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Zusammenfassung

Hochwasser gehören weltweit zu den bedeutendsten Naturgefahren und stellen nach wie vor eine
erhebliche Bedrohung für Leben und Eigentum dar. Die Vorhersage von starken oder extremen
Überschwemmungen ist von essentieller Bedeutung für effektive Hochwasserschutzmaßnahmen
und die Entwicklung von Anpassungsstrategien. Heavy-tail-Wahrscheinlichkeitsverteilungen
von Hochwasserabflüssen, auch als endlastige Verteilungen oder Verteilungen mit schweren
Rändern bekannt, sind ein wichtiger Indikator für das Auftreten solch extremer Abflüsse.
Das Ziel dieser Dissertation ist es, die Prozessursachen für das Auftreten von Heavy-tail-
Hochwasserverteilungen zu analysieren und eine Methode zur zuverlässigen Bestimmung dieser
Wahrscheinlichkeitsverteilungen zu entwickeln.

Der erste Teil dieser Arbeit untersucht die Rolle räumlicher Niederschlagsmuster für
die Entstehung von endlastigen Abflussverteilungen. Mit Hilfe eines stochastischen hydro-
logischen Modells wurde die Abflussbildung einer Vielzahl synthetischer räumlich variabler
Niederschlagsfelder in fünf deutschen Einzugsgebieten mit unterschiedlichen Klima- und
Landschaftseigenschaften analysiert. Zusätzlich zu diesem modellgetriebenen Ansatz wurden
auch beobachtete Niederschlags- und Abflussganglinien von 175 deutschen Einzugsgebieten
untersucht. Die Ergebnisse beider Untersuchungsmethoden zeigen, dass eine zunehmende
räumliche Niederschlagsvariabilität, insbesondere über einer bestimmten Schwelle, das
Auftreten von endlastigen Abflussverteilungen verstärkt. Die Abflussbildung kann jedoch
diesem Verhalten entgegenwirken und die Entstehung von extremen Abflüssen abfedern,
was durch das Konzept der „Resilienz von Einzugsgebieten“ beschrieben werden kann. Die
Ergebnisse dieser Arbeit zeigen, dass z.B. das Abflussrouting durch das Einzugsgebiet einen
großen Einfluss hat, ob aus heterogenen Niederschlagsfeldern große Abflussmengen entstehen,
wobei kleine und langgestreckte Einzugsgebiete eine geringere Resilienz aufweisen.

Im zweiten Teil dieser Dissertation wird ein neuer Index zur Beschreibung von Heavy-tail-
Verhalten von Hochwasserverteilungen vorgestellt, der auf einer physikalischen Beschreibung
der Abflussdynamik basiert. Der Index, abgeleitet aus der stochastischen Beschreibung
des Niederschlags-Abflussverhaltens von Einzugsgebieten und aus dem Rezessionsverhalten
täglicher Abflussganglinien ermittelt, erlaubt eine zuverlässige Beschreibung von Heavy-tail-
Verhalten, auch bei kurzen Hochwasserreihen. Somit besitzt der Index einen entscheidenden
Vorteil gegenüber bestehenden Indizes für Heavy-tail-Verhalten, denen einerseits eine physika-
lische Basis fehlt und die andererseits lange Datenreihen von Hochwasserabflüssen benötigen,
um zuverlässig das Auftreten von Heavy-tail-Verteilungen vorhersagen zu können. Anhand von
Beobachtungsdaten aus 98 deutschen Einzugsgebieten konnte gezeigt werden, dass der Index
zuverlässig endlastige Verteilungen unter verschiedenen Klima- und Landschaftsbedingungen
auch bei kurzen Beobachtungsreihen vorhersagen kann.



Im dritten Teil dieser Dissertation wird der neu entwickelte Indikator genutzt, um das
Heavy-tail-Verhalten in einem Zusammenhang von Klima und Landschaftsbedingungen zu
setzen. Die Analysen umfangreicher Datensätze aus Deutschland, dem Vereinigten Königreich
(UK), Norwegen und den Vereinigten Staaten (US) zeigen unterschiedliche Muster. Deutschland
und das Vereinigte Königreich weisen überwiegend endlastige Hochwasserverteilungen auf,
während in den Vereinigten Staaten eine Mischung und in Norwegen hauptsächlich Vertei-
lungen mit Light-tails gefunden wurden. Die zeitliche Variabilität in der Speicherfähigkeit
innerhalb von Einzugsgebieten erweist sich als ein entscheidender Mechanismus, der stark
nichtlineare Einzugsgebietsreaktionen begünstigt und damit das Auftreten einzelner extremer
Überschwemmungen verstärkt, welche sich in Heavy-tail-Verteilungen widerspiegelt.

Wenn Hochwasserabflüsse in einem Gebiet durch die Mischung verschiedener Entste-
hungsprozesse, wie z.B. Schneeschmelze und Sommergewitter, entstehen, werden endlastige
Hochwasserverteilungen wahrscheinlicher. Die gefundenen Muster weisen auf ein komplexes
Zusammenspiel zwischen Klima, Landschaftsgegebenheiten und Überschwemmungsverhalten
hin und unterstreichen die Nützlichkeit des neu entwickelten Index bei der Hochwassergefah-
renbewertung.

Die Erkenntnisse dieser Dissertation eröffnen zahlreiche mögliche Anwendungen für eine
zuverlässigere Erfassung und Beschreibung extremer Abflüsse in der Hochwasserbemessung,
der Bewertung von Auswirkungen des Klimawandels und wasserwirtschaftlicher Maßnahmen
auf das Hochwasserverhalten, die Klassifikation von Hochwassergefahren und der Entwicklung
von Anpassungsstrategien.

Keywords Hochwässer, Heavy-Tail-Wahrscheinlichkeitsverteilungen, Hochwasserbemes-
sung, Extremwertstatistik, Räumliche Niederschlagsvariabilität, Rezessionsverhalten täglicher
Abflussganglinien
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Abstract

Floods, recognized as one of the most pervasive natural hazards, continue to pose a significant
global threat. The ability of societies to anticipate high or extreme floods is vital for effective
hazard mitigation. Heavy-tailed behavior within flood frequency distributions serves as a
critical indicator of this likelihood, emphasizing the importance of accurately identifying
and understanding such behavior. This dissertation aims to advance the understanding of
heavy-tailed streamflow and flood distributions and to introduce dependable methods for
predicting and managing these phenomena within practical applications.

The dissertation comprises three main sections, along with an introduction and a concluding
chapter summarizing the main findings and providing an outlook. The first section of this
dissertation investigates the role of spatially variable rainfall in enhancing the tail heaviness
of streamflow distributions. A diverse range of synthetic spatially variable rainfall inputs is
generated and fed into a continuous probabilistic model of the catchment water transport
to simulate streamflow in five German catchments with varying characteristics in size and
topography. Concurrently, a data-based approach is employed to analyze rainfall and runoff
records from 175 German catchments. The findings emphasize that streamflow distribution
tails grow heavier with increased spatial rainfall variability, notably beyond a specific threshold.
However, runoff generation may counteract, underscoring the concept of "catchment resilience,"
denoting the capacity of catchments to buffer increasing rainfall heterogeneities. The study
revealed that small and elongated catchments exhibit less resilience, primarily influenced by
runoff routing through river networks. This sheds light on the intricate relationships among
spatial rainfall characteristics, catchment geometry, and the potential occurrence of high flows.
Comparable data analyses ensure the validation of the simulation results and reinforce the
transferability of these findings.

In the second section of this dissertation, the challenges of identifying heavy-tailed flood
behavior due to limited data records and the absence of physical support for current indices are
addressed. To overcome these limitations, a new index of heavy-tailed flood behavior, grounded
in a physically-based description of streamflow dynamics, is introduced. This innovative index,
embodied by the hydrograph recession exponent, allows for the inference of heavy-tailed flood
behavior from daily flow records, even when data records are brief. A diverse array of case
studies across Germany, representing various climatic and physiographic settings, validates
this index. The findings underscore its effectiveness in reliably identifying cases with heavy or
non-heavy tailed flood behavior from daily flow records. Furthermore, the index is capable
of estimating the severity of tail heaviness and ranks it across cases, providing robust results
even with limited data records. This index successfully addresses the primary limitations
associated with current metrics, which often lack physical underpinnings and demand lengthy



data records for accurate tail behavior identification. The index also contributes valuable
insights into the tail behavior of flood distributions and the associated flood hazard in river
basins, utilizing readily available discharge data.

In the third section of this dissertation, hydrograph recession exponents derived from
common streamflow dynamics are leveraged. These recession exponents have proven to be a
robust indicator of flood tail propensity across regions with diverse data lengths. Through
the analysis of extensive datasets from Germany, the United Kingdom (UK), Norway, and
the United States (US), distinct patterns emerge. Germany and the UK exhibit prevalent
heavy tails, while the US displays diverse behavior, and Norway primarily features non-heavy
tails. This regional tail behavior is linked to the interplay between terrain and meteorological
characteristics, further quantified through Köppen classifications. The temporal variability
in catchment storage emerges as a critical mechanism driving highly nonlinear catchment
responses favoring heavy-tailed floods, notably intensified by concurrent dry periods and high
temperatures. Various flood generation processes, influenced by hydroclimatic seasonality and
catchment scale, further shape this mechanism. These insights deepen the understanding of the
intricate interplay between climate, physiographical settings, and flood behavior, underscoring
the utility of hydrograph recession exponents in flood hazard assessment.

The findings of this study significantly contribute to our understanding of the mechanisms
behind heavy-tailed flood behavior and introduce a physically-based, robust approach for
assessing flood tail heaviness. This approach mitigates the sensitivity to limited data, a common
challenge in such analyses, and enhances its applicability across regions. These outcomes
open up numerous prospective applications in hazard research and engineering, such as flood
frequency guidelines, assessing climate change-related impacts, flood hazard classification,
quantitative flood hazard assessment, understanding the impact of human activities, and
research in environmental sustainability.

Keywords Floods, Heavy-Tailed distribution, Extreme events, Extreme value statistics,
Spatial rainfall variability, Hydrograph recession
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1
Introduction

Floods, as one of the most pervasive natural hazards, pose an ongoing threat to lives and
properties across the globe (McDermott, 2022). The inherent risk of hazards, however, greatly
depends on society’s ability to anticipate the likelihood of high/extreme floods occurring (Merz
et al., 2021). The presence of heavy-tailed behavior in flood frequency distributions signifies
this likelihood, and therefore, accurately identifying such behavior is crucial in mitigating
the hazards associated with extreme floods (Merz et al., 2022). This dissertation aims to
enhance our comprehension of the emergence of heavy-tailed streamflow and flood distributions
while proposing reliable methods for predicting and managing these behaviors in practical
applications.

1.1 Definition, significance, and current state

When constructing an empirical frequency distribution of observations, the right tail of the
distribution represents the likelihood of encountering extremely large magnitudes of the variable,
providing valuable insights for hazard assessment. Mathematically, a distribution F is defined
as a (right) heavy-tailed distribution if and only if,

∫︂ ∞

−∞
eθxdF (x) = ∞, for all θ > 0 (1.1)

The tail function of F can be defined as F̄ = F (x, ∞), x ∈ R, where R denotes the real
number line. Therefore, a heavy-tailed distribution is one of which the tail function cannot
be bounded by any exponentially decreasing function. Though various sub-classifications of
heavy-tailed distributions exist (Werner and Upper, 2002), a commonly accepted definition is
that a distribution exhibits a heavy tail when its right tail decays more slowly than that of an
exponential distribution (El Adlouni et al., 2008). This characteristic can also be observed as
a heavier pattern in the tail of the distribution (i.e., the asymptotic behavior) when compared
to an exponential distribution in their probability density functions (PDF).

Heavy-tailed behavior within a distribution indicates a higher likelihood of extreme values
occurring compared to what would be expected in a light-tailed distribution. In a light-tailed

1



1. Introduction

distribution, the tail of its PDF rapidly approaches zero as variable values become more
extreme. In contrast, a heavy-tailed distribution exhibits a slower convergence towards zero as
values become more extreme, indicating a greater probability of encountering exceptionally
large values. As a result, heavy-tailed distributions emphasize the occurrence of rare events
with significantly large magnitudes. This characteristic has been employed in research on
hazards across diverse natural and human sciences, including seismic hazards (e.g., Felgueiras,
2012), economic risk (e.g., Ibragimov et al., 2015), rainfall extremes (e.g., Papalexiou and
Koutsoyiannis, 2013), flood extremes (e.g., Smith et al., 2018), and social governance (Li et
al., 2021). Particularly, given that human intuition often anticipates light-tailed behavior,
processes/variables exhibiting heavy tail behavior often result in surprise and can cause severe
hazards (Taleb, 2007). Conversely, accurately detecting heavy-tailed behavior helps prevent
the underestimation of extremes (Mushtaq et al., 2022), which enables the enhancement of
hazard assessment and management.

The significance of heavy-tailed distributions in hydroclimatology has garnered considerable
attention in recent decades. Gumbel’s (1958) guidebook on extreme statistics, which focused on
floods and droughts, played a pivotal role in raising awareness among hydrologists about heavy-
tailed distributions. Katz and Brown (1992) emphasized the importance of considering event
magnitude variability instead of relying solely on averages in extreme statistics, especially in
the context of climate change. Observational-based studies, as suggested by Katz (2001)
for daily precipitation and by Anderson and Meerschaert (1998) for monthly flow rate,
indicated that these variables should be recognized as having heavy-tailed behavior in their
distributions. Studies over the past two decades have highlighted the prevalence of heavy-tailed
behavior in hydroclimatology and its significance (Katz et al., 2002; Morrison and Smith, 2002;
Koutsoyiannis, 2004a,b; Wilson and Toumi, 2005; Bernardara et al., 2008; El Adlouni et al.,
2008; Papalexiou and Koutsoyiannis, 2013; Basso et al., 2015; Rossi et al., 2016; St. George and
Mudelsee, 2019; Martinez-Villalobos and Neelin, 2021; Gupta and Chavan, 2023). As a result,
selecting an appropriate distribution function to describe the heavy-tailed behavior of the
observed values becomes essential. In the context of rainfall, the Extreme Value Distribution
of Maxima of Type II (EV II) is recommended as a more suitable representation for annual
maximum rainfall compared to the Gumbel distribution (Koutsoyiannis, 2004a,b). Additionally,
the Frechet distribution is proposed for describing daily rainfall distributions (Papalexiou
and Koutsoyiannis, 2013), both of which exhibit heavy-tailed behavior. Moreover, future
rainfall patterns simulated by global climate models corroborate the prevalence of heavy-tailed
behavior in rainfall distributions (Martinez-Villalobos and Neelin, 2021). In the context of
floods, Generalized Extreme Value (GEV) distributions (e.g., Morrison and Smith, 2002) or
Generalized Pareto (GP) distributions (e.g., Bernardara et al., 2008) have often been suggested
as suitable representations of flood peaks, characterized by their heavy-tailed behavior. The
importance of including extreme events in available data has been underscored to achieve
dependable fitting of heavy-tailed distributions describing floods (St. George and Mudelsee,
2019). Furthermore, the presence of heavy-tailed behavior in streamflow distributions has been
leveraged to enhance hazard risk assessment systems (Gupta and Chavan, 2023).

Given the significance and prevalence of heavy-tailed behavior in hydroclimatic pa-
rameters, two prominent research areas have captured substantial attention: the identifi-
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cation/classification of heavy-tailed distributions and the investigation of the underlying
mechanisms driving such behavior.

The methods for identifying heavy-tailed distributions can be subcategorized into graphical
methods, nonparametric approaches, and parametric approaches. Estimating tail heaviness
through graphical methods typically involves analyzing the slope of specific functions. For
instance, a log-log plot can facilitate the recognition of heavy-tailed behavior by revealing
a linear pattern in the exceedance probability curve (Embrechts et al., 1997; Beirlant et al.,
2004). The generalized Hill’s estimator employs the slope of the line in the Hill plot to assess
the relative tail heaviness of distributions (Beirlant et al., 2004; Diop and Lô, 2009). Another
approach involves the use of the mean excess function, which characterizes tail behavior by
analyzing the slope of the regression line between the mean excess function and the lower
boundary of the variable defining the tail (Embrechts et al., 1997; Nerantzaki and Papalexiou,
2019).

Additionally, nonparametric statistical methods have been applied to evaluate tail heaviness.
The upper tail ratio (Villarini et al., 2011; Smith et al., 2018) divides the maximum record
by the value corresponding to a specific return period (e.g., the 10-year return period). This
ratio typically falls within a range above zero, with a larger ratio indicating a heavier tail.
The Obesity index (Cooke and Nieboer, 2011) assesses tail heaviness by quantifying the
concentration of large samples within the distribution, yielding values between 0 and 1, with
higher values representing a heavier tail. Similarly, the Gini index (Eliazar and Sokolov, 2010)
ranges from 0 to 1 and indirectly evaluates tail heaviness by measuring the effects of both
small and large samples on the distribution.

Parametric methods, as the traditional approach, have commonly been employed to assess
the tail heaviness of empirical data. This involves fitting a number of candidate distributions
to empirical data and using goodness-of-fit tests to determine the appropriateness of the fitting,
ultimately selecting the most suitable distribution. Different parameter estimation methods,
including maximum likelihood (ML) (Engeland et al., 2004), L-moments (LM) (Bezak et al.,
2014), and the method of moments (MOM) (Öztekin, 2005), can be used to fit the candidate
distributions to data. Hybrid metrics of these methods have also been proposed to enhance
the reliability of the fitting (Morrison and Smith, 2002). To evaluate goodness of fit, several
methods are frequently utilized, such as the Kolmogorov–Smirnov (KS) test (Clauset et al.,
2009), Q-Q plot (Engeland et al., 2004), chi-square test (Vivekanandan, 2015), L-moment ratio
diagram (Rowinski et al., 2002), Akaike information criterion (AIC) (Engeland et al., 2004),
and Bayesian information criterion (BIC) (Haddad and Rahman, 2011). A comprehensive
review of the strengths and limitations of these methods for assessing tail heaviness in empirical
distributions was conducted by Nerantzaki and Papalexiou (2022).

Many of these methods do not necessarily provide a direct definition of heavy-tailed
behavior; instead, they offer a means of assessing relative tail heaviness, often requiring an
additional benchmark to define the tail behavior. For instance, the obesity index for exponential
distributions is suggested as 0.75, implying that any distribution with an obesity index above
0.75 should be classified as heavy-tailed (Cooke et al., 2014). One of the most widely accepted
classification schemes for tail heaviness has been proposed for commonly used continuous
probability distributions in hydrology (Werner and Upper, 2002; El Adlouni et al., 2008).
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Based on this classification, the tail behavior from heaviest to lightest among distributions
includes (but is not limited to): Pareto > Fréchet > Lognormal > Gumbel/Gamma/Pearson
III > Exponential > Normal distributions.

Thanks to these quantitative methods, investigations into the underlying mechanisms
of heavy-tailed flood behavior have been conducted across domains. While one intuitive
assumption is that heavy-tailed floods result from heavy-tailed rainfall, findings have actually
contradicted this notion. Contrary to expectations, heavy-tailed rainfall are not necessarily
translated into heavy-tailed floods (McCuen and Smith, 2008; Sharma et al., 2018). Instead,
the driving factors behind heavy-tailed floods are more complex (Merz et al., 2022).

Flood generation processes and catchment water balance are identified as more compelling
controls of heavy-tailed flood behavior (Merz et al., 2022). For instance, Bernardara et al.
(2008) found that Mediterranean regimes often exhibit dominant heavy-tailed flood behavior,
while regions influenced by snowmelt or continental climates show less of such behavior.
Tarasova et al. (2020a) dissected the contributions of various flood-type events to the flood
frequency curve. Mushtaq et al. (2023) demonstrated the potential for incorporating mixed
flood type analyses to more accurately depict heavy-tailed flood behavior. Moreover, the
nonlinearity of catchment responses to rainfall events (Gioia et al., 2008; Rogger, Pirkl et al.,
2012; Basso et al., 2015) and the drier state of catchment soil moisture (Merz and Blöschl,
2009; Botter, 2010; Berghuijs et al., 2014) have been found correlated with the presence of
heavy-tailed flood behavior.

Other factors have also been suggested to play a role, such as catchment sizes (Villarini and
Smith, 2010), spatial variability of catchments (Struthers and Sivapalan, 2007), confluences of
river networks (Vorogushyn and Merz, 2013), and the construction of reservoirs (Assani et
al., 2006). However, these factors either lack sufficient evidence to establish their roles clearly,
or there is a lack of consensus regarding their influence. In summary, various hypotheses on
heavy-tail behavior have been proposed, but a coherent, spatially comparable indicator based
on hydrological process understanding is still missing.

1.2 Challenges and research prospects

Drawing upon our prior literature review, we conclude the challenges and propose prospects of
heavy-tailed flood behavior research within three main aspects:

1. Understanding the influence of changing watershed systems on heavy-tailed flood behavior

Hydrological processes within watershed systems are expected to undergo significant
transformations due to the global rise in temperature and extreme rainfall (Pendergrass,
2018; Qiu et al., 2021). It has been observed that one of the direct consequences of
global warming on hydrological processes involves an augmentation in extreme rainfall
intensity (Li et al., 2019). This intensification, however, does not manifest uniformly
across space; instead, it exhibits a spatial distribution pattern on a global scale (Donat et
al., 2016). In addition to heightened rainfall intensity, an increased frequency of extreme
rainfall events has been proposed to contribute more significantly to the overall rise in
total rainfall accumulation (Myhre et al., 2019). Furthermore, while both the intensity
and frequency of extreme rainfall are on the rise, the spatial extent of these events is
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diminishing. This suggests a tendency towards more localized and heterogeneous spatial
distribution of extreme rainfall events (Wasco et al., 2016). Intriguingly, this shift in the
spatial distribution of rainfall impacts high-return-period floods more substantially than
the temporal alterations in rainfall (Peleg et al., 2017).

In the context of ongoing global warming, understanding the repercussions of these
evolving rainfall patterns on flood extremes becomes increasingly paramount. However,
providing a definitive answer to this question remains challenging due to the limited
understanding of the underlying mechanisms. Particularly perplexing are the contra-
dictory findings surrounding the influence of spatial heterogeneity on the emergence of
heavy-tailed flood behavior (Struthers and Sivapalan, 2007; Harman et al., 2009; Rogger,
Pirkl et al., 2012). These discrepancies pose constraints on accurately assessing the
effects of heightened spatial heterogeneity in extreme rainfall on the emergence of flood
hazards.

2. Challenges in reliable detection and prediction of heavy-tailed flood distributions

A significant challenge in current methods for identifying heavy-tailed flood behavior lies
in the uncertainty of estimation caused by limited data availability. Given the global
shortage of accessible long-term hydrological observations (Lins, 2008) and the reliance of
current methods solely on statistical analysis of available data to estimate tail behavior,
the reliability of such estimations comes into question. Papalexiou and Koutsoyiannis
(2013) highlighted that accurate estimation of heavy-tailed rainfall behavior (achieved
through GEV fittings) necessitates extensive data records. Smith et al. (2018) found
a clear dependency between the estimated upper tail ratio and data length for floods.
Wietzke et al. (2020) conducted a comparison of frequently used indices of heavy-tailed
flood behavior, including the GEV shape parameter, upper tail ratio, Obesity index,
and Gini index. They unveiled the general issue of data length sensitivity across various
aspects in these indices.

To mitigate this uncertainty and enhance the reliability of estimations, especially in
extreme estimations, the suggestion has been made to extract information more effectively
from available data. For instance, ordinary dynamics can be employed to infer maximum
behavior (Marani and Ignaccolo, 2015; Mushtaq et al., 2022). Furthermore, utilizing
physically-based proxies, grounded in the knowledge of the underlying mechanisms of
heavy-tailed flood behavior, potentially offers an alternative approach beyond solely
relying on statistical analysis of samples. This parallels studies that have contributed to
understanding heavy-tailed behavior in rainfall distributions (Wilson and Toumi, 2005).
However, in the context of floods, the identification of suitable proxies remains an open
question, despite the exploration of underlying mechanisms.

3. Comparative regional analysis of heavy-tailed flood behavior

Studying the link between spatial distributions of heavy-tailed flood behavior and regional
physiographical settings helps unravel the complex interplay of factors influencing flood
extremes. However, relatively limited research has been conducted in this area (Merz et
al., 2022). Smith et al. (2018) explored heavy-tailed flood behavior in the United States
using the upper tail ratio, identifying mountainous terrain and intense thunderstorms
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as influential factors. They also observed distinct seasonal patterns between record
floods and extreme floods. Similarly, Yang et al. (2021) applied the upper tail ratio
to analyze flood distributions in China, pinpointing windward mountainous regions
as areas prone to heavy-tailed flood behavior. They suggested the significance of the
interaction between regional terrain and meteorological conditions, which contributes
to prolonged rainfall and intensifies heavy-tailed flood behavior. Both studies utilized
the upper tail ratio to estimate flood tail behavior. However, it’s worth noting that
this approach has been shown to be highly sensitive to the length of the available
data, often resulting in underestimation when dealing with shorter datasets (Smith
et al., 2018; Wietzke et al., 2020). As mentioned earlier, the sensitivity to sample
sizes is a common challenge in the current methods used to assess the tail heaviness
of distributions. To ensure comparability of analyses across catchments, it’s crucial to
use datasets with similar lengths (and overlapping periods) (Cunderlik and Burn, 2002).
Given the gloabal variability in the availability of hydrological observations (including
streamflow) across different regions/gauges (Lins, 2008), conducting comparative regional
analysis of heavy-tailed flood behavior is constrained. Due to this limitation, it becomes
necessary to exclude river gauges with shorter record lengths in current studies. This
practice, however, reduces the number of catchments available for analysis and can often
make international comparisons challenging, or even disqualify regions with short record
lengths from heavy-tail analyses altogether.

1.3 Research objectives and dissertation structure

This research aims to address acknowledged challenges in the field of heavy-tailed flood behavior
research, as discussed in the preceding section. Specifically, Chapter 2 delves into the impact
of rainfall-induced spatial variability on the emergence of heavy-tailed streamflow behavior.
Chapter 3 introduces a robust proxy for inferring heavy-tailed flood behavior grounded in
catchment hydrological processes, and Chapter 4 conducts an extensive geographical analysis of
heavy-tailed flood behavior across diverse physiographical settings using the proposed indicator.
The aim is to confirm and summarize the advancement of the understanding of heavy-tailed
behavior by this new approach studied in this work.

These three chapters deal with different aspects by employing diverse methodologies and
datasets to properly analyze the specific issues posed in each chapter. Each chapter is preceded
by a deeper literature review on the chapter’s focus, which discusses the respective state of the
art and research gaps of the chapter topic. Based on this, research questions can be specified
as follows:

Challenge 1 - Impacts of Spatial Heterogeneity in Rainfall (Chapter 2):

• What is the general role of the spatial rainfall variability on the emergence of heavy-tailed
streamflow distributions?

• Does this role vary across catchments, and what would be the underlying controls of this
role?
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Challenge 2 - Insights from Common Streamflow Dynamics (Chapter 3):

• Is there an appropriate descriptor of flood distribution tail behavior within the intrinsic
hydrological dynamics of the flow regime?

• How effective would the use of the proposed descriptor be in identifying heavy-tailed
flood behavior?

• Will the proposed descriptor provides a reliable estimation of flood tail behavior across
catchments with varying data lengths?

Challenge 3 - Geographic Patterns of Heavy-Tailed Floods and Hydroclimatic
Interpretation (Chapter 4):

• Could the identified descriptor be validated through an analysis of an extensive dataset
that encompasses a diverse range of climate and catchment characteristics to infer
hotspots of heavy-tailed flood behavior?

• What insights can we gain about the influences of diverse physiographical settings on
heavy-tailed flood behavior from the constructed geography of such behavior?

Individual results, discussions, and chapter conclusions corresponding to these focuses
are presented directly in each chapter. Finally, Chapter 5 offers a condensed overview of
the important findings obtained from the preceding chapters. It highlights the progress
made in understanding the factors and mechanisms related to heavy-tailed flood behavior,
showcasing the contributions of this study. This dissertation concludes by discussing the
potential applications and future research directions related to heavy-tailed flood behavior,
with the aim of advancing hazard prediction and prevention research.
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2
Impacts of Spatial Heterogeneity in

Rainfall

Rainfall is often considered one of the primary drivers of hydrological responses within
catchments (e.g., Bracken et al., 2008; Arnell and Gosling, 2016; Wasko and Sharma, 2017).
Spatial rainfall variability has been proved as non-negligible to accurate streamflow prediction
(e.g., Singh, 1997; Zoccatelli et al., 2011; Zhao et al., 2013). Particularly, it has been suggested
as more important than the temporal rainfall structure (Peleg et al., 2017) to evaluate the
impacts of climate changes on extreme streamflow events (Fatichi et al., 2016). The increasing
trend in the occurrence of localized and extreme rainfall events has been found under global
warming conditions (Donat et al., 2016; Pendergrass, 2018; Li et al., 2019; Myhre et al., 2019).
A considerable rise in spatial rainfall variability caused by the increasing intensity of extreme
rainfall and decreasing spatial extent have been discussed in studies based on observations
(Wasco et al., 2016; Peleg et al., 2018) and modeling (Peleg et al., 2022). Furthermore, the
change of spatial rainfall variability itself has been shown to be more impactful on floods than
the component of rainfall intensity (Peleg et al., 2022).

However, traditionally, the focus of the effects of spatially variable rainfall on streamflow
has been on the variability of a single rainfall storm or the magnitude of the resulting peak
discharge (Borga et al., 2007; Viglione et al., 2010; Paschalis et al., 2014; Lu et al., 2017).
Few researchers have addressed the issue of the effects of continuous spatially variable rainfall
on streamflow distributions. Even though studies of flood frequency analysis have provided
some insights into flood hazards based on peak discharges (e.g., Menabde and Sivapalan,
2001; Kay et al., 2006; Fiorentino et al., 2007; Kjeldsen et al., 2014), flood hazards based
on variations between low and high flows remain poorly understood. Furthermore, long-
term streamflow response (e.g., cumulative streamflow distributions) to rainfall is linked with
multiple hydrological processes and complex interactions between catchment units. There is
still some controversy surrounding the impacts of spatially heterogeneous rainfall on streamflow
due to variable climate conditions (Viglione et al., 2010; Zhao et al., 2013), catchment sizes
(Merz and Blöschl, 2009; Zhu et al., 2018), or the heterogeneities in other catchment attributes
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(Struthers and Sivapalan, 2007; Harman et al., 2009; Rogger, Kohl et al., 2012). Hence, it
remains a great challenge for hydrologists to understand the linkages between the changing
characteristics of rainfall and high flows. Sharma et al. (2018) pointed out that one of the
foremost issues, which is still missing, is the relationship between catchment size, catchment
geometry, and storm characteristics (e.g., extent, duration, intensity). Meanwhile, providing a
corresponding data validation to modeling results is challenging. A general investigation of
the effects of spatial rainfall variability from both simulation scenarios and data analyses is
needed.

To fill the knowledge gap, this study addresses two research questions: (1) what is the
role of the spatial rainfall variability on heavier-tailed streamflow distributions, and (2) does
this role be dependent on catchment sizes and shapes? I aim to investigate the research
questions using both simulation scenarios and data analyses. Specifically, I applied a stochastic
approach to generate synthetic rainfall fields and fed the results as the input of a non-gridded
continuous hydrological model. The spatial context is based on catchment units (i.e., HRUs).
The output of the long-term hydrological response was used for evaluating the tail heaviness
of the streamflow distribution. Data analysis was presented in a comparable approach to the
synthetic framework.

2.1 Catchment and hydrological data

The study is based on daily rainfall and streamflow observations for a set of 175 German
catchments taken from Tarasova et al. (2018). The catchment areas vary from 36 to 23,700
km2, with a median value of 688 km2. Catchments influenced by large reservoirs or control
gates (Lehner et al., 2011) and affected by visible anthropogenic streamflow disturbances are
disregarded.

The length of daily streamflow and rainfall time series ranges between 37 and 63 years
(between 1951 and 2013), with a median value of 61 years. We computed the specific (i.e.,
per unit catchment area) streamflow at each catchment outlet. Hereafter, we use the simpler
term ‘streamflow’ instead of specific streamflow. Daily rainfall time series for each catchment
was derived from the Regionalisierung der Niederschlaghöhen (REGNIE) dataset, which is a 1
km2 resolution rainfall field interpolated from point observations through multiple regression,
provided by the German Weather Service (Rauthe et al., 2013). This study referred to only
summer periods to avoid bias from snow melting, which is not considered in our modeling
framework (see Section 2.3). Summer season was identified as June to August, as suggested
by Beurton and Thieken (2009) for German catchments. Daily temperature time series in
the considered catchments were generated from the German Weather Service observations by
means of external drift kriging, using elevation as an explanatory variable (Zink et al., 2017).
We applied the temperature to estimate potential evapotranspiration using the Thornthwaite
(1948) equation.

Five of the 175 catchments were selected for scenario simulations (Figure 2.1 and Table
2.1). The Delme River basin at Holzkamp (98 km2 to represent small size), the Ilm River
basin at Niedertrebra (887 km2 to represent medium size), and the Amper River basin at
Inkofen (2841 km2 to represent large size) form the first group of basins used in the simulations,
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for they have various catchment sizes while their drainage densities Dd (Horton, 1932) and
elongation ratios Re (Schumm, 1956) are similar. The Ilm River basin at Niedertrebra (more
elongated, Re=0.45), the Innerste River basin at Heinde (less elongated, Re=0.78), and the
Unstrut River basin at Erfurt-Moebisburg (circular, Re=0.90) form the second group of basins
used in simulations for they have various catchment shapes while their drainage densities and
sizes are similar.

A 100-m resolution digital elevation model (DEM) retrieved from the Shuttle Radar
Topography Mission (SRTM) was used to generate the river networks of the five select
catchments. River networks were determined by means of the Arc Hydro tools with the
recommended threshold (i.e., 1%) for stream determination (ESRI, 2009). Hydrologic response
units (HRUs) were defined as the drainage area between neighboring nodes of the river network
or as the area draining to the uppermost nodes.

Figure 2.1: Study catchments in chapter 2 (a) Study catchments on the map of Germany.
Black contours show the boundaries of 175 catchments used for data analyses. The yellow shaded
areas labeled with numbers corresponding to panels b and c indicate the five catchments used for
scenario simulation. (b) Catchments were selected for analyzing the effects of catchment size. The
river networks and drainage areas of the Delme River basin at Holzkamp (1), the Ilm River basin
at Niedertrebra (2), and the Amper River basin at Inkofen (3). (c) Catchments were selected for
analyzing the effects of catchment shape. The river networks and drainage areas of the Ilm River
basin at Niedertrebra (2), the Innerste River basin at Heinde (4), and the Unstrut River basin at
Erfurt-Moebisburg (5).

2.2 Observation-based stochastic framework for spatial hetero-
geneity in rainfall

I first summarized the observed rainfall fields from the REGNIE dataset and identified the
Gamma distribution as the fairest distribution to represent the spatial variabilities of rainfall
(over the entire catchment) within five select catchments (see supporting information S1 and
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Table 2.1: Information on study catchments for scenario simulations Group 1 basins are
used for the investigation of the effects of catchment size, and group 2 basins are used to study the
effects of catchment shape. The elongation ratio close to 1 indicates high circularity.

Group Catchment Area Elongation Drainage HRU HRU Area
Ratio, Re Density, Dd Number (median/interquartile)

[km2] [-] [km/km2] [-] [km2]
1 Holzkamp 98 0.45 0.74 51 1.91/1.17

1,2 Niedertrebra 887 0.45 0.64 429 1.59/1.57
1 Inkofen 2841 0.47 0.88 1429 1.59/1.49
2 Heinde 898 0.78 0.69 438 1.60/1.70

2 Erfurt- 847 0.90 0.71 422 1.65/1.48Moebisburg

Figure 2.12). Then, we generated random variables from a pre-assigned Gamma distribution
as the rainfall depths of each day, which were then allocated to each HRU to form the
synthetic rainfall field. We systematically considered three critical components: the spatial
rainfall variability, the varying degree of spatial rainfall variability in time, and the rainfall
autocorrelation in space in our framework. Figure 2.2 exemplary illustrates the synthetic
framework and the distinctions between components. Figure 2.2a shows the uniform case
where the synthetic rainfall field is uniformly distributed in space with the average rainfall
depth of observations (based on the REGNIE dataset) for the entire catchment and follows
the observed time series. The hydrological response generated from this case is considered
the reference point in this work. Figure 2.2b shows the first scenario which encompasses
the spatially variable rainfall field with a fixed spatial variability (measured as coefficient of
variation of rainfall) for all days, while every day exhibits randomly spatial rainfall patterns
(alike Ayalew et al., 2014). Again, for each day, the catchment’s average synthetic rainfall
depth equals the observed value. We implemented one more process, the varying variability
in time, as the second scenario (Figure 2.2c). The spatial variability changes day by day
in this case, with the catchment’s average synthetic rainfall depth each time equal to the
catchment average calculated from REGNIE, and the spatial pattern of each day is random.
In addition, I implemented another process, the rainfall autocorrelation in space, as the third
scenario (Figure 2.2d). The rainfall field of each day is constructed by a stochastic spatial
autocorrelation function, while the spatial rainfall variability is fixed in time, and the mean
depth follows the observations. The framework starts from the most simplified case and adds
different sophisticated components step by step to distinguish between effects on the tail of
the streamflow probability distribution caused by different components.

The parameters of the Gamma distribution were assigned based on the requests of different
scenarios. The shape parameter k of the Gamma distribution was either fixed for all days
(scenarios 1 and 3) or allowed to vary randomly within a specified range (scenario 2). The
scale parameter was then computed by setting the mean of the Gamma distribution equal to
the average observed daily rainfall. Each realization applied one setting of the parameters of a
Gamma distribution for the entire time series. For the rainfall fields with fixed variability, we
imposed fifty-two different values of k between 103 and 10−4 (see supporting information Table
2.3), which resulted in a wide range of variabilities from extremely low (near to homogeneous,
with the largest k) to extremely high (when the smallest k are utilized). For the rainfall fields
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Figure 2.2: Schematic diagram of spatial rainfall scenarios The mean rainfall depth
and event intermittence follow the observational time series in all cases. Settings for rainfall
fields with (a) uniform depths and patterns in space, (b) fixed variability of depths in time
(indicated by the horizontal red line for the value of spatial variability) and random patterns
in space (no autocorrelation), (c) varying variability of depths in time and random patterns in
space (no autocorrelation), and (d) fixed variability of depths in time and data-based stochastic
autocorrelation structures in space.

with varying variability, the shape parameter k of the Gamma distribution was changed day
by day. In particular, we allowed it to fluctuate randomly around a central value k0 within
a specified range (−b, b). I generated rainfall fields characterized by low to high degrees of
varying variability by changing the width of this range and assigning to b twenty different
values between 0.05k0 and k0. We set k0 = 10−1, i.e., an intermediate value among those
analyzed for k in the fixed variability scenario (see supporting information Table 2.4). With
this approach, we generated variations of the spatial variability across events while controlling
the average spatial variability within events to highlight effects due to the changing of spatial
rainfall variability only. A hundred stochastic realizations for each specified shape parameter
were generated to assess the uncertainty of the results.

I adopted three distinct indices (Equations 2.1 to 2.3) to evaluate the degree of variability
of the synthetically generated spatial rainfall fields. The first index is the coefficient of variation
in space (CVspace) of the rainfall depth assigned to all catchment units in each day, which we
termed CVspace,t for day t:

CVspace,t =

√︂
1
U

∑︁U
u=1(du,t − dt̄)2

dt̄

(2.1)

where du,t [mm] is rainfall depth at catchment unit u on day t, dt̄ is the spatial mean of
rainfall on day t, and U is the total number of catchment units.
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The second index is the temporal mean of the first index, which characterizes the average
spatial variability of rainfall across all wet days (i.e., days with rainfall > 0) of the time series.
It is computed as:

CVin = 1
T

T∑︂
t=1

CVspace,t (2.2)

where T is the total number of wet days in the rainfall time series of a catchment.
The third index is the temporal coefficient of variation of the first index, which represents

the fluctuation of the spatial rainfall variability from one day to the other. It is calculated as
the coefficient of variation of CVspace across all wet days (i.e., days with rainfall > 0) in the
time series:

CVcross =

√︂
1
T

∑︁T
t=1(CVspace − CVin)2

CVin
(2.3)

Note that for the case of uniform rainfall, both CVin and CVcross are equal to zero. In
the fixed variability scenario, CVcross is always equal to zero and different values of CVin

are investigated, whereas CVcross is different from zero in the varying variability scenario.
Meanwhile, Figure 2.3 shows the range of the event-based spatial rainfall variability (panel
a) and the coefficient of variation of the spatial rainfall variability in time (panel b) from
observations. The blue lines indicate the synthetic indices generated in this framework that
match the majority of the cases and thus are representative of the real-world rainfall variabilities.
In addition, examples of observed rainfall fields with different spatial rainfall variabilities
within the considered range are displayed in the supporting information Figure 2.13.

Figure 2.3: Estimated rainfall spatial variability of observations The computation is based
on spatial rainfall depths in 175 German catchments between 1951 and 2013 summer wet days
from the REGNIE dataset. (a) Event-based correlation of variations (CVspace) as a function of the
basin area. The mean value (red squares), 5-95 percentiles (black boxes), and outliers (gray dots)
of the CVspace are displayed. Horizontal blue lines indicate the lower/upper boundary generated
in the synthetic work of this study. (b) Temporal correlation of variations across events (CVcross)
as a function of the basin area. The horizontal blue line indicates the upper boundary (from zero)
generated in the synthetic work of this study.

Rainfall fields with a stochastic spatial autocorrelation were generated by a rearrangement
matrix (Peleg and Morin, 2014). We first derived the spatial rainfall autocorrelation function
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of the observations from the average of the integrated rainfall field (of all the wet days) for
each catchment (Bacchi and Kottegoda, 1995). The Pearson correlation coefficient of rainfall
depths between each HRU and the N -th nearest HRU was computed as a function of the
spatial lag (i.e., N -th nearest HRU) (Grillenzoni, 2022). The correlogram curve between 0-th
to Nmax-th nearest HRU was used as the spatial rainfall autocorrelation function, in which
Nmax was determined by the corresponding correlation coefficient equal to or below zero.
We used the method proposed by Peleg and Morin (2014) to generate the stochastic rainfall
field with spatial autocorrelation. The synthetic rainfall depths (generated by an assigned
Gamma distribution) were rearranged for each HRU to encompass the observed rainfall spatial
autocorrelation property by using two generated matrices, M1 and M2. M1 is a matrix with
the same dimensions as the synthetic rainfall field composed of random variables of a standard
normal distribution (i.e., mean = 0 and standard deviation = 1). M2 is a reference matrix for
rearrangement with the same dimensions as M1. The value of each element in M2 is determined
by the following equation (which encompasses the observed rainfall spatial autocorrelation
within D spatial lag):

M2(x, y) =
∑︁

|(X,Y )−(x,y)|≤D[M1(X, Y ) · ρ(|(X, Y ) − (x, y)|)d∗ ]∑︁
|(X,Y )−(x,y)|≤D[ρ(|(X, Y ) − (x, y)|)d∗ ] (2.4)

where ρ(|(X, Y ) − (x, y)|) is the rainfall spatial correlation (based on the Pearson correlation
coefficient) at the spatial lag between (X, Y ) and (x, y), D and d∗ are calibrated parameters
by the optimization of M2 to the observed rainfall spatial autocorrelation (an example is shown
in Figure 2.4d). We rearranged the synthetic rainfall field according to M2 with the same
ranking, which means the largest depth of the synthetic rainfall field was set to the place of
the largest value of M2, and so on. The calibrated parameters we used for the five study sites
are listed in Table 2.2.

Table 2.2: Parameters for the Stochastic Rainfall Spatial Autocorrelation Generator

Catchment HRU Number D d∗
1 d∗

2
Holzkamp 51 10 0.3 –

Niedertrebra 429 80 1.5 (for D ≤ 40) 1.5 (for D > 40)
Inkofen 1429 360 1.5 (for D ≤ 140) 1.5 (for D > 140)
Heinde 438 195 1.5 (for D ≤ 30) 1.5 (for D > 30)

Erfurt-Moebisburg 422 110 1.5 (for D ≤ 50) 1.5 (for D > 50)

Figure 2.4 uses the Ilm River at the gauging station of Niedertrebra as an example of this
stochastic simulation process. For each catchment (among five select catchments), we randomly
generated five hundred realizations within the same range of spatial rainfall variability of
scenario 1 and compared their effects on the tail heaviness.

In summary, I used data-based synthetic rainfall fields to investigate a wider range of
variability than the one that has been observed. The framework allows for isolating and
analyzing separately the roles played by spatial rainfall variability occurring within the same
rainfall event or by changes of spatial variability across events and the potential effects of
spatial rainfall autocorrelation, thus enabling an understanding of the effect of each of these
components.
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Figure 2.4: An example of data-based stochastic spatial autocorrelation simulation
of the rainfall field (a) Average spatial pattern of the integrated rainfall fields of observations
from 1980-2002 (summer) for Niedertrebra. (b) An example of a synthetic rainfall field generated
by an imposed Gamma distribution (mean=2 mm, shape=1) with a random structure. (c)
Stochastic rainfall field which is transformed from panel b and encompasses the observed spatial
autocorrelation. (d) Correlograms of the observed rainfall field (panel a) and the simulated rainfall
field (panel c). A terrain map of Niedertrebra based on a digital elevation model is displayed in
the supporting information Figure 2.14.

2.3 Streamflow simulation

I used a well-established probabilistic model of water transport at the catchment scale
(Rodriguez-Iturbe and Valdes, 1979; Rinaldo and Rodriguez-Iturbe, 1996; D’Odorico and
Rigon, 2003; Rinaldo et al., 2006; Nictina et al., 2008; Rigon et al., 2016) to simulate
streamflow at the outlet of catchments forced by spatially variable rainfall fields. The model
accounts for three key components (see Figure 2.5): (1) the soil water balance in hillslopes, (2)
the probability distributions of transit times in the hillslopes of catchment units, here assumed
to be stationary in time, and (3) the response time distribution in channels derived from a
geomorphological analysis of the river network.

The first component represents the water balance among rainfall inputs, evapotranspiration,
and leaching to subsurface flow in each catchment unit:

dV (t)
dt

= [I(t) − ET (t) − L(t)]A (2.5)
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where V is the water storage in the root zone [mm3], I is the infiltrated rainfall depth
[mm], ET is the evapotranspiration [mm], L is the leaching from the storage to subsurface
flow [mm], A is the area of the catchment unit [mm2], and t is the daily time interval [day].
The water storage V is then used to calculate soil moisture (SM) as:

SM(t) = V (t)
mZA

(2.6)

where m is the soil porosity [-] and Z is the depth of the root zone [mm].
In each catchment unit at time t, hydrological processes were further distinguished as the

responses in unsaturated (Aus(t)) and saturated areas (As(t)). We estimated the fraction
of saturated area to total area as a power-law function of soil moisture (Kirkby, 1975). In
unsaturated areas, all the rainfall infiltrates (i.e., I(t) = P (t) · Aus(t)/A, where P is the rainfall
depth [mm]), whereas in saturated areas, no infiltration occurs and rainfall becomes surface
runoff, and evapotranspiration equals its potential value estimated according to Thornthwaite
(1948). Evapotranspiration in unsaturated areas is instead considered as a linear function of
the soil moisture between the wilting point (set equal to 0.05; Ács et al., 2010) and a critical
point when the water available for this process is non-limiting. Leaching of water to subsurface
flow paths takes place in both unsaturated and saturated areas and is computed as a power-law
function of soil moisture multiplied by a coefficient that is equal to the hydraulic conductivity
(Clapp and Hornberger, 1978).

Transit times in the hillslopes of catchment units (i.e., the second key component of the
model) were assumed to be exponentially distributed. Distinct distributions were considered
for the surface (fsup,h) and subsurface (fsub,h) flow paths. Their respective parameters were
determined through a power law relationship with the size of the catchment unit (Boyd, 1978;
D’Odorico and Rigon, 2003; Nictina et al., 2008). All water particles in the source hillslopes
were assumed to flow towards the lower node of each catchment unit.

The third component, namely the response time distributions in river networks (fn), was
instead derived from the width function of the catchment unit which explicitly considered the
length of the pathway from the lower node of the catchment unit to the catchment outlet and
the integration of the simplified parabolic model of de Saint Venant equation with suitable
boundary conditions (Rinaldo et al., 1991; Rinaldo and Rodriguez-Iturbe, 1996).

The response time distribution of a catchment unit was finally obtained by convoluting fn

with either fsup,h or fsub,h for surface and subsurface flow, respectively. Streamflow generated
from a catchment unit was finally simulated as the convolution of the runoff (i.e., the outcome
of the first component) and the response time distribution (i.e., the outcome of the second
and third components). Both superficial flow and subsurface flow were simulated at the outlet
from each catchment unit and the integral of surface and subsurface contributions from all
catchment units formed the total streamflow at the catchment outlet.

The model was calibrated on the observed streamflow series at the catchment outlet by
using spatially uniform rainfall inputs. We used the shuffled complex evolution algorithm by
applying a statistical parameter optimization tool of Python, SPOTPY (Houska et al., 2015),
to optimize parameters.
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Figure 2.5: Schematic diagram of the adopted hydrological model Three key components
were accounted for in the model: (1) the soil water balance in hillslopes, with main fluxes depicted
through blue solid arrows, (2) the transit time distributions of surface and subsurface flows
in hillslopes, graphically represented through blue dashed arrows, and (3) the response time
distribution of each catchment unit in the river network, displayed by means of black dashed
arrows.

2.4 Alteration of tail heaviness induced by spatial rainfall
variability

I quantified the relative heaviness of the upper tail of streamflow distributions resulting from
spatially variable rainfall inputs with respect to the heaviness of the distribution obtained
with uniform rainfall. We used the slope S of the upper tail of the exceedance probability
distribution of re-scaled daily streamflow (i.e., streamflow divided by its long-term mean value)
represented in a double logarithmic plot (see supporting information Figure 2.15) as an index
of tail behavior, similarly to Nerantzaki and Papalexiou (2019) and Mushtaq et al. (2022).
This is defined as:

S =
⃓⃓⃓⃓ log(0.01) − log(0.1)
log(x0.01) − log(x0.1)

⃓⃓⃓⃓
(2.7)

where x0.01 and x0.1 are the values of the normalized streamflow corresponding to the
exceedance probabilities of 0.01 and 0.1.

I normalized S with the slope of the reference case, S0, here represented by the streamflow
distribution obtained from the uniform rainfall case. Since the tail heaviness is proportional to
the inverse of the tail slope, the index of relative tail heaviness H is:

H = S0
S

(2.8)

Accordingly, H > 1 indicates a streamflow distribution with a tail that is heavier than the
tail of the distribution obtained with uniform rainfall, whereas H < 1 labels a distribution with
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a lighter tail than the distribution obtained with uniform rainfall (see supporting information
Figure 2.15).

2.5 Identification of heavy-tailed streamflow distributions

Power law distributions are a type of heavy-tailed distributions (i.e., distributions with tails
heavier than exponential ones) with special relevance as they occur in a wide range of natural
and man-made phenomena (Newman, 2005). In particular, power law distributed variables
can assume values very far from their mean. For the case of streamflow, this translates into
an unneglectable chance of the occurrence of very large flows and, therefore, the possible
occurrence of extreme floods.

For this reason, I investigated the possible emergence of power law distribution (i.e.,
distributions which are heavy-tailed in an absolute sense) as a result of spatially variable
rainfall inputs. To this purpose, we applied a robust statistical framework (Clauset et al., 2009)
to identify power law distributions in empirical data. The range of the tail was determined
as the streamflow above a lower boundary value, which made the probability distribution of
the streamflow above the boundary and the best-fit power-law model as similar as possible.
Kolmogorov-Smirnov statistic was applied to quantify the distance between two probability
distributions (i.e., the cumulative distribution function of data and the fitted power-law model).
The associated p-value was used to evaluate whether the power law is a plausible fit for the
data.

2.6 Comparable data analyses

The relationship between spatial rainfall variability and tail heaviness of the streamflow
distribution was also investigated based on observed rainfall-runoff events from 175 catchments
across Germany. In this case, I applied the same index of average spatial rainfall variability
(i.e., CVin), index of relative tail heaviness (i.e., H), and suitability of power law distributions
for the data. An interpolated gridded rainfall dataset was used to identify the rainfall fields.

Rainfall-runoff events were separated from the continuous recorded series using the approach
proposed by Tarasova et al. (2018). The spatial variability of rainfall for each runoff event
(i.e., CVspace) was computed based on the spatial rainfall pattern of the total event rainfall
(Tarasova et al., 2020b).

To highlight the streamflow responses from different spatial rainfall variability, we sorted
the rainfall-runoff events based on their CVspace value. Events were then binned into groups of
100 members from low to high spatial rainfall variability, which formed a bin with a certain
value of spatial rainfall variability equal to the mean CVspace of the 100 events (i.e., CVin).
Events with the largest spatial rainfall variability were considered as a separate category if
their number was equal to or above 50; otherwise, they were included in the prior category.

The streamflow distribution and its tail heaviness were calculated by using the peak values
of the 100 runoff events included in each bin. Due to different numbers of events for catchments
in our data set, 5 to 17 bins (median: 12 bins) were determined in one catchment for analyzing
the relationship between spatial rainfall variability and tail heaviness of streamflow. The
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number of events per bin was decided as a tradeoff between the need of obtaining reliable
estimates of tail heaviness (which improve with the number of events per bin) and a suitable
representation of the relationship between spatial rainfall variability and tail heaviness (which
instead requires a certain number of bins).

Linear regression between the tail heaviness of streamflow distributions and the correspond-
ing spatial rainfall variability was performed, and the Pearson correlation coefficient and the
Wald Test with t-distribution were computed by means of the scipy.stats.linregress tool of
SciPy v1.7.1.

2.7 Chapter results and discussion

2.7.1 Spatial rainfall scenatio 1: fixed variability without autocorrelation

An illustration of the effects of increasing spatial rainfall variability (CVin, i.e., in a fixed
variability scenario) is shown in Figure 2.6 for the Ilm River at the gauging station of
Niedertrebra. The red shaded area identifies cases with heavier tails than in the case of uniform
rainfall. The black dots and tendency line express the mean tail heaviness among hundred
realizations performed for each degree of spatial rainfall variability. They indicate that the tail
heaviness of the streamflow distribution increases only beyond a certain threshold of spatial
rainfall variability, which in this case is equal to CVin = 4.7. To quantify this threshold, we
developed and applied an approach that considers the statistical significance of the linear
regression slope by the Wald test with t-distribution of the test statistic and the Pearson
correlation coefficient between the two variables (i.e., CVin and H). It is detailed in the
supporting information S2.

Red dots in Figure 2.6 indicate realizations for which the streamflow distributions are
plausibly represented by means of power laws. Large amounts of red dots are visible for
high spatial rainfall variability. This indicates that, besides increasing the tail heaviness of
streamflow distributions, highly heterogeneous rainfall also gives rise to distributions that are
heavy in an absolute sense, which have a non-neglectable probability of the occurrence of
extreme flow events.

We analyzed the effects of a wide range of spatial rainfall variability in five catchments with
various sizes and shapes to investigate whether these catchment characteristics affect their
resilience to increasing spatial rainfall variability. Figure 2.7a shows the effects of increasing
spatial rainfall variability on the tail heaviness of streamflow distributions in the Delme
River basin at Holzkamp (82 km2), Ilm River basin at Niedertrebra (887 km2), and Amper
River basin at Inkofen (2814 km2). Results are plotted together to compare the responses in
catchments with different sizes. To highlight the effects of catchment size, these catchments
have similar characteristics to other potentially influencing factors, such as catchment shapes
(Moussa, 2003; Sassolas-Serrayet et al., 2018; Saharia et al., 2021). All of them are elongated
catchments with elongation ratio Re < 0.5 and have small drainage density (i.e., Dd < 1).

All three catchments show increasing tail heaviness of streamflow distributions as a result of
increasing spatial rainfall variability. However, the minimum value of spatial rainfall variability
for which an effect arises varies, indicating different degrees of resilience in small and large
catchments. The effect becomes visible at a lower rainfall variability in the smallest catchment
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Figure 2.6: Effects of increasing spatial rainfall variability (CVin) on the tail heaviness
of the streamflow distribution of the Ilm River at the gauging station of Niedertrebra
The red shaded area indicates heavier-tailed streamflow distributions with respect to the uniform
rainfall case, whereas the green shaded area indicates lighter-tailed streamflow distributions. For
each value of CVin, hundred different realizations of spatial rainfall patterns on the catchment
characterized by the same spatial rainfall variability are displayed with gray dots. The mean
values of the tail heaviness among hundred results for each CVin are marked in black and linked
with a tendency line. The black-dash line indicates the identified threshold of spatial rainfall
variability beyond which the tail heaviness of the streamflow-distribution increases (see supporting
information S2). Red dots indicate realizations for which the streamflow distributions are not
simply relatively heavier than in the uniform rainfall case but heavy in an absolute sense as they
are plausibly fit by power law distributions.

(82 km2). The tail heaviness is higher in this case than for the other two catchments for all
values of rainfall variability. This suggests the least resilience to spatial rainfall variability in
the small catchment. The effect instead arises for similar values of spatial rainfall variability
for medium and large catchments. However, the tail heaviness increases quicker in the former,
thus suggesting higher resilience of large catchments to increasing spatial variability of rainfall.

Figure 2.7b shows the cumulative distribution functions (CDF) of the runoff routing
distance of the three catchments. The small catchment has the narrowest spread of the
distribution (i.e., all catchment units are near the outlet compared to the other two larger
catchments). Figure 2.7c shows the CDFs of the runoff routing distance normalized with
respect to the longest distance in each river network, which allows for a better evaluation of
the relative distributions of the distance in the catchments. The black dashed line is the 1:1
line. Both small and medium catchments’ CDFs are closed to uniform distributions (i.e., the
S-Curves are closed to straight lines), whereas the large catchment’s CDF is asymmetrical
(i.e., the area below the 1:1 line is different from the area above). When the runoff routing
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distance distribution is uniform, the routing effects from the fast and delayed response are
equal and balance each other, whereas this is not happening for asymmetrical distributions.

Figure 2.7: Effects of the catchment size (a) Effects of increasing spatial rainfall variability
(CVin) on the tail heaviness of streamflow distributions of catchments with increasing area. The red
shaded area indicates heavier-tailed streamflow distributions with respect to the uniform rainfall
case, whereas the green shaded area indicates lighter-tailed streamflow distributions. For each value
of CVin hundred different realizations of spatial rainfall patterns on the catchment characterized
by the same spatial rainfall variability are displayed with small dots. The mean values of the tail
heaviness among hundred results for each CVin are displayed with large dots and linked with a
tendency line. (b) The cumulative distribution function of runoff routing distance which is based
on the DEM of each catchment. (c) The cumulative distribution function of runoff routing distance
normalized with respect to the longest distance in each river network. The dash-black line is the
1:1 line which provides insights into the asymmetry of the distribution.

In Figure 2.8 I investigate the effects of increasing spatial rainfall variability on the tail
heaviness of streamflow distributions in catchments with different shapes. The Ilm River
basin at Niedertrebra is more elongated (Re = 0.45), the Innerste River basin at Heinde is
less elongated (Re = 0.78), and the Unstrut River basin at Erfurt-Moebisburg is circular (Re

= 0.90). Figure 2.8c displays their shapes. These catchments were selected because they
have similar sizes (i.e., Niedertrebra: 887 km2, Heinde: 898 km2, and Erfurt-Moebisburg:
847 km2) and drainage densities (i.e., Dd < 1) to highlight the effect of catchment shape.
Figure 2.8a displays the effect of increasing spatial rainfall variability on the tail heaviness of
streamflow distributions in these three catchments. For the more elongated catchment, the tail
heaviness increases for spatial rainfall variability growing above a certain threshold; for the
less elongated and circular catchments, the tail heaviness of streamflow distributions is nearly
unaffected over a wide range of increasing spatial rainfall variability. Although the elongated
catchments generally have longer lengths of the main streams than circular catchments under
the same area (Sassolas-Serrayet et al., 2018), Figure 2.8b shows that both the less elongated
and circular catchments have clearly asymmetric runoff routing distance distributions, with
more catchment units located far upstream the outlet compared to the most elongated one.
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Figure 2.8: Effects of the catchment shape The Ilm River basin at Niedertrebra is the more
elongated catchment with Re = 0.45 (green), the Innerste River basin at Heinde is the less elongated
catchment with Re = 0.78 (red), and the Unstrut River basin at Erfurt-Moebisburg is the circular
catchment with Re = 0.90 (black). (a) Effects of increasing spatial rainfall variability (CVin) on
the tail heaviness of streamflow distributions of catchments with different shapes. The red shaded
area indicates heavier-tailed streamflow distributions with respect to the uniform rainfall case,
whereas the green shaded area indicates lighter-tailed streamflow distributions. For each value of
CVin, hundred different realizations of spatial rainfall patterns on the catchment characterized
by the same spatial rainfall variability are displayed with small dots. The mean values of the tail
heaviness among hundred results for each CVin are displayed with large dots and linked with a
tendency line. (b) Cumulative distribution functions of runoff routing distance normalized with
respect to the longest distance in each river network. The dash-black line is the 1:1 line (starting
from the minimum and ending at the maximum of the S-Curve) which provides insights into the
asymmetry of the distribution. (c) Visualization of the river networks and catchment shapes of the
three catchments with the related color coding. Blue dots indicate the outlets of catchments.

2.7.2 Spatial rainfall scenatio 2: varying variability without autocorrelation

Recent studies point out the increasing trends of extreme events and rainfall heterogeneity
due to worldwide climate change (Myhre et al., 2019; Li et al., 2020). Few researchers have
addressed the issue of changing spatial rainfall variability in a catchment and its effects. Figure
2.9 shows the response of the tail heaviness of streamflow distributions to the increasing
coefficient of variation of the spatial variability of rainfall across events (CVcross). The red
shaded area identifies cases with heavier tails than in the case of uniform rainfall. Results for
catchments with different sizes and shapes are displayed in Figures 2.9a and b, respectively.
In Figure 2.9a, all three tendency lines show positive slopes δ which are significantly different
from zero (Wald test with t-distribution, p < 0.05). This indicates that the varying degree
of spatial rainfall promotes an increase in the tail heaviness of streamflow distributions. The
slope δ is significant (p < 0.05) higher for the small (δ = 0.71) than the medium (δ = 0.20)
and large (δ = 0.09) catchments. However, the consistent change of δ is not found in Figure
2.9b. In fact, the positive slope of the tendency line is significant only for the most elongated
catchment (p < 0.05). This means that the varying degree has no effect on the streamflow
distributions in both less elongated and circular catchments. I recall that these results are
consistent with the previous one, which suggested that smaller/elongated catchments are
less resilient to increasing spatial heterogeneity in rainfall. I also suggest that the impact of

23



2. Impacts of Spatial Heterogeneity in Rainfall

changing spatial variability of rainfall across events seems to be much less than the impact
due to increasing spatial rainfall variability within the events.

Figure 2.9: Effects of varying rainfall variability (CVcross) The red shaded area indicates
heavier-tailed streamflow distributions with respect to the uniform rainfall case, whereas the green
shaded area indicates lighter-tailed streamflow distributions. For each value of CVcross, hundred
different realizations of spatial rainfall patterns on the catchment characterized by the same spatial
rainfall variability are displayed with small dots. The mean values of the tail heaviness among
hundred results for each CVcross are displayed with large dots and linked with a tendency line.
The slopes of the tendency lines are compared in the bar chart at the lower right corner of each
panel. (a) Comparison of catchments with different sizes. (b) Comparison of catchments with
different shapes.

2.7.3 Spatial rainfall scenatio 3: fixed variability with autocorrelation

Figure 2.10 shows the effects of spatial autocorrelation of rainfall on streamflow distribution tail
heaviness by comparing the results with the cases without spatial autocorrelation (i.e., random
structures in space). Blue dots indicate the cases encompassing data-based stochastic spatial
autocorrelation, whereas gray dots indicate those without. For all five select catchments, cases
with autocorrelation respond similarly to those without with respect to the rising threshold
and rising rate. However, more profound heavier tails emerge in the autocorrelation cases
for high spatial rainfall variability (beyond the threshold). In particular, tail heaviness seems
to congregate in the variations of heavier tails (in comparison with the cases with random
structures), while the extreme cases do not exceed the expected range (inferred by the cases
with random structures). These findings show that the spatial autocorrelation of rainfall does
not change the general catchment response but indeed increases the probability of heavy tails
for the higher variability cases. It should be noted that the small catchment (82 km2, panel a)
shows fewer differences between the cases with and without spatial autocorrelation, in line
with Zoccatelli et al. (2011), who concluded that rainfall spatial organization had a limited
impact on floods in smaller catchments. In addition, the circular catchment (Re = 0.9, panel
e) shows a significant congregation of the variations of heavier tails.
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2.7.4 Corroboration through real rainfall and streamflow data

I analyzed (1) the relation between spatial variability of rainfall and tail heaviness of streamflow
distributions, (2) the effects of the catchment size, and (3) catchment shape on this relation
in real data to corroborate the simulation results obtained for the five select catchments and
prove their transferability. The results in this section are based on the analysis of data for 175
catchments across Germany.

The increase of tail heaviness with increasing rainfall variability is seen in the data and the
catchment resilience is evaluated. Figure 2.11a shows the slope and the correlation coefficient
of the regression between the streamflow-distribution tail heaviness (H) and the spatial rainfall
variability (CVin) for every single catchment. The slope value indicates the tendency of this
empirical relation, whereas the correlation coefficient evaluates its reliability. Red circles show
catchments with slopes significantly (p < 0.05) different from zero, while gray crosses show
those that are not significantly different. To evaluate the catchment resilience, we use the
approach outlined in supporting information S2 for identifying the effective threshold (i.e., the
threshold of CVin beyond which an effect of spatial rainfall variability begins to be visible)
and mark these catchments in purple color if their identified thresholds are beyond zero. In
general, the majority of catchments (102 out of 175) display positive relations between spatial
rainfall variability and tail heaviness. Although there are some (73 out of 175) display negative
relations, all of these cases display weak tendencies (i.e., closed-to-zero slopes). Moreover, the
percentage of significant cases is much higher in positive cases (37 out of 102, i.e., 36 %) than
in negative (9 out of 73, i.e., 12 %). These results confirm what we found in simulations, i.e.,
the increasing spatial variability of rainfall determines heavier streamflow-distribution tails in
most cases. Concerning the analysis of the effective threshold, there is a certain number of
catchments (39 catchments shown in purple) are identified. This indicates that the catchment’s
resilience to spatial variability of rainfall is also revealed in the data. In total, there are 48
catchments for which we identified either significant-positive slopes for the entire range of
spatial rainfall variability (shown in red) or for the spatial rainfall variability above an effective
threshold (shown in purple)

The results of data analysis also show that large catchments tend to be more resilient to
spatial variability of rainfall regarding the emergence of streamflow tail heaviness. Figure
2.11b shows the impact of catchment size on the positive tendency (shown by the value of the
regression slope) for those 39 catchments (shown in purple in figure 2.11a) which displayed the
catchment resilience (i.e., an effective threshold is identified). In general, the lower the slope is
(i.e., weaker tendency), the more resilient the catchment is, and vice versa. The dependence
of the regression slope on catchment size shown in figure 2.11b displays a significantly (p <
0.05) negative relationship with the shaded area representing the 95 % confidence interval of
the tendency line. Besides, I select two extreme groups among these 39 catchments: smallest-
and largest-area groups, characterized by areas below 25 (approx. 350 km2) and beyond 75
(approx. 3800 km2) percentiles of these 39 catchments. By computing the regression slopes
of these two groups we indeed find a statistically significant difference (p < 0.05 using the
Mann-Whitney U test via the scipy.stats.mannwhitneyu tool of SciPy v1.8.0). Catchments in
the smallest-area group display a higher mean of regression slopes (approx. 3.96) than in the
largest-area group (approx. 1.37). These findings confirm that large catchments tend to be
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more resilient (i.e., smaller regression slopes) to spatial variability of rainfall. The circle size
(in figure 2.11b) indicates the elongation ratio of each catchment.

Similarly, the results of data analysis also show that circular catchments tend to be more
resilient to spatial variability of rainfall regarding the emergence of streamflow tail heaviness
than elongated catchments. I analyzed the impact of catchment shape on the relation between
spatial variability of rainfall and tail heaviness for those 39 catchments (shown in purple in
figure 2.11a) which displayed the catchment resilience (i.e., an effective threshold is identified).
Figure 2.11c shows the dependence of the regression slope on the elongation ratio of catchments.
It displays a significant (p < 0.05) negative relationship whereas the shaded area represents the
95 % confidence interval of the tendency line. As previously, we compute the regression slopes
of two extreme groups: elongated and oval/circular groups, characterized by Re below 0.7 and
beyond 0.8 (Strahler, 1964; Withanage et al., 2014). I indeed find a statistically significant
difference (p < 0.05 using the Mann-Whitney U test via the scipy.stats.mannwhitneyu tool of
SciPy v1.8.0) in their regression slopes. Catchments in the elongated group display a higher
mean of regression slopes (approx. 3.72) as compared to the oval/circular group (approx.
1.33). These findings confirm that circular catchments tend to be more resilient (i.e., smaller
regression slopes) to spatial variability of rainfall. The circle size (in figure 2.11c) indicates the
area of each catchment.
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Figure 2.10: Effects of spatial autocorrelation of rainfall The relative tail heaviness
(H) responses to the increasing (fixed) spatial rainfall variability (CVin) under synthetic rainfall
fields with/without spatial autocorrelation (blue/gray) in (a) catchment Holzkamp, (b) catchment
Niedertrebra, (c) catchment Inkofen, (d) catchment Heinde, and (e) catchment Erfurt-Moebisburg.
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Figure 2.11: Data-based analysis of the relation between streamflow-distribution tail
heaviness and spatial rainfall variability with the impacts of catchment size and shape
(a) Results for 175 catchments in Germany are displayed. Each circle shows the regression slope and
the correlation coefficient between the streamflow-distribution tail heaviness and the spatial rainfall
variability for a single catchment. The slope value indicates the tendency of this empirical relation,
whereas the correlation coefficient evaluates its reliability. Red circles indicate the catchments
whose slopes were significantly greater/less than zero at a 0.05 significance level; gray crosses
indicate the catchments whose slopes were not significantly different from zero; purple circles
indicate catchments for which a minimum threshold of spatial rainfall variability for seeing an effect
on tail heaviness was identified. (b) The relation between regression slopes and catchment sizes for
39 catchments which displays the catchment resilience (i.e., a minimum threshold was identified
and shown in purple in panel a). The shaded area represents the 95 % confidence interval of the
tendency line, and the circle size indicates the elongation ratio of each catchment. (c) The relation
between regression slopes and elongation ratios in 39 catchments which displays the catchment
resilience (i.e., a minimum threshold was identified and shown in purple in panel a). The shaded
area represents the 95 % confidence interval of the tendency line, and the circle size indicates the
area size of each catchment.
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2.7.5 Discussion

I found that for the smaller spatial rainfall variability (the left-hand side of the threshold in
Figure 2.6), both heavier and lighter tails than in the case of uniform rainfall are produced.
This is an outcome of more intensive rainfall occurring either in downstream or upstream parts
of the catchment for a single considered stochastic realization. The range spanned by values of
the tail heaviness increases along with the increase of spatial rainfall variability, suggesting that
the specific rainfall patterns have an increasing influence on the observed tail heaviness. In fact,
the effect of heterogeneous rainfall patterns can be modulated by soil moisture dynamics in
each catchment unit (Kling and Gupta, 2009). Viglione et al. (2010) suggested that the spatial
heterogeneity of rainfall was more impactful in regions affected by saturation excess than
infiltration-excess phenomena. In addition, Zhao et al. (2013) found that the spatial variability
of soil moisture was linked to the spatial rainfall variability in both wet and dry conditions.
In general, spatially variable rainfall produces heterogeneity in the soil moisture and thus
generates more opportunities for partial saturation excess (i.e., when rainfall fall on saturated
catchment units) than in the uniform rainfall case. This may increase the contribution from
fast flows and cause streamflow distributions with heavier tails, as suggested by Merz and
Blöschl (2003) and Bates and Aryal (2014). However, other attenuating effects, such as runoff
routing through the river network, may average out the effects of these heterogeneities on the
hydrograph (Merz and Blöschl, 2009; Pokhrel and Gupta, 2011). Smith et al. (2004) studied
the effects of spatial rainfall variability on the hydrograph from observed data and suggested
that catchments dampen the impacts of rainfall due to the filtering effect.

For the larger spatial rainfall variability (the right-hand side of the threshold in Figure 2.6),
heavier tails than in the case of uniform rainfall and heavy tails (which are reliably fitted as
power laws) emerge. Saharia et al. (2021) confirmed the dampening effects under lower rainfall
intensities and further suggested that higher rainfall eventually subdues other geographical
factors from catchments and generates flashy floods by breaking the dampening effects, which
indicates a higher probability of occurrence of high-magnitude flow in a short period (Saharia
et al., 2017).

On average, I evaluated a certain degree of resilience of catchments to increasingly variable
spatial rainfall by identifying distinct responses of tail heaviness to the increase of spatial
rainfall variability below and beyond a certain threshold. This is likely due to the increasing
dominant effect of surface flow generated from partially saturated areas in the condition of high
spatial heterogeneity. We used here the term ‘catchment resilience’ to indicate the capability
of a catchment to buffer increasingly variable spatial rainfall patterns with limited changes
in the tail heaviness of its streamflow distribution, which is an indicator of the probability
of occurrence of extreme flow events. This property may have important implications for
the assessment of the peril of floods under climate change, which is predicted to increase the
spatial heterogeneity of rainfall both locally and globally (Donat et al., 2016; Pendergrass,
2018; Donat et al., 2019; Li et al., 2019; Myhre et al., 2019; Papalexiou and Montanari, 2019).

It was found that the size of a catchment affects its resilience. Smaller catchments tend to
exhibit greater hydrological responses due to higher runoff coefficients (Joel et al., 2002; Cerdan
et al., 2004). Meanwhile, the observed hydrographs at small catchments often resemble the
rainfall intensity variation (Dunne and Black, 1970; Dingman, 2002), while larger catchments
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tend to more strongly smooth the spatial rainfall patterns (Obled et al., 1994; Sivapalan et
al., 2003). Some studies argued that small catchments are subject to higher flood risk than
large catchments due to the possible occurrence of larger extension of saturated areas (e.g.,
Darras et al., 2015; Rogger et al., 2012; Zhu et al., 2018). Rainfall is generally more spatially
uniform in small than in large catchments, though intense convective rain cells with very high
spatial variability exist and are the main cause of flooding in small catchments (Morin and
Yakir, 2014). The analysis of the hydrological responses to a given spatial rainfall variability
between small and large catchments remains challenging. Gupta and Waymire (1998) proposed
a power-law scaling of peak discharge resulting from a single rainfall event (which is one of
the main contributors to the heavy tail of a streamflow distribution) with a drainage area.
They showed that the dominant factor of the scaling was the rainfall variability at smaller
catchments and the river network structure with its flow dynamics at larger catchments. As
we discussed in the previous section, the runoff routing may balance the impacts of partial
saturation excess from catchment units caused by the spatially heterogeneous rainfall. Although
partial saturation excess may increase fast flow (Viglione et al., 2010), the increase would be
contrasted by a delayed response if it occurs at upstream catchment units (i.e., more remote
regions from the outlet). This capability of a catchment is linked to the runoff routing distance
distribution of its river network. In general, the longer the distance, the more significant the
delay would be. Previous studies also suggested that the impacts of channel processes on the
hydrological responses increase while the catchment scales increase (Botter and Rinaldo, 2003;
Li and Sivapalan, 2011), which may therefore decrease the importance of spatial and temporal
rainfall variability (Woltemade and Potter, 1994; Menabde and Sivapalan, 2001; Marchi et al.,
2010). For our case, Figure 2.7b clearly shows that the large catchment has a longer routing
distance, so it responds more slowly. Moreover, the normalized CDF (Figure 2.7c) of the
runoff routing distance of the large catchment displays an S-Curve shape which indicates less
probability when the distance is shorter and more probability when it is longer (compared to
the catchments with uniform distribution of routing distance). This shows a stronger overall
routing effect contributing from the distanced pathways to partial saturation excess, which
may be an additional reason for the large catchment responses being slower than the medium
catchment in Figure 2.4a. In agreement with previous studies, we show stronger attenuation
of spatially heterogeneous rainfall from river networks of larger than smaller catchments.

It is unavoidable to have a different number of modeling units for small and large catchments
or the same number of units across catchments while the unit sizes are different in the practice
of a distributed (e.g HRU-based or grid-based) modeling approach. We recognize that, for
the former case, the number of the units may limit the extreme value of the generated spatial
variability and affect its accuracy, which influences the representative of the results (especially
for the smaller catchments); whereas for the latter case, the large differences in the unit sizes
across catchments will also strongly bias the estimation of spatial variability. In this study,
we used the same topological approach to determine the HRU for catchments with different
sizes to control the unit sizes on the same scale (see Table 2.1) while allowing the numbers
to be different. Our results suggest that the generated variability is great enough to observe
its impacts on tail heaviness across catchments with different sizes (e.g., Figure 2.7), and the
synthetic results are confirmed by an analysis of observations on a large set of catchments.
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However, we are aware that the smallest catchment we used in the synthetic analysis is 98
km2, and a fair number of modeling units should be confirmed for the smaller catchments in
future studies.

I found that another geomorphological factor of a catchment that may affect the catchment
resilience is its shape. Our findings show that the most elongated catchment, which has the
longest routing distance of the mainstream, displays the least resilience to spatial rainfall
variability (Figure 2.8a). Elongated catchments are frequently found to display approximately
symmetric runoff routing distance distributions (Collischonn et al., 2017; Roy et al., 2022).
Figure 2.8b shows that the elongated catchment has an apparent symmetric runoff routing
distance distribution, while the other two have asymmetric distributions. This finding confirms
the previous discussion and suggests more catchment resilience to spatial rainfall variability
may exist in circular catchments than elongated ones due to markedly asymmetric runoff
routing distance distributions. Moreover, Post and Jakeman (1996) found that the draining
of subsurface flow is easier in circular catchments. This may lead to lower storage and less
occurrence of saturated excess. Moussa (2003) showed that more elongated catchments have
higher peaks and shorter recession times in their hydrographs than circular catchments. Roy
et al. (2022) found that elongated catchments tend to have shorter response times for partial
contributions in catchments due to topological characteristics. In line with these studies, our
findings extend the knowledge of the effects of catchment shape on hydrological response and
further show that elongated catchments tend to have less catchment resilience to spatially
variable rainfall.

When I further implemented the variations of the spatial rainfall variability in time, we
found it affects the emergence of heavier tails lightly. From the numerical point of view,
this may be attributed to the averaging between high and low spatial variabilities based on
the randomness of the change, which does not result in a significant enhancement of rainfall
through this process. We acknowledge that this work presents a preliminary step toward the
effects of the dynamics of spatial rainfall variability on floods, and further investigations of
the changing rate, temporal correlation of the changing magnitude, and the linkages to soil
moisture dynamics are preferable.

Another process we implemented in this work is spatial rainfall autocorrelation. This
process enhances the emergence of heavier tails, which is likely due to the reduction of the
attenuating effect of river networks because of the aggregation of the extreme rainfall cells. As
a result, the effects of saturated excess on the hydrological responses overlay each other for they
occurred in the closer regions rather than offsetting each other through the opposite routing
distances. In fact, Zoccatelli et al. (2011) showed that the bimodal spatial distribution of
rainfall is rare in the real case. In particular, the degree of the spatial rainfall concentration has
a significant impact on the flood peak, while the location of the rainfall centroid mainly affects
the hydrological response time for cases with extremely heavy rainfall. Along the same line, I
found that the effects of spatial autocorrelation are more profound under conditions of high
spatial rainfall variability, which generate extreme heavy rainfall locally. In addition, we have
suggested that the attenuating effects of river networks are more significant in larger/circular
catchments; in agreement with this, the reduction of the attenuating effect arising from spatial
rainfall autocorrelation is also more evident in these catchments, which is shown by the results.
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I included analyses of observations on a large set of real catchments and indeed validated
our findings from the synthetic work. The results of data analyses show that the tail heaviness
increases significantly when rainfall spatial variability increases in the majority of catchments.
Meanwhile, most larger or more circular catchments show stronger resilience in this process.
It is worthwhile to mention that the findings based on the synthetic works, in which we
disentangled the climate processes (i.e., spatially variable rainfall, varying variability in time,
and autocorrelation in space), are confirmed by observations in which all of these processes
are involved. However, we acknowledge that there may still be several physical processes that
are effective, and further studies are needed to clarify the issues. For example, we have shown
that the smaller catchments have less resilience to spatial rainfall variability. In agreement
with our findings, the hydrological responses in urban or small rural catchments are found
to be very sensitive to spatial rainfall variability (Peleg et al., 2017), yet a sub-daily/hourly
temporal scale may be more appropriate for cases of these very small catchments due to the
quick response time of their hydrological processes.

I recall here the ongoing debate surrounding the impacts of spatially heterogeneous rainfall
on runoff generation. Previous studies often indicated a significant effect of spatial rainfall
variability on hydrological responses (Kim et al., 2008; Zoccatelli et al., 2010; Looper and Vieux,
2012; Mei et al., 2014), whereas others claimed relatively little impact (Brath et al., 2004;
Nicótina et al., 2008; Adams et al., 2012). Our findings highlight the existence of a threshold
that distinguishes between ranges of spatial rainfall variability, which may modulate or not
affect the tail behavior of streamflow distributions. The identified threshold also indicates the
attenuating effects in catchments (Smith et al., 2004; Merz and Blöschl, 2009; Pokhrel and
Gupta, 2011; Saharia et al., 2021). In agreement with previous studies (which are however
mostly analyzing single events) (Dunne and Black, 1970; Obled et al., 1994; Sivapalan et
al., 2003; Darras et al., 2015) I show that larger or more circular catchments tend to be
more resilient to spatial rainfall variability based on the data analysis of observed rainfall and
discharge in a large set of catchments in Germany and corroborate the simulation results.

2.8 Chapter conclusions

In this study, I evaluated the impacts of spatial rainfall variability on the increasing hazard of
high flows. I synthetically generated spatially variable rainfall in one fundamental scenario
and two sub-scenarios. Scenario 1: rainfall with fixed spatial variability (i.e., constant spatial
rainfall variability across events and random spatial structures). Scenario 2: Spatially variable
rainfall with varying variability in time (while the spatial structure is random). Scenario 3:
Spatially variable rainfall with autocorrelation in space (while the spatial rainfall variability is
fixed). A continuous probabilistic model of water transport at the catchment scale was used to
simulate the hydrological response. The effects of spatial rainfall variability (in all scenarios)
on the tail heaviness of streamflow distributions were investigated in five select catchments
under different catchment sizes (i.e., small, medium, large) and catchment shapes (i.e., more
elongated, less elongated, circular). Furthermore, we analyzed the relation between spatial
rainfall variability and tail heaviness of streamflow distributions by using recorded data from
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175 river catchments to validate the simulation results and test their transferability. The key
conclusions of the study are:

1. Increasing spatial variability of rainfall determines enhanced hazard of high flows (i.e.,
heavier tails of flow distributions) only beyond a certain increase threshold. Both the
value of this threshold and the growth rate of tail heaviness beyond the threshold indicate
the resilience of catchments to spatially variable rainfall.

2. Small or elongated catchments show less resilience to increasing spatial variability of
rainfall compared to large or circular catchments. High asymmetry of the distribution of
runoff routing distances along river networks identified for large and circular catchments
(with more contributions from upstream than downstream catchment units) is likely to
provide more resilience to increasing spatial variability of rainfall.

3. In line with the previous results, smaller or more elongated catchments are more influenced
by the increasing variations of the spatial rainfall variability across events. However,
this process seems to influence less the tail of streamflow distributions than the spatial
variability of rainfall during the event.

4. Spatial rainfall autocorrelation does not change the overall response of the tail heaviness
to spatial rainfall variability. However, it indeed enhances the emergence of heavy tails
under the high spatial rainfall variabilities, which is especially evident in larger/circular
catchments.

5. Analyses of daily rainfall-runoff records for a large set of catchments in Germany
agree with the simulation results, showing positive correlations between spatial rainfall
variability and streamflow-distribution tail heaviness in the majority of the case studies.
Data analyses also confirm that small/elongated catchments are less resilient to increasing
spatial rainfall variability, as previously found by means of synthetic simulations.

This work pinpoints the role played by the spatial heterogeneity of rainfall in controlling
the emergence of heavy-tailed distributions of streamflow. It thus establishes a link between
expected alterations of rainfall caused by the ongoing climate change, such as more localized rain,
and the resulting modifications in the frequency of large event magnitudes, with implications
for the hazard of high flows in different river basins. Based on the findings of this work, we
show the catchment geomorphological characteristics may dampen or enhance the climate
impacts on the emergence of floods and a better understanding of these processes is much more
valuable for catchment flood management in climate change. In addition, more sophisticated
processes and approaches (e.g., spatiotemporal autocorrelation of rainfall, sub-daily studies
for urban or small catchments, effects of rainfall storm pathways) and their linkages to the
rainfall-runoff dynamics are helpful for accurately evaluating the impacts of climate variability
on flood hazards.

2.9 Supporting information

This supporting information contains three supplementary methods, five figures, and three
tables.
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S1. Identification of suitable probability distribution for REGNIE rainfall
fields

I computed the chi-square statistic (χ2) for the goodness-of-fit test to identify the suitable
probability distribution for REGNIE rainfall fields in 5-tested catchments. REGNIE is a
daily data set that is a 1-km2 interpolated rainfall field estimated from point observations
through multiple regression provided by the German Weather Service (Rauthe et al., 2013).
Ten probability distributions (see figure 2.12) which were often applied in climatology or
environmental research were tested (e.g., Allard and Soubeyrand, 2012; Ayalew et al., 2014;
Ben-Gai et al., 1998; Clauset et al., 2009; Gaitan et al., 2007; Hu et al., 2019; Li et al., 2014;
Li and Shi, 2019; Ng et al., 2019; Tabari, 2020; Ye et al., 2018). To evaluate the goodness-of-fit
between distributions on the same scale we normalized the χ2 of each distribution by the
total χ2 of all tested distributions for each rainfall day (i.e., re-scale each χ2 into [0, 1]). To
identify the general expression of rainfall-field distributions from all days in the time series we
computed the summation of all the normalized χ2 (i.e., all rainfall days) as the total normalized
χ2 which showed the overall size of the discrepancies between the rainfall fields and the tested
probability distribution. Finally, the most suitable probability distribution was determined by
the lowest summation of the normalized χ2 (i.e., the distribution has the least discrepancies to
the rainfall fields). The computing procedure for each catchment is listed as follows:

1. Compute χ2 for 10-tested distributions day by day (rainfall days).

2. Normalized each χ2 by the total χ2 for 10-tested distributions of each day.

3. Sum up the normalized χ2 of all days for each distribution.

4. Select the distribution which has the least summation in step 3.

I estimated the suitable probability distribution for the rainfall fields of the summer data
of the daily time series from 1980 to 2002 in 5-tested catchments. Figure 2.12 shows the
total normalized χ2 of 5-tested catchments for 10 distributions. Gamma, Exponential-Normal,
Generalized Extreme Value (GEV), and Skew-Normal distributions appear well goodness-of-fit
to the rainfall fields. We finally selected the Gamma distribution as the most suitable one
for our simulation because it is a 2-parameter distribution while the others are 3-parameter
distribution, which has less uncertainty.
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Figure 2.12: Overall goodness-of-fit of probability distributions for the rainfall fields in
REGNIE data set The total normalized chi-square statistic (χ2) is the summation of normalized
χ2 (which is normalized by the total χ2 of 10-tested distributions for each rainfall day) of all rainfall
days from the summer data of the daily time series from 1980 to 2002 in five-tested catchments.
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S2. Identification of an effective threshold of the increasing spatial rainfall
variability

I proposed statistical-cascade criteria to test if an effective threshold exists in the results of
the scatter plot of spatial rainfall variability (i.e., CVin) and the streamflow-distribution tail
heaviness (i.e., H). In this criteria, we separately analyzed the trend between CVin and H

below and beyond a certain CVin value by computing their linear regressions. All the values
of CVin from the results are tested as potential thresholds (CVthre). We call the sequence
below a potential threshold as sequence α whereas the sequence beyond it is sequence β. The
cascade criteria are structured as follows:

• Criteria 1. Significance Test: the slope of the tendency line of α is not significant (p
≥ 0.05) different from zero while the slope of β is tested to be significantly (p ≤ 0.05)
larger than zero.

• Criteria 2. Optimization of Correlation: we select the best value of CVthre among all the
qualified CVthre from criteria 1, which is determined by maximizing the optimization
matrix: (1 − rα) + rβ , where rα is the correlation coefficient of α and rβ is the correlation
coefficient of α. We ensure that CVin and H correlated to each other as strongly as
possible in sequence β (i.e., beyond the threshold) while they correlated to each other as
weakly as possible in sequence α (i.e., below the threshold).

• Criteria 3. Increasing Trend: the maximum value of H in sequence α has to be smaller
than the maximum value of H in sequence β, by which we ensure the general increasing
trend of H toward CVin.

The unique effective threshold is identified as the CVthre if and only if it is qualified by
criteria 1 → criteria 2 → criteria 3. The Pearson correlation coefficient and the Wald Test
with t-distribution were computed by means of the scipy.stats.linregress tool of SciPy v1.7.1.
for the linear regression.
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S3. Othersupplementaryfiguresandtables

Ffigure2.13:ExamplesofobservedrafinfallfieldswfiththefincreasfingspatfialCVofthe
IlmRfiveratthegaugfingstatfionofNfiedertrebra

Ffigure2.14: Theterrafin mapofNfiedertrebrabasedonadfigfitalelevatfion model
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Table 2.3: Parameters for fixed variability scenarios (1, 3): shape parameter (k)

# k [-] # k [-] # k [-] # k [-]
1 1000 14 1.3 27 0.09 40 0.005
2 500 15 1.2 28 0.08 41 0.004
3 100 16 1.1 29 0.07 42 0.003
4 50 17 1 30 0.06 43 0.002
5 10 18 0.9 31 0.05 44 0.001
6 5 19 0.8 32 0.04 45 0.0009
7 2 20 0.7 33 0.03 46 0.0008
8 1.9 21 0.6 34 0.02 47 0.0007
9 1.8 22 0.5 35 0.01 48 0.0006
10 1.7 23 0.4 36 0.009 49 0.0005
11 1.6 24 0.3 37 0.008 50 0.0004
12 1.5 25 0.2 38 0.007 51 0.0003
13 1.4 26 0.1 39 0.006 52 0.0001

Table 2.4: Parameters for the varying variability scenario (2): shape parameter (k),
central shape parameter (k0), and random fluctuation range (±b)

# k0 [-] ±b k [-] # k0 [-] ±b k [-]
1 10−1 0.05×10−1 (0.095, 0.105) 11 10−1 0.55×10−1 (0.045, 0.155)
2 10−1 0.10×10−1 (0.090, 0.110) 12 10−1 0.60×10−1 (0.040, 0.160)
3 10−1 0.15×10−1 (0.085, 0.115) 13 10−1 0.65×10−1 (0.035, 0.165)
4 10−1 0.20×10−1 (0.080, 0.120) 14 10−1 0.70×10−1 (0.030, 0.170)
5 10−1 0.25×10−1 (0.075, 0.125) 15 10−1 0.75×10−1 (0.025, 0.175)
6 10−1 0.30×10−1 (0.070, 0.130) 16 10−1 0.80×10−1 (0.020, 0.180)
7 10−1 0.35×10−1 (0.065, 0.135) 17 10−1 0.85×10−1 (0.015, 0.185)
8 10−1 0.40×10−1 (0.060, 0.140) 18 10−1 0.90×10−1 (0.010, 0.190)
9 10−1 0.45×10−1 (0.055, 0.145) 19 10−1 0.95×10−1 (0.005, 0.195)
10 10−1 0.50×10−1 (0.050, 0.150) 20 10−1 1.00×10−1 (0.000, 0.200)
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Figure 2.15: Definition of the index of relative tail heaviness The exceedance probability
distribution of the normalized streamflow (i.e., divided by the long-term mean daily flow) is
displayed in a double logarithmic plot. Black dots represent the case with uniform rainfall.
Exceedance probability distributions resulting from spatially variable rainfall are marked with
either red or green dots depending on their values of the index of relative tail heaviness H. All the
cases marked in red have H > 1, which signifies heavier tails than in the case of uniform rainfall;
all the cases marked in green have H < 1, which indicates lighter tails than in the case of uniform
rainfall.
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2.10 Data availability

For providing the discharge data for Germany, we are grateful to the Bavarian State
Office of Environment (LfU, https://www.gkd.bayern.de/de/fluesse/abfluss) and the Global
Runoff Data Centre (GRDC) prepared by the Federal Institute for Hydrology (BfG,
http://www.bafg.de/GRDC). Climatic data can be obtained from the German Weather Service
(DWD; ftp://ftp-cdc.dwd.de/pub/CDC/). The digital elevation model can be retrieved from
Shuttle Radar Topography Mission (SRTM; http://www.cgiar-csi.org/data/srtm-90m-digital-
elevation-database-v4-1). Land use data are available from the Copernicus monitoring system
(http://land.copernicus.eu/pan-european/corine-landcover). Characteristics of separated
rainfall-runoff events for every streamflow gauge used in the analysis can be found in Data Set
S1 of Tarasova et al., 2018 (https://doi.org/10.1029/2018WR022588).
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3
Insights from Common Streamflow

Dynamics

It is crucial to accurately predict the probability of extreme flood occurrences, as they are often
substantially linked to flood hazards. These hazards persistently pose threats to livelihoods
(McDermott, 2022; Rentschler et al., 2022) and result in severe economic losses (Bevere and
Remondi, 2022) on a global scale. To assess the flood hazards of extreme events, flood frequency
analysis is the central and commonly used tool, which is usually achieved by parametrically
fitting a selected probability distribution on flow maxima, e.g., the annual maximum flood
(Villarini and Smith, 2010), or peak-over-threshold series (Pan et al., 2022). Selecting a
suitable distribution that can properly describe (or predict) the extreme events is, however,
often challenging due to the notable uncertainties caused by the lack of data in the maxima
approach (Papalexiou and Koutsoyiannis, 2013; Hu et al., 2023). The upper-tailed behavior
(which we will refer to as ’tail behavior’ throughout the paper for simplicity) of the underlying
distribution critically determines the accuracy of the extreme events. If a catchment has the
potential for heavy-tailed flood behavior but this characteristic is not accounted for in the
selection of probability distributions, the probability of extreme floods may be significantly
underestimated (Merz et al., 2022). This can lead to disastrous floods and severe damages
(Merz et al., 2021). Therefore, correctly identifying the tail behavior of flood distributions is
crucial for avoiding potential underestimation of extreme floods.

The tail heaviness of an empirical distribution is typically estimated through graphical
or statistical methods, although both methods have limitations. Graphical methods, such as
log-log plots (Beirlant et al., 2004), generalized Hill ratio plots (Resnick, 2007; El Adlouni et
al., 2008), and mean excess functions (Embrechts et al., 1997; Nerantzaki and Papalexiou,
2019), are less objective and efficient for large-scale analyses (Cooke et al., 2014). In contrast,
statistical methods, such as parametric metrics that fit distributions to the observed data
(Papalexiou et al., 2013; Seckin et al., 2011; Smith et al., 2018; Villarini and Smith, 2010) and
non-parametric metrics like the upper tail ratio (Lu et al., 2017; Smith et al., 2018; Villarini
et al., 2011; Wang et al., 2022), Gini index (Eliazar and Sokolov, 2010; Rajah et al., 2014),
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and obesity index (Cooke and Nieboer, 2011; Sartori and Schiavo, 2015), provide a more
objective insight into tail behavior. However, obtaining reliable estimates from these methods
requires long data records (Papalexiou and Koutsoyiannis, 2013), which can be challenging
globally (Lins, 2008) and may cause bias when comparing data across sites with different record
lengths (Cunderlik and Burn, 2002; Wietzke et al., 2020). To reduce uncertainty, especially in
estimating extremes, it is recommended to analyze ordinary dynamics instead of focusing solely
on maximum values (Marani and Ignaccolo, 2015; Mushtaq et al., 2022), and to investigate
the underlying factors that contribute to extreme events (Wilson and Toumi, 2005; Tarasova
et al., 2020a; Merz et al., 2022).

Floods are conventionally thought to be triggered by rainfall, and numerous studies have
contributed to an improved understanding of rainfall extremes (e.g., Koutsoyiannis, 2004a,b;
Martinez-Villalobos and Neelin, 2021; Koutsoyiannis, 2022). However, several studies have
clarified that rainfall extremes do not necessarily translate into flood extremes (e.g., McCuen
and Smith, 2008; Pall et al., 2011; Hall et al., 2014; Archfield et al., 2016; Rossi et al., 2016;
Zhang et al., 2016; Hodgkins et al., 2017; Sharma et al., 2018). For instance, McCuen and
Smith (2008) showed that skewed rainfall distributions do not always produce skewed flood
distributions. They proposed that catchment responses and storage dynamics contribute to
the generation of flood extremes. This view was supported by Sharma et al. (2018), who
argued that despite a significant increase in rainfall extremes, a corresponding increase in
flood extremes was not observed. The thorough review of Merz et al. (2022) concluded that
while rainfall plays a primary role in generating runoff, the emergence of flood extremes is
largely determined by catchment responses and water balance. Given these premises, an
appropriate approach for describing runoff and its extremes should be rooted in the dynamics
of soil moisture and rainfall-runoff processes within catchments.

This study aims to investigate whether a suitable descriptor of the tail behavior of
flood distributions exists by exploring the intrinsic hydrological dynamics of the flow regime.
Currently, widely-used metrics for tail behavior estimation of flood distributions do not
incorporate such a physical description, to the best of our knowledge. Using this descriptor as
a proxy for estimating heavy-tailed flood behavior, rather than relying solely on statistical
analysis of extreme events, this study aims to bridge this gap and improve the accuracy
and reliability of tail behavior estimation for flood distributions. I begin the analysis with a
mechanistic description of hydrological processes. I subsequently distinguish between the key
processes generating heavy and nonheavy tailed behavior of flood distributions and propose
a physical descriptor for heavy-tailed flood behavior which is based on common streamflow
dynamics. I verify its ability to identify heavy-tailed flood behavior and its robustness in
datasets with decreasing lengths through numerous case studies across Germany, encompassing
various climate and physiographic characteristics. This confirms the practical transferability
and stability of the descriptor.

3.1 Asymptotic analysis of common streamflow dynamics

I describe key hydrologic processes occurring at the catchment scale and the resulting probability
distributions of streamflow and floods by means of the PHysically-based Extreme Value (PHEV)
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distribution of river flows (Basso et al., 2021). This framework is grounded on a well-established
mathematical description of precipitation, soil moisture, and runoff generation in river basins
(Laio et al., 2001; Porporato et al., 2004; Botter et al., 2007b, 2009). Rainfall is described
as a marked Poisson process with frequency λp [T −1] and exponentially distributed depths
with average α [L]. Soil moisture increases due to rainfall infiltration and decreases due to
evapotranspiration. The latter is represented by a linear function of soil moisture between
the wilting point and an upper critical value expressing the water holding capacity of the
root zone. Runoff pulses occur with frequency λ < λp when the soil moisture exceeds the
critical value. These pulses replenish a single catchment storage, which drains according to a
nonlinear storage-discharge relation. The related hydrograph recession is described via a power
law function with exponent a [-] and coefficient K [L1−a/T 2−a] (Brutsaert and Nieber, 1977),
which allows for mimicking the joint effect of different flow components (Basso et al., 2015).
Such a description of runoff generation and streamflow dynamics was successfully tested in a
variety of hydro-climatic and physiographic conditions (Arai et al., 2020; Botter et al., 2007a;
Botter et al., 2010; Ceola et al., 2010; Doulatyari et al., 2015; Mejía et al., 2014; Müller et al.,
2014; Müller et al., 2021; Pumo et al., 2014; Santos et al., 2018; Schaefli et al., 2013).

PHEV provides a set of consistent expressions (Basso et al., 2021) for the probability
distributions of daily streamflow, ordinary peak flows (i.e., local flow peaks occurring as a
result of streamflow-producing rainfall events; sensu Miniussi et al., 2020), and floods (i.e.,
flow maxima in a certain timeframe; Basso et al., 2016). The probability distribution of daily
streamflow q can be expressed as (Botter et al., 2009):

p(q) = C1 · q−a
(︃

e
−1

αK(2−a) ·q2−a
)︃(︃

e
λ

K(1−a) ·q1−a
)︃

(3.1)

where C1 is a normalization constant. The probability distribution of ordinary peak flows
and flow maxima can be expressed as pj(q) and pM (q), respectively (Basso et al., 2016):

pj(q) = C2 · q1−a · e
− q2−a

αK(2−a) · e
q1−a

K(1−a) (3.2)

pM (q) = pj(q) · λτ · e−λτ ·Dj(q) (3.3)

where Dj(q) =
∫︁∞

q pj(q)dq, τ [day] is the duration of the considered time frame, C2 is a
normalization constant.

Notably, the mathematical expression of flow distributions provided by the PHEV framework
are composed of a power law and two stretched exponential distributions, although it’s
important to note that PHEV doesn’t assume a specific probability distribution for streamflow
representation. The use of stretched exponential distributions introduces greater flexibility in
capturing tail behavior compared to the exponential distribution. Depending on its parameter
values, the stretched exponential distribution can display either light-tailed or heavy-tailed
behavior, whereas the exponential distribution consistently exhibits a light-tailed behavior.
In fact, recent studies (Basso et al., 2016; 2021; 2023) have substantiated and documented
PHEV’s efficacy in representing high flow behaviors.

Taking the limit of Equation 3.1 for q → +∞ provides indications on the tail behavior
of the flow distribution (Basso et al., 2015). This is determined by the three terms in the
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equation, namely, one power law and two exponential functions, which behave differently
depending on the value of the hydrograph recession exponent a (Equation 3.4; notice that a >
1 in most river basins; Biswal and Kumar, 2014; Tashie et al., 2020b).

lim
q→+∞

p(q) = lim
q→+∞


C1 ·

↦→0⏟ ⏞⏞ ⏟(︄
q−a

)︄
⏞ ⏟⏟ ⏞

↦→0

↦→0⏟ ⏞⏞ ⏟(︄
e

−1
αK(2−a) ·q2−a

)︄
⏞ ⏟⏟ ⏞

↦→e0=1

↦→e0=1⏟ ⏞⏞ ⏟(︄
e

λ
K(1−a) ·q1−a

)︄
⏞ ⏟⏟ ⏞

↦→e0=1


(3.4)

When 1 < a < 2, the last term on the right-hand side converges to a constant value of
one as q increases, thereby no more influencing how the distribution decreases toward zero.
The first two terms instead decrease toward zero, affecting how the probability decreases
for increasing values of q. The tail behavior is in this case determined by both a power
law and a stretched exponential function, indicating that the probability decreases faster
than a stretched exponential but slower than a power law. When a > 2, both the stretched
exponential terms converge to a constant value of one as q increases, and thus no more
influence how the probability decreases toward zero. In this case the tail of the distribution is
solely determined by the power law function. Despite being aware that several definitions of
heavy-tailed distribution exist (El Adlouni et al., 2008; Vázquez et al., 2006), in the remainder
of the manuscript we refer to distributions which exhibit a power law tail as heavy-tailed.

From the above derivations, the hydrograph recession exponent emerges as a key index of
the tail behavior of streamflow distributions, which shall be heavy-tailed for values of a > 2. I
apply the same analyses to infer the tail behavior of the probability distributions of ordinary
peak flows and floods by taking the limit of q → +∞ for both Equations 3.2 and 3.3. Because
limq→+∞ Dj(q) =

∫︁∞
∞ pj(q)dq = 0, the Equations 3.2 and 3.3 can be transformed into: (set

C3 = λτC2)
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 (3.6)

Notably, I observe that the same critical value of the recession exponent equal to 2 separate
the absence and presence of heavy-tailed behavior also in these cases. Therefore, I propose the
hydrograph recession exponent a as a suitable indicator of heavy-tailed flood behavior, based
on the description of hydrological processes embedded in the physically-based extreme value
model. I test its capability to correctly predict such behavior in the following Sections of this
chapter.
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3.2 Dataset description

3.2 Dataset description

To test the proposed index of heavy-tailed flood behavior (i.e., the hydrograph recession
exponent a), I use daily streamflow records of 98 gauges across Germany (supporting
information S2). The analyzed river basins encompass a variety of climate and physiographic
settings (Tarasova et al., 2020a). Their areas range from 110 to 23,843 km2 with a median value
of 1,195 km2. The length of the streamflow records range from 35 to 63 years with a median
value of 58 years (inbetween 1951 – 2013). I perform all analyses on a seasonal basis (winter:
December–February, spring: March–May, summer: June–August, fall: September–November)
to account for the seasonality of the hydrograph recessions (Tashie et al., 2020b) and flood
distributions (Durrans et al., 2003). I term the analysis of a given river gauge during a season
a case study. I select gauges for which processes driving streamflow dynamics are reasonably
consistent with the adopted theoretical framework. Hence, I discard gauges affected by large
dams, reservoirs (Lehner et al., 2011) and anthropogenic flow disturbances (based on visual
examination; Tarasova et al., 2018). Case studies with strong snowfall (during a season), for
which the average daily temperature is below zero degrees during precipitation events for
over 50 % of a season, are also discarded (i.e., only the affected season is removed from the
analyses). This results in an overall number of 386 case studies, including 97 case studies in
spring, 96 in summer, 98 in autumn and 95 in the winter season.

3.3 Hydrograph recession analysis

The proposed index is derived from hydrograph recession analysis. The hydrograph recession
is typically described by a power law relationship between the rate of change of streamflow in
time, dq/dt, and the magnitude of streamflow q (Brutsaert and Nieber, 1977). Recent studies
have suggested estimating this power law relationship for individual recession events rather
than aggregating them, enhancing the representation of observed recession behavior (Biswal
and Marani, 2010; Basso et al., 2015; Karlsen et al., 2019; Jachens et al., 2020; Tashie et al.,
2020a; Biswal, 2021). In line with these studies, I calculate the recession exponent for each
individual event and then take the median exponent across all events as the representative
value for a given case study. In particular, a power law is used to represent hydrograph
recessions of a single event i, dq/dt = −Ki · qai , where t denotes the unit time, Ki and ai

denote the estimated coefficient and exponent of hydrograph recessions for event i, respectively.
The median value of all the ai is the estimated value of a considered in this study and here
used to represent the average nonlinearity of catchment response. Hydrograph recessions are
composed of ordinary peak flows and the following streamflow values decreasing for a minimum
duration of five days. The proposed index of heavy-tailed flood behavior can thus be estimated
based on commonly available daily discharge observations.
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3.4 Benchmarking heavy-tailed case studies: recession expo-
nents vs. empirical power law

To validate the identification of tail behavior obtained by means of the proposed index, I
benchmark it against data by fitting a power law distribution to the empirical data distribution.
A case study is considered to be heavy-tailed according to the observations if the fitted
power law reliably describes the tail behavior of the data distribution. This is evaluated by
means of a state-of-the-art method proposed by Clauset et al. (2009). The exponent b of
the empirical power law is first computed by fitting a power law to the upper tail of the
data distribution. An optimized lower boundary is determined by considering the best fit
according to the Kolmogorov-Smirnov (KS) statistic, one of the most common measures of
the distance between two non-normal distributions. The method then assesses whether the
fitted power law reliably represents the observed data by using statistical tests, such as the
Kolmogorov-Smirnov statistic and a Monte Carlo procedure, to verify that the residual errors
between the data and the power law distribution fall within the range of fluctuations expected
from random sampling. If the residual errors are found to be within the range of fluctuations
expected from random sampling, the power law is deemed a reliable representation of the
empirical data distribution (supporting information S1). I use the python package plfit 1.0.3 to
implement these computations and refer to Clauset et al. (2009) for further details concerning
the approach.

I analyze three types of empirical data, namely daily streamflow, ordinary peaks, and
monthly maxima, and obtain estimates of the fitted exponent b for each case. We use these
results to validate the capabilities of the proposed index to infer heavy-tailed flood behavior
from common hydrological dynamics, i.e., from the analysis of hydrograph recessions. I
acknowledge that the benchmark I use, i.e., the empirical power law, may be influenced by
fitting uncertainty due to data scarcity in some cases (i.e., especially when we analyse maxima;
I indeed considered monthly maxima (Fischer and Schumann, 2016; Malamud and Turcotte,
2006) instead of the seasonal maxima previously used in the literature (e.g., Basso et al., 2021)
to extend the sample size). The parallel analyses for cases with larger sample size (i.e., daily
streamflow and ordinary peaks) provide more robust validation and support the interpretation
of results for maxima.

3.5 Chapter results and discussion

3.5.1 Identification of heavy-tailed case studies

I examine if power law distributions fitted to the empirical distributions of daily streamflow,
ordinary peaks, and monthly maxima well describe the observed data for case studies identified
as having heavy-tailed behavior (i.e., a > 2) according to the proposed index. First, I identify
the case studies with either heavy- (a > 2) or nonheavy (a < 2) -tailed behavior based on
the proposed index. Then, I utilize the KS statistic κ to measure the distance between the
frequency distributions of observations and a power law distribution (specifically, on the tail of
the distribution). This assessment gauges the effectiveness of the fitted power law distribution
in characterizing the dataset (with κ ∈ [0, ∞], where κ = 0 represents the utmost reliability).
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The KS test is a common nonparametric method suitable for non-normal distributions. Low
values of the KS statistic κ indicate that the empirical data are likely to be drawn from a power
law. Figures. 1a-1c show that the histograms of the number of case studies for decreasing
values of the KS statistic are significantly skewed (i.e., the skewness is significantly different
from zero) toward lower values of κ for all cases of daily streamflows, ordinary peak flows, and
monthly flow maxima with a > 2 (red histograms), whereas this is not true for cases with
a < 2 (green histograms) (i.e., the skewness is not significantly different from zero in these
cases). Statistical significance of the skewness was evaluated through the Jarque–Bera test at a
significance level of 0.05. The result indicates that data from case studies which are identified
with heavy-tailed behavior according to the proposed index (a > 2, red) are indeed more likely
to come from power law distributions.

I further estimate the accuracy of the proposed index based on the fraction of case studies
that are identified as heavy-tailed by the proposed index among all cases that are heavy-tailed
according to the available observations. To define the latter, I set a threshold value of κ:
the power law is a reliable representation of the data for cases with κ below the threshold.
Mathematically, the accuracy can be expressed as P (a > 2 | κ < κr) = Nc(a > 2 | κ <

κr)/Nc(κ < κr), where κr is the imposed threshold of κ, Nc(κ < κr) is the number of case
studies whose κ < κr, and Nc(a > 2 | κ < κr) is the number of case studies with a > 2 among
the Nc(κ < κr) case studies. Higher accuracy essentially means that a higher fraction of
heavy-tailed cases is correctly identified by means of the proposed index. To achieve this, I
systematically reduce the threshold of KS statistic κr (imposing a more stringent criterion for
incorporating cases in the computation of conditional probability of accuracy) along the x-axis
in Figure 1, progressing from left to right. It’s important to note that as the κr threshold
becomes smaller, the reliability of describing the data using power law distributions increases
(as denoted by the second axis legend of Figure 1).

Figures 1d-1f display the accuracy of the proposed index as a function of the reliability
threshold κr. In all three cases (daily streamflows, ordinary peak flows, and monthly flow
maxima), the accuracy values increase with the reliability level of the power law distribution
fitted on observed data. This means that the proposed index shows high accuracy for case
studies where the empirical distributions of observed data are more consistent with power laws.
In other words the proposed index, which is estimated from common streamflow dynamics as
the hydrograph recession exponent, accurately identifies heavy-tailed behavior of streamflow
and flood distributions displayed by the available observations.

3.5.2 Evaluation of tail heaviness

I further employ the goodness-of-fit testing procedure proposed by Clauset et al. (2009)
(supporting information S1) to identify case studies for which the representation of daily
streamflow, ordinary peak flows, and monthly maxima by means of power law distributions
is convincingly supported by the available data. We refer to these case studies as ‘confirmed
heavy-tailed cases’ (Figure 2, black dots). Conversely, I term the remaining ones as ’uncertain
cases’ (Figure 2, gray). The latter label denotes the fact that it cannot be determined with
certainty whether the distributions underlying the available observations in these cases are or
not power laws due to scarcity of data.
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Figure 3.1: Accuracy of the proposed index (a)-(c) Number of analyzed case studies as a
function of the KS statistic κ of empirically fitted power law distributions (the latter is a measure
of how reliable the power law is as a model for the given data: the lower κ, the more reliable the
power law model). Case studies are identified as having either heavy- (a > 2, red histograms) or
nonheavy (a < 2, green histograms) –tailed behavior based on the hydrograph recession exponent
a estimated from daily flow records, which is proposed as an index of heavy-tailed streamflow
and flood behavior. (d)-(f) Accuracy of the proposed index as a function of decreasing thresholds
of κr (i.e., increasing reliability of empirical power laws). The values of the KS statistic κ are
derived from records of (a, d) daily streamflows, (b, e) ordinary peak flows, and (c, f) monthly flow
maxima.

Figure 2 shows the empirical power law exponent b as a function of the proposed index
of heavy-tailed behavior a. Red markers display the median values of a and b (squares),
the interquartile intervals of b (vertical bars), and the binning ranges of a (horizontal bars,
equal number of case studies in each bin), highlighting the correlation between the empirical
power law exponent b and the hydrograph recession exponent a for confirmed heavy-tailed
cases (black dots) in all three cases (i.e., daily streamflows, ordinary peak flows, and monthly
flow maxima). I test the correlation by calculating their distance (Székely et al., 2007)
and Spearman (Spearman, 1904) correlations, which are valid for both linear and nonlinear
associations between random variables. I find that a and b are significantly correlated at a
significance level of 0.05 in all three cases with distance (Spearman) correlation coefficients
of 0.45, 0.44, and 0.81 (0.42, 0.46, and 0.60) for daily streamflows, ordinary peak flows, and
monthly flow maxima. The high values of the correlation coefficients for monthly flow maxima
are likely affected by the existence of two clusters in Figure 2c. Nonetheless, the existence
of a statistically significant correlation between the empirical power law exponent and the
proposed index, obtained for panels a, b, and c, confirms that the proposed index not only can
be used to identify heavy-tailed flood behavior (as Figure 1 shows) but also to evaluate the
degree of the tail heaviness of the underlying distributions.
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Figure 2c is of particular interest because it shows an example of the typical limitations of
methods that rely solely on observations to determine the tail behavior of the distribution
of maxima (e.g., Papalexiou and Koutsoyiannis, 2013) and, at the same time, highlights the
power of the proposed index. Large values of the recession exponent a, in agreement with
corresponding large values of b, are found for all confirmed heavy-tailed cases (black dots in
Figure 2c) where the power law provides a plausible representation of the empirical distribution
of monthly maxima. For uncertain cases (gray dots in Figure 2c) the values of the empirical
power law exponents are unreliable (according to the applied method; Clauset et al., 2009)
since it cannot be determined with certainty whether the empirical distributions are or not
power laws due to data scarcity. Conversely, the hydrograph recession exponent is calculated
from daily streamflow data. I can therefore identify cases with heavy-tailed behavior and
evaluate their tail heaviness based on the values of a. This estimate is deemed robust, provided
that the predictions of the proposed index are confirmed by observations in cases (panels a
and b) where data size is not a limitation (i.e., for daily streamflow and ordinary peak flows).

Figure 3.2: Empirical power law exponent b as a function of the proposed index of
heavy-tailed behavior a Case studies are classified into groups of confirmed heavy-tailed (black
dots) and uncertain (gray dots) cases on the basis of the hypothesis test (supporting information S1;
Clauset et al., 2009). The former denotes cases for which a power law provides a reliable description
of the empirical data distribution, while the latter denotes cases whose data cannot convincingly
support such a distribution. Red markers highlight the correlation between the empirical power
law exponent b and the hydrograph recession exponent a for confirmed heavy-tailed cases in the
case of (a) daily streamflows (n = 121 case studies), (b) ordinary peak flows (n = 116), and (c)
monthly flow maxima (n = 34). Red markers display the median values of a and b (squares),
the interquartile intervals of b (vertical bars), and the binning ranges of a (horizontal bars, equal
number of case studies in each bin).

3.5.3 Effectiveness in short-length record datasets

In Figure 3 I test the stability of the categorization of case studies into heavy/nonheavy-tailed
flood behavior provided by the proposed index (i.e., the hydrograph recession exponent a)
for decreasing data lengths. We compare results for the proposed index against two other
frequently used metrics of heavy tails in hydrological studies: (1) the upper tail ratio (UTR)
(Lu et al., 2017; Smith et al., 2018; Villarini et al., 2011) and (2) the shape parameter ξ of the
GEV distribution (Morrison and Smith, 2002; Papalexiou et al., 2013; Villarini and Smith,
2010). The UTR is defined as the ratio of the flood of record to the 0.9 quantile of floods
(Smith et al., 2018) here represented by monthly flow maxima, while ξ is estimated by fitting a
GEV distribution on the sample of monthly maxima using the python package OpenTURNS
1.16 (Baudin et al., 2017). For all three indices (a, UTR, and ξ), we estimate their values
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for data lengths decreasing from 35 (i.e., the shortest entire record length in the dataset) to
2 years. I acknowledge that estimating parameters of extreme value distributions from such
short records is not recommended. However, the exercise highlights the perks of the proposed
index that, as it will be shown, is able to provide robust results also when short data series
only are available. For each case study, I obtain 30 samples with the assigned test length from
the entire data series using resampling without substitution. For each test length, I calculate
the median values of the indices estimated from these samples, and plot them in Figure 3
together with their variability across case studies (vertical shaded bars and lines in Figure 3
show the 0.25-0.75 and 0.05-0.95 quantile ranges of the index estimates across case studies).

To evaluate the consistency of the categorization of tail behavior across different data
lengths we proceed as follows. For each case we first compute the hydrograph recession
exponent and GEV shape parameter from the entire data record and denote them with an
asterisk superscript (i.e., a∗ or ξ∗). Heavy-tailed cases are defined as having a∗ > 2 or ξ∗ > 0
(Godrèche et al., 2015), while non-heavy-tailed cases have values below these thresholds. To
visualize heavy-tailed and non-heavy-tailed behaviors, I mark them in Figure 3 in red and
green colors, respectively, based on the reference values obtained from the entire data record.
I then recalculate the indices from shorter samples and evaluate whether their values are
consistent with the above categorization. For the UTR, we cannot implement this approach
because there is no specific threshold for the identification of heavy/nonheavy tails. I therefore
directly compare the stability of the UTR’s values across data lengths (a larger value indicates
a heavier tail).

The proposed index provides consistent categorization of heavy/nonheavy-tailed flood
behavior across varying data lengths (Figure 3a). The index estimates remain above 2 for
most heavy-tailed cases (red) and below 2 for most nonheavy-tailed cases (green) (as defined
according to the reference value a∗ computed using the entire data record) when the data
length decreases. The index estimates demonstrate the consistency throughout the test data
length, as evidenced by the narrow range of variation in the median values of the estimates.
For heavy-tailed cases, the median values ranged from 2.64 to 2.92, while for nonheavy-tailed
cases, they ranged from 1.84 to 2.0. Additionally, the coefficient of variation for the estimates
remained relatively constant, ranging from 0.29 to 0.33 for both heavy and nonheavy-tailed
cases. This indicates that the variability of the results (vertical shaded bars and lines in Figure
3) is mostly due to pooling together different case studies belonging to the same category
(heavy or nonheavy-tailed), and does not increase as a result of decreasing length of the
available data.

In contrast, the upper tail ratio shows pronounced instability for decreasing data lengths
(Figure 3b). The median value of the index estimates varies between 1.32 and 2.36, with a
coefficient of variation ranging from 0.15 to 0.64. These values indicate uncertain assessments
based on the UTR and its tendency to underestimate the tail heaviness as the data length
decreases.

Figure 3c illustrates the categorization of tail behavior using GEV shape parameter
estimates. The results indicate that ξ estimates are stable with longer data series, yet their
variability increases — leading to both underestimation and overestimation of tail heaviness —
when data length is short. To ensure a stable categorization of flood tail behavior using this
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method data series spanning more than 10 years (for seasonal analyses and monthly maxima,
i.e., sample sizes of around 30 values) are needed, in line with the findings of previous studies
(Cai and Hames, 2010; Németh et al., 2019). The median values of ξ range from 0.39 to 0.52
for heavy-tailed cases and remain at 0 for nonheavy-tailed cases. Furthermore, the coefficient
of variation demonstrates relatively higher variation across different test data lengths, ranging
from 0.37 to 1.03 for heavy-tailed cases.

Figure 3d presents a summary of the consistency in identifying tail behavior (either heavy
or nonheavy) compared to the identification based on the complete data record (i.e., fraction
of cases for which categorization based on shorter data series provides the same result obtained
with the complete data record). This assessment is conducted for both the methods of recession
exponents and GEV shape parameters (unfortunately, this approach is inapplicable to the
UTR due to the absence of a specific threshold for distinguishing heavy/nonheavy tails). The
comparison underscores that discrepancies in consistency between the two indices (ξ and a)
are predominantly noticeable when analyzing data series shorter than 10 years in this study.
Conversely, for data series longer than 10 years, both indices exhibit comparable consistency
and display an ascending trend, with the performance of the GEV shape parameters slightly
higher than the one of the recession exponents.
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Figure 3.3: Stability of the categorization of case studies into heavy/nonheavy-tailed
flood behavior for decreasing data lengths Estimates of three different indices of tail behavior
as a function of data length. (a) Hydrograph recession exponent a (i.e., the proposed index of this
study). Two frequently used metrics of heavy tails in hydrological studies: (b) the upper tail ratio
UTR, and (c) the shape parameter ξ of the GEV distribution. Dots display the median values of
the estimates for 386 case studies; vertical shaded bars and lines show the 0.25-0.75 and 0.05-0.95
quantile ranges of the estimates, respectively. The entire data record was used for computing
the reference values of the hydrograph recession exponent a∗ and the GEV shape parameter ξ∗

and categorizing each case study as either having (red) or not (green) heavy-tailed behavior. (d)
Consistency of identified tail behavior (either heavy or nonheavy) as a function of available data
length for the indices recession exponent and shape parameter of GEV.
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3.5.4 Discussion

Assessment of flood tail behavior is challenging due to high levels of uncertainty arising from
the scarcity of data on floods, which are by definition rare events. This issue is particularly
prominent when maxima are used in the analysis as in the annual maximum approach. Despite
the widespread use of this method, its limitations for what concerns the reliability of flood
tail estimates are well recognized. Very large sample sizes are indeed essential for obtaining
accurate prediction of tail behavior (Papalexiou and Koutsoyiannis, 2013).

To address the challenge of obtaining reliable estimates, alternative methods have been
proposed. A frequently used approach is the peak-over-threshold analysis, which uses the
information content of a larger sample of data (Lang et al., 1999; Pan et al., 2022). Previous
studies have demonstrated that this method leads to lower uncertainty in estimating high
floods (Kumar et al., 2020). Volpi et al. (2019) also showed the advantage of using all the
available observations (i.e., not only the peaks over a certain threshold) for estimating extreme
events. In summary, all these methods suggest that discharge values other than maxima can
provide information about the characteristics of extreme events. Specifically, incorporating
information from less extreme (but more numerous) observations can reduce the uncertainty in
the estimation of extreme events and lead to improved accuracy. Furthermore, non-asymptotic
methods suggest that extremes are realizations of the underlying ordinary events (Marani and
Ignaccolo, 2015; Lombardo et al., 2019), which can thus be used to assess rare events. These
methods have significantly improved the estimation of extreme values with lower uncertainty
(Marra et al., 2018; Miniussi and Marani, 2020; Mushtaq et al., 2022; Hu et al., 2023).

Similarly to the latter approaches, the index introduced in this study (i.e., the hydrograph
recession exponent) leverages information on ordinary discharge dynamics to infer the tail
behavior of flood distributions. This approach entails some advantages: firstly, it effectively
extracts information from a larger amount of available streamflow data. Secondly, estimating
the hydrograph recession exponent requires significantly less data than conventional approaches
that involve fitting probability distributions to hydrological samples, while providing reliable
results. But most importantly, the proposed index offers a mechanistic approach to understand
the emergence of heavy-tailed flood behavior, thus providing a process-based alternative to
methods that solely rely on statistical analysis of observations. The importance of understanding
intrinsic watershed dynamics which promote the occurrence of extreme events and contributing
factors that lead to heavy-tailed flood behavior (Tarasova et al., 2020a) was recently highlighted
in a comprehensive review by Merz et al. (2022). Identify reliable proxies for inferring such
behavior (sensu Wilson and Toumi, 2005) is as well important. The proposed index, which
represents such a proxy grounded on intrinsic hydrologic dynamics of the river basin, is thus
especially useful in the very common cases when the tail of the flood distribution cannot be
known from limited available observations.

The hydrograph recession exponent (which is the identified index of heavy-tailed flood
behavior) essentially represents the nonlinearity of the storage-discharge response in catchments
(Wittenberg, 1999; Biswal and Marani, 2010). A higher degree of nonlinearity leads to higher
peak flows and heavier tail of the streamflow distribution (Basso et al., 2015). In agreement
with these findings, former simulation-based and field studies have shown that high nonlinearity
of the catchment hydrological response linked to an increase of the runoff contributing area
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results in a marked increase of the slope of flood frequency curves (Fiorentino et al., 2007;
Rogger, Pirkl et al., 2012), which may be indicative of a heavy-tailed flood behavior. Gioia
et al. (2012) also demonstrated that a nonlinear catchment response can convert light-tailed
rainfall inputs into flood distributions with heavy tails, further confirming the role of nonlinear
storage-discharge responses in producing heavy-tailed flood behavior.

Merz et al. (2022) established, based on a comprehensive review, that the nonlinearity
of the catchment response is a plausible contributor to the emergence of heavy-tailed flood
behavior. Additionally, Basso et al. (2023) demonstrated that the hydrograph recession
exponent aids in predicting the propensity of rivers for generating extreme floods. In line with
these studies, our research further highlights that the hydrograph recession exponent, which
provides a description of catchment nonlinearity obtained from common streamflow dynamics,
is capable of robustly identifying heavy-tailed flood behavior.

The findings in Figure 2 showcase the drawbacks of relying on purely statistical data
analyses (which supply the empirical power law exponents b) to identify flood tail behaviors
and the advantages of adopting the mechanistic approach proposed in this study (which yield
the hydrograph recession exponent a). The gray markers in Figure 2 indicate uncertainty
in determining whether the distribution has a power law tail, which is shown to be more
prevalent when the sample size is reduced, based on statistical analyses according to the
Clauset (2009) method (69 %, 70 %, and 91 % of the case studies for daily streamflow, ordinary
peaks, and monthly maxima, respectively). The proposed index finds a solution to these
limitations through a mathematical description of hydrological processes. Such an index is
shown to perform well in cases where statistical methods may be limited due to a lack of data,
as confirmed by the significant correlations between the recession exponent and the reliably
empirical power law exponent in all three panels (represented by black dots in Figure 2). Even
in cases where the statistical method is unable to confirm the underlying distribution (e.g.,
monthly maxima in panel c), the proposed index can still provide robust estimates of tail
heaviness based on the values of recession exponents. This is supported by the analyses of daily
streamflows and ordinary peaks, where sample size is not a limitation and the predictions of the
proposed index are confirmed by observations. Overall, the proposed index offers a promising
solution for accurately characterizing the tail behavior of flood distributions, especially when
traditional statistical methods may be limited due to a lack of data.

Data scarcity is a major challenge for reliable flood hazard assessment, mainly because of
relatively short hydrological data records worldwide (Lins, 2008). The availability of a robust
index of heavy-tailed flood behavior that work even with short data records is desirable. I
test three indices, namely the recession exponent (the proposed index), the upper tail ratio
(UTR), and the shape parameter of the Generalized Extreme Value (GEV) distribution (ξ), for
categorizing tail behavior for decreasing data lengths. The results (Figure 3a) show that the
recession exponent provides stable estimates and categorizes cases consistently into heavy or
non-heavy tails for decreasing data lengths. Furthermore, the slight variation in the estimates
of the recession exponent for each test data length implies that variation in estimates primarily
arises from case study heterogeneity rather than decreasing data length. Conversely, UTR
significantly underestimates both the tail heaviness and the variation across cases for decreasing
data lengths (Figure 3b). In agreement with previous studies, underestimation of tail heaviness
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occurred using UTR when the sample size was small (Smith et al., 2018; Wietzke et al., 2020).
Meanwhile, the categorization of tail behavior was stable for cases with dataset longer than
10 years using the GEV shape parameter. However, high uncertainty in the variation of
estimates across cases is observed when available data is relatively short as also highlighted by
previous studies (e.g., Wietzke et al., 2020) (Figure 3c). Implied by this observation is that
the estimates are biased by the short analyzed data and a longer data record is desirable for a
more reliable fitting of a GEV on data (Papalexiou and Koutsoyiannis, 2013). In summary,
both the recession exponent and the GEV shape parameter exhibit greater stability across
data lengths than the UTR, which is highly dependent on the available amount of data. When
comparing the first two indices (recession exponent and GEV shape parameter) (Figure 3d),
the recession exponent demonstrates a high level of stability across all data lengths, even
those shorter than 10 years based on this study’s analyses. On the other hand, the GEV
shape parameter displays lower stability when the available data are shorter than 10 years, but
this stability significantly improves as the data length exceeds 10 years. Beyond the 10-year
threshold, both indices show comparable consistency and an upward trend, with GEV shape
parameters slightly outperforming recession exponents.

The hydrograph recession exponent allows at least two significant applications as a proxy
for heavy-tailed flood behavior. Firstly, it can be directly used to improve comparability across
catchments and provide a fair assessment of mapping regional patterns of flood hazards (Merz
et al., 2022). Traditionally, assessing flood behavior across catchments using the same record
length has been preferred (Cunderlik and Burn, 2002), but this is often not possible due to
differences in data availability. The proposed index can robustly estimate heavy-tailed flood
behavior from data with different record lengths, overcoming this limitation. Secondly, it can
be applied as a preliminary step to correctly identify whether a considered catchment exhibits
heavy-tailed flood behavior or not, and to select an appropriate probability distribution to be
used in flood frequency analysis. This prior identification of tail behavior is crucial to avoid
potential underestimation of flood extremes. (Miniussi et al., 2020; Mushtaq et al., 2022).

3.6 Chapter conclusions

A new index of heavy-tailed flood behavior is identified from a physically-based description of
streamflow dynamics. The new index is embodied by the hydrograph recession exponent and
can be readily estimated from daily streamflow records. Our findings demonstrate that this
index enables the identification of heavy or nonheavy tailed flood behaviors in a large set of
case studies across Germany. Importantly, it provides an evaluation of the tail heaviness (i.e.,
the severity of flood risks) based on analyses of common discharge dynamics, and remarkably,
the results remain robust even with limited data records.

The proposed index addresses the main limitations of current approaches, including the
lack of physical support and low reliability in cases with limited data records. By extracting
more information from available data and manifesting the nonlinearity of catchment response,
it represents a reliable method to select suitable underlying distributions for flood frequency
analyses and assess the peril of extreme floods in data poor areas.
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3.7 Supporting information

S1. Goodness-of-fit tests for the empirical power laws

To test if the empirical power law is a plausible underlying distribution of the observed data,
we follow the hypothesis test proposed by Clauset et al. (2009). The null hypothesis is ‘The
empirical power law is a plausibly underlying distribution of the observed data.’ Residual
errors exist between the empirical power law and the observed data, which can be estimated by
the error distance εd by means of the Kolmogorov-Smirnov statistic. The Kolmogorov-Smirnov
test is selected because it is one of the most common measures for non-normal data. The core
of the hypothesis test is to statistically prove that the errors between the data and the power
law (i.e., εd) are rational fluctuation of sampling randomness rather than being drawn from an
incorrect underlying distribution. To determine the rationality of the sampling randomness, a
Monte Carlo procedure is introduced: (1) a large number of groups n of synthetic data (with
the same size as the observed data) are randomly generated from the empirical power law;
(2) the error distance εsi of each synthetic group to the empirical power law is calculated
for i = 1, 2, · · · , n; (3) the frequency of εs > εd defines the p-value of the hypothesis test,
which indicates the probability that the residual errors between the empirical power law and
the observed data locates within the range of sampling randomness fluctuations; and (4) the
rationality is determined by p > 0.1 using this package.

When p ≤ 0.1, the null hypothesis is rejected; that is, the observed data are not plausibly
drawn from the empirical power law. On the contrary, the empirical power law is considered a
plausible distribution for the observed data for their residual errors are statistically rational
fluctuation of sampling randomness when p > 0.1. Notice that a greater p-value is better in
this case because the aim is to verify the null hypothesis rather than to indicate it is unlikely
to be correct, as others often considered. Thus p > 0.1 is a more rigorous setting than p >

0.05 in this case.
The setting of n = 1000 is used as an adequate (great enough) number of iterations in this

framework to distinguish underlying distributions that are commonly mixed (as suggested by
Clauset et al. (2009)).

The hypothesis test of the empirical power law including all the above proce-
dures can be implemented via the function test_pl in the python package plfit 1.0.3
(https://pypi.org/project/plfit/).

It is worth mentioning that, statistically, we cannot say those who do not pass the hypothesis
test ‘are not’ power law distributions. There are at least two potential reasons for this result:
(1) they are indeed not power law functions, or (2) the underlying distribution cannot be
concluded due to the high uncertainty in the empirical data with small sample sizes. We thus
use the term ‘uncertain cases’ to indicate this awareness in the main manuscript.
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S2. A reference map of gauges across Germany used in chapter 3

Figure 3.4: A reference map of gauges across Germany used in chapter 3 These river
basins encompass a variety of climate and physiographic settings without strong impact from dams
and snowfall. Their areas range from 110 to 23,843 km2 with a median value of 1,195 km2. The
minimum, median, and maximum lengths of the daily streamflow records are 35, 58, and 63 years
(inbetween 1951 - 2013).
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3.8 Data availability

For providing the discharge data for Germany, we are grateful to the Bavarian State
Office of Environment (LfU, https://www.gkd.bayern.de/de/fluesse/abfluss) and the Global
Runoff Data Centre (GRDC) prepared by the Federal Institute for Hydrology (BfG,
http://www.bafg.de/GRDC). Climatic data can be obtained from the German Weather
Service (DWD; ftp://ftp-cdc.dwd.de/pub/CDC/). The digital elevation model can be retrieved
from Shuttle Radar Topography Mission (SRTM; https://cgiarcsi.community/data/srtm-90m-
digital-elevation-database-v4-1/).
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4
Geographic Patterns of Heavy-Tailed

Floods and Hydroclimatic
Interpretation

Utilizing the newly proposed index introduced in the previous chapter, an extensive and reliable
exploration of heavy-tailed flood behavior is feasible across a diverse range of geographic
conditions. The objective of this chapter is to advance our understanding of heavy-tailed
behavior by examining its influences under various natural conditions and unraveling the
underlying mechanisms.

To organize current knowledge on the drivers and underlying mechanisms of heavy-tailed
flood distributions, Merz et al. (2022) conducted an extensive review of current studies and
summarized their findings into nine hypotheses. Notably, they pointed out that while one might
intuitively assume that heavy-tailed flood distributions are inherited from heavy-tailed rainfall
distributions, the evidence does not always support this hypothesis. For instance, a study by
McCuen and Smith (2008) revealed that cases with skewed rainfall distributions, implying
longer and heavier tails, do not necessarily translate into skewed flood distributions. This
finding is supported by similar results from Sharma et al. (2018), who discovered that although
there has been a significant increase in rainfall extremes, a corresponding increase in flood
extremes is not observed. Indeed, Gaume (2006) pointed out that the asymptotic behavior of
flood distributions is primarily controlled by rainfall distributions only for situations with very
large return periods.

In the review of Merz et al. (2022), it becomes evident that multiple hydro-physiographic
characteristics interact within a complex system, collectively shaping flood tail behavior.
Specifically, the interplay between characteristic flood generation (Bernardara et al., 2008;
Thorarinsdottir et al., 2018), the presence of mixed flood types (Morrison and Smith, 2002;
Villarini and Smith, 2010), the tail heaviness of rainfall distributions (Gaume, 2006), catchment
aridity (Molnar et al., 2006; Merz and Blöschl, 2009; Guo et al., 2014), and catchment area
(Pallard et al., 2009; Villarini and Smith, 2010) are proposed as contributing factors to the
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nonlinearity of catchment responses. This nonlinearity is increasingly recognized as a plausible
driver of heavy-tailed flood behavior (Fiorentino et al., 2007; Struthers and Sivapalan, 2007;
Gioia et al., 2008; Rogger, Pirkl et al., 2012; Basso et al., 2015; Merz et al., 2022; Basso et al.,
2023; Wang et al., 2023b).

The nonlinearity of catchment hydrological responses manifests in the hydrograph recession
behavior, commonly described by a power law function (Brutsaert and Nieber, 1977; Biswal
and Marani, 2010; Tashie et al., 2020b):

dq

dt
= −B · qa (4.1)

Here, q represents streamflow, t denotes time, and B and a are empirical constants referred
to as the recession coefficient and exponent, respectively. Particularly, the recession exponent
a is used to express linear to nonlinear responses. Higher a values indicate streamflow behavior
with quicker rise for a peak and faster decay during high flow, while slower decay and more
stability during low flow (Tashie et al., 2019). Given that a higher recession exponent reflects
significant nonlinearity in catchment responses, it has been proposed as an indicator of the
emergence of heavy-tailed flood distributions (Basso et al., 2015; Wang et al., 2023b).

In chapter 3, I introduced hydrograph recession exponents as a newly proposed indicator
for heavy-tailed flood behavior. This indicator allows for an inference of heavy-tailed flood
distributions based on physical mechanisms (i.e., typical hydrological processes within common
streamflow dynamics). Importantly, it has shown its capacity to provide robust estimates for
both short and long data records. Unlike traditional methods for identifying heavy tails, such
as the upper tail ratio (Villarini et al., 2011; Lu et al., 2017) and the shape parameter of a fitted
Generalized Extreme Value (GEV) distribution (Morrison and Smith, 2002; Villarini and Smith,
2010), which are sensitive to sample sizes (Wietzke et al., 2020), recession exponents offer more
consistent estimates of flood tail heaviness across various data lengths. This characteristic
makes it a valuable tool for analyzing regions with diverse gauge data records.

The aim of this following work is to construct a geography of flood tail behavior based
on the inferred heavy-tailed flood ‘hotspots’, recognized by this indicator, thus ensuring
comparability of analyses across different data lengths. Given that longer and comparable
record lengths are desirable for analyzing heavy-tailed distributions using conventional methods
(Cunderlik and Burn, 2002; Papalexiou and Koutsoyiannis, 2013), and considering the global
variation in available hydrological data lengths (Lins, 2008), this work contributes to filling
the research gap by providing a reliable estimation of heavy-tailed flood behavior across a
wide range of geography (Merz et al., 2022). Specifically, the objectives are twofold: (1) to
validate the effectiveness of recession exponents in identifying heavy-tailed flood behavior
through an extensive analysis, and (2) to investigate the underlying factors related to diverse
physiographical settings, taking into account spatial patterns, seasonality, and catchment scale
characteristics, and how they influence catchment nonlinearity, leading to the emergence of
heavy-tailed floods.

I organize the structure of this chapter as follows: Section 4.1 describes the study areas
and the hydrological data based on an extensive dataset composed of four countries, Sections
4.2 to 4.4 describe the methods of estimation and validation of hydrograph recession exponents
in identifying heavy-tailed flood behavior in the dataset, the framework of the analyses of
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spatial patterns of inferred heavy-tailed flood behavior, the framework of the analyses of
seasonal dynamics of inferred heavy-tailed flood behavior, and statistical tests. In Section 4.5,
I present the validation results of our heavy-tailed flood behavior index, along with analyses
of the relationships between flood tail behavior and geographical spatial characteristics,
seasonal patterns, and catchment scales in these comparable countries. Particularly, physical
interpretations of the results and remarks from the literature are discussed in Section 4.5.5.
The main conclusions are summarized in Section 4.6.

4.1 Study areas and data

This study uses four distinct datasets, each serving a specific objective. I begin our analysis
by examining case studies from Germany, providing an initial investigation into our research
aims. The inclusion of case studies from the United Kingdom (UK) and Norway allows us to
explore the applicability of the index in regions with both similar and contrasting physiographic
settings compared to Germany. Lastly, the comprehensive dataset of case studies from the
United States (US), known for its diverse range of physiographical settings, enables us to
validate and consolidate the transferability of our findings.

Germany has a temperate oceanic climate, with mild temperatures and relatively evenly
distributed precipitation throughout the year. The western parts of the country are influenced
by the North Atlantic Drift, resulting in milder winters compared to the eastern parts, and the
Alps play a significant role in the local climate of the south. The country’s elevation ranges
from sea level to 2,962 m, with lowlands in the north, uplands in the central, and mountain
ranges in the south. The dominant soil types in Germany are podzols and brown earths, which
can result in higher runoff and flash floods in areas with steep slopes and sparse vegetation.

The UK also has a temperate oceanic climate, with diverse topography ranging from upland
areas in the north and west to lowland areas in the south and east. The elevation ranges
from sea level to 1,345 m, with mostly lowland terrain dominated by limestone, shale, and
sandstone. The dominant soil types are clay soils, which can result in higher runoff and flood
risk in urban areas and other places with limited vegetation cover.

Norway serves as a contrasting climate and terrain compared to Germany. It has a subarctic
climate, and the country’s terrain is mostly mountainous, with high altitude areas covered by
snow and ice for much of the year. The elevation ranges from sea level to 2,469 m, with mostly
mountainous terrain and significant snow effects in the winter season. The dominant soil types
are cryosols and podzols, which are characterized by low temperatures and low water-holding
capacity.

The US has a diverse range of climate and terrain conditions, with various climate types
ranging from tropical to polar. The average temperature range varies widely depending on the
region. The elevation ranges from sea level to 6,190 m, with a diverse range of terrain types
such as plains, plateaus, mountains, and coastal regions. The country includes arid desert
regions, high mountain ranges, and extensive river systems. The dominant soil types vary
widely, from aridisols in the deserts to mollisols in the Great Plains.

I collected daily continuous streamflow records from 575 gauges across the four study
regions to conduct our analyses. The corresponding drainage areas range from 4 to 40,504 km2.
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Our analysis was performed on a seasonal basis, considering spring (March-May), summer
(June-August), autumn (September-November), and winter (December-February) to account
for the seasonality of hydrograph recessions (Tashie et al., 2020b) and flood distributions
(Durrans et al., 2003). Each analysis conducted on a specific river gauge during a season was
treated as a case study.

I excluded gauges located downstream of large dams in all four regions (Lehner et al.,
2011; Wang et al., 2022). Consistent with previous studies (e.g., Botter et al., 2007a; Botter et
al., 2010; Ceola et al., 2010; Doulatyari et al., 2015; Basso et al., 2021; Basso et al., 2023), I
chose case studies in Germany, the UK, and the US characterized by limited snowfall, which
minimizes the potential transfer of water across seasons due to strong snow accumulation and
melting. Specifically, this condition is defined as having an average daily temperature below
zero degrees Celsius during precipitation events for over 50 % of a season (Basso et al., 2021).
However, recognizing that recession exponents can inherently capture both linear and nonlinear
catchment responses, I intentionally included case studies in Norway, which are characterized
by a dominant runoff generation process driven by snow dynamics. This deliberate inclusion
provides a counter-verification, allowing us to explore the capability of the recession exponent
as a measure of flood tail behavior in regions primarily characterized by snowmelt-driven
flood generation processes. In summary, this analysis encompasses regions dominated by both
rainfall-driven and snowmelt-driven floods, providing an extensive examination of these factors.
These procedures resulted in a total of 1997 case studies, distributed as follows: 540 in spring,
520 in summer, 543 in autumn, and 394 in winter (refer to supporting information Table 4.2
for detailed information of each region).

I incorporated the Köppen climate classification to recognize the spatial distribution of
diverse hydroclimatic characteristics. This is obtained from the work presented by Beck et al.
(2018), offering high-resolution (1-km) maps depicting present-day conditions (1980-2016).

4.2 Inferring heavy tails of flood distributions from common
streamflow dynamics

I adopt a framework of the Physically-based Extreme Value (PHEV) distribution of river
flows, introduced by Basso et al. (2021). This framework offers a mechanistic-stochastic
characterization of both the magnitude and probability of flows, underpinned by essential
hydrological processes like precipitation, infiltration, evapotranspiration, soil moisture, and
runoff generation within river basins, as previously described in well-established mathematical
description (Laio et al., 2001; Porporato et al., 2004; Botter et al., 2007b, 2009).

Within the PHEV framework, I obtain consistent expressions for the probability
distributions of various flow metrics, including daily streamflow, ordinary peak flows (local flow
peaks resulting from streamflow-producing rainfall events), and floods (flow maxima within a
specified timeframe) (Basso et al., 2016). The description of runoff generation and streamflow
dynamics provided by this framework has been successfully tested across a diverse range of
hydroclimatic and physiographic conditions through a number of studies (Arai et al., 2020;
Botter et al., 2007a; Botter et al., 2010; Ceola et al., 2010; Doulatyari et al., 2015; Mejía et al.,
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2014; Müller et al., 2014; Müller et al., 2021; Pumo et al., 2014; Santos et al., 2018; Schaefli et
al., 2013).

By taking the limit of the PHEV framework, insights into the tail behavior of the flow
distribution are obtained (Basso et al., 2015). Wang et al. (2023) showed that the tail of the
distribution is exclusively governed by a power law function (indicating heavy tails) when the
hydrograph recession exponent exceeds two, signifying discernible nonlinearity of catchment
responses. Conversely, the tail appears as nonheavy when the recession exponent is below two,
suggesting linearity of catchment responses. As a result, the hydrograph recession exponent
has been proposed as a suitable indicator of heavy-tailed flood behavior, based on the analysis
of common discharge dynamics.

The hydrograph recession exponent a for each case study can be estimated as the median
value of the exponents from power law functions fitted to the pairs of dq/dt and q of individual
hydrograph recessions (Jachens et al., 2020; Biswal, 2021). I identify the hydrograph recessions
as the ordinary peak flows and the subsequent daily streamflow decay, constrained by a
minimum duration of five days.

4.3 Validation of hydrograph recession exponents as an index
of heavy-tailed flood behavior

To validate the identification of heavy-tailed flood behavior obtained through estimated
recession exponents, I fit a power law distribution to the empirical data distribution and
evaluate the reliability of empirical power laws, serving as the benchmark of heavy-tailed flood
behavior presented by data.

A case study is considered to exhibit heavy-tailed behavior if the empirical power law
effectively describes the tail behavior of the data distribution. I used the Kolmogorov-
Smirnov (KS) statistic (κ), a common measure of distance between non-normal distributions,
to preliminarily assess empirical power law distribution reliability (κ ∈ [0, ∞], with κ = 0
denoting highest reliability). To set the reference point of plausible empirical power laws, I
employed a method introduced by Clauset et al. (2009), a state-of-the-art approach for fitting
empirical power laws. In such an approach, the empirical power law exponent b is computed
by fitting a power law to the upper tail of the data distribution. An optimized lower boundary
is established by selecting the best fit based on the KS statistic. Subsequently, a Monte Carlo
procedure is employed to determine if the fitted power law reliably represents the observed
data (based on the KS statistic). This procedure aims to verify whether the residual errors
between the data and the power law distribution fall within the range of fluctuations expected
from random sampling. If the residual errors lie within this range, the power law is considered
a dependable (plausible) representation of the empirical data distribution. We conduct these
computations using the Python package plfit 1.0.3. I calculate empirical power law exponents
b for each case and assess the consistency of identifying heavy-tailed behavior using both a

and b.
I conduct our approach using three distinct empirical data distributions: daily streamflow,

ordinary peaks, and monthly maxima. These multiple analyses strengthen our validation
process and enhance the evaluation of our results. It’s worth noting that our chosen benchmark,
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the empirical power law, may be influenced by fitting uncertainty due to data scarcity in
certain cases, particularly when analyzing maxima. To mitigate this, we consider monthly
maxima (Fischer and Schumann, 2016; Malamud and Turcotte, 2006) instead of the seasonal
maxima previously used in the literature (e.g., Basso et al., 2021) in order to expand the
sample size. Parallel analyses for cases with larger sample sizes (i.e., daily streamflow and
ordinary peaks) provide more robust validation and lend support to the interpretation of
results for maxima.

In this section, Welch’s t-test (at 0.05 significance level) is also used to determine significant
differences (p < 0.05) or lack thereof (p > 0.05) in mean values between distributions. Such a
statistical test was selected due to its robustness in handling skewed distributions, unequal
variances, and different sample sizes in the analyzed data (Welch, 1947; Derrick et al., 2016).

4.4 Analyses of spatial and seasonal patterns of inferred flood
tail behavior

I construct a geographical representation of inferred heavy-tailed flood behavior by utilizing
estimated recession exponents derived from common streamflow dynamics across study countries
and for each season. This representation serves as an evaluation of the propensity of heavy-
tailed flood behavior across various regions and seasons. I simplify the seasonal results by
identifying the dominant tail behavior, which refers to the majority of seasons exhibiting either
heavy-tailed or nonheavy-tailed behavior, as the representative inferred flood tail behavior in
the analysis of spatial pattern.

To determine the dominant hydroclimatic characteristic of each catchment, we overlay the
Köppen climate map (Beck et al., 2018) with the river gauge and catchment boundary data.
The most prevalent climate within the catchment (determined by overlapping areas within the
boundary, or by the river gauge location if the boundary data is absent) is assigned as the
representative feature.

To analyze seasonal patterns, I initially investigate the coherence of inferred flood tail
behavior across seasons, focusing on consistency between heavy- or nonheavy-tailed behavior.
Catchments with valid recession exponents from only one season are omitted from this analysis.
As a result, the selection comprises 98 out of 98 catchments in Germany, 81 out of 82 in the UK,
79 out of 82 in Norway, and 290 out of 313 in the US. I also employ the Wilcoxon signed-rank
test (Wilcoxon, 1945), a non-parametric statistical hypothesis test, at a significance level of
0.05 in this section. This test assesses whether the median of recession exponents (within a
climate group on a seasonal basis) is above two, below two, or shows no significant difference
from two (Figure 4.7).

4.5 Chapter results and discussion

4.5.1 Effectiveness of identifying heavy-tailed flood behavior using common
discharge dynamics

Figure 4.1 shows the frequency histograms of KS statistics κ for two groups of cases: red
histograms denote cases with recession exponents a above two, and blue histograms denote

64



4.5 Chapter results and discussion

those below two. The mean κ is significantly smaller (p < 0.05) for the former group (red
histograms) compared to the latter one (blue histograms) for the case studies from Germany,
the US, and the UK. This result confirms that power law distributions (characterized by heavy-
tailed behavior) better represent the empirical data in case studies with recession exponents
above two. In the Norwegian case studies, no significant difference was instead identified
between the two groups. This is likely due to the absolute values of the recession exponent in
this context, which is lower than in the other three countries and mostly comprised between 1
and 2, thus indicating a prevalence of nonheavy-tailed behaviors to date.

To quantify the accuracy provided by the identification of heavy-tailed flood behavior
through recession exponents, I set decreasing thresholds for κ, which correspond to increasing
reliability of power laws as descriptions of the empirical data. The accuracy of our index (i.e.,
the recession exponent) can therefore be calculated as P (a > 2 | κ < κr) = Nc(a > 2 | κ <

κr)/Nc(κ < κr), where κr is the threshold, Nc(κ < κr) is the number of case studies with
κ < κr, and Nc(a > 2 | κ < κr) is the number of case studies with a > 2 among the Nc(κ < κr)
case studies. I found that the accuracy is clearly correlated to the reliability level requested for
the empirical power laws (represented by κr) for case studies in Germany, the US, and the UK.
This confirms that the recession exponent provides higher accuracy in detecting heavy-tailed
behaviors when the empirical distributions of observed data can be represented by power laws
with more certainty, thus underscoring the consistency between identifying heavy-tailed cases
by using the proposed index and the observations. The accuracy increases in the same way
also for case studies in Norway, but it always remains below 0.5. I will elucidate below reasons
and implications of this finding after considering the results presented in Figure 4.2.

In Figure 4.2, I explore the correlation between the values of empirical power law exponents
b and the values of recession exponents a for case studies confirmed to exhibit heavy-tailed
behavior. This is achieved by utilizing the goodness-of-fit testing procedure of Clauset et al.
(2009) to categorize case studies into ‘confirmed power-law-tailed case studies’ and ‘uncertain
case studies.’ The former are depicted as black dots, while the latter are depicted as gray
dots. The presence of a sizable number of uncertain case studies indicates the difficulty of
establishing with certainty whether the underlying distribution of empirical data is or not a
power law. This difficulty is often due to limited data availability, although the possibility
that they indeed do not follow power laws cannot be excluded.

To highlight the correlation, I binned the confirmed power-law-tailed case studies and used
red markers showing the median values of a and b (squares), the interquartile intervals of b

(vertical bars), and the binning ranges of a. In each country, the composition of each bin
encompasses one-seventh of the total number of case studies, except for Norway, where this
fraction is adjusted to one-fifth due to the limited number of confirmed power-law-tailed cases.
I calculated Spearman correlations rs (Spearman, 1904) to test the correlation between a and
b, which is valid for both linear and nonlinear associations between random variables. I found
that a and b are significantly correlated at a significance level of 0.05 in Germany, the US,
and the UK. In these three countries, a larger number of uncertain case studies emerge in
the analysis of flow maxima compared to the analysis of daily streamflow and ordinary peak
flow (respectively for daily streamflow, ordinary peaks, and flow maxima: 265, 270, and 352
out of 386 case studies in Germany; 258, 280, and 306 out of 325 case studies in the UK; and
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Figure 4.1: Effectiveness of identifying heavy-tailed flood behavior using hydrograph
recession exponents Case studies in each country are categorized into two groups: red histograms
representing recession exponents a above two and blue histograms representing recession exponents
a below two. In all three analyses (daily streamflow, ordinary peak flow, and monthly maxima),
every case study is subjected to empirical power law fitting, resulting in a representative power law
for the dataset, measured by the KS statistic κ (where κ ∈ [0, ∞], with κ = 0 signifies maximum
reliability). The histograms portray the count of case studies Nc analyzed as a function of κ for
two distinct groups. Dashed lines on the histogram plots indicate the means of the histograms.
The means of two groups (a > 2 and a < 2) are subjected to Welch’s t-test at a significance level
of 0.05 to determine whether they are significantly different (p < 0.05) or not (p > 0.05). The
line chart shows the accuracy of using the recession exponent to identify heavy-tailed behavior
(denoted as P (a > 2 | κ < κr) = Nc(a > 2 | κ < κr)/Nc(κ < κr) as the κr threshold decreases
(i.e., as the reliability of empirical power laws increases). The results for Germany were initially
presented in Chapter 3 but are reproduced in this chapter for the purpose of comparison with case
studies from other countries.

589, 624, and 836 out of 980 case studies in the US). Since the same case studies have already
been confirmed to exhibit power-law-tailed distributions in their daily streamflow and ordinary
peak flow data, the increase of uncertain case studies in the analysis of flow maxima suggests
that the greater level of uncertainty is due to limited data availability rather than indicating a
rise in the number of non-power-law-tailed case studies.

In Norway, however, the majority of case studies across all three analyses (i.e., daily
streamflow, ordinary peaks, and flow maxima) are identified as uncertain (respectively 291,
289, and 300 out of 306 case studies). These results align with the fact that the values of
the recession exponent for the Norwegian case studies predominantly fall between 1 and 2
(Figure 4.2), indicating that to date catchment responses are relatively closer to being linear
in Norway compared to the other countries, and implying the prevalence of nonheavy-tailed
flood behavior. This also explains the pattern presented in the Norway panel of Figure 4.1.
Given that the case studies generally have recession exponents below two, the number of case
studies with recession exponents above two are not enough to distinguish between the two
distributions of κ.
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Overall, the effectiveness of recession exponents in distinguishing heavy- and nonheavy-
tailed flood behavior has been substantiated (see also Wang et al., 2023b). This differentiation
hinges on a critical threshold: the value two. In datasets showcasing diverse physiographical
characteristics, the interpretation is consistent. Areas with higher recession exponents (above
two), indicating discernible nonlinearity in catchment responses, tend to exhibit heavy-tailed
flood behavior. Conversely, regions with lower recession exponents (below two), reflecting
relatively linear responses in catchments, are more likely to signify nonheavy-tailed flood
behavior.
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Figure 4.2: Empirical power law exponent b as a function of the hydrograph recession
exponent a (physically-based index of heavy-tailed flood behavior) Case studies are
classified into groups of confirmed power-law-tailed (black dots) and uncertain (gray dots) case
studies on the basis of the goodness-of-fit test (Clauset et al., 2009). The former group shows
statistical confirmation that the data’s distribution tail can be accurately characterized by a
power law, indicating heavy-tailed behavior. Conversely, the latter group indicates our inability to
statistically affirm whether the data follows a power law distribution or not. For the confirmed
power-law-tailed case studies, the correlation between the empirical power law exponent b and the
hydrograph recession exponent a is underlined by red markers. This correlation is quantified using
the Spearman correlation coefficient rs at a significance level of 0.05. The squares represent the
median values of a and b, vertical bars indicate the interquartile intervals of b, and horizontal dashed
bars indicate the binning ranges of a. In each country, the composition of each bin encompasses
one-seventh of the total number of case studies, except for Norway, where this fraction is adjusted to
one-fifth due to the constraint posed by the total number of confirmed power-law-tailed case studies.
The count of the confirmed power-law-tailed case studies in the analyses of daily streamflows,
ordinary peak flows, and monthly flow maxima are as follows: 121, 116, and 34 out of 386 case
studies for Germany, respectively; 67, 45, and 19 out of 325 case studies for the UK, respectively;
391, 356, and 144 out of 980 case studies for the US, respectively; and 15, 17, and 6 out of 306
case studies for Norway, respectively. The results for Germany were initially presented in Chapter
3 but are reproduced in this chapter for the purpose of comparison with case studies from other
countries.
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4.5.2 Spatial patterns of inferred flood tail behavior

Figure 4.3 displays the spatial distribution of dominant flood tail behavior across seasons, based
on the recession exponent values, for Germany, the UK, Norway, and the US, respectively. This
dominant behavior represents either heavy or nonheavy tails, depending on what is observed in
the majority of seasons. Additionally, Figure 4.4 and Table 4.1 provide quantitative analyses
of the propensity of flood tail behavior across different regions.

In Germany (Figure 4.3a), approximately 81 % of catchments are identified as sites with
dominant heavy-tailed flood behavior (red dots), indicating a prevalence of such behavior. This
result agrees with the findings of Mushtaq et al. (2022), which reported that a distribution
with a relatively heavier tail (i.e., the log-normal) best represent ordinary peak flows in the
majority of German basins considered in their study. The inferred heavy-tailed sites are spread
across Germany. They dominate in the eastern part, while there are mixed patterns of heavy-
and nonheavy-tailed behavior in the western part. The climate conditions are primarily humid
continental (Dfb) and temperate oceanic (Cfb). Humid continental climate is prominent in
the east, while temperate oceanic climate generally covers the west.

In the UK (Figure 4.3b), four climate types are present, with temperate oceanic climate
(Cfb) being the dominant one. The terrain of this country in comparison to the other three
countries is relatively homogeneous, with no high mountains. According to our findings,
heavy-tailed flood behavior is prevalent in the UK, with a prevalence of 77 %, especially in the
eastern and southern coastal regions. Huntingford et al. (2014) reported a case in which a
rapid succession of vigorous Atlantic low-pressure systems crossed much of the UK, resulting
in repeated heavy rainfall events. Southeast England was identified as a distinct region
characterized by exceptionally high flows, exacerbated by increasingly saturated catchments.
These catchment characteristics and hydrological responses align with our findings, which
indicate the pronounced heavy tails in such a region.

In Norway (Figure 4.3c), however, nonheavy-tailed flood behavior dominates. Approxi-
mately 89 % of sites are inferred to have nonheavy-tailed flood behavior. Norway encompasses
nine climate types but is primarily covered by Subarctic climate (Dfc), characterized by
low temperatures and reduced evapotranspiration. Hydrological processes are significantly
influenced by snow dynamics, which generally determine linear catchment responses as a result
of snow accumulation and melting processes (Santos et al., 2018).

In contrast to the aforementioned countries with relatively consistent climate and dominant
flood behavior, the US (Figure 4.3d) displays a diverse range of climate types and a balanced
propensity toward heavy- and nonheavy-tailed flood behavior. The eastern regions are
dominated by humid subtropical climate (Cfa), hot-summer humid continental climate (Dfa),
and temperate oceanic climate (Cfb) from south to north. The interior western states feature
a cold semi-arid climate (BSk), while mixed patterns are observed in the western mountainous
and coastal areas. An overall relatively even distribution of inferred heavy-tailed (52 %) and
nonheavy-tailed (48 %) flood behavior prevails in this diverse climate country.

Figure 4.3e provides an example of how the spatial distribution of flood behavior is
influenced by regional physioclimatic features. In particular, catchments on the east side of the
mountains exhibit pronounced heavy-tailed flood behavior, which aligns with the findings of
Smith et al. (2018). This is likely due to the interaction between cold air from the inland polar
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jet stream and warm ocean currents leads to the formation of Nor’easters, which are synoptic-
scale extratropical cyclones in the western North Atlantic Ocean along the US northeast coast.
These weather systems often resulted in heavy rain or rain-on-snow events. Conversely, on the
west side of mountains, catchments tend to exhibit nonheavy-tailed behavior, potentially due
to the leeward rain shadow effect.

In summary, the spatial distributions of inferred flood tail behavior denote that regions
with dominant climate types (e.g., Germany, the UK, and Norway) tend to exhibit single or
dominant flood tail behavior. Conversely, in regions with diverse climate conditions (e.g., the
US), the interplay among regional physioclimatic conditions emerges shows its impacts on the
propensity of regional flood behavior.

Figure 4.3: Spatial distribution of dominant flood behavior The dominant pattern
determines the representative flood tail behavior of catchments across all study countries, whether
it is heavy or non-heavy, which is defined by the major pattern recognized across seasons. Tail
behavior is inferred by hydrograph recession exponents. The ratio of heavy- to nonheavy-tailed
catchments is indicated as H/NH ratio. Köppen climate classification based on Beck et al. (2018),
with present climate types outlined by bold dark frames in the legend. (a) Germany, a total of
98 gauges represent catchments ranging from 110 to 23,843 km2, with a median area of 1,195
km2. (b) The UK, a total of 82 gauges represent catchments ranging from 15 to 9,948 km2, with a
median area of 283 km2. (c) Norway, a total of 82 gauges represent catchments ranging from 4
to 40,504 km2, with a median area of 234 km2. (Note: some catchment boundaries are absent in
the dataset for catchments in the UK and Norway.) (d) The US, a total of 313 gauges represent
catchments ranging from 66 to 9,935 km2, with a median area of 1769 km2. (e) A zoomed-in map
illustrates the discernible patterns of flood tail behavior resulting from specific flood generation
processes influenced by the interplay between regional terrain and meteorological features. (Note:
the cylinder map projection is employed in these maps.)

To obtain quantitative results I examine the predominant flood tail behavior (inferred by
recession exponents) of catchments across various climate regions and sort these regions based
on the proportion of heavy-tailed catchments from high to low, as illustrated in Figure 4.4.
By categorizing climate type regions based on the proportion of heavy-tailed catchments, we
establish three groups according to their propensity of flood tail behavior: Heavy-tailed group,
indicating regions with over 66.6 % of catchments dominated by heavy tails; Neutral group,
encompassing regions with 33.3 % to 66.6 % of catchments dominated by heavy tails, represents
a relatively even propensity for both heavy and nonheavy tails in the catchments within these
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regions; and Nonheavy-tailed group, representing regions with less than 33.3 % of catchments
dominated by heavy tails, denotes the propensity for nonheavy tails. According to the Köppen
climate type classification, the overarching hydroclimatic characteristics can be delineated
by three hierarchical features: 1. the main group, which encompasses five areas—Tropical,
Arid, Temperate, Continental, and Polar; 2. precipitation characteristics; and 3. temperature
characteristics. The findings are synthesized in Figure 4.4 and Table 4.1, where the groups of
flood tail behavior propensity are juxtaposed with the distinctive traits of each climate region.

Figure 4.4: Propensity of inferred flood tail behavior in diverse climate regions
Catchments are categorized by climate types and grouped by dominant (across seasons) heavy-
tailed case percentages. Three groups are defined by heavy-tailed case proportions: Zone 1 (>
66.6 %) represents heavy tails, Zone 2 (33.3-66.6 %) is neutral, and Zone 3 (< 33.3 %) represents
nonheavy tails. The number of catchments in each climate region is indicated in parentheses after
the climate type.

Five climate regions are identified as having a higher propensity for heavy tails:
mediterranean climate (Csa), hot semi-arid climates (BSh), humid continental climate (Dsb),
temperate oceanic climate (Cfb), and cool-summer mediterranean climate (Csb). These
regions are characterized by warm to hot temperatures, often accompanied by occasional
dry periods (except for Cfb). Based on the definition of Köppen climate classification the
occurrence of dry periods is a result of significantly uneven rainfall throughout the year, with
at least three times as much rainfall in the wettest month as in the driest month. In semi-arid
climates (BSh), there is generally lower annual rainfall (summarized in Table 4.1). Higher
temperatures increase the potentail evapotranspiration, often enhancing atmospheric moisture
content and facilitating convective rainfall. Moreover, the dynamics of evapotranspiration in
hillslopes influence the nonlinearity of runoff processes in catchments (Tashie et al., 2019).
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Table 4.1: Comparison of inferred flood tail behavior propensity with climate
characteristics

Köppen Climate Classification
Propensity of Code 1st Main Group 2nd Seasonal 3rd Dry Warm-
Tail Behavior Precipitation Temperature Period Hot

Csa Temperate Dry Summer Hot Summer • •

Heavy
BSh Arid Semi-Arid Hot • •
Dsb Continental Dry Summer Warm Summer • •
Cfb Temperate No dry season Warm Summer •

(Zone 1) Csb Temperate Dry Summer Warm Summer • •
BSk Arid Semi-Arid Cold •

Neutral Dfb Continental No dry season Warm Summer •
Cfa Temperate No dry season Hot Summer •

(Zone 2) Dfa Continental No dry season Hot Summer •
Dfc Continental No dry season Cold Summer

Nonheavy BWk Arid Dessert Cold •
(Zone 3) ET Polar – Tundra

Dry periods can lead to lower catchment soil moisture, facilitating nonlinear runoff generation
(Merz and Blöschl, 2009; Viglione et al., 2009). The findings presented here indicate that
heavy-tailed flood behavior tends to emerge due to the substantial nonlinearity observed in
catchment hydrological processes, which is facilitated by temporally uneven rainfall and higher
evapotranspiration variation throughout the year.

I also find that certain regions show a relatively neutral propensity regarding flood tail
behavior (either heavy- or nonheavy-tailed) and aggregate them into the second group of
Figure 4.4 and Table 4.1. These regions encompass cold semi-arid climates (BSk), humid
continental climate (Dfb), humid subtropical climate (Cfa), and humid continental climate
(Dfa). While cold semi-arid climates (BSk) experience dryness, they are characterized by
very limit precipitation. In the other three regions (Dfb, Cfa, and Dfa), heavy tails may still
occur due to higher evapotranspiration, which is driven by high temperatures. However, the
relatively even distribution of rainfall throughout the year in these regions may reduce the
propensity for heavy tails, resulting in a smoother occurrence of heavy-tailed flood behavior.
In summary, the regions in this group still have a certain probability of exhibiting heavy-tailed
flood behavior. However, the absence of either a drier state of the catchment (caused by
uneven rainfall) or higher temperatures (that ensure sufficient atmospheric moisture for rainfall
and strengthened nonlinearity) could constrain the occurrence of such behavior.

In the last group, which includes regions with subpolar climate (Dfc), tundra climate (ET),
and cold desert climates (BWk), there is a higher propensity for nonheavy tails, and the two
evident factors for heavy tails recognized from previous results are generally lacking. Runoff
generation in Dfc and ET is primarily driven by snow dynamics, with snowmelt being the
main contributor to runoff. Snowmelt is highly dependent on energy capacity, resulting in
hydrological responses that are more likely to exhibit linearity. This favors the occurrence of
nonheavy-tailed flood behavior (Thorarinsdottir et al., 2018). Catchments located in the region
of BWk exhibit nonheavy-tailed behavior might also be attributed to limited precipitation in
desert.
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In this study, I do not find substantial influences of the general hierarchical feature
(especially the temperate and continental climate classifications) on the propensity of flood
tail behavior.

To sum up this section, I have identified the conjunction of dry periods and higher
temperatures as crucial meteorological factors significantly contributing to the dynamics of
catchment storage, thereby influencing the nonlinearity of hydrological responses. These
findings shed light on the interplay between catchments and meteorological conditions in the
manifestation of heavy-tailed flood behavior. We acknowledge that these results are based
on overarching conditions and do not encompass all climate types, and achieving an equal
number of study sites across various climate regions might not always be feasible. Expanding
the number of study sites could further enhance our understanding, especially for extreme
cases.

4.5.3 Seasonal patterns of inferred flood tail behavior

I analyze the seasonality of flood tail behavior, an aspect of this phenomenon which has been
previously suggested but remains poorly understood (Durrans et al., 2003; Basso et al., 2015;
Macdonald et al., 2022). Figure 4.5 illustrates the spatial distribution of catchments with
consistent tail behavior across seasons (i.e., with either heavy or nonheavy tails across all
seasons; black triangles) and those with varying tail behavior across seasons (green dots).
Catchments exhibiting inconsistent behavior spread across the whole US and Germany, whereas
they are mostly concentrated in the southern parts of the UK and in the central mountainous
regions of Norway. The percentages of catchments exhibiting inconsistent flood tail behaviors
are respectively 33 %, 33 %, 17 %, and 34 % in the US, Germany, the UK, and Norway.
The results indicate that although the majority of catchments tend to exhibit stable heavy-
/nonheavy-tailed behavior, still around one-third reveal changing patterns across seasons.
Notably, there is a particularly high percentage of consistent patterns (83 %) in the UK, likely
due to the relatively uniform climate and terrain conditions across the country characterized
by continuous rainfall throughout a year (as shown in Figure 4.3b).

I further investigate the dynamics of heavy- and nonheavy-tailed case studies across seasons
in Figure 4.6. Heavy-tailed case studies increase from spring to autumn (approximately
corresponding to the growing season in the northern hemisphere) and decrease from autumn
to spring (approximately corresponding to the dormant season in the northern hemisphere), as
seen in the aggregated patterns across all regions (panel a). This pattern can be attributed to
the increasing temperature in the growing season, during which increasing evapotranspiration
consumes water storage in the shallow subsurface, escalating the nonlinearity of catchment
responses (Tashie et al., 2019). The seasonality of evapotranspiration effects on catchment
nonlinearity is supported by the findings of Tarasova et al. (2018), who observed clear seasonal
dynamics of catchment average runoff coefficients. These coefficients tend to be higher in
wet winters and lower in dry summers. It has been shown that significant variation in runoff
coefficients is linked to high nonlinearity of hydrological responses, facilitating heavier-tailed
floods. This phenomenon is often observed in dry catchments (Merz and Blöschl, 2009).
Other studies confirmed that the nonlinearity of catchment responses favors the emergence of
heavy-tailed flood behavior (Gioia et al., 2008; Rogger, Pirkl et al., 2012; Basso et al. 2015),
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Figure 4.5: Consistency of inferred flood tail behavior across seasons (a) 290 catchments
in the US. (b) 98 catchments in Germany. (c) 81 catchments in the UK. (d) 79 catchments in
Norway. (e) Percentage of consistent and inconsistent catchments in each country.

and is often expressed by quicker recession during high flow periods and greater stability
during low flow periods. Conversely, during the dormant season, nonlinearity decreases due
to reduced competition from evapotranspiration and replenished water storage. I underscore
that the significant variability in evapotranspiration amplifies the fluctuation of catchment
storage conditions, causing soil moisture levels to oscillate between drier and wetter states.
This alternation leads to the occurrence of both very small and very large events, which are
characteristic of heavy-tailed flood behavior.

This dynamic is particularly pronounced in the US (panel b), where is characterized by
a wide range of geography and diverse temperate and continental climates. The number of
inferred heavy-tailed cases can increase by 50 % from spring to autumn. In Germany and the
UK (panels c and d), heavy-tailed behavior is relatively prevalent and shows no significant
distinction from spring to autumn, but still experiences a noticeable decrease in winter,
likely due to lower temperatures and evapotranspiration. Norway (panel e) presents different
patterns due to varying controls on runoff generation. A slight increase in heavy-tailed cases
during the winter is observed, which could be attributed to a relatively higher contribution of
rainfall-driven flood events during a season when snowmelt-driven events are less common.

I delve into the seasonal characteristics of this behavior further by combining the regional
patterns based on climate classification. In Figure 4.7, the square dots represent the median
of each box, marked as red, blue, or black to indicate the significance of its value above 2
(heavy), below 2 (nonheavy), or not significantly different from 2, respectively. The last one
(black squares) may imply an equal occurrence of heavy- and nonheavy-tailed cases or a lack of
samples to draw conclusions. Based on the patterns of significance across seasons, regions with
seasonality (defined as having different tail behavior propensity across seasons according to
the significant values of median) are grouped in the white area, while those considered stable
in heavy tails are in the red area, and those stable in nonheavy tails are in the blue area. For
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Figure 4.6: Seasonal variations in the percentage of inferred flood tail behavior
between heavy and nonheavy case studies (a) The aggregated results encompass all study
regions, while the second line provides a breakdown by country. In total, there are 1,997 case
studies composed by 540 in spring, 520 in summer, 543 in autumn, and 394 in winter. (b)-(e)
Results for each study country (see supporting information Table 4.2 for detailed case numbers
across seasons in each country).

regions where statistical significance cannot be concluded for all seasons, we group them based
on the absolute values of their medians.

I find that the grouping based on their distinct patterns of seasonality (Figure 4.7) closely
aligns with the grouping based on the analysis of dominant patterns throughout the year
(Figure 4.4 and Table 4.1). Regions (red area in Figure 4.7 corresponded to the heavy-
tailed group in Table 4.1) characterized by uneven rainfall distribution throughout the year,
leading to pronounced fluctuations between drier and wetter soil states, combined with higher
evapotranspiration rates (indicated by warm to hot temperatures), tend to exhibit a dominance
of heavy-tailed behavior in their hydrological responses across all seasons. In areas (white
area in Figure 4.7 corresponded to the neutral group in Table 4.1) where rainfall is more
evenly distributed annually, the emergence of heavy-tailed behavior is often linked to increased
evapotranspiration during the growing seasons, particularly in spring and summer, and is less
prominent during dormant seasons. This mechanism, which depends on evapotranspiration
dynamics, substantiates the seasonality of flood tail behavior. Regions (blue area in Figure 4.7
corresponded to the nonheavy-tailed group in Table 4.1) where runoff generation is primarily
influenced by snow dynamics tend to display linear hydrological responses. This is due to the
fact that most runoff in these areas results from snowmelt during the growing seasons, driven
by energy availability. These findings support the proposed mechanism of heavy-tailed flood
behavior concluded in the spatial analyses and further demonstrate the pivotal effect played
by the variation of evapotranspiration and catchment storage on the emergence of heavy-tailed
flood behavior.

In summary, while heavy-/nonheavy-tailed behavior is generally consistent across seasons,
there is a certain probability for cases to exhibit seasonality. This seasonality of inferred
heavy-tailed behavior shows a dynamic pattern of increasing during the growing season and
decreasing during the dormant season. Regions with pronounced temperature variations
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Figure 4.7: Seasonal variations in recession exponents (inferring flood tail behavior)
across diverse climate regions Case studies grouped by climate regions based on seasons.
Medians of recession exponents in each group are compared with a value of two using Wilcoxon
signed-rank test (significance level: 0.05). Red squares indicate significantly heavy-tailed (recession
exponents > 2) groups, blue squares indicate significantly nonheavy-tailed (recession exponents <
2) groups, and black squares denote insignificance. Climate regions are categorized as follows: the
red area denotes regions with prominent heavy tails across seasons, the blue area denotes regions
with prominent nonheavy tails across seasons, and the white area denotes regions with significant
seasonality in flood tail behavior.

across seasons, particularly with hot summers, display such dynamics and highlight the role of
evapotranspiration in catchments in driving this seasonality.

4.5.4 Factors associated with catchment scales and their role in flood tail
behavior

It remains unclear how flood tail behavior varies across catchment scales and what the
underlying drivers and mechanisms are (Merz et al., 2022). I employ catchment nonlinearity,
represented by recession exponents, to explore the influence of catchment scales on flood tail
behavior, as depicted in Figure 4.8. I utilize the categorization of regions characterized by
distinct controls on flood tail behavior, primarily influenced by characteristic runoff generation
processes (as three groups identified in Figure 4.7), to elucidate the underlying mechanisms.
Case studies are categorized into bins based on catchment areas, with the median values
represented by squares, interquartile intervals depicted by vertical bars, and catchment area
ranges indicated by horizontal dashed bars. Panels a, b, c, and d present results for all regions,
regions exhibiting significant heavy tails across seasons, regions with a neutral propensity
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and seasonal variations, and regions displaying pronounced nonheavy tails across seasons,
respectively. Each panel comprises a total of 30 bins, with approximately 67, 33, 24, and 10
case studies in panels a, b, c, and d, respectively (with minor variations due to rounding).

Figure 4.8: Catchment nonlinearity as a function of catchment area The recession
exponents, representing catchment nonlinearity, have been evenly grouped into bins based on
catchment areas. The squares denote the median values, vertical bars represent the interquartile
intervals of the recession exponents, and horizontal dashed bars indicate the catchment area ranges
for each bin. (a) All regions (encompassing case studies, n = 1997). (b)-(d) show case studies
separately according to categorization recognized in Figure 4.7. (b) Regions with prominent heavy
tails (n = 978). (c) Regions with seasonality and neutral propensity of flood tail behavior (n =
733). (d) Regions with prominent nonheavy tails (n = 286). In each panel, there are a total of
30 bins, each containing approximately 67, 33, 24, and 10 case studies in panels a, b, c, and d,
respectively (with slight variations due to rounding).

From the perspective of all case studies (Figure 4.8a), the pattern appears somewhat
unclear. Apart from the case studies involving extremely small and large catchment areas,
there seems to be a decrease in nonlinearity as catchment areas increase. Nevertheless, the
relationship is rather weak and lacks clarity. These findings align with previous discussions
on this matter (e.g., Merz and Blöschl, 2009; Villarini and Smith, 2010; Smith et al., 2018),
which have suggested a relatively weak inverse correlation between catchment area and the
occurrence of heavy-tailed flood behavior.

However, this study can evidently clarify this relationship by considering the distinct runoff
generation processes recognized in different regions. Panel b illustrates that catchment area
plays no significant role in catchment nonlinearity in regions characterized by prominent heavy

77



4. Geographic Patterns of Heavy-Tailed Floods and Hydroclimatic Interpretation

tails. Whereas a clear inverse relationship between nonlinearity and catchment area is shown
in panel c, representing regions characterized by a neutral propensity for heavy and nonheavy
tails. In contrast, a proportional relationship between nonlinearity and catchment area is
identified in panel d, representing regions characterized by prominent nonheavy tails.

As shown by the previous sections, nonlinearity in neutral regions is primarily driven
by high evapotranspiration facilitated by high temperatures. When the catchment area
increases, it has a higher chance of encompassing diverse terrain types, including areas with
higher altitudes, such as mountainous regions. Increased altitude tends to result in lower
temperatures and evapotranspiration rates, negating the evapotranspiration variation and
its impact on catchment nonlinearity, which is the main driver of nonlinearity in this region
and thus substantiates an inverse relationship (Figure 4.8c). In regions with prominent
heavy tails (Figure 4.8b), nonlinearity is generated from the interplay of uneven rainfall and
evapotranspiration dynamics, and the enlargement of catchments does not substantively change
this relationship. For regions with prominent nonheavy tails (Figure 4.8d), the underlying
mechanisms are similar to the neutral regions but work in the opposite direction due to the
differently dominant mechanism. Recall that the runoff process in this region is generally
dominated by snow dynamics. The region is mainly located in high mountain or high latitude
areas. As catchments expand, more diverse terrain is encompassed, potentially introducing
a mixture of flood generation processes due to the incorporation of lowland or coastal areas.
Particularly, more rain-on-snow events or rainfall-driven events may be encompassed in a
same catchment together with snowmelt-driven events (Vormoor et al., 2016). Therefore, an
increase in nonlinearity is facilitated due to the mixture of flood types, favoring the emergence
of heavier tails in flood distributions (Tarasova et al., 2020a). It should be noted that the
tail patterns, based on Figure 4.8d, are still more likely to be nonheavy tails (i.e., recession
exponents below two), even though nonlinearity indeed appears to show an increasing tendency
along with catchment area.

These findings disentangle the relationship between flood tail behavior (inferred from
catchment nonlinearity) and catchment scale, and provide a mechanistic understanding that
underscores the role of variability in runoff generation processes introduced by the expansion
of catchment area.

4.5.5 Discussion

I have confirmed the effectiveness of the recession exponent in identifying heavy-tailed flood
behavior in case studies across countries with varying degrees of the propensity of such
behavior: heavy-tailed richness (Germany and the UK), neutrality (the US), and nonheavy-
tailed richness (Norway). This validation is substantiated by confirmed power law tailed cases,
widely acknowledged as representatives of heavy-tailed distributions (El Adlouni et al., 2008;
Clauset et al., 2009), and supported by the significance of catchment nonlinearity as a robust
driver of heavy-tailed flood behavior (Fiorentino et al., 2007; Struthers and Sivapalan, 2007;
Gioia et al., 2008; Rogger, Pirkl et al., 2012; Basso et al., 2015; Merz et al., 2022; Basso et al.,
2023; Wang et al., 2023b).

The findings first indicate that regions with relatively uniform hydroclimatic conditions
(Germany, the UK, and Norway) tend to exhibit a single/dominant propensity of flood tail
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behavior. Conversely, in regions characterized by diverse conditions (the US), inferred flood tail
behavior presents a balance between heavy- and nonheavy-tailed cases in terms of frequency
and distribution. Climate conditions have been found shaping the catchment geomorphology
(Wu et al., 2023) and river network dynamics (Ward et al., 2020) which contribute to the
degree of catchment response nonlinearity (Biswal and Marani, 2010). Meanwhile, the changes
in flood generation processes can significantly affect the frequency of large floods (Tarasova et
al., 2023), potentially altering flood tail behavior. Our findings in Figure 3e exemplify how
different flood generation processes, influenced by the interplay of varied hydrometeorological
and terrain conditions, result in opposite flood tail propensities.

I further identify key drivers of heavy-tailed flood behavior by conducting large scale
physioclimatic analyses. Specifically, our findings reveal that regions with a pronounced
propensity for heavy tails exhibit distinct characteristics: the presence of a dry period and
higher temperatures (as shown in Figure 4.4 and Table 4.1). This aligns with previous studies
based on the mathematical analysis which associates heavier-tailed flood behavior with a lower
frequency of streamflow-triggering rainfall events. Such lower frequency often results from
erratic rainfall patterns and higher rates of evapotranspiration, leading to drier catchment
conditions (Botter, 2010; Basso et al., 2016). In line with this theory, our large scale analysis
provides evidence by showing a prevalent propensity for heavy tails in regions characterized by
uneven rainfall patterns throughout the year (i.e., more erratic rainfall), contributing to the
presence of dry periods, along with higher potential evapotranspiration rates, as indicated by
higher temperatures.

The underlying mechanism of the emergence of heavy-tailed flood behavior is attributed to
variations in catchment water storage. In wetter catchments, relatively stable runoff coefficients
are observed due to consistent high levels of soil moisture across events. In contrast, drier
catchments exhibit larger variations in runoff coefficients between small and large events (Merz
and Blöschl, 2009; Viglione et al., 2009). This increased variability in runoff coefficients results
in high nonlinearity of catchment responses, favoring heavy-tailed flood behavior. Previous
studies have suggested the prevalence of heavy tails in drier catchments (Molnar et al., 2006;
Merz and Blöschl, 2009; Guo et al., 2014). Our findings show that this mechanism is primarily
driven by concurrent higher evapotranspiration and lower rainfall in summer, as well as lower
evapotranspiration and higher rainfall in winter. These conditions lead to variations in storage,
enabling the occurrence of both very small and very large flood events, thereby resulting in
heavy-tailed flood behavior. In line with this, Tarasova et al. (2018) observed clear seasonal
dynamics of catchment average runoff coefficients in Germany, with higher values in wet
winters and lower values in dry summers.

The seasonality of flood tail behavior has been suggested in previous studies but remains
less understood (Basso et al., 2015; Smith et al., 2018; Macdonald et al., 2022). It’s noteworthy
that more than one-third of catchments appear to exhibit inconsistent flood tail behavior
across seasons (Figure 4.5). In these catchments, some seasons show a tendency toward
nonheavy tails, while others tend to display heavy tails. Identifying these catchments and
understanding the factors driving them to exhibit heavy tails is vital for hazard assessment.
This understanding allows us to pinpoint catchments where extreme floods could potentially
occur, even if methods solely based on annual maximum floods might estimate the flood tail
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as nonheavy based on annual maxima, when heavy tails can still occur within a single season.
We have identified that regions characterized by stronger evapotranspiration dynamics across
seasons favor this seasonality of flood tail behavior, as it leads to larger variations in water
storage during higher evapotranspiration seasons, such as the growing seasons (highlighted
in white in Figure 4.7). This finding aligns with previous studies that have observed similar
seasonal dynamics in the nonlinearity of hydrological responses (Tashie et al., 2019; Tarasova
et al., 2018).

In this study, I also found that the relationship between flood tail behavior and the
expansion of catchment scales can be explained by changes in catchment nonlinearity, which
are influenced by distinct flood generation processes. Previous studies have presented diverse
perspectives on the relationship between flood tail behavior and catchment scales. While
some studies have suggested that smaller catchments tend to exhibit heavier tails (e.g., Meigh
et al., 1997; Pallard et al., 2009), others have noted a similar trend but with only a weak
correlation (Merz and Blöschl, 2009; Villarini and Smith, 2010). Meanwhile, some studies
have found no significant relationship between these two variables (Morrison and Smith, 2002;
Smith et al., 2018). These studies have explored this topic without reaching a consensus,
and many conclusions lack sufficient evidence and a clear understanding. In contrast, our
findings (Figure 4.8) distinctly differentiate between various patterns by considering region
classifications based on distinct dominant flood generation processes, thereby providing a
mechanistic understanding. As a catchment expands, it encompasses more diverse terrain,
which in turn facilitates a wider range of altitudes and flood types. In regions where tail
behavior is primarily influenced by evapotranspiration dynamics (Figure 4.8c), the presence of
diverse altitudes tends to moderate the effect of higher temperatures, reducing the influence
of high evapotranspiration on the emergence of heavy tails. In regions where tail behavior is
primarily controlled by snowmelt (Figure 4.8d) (mainly composed of catchments in Norway
in this study), it has been shown that larger catchments are more likely to encompass a mix
of flood types, including snowmelt-driven and rainfall-driven floods (Vormoor et al., 2016).
Merz et al. (2022) suggested that heavier-tailed behavior in rainfall-driven floods tends to
dominate in such mixed conditions. My findings support this hypothesis by demonstrating
an increase in tail heaviness as catchment area enlarges. In regions where heavy tails are
pronounced due to the strong nonlinearity resulting from the interplay of uneven rainfall and
high evapotranspiration, there is no significant relationship between catchment nonlinearity
and catchment area (Figure 4.8b). This lack of relationship may be because the expansion of
the catchment area does not appear to significantly enhance or reduce this interplay.

To summarize the findings and underscore the contributions of this study, we benchmark
them against the existing hypotheses proposed in the state-of-the-art review of heavy-tailed
flood distributions (Merz et al., 2022). These hypotheses (highlighted in italics) provide a
framework for understanding the factors influencing flood tail behavior, and our study sheds
light on which of these hypotheses receive stronger support or require further refinement. We
acknowledge that this summary does not cover all the hypotheses proposed in the review due
to the scope of this study. Instead, it primarily focuses on the compartments of the atmosphere
and catchment:
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“Hypothesis 2 (of the review paper): The Characteristic Flood Generation Process Shapes
the Upper Flood Tail Catchments.” While previous studies have hinted at the possibility that
regions where flood generation is dominated by rainfall-driven floods tend to exhibit heavier-
tailed flood behavior compared to regions dominated by snowmelt (Bernardara et al., 2008;
Thorarinsdottir et al., 2018), more explicit process explanations are desired. In line with this
hypothesis, I present further evidence showing that the specific nonlinearity inherent in each
flood generation process is the primary driver of flood tail behavior. Specifically, I show that in
snowmelt-dominated regions, such as the case studies in Norway, hydrological responses closely
resemble linear behavior and thus floods tend to exhibit pronounced nonheavy-tailed behavior.
Conversely, heavy-tailed floods are more prominent in regions like the UK, where hydrological
responses display nonlinearity (as indicated by recession exponents above two). In these areas,
flood generation processes are primarily driven by rainfall events. Furthermore, our study
reveals that flood generation processes are significantly influenced by the interplay between
regional terrain and meteorological features. These factors, in turn, impact the nonlinearity of
hydrological responses and can determine the occurrence of heavy or nonheavy tails in flood
distributions (Figure 4.3e).

“Hypothesis 3: Mixture of Flood Event Types Generates Heavy Tails.” One argument
presented in this hypothesis is that heavy tails may arise from the presence of a flood type
displaying heavy-tailed behavior within a mixture of processes (Morrison and Smith, 2002;
Villarini and Smith, 2010). However, studies exploring the relationship between the mixture of
flood types and flood tails have been lacking. My research addresses this gap by demonstrating
that in regions primarily characterized by nonheavy-tailed floods, driven mainly by snowmelt,
the tail heaviness increases as catchment areas expand. This increase is likely attributed to
the incorporation of additional flood types, especially those associated with rainfall processes
occurring in lowland and coastal areas, as catchment areas expand. Thus, our findings provide
evidence that supports this hypothesis.

“Hypothesis 4: Non-Linear Response to Precipitation Causes Heavy Flood Tails.” Studies
have consistently highlighted the significance of nonlinearity in hydrological processes within
catchments as a key determinant in the emergence of heavy-tailed flood behavior (e.g., Struthers
and Sivapalan, 2007; Rogger, Pirkl et al., 2012; Basso et al., 2015). In this research, I contribute
by introducing a quantitative approach that employs hydrograph recession exponents as a
measure of nonlinearity in flood tail analyses and validate its effectiveness in identifying heavy-
tailed flood behavior in a large scale analysis. While nonlinearity has long been acknowledged as
a contributing factor, my works uniquely utilizes this driver as a reliable index by establishing
a specific recession exponent threshold that robustly discriminates heavy-tailed distributions,
characterized by power-law tails, from nonheavy ones, offering a valuable tool to the field.
Furthermore, our large scale analysis identifies rainfall unevenness and high temperatures as
crucial drivers behind the observed nonlinearity in flood responses. Specifically, they intensify
catchment soil dryness and amplify water balance storage variations, thereby facilitating both
very small and very large runoff events, translating into heavy-tailed flood behavior.

“Hypothesis 5: Drier Catchments Have Heavier Flood Tails Due To Interaction of Water
Balance Processes.” In alignment with previous studies that suggest the water balance processes
in drier catchments contribute to the emergence of heavy-tailed flood behavior (e.g., Molnar et
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al., 2006; Merz and Blöschl, 2009; Guo et al., 2014), we emphasize the critical interplay between
uneven rainfall and evapotranspiration dynamics in facilitating these processes and shaping
such the behavior. Specifically, our findings show that heavy-tailed flood behavior is more
likely to occur in catchments characterized by lower rainfall and higher evapotranspiration
in one season (e.g., summer), contrasted with more rainfall and lower evapotranspiration in
another season (e.g., winter). When one of these conditions is lacking, heavy-tailed behavior
may be less pronounced. For example, regions classified as BSh and BSk, both of which exhibit
semi-arid characteristics based on their rainfall patterns, exhibit differences in the prevalence
of heavy-tailed cases. BSk regions, despite their semi-arid status, exhibit fewer pronounced
heavy-tailed cases due to colder temperatures (Table 4.1) and only show a higher rate of
heavy-tailed cases during the summer (Figure 4.7). This interplay highlights the importance of
considering the seasonality of flood tail behavior, particularly in regions that do not experience
significant dry periods based on their rainfall patterns. In such regions, heavy tails are still
likely to occur in seasons with higher evapotranspiration rates (indicated by the white area in
Figure 4.7).

“Hypothesis 6: Smaller Catchments Have Heavier Flood Tails Due To Less Pronounced
Spatial Aggregation Effects.” A commonly debated question among hydrologists is whether the
roles identified in large catchments are applicable to smaller ones, and vice versa. This issue
has also arisen in discussions regarding flood tail heaviness, but evidence on the matter has
been scattered. While smaller catchments have been suggested to exhibit heavier tails (Meigh
et al., 1997; Pallard et al., 2009), previous research has revealed weak (Merz and Blöschl, 2009;
Villarini and Smith, 2010) to no (Morrison and Smith, 2002; Smith et al., 2018) correlations
between catchment size and tail heaviness. My findings (Figure 4.8) help clarify the relationship
between catchment nonlinearity (used as an indicator of tail heaviness) and catchment sizes. We
observe distinct patterns among regions characterized by strong, neutral, and weak conditions
of heavy tail behavior. These findings underscore the importance of considering the dominant
flood generation processes in each region and elucidate how catchment size interacts with flood
tail behavior by influencing these dominant processes—either amplifying, reducing, or having
no significant effect.

4.6 Chapter conclusions

I analyze common streamflow dynamics to infer heavy-tailed flood behavior by employing a
recently developed index of tail heaviness, namely the hydrograph recession exponent. The
wide-ranging dataset allows for unveiling spatial and seasonal patterns of flood tail behavior,
and to construct a geography of heavy-tailed flood distributions. We analyze and discuss the
underlying influences of hydroclimatic settings on this geographical patterns, as represented by
Köppen climate characteristics. The main findings of this study can be summarized as follows:

1. Capability of Recession Exponents for Detecting Heavy-Tailed Flood Behavior:
The capability of this index to discern between case studies which display heavy-tailed
flood distributions and those exhibit nonheavy-tailed behavior is validated by using
empirical data from catchments across Germany, Norway, the UK, and the US. This
extensive analysis provides a well-rounded evaluation due to the inclusion of regions with
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divergent conditions, such as rainfall-driven floods (Germany, the UK, and the US) versus
snowmelt-driven floods (Norway), as well as regions characterized by single/dominant
hydroclimates (Germany, the UK, and Norway) versus those with mixed hydroclimates
(the US).

2. Regional Propensity for Heavy-Tailed Flood Behavior: Germany and the UK are
characterized by a propensity for heavy-tailed flood behavior, which is prevalent in these
regions. Conversely, a tendency for nonheavy-tailed flood behavior is predominant in
Norway under current hydroclimatic conditions, as indicated by the degree of catchment
nonlinearity in each region. The US exhibits a mixture of heavy- and nonheavy-tailed
behavior. This is likely the results of overarching climatic characteristics, which also
shape river network morphology, interacting with diverse regional physioclimatic settings.
I emphasize that the relatively more uniform climates in Germany, the UK, and
Norway contribute to a dominant presence of heavy or nonheavy-tailed behaviorsin
these countries, while the US experiences more complex regional patterns due to more
diverse hydroclimatic conditions.

3. Factors Influencing Heavy-Tailed Flood Behavior: The presence of simultaneous
dry periods (defined by uneven rainfall throughout the year) and higher temperatures
emerge as the pivotal conditions favoring heavy-tailed flood behavior. Drier catchments
alter the runoff generation process, resulting in higher nonlinearity of catchment responses,
while higher temperatures elevate evapotranspiration rates, enhancing nonlinearity but
also maintaining atmospheric moisture preventing precipitation limitations. The absence
of either condition diminishes the prevalence of heavy-tailed flood behavior. More
generalized climate categorizations like Arid, Temperate, and Continental exhibit minimal
influence on our results.

4. Seasonality of Flood Tail Behavior: We contribute to a better understanding of the
seasonality of flood tail behavior. Around two-thirds of catchments exhibit consistent
behavior across seasons, with the remaining one-third demonstrating seasonality. Heavy-
tailed flood behavior is more likely during the growing season (spring to autumn) and
diminishes during the dormant season (autumn to winter). These findings hint at the role
of temperature-driven evapotranspiration dynamics for the emergence of heavy-tailed
flood behavior, which are particularly important in regions which do not experience
simultaneous dry conditions and high temperatures.

5. Influences of Catchment Area on Flood Tail Behavior: This study elucidates
that the impacts of catchment size on flood tail behavior are primarily contingent on the
dominant flood generation processes within each region. Specifically, the expansion of
catchment area tends to have three distinct effects: (1) It diminishes tail heaviness
in regions with moderate nonlinearity, characterized by strong evapotranspiration
dynamics and relatively even rainfall throughout the year. This reduction is attributed
to the smoothing of evapotranspiration variations. (2) Conversely, in regions with low
nonlinearity, characterized by snowfall dynamics, increasing catchment area intensifies
tail heaviness. This effect results from the inclusion of diverse flood types, particularly
rainfall-driven floods. (3) In regions with high nonlinearity, characterized by simultaneous
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strong evapotranspiration dynamics and uneven rainfall throughout the year, catchment
size expansion appears to have no significant impact on tail heaviness. This lack of effect
is likely due to the absence of significant influence on rainfall patterns, which are critical
in determining the presence of drier soil conditions.

I propose that a key mechanism driving the emergence of heavy-tailed flood behavior
is the temporal variability in catchment storage, primarily induced by simultaneous high
evapotranspiration rates and drier soil conditions. This variation in storage can lead to the
occurrence of both very small and very large flood events, ultimately resulting in heavy-
tailed flood behavior. In contrast, when the catchment remains consistently wet or dry, the
magnitude of generated floods tends to fall within a similar range, leading to nonheavy tails in
the distribution. It’s important to emphasize that this mechanism is influenced by seasonality
and catchment sizes, both of which play a role in shaping the variability in catchment storage.

4.7 Supporting information

Table 4.2: Daily Hydrological Data Information x̃ denotes the median value.

Region Germany UK Norway US
Gauge Number 98 82 82 313
Catchment Size 110 – 23,843 15 – 9,948 4 – 40,504 66 – 9,935

[km2] (x̃: 1,195) (x̃: 283) (x̃: 234) (x̃: 1,769)
Streamflow 35 – 63 50 – 138 50 – 148 24 – 55Record Length

[year] (x̃: 58) (x̃: 59) (x̃: 96) (x̃: 55)
Streamflow 1951 – 2013 1883 – 2021 1871 – 2019 1948 – 2002Record Duration
Number of 386 325 306 980Case Study

(spring/summer (97/96 (82/81 (76/76 (285/267
autumn/winter) 98/95) 81/81) 76/78) 288/140)
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4.8 Data availability

I express my gratitude to the following organizations for providing the dis-
charge data: the Bavarian State Office of Environment (LfU) in Germany
(https://www.gkd.bayern.de/de/fluesse/abfluss), the Global Runoff Data Centre
(GRDC) prepared by the Federal Institute for Hydrology (BfG) in the UK
and Norway (http://www.bafg.de/GRDC), and the National Oceanic and Atmo-
spheric Administration (NOAA) Office of Global Programs (MOPEX) in the US
(http://hydrology.nws.noaa.gov/pub/gcip). We obtained the digital elevation model from
the Shuttle Radar Topography Mission (SRTM) (http://www.cgiar-csi.org/data/srtm-
90m-digital-elevation-database-v4-1). Köppen climate classification were sourced from
the high-resolution present-day Köppen climate map presented by Beck et al. (2018)
(https://doi.org/10.1038/sdata.2018.214). The dataset of dams used in this study is available
from the GeoDAR v.1.0 (https://doi.org/10.5281/zenodo.6163413). For characteristics of
separated rainfall-runoff events for each streamflow gauge used in the analysis, please refer to
Data Set S1 of Tarasova et al., 2018 (https://doi.org/10.1029/2018WR022588).

85





5
Conclusions and Future Avenues

In this section, the overview of the understanding of the emergence of heavy-tailed flood
behavior based on the key findings of previous chapters is summarized. Additionally, potential
future outlooks, practical applications, and directions for further research stemming from this
work are outlined.

5.1 Conclusions

In this dissertation, the fundamental factor contributing to the tail heaviness of flood
distributions, which leads to the occurrence of extreme floods, is demonstrated to be the
nonlinearity of catchment hydrological responses (chapters 3 and 4). This factor can be
influenced by several environmental mechanisms, which can be summarized into three main
categories: hydrological processes, climate conditions, and catchment geographical features.
The first two categories, hydrological processes and climate conditions, often directly affect
catchment nonlinearity, while catchment geographical features are more likely to either enhance
or diminish the effects of the first two. Figure 5.1 provides a graphical summary of these
factors, with factors related to hydrological processes in green, climate conditions in blue, and
catchment geographical features in yellow. These factors (identified in this dissertation) are
also placed into primary, secondary, and tertiary groups based on their effects on catchment
nonlinearity in Figure 5.1. The interactions between each pair of factors are illustrated
by arrows, with red arrows representing a positive effect (enhancement) and blue arrows
representing a negative effect (reduction). The light-green-shaded arrow signifies the transition
from snow-dominant floods to mixed floods. The main interactions between these factors and
the underlying mechanisms are outlined below:

1. Spatially heterogeneous rainfall tends to generate heavy-tailed behavior in flood
distributions but only beyond a certain threshold (section 2.4.1). Catchments can
exhibit resilience, possibly due to the asymmetry in the distributions of runoff-routing
pathways, influenced by the river network structure. More contributions from longer
and more distant pathways within river networks (due to the asymmetry distributions)
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can mitigate the impacts of rainfall heterogeneity, raising the threshold at which spatial
rainfall heterogeneity significantly influences flood tail heaviness.

2. Catchment size and shape are related to catchment resilience via the characteristic
distributions of runoff-routing pathways. Larger catchment areas or more circular shapes
tend to provide more resilience and better withstand the effects of heterogeneous rainfall
on promoting heavier flood tails (sections 2.4.2 and 2.5).

3. On the contrary, we observed that rainfall with strong spatial autocorrelation tends
to amplify the impact of rainfall heterogeneity on generating heavier flood tails. This
may be because spatially autocorrelated rainfall reduces the likelihood of simultaneous
contributions from upstream and downstream river networks, preventing their offsetting
effects (which can buffer the spatial heterogeneity of rainfall) of the runoff routing
through river networks (sections 2.4.4 and 2.5).

4. Catchments characterized by significant aridity exhibit pronounced nonlinearity in
hydrological responses, favoring the emergence of heavy-tailed flood behavior. Such arid
conditions are often associated with uneven rainfall patterns throughout the year and
elevated evapotranspiration due to high temperatures (sections 4.4.2 and 4.5).

5. Furthermore, regions with higher evapotranspiration during growing seasons tend to
display more pronounced catchment nonlinearity, favoring heavy-tailed flood behavior
during these periods of the year. This could be attributed to greater wet-dry variations
in water storage within catchments, allowing for the occurrence of both very small and
very large events, thus promoting catchment nonlinearity. This highlights the significance
of considering flood tail heaviness seasonality (sections 4.4.3 and 4.5).

6. Regions primarily characterized by snowmelt-triggered flood generation processes, as
opposed to rainfall-triggered events, typically exhibit lower nonlinearity in catchment
responses, corresponding to nonheavy-tailed flood behavior (sections 4.4.1 and 4.5).

7. While expanding catchment areas may not directly determine flood tail heaviness, they
can alter the characteristic flood generation process, indirectly impacting flood tail
heaviness. In this study, regions where flood tail heaviness is mainly influenced by
evapotranspiration dynamics tend to show less nonlinearity when catchments expand.
This occurs because such expansion often encompasses more diverse terrain with various
altitudes, reducing the variation in average evapotranspiration. Conversely, in regions
characterized by prevalent snowmelt-triggered flood generation processes, expanding
catchments often results in a mix of flood types, particularly rainfall-driven floods
in lowland and coastal regions. This amalgamation of flood types tends to increase
catchment nonlinearity (sections 4.4.4 and 4.5).

The nonlinearity of catchment responses can be effectively measured using the hydrograph
recession exponent, making it a feasible indicator of heavy-tailed flood behavior. This newly
proposed index is grounded in classical hydrological processes, and its efficacy is not only
theoretically supported (section 3.2) but also empirically validated on an extensive dataset
(sections 3.4 and 4.4.1). The index leverages common streamflow dynamics to infer the

88



5.1 Conclusions

Figure 5.1: Summary of the emergence of flood tail heaviness Catchment nonlinearity is
found to be the fundamental factor in emerging flood tail heaviness. Other contributing factors
identified in this dissertation are categorized into primary, secondary, and tertiary groups based
on their effects on catchment nonlinearity. Green bubbles indicate factors related to hydrological
processes, blue bubbles denote those related to climate conditions, and yellow bubbles signify those
associated with geographical characteristics. Red arrows represent a positive effect (enhancement),
while blue arrows represent a negative effect (reduction). The light-green-shaded arrow signifies
the transition from snow-dominant floods to mixed floods.

emergence of heavy-tailed flood behavior, providing robust estimations across datasets with
varying record lengths. Notably, it excels in datasets with shorter record lengths, highlighting
its utility in flood hazard research across a wide range of applications (sections 3.4 and 3.5;
figure 3.3). The findings of this study contribute to comprehending the mechanisms behind
heavy-tailed flood behavior. Moreover, a physically-based robust approach is introduced for
assessing flood tail heaviness, thereby mitigating the sensitivity to limited data, which is a
common challenge in such analyses, and broadening the applicability across regions. These
outcomes pave the way for numerous prospective applications in the realm of hazard research
and engineering, which are exemplified in the subsequent subsection.
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5.2 Future avenues

Application in flood frequency guideline

One direct application of this work is the selection of appropriate candidate probability
distributions for flood frequency analysis. This selection is critical for accurately determining
the return periods required for effective flood risk management (Nerantzaki and Papalexiou,
2022). Misinterpreting the tail behavior of the underlying distribution in flood analysis can
result in significant underestimation of extreme events and lead to severe hazards (Merz et
al., 2021; Merz et al., 2022). It is advisable to employ methods that pre-estimate the tail
behavior and carefully select suitable candidate probability distributions for flood frequency
analysis (DWA, 2012; Mushtaq et al., 2022). The outcomes of this research, such as accurately
identifying and potentially predicting heavy-tailed flood behavior, allow this application.

Assessing the climate-change related impact

The intensification of extreme flood events resulting from climate change (Tabari, 2020)
underscores the need for an accurate assessment of evolving flood likelihood. These assessments
play a crucial role in informing flood risk management and decision-making processes (Arnell
and Gosling, 2016). However, traditional methods for estimating the tail heaviness of flood
distributions rely on long-term data records (Cai and Hames, 2010; Németh et al., 2019;
Wietzke et al., 2020), which may not be readily available or sensitive enough for climate change
studies (Lins, 2008). This limitation arises due to the significant global warming resulting from
human alteration of the planet’s energy budget since the 1970s (Sarkar and Maity, 2021). As a
result, the sensitivity of traditional methods in assessing changing flood behavior is restricted
by this relatively short historical timeframe.

This work presents an innovative approach that leverages readily available short-term data
recordings, such as common streamflow dynamics, for the assessment of flood tail heaviness
(Wang et al., 2023a). This method enables the sensing of the impacts of changing conditions
and allows us to effectively tackle this issue. Figure 5.2 illustrates an increasing tendency of
hydrograph recession exponents based on 75 years of recent data from case studies in Norway.
Notably, the visual representation shows a more pronounced increase since the late 1970s
to 1990s, particularly, for the cases in winter. These results provide a consistent indication
that as global warming gradually alters the dominant runoff generation from snow dynamics
to a mixture type (e.g., Tarasova et al., 2023) in Norway, the corresponding nonlinearity of
catchment response changes, potentially exacerbating the risk of extreme floods. Given that
the changes are recognized via such an approach, it could offer valuable insights into estimating
flood tail behavior in the context of climate change.

Flood hazard classification and quantitave flood hazard assessment

Quantitative flood hazard assessment involves analyzing spatial flood indicators, classifying
hazard levels based on these analyses, and creating flood risk maps (Maranzoni et al., 2023).
However, in the current state of research, a standardized flood hazard classification is highly
desirable due to the variability in flood scales and data availability worldwide (de Moel et al.,

90



5.2 Future avenues

2009; van Alphen et al., 2009; Maranzoni et al., 2023). The tail heaviness of flood distributions
can serve as an objective benchmark of the flood extremness using for hazard level classification.
Given that the tail heaviness can be reliably assessed by hydrograph recession analysis across
regions with diverse physiographical conditions and data record lengths, it serves as an useful
tool and allows for further applications in flood hazard assessment systems.

Understanding the impact of human activities

Assessing catchment nonlinearity helps uncover the relationship between extreme floods and
various factors, including those influenced by human activities. Scenarios like reservoir or
dam construction (e.g., Volpi et al., 2018), driven by water resource shortages or urban
development, demand an understanding of their impact on flood behavior. However, the
operation regulations of such structures can vary widely based on regional management and
their intended purposes, making it challenging to provide a general assessment of their effects on
hydrological responses. Analyzing common streamflow dynamics and catchment nonlinearity
allows for a comprehensive evaluation of these activities’ overall impact and their influence on
the likelihood of extreme flood occurrences.

Applications in research of environmental sustainability

Streamflow dynamics influence various environmental variables such as suspended sediment,
nutrients, driftwood, and macro plastic through river transport and export. These variables
can lead to sustainability issues. For instance, high suspended sediment concentrations can
adversely affect both human livelihoods, straining drinking water purification systems (Braga
and Filion, 2022), and freshwater aquatic ecosystems (Kjelland et al., 2015). Changing the
magnitude and frequency of floods can also lead to a change in soil erosion rate, which is
substantially influenced by flood dynamics (Le Gall et al., 2017). The dynamics of nutrient
storage and transport in catchments can be affected by varying frequency of flood and drought
(Johnston and Maher, 2022). Examining the relationship between hydrological response
nonlinearity and the dynamics of these variables reveals the potential impacts of heavy-tailed
flood behavior on environmental sustainability and allows for related research applications.
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Figure 5.2: Streamflow recession patterns in recent decades in Norway A sliding window
approach is utilized to estimate the hydrograph recession exponent for each specific year, considering
streamflow data from the preceding five years. The dot, box, and whisker represent the 50th,
35th65th, and 20th80th percentiles, respectively, of the studied catchments. The red dashed line
indicate the critical value of the assessment of the heavy-tailed behavior. The analysis is based on
49 catchments across Norway using daily streamflow data from 1940 to 2015.
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