no longer based on the representative concentration pathways (RCPs; van
Vuuren et al., 2011) used in CMIP5, but on the Shared Socioeconomic Pathways (SSPs) as described
in O’Neill et al. (2016). The advantage of the SSPs is that in addition to the change in greenhouse gas
forcing, they also take into account the future development of society independent of climate change
impacts (e.g. Kriegler et al., 2012). For this purpose, five SSPs were developed by O’Neill et al. (2017)
to describe the societal development trend that are shortly summarized here. The SSPs 1 and 5 assume optimistic development for society, including a growing economy. However, they differ in that
SSP 1 describes an increasing turn towards sustainability, while growth in SSP 5 is based on an energyintensive, fossil-based economy. Also positive is SSP 2, which describes the development of society,
with trends similar to historical development trends. In addition to the three SSPs with positive development trends, SSPs 3 and 4 describe a pessimistic trend with exemplary low investment in education and increasing inequality. Based on these five SSPs, integrated assessment models were used
to determine the impacts of the different scenarios on energy systems, land use and the associated
resulting greenhouse gases (Riahi et al., 2017) which can be used as in input for GCMs.
In order to map the possible development of society and climate change, it is necessary to integrate
the designed SSPs into a scenario. For this purpose, all SSPs and model forcing were entered into a
matrix as described in van Vuuren et al. (2014). Subsequently, each climate warming pathway was
combined with the corresponding SSPs, if it is reasonable to create the social conditions for the SSP
emissions to correspond to the pathway (van Vuuren et al., 2014). This results in a combination of
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SSP drive pathways that represents an integrated scenario of future climate and societal change as
proposed in Moss et al. (2010). Since the former four RCP scenarios from CMIP5 are not sufficient
to cover the spectrum, new pathways have been identified based on this matrix or on policy decisions,
e.g. the Paris Agreement (O’Neill et al., 2016). The name of the scenarios in ScenarioMIP is constructed to consist of the SSP and the long-term global mean radiative forcing (SSPX-Y) as shown in
Table 2-1.
Table 2-1: Tier 1 experiments of ScenarioMIP described by the radiative forcing and the SSP (O’Neill et al., 2016).
Additionally the very likely change of surface temperature for 2081-2100 compared to 1850-1900 is given for each
scenario (IPCC, 2021).
SCENARIO

2100 RADIATIVE
FORCING (W M-2)

SSP

WARMING RANGE
(°C)

SSP1-2.6

2.6

1

1.3 - 2.4

SSP2-4.5

4.5

2

2.1 – 3.5

SSP3-7.0

7.0

3

2.8 – 4.6

SSP5-8.5

8.0

5

3.3 – 5.7

According to O’Neill et al. (2016), the ScenarioMIP experiments include a total of eight pathways of
future emissions for the period 2015 to 2100, one simulation with a minimum number of ensemble
members, and three long-term scenarios. All scenarios use the last day of the historical simulation
(31 December 2014) as the starting point (1 January 2015) for the simulations. Therefore, the forcing
of the scenarios has been harmonised with the historical forcing. Furthermore, all experiments are
divided into two priority groups (O’Neill et al., 2016). The highest priority simulations (Tier 1), which
must be carried out with at least one simulation per model in order to participate in the ScenarioMIP,
comprise four key scenarios (Table 2-1). These are three further developments of the previous
CMIP5 RCP scenarios. RCP2.6 became SSP1-2.6, RCP4.5 became SSP2-4.5 (middle part of the spectrum of future warming pathways) and RCP8.5 became SSP5-8.5 (upper end of the spectrum of
future pathways; O’Neill et al., 2016). In addition, scenario SSP4-7.0 was developed to fill a gap between the RCP scenarios and to represent a mid to high future greenhouse gas pathway.
In addition to the experiments with the highest priority, there are further Tier 2 simulations as described in O’Neill et al. (2016). These simulations comprise four pathways of future emission, which
either close gaps between the Tier 1 experiments or clarify specific forcing issues (SSP4-6.0, SSP43.4, SSP5-3.4-OS, SSPa-b). In addition, there is the SSP4-7.0 experiment, which, in contrast to Tier
1, requires at least nine simulations per model to make statements about the variability and uncertainty
of the forcing. The Tier 2 simulations are concluded with long-term scenarios covering the period
2015 to 2300 to learn more about long-term feedbacks reversibility (SSP5-8.5-Ext, SSP5-3.4-OS-Ext,
SSP1-2.6-Ext). In this thesis, only Tier1 scenarios are examined.
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2.3 CLIMATE PROXIES
To study past climate conditions, instrumental observations are available for the past 150 years.
Beyond this period, direct measurements of various climate variables are not attainable, and other
indicators have to be used to obtain information on the evolution of climate. For example, historical
records of Japanese cherry blossom dates for the last 1200 years have been used as proxy records for
spring temperature (e.g. Aono and Saito, 2010). With the help of such historical information, not only
temperatures for the beginning of the growing period can be estimated, but also for the whole growing season. The advantage of such records is that the information is comparatively reliable and that
they are often available with a high temporal resolution. However, continuous historical records are
relatively scarce and spatially limited.
In order to obtain information about the past climate from locations where no human records are
available, so-called climate proxies can be used. Climate proxies are indicators that are coupled or
strongly correlated with at least one climate variable by a physical, chemical or biological process.
Due to the different nature of proxy archives, a distinction is made between terrestrial and maritime
climate proxies. An example for a terrestrial proxy is the tree ring width of trees, whereas an example
of a maritime proxy is the chemical composition of growth layers of corals. The temporal resolution
and the temporal coverage of climate proxies can be different. For example, tree-rings are annual, the
growth layers of corals can be resolved bimonthly (e.g. Felis et al., 2018a), whereas marine sediments
often have a decadal, multi-decadal or lower resolution (e.g. Nowaczyk et al., 2021).
In this thesis, a high-resolution climate proxy is needed to reconstruct information about the European climate in summer, which is resolved at least annually and is particularly sensitive to the months
of June, July and August. The terrestrial climate proxy of stable isotopes in tree rings is suitable for
this purpose and will be presented in the following subchapters.
2.3.1 PHOTOSYNTHESIS AND ENDOGENOUS & EXOGENOUS FACTORS

Trees and climate are linked in a multidirectional way. The number and distribution of trees influences
climate, while the climate influences the growth and biochemical composition of a tree. An internal
tree process that is strongly dependent on climate conditions and influences climate is photosynthesis.
In this process, trees use inorganic carbon (CO2) from the atmosphere and water from the soil (H2O)
to build glucose (C6H12O6) as part of the Calvin cycle. The resulting glucose is used for primary
growth at the shoot tip of a tree and for secondary growth in the cambium (see Subchapter 2.3.2),
which is essential for wood formation in an annual layer, i.e. tree rings. Furthermore, photosynthesis
releases oxygen into the atmosphere (6O2).
Light

6 CO2 +12 H2 O !⎯⎯⎯⎯# C6 H12 O6 + 6 O2 +6 H2 O

(2-1)
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The entire process of photosynthesis depends on various conditions. Endogenous factors result from
the genetic and physiological structure of a plant, while exogenous factors are governed by the environment. The latter are defined by the six spheres and are related, for example to climate, soil structure or landscape morphology. Thus, endogenous and exogenous factors fundamentally control the
entire growth process (Fritts, 1976; Schweingruber, 1996; Schönwiese, 2013a; Esper et al., 2017).
However, the individual factors can vary in time and space and are perceived as stimuli by special
sensor organs of the plant. Corresponding stimuli either lead to plant growth or trigger protective
functions, such as the closing of the stomata of the leaves (Schönwiese, 2013a).
The influence of all endogenous and exogenous factors is stored annually in a tree ring. The temporal
classification is supported by the ring formation, which makes it possible to obtain data with a high
temporal resolution. Thus, tree rings are a proxy archive containing information about tree growth
and conditions (endogenous, exogenous) at the time of ring formation (Saurer et al., 1997). The formation of a tree ring and the structure of the tree trunk associated with it are explained in the following subchapter.
2.3.2 STRUCTURE OF A TREE TRUNK

To better understand the importance of the annual ring and the interactions with other components,
it is necessary to discuss the structure of a tree trunk in more detail (Figure 2.2). A key role in this is
assigned to the so-called cambium which is responsible for the growth of wood and bast (Kaennel
and Schweingruber, 1995). The cambium ring, which runs around the entire trunk of the tree, is
formed from delicate, juicy, constantly dividing cells and increases the tissues that lie on both sides
through an ongoing cell proliferation process (Rathgeber et al., 2016). When the tissue expands inwards, it forms the so-called secondary xylem (wood), which is the main component of a tree ring
(Rathgeber et al., 2016). Within the secondary xylem, water and nutrients are transported towards the
leaves from the roots. Cambium cells also expand outwards. As a result, new bast cells (phloem) are
created every growing season, which constitute the innermost layer of the bark (Rathgeber et al.,
2016). The bast cells are likewise important for transport processes, moving the sugar sucrose synthesized during photosynthesis in the crown to all parts of the plant where it is needed. The phloem
is protected through the outer lying bark. Latter consists of dead cells from the bast.
With increasing age, the xylem cells in the annual rings "lignify" and finally die forming a solid inner
wood area. This strongly lignified heartwood is much darker in colour as the less lignified so-called
sapwood which contains alive and active cells close to the cambium.
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Figure 2.2: The anatomy of a tree stem (Urry et al., 2016).

In general, a tree ring consists of lighter and darker wood colorations. The reason for these effects is
driven by different vegetation periods. On the temperate zone of the Northern Hemisphere, the
vegetation period roughly reaches from March to October and is divided into three different phases
of tree physiological activity: reserve mobilization phase (March to April), a growth phase (tree ring
growth or thickness growth, May to July) and a reserve deposition phase (storage phase, August to
October; Schweingruber, 1983). The inner element of a tree ring is the early wood. The early wood
cells are thin-walled, very large, and they have tracheids (conifers and broad-leaf species) and/or
trachaea (wood vessels; broad-leaf species, only) , which serve as water pipes and perform mechanical
support (Nultsch, 2001; Rathgeber et al., 2016). In contrast, late wood builds up in late summer/autumn when the wood accumulation decreases significantly in favour of reserve substances (starch,
fatty acids) stored in woody rays and other woody parenchyma cells for fuelling the sprout in the
coming spring (Schweingruber, 1983). Late wood consists of smaller cells that are additionally created
which look dark brown. This type of wood is particularly dependent on the late summer/autumnal
weather conditions.
2.3.3 STABLE ISOTOPES FROM TREE RINGS

To study and reconstruct the climate of the past, structural/physical as well as chemical properties of
the tree ring can be used. In this study, the focus is particularly on ratios of stable isotopes. Isotopes
are elements that have an equal number of protons and a different number of neutrons in their atoms.
In the science of dendrochronology, the isotope ratios of oxygen, carbon and hydrogen in tree-ring
cellulose, are often investigated. The advantage of evaluating isotope data from tree rings is the robust
model understanding of isotope fractionations during photosynthesis. Besides the general advantage
of tree-ring times series providing annual resolution, accurate dating and statistical confidence intervals from calibration and verification against instrumental climate data.
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However, in order to measure isotopes in cellulose, a complex procedure is necessary to remove
other components of a tree's annual ring, e.g. lignin and resins. The reason to remove them is that
the use of the whole wood for stable isotope analysis leads to signal distortions because the mass
fractions of the different wood components change and isotope signatures of the individual components differ from each other (Schollaen et al., 2017). To measure the isotopic ratios of the extracted
cellulose, cellulose is packed into small silver foils that are subsequently converted to CO measuring
gas in a pyrolysis oven (at 1400 °C) (cf. McCarroll and Loader (2004) and Loader et al. (2015) for
details). The gas from each sample is passed through capillary tubes to an isotope ratio mass spectrometer (IRMS) where the individual isotopes are attracted to a magnetic field to varying degrees
(depending on their neutron number). A detector then records exactly these isotope masses with an
error tolerance of ±0.1‰ for carbon and ±0.3‰ for oxygen in this thesis.
In paleoclimate research, the isotope masses are grouped into element-related ratios (Equation 2-2),
where the heavier, much less abundant isotope (Em+i ) is always divided by the lighter isotope (Em ).
For instance, the ratio 18O/16O is used in oxygen isotope analysis.
Rp =

Em+i
Em

(2-2)

To minimize the error and to calibrate the results, the measured isotope data are calibrated with the
standard value Rs, which leads to the well-known isotope ratio δ (Craig, 1957; O’Leary, 1981). It is a
helpful indicator, which is widely used in climate science:
δEm+i =

Rp -Rs
Rs

×103

(2-3)

2.3.4 THE ISOTOPE EFFECT

While the representation of isotope ratios has been described, the question remains as to why and
how isotope ratios can change. The answer to this question can be found in the basic differences
between two isotope types of an element, e.g. 16O and 18O. Even though the number of neutrons has
no influence on the gross chemical properties of the element and its compounds, mass differences
can cause chemical and physical differences (Sharp, 2007). These differences are called the isotope
effect (O’Leary, 1981), whereby the corresponding shift of an isotope ratio is called fractionation.
In the concept of fractionation, a difference is made between kinetic and equilibrium fractionation.
Kinetic fractionation describes the effects of the different masses of two isotopes of the same element
on their motion. According to Sharp (2007), the average velocity of a light isotope is higher than that
of a heavy isotope, since the activation energy for heavy isotopes is higher than for light ones. As a
result, lighter isotopes are fundamentally faster and can overcome resistance more easily than their
heavier counterparts (O'Leary, 1980). This type of fractionation leads, for example, to the fact that
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isotopically light molecules will preferentially diffuse out of a system and leave the reservoir enriched
in the heavy isotope. Furthermore, it explains that more 12CO2 molecules than 13CO2 molecules strike
the surfaces of leaves and enter the stomata (Sharp, 2007). This benefit for lighter isotopes is called
fixation advantage (O'Leary, 1980).
In contrast to kinetic fractionation, equilibrium isotope fractionation describes the effects of atomic
mass on bond energy and often occurs when a chemical exchange takes place between two molecules
(Peterson and Fry, 1987). The energy required to break a bond is higher for a heavy isotope than for
a light isotope, resulting in a difference in bond strength (Sharp, 2007). As a result, heavier isotopes
concentrate in molecules where the bond strength is higher and lighter isotopes concentrate in molecules where the bond strength is weaker (Peterson and Fry, 1987; Fry, 2007). Moreover, this type of
fractionation is dependent on temperature. When temperature increases, fractionation becomes
smaller and when temperature decreases, fractionation are greater (Sharp, 2007).
The differences and fractionations form the foundation for the study of stable isotopes in science.
With the help of the described fraction mechanisms, for example past temperatures can be reconstructed or entire chemical cycles can be better understood.
2.3.5 ISOTOPES OF OXYGEN

In this study, the focus is on the stable isotopes of oxygen since the necessary data coverage is given
and the relevant processes are among the best researched. In general, oxygen is widely distributed in
the climate system, an important part of the photosynthesis process, and the second most common
element on Earth. In nature, this element has three stable isotopes. The lightest one, the 16O isotope,
accounts for 99.757%, the heavier isotopes 17O and 18O account for 0.038% and 0.205% respectively
(Audi et al., 2017). The isotope 16O (8 protons + 8 neutrons) and 18O (8 protons + 10 neutrons) are
mostly used in paleo-climatological analysis because fractionation effects are more visible at higher
mass differences (McCarroll & Loader, 2004). As already indicated in the subchapter before, the
oxygen isotope ratio can be written in the conventional delta notation (Equation 2-4):

δ18O

=

18O
18O
16O sample 16O standard
18O
16O standard

*1000

(2-4)

Nowadays, the international reference standard is normed by the International Atomic Energy
Agency and it is called Vienna standard mean ocean water (McCarroll & Loader, 2004).
2.3.6 ENVIRONMENTAL INFLUENCES ON THE OXYGEN ISOTOPE

For the interpretation of the environmental signature of the oxygen isotope ratio in tree ring cellulose
(δ18Ocel), it is important to know and describe the three main control factors. The first factor is the
δ18O of soil water (δ18OSW) as it represents the δ18O input into the arboreal system. The δ18OSW
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reflects an average or long-term variations of δ18O of precipitation (δ18OP) over several precipitation
events (e.g. Saurer et al., 2012). δ18OP at any location is the result of the previous rainout history and
origin(s) of the moist air mass(es), which are governed by atmospheric circulation patterns and further
fractionations. In middle and higher latitudes a significant positive relationship between δ18OP values
and air temperature, commonly called the temperature effect, is observed (e.g. Rozanski et al., 2013).
Therefore, a steady shift of the isotope values from the equator to the pols is visible which is called
latitude effect (Dansgaard, 1964; Gat, 2010). The averaged δ18OP signal in δ18OSW can be further
modified by fractionation due to partial evaporation of isotopically lighter water vapor from the soil
(depending on soil texture and porosity; Saurer et al., 2012). Therefore, δ18OSW in combination with
δ18OP and δ18O of the groundwater (depending on site and tree species) represents the baseline variability.
The second factor is biochemical fractionation including partial isotopic exchange of cellulose precursors with stem water during cellulose biosynthesis (e.g. Saurer et al., 1997; Roden et al., 2000;
Barbour, 2007), which can be considered as largely constant at 27±4 ‰ (Sternberg and Deniro, 1983).
This involves the proportional depression of water vapor pressure by the heavier H218O (∈* =9‰ by
20 °C) and the diffusion of the isotope through stomata (∈k =16 ‰) (McCarroll and Loader, 2004).
Most important is the third factor: the evaporative 18O enrichment of leaf or needle water via transpiration of water vapor to the atmosphere (e.g. Saurer et al., 1997; Roden et al., 2000; Barbour, 2007;
Kahmen et al., 2011; Treydte et al., 2014 and citations therein). The transpiration process is controlled
by the leaf-to-air VPD modified by the aperture of stomata which controls the conductance for water
vapor. In general, the stomata opens only as far as it allows to keep the optimal balance between CO2
binding and transpiration (Helle and Schleser, 2004). The δ18O values of leaf water are typically enriched in 18O compared to the plant's parent water because evaporative losses are greater for 16O than
for 18O (Roden et al., 2000). Therefore, especially the first and the third control factor allow to relate
δ18Ocel records to external environmental factors, whereas the biochemical fractionations are considered being rather constant.
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3.1 LARGE-SCALE CLIMATE SIGNALS & δ 1 8 O C E L
Tree growth is irrevocably affected by interactions with the hydrosphere, atmosphere, and pedosphere, and the influence of environmental factors is stored in the physical and chemical properties
of each tree ring (Schweingruber, 1996). A major component of a tree ring is cellulose, which consists
of the elements carbon, oxygen, and hydrogen. Their stable isotope signatures are determined by
varying environmental conditions, influencing a series of fractionation processes during the uptake
of CO2 and H2O from the atmosphere and soil as well as the biosynthesis of tree-ring cellulose. For
instance, the climate signature of δ13C values of tree-ring cellulose basically originates from fractionations during photosynthesis at the leaf or needle level that generally lower the δ13C of the atmospheric CO2 source which contains no direct climatic signal (e.g. Schleser et al., 1995). δ18O of treering cellulose (δ18Ocel) is of particular interest for paleoclimate studies because it is related to source
water, i.e. δ18O of precipitation (δ18OP), which is directly affected by climate processes, such as temperature during droplet condensation within air masses, transport distance from ocean source, type
of precipitation (e.g. rain or snow), and precipitation amount (e.g. Dansgaard, 1964; Epstein et al.,
1977; Rozanski et al., 2013). Within the arboreal system, δ18O of soil water (δ18OSW) constitutes
the δ18O input and usually represents an average δ18OP over several precipitation events modified by
partial evaporation from the soil (depending on soil texture and porosity) and by a possible time lag
(depending on rooting depth) (Saurer et al., 2012). Representing the baseline variability, the oxygen
isotope signature of tree-ring cellulose (δ18Ocel) is invariably tied to δ18OSW.
However, δ18Ocel is dependent on two more clusters of fractionations that reflect tree internal processes, namely (1) evaporative 18O enrichment of leaf or needle water via transpiration and (2) biochemical fractionations including partial isotopic exchange of cellulose precursors with trunk water
during cellulose biosynthesis (e.g. Saurer et al., 1997; Roden et al., 2000; Barbour, 2007; Kahmen et
al., 2011; Treydte et al., 2014; and citations therein). The biochemical fractionation during cellulose
biosynthesis can be largely considered as constant at 27±4 ‰ (Sternberg and Deniro, 1983). Nonetheless, varying leaf-to-air vapour pressure deficit and varying air humidity cause corresponding
changes in the δ18O signature of leaf or needle water (e.g. Helliker and Griffiths, 2007). Although
modified and dampened by physiological processes (e.g. Pèclet effect; Farquhar and Lloyd, 1993) and
oxygen isotope exchange with stem water during cellulose synthesis (Hill et al., 1995), the variability
of the 18O enrichment of leaf water clearly affects δ18Ocel, as well as the strong signature of δ18OP.
For example, δ18Ocel values are used to reconstruct precipitation (e.g. Rinne et al., 2013), air temperature (e.g. Porter et al., 2014), and drought (e.g. Nagavciuc et al., 2018). As these quantities are largely
based on transport processes within the atmosphere, the δ18Ocel values can be used to get detailed
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information about large-scale atmospheric circulation patterns (Andreu-Hayles et al., 2017; Brienen
et al., 2012; Lavergne et al., 2016; Nagavciuc et al., 2018; Trouet et al., 2018). The resulting long-term
perspective on the climate from the use of δ18Ocel as a climate proxy may be the key to identifying
the influence of different external forcing on, and the internal variability of, the behaviour of largescale atmospheric circulation.
One of the most important components for the internal climate variability is the El Niño–Southern
Oscillation (ENSO), which influences the atmospheric circulation globally (Allan et al., 1996). As
ENSO variability is strongest in winter, multiple studies have identified a significant ENSO impact
on the European climate during this season. Observational (e.g. Fraedrich and Müller, 1992; Fraedrich, 1994; Brönnimann et al., 2004; Pozo-Vázquez et al., 2005; Brönnimann et al., 2007) and model
studies (e.g. Merkel and Latif, 2002; Mathieu et al., 2004) suggest that an El Niño event leads to a
negative phase of the North Atlantic Oscillation (NAO), with cold and dry conditions over northern
Europe and wet and warm conditions over south-eastern Europe in winter. Furthermore, it is also
possible to identify a significant ENSO influence on European precipitation in spring (Van Oldenborgh et al., 2000; Lloyd-Hughes and Saunders, 2002; Brönnimann et al., 2007; Helama et al., 2009).
However, significant impacts of ENSO with respect to European droughts could only be detected
for the most extreme El Niño events (King et al., 2020). The extent to which these preconditions
influence the climate conditions during summer is not yet known for Europe, but this information
could be the key to a better understanding of European climate. Nevertheless, the relatively short
period of existing instrumental data (Van Oldenborgh et al., 2000; Brönnimann et al., 2007) makes it
difficult to describe the full range of ENSO variability as well as its possible consequences with respect to the climate of the European continent (Domeisen et al., 2019). Furthermore, the response
of different climate variables to ENSO variability is either non-stationary (e.g. Fraedrich and Müller,
1992) and/or non-linear. For example, (Wu and Hsieh, 2004) showed that the large-scale atmospheric
circulation response to El Niño and La Niña is asymmetrical.
The aim of this chapter is to present a comprehensive spatial-temporal analysis of the large-scale
European atmospheric circulation based on the climatological signals of a European δ18Ocel network
that extends back ∼400 years. The climate signal of the isotope network is extracted using an empirical orthogonal function (EOF) analysis. The results of the first two components are compared to
climate data and different ENSO reconstructions. The comparison is carried out using a composite
analysis and a correlation analysis. To test if δ18Ocel can capture multi-seasonal signals, the first component of the isotope network is correlated with gridded fields of modelled δ18OP and δ18OSW. Finally, the major results are critically discussed and compared to other studies.
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3.2 ISOTOPE NETWORK & METHOD
3.2.1 THE ISOTOPE NETWORK

In this chapter, the first two dominant modes of variability of 26 δ18Ocel records, distributed over
Europe, are investigated and their relationships with regional and large-scale climate anomalies. A
total of 22 of the 26 δ18Ocel records were generated within the EU ISONET (Annual Reconstructions
of European Climate Variability using a High-Resolution Isotopic network) project (Treydte et al.,
2007a, b). Furthermore, four additional sites from Bulgaria, Turkey, southwestern Germany, and Slovenia were added to the ISONET network for the current study (Heinrich et al., 2013; Hafner et al.,
2014). In total, the isotope network contains eight broadleaf tree sites (Quercus) and 18 coniferous
tree sites (Pinus, Juniper, Larix, and Cedrus) from altitudes varying for each location from 10 m up to
2200 m above sea level (Figure 3.1 and Supplement 2). A total of 24 of the 26 sites are distributed
over the European continent, whereas two additional sites are located in the Atlas Mountains of
Morocco and in the Taurus Mountains of Turkey.

Figure 3.1: Spatial distribution of sample sites combined with the corresponding altitude. The highest density of
sample sites exists in central and western Europe. The colour indicates the tree type: Cedrus – dark blue, Juniper
– yellow, Larix – grey, Pinus – red, and Quercus – light blue. The corresponding elevation (10–2200 m) is shown
by the size of the circles.
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The stable isotopes of oxygen in tree-ring cellulose, reported as δ18Ocel vs. Vienna Standard Mean
Ocean Water (Craig, 1957), for each site were determined as described by (Treydte et al., 2007a, b).
At least four dominant trees were chosen per site, and two increment cores were taken per tree. After
the standard dendrochronological dating following Fritts (1976), the individual tree rings were dissected from the cores. According to Treydte et al. (2007a, b), all tree rings from the same year were
pooled prior to cellulose extraction for the majority of sites. For oak, however, only the latewood
was used for the analyses. This procedure assumed that climate signals of the current year were predominantly applied, as the early wood of oaks frequently contains climate information of the preceding year. This is based on the fact that the proportion of the reserves of deciduous trees of the isotope
network is higher at the beginning of tree-ring formation compared with the conifers of the isotope
network (because they are evergreen). The isotope records have an annual temporal resolution.
The first 100 years of data from the network as well as a general description have already been published (Treydte et al., 2007a, b). Data from individual sites or regional groups of sites have also been
published elsewhere (Saurer et al., 2008; Vitas, 2008; Etien et al., 2009; Hilasvuori et al., 2009; Haupt
et al., 2011; Saurer et al., 2012; Rinne et al., 2013a; Helama et al., 2014; Labuhn et al., 2014; Saurer et
al., 2014; Labuhn et al., 2016; Andreu-Hayles et al., 2017). Here, the extended ISONET+ product is
used where the longest chronologies cover a period from 1600 to 2005. The highest data density is
available for the period from 1850 to 1998: a total of 26 time series available for further analysis. A
total of 12 time series covers the entire period of 400 years.
3.2.2 CLIMATE DATA

For the gridded climate information, the gridded fields of monthly temperature averages and monthly
precipitation sums from the Climatic Research Unit (CRU TS) version 4.04 (Harris et al., 2020) are
used. Both quantities are derived from the interpolation of monthly climate anomalies from extensive
networks of weather station observations. The CRU TS dataset has a spatial resolution of 0.5°×0.5°
and covers the period from 1901 to 2019.
For the large-scale atmospheric circulation, gridded fields of geopotential height 500 mbar (Z500)
from the 20th Century Reanalysis Project (20CR) version V2c (Compo et al., 2011) are used. The
20CR reanalysis dataset has a temporal resolution of 6 h and a meridional and zonal resolution of 2∘.
In this chapter, the ensemble mean of 20CR was used, which was computed from 56 ensemble members. The climate variables are available for the period from 1851 to 2014, and they are provided by
NOAA/OAR/ESRL PSL, Boulder, Colorado, USA (downloadable from their website:
https://www.psl.noaa.gov/data/gridded/data.20thC_ReanV2c.html, last access: 2 March 2020).
As precipitation and temperature are both important for the δ18Ocel ratio, the relation between the
isotope ratio and drought conditions at the European scale is tested. For this purpose, the
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Standardized Precipitation Evapotranspiration Index dataset from Vicente-Serrano et al. (2010) is
used in this chapter with an aggregation time of three months (SPEI3). The SPEI3 index is suitable
for this analysis because it considers the climate conditions of the preseason.
Furthermore, the Extended Reconstructed Sea Surface Temperature version 5 (ERSST5; Huang et
al., 2017) is included to investigate the correlation between the global sea surface temperature (SST)
and the climate signals of δ18Ocel. The ERSST5 dataset was created by Huang et al. (2017), and it is
derived from the International Comprehensive Ocean–Atmosphere Data Set. The monthly SST
fields have a spatial resolution of 2°×2°, and they are available for the time range from 1854 to present. The gridded fields of the ERSST5 dataset are provided by NOAA/OAR/ESRL PSL, Boulder,
Colorado, USA, and they can be downloaded from their website (https://www1.ncdc.noaa.gov/
pub/data/cmb/ersst/v5/netcdf/, last access: 15 October 2020). All of the above-mentioned climate
data were seasonally averaged: DJF (December to February), MAM (March to May), JJA (June to
August), and SON (September to November). Furthermore, the linear trend from each grid cell was
removed.
As the chapter is focused on the relation between ENSO variability and the δ18Ocel network, anomalies (1981–2010 mean removed) of the December Niño 3.4 index (HadISST1; Rayner, 2003) are
used. The index represents the averaged SST from 5°S to 5°N and from 170° to 120°W (downloadable from https://psl.noaa.gov/gcos_wgsp/Timeseries/Nino34/, last access: 3 March 2020). To
compare the relation between ENSO variability and the variability of the isotope network (also in the
past), three different reconstruction of ENSO activity have been used in this chapter: (i) the Dätwyler
et al., (2019) reconstruction of the annual Niño 3.4 index for the last millennium (based on a multiproxy network); (ii) the reconstruction of the NDJ (November–December–January) Niño 3.4 index
for the last 700 years by Li et al., (2011)(based on a tree-ring network in the tropics and mid-latitudes),
and (iii) an annual reconstruction of ENSO variability based on the North American Drought Atlas
(Cook et al., 2004; Li et al., 2013).
3.2.3 MODELLED δ 1 8 O C E L IN PRECIPITATION AND SOIL WATER

In addition to the observational and reanalysis-based climate data, the relation between δ18Ocel and
δ18OP and between δ18Ocel and δ18OSW is investigated, as simulated by the water-isotope-enabled
ECHAM5-wiso model (Werner et al., 2011), in order to gain further insights into the correlation with
other seasons and to identify a multi-seasonal climate signal. The δ18OP /δ18OSW dataset was created
by Butzin et al. (2014), who used the isotope-enabled version of the ECHAM5 atmospheric general
circulation model (Roeckner et al., 2003; Hagemann et al., 2006; Roeckner et al., 2006) which is called
ECHAM5-wiso (Werner et al., 2011). In Butzin et al. (2014), values of present-day insolation and
greenhouse gas concentrations (IPCC, 2000) and monthly varying fields of sea surface temperatures
and sea ice concentrations according to ERA-40 and ERA-Interim reanalysis data (Uppala et al.,
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2005; Berrisford et al., 2011; Dee et al., 2011) are used to force the model. To represent the climate
conditions of the period from 1960 to 2010, Butzin et al. (2014) used an implicit nudging technique
(Krishnamurti et al., 1991; the implementation in ECHAM is described by Rast et al., 2013). The
nudging technique is a part of climate modelling sciences, where modelled fields of climate variables
are relaxed to observations or data from reanalyses. In the study of Butzin et al. (2014), the modelled
fields of surface pressure, temperature, divergence, and vorticity are coupled to ERA-40 and ERAInterim reanalysis fields (Uppala et al., 2005; Berrisford et al., 2011; Dee et al., 2011) for the period
from 1960 to 2010. The monthly grids of δ18OP /δ18OSW have a horizontal grid size of approximately
1.9°×1.9°. As this chapter is focused on seasonal variability, the seasonal averages are computed for
δ18OP /δ18OSW (DJF, MAM, JJA, and SON).
3.2.4 DATA ANALYSIS

As a first step, the characteristics of each time series of the δ18Ocel network and their relation to altitude and latitude are investigated. For a better comparison, the linear trend of each δ18Ocel time series
is removed and the time series are standardized (z values).
To combine the signals of the isotope network, the principal component analysis (PCA) and empirical
orthogonal functions (EOFs) are used. These techniques have been described by Pearson (1902) and
Hotelling (1935) and were used for the first time by (Lorenz, 1956) for climatological studies (Storch
and Zwiers, 1999). By applying PCA, it is possible to extract a common climate signal from
the δ18Ocel network that explains the highest part of the variability of the input dataset. This is done
by rotating the initial data onto axes that are orthogonal to each other (Schönwiese, 2013b) by the
corresponding eigenvectors. Therefore, the eigenvectors are used as a transformation matrix. The
corresponding analysis of the eigenvector values is known as empirical orthogonal function (EOF)
analysis. The goal of this analysis is to identify the most dominant patterns of the δ18Ocel tree network
variability, which explain a significant part of the variance for a specific region. The largest part of
the variance can be explained by the pattern of the leading EOF. The temporal perspective on these
patterns is given by the principal components (PCs), which describe the phase and the amplitude.
The resulting components are further checked to establish if they fulfil the requirements of the rule
of North et al. (1982). This rule states that the pattern of the eigenvectors of one component is
strongly contaminated by other EOFs that correspond to the closest eigenvalues (Storch and Zwiers,
1999). To determine whether two consecutive patterns can be interpreted as distinct patterns, it is
necessary to calculate the standard error in the estimation of the eigenvalues; according to North et
al. (1982), this is approximately
∆λ ∼ λ)2/n

(3-1)
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where λ is the eigenvalue, and n is the number of degrees of freedom of the dataset. In case that the
eigenvalues of two EOFs are not more separated from each other than this standard error, it is unlikely that the two consecutive patterns can be interpreted as distinct from each other, as any linear
combination of the two eigenvectors is equally significant. In this chapter, only the eigenvectors are
considered where the successive eigenvalues are distinguishable.
The ISONET network consists of a multi-site and multi-species tree-ring network more or less covering the period from 1600 to 2003. However, some tree-ring series cover the whole period, whereas
other series cover only a shorter period. In order to be able to have a long-term perspective, one
needs to find a statistically meaningful way to extend the shorter records to make use of the whole
400 years of data. As most multilinear principal component analysis algorithms do not work with
gaps in the initial matrix, the algorithm developed by Josse and Husson (2016) is used that is able to
fill the temporal gaps without a change in the PC. In the first step, the mean is placed in the gap and
execute a PCA with this dataset. Afterwards, the dataset is projected onto the new component axis
so that the values are rotated and the value of the gap changes. The new value of the gap is placed
into the initial dataset. With this new dataset, a PCA is again carried out. This process is repeated
until convergence is reached. The result is a gap-free dataset that can be used for PCA. To quantify
if the results are influenced by the gap-filling method, the correlation between PC1 based on the
ISONET network and the first four PCs of the Old World Drought Atlas (OWDA; Cook et al.,
2015) is tested for the period from 1850 to 2005 and from 1600 to 2005. If the filling algorithm
altered the representation of climate signals over a longer time period, it is expected that the strength
of correlation is changing.
Composite maps of average precipitation, air temperature, geopotential height 500 mbar (Z500), and
SST are computed using years where the network's principal components are above or below a certain
threshold. In this chapter, maxima events are chosen above (>μ+σ) and minima events below (<μ−σ)
1 standard deviation (σ) with respect to the mean (μ). The composite maps allow us to analyse the
general climate state occurring at times of minima (low) or maxima (high) separately. In addition,
both composites of climate conditions can be combined under the assumption that the minima and
maxima events show the opposite climate state. For this purpose, the minimum composite is subtracted from the maximum composite at each grid point (high-low). In addition to the composite
maps, the values of PC1 are extracted for those years for which ENSO values are higher than the
average plus 1 standard deviation and lower than the average minus 1 standard deviation. The difference from the former distribution for the values of minima and maxima years is tested with a t test.
To better understand if El Niño or La Niña events co-evolve with extremes in the δ18Ocel time series,
event coincidence analysis (ECA) (Donges et al., 2016; Siegmund et al., 2017) using PC1 and a December Niño 3.4 index is applied (HadISST1; Rayner, 2003). ECA quantifies the simultaneity of
events contained in two series of observations that can be computed with the “CoinCalc” R package
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(Siegmund et al., 2017). Furthermore, the CoinCalc package provides functions to test if the coincidences are significant. In this chapter, it is investigated if the years in which the Niño 3.4 index is
above (below) the 75th (25th) percentile match the 75th (25th) percentile in PC1. In general, a significance level of α=0.05 was used in all analyses.
Finally, the relation between seasonally averaged δ18OP and δ18OSW from winter, spring, and summer
is analysed, based on nudged ECHAM5-wiso simulations (Butzin et al., 2014), with PC1 based on
the δ18Ocel values from the ISONET network. The goal is to test the correlation between δ18Ocel and
modelled δ18OP/δ18OSW to identify if the water, which is used within the photosynthesis processes,
has a multi-seasonal isotopic signature.

3.3 RESULTS OF THE δ 1 8 O C E L NETWORK ANALYSIS
3.3.1 CHARACTERISTICS OF THE δ 1 8 O C E L NETWORK

The highest mean δ18Ocel values occur in the southern locations (i.e. in Turkey and Cazorla in Spain).
For oaks and pines, the lowest mean values are found for the northern sites (Figure 3.2a). Moreover,
generally lower δ18Ocel values are identified for Quercus compared with Pinus. Angiosperm wood tissue
contains vessels (i.e. specialized water-conducting cells) that are generally larger in diameter and,
therefore, more conductive to water than conifer wood cells (Sperry et al., 2006; Carnicer et al., 2013).
The overall variance in the datasets is not dependent on the type of tree species. The δ18Ocel time
series from Pöllau in Austria is characterized by the highest standard deviation, whereas the time
series from Lochwood in Great Britain shows the lowest standard deviation.
As the δ18Ocel source values and the fractionation processes are temperature dependent, it is necessary to evaluate the influence of altitude and latitude on the oxygen isotope ratio. The relation of
the δ18Ocel values with respect to the altitude and latitude of each site is shown in Figure 3.2b,c respectively. In Figure 3.2c, the linear relationship between the average δ18Ocel values of the locations
and the corresponding latitudes are plotted. As shown by the boxplots in Figure 3.2a, the southern
sample sites are characterized by the highest average δ18Ocel values, whereas the northern sites show
the lowest average δ18Ocel values. The relation between the δ18Ocel values and latitude yields a significant linear regression.
In addition to the latitudinal effect, altitude also influences the oxygen isotope ratios (as shown in
Figure 3.2b) which can likewise be described by a significant linear regression. It should be noted that
the southern sites are found at higher altitudes than the northern sites; thus, the latitudinal and altitudinal gradients may have confounding effects on δ18Ocel. Therefore, it is shown that the δ18Ocel network is influenced by a latitudinal and an altitudinal effect.
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Figure 3.2: The characteristics of the European δ18Ocel time series. Panel (a) describes each time series using
boxplots, which are firstly arranged by tree type and secondly by the average. Additionally, the relation between
the average value of each time series is plotted against their latitudinal (b) and their altitudinal position (c).

3.3.2 CHARACTERISTICS OF THE PRINCIPAL COMPONENTS

Based on the EOF analysis, the first component of the isotope network explains 16.2% of the variance, the second explains 9.1%, the third explains 6.4%, the fourth explains 5.5%, and the fifth explains 5.2%. Therefore, the first five components explain a cumulative variability of around 43%. As
the first two components also fulfilled the requirements of the rule of North et al. (1982), they are
investigated with respect to their temporal and spatial characteristics.
The dominant pattern (EOF1), which describes 16.2% of the total variance, shows a spatially homogeneous structure (Figure 3.3a). The majority of time series in Europe are characterized by negative
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eigenvector values. The pole of this EOF pattern is centred over France and Germany. In contrast,
tree sites close to the Mediterranean Sea and the northernmost site in Finland are characterized by
eigenvector values close to zero. Therefore, these locations contribute to a lesser extent to the first
component's time series (PC1) shown in Figure 3.3c. The time series of PC1 is characterized by an
underlying negative trend from the 17th to the 18th century. From the beginning of the 18th century,
a positive trend is observed until the beginning of the 19th century, where the highest values are
reached. For the last 150 years, no clear trend is visible.

Figure 3.3: Spatial and temporal variability of the first two δ18Ocel components and EOFs: (a) EOF for the first
δ18Ocel component (16.2% explained variance); (b) EOF for the second δ18Ocel component (9.5% explained variance). Panels (c) and (d) show the time series for the first and second δ18Ocel components. The dashed red lines
indicate the standard deviation for the years 1600–2005.

The second EOF (EOF2) is characterized by a completely different spatial pattern (Figure 3.3b).
Negative eigenvector values are found around the North and Baltic Sea, with the smallest eigenvector
located in Norway, while positive eigenvector values are identified over the southern/south-eastern
Europe and the Alpine region. The highest eigenvector values are recorded for the Italian site. In
summary, this component highlights a dipole-like structure between northern and southern/southeastern Europe. This dipole-like structure is a well-known feature of the European hydroclimate
(Ionita et al., 2015). The time series of the second component (PC2) is characterized by an underlying
positive trend from the middle of the 19th century onwards. Furthermore, the highest interannual
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variability is found for the beginning of the 18th and 19th centuries. The highest values of the second
component (PC2) are reached at the beginning of the 18th century, whereas the smallest values are
identified for the beginning of the 19th century (Figure 3.3d).
Furthermore, the correlation between PC1 and the first four PCs for the summer drought reconstruction is tested based on the Old World Drought Atlas (OWDA; Cook et al., 2015) for the period
from 1850 to 2005. The highest correlation (R=0.43, p-value =3.1×10−08) is computed with PC2 of
the OWDA, which explains 16.1% of the total variance of the OWDA (Supplement 2). If the filling
algorithm altered the representation of climate signals over a longer time period, it is expected that
the strength of the correlation would also change. However, the correlation changes only slightly to
a Pearson's R=0.39 (p-value =4.2×10−16) for the entire period from 1600 to 2005, which indicates
that the filling algorithm does not impact the results. As a result, the climate signals obtained are
robust and are presented in a similar manner as those for the period with a high sample coverage (i.e.
1850–2005). It is noted that, when using the gap-filling method, uncertainties might arise for the first
century where the sample density is low. It is, therefore, important to mention that the interpretation
for the first century needs to be handled with care, and statements should be regarded as less robust.
3.3.3 CLIMATE SIGNALS OF PC1

For the winter season, high values of PC1 are associated with significant warm SSTs in the equatorial
Pacific and on the west coast of North and South America (Figure 3.4a), which indicates that the
high values of PC1 are co-evolving with the occurrence of the El Niño conditions. The strong signal
in the Pacific persists throughout spring (Figure 3.4c) and reduces in summer (Figure 3.4e). A significant warming of the tropical and North Atlantic is visible in spring and summer (Figure 3.4c, e).
According to Latif and Grötzner (2000) the lagged warming of the equatorial Atlantic can be observed up to 6 months after an El Niño event. In contrast, the north-eastern Atlantic and the Mediterranean Sea are characterized by significantly colder SSTs in all three seasons. The low composite
maps for PC1 and SST (Figure 3.4b, d, f) show features of La Niña conditions associated with colder
than average SSTs. This pattern is particularly prominent in the tropical Pacific during winter and
spring.
The related large-scale atmospheric circulation is shown in the composite map of Z500 (Figure 3.5).
During high values of PC1 which are co-evolving with the occurrence of El Niño conditions, the
atmospheric circulation over Europe is characterized by a low-pressure regime in winter, whereas
high-pressure regimes can be identified over the north-western Atlantic as well as east of the lowpressure system (Figure 3.5a). This fits well with the composite map of air temperature in Figure 3.6b
which shows significant cold conditions over northern Europe and significant warm conditions over
south-eastern Europe. The described temperature pattern shows similarities to the effects of a negative phase of the winter NAO. The opposite climate state can be observed for low values of PC1 in
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winter (Figure 3.5b Figure 3.6b). The atmospheric circulation remains in a similar configuration over
Europe and the North Atlantic for low and high composite maps for spring (Figure 3.5c, d) compared
with the winter season (Figure 3.5a, b). One important difference from the preseason is that a pressure belt is visible between Europe and the Gulf of Maine in both maps.

Figure 3.4: Composite maps (high and low) of SSTs related to the first δ18Ocel component for the DJF, MAM, and
JJA seasons. Panels (a) and (b) show the characteristics of the climate in DJF, panels (c) and (d) show the characteristics of the climate in MAM, and panels (e) and (f) show the characteristics of the climate in JJA. The results
for maxima (a, c, e) and minima (b, d, f) events of PC1 are also given. The SSTs in winter, spring, and summer
are characterized by ENSO activity. Furthermore, the significance is shown using a black grid overlay. The SST
dataset from ERSST (Huang et al., 2017) is included in this figure for the period from 1854 to 2005.

The composite maps of Z500 for summer are characterized by a pressure regime centred over France
and Germany (Figure 3.5e, f). In both maps, it is visible that the low-/high-pressure regime in central
and western Europe is surrounded by opposite pressure regimes. In case of a high-pressure system
in the centre, it leads to a blocked zonal flow which is shown in Europe in Figure 3.5f. The composite
maps of precipitation and temperature also support the analysis with the Z500 data. The climate of
central and western Europe is characterized by significantly higher (lower) precipitation in central
Europe as well as significantly lower (higher) surface air temperatures in summer corresponding to
low (high) δ18Ocel values. The significant relation between PC1 and the summer hydroclimate is also
resampled by the correlation between the SPEI3 index for JJA (Vicente-Serrano et al., 2010; longitude
from -5° to 10° and latitude from 46° to 52°) and PC1. The correlation is significant (R=0.49; p<0.01)
for the period from 1901 to 2005 which suggests that PC1 can capture the hydroclimate variability in
summer.
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Figure 3.5: Composite maps (high and low) for Z500 related to the first δ18Ocel component for the DJF, MAM,
and JJA seasons. Panels (a) and (b) show the characteristics of the climate in DJF, panels (c) and (d) show the
characteristics of the climate in MAM, and panels (e) and (f) show the characteristics of the climate in JJA. The
results for maxima (a, c, e) and minima (b, d, f) events of PC1 are also given. The Z500 maps show similar characteristics in winter and spring, whereas a pressure regime is directly located over central Europe in summer.
The Z500 dataset from 20CRv2c (Compo et al., 2011) is used in this figure for the period from 1901 to 2005. Furthermore, the significance is shown using a black contour line.

To further investigate the relation between ENSO variability and the PC1, two different statistical
approaches are used. The first approach is to analyse if El Niño and La Niña events are separated in
the probability density plots of PC1. During El Niño years, the distribution of PC1 is shifted towards
higher values, whereas the opposite occurs during La Niña years (Supplement 4). According to a t
test, both shifts are significantly different compared with the distribution of PC1 (p<0.05). The second statistical approach investigates if extremes in δ18Ocel time series co-occur with El Niño or La
Niña events. For this purpose, the event coincidence analysis (Siegmund et al., 2017; Donges et al.,
2016) is applied using PC1 and the December Niño 3.4 index (HadISST1; Rayner et al., 2003). Over
the period from 1871 to 2005, 41.2% of high and low extremes in the Niño 3.4 index coincided
significantly during winter, with high and low extremes of PC1 (p<0.01). By extending the analysis
period from 1750 to 1850, coincidence rates (28% of the NDJ Niño 3.4 (Li et al., 2013) high and low
extremes coincided (not significantly; p>0.1) during winter with high and low extremes of PC1) and
the correlations between PC1 and ENSO reconstructions Dätwyler et al. (2019) and Li et al. (2011,
2013) are shown to weaken.
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Figure 3.6: Composite maps (high−low) for precipitation and air temperature related to the first δ18Ocel component for the DJF, MAM, and JJA seasons. Panels (a) and (b) show the characteristics of the climate in DJF, panels
(c) and (d) show the characteristics of the climate in MAM, and panels (e) and (f) show the characteristics of the
climate in JJA. The results for precipitation (a, c, e) and air temperature (b, d, f) are also given. The precipitation
and air temperature dataset from CRU TS (Harris et al., 2020) is included in this figure for the period from 1901
to 2005. The significance is shown using a black grid overlay.

Figure 3.7: Links between the first δ18Ocel component and the modelled δ18O in soil water and precipitation from
nudged climate simulations with ECHAM5-wiso (Butzin et al., 2014). Panels (a–d) show the correlation between
the first δ18Ocel component (PC1) and δ18O in precipitation for winter (a), spring (b), summer (c), and autumn (d).
Panels (e–h) are the correlation maps for PC1 and δ18O in soil water for winter, spring, summer, and autumn. For
all maps, the significant grid cells are coloured.
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3.3.4 COMPARISON WITH MODELLED δ 1 8 O C E L IN PRECIPITATION & SOIL WATER

By employing nudged climate simulations with ECHAM5-wiso (Butzin et al., 2014), it is evaluated
how the δ18Ocel tree signature is related to the modelled δ18OP and δ18OSW. A significant correlation
between PC1 and the modelled δ18OP is shown in the correlation maps for winter, spring, and summer, where central Europe is characterized by a moderate correlation (Figure 3.7a–c). A similar pattern can be identified for the correlation between δ18OSW and PC1. Compared with the previous
analysis, the correlation between these quantities increases from winter to summer where it reaches
the maximum correlation (Figure 3.7). As the δ18Ocel ratio is largely dependent on δ18OSW, the relation
with δ18OSW is stronger compared with δ18OP. Overall, the results indicate that significant correlations
for both quantities can be computed for the entire European region except for the eastern parts.
3.3.5 FURTHER CLIMATE SIGNALS IN δ 1 8 O C E L

In addition to the multi-seasonal signal, the second component of the δ18Ocel values significantly relates to the summer climate (Figure 3.8-9). A positive (negative) geopotential height anomaly in northern Europe with its centre over the North Sea co-occurs with a negative (positive) Z500 anomaly in
south-eastern Europe (Figure 3.8). This coincides with low (high) temperature in central and north
Europe, whereas north-eastern Europe is characterized by high (low) temperature (Figure 3.8a). The
same pattern is also shown in the composite maps for precipitation where a similar pattern is presented (Figure 3.8b). Based on these patterns, the temporal distribution of extremes in the PC2 time
series indicates that the 19th century has experienced increased dryness in northern Europe and enhanced precipitation in the Adriatic region (Figure 3.2d).

Figure 3.8: Composite maps (high−low) for the boreal summer related to the second δ18Ocel component. (a) surface temperature, JJA; (b) precipitation JJA. The datasets are the same as in Figure 3.6. Furthermore, the significance is shown using a black grid overlay.
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Figure 3.9: Composite map (high−low) for Z500 related to the second δ18Ocel component (PC2) for the boreal
summer. The Z500 dataset from 20CRv2c (Compo et al., 2011) is used in this figure for the period from 1901 to
2005. Furthermore, the significance is shown using a black contour line.

3.4 DISCUSSION OF THE δ 1 8 O C E L NETWORK ANALYSIS
3.4.1 LATITUDINAL AND ALTITUDINAL DEPENDENCE OF THE δ 1 8 O C E L NETWORK

The δ18Ocel ratio is affected by the isotopic composition of the source water (δ18OP, δ18OSW), which
varies according to the latitude and altitude of the sample site (e.g. McCarroll and Loader, 2004). The
latitudinal position has an influence on the δ18O in the atmosphere because of the strong correlation
between the temperature and the δ18O composition of water vapour in the atmosphere (Dansgaard,
1964). In addition, Dansgaard (1964) suggested that the altitude also influences the δ18O ratio, primarily due to the cooling of air masses as they ascend a mountain which is accompanied by the
rainout of the excess moisture (Gat, 2010).
The results from this subchapter show that there is a linear relationship between δ18Ocel and site altitude (Figure 3.2b) and latitude (Figure 3.2c), which re-enforces the commonly inferred effects of
latitude and altitude on the δ18Ocel (McCarroll and Loader, 2004). Therefore, the results are in line
with other studies that have presented such results in the past, e.g. Szejner et al. (2016).
The effects of altitude and latitude on the photosynthesis process are also visible for other tree-ringbased proxies. For example, according to the studies of Körner et al. (1991), Marshall and Zhang
(1994), and Diefendorf et al. (2010), there is a highly significant altitude effect on the tree carbon
isotope composition (δ13C). As temperature decreases with increasing altitude and the partial air pressure is approximately 21% lower at 2000 m than at sea level, Körner (2007) argued that these environmental conditions lead to a faster molecular gas diffusion at any given temperature.
However, the distribution of the sample sites across Europe indicate that the isotope network is
spatially limited (Figure 3.1). For instance, the time series from central and western Europe are
overrepresented compared with those from south-eastern and northern Europe. In addition, it is
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imperative to extend the isotope network by collecting more δ18Ocel records from eastern Europe to
improve the validity of the results for this region. Furthermore, the samples were not taken from
trees growing at the same altitude, which is critical for identifying a latitudinal effect. In fact, the
sampled trees in southern Europe grew at higher altitudes (≥1600 m) compared with the other sample
sites, which could also bias the δ18Ocel ratio. It is, therefore, not viable to compare two adjacent sites
located at different altitudes, and it is challenging to distinguish between latitudinal and altitudinal
effects.
Another point that needs to be considered is that the δ18Ocel time series used were created using a
pooling approach. Overall, the pooling approach has been tested and proven successful for climate
analysis (Treydte et al., 2007b), but the approach also has some weaknesses and is strongly discussed
in the literature (e.g. Foroozan et al., 2019). For example, Hangartner et al. (2012) recommend avoiding pooling, as an unsuitable tree cannot be omitted without resampling the whole period. They
suggest measuring the trees individually instead and only using pooling when there is a strong correlation between the trees. Nevertheless, the pooling approach was adopted for all of the ISONET
sites, allowing, for the first time, for the establishment of a tree-ring stable isotope network of more
than 20 sites across Europe in collaboration with several laboratories within a reasonable time frame.
Without pooling, the spatial dataset, analysis, and interpretation presented here would not be available
to the community.
3.4.2 LINKS BETWEEN ENSO AND PC1

The results presented in Chapter 3.3.3 are an indicator that ENSO activity influences the climate
signal of PC1. The reason for this is the described warm and cold SST patterns in the equatorial
Pacific and on the west coast of North and South America which are associated with El Niño and La
Niña events (Allan et al., 1996). Furthermore, the clear and significant separation between El Niño
and La Niña events in probability density functions and the coincidence of high and low values of
Niño 3.4 and PC1 support the argumentation.
Moreover, the temperature pattern described in Figure 3.6b resembles the effects of the winter NAO.
During the negative phase of the NAO, northern Europe experiences cold conditions and southeastern Europe experiences warm conditions in winter. Studies based on observations (Fraedrich and
Müller, 1992; Fraedrich, 1994; Brönnimann et al., 2004; Pozo-Vázquez et al., 2005; Brönnimann et
al., 2007) and models (Merkel and Latif, 2002; Mathieu et al., 2004) have shown that ENSO variability
can influence the winter NAO. Their results showed that an El Niño event leads to a negative phase
of the NAO. Based on the presented results, it is suggested that high values of PC1 co-evolve with
the occurrence of El Niño conditions, and low values of PC1 co-evolve with the occurrence of La
Niña conditions.
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3.4.3 THE STABILITY OF THE ENSO SIGNAL IN THE ISOTOPE NETWORK

In this chapter, the correlation between ENSO and the PC1 of the δ18Ocel network with three different reconstructions (Li et al., 2011, 2013; Dätwyler et al., 2019) and for two different time periods
(1750–1849, 1850–1949) is tested. Despite the fact that the sample density of the isotope network is
relatively high in these two periods, the correlation between the PC1 and the ENSO reconstructions
is weaker and non-significant for the period from 1750 to 1849. However, not only does the correlation get weaker, the correlation between a set of different ENSO reconstructions also becomes
weaker in the 18th century, which was shown for specific periods in Dätwyler et al. (2019). Dätwyler
et al. (2019) also found a consistent teleconnection pattern during the 18th century, which is different
to the known teleconnection pattern of ENSO during the instrumental period. Moreover, the 1850s
mark the end of Little Ice Age (LIA), when the atmospheric circulation over Europe (Felis et al.,
2018b) and its teleconnections to ENSO changed significantly (Rimbu et al., 2003). In their study,
Felis et al. (2018) found evidence of an abrupt reorganization of the atmospheric circulation over
Europe at the end of the LIA, transitioning from predominantly negative phases of the NAO (weakening of westerly winds) to predominantly westerly flow patterns over central Europe. Furthermore,
modelling studies (e.g. Henke et al., 2017) have also reported an increased frequency of El Niño
during the LIA due to southern displacement of the Intertropical Convergence Zone.
A change in the ENSO characteristics would also have an influence on the teleconnection with the
European climate. For instance, Rimbu et al. (2003) investigated coral time series from the northern
Red Sea and identified a nonstationary relationship between the tropical Pacific and the European–
Middle Eastern climate during the pre-instrumental period. They showed that a Pacific–North-American-teleconnection-like pattern in its negative phase, which is compatible with La Niña conditions,
is associated with positive δ18O anomalies in the Red Sea coral record from the mid-1930s to late
1960s. After 1970, they detected a shift in the teleconnections that leads to the fact that positive
anomalies in the Red Sea coral δ18O are related to El Niño conditions. An unstable relationship between ENSO variability and the climate of Europe is also found in studies based on instrumental
data (e.g. Fraedrich and Müller, 1992; Fraedrich, 1994; Pozo-Vázquez et al., 2005) or ocean–atmosphere coupled models (e.g.Raible et al., 2004; Deser et al., 2006; Brönnimann, 2007). The temporally
unstable relationship between climate variables and ENSO is not only restricted to Europe and is
also present in other regions of the planet (e.g. Álvarez et al., 2015).
Weak or inconclusive correlations between PC1 and ENSO reconstructions could also arise from the
fact that the quality of the ENSO reconstructions decreases, which could be based on an overly low
number of samples (especially in first years of the reconstruction period) and a non-stationarity of
the teleconnection used (Batehup et al., 2015). Furthermore, ENSO reconstructions are mostly
trained within the last 150 years and are used for time periods characterized by an absence of instrumental data. Therefore, confident statements can only be made from 1850 onwards, as instrumental
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measurements of different climate variables are available. Thus, the only possibility to test and analyse
the teleconnection before 1850 is to use ENSO reconstructions. Another reason for the decrease in
correlation could be the change in the climate signal of δ18Ocel. It is important to consider that the
climate signal is directly coupled to the limiting factor for tree growth. It is possible that the limiting
factor changes over time, which would result in different responses to climate. Esper et al. (2017)
showed that the climate signals in δ18Ocel and δ13Ocel change during warm and cold periods for trees
in Switzerland, and they proposed splitting the calibration between these two periods or using corresponding transfer models. Therefore, future research is required to investigate the climate signal during warm and cold periods, as well as the influence on the PCA results. However, the results suggest
that the relationship between ENSO and the European climate may not be stable over time.
3.4.4 THE WINTER CLIMATE SIGNAL IN δ 1 8 O C E L

The exact mechanism through which the δ18Ocel captures a climate signal of the preseasons is still
debated. For example, Heinrich et al. (2013) mentioned that winters with very low temperatures may
damage the cambium more than usual, requiring a longer recovery period. Such winters may have a
negative effect on the cambial activity and on the photosynthetic process. Furthermore, Vaganov et
al. (1999) showed that precipitation during winter can sustainably affect tree growth in the following
year. Their findings are similar to Treydte et al. (2006), who showed that δ18Ocel can contain a winter
signal. Treydte et al. (2006) further argued that, depending on the root system, winter snow fall, and
the characteristics of groundwater reservoirs, it is likely that trees use precipitation from the preseasons. Nevertheless, it is possible that winter climate conditions can also be memorized in δ18Ocel
through different climate feedback processes. For example, Ogi et al. (2003) highlighted that a positive NAO is frequently followed by higher pressures and warmer temperatures in Europe during the
next summer. The authors suggested that SST, sea ice extensions, and snow fall anomalies capture
the winter climate conditions and influence the summer climate.
However, the oxygen isotope signal in cellulose depends primarily on the corresponding oxygen signal of the soil water and precipitation. According to Saurer et al. (2012), δ18OSW constitutes the average δ18O input to the arboreal system over several precipitation events, and it is modified by partial
evaporation from the soil (depending on soil texture and porosity) and by a potential time lag, depending on the rooting depth. Here, the strongest correlations with δ18OP is obtained in winter,
spring, and summer (Figure 3.7a, b, c). Because the correlations with δ18OSW are strongest in summer
and autumn (Figure 3.7g, h), and δ18OSW is the input of the arboreal system, it is suggested that the
isotopic signal of δ18Ocel corresponds to an average over δ18OP events from winter, spring, and summer, transferred via the δ18OSW. This may also explain the reason behind the strong ENSO signal
that δ18Ocel is able to capture during winter. Moreover, it indicates the high potential of δ18Ocel to
capture climate signals even outside of the growing season.
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When considering the multi-seasonal signal, one has to account for the fact that this can lead to
certain limitations in the analysis of δ18Ocel. This is because there is only one δ18Ocel value in the network used for each site and for each year; however, this value does not represent a clear seasonal
signal referring to one season, instead representing a mix of signals referring to several seasons. Overall, the seasonal contributions to the climate signal can vary in strength. Due to the combinations of
these influencing factors, the correlation with individual seasons is certainly weakened, as no clear
seasonal signal can be represented by the δ18Ocel value. On the other hand, this enables the observation of several seasons and an understanding of which season has an influence on the biochemical
processes in the tree.
3.4.5 LINKS BETWEEN PC2 AND LARGE-SCALE ATMOSPHERIC MODES

In the composite maps for the PC2 (Figure 3.9), a dipole structure between northern Europe and the
Mediterranean region is shown. The dipole is characterized by a pressure anomaly centred on the
North Sea that expands from the north-eastern Atlantic to the Baltic Sea. Its counterpart is present
in the northern Mediterranean region, especially in Italy, the northern parts of Greece, and the
Adriatic region.
The described pattern shows similarities to the summer European blocking pattern (Barnston and
Livezey, 1987; Cassou et al., 2005)which is often associated with the Summer North Atlantic Oscillation (SNAO; Hurrell and Van Loon, 1997). According to Cassou et al. (2005), 17.8% of the positive
phase and 17.9% of the negative phase of the summer European blocking pattern influence the total
summer weather regimes in Europe.
The summer European blocking pattern is a surrogate indicator for storm track activities. During the
positive index phase, the storm track moves further northwards (Folland et al., 2009; Lehmann and
Coumou, 2015). This results in a low storm activity over northern Europe that is characterized by
dry conditions, less cloudiness, high temperatures, and a blocked cyclonic flow (Lehmann and Coumou, 2015). On the other hand, the Mediterranean region is affected by lower temperatures and more
precipitation. The opposite phenomenon can be identified for the negative index phase. Northern
Europe experiences an enhanced storm activity through the southward movement of the storm track
over north-western Europe (Rolland et al., 2009; Lehmann and Coumou, 2015), which leads to higher
precipitation, higher cloudiness, and lower temperatures. In contrast, the northern Mediterranean
experiences dry and warm conditions. These predominant summer European blocking pattern features are well represented in the composite maps of precipitation and temperature for PC2
(Figure 3.8) . Based on the temporal evolution of PC2, it is suggested that there is a tendency towards
a negative index phase starting at the beginning of the 20th century.
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In addition to the link to summer blocking activity in Europe, the geopotential height pattern is often
used in another context. For example, Sillmann and Croci-Maspoli (2009) showed that a positive
geopotential height anomaly over the North Sea describes an atmospheric-blocking-like pattern that
relates to climate extremes like floods and droughts in the European mid-latitudes. Moreover, this
circulation anomaly pattern has been identified as the main driver for extreme dry periods over the
eastern Mediterranean (Oikonomou et al., 2010; Rimbu et al., 2014; Ionita and Nagavciuc, 2020) and
for summer air temperature variability in Greece (Xoplaki et al., 2003a, b).

3.5 CONCLUSION OF THE δ 1 8 O C E L NETWORK STUDY
Here, a study of a δ18Ocel isotope network from tree rings for the last 400 years is presented that was
used to investigate the large-scale climate teleconnections related to the European climate. According
to the presented analysis, the climate signals of the network indicate that a link between the δ18O variability and ENSO exists in winter, spring, and summer. The investigation of the modelled δ18OSW/
δ18OP suggests that the summer signal still dominates δ18Ocel but is partly influenced by lagged winter
and spring precipitation signals. It is suggested that this is based on hydroclimatic feedback processes
as well as characteristics of the water reservoirs of the different sample sites. The ENSO signal is
detected for the last 130 years. However, no significant links can be deduced during the period from
1750 to 1850, indicating that the relationship between ENSO and the European climate could be
unstable over time. The teleconnection changes between the tropical Pacific and Europe during the
pre-instrumental period were also identified from coral data (Rimbu et al., 2003). Further knowledge
about a change in teleconnections is essential because teleconnections have a remote climate impact
on top of the current global warming.
Furthermore, the results show that the EOF2 is characterized by a dipole pattern between northern
and south-eastern Europe which is comparable to the characteristics of the summer European blocking pattern. As this mode is highly relevant for the summer climate conditions on the entire European
continent, the temporal perspective gives new insights into how the frequency of this mode changed
through time. The findings suggest that there is a tendency towards a situation in which southeast
Europe is predominantly characterized by a high-pressure system and northern Europe is predominantly characterized by a low-pressure system starting at the beginning of the 20th century. The
described pressure pattern is relevant for society because it can influence the spatial and frequency
characteristics of climate extremes.
In the context of the ongoing discussion about anthropogenic climate change, water isotope records
can provide useful information about spatial and frequency changes in specific large-scale atmospheric circulation patterns. As the logical next step, more high-resolution paleoclimate data as well as
comprehensive model simulations are required to provide additional insights into the stationarity of
reconstructed European climate signals and their stationarity in teleconnections.
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4.1 MOTIVATION FOR A RECONSTRUCTION
Evapotranspiration is a critical factor for understanding the links and feedbacks between atmospheric
CO2 and global climate (e.g. Good et al., 2015; IPCC, 2021). Within the terrestrial water fluxes, vegetation-produced transpiration represents the dominant factor (e.g. Jasechko et al., 2013; Good et al.,
2015). One key driver for such vegetation resources and dynamics is vapor pressure deficit (VPD),
which is defined by the difference between the water vapor pressure at saturation and the actual water
vapor pressure (Lawrence, 2005). VPD is a key variable for vegetation resources and dynamics (Grossiord et al., 2020) representing the atmospheric evaporative demand which has an influence on the
leaf-level transpiration of plants and the corresponding stomatal conductance. With increasing VPD,
stomata close to minimize water loss (Running, 1976) due to the high atmospheric evaporative demand. As consequence, a minimal stomata opening decreases stomatal conductance and photosynthetic activity (Fletcher et al., 2007). Extremely high VPD may even lead to reduced growth, a higher
risk of carbon starvation and hydraulic failure (Grossiord et al., 2020). In contrast, low VPD leads to
reduced water transport into the leaves and thus a reduced supply of nutrients. This marks VPD as
an important indicator for plant activity (Novick et al., 2016), which among other things notably
affects plant growth (Restaino et al., 2016), forest mortality (Park Williams et al., 2013), drought occurrence (Dai, 2013), crop production (Zhao et al., 2017) and wildfire occurrence (Seager et al., 2015).
Since VPD is a function of temperature (Lawrence, 2005), the effects of climate change and the
associated rise in temperature become evident for trends of VPD (Grossiord et al., 2020; IPCC,
2021). For instance, studies have shown that the water vapor pressure deficit has been increasing
sharply at a global scale since the year 2000 (Simmons et al., 2010; Willett et al., 2014; Yuan et al.,
2019). However, VPD records derived from remote sensing data cover only the last ~50 years and
vary in quality, so that long-term perspectives of VPD are lacking. In addition, a long-term perspective can help to put recent observed trends of VPD in a long-term context and to estimate significance
and robustness at local to continental scales. Furthermore, it is essential to investigate the independent physiological effects of VPD on large-scale vegetation dynamics, which are less explored (Grossiord et al., 2020). So far, first local reconstruction studies have shown the potential of a long-term
perspective on VPD (e.g. Liu et al., 2017). For example, Churakova-Sidorova et al. (2020) have shown
that the recent VPD increase does not yet exceed the maximum values reconstructed during the
Medieval Warm Anomaly in Siberia. Nevertheless, most studies lack a wider spatial perspective as
they only reconstruct VPD time series for a location.
To obtain the first long-term and large-scale perspective on VPD dynamics, the stable oxygen isotope
ratio of tree-ring cellulose (δ18Ocel) is used. The use of δ18O is motivated by the fact that the δ18Ocel
ratio is controlled by only three main factors. The first factor is the δ18O signature of precipitation
(δ18OP) supplying the trees with water through uptake by the roots from the soil. In middle and higher
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latitudes a significant positive relationship between δ18OP values and air temperature (commonly
called the temperature effect) is observed (e.g. Rozanski et al., 2013). However, δ18OP variability in
these latitudes cannot be explained by air temperature alone (e.g. Welker, 2000). δ18OP at any location
is also the result of the previous rainout history and origin(s) of the moist air mass(es). That is controlled by atmospheric circulation patterns (e.g. Edwards et al., 1996) and the sum of (temperaturedependent) oxygen fractionations occurring during evaporation and condensation of water that is
finally taken up by a tree. In the arboreal system, δ18O of soil water (δ18OSW) represents the δ18Ocel
input, that usually reflects an average δ18OP over several precipitation events. The average signal could
be modified by fractionation due to partial evaporation of isotopically lighter water vapor from the
soil (depending on soil texture and porosity; Saurer et al., 2012). Therefore, δ18OSW in combination
with δ18OP and δ18O of the groundwater (depending on site and tree species) represents the baseline
variability. The second factor is biochemical fractionation including partial isotopic exchange of cellulose precursors with stem water during cellulose biosynthesis (e.g. Saurer et al., 1997; Roden et al.,
2000; Barbour, 2007), which is considered to be largely constant at 27±4 ‰ (Sternberg and Deniro,
1983).
The third factor, which is also the most important one, is the evaporative 18O enrichment of leaf or
needle water via transpiration of water vapor to the atmosphere (e.g. Saurer et al., 1997; Roden et al.,
2000; Barbour, 2007; Kahmen et al., 2011; Treydte et al., 2014 and citations therein). The transpiration process is controlled by leaf-to-air VPD modified by the aperture of stomata controlling the
conductance for water vapor (Buckley, 2019). The δ18O values of leaf water are typically enriched in
18O

compared to the plant's parent water because evaporative losses are greater for the lighter 16O

than for 18O (Roden et al., 2000). However, δ18Ocel features the δ18O signature of chloroplast water
which is not in isotopic equilibrium with leaf water at the actual sites of transpiration (stomata), i.e.
the higher the transpiration rates the lower is the rate of enrichment of the chloroplast water (Péclet
effect; Barbour et al., 2004). Nonetheless, since the variability of δ18Ocel results predominantly from
a combination of the temperature-dependent δ18O of the water source and the evaporative 18O enrichment of leaf water controlled by leaf-to-air VPD, δ18Ocel can be used as a proxy for variations in
VPD (Ferrio and Voltas, 2005; Kahmen et al., 2011).
To gain a spatial and temporal perspective on past VPD variability, multiple stable oxygen isotope
records derived from tree-rings are used and a Random Forest (RandF; Breiman, 2001) regression
method is applied, which is often considered as one of the core approaches for machine learning.
According to Yang et al. (2020), RandF has become one of the most successful machine learning
algorithms for practical applications over the last two decades due to its proven accuracy, stability,
speed of processing, and ease of use (Rodriguez-Galiano et al., 2012; Belgiu and Drăguţ, 2016; Maxwell et al., 2018; Bair et al., 2018; Qu et al., 2019; Reichstein et al., 2019; Tyralis et al., 2019). The term
RandF describes a non-linear and robust technique in which several decision trees are built and
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aggregated at the end to make predictions or perform reconstructions (Breiman, 2001). The RandF
approach is increasingly applied in climate and environmental sciences, and has been used for: the
prediction of snow depth (Yang et al., 2020), solar radiation (Prasad et al., 2019), daily ozone (Zhan
et al., 2018), precipitation (Ali et al., 2020); as well as reconstructions of last millennium North Atlantic Oscillation (Michel et al., 2020), streamflow since 1485 C.E. (Li et al., 2019) and vegetation
cover during the mid-Holocene and the Last Glacial Maximum (Lindgren et al., 2021). Although
RandF models have proofed to be a useful method in geosciences, studies on the spatial-temporal
reconstruction of climate variables based on δ18Ocel are relatively rare due to the low availability of
time series.
In this chapter, a European δ18Ocel network from tree rings is used, consisting of 26 sites which cover
the period 1600 – 1994 (Balting et al., 2021a) and a RandF approach (Breiman, 2001) to reconstruct
gridded fields of European summer VPD from 1600 to 1994. The goal is to provide a spatial and
long-term perspective on the past VPD variability. Therefore, the reconstruction is analysed from a
spatio-temporal perspective for the regions Northern Europe, Central Europe and Mediterranean
(Iturbide et al., 2020) as defined and used in the Sixth Assessment Report of the IPCC (IPCC, 2021).
In this respect, the paper is structured as follows: in Subchapter 4.2 a detailed description of the data
and methods employed throughout the paper are presented, while the main results are presented in
Subchapter 4.3. The spatial variability of VPD is investigated for selected extreme years, for example
the summer after the Tambora eruption (e.g. 1815-1816 A.D.). Afterwards, the reconstruction is
compared to other studies and uncertainties are discussed. Furthermore, the VPD observations are
compared with climate model projections of low (Shared Socioeconomic Pathways 1-2.6; SSP1-2.6),
medium (SSP2-4.5) and high (SSP5-8.5) emission scenarios. In this way, the past and present VPD
conditions are evaluated to assess the statistical significance of observed trends and which can be
used to understand VPD variability on a local, regional and continental scale. The main conclusion
is shown in Subchapter 4.4.

4.2 DATA & RECONSTRUCTION TECHNIQUE
4.2.1 THE STABLE ISOTOPE NETWORK

To reconstruct the European summer VPD, 26 timeseries of δ18Ocel (Figure 4.1) are used. 21 time
series of the 26 were obtained from the dataset generated by the EU project ISONET (EVK2-CT2002-00147) (e.g. Treydte et al., 2007b, a; Balting et al., 2021). In addition to ISONET dataset, five
δ18Ocel time series from Bulgaria, Turkey, southwestern Germany, Romania, and Slovenia were added
(Heinrich et al., 2013; Hafner et al., 2014; Nagavciuc et al., 2018).
The detailed measurement methodologies used within the ISONET project as well as for the other
sites are described in Boettger et al. (2007), Treydte et al. (2007a, b), Heinrich et al. (2013), Hafner et
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al. (2014) and Nagavciuc et al. (2018), respectively. At least four dominant trees were selected at each
site and two increment cores were taken per tree for the ISONET project; 15 cores of five living
trees were taken from the site in Turkey (Heinrich et al., 2013), 12 trees were sampled for the Slovenian time series (Hafner et al., 2014) and from nine trees, one core per tree was taken in Romania
(Nagavciuc et al., 2018). Standard dendrochronological dating method was performed (Fritts, 1976),
and subsequent individual growth rings were dissected from the cores. All tree rings from the same
year were pooled for most sites prior to cellulose extraction for the ISONET sites (Treydte et. al.,
2007a, b) as well as for the Romanian site (Nagavciuc et al., 2018). The dissected tree rings from the
Slovenian and Turkish sites were measured individually and not pooled (Heinrich et al., 2013; Hafner
et al., 2014). For oak, only the latewood was used for the analyses, because this approach was assumed
to use predominantly climate signals from the current year, as the earlywood of oaks usually contains
climate information from the previous year (González-González et al., 2015; Davies and Loader,
2020). The results are expressed using the conventional δ (delta) notation in per mil (‰) relative to
the Vienna Standard Mean Ocean Water (Craig, 1957).

Figure 4.1: The site distribution of the used δ18Ocel network combined with the corresponding tree species.

The used isotope network consists of nine deciduous tree sites (Quercus) and 17 conifer sites (Pinus,
Juniper, Larix; Table 4-1). The sample sites are well distributed over Europe (Figure 4.1). The elevation
of the locations varies from 10 m a.s.l. (Woburn) to 2.120 m a.s.l. (Pedraforca). The longest chronologies cover a period from 1600 to 2005. The highest data density is available for the period 19001994 with 26 time series (Figure 4.2). For several sites or regional groups of sites from the ISONET
datasets, the data is published within individual studies (Saurer et al., 2008; Vitas, 2008; Etien et al.,
2008; Hilasvuori et al., 2009; Haupt et al., 2011; Saurer et al., 2012; Rinne et al., 2013b; Helama et al.,
2014; Labuhn et al., 2014; Saurer et al., 2014; Labuhn et al., 2016; Andreu-Hayles et al., 2017).

Dissertation Daniel Balting

48

Table 4-1: Characteristics of each sample site. 21 of the 26 δ18Ocel records were obtained from the EU project
ISONET (Treydte et al., 2007a, Balting et al., 2021a) and five additional sites from Bulgaria, Turkey, Southwest
Germany, Romania and Slovenia were added (Hafner et al., 2014; Heinrich et al., 2013; Nagavciuc et al., 2018).
Location

Country

Species

First
year

Last
year

Lon.

Lat.

Altitude

Cazorla

Spain

Pinus nigra

1600

2002

-2.57°

37.53°

1820 m

Cavergno

Switzerland

Quercus petraea

1637

2002

8.36°

46.21°

900 m

Dransfeld

Germany

Quercus petraea

1776

2002

9.78°

51.50°

320 m

Fontainebleau

France

Quercus petraea

1600

2000

2.67°

48.38°

100 m

Gutuli

Norway

Pinus sylvestris

1600

2003

12.18°

62.00°

800 m

Inari

Finland

Pinus sylvestris

1600

2002

28.42°

68.93°

150 m

Isibeli

Turkey

Juniper excelsa

1850

2005

30.45°

37.06°

1800 m

Lainzer
Tiergarten

Austria

Quercus petraea

1600

2003

16.20°

48.18°

300 m

Lochwood

United Kingdom

Quercus petraea

1749

2003

-3.43°

55.27°

175 m

Monte Pollino

Italy

Pinus leucodermis

1604

2003

16.16°

39.58°

1900 m

Mount Vichren

Bulgaria

Pinus heldreichii

1800

2005

23.24°

41.46°

1900 m

Naklo

Slovenia

Larix decidua

1600

2005

14.30°

46.30°

440 m

Niepolomice

Poland

Quercus robur &
Pinus sylvestris

1627

2003

20.38°

50.12°

190 m

Nusfalau

Romania

Quercus robur

1900

2016

22.66°

47.19°

270 m

Panemunes

Lithuania

Pinus sylvestris

1816

2002

23.97°

54.88°

45 m

Pedraforca

Spain

Pinus uncinata

1600

2003

1.42°

42.13°

2120 m

Pinar de Lillo

Spain

Pinus sylvestris

1600

2002

-5.34°

42.57°

1600 m

Plieningen

Germany

Quercus petraea

1822

1999

9.13°

48.42°

340 m

Poellau

Austria

Pinus nigra

1600

2002

16.06°

47.95°

500 m

Rennes

France

Quercus robur

1751

1998

-1.7°

48.25°

100 m

Sivakkovaara

Finland

Pinus sylvestris

1600

2002

30.98°

62.98°

200 m

Suwalki

Poland

Pinus sylvestris

1600

2004

22.93°

54.10°

160 m

Vigera

Switzerland

Pinus sylvestris

1675

2003

8.77°

46.50°

1400 m

Vinuesa

Spain

Pinus uncinata

1850

2002

2.45°

42.00°

720 m

Woburn

United Kingdom

Pinus sylvestris

1604

2003

-0.59°

51.98°

10 m

Figure 4.1: The number of available δ18Ocel time series within the network.
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4.2.2 OBSERVATIONAL DATA

Mean surface temperature in °C and near surface relative humidity in Vol. % are derived from the
20th Century Reanalysis Project (20CR) version V3 (Slivinski et al., 2019) at a monthly resolution. The
20CR reanalysis has a temporal resolution of three hours, 28 different pressure levels and a resolution
of 1°x1°. The ensemble mean derived from an 80-member ensemble is used. The climate variables
are available for the period from 1836 to 2015 and they are provided by NOAA/OAR/ESRL PSL,
Boulder, Colorado, USA (https://psl.noaa.gov/data/gridded/data.20thC_ReanV3.html).
4.2.3 GENERAL PROCEDURE OF THE EUROPEAN VPD RECONSTRUCTION

The Random Forest method (RandF; see Appendix A; Breiman, 2001) is applied to reconstruct European summer VPD spatially for the last 400 years. The VPD data derived from 20CRV3 (Slivinski
et al., 2019) and the δ18Ocel network data are used as input. There is a small number of missing data
(0.38% entries in total) which are infilled following Josse and Husson (2016). Before the reconstruction is started, a sensitivity study is done with δ18Ocel network to ensure the relation between δ18Ocel
and observed VPD with correlations (α < 0.05).
The reconstruction is based on the methodology presented by Michel et al. (2020) and the corresponding scripts (ClimIndRec version 1.0), which were reprogrammed for a spatial reconstruction.
In this chapter, the focus of the reconstruction is on the continental area of the European region
(34.5°W to 49.5°E and 30.5°N to 74.5°N). The testing and validation period is set from 1900 to 1994
(Figure 4.2). The nesting approach is used which has the advantage that time series with different
temporal coverage can be integrated in the reconstruction. With additional time series being available
multiple reconstructions are derived. At the end of the calculations, the data sets are aggregated so
that the RandF models with the highest data coverage represents the final VPD reconstruction. In
addition to the reconstruction, validation parameters are calculated for each run of the RandF reconstruction using the Coefficient of Efficiency metric (CE; Appendix A; Nash and Sutcliffe, 1970).
Finally, the regional averages and running averages (30 years) of the reconstructed VPD are compared
with temperature (Luterbacher et al., 2004), precipitation (Pauling et al., 2006) and Palmer Drought
Severity Index (PDSI) reconstructions (Cook et al., 2015) for the three European AR6 regions:
Northern Europe, Central Europe and Mediterranean (Iturbide et al., 2020). Furthermore, maps of
the European summer VPD are presented for selected and highlighted wet (1737, 1814, 1815) and
dry (1616, 1741, 1821) years to investigate the spatial variability of the reconstruction (Brooks and
Glasspoole, 1922; Pauling et al., 2006; Trigo et al., 2009; Brázdil et al., 2013; Cook et al., 2015; Ionita
et al., 2021). Prior to this mapping, all VPD grid cells are centred and standardized (z-transformation)
to present z-anomalies for each grid cell.
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4.2.4 VPD COMPUTATION AND FURTHER PRE-PROCESSING

The calculation of the monthly VPD for Reanalysis, historical and future climate projections is based
on the study of Barkhordarian et al. (2019) where the near surface air temperature (T) and the dew
point temperature (Td) both in °C are used. Since dew point temperature is not available for each of
the datasets, T and relative humidity (RH) are used to compute Td as follows:

Td =

RH
a *T
a1 *( ln *100+ + a 2+T )
1

RH
a *T
a2 -( ln *100+ + a 2+T )
1

(4-1)

Where a1 and a2 are defined as a1 = 243.04 °C and a2 = 17.625 hPa. This computation is reliable and
is notably used in many climate models (Barkhordarian et al., 2019). The Clausius–Clapeyron relation
is utilized in this chapter applying a term for the saturation vapor content of air and a term for the
actual vapor pressure to calculate VPD as follows (Marengo et al., 2008; Seager et al., 2015; Barkhordarian et al., 2019; Behrangi et al., 2016):
c *T
( 2 )

c *T
( 2 d)

VPD=c1 ×e c3 +T -c1 ×e c3 +Td

(4-2)

where, c1 = 0.611 kPa, c2 = 17.5, c3 = 240.978 °C and VPD is in kPa (see WMO (2018) for further
information). Seasonal averages are computed for DJF (December to February, winter), MAM
(March to May, spring), JJA (June to August, summer) and SON (September to November, fall).
4.2.5 FUTURE SCENARIOS

Monthly mean surface temperature and near surface relative humidity from the latest CMIP 6 models
(Eyring et al., 2016) are used to compute VPD until the end of the 21st century. The historical simulations (1850 to 2014) are used in conjunction with the future simulations based on the shared socioeconomic pathways (SSPs) projections (O’Neill et al., 2016) for the years 2015 to 2100. It was decided to focus on the SSP1-2.6, SSP2-4.5 and SSP5-8.5 scenarios. The criteria for the model selection
is as follows (Seneviratne and Hauser, 2020): i) the selected models must provide the relevant variables, (ii) the models must have a temporal coverage from 1850 to 2100, and (iii) the selected models
do not have duplicate or missing time steps. The presented regional means are calculated from the
original grid resolution; for the maps, the data is regridded bilinear to a 1°x 1°grid. All models are
listed in Supplement 6.
The regional averages of the reconstructed and observed VPD are compared with the projected VPD
for three European AR6 regions (Iturbide et al., 2020). Beside the temporal perspective, anomaly
maps are shown to investigate spatial trends in future scenarios.
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4.3 RESULTS OF THE VPD RECONSTRUCTION
4.3.1 CLIMATE SENSITIVITY

The network of δ18Ocel time series is significantly correlated with the European Summer VPD over
the observational period (i.e. 1900 – 1994). In Figure 4.3, the correlations of the individual δ18Ocel
time series with the respective time series of the grid cell from the calculated VPD of 20CRV3
(Slivinski et al., 2019) are presented for summer and spring.
In total, 11 sites show a significant correlation with VPD in spring, with the maximum in Italy and
Turkey (r=0.40; Figure 4.3a). The sites with significant correlations are distributed across the continent without any spatial bias. There is no influence of the tree species used and no influence of the
altitude of the sampled trees (Balting et al., 2021a). The high sensitivity of the time series from Turkey
with spring climate has already been noted (Heinrich et al., 2013). 15 time series out of the 26 sites
show no significant correlations with VPD during spring.

p
p

Figure 4.3: Correlation of the δ18Ocel time series with the European VPD for the period 1900 to 1994. a, for spring
(MAM), b, for summer (JJA). The significant correlations are highlighted (p<0.05).

The most significant correlations as well as the highest seasonal correlation coefficients are reached
with the summer VPD (Figure 4.3b). 22 of the 26 sites show a significant correlation, with most of
these sites being located in France, Spain, Germany, Scandinavia and Great Britain. The highest correlation coefficient (r=0.64) is calculated for the Rennes site (France). One time series from Turkey,
two from Spain and one from Austria do not have a significant correlation with the summer VPD
(Figure 3.4b). Based on these results and the shown sensitivity of the δ18Ocel for VPD variability, the
reconstruction of VPD is performed for the summer months (JJA).
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4.3.2 VALIDATION STATISTICS

Since the nesting approach is used, 13 RandF models in total were calculated and optimised by cross
validation (see Michel et al., 2020), i.e. from each time when a new time series from the network is
available. The quality of the reconstruction can be described with the CE (Appendix A), which is
presented in Figure 4.4 for four selected time steps. For year 1600, CE scores indicate that a satisfactory quality for the reconstruction of VPD for Northeast Spain, Italy, Greece, France, Germany and
large parts of Scandinavia (Figure 4.4). The described regions coincide with the locations of the eleven
available time series for this time slice. Therefore, the reconstruction covers large parts of Europe
from the beginning. For the time slice 1700 presented in Figure 4.4, an expansion of the significant
regions is observed for the CE values. For this time slice, 16 of the 26 time series are available and
the spatial coverage has improved towards Eastern Europe and isolated gaps, such as in parts of
Norway, could be closed.

Figure 4.4: The Nash–Sutcliffe CE for four different time slices. The coloured areas show the regions where the
model set up has a suitable quality, which was tested with a one-sided Student's t-test (p<0.05). No or lack of
model efficiency largely relates to regions without 18Ocel records (e.g. SW Spain, Belarus, Ukraine).

A further improvement of the CE values between 1700 and 1800 can also be observed (Figure 4.4),
whereby it is most noticeable that Great Britain is now largely covered by grid points robustly reconstructed. This is because another time series from Scotland has been included for the 1700 time slice
(Figure 4.4). Also, for the last time step an improvement of the spatial coverage of the reconstruction
can be seen. In particular, a large gap in Eastern Europe has been closed, due to the time series from
Romania, which is available for the reconstruction from 1900 onwards. It can also be noted that
adjacent regions of Europe, such as parts of Turkey also have a suitable quality for reconstructing
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past VPD variability changes. The overall spatial strength of the network is in Southern, Western and
Northern Europe, whereas Eastern Europe can only be partly covered. Nevertheless, it must be
mentioned that validation statistics for all time steps must be included in the consideration of the
results. Therefore, only those grid cells with a satisfactory reconstruction performance will be included in the following analyses.
4.3.3 TEMPORAL VARIABILITY OF THE EUROPEAN VPD RECONSTRUCTION

The average VPD of Northern Europe (Figure 4.5a) shows significant differences in variability as
well as in the long-term mean. Northern Europe shows the lowest VPD of all three regions, which
is due to the comparably low temperatures and high humidity in these broad areas. The increase of
VPD between 1620 and 1660 is significant (m = 0.0017 kPa year-1; p-value= 0.0026, where m is the
linear regression slope), with the highest VPD value of the 400 years being reached in 1652 (VPD=
0.4619 kPa > 2.7×σ, where σ is the standard deviation of the time series). After this peak, VPD drops
until it starts to rise again in 1673. However, it is noted that this increase during Late Maunder Minimum (1675-1715; considered as the coldest phase of the Little Ice Age in Europe (Brönnimann,
2015) is not as long-lasting as the former increase from 1620 to 1660. VPD starts to decrease again
from the year 1700. The subsequent drop lasts until the 1720 to 1730 period, after which the time
series shows further low frequency variability and a minor upward tendency in the 30-year rolling
average that lasts until the end of the 20th century (m= 0.00002 kPa year-1; p-value < 0.00001). In
total, the three years with lowest VPD in this region are 1674, 1782 and 1802 whereas the years with
the highest VPD are 1652, 1735 and 1959.
The VPD reconstruction for Central Europe (Figure 4.5b) shows that VPD increases from 1600 up
to the Late Maunder Minimum (i.e. early 1700s; m= 0.0007 kPa year-1; p-value = 0.0003). This increase is followed by a downward trend of VPD in Central Europe which ends in 1743 (m= -0.0014
kPa year-1; p-value= 0.0286). The period 1740 to 1760 is characterized by very low VPD values and
the lowest 30-year rolling VPD. From this time on, the rolling average VPD is characterized by a
rising trend (m= 0.0002 kPa year-1; p-value= 0.0037), but low values are reached during the Dalton
Minimum (1790 to 1820). Furthermore, the VPD reconstruction is characterized by a significant 60
to 80 years oscillation (Supplement 5). The three years with lowest VPD are 1602, 1755 and 1786
whereas the years with the highest VPD are 1707, 1835 and 1921.
The VPD reconstruction for the Mediterranean region shows the largest VPD and higher variability
compared to the other two regions (Figure 4.5c). It is noticeable that at the beginning of the reconstruction period (1610-1650) the VPD values decrease (m= -0.0017 kPa year-1; p-value= 0.013),
which is followed by a VPD increase leading to an almost constant VPD level during the Late Maunder Minimum. From the end of the Maunder Minimum, the VPD falls steadily until 1761, where it
remains at a similar level on average until 1773. This is followed by a short increase, which is stopped
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at the beginning of the Dalton Minimum and leads to a decreasing VPD. The minimum of VPD
value is also reached during this period (VPD=0.96 kPa for the year 1814). After the Dalton Minimum, the VPD rises again (m= 0.0003 kPa year-1; p-value= 0.0182). Furthermore, the VPD time
series shows similar oscillations as for Central Europe, but most pronounced in the last 150 years.
Low periods of the oscillation are shown for example between the end of the 19th century and the
beginning of the 20th century as well as for the 1960s and 70s. In total, the three years with lowest
VPD in this region are 1780, 1814 and 1815 whereas the years with the highest VPD are 1686, 1874
and 1945.

Figure 4.5: Temporal variability of the VPD reconstruction. a, Northern Europe, b, Central Europe, c, Mediterranean region, d, Europe. The red curve represents the annual summer values and the blue line the rolling mean
for 30 years window. The average calculation included only those grid cells that had a sufficient CE in the validation statistics.

The mean VPD value for entire Europe increases until about 1690 (Figure 4.5d). However, the maximum VPD for Europe is reached before the Late Maunder Minimum. During the Late Maunder
Minimum the trend starts to reverse and the average VPD decreases until the middle of the 18th
century. From there on, the European mean VPD increases (m= 0.0001 kPa year-1;p-value= 0.00006),
again due to the positive trends in Central Europe as well as changes in the Mediterranean.
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4.3.4 COMPARISON OF THE TIME SERIES WITH OTHER RECONSTRUCTIONS

The VPD variability is compared with existing reconstructions of summer temperature (Luterbacher
et al., 2004), precipitation (Pauling et al., 2006) and drought (PDSI) reconstruction (Cook et al., 2015)
in Figure 4.6-8.

Figure 4.6: The reconstructed summer VPD for Northern Europe in comparison with reconstructed summer
temperature, precipitation and PDSI. a, reconstructed VPD, b, surface temperature (Luterbacher et al., 2004), c,
precipitation (Pauling et al., 2006), d, PDSI (Cook et al., 2015). The red line represents the annual summer values
and the blue line the rolling mean for 30 years window. The average calculation included only those grid cells
that had sufficient CE in the validation statistics.

For Northern Europe, the characteristics of VPD until 1700 shows little resemblance with the reconstructions of precipitation and temperature (Figure 4.6a,b,c). However, the PDSI indicates dry
conditions for the time of the maximum VPD in 1652 (Figure 4.6d). Furthermore, the decrease of
VPD between 1700 to 1730 is shown as a wet period in the drought reconstruction, which could be
a possible explanation for these low values. From 1730 to 1800, the shown strong temperature increase is visible in VPD only partly. A possible reason for this could be the concurrent increase of
precipitation. Since the temperature and precipitation changes in this region coincide, it is difficult to
detect the characteristics of the two variables in the VPD time series.
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Figure 4.7: Same as Figure 4.6, but for Central Europe.

For Central Europe, the increase of the VPD until 1700 cannot be explained by the temperature or
precipitation reconstruction (Figure 4.7a,b,c). The 30-year running mean of both time series show
diverging trends. Nevertheless, the reconstruction of the PDSI also shows a trend towards drier conditions from 1670 to 1690 (Figure 4.7d). However, before the end of the 17th century, the data indicates a wetting trend again. Afterwards, the periods of high and low temperature and precipitation
match very well with the corresponding periods of high and low VPD. For example, the decrease in
precipitation and temperature between 1730 and 1745 is also present in the VPD time series. From
1800 onward, the VPD increases with a clear and significant oscillational behaviour which is closely
related to the oscillational pattern of temperature (Supplement 5). However, the oscillation of the
VPD time series is also influenced by the precipitation variability. The precipitation shows an oscillating behaviour from the second half of the 19th century, but the magnitude is represented weaker
than in the VPD or the temperature time series. While the temperature, precipitation and VPD reconstruction show a consistent picture from 1800 onwards, meaning that it becomes warmer, there
is less precipitation and the VPD increases in summer. The PDSI, on the other hand, shows a wetting
trend from 1800 onwards. It is suggested that this could be based on accumulation processes of
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precipitation in the preceding months which is represented by the PDSI. This could compensate the
increasing temperature and the decreasing precipitation in summer.

Figure 4.8: Same as Figure 4.6, but for the Mediterranean region.

For the Mediterranean area, the summer of 1814 is an extreme event in the temperature time series,
as it shows the second coldest temperatures for this region in the last 400 years (Figure 4.8a,b,c).
Furthermore, it is interesting that the precipitation increased during the Dalton Minimum (~1790) in
this region and only decreases towards its end (1805-1810), which can also explain the behaviour of
the VPD during this period. It is suggested that the comparable low temperatures and the high precipitation led to this extreme year in the VPD time series. After the Dalton Minimum, the temperature
shows an increasing trend and the course of the curves is very similar to the oscillating behaviour
already described for the VPD, even though the magnitude differs. Nevertheless, the periods with
high and low values of temperature are almost identical to the corresponding periods of the VPD
time series after the Dalton Minimum. Since the decrease in precipitation is almost linear in the 30year mean from 1850, it is suggested that, comparatively, the oscillation of temperatures can be clearly
seen in the VPD time series.
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A similar situation is described by the drought reconstruction for the Mediterranean area (Figure
4.8d). Thus, the reconstructed PDSI shows wetter conditions towards the middle of the 18th century,
which is complement by the low VPD values for this period. Like the VPD and the temperature
reconstruction, the PDSI shows drier conditions after the 1770s, intensifying until the beginning of
the Dalton Minimum (~1790). Furthermore, the year 1814 is also the year with the wettest conditions
in the PDSI time series. After the Dalton Minimum, the anti-correlation between temperature/VPD
and the PDSI is again evident, so that an oscillatory behaviour is also visible.
4.3.5 SPATIAL VARIABILITY OF THE VPD RECONSTRUCTION

To illustrate the spatial variability of the VPD reconstruction, selected extreme years are presented
that represent either a particularly wet or dry period (see Figure 4.9). The first presented pattern of
the spatial VPD variability is for the summer of the year 1616 (Figure 4.9 upper left). For this year,
the VPD reconstruction represents positive VPD anomalies over the entire continent pattern where
the high anomalies are reached in Germany, Austria, parts of Czech and Switzerland. The highest
VPD anomaly is shown in Scotland (VPDz-anomaly = -3.1). Therefore, the spatial pattern of the VPD
anomalies for the year 1616 shows similarities to a monopole pattern over Europe, since no negative
VPD anomalies are shown. In contrast, the VPD reconstruction for the summer 1737 shows negative
VPD anomalies for Central and Southern Europe (Figure 4.9 upper mid), where the lowest anomalies
are shown for the Balkan area (VPDz-anomaly = -2.16). In contrast, Finland, northern Sweden, and
northern Norway are characterized by high positive VPD anomalies (maximum VPDz-anomaly = 2.92).
The pattern can be described as dipole pattern between northern Scandinavia and Central/South
Europe.
The VPD anomaly for the summer of 1741 also presents a dipole pattern (Figure 4.9 upper right),
but the centres are in this case Scandinavia and Southwest Europe. Low VPD anomalies are located
in Scandinavia with the lowest values in southern Sweden and Denmark (VPDz-anomaly = -2.73). In
contrast, Southwest Europe is characterized by high VPD anomalies with the highest values located
in northeast Spain (VPDz-anomaly = 2.47). Also, Southeast Europe shows positive VPD anomalies, but
with a lower magnitude compared to Northeast Spain.
The year 1814 is the year with the lowest VPD average in the Mediterranean region (Figure 4.5). The
VPD anomaly map (Figure 4.9 lower left) shows a dipole between Northern and Southern Europe
for this year. The highest VPD anomalies are shown in West Sweden, West Norway, Denmark and
Great Britain with the highest values in southern Sweden and Denmark (VPDz-anomaly = 2.09). The
opposite situation is presented for entire Southern Europe, where negative VPD anomalies characterize the entire area. The lowest VPD values are located in Southeast Europe (VPDz-anomaly = -3.51).
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Figure 4.9: Spatial pattern of VPD anomalies for selected years. Values of each grid cell are standardised and
centred. The anomalies were computed based on the subtraction of the average of the twelve preceding years as
well as the twelve following years. Furthermore, only those grid cells with sufficient CE in the validation statistics
are included in the plot.

The VPD anomaly map for 1816 illustrate a dipole between West/East (Figure 4.9 lower mid). Negative VPD anomalies are shown for West and Central Europe with the lowest values in Great Britain
and France (VPDz-anomaly = -2.06). In contrast, positive values are represented in East Europe with
highest values in Scandinavia and Southeast Europe especially Greece and Turkey (VPDz-anomaly =
3.16).
A tripolar pattern is shown in the VPD anomaly map for the year 1921 (Figure 4.9 lower right). High
VPD values are observed for Central Europe which stretch in a band from North Spain/Great Britain to Poland. The highest VPD anomalies are located in eastern Germany, Poland and Lithuania
(VPDz-anomaly = 3.39). In contrast, negative VPD anomalies are shown in southern Italy, Turkey and
northern parts of Scandinavia. The lowest values are presented in Norway (VPDz-anomaly = -2.15). The
presented spatial variations and varying VPD patterns underline the importance of a spatial field
reconstruction.
4.3.6 COMPARISON OF PAST/HISTORICAL SPATIAL VARIABILITY

According to a drought reconstruction for Czech, the drought of 1616 was one of five “outstanding
drought events” since 1090 CE which began in the spring and continued throughout the summer
with great heat and dried-up rivers (Brázdil et al., 2013). The dry conditions are also represented by
the reconstruction, where positive VPD anomalies are shown for Europe with the highest values are
reached in Germany, parts of Czech, Austria and Switzerland (Figure 4.9 upper left). In addition, the
average time series for Europe in Figure 4.5 also indicate high VPD values during this time. A similar
situation is also described by the PDSI (Cook et al., 2015) where severe to extreme drought are shown
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over Central and Eastern Europe. Year 1616 was characterized by a long dry period which began in
mid-April and lasted through the summer. The regional focus of this dry phase was in the East, but
eventually spread to the rest of Central Europe. Overall, 1616 was a remarkably dry from April until
November, characterized by a very hot and extremely dry summer (Glaser, 2013). The extreme dryness of this particular year, throughout whole Europe, is well captured by the VPD reconstruction.
The year 1737 is part of relatively wet period which is represented by the PDSI (Cook et al., 2015;
Ionita et al., 2021) for Europe on average. The more humid conditions also fit with a comparatively
low VPD in Central Europe as well as in the Mediterranean region as shown in Figure 4.9. However,
relatively high VPD anomalies are shown over northern Scandinavia, which are also represented on
average by the PDSI (Cook et al., 2015; Ionita et al., 2021). For example, August 1737 was too cold
and too wet in Central Europe and almost continuous rainy weather was reported in Germany in the
second decade of August (Glaser, 2013).
The year 1741 is often associated to the Irish famine, which according to documentary and early
instrumental data was associated with low rainfall in spring and summer (Pauling et al., 2006). In the
VPD reconstruction (Figure 4.9 upper right), parts of the UK and Germany are also represented by
a high VPD anomaly, while the highest VPD anomalies are shown for France and northern parts of
Spain. That agrees with the PDSI (Cook et al., 2015), precipitation (Pauling et al., 2006) and temperature reconstruction (Luterbacher et al., 2004). In contrast, low VPD values over Scandinavia are
disagree with wet conditions in the PDSI (Cook et al., 2015). For example, in 1741 the northeast
Germany experienced longer-lasting cooler phases, which were also very dry in some regions. In July,
this pattern essentially remained intact. Overall, there was a prolonged period of rain in central
Germany, that lasted until the winter. In August numerous downpours and thunderstorms have been
reported (Glaser, 2013).
As already shown in the temporal perspective of VPD variability, the year 1814 shows the lowest
VPD value for the Mediterranean region (Figure 4.9 lower left). However, there are high VPD anomalies in Scandinavia. The pattern resembles a dipole pattern which shows similarities to the summer
European blocking pattern (Barnston and Livezey, 1987; Cassou et al., 2005) which is often associated with the Summer North Atlantic Oscillation (SNAO; Hurrell and Van Loon, 1997). According
to Cassou et al. (2005), 17.8% of the positive phase and 17.9% of the negative phase of the summer
European blocking pattern influence the total summer weather regimes in Europe. Furthermore, the
summer European blocking pattern is a surrogate indicator for storm track activities (Folland et al.,
2009; Lehmann and Coumou, 2015). The SNAO pattern is also evident in the OWDA for 1814.
The last selected year with humid conditions in Europe is 1816, which is related to the Tambora
eruption in 1815 that caused a cooling of 2-3 °C in Central Europe (Trigo et al., 2009). Several studies
refer to the year 1816 as the "year without a summer" due to a sharp drop in temperature revealed in
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European reconstructions (e.g. Büntgen et al., 2006). 1816 was unusually cold and wet year, especially
in Central Europe (Schurer et al., 2019). The largest temperature anomalies occurred in summer 1816,
marking the coldest European mean summer temperature ever recorded over the last 235 years (Casty
et al 2007). It was also associated with a Europe-wide famine and a sharp increase in food prices
across Europe (Brönnimann and Krämer, 2016). Central and Western Europe show low VPD anomalies, while Southeast Europe and Scandinavia are interestingly not affected by a low VPD anomaly
(Figure 4.9). The described pattern agrees well with the pattern resulting from reconstructed temperatures, precipitation and sea level pressure (e.g. Schurer et al., 2019).
Based on PDSI data (Cook et al., 2015), the conditions for 1921 are the driest of the last millennium,
particularly for western and Central Europe. This drought was described as "a year of unprecedented
low rainfall" across much of the British Isles, with the greatest deficit occurring in south-east England
(Brooks and Glasspoole, 1922). 1921 was one of the driest years on record, over large areas in Europe,
with a focus on Central Europe (Ionita and Nagavciuc, 2021) which is in agreement with the spatial
pattern of the VPD reconstruction. This extreme dryness, was mainly driven by a long-lasting precipitation deficit throughout the year (Ionita and Nagavciuc, 2021). In addition, 1921 is also considered the driest year in the Rhine and Weser catchments based on observed runoff data (Ionita et al.,
2021). This description fits the depicted conditions in Central and Western Europe, as large parts of
Great Britain, Germany and Poland show high VPD anomalies in Figure 4.9 (lower right). Furthermore, it is evident from the time series that the VPD shows the second highest value within the last
400 years for Central Europe (Figure 4.5b). The less dry conditions in Italy are consistent with other
studies (e.g. Bonacina, 1923).
4.3.7 HISTORICAL AND FUTURE EUROPEAN VPD IN CMIP6

The reconstructed and observed VPD is compared with the ability of the CMIP6 models (Eyring et
al., 2016) to simulation the VPD in the historical simulations and assess how the VPD variability is
projected to change in the 21st century. In this respect, CMIP6 ensemble mean of VPD is used
(see table S6 for a description of the used models) over the period 1851 – 2100 (merging ensemble
averages from historical and future experiments). For Northern Europe, the model ensemble represents on average VPD in the historical run too weakly (Figure 4.10 up). Nevertheless, a large part of
the observed and reconstructed VPD lies within the 75th percentiles of the model ensemble. From
1980 onwards, the model ensemble shows a positive trend of VPD until 2014 (m= 0.0014 kPa;
p-value < 0.0000001), which cannot be represented by the reconstruction or observations. In the
future scenarios, the strongest increase is shown by the scenario SSP5-8.5, whereas SSP1-2.6 and
SSP2-4.5 show only a slight increase and small differences of VPD in Northern Europe (Table 4-2).
For the last two scenarios, VPD does not increase beyond the observed values.
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Figure 4.10: Five centuries of VPD variability for three different regions in Europe. The boundaries of the different
regions are following the definitions of Iturbide et al. (2020). In this graph, the reconstructed and the observed
VPD (20CR) are joined as well as the modelled VPD for the historical conditions (Hist) as well as for three different scenarios. (SSP1-2.6, SSP2-4.5, SSP5-8.5) The average of the model ensemble is shown with a bold line and
the area between the 25th and 75th percentile with the corresponding slightly transparent colour.

There is significant offset between the historical run and the reconstructed as well as the observed
VPD can be seen for Central Europe (Figure 4.10 mid). In contrast to Northern Europe, VPD in
Central Europe is higher than the model ensemble. However, the observed VPD is close to the 25th
percentile of the model ensemble. This is an interesting result which notably indicates that CMIP6
models are modestly able to simulate the observed VPD in those regions. From 1980 onwards, the
model ensemble shows an increasing trend of VPD until 2014 (m= 0.0051 kPa; p-value
< 0.000000001), which is also represented by the reconstruction and observations (m= 0.0028 kPa;
p-value < 0.01). Furthermore, all three scenarios show a significantly stronger increase than for
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Northern Europe (Table 4-2). It is noticeable that the SSP5-8.5 scenario provides the strongest VPD
increase, and the other two scenarios behave very similarly despite a stronger increase compared to
the projected changes of VPD in Northern Europe. SSP2-4.5 shows only minimal increased values
compared to SSP1.2-6.
The strongest difference between observed and the modelled historical runs can be found for the
Mediterranean region (Figure 4.10 down). Thus, the observed and model data differ by more than
0.5 kPa. Furthermore, the observed data also lie outside the interquartile range. However, the ensemble mean shows a trend from 1990 until 2014 (m= 0.006 kPa; p-value < 0.000000001) which is also
represented in the reconstruction and observations (m= 0.004 kPa; p-value < 0.01). As for the Central
Europe, the strongest VPD increase can be determined for the scenario SSP5-8.5 (Table 4-2). On
average, an increase in VPD of more than 1 kPa is shown by the end of the 21st century. This is the
largest increase of all regions considered. Furthermore, there is a clearer difference between the other
two scenarios. In the scenario SSP1.2-6 there is only a comparatively weak increase which levels off
again after a short time. A much larger increase can be observed for scenario SSP2.4-5, where the
trend is increasing until the end of the century. This cannot be found in the other regions.
Table 4.2: Characteristics of the linear trend of three different future scenarios for Northern Europe, Central Europe and Mediterranean.
SSP1.2-6

SSP2.4-5

SSP5-8.5

Northern Europe

m= 0.0003 kPa
p-value < 0.00001

m= 0.0005 kPa
p-value < 0.000000001

m= 0.0014 kPa
p-value < 0.000000001

Central Europe

m= 0.0008 kPa
p-value < 0.001

m= 0.0022 kPa
p-value < 0.000000001

m= 0.0083 kPa
p-value < 0.000000001

Mediterranean

m= 0.0013 kPa
p-value < 0.000001

m= 0.0051 kPa
p-value < 0.000000001

m= 0.0134 kPa
p-value < 0.000000001

Thus, in order to clarify the question of how VPD will develop spatially in the future and what causes
the behaviour in the scenarios, Figure 4.11 shows the change in VPD in the three scenarios for the
European continent during summer. It is noticeable that especially the Mediterranean region is a
hotspot for the increase of VPD as already shown in Figure 4.8. However, for the two regions of
North and Central Europe, a different pattern is observed. For Central Europe, only a small and
localized increase in VPD can be seen in SSP1.2-6 whereas Northern Europe shows even a smaller
increase of VPD in this scenario. High VPD from the subtropics expand in these regions. This is
detectable especially in Central Europe in the SSP2.4-5 scenario, where a stronger increase of VPD
is observed. Nevertheless, a stronger and pronounced increase of VPD in Northern Europe can only
be detected in scenario SSP5-8.5.
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Figure 4.11: Spatial distribution of the summer VPD anomalies in Europe based on the projected changes (20712100) for SSP1-2.6 (A), SSP2-4.5 (B) and SSP5-8.5 (C) scenarios relative to the historical summer VPD during the
1971–2000 reference period. For the historical and projected changes, the average temperature of the CMIP6
model ensemble is used. All changes are significant according to the two-sided Student's t test (p<0.05).

4.4. LIMITATIONS OF THE VPD RECONSTRUCTION
The used δ18Ocel network is characterized by specific limitations that influence the quality of the results. An over-representation of the sample sites in Central and Western Europe compared to the
ones from Southeast, East and Northern Europe is shown in Figure 4.1. These characteristics of
spatial distribution of sites are also represented in the validation statistics, where the regions with a
good sample density show good validation scores (Subchapter 4.3.2). Therefore, further time series
from uncovered regions are needed to enhance the quality and the spatial extent of the reconstruction. More time series from covered regions wouldn’t improve much the RandF model because they
are expected to be strongly correlated with the already used time series, which would have a very
slight influence on the predictive performance of the RandF model (Boulesteix et al., 2012).
Beside the δ18Ocel climate signal, the observational data of VPD is given by the ensemble mean of
20CRV3 (Slivinski et al., 2019) for the period 1900 to 1994. Even though the quality and quantity of
instrumental data available during this period is comparatively good, the ensemble mean can only
represent the variability and diversity of the reanalysis with 80 ensemble members to a limited extent.
Therefore, future studies are welcome to compare the quality of the reconstruction with other ensemble members.
The reconstruction is based on the application of the RandF algorithm calibrated and evaluated over
the period 1900 to 1994. The model is therefore trained to represent exactly this period. Thus, when
this model is applied to the years prior, stationarity between VPD variability and proxy records is
assumed, as is generally the case for climate reconstructions (e.g. Cook et al., 2015). Since the climate
system is not stationary, the assumption of stationarity must be included as a potential source of
error. However, the RandF approach can represent non-linearities which is not possible with the
classical approaches, for example PCR (e.g. Cook et al., 2015). Therefore, in order to eliminate errors
when using the reconstruction, it is recommended a comparison with other available observational
data, climate proxies, or reconstructions to quickly identify discrepancies.
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Finally, even if the nested reconstruction approach is used by default for reconstructions (Luterbacher
et al., 2004; Pauling et al., 2006; Cook et al., 2007, 2019; Freund et al., 2019) to cover the longest
possible time range, it is important to check the quality of the model for the respective time range.
Therefore, it is recommended to always consider the validation scores.

4.5 CONCLUSION OF THE LONG-TERM VPD VARIABILITY
Here, the first gridded reconstruction of the European summer VPD over the past 400 years is presented. Projected VPD conditions in the European summer are shown based on three different scenarios from the recent CMIP6 archive. The combination of reconstructed, observed and the projected variability allows conclusions about the past, present, and future VPD variability changes in
Europe. Moreover, this is the first investigation that uses a δ18Ocel network and modern machine
learning algorithm to perform a spatial reconstruction of a climate variable.
The past variability of VPD is different for the three investigated regions: North Europe, Central
Europe and Mediterranean. The lowest VPD values as well as the lowest variability is shown for
North Europe over the past 400 years. Also, in comparison to the other two regions, North Europe
is showing the smallest increasing VPD trend in the reconstruction from the mid of the 18th century.
The highest VPD values for this region are reached in the mid of the 17th century. Central Europe
and the Mediterranean region reveal stronger trends of increasing VPD (highest VPD on average and
highest VPD variability) which can be explained by a precipitation decrease and a temperature increase. The results underline that the European VPD has increased over the last decades. Based on
the obtained long-term perspective, this increase in Europe has not started in 2000, but has already
begun a few decades after the Late Maunder Minimum with a simultaneous increase in temperature
in Europe in the mid 18th century.
The strong increase of the VPD at the end of the 20th and beginning of the 21st century is represented
by the model ensemble used, although the magnitude of VPD increase partly differs. It is suggested
that the differences are based on the differences in regional temperature between observation and
models. However, when looking at the projected trends for the VPD, it is noticeable that the modelled trends for SSP1.2-6 and SSP2.4-5 are close to the trends between 1980 and 2014 of the observed
VPD.
In the historical context, however, these trends are unique in magnitude and persistence, as comparable increases in VPD do not exist and, if they do, do not last longer than 30 years. The results imply
that vegetation in Europe has been subject to an increase in VPD for a longer period of time, but
that this increase has been significantly amplified by recent climate change, especially in Central Europe and the Mediterranean region. The association between high VPD and a decline in tree growth
(Eamus et al., 2013), higher forest mortality (Park Williams et al., 2013), higher incidence of droughts
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(Dai, 2013), a decline in crop production (Zhao et al., 2017) and a higher incidence of forest fires
(Seager et al., 2015) suggests that the events will become more frequent as the average VPD continues
to increase in the 21st century, with the magnitude being determined by the amount of greenhouse
gas emissions.
The presented VPD reconstruction helps to visualize the local and regional impacts of the current
climate change as well as to minimize statistical uncertainties of historical VPD variability. Furthermore, the interdisciplinary use of the data should be emphasized, as VPD is a crucial parameter for
many climatological processes. As a logical next step, the regional and temporal boundaries of the
reconstruction can be extended by using more and longer δ18Ocel time series from tree-ring cellulose.
It is also possible to disentangle the influence of solar events on the VPD on the local, regional and
continental scale.
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5.1 FUTURE DROUGHT PROJECTIONS
In recent decades, historical climate observations have shown that many parts of the world are experiencing longer and more intense droughts as a consequence of observed atmospheric warming
(Chiang et al., 2021). As a result, hydrological conditions are changing with potential regional climate
change impacts on the society and ecosystems (Humphrey et al., 2018; Lu et al., 2019; Vicente-Serrano et al., 2020). Changing drought characteristics can lead not only to increased crop failures (Challinor et al., 2010), but also shifts in the entire ecosystem and vegetation zones (Loarie et al., 2009).
Knowledge about the future drought occurrences, intensification and spatial distribution is therefore
essential for developing adaptation policies and strategies.
In general, future drought projection is challenging since several relevant variables and complex processes contribute to the occurrence and severity of droughts. However, all drought-relevant variables
are not necessary represented well in the general circulation models (GCMs). In particular, future
changes in potential evapotranspiration (E0) and precipitation, which are integral parts of the hydrological cycle, are of major interest (Dai et al., 2018; Vicente-Serrano et al., 2019). Different multimodel efforts have explored climate change impacts on regional drought variability, e.g. the studies
based on Fifth Phase of the Coupled Model Intercomparison Project (CMIP5; Taylor et al., 2012).
Based on the CMIP5 simulations, hotspots of increased drought risk and severity have been identified
(Seager et al., 2019), and the mechanisms behind the changes of the key drought related variables,
e.g. precipitation, E0 and large-scale atmospheric circulation, have been investigated (Cook et al.,
2014, 2015; Berg et al., 2017; Lemordant et al., 2018; Mankin et al., 2019). Nevertheless, it is important
to revise the previous assessment based on the recently released state-of-the-art model simulations
participating in Phase Six of the Coupled Model Intercomparison Project (CMIP6; Eyring et al.,
2016). The main motivation is that the physical descriptions of the climate system in CMIP6 simulations, spatial resolution, and the climate forcing have improved substantially (Eyring et al., 2016). To
investigate droughts several indices are available in the literature (Mishra and Singh, 2010). In this
chapter, the Standardized Precipitation Evapotranspiration Index (SPEI; Vicente-Serrano et al.,
2010a; Beguería et al., 2014), which represents a significant part of the atmospheric water balance, is
used (Markonis et al., 2021). The advantage of the index is that it can be used for comparison across
locations with different climatology because it is a standardized index for a given location relative to
its long-term climatology (Stagge et al., 2015).
Using a multi-model ensemble mean drawn from CMIP6 database, changes in the key driving factors
of droughts are evaluated and investigated, namely precipitation and E0 in the historical runs and the
radiative forcing scenarios developed for ScenarioMIP (O’Neill et al., 2016). In this chapter, the conditions of low (Shared Socioeconomic Pathways 1-2.6; SSP1-2.6), medium (SSP2-4.5) and high
(SSP5-8.5) emission scenario are investigated. Furthermore, the occurrence rate of dry periods is
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computed for the updated regions of Sixth Assessment report (AR6) of the IPCC (Iturbide et al.,
2020). The chapter focuses on the Northern Hemisphere during summer (June, July and August
(JJA)), the season with the highest E0 and the highest spatial distribution of droughts (Lu et al., 2019).
The overarching goal is to investigate the evolution of summer temperature and precipitation across
different CMIP6 forcing scenarios, tendencies towards a wetter or drier climate and the occurrence
of moderate to extreme droughts in three scenarios.

5.2 RISK STATISTICS & THE USED CLIMATE MODEL ENSEMBLE
5.2.1 CLIMATE MODEL ENSEMBLE

In this chapter, four climate variables from the CMIP6 (Eyring et al., 2016) simulations from historical simulations (1850 to 2014) and future projections (2015 to 2100) are analysed based on different
shared socioeconomic pathways (SSPs; O’Neill et al., 2016). To present the analysis for a wide range
of scenarios, SSPs including SSP1-2.6, SSP2-4.5 and SSP5-8.5 are used. The criteria for selecting
climate models include (Seneviratne and Hauser, 2020): models must (i) provide the relevant variables, (ii) include simulations for the period 1850 to 2100, and (iii) not have duplicate time steps or
missing time steps.
Table 5-1: Description of the used climate model ensemble for the historical run and three future scenarios.
Number of used

Historical

SSP1-2.6

SSP2-4.5

SSP5-8.5

References

ACCESS-CM2

2

1

1

1

(Dix et al., 2019)

ACCESS-ESM1-5

3

3

3

3

(Ziehn et al., 2019)

AWI-CM-1-1-MR

2

1

1

1

(Semmler et al., 2018)

realizations

EC-Earth3

3

1

1

1

(EC-Earth Consortium, 2019a)

EC-Earth3-Veg

2

3

3

3

(EC-Earth Consortium, 2019b)

INM-CM4-8

1

1

1

1

(Volodin et al., 2019a)

INM-CM5-0

10

1

1

1

(Volodin et al., 2019b)

IPSL-CM6A-LR

32

6

6

6

(Boucher et al., 2018)

MIROC6

10

3

3

3

(Tatebe and Watanabe, 2018)

MPI-ESM1-2-HR

7

2

2

2

(Jungclaus et al., 2019)

MPI-ESM1-2-LR

10

10

10

10

(Wieners et al., 2019)

MRI-ESM2-0

5

1

1

1

(Yukimoto et al., 2019)

The maximum surface temperature (Tmax), minimum surface temperature (Tmin), mean surface
temperature (T), soil moisture, precipitation, wind speed, and cloud area fraction are downloaded
with a monthly temporal resolution. The regional means are calculated from the original grid resolution, whereas for the maps the simulations are regridded onto a 1°x 1°grid using a bilinear interpolation approach. The names of models and their ensemble member counts are listed in Table 5-1.
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5.2.2 COMPUTATION OF THE SPEI DROUGHT INDEX

To investigate the future drought conditions, the SPEI index(Vicente-Serrano et al., 2010a) is used.
This index is a multiscalar drought index calculated from monthly precipitation (P) and potential
evapotranspiration (E0). The computation of SPEI index is based on the so-called climatic water
balance defined as Di=Pi- E0i. One advantage of SPEI index is that it can be obtained for different
accumulation periods, by aggregating the values of the climatic water balance over different time
scales. This allows investigating different types of droughts by adjusting the accumulation period
(Hayes et al., 2011; Vicente-Serrano et al., 2012). In this chapter, an accumulation period of 6 months
(SPEI6) is used to capture the seasonal development of the drought and a WMO standard period
from 1971 to 2000 as the reference period. A 6-month accumulation period is reasonable and widely
used in the literature as it filters out short term anomalies, captures seasonal development of drought
(e.g. from snow drought in winter to ‘‘classical rainfall deficit droughts’’ in summer) and correlates
well with hydrological droughts (López-Moreno et al., 2013). The climatic water balance accumulations over six months periods are then standardized with a log-logistic distribution. Based on this
distribution function, the SPEI values are standardized into a consistent scale and hence can be compared across space regardless of the climatology. Positive and negative SPEI values correspond to
relatively wet and dry conditions, respectively whereas a SPEI of near 0 indicates near normal climatology (i.e. ~50th percentile of the cumulative distribution function). For further details, the interested
reader are referred to (Vicente-Serrano et al., 2010a).
Precipitation (P) are used from the CMIP6 simulations. The monthly E0, however, is computed with
the FAO-56 Penman-Monteith equation (using a short reference crop with a height of 0.12 m; Allen
et al., 1994):

E0 =

900
T+273 ×U×(ea -ed )
∆+γ(1+0.34U)

0.408×∆×(Rn -G)+γ

(5-1)

where ∆ is the slope of the saturation vapour pressure function, γ is the psychrometric constant, T is
the mean air temperature and U2 is the average near surface wind. Furthermore, ea and es are mean
saturation vapour pressure of the air and saturation vapour pressure at the kPa which are determined
by minimum and maximum temperature. Rn and G are the net radiation and the soil heat flux (more
details and the corresponding parametrization of Rn-FAO and G are presented in Allen et al. (1994)).
The Rn is estimated by cloud cover, minimum, and maximum temperature, whereas G is determined
by the average temperature. The required input datasets include the maximum and minimum temperature, wind speed, and cloud area fraction and a 1° elevation data from the Rand Corporation/Scripps Institution of Oceanography (accessed through the Cooperative Institute for Climate,
Ocean, and Ecosystem Studies http://research.jisao.washington.edu/data_sets/elevation/).
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SPEI6 and E0 were computed for the mean of the realizations of each model separately using the R
package SPEI (Vicente-Serrano et al., 2010a; Beguería et al., 2014). Furthermore, the SPEI6 and the
E0 dataset are averaged seasonally (December, January and February (DJF); March, April and May
(MAM); June, July and August (JJA); September, October and November (SON)) to obtain a more
comprehensive perspective about summer season droughts. Ensemble means of both SPEI6 and E0
are then computed for summer (JJA). To study droughts regionally, area averaged estimates are computed for the selected climate regions introduced in the IPCC (AR6) Assessment reports (Iturbide et
al., 2020).
5.2.3 MODEL EVALUATION

To evaluate the consistency of the climate model simulations with observations, two different comparisons are performed. Data from CRU TS v. 4.05 (Harris et al., 2020) is used to evaluate temperature and precipitation simulations and data from SPEIbase v.2.6 (Vicente-Serrano et al., 2010a) to
assess drought conditions. The former compares the average climate of WMO standard period 1971
to 2000 in summer considering three climate variables. To determine deviations between modelled
and observed climate conditions, the ensemble mean from model simulations during 1971-200 was
subtracted from the average value of the observations. A positive (negative) value indicates that the
ensemble mean of the models has a greater (smaller) value than the observations (overestimation).
For the model comparison, the differences between the means of two time periods are compared:
1975 to 1989 (t1) and 2000 to 2014 (t2) in model simulations (m) and observations (o). By comparing
the change in the two periods one can compare change in model simulations relative to the observations (d=m-o). A negative value indicates a stronger trend between the two time periods in the observations than the climate model ensemble (a positive value represents the opposite).
5.2.4 OCCURRENCE RATE STATISTICS

The initial data set for the computation of the extreme statistics consists of the SPEI time series for
the AR6 regions from all models and their corresponding ensemble means. The advantage of using
this drought index is that it is standardized on a given period and a predefined distribution. Therefore,
each SPEI value corresponds to a predefined probability. Here, the threshold of -1.5 is chosen meaning that all occurrences of SPEI below the threshold would be considered as drought. This threshold
generally corresponds to a moderate to extreme drought event. The probability that a value is below
this threshold is predefined by the distribution function a 6.7% (approximately one event in 15 years).
This or similar thresholds have been used in previous studies of extreme droughts (e.g. VicenteSerrano et al., 2019; Haile et al., 2020). Then, time series of extreme droughts defined as SPEI value
< -1.5 are generate for analysis of occurrence probability.
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Using the extreme drought time series, the occurrence probability is calculated. The occurrence can
be considered as an indicator of risk over a time interval as follows (Mudelsee, 2020):
λ.(T)=h-1 ∑m
j=1

K(

[T-Text (j)]
h

)

(5-2)

The variable h is the bandwidth, Text(j) is an extreme year, m is the sample size of extremes and K is
the Gaussian kernel. The size of the bandwidth defines how many data points contribute to the
occurrence rate estimation. To find the most appropriate bandwidth for the dataset, the cross-validation bandwidth selector based on Brooks and Marron (1991) is used. Based on the cross validation
analysis a bandwidth of h=9 is used in this chapter which is consistent with the physical knowledge
of underlying processes.
Sample size plays an important role in analysis of extremes. In methods that involve a window or
bandwidth, some samples from the beginning or end of the record may not be used – an issue know
as boundary effect/bias. Since the time series is temporally limited to the time frame of the SSPs, the
entire period is used. Following Mudelsee (2020), an elegant way to deal with the boundary bias
problem is the generation of pseudo data outside the observation period, which can be achieved
through the reflection of the dataset at boundaries. The reflection technique is used to be able to
ensure using the largest possible sample size. Note, the median of the occurrence rate is computed
as the average of the occurrence rates of all models. Furthermore, it is also important to obtain a
measure of uncertainty and to determine if it is significant. For this purpose, the 25th and 75th percentile of the occurrence rates is computed for all models. This technique provides more information
about the ensemble spread.
It is also possible to use occurrence rate computation for hypothesis testing (Mudelsee, 2020). In this
chapter, it is tested whether the occurrence rate is constant (H0) or increasing/decreasing (H1) using
the following test statistics (Cox and Lewis, 1966):

UCL =

∑m
j=1

Text (j)
-[T(n)+T(1)]/2
m
[T(n)-T(1)](12m)1/2

(5-3)

where n is the total sample size. Since the distribution of Ucl approaches a standard normal shape with
increasing sample size (m), a p-value can be calculated to reject or not reject H0 (Mudelsee, 2020).
UCL test statistics allows investigating the alternative hypothesis as changing, increasing or decreasing
occurrences using the corresponding m.
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5.3 FUTURE SUMMER WARMING & DROUGHT RISK
5.3.1 MODEL EVALUATION

In order to understand how drought is expected to change in the future using climate models, the
quality of the simulations should be evaluated first. For this purpose, a comparison is performed
between observed averages of summer temperature, precipitation and drought with modelled climate
simulations for the period 1971 to 2000 (Figure 5.1). Positive (negative) valuates indicate that the
ensemble mean of the models has a greater (lower) value than that of the observations.

Figure 5.1: Comparison of the modelled and observed climate for the period 1971-2000 (JJA only). The climate
simulations are averaged over the entire period and then subtracted from observations. a, surface air temperature,
b, precipitation and c, SPEI. The hatched areas indicate areas with insignificant changes according to the twosided Student's t test (p<0.05).

In Figure 5.1A, Greenland and western Russia, parts of the Himalayas and Southeast Asia are significantly colder in the multi-model ensemble than in reality. In contrast, northern Canada, parts of
central North America, northern India, the Arabian Peninsula and a band from the Mediterranean to
central Asia are significantly warmer in the modelled climate state than in reality. Another pattern is
shown in the precipitation difference (Figure 5.1B) where large parts of North America, northern
Central America, Southeast Asia and North Asia are characterised by significantly larger precipitation
in the model ensemble mean. On the other hand, substantial underestimation of precipitation in the
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multi-model ensemble is observed in the northern Mediterranean region, southern Sahara and northern part of India compared to the observations. Nonetheless, the difference map of SPEI shows no
significant overall difference between the model simulations and observations except in some small
regions (Figure 5.1C). Only small parts of northern North America, West Africa and the southern
Arabian Peninsula and Greenland show a significant difference.

Figure 5.2: Differences in trends in climate model simulations and observations. The differences are shown for
the periods 1975-1989 and 2000 to 2014 (JJA only) in CMIP6 historical simulations relative to observations. A value
of 0 represents that the trend in observations is the same as that of the model ensemble. Negative values indicate
that trend in observations is stronger than in the model ensemble, whereas positive values show the opposite
case. a, surface air temperature, b, precipitation and c, SPEI.

To investigate the consistency of the observed and climate model ensemble trends, the differences
of the temporal evolution of observed and modelled climate conditions are compared for the periods
1975 to 1989 and 2000 to 2014 (Figure 5.2). More specifically, the relative change based on observations and historical model simulations during two historical periods (2000-2014 vs. 1975-1989) is
investigated. For all three variables, a negative value indicates a stronger trend between the two time
periods in the observations than the climate model ensemble (a positive value represents the opposite). Comparison of temperature trends indicates that large parts of North America, Central Asia
and Northwest Africa experience a higher temperature increase in observations than represented by
the ensemble mean (Figure 5.2A). In contrast, the ensemble mean shows a more pronounced warming trend in the eastern and northern Mediterranean region, northern Russia and northern Canada
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compared to observations. Considering precipitation (Figure 5.2B), the trend in the Indian monsoon
region is it is noticeably stronger than that of the ensemble mean of simulations. In addition, the
difference in simulated and observed SPEI between these two periods shows that Central Europe,
Central Africa and North Greenland experience a much stronger trend in observations relative to the
ensemble mean (Figure 5.2C). On the other hand, Central North America and Northern Canada are
characterized by a stronger trend in the ensemble mean compared to the observations (Figure 5.2C).
5.3.2 PROJECTED SUMMER TEMPERATURE CHANGES

Future drought conditions, among others processes, depend on the temperature variability. Rising air
temperature nonlinearly increases the saturated water vapour pressure at a rate of approximately
7%/K according to the Clausius-Clapeyron relationship (Yamada et al., 2020). The increasing water
holding capacity of air can lead to a higher amount of water that can theoretically evaporate (increase
of E0). Changes in the greenhouse gas concentration combined with other local geographical and
biophysical features can change the spatial and temporal variability of the temperature heterogeneously. The heterogeneity of the temperature pattern is shown in Figure 5.3 for the Northern Hemisphere, where the temperature conditions for three different emissions are represented in terms of
anomaly plots, i.e. the difference between the projected climate condition (2071-2100) and the historical (1971-2000) baseline.
An overall significant increase of the average summer temperature is shown in the Northern Hemisphere under all three future scenarios (Figure 5.3), but with substantial variability in the magnitude
and spatial variability among them (compare Figures 5.3A, 5.3B and 5.3C). Under SSP1-2.6 (which
represents a total anthropogenic forcing of 2.6 W m-2(O’Neill et al., 2016)) the temperature increase
is relatively homogenous over the whole Northern Hemisphere, with the magnitudes varying between
1 and 3 °C. A stronger warming is observed under SSP2-4.5 (which represents a total anthropogenic
forcing of 4.5 W m-2(O’Neill et al., 2016)) with summer temperature increases between 3 to 5 °C
across the midlatitudes and the subtropics. The most affected areas, in terms of warming levels, are
the Mediterranean region, Central North America, parts of Greenland and Siberia and Central Asia
(Figure 5.3B) located in the subtropics, midlatitudes and the high latitudes.
Similar warming hotspots are also observed under SSP5-8.5 scenario (Figure 5.3C), which represents
an anthropogenic forcing of 8.5 W m-2. The spatial variability of the temperature anomalies under
SSP5-8.5 is higher compared to the other two scenarios (SSP-2.6 and SSP-4.5). In the Northern
Hemisphere, the average summer temperature increases between 3 to 8 °C, with the hotspots (the
Mediterranean region, Central North America, parts of Greenland and Siberia and Central Asia) expected to experience between 7 and 8 °C of increase in temperature by the end of the century. Furthermore, it is noticeable that the tropics experience a weaker warming rate relative to the subtropics
or mid-latitudes in all three scenarios. This is in agreement with the future warming distribution

76

Dissertation Daniel Balting

projections from other studies based on CMIP5 (Feng et al., 2014) and CMIP6 (Fan et al., 2020) (to
evaluate consistency across CMIP6 simulations see Supplement 7). In addition to the average summer
temperature, the same results are also presented for the maximum temperature (Tmax) and minimum
temperature (Tmin) in Supplement 8-11. The anomaly plots of both quantities share spatial characteristics similar to average temperature shown in Figure 5.3. Nevertheless, the magnitudes of Tmax
increases are more pronounced in the aforementioned hot spots relative to the Tmin.

Figure 5.3: Projected changes to the Northern Hemisphere summer temperature. Spatial distribution of the summer temperature anomalies in the Northern Hemisphere based on the multi-model projected changes (2071-2100)
based on SSP1-2.6 (a), SSP2-4.5 (b) and SSP5-8.5 (c) scenarios relative to the historical summer temperature during the 1971–2000 baseline period. All changes are significant according to the two-sided Student's t test (p<0.05).

5.3.3 PROJECTED PRECIPITATION AND POTENTIAL EVAPOTRANSPIRATION

The hydrological cycle is strongly dominated by the variability and amount of precipitation as the key
driver of other variables such as runoff and soil moisture. Change in precipitation variability in the
multi-model simulations and observations under the three scenario runs are shown in Figure 5.4. The
smallest absolute changes are found under SSP1-2.6 (Figure 5.4A). Results show significantly more
precipitation (20-40 mm) over a central band from East to West Africa and Southeast Asia. A smaller
rate of precipitation increase is found in North Asia, Alaska and eastern coasts of North America.
However, a significant precipitation deficit is shown in Central America and parts of the Mediterranean region. This is in agreement with previous studies based on CMIP5 (Lee and Wang, 2014) and
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CMIP6 (Wang et al., 2020) that indicate strengthening of the future Asian–northern African monsoon leading to wetter conditions, and weakening of the North American monsoon causing a drying
pattern. According to recent findings (e.g. Wang et al., 2020), the greenhouse gas forcing induces a
stronger ‘land-warmer-than-ocean’ pattern, which enhances the Asian and West African monsoon
low pressure system leading to increases in monsoon rainfall in these regions, and an El Niño–like
warming, which reduces the North American monsoon rainfall.

Figure 5.4: Changes to summer precipitation under SSP1-2.6, SSP2-4.5 and SSP5-8.5. Averaged anomalies of summer precipitation under SSP1-2.6 (a), SSP2-4.5 (b) and SSP5-8.5 (c) in the Northern Hemisphere. A reference
period of 1971–2000 relative to the period 2071-2100 is used for deriving anomalies. The hatched areas indicate
areas with insignificant changes according to the two-sided Student's t test (p<0.05).

The precipitation changes for the other two scenarios (Fig 5.4B and Fig 5.4C) look very similar to
SSP1-2.6 from a spatial point of view. However, the precipitation anomalies are larger and more
spread out spatially relative to the presented hotspots in Figure 5.4A. See for example the positive
precipitation anomalies on the east and north coasts of Asia, North America and Europe in Figure
5.4C relative to 5.4A. The precipitation increase on the east shores of Asia and North America is
likely because of higher water holding capacity of the atmosphere and warm water transport from
ocean circulation. Figure 5.4C indicates that Central America, Europe (except Northern Europe),
North Africa, Central Asia will likely experience a significant negative precipitation anomaly compared to the historical observations. To evaluate consistency of the multi-model CMIP6 ensemble
members the interested reader is referred to Supplement 12.
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Figure 5.5: Changes to summer potential evapotranspiration under SSP1-2.6, SSP2-4.5 and SSP5-8.5. Averaged
anomalies of summer potential evapotranspiration under SSP1-2.6 (a) and SSP2-4.5 (b) and SSP5-8.5 (c) in the
Northern Hemisphere for the period 2071-2100 relative to the baseline period of 1971–2000. The hatched areas in
all three subfigures indicate areas with insignificant changes according to the two-sided Student's t test (p<0.05).

The E0 is another essential component of the climatic and land surface water balance, because it
represents the atmospheric demand for moisture. Recent studies indicate that the projected E0 in the
CMIP6 multi-model simulations is higher than in CMIP5 under a comparable emission scenario,
possibly because CMIP6 models simulate stronger warming for a given forcing or scenario (Liu et
al., 2020). Due to the relation between E0 and temperature, the anomaly figures of E0 for the different
SSPs show similar characteristics as the projected temperature changes in Figure 5.3. The strongest
significant increase of E0 is found for the subtropics and the midlatitude under SSP1-2.6 (Figure
5.5A). The hotspots for the strongest increase of the E0 are Central North America, the Mediterranean region, Central Asia, the Arabian Peninsula and North Africa. However, no significant change
of E0 is shown for parts of India and northern Nigeria. Similar insignificant changes in the same
locations are also observed under SSP2-4.5, while significant increase of E0 in the hotspots is more
pronounced in this scenario (Figure 5.5B).
Under SSP5-8.5 (Figure 5.5C), the highest positive anomalies are shown over Spain, around the Black
Sea and parts of North Africa. A belt of strong E0 increase is shown from Spain and North Africa
towards Central Asia. Also, an increase in E0 is shown over the central and southern parts of North
America. It is noticeable that the increase in E0 is lower in the tropics compared to the subtropics
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and mid-latitudes in all three scenarios. Evaluating consistency of the multi-model CMIP6 ensemble
members indicates similar results with the exception of the African tropics, India and parts of Greenland (Supplement 13).
5.3.4 DROUGHT CONDITIONS BY THE END OF 21 S T CENTURY

Projected changes in drought characteristics are closely associated with the presented changes to
temperature, precipitation and E0 (Figure 5.6). Under SSP1-2.6 (Figure 5.6A), significant drier conditions are projected over North Africa, Saudi Arabia, Central America, the Mediterranean region, Central America and the southwest of the USA, which are indicated by the negative SPEI values. The
projected drying trend under SSP1-2.6 is primarily driven by the expected temperature increase (Figure 5.3A) leading to a higher E0 (Figure 5.5A). The higher E0 cannot be compensated by an increase
in precipitation (Figure 5.4A, Supplement 14-15) leading to overall drier conditions in the summer.
In contrast, significant wetter conditions are detected for parts of the coastal regions of Asia, parts
of the east coast of North America, eastern parts of Greenland and Alaska. In these regions, the
increase in precipitation is more pronounced relative to increase in E0, resulting in overall wetter
conditions (Figure 5.4A, 5.5A, 5.6A and Supplement 14-15).
SSP2-4.5 (Figure 5.6B) exhibits similar hotspots to those of SSP1-2.6 (e.g. significant negative SPEI
anomalies over North Africa, Central Asia and Saudi Arabia). However, regions with a negative SPEI
anomaly are more spread-out and drier mainly driven by projected reduction in precipitation
(Figure 5.4B, Supplement 14-15) as well increase in E0 (Figure 5.5B). Over North America, significant
drier conditions are found in Western North America and Central America. The drier conditions in
Central America are also driven by a significant increase in E0 (Figure 5.5B) and a precipitation deficit
(Figure 5.4B and Supplement 14-15). On the other hand, East Asia, Greenland and Alaska are characterized by a tendency towards wetter conditions.
An even stronger drying trend is visible under SSP5-8.5 (Figure 5.6C) with hotspots expanding over
the Mediterranean region, Saudi Arabia, North Africa, Central Asia, Central Europe, Central America,
Central North America, West North America and the Middle East. The drier conditions in these
regions are driven by increases in E0 (Figure 5.5C) compared to SSP1-2.6 (Figure 5.5A) and SSP2-4.5
(Figure 5.5B) as well as decreases in precipitation (Figure 5.4C and Supplement 14-15). Comparing
different scenarios, an expansion of dry conditions is noted from the subtropics towards the midlatitudes by the end of the 21st century. This is also shown for drought conditions in spring (Supplement
17-19). The drought hotspots identified in this chapter are broadly consistent with regional and global
studies based on CMIP5 (Orlowsky and Seneviratne, 2012, 2013; Mariotti et al., 2015; Lu et al., 2019;
Seager et al., 2019; Vicente-Serrano et al., 2019) and CMIP6 (Cook et al., 2020) simulations. However,
parts of Greenland, East Asia, North East Asia, Alaska and Scandinavia show a positive SPEI anomaly indicating wetter conditions in the future (Figure 5.6C). The reason for that is the precipitation
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increases in these regions and the corresponding small increase in E0 (Figure 5.4C and 5.5C). The
majority individual members in the multi-model CMIP6 simulations confirm the presented
results based on the ensemble mean (Supplement 20).

Figure 5.6: Changes to summer drought conditions under SSP1-2.6, SSP2-4.5 and SSP5-8.5. Averaged anomalies
of summer droughts under SSP1-2.6 (a) and SSP2-4.5 (b) and SSP5-8.5 (c) in the Northern Hemisphere for the
period 2071-2100 relative to the baseline period of 1971–2000. The hatched areas in all three subfigures indicate
areas with insignificant changes according to the two-sided Student's t test (p<0.05).

5.3.5 OCCURRENCE OF DRY PERIODS AT THE END OF 21 S T CENTURY

Based on the results presented in the previous subchapter, it is shown that the projected warming
has an influence on the global distribution of dry regions and the severity of dryness based on the
ensemble mean of CMIP6 simulations. However, anomaly plots of a 30 years period do not offer any
insights on temporal variability of dry conditions. Therefore, the occurrence rate (see Subchapter 5.2
for the definition) of SPEI < -1.5 for the updated AR6 regions (Iturbide et al., 2020) are computed
to investigate the risk of moderate to extreme droughts under the same three future scenarios. Since
the SPEI is a standardized index based on a reference period (here, 1971 to 2000), each standardized
value corresponds to an occurrence probability. The selected SPEI < -1.5 refers to 6.7% occurrence
probability (approximately one drought event in 15 years).
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In Figure 5.7, the occurrence rate is shown for selected regions in Europe and Asia (Supplement 2226). The occurrence rate λ is the probability of SPEI falling below -1.5 during one year. If λ(a)-1=1, it
means that a SPEI value below -1.5 can be observed every year whereas λ(a)-1=0.5 would mean that
this SPEI threshold is reached every two years. For the Mediterranean region (MED), it is shown
that the risk of a SPEI below -1.5 is projected to change over time and is highly dependent on the
choice of scenario (Figure 5.7A). Under SSP1-2.6, a significant positive trend is shown until 2030
whereas a small negative trend can be found thereafter. From 2038 onwards, the occurrence rate
decreases. It is noted that the median stabilizes at λ(a)-1=0.45 from 2064 onwards.
Under SSP2-4.5 and SSP5-8.5, an entirely different pattern is projected. Under SSP5-8.5, the ensemble median is characterized by a significantly increasing (p<0.01) occurrence rate reaching the maximum of λ(a)-1=1 in 2081. The 75th percentile is characterized by a steep trend towards a λ75(a)-1=1
and remains at this high level from 2029 onwards. This indicates that a drought event which is characterized by a SPEI < -1.5 in today’s climate is projected to occur every year by the end of the 21st
century. The strong increase in the drought risk is driven by the projected increase to E0 and decrease
to precipitation (Figure 5.4C and 5.5C), associated with a projected widening of the Hadley Circulation that shifts downwelling and inhibits precipitation (IPCC, 2013). The occurrence rates under
SSP2-4.5 also show significant increases (p<0.01), reaching a median occurrence rate of
λ(a)-1=0.91 by the end of the 21st century. The 75th percentile, however, reaches the upper bound of
λ75(a)-1=1. This shows that despite the lower warming compared to SSP5-8.5, the drought risk under
SSP2-4.5 is projected to enhance by the end of the 21st century. The weaker occurrence rate in SSP24.5, in comparison to SSP5-8.5, is related to the lower total and input rate of greenhouse gas emissions
in SSP2-4.5 (O’Neill et al., 2016). Results show that the MED region will be one of the hotspots for
dryer conditions by the end of the 21st century. In contrast to SSP1-2.6, no decrease of the occurrence
rate is shown for the MED region under SSP2-4.5 and SSP5-8.5.
The northern bordering region of Central Europe (CEU) is characterized by totally different occurrence rates for the three different SSPs. Under SSP1-2.6, the occurrence rate of the median, 75th
percentile and 25th percentile do not exhibit significantly increasing trends (p>0.01). While the median
of the occurrence rate under SSP2-4.5 does not show a significantly increasing (p>0.01), the 75th
percentile does and reaches λ75 (a)-1=0.52 by the end of the 21st century. In contrast to the occurrence
rates under SSP1-2.6 and SSP2-4.5, the occurrence rate under SSP5-8.5 exhibits a significantly increasing trend (p<0.01). From around 2050 the median increases and reached λ(a)-1=0.55. Based on
the results, it can be concluded that the drought risk in Central Europe is main projected to increase
significantly under the SSP5-8.5 scenario.
In East Europe (EEU) and West Siberia (WS), one can see a similar behaviour as in the CEU. For
both regions, no significant increasing trend (p>0.01) of the occurrence rate can be found under
SSP1-2.6 and SSP2-4.5, whereas a significant increasing trend (p<0.01) appears under SSP5-8.5 which
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starts around 2050. The median, 25th and 75th percentiles in EEU and WS by the end of 21st century
can be summarized as follows: EEU λ(a)-1=0.41 (λ25(a)-1=0.31, λ75(a)-1=0.78); WS λ(a)-1=0.46 (λ25(a)1=0.22,

λ75(a)-1=0.79).

Figure 5.7: Projected drought conditions for selected AR6 regions (Iturbide et al., 2020) in Europe and Asia.
Temporal evolution of occurrence rate of SPEI below -1.5 under different future climate scenarios (SSP1-2.6,
SSP2-4.5, SSP5-8.5). λ(a)-1=1 indicates a SPEI value below -1.5 can be observed every year. The SPEI is derived
based on the baseline period of 1971 to 2100. The medians of the model ensemble from CMIP6 are highlighted.
The 25th and 75th percentiles of the model ensemble for each scenario are indicated with shaded colour around
the median.
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The occurrence rate of SPEI below -1.5 during one year is also investigated over the North America
(Figure 5.8). The West North America (WNA) region is characterized by a clear separation of the
different occurrence rates under the three analysed SSPs. From 2050, a significant increase (p<0.01)
of the drought occurrence rate is shown under SSP5-8.5. The occurrence is significantly increasing
with the median and lower and upper bounds reaching λ(a)-1=0.78 (λ25(a)-1=0.49, λ75(a)-1=1), respectively. In contrast, no significant trend in the occurrence rate is shown under SSP1-2.6 and SSP2-4.5,
where the occurrence rates are λ(a)-1=0.22 (λ25(a)-1=0.03, λ75(a)-1=0.32) and λ(a)-1=0.36 (λ25(a)1=0.25,λ75

(a)-1=0.46) by the end of the 21st century, respectively.

Figure 5.8: Projected drought conditions for selected AR6 regions (Iturbide et al., 2020) in North America. Temporal evolution of the occurrence rate of SPEI below -1.5 under different future climate scenarios (SSP1-2.6, SSP24.5, SSP5-8.5). λ(a)-1=1 indicates a SPEI value below -1.5 can be observed every year. The medians, the 25th and
75th percentiles are highlighted as in Figure 5.7.
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Similar to CEU, WS and EEU, Central North America (CNA) does not show a significant trend in
the occurrence rate of dry conditions under SSP1-2.6 and SSP2-4.5. Another similarity is that the
occurrence rate under SSP5-8.5 shows a significant increasing trend (p<0.01). The positive trend
starts around 2050 with the occurrence rates reaching λ(a)-1=0.45 (λ25(a)-1=0.35, λ75(a)-1=0.85) by the
end of the 21st century.
The region of North Central America (NCA) shows a similar occurrence rate that of the MED region.
The strongest and significant increase (p<0.01) of the occurrence rate is observed under SSP5-8.5
with λ(a)-1=0.98 (λ25(a)-1=0.85, λ75(a)-1=1). Figure 5.8C displays that 75th percentile reaches an occurrence of λ75(a)-1=1 around 2082 and remains thereafter. A not as pronounced yet significant increasing trend (p<0.01) is projected under SSP2-4.5 with λ(a)-1=0.79 (λ25(a)-1=0.59, λ75(a)-1=0.87) by 2100.
Despite the weaker warming in SSP2-4.5, the risk of drought is still projected to increase without
levelling off. Furthermore, the occurrence rate under SSP1-2.6 is projected to increase until 2050 and
decrease then after with λ(a)-1=0.23 (λ25(a)-1=0.07, λ75(a)-1=0.32) by the end of the 21st century without
showing a statistically significant trend (p<0.01).

5.4 DISCUSSION & CONCLUSION OF DROUGHT PROJECTIONS
In this chapter, changes in the drought occurrence based on the newly published CMIP6 simulations
(Eyring et al., 2016) have been quantified. The presented results based on the anomaly and frequency
analysis indicate an increase in the occurrence of summer droughts and an intensification of droughts
in the majority of the subtropics and parts of the midlatitudes, mainly due to an increase of greenhouse gases. In addition, hotspots for drought occurrence, such as the Mediterranean region, can
experience more widespread events depending on the magnitude of greenhouse gas emissions of the
SSP. Some of the hotspots identified in this chapter have also been identified in studies based on the
CMIP5 (Orlowsky and Seneviratne, 2012, 2013; Mariotti et al., 2015; Zhao and Dai, 2015; Lu et al.,
2019; Seager et al., 2019; Vicente-Serrano et al., 2019) and CMIP6 (Cook et al., 2020) which gives
additional confidence to the presented results. For this reason, the presented results confirm previous
findings that the projected droughts and drought risk in CMIP5 and CMIP6 are broadly consistent.
One reason for intensification of droughts in the Northern Hemisphere subtropics is that the summer temperature is projected to rise leading an increase in E0 and sometimes a decrease in precipitation (Orlowsky and Seneviratne, 2012, 2013; Mariotti et al., 2015). The increase in E0 is suggested to
double the percentage of the global land area projected to experience significant drying based on
CMIP5 simulations by the end of 21st century (Cook et al., 2020) and is a key variable to understand
drought variability (Dai et al., 2018). Recent studies indicate that the projected E0 is more pronounced
in CMIP6 multi-model simulations than in CMIP5 (Liu et al., 2020), mainly because of the changes
in the total anthropogenic forcing (O’Neill et al., 2016). As a result, more intense droughts are projected based on CMIP6 simulations in comparison to studies based on CMIP 5 (Cook et al., 2014).
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Previous studies addressing changes in hydrological conditions based on CMIP6 (Cook et al., 2020)
have projected declines in soil moisture and runoff as a consequence of continued greenhouse gas
emissions. Although the SPEI index does not include soil parameters in the calculation, many of the
predicted trends in soil moisture across the soil column match the drought hotspots presented the
result subchapters (Figure 5.9A-C and Supplement 16). For example, soil moisture projections indicate robust and significant decreases in soil moisture in large parts of the Mediterranean, Central
America, North Central America and North South America (Figure 5.9 and Supplement 16). This is
consistent with the projected of precipitation and temperature (Figure 5.3 and 5.4). Nevertheless,
there are differences too. For example, the SPEI indicates that large parts of Central Asia, parts of
Northwest India and the Middle East are at greater risk of drought depending on the strength of
emissions (Figure 5.6), whereas soil moisture is projected to increase in the same regions (Figure 5.9)
that require future investigation.

Figure 5.9: Averaged anomalies of summer soil moisture (entire column) under SSP1-2.6, SSP2-4.5, and SSP5-8.5.
Averaged anomalies of summer soil moisture under SSP1-2.6 (a) and SSP2-4.5 (b) and SSP5-8.5 (c) in the Northern
Hemisphere for the period 2071-2100 relative to the baseline period of 1971–2000. The hatched areas indicate areas
where 10 of the 11 CMIP6 models show the same sign of change (data from the AWI-CM-1-1-MR model are not
used in this figure because the required variable does not exist.).

The projected increase in occurrence rate of droughts over the selected AR6 regions indicates a significant stress on economy (Tian et al., 2018), agriculture (Zhao et al., 2017), migration (Grolle, 2015),
and ecosystems (Barnosky et al., 2012) of the regions in the future. Northward shifts in forests and
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vegetation (Loarie et al., 2009) leading to shifts in the habitat distributions (Davis and Shaw, 2001) is
among major ecosystem impacts. Changes to habitats can also contribute to significant alteration of
the carbon cycle (Koven, 2013). Furthermore, the projected climate conditions are likely to increase
vegetation mortality due to droughts and other relevant drivers such as fires and infestation
(Anderegg et al., 2013).
It should be noted that the model simulations and SSPs are uncertain and characterized by different
limitations that have been evaluated in different studies (Cook et al., 2018). Some challenges include
limitations associated with physical representation of clouds and uncertainty in precipitation projections in GCMs (Knutti and Sedláček, 2013). Furthermore, current land surface models do not simulate all the hydrological subsurface processes well contributing to uncertain projections (Lu et al.,
2019). Also, dynamical phenomena like atmospheric blocking, which are relevant for climate extremes, are generally poorly represented by climate models or are subject to biases (Davini and D’Andrea, 2020). In addition, PET estimation is also subject to high uncertainty which leads to biases in
drought projections. Other challenges include uncertain and complex role of vegetation processes
(Lemordant et al., 2018; Trugman et al., 2018) in a warming climate, different climate sensitivity of
GCMs (Seneviratne and Hauser, 2020) or uncertainties in future radiative forcing (Lu et al., 2019) all
of which contribute to uncertainties in drought projection.
Despite the uncertainties of the GCMs, they can reasonably simulate the general tendencies of regional drought trends and patters in the future. As shown in this chapter, the shown historical evaluation exhibits reasonable consistency between spatial patterns in climate model simulations and observations (Figure 5.1). However, there are differences in how well the models represent trends in
drought conditions – e.g. multi-model ensemble underestimating the drying trend in Central Europe
(Figure 5.2). The presented results are consistent with drought hotspots identified in prior studies.
The presented findings indicate that projected droughts are sensitive to the greenhouse gas emissions
and Shared Socioeconomic Pathways. The warmer the future climate, the more intense are the projected droughts spreading from the subtropics to the mid-latitudes. In a relative sense, droughts under
SSP1-2.6 are less intense compared to more unfavourable scenarios which highlights the need to
reduce greenhouse emissions to reduce future drought impacts.
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6.1 CONCLUSION
In this work, the European summer climate is investigated from different spatio-temporal perspectives, over the time period from A.D. 1600 until A.D. 2100. For this purpose, large-scale influences
on the summer climate were investigated by using a δ18Ocel network in order to subsequently reconstruct past climate states. In addition to the ”past climate” perspective, one low (SSP1-2.6), medium
(SSP2-4.5) and high emission scenario (SSP5-8.5) were analysed with regard to drought conditions
and drought probabilities. The elaborated chapters of the thesis were always inspired by the four
defined strategy points of documenting, understanding, modelling and attributing (Alexander et al.,
2016). The main conclusions in response to the specific questions of the chapters are as follows
(Balting et al., 2021a, b, in preparation):
1. What large-scale patterns can be captured by a δ18Ocel tree-ring network and is there a link to the
El Niño-Southern Oscillation (ENSO)?
Based on the EOF analysis in Chapter 3, two meaningful climatological patterns of the δ18Ocel network can be derived. The first mode of the δ18Ocel network is a monopole pattern for whole Europe
with the centre in Germany. The pattern can also be represented by correlations of PC1 with e.g.
global surface air temperature or SST and is further linked to anomaly patterns pointing to ENSO.
The ENSO coupling is pronounced for the last 130 years, but weak for the period from 1600 to 1850,
suggesting that the relationship between ENSO and European climate may not be stable over time.
Hence, the analyses confirm that the link between European climate is non-linear and non-stationary
(e.g. Fraedrich and Müller, 1992). Furthermore, it is shown that even with missing instrumental data
(Van Oldenborgh and Burgers, 2005; Brönnimann, 2007), it is possible to describe the range of
ENSO variability and its consequences for the climate of the European continent using a European
δ18Ocel network. The second mode of δ18Ocel variability, which captures a north-south dipole, is associated with a regional summer atmospheric circulation pattern that has a distinct centre over the
North Sea. Locally, the δ18Ocel anomalies associated with this mode show the same (opposite) sign as
the temperature (precipitation) patterns. The described pattern shows similarities to the summer European blocking pattern (Barnston and Livezey, 1987; Cassou et al., 2005) and relevant for e.g. storm
track activity or droughts (Lehmann and Coumou, 2015).
Thus, the presented results have shown that two meaningful climatological patterns can be derived
from the δ18Ocel network and that there is not always a stable link to the ENSO variability. Moreover,
it has been successfully demonstrated that it is possible to reconstruct changes in the large-scale atmospheric circulation based on the δ18Ocel network beyond the instrumental period. This is a significant improvement, as until now mainly local atmospheric variability or the interplay of two locations
was reconstructed (e.g. Trouet et al. (2018)), which did not allow for a reliable large-scale evaluation.
The use of a European δ18Ocel network is unique in this context.
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2. What trends in the summer VPD have occurred in Europe over the last 400 years and how do
they look like in future scenarios?
To answer this research question, the first grid-based reconstruction of the European summer VPD
is made based on 26 δ18Ocel tree ring records. The reconstruction covers the last 400 years and was
produced using the RandF algorithm. From the mid-17th century until now, the VPD in Central
Europe and Mediterranean is characterized by an increasing trend, due to a simultaneous increase in
temperature and decrease in precipitation. Additionally, the presented ensemble means for three climate model projections (SSP1-2.6, SSP2-4.5, SSP5-8.5) show that this increase in VPD in the Mediterranean region will continue until the end of the 21st century. In contrast, the projected VPD in
Northern and Central Europe shows a trend towards a higher VPD only in the scenario with the
highest emissions (SSP5-8.5).
Hence, the newly gained long-term and large-scale perspective shows that the increase of the VPD is
not a phenomenon of the last decades as suggested in the literature (e.g. Simmons et al., 2010; Willett
et al., 2014; Yuan et al., 2019), but already starts some decades after the Late Maunder Minimum.
Nevertheless, the VPD increase, especially in Central Europe and the Mediterranean, has been significantly amplified by recent climate change. For vegetation dynamics, this means that vegetation
has been stressed by the VPD increase (e.g. through the correlation between VPD and plant activity
(Novick et al., 2016) and forest mortality (Park Williams et al., 2013) for much longer as previously
known. The complex technical and scientific combination of the three scientific fields of climate
models, climate proxies and climate observations in Chapter 4 as well as the use of a state-of-the-art
machine learning algorithm for the reconstruction should be emphasised.
3. Can historical simulations of a climate model reproduce historical summer drought observations, and how do the greenhouse gas concentration affect the probability of summer droughts?
To answer the first part of the research question, state-of-the-art multi-model simulations of the
historical climate are used from CMIP6. The presented evaluation of the historical climate in Chapter
5 shows that the observed summer drought conditions in the Northern Hemisphere match simulated
conditions almost 100% in the climatological mean for the period 1971 to 2000. Thus, the first research question can in principle be answered in the affirmative. However, there are differences in
how well the models reproduce the trends in drought conditions - e.g. the multi-model ensemble
underestimates the drying trend in Central Europe.
For the second part of the question, the state-of-the-art multi-model simulations for SSP1-2.6, SSP24.5 and SSP5-8.5 are investigated. This reveals that droughts are expected to worsen significantly in
arid regions, with the severity depending on greenhouse gas emissions and development pathways.
The drought hotspots are located in subtropical regions, where moderate to extreme summer
droughts are expected to persist under the current climate until the end of the 21st century.
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Furthermore, for those regions that are currently less affected by prolonged droughts, such as Central
Europe, the climate model ensemble shows that the probability of drought occurrence increases significantly under the warmest future scenario. Hence, the used model ensemble shows that the warmer
the future climate and the higher the greenhouse gas concentration, the more intense the projected
droughts, which spread from the subtropics to the mid-latitudes. Furthermore, it should be emphasized that the technically complex computations of the drought occurrence rate for state-of-the-art
multi-model simulations provide entirely new temporal perspectives on drought variability and severity (e.g. the decrease in drought occurrence in the Mediterranean region in SSP1-2.6 from 2050).
These findings are highly relevant for societal mitigation and adaptation strategies.

6.2 OUTLOOK
As a logical next step, more high-resolution paleoclimate data as well as comprehensive model simulations are needed to gain additional insights into the stationarity of the reconstructed European
climate signals and their relationship with the large-scale atmospheric and oceanic circulation. Furthermore, the influence of solar events on the VPD can be disentangled at local, regional and continental scales. The VPD time series indicate that there is a clear pattern of lower VPD values for
Central Europe and the Mediterranean during solar minima, such as the Dalton Minimum. These
results can in turn be useful for monthly, seasonal and annual forecasts, as well as for the quality of
the scenarios in CMIP6.
In order to further strengthen the validity of the drought probabilities in future scenarios, it is necessary to examine the performance of each individual model and to understand which processes are
better or worse represented in terms of temperature, potential evapotranspiration, soil moisture and
precipitation. One of the most important tasks is to minimise the spatial differences between historical simulations and observations. For example, it must be investigated why parts of the Mediterranean region, Greenland and northern Canada are more than 2 °C too warm on average in summer
compared to observations (Figure 5.1).
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APPENDIX A
1 RANDOM FOREST RECONSTRUCTION

We use a Random Forest approach (simplified illustration is shown in Supplement 1) to reconstruct
VPD at each grid point. RandF is a machine learning method, which was introduced by Breiman
(2001). Since RandF encompass a large variety of regression and classification methods, we use the
random forest regression known as random-input random forests (Breiman, 2001). This approach is
used among others within the publication of Michel et al. (2020) and is performed using a model
evaluation and optimization framework by adding hold-out sampling and cross validation techniques
to the initial RandF algorithm. In this section, we first detail the general workflow with which a
reconstructed timeseries is evaluated within the reconstruction framework. In a second step, we give
details on how a RandF model is built and optimized for a given pair of VPD and proxy data. The
following subchapters are part of Balting et al. (in preparation).
1.1 WORKFLOW FOR THE RECONSTRUCTION AND EVALUATION

We here consider as predictands the observed fields of the climate quantity which we want to reconstruct. In our case, we independently reconstruct each of the observation time series from the VPD
fields over the period 1900-1994 as predictand Y (applied to each grid point of the initial VPD data).
The predictors which are needed to reconstruct Y are the δ18Ocel time series from our δ18Ocel network
(denoted X1,...,X26). No proxy selection is made prior to the RandF models fittings, since we use a
relatively modest number of predictors (26) well geographically constrained to the area of interest
(Europe). Nevertheless, it is worth noting that for the RandF-based reconstruction of a given grid
point, the RandF method naturally attribute largest weights to δ18Ocel time series with the closest
variations with the target VPD time series.
To evaluate the reconstruction of each grid point, the common period of observational data and
proxy data is randomly divided (i.e. a bootstrap sample) R=30 times into two distinct groups (i.e.
hold-out sampling: Michel et al., 2020). RandF models will then be set up using the first groups of
each pair of bootstrap splits (called training or calibration periods), each covering 75% of the data.
The remaining 25% of the data for each bootstrap split (called the validation periods) will allow
evaluating the quality of the RandF models. The ratio between the validation and the training window
is a compromise to have enough years to train the model as well as to calculate meaningful validation
statistics. A too small time window for the validation period would make robust statements impossible, as a too short training period may result in the model not being built well due to missing or
overlooked data. In other studies, the size of the training period varies between two-thirds and threequarters of the total test period.
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To quantify the RandF model efficiency, the actual values of VPD are compared with the reconstructed VPD over the testing periods, that are given by RandF models trained over the corresponding training periods from the same bootstrap split. In our study, we use the Nash–Sutcliffe model
efficiency coefficient (CE; Nash and Sutcliffe, 1970) which is primary used in hydrological modelling
and is an adapted version of the common R2. The CE is defined as:

CE=1-

∑Tt=1 (Qtm -Qto )2
2

4444)
∑Tt=1 (Qto -Q
o

(A-1)

4444 is the average of the observed VPD, Qt is the RandF modelled VPD and Qt is the obwhere Q
o
o
o
served VPD at time t.
It represents the following cases which are presented in the publication (Nash and Sutcliffe, 1970). If
CE=1, the RandF model fits perfectly which is characterized by an error variance equal to zero; if
CE=0, it indicates that the RandF model has the same predictive skill as the mean of the time-series
in terms of the sum of the squared error; if CE<0, it indicates that the observed mean is a better
predictor than the model. Therefore, a CE=1 suggest a model with more predictive skill it is useful
and meaningful to use. In our study, the hypothesis, if CE is significantly greater than 0 at the 95%
confidence level, is tested with a one sided t-test.
The final gridded reconstruction is obtained by reapplying the RandF model over the whole period
1900-1994 for a given window (nest), and its final score is obtained as the averaged CE scores over
the 30 training/testing splits. In our study, a given grid point will be considered as robustly reconstructed if its CE scores over the 30 training/testing splits are significantly greater than 0 at the 95%
confidence, based on a one sided Student t-test.
1.2 REGRESSION TREE AND RANDOM FOREST

For all RandF models either based on training samples or complete timeseries over the historical
period, we here denote Y the VPD time series for a given grid point, X=(Xj)1≤j≤p are the p proxy
records over the same period than Y (either a training period or the full 1900-1994 period), and
X'=(X'j)1≤j≤p are the same p proxy records, but for the period over which Y is reconstructed (either a
testing period or a period prior to 1900).
The RandF is an aggregate of the outputs given by different regression trees (Supplement 1), which
are based on randomly drawn subsample of the initial p predictors. To build a single regression tree
the X and Y data are gathered at the root of the tree as an initial node. This node is then cut into two
child nodes. Any cut can be written as:
5Xj ≤d6 ∪ 5Xj ≥d6

(A-2)
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where j = {1, ..., p} is the proxy (variable) index and d ∈ R is the value of the cut. As a consequence,
all observations with a jth variable greater than d are placed in one child node and all observations
with a jth variable lesser than d are placed in another child node. The optimal (j,d) pair is determined
by minimizing the sum of the intra-nodes variance of Y within the two the child nodes (Michel et al.,
2020). Therefore, (j,d) is found by minimizing the following convex problem:
(j,d)=arg min ∑i:Xi <d (Yi j
dϵR
1≤j≤p

∑ i Yi
i:Xj <d
#({i:Xij <d})

2

∑ i Yi
i:Xj >d

2

) + ∑i:Xij >d (Yi - #({i:Xi >d}) )
j

(A-3)

Where p is the number of proxy records used which varies with the inferior boundary of the nested
time frame (section 2.1), Xij denotes the ith value of the jth proxy, and # is the cardinal operator. We
then recursively apply the same procedure to the next child nodes with the same variables until one
node contains less than s=5 observations. Based on this method, a decision or regression tree is
created. Hence, the RandF model is obtained by building a number of N such trees, but each are
based on m randomly picked variables from the p initial ones, with m<p. The proxy records values
over the reconstruction period of interest (i.e. X’) are then used to browse each of the RandF trees
according to the cuts previously made during the model fitting. The RandF reconstruction is then
given as the average of the outputs given by the N trees.
It is worth noting that there are inherent parameters to the RandF method (i.e. control parameters).
These parameters are the number of randomly used proxies in each tree (m), the number of trees (N)
and the amount of data required in a node to stop the construction of regression trees (s). The optimization of three parameters is very consuming in terms of time and energy, but a very large advantage of the RandF method is that it only needs one to be effectively optimized (Breiman, 2001;
Oshiro et al., 2012). Indeed, for a large suite of simulated datasets, Oshiro et al. (2012) have shown
that using more than N=128 trees have a very low likelihood to gain in robustness, which they then
recommended to use whatever the source of modelled data. In the same way, Breiman (2001) has
shown that s=5 always give very satisfying results, while the gain of robustness by its optimisation
does not worth the time it takes to. Therefore, we here further optimise m, for each RandF model
built in this study. To estimate the optimal m for each of the RandF models, we use the K-fold crossvalidation approach (Stone, 1974; Geisser, 1975) with K=5 similarly to Michel et al. (2020). It consists
in building RandF models for every possible value of m (0<m<p, m ∈ ℕ) over 5 further training/testing samples determined with each of the K folds being used as the testing sample (see Michel et al.
2020 for more details on the cross validation procedure). The resulting optimised RandF model is
then applied to the entire data of X and Y.
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Supplement 1: Simplified illustration of the RandF approach for our VPD reconstruction.
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First

Last

year

year

Pinus nigra

1600

Switzerland

Quercus petraea

Col Du Zad

Morocco

Fontainebleau

Location

Country

Species

Lon.

Lat.

Altitude

Cazorla

Spain

2002

-2.57°

37.53°

1820 m

Cavergno

1637

2002

8.36°

46.21°

900 m

Cedrus atlantica

2200 m

32.59°

-5.14°

1600

2000

France

Quercus petraea

1600

2000

2.67°

48.38°

100 m

Gutuli

Norway

Pinus sylvestris

1600

2003

12.18°

62.00°

800 m

Inari

Finland

Pinus sylvestris

1600

2002

28.42°

68.93°

150 m

Isibeli

Turkey

Juniper excelsa

1850

2005

30.45°

37.06°

1800 m

Lainzer
Tiergarten

Austria

Quercus petraea

1600

2003

16.20°

48.18°

300 m

Lochwood

United Kingdom

Quercus petraea

1749

2003

-3.43°

55.27°

175 m

Monte Pollino

Italy

Pinus leucodermis

1604

2003

16.16°

39.58°

1900 m

Mount Vichren

Bulgaria

Pinus heldreichii

1800

2005

23.24°

41.46°

1900 m

Naklo

Slovenia

Larix decidua

1600

2005

14.30°

46.30°

440 m

Niepolomice

Poland

Quercus robur &
Pinus sylvestris

1627

2003

20.38°

50.12°

190 m

Nusfalau

Romania

Quercus robur

1900

2016

22.66°

47.19°

270 m

Panemunes

Lithuania

Pinus sylvestris

1816

2002

23.97°

54.88°

45 m

Pedraforca

Spain

Pinus uncinata

1600

2003

1.42°

42.13°

2120 m

Pinar de Lillo

Spain

Pinus sylvestris

1600

2002

-5.34°

42.57°

1600 m

Plieningen

Germany

Quercus petraea

1822

1999

9.13°

48.42°

340 m

Poellau

Austria

Pinus nigra

1600

2002

16.06°

47.95°

500 m

Rennes

France

Quercus robur

1751

1998

-1.7°

48.25°

100 m

Sivakkovaara

Finland

Pinus sylvestris

1600

2002

30.98°

62.98°

200 m

Suwalki

Poland

Pinus sylvestris

1600

2004

22.93°

54.10°

160 m

Vigera

Switzerland

Pinus sylvestris

1675

2003

8.77°

46.50°

1400 m

Vinuesa

Spain

Pinus uncinata

1850

2002

2.45°

42.00°

720 m

Woburn

United Kingdom

Pinus sylvestris

1604

2003

-0.59°

51.98°

10 m

Supplement 2: The characteristics of each sample site which is used within our study. 22 of the 26 δ18Ocel records
were created within the EU project ISONET (Treydte et al., 2007a, b) and four additional sites from Bulgaria,
Turkey, Southwest Germany and Slovenia were added (Hafner et al., 2014; Heinrich et al., 2013).
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Supplement 3: Upper panel: The second EOF of the OWDA (Cook et al., 2015) for JJA (explaining 16.1% of the
variance). Lower panel: The associated PC2 of the OWDA for JJA and PC1 of our study. The correlation between
the two time series is R=0.39 (p-value=4.2e-16).
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Supplement 4: The probability density function of PC1 with two additional functions for El Niño and La Niña
years. The El Niño and La Niña years have been extracted out of a Nino 3.4 DJF index (HadISST1; Rayner et
al., 2003) for the period from 1870 to 2000.

Supplement 5: Investigation of the different spectra of the rolling mean time series of the three reconstructed
areas. A, North Europe, B, Central Europe and C, Mediterranean region. The white contour lines indicate significant frequencies (p < 0.01). All the plots are done with the WaveletComp package in R (Rosch and Schmidbauer,
2018).
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Number of used

Historical

SSP1-2.6

SSP2-4.5

SSP5-8.5

References

ACCESS-CM2

1

1

1

1

(Dix et al., 2019)

ACCESS-ESM1-5

1

1

1

1

(Ziehn et al., 2019)

EC-Earth3

1

1

1

1

(EC-Earth Consortium, 2019a)

EC-Earth3-Veg

1

1

1

1

(EC-Earth Consortium, 2019b)

EC-Earth3-Veg-LR

1

1

1

1

(EC-Earth Consortium, 2020)

GFDL-ESM4

1

1

1

1

(Krasting et al., 2018)

INM-CM4-8

1

1

1

1

(Volodin et al., 2019a)

INM-CM5-0

1

1

1

1

(Volodin et al., 2019b)

realizations

MIROC6

1

1

1

1

(Tatebe and Watanabe, 2018)

MPI-ESM1-2-HR

1

1

1

1

(Jungclaus et al., 2019)

MPI-ESM1-2-LR

1

1

1

1

(Wieners et al., 2019)

MRI-ESM2-0

1

1

1

1

(Yukimoto et al., 2019)

Supplement 6: Description of the used climate model ensemble for the historical run and three future scenarios.
In the entire analysis, the first realization (r1i1p1f1) has been used.

Supplement 7: A-C Averaged anomalies of summer temperature under SSP1-2.6 (A) and SSP2-4.5 (B) and SSP58.5 (C) in the Northern Hemisphere for the period 2071-2100 relative to the baseline period of 1971–2000. The
hatched areas indicate areas where at least 10 of the 12 used models show the same sign of change.
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Supplement 8: A-C Averaged anomalies of summer maximum temperature under SSP1-2.6 (A) and SSP2-4.5 (B)
and SSP5-8.5 (C) in the Northern Hemisphere for the period 2071-2100 relative to the base-line period of 1971–
2000. Furthermore, the presented changes in all three subfigures are significant according to the two-sided Student's t test (p<0.05).

Supplement 9: A-C Averaged anomalies of summer maximum temperature under SSP1-2.6 (A) and SSP2-4.5 (B)
and SSP5-8.5 (C) in the Northern Hemisphere for the period 2071-2100 relative to the baseline period of 1971–
2000. The hatched areas indicate areas where at least 10 of the 12 used models show the same sign of change.
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Supplement 10: A-C Averaged anomalies of summer minimum temperature under SSP1-2.6 (A) and SSP2-4.5 (B)
and SSP5-8.5 (C) in the Northern Hemisphere for the period 2071-2100 relative to the baseline period of 1971–
2000. Furthermore, the presented changes in all three subfigures are significant according to the two-sided Student's t test (p<0.05).

Supplement 11: A-C Averaged anomalies of summer minimum temperature under SSP1-2.6 (A) and SSP2-4.5 (B)
and SSP5-8.5 (C) in the Northern Hemisphere for the period 2071-2100 relative to the baseline period of 1971–
2000. The hatched areas indicate areas where at least 10 of the 12 used models show the same sign of change.
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Supplement 12: A-C Averaged anomalies of summer precipitation under SSP1-2.6 (A) and SSP2-4.5 (B) and SSP58.5 (C) in the Northern Hemisphere for the period 2071-2100 relative to the baseline period of 1971–2000. The
hatched areas indicate areas where at least 10 of the 12 used models show the same sign of change.

Supplement 13: A-C Averaged anomalies of summer potential evapotranspiration under SSP1-2.6 (A) and SSP24.5 (B) and SSP5-8.5 (C) in the Northern Hemisphere for the period 2071-2100 relative to the baseline period of
1971–2000. The hatched areas indicate areas where at least 10 of the 12 used models show the same sign of change.

APPENDIX B

123

Supplement 14: A-C Averaged anomalies of summer SPI6 under SSP1-2.6 (A) and SSP2-4.5 (B) and SSP5-8.5 (C)
in the Northern Hemisphere for the period 2071-2100 relative to the baseline period of 1971–2000. The SPI6 is
calibrated from 1971 to 2000. The hatched areas indicate areas with insignificant changes according to the twosided Student's t test (p<0.05).

Supplement 15: A-C Averaged anomalies of summer SPI6 under SSP1-2.6 (A) and SSP2-4.5 (B) and SSP5-8.5 (C)
in the Northern Hemisphere for the period 2071-2100 relative to the base-line period of 1971–2000. The SPI6 is
calibrated from 1971 to 2000. The hatched areas indicate areas where at least 10 of the 12 used models show the
same sign of change.
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Supplement 16: A-C Averaged anomalies of summer soil moisture under SSP1-2.6 (A) and SSP2-4.5 (B) and SSP58.5 (C) in the Northern Hemisphere for the period 2071-2100 relative to the baseline period of 1971–2000. The
hatched areas indicate areas with insignificant changes according to the two-sided Student's t test (p<0.05) (data
from AWI-CM-1-1-MR model is not used in this figure because the required variables are not provided).

Supplement 17: A-C Averaged anomalies of spring droughts under SSP1-2.6 (A) and SSP2-4.5 (B) and SSP5-8.5
(C) in the Northern Hemisphere for the period 2071-2100 relative to the baseline period of 1971–2000. The hatched
areas in all three subfigures indicate areas with insignificant changes according to the two-sided Student's t test
(p<0.05).
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Supplement 18: A-C Averaged anomalies of spring potential evapotranspiration under SSP1-2.6 (A) and SSP2-4.5
(B) and SSP5-8.5 (C) in the Northern Hemisphere for the period 2071-2100 relative to the baseline period of 1971–
2000. The hatched areas in all three subfigures indicate areas with insignificant changes according to the twosided Student's t test (p<0.05).

Supplement 19: A-C Averaged anomalies of spring precipitation under SSP1-2.6 (A) and SSP2-4.5 (B) and SSP58.5 (C) in the Northern Hemisphere for the period 2071-2100 relative to the baseline period of 1971–2000. The
hatched areas in all three subfigures indicate areas with insignificant changes according to the two-sided Student's t test (p<0.05).
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Supplement 20: A-C Averaged anomalies of summer droughts under SSP1-2.6 (A) and SSP2-4.5 (B) and SSP5-8.5
(C) in the Northern Hemisphere for the period 2071-2100 relative to the baseline period of 1971–2000. The hatched
areas indicate areas where at least 10 of the 12 used models show the same sign of change.

Supplement 21: A Temporal evolution of occurrence rate of SPEI below -1.5 for North Europe under different
future climate scenarios (SSP1-2.6, SSP2-4.5, SSP5-8.5). λ(a)-1=1 indicates a SPEI value below -1.5 can be observed
every year. The SPEI is derived based on the baseline period of 1971 to 2100. The medians of the model ensemble
from CMIP6 are highlighted. The 25th and 75th percentiles of the model ensemble for each scenario are indicated
with shaded colour around the median
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Supplement 22: A-D Temporal evolution of occurrence rate of SPEI below -1.5 for regions in Central and South
America under different future climate scenarios (SSP1-2.6, SSP2-4.5, SSP5-8.5). λ(a)-1=1 indicates a SPEI value
below -1.5 can be observed every year. The SPEI is derived based on the baseline period of 1971 to 2100. The
medians of the model ensemble from CMIP6 are highlighted. The 25th and 75th percentiles of the model ensemble for each scenario are indicated with shaded colour around the median.
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Supplement 23: A-D Temporal evolution of occurrence rate of SPEI below -1.5 for regions in Africa and Middle
East under different future climate scenarios (SSP1-2.6, SSP2-4.5, SSP5-8.5). λ(a)-1=1 indicates a SPEI value below
-1.5 can be observed every year. The SPEI is derived based on the baseline period of 1971 to 2100. The medians
of the model ensemble from CMIP6 are highlighted. The 25th and 75th percentiles of the model ensemble for
each scenario are indicated with shaded colour around the median.
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Supplement 24: A-D Temporal evolution of occurrence rate of SPEI below -1.5 for regions in North America and
Greenland under different future climate scenarios (SSP1-2.6, SSP2-4.5, SSP5-8.5). λ(a)-1=1 indicates a SPEI value
below -1.5 can be observed every year. The SPEI is derived based on the baseline period of 1971 to 2100. The
medians of the model ensemble from CMIP6 are highlighted. The 25th and 75th percentiles of the model ensemble for each scenario are indicated with shaded colour around the median.
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Supplement 25: A-D Temporal evolution of occurrence rate of SPEI below -1.5 for regions in North Asia under
different future climate scenarios (SSP1-2.6, SSP2-4.5, SSP5-8.5). λ(a)-1=1 indicates a SPEI value below -1.5 can
be observed every year. The SPEI is derived based on the baseline period of 1971 to 2100. The medians of the
model ensemble from CMIP6 are highlighted. The 25th and 75th percentiles of the model ensemble for each
scenario are indicated with shaded colour around the median.
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Supplement 26: A-D Temporal evolution of occurrence rate of SPEI below -1.5 for regions in South Asia under
different future climate scenarios (SSP1-2.6, SSP2-4.5, SSP5-8.5). λ(a)-1=1 indicates a SPEI value below -1.5 can
be observed every year. The SPEI is derived based on the baseline period of 1971 to 2100. The medians of the
model ensemble from CMIP6 are highlighted. The 25th and 75th percentiles of the model ensemble for each
scenario are indicated with shaded colour around the median.
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