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Abstract

Extreme weather events are becoming more frequent and intense due to climate change, underscor-
ing the need for reliable climate information to support adaptation strategies. This thesis investigates
how climate information on extreme events from a convection-permitting climate model ensemble
(NUKLEUS) can be communicated more effectively using climate signal maps. The robustness
and precision of climate change signals for ETCCDI indices, derived from daily precipitation and
temperature data at +2K and 43K global warming levels, are evaluated. Robustness is a measure
of the reliability of a climate change signal, defined as the agreement among ensemble members
on the sign and significance of the individual signals. Precision refers to the degree of agreement

among ensemble members regarding the magnitude of the projected climate change signal.

Climate signal maps, following Pfeifer et al. (2015), are used to visualize climate change signals
and assess their robustness. Precision is assessed using the standard deviation of the signals from
individual ensemble members. A threshold for the standard deviation is applied to distinguish
between small and large ensemble spreads. Incorporating the ensemble spread in the climate signal
maps enables a more nuanced distinction between robust and non-robust climate change signals.
For non-robust signals, it indicates whether this results from high uncertainty or the absence of a

climate change signal. For robust signals, it differentiates between precise and less precise signals.

Results show robust climate change signals for an increase in mean temperature and temperature-
based indices, including tropical nights and the warm spell duration index. Monthly mean precipi-
tation shows only a few robust climate change signals, with stronger and more robust signals in
summer than in winter. Precipitation-based indices show an increase in the frequency of extreme
precipitation events, particularly in very extreme events, and an increase in consecutive dry days.
Most regions show large ensemble spreads, indicating low precision for robust and high uncertainty
for non-robust signals. The number of consecutive wet days exhibits no robust climate change
signals but high precision across most regions, indicating no projected climate change signal. These
findings show that the additional classification improves the interpretability of the climate signal
maps and supports decision-making. However, its applicability ultimately depends on the chosen
threshold.






Zusammenfassung

Extremwetterereignisse wie Hitze oder Starkniederschlige werden infolge des Klimawandels im-
mer héufiger und intensiver. Um geeignete Anpassungsmalnahmen treffen zu konnen, braucht es
verlissliche Klimainformationen. Diese Thesis betrachtet, wie Klimainformationen iiber Extrem-
wetterereignisse mithilfe von Klimasignalkarten effektiv kommuniziert werden konnen. Dabei liegt
der Fokus auf der Robustheit und Prizision der Klimadnderungssignale ausgewihlter ETCCDI-
Indizes. Die Indizes werden basierend auf tdglichen Temperatur- und Niederschlagsdaten eines
konvektionsauflosenden Klimamodell-Ensembles berechnet. Dabei werden zwei Szenarien mit

einer globalen Erwdrmung von +2K bzw. +3K betrachtet.

Klimasignalkarten nach dem Ansatz von Pfeifer et al. (2015) zeigen die Klimadnderungssignale
ausgewihlter Regionen und deren Robustheit, wobei die Robustheit iiber die Ubereinstimmung
der einzelnen Ensemblemitglieder in der Richtung und Signifikanz des Klimaénderungssignals
definiert ist. Die Klimasignalkarten nach Pfeifer et al. (2015) werden in dieser Thesis durch ein
Ma8 fiir die Prizision der Klimazinderungssignale erginzt. Priizision beschreibt die Ubereinstim-
mung der Ensemblemitglieder in der Stirke des Klimaidnderungssignals. Dabei wird die Prézision
anhand der Standardabweichung der Klimainderungssignale innerhalb des Ensembles evaluiert.
Um den Ensemble-Spread in ,,gering** oder ,,hoch* einzuordnen, wird ein Schwellenwert fiir die
Standardabweichung festgelegt. Dies ermdglicht eine differenziertere Betrachtung von robusten
und nicht robusten Klimaanderungssignalen. Nicht robuste Signale konnen entweder einer ho-
hen Unsicherheit oder dem Fehlen eines Klima&dnderungssignals zugeordnet werden. Robuste

Klimainderungssignale lassen sich weiter in prizise und weniger prazise unterscheiden.

Die Ergebnisse zeigen eine robuste Zunahme der mittleren Temperatur sowie der Temperatur-
basierter Indizes, wie die Anzahl der Tropischen Néchte und der Warm Spell Duration Index.
Fiir den mittleren Niederschlag zeigen sich hingegen weniger robuste Klimaidnderungssignale.
Die Klimadnderungssignals sind im Sommer stéirker als im Winter und mehr Regionen zeigen
robuste Signale im Sommer. Die Niederschlags-basierten Indizes zeigen eine robuste Zunahme der
Héufigkeit von Extremniederschlagsereignissen (R10mm, R20mm und R30mm), besonders fiir
extreme Ereignisse (R30mm), sowie eine Zunahme der aufeinanderfolgenden niederschlagsfreien
Tage (CDD). Fiir die meisten Regionen und betrachteten Indizes ist der Ensemble-Spread hoch, was
auf eine geringe Priézision fiir robuste und hohe Unsicherheit fiir nicht robuste Signale hinweist. Die
Anzahl der aufeinanderfolgenden Tage mit Niederschlag (CWD) zeigt hauptsichlich nicht-robuste
Klimainderungssignale mit einer hohen Prizision, was darauf hindeutet, dass sich fiir diesen Index

keine Klimaidnderung feststellen ldsst.

Die zusitzliche Klassifikation durch den Ensemble-Spread in den Klimasignalkarten erméglicht
eine leichtere Interpretation der Klimadnderungssignale und soll Entscheidungstriger bei ihrer
Bewertung unterstiitzen. Fiir eine zuverlidssige Klassifikation muss jedoch der Schwellenwert

sinnvoll gewihlt werden.
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1 Introduction

Extreme weather events such as heatwaves or heavy precipitation are becoming more frequent
and intense due to climate change (IPCC, 2023b). The impacts of climate change are increasingly
being felt at the local level (Riach and Glaser, 2024), with 77% of 1062 municipalities surveyed in
Germany stating that they were affected by extreme weather events in the last 10 years (Umwelt-
bundesamt, Friedrich et al. (2024)). These extreme events have severe consequences for society
and ecosystems, highlighting the urgent need for climate adaptation efforts, also because more and
more local authorities are legally obliged to develop adaptation strategies (Riach and Glaser, 2024).

To support these efforts, climate information at the local level is essential.

Extreme events are rare, and severe weather events such as heatwaves, heavy rainfall, or droughts.
Changes in the frequency and intensity of extreme events are the result of thermodynamic and
dynamic processes in the climate system (IPCC, 2023b). Thermodynamic processes include
exchanges of heat and moisture. Due to the warming of the atmosphere and surface in response
to increasing greenhouse gas concentrations, heat extremes are becoming more frequent and
intense. Warmer air can also hold more moisture. According to the Clausius-Clapeyron relation,
air can hold approximately 7% more moisture per degree of warming, increasing the potential for
heavy precipitation events (IPCC, 2023a). Dynamic processes are associated with changes in the
atmospheric and oceanic motions, such as shifts in storm tracks or large-scale circulation patterns
(Suarez-Gutierrez et al., 2020).

To analyze these complex physical processes and assess future changes in extremes, climate
models are essential tools. Global Climate Models (GCMs) provide a large-scale simulation of
the global climate and run over long time periods. While GCMs provide valuable information on
the global climate state, their spatial and temporal resolution is limited, and processes on smaller
scales that require higher spatial and temporal resolution are incorporated by parametrizations.
To further improve the resolution of climate data, a higher-resolution climate model that uses
the output of the GCM as initial and boundary conditions is applied. These Regional Climate
Models (RCMs) provide data with higher spatial and temporal resolution over a limited area and
improve the representation of regional features like orography, surface properties, and small-scale
atmospheric processes, such as convection (Jacob et al., 2014; Fantini et al., 2018; Prein et al.,
2016). Typically, GCMs operate on spatial resolutions of 200 km, whereas RCMs run at spatial
resolutions of 12-50km or finer. To further improve the model output, quantify uncertainties, and
model-specific biases, climate model ensembles consisting of multiple GCMs and RCMs are used,
such as EURO-CORDEX (Jacob et al., 2014) or ENSEMBLES (Hewitt, 2004).
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Although climate models are valuable tools to analyze future developments of the climate state
and evaluate potential impacts and risks, their coarse resolution and inherent uncertainties prevent
their direct use in adaptation planning (Lorenz et al., 2017). Thus, current adaptation strategies in
Germany are mainly based on past and present climate data (Lorenz et al., 2017). To address this,
climate model output at higher resolution paired with a robust assessment of the uncertainties is

needed.

Latest developments in climate modeling have improved the quality and resolution of climate
model outputs and related uncertainties. So-called convection-permitting climate models enable
climate projections on spatial resolutions of 2 —4km, providing more regional details, reducing
model-specific biases, and improving the simulation of extreme events, especially for precipitation
extremes (Prein et al., 2015; Fosser et al., 2024; Pichelli et al., 2021; Kendon et al., 2017). In
the NUKLEUS project (Nutzbare Lokale Klimainformationen fiir Deutschland, Actionable local
climate information for Germany), the first multi-model ensemble of convection-permitting regional
climate simulations for Germany is provided (Sieck et al., 2025). The NUKLEUS ensemble offers
the potential to provide more detailed insights into regional climate change and its impacts for

Germany.

However, raw climate model output is not directly useful for adaptation planning. It needs to be
translated into climate information that is accessible and relevant for users outside the scientific
community (Lemos et al., 2012). Climate indices help with this by summarizing climate model
output into statistics on climate extremes and potential impacts (Zhang et al., 2011; Schipper et al.,
2019; Hackenbruch et al., 2017). The choice of indices depends on the application. A widely used
set of indices to describe temperature and precipitation extremes is the 27 indices developed by the
Expert Team on Climate Change Detection and Indices (ETCCDI, Zhang et al. (2011)).

To build more trust in the climate model output, a transparent assessment of its reliability is essential
(Brasseur and Gallardo, 2016; Lorenz et al., 2017). Reliability refers to the trustworthiness of
the climate model ensemble to represent the future development of the climate system accurately
and consistently (Rédisdnen, 2007). An indicator for reliability is the robustness of the climate
change signals, which indicates whether the projected climate change signal is consistent and
significant among the individual ensemble members (Jacob et al., 2014; Pfeifer et al., 2015; Knutti
and Sedlacek, 2013; Kjellstrom et al., 2018; Dosio and Fischer, 2018).

For climate information to have practical applications, it must be communicated in a clear, accessi-
ble, and interpretable way. Pfeifer et al. (2015) addressed this by introducing a method to analyse
and visualize the robustness of climate change signals in so-called climate signal maps. Climate
signal maps aim to communicate the climate change signals for different regions alongside their

robustness in an accessible and comprehensible way, also to non-scientists.

Improving the quality of climate information is essential, but to effectively support decision-making,
users also need guidance in interpreting and applying this information (Brasseur and Gallardo,
2016; Hewitt et al., 2017, 2020). Current approaches, such as the climate signal maps by Pfeifer

et al. (2015), classify climate signals as either robust or non-robust, aiming to guide users on which



information is reliable. However, this binary classification does not capture important nuances. For
instance, a non-robust climate change signal results either from the absence of a climate change
signal or from too high uncertainty (Tebaldi et al., 2011). In contrast, a robust signal can still vary in
its precision. Precision refers to the degree of agreement among the ensemble members regarding

the magnitude of the projected signal.

Climate signal maps visualize only the ensemble median signal and categorize its strength into
three categories, without reflecting the uncertainty in this classification. If the variability among the
ensemble members is large, the assigned category may not accurately represent the full range of the

ensemble. This limitation is not addressed in the approach by Pfeifer et al. (2015).

In this thesis, a more granular classification of the climate change signals is proposed to enhance the
interpretability of the climate signal maps and support decision-making. Building on the approach
by Pfeifer et al. (2015), the climate signal maps are extended by the ensemble spread to assess the
precision of the ensemble median signal. A threshold for the standard deviation is used to classify

the ensemble spread as either small or large.

The classification process is illustrated in Figure 1.1, with four resulting cases indicated in the
lower part. Robust signals are considered reliable, meaning that the majority of ensemble members
agree on the direction and significance of the climate change signal. If the ensemble spread is
small, indicating the ensemble members also agree on the magnitude of the signal, it is classified as
reliable and precise. If the ensemble spread is large, the signal is still reliable but is not considered
precise due to the high uncertainty in its magnitude. Non-robust signals indicate that the ensemble
members disagree on the direction and significance of the climate change signals. If the ensemble
spread is small for non-robust signals, it indicates that there is no or only a weak climate change
signal. In contrast, non-robust signals with a large ensemble spread indicate a lack of information,

as the uncertainty is too high to derive a meaningful signal.

The thesis evaluates whether these four cases can be identified based on robustness and precision of
the climate change signals. To do so, the climate change signals of ETCCDI indices derived from
the NUKLEUS ensemble are analyzed, aiming to provide climate information on extreme events

for Germany. This concludes in two central research questions:

1. Which climate change signals of ETCCDI-indices derived from the NUKLEUS ensemble

can be classified as robust?
2. Does the consideration of the ensemble spread add value to the climate signal maps?

This thesis is structured as follows: Chapter 2 gives an overview of currently available climate
change information on extremes at the local level and its visualization. Chapter 3 describes the
NUKLEUS climate model ensemble and methods used for the analysis of the climate change signals.
The results are presented in Chapter 4 in two parts: the climate change signals of precipitation and
temperature, and the ETCCDI indices. Chapter 5 discusses the results and the added value of the
ensemble spread, followed by a conclusion and outlook in Chapter 6.
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Figure 1.1: Illustration of the proposed classification approach based on the robustness and ensemble spread
of a climate change signal. The orange colors underline the initial climate signal map approach
introduced by Pfeifer et al. (2015). The blue colors indicate the extended approach introduced
in this thesis. Here, a positive change is considered. The resulting distinct classifications of the
climate change signals are illustrated in the Appendix, Figure B.1.



2 Currently available climate change
information on extremes at local level

This chapter presents the current literature on assessing and visualizing climate change information
on extremes at the local level. It is divided into two sections: the first describes current methods
to analyse climate change signals on extremes. This includes climate models and their role in
providing the basis for climate change information, what factors need to be considered providing
user-relevant climate information, and methods for validating the climate information. A climate
change signal refers to the projected change in a climate variable or index relative to a defined
reference period (IPCC, 2023; Seaby et al., 2013). The second part describes ways to visualize

climate change information.

2.1 Current methods to analyze climate change signals
of extremes

Climate information can be based on observational data, reanalysis data, or climate projections
from climate models. Reanalysis data refers to climate data that is generated by climate models
based on past observations to provide consistent and continuous climate data of the past and present
(Hersbach et al., 2020). Observational and reanalysis data give valuable insights about the past
and present climate that help to better understand drivers of past climate variations and important
processes within the climate system. However, their ability to predict future climate conditions is
limited, especially regarding extreme events. Observational records might be too short to capture
very rare extreme events, and reanalysis data can under- or over-estimate the frequency and intensity
of extremes (Hu and Franzke, 2020; Donat et al., 2013). Furthermore, extreme events are expected
to increase in their frequency and intensity due to climate change (IPCC, 2023b). Therefore, it is
difficult to derive information about future changes in extreme events based on past and present

climate records.

Climate models provide projections of the future climate under different scenarios, offering a
valuable alternative to reanalysis and observational data. To validate their performance, climate
models are used to simulate the historical climate, and their output is compared to reanalysis and
observational data (Flato et al., 2013).

Climate models are based on physical principles and can simulate how the climate system responds

to different future conditions, which makes them particularly useful for analyzing future changes in



2 Currently available climate change information on extremes at local level

extreme events (IPCC, 2023; Eyring et al., 2016; Sillmann et al., 2013a). The following chapter,
therefore, introduces the general concept of climate models. To provide climate information
on extremes at the local scale and support climate adaptation strategies, high-resolution climate
data is required (Lorenz et al., 2017; Lemos et al., 2012). Convection-permitting climate models
provide such high-resolution climate data. Therefore, the section further introduces regional and

convection-permitting climate models.

2.1.1 Climate models

Climate models simulate the Earth’s climate system, including processes in the atmosphere, bio-
sphere, hydrosphere, and cryosphere. They are used to analyze past climate, understand crucial
processes and interactions between the different components, and to project future climate. The
simplest mathematical form of a climate model is an energy-balance model (EBM) describing the
balance between incoming solar energy and outgoing heat (Edwards, 2011). A more advanced
approach is a radiative—convective model describing vertical transfers of energy in the atmosphere
(Edwards, 2011).

However, to capture the complex dynamics of the climate system, more complex models are
required. General Circulation Models (GCMs) are based on the principle of numerical weather
prediction and consist of two fundamental components: the dynamical core and model physics.
The dynamical core solves the primitive equations, which are prognostic equations describing
the conservation of mass, momentum, and energy, and describe large-scale fluid motions. These
include the three-dimensional momentum equations, the ideal gas law, the continuity equation,
the first law of thermodynamics, and the budget equations for water substances. The model
physics refers to diagnostic equations that describe sub-grid scale processes such as radiation,
convection, or turbulence. These processes cannot be resolved directly by the model and thus must

be parameterized.

As the primitive equations cannot be solved analytically, they are solved numerically by discretizing
the equations both in space and time. This results in a three-dimensional grid representation of
the atmosphere, as illustrated in Figure 2.1. At each time step, the equations are updated for every
grid cell, accounting for both vertical and horizontal exchanges between the neighboring grid cells.
Here, a rectangular grid is shown. There are also other grid structures, such as the icosahedral grid
(ICON, Zingl et al. (2015)).

Over time, GCMs have improved the representation of the climate system, with an increasing
number of different components, including the ocean, land surface, cryosphere, and the carbon
cycle. Models including all these components are called Earth System Models (ESM). A coupler
connects the different components to ensure a consistent simulation of the climate system. In the
following, the acronym GCM refers to Global Climate Models and describes any model from an

atmosphere-only to a full coupled ESM.
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Figure 2.1: Illustration of the Cartesian grid structure in a GCM, from Edwards (2011). The horizontal and
vertical grid, as well as the exchange processes between the grid cells, are shown. The box on
the left depicts the different physical processes simulated by the model.

The parametrizations describing sub-grid scale processes can be formulated in many different
ways and differ between different GCMs. Comparing simulations from different models is useful
to analyse whether the results are consistent across models or differ. To coordinate this model
intercomparison within the climate science community, the Coupled Model Intercomparison Project
(CMIP) was founded by the World Climate Researcher Programme (WCRP). The goal of CMIP
is to better understand past, present, and future climate changes in a multi-model context. CMIP
is organized in different phases, updating the standards for climate simulations, data formats, and

analysis tools. The most recent phase is CMIP6 (Eyring et al., 2016).

The CMIP provides the foundation for the climate projections assessed in the Intergovernmental
Panel on Climate Change (IPCC) reports. These projections are based on standardized scenarios. Up
to the fifth CMIP phase, the simulations were conducted for different Representative Concentration
Pathways (RCPs, Van Vuuren et al. (2011)), which represent different greenhouse gas emission
scenarios. For the sixth phase, CMIP6, the Shared Socioeconomic Pathways (SSPs, O’Neill et al.
(2014)) are considered, combining different socioeconomic developments with emission scenarios,

aiming to better represent a full picture of possible climate futures.

Regional climate models

GCMs provide large-scale simulations of the climate on a global scale with typical resolutions
of 200km. While GCMs provide valuable information on the global climate, their spatial and
temporal resolution is limited, and processes on smaller scales that require higher spatial and
temporal resolution are incorporated by parameterizations. To further improve the spatial and
temporal resolution of climate data from GCMs, two main downscaling approaches are commonly
used: statistical and dynamical downscaling. Statistical downscaling is based on the statistical

relationships between the variables from the GCM output and regional variables, whereas dynamical
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downscaling applies a higher-resolution climate model that uses the output of the GCM as initial
and boundary conditions. These regional climate models (RCMs) provide data with higher spatial
and temporal resolution and cover a limited area. The dynamical downscaling process is illustrated
in Figure 2.2. At the resolution of the RCM, orographical features like the Alps are represented in
much more detail compared to the GCM (see Figure 2.2).

Global model
(AOGCM)
Regional model
(RCM)

T e AP PP

Elevation (m)

'Aq Giorgi F, Gutowski Jr WJ. 2015.
Annu. Rev. Environ. Resour. 40:467-90

Figure 2.2: Illustration of dynamical downscaling with a RCM from Giorgi and Gutowski (2015). AOGCM
stands for a coupled atmosphere-ocean general circulation model. The orography in the GCM
and RCM is shown. The squared area surrounding the RCM domain illustrates the lateral buffer
zone.

Typically, RCMs run at spatial resolutions of 12 — 50km or finer. Common domains of RCMs
include, for example, regions defined by the EURO-CORDEX initiative, such as the EURO-
CORDEX domain, which covers Europe and neighboring regions, and runs at resolutions of
12.5km or 50km (Jacob et al., 2014).

The finer resolution of RCMs allows a better representation of regional features like orography,
surface properties, and small-scale atmospheric processes, such as convection and orographic
precipitation (Fantini et al., 2018; Prein et al., 2016; Jacob et al., 2014). This improves the
simulations of regional climate patterns and extremes, such as heatwaves and heavy precipitation,
compared to the simulations of the coarser GCM (Ritzhaupt and Maraun, 2023). Although RCMs
already provide more detailed simulations compared to GCMs and improve regional climate
simulations, their resolution is still too coarse to fully capture crucial processes for extreme events,

such as convective precipitation and wind gusts (Pichelli et al., 2021; Kendon et al., 2017).

Convection-permitting climate models

A major source of uncertainty in RCMs is the parametrization of deep convection (Prein et al.,
2015). Deep convection is a major source of heavy precipitation and thunderstorms, mainly in

summer, and affects vertical transport processes, influencing cloud formation and radiative effects
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(Prein et al., 2015). At the scales of RCMs, typically around 12 — 50km, deep convection cannot
be explicitly resolved and must be parametrized. This motivated the development of convection-
permitting climate models (CPMs), which operate at a spatial resolution below 4km and thus, can
explicitly resolve deep convection (Prein et al., 2015). CPMs are high-resolution RCMs in which the
parametrization of deep convection is switched off. As such, CPMs represent an additional step in
the dynamical downscaling chain, using the output from an RCM as initial and boundary conditions.
This results in a two-step dynamical downscaling: first, the GCM output is downscaled by the
RCM, and then, the RCM output is further downscaled by the CPM. This two-step downscaling is
illustrated in Figure 2.3. The cutouts in the lower part of the figure illustrate the representation of
the surface temperature for each nesting step for the city of Hamburg. This highlights the improved
representation of regional features by the CPM compared to the coarser RCM and GCM, as the
urban heat effect is only captured by the CPM.

CMmIP EURO-CORDEX NUKLEUS

Figure 2.3: Example of a two-step dynamical downscaling from the NUKLEUS ensemble (Sieck et al.,
2021). The surface temperature is shown. The cutouts in the bottom of the figure highlight the
resolutions differences between the GCM (CMIP, left), RCM (EURO-CORDEX, middle), and
CPM (NUKLEUS, right) for the city of Hamburg, indicated by the black contours.

The explicit resolution of deep convection along with the finer resolution of CPMs further improves
the representation of precipitation patterns and reduces the bias in comparison with observations
(Pichelli et al., 2021; Prein et al., 2015; Fosser et al., 2024). Especially, the diurnal cycle of
precipitation in terms of the onset of convection, the intensity of precipitation, and the representation
of hourly extremes is improved in CPMs compared to RCMs (Prein et al., 2015, 2017). Largest
improvements of the CPMs are found for precipitation extremes and for summer precipitation,
while for winter precipitation, the simulations tend to agree between the coarser RCM and CPM
simulations (Kendon et al., 2017; Prein et al., 2017). The main differences between CPMs and
RCMs are found for summertime rainfall intensity and duration, hourly and daily rainfall extremes
in summer, and daily precipitation extremes over mountains in winter (Kendon et al., 2017). For
instance, Kendon et al. (2017) compared various CPMs to the output of coarser RCMs for the
UK and the Alps. The CPMs used by Kendon et al. (2017) hereby showed an increase in the
summer precipitation intensity, while this increased intensity was not evident in coarser-resolution
RCMs. Furthermore, Pichelli et al. (2021) found that projections based on CPM simulations

compared to RCM-based simulations even modify the sign of precipitation intensity change and
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heavy precipitation for several regions. This reflects the high relevance of CPM simulations,

especially for representing regional precipitation patterns and precipitation extremes.

CPMs not only improve the representation of precipitation compared to RCMs. The finer resolution
of CPMs provides a more accurate representation of orography and surface properties, further
improving the simulations, especially in mountainous and coastal regions (Prein et al., 2015), with
strong spatial heterogeneity. The improved representation of orography leads to improvements in
the simulation of the 2-m temperature field (Prein et al., 2015). The finer resolution of CPM also
improves the representation of urban climate and enables resolving urban features like urban heat
islands (Prein et al., 2015).

Overall, these improvements in the representation of precipitation patterns, precipitation extremes,
the representation of orography, and fine-scale temperature features highlight the added value of
CPMs and underline their importance for providing detailed climate data on extremes at the local

scale.

2.1.2 User-relevant climate information

Climate change is not only affecting the mean state of the climate system but also leads to more
intense and frequent extreme events such as heatwaves, heavy precipitation, or droughts (IPCC,
2023b). These extreme events pose a growing risk for society, infrastructure, and ecosystems.
Therefore, effective adaptation strategies across multiple sectors are essential for society to reduce
and prevent severe consequences. For this, decision-makers need trustworthy information on which
they can base their adaptation strategies and risk assessments (Lemos et al., 2012; Lorenz et al.,
2017). Climate information refers to data, projections, and analyses about past, current, or future
climate conditions, including both average conditions and extreme events, used to inform users
on climate change and its impacts (Hewitt et al., 2020; Buontempo et al., 2022; Riach and Glaser,

2024). Several factors need to be considered when providing user-relevant climate information.

1. Accessibility: First of all, climate information must be presented in an accessible and
understandable format, also for non-experts, and must match the user’s needs (Lemos et al.,
2012; Hackenbruch et al., 2017). This involves translating raw climate model output into
decision-relevant indicators such as extreme indices describing changes in the occurrence or
intensity of extreme events (Schipper et al., 2019; Hackenbruch et al., 2017). For example,
a city developing a heat protection plan needs tailored information on the frequency and

intensity of heat events.

2. Resolution: The resolution of the climate information must match the spatial and temporal
scale at which decisions are made (Wagner et al., 2013). For example, developing a heat
protection plan for a city requires climate data at a resolution that resolves the urban features
like the urban heat island effect. Moreover, the information must meet the time frame of
adaptation planning cycles (UNFCCC - Adaptation Committee, 2020).
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2.1 Current methods to analyze climate change signals of extremes

3. Reliability: The climate information must be reliable, which includes the validation of the
climate models, their output, and the analysis methods. A measure for the reliability of
climate change signals is robustness, which evaluates the sign and significance of the climate
change signal (Knutti and Sedlacek, 2013; Pfeifer et al., 2015; Jacob et al., 2014).

4. Communication: As the climate information is applied by non-experts, a clear communica-
tion of the data and how it can be applied is key (Lemos et al., 2012; Brasseur and Gallardo,
2016; Hewitt et al., 2017). This includes straightforward visualization and accessible plat-

forms.

5. Applicability: Ideally, the format and method to provide climate information are applicable
for different variables and applications, and comparable between different regions and time

frames.

In the following sections, these aspects of user-relevant climate information are examined individu-
ally, and how they can be implemented, aiming to support decision-makers with relevant climate

information on extremes at the local level.

2.1.3 Extreme indices

The direct output of climate models includes physical variables like temperature or precipitation.
While these variables are important to understand the physical side of climate change, they have
limited application outside of the scientific context (Hackenbruch et al., 2017; Schipper et al.,
2019; Lemos et al., 2012). For the user, such as stakeholders in city councils or private companies,
it is difficult to apply the raw climate model output for their specific application. To provide
usable information for these users, the changes in the basic variables are translated into relevant
indicators of climate impacts. These climate indices translate climate model output into useful
climate information on climate impacts and extreme events. Applying climate indices facilitates the
interpretation of climate model outputs, as they focus on specific applications such as describing

extremes, which is difficult to derive from mean changes in the physical variables themselves.

There are several different climate indices, developed for different applications and targeted end-
users, aiming to improve the applicability of climate model data in practice. The requirements for
the practical formulation of climate indices differ depending on the decision-maker and application.
Therefore, understanding of the users’ needs and close cooperation are essential to ensure the
applicability of climate indices (Buontempo et al., 2020). For example, based on expert interviews,
Schipper et al. (2019) defined tailored climate indices describing climate change impacts on
application-oriented sectors like infrastructure, health, or human recreation. Examples include the
number of salting days, which enables a better projection of future resources required for traffic
safety in winter, or the number of hiking days, which is relevant for public use and the tourism
sector (Schipper et al., 2019; Pinto et al., 2025).

Other indices focus on describing the more physical features of climate impacts, such as changes

in maximum temperatures, the duration of dry spells, or the occurrence of heavy precipitation
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events (Zhang et al., 2011). Regarding the assessment of extreme events, various indices focus on
describing the frequency and intensity of extremes. The Expert Team on Climate Change Detection
and Indices (ETCCDI) has developed 27 indices describing temperature and precipitation extremes.
These indices offer a consistent way to describe climate extremes and enable the detection of
changes in their frequency and occurrence. The ETCCDI indices focus on describing moderate
extreme events with return periods of a year or less (Zhang et al., 2011). Moreover, because of the

universal definition, the ETCCDI indices are comparable across different regions and studies.

The ETCCDI indices can be divided into four different types of indices. First, there are indices
describing extreme characteristics, such as the hottest day of the year or the annual maximum
temperature. Second, there are threshold-based indices that are defined as the number of days
exceeding a specified threshold, for example, ice days or summer days. Third, duration-based
indices describe the duration of certain events, such as the length of dry spells. Fourth, percentile-
based indices are defined through exceeding a percentile-based threshold, such as R95pTOT,
indicating the total precipitation amount per year accumulated over all days for which the daily
precipitation amount exceeds the 95th percentile. A percentile indicates the value below which a
given proportion of all data points from the reference period lie. Accordingly, the 95th percentile
corresponds to the value below which 95% of all data points within the reference period fall. The
ETCCDI-indices allow comparability with other studies and have been widely tested and validated
for representing extremes (e.g. Sillmann et al., 2013a; Jacob et al., 2014; Vautard et al., 2021).

2.1.4 Uncertainties and multi-model ensembles

Understanding and quantifying the uncertainties of climate projections is essential for providing
reliable climate information. The uncertainties of climate projections can be divided into three
groups: scenario uncertainty, internal variability, and model uncertainty (Hawkins and Sutton,
2009).

The scenario uncertainty describes the uncertainty due to the uncertainty in the future emission
of greenhouse gases (Hawkins and Sutton, 2009). Possible scenarios are described by the RCP
Van Vuuren et al. (2011) or SSP (O’Neill et al., 2014) frameworks. The climate response varies

depending on the considered scenario.

The internal variability refers to the chaotic nature of the climate system and can be addressed
by running multiple realizations of the same model and scenario, but with slightly varying initial
conditions (Hawkins and Sutton, 2009; Deser et al., 2012).

The model uncertainty is due to differences in the physical formulation and structure of climate
models. The models vary in the parametrizations and numerical descriptions of the simulated
processes. As there is no perfect model, multi-model ensembles are used instead of relying on
a single model. These multi-model ensembles reduce the influence of individual models and
model-specific biases, aiming to capture a range of possible outcomes (Ban et al., 2021). However,

the model selection plays a major role in the ensemble design, and an overrepresentation of specific
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2.1 Current methods to analyze climate change signals of extremes

models must be avoided (Seaby et al., 2013; Evans et al., 2014). This can be addressed, for example,
by using a matrix-like structure combining multiple GCMs and RCMs (Vautard et al., 2021; Déqué
et al., 2012). However, the equal weighting of all models within an ensemble is not ideal, as some
models might perform better than others (Christensen and Kjellstrom, 2022). Still, multi-model
ensembles enable a better and robust projection and avoid uncertainties due to the model selection.
Examples of multi-model ensembles include the EURO-CORDEX ensemble (Jacob et al., 2014),
ENSEMBLES (Hewitt, 2004), the CPM ensemble CORDEX-FPS (Pichelli et al., 2021; Ban et al.,
2021), and the convection-permitting multi-GCM COSMO-CLM ensemble (Hundhausen et al.,
2023, 2024).

2.1.5 Robustness of climate change signals

The reliability of a climate change signal can be assessed with robustness. According to the Third
Assessment Report of IPCC, "a robust finding for climate change is defined as one that holds
under a variety of approaches, methods, models, and assumptions, and one that is expected to
be relatively unaffected by uncertainties" (Watson and UNEP, 2003). There are various different
definitions and measures for robustness based on the agreement of the ensemble members or the
significance of the projected changes, or both. Kjellstrom et al. (2018) and Kendon et al. (2008)
uses the signal-to-noise ratio (SNR) to assess the robustness of climate change signals. Knutti
and Sedlacek (2013) introduced a robustness measure based on the signal-to-variability ratio and
the ranked probability skill score used in weather prediction. Dosio and Fischer (2018) defines

robustness as the interplay of significance and agreement on the sign of change.

Pfeifer et al. (2015) introduced a similar robustness definition based on two tests. The first test is
based on a predefined fraction of ensemble members that need to agree on the sign of change. The
second test assesses the significance of the signal for each ensemble member, and a certain fraction
of members need to show significant changes to pass the test. Thus, their definition of robustness is
based on the individual signals of each ensemble member and their degree of agreement in sign
and significance. Assessing the significance of each ensemble member individually ensures that
robustness reflects consistent significant signals across the ensemble, with significance evaluated by
each ensemble member. This approach to assess the robustness of climate change signals in multi-
model ensembles was further adopted in other studies (Jacob et al., 2014; Georgoulias et al., 2022).
Assessing the robustness of climate change signals within ensembles improves the confidence and
reliability in their projections. This supports not only decision-making for adaptation and mitigation
strategies but also helps to identify regions and variables where the climate change signals are not

robust and further analysis or data are required.

Limitations

If applying a robustness measure to climate data, it is also important to question the robustness
of the robustness measure. The robustness measure by Pfeifer et al. (2015) assesses the sign and

significance of the climate change signals in the individual ensemble members. Pfeifer et al. (2015)
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tested the sensitivity of the robustness test to changing the parameters. First, they tested differences
in the fraction of models in the test of agreement. Changing the degree of agreement from 66%
to 90% did not cause strong changes in the number of regions with robust signals. This is not the
case for significance. Here, Pfeifer et al. (2015) found that increasing the fraction to 90% of the
models has a stronger influence on the number of regions with robust signals than decreasing the
significance level from 0.15 to 0.1 (Pfeifer et al., 2015).

Following the approach by Pfeifer et al. (2015), the climate change signals are divided into robust
and non-robust. This binary classification of climate change signals into robust or non-robust
does not take into account a more nuanced differentiation. Tebaldi et al. (2011) proposed further
differentiating non-robust signals into a lack of signal and a lack of information, by differentiating
between agreement on the sign and significance. These aspects highlight the limitations of the
robustness assessment, and ultimately, these limitations need to be communicated when applying
robustness in the context of climate services. Transparently communicating what robustness does
and does not capture ensures that the climate information is interpreted correctly and further

enforces the reliability and trust in the climate projections.

2.1.6 Variability in climate model ensembles

Depending on the variable and region, the individual models within a climate model ensemble tend
to agree or vary in the magnitude or even in the sign of the projected changes. The ensemble spread
is a measure to quantify the agreement on the magnitude of the projected signal. If the ensemble
spread is low, the models seem to agree, and there is high confidence in the magnitude. Instead,
if the ensemble spread is high, the models disagree on the magnitude or even the sign of change,
and no clear conclusion can be drawn. This shows that the ensemble spread is relevant to make

assumptions about the confidence in the magnitude of a climate signal.

While the robustness definition of Pfeifer et al. (2015) indicates whether the ensemble agrees on
the sign of the signal and its significance, it does not give information on how much the signal’s
magnitude varies between the models. As every ensemble member acts as a possible realization
of the future, it is "important for decision-making to see the full range of possible consequences
and associated probabilities” (IPCC Guidance Note on Consistent Treatment of Uncertainties,
Watson and UNEP (2003)). Thus, it is not only important to know whether a signal is considered
robust, but also if the models agree on its magnitude. For instance, if there is a medium change in
tropical nights for a region, a decision-maker might want to know whether the ensemble consistently
projects medium changes or if it results from a split, with half of the models showing high changes

and the other half low changes.

There are several statistical measures to quantify the ensemble spread, like the standard deviation or
variance. Other measures capture the distance between the maximum and minimum values, or use
the interquartile range, defined as the difference between the 75th and 25th percentiles. Another
measure is the SNR (e.g. Kendon et al. (2008); Kjellstrom et al. (2018)), which compares the spread

to the signal. Knutti and Sedlacek (2013) introduced a robustness metric that combines robustness
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with a measure for variability. It is based on the magnitude and sign of change, natural variability,
and the inter-model spread. However, this approach by Knutti and Sedlacek (2013) is rather
complex, and the interpretation of the results is not straightforward, particularly for non-experts. A
common and well-known measure for variability is the standard deviation, which is widely used

beyond the context of climate science.

2.2 Current methods to visualize climate change
information on extremes

The choice of graphical representation of the results and their robustness depends on the purpose
of the study and the targeted user. A common way to display the robustness of the results of a
climate model ensemble is to mark robust areas with hatching in maps (e.g. Jacob et al., 2014;
Kjellstrom et al., 2018). To support adaptation strategies, the data needs to be represented in an
accessible and understandable way for decision-makers (Lemos et al., 2012; Lorenz et al., 2017).
In recent years, climate services have been developed to provide user-oriented climate information
tailored to the needs of stakeholders. These services aim to bridge the gap between climate science
and decision-making by translating complex climate data into actionable climate information and
providing the information in accessible formats for users (Hewitt et al., 2012, 2017; Buontempo
et al., 2020). Examples include the Copernicus Climate Change Service (C3S) (Buontempo et al.,
2022) or the Climate Service Center Germany (GERICS).

In this context, Pfeifer et al. (2015) proposed climate signal maps as a way to communicate climate
change signals and their robustness in a user-friendly format. Instead of displaying the full range
of projected changes at each grid point, the data is aggregated as spatial means over predefined
regions and divided into 3 coarse categories given in percentage (low, medium, and high change).
In a climate signal map, only one direction of change is considered, and only robust changes are
displayed. Regions with non-robust signals are shown in gray, and no information about the climate
signal is shown. This allows the user to easily extract information for their region, whether the
signal is robust, and if so, how large the signal is. Overall, the climate signal method introduced by
Pfeifer et al. (2015) provides a balance between combining information on the signal strength and

robustness, while facilitating the results for easier interpretation for non-experts.

2.2.1 Limitations

This presentation of the results involves some loss of information, such as the exact magnitude
of change due to the use of categories, or the consideration of only one direction of change,
which does not give insights into the strength of opposite trends. The latter is less relevant in an
application-oriented context, as in climate extremes, often only one direction of change is relevant.
For example, an increase in the number of hot days is far more relevant than a potential decrease,
as for an increase according adaptation measures need to be implemented. The choice of the limits

for the levels depends on the considered variable and is not constant. Therefore, the classification
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of the signals into small, medium, and large signals is up to the user and the application. As the
categories are generally very broad, the choice of the limits has a significant impact on the outcome

of the classification of the signals.

Moreover, the spatial aggregation of the climate data into regions has an impact on the outcome
of the results. One important factor for the climate signal maps by Pfeifer et al. (2015) is that the
region size must suit the spatial resolution of the underlying climate data. Due to the very different
sizes of the rural districts applied by Pfeifer et al. (2015), the climate data might be too coarse
for very small regions. As Pfeifer et al. (2015) suggested, for very small regions, it is advisable
to consider also neighboring regions for the interpretation of the results. The different sizes of
the regions also affect the comparability between the regions. For example, very small regions
might cover only a few to a single grid point, whereas large regions include multiple grid points.
Therefore, averaging over the spatial extent of a large and a small region might not be comparable,
as extremes might be smoothed spatially for the large regions (Pfeifer et al., 2015). Moreover, for
spatially heterogeneous variables or indices, including, for example, only one grid point, the spatial
averaging might lead to a loss of information. Despite the disadvantages of aggregating the climate
information from grid resolution to regions, this allows an accessible and practical visualization of
the climate information. From the user’s perspective, the primary concern is the expected signal for
their region, such as "10% decrease of summer precipitation for Region X". Therefore, the spatial

aggregation to regions is applied, although it leads to some loss of information.

This underlines that there is no perfect method to test or to display the robustness of climate change
signals, and ultimately, the choice of method depends on the application and the user. The climate
signal method of Pfeifer et al. (2015) is a good compromise between communicating not only the
climate signals but also their robustness while keeping it compact and easy to interpret. In general,
the applicability of climate service products relies on a close collaboration with the targeted users
and across disciplines to ensure the information is relevant, understandable, and tailored to their
needs (Lemos et al., 2012; Hewitt et al., 2017; Brasseur and Gallardo, 2016).
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3 Data and Methods

In this chapter, an overview of the methods and data used for this thesis is provided. First, the
multi-model ensemble is introduced, followed by a description of the extreme indices and their
calculation. Next, the concept of climate signal maps is presented, including the definition of
robustness and a description of the statistical tests applied. In addition to robustness, an additional

method to include a measure for the ensemble spread within the climate signal maps is introduced.

3.1 Extreme indices in a convection-permitting climate
model ensemble

3.1.1 Ensemble setup

This thesis analyzes the output from the NUKLEUS ensemble (Sieck et al., 2025), which is
a convection-permitting climate model ensemble designed to provide high-resolution climate
information for Germany. The ensemble is based on multiple CPMs and GCMs. A total of three
CPMs are used, driven by boundary and initial conditions from three GCMs. This results in
a full 3x3 matrix of CPM-GCM pairings. The CPMs used include ICON-CLM (ICON, Pham
et al. (2021)), COSMO-CLM (CCLM, Rockel et al. (2008)), and REMO-NH (REMO, Jacob et al.
(2012)). The boundary and initial data are provided by three GCMs, namely EC-Earth3-Veg (ECE),
MPI-ESM1-2-HR (MPI), and MIROC6 (MIROC). The GCMs used are all part of the Coupled
Model Intercomparison Project Phase 6 (CMIP6, Eyring et al. (2016)). For further details, see the

references listed in Table 3.1.

The ensemble was generated in two dynamical downscaling nesting steps. The first nest is defined
over the EURO-CORDEX EUR11 domain (Jacob et al., 2014), which covers Europe at a spatial
resolution of 0.11° (12.5 km). The second nest corresponds to the EURO-CORDEX CEU3 domain
(Sieck et al., 2025), which represents Central Europe at a resolution of 0.0275° (3km). Both
domains are shown in Figure 3.1. For the last nesting step, the parametrization of deep convection is
switched off, so that deep convection gets resolved explicitly. The update interval for the boundary
conditions is 3 hours for the CPM (CEU3 domain) and 6 hours for the RCM (EUR11 domain). The
CEU3 model domain (see Figure 3.1b) includes 385 x 425 grid cells with 55 vertical levels.
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Table 3.1: List of GCMs applied as boundary and initial data for the CPMs within the NUKLEUS ensemble.
The periods when GWL2K and GWL3K are reached relative to the historical period 1961-1990
are given for each GCM. For further details on the GCMs, see the given references.

GCM GWL2K GWL3K Reference

EC-Earth3-Veg 2024 - 2053 2047 - 2076 Doscher et al. (2022)
MPI-ESM1-2-HR 2037 -2066 2066 -2095 Mauritsen et al. (2019),Miiller et al. (2018)
MIROC6 2038 - 2067 2070 - 2099 Tatebe et al. (2019)
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0 400 800 1200 1600 2000 2400 2800
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Figure 3.1: Figure (a) shows the EUR11 domain, taken from Jacob et al. (2020). Figure (b) shows the
topography of the CEU3 domain (provided by F. Enmele).

3.1.2 Global warming levels

The fine resolution of the CPM makes running multiple CPM simulations computationally expen-
sive. Due to these high computational costs, the simulations of the CPM ensemble were conducted
for global warming levels (GWLs) instead of using a transient simulation approach. A GWL is
defined by a 30-year time slice when the global mean temperature of the GCM, which forces the
simulation with the CPM, reaches a mean global warming of a certain threshold relative to the
historical period (Vautard et al., 2014). The period at which a GWL is reached depends on the
emission scenario and the selected GCM, due to differences in climate sensitivity among the GCMs.
Here, GWLs of +2K (GWL2K) and 43 K (GWL3K) are evaluated relative to the historical period
1961-1990. The simulations are based on the SSP-370 emission scenario (O’Neill et al., 2014). The
corresponding periods when each GCM reaches the GWLs are listed in Table 3.1. The simulations

on the EUR11 domain are performed as transient simulations for the period 1950-2100.
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3.1.3 ETCCDI Indices

The joint CCI/CLIVAR/JCOMM Expert Team (ET) on Climate Change Detection and Indices
(ETCCDI) defined 27 extreme indices to describe temperature and precipitation extremes in a
consistent way between different datasets, scenarios, and regions. The indices are based on daily
near-surface air temperature at 2m and precipitation data, and the output is defined annually. A
detailed description of the 27 core ETCCDI indices can be found on the website of ETCCDI (https:
//etccdi.pacificclimate.org/list_27_indices.shtml). The ETCCDI indices describe

moderate extreme events with one-year or less return periods.

The selection of indices for this thesis is shown in Table 3.2. All indices are selected from the
27 core indices by the ETCCDI. The indices were calculated with the ClimDexCalc2-Plugin by
Freva (Free Evaluation System Framework). Freva is a scientific software framework hosted at
the German Climate Computing Centre (DKRZ), supporting the analysis and post-processing
of climate data (Kadow et al., 2021). It provides various evaluation tools, so-called plug-ins,
to analyse and visualize climate statistics. The ClimDexCalc2-Plugin is based on the Climpact
software provided by the World Meteorological Organization’s Expert Team on Sector-Specific
Climate Indices (ET-SCI) to calculate climate indices using the ETCCDI indices definitions (Zhang
etal., 2011). The calculation of the indices for the NUKLEUS project was conducted by project
partners at BTU Cottbus and is based on daily precipitation and temperature data of the individual
NUKLEUS simulations. The output has annual and monthly resolution, and is available through the
Freva Databrowser (Kadow et al., 2021), which is a data system implemented in Freva to support

easy access to the data for scientists and the plugins themselves.

Table 3.2: List of ETCCDI indices analysed in this thesis. Detailed definitions of the ETCCDI indices
can be found on the ETCCDI website (https://etccdi.pacificclimate.org/list_27_
indices.shtml). RR is the daily precipitation amount in mm, 7X stands for the daily maximum
temperature, and TN for daily minimum temperatue.

Index Full name Definition Unit

R10mm Heavy precipitation days Annual count of days with RR > 10mm days

R20mm Very heavy precipitation days Annual count of days with RR > 20mm days

R30mm Extreme precipitation days Annual count of days with RR > 30mm days

CDD Maximum length of dry spell Maximum number of consecutive days with  days
RR < 1mm

CWD Maximum length of wet spell Maximum number of consecutive days with  days
RR > 1mm

TR Tropical nights Annual count of days when TN > 20°C days

ID Ice days Annual count of days when 7X < 0°C days

WSDI  Warm spell duration index Annual count of days with at least 6 consec- days

utive days when 7X > 90th percentile of the
period 1961-1990
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Precipitation-based indices

For this study, a total of five precipitation-based indices are selected. These include R10mm,
R20mm, and R30mm, which describe the number of days exceeding a certain amount of daily
precipitation. They describe the annual frequency of days with heavy, very heavy, and extreme
precipitation. An increase in these indices therefore, implies that more days exceed such pre-
cipitation amounts. These indices focus on the frequency of precipitation extremes. To further
evaluate duration changes in precipitation extremes, CDD and CWD are selected, which describe
changes in dry and wet periods. CDD describes the maximum length of dry spells as the maximum
number of consecutive days with no precipitation (RR < 1 mm). Thus, an increase in CDD indicates
longer-lasting dry periods. Similarly, CWD describes the maximum length of wet periods, through
the maximum number of days with precipitation (RR > 1 mm). A change in CWD is evaluated to

assess changes in wet periods.

Temperature-based indices

To describe the impacts of climate change on temperature extremes, a total of three temperature-
based indices is selected. The number of tropical nights, which describes days when the minimum
temperature does not fall below 20°C. An increase in tropical nights can affect human health and
recreation (Kabisch et al., 2023; He et al., 2024). To include also a measure for cold temperature
extremes, the number of ice days is selected, which is an important measure for agriculture,
infrastructure, and transport (Pinto et al., 2025). The warm spell duration index (WSDI) is a
measure for the length of heatwaves, defined through the count of days with at least six consecutive
days exceeding the 90th percentile of maximum temperature of the reference period 1961-1990.

An increase in the WSDI indicates that warm spells become more frequent and longer-lasting.

3.2 Climate signal maps

3.2.1 Climate signal maps by Pfeifer et al. (2015)

The climate signal map method was introduced by Pfeifer et al. (2015). Suitable regions are selected
based on the application and targeted user, in this case rural districts of Germany. For each district
and ensemble member, the spatial and temporal means are computed for each period, including the
historical period. The climate signal is then calculated by subtracting the mean of the historical
period from the mean of the considered scenario period, for each region and ensemble member.
Then the median signal for each region and scenario period is calculated across all ensemble

members.

The purpose of the climate signal maps is to communicate information on climate change signals
in a clear and effective way, also to non-scientific users (Pfeifer et al., 2015). Therefore, only a

single direction of change is considered, either an increase or a decrease, and the signals are shown
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in relative changes. The direction considered in the climate signal maps is specified in advance.
Regions that show signals in the opposite direction of change are shown in white. To simplify
the interpretation, the resulting signals are classified into three categories: small, medium, and
large signals. The levels can be defined for each variable or index individually, depending on the
application. Pfeifer et al. (2015) used green for small, orange for medium, and red for large climate

change signals.

Here, the climate signal map method is applied to seasonal precipitation and temperature data as
well as a selection of the ETCCDI indices, all based on the NUKLEUS ensemble. The climate
signals are computed for the GWL2K and GWL3K. For temperature and temperature-based indices,
absolute changes are considered instead of relative changes. The levels for the classification of
small, medium, and large signals are adjusted to each variable and index individually. Here, the
same colors as in Pfeifer et al. (2015) are used, except that small changes are shown in yellow
instead of green, as green is often associated with positive or safe conditions. Small climate signals
are distinct from the case where there is no change in the variable or index. Therefore, using the

color green for small signals can lead to misinterpretation of the climate signal map.

Furthermore, Pfeifer et al. (2015) introduced a robustness test to evaluate the robustness of the
climate signals. Only robust signals are shown in colors, non-robust signals in gray. The robustness

test is further described in section 3.2.3.

3.2.2 Aggregation of climate change information into subregions

The goal of this thesis is to improve climate change information on extreme events at the local level
to support adaptation strategies. As adaptation strategies are typically planned and implemented
at the local level (Lorenz et al., 2017), here, German rural districts ("Landkreise") were selected
as regional divisions in the climate signal maps. Depending on the application and user needs,
alternative divisions can be considered for the climate signal maps, such as natural regions taking
into account geological, hydrological, or pedological characteristics, or other administrative regions
like provinces, states, Metropolitan regions, or NUTS-regions (European Commission. Statistical
Office of the European Union., 2018).

There are 402 rural districts in Germany, which are referred to in the following as regions. For
each region and period, the spatial mean of the considered variable or index was calculated. The
spatial mean was computed taking into account all grid points falling inside a region, weighted by
their proportional area within the region. The temporal mean for each region and period was then

computed by aggregating the spatial means over all time steps.

3.2.3 Robustness test

To test the robustness of the climate signals, the same approach as in Pfeifer et al. (2015) is applied.

Pfeifer et al. (2015) defines robustness as a combination of agreement on the sign of change and
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3 Data and Methods

agreement on the significance of the projected change of each simulation in the ensemble. To test
for robustness, two statistical tests for each region are applied. Both tests need to be passed for a

region to be classified as robust. In the following sections, these tests are described in detail.

Agreement Test

The first test considers the model agreement within the ensemble on the sign of change. A certain
fraction of members within the ensemble has to agree on the sign of change, which is specified in
advance. Pfeifer et al. (2015) choose 66% of the models must agree on the sign to pass the test.
This threshold is adapted for this thesis. The NUKLEUS ensemble consists out of 9 ensemble
member which lead to 6 out of 9 members that have to agree on the sign of change to pass the first

test.

Significance test

The second test evaluates the significance of the projected climate signals for each ensemble
member by applying the Mann-Whitney-Wilcoxon test (Wilcoxon, 1945; Mann and Whitney, 1947;
Wilks, 2011). The test is based on a shift of ranks. First, the historical and GWL data are combined
into a single dataset, and ranked across all values. After ranking the combined dataset, the data is
split back into historical and GWL. Then the U-statistic is calculated based on the sum of ranks of
each dataset. The U-statistic shows whether there is a significant shift of ranks based on the chosen
significance level. If the ranks of the GWL dataset are shifted towards higher (or lower) ranks
compared to the historical dataset, this results in a positive (or negative) climate change signal. If
the ranks are equally distributed over both periods, there is no significant change. The climate
signal maps consider only one direction of change. Therefore, it is only tested in one direction, so
a one-sided test is applied. The Mann-Whitney-Wilcoxon test is a non-parametric statistical test,
meaning it does not assume an underlying distribution of the data. This is particularly important for

variables or indices, like precipitation, that tend to be skewed.

One key assumption of the Mann-Whitney-Wilcoxon test is that both datasets are independent,
meaning that individual values within a dataset should not influence each other. To ensure this
requirement, autocorrelation was tested using the autocorrelation coefficient. The coefficient is
calculated with the Numpy Python package. The results are displayed in Table B.1 and B.2. For
each variable and index, the 5th to 95th percentile range of the autocorrelation coefficients is shown,
representing the 90% of the values. The mean autocorrelation across regions, models, and periods
is relatively small, below 0.1. Most of the values are relatively small in the range of -0.3 to 0.3,
which is still within an acceptable range of values (Pfeifer et al., 2015). Some regions exhibit
higher autocorrelation for some periods and indices. Given the limited number of regions with high
autocorrelation, the significance test remains valid. For the few regions with high autocorrelation,

the results should be interpreted with caution.
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3.3 Integrating ensemble spread information to the climate signal maps

The significance test is applied to each region, model, and GWL separately. Following the previous
test, a region passes if a certain fraction of ensemble members agree on a significant change. As in
Pfeifer et al. (2015), a model fraction of 66% and a significance level of 0.15 were applied. The
significance level can be adjusted depending on the application. To compare the results with the
findings of Pfeifer et al. (2015), the same significance level is applied here.

3.3 Integrating ensemble spread information to the
climate signal maps

Climate signal maps, introduced by Pfeifer et al. (2015), communicate the climate signals along
with their robustness. In this thesis, the climate signal map approach by Pfeifer et al. (2015)
is extended by an additional layer of information on the ensemble spread. To achieve this, the
ensemble needs to be categorized into large and small spreads, similar to the classification of the
climate signals into robust and non-robust. Here, the standard deviation is used as a measure of
the ensemble spread. The next step is to define a suitable threshold for the standard deviation that

categorizes large and small ensemble spreads.

To find such a threshold, several factors need to be considered. First, the standard deviation depends
on the unit of the variable and the magnitude of the signal. Therefore, a threshold must be defined
for each variable and index individually, and the unit of the variable needs to be considered. Second,
to be able to compare across different regions, the threshold must be set consistently for all regions.
In simple words, the goal is to find a practical threshold definition that applies consistently to all

regions and indices evaluated.

Here, two approaches to defining the threshold are proposed, depending on whether the index is
precipitation-based or temperature-based. For precipitation-based indices, a threshold based on
a coefficient of variation is suggested. The coefficient describes the ratio between the standard

deviation and the mean. It is computed by

°
o

CV ===30% (3.1
with the standard deviation o of the signal among the ensemble members and the mean signal i of
all regions with robust signals. The coefficient is set to 30 %. This results in a threshold for the
standard deviation of 30 % of the mean signal of all robust signals. Only regions with robust signals
are considered for the threshold to ensure that outliers are excluded, especially regions that show
signals in the opposite direction. For indices that show less than 30 regions with robust signals, the
mean signal of all regions is used instead to ensure a sufficient sample size and reduce the impact

of individual regions’ signals on the threshold.

For temperature-based indices, a different approach to setting the threshold is applied. Similar
to the definition of the categories for the climate signal maps, absolute thresholds are used. The

suggested thresholds are based on the limits set for the three different categories in the climate
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Table 3.3: Suggested thresholds for the standard deviation of temperature-based indices indicating a small
ensemble spread. These thresholds are based on the limits used in the climate signal maps.

Limits Threshold Indices

S5tol0 2 TR
10to25 5 ID
15030 5 WSDI

signal maps. Depending on the interval width between the two limits, the thresholds are selected
accordingly. For instance, for indices with limits of 5 and 10 days, the threshold for the standard
deviation is set to 2 days, while for limits that are further apart, larger thresholds are suggested.
Simply put, the larger the span between the two limits, the larger the accepted standard deviation.

Table 3.3 lists the suggested thresholds based on the limits in the climate signal maps.

The thresholds for the standard deviation among the ensemble members are applied for all regions
and indices. Regions with a standard deviation below the threshold are marked with hatching to

indicate a small ensemble spread. Regions with a large ensemble spread are left unhatched.
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4 Results

This thesis aims to investigate climate change signals of extreme indices over Germany. To evaluate
the climate change signals of extreme indices and their robustness, it is also important to examine
the underlying physical variables from which these indices are derived. Therefore, this chapter is
divided into two parts. The first part describes the climate change signals of seasonal precipitation
and temperature, focusing on winter and summer seasons. Particular emphasis is placed on the
robustness of the precipitation signals and factors affecting the number of regions with robust
signals. The second part presents the climate change signals of a representative selection of
the ETCCDI indices, divided into precipitation- and temperature-based indices. In addition to
robustness, the ensemble spread of the climate change signals is evaluated, which allows for a

further distinction of robust and non-robust climate change signals (see Figure 1.1).

There is one important general remark regarding the data used to obtain the results: At the time
of conducting the analyses presented here, no bias-corrected dataset based on the NUKLEUS
ensemble was available. For further details on the expected effects of performing a bias correction

on the results presented here, see Section 5.

4.1 Climate change signals of seasonal precipitation
and temperature

This section presents the seasonal climate change signals of the physical variables, precipitation
and temperature, and their robustness, focusing on the winter and summer seasons. Summer is

defined as June, July, and August (JJA), and winter as December, January, and February (DJF).

4.1.1 Climate change signals of winter and summer precipitation

In the following, the climate signal map method is applied to winter and summer monthly mean
precipitation data obtained from the NUKLEUS ensemble. The upper row of the figures shows the
climate signal maps with the ensemble median signals relative to the historical period. For each
region, the ensemble median of the spatial mean signal is shown. The signals are divided into three
categories: small signals below 10 % (yellow), medium signals from 10 % to 15 % (orange), and
large signals above 15 % (red). Only one direction of change is considered: an increase in monthly
mean precipitation is assessed for winter, and a decrease for summer. Climate change signals in the

opposite direction are shown in white. The left panel shows the climate change signals for GWL2K,
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and the right panel shows the signals for GWL3K. The bottom row of the figure shows the same
climate signal maps as the upper row, but with the robustness test applied to each region. The
applied robustness test (see Section 3.2.3) is illustrated in the Appendix Section A.1. Regions with
robust climate change signals are shown in color. Non-robust climate change signals are shown in
gray.
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Figure 4.1: Climate change signals in winter precipitation for GWL2K (left panels) and GWL3K (right
panels). (a) shows the absolute median climate change signals in mm/month. Blue colors indicate
an increase in winter precipitation, while brown colors indicate a decrease. (b) shows the climate
signal maps for an increase in winter precipitation. Median climate change signals are displayed
divided into 3 categories, representing low (yellow), medium (orange), and high (red) relative
changes. White areas indicate a decrease. The upper row shows the median climate change
signals for all regions, while the bottom row shows only regions with robust climate change
signals in color and non-robust in gray.
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4.1 Climate change signals of seasonal precipitation and temperature

Figure 4.1a displays the median climate change signals for monthly mean winter precipitation. For
GWL2K (left panel), most of the signals are relatively small. There are several regions that show
a decrease in winter precipitation, particularly in the central and southwestern parts of Germany.
For GWL3K (right panel), the majority of regions show an increase in winter precipitation, and
the signals are generally stronger than for GWL2K. A small subset of regions shows a decrease in
winter precipitation for GWL3K. The regions that show a decrease for GWL3K mostly overlap
with those showing a decrease for GWL2K.

Figure 4.1b shows the climate signal maps for an increase in winter precipitation. In the upper
row of the figure, the ensemble shows small increases in winter precipitation for both GWLs. For
GWL2K, most regions show a small increase in winter precipitation, which aligns with the absolute
values in Figure 4.1a. For GWL3K, the vast majority of the regions show a small relative change
in winter precipitation, with a few regions showing medium climate change signals. Although
the absolute signals in Figure 4.1a are stronger for GWL3K compared to GWL2K, these are still
largely categorized as small relative climate change signals in the climate signal maps (Figure
4.1b).

In the bottom row of Figure 4.1b, the robustness test is applied to the climate signal maps from the
upper row. For GWL2K, there is no region with a robust climate change signal. For GWL3K, a few
regions show a robust climate change signal, including the regions with medium signal strength.
There is no distinct spatial pattern with regard to which regions show a robust climate change signal
for GWL3K. However, nearly all regions showing medium signals are classified as robust. Still,

there are too few regions with a robust climate change signal to approve this trend.

Figure 4.2a shows the median climate change signals for monthly mean summer precipitation.
For GWL2K, there is a decrease in monthly mean summer precipitation in the western part of
Germany. In the eastern part of Germany, several regions show an increase in monthly mean
summer precipitation for GWL2K. For GWL3K, almost all regions show a decrease in summer
precipitation with stronger signals than for GWL2K. Regions in the South of Germany show
weak climate change signals for GWL3K, with several regions showing an increase in summer
precipitation. The strongest drying signals are located in the northwestern part of Germany for both
GWLs.

Figure 4.2b shows the climate signal maps for a decrease in summer precipitation. For GWL2K,
most regions show a small relative climate change signal, except for regions in the Northwest that
show medium to large signals. In the eastern part of Germany, several regions show an increase in
monthly mean summer precipitation for GWL2K. For GWL3K, almost all regions show a decrease
in summer precipitation with small relative signals. The drying signals in the Northwest intensify,

and more regions show medium to large relative climate change signals than for GWL2K.

The climate signal maps show relative climate change signals. This can be seen for the region
in the South of Germany, with a very strong absolute climate change signal for GWL3K (Figure
4.2a, right panel). Although the absolute signal is very strong and stands out compared to the
surrounding regions, it is still classified as a small relative signal in the climate signal maps (Figure
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Figure 4.2: Same as Figure 4.1, but for summer precipitation. (a) shows the absolute median climate change
signals in mm/month. (b) shows the climate signal maps for a decrease in summer precipitation.
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4.1 Climate change signals of seasonal precipitation and temperature

4.2b, right panel). This underlines the strength of the climate signal map method to evaluate the
climate change signal relative to the typical climatological conditions of an individual region, rather

than regarding the absolute signals alone.

Regarding the robustness of a decrease in summer precipitation in the bottom row, GWL2K
shows some regions with robust climate change signals located in the Northwest of Germany. For
GWL3K, there is a higher number of regions with robust signals located in a large coherent area
in the Northwest of Germany. The regions that show robust signals for GWL2K also show robust
signals for GWL3K. Medium to large climate change signals tend to be more robust than small
signals. This is expected, as a stronger median climate change signal indicates that individual
ensemble members show stronger signals and stronger climate change signals are more likely to be

statistically significant relative to the reference period.

Overall, the climate change signals for an increase in winter precipitation show small climate
change signals for both GWLs and low robustness. For summer precipitation, there are diverging
climate change signals for GWL2K, with a decrease in the West and an increase in the East of
Germany. For GWL3K, most regions show a decrease in summer precipitation, with the largest
signals in the Northwest of Germany. Both GWLs show more climate change signals classified as

robust for a decrease in summer precipitation than for an increase in winter precipitation.

Why are there so few regions with robust climate change signals?

The climate signal maps for both winter and summer show a small number of regions with robust
climate change signals, except for GWL3K in summer. This raises the question of why there are so
few regions with robust signals. The robustness of a climate change signal is indicated by the degree
of agreement of the ensemble members on the sign of the climate change signal and its significance.
To pass the robustness test, 6 out of 9 models must agree on the sign and the significance of the

climate change signal.

The first criterion, the agreement on the sign of the climate change signal, can be investigated based
on the absolute changes in mean precipitation for each ensemble member and GWL. This is shown
in Figure 4.3 for winter, and Figure 4.6 for summer. Increases in precipitation are shown in blue

colors and decreases in brown colors.

The second criterion is the agreement of the ensemble on the significance of the climate change
signal. The significance mask of the climate change signals for each ensemble member and GWL
is shown in Figure 4.4 for an increase in winter precipitation and in Figure 4.7 for a decrease in
summer precipitation. The red regions indicate regions with statistically significant climate change
signals in the specified direction relative to the reference period. Note that a one-sided significance
test is applied. This means that only significant climate change signals of the specified direction of
change are considered significant. Significant signals in the opposite direction are still classified as

non-significant.
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Figure 4.3: Climate change signals for monthly mean winter precipitation for each ensemble member of the
NUKLEUS ensemble. The changes are shown in mm/month. Each row corresponds to a GCM,
and each column corresponds to a CPM of the NUKLEUS ensemble.
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Figure 4.4: Significance mask for an increase in monthly mean winter precipitation for each ensemble
member of the NUKLEUS ensemble. Red regions indicate regions with significant climate
change signals. Each row corresponds to a GCM, and each column corresponds to a CPM of the
NUKLEUS ensemble. A one-sided significance test is applied at a significance level of 0.15.

Regarding the climate change signals of the individual models for GWL2K in winter (Figure 4.3
a), the individual models disagree in the sign and strength of the signals among different regions.
Some models indicate more regions with wetting signals. Other models indicate more regions
with drying signals. There are also models that show a balanced number of regions with drying
and wetting signals. For GWL3K (Figure 4.3 b), there is a higher fraction of regions with wetting
signals compared to GWL2K, especially for the models driven by the GCMs MIROC and MPI
(middle and lower row).
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4.1 Climate change signals of seasonal precipitation and temperature

Figure 4.5 shows the spatial mean signal over the whole model domain for each model, season,
and GWL. The same colors are applied as in Figures 4.3 and 4.6. For GWL2K, most of the models
show a weak drying spatial mean signal in winter precipitation. For GWL3K, all models show a
spatial mean wetting signal for winter precipitation. This indicates that there is a trend to more
regions with wetting signals among all models and a higher agreement on an increase in winter
precipitation for GWL3K.

DJF JA
ECE CCLM - 0.98 1.09 10.0
ECE ICON - 2.00 2.49 7.5
FeEREne I 50
£
MIROC CCLM - -1.15 0.96 25 £
E
T k=
g MIROC ICON - -0.10 2.82 00 2
= 2
s
MIROC REMO - -1.02 ‘ 4.52 -25 &
3
IS
MPI CCLM - -1.82 2.37 _5.0
MPI ICON - -0.11 2.78 75
MPI REMO - -0.60 3.57 ~10.0
DJF-GWL2K DJF-GWL3K JA-GWL2K JA-GWL3K

Figure 4.5: Spatial mean of the monthly mean precipitation signal over the whole model domain in winter
(DJF) and summer (JJA), shown for each ensemble member of the NUKLEUS ensemble and
each GWL. The climate change signals are given in mm/month.

Regarding the second criterion for robustness, the agreement on the significance of an increase in
winter precipitation (Figure 4.4), only a few regions per model show significant climate change
signals for GWL2K, with MPI-ICON and MIROC-REMO showing no regions with significant
climate change signals. For GWL3K, there are in total more regions that show significant climate
change signals. However, when individual models are considered, regions that show significant

signals for GWL3K do not correspond to those regions that show significant signals for GWL2K.

For example, for GWL2K, MPI-REMO (Figure 4.4a, bottom row, right plot) shows a few regions
with significant climate change signals in the Northeast of Germany, while for GWL3K (Figure
4.4b), regions with significant climate change signals are distributed across Germany. This illustrates
the lack of spatial consistency in the significance of the climate change signals across the two
GWLs. In winter, the sets of regions passing the significance test for GWL2K and GWL3K barely
overlap, despite an increase in the number of significant regions for GWL3K. This suggests that
the climate change signals remain weak compared to the median signals for the historical period,
so that most signals stay close to or fall below the threshold of significance. As a result, the spatial
pattern of significant changes varies between the two warming levels, even if the overall number of

significant signals increases.

Consequently, in winter, the key limiting factor for the robustness of the climate change signals
is the lack of significance, particularly for GWL3K. Although many regions show a consistent

wetting signal among the models, only a few regions show significant climate change signals. This
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results in a low number of robust climate change signals in the climate signal maps for winter
(Figure 4.1).

Regarding the climate change signals for GWL2K in summer (Figure 4.6 a), the individual models
show very different fractions of wetting and drying signals, similar to the signals for GWL2K
in winter. There is a higher fraction of drying signals for GWL3K compared to GWL2K in
summer, except for the model MIROC-REMO (middle row, right plot). However, there is a large

disagreement among the models in the direction of change within individual regions.

The spatial mean signals of the model domain (Figure 4.5) show that the differences between
the individual models are more pronounced in summer compared to winter and that the spatial
mean signals are stronger in summer than in winter, for both GWLs. For instance, for GWL2K in
summer, MIROC-CCLM, MIROC-ICON, MPI-CCLM, and MPI-ICON show a strong decrease in
precipitation in the spatial mean signal, whereas MIROC-REMO, ECE-REMO, ECE-CCLM, and
ECE-ICON show an increase. These strong, but opposing, spatial mean climate change signals
show that the ensemble does not agree on the direction of the climate change signals in summer.
The agreement on the direction of the signal is higher towards GWL3K in summer, as most models

show a higher fraction of drying signals here.

The significance of the climate change signals for a decrease in summer precipitation (Figure 4.7)
shows very different fractions of regions with significant climate change signals. For GWL2K
(Figure 4.7a), MIROC-ICON, MIROC-CCLM, MPI-ICON, and MPI-CCLM show significant
climate change signals for most of the regions, while other models show only a few to no regions
with significant signals. For GWL3K (Figure 4.7b), the total number of regions with significant
signals per model is higher compared to GWL2K. Especially, MIROC-CCLM, MPI-CCLM, and
MPI-ICON show significant signals across nearly all regions. The higher number of significant
climate change signals for GWL3K aligns with the larger number of regions with robust signals
in the climate signal map for GWL3K (Figure 4.2). In contrast to winter, there are already many
regions with significant climate change signals for GWL2K in summer (Figure 4.7a), and the
regions with significant signals for GWL2K in summer mostly match those for GWL3K (Figure
4.7b). Along with the generally higher signal strengths in summer, this indicates that there is a

consistent trend towards drying signals in summer precipitation that intensifies for higher GWLs.

However, there are still very different patterns regarding the significance of the climate change
signals in summer precipitation among the models. This is due to the diverging signs of the climate
change signals shown in Figure 4.6. Some models show a strong decrease in summer precipitation,
while others show mostly wetting signals. As a one-sided significance test is applied, regions with a
significant increase in summer precipitation are still classified as non-significant, leading to barely
any significant signals for models with mostly wetting signals like MIROC-REMO.

In general, the climate change signals in summer are more significant, especially for GWL3K, as
the signals intensify. This is also reflected by the higher number of regions with robust signals and

stronger ensemble median signals for summer, shown in Figure 4.2. Consequently, for summer, the
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Figure 4.7: Same as Figure 4.3, but for a decrease summer precipitation.

factor limiting the number of regions with robust signals is the diverging sign of the climate change
signals among the models.

Overall, both winter and summer show very different fractions of wetting or drying signals among
the models, especially for GWL2K. These diverging responses of the models for GWL2K are due
to high internal variability. The periods corresponding to GWL2K start in the years 2024, 2037, and
2038, depending on the driving GCM (see Table 3.1). GWL3K represents later time slices. This
highlights that GWL2K represents near-future projections of the climate. Therefore, the models
show diverging climate change signals for GWL2K in both seasons, as for upcoming decades,
projections of precipitation signals show high uncertainties (Seaby et al., 2013; Pfeifer et al., 2015).
The low agreement in the sign of the precipitation signals for near-future scenarios among different
models is due to high internal variability and model uncertainty (Seaby et al., 2013; Evin et al.,

2021; Hawkins and Sutton, 2009). These factors combine in a high uncertainty for near-future
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precipitation projections, which is reflected in the high number of regions that show non-robust

signals in the climate signal maps for GWL2K in summer and winter (Figures 4.11-4.12).

Regarding GWL3K, there is a higher fraction of wetting signals in winter and drying signals in
summer. This higher agreement on the sign of the climate change signals among individual models
is further underlined by the fewer white regions in the climate signal maps for GWL3K in summer
and winter (Figures 4.11-4.12).

The key factor limiting the number of regions with robust signals in the climate signal map for
winter is the lack of significance. Although more regions agree on an increase in winter precipitation
for GWL3K, the second criterion for robustness, which is the agreement on the significance of the
climate change signals, is not met. This is reflected in the climate signal map for winter precipitation
(Figure 4.1), where barely any region is classified as robust. The lack of significance is due to
the small signal strength in winter for both GWLs. As a result, the signals in winter precipitation
mostly fall within the range of internal variability and are not statistically distinguishable from the

reference period.

In contrast, the summer precipitation signals are stronger than in winter and intensify towards
GWL3K, leading to more significant climate change signals. Here, the key factor limiting the
number of regions with robust signals in the climate signal maps is the lack of agreement on
the sign of the climate change signals among the models. Although the signals of a decrease in
summer precipitation are significant for both GWLs, some models indicate an increase in summer
precipitation, especially for regions in the Southeast of Germany. This is also reflected in the
climate signal maps for summer (Figure 4.2) as most regions with robust signals are located in the
Northwest of Germany, while for GWL2K, the regions in the Southeast indicate a median increase

in summer precipitation and thus are shown in white.

A major factor driving the diverging climate responses in summer precipitation among the models is
the variation in how physical processes are represented in the CPMs (Télle et al., 2018). The CPMs
differ in their parameterizations, dynamical cores, and process implementations. These differences
in the model physics result in different precipitation responses. The large spread in the climate
change signals of summer precipitation across different models is consistent with the findings of
Coppola et al. (2021), who assessed seasonal precipitation responses using a multi-model RCM

ensemble.

Overall, based on the NUKLEUS ensemble evaluated here, there is a small number of robust
climate change signals for an increase in winter precipitation. This is mainly due to the lack of
statistical significance of the signals, as for GWL3K, the models show high agreement on the sign
of the signals of individual regions. In contrast, for summer, although the models show a high
number of significant signals for both GWLs, there is less agreement among the models on the sign
of the signals. Thus, the limiting factor for the robustness of the signals in summer is the agreement
on the sign of the climate change signals. Although there are more regions with a robust signal
in summer, the models show diverging patterns in the sign of the signals, which indicates a large

uncertainty in the projected signals among the models.
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Comparison to Pfeifer et al. (2015)

The climate signal map method was initially introduced by Pfeifer et al. (2015). In the following,
the climate signal maps for winter and summer precipitation signals (Figures 4.11-4.12) derived
from the NUKLEUS ensemble are compared to the findings by Pfeifer et al. (2015). They analyzed
three different regional climate model ensembles applying the climate signal map method, which is
the same applied here. Figure 4.8 shows their results for an increase in winter precipitation for an
ensemble of 10 simulations based on the representative concentration pathway (RCP) 4.5 by the
EURO-CORDEX initiative. Accordingly, Figure 4.9 shows their results for a decrease in summer
precipitation for the same ensemble and RCP. For more details on the simulations included in the
ensemble, see Pfeifer et al. (2015). Instead of GWLs, they used four 30-year time slices, starting
at the years 2031, 2041, 2051, and 2061. The reference period used was 1971 to 2000. The color
scheme of the climate signal maps used by Pfeifer et al. (2015) is the same as used in this work,

with one exception that in this work, yellow instead of green is used to indicate small signals.

For winter (Figure 4.8), the results of Pfeifer et al. (2015) show an increase in winter precipitation
for all regions, with the strongest signals in the South of Germany. Regions with robust climate
change signals are mainly located in the South and Central Germany. In summer (Figure 4.9), the
climate change signals for a decrease in summer precipitation are small. Many regions are showing
a decrease in summer precipitation. For the first two periods, these regions are mainly located in
the North of Germany. For the last two periods, they are located in the East and South. Hardly any

region shows robust climate change signals among all periods.

Comparing the results of Pfeifer et al. (2015) to the results of the NUKLEUS ensemble presented
in Figures 4.1 and 4.2, there are two major differences. First, the NUKLEUS ensemble shows
stronger climate change signals in summer than in winter. In contrast, the findings from Pfeifer
et al. (2015) show an inverse pattern with the strongest signals in winter. Second, in the NUKLEUS
ensemble, the highest amount of regions with a robust climate change signal is shown for a decrease
in summer precipitation, while Pfeifer et al. (2015) found most robust signals for an increase in

winter precipitation.

There are several potential reasons for the differences between the results presented here and
those obtained by Pfeifer et al. (2015). First, the RCM ensemble used by Pfeifer et al. (2015)
has a much coarser resolution of approximately 12km while the NUKLEUS ensemble is a CPM
model ensemble with a resolution of approximately 3km. As a consequence, deep convection is
parameterized in the ensemble used by Pfeifer et al. (2015), while it is resolved explicitly in the
NUKLEUS ensemble. Second, the ensembles are based on different RCMs and GCMs. Third, the
ensemble used by Pfeifer et al. (2015) is based on transient simulation and considers a total of four
30-year time slices spanning from 2031 to 2090, whereas the NUKLEUS ensemble is based on two
GWLs with the periods given for each model in Table 3.1. Lastly, the applied reference periods
differ, with Pfeifer et al. (2015) using 1971 to 2000, while the reference period applied here is 1961
to 1990. Section 5 will discuss which of these factors contributes most to the differences between

the results presented here and those obtained by Pfeifer et al. (2015).
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2031 - 2060 2041 - 2070 2051 - 2080 2061 - 2090

Decrease Not Robust <=10% >10% and <=15% >15%

Figure 4.8: Climate signal maps for an increase in winter precipitation, from Pfeifer et al. (2015). The
median climate change signals based on 10 RCM simulations from the EURO-CORDEX RCP4.5
simulations are shown for the periods 2031-2060, 2041-2070, 2051-2080, and 2061-2090. The
reference period is 1971-2000. The upper row shows the median climate change signals in
percentage. The climate change signals are displayed divided into 3 categories, representing
low (green), medium (orange), and high (red) relative changes. White areas indicate a decrease.
For the bottom row, the robustness test was applied, and only robust signals are shown in color.
Non-robust signals are shown in gray.

Increase Not Robust <=10% >10% and <=15% >15%

Figure 4.9: Same as Figure 4.8, but for a decrease in summer precipitation, from Pfeifer et al. (2015).
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4.1 Climate change signals of seasonal precipitation and temperature

4.1.2 Climate change signals of winter and summer temperature

The ETCCDI indices are based on precipitation and near-surface air temperature at 2m. The
previous section presented the climate change signals for winter and summer monthly mean
precipitation. The following section focuses on climate change signals in monthly mean winter and

summer temperatures based on the data obtained from the NUKLEUS ensemble.

Figure 4.10 shows the ensemble median temperature signals for winter in the upper row and summer
in the bottom row. In general, the climate change signals for GWL3K are more intense compared
to GWL2K for both seasons, and the signals for summer are stronger than for winter. In winter, for
both GWLs, the smallest signals are shown in the West of Germany, while the strongest signals are
shown in the Northeast. In summer, for GWL2K, regions in Central and Eastern Germany show
the strongest signals. For GWL3K, regions in the South and Northeast of Germany show distinct
strong signals. However, the median absolute climate change signals show small ranges within
a selected GWL and season. For instance, the summer temperature signals range for GWL2K
between 1.83°C and 2.13°C, and for GWL3K between 3.02°C and 3.65°C. This highlights that
the temperature differences in mean seasonal temperatures are less pronounced among the regions

or seasons, and the strongest differences are found between the two GWLs.
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Figure 4.10: Ensemble median climate change signals for winter (DJF, upper row) and summer (JJA, bottom

row) temperature in °C. The left panel shows the results for GWL2K, and the right panel shows
the results for GWL3K.

Figure 4.11 shows the climate signal map for winter temperature, and Figure 4.12 for summer tem-

perature. For both seasons, an increase in monthly mean temperature is assessed. All temperature
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signals are robust for both seasons and GWLs. Therefore, only one row of climate signal maps
is presented, which is analogous to the bottom row of the signal maps presented in Section 4.1.1.

Note that the categories for the temperature signals are expressed in absolute values given in °C.

GWL2K GWL3K

Latitude (°N)

6 8 10 12 14 6 8 10 12 14

Longitude (°E) Longitude (°E)
| I
Decrease Not Robust =<2°C >2 and =3°C >3°C

Figure 4.11: Climate signal map for an increase in monthly-mean winter temperature for GWL2K (left
panels) and GWL3K (right panels). Median signals are displayed divided into 3 categories,
representing low (yellow), medium (orange), and high (red) changes. All climate change signals
are robust.

GWL3K

Latitude (°N)

6 8 10 12 14 6 8 10 12 14
Longitude (°E) Longitude (°E)

Decrease Not Robust =2°C >2 and =3°C >3°C

Figure 4.12: Same as Figure 4.11, but for an increase in monthly-mean summer temperature. All signals are
robust.

In winter (Figure 4.11), all regions show small climate change signals for GWL2K except for one
region in the Southeast of Germany, which shows a medium signal. For GWL3K, the north-eastern
part of Germany shows large climate change signals above 3 °C, while the rest of the regions show

medium signals. In summer (Figure 4.12), for GWL2K, most of the regions show small climate
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change signals. Some regions in Central and Eastern Germany show median signals. For GWL3K,
all regions show large climate change signals, with a maximum climate change signal of 3.65°C.
The temperature signals for both seasons differ strongly between the two GWLs. Within each GWL,

the climate change signals show little regional variation and no pronounced regional features.

The results presented here show robust signals for both seasons and GWLs. This is consistent
with other studies examining the significance and robustness of temperature changes (e.g. Jacob
et al., 2014; Kjellstrom et al., 2018). The strong climate change signals in summer temperature
for GWL3K in the Southeast of Germany might be due to the orography. As shown, for example,
by Tolle et al. (2018), the orography influences the temperature response of climate simulations.
However, this connection between orography and stronger temperature responses is not consistent
across all regions, as other regions influenced by orography, such as the Black Forest in the

Southwest of Germany, do not show enhanced signals.

Comparing the two representations of the temperature signals from Figures 4.11-4.12 and 4.10
shows that regional differences are less apparent in the climate signal maps due to the application
of categories. A representation of the climate change signals without categories, like in Figure 4.10,

is more suitable to show regional differences in mean temperature signals.

4.2 Climate change signals of extreme indices

This section presents the climate change signals of a selection of ETCCDI indices, illustrated with
climate signal maps. The chapter is divided into temperature and precipitation-based indices. The
indices are derived from daily mean precipitation and near-surface air temperature at 2m data
obtained from the NUKLEUS ensemble. In addition to the robustness of the climate change signals,
the ensemble spread is evaluated. In contrast to the climate change signals for precipitation and
temperature shown in Section 4.1, the climate change signals of the indices are evaluated based on

annual changes rather than separated by season.

4.2.1 Climate change signals of temperature-based indices

The following section presents the climate change signals of a selection of temperature-based
ETCCDI indices. The considered indices exhibit robust climate change signals for all regions and
GWLs. Consequently, only a single row of climate signal maps is shown, with the robustness
test applied but not visible due to the absence of non-robust signals. Similar to the climate signal
maps of temperature in Section 4.1.2, the categories are given in absolute values. To evaluate the
ensemble spread, a threshold is applied for the standard deviation of each region (see Section 3.3
for more details). The threshold applied for temperature-based indices is based on the limits used
for the categories of the climate signal maps, given in Table 3.3. To illustrate the relevance of an
ensemble spread measure, the first part of this section focuses on the climate change signals of the

individual models for selected example regions.
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Tropical Nights (TR)

Figure 4.13a shows the median climate change signals for the number of tropical nights per year.
All regions show an increase in the number of tropical nights. For GWL2K (left panel), most of the
regions show small climate change signals below 5 days, except for the northern Part of the Upper
Rhine Valley in Southwest Germany, where the projected changes are stronger. For GWL3K (right
panel), the median climate change signals get stronger compared to GWL2K. Strongest signals
are found for the Upper Rhine Valley with an increase of more than 10 tropical nights per year.
Small regions, so-called city districts ("Stadtkreise"), exhibit particularly large signals. These urban
areas show a stronger increase in the number of tropical nights than their surrounding rural regions,
consistent with the urban heat island effect (Kabisch et al., 2023). This suggests a stronger increase
in the number of tropical nights in city districts than in their surrounding rural regions. The strong
increase in tropical nights for the Upper Rhine Valley and urban areas, especially for GWL3K,
is consistent with other studies (Pinto et al., 2025; van Riith et al., 2023). The spatial pattern of
an increase in the number of tropical nights aligns with the summer median temperature signals

(Figure 4.10, bottom right), as expected since tropical nights are derived from temperature.

Figure 4.13b shows the climate signal map for an increase in the number of tropical nights. All
climate change signals are robust. For GWL2K, small increases below 5 days are shown in most
regions, except the northern part of the Upper Rhine Valley, where medium signals are shown.
For GWL3K, the climate change signals intensify, with large signals in the Upper Rhine Valley,
and medium signals in southern and eastern Germany. Here, the city districts also stand out with
stronger climate change signals (medium to large) than their surrounding rural regions, as shown

for the median signals (Figure 4.13a).

While the robustness measure from Pfeifer et al. (2015) assesses agreement on the sign and
significance of the individual climate change signals within the ensemble, it does not reflect
agreement on the signal’s magnitude. This limitation is illustrated in Figure 4.14. Here, the increase
in the number of tropical nights for GWL3K is shown for selected example regions (highlighted
in Figure 4.13b, right panel). Figure 4.14 shows for each example region the individual climate
change signal of each model of the NUKLEUS ensemble as well as the ensemble median signal.
The different levels of the climate signal map are indicated by background colors, with the category
thresholds marked by red and orange lines. Regions C, E, and G show a large median ensemble
signal, Region F a medium signal, and regions A, B, and D show small median ensemble signals.
Below the region labels, the standard deviation is given in days, indicating the level of agreement

among ensemble members. Table 4.1 presents the corresponding values for each region and model.

All climate change signals of the individual models presented in Figure 4.14 are significant, and the
ensemble median signals are robust. However, while the models agree well in some regions, others

show considerable differences in the magnitude of the projected climate change signals.

Regions A and B show low variability across models, as reflected by the small standard deviations.
For example, the signals for region A range from 1.3 to 5.9 days, with a median of 3.9 days,

indicating good agreement on the magnitude of the signal. In contrast, regions C to G exhibit larger
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Figure 4.13: Climate change signals for a change in the number of tropical nights for GWL2K (left panels)
and GWL3K (right panels). (a) shows the absolute median climate change signals in days.
(b) shows the climate signal maps for an increase in the number of tropical nights. Median
signals are displayed divided into 3 categories, representing low (yellow), medium (orange),
and high (red) absolute changes, expressed in days. White areas indicate a decrease. All climate
change signals are robust. For GWL3K, a selection of example regions is highlighted with a
bold outline.
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Figure 4.14: Climate change signals for an increase in the number of tropical nights for the individual models
of the NUKLEUS ensemble for the selected regions (Figure 4.13b, right panel). The orange and
red lines mark the limits of the corresponding levels in the climate signal map (Figure 4.13b).
The standard deviation for each region is displayed in brackets below the region’s letter. The
ensemble spread is classified as small when the standard deviation is below the threshold of 2
days.

ensemble spreads. For example, the climate change signals in Region F range from 2.8 to 20.5
days, covering small, medium, and large categories (see also Table 4.1). Similarly, the signals for
region E range from 5.9 to 21.9 days. In region G, almost all models show large signals, but still
their magnitude varies strongly, ranging from 9.8 up to 29.1 days. This spread is not caused by a
single outlier, but rather several models showing signals above 20 days, while others range between
10 and 20 days. Comparable variations of the climate change signals are shown for regions C, D,
and E.

Interestingly, the models that show particularly high climate change signals are all driven by the
GCM MIROC (see Table 4.1). The maximum signals for each region are highlighted in bold in
Table 4.1. The maximum values across all regions correspond to the driving GCM MIROC, with
MIROC-REMO showing the most. This aligns with the findings from Cusinato et al. (2025), who
identified a warm bias in MIROC-driven simulations in the NUKLEUS-EUR11 ensemble. Since
the number of tropical nights is defined through a fixed threshold of TN > 20°C, this warm bias
results in a higher number of tropical nights for the MIROC-driven simulations than for the rest of

the ensemble members.

This highlights the relevance of considering the ensemble spread in addition to robustness. While
all example regions show robust signals, the degree of agreement on their magnitude differs. These
large differences in the signals’ magnitude are not reflected in the climate signal maps following
Pfeifer et al. (2015). Therefore, in the following, the ensemble spread is incorporated into the

climate signal maps.

Regions where the standard deviation is below a given threshold are referred to as regions with a
small ensemble spread, i.e., precise signal. In contrast, regions where the standard deviation exceeds
the threshold are considered to have a large ensemble spread. Regions with a small ensemble spread
are additionally marked with hatching. The threshold for the standard deviation depends on whether
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the considered index is derived from precipitation or temperature data. For temperature-based
indices, the threshold is determined based on the limits of the climate signal maps, given in Table
3.3.

Figure 4.15 shows the climate signal map for an increase in tropical nights with the consideration
of the ensemble spread. Here, the threshold for the standard deviation is set to 2 days. For GWL2K,
most of the regions show a small ensemble spread, except for the regions with a medium signal
in the Upper Rhine Valley and the northeastern part of Germany. This implies general agreement
among the models on the magnitude of the increase in tropical nights for GWL2K. This is also
highlighted in Figure B.2. Here, the individual signals of each ensemble member for the same
example regions as in Figure 4.14 are shown for GWL2K. Regions A to D exhibit a small standard
deviation and are hatched. Regions E to G remain unhatched, as their standard deviation is greater
than the threshold of 2 days. For GWL2K, the ensemble spread is lower than for GWL3K, which

is reflected in the higher number of hatched regions.

For GWL3K, only a few regions, mainly located in the South of Germany, exhibit a small ensemble
spread. This is also highlighted in Figure 4.14. For regions A and B, the standard deviation is
below the given threshold, and the regions are thus shown with hatching. In contrast, the standard

deviation of regions C to G exceeds the threshold and remains unhatched.

Although the ensemble spread for GWL3K is overall large, it is important to bear in mind that all
signals are robust. This means that the models consistently project a significant increase in the
number of tropical nights. The ensemble spread measure solely captures the agreement on the
magnitude of the signal, and thus provides additional insights into the precision of the ensemble
median signal displayed in the climate signal maps. This demonstrates that incorporating ensemble
spread allows for a further distinction between robust climate change signals by highlighting
differences in precision. This enables a more nuanced interpretation of the projected climate change

signals (see Figure 1.1).

Ice days (ID)

To also consider changes in cold temperature extremes, Figure 4.16a shows the median climate
change signals for the number of ice days. All regions show a decrease in the number of ice days for
both GWLs. For GWL2K, the regions with the strongest climate change signals are located in the
East of Germany and regions with small signals in the West. The same East-West pattern is shown
for GWL3K. The climate change signals for GWL3K are stronger than for GWL2K. Strongest

signals are shown for East-Central Germany, with a decrease of more than 15 days per year.

Figure 4.16b shows the climate signal maps for a decrease in the number of ice days. Here, a
threshold of 5 days was applied for the standard deviation to categorize the ensemble spread into
small or large. The signals for GWL2K show a West-East gradient with small signals below 10
days in the West of Germany and medium signals in the East and Central Germany. For GWL3K,

this West to East gradient intensifies, with medium signals in ice days for the western part and large
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Table 4.1: Climate change signals for the change in the number of tropical nights for GWL3K. The climate
change signal for each simulation within the NUKLEUS ensemble are given for the regions A to
G (Figure 4.13b, right panel). The unit is days. The simulations are sorted by the driving GCMs.
The maximum signals for each region are highlighted in bold.

Model A B C D E F G
ECE ICON 205 1.64 923 273 6.1 583 14.14
ECE CCLM 438 157 1101 174 695 381 13.19
ECE REMO 1.32 211 11.12 499 1205 9.1 17.4
MIROCICON 392 455 19.26 1251 17.83 17.58 29.13
MIROC CCLM 5.89 485 18.96 9.1 1529 12.01 24.12
MIROC REMO 5.13 6.64 18.52 14.57 2191 2045 27.01
MPI ICON 292 1.55 925 259 7.06 524 1321
MPI CCLM 425 099 838 146 588 284 9.84
MPI REMO 214 1.89 11.14 38 1145 695 17.05
GWL3K

Latitude (°N)
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8 10

12 14

12 6
Longitude (°E) Longitude (°E)
|
Decrease Not Robust =5days

V7] Small ensemble spread

>5 and =10days >10days

Figure 4.15: Same as Figure 4.13b, but including an evaluation of the ensemble spread for each region. The
ensemble spread is classified as small when the standard deviation is below the threshold of 2

days.
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signals in East and Central Germany. Some regions in the Northwestern part of Germany also show
small signals for GWL3K.

Regarding the ensemble spread, regions in the western part of Germany show a small ensemble
spread, as well as a few regions in Southern and Central Germany. Towards GWL3K, the number
of regions with a small ensemble spread slightly decreases, but remains concentrated in the West of
Germany. Overall, both GWLs show a West—East pattern in signal strength and model agreement
on the magnitude of the signals. Weaker signals with a small ensemble spread in the West of
Germany, and stronger signals with a large ensemble spread in the East. Despite the large ensemble
spread in many regions, all climate change signals for the number of ice days are robust, indicating
agreement among the models on a significant decrease in ice days. The decrease in the number of
ice days found here is consistent with the increase of near-surface air temperature for the winter
season (Figure 4.1). As ice days are defined by a temperature threshold, their number decreases
naturally with an increase in winter temperatures. The decrease in the number of ice days for

Germany aligns with previous findings (Pinto et al., 2025; van Riith et al., 2023).

Warm Spell Duration Index (WSDI)

So far, the considered temperature-based indices were based on the frequency of temperature
extremes. Next, an index that evaluates changes in the duration of temperature extremes is
evaluated. The Warm Spell Duration Index, WSDI, is defined as the number of days that are part of
warm spells. A warm spell is defined as 6 consecutive days that exceed the 90th percentile of daily
maximum temperature. Therefore, an increase in the WSDI indicates that warm spells become
more frequent and longer. Figure 4.17a shows the median climate change signals for the WSDI
per year. For GWL2K, most regions show an increase below 20 days, except for one region in the
North of Germany showing a higher value. For GWL3K, the climate change signals intensify with
the strongest signals in northern and central Germany. This indicates that warm spells are projected

to become more frequent and longer, especially for GWL3K.

Figure 4.17b shows the climate signal map for an increase in the WSDI. As for ice days, the
threshold for the standard deviation is set to 5 days. The limits for the categories range from 0-15
days for small signals (yellow), 15 to 30 days for medium signals (orange), and more than 30 days
for large signals (red). In GWL2K, the regions show mainly small to medium signals, with medium
signals in the North and South as well as in the middle part of Germany. For GWL3K, almost all

regions project a large increase in the WSDI of more than 30 days.

Regarding the ensemble spread, only some regions in the South of Germany exhibit small ensemble
spreads in GWL2K. For GWL3K, no region shows small ensemble spreads. Although all signals are
robust, indicating a clear increase in the WSDI, the large ensemble spread indicates the ensemble
median signal shown in the climate signal map may not fully represent the range of possible
magnitudes and should be interpreted with caution. Overall, the results show a robust trend towards
more frequent and longer-lasting warm spells for both GWLs projected, which is consistent with

previous findings (e.g. Sillmann et al., 2013b).
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Figure 4.16: Climate change signals for a change in the number of ice days for GWL2K (left panels) and
GWL3K (right panels). (a) shows the absolute median climate change signals in days. (b)
shows the climate signal maps for a decrease in the number of ice days. Median climate change
signals are displayed divided into 3 categories, representing low (yellow), medium (orange),
and high (red) changes. All climate change signals are robust. Regions with a small ensemble
spread are marked with hatching. The ensemble spread is classified as small when the standard
deviation is below the threshold of 5 days.
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Figure 4.17: Same as Figure 4.16, but for changes in the WSDI (warm spell duration index). All climate
change signals in (b) are robust. An increase in the WSDI is considered for the climate signal
maps.
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4.2.2 Climate change signals of precipitation-based indices

In the following, climate change signals for selected ETCCDI indices based on precipitation data
from the NUKLEUS ensemble are presented. For these indices, the categories in the climate signal
maps are expressed in percentages. The threshold for the standard deviation is set to 30% of the
mean robust signal (see Section 3.3 for details). If fewer than 30 regions show robust signals, the

threshold is calculated based on the mean signal across all regions.

Days with R10mm, R20mm, and R30mm

Figure 4.18 shows the climate change signals for a change in the number of days with a) R10mm,
b) R20mm, and ¢) R30mm. All three plots share the same colorbar. For GWL2K (left panels), the
strongest climate change signals are shown for an increase in the number of days with R10mm
in the East of Germany (Figure 4.18a), particularly in the South-East of Germany. The climate
change signals for changes in the number of days with R20mm and R30mm (Figures 4.18b-c) are
generally smaller than for R10mm, with the strongest signals located in the Southeast of Germany.
For GWL3K (rights panels), the climate change signals for all three indices intensify. The strongest
signals are shown for the change in R10mm. R20mm and R30mm show the strongest signals for

regions in the South of Germany.

Figure 4.18 shows the climate signal maps for an increase in the number of days with d) R10mm,
e) R20mm, and f) R30mm. The same categories for small (yellow, < 15%), medium (orange,

< 15%and > 25%), and large signals (red, > 25%) are applied to all three climate signal maps.

For GWL2K, the climate signal map shows mostly small signals for an increase in days with
R10mm (Figure 4.18d, left panel), with some regions showing a decrease in R10mm in Western
Germany. The ensemble median climate change signals for R20mm (Figure 4.18e, left panel) and
R30mm (Figure 4.18f, left panel) show an increase for GWL2K across most regions, with the
strongest signals in eastern Germany. The relative climate change signals for GWL2K increase

from R10mm to R20mm to R30mm, with most regions showing large relative signals for R30mm.

For GWL3K, a higher fraction of regions show an increase in days with R10mm, with some
medium signals in the Northeast. For R20mm, most of the regions, especially in the East of
Germany, show medium to large signals for GWL3K. For R30mm, almost all regions show large

climate change signals for an increase in the number of days with R30mm for GWL3K.

Although the strongest absolute signals are shown for R10mm (Figure 4.18a), the relative changes
are small in the climate signal maps (Figure 4.18d). Conversely, R30mm exhibits the weakest
absolute changes (Figure 4.18c), but strongest relative changes (Figure 4.18f). This indicates that
the most extreme events show the strongest relative increases in frequency, as they are rare in the
reference period. Similarly, while the absolute changes in R10mm are large, they represent only
a small increase relative to the reference period. These results indicate an intensification of the

frequency of extreme precipitation events with increasing GWLs, particularly for the more extreme
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4.2 Climate change signals of extreme indices

indices such as R20mm and R30mm. Moreover, the comparison of the absolute climate change
signals to the relative signals underline the purpose of the climate signal maps to illustrate the
climate change signals in a comprehensive way. Representing changes in relative terms makes the
results more accessible than using precipitation units, as users can better visualize the potential

impacts based on their knowledge of the climate conditions of their region.

The bottom row of Figure 4.18d shows that only a few regions display robust signals in the number
of days with R10mm for GWL2K. In contrast, R20mm and R30mm show more regions with
robust signals, again concentrated in the East (Figures 4.18e-f). For GWL3K, the number of robust
signals increases for all three indices compared to GWL2K. Medium to large signals are more often
classified as robust, with R30mm showing the highest number of robust signals for both GWLs. An
East—West gradient in the robustness and signal strength is shown across all indices: the strongest
and most robust signals occur more frequently in the East, while regions in the West show less
strong and less robust signals. This pattern is consistent with earlier results, which showed that
stronger climate change signals in summer precipitation are more often classified as robust (see
Section 4.1.1).

Regarding the ensemble spread, only a few regions meet the threshold for a small ensemble spread,
indicated by hatching. These regions are mostly found for R30mm in GWL3K, particularly in the
south of Germany. Here, R20mm also shows a few regions with a small ensemble spread. Overall,
the ensemble spread is high across regions and indices, indicating high variability in the magnitude

of changes in extreme precipitation events.

Interestingly, for GWL2K, some regions with non-robust signals in R20mm and R30mm still show
a small ensemble spread, indicated by gray colors and hatching in the bottom row of Figures
4.18e-f. Figure B.3 illustrates this further for selected example regions for R30mm and GWL2K.
The considered regions are illustrated in Figure 4.18f (right panel, bottom row). Region A shows a
robust medium signal and a small ensemble spread (red and hatched), while Regions B and C show
non-robust signals and at the same time a small ensemble spread (gray and hatched). This shows
that even if a signal is not robust, it can still be precise, indicating that no or a very weak climate
change signal is projected (see Figure 1.1). In contrast, Region E shows a large ensemble spread,
and the median climate change signal is not robust, indicating that the uncertainty is too high to
derive a climate change signal. The signal for Region D is robust, but shows a large ensemble

spread.

The values of the indices are all derived from the precipitation data obtained from the NUKLEUS
ensemble. As shown in Section 4.2.2, there is a large uncertainty in the winter and summer
precipitation signals of the NUKLEUS ensemble, showing diverging signals, especially for the
summer season. This disagreement in the sign and magnitude of the precipitation signals among
the models is reflected in the large ensemble spread of the precipitation-based indices. Therefore,
only a small number of regions show small ensemble spreads. There are more robust climate
change signals for the extreme indices R10mm, R20mm and R30mm presented in Figure 4.18d-f,

compared to the signals for mean winter and summer precipitation. This is consistent with findings
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of Pfeifer et al. (2015), where the 95th percentile of winter precipitation showed stronger signals

and more robust signals than for the mean precipitation signal in winter.

Overall, the number of days exceeding extreme precipitation sums shows a robust increase compared
to the reference period and intensifies towards GWL3K, particularly for the eastern part of Germany.
The indices R20mm and R30mm show the strongest relative climate change signals. Regarding the
climate change signals of extreme precipitation events, three main findings can be derived: first, the
more extreme the index, the stronger the relative climate change signals. Second, stronger relative
signals tend to be more robust. Third, the signals intensify in strength and show more robustness
towards GWL3K.

The results show that the most extreme indices, such as R30mm, exhibit the strongest and most
robust relative climate change signals. This pattern is consistent with previous studies, which found
that rare and more extreme precipitation events tend to intensify more strongly than moderate ones
under global warming (Ban et al., 2015; Hundhausen et al., 2024). The intensification of extreme
precipitation can be explained by the Clausius-Clapeyron relation, which describes a scaling of 7%
increase in the moisture capacity per degree warming. Moreover, for short-duration or convective
events, the scaling can even exceed the Clausius-Clapeyron scaling (Lenderink and Van Meijgaard,
2008).

Another factor for the strong relative changes of R20mm and R30mm is their low occurrence in the
reference period, which leads to larger relative increases in the climate change signal. In contrast,
the strongest absolute changes are found for R10mm (Figure 4.18a), which is consistent with the
results of Pinto et al. (2025). However, relative to the reference period, these changes are considered
small (Figure 4.18d).

Maximum length of dry spells (CDD)

So far, the analysis has focused on indices that measure the frequency of precipitation extremes.
Next, extreme indices that consider the duration of precipitation extremes are evaluated. Figure
4.19a shows the median climate change signals for a change in the maximum length of dry spells

(CDD), indicating changes in the maximum number of consecutive dry days.

For GWL2K (left panel), the majority of regions show an increase in CDD, with the strongest
climate change signals for regions in the Northwest of Germany. For GWL3K (right panel), the
median climate change signals are stronger than for GWL2K, and all regions show an increase
in CDD. The strongest signals are shown for regions in Central Germany, particularly in the

western-central part.

Figure 4.19b shows the climate signals maps for an increase in CDD. For GWL2K, most regions
show a small relative increase in CDD, except for a few regions in Southeastern Germany that show
a decrease. The strongest relative signals for GWL2K are shown in Western Germany, with medium

to large signal strength. For GWL3K, the largest relative climate change signals are located in
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Figure 4.18: Climate change signal for a change in the number of days with (a) R10mm, (b) R20mm, and (c)
R30mm for GWL2K (left panels) and GWL3K (right panels). (d-f) shows the climate signal
maps for an increase in the number of days with (d) R10mm, (¢) R20mm, and (f) R30mm.
Median climate change signals are displayed divided into 3 categories, representing low (yellow),
medium (orange), and high (red) relative changes. White areas indicate a decrease. The upper
row shows the median climate change signals for all regions, while the bottom row shows only
regions with robust climate change signals in color and non-robust in gray. Regions with a small
ensemble spread are hatched. The ensemble spread is classified as small when the standard
deviation is below the threshold based on 30% of the mean robust climate change signal. For
R30mm and GWL2K (f, bottom row, left plot), selected example regions are outlined in bold.

Central Germany and the Alpine Foreland in the South of Germany, while northern and southern

regions show small climate change signals.

Regarding the robustness of the signals (bottom row of Figure 4.19b), most of the regions show
non-robust signals for GWL2K. There are a few robust climate change signals for regions in the
West of Germany. For GWL3K, the number of regions with robust climate change signals is higher
compared to GWL2K. These are mainly located in Central Germany, where the signals are also
medium to large. Regarding the ensemble spread, no region exhibits a small ensemble spread for
both GWLs.

In Section 4.1.1, seasonal changes in mean precipitation are evaluated. For winter (Figure 4.1b),
the ensemble shows small climate change signals for an increase in mean precipitation, but the
changes were not classified as robust for both GWLs. In contrast, for summer (Figure 4.2b), the
ensemble projects a decrease in summer precipitation, especially for GWL3K. The regions with
the strongest climate change signals for a decrease in summer precipitation for GWL3K are located
in the Northwest of Germany and show robust changes. This pattern aligns with the CDD climate

change signals for GWL3K (Figure 4.19b, right panel), where the strongest increases in CDD are
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Figure 4.19: Climate change signals for a change in the maximum length of dry spells (CDD) for GWL2K
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(left panels) and GWL3K (right panels). (a) shows the absolute median climate change signals
in days. (b) shows the climate signal maps for an increase in CDD. Color scale and hatching are
consistent with Figure 4.18.



4.2 Climate change signals of extreme indices

also found in Western Germany, overlapping with the regions that show the strongest decreases in

mean summer precipitation for GWL3K (Figure 4.2b, right panel).

Although annual changes of CDD are considered, dry spells predominantly occur in summer
(Spinoni et al., 2017). As shown in Section 4.1.1, the individual models show diverging climate
change signals for summer precipitation (Figure 4.6), resulting in a large spread. This large spread
is reflected in the CDD signals, as CDD is derived from the precipitation data. Consequently,
there is a large ensemble spread for CDD, and no region exhibits a standard deviation below the
threshold.

Overall, based on the NUKLEUS ensemble, there is an increase in CDD for both GWL2K and
GWL3K. The climate change signals intensify towards GWL3K, and there is a higher number of
regions with robust climate change signals compared to GWL2K. Medium to large climate change
signals are generally more often classified as robust compared to small signals. This is consistent
with the findings for the indices R10mm, R20mm, and R30mm. The projected increase in CDD
shown here aligns with the previous studies (Coppola et al., 2021).

Maximum length of wet spells (CWD)

Figure 4.20a shows the changes in the maximum length of wet spells (CWD). The majority of
regions show negative climate change signals for both GWLs, indicating a decrease in CWD. The
signal strength does not considerably vary between GWL2K and GWL3K. Several regions show
positive changes indicating an increase in CWD. The regions that show an increase in CWD for
GWL2K are not the same regions as for GWL3K.

Figure 4.20b shows the climate signal maps for a decrease in CWD. Note that the limits applied
for the categories are smaller than those used for other indices such as CDD. The threshold for
large signals in CWD corresponds to the threshold for small signals in CDD. These small limits are

applied to emphasize the relatively low magnitude of the relative climate change signals in CWD.

In most of the regions, a decrease in CWD is projected for both GWLs. For GWL2K, most of
the regions show small signals below 5 % relative change. Some regions in Central and North of
Germany show medium signals between 5-10% relative change. A few regions show an increase in
CWD. For GWL3K, the number of regions with medium signals is lower than for GWL2K. The
majority of regions show small signals. For GWL3K, there are also a few regions with an increase

in CWD. These regions do not correspond to the regions with an increase for GWL2K.

For both GWLs, hardly any region shows a robust climate change signal for an increase in CWD.
Interestingly, the number of robust signals decreases for GWL3K, from 11 regions for GWL2K to
6 regions with robust climate change signals for GWL3K. No region exhibits a small ensemble
spread for both GWLs.

The absence of robust climate change signals and a decrease in the number of robust signals towards
GWL3K indicates that no robust change in CWD can be derived from the NUKLEUS ensemble.
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Figure 4.20: Climate change signals for a change in the maximum length of wet spells (CWD) for GWL2K
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(left panels) and GWL3K (right panels). (a) shows the absolute median climate change signals
in days. (b) shows the climate signal maps for a decrease in CWD. Color scale and hatching are
consistent with Figure 4.18.
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This is further supported by the overall weak signal strengths, which even decrease for GWL3K.
Although annual changes of CWD are considered, the results align with the seasonal trends in
mean precipitation (see Section 4.1.1). There is no robust increase in winter precipitation for both
GWLs (Figure 4.1), and there is a trend in summer precipitation towards drying signals (Figure
4.2). Together, this aligns well with the results for a small increase in CWD (Figure 4.20b), which

is not robust. Therefore, no climate change signal for CWD can be derived.

Regarding the ensemble spread of both climate signal maps, no region exhibits a small ensemble
spread. The climate change signals for CWD are very small. As the number of regions with robust
signals is very low for both GWLs, the threshold for the standard deviation is based on the mean
signal of all regions. Given that the climate change signals for CWD are very small, this results
in a very small threshold for the ensemble spread of approximately 0.1 days. Consequently, the
standard deviation exceeds this low threshold in all regions, and no region is classified with a small
ensemble spread. This highlights a limitation of the threshold definition, which is discussed further
in Chapter 5.

Figure 4.21 shows the climate signal maps for CWD, similar to Figure 4.20b, but with a different
threshold for the ensemble spread. Here, the threshold is set to 0.5 days for both GWLs, resulting

in many regions with a small ensemble spread.

Although most climate change signals in CWD are small and not robust, considering the ensemble
spread helps distinguish regions with no or very weak signals from those where uncertainty is too
high to draw reliable conclusions (see Figure 1.1). This distinction is illustrated in Figure 4.22,
which shows the climate change signals of each ensemble member in the NUKLEUS ensemble for

selected regions under GWL3K (see Figure 4.21, right panel, bottom row).

Regions A to C show a small ensemble spread with a standard deviation below the threshold of 0.5
days. The individual signals of the ensemble members show small values close to zero for all three
regions. The good agreement on the very small magnitude among the ensemble members indicate

that no climate change signal in CWD can be derived for these regions.

In contrast, for regions E and F, the individual models differ widely in their magnitude and even
show opposing signs, reflecting high uncertainty. In these cases, the lack of robustness can be
attributed to high uncertainty among the ensemble members instead of a lack of signal. This
highlights the difference between non-robust signals with a small ensemble spread (A-C) and those

with a large ensemble spread (E-F).

Region D shows a robust climate change signal with a small ensemble spread. Here, the individual

models indicate a decrease in CWD, resulting in a robust and precise signal.

This demonstrates that the classification approach (see Figure 1.1) only works if the threshold is set
to realistic values, ensuring a meaningful distinction between regions with small and large ensemble
spread. If the threshold is set too low, however, all regions may be falsely classified as having a

large ensemble spread (see Figure 4.20).
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spread is classified as small when the standard deviation is below the threshold of 0.5 days.



4.2 Climate change signals of extreme indices

Climate in CWD (days)
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Climate change signals for a decrease in the maximum length of wet spells (CWD) for GWL3K
of the individual models of the NUKLEUS ensemble for the selected regions in Figure 4.21,
right panel. The individual signals of each model and each example region are displayed, along
with the ensemble median signal. The standard deviation for each region is displayed in brackets.
The threshold for the standard deviation applied here is 0.5 days.
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5 Discussion

This thesis analyzes the robustness of climate change signals for mean summer and winter tem-
perature and precipitation, as well as selected ETCCDI indices, based on data obtained from the
NUKLEUS ensemble. The first objective is to identify which climate change signals are classified
as robust. Climate signal maps are used to evaluate the robustness of the climate change signals.
The second objective is to assess whether incorporating the ensemble spread into the climate signal
maps adds value. For this purpose, a threshold is introduced to categorize the ensemble spread as

either small or large.

5.1 Robustness of the climate change signals for mean
temperature, precipitation, and the ETCCDI indices

The results show robust and spatially consistent warming signals for the mean temperature across
all regions, seasons, and GWLs. In contrast, the precipitation signals are less consistent, with low
robustness and diverging signals, particularly for the near-future period, GWL2K. There are more
robust signals for a decrease in summer precipitation than for an increase in winter precipitation,

although the signals for summer precipitation show a higher variability.

Temperature-based indices show robust climate change signals across all regions and GWLs, and
an intensification for GWL3K compared to GWL2K. The precipitation extremes show generally
more robust signals and consistency than for the mean precipitation signals. The results indicate
more frequent and intense precipitation extremes, both for wet and dry extremes, except for CWD,

where no trend is identified.

The robustness and spatial consistent trend for both an increase in mean temperature changes and
temperature extremes are consistent with previous studies (Jacob et al., 2014; Kjellstrom et al.,
2018). The higher robustness of the climate change signals of precipitation extremes, compared
to mean precipitation signals, aligns with other studies showing an intensification and higher
significance for precipitation extremes (Sillmann et al., 2013a; Fosser et al., 2024; Prein et al.,
2013). The signals in mean summer and winter precipitation for GWL2K differ both in sign and
strength, indicating substantial internal variability for near-future precipitation changes. This aligns
with other studies, which also show high variability in near-future precipitation signals (Seaby et al.,
2013; Pfeifer et al., 2015; Evin et al., 2021).
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The high internal variability can be attributed to various effects, including the ensemble size. The
NUKLEUS ensemble is based on three CPMs and three GCMs resulting in 9 ensemble members.
One potential reason for the diverging climate signals and the high internal variability is that the
ensemble size is not sufficient to correctly represent internal variability. As no single model can be
considered "correct", the more models included in the ensemble, the more the results can be trusted.
Including additional models in the ensemble might broaden the range of possible realizations of
future precipitation projections, which could lead to a clearer ensemble mean signal. However,
the large spread in precipitation signals does not necessarily imply a bad performance of the
ensemble (Jebeile and Barberousse, 2021). Since every climate simulation based on a specific
model represents a possible realization of the future climate, a wide spread implies that the ensemble
covers a wide bandwidth of potential future projections. This can also be seen as an indicator of the

trustworthiness of the ensemble.

5.1.1 Comparison to Pfeifer

Not only does the number of models included in the ensemble influence the outcome, but also the
selection of which models are included (Evans et al., 2014; Herger et al., 2018). The relevance
of the model selection is reflected in the comparison of the findings here to the results of Pfeifer
et al. (2015). Although the same method as in Pfeifer et al. (2015) is applied, the robustness and
strength of the climate change signals in mean precipitation presented here differ substantially from
those of Pfeifer et al. (2015). The NUKLEUS ensemble shows the strongest signals and the highest
number of robust signals for a decrease in summer precipitation, while Pfeifer et al. (2015) found

the strongest and most of the robust signals for an increase in winter precipitation.

Several differences between the NUKLEUS ensemble and the ensemble used by Pfeifer et al.
(2015) are identified in Section 4.1.1. These include differences in spatial resolution, the models
included in the ensembles, the choice of time periods and GWLs, as well as the use of different
scenarios, RCP4.5, and SSP370.

To address these differences, a comparison with the EUR11-NUKLEUS ensemble and the findings
of Pfeifer et al. (2015) is presented in the Appendix Section A.2.1. Here, both ensembles are
compared for the same model domain, at the same resolution, and for the same time periods.
Note that at the time of the analysis not all simulations of the NUKLEUS-EUR11 ensemble were
available. However, the NUKLEUS-EUR11 ensemble shows similar results to the NUKLEUS
ensemble on the CEU3 domain and differs substantially from the results of Pfeifer et al. (2015). This
implies that the model selection plays a major role in the differences between the two ensembles.
The model selection is not the only difference between the two ensembles. The considered scenarios
are SSP370 for the NUKLEUS ensemble and RCP4.5 in Pfeifer et al. (2015). Consequently, the
differences between the two ensembles cannot solely be attributed to the selection of models within

the ensembles.

Overall, the comparison of the results from Pfeifer et al. (2015) and the NUKLEUS-EUR11

ensemble shows that the model selection for a climate model ensemble is important and directly
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affects the outcome of the results. This strong dependence of the model selection within ensembles
is in line with previous studies showing the relevance of the ensemble constellation (Evans et al.,
2014; Herger et al., 2018).

5.1.2 Effects of applying GWLs

Due to the high computational costs of CPMs, the simulations are based on GWLs instead of
transient simulations. As each GCM reaches a certain GWL at a different period, the simulations
represent different temporal slices (see Tab. 3.1). This can limit the comparability, as some effects
such as land use changes, aerosol forcings, and natural variability like different phases of ENSO
or AMOC are also dependent on the time and might be in different phases for the different time
slices selected for the GWLs. As discussed before, GWL2K represents near-future periods (see
Table 3.1), which limits the number of robust signals. The ECE-driven simulations, which reach
GWL2K earliest, exhibit particularly few significant regions at this warming level.Pfeifer et al.
(2015) showed similar findings. They compared different periods of transient simulation and

showed that later periods exhibit more robust signals than near-future periods.

Furthermore, the periods for the GWLs cover 30 years. This raises concerns that long-term
variability and trends may not be adequately captured within the period. Therefore, transient
climate simulations would represent the statistics of extremes more adequately (Hundhausen et al.,
2024). However, as the focus here is on the signals for the ETCCDI indices, which evaluate

moderate extremes of return periods of approximately a year or less, 30-year time slices are suited.

5.1.3 Bias correction

Another important factor that needs to be considered is that the data evaluated in this thesis has not
been bias-corrected. This is especially important for the interpretation of the climate change signals
of the ETCCDI indices and for assessing climate change impacts (Teutschbein and Seibert, 2012;
Chen et al., 2021).

At the time of this analysis, the output of the NUKLEUS ensemble was not bias-corrected. Bias
correction is applied to climate model output to avoid systematic errors, such as consistently too
high temperatures or errors in the timing or amount of precipitation (Christensen et al., 2008;
Teutschbein and Seibert, 2010). To address this, the climate model output is bias-corrected based on
observational data (Teutschbein and Seibert, 2010, 2012). This is especially important for climate
impact studies, as uncorrected data can over- or underepresent climate statistics like extreme events,
leading to misleading results (Teutschbein and Seibert, 2012). This underlines the importance
of applying a bias correction, especially for assessing climate change impacts and extremes. An
additional approach to addressing systematic biases in climate model ensembles is to use full matrix
structured ensembles to avoid the over- or underrepresentation of certain models (Vautard et al.,
2021; Déqué et al., 2012). This applies to the NUKLEUS ensemble, which includes three CPMs
and three GCMs.
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During the process of bias correction, for example, with quantile delta mapping, the climate signal
of a variable is kept constant and only the baseline is corrected. Thus, the seasonal precipitation and
temperature signals are marginally affected by bias correction (Ugolotti et al., 2023). This is not the
case for the climate signals of the extreme indices. As some indices are defined based on absolute
thresholds, they are very sensitive to systematic biases like too hot temperatures. For instance, the
simulations driven by the GCM MIROC show a warm bias. This warm bias is consistent with the
findings of Cusinato et al. (2025), where they find a warm bias in the MIROC-driven simulations
for the historical period in the NUKLEUS-EURI11 ensemble. Regarding the number of tropical
nights, the MIROC-driven simulations consistently show a higher number of tropical nights (see
Tab. 4.1), as more days exceed the threshold of TN > 20°C than for the other simulations. This
may lead to unrealistic results and, when evaluating an ensemble of different models driven by
various GCMs, to a large ensemble spread, as shown, for example, in the signals for tropical nights
for GWL3K (Figure 4.15).

Therefore, uncorrected data must be analyzed with caution. The missing bias correction is one
key factor explaining why the models exhibit such large ensemble spreads for the climate signal
in the extreme indices, particularly for temperature-based indices, due to the warm bias of the
MIROC-driven simulations. However, since the bias-corrected data were not available at the time
of this analysis, uncorrected data were used to assess and demonstrate the proposed method of

extending the climate signal maps by the ensemble spread.

5.1.4 Limitations of the climate signal maps

The analysis of the climate change signals is conducted using climate signal maps introduced by
Pfeifer et al. (2015). The climate signal maps categorized the signals into three levels of signal
strengths. The choice of the limits for the levels depends on the considered variable or index and is
not fixed. Therefore, the classification of the signals into small, medium, and large signals is up to
the user and the application. The limits applied here are therefore only one possible realization.
As the categories are generally very broad, the choice of the limits has a significant impact on the
outcome of the classification of the signals. This is shown in Figure 4.20, where very small limits
were applied compared to the limits for example of CDD (Figure 4.19). If the same categorization
were applied to CWD, all signals would be classified as small. However, setting lower limits for the
categories aimed to show how small the signals of CWD are. In addition, the use of the categories

leads to a loss of information on regional differences of smaller scales than the chosen levels.

Climate signal maps consider only one direction of change and do not give any information on
the strength or robustness of the opposite direction signals. Therefore, the method is only suitable
for variables or indices that show a single direction of change, or in the case that the user is only
interested in one direction of change. For instance, regarding summer precipitation signals in
GWL2K (Figure 4.1), the results show approximately half of the regions indicating an increase in
summer precipitation. As a decrease was considered, no information on the strength of the regions

with positive changes in summer precipitation is displayed.
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5.1 Robustness of the climate change signals for mean temperature, precipitation, and the ETCCDI indices

Pfeifer et al. (2015) applied the climate signal map method only to precipitation data with categories
based on relative changes. Here, the climate signal maps were also applied to seasonal temperature
and temperature-based indices. As the values of the temperature-based indices, such as tropical
nights, are close to zero for the reference period, expressing the climate signals in relative terms leads
to unrealistic high values. Therefore, the climate change signals for temperature and temperature-
based indices are shown in absolute values. The evaluation of the temperature signals using climate
signal maps showed that the climate signal maps are less suited for temperature signals compared
to precipitation signals. As the signal strengths differ strongly between both GWLs, the broad
categories lead to nearly no regional features being displayed. Thus, for climate change signals of
mean winter and summer temperature, the climate signal maps are not suited, and the ensemble

median signals should be displayed for the individual regions without categories.

The results for mean precipitation and the precipitation-based indices show that representing
the signals in relative terms enables a clearer visualization of climate change signals for users.
Precipitation units are less intuitive for users outside the academic context. Representing the signals
in relative terms allow them to directly relate the changes to their knowledge of the regional climatic
conditions of their region. This is shown, for example, for the climate change signals of R10mm,
R20mm and R30mm (Figures 4.18a-f). Although the strongest absolute changes are shown for
R10mm, R30mm shows stronger relative signals. This means that compared to the reference period,
the frequency of very extreme events (R20mm and R30mm) increases stronger than for moderate
extreme events (R10mm). Therefore, representing the climate change signals of mean precipitation
and precipitation-based indices in relative terms reveals important additional information to the
users than when solely considering absolute values. It allows to assess the projected signals in the
climatic context of the respective region and takes into account the previous state of the considered

variable or index in a reference period.

The data analyzed in this thesis is based on the NUKLEUS ensemble, which is a convection-
permitting climate model ensemble. Although, the high resolution of the CPMs represent a
well-suited resolution for the rural district of Germany, the resolution might be still too coarse
for very small regions. This is reflected in the results for the autocorrelation. Most of the regions
exhibit values for autocorrelation within the acceptable range for the significance testing, however,
there are some outliers with very high autocorrelation (see Table B.1). As Pfeifer et al. (2015)
suggested, for very small regions, neighboring regions should be considered for the interpretation

of the results.

In this thesis, the climate signal maps are used to evaluate climate change signals of extremes.
Two aspects need to be considered when averaging extremes over regions: the spatial heterogenity
of extremes and the comparability of large and small regions. Some extremes, such as heavy
precipitation events, occur at small spatial scales and spatially heterogeneously. This can lead to a
loss of information when averaged spatially (Pfeifer et al., 2015). Moreover, the different sizes of
the regions also affect the comparability between the regions (Pfeifer et al., 2015). For example,
very small regions cover only a few to a single grid point, whereas large regions include multiple
grid points. Therefore, averaging over the spatial extent of a large and a small region might not be

comparable, as extremes might be smoothed spatially for the large regions (Pfeifer et al., 2015).
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5 Discussion

5.2 Added value of ensemble spread

For the analysis of the ETCCDI indices, the ensemble spread is incorporated in the climate signal
maps by Pfeifer et al. (2015) using a threshold for the standard deviation. The threshold divides
the ensemble spread for each region into either small or large. The climate change signals of the

considered indices show a large ensemble spread for most of the regions.

The large ensemble spread for the temperature-based indices is primarily due to the warm bias in
the temperature data of the MIROC-driven simulations. This warm bias leads to high ensemble
spreads in the indices, as this bias is carried forward in the derivation of the indices. Since the
indices presented here are defined by a temperature threshold, a warm bias in the temperature data

artificially increases the number of days that exceed this threshold.

The large ensemble spread for the precipitation-based indices is reflected in the diverging precipita-
tion signals for summer and winter (Figs. 4.3 and 4.6). As discussed before, the climate change
signals in seasonal mean precipitation not only show diverging signs among the individual models

but also do not agree on the significance of the signals (Section 4.1.1).

Although a large ensemble spread is not necessarily a drawback, the question is how to communicate
it (Jebeile and Barberousse, 2021). The initial climate signal map approach by Pfeifer et al. (2015)
categorized the climate change signals into three classes: robust, non-robust, and opposite direction
of change. The incorporation of the ensemble spread into the climate signal maps adds new
information on the precision of the illustrated signal magnitude in the climate signal maps. This
allows a more nuanced interpretation of robust and non-robust signals. Four categories of climate
change signals can be distinguished: robust and precise, robust but not precise, weak or no signal,
and high uncertainty (see Figures 1.1 and B.1). With this approach, robust signals are further
evaluated based on the precision of the signals, and non-robust signals can be distinguished into a
lack of signal and a lack of information. This distinction is important, as highlighted by Tebaldi
et al. (2011), who show that it matters whether a signal is not robust because there is no climate
change, or because the disagreement among the models of an ensemble is too large to identify a

climate change signal.

This classification is shown for several indices. The relevance of further distinction of robust
signals is shown, for example, in the climate change signals for tropical nights (Figure 4.15) or
days with R20mm or R30mm (Figure 4.18). Here, the results show with both robust and precise
signals (colored and hatched), and robust but not precise signals (colored and unhatched). For the
latter, the ensemble median does not represent the magnitude of the change precisely, and thus the
classification into small, medium, and large signals within the climate signal maps is not reliable.
This is, for example, shown for region G in Figure 4.1. Although the ensemble median is classified

as a medium signal, the values range from small, medium, to large signals.

The more nuanced distinction for non-robust signals is reflected, for example, in the climate change
signals for CWD (Figure 4.21). Most of the regions show non-robust climate change signals.

Including ensemble spread helps to separate regions where no climate change signal is projected
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5.2 Added value of ensemble spread

from regions where the ensemble shows high uncertainty in the climate change signal. This adds
valuable information for the interpretation of the non-robust signals, which is particularly relevant
for determining adaptation measures. The information on whether a region shows no climate change
signal or whether the uncertainty is too high affects the next course of action. In the case that there
is no climate change signal, no adaptation measure is needed. In the case where the uncertainty is
too high, the next course of action depends on the application and potential consequences. Here, the

decision-maker can decide on whether further studies should be conducted to obtain more clarity.

Similarly, if a region shows a robust climate change signal, the precision of the magnitude of
the signal is important for the decision. In the case that the climate change signal is robust and
precise, appropriate adaptation measures can be applied. If the signal is robust but not precise,
the decision-maker knows that there is a reliable climate change signal for their region, but the
magnitude of the signal is uncertain. In this case, the range of signals or the maximum value should
be considered in the decision process. Depending on the potential consequences of the considered
index or variable, further studies can potentially provide more precise information on the climate
change signal. This clearly shows that the suggested incorporation of the ensemble spread into the
climate signal maps adds valuable information for its user on how to interpret the results and how

to derive the next course of action.

5.2.1 Limitations of the extended climate signal map approach

However, there are some limitations to the presented method here. The ensemble spread is evaluated
based on a threshold for the standard deviation. Although the standard deviation is a good choice
as a measure due to its robustness against single outliers and as it is a commonly known statistical
measure, it has the same unit as the considered variable or index. This complicates finding a

universal threshold definition that applies to all indices and enables a good comparison.

For precipitation-based indices, a threshold based on 30 % the mean robust signal is set. As a result,
the threshold increases as the signal increases, which makes it suitable to compare indices that show
different magnitudes and enables a universal threshold definition and comparison between different
indices. However, the dependency on the signal strength leads to differences among the GWLs.
Furthermore, it is not a given that robust signals show a better ensemble spread than non-robust
signals. Therefore, deriving the threshold from only robust signals does not guarantee a better
choice. However, as robust signals agree on the same sign of change and exhibit significant climate

change signals, which exclude outliers of opposite or very small signals from setting the threshold.

Moreover, if the climate change signals are very small, the resulting threshold is also very small.
This is reflected in the climate change signals for CWD (Figure 4.20). As the climate change signals
are very small for CWD, the resulting threshold is very small, and no region exhibits a standard

deviation below the threshold.

This clearly demonstrates the limitations of a universal threshold definition. Instead of using a

universal threshold definition that applies to all indices, it is more effective to choose the threshold

65



5 Discussion

individually for each variable or index. This ensures that the threshold is set to realistic values.
To further enhance the usefulness of climate signal maps, the threshold for the ensemble spread
should ideally be determined in collaboration with the targeted users and tailored to the specific

application.

Since the initial universal threshold applied to the climate signal maps of CWD did not perform as
intended (Figure 4.20), a new threshold was tested for a small ensemble spread illustrated in Figure
4.21. The adjusted threshold allows for the classification of non-robust signals with either a small
or a large ensemble spread. This shows that if the ensemble spread threshold is defined individually,

incorporating the ensemble spread adds valuable information to the climate signal maps.

For temperature-based indices, the thresholds are chosen based on the levels of the categories of the
climate signal maps. These thresholds serve as a suggestion. Ultimately, the choice of the threshold

depends on the user and application and should be chosen accordingly.

To mark regions with a small ensemble spread, hatching was suggested and applied here. This
visualization might not be ideal due to several factors. At first, it is difficult to recognize whether
small regions show a small spread or not, as hatching is difficult to identify for small regions.
Second, other studies use hatching to mark significant or robust signals (Jacob et al., 2014; Tebaldi
etal., 2011). This could lead to a misinterpretation of the hatching. Third, in the results presented
here, only a small number of regions exhibit climate change signals with a small ensemble spread.
For example, no regions with a small ensemble spread are identified for the climate signals in CDD
(Figure 4.19). The absence of regions with hatching can falsely lead to the conclusion that no
additional criterion, except for robustness, is applied. Moreover, if no signals with a small ensemble
spread are identified, no hatched regions are displayed, which can make the distinction between
large and small spread unclear to the user. However, adding a new layer of information on the
ensemble spread through hatching is still a well-suited choice, if clearly communicated what the

hatching indicates.

5.2.2 Applicability of the extended climate signal maps

Apart from the methodological aspects, the question of whether the ensemble spread adds value
to the climate signal map is closely connected to its applicability for users. This includes two key
aspects: first, the selection of the indices and their applicability for the user, and second, whether

the extended climate signal maps are useful in practice.

This thesis analyze the robustness of climate change signals of extremes using the ETCCDI
indices. The ETCCDI indices are suitable to assess changes in extremes like heatwaves or heavy
precipitation events, and offer a good comparison to other studies. However, the overall goal
is to find an effective way of communicating climate information to users. Therefore, more
application-oriented indices are recommended to improve the applicability for users outside of
the scientific context. Hackenbruch et al. (2017) showed that climate information tailored to the

specific needs of the decision-makers and the targeted application improves the communication of
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5.2 Added value of ensemble spread

climate information. This can be achieved by tailored climate indices that are directly relevant for

the targeted application and support decision-making.

Furthermore, the bias correction is expected to reduce the ensemble spread in the climate change
signals of the indices. Therefore, the analysis should be repeated based on a bias-corrected dataset

to evaluate the added value of the ensemble spread.

The value of the extended climate signal maps ultimately is dependent on their applicability
in practice. Several difficulties in providing climate information effectively to users have been
identified, including the format in which the information is provided (Brasseur and Gallardo, 2016).
Moreover, regarding climate information products, there is a gap between the focus on improving
the data and focusing on supporting the decision (Findlater et al., 2021). Incorporating the ensemble
spread into the climate signal maps aims to close this gap by providing additional support in the
interpretation of the climate change signals. This is achieved by distinguishing between four cases
of reliability and precision instead of solely differentiating between robust and non-robust signals
as in the approach by Pfeifer et al. (2015). However, to truly assess the added value of the extended
climate signal map approach presented here, it is essential to collaborate directly with users and
include their needs in setting the ensemble spread threshold and limits for the climate signal maps
(Findlater et al., 2021; Brasseur and Gallardo, 2016; Buontempo et al., 2020). The presented

approach should therefore be seen as a suggestion to support useful climate information.
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6 Conclusions and Outlook

Extreme events are becoming more frequent and intense due to climate change (IPCC, 2023b).
Consequently, there is a growing need for climate adaptation strategies. While climate models
provide important insights into the future development of extreme events under climate change, their
coarse resolution and inherent uncertainties often hinder a direct application in adaptation strategies
(Hackenbruch et al., 2017; Lorenz et al., 2017). One way to address this is to use high-resolution
climate data from convection-permitting climate models and assess the robustness of the climate

change signals.

The analysis is based on the NUKLEUS ensemble (Sieck et al., 2021), which is a convection-
permitting climate model ensemble. Climate change signals are evaluated for two global warming
levels of +2K and +3K relative to the reference period of 1961-1990. The analysis includes changes
in winter and summer precipitation and temperature, along with eight ETCCDI indices representing
extreme events: TR, ID, WSDI, R10mm, R20mm, R30mm, CDD, and CWD.

For each variable and index, the climate change signals and their robustness are evaluated using
climate signal maps introduced by Pfeifer et al. (2015). For the indices, the climate signal maps are
extended by a measure for the ensemble spread, aiming to provide additional information on the

precision of the climate change signals.

Which climate change signals of ETCCDI-indices derived from the NUKLEUS ensemble can
be classified as robust?

The results show a weak increase in mean winter precipitation, and only a few robust climate
change signals for both +2K and +3K global warming levels can be identified. For summer, a
decrease in mean precipitation is shown, with the strongest and robust signals in the Northwest
of Germany that intensify for the +3K global warming level. There is a generally low number of
robust climate change signals in the +2K global warming level due to large internal variability
in the near-future precipitation response compared to the magnitude of the signals. The absence
of robust climate change signals in winter is attributed to a lack of significance of the individual

simulations, whereas the limiting factor in summer is a lack of agreement on the sign of change.

All regions show robust climate change signals for winter and summer temperatures, and both
global warming levels of +2K and +3K. The difference between the signals in winter and summer
is less pronounced than the difference between the two global warming levels. The climate change
signals of the temperature-based indices also show robustness for all regions and both global

warming levels. There is an increase in the number of tropical nights, with the strongest signals
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6 Conclusions and Outlook

in the Upper Rhine Valley and urban areas. The number of ice days decreases for all regions and
shows a West-to-East gradient in the signal strength, with the strongest climate change signals
in the East of Germany. These findings are consistent with Pinto et al. (2025), who also showed
an increase in the number of tropical nights, particularly for the Upper Rhine Valley, as well as a
pronounced decrease in ice days with a stronger signal in eastern Germany and for the +3K global
warming level. The warm spell duration index increases under both warming scenarios, indicating

an intensification of the length and intensity of warm spells.

The indices for extreme precipitation show more robust climate change signals than the mean
precipitation signals. Regarding the frequency of heavy precipitation events (R10mm, R20mm, and
R30mm), the most extreme index (R30mm) exhibits the strongest relative climate change signals.
The signals intensify, and there are more robust climate change signals for the +3K compared
to the +2K global warming level. The intensification of the very extreme precipitation indices
(R20mm, R30mm) compared to the moderate ones (R10mm) is consistent with previous findings
(Ban et al., 2015; Hundhausen et al., 2024; Pinto et al., 2025). The maximum length of dry spells
(CDD) increases for both global warming scenarios, with the strongest and robust signals located
in Central and Western Germany. There is no robust trend in the maximum length of wet spells
(CWD) under the two global warming levels +2K and +3K. For CWD, the climate change signals
are very weak, and there are only very few regions with a robust climate change signal.

Does the consideration of the ensemble spread add value to the climate signal maps?

In most of the regions, the climate change signals of the ETCCDI indices exhibit a large ensemble
spread. The large ensemble spread of the precipitation-based indices is attributed to the diverging
signals of the mean precipitation among the ensemble members. For the temperature-based indices,
the large ensemble spread is attributed to a warm bias in the simulations driven by the initial and
boundary conditions of the global climate model MIROC, which deviates from the other global
climate models. This warm bias is also found in the NUKLEUS-EUR11 simulations (Cusinato
et al., 2025).

The results show that the assessment of the ensemble spread alongside the robustness adds valuable
information on the precision of a climate change signal. Four distinct classifications of climate
change signals are determined based on the robustness and precision (see classification process,
Figure 1.1). Robustness indicates that the climate change signal is reliable and can be further
distinguished between precise and not precise. This provides valuable information for a decision-
maker, whether the magnitude of the projected climate change signal is certain or if a range of
possible values needs to be considered. The relevance of this additional distinction becomes evident
in the case of tropical nights, where all regions show robust climate change signals, but the large
ensemble spread in most regions highlights considerable uncertainty in the magnitude of the signals,
particularly for global warming level +3K. This increased variability, especially for the global
warming level +3K is consistent with other findings (Pinto et al., 2025). Non-robust signals can be
further divided into the case where no climate change signal can be derived, or the case where the
uncertainty is too high to derive any information. By introducing a more differentiated classification

of robust and non-robust signals, this classification approach is proposed to support decision-makers
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in the interpretation of the climate information and in determining the next course of action. This
added value becomes evident in the case of consecutive wet days. Although most of the climate
change signals are not robust, the additional distinction based on the ensemble spread shows that

many regions exhibit no or a very weak climate change signal.

This thesis applied uncorrected climate data obtained from the NUKLEUS ensemble due to the lack
of bias-corrected data at the time of the analysis. Future work with bias-corrected data is expected
to reduce the ensemble spread of the climate change signals, particularly for temperature-based
indices, which are affected by the warm bias in the MIROC-driven simulations. Additionally,
the comparison to the results of Pfeifer et al. (2015) underlines the strong influence of the model
selection on the results, emphasizing the important role of the ensemble design. This is in line with
previous studies showing the importance of the model selection on the results (Evans et al., 2014;
Herger et al., 2018). To fully assess the effect of the model selection, the comparison to Pfeifer et al.
(2015) should be repeated with the full NUKLEUS-EUR11 ensemble. Furthermore, the differences
between the NUKLEUS-EUR11 and NUKLEUS-CEU3 ensembles can be evaluated to quantify
the influence of using global warming levels instead of transient simulations, as well as the effects

of the higher resolution and using convection-permitting models.

The proposed classification framework can be applied to all kinds of climate variables and indices.
However, the results show that the visualization using climate signal maps is particularly useful
for precipitation signals and precipitation-based indices. For a meaningful classification, setting
suited thresholds for the ensemble spread and for the limits of the climate signal maps is essential
and depends on the application and considered variable. To ensure the applicability in practice,
the thresholds should be tailored to the application in close collaboration with the targeted users.
Additionally, to improve the applicability of the results for adaptation planning, more user-oriented
indices tailored to the user and application can be employed (e.g. Schipper et al., 2019; Pinto et al.,
2025). To fully assess the added value of the extended climate signal map approach, collaboration
with the targeted users is crucial (Findlater et al., 2021; Brasseur and Gallardo, 2016; Buontempo
et al., 2020). The proposed framework should therefore be seen as a suggestion to provide
useful climate information, with the next step being direct engagement with decision-makers and
stakeholders.
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Abbreviations

GCM

IPCC

RCM

ETCCDI

CPM

NUKLEUS

CMIP

RCP

SSP

ESM

SNR

GWL

GWL2K

GWL3K

WSDI

ID

TR

R10mm

R20mm

R30mm

Global Climate Model

Intergovernmental Panel on Climate Change

Regional Climate Model

Expert Team on Climate Change Detection and Indices
Convection-permitting Climate Model

Nutzbare Lokale Klimainformationen fiir Deutschland, Actionable local climate

information for Germany

Coupled Model Intercomparison Project

Representative Concentration Pathways

Shared Socioeconomic Pathway

Earth System Model

Signal-to-noise Ratio

Global Warming Level

Global Warming Level +2K

Global Warming Level +3K

Warm spell duration index

Ice days

Tropical nights

Annual count of days with daily precipitation amount > 10 mm
Annual count of days with daily precipitation amount > 20 mm

Annual count of days with daily precipitation amount > 30 mm
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CDD Maximum length of dry spells

CWD Maximum length of wet spells
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A Appendix

A.1 lllustration of the robustness test

To illustrate the robustness definition used for the climate signal maps, two example regions are
selected, of which one is robust and the other one non-robust. Figure A.1 shows the Empirical
Cumulative Distribution Functions (ECDF) and the Kernel Density Estimates (KDE) for both
example regions and each ensemble member within the NUKLEUS ensemble. The monthly-mean
summer precipitation for the historical period and GWL3K is evaluated. Both the ECDF and
KDE are computed in Python using the Seaborn package. The ECDF is illustrated as solid lines,
and the KDE as shaded curves. The historical period is shown in gray and GWL3K in orange.
A decrease in monthly mean summer precipitation is evaluated. Models that show a significant
decrease are enclosed by the dashed lines. Figure A.la shows the region Ludwigslust-Parchim,
where the median climate change signal is classified as robust, with 6 out of 9 models showing a
significant signal. Figure A.1b displays the region Wittenberg, where the signal is non-robust. Here,

only 4 out of 9 models show significant signals.

A significant decrease in summer precipitation under GWL3K is indicated when the ECDF shifts
to the left of the historical ECDF. This shift can be seen, for example, in Figure A.la for the
models MIROC-CCLM and MPI-CCLM (middle panel). If both ECDFs largely overlap or show
minimal differences, the change is not considered significant. This is, for example, visible for the
ECE-driven models in Figure A.1b (upper row), where both ECDFs overlap. Likewise, a right
shift of the ECDF for GWL3K compared to the historical one indicates an increase in summer
precipitation. An increase is also classified as non-significant, since only decreases are assessed.
This is illustrated, for example, for MIROC-REMO in Figure A.la (right panel, middle row), where

a rightward shift is shown.

The KDE illustrates whether the distribution of the value changes from the historical distribution
(gray) to the GWL3K distribution (orange). Significant signals show distributions that shift their
position or change their shape, while non-significant models show no pronounced differences in the
KDE. This is shown, for example, for the simulations MPI-ICON and MIROC-CCLM in Figure
A.la or for MPI-ICON and MPI-CCLM in Figure A.1b.

It is important to note that a one-sided test is being applied. Thus, if the distribution for the GWL is
shifted to higher values compared to the historical distribution, it is still classified as non-significant.
This is the case, for example, for MIROC-REMO in Figure A.la (right panel, middle row), where
the GWL3K KDE is shifted rightwards. Although there is a change in the distribution compared
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to the historical, the change is not in the considered direction of change and thus, classified as

non-significant.

The robustness definition is divided into two criteria. A fraction of 66 % of the models have to agree
first on the sign of change, and second, on the significance of this change. Both of these criteria are
combined within the one-sided significance test. Therefore, a region is classified as robust when at
least 66 % of the models, which correspond to 6 out of 9 models, show a significant change. This is
true for the region illustrated in Figure A.la. Regions that show less than 6 significant models, as in
Figure A.1b, are classified as non-robust. This underlines that the robustness definition applied in
the following is based on the significance of each model’s signal individually, instead of evaluating
the ensemble as a whole. This ensures that the significance of the signal of each model is evaluated
independently from the signals of other models. As a result, the robustness measure does not rely
on the ensemble median or other ensemble-based statistics, and model-specific biases are prevented

from influencing the robustness assessment.

(a) ECE ICON, not significant ECE CCLM, signifi ECE REMO, not significant (b) ECE ICON, not significant ECE CCLM, not significant ECE REMO, not significant

umulative probability

c

MIROC ICON, significant _MIROC CCLM, significant MIROC REMO, not significant MIROC ICON, significant MIROC CCLM, significant MIROC REMO, not significant
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Figure A.1: Empirical Cumulative Distribution Functions (ECDF) and the Kernel Density Estimates (KDE)
of a region with (a) robust climate change signal (Ludwigslust-Parchim) and (b) non-robust
signal (Wittenberg) for decrease in summer precipitation for GWL3K. The green dashed lines
enclose models that show a significant decrease compared to the reference period. For a signal
to be considered robust, 6 out of 9 models must show significant changes.

A.2 The NUKLEUS-EUR11 ensemble

A.2.1 Comparison of the NUKLEUS-EUR11 ensemble with Pfeifer et al.
(2015)

In the following chapter, the results of Pfeifer et al. (2015) (Figures 4.8-4.9) are compared to the
climate signal maps based on the NUKLEUS-EUR11 ensemble. The NUKLEUS-EUR11 ensemble
has the same spatial resolution and grid as the simulations that Pfeifer et al. (2015) used. For this
comparison, the NUKLEUS-EURI11 is divided into the same four time slices as in Pfeifer et al.

(2015), and the same historical reference period is applied. Figure A.2 shows the climate signal
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Figure A.2: Increase of winter precipitation for the periods 2031-2060, 2041-2070, 2051-2080, and
2061-2090. The reference period is 1971-2000. The upper panel shows the median climate
change signals in %. For the bottom panel the robustness test was applied and only regions with
robust signalss are shown in colors, non-robust in gray.

maps for an increase in winter precipitation based on the NUKLEUS-EURI11 ensemble. Figure A.3

shows the climate signal maps for a decrease in summer precipitation.

Due to the unavailability of some NUKLEUS-EUR11 simulations at the time of this analysis, only
5 out of 9 ensemble members are included. The threshold for robustness is accordingly adjusted
to 3 out of 5 models, which corresponds to 60% of the models that have to agree on the sign and
significance of the signals to be classified as robust. The available models include ECE-ICON,
ECE-CCLM, MIROC-ICON, MIROC-CCLM, and MPI-ICON. It should be noted that the CPM
REMO is not represented in this available subset of the NUKLEUS EUR11 ensemble.

Comparing the NUKLEUS-EURI11 simulations to the findings of Pfeifer et al. (2015), the same key
differences can be observed as in the previous comparison of the convection-permitting NUKLEUS
ensemble to Pfeifer et al. (2015) (see Section 4.1.1). For an increase in winter precipitation, the
NUKLEUS-EURI11 ensemble shows only small signals (Figure A.2). Furthermore, the NUKLEUS-
EURI11 ensemble indicates regions with a decrease in winter precipitation in all four time slices.
The number of these regions that project a decrease in winter precipitation even increases for the
latest time slice. Considering the robustness of climate change signals based on the NUKLEUS-
EURI11 ensemble, only the last two time slices show regions with robust climate change signals. For
the period 2051-2080, it is 7 out of 402 regions with robust signals, and for the period 2061-2090,
it is 8 out of 402 regions with robust signals. In contrast, the results of Pfeifer et al. (2015) show a
higher number of regions with robust climate change signals for an increase in winter precipitation
compared to NUKLEUS-EUR11, and the signals get stronger in later time slices (Figure 4.8). For
instance, several regions in the period 2061-2090 show large climate change signals (red regions)

in the South of Germany that are also robust.
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Figure A.3: Same as Figure A.2, but for a decrease in summer precipitation

A different pattern is observed in summer precipitation (Figure A.3). The NUKLEUS-EUR11
ensemble shows strong climate change signals for a decrease in summer precipitation, especially for
the western part of Germany. Regarding the robustness, most regions with robust signals are shown
in the Southwest, and the number of regions with robust climate change signals increases with
time. Stronger signals tend to be more robust. In the first time slice, some regions in Northeastern
Germany show an increase in summer precipitation. Most areas with non-robust climate change
signals are also located in this part of Germany. By contrast, the findings of Pfeifer et al. (2015)
(Figure 4.9) show only small climate change signals for a decrease in summer precipitation, and
many regions exhibit an increase instead throughout all periods. This leads to hardly any regions

with robust signals identified along all periods in the findings by Pfeifer et al. (2015).

This comparison shows that there are very contrasting results between the NUKLEUS-EURI11
ensemble and the findings of Pfeifer et al. (2015), similar to the differences seen in the comparison
of the convection-permitting NUKLEUS ensemble and Pfeifer et al. (2015). These differences
can largely be attributed to the model selection within each ensemble. The models analyzed by
Pfeifer et al. (2015) differ from the ones included in the NUKLEUS ensemble. The selection of the
models included in an ensemble can have substantial impacts on the results, and therefore, models
have to be chosen wisely (Seaby et al., 2013; Evans et al., 2014; Herger et al., 2018). Although
both ensembles use the same grid and time slices, differences also arise from the use of different
scenarios. The NUKLEUS-EURI11 ensemble is based on the SSP-370, while the results of Pfeifer
et al. (2015) are based on RCP4.5. Furthermore, only a subset of the NUKLEUS-EUR11 ensemble
was available at the time of this analysis, which does not fully represent the complete NUKLEUS

ensemble.
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A.2.2 Comparison of the NUKLEUS-EUR11 ensemble with the
convection-permitting NUKLEUS ensemble

The NUKLEUS ensemble analyzed in this thesis is a convection-permitting climate model ensemble
and runs at a resolution of 3 km. To evaluate differences due to the finer resolution and explicit reso-
lution of deep convection, the findings are compared to the results based on the NUKLEUS-EUR11
ensemble. In general, both ensembles show similar trends in winter and summer precipitation.
This is also expected, as regarding the two nesting steps, the NUKLEUS-EUR11 ensemble is the
boundary and initial data that drives the convection-permitting NUKLEUS ensemble.

For the increase in winter precipitation, both ensembles agree on small changes for both GWLs and
all time slices. Regarding the robustness of the climate change signals, both ensembles show very
few, if any, robust signals. The EUR11 ensemble (Figure A.2) shows many regions that project a
decrease in winter precipitation for all four periods, while the convection-permitting NUKLEUS

ensemble shows regions with a decrease in winter precipitation only for GWL2K (Figure 4.1b).

For the decrease in summer precipitation, based on the NUKLEUS-EUR11 ensemble, almost all
regions agree on a decrease in summer precipitation across all periods (Figure A.3). In contrast, for
GWL2K, the convection-permitting ensemble exhibits a considerable number of regions with an
increase in summer precipitation and shows a strong disagreement on the sign of the signals (Figure
4.2b). Both ensembles agree on an intensification of the summer precipitation signals and an
increasing number of robust signals over time. Considering the regional patterns in the convection-
permitting NUKLEUS ensemble, the most robust signals are identified in the Northwestern part of
Germany. For the NUKLEUS-EURI11 ensemble, the signals for the first time slice are also robust
in the Northwestern part and expand towards later time slices southwards. The NUKLEUS-EURI11
ensemble shows a noticeably higher number of regions with robust climate change signals in
summer, already for the early periods, compared to the convection-permitting NUKLEUS ensemble.
Moreover, the EUR11 ensemble exhibits a stronger agreement on the direction of change within all
periods considered, whereas the convection-permitting NUKLEUS ensemble also shows regions

with an increase in summer precipitation, particularly for GWL2K.

Opverall, the results from the NUKLEUS EUR11 ensemble are similar to the results based on the
convection-permitting NUKLEUS ensemble. For winter precipitation signals, no regions with
robust climate change signals can be identified in either ensemble, which leads to the conclusion
that there is no clear trend in increasing winter precipitation based on the NUKLEUS ensemble. In
summer, the ensembles generally agree, but the NUKLEUS-EUR11 ensemble exhibits more regions
with robust climate change signals compared to the convection-permitting NUKLEUS ensemble.
This is in line with the findings of Kendon et al. (2017), that RCMs are more likely to provide
robust signals in mean seasonal precipitation. The NUKLEUS-EURI11 ensemble shows almost no
regions with an increase in summer precipitation, whereas the convection-permitting NUKLEUS
ensemble shows an increase in summer precipitation for many regions. The contrasting signs of the
climate change signals in the convection-permitting NUKLEUS ensemble (see Figures 4.3 and 4.6)
can be explained by the finer resolution and explicit resolution of deep convection. Deep convection

is a major source of precipitation in summer, thus CPMs show most improvements in the projection
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of summer precipitation (e.g. Prein et al., 2013; Ban et al., 2021; Fosser et al., 2024). For example,
Kendon et al. (2017) showed that the major improvements of CPMs compared to RCMs are found
in the representation of summer precipitation, as the coarser RCM did not capture increasing signals
of summer precipitation. This is in line with the results presented here, as for summer precipitation,
only the convection-permitting NUKLEUS ensemble projects an increase in summer precipitation.
Although CPMs generally improve the representation of summer precipitation, this leads not to
more agreement among the ensemble members of the convection-permitting NUKLEUS ensemble.
The models project contrasting signs of change, leading to more uncertainty and fewer regions
with robust signals. In contrast, other studies find that CPMs reduce the uncertainty due to the
explicit representation of deep convection (Fosser et al., 2024). Note that the differences in the
results between the two ensembles are not solely due to the effects of the downscaling using the
CPMs. For the EUR11 ensemble, not all simulations were available, and it is based on transient
simulations, whereas in the CPM ensemble, GWLs are considered. Moreover, different reference

periods are applied.
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Table B.1: Autocorrelation coefficients for each variable and scenario. The lower and upper limits indicate
the 80% range across all models and regions.

Variable/Index Scenario Lower Upper

pr, DJF historical -0.38  0.19
GWL2K -0.3 0.22
GWL3K -0.28 0.35
pr, JJA historical -0.34  0.33
GWL2K -0.5 0.29
GWL3K -0.37 0.25
tas, DJF historical -0.46 0.39
GWL2K -0.18 0.37
GWL3K -032 0.14
tas, JJA historical -0.42 0.23
GWL2K -0.17 0.36
GWL3K -044  0.27
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Table B.2: Autocorrelation coefficients for each index and scenario. The lower and upper limits indicate the
80% range across all models and regions.

Index Scenario Lower Upper

TR historical -0.26  0.24
GWL2K -0.14 04
GWL3K -0.25 0.28
ID historical -0.45  0.36
GWL2K -0.33 0.34
GWL3K -0.09 043
WSDI  historical -0.29  0.35
GWL2K -0.28 0.38
GWL3K -0.23 0.46
R10mm historical -0.42  0.23
GWL2K -0.31 03
GWL3K -0.36 0.21
R20mm historical -0.35  0.24
GWL2K -0.35 0.25
GWL3K -0.38 0.22
R30mm historical -0.32  0.23
GWL2K -0.32 024
GWL3K -0.38 0.23
CDD historical -0.37  0.23
GWL2K -0.32 0.36
GWL3K -04 0.15
CWD historical -0.29  0.27
GWL2K -0.3 0.21
GWL3K -0.37 0.24
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Figure B.1: Schematic representation of the four resulting classifications of climate change signals following
the classification approach in Figure 1.1. Each cross represents the signal of an individual model.
The colors indicate the different categories of the climate signal map: white indicates a decrease,
gray indicates a non-significant increase, and yellow, orange, and red indicate different signal
strengths.
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Figure B.2: Climate change signals for an increase in the number of tropical nights for GWL2K and for
the individual models of the NUKLEUS ensemble for the selected regions (Figure 4.13b, right
panel). The orange and red lines mark the limits of the corresponding levels in the climate signal
map (Figure 4.13b). The standard deviation for each region is displayed in brackets below the
region’s letter. The ensemble spread is classified as small when the standard deviation is below
the threshold of 2 days.
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Figure B.3: Same as Figure B.2, but for an increase in the number of days with R30mm for GWL2K. The
threshold applied here is 0.18 days, which corresponds to 30% of the mean robust signals.
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