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Abstract

Heavy-tailed flood distributions depict the higher occurrence probability of extreme floods. Understanding the spatial distri-

bution of heavy tail floods is essential for effective risk assessment. Conventional methods often encounter data limitations,

leading to uncertainty across regions. To address this challenge, we utilize hydrograph recession exponents derived from common

streamflow dynamics, which have proven to be a robust indicator of flood tail propensity across analyses with varying data

lengths. Analyzing extensive datasets from Germany, the United Kingdom (UK), Norway, and the United States (US), we un-

cover distinct patterns: prevalent heavy tails in Germany and the UK, diverse behavior in the US, and predominantly nonheavy

tails in Norway. The regional tail behavior has been observed in relation to the interplay between terrain and meteorological

characteristics, and we further conducted quantitative analyses to assess the influence of hydroclimatic conditions using Köppen

classifications. Notably, temporal variations in catchment storage are a crucial mechanism driving highly nonlinear catchment

responses that favor heavy-tailed floods, often intensified by concurrent dry periods and high temperatures. Furthermore, this

mechanism is influenced by various flood generation processes, which can be shaped by both hydroclimatic seasonality and

catchment scale. These insights deepen our understanding of the interplay between climate, physiographical settings, and flood

behavior, while highlighting the utility of hydrograph recession exponents in flood hazard assessment.
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Key Points  10 

1. Regional propensity of flood tail behavior is shown across a diverse geographical range 11 

based on the analysis of common streamflow dynamics. 12 

2. Temporal variability in catchment storage, driven by high evapotranspiration and dry soils, is 13 

a key mechanism for heavy-tailed floods. 14 

3. Examining flood generation processes aids in unraveling the connections between flood tail 15 

behavior and seasons or catchment sizes. 16 

Abstract 17 

Heavy-tailed flood distributions depict the higher occurrence probability of extreme floods. 18 

Understanding the spatial distribution of heavy tail floods is essential for effective risk assessment. 19 

Conventional methods often encounter data limitations, leading to uncertainty across regions. To 20 

address this challenge, we utilize hydrograph recession exponents derived from common 21 

streamflow dynamics, which have proven to be a robust indicator of flood tail propensity across 22 

analyses with varying data lengths. Analyzing extensive datasets from Germany, the United 23 

Kingdom (UK), Norway, and the United States (US), we uncover distinct patterns: prevalent heavy 24 

tails in Germany and the UK, diverse behavior in the US, and predominantly nonheavy tails in 25 

Norway. The regional tail behavior has been observed in relation to the interplay between terrain 26 

and meteorological characteristics, and we further conducted quantitative analyses to assess the 27 

influence of hydroclimatic conditions using Köppen classifications. Notably, temporal variations 28 

in catchment storage are a crucial mechanism driving highly nonlinear catchment responses that 29 

favor heavy-tailed floods, often intensified by concurrent dry periods and high temperatures. 30 

Furthermore, this mechanism is influenced by various flood generation processes, which can be 31 

shaped by both hydroclimatic seasonality and catchment scale. These insights deepen our 32 

understanding of the interplay between climate, physiographical settings, and flood behavior, 33 

while highlighting the utility of hydrograph recession exponents in flood hazard assessment. 34 

  35 
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1 Introduction  36 

Floods are devastating natural hazards that pose significant risks to infrastructure, property, and 37 

human life (McDermott, 2022; Bevere and Remondi, 2022). The unprecedented magnitude of 38 

extreme floods often characterizes these hazards, which is better depicted by the heavy-tailed 39 

behavior exhibited in flood frequency distributions (Smith et al., 2018; Merz et al., 2021; Merz et 40 

al., 2022). The concept of heavy-tailed behavior finds broad application in various fields to 41 

describe the likelihood of extreme event occurrences (Katz, 2002; Kondor et al., 2014; Malamud, 42 

2004; Sartori and Schiavo, 2015; Wang et al., 2022). In particular, it is widely recognized as a 43 

prevalent feature in hydrologic extremes (Papalexiou and Koutsoyiannis, 2013; Smith et al., 2018). 44 

To organize current knowledge on the drivers and underlying mechanisms of heavy-tailed flood 45 

distributions, Merz et al. (2022) conducted an extensive review of current studies and summarized 46 

their findings into nine hypotheses. Notably, they pointed out that while one might intuitively 47 

assume that heavy-tailed flood distributions are inherited from heavy-tailed rainfall distributions, 48 

the evidence does not always support this hypothesis. For instance, a study by McCuen and Smith 49 

(2008) revealed that cases with skewed rainfall distributions, implying longer and heavier tails, do 50 

not necessarily translate into skewed flood distributions. This finding is supported by similar 51 

results from Sharma et al. (2018), who discovered that although there has been a significant 52 

increase in rainfall extremes, a corresponding increase in flood extremes is not observed. Indeed, 53 

Gaume (2006) pointed out that the asymptotic behavior of flood distributions is primarily 54 

controlled by rainfall distributions only for situations with very large return periods.  55 

In the review of Merz et al. (2022), it becomes evident that multiple hydro-physiographic 56 

characteristics interact within a complex system, collectively shaping flood tail behavior. 57 

Specifically, the interplay between characteristic flood generation (Bernardara et al., 2008; 58 

Thorarinsdottir et al., 2018), the presence of mixed flood types (Morrison and Smith, 2002; 59 

Villarini and Smith, 2010), the tail heaviness of rainfall distributions (Gaume, 2006), catchment 60 

aridity (Molnar et al., 2006; Merz and Blöschl, 2009; Guo et al., 2014), and catchment area (Pallard 61 

et al., 2009; Villarini and Smith, 2010) are proposed as contributing factors to the nonlinearity of 62 

catchment responses. This nonlinearity is increasingly recognized as a plausible driver of heavy-63 

tailed flood behavior (Fiorentino et al., 2007; Struthers and Sivapalan, 2007; Gioia et al., 2008; 64 

Rogger et al., 2012; Basso et al., 2015; Merz et al., 2022; Basso et al., 2023; Wang et al., 2023). 65 

The nonlinearity of catchment hydrological responses manifests in the hydrograph recession 66 

behavior, commonly described by a power law function (Brutsaert and Nieber, 1977; Biswal and 67 

Marani, 2010; Tashie et al., 2020):  68 

𝒅𝒒

𝒅𝒕
= −𝑩 ⋅ 𝒒𝒂 69 

Here, q represents streamflow, t denotes time, and B and a are empirical constants referred to as 70 

the recession coefficient and exponent, respectively. Particularly, the recession exponent a is used 71 

to express linear to nonlinear responses. Higher a values indicate streamflow behavior with quicker 72 

rise for a peak and faster decay during high flow, while slower decay and more stability during 73 

low flow (Tashie et al., 2019). Given that a higher recession exponent reflects significant 74 
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nonlinearity in catchment responses, it has been proposed as an indicator of the emergence of 75 

heavy-tailed flood distributions (Basso et al., 2015; Wang et al., 2023). 76 

In our prior research (Wang et al., 2023), we introduced hydrograph recession exponents as a 77 

newly proposed indicator for heavy-tailed flood behavior. This indicator allows for an inference 78 

of heavy-tailed flood distributions based on physical mechanisms (i.e., typical hydrological 79 

processes within common streamflow dynamics). Importantly, it has shown its capacity to provide 80 

robust estimates for both short and long data records. Unlike traditional methods for identifying 81 

heavy tails, such as the upper tail ratio (Villarini et al., 2011; Lu et al., 2017) and the shape 82 

parameter of a fitted Generalized Extreme Value (GEV) distribution (Morrison and Smith, 2002; 83 

Villarini and Smith, 2010), which are sensitive to sample sizes (Wietzke et al., 2020), recession 84 

exponents offer more consistent estimates of flood tail heaviness across various data lengths. This 85 

characteristic makes it a valuable tool for analyzing regions with diverse gauge data records. 86 

Our aim in this following work is to construct a geography of flood tail behavior based on the 87 

inferred heavy-tailed flood ‘hotspots’, recognized by this indicator, thus ensuring comparability of 88 

analyses across different data lengths. Given that longer and comparable record lengths are 89 

desirable for analyzing heavy-tailed distributions using conventional methods (Cunderlik and Burn, 90 

2002; Papalexiou and Koutsoyiannis, 2013), and considering the global variation in available 91 

hydrological data lengths (Lins, 2008), this work contributes to filling the research gap by 92 

providing a reliable estimation of heavy-tailed flood behavior across a wide range of geography 93 

(Merz et al., 2022). Specifically, our objectives are twofold: (1) to validate the effectiveness of 94 

recession exponents in identifying heavy-tailed flood behavior through an extensive analysis, and 95 

(2) to investigate the underlying factors related to diverse physiographical settings, taking into 96 

account spatial patterns, seasonality, and catchment scale characteristics, and how they influence 97 

catchment nonlinearity, leading to the emergence of heavy-tailed floods. 98 

We organize the structure of this paper as follows: Section 2 describes the study areas and the 99 

hydrological data based on an extensive dataset composed of four countries, Section 3 describes 100 

the methods of estimation and validation of hydrograph recession exponents in identifying heavy-101 

tailed flood behavior in the dataset, the framework of the analyses of spatial patterns of inferred 102 

heavy-tailed flood behavior, the framework of the analyses of seasonal dynamics of inferred 103 

heavy-tailed flood behavior, and statistical tests. In Section 4, we present the validation results of 104 

our heavy-tailed flood behavior index, along with analyses of the relationships between flood tail 105 

behavior and geographical spatial characteristics, seasonal patterns, and catchment scales in these 106 

comparable countries. Physical interpretations of the results and remarks from the literature are 107 

discussed in Section 5. The main conclusions are summarized in Section 6. 108 

2 Study areas and data 109 

This study uses four distinct datasets, each serving a specific objective. We begin our analysis by 110 

examining case studies from Germany, providing an initial investigation into our research aims. 111 

The inclusion of case studies from the United Kingdom (UK) and Norway allows us to explore the 112 

applicability of the index in regions with both similar and contrasting physiographic settings 113 

compared to Germany. Lastly, the comprehensive dataset of case studies from the United States 114 
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(US), known for its diverse range of physiographical settings, enables us to validate and 115 

consolidate the transferability of our findings. 116 

Germany has a temperate oceanic climate, with mild temperatures and relatively evenly distributed 117 

precipitation throughout the year. The western parts of the country are influenced by the North 118 

Atlantic Drift, resulting in milder winters compared to the eastern parts, and the Alps play a 119 

significant role in the local climate of the south. The country's elevation ranges from sea level to 120 

2,962m, with lowlands in the north, uplands in the central, and mountain ranges in the south. The 121 

dominant soil types in Germany are podzols and brown earths, which can result in higher runoff 122 

and flash floods in areas with steep slopes and sparse vegetation. 123 

The UK also has a temperate oceanic climate, with diverse topography ranging from upland areas 124 

in the north and west to lowland areas in the south and east. The elevation ranges from sea level 125 

to 1,345m, with mostly lowland terrain dominated by limestone, shale, and sandstone. The 126 

dominant soil types are clay soils, which can result in higher runoff and flood risk in urban areas 127 

and other places with limited vegetation cover. 128 

Norway serves as a contrasting climate and terrain compared to Germany. It has a subarctic climate, 129 

and the country's terrain is mostly mountainous, with high altitude areas covered by snow and ice 130 

for much of the year. The elevation ranges from sea level to 2,469m, with mostly mountainous 131 

terrain and significant snow effects in the winter season. The dominant soil types are cryosols and 132 

podzols, which are characterized by low temperatures and low water-holding capacity. 133 

The US has a diverse range of climate and terrain conditions, with various climate types ranging 134 

from tropical to polar. The average temperature range varies widely depending on the region. The 135 

elevation ranges from sea level to 6,190m, with a diverse range of terrain types such as plains, 136 

plateaus, mountains, and coastal regions. The country includes arid desert regions, high mountain 137 

ranges, and extensive river systems. The dominant soil types vary widely, from aridisols in the 138 

deserts to mollisols in the Great Plains. 139 

We collected daily continuous streamflow records from 575 gauges across the four study regions 140 

to conduct our analyses. The corresponding drainage areas range from 4 to 40,504 km2. Our 141 

analysis was performed on a seasonal basis, considering spring (March-May), summer (June-142 

August), autumn (September-November), and winter (December-February) to account for the 143 

seasonality of hydrograph recessions (Tashie et al., 2020) and flood distributions (Durrans et al., 144 

2003). Each analysis conducted on a specific river gauge during a season was treated as a case 145 

study.  146 

We excluded gauges located downstream of large dams in all four regions (Lehner et al., 2011; 147 

Wang et al., 2022). Consistent with previous studies (e.g., Botter et al., 2007a; Botter et al., 2010; 148 

Ceola et al., 2010; Doulatyari et al., 2015; Basso et al., 2021; Basso et al., 2023), we chose case 149 

studies in Germany, the UK, and the US characterized by limited snowfall, which minimizes the 150 

potential transfer of water across seasons due to strong snow accumulation and melting. 151 

Specifically, this condition is defined as having an average daily temperature below zero degrees 152 

Celsius during precipitation events for over 50% of a season (Basso et al., 2021). However, 153 

recognizing that recession exponents can inherently capture both linear and nonlinear catchment 154 

responses, we intentionally included case studies in Norway, which are characterized by a 155 
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dominant runoff generation process driven by snow dynamics. This deliberate inclusion provides 156 

a counter-verification, allowing us to explore the capability of the recession exponent as a measure 157 

of flood tail behavior in regions primarily characterized by snowmelt-driven flood generation 158 

processes. In summary, this analysis encompasses regions dominated by both rainfall-driven and 159 

snowmelt-driven floods, providing an extensive examination of these factors. These procedures 160 

resulted in a total of 1997 case studies, distributed as follows: 540 in spring, 520 in summer, 543 161 

in autumn, and 394 in winter (refer to Table A1 for detailed information of each region). 162 

We incorporated the Köppen climate classification to recognize the spatial distribution of diverse 163 

hydroclimatic characteristics. This is obtained from the work presented by Beck et al. (2018), 164 

offering high-resolution (1-km) maps depicting present-day conditions (1980-2016). 165 

3 Methods 166 

3.1 Inferring Heavy Tails of Flood Distributions from Common Streamflow Dynamics 167 

We adopt a framework of the Physically-based Extreme Value (PHEV) distribution of river flows, 168 

introduced by Basso et al. (2021). This framework offers a mechanistic-stochastic characterization 169 

of both the magnitude and probability of flows, underpinned by essential hydrological processes 170 

like precipitation, infiltration, evapotranspiration, soil moisture, and runoff generation within river 171 

basins, as previously described in well-established mathematical description (Laio et al., 2001; 172 

Porporato et al., 2004; Botter et al., 2007b, 2009). 173 

Within the PHEV framework, we obtain consistent expressions for the probability distributions of 174 

various flow metrics, including daily streamflow, ordinary peak flows (local flow peaks resulting 175 

from streamflow-producing rainfall events), and floods (flow maxima within a specified timeframe) 176 

(Basso et al., 2016). The description of runoff generation and streamflow dynamics provided by 177 

this framework has been successfully tested across a diverse range of hydroclimatic and 178 

physiographic conditions through a number of studies (Arai et al., 2020; Botter et al., 2007a; Botter 179 

et al., 2010; Ceola et al., 2010; Doulatyari et al., 2015; Mejía et al., 2014; Müller et al., 2014; 180 

Müller et al., 2021; Pumo et al., 2014; Santos et al., 2018; Schaefli et al., 2013).  181 

By taking the limit of the PHEV framework, insights into the tail behavior of the flow distribution 182 

are obtained (Basso et al., 2015). Wang et al. (2023) showed that the tail of the distribution is 183 

exclusively governed by a power law function (indicating heavy tails) when the hydrograph 184 

recession exponent exceeds two, signifying discernible nonlinearity of catchment responses. 185 

Conversely, the tail appears as nonheavy when the recession exponent is below two, suggesting 186 

linearity of catchment responses. As a result, the hydrograph recession exponent has been proposed 187 

as a suitable indicator of heavy-tailed flood behavior, based on the analysis of common discharge 188 

dynamics.  189 

The hydrograph recession exponent a for each case study can be estimated as the median value of 190 

the exponents from power law functions fitted to the pairs of 𝒅𝒒 𝒅𝒕⁄  and q of individual 191 

hydrograph recessions (Jachens et al., 2020; Biswal, 2021). We identify the hydrograph recessions 192 
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as the ordinary peak flows and the subsequent daily streamflow decay, constrained by a minimum 193 

duration of five days. 194 

3.2 Validation of Hydrograph Recession Exponents as An Index of Heavy-Tailed Flood Behavior 195 

To validate the identification of heavy-tailed flood behavior obtained through estimated recession 196 

exponents, we fit a power law distribution to the empirical data distribution and evaluate the 197 

reliability of empirical power laws, serving as the benchmark of heavy-tailed flood behavior 198 

presented by data.  199 

A case study is considered to exhibit heavy-tailed behavior if the empirical power law effectively 200 

describes the tail behavior of the data distribution. We used the Kolmogorov-Smirnov (KS) 201 

statistic (κ), a common measure of distance between non-normal distributions, to preliminarily 202 

assess empirical power law distribution reliability (κ∈[0,∞], with κ=0 denoting highest reliability). 203 

To set the reference point of plausible empirical power laws, we employed a method introduced 204 

by Clauset et al. (2009), a state-of-the-art approach for fitting empirical power laws. In such an 205 

approach, the empirical power law exponent b is computed by fitting a power law to the upper tail 206 

of the data distribution. An optimized lower boundary is established by selecting the best fit based 207 

on the KS statistic. Subsequently, a Monte Carlo procedure is employed to determine if the fitted 208 

power law reliably represents the observed data (based on the KS statistic). This procedure aims 209 

to verify whether the residual errors between the data and the power law distribution fall within 210 

the range of fluctuations expected from random sampling. If the residual errors lie within this range, 211 

the power law is considered a dependable (plausible) representation of the empirical data 212 

distribution. We conduct these computations using the Python package plfit 1.0.3. We calculate 213 

empirical power law exponents b for each case and assess the consistency of identifying heavy-214 

tailed behavior using both a and b. 215 

We conduct our approach using three distinct empirical data distributions: daily streamflow, 216 

ordinary peaks, and monthly maxima. These multiple analyses strengthen our validation process 217 

and enhance the evaluation of our results. It's worth noting that our chosen benchmark, the 218 

empirical power law, may be influenced by fitting uncertainty due to data scarcity in certain cases, 219 

particularly when analyzing maxima. To mitigate this, we consider monthly maxima (Fischer and 220 

Schumann, 2016; Malamud and Turcotte, 2006) instead of the seasonal maxima previously used 221 

in the literature (e.g., Basso et al., 2021) in order to expand the sample size. Parallel analyses for 222 

cases with larger sample sizes (i.e., daily streamflow and ordinary peaks) provide more robust 223 

validation and lend support to the interpretation of results for maxima. 224 

In this section, Welch's t-test (at 0.05 significance level) is also used to determine significant 225 

differences (p < 0.05) or lack thereof (p > 0.05) in mean values between distributions. Such the 226 

statistical test was delected due to its robustness in handling skewed distributions, unequal 227 

variances, and different sample sizes in the analyzed data (Welch, 1947; Derrick et al., 2016). 228 

3.3 Analyses of Spatial and Seasonal Patterns of Inferred Flood Tail Behavior 229 

We construct a geographical representation of inferred heavy-tailed flood behavior by utilizing 230 

estimated recession exponents derived from common streamflow dynamics across study countries 231 

and for each season. This representation serves as an evaluation of the propensity of heavy-tailed 232 
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flood behavior across various regions and seasons. We simplify the seasonal results by identifying 233 

the dominant tail behavior, which refers to the majority of seasons exhibiting either heavy-tailed 234 

or nonheavy-tailed behavior, as the representative inferred flood tail behavior in the analysis of 235 

spatial pattern (Section 4.2). 236 

To determine the dominant hydroclimatic characteristic of each catchment, we overlay the Köppen 237 

climate map (Beck et al., 2018) with the river gauge and catchment boundary data. The most 238 

prevalent climate within the catchment (determined by overlapping areas within the boundary, or 239 

by the river gauge location if the boundary data is absent) is assigned as the representative feature. 240 

To analyze seasonal patterns, we initially investigate the coherence of inferred flood tail behavior 241 

across seasons, focusing on consistency between heavy- or nonheavy-tailed behavior. Catchments 242 

with valid recession exponents from only one season are omitted from this analysis. As a result, 243 

the selection comprises 98 out of 98 catchments in Germany, 81 out of 82 in the UK, 79 out of 82 244 

in Norway, and 290 out of 313 in the US. We also employ the Wilcoxon signed-rank test 245 

(Wilcoxon, 1945), a non-parametric statistical hypothesis test, at a significance level of 0.05 in 246 

this section. This test assesses whether the median of recession exponents (within a climate group 247 

on a seasonal basis) is above two, below two, or shows no significant difference from two (Figure 248 

7). 249 

4 Results  250 

4.1 Effectiveness of Identifying Heavy-tailed Flood Behavior Using Common Discharge 251 

Dynamics 252 

Figure 1 shows the frequency histograms of KS statistics κ for two groups of cases: red histograms 253 

denote cases with recession exponents a above two, and blue histograms denote those below two. 254 

The mean κ is significantly smaller (p<0.05) for the former group (red histograms) compared to 255 

the latter one (blue histograms) for the case studies from Germany, the US, and the UK. This result 256 

confirms that power law distributions (characterized by heavy-tailed behavior) better represents 257 

the empirical data in case studies with recession exponents above two. In the Norwegian case 258 

studies, no significant difference was instead identified between the two groups. This is likely due 259 

to the absolute values of the recession exponent in this context, which is lower than in the other 260 

three countries and mostly comprised between 1 and 2, thus indicating a prevalence of nonheavy-261 

tailed behaviors to date. 262 

To quantify the accuracy provided by the identification of heavy-tailed flood behavior through 263 

recession exponents, we set decreasing thresholds for κ, which correspond to increasing reliability 264 

of power laws as descriptions of the empirical data. The accuracy of our index (i.e., the recession 265 

exponent) can therefore be calculated as 𝑷(𝒂 > 𝟐|𝜿 < 𝜿𝒓) = 𝑵𝒄(𝒂 > 𝟐|𝜿 < 𝜿𝒓) 𝑵𝒄(𝜿 < 𝜿𝒓)⁄ , where 𝜿𝒓 266 

is the threshold, 𝑵𝒄(𝜿 < 𝜿𝒓) is the number of case studies with 𝜿 < 𝜿𝒓, and 𝑵𝒄(𝒂 > 𝟐|𝜿 < 𝜿𝒓) is the 267 

number of case studies with 𝒂 > 𝟐 among the 𝑵𝒄(𝜿 < 𝜿𝒓) case studies. We found that the accuracy 268 

is clearly correlated to the reliability level requested for the empirical power laws (represented by 269 

𝜿𝒓) for case studies in Germany, the US, and the UK. This confirms that the recession exponent 270 

provides higher accuracy in detecting heavy-tailed behaviors when the empirical distributions of 271 

observed data can be represented by power laws with more certainty, thus underscoring the 272 

consistency between identifying heavy-tailed cases by using the proposed index and the 273 
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observations. The accuracy increases in the same way also for case studies in Norway, but it always 274 

remains below 0.5. We will elucidate below reasons and implications of this finding after 275 

considering the results presented in Figure 2. 276 

 277 

Figure 1. Effectiveness of identifying heavy-tailed flood behavior using hydrograph recession 278 

exponents. Case studies in each country are categorized into two groups: red histograms 279 

representing recession exponents a above two and blue histograms representing recession 280 

exponents a below two. In all three analyses (daily streamflow, ordinary peak flow, and monthly 281 

maxima), every case study is subjected to empirical power law fitting, resulting in a representative 282 

power law for the dataset, measured by the KS statistic κ (where κ∈[0,∞] and κ=0 signifies 283 

maximum reliability). The histograms portray the count of case studies 𝑵𝒄 analyzed as a function 284 

of 𝜿  for two distinct groups. Dashed lines on the histogram plots indicate the means of the 285 

histograms. The means of two groups (a>2 and a<2) are subjected to Welch's t-test at a significance 286 

level of 0.05 to determine whether they are significantly different (p < 0.05) or not (p > 0.05). The 287 

line chart shows the accuracy of using the recession exponent to identify heavy-tailed behavior 288 

(denoted as 𝑷(𝒂 > 𝟐|𝜿 < 𝜿𝒓) = 𝑵𝒄(𝒂 > 𝟐|𝜿 < 𝜿𝒓) 𝑵𝒄(𝜿 < 𝜿𝒓)⁄ ) as the 𝜿𝒓 threshold decreases (i.e., as 289 

the reliability of empirical power laws increases). The results for Germany are reproduced from 290 

Wang et al. (2023). 291 

In Figure 2, we explore the correlation between the values of empirical power law exponents b and 292 

the values of recession exponents a for case studies confirmed to exhibit heavy-tailed behavior. 293 

This is achieved by utilizing the goodness-of-fit testing procedure of Clauset et al. (2009) to 294 

categorize case studies into ‘confirmed power-law-tailed case studies’ and ‘uncertain case studies.’ 295 

The former are depicted as black dots, while the latter are depicted as gray dots. The presence of 296 

a sizable number of uncertain case studies indicates the difficulty of establishing with certainty 297 

whether the underlying distribution of empirical data is or not a power law. This difficulty is often 298 
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due to limited data availability, although the possibility that they indeed do not follow power laws 299 

cannot be excluded. 300 

To highlight the correlation, we binned the confirmed power-law-tailed case studies and used red 301 

markers showing the median values of a and b (squares), the interquartile intervals of b (vertical 302 

bars), and the binning ranges of a. In each country, the composition of each bin encompasses one-303 

seventh of the total number of case studies, except for Norway, where this fraction is adjusted to 304 

one-fifth due to the limited number of confirmed power-law-tailed cases. We calculated Spearman 305 

correlations 𝒓𝒔  (Spearman, 1904) to test the correlation between a and b, which is valid for both 306 

linear and nonlinear associations between random variables. We found that a and b are 307 

significantly correlated at a significance level of 0.05 in Germany, the US, and the UK. In these 308 

three countries, a larger number of uncertain case studies emerge in the analysis of flow maxima 309 

compared to the analysis of daily streamflow and ordinary peak flow (respectively for daily 310 

streamflow, ordinary peaks, and flow maxima: 265, 270, and 352 out of 386 case studies in 311 

Germany; 258, 280, and 306 out of 325 case studies in the UK; and 589, 624, and 836 out of 980 312 

case studies in the US). Since the same case studies have already been confirmed to exhibit power-313 

law-tailed distributions in their daily streamflow and ordinary peak flow data, the increase of 314 

uncertain case studies in the analysis of flow maxima suggests that the greater level of uncertainty 315 

is due to limited data availability rather than indicating a rise in the number of non-power-law-316 

tailed case studies. 317 

In Norway, however, the majority of case studies across all three analyses (i.e., daily streamflow, 318 

ordinary peaks, and flow maxima) are identified as uncertain (respectively 291, 289, and 300 out 319 

of 306 case studies). These results align with the fact that the values of the recession exponent for 320 

the Norwegian case studies predominantly fall between 1 and 2 (Figure 2), indicating that to date 321 

catchment responses are relatively closer to being linear in Norway compared to the other countries, 322 

and implying the prevalence of nonheavy-tailed flood behavior. This also explains the pattern 323 

presented in the Norway panel of Figure 1. Given that the case studies generally have recession 324 

exponents below two, the number of case studies with recession exponents above two are not 325 

enough to distinguish between the two distributions of 𝜿.  326 

Overall, the effectiveness of recession exponents in distinguishing heavy- and nonheavy-tailed 327 

flood behavior has been substantiated (see also Wang et al., 2023). This differentiation hinges on 328 

a critical threshold: the value two. In datasets showcasing diverse physiographical characteristics, 329 

the interpretation is consistent. Areas with higher recession exponents (above two), indicating 330 

discernible nonlinearity in catchment responses, tend to exhibit heavy-tailed flood behavior. 331 
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Conversely, regions with lower recession exponents (below two), reflecting relatively linear 332 

responses in catchments, are more likely to signify nonheavy-tailed flood behavior.  333 

 334 

Figure 2. Empirical power law exponent b as a function of the hydrograph recession 335 

exponent a (physically-based index of heavy-tailed flood behavior). Case studies are classified 336 
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into groups of confirmed power-law-tailed (black dots) and uncertain (gray dots) case studies on 337 

the basis of the goodness-of-fit test (Clauset et al., 2009). The former group shows statistical 338 

confirmation that the data's distribution tail can be accurately characterized by a power law, 339 

indicating heavy-tailed behavior. Conversely, the latter group indicates our inability to statistically 340 

affirm whether the data follows a power law distribution or not. For the confirmed power-law-341 

tailed case studies, the correlation between the empirical power law exponent b and the hydrograph 342 

recession exponent a is underlined by red markers. This correlation is quantified using the 343 

Spearman correlation coefficient 𝒓𝒔  at a significance level of 0.05. The squares represent the 344 

median values of a and b, vertical bars indicate the interquartile intervals of b, and horizontal 345 

dashed bars indicate the binning ranges of a. In each country, the composition of each bin 346 

encompasses one-seventh of the total number of case studies, except for Norway, where this 347 

fraction is adjusted to one-fifth due to the constraint posed by the total number of confirmed power-348 

law-tailed case studies. The count of the confirmed power-law-tailed case studies in the analyses 349 

of daily streamflows, ordinary peak flows, and monthly flow maxima are as follows: 121, 116, and 350 

34 out of 386 case studies for Germany, respectively; 67, 45, and 19 out of 325 case studies for 351 

the UK, respectively; 391, 356, and 144 out of 980 case studies for the US, respectively; and 15, 352 

17, and 6 out of 306 case studies for Norway, respectively. The results for Germany are reproduced 353 

from Wang et al. (2023).  354 

4.2 Spatial Patterns of Inferred Flood Tail Behavior 355 

Figure 3 displays the spatial distribution of dominant flood tail behavior across seasons, based on 356 

the recession exponent values, for Germany, the UK, Norway, and the US, respectively. This 357 

dominant behavior represents either heavy or nonheavy tails, depending on what is observed in 358 

the majority of seasons. Additionally, Figure 4 and Table 1 provide quantitative analyses of the 359 

propensity of flood tail behavior across different regions. 360 

In Germany (Figure 3a), approximately 81% of catchments are identified as sites with dominant 361 

heavy-tailed flood behavior (red dots), indicating a prevalence of such behavior. This result agrees 362 

with the findings of Mushtaq et al. (2022), which reported that a distribution with a relatively 363 

heavier tail (i.e., the log-normal) best represent ordinary peak flows in the majority of German 364 

basins considered in their study. The inferred heavy-tailed sites are spread across Germany. They 365 

dominate in the eastern part, while there are mixed patterns of heavy- and nonheavy-tailed 366 

behavior in the western part. The climate conditions are primarily humid continental (Dfb) and 367 

temperate oceanic (Cfb). Humid continental climate is prominent in the east, while temperate 368 

oceanic climate generally covers the west.  369 

In the UK (Figure 3b), four climate types are present, with temperate oceanic climate (Cfb) being 370 

the dominant one. The terrain of this country in comparison to the other three countries is relatively 371 

homogeneous, with no high mountains. According to our findings, heavy-tailed flood behavior is 372 

prevalent in the UK, with a prevalence of 77%, especially in the eastern and southern coastal 373 

regions. Huntingford et al. (2014) reported a case in which a rapid succession of vigorous Atlantic 374 

low-pressure systems crossed much of the UK, resulting in repeated heavy rainfall events. 375 

Southeast England was identified as a distinct region characterized by exceptionally high flows, 376 

exacerbated by increasingly saturated catchments. These catchment characteristics and 377 
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hydrological responses align with our findings, which indicate the pronounced heavy tails in such 378 

a region.  379 

In Norway (Figure 3c), however, nonheavy-tailed flood behavior dominates. Approximately 89% 380 

of sites are inferred to have nonheavy-tailed flood behavior. Norway encompasses nine climate 381 

types but is primarily covered by Subarctic climate (Dfc), characterized by low temperatures and 382 

reduced evapotranspiration. Hydrological processes are significantly influenced by snow 383 

dynamics, which generally determine linear catchment responses as a result of snow accumulation 384 

and melting processes (Santos et al., 2018). 385 

In contrast to the aforementioned countries with relatively consistent climate and dominant flood 386 

behavior, the US (Figure 3d) display a diverse range of climate types and a balanced propensity 387 

toward heavy- and nonheavy-tailed flood behavior. The eastern regions dominated by humid 388 

subtropical climate (Cfa), hot-summer humid continental climate (Dfa), and temperate oceanic 389 

climate (Cfb) from south to north. The interior western states feature a cold semi-arid climate 390 

(BSk), while mixed patterns are observed in the western mountainous and coastal areas. An overall 391 

relatively even distribution of inferred heavy-tailed (52%) and nonheavy-tailed (48%) flood 392 

behavior prevails in this diverse climate country. 393 

Figure 3e provides an example of how the spatial distribution of flood behavior is influenced by 394 

regional physioclimatic features. In particular, catchments on the east side of the mountains exhibit 395 

pronounced heavy-tailed flood behavior, which aligns with the findings of Smith et al. (2018). 396 

This is likely due to the interaction between cold air from the inland polar jet stream and warm 397 

ocean currents leads to the formation of Nor'easters, which are synoptic-scale extratropical 398 

cyclones in the western North Atlantic Ocean along the US northeast coast. These weather systems 399 

often resulted in heavy rain or rain-on-snow events. Conversely, on the west side of mountains, 400 

catchments tend to exhibit nonheavy-tailed behavior, potentially due to the leeward rain shadow 401 

effect. 402 

In summary, the spatial distributions of inferred flood tail behavior denote that regions with 403 

dominant climate types (e.g., Germany, the UK, and Norway) tend to exhibit single or dominant 404 

flood tail behavior. Conversely, in regions with diverse climate conditions (e.g., the US), the 405 
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interplay among regional physioclimatic conditions emerges shows its impacts on the propensity 406 

of regional flood behavior. 407 

 408 

Figure 3. Spatial distribution of dominant flood behavior. The dominant pattern determines the 409 

representative flood tail behavior of catchments across all study countries, whether it is heavy or 410 

non-heavy, which is defined by the major pattern recognized across seasons. Tail behavior is 411 

inferred by hydrograph recession exponents. The ratio of heavy- to nonheavy-tailed catchments is 412 

indicated as H/NH ratio. Köppen climate classification based on Beck et al. (2018), with present 413 

climate types outlined by bold dark frames in the legend. (a) Germany, a total of 98 gauges 414 

represent catchments ranging from 110 to 23,843 km2, with a median area of 1,195 km2. (b) The 415 

UK, a total of 82 gauges represent catchments ranging from 15 to 9,948 km2, with a median area 416 

of 283 km2. (c) Norway, a total of 82 gauges represent catchments ranging from 4 to 40,504 km2, 417 

with a median area of 234 km2. (Note: some catchment boundaries are absent in the dataset for 418 

catchments in the UK and Norway.) (d) The US, a total of 313 gauges represent catchments ranging 419 

from 66 to 9,935 km2, with a median area of 1769 km2. (e) A zoomed-in map illustrates the 420 

discernible patterns of flood tail behavior resulting from specific flood generation processes 421 

influenced by the interplay between regional terrain and meteorological features. (Note: the 422 

cylinder map projection is employed in these maps.) 423 

To obtain quantitative results we examine the predominant flood tail behavior (inferred by 424 

recession exponents) of catchments across various climate regions and sort these regions based on 425 

the proportion of heavy-tailed catchments from high to low, as illustrated in Figure 4. By 426 

categorizing climate type regions based on the proportion of heavy-tailed catchments, we establish 427 

three groups according to their propensity of flood tail behavior: Heavy-tailed group, indicating 428 

regions with over 66.6% of catchments dominated by heavy tails; Neutral group, encompassing 429 

regions with 33.3% to 66.6% of catchments dominated by heavy tails, represents a relatively even 430 

propensity for both heavy and nonheavy tails in the catchments within these regions; and 431 

Nonheavy-tailed group, representing regions with less than 33.3% of catchments dominated by 432 

heavy tails, denotes the propensity for nonheavy tails. According to the Köppen climate type 433 
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classification, the overarching hydroclimatic characteristics can be delineated by three hierarchical 434 

features: 1. the main group, which encompasses five areas—Tropical, Arid, Temperate, 435 

Continental, and Polar; 2. precipitation characteristics; and 3. temperature characteristics. The 436 

findings are synthesized in Figure 4 and Table 1, where the groups of flood tail behavior propensity 437 

are juxtaposed with the distinctive traits of each climate region. 438 

Five climate regions are identified as having a higher propensity for heavy tails: mediterranean 439 

climate (Csa), hot semi-arid climates (BSh), humid continental climate (Dsb), temperate oceanic 440 

climate (Cfb), and cool-summer mediterranean climate (Csb). These regions are characterized by 441 

warm to hot temperatures, often accompanied by occasional dry periods (except for Cfb). Based 442 

on the definition of Köppen climate classification the occurrence of dry periods is a result of 443 

significantly uneven rainfall throughout the year, with at least three times as much rainfall in the 444 

wettest month as in the driest month. In semi-arid climates (BSh), there is generally lower annual 445 

rainfall (summarized in Table 1). Higher temperatures increase the potentail evapotranspiration, 446 

often enhancing atmospheric moisture content and facilitating convective rainfall. Moreover, the 447 

dynamics of evapotranspiration in hillslopes influence the nonlinearity of runoff processes in 448 

catchments (Tashie et al., 2019). Dry periods can lead to lower catchment soil moisture, facilitating 449 

nonlinear runoff generation  (Merz and Blöschl, 2009; Viglione et al., 2009). The findings 450 

presented here indicate that heavy-tailed flood behavior tends to emerge due to the substantial 451 

nonlinearity observed in catchment hydrological processes, which is facilitated by temporally 452 

uneven rainfall and higher evapotranspiration variation throughout the year. 453 

We also find that certain regions show a relatively neutral propensity regarding flood tail behavior 454 

(either heavy- or nonheavy-tailed) and aggregate them into the second group of Figure 4 and Table 455 

1. These regions encompass cold semi-arid climates (BSk), humid continental climate (Dfb), 456 

humid subtropical climate (Cfa), and humid continental climate (Dfa). While cold semi-arid 457 

climates (BSk) experience dryness, they are characterized by very limit precipitation. In the other 458 

three regions (Dfb, Cfa, and Dfa), heavy tails may still occur due to higher evapotranspiration, 459 

which is driven by high temperatures. However, the relatively even distribution of rainfall 460 

throughout the year in these regions may reduce the propensity for heavy tails, resulting in a 461 

smoother occurrence of heavy-tailed flood behavior. In summary, the regions in this group still 462 

have a certain probability of exhibiting heavy-tailed flood behavior. However, the absence of either 463 

a drier state of the catchment (caused by uneven rainfall) or higher temperatures (that ensure 464 

sufficient atmospheric moisture for rainfall and strengthened nonlinearity) could constrain the 465 

occurrence of such behavior. 466 

In the last group, which includes regions with subpolar climate (Dfc), tundra climate (ET), and 467 

cold desert climates (BWk), there is a higher propensity for nonheavy tails, and the two evident 468 

factors for heavy tails recognized from previous results are generally lacking. Runoff generation 469 

in Dfc and ET is primarily driven by snow dynamics, with snowmelt being the main contributor 470 

to runoff. Snowmelt is highly dependent on energy capacity, resulting in hydrological responses 471 

that are more likely to exhibit linearity. This favors the occurrence of nonheavy-tailed flood 472 
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behavior (Thorarinsdottir et al., 2018). Catchments located in the region of BWk exhibit nonheavy-473 

tailed behavior might also be attributed to limited precipitation in desert. 474 

In this study, we do not find substantial influences of the general hierarchical feature (especially 475 

the temperate and continental climate classifications) on the propensity of flood tail behavior. 476 

To sum up this section, we have identified the conjunction of dry periods and higher temperatures 477 

as crucial meteorological factors significantly contributing to the dynamics of catchment storage, 478 

thereby influencing the nonlinearity of hydrological responses. These findings shed light on the 479 

interplay between catchments and meteorological conditions in the manifestation of heavy-tailed 480 

flood behavior. We acknowledge that these results are based on overarching conditions and do not 481 

encompass all climate types, and achieving an equal number of study sites across various climate 482 

regions might not always be feasible. Expanding the number of study sites could further enhance 483 

our understanding, especially for extreme cases. 484 

 485 

Figure 4. Propensity of inferred flood tail behavior in diverse climate regions. Catchments are 486 

categorized by climate types and grouped by dominant (across seasons) heavy-tailed case 487 

percentages. Three groups are defined by heavy-tailed case proportions: Zone 1 (>66.6%) 488 

represents heavy tails, Zone 2 (33.3-66.6%) is neutral, and Zone 3 (<33.3%) represents nonheavy 489 
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tails. The number of catchments in each climate region is indicated in parentheses after the climate 490 

type. 491 

Table 1. Comparison of inferred flood tail behavior propensity with climate characteristics. 492 

Propensity of  

Tail Behavior 

Köppen Climate Classification 

Dry 

Period 

Warm-

Hot Code 1st Main Group 

2nd Seasonal 

Precipitation 

3rd 

Temperature 

Heavy 

(Zone 1) 

Csa Temperate Dry Summer Hot Summer   

BSh Arid Semi-Arid Hot   

Dsb Continental Dry Summer Warm Summer   

Cfb Temperate No dry season Warm Summer 
 

 

Csb Temperate Dry Summer Warm Summer   

Neutral 

(Zone 2) 

BSk Arid Semi-Arid Cold  
 

Dfb Continental No dry season Warm Summer 
 

 

Cfa Temperate No dry season Hot Summer 
 

 

Dfa Continental No dry season Hot Summer 
 

 

Nonheavy 

(Zone 3) 

Dfc Continental No dry season Cold Summer 
  

BWk Arid Dessert Cold  
 

ET Polar -- Tundra 
  

4.3 Seasonal patterns of Inferred Flood Tail Behavior  493 

We analyze the seasonality of flood tail behavior, an aspect of this phenomenon which has been 494 

previously suggested but remains poorly understood (Durrans et al., 2003; Basso et al., 2015; 495 

Macdonald et al., 2022). Figure 5 illustrates the spatial distribution of catchments with consistent 496 

tail behavior across seasons (i.e., with either heavy or nonheavy tails across all seasons; black 497 

triangles) and those with varying tail behavior across seasons (green dots). Catchments exhibiting 498 

inconsistent behavior spread across the whole US and Germany, whereas they are mostly 499 

concentrated in the southern parts of the UK and in the central mountainous regions of Norway. 500 

The percentages of catchments exhibiting inconsistent flood tail behaviors are respectively 33%, 501 

33%, 17%, and 34% in the US, Germany, the UK, and Norway. The results indicate that although 502 

the majority of catchments tend to exhibit stable heavy-/nonheavy-tailed behavior, still around 503 

one-third reveal changing patterns across seasons. Notably, there is a particularly high percentage 504 

of consistent patterns (83%) in the UK, likely due to the relatively uniform climate and terrain 505 

conditions across the country characterized by continuous rainfall throughout a year (as shown in 506 

Figure 3b). 507 

We further investigate the dynamics of heavy- and nonheavy-tailed case studies across seasons in 508 

Figure 6. Heavy-tailed case studies increase from spring to autumn (approximately corresponding 509 

to the growing season in the northern hemisphere) and decrease from autumn to spring 510 

(approximately corresponding to the dormant season in the northern hemisphere), as seen in the 511 

aggregated patterns across all regions (panel a). This pattern can be attributed to the increasing 512 

temperature in the growing season, during which increasing evapotranspiration consumes water 513 
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storage in the shallow subsurface, escalating the nonlinearity of catchment responses (Tashie et al., 514 

2019). The seasonality of evapotranspiration effects on catchment nonlinearity is supported by the 515 

findings of Tarasova et al. (2018), who observed clear seasonal dynamics of catchment average 516 

runoff coefficients. These coefficients tend to be higher in wet winters and lower in dry summers. 517 

It has been shown that significant variation in runoff coefficients is linked to high nonlinearity of 518 

hydrological responses, facilitating heavier-tailed floods. This phenomenon is often observed in 519 

dry catchments (Merz and Blöschl, 2009). Other studies confirmed that the nonlinearity of 520 

catchment responses favors the emergence of heavy-tailed flood behavior (Gioia et al., 2008; 521 

Rogger et al., 2012; Basso et al. 2015), and is often expressed by quicker recession during high 522 

flow periods and greater stability during low flow periods. Conversely, during the dormant season, 523 

nonlinearity decreases due to reduced competition from evapotranspiration and replenished water 524 

storage. We underscore that the significant variability in evapotranspiration amplifies the 525 

fluctuation of catchment storage conditions, causing soil moisture levels to oscillate between drier 526 

and wetter states. This alternation leads to the occurrence of both very small and very large events, 527 

which are characteristic of heavy-tailed flood behavior. 528 

This dynamic is particularly pronounced in the US (panel b), where is characterized by a wide 529 

range of geography and diverse temperate and continental climates. The number of inferred heavy-530 

tailed cases can increase by 50 % from spring to autumn. In Germany and the UK (panels c and 531 

d), heavy-tailed behavior is relatively prevalent and shows no significant distinction from spring 532 

to autumn, but still experiences a noticeable decrease in winter, likely due to lower temperatures 533 

and evapotranspiration. Norway (panel e) presents different patterns due to varying controls on 534 

runoff generation. A slight increase in heavy-tailed cases during the winter is observed, which 535 

could be attributed to a relatively higher contribution of rainfall-driven flood events during a 536 

season when snowmelt-driven events are less common. 537 

We delve into the seasonal characteristics of this behavior further by combining the regional 538 

patterns based on climate classification. In Figure 7, the square dots represent the median of each 539 

box, marked as red, blue, or black to indicate the significance of its value above 2 (heavy), below 540 

2 (nonheavy), or not significantly different from 2, respectively. The last one (black squares) may 541 

imply an equal occurrence of heavy- and nonheavy-tailed cases or a lack of samples to draw 542 

conclusions. Based on the patterns of significance across seasons, regions with seasonality 543 

(defined as having different tail behavior propensity across seasons according to the significant 544 

values of median) are grouped in the white area, while those considered stable in heavy tails are 545 

in the red area, and those stable in nonheavy tails are in the blue area. For regions where statistical 546 

significance cannot be concluded for all seasons, we group them based on the absolute values of 547 

their medians. 548 

We find that the grouping based on their distinct patterns of seasonality (Figure 7) closely aligns 549 

with the grouping based on the analysis of dominant patterns throughout the year (Figure 4 and 550 

Table 1). Regions (red area in Figure 7 corresponded to the heavy-tailed group in Table 1) 551 

characterized by uneven rainfall distribution throughout the year, leading to pronounced 552 

fluctuations between drier and wetter soil states, combined with higher evapotranspiration rates 553 

(indicated by warm to hot temperatures), tend to exhibit a dominance of heavy-tailed behavior in 554 

their hydrological responses across all seasons. In areas (white area in Figure 7 corresponded to 555 

the neutral group in Table 1) where rainfall is more evenly distributed annually, the emergence of 556 

heavy-tailed behavior is often linked to increased evapotranspiration during the growing seasons, 557 
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particularly in spring and summer, and is less prominent during dormant seasons. This mechanism, 558 

which depends on evapotranspiration dynamics, substantiates the seasonality of flood tail behavior. 559 

Regions (blue area in Figure 7 corresponded to the nonheavy-tailed group in Table 1) where runoff 560 

generation is primarily influenced by snow dynamics tend to display linear hydrological responses. 561 

This is due to the fact that most runoff in these areas results from snowmelt during the growing 562 

seasons, driven by energy availability. These findings support the proposed mechanism of heavy-563 

tailed flood behavior concluded in the spatial analyses and further demonstrate the pivotal effect 564 

played by the variation of evapotranspiration and catchment storage on the emergence of heavy-565 

tailed flood behavior. 566 

In summary, while heavy-/nonheavy-tailed behavior is generally consistent across seasons, there 567 

is a certain probability for cases to exhibit seasonality. This seasonality of inferred heavy-tailed 568 

behavior shows a dynamic pattern of increasing during the growing season and decreasing during 569 

the dormant season. Regions with pronounced temperature variations across seasons, particularly 570 
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with hot summers, display such dynamics and highlight the role of evapotranspiration in 571 

catchments in driving this seasonality. 572 

 573 

Figure 5. Consistency of inferred flood tail behavior across seasons. (a) 290 catchments in the 574 

US. (b) 98 catchments in Germany. (c) 81 catchments in the UK. (d) 79 catchments in Norway. (e) 575 

Percentage of consistent and inconsistent catchments in each country. 576 

 577 

Figure 6. Seasonal variations in the percentage of inferred flood tail behavior between heavy 578 

and nonheavy case studies. (a) The aggregated results encompass all study regions, while the 579 

second line provides a breakdown by country. In total, there are 1,997 case studies composed by 580 



manuscript of WRR 

 

540 in spring, 520 in summer, 543 in autumn, and 394 in winter. (b)-(e) Results for each study 581 

country (see Table A1 for detailed case numbers across seasons in each country). 582 

 583 

Figure 7. Seasonal variations in recession exponents (inferring flood tail behavior) across 584 

diverse climate regions. Case studies grouped by climate regions based on seasons. Medians of 585 

recession exponents in each group are compared with a value of two using Wilcoxon signed-rank 586 

test (significance level: 0.05). Red squares indicate significantly heavy-tailed (recession exponents 587 

> 2) groups, blue squares indicate significantly nonheavy-tailed (recession exponents < 2) groups, 588 

and black squares denote insignificance. Climate regions are categorized as follows: the red area 589 

denotes regions with prominent heavy tails across seasons, the blue area denotes regions with 590 

prominent nonheavy tails across seasons, and the white area denotes regions with significant 591 

seasonality in flood tail behavior. 592 

4.4 Factors associated with catchment scales and their role in flood tail behavior 593 

It remains unclear how flood tail behavior varies across catchment scales and what the underlying 594 

drivers and mechanisms are (Merz et al., 2022). We employ catchment nonlinearity, represented 595 

by recession exponents, to explore the influence of catchment scales on flood tail behavior, as 596 

depicted in Figure 8. We utilize the categorization of regions characterized by distinct controls on 597 
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flood tail behavior, primarily influenced by characteristic runoff generation processes (as three 598 

groups identified in Figure 7), to elucidate the underlying mechanisms. Case studies are 599 

categorized into bins based on catchment areas, with the median values represented by squares, 600 

interquartile intervals depicted by vertical bars, and catchment area ranges indicated by horizontal 601 

dashed bars. Panels a, b, c, and d present results for all regions, regions exhibiting significant heavy 602 

tails across seasons, regions with a neutral propensity and seasonal variations, and regions 603 

displaying pronounced nonheavy tails across seasons, respectively. Each panel comprises a total 604 

of 30 bins, with approximately 67, 33, 24, and 10 case studies in panels a, b, c, and d, respectively 605 

(with minor variations due to rounding). 606 

From the perspective of all case studies (Figure 8a), the pattern appears somewhat unclear. Apart 607 

from the case studies involving extremely small and large catchment areas, there seems to be a 608 

decrease in nonlinearity as catchment areas increase. Nevertheless, the relationship is rather weak 609 

and lacks clarity. These findings align with previous discussions on this matter (e.g., Merz and 610 

Blöschl, 2009; Villarini and Smith, 2010; Smith et al., 2018), which have suggested a relatively 611 

weak inverse correlation between catchment area and the occurrence of heavy-tailed flood 612 

behavior. 613 

However, we can evidently clarify this relationship by considering the distinct runoff generation 614 

processes recognized in different regions. Panel b illustrates that catchment area plays no 615 

significant role in catchment nonlinearity in regions characterized by prominent heavy tails. 616 

Whereas a clear inverse relationship between nonlinearity and catchment area is shown in panel c, 617 

representing regions characterized by a neutral propensity for heavy and nonheavy tails. In contrast, 618 

a proportional relationship between nonlinearity and catchment area is identified in panel d, 619 

representing regions characterized by prominent nonheavy tails. 620 

As shown by the previous sections, nonlinearity in neutral regions is primarily driven by high 621 

evapotranspiration facilitated by high temperatures. When the catchment area increases, it has a 622 

higher chance of encompassing diverse terrain types, including areas with higher altitudes, such 623 

as mountainous regions. Increased altitude tends to result in lower temperatures and 624 

evapotranspiration rates, negating the evapotranspiration variation and its impact on catchment 625 

nonlinearity, which is the main driver of nonlinearity in this region and thus substantiates an 626 

inverse relationship (Figure 8c). In regions with prominent heavy tails (Figure 8b), nonlinearity is 627 

generated from the interplay of uneven rainfall and evapotranspiration dynamics, and the 628 

enlargement of catchments does not substantively change this relationship. For regions with 629 

prominent nonheavy tails (Figure 8d), the underlying mechanisms are similar to the neutral regions 630 

but work in the opposite direction due to the differently dominant mechanism. Recall that the 631 

runoff process in this region is generally dominated by snow dynamics. The region is mainly 632 

located in high mountain or high latitude areas. As catchments expand, more diverse terrain is 633 

encompassed, potentially introducing a mixture of flood generation processes due to the 634 

incorporation of lowland or coastal areas. Particularly, more rain-on-snow events or rainfall-driven 635 

events may be encompassed in a same catchment together with snowmelt-driven events (Vormoor 636 

et al., 2016). Therefore, an increase in nonlinearity is facilitated due to the mixture of flood types, 637 

favoring the emergence of heavier tails in flood distributions (Tarasova et al., 2020). It should be 638 

noted that the tail patterns, based on Figure 8d, are still more likely to be nonheavy tails (i.e., 639 
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recession exponents below two), even though nonlinearity indeed appears to show an increasing 640 

tendency along with catchment area.  641 

These findings disentangle the relationship between flood tail behavior (inferred from catchment 642 

nonlinearity) and catchment scale, and provide a mechanistic understanding that underscores the 643 

role of variability in runoff generation processes introduced by the expansion of catchment area. 644 

 645 

Figure 8. Catchment nonlinearity as a function of catchment area. The recession exponents, 646 

representing catchment nonlinearity, have been evenly grouped into bins based on catchment areas. 647 

The squares denote the median values, vertical bars represent the interquartile intervals of the 648 

recession exponents, and horizontal dashed bars indicate the catchment area ranges for each bin. 649 

(a) All regions (encompassing case studies, n=1997). (b)-(d) show case studies separately 650 

according to categorization recognized in Figure 7. (b) Regions with prominent heavy tails (n=978). 651 

(c) Regions with seasonality and neutral propensity of flood tail behavior (n=733). (d) Regions 652 

with prominent nonheavy tails (n=286). In each panel, there are a total of 30 bins, each containing 653 
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approximately 67, 33, 24, and 10 case studies in panels a, b, c, and d, respectively (with slight 654 

variations due to rounding). 655 

5 Discussion  656 

We have confirmed the effectiveness of the recession exponent in identifying heavy-tailed flood 657 

behavior in case studies across countries with varying degrees of the propensity of such behavior: 658 

heavy-tailed richness (Germany and the UK), neutrality (the US), and nonheavy-tailed richness 659 

(Norway). This validation is substantiated by confirmed power law tailed cases, widely 660 

acknowledged as representatives of heavy-tailed distributions (El Adlouni et al., 2008; Clauset et 661 

al., 2009), and supported by the significance of catchment nonlinearity as a robust driver of heavy-662 

tailed flood behavior (Fiorentino et al., 2007; Struthers and Sivapalan, 2007; Gioia et al., 2008; 663 

Rogger et al., 2012; Basso et al., 2015; Merz et al., 2022; Basso et al., 2023; Wang et al., 2023). 664 

Our findings first indicate that regions with relatively uniform hydroclimatic conditions (Germany, 665 

the UK, and Norway) tend to exhibit a single/dominant propensity of flood tail behavior. 666 

Conversely, in regions characterized by diverse conditions (the US), inferred flood tail behavior 667 

presents a balance between heavy- and nonheavy-tailed cases in terms of frequency and 668 

distribution. Climate conditions have been found shaping the catchment geomorphology (Wu et 669 

al., 2023) and river network dynamics (Ward et al., 2020) which contribute to the degree of 670 

catchment response nonlinearity (Biswal and Marani, 2010). Meanwhile, the changes in flood 671 

generation processes can significantly affect the frequency of large floods (Tarasova et al., 2023), 672 

potentially altering flood tail behavior. Our findings in Figure 3e exemplify how different flood 673 

generation processes, influenced by the interplay of varied hydrometeorological and terrain 674 

conditions, result in opposite flood tail propensities. 675 

We further identify key drivers of heavy-tailed flood behavior by conducting large scale 676 

physioclimatic analyses. Specifically, our findings reveal that regions with a pronounced 677 

propensity for heavy tails exhibit distinct characteristics: the presence of a dry period and higher 678 

temperatures (as shown in Figure 4 and Table 1). This aligns with previous studies based on the 679 

mathematical analysis which associates heavier-tailed flood behavior with a lower frequency of 680 

streamflow-triggering rainfall events. Such lower frequency often results from erratic rainfall 681 

patterns and higher rates of evapotranspiration, leading to drier catchment conditions (Botter, 2010; 682 

Basso et al., 2016). In line with this theory, our large scale analysis provides evidence by showing 683 

a prevalent propensity for heavy tails in regions characterized by uneven rainfall patterns 684 

throughout the year (i.e., more erratic rainfall), contributing to the presence of dry periods, along 685 

with higher potential evapotranspiration rates, as indicated by higher temperatures. 686 

The underlying mechanism of the emergence of heavy-tailed flood behavior is attributed to 687 

variations in catchment water storage. In wetter catchments, relatively stable runoff coefficients 688 

are observed due to consistent high levels of soil moisture across events. In contrast, drier 689 

catchments exhibit larger variations in runoff coefficients between small and large events (Merz 690 

and Blöschl, 2009; Viglione et al., 2009). This increased variability in runoff coefficients results 691 

in high nonlinearity of catchment responses, favoring heavy-tailed flood behavior. Previous studies 692 

have suggested the prevalence of heavy tails in drier catchments (Molnar et al., 2006; Merz and 693 

Blöschl, 2009; Guo et al., 2014). Our findings show that this mechanism is primarily driven by 694 

concurrent higher evapotranspiration and lower rainfall in summer, as well as lower 695 
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evapotranspiration and higher rainfall in winter. These conditions lead to variations in storage, 696 

enabling the occurrence of both very small and very large flood events, thereby resulting in heavy-697 

tailed flood behavior. In line with this, Tarasova et al. (2018) observed clear seasonal dynamics of 698 

catchment average runoff coefficients in Germany, with higher values in wet winters and lower 699 

values in dry summers. 700 

The seasonality of flood tail behavior has been suggested in previous studies but remains less 701 

understood (Basso et al., 2015; Smith et al., 2018; Macdonald et al., 2022). It's noteworthy that 702 

more than one-third of catchments appear to exhibit inconsistent flood tail behavior across seasons 703 

(Figure 5). In these catchments, some seasons show a tendency toward nonheavy tails, while others 704 

tend to display heavy tails. Identifying these catchments and understanding the factors driving 705 

them to exhibit heavy tails is vital for hazard assessment. This understanding allows us to pinpoint 706 

catchments where extreme floods could potentially occur, even if methods solely based on annual 707 

maximum floods might estimate the flood tail as nonheavy based on annual maxima, when heavy 708 

tails can still occur within a single season. We have identified that regions characterized by 709 

stronger evapotranspiration dynamics across seasons favor this seasonality of flood tail behavior, 710 

as it leads to larger variations in water storage during higher evapotranspiration seasons, such as 711 

the growing seasons (highlighted in white in Figure 7). This finding aligns with previous studies 712 

that have observed similar seasonal dynamics in the nonlinearity of hydrological responses (Tashie 713 

et al., 2019; Tarasova et al., 2018). 714 

In this study, we also found that the relationship between flood tail behavior and the expansion of 715 

catchment scales can be explained by changes in catchment nonlinearity, which are influenced by 716 

distinct flood generation processes. Previous studies have presented diverse perspectives on the 717 

relationship between flood tail behavior and catchment scales. While some studies have suggested 718 

that smaller catchments tend to exhibit heavier tails (e.g., Meigh et al., 1997; Pallard et al., 2009), 719 

others have noted a similar trend but with only a weak correlation (Merz and Blöschl, 2009; 720 

Villarini and Smith, 2010). Meanwhile, some studies have found no significant relationship 721 

between these two variables (Morrison and Smith, 2002; Smith et al., 2018). These studies have 722 

explored this topic without reaching a consensus, and many conclusions lack sufficient evidence 723 

and a clear understanding. In contrast, our findings (Figure 8) distinctly differentiate between 724 

various patterns by considering region classifications based on distinct dominant flood generation 725 

processes, thereby providing a mechanistic understanding. As a catchment expands, it 726 

encompasses more diverse terrain, which in turn facilitates a wider range of altitudes and flood 727 

types. In regions where tail behavior is primarily influenced by evapotranspiration dynamics 728 

(Figure 8c), the presence of diverse altitudes tends to moderate the effect of higher temperatures, 729 

reducing the influence of high evapotranspiration on the emergence of heavy tails. In regions 730 

where tail behavior is primarily controlled by snowmelt (Figure 8d) (mainly composed of 731 

catchments in Norway in this study), it has been shown that larger catchments are more likely to 732 

encompass a mix of flood types, including snowmelt-driven and rainfall-driven floods (Vormoor 733 

et al., 2016). Merz et al. (2022) suggested that heavier-tailed behavior in rainfall-driven floods 734 

tends to dominate in such mixed conditions. Our findings support this hypothesis by demonstrating 735 

an increase in tail heaviness as catchment area enlarges. In regions where heavy tails are 736 

pronounced due to the strong nonlinearity resulting from the interplay of uneven rainfall and high 737 

evapotranspiration, there is no significant relationship between catchment nonlinearity and 738 
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catchment area (Figure 8b). This lack of relationship may be because the expansion of the 739 

catchment area does not appear to significantly enhance or reduce this interplay. 740 

To summarize the findings and underscore the contributions of this study, we benchmark them 741 

against the existing hypotheses proposed in the state-of-the-art review of heavy-tailed flood 742 

distributions (Merz et al., 2022). These hypotheses (highlighted in italics) provide a framework for 743 

understanding the factors influencing flood tail behavior, and our study sheds light on which of 744 

these hypotheses receive stronger support or require further refinement. We acknowledge that this 745 

summary does not cover all the hypotheses proposed in the review due to the scope of this study. 746 

Instead, it primarily focuses on the compartments of the atmosphere and catchment: 747 

“Hypothesis 2 (of the review paper): The Characteristic Flood Generation Process Shapes the 748 

Upper Flood Tail Catchments.” While previous studies have hinted at the possibility that regions 749 

where flood generation is dominated by rainfall-driven floods tend to exhibit heavier-tailed flood 750 

behavior compared to regions dominated by snowmelt (Bernardara et al., 2008; Thorarinsdottir et 751 

al., 2018), more explicit process explanations are desired. In line with this hypothesis, we present 752 

further evidence showing that the specific nonlinearity inherent in each flood generation process 753 

is the primary driver of flood tail behavior. Specifically, we show that in snowmelt-dominated 754 

regions, such as the case studies in Norway, hydrological responses closely resemble linear 755 

behavior and thus floods tend to exhibit pronounced nonheavy-tailed behavior. Conversely, heavy-756 

tailed floods are more prominent in regions like the UK, where hydrological responses display 757 

nonlinearity (as indicated by recession exponents above two). In these areas, flood generation 758 

processes are primarily driven by rainfall events. Furthermore, our study reveals that flood 759 

generation processes are significantly influenced by the interplay between regional terrain and 760 

meteorological features. These factors, in turn, impact the nonlinearity of hydrological responses 761 

and can determine the occurrence of heavy or nonheavy tails in flood distributions (Figure 3e). 762 

“Hypothesis 3: Mixture of Flood Event Types Generates Heavy Tails.” One argument presented 763 

in this hypothesis is that heavy tails may arise from the presence of a flood type displaying heavy-764 

tailed behavior within a mixture of processes (Morrison and Smith, 2002; Villarini and Smith, 765 

2010). However, studies exploring the relationship between the mixture of flood types and flood 766 

tails have been lacking. Our research addresses this gap by demonstrating that in regions primarily 767 

characterized by nonheavy-tailed floods, driven mainly by snowmelt, the tail heaviness increases 768 

as catchment areas expand. This increase is likely attributed to the incorporation of additional flood 769 

types, especially those associated with rainfall processes occurring in lowland and coastal areas, 770 

as catchment areas expand. Thus, our findings provide evidence that supports this hypothesis. 771 

“Hypothesis 4: Non-Linear Response to Precipitation Causes Heavy Flood Tails.” Studies have 772 

consistently highlighted the significance of nonlinearity in hydrological processes within 773 

catchments as a key determinant in the emergence of heavy-tailed flood behavior (e.g., Struthers 774 

and Sivapalan, 2007; Rogger et al., 2012; Basso et al., 2015). In our research, we contribute by 775 

introducing a quantitative approach that employs hydrograph recession exponents as a measure of 776 

nonlinearity in flood tail analyses and validate its effectiveness in identifying heavy-tailed flood 777 

behavior in a large scale analysis. While nonlinearity has long been acknowledged as a 778 

contributing factor, our works uniquely utilizes this driver as a reliable index by establishing a 779 

specific recession exponent threshold that robustly discriminates heavy-tailed distributions, 780 

characterized by power-law tails, from nonheavy ones, offering a valuable tool to the field. 781 
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Furthermore, our large scale analysis identifies rainfall unevenness and high temperatures as 782 

crucial drivers behind the observed nonlinearity in flood responses. Specifically, they intensify 783 

catchment soil dryness and amplify water balance storage variations, thereby facilitating both very 784 

small and very large runoff events, translating into heavy-tailed flood behavior. 785 

“Hypothesis 5: Drier Catchments Have Heavier Flood Tails Due To Interaction of Water Balance 786 

Processes.” In alignment with previous studies that suggest the water balance processes in drier 787 

catchments contribute to the emergence of heavy-tailed flood behavior (e.g., Molnar et al., 2006; 788 

Merz and Blöschl, 2009; Guo et al., 2014), we emphasize the critical interplay between uneven 789 

rainfall and evapotranspiration dynamics in facilitating these processes and shaping such the 790 

behavior. Specifically, our findings show that heavy-tailed flood behavior is more likely to occur 791 

in catchments characterized by lower rainfall and higher evapotranspiration in one season (e.g., 792 

summer), contrasted with more rainfall and lower evapotranspiration in another season (e.g., 793 

winter). When one of these conditions is lacking, heavy-tailed behavior may be less pronounced. 794 

For example, regions classified as BSh and BSk, both of which exhibit semi-arid characteristics 795 

based on their rainfall patterns, exhibit differences in the prevalence of heavy-tailed cases. BSk 796 

regions, despite their semi-arid status, exhibit fewer pronounced heavy-tailed cases due to colder 797 

temperatures (Table 1) and only show a higher rate of heavy-tailed cases during the summer 798 

(Figure 7). This interplay highlights the importance of considering the seasonality of flood tail 799 

behavior, particularly in regions that do not experience significant dry periods based on their 800 

rainfall patterns. In such regions, heavy tails are still likely to occur in seasons with higher 801 

evapotranspiration rates (indicated by the white area in Figure 7). 802 

“Hypothesis 6: Smaller Catchments Have Heavier Flood Tails Due To Less Pronounced Spatial 803 

Aggregation Effects.” A commonly debated question among hydrologists is whether the roles 804 

identified in large catchments are applicable to smaller ones, and vice versa. This issue has also 805 

arisen in discussions regarding flood tail heaviness, but evidence on the matter has been scattered. 806 

While smaller catchments have been suggested to exhibit heavier tails (Meigh et al., 1997; Pallard 807 

et al., 2009), previous research has revealed weak (Merz and Blöschl, 2009; Villarini and Smith, 808 

2010) to no (Morrison and Smith, 2002; Smith et al., 2018) correlations between catchment size 809 

and tail heaviness. Our findings (Figure 8) help clarify the relationship between catchment 810 

nonlinearity (used as an indicator of tail heaviness) and catchment sizes. We observe distinct 811 

patterns among regions characterized by strong, neutral, and weak conditions of heavy tail 812 

behavior. These findings underscore the importance of considering the dominant flood generation 813 

processes in each region and elucidate how catchment size interacts with flood tail behavior by 814 

influencing these dominant processes—either amplifying, reducing, or having no significant effect. 815 

6 Conclusions 816 

We analyze common streamflow dynamics to infer heavy-tailed flood behavior by employing a 817 

recently developed index of tail heaviness, namely the hydrograph recession exponent. The wide-818 

ranging dataset allows for unveiling spatial and seasonal patterns of flood tail behavior, and to 819 

construct a geography of heavy-tailed flood distributions. We analyze and discuss the underlying 820 

influences of hydroclimatic settings on this geographical patterns, as represented by Köppen 821 

climate characteristics. The main findings of this study can be summarized as follows: 822 

1. Capability of Recession Exponents for Detecting Heavy-Tailed Flood Behavior: The 823 

capability of this index to discern between case studies which display heavy-tailed flood 824 
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distributions and those exhibit nonheavy-tailed behavior is validated by using empirical data 825 

from catchments across Germany, Norway, the UK, and the US. This extensive analysis 826 

provides a well-rounded evaluation due to the inclusion of regions with divergent conditions, 827 

such as rainfall-driven floods (Germany, the UK, and the US) versus snowmelt-driven floods 828 

(Norway), as well as regions characterized by single/dominant hydroclimates (Germany, the 829 

UK, and Norway) versus those with mixed hydroclimates (the US). 830 

2. Regional Propensity for Heavy-Tailed Flood Behavior: Germany and the UK are 831 

characterized by a propensity for heavy-tailed flood behavior, which is prevalent in these 832 

regions. Conversely, a tendency for nonheavy-tailed flood behavior is predominant in Norway 833 

under current hydroclimatic conditions, as indicated by the degree of catchment nonlinearity 834 

in each region. The US exhibits a mixture of heavy- and nonheavy-tailed behavior. This is 835 

likely the results of overarching climatic characteristics, which also shape river network 836 

morphology, interacting with diverse regional physioclimatic settings. We emphasize that the 837 

relatively more uniform climates in Germany, the UK, and Norway contribute to a dominant 838 

presence of heavy or nonheavy-tailed behaviorsin these countries, while the US experiences 839 

more complex regional patterns due to more diverse hydroclimatic conditions.  840 

3. Factors Influencing Heavy-Tailed Flood Behavior: The presence of simultaneous dry 841 

periods (defined by uneven rainfall throughout the year) and higher temperatures emerge as 842 

the pivotal conditions favoring heavy-tailed flood behavior. Drier catchments alter the runoff 843 

generation process, resulting in higher nonlinearity of catchment responses, while higher 844 

temperatures elevate evapotranspiration rates, enhancing nonlinearity but also maintaining 845 

atmospheric moisture preventing precipitation limitations. The absence of either condition 846 

diminishes the prevalence of heavy-tailed flood behavior. More generalized climate 847 

categorizations like Arid, Temperate, and Continental exhibit minimal influence on our results. 848 

4. Seasonality of Flood Tail Behavior: We contribute to a better understanding of the 849 

seasonality of flood tail behavior. Around two-thirds of catchments exhibit consistent behavior 850 

across seasons, with the remaining one-third demonstrating seasonality. Heavy-tailed flood 851 

behavior is more likely during the growing season (spring to autumn) and diminishes during 852 

the dormant season (autumn to winter). These findings hint at the role of temperature-driven 853 

evapotranspiration dynamics for the emergence of heavy-tailed flood behavior, which are 854 

particularly important in regions which do not experience simultaneous dry conditions and 855 

high temperatures. 856 

5. Influences of Catchment Area on Flood Tail Behavior: We elucidate that the impacts of 857 

catchment size on flood tail behavior are primarily contingent on the dominant flood generation 858 

processes within each region. Specifically, the expansion of catchment area tends to have three 859 

distinct effects: (1) It diminishes tail heaviness in regions with moderate nonlinearity, 860 

characterized by strong evapotranspiration dynamics and relatively even rainfall throughout 861 

the year. This reduction is attributed to the smoothing of evapotranspiration variations. (2) 862 

Conversely, in regions with low nonlinearity, characterized by snowfall dynamics, increasing 863 

catchment area intensifies tail heaviness. This effect results from the inclusion of diverse flood 864 

types, particularly rainfall-driven floods. (3) In regions with high nonlinearity, characterized 865 

by simultaneous strong evapotranspiration dynamics and uneven rainfall throughout the year, 866 

catchment size expansion appears to have no significant impact on tail heaviness. This lack of 867 

effect is likely due to the absence of significant influence on rainfall patterns, which are critical 868 

in determining the presence of drier soil conditions. 869 
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We propose that a key mechanism driving the emergence of heavy-tailed flood behavior is the 870 

temporal variability in catchment storage, primarily induced by simultaneous high 871 

evapotranspiration rates and drier soil conditions. This variation in storage can lead to the 872 

occurrence of both very small and very large flood events, ultimately resulting in heavy-tailed 873 

flood behavior. In contrast, when the catchment remains consistently wet or dry, the magnitude of 874 

generated floods tends to fall within a similar range, leading to nonheavy tails in the distribution. 875 

It's important to emphasize that this mechanism is influenced by seasonality and catchment sizes, 876 

both of which play a role in shaping the variability in catchment storage. 877 

Appendix A Information on Study Regions 878 

Table A1. Daily Hydrological Data Information 879 

Region Germany UK Norway US 

Gauge Number 98 82 82 313 

Catchment Size 

[km2] 

110 – 23,843 
(median: 1,195) 

15 – 9,948 
(median: 283) 

4 – 40,504 
(median: 234) 

66 – 9,935 
(median: 1,769) 

Streamflow Record 

Length 

[year] 

35 – 63 
(median: 58) 

50 – 138 
(median: 59) 

50 – 148  
(median: 96) 

24 – 55  
(median: 55) 

Streamflow Record 

Duration 
1951 – 2013 1883 – 2021 1871 – 2019 1948 – 2002 

Number of Case 

Study 
(spring / summer / 

autumn/ winter) 

386 
(97 / 96 / 98 / 95) 

325 
(82 / 81 / 81 / 81) 

306 
(76 / 76 / 76 / 78) 

980 
(285 / 267 / 288 / 140) 

 

 880 

 881 
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 883 

 884 

 885 
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 887 
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Key Points  10 

1. Regional propensity of flood tail behavior is shown across a diverse geographical range 11 

based on the analysis of common streamflow dynamics. 12 

2. Temporal variability in catchment storage, driven by high evapotranspiration and dry soils, is 13 

a key mechanism for heavy-tailed floods. 14 

3. Examining flood generation processes aids in unraveling the connections between flood tail 15 

behavior and seasons or catchment sizes. 16 

Abstract 17 

Heavy-tailed flood distributions depict the higher occurrence probability of extreme floods. 18 

Understanding the spatial distribution of heavy tail floods is essential for effective risk assessment. 19 

Conventional methods often encounter data limitations, leading to uncertainty across regions. To 20 

address this challenge, we utilize hydrograph recession exponents derived from common 21 

streamflow dynamics, which have proven to be a robust indicator of flood tail propensity across 22 

analyses with varying data lengths. Analyzing extensive datasets from Germany, the United 23 

Kingdom (UK), Norway, and the United States (US), we uncover distinct patterns: prevalent heavy 24 

tails in Germany and the UK, diverse behavior in the US, and predominantly nonheavy tails in 25 

Norway. The regional tail behavior has been observed in relation to the interplay between terrain 26 

and meteorological characteristics, and we further conducted quantitative analyses to assess the 27 

influence of hydroclimatic conditions using Köppen classifications. Notably, temporal variations 28 

in catchment storage are a crucial mechanism driving highly nonlinear catchment responses that 29 

favor heavy-tailed floods, often intensified by concurrent dry periods and high temperatures. 30 

Furthermore, this mechanism is influenced by various flood generation processes, which can be 31 

shaped by both hydroclimatic seasonality and catchment scale. These insights deepen our 32 

understanding of the interplay between climate, physiographical settings, and flood behavior, 33 

while highlighting the utility of hydrograph recession exponents in flood hazard assessment. 34 

  35 
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1 Introduction  36 

Floods are devastating natural hazards that pose significant risks to infrastructure, property, and 37 

human life (McDermott, 2022; Bevere and Remondi, 2022). The unprecedented magnitude of 38 

extreme floods often characterizes these hazards, which is better depicted by the heavy-tailed 39 

behavior exhibited in flood frequency distributions (Smith et al., 2018; Merz et al., 2021; Merz et 40 

al., 2022). The concept of heavy-tailed behavior finds broad application in various fields to 41 

describe the likelihood of extreme event occurrences (Katz, 2002; Kondor et al., 2014; Malamud, 42 

2004; Sartori and Schiavo, 2015; Wang et al., 2022). In particular, it is widely recognized as a 43 

prevalent feature in hydrologic extremes (Papalexiou and Koutsoyiannis, 2013; Smith et al., 2018). 44 

To organize current knowledge on the drivers and underlying mechanisms of heavy-tailed flood 45 

distributions, Merz et al. (2022) conducted an extensive review of current studies and summarized 46 

their findings into nine hypotheses. Notably, they pointed out that while one might intuitively 47 

assume that heavy-tailed flood distributions are inherited from heavy-tailed rainfall distributions, 48 

the evidence does not always support this hypothesis. For instance, a study by McCuen and Smith 49 

(2008) revealed that cases with skewed rainfall distributions, implying longer and heavier tails, do 50 

not necessarily translate into skewed flood distributions. This finding is supported by similar 51 

results from Sharma et al. (2018), who discovered that although there has been a significant 52 

increase in rainfall extremes, a corresponding increase in flood extremes is not observed. Indeed, 53 

Gaume (2006) pointed out that the asymptotic behavior of flood distributions is primarily 54 

controlled by rainfall distributions only for situations with very large return periods.  55 

In the review of Merz et al. (2022), it becomes evident that multiple hydro-physiographic 56 

characteristics interact within a complex system, collectively shaping flood tail behavior. 57 

Specifically, the interplay between characteristic flood generation (Bernardara et al., 2008; 58 

Thorarinsdottir et al., 2018), the presence of mixed flood types (Morrison and Smith, 2002; 59 

Villarini and Smith, 2010), the tail heaviness of rainfall distributions (Gaume, 2006), catchment 60 

aridity (Molnar et al., 2006; Merz and Blöschl, 2009; Guo et al., 2014), and catchment area (Pallard 61 

et al., 2009; Villarini and Smith, 2010) are proposed as contributing factors to the nonlinearity of 62 

catchment responses. This nonlinearity is increasingly recognized as a plausible driver of heavy-63 

tailed flood behavior (Fiorentino et al., 2007; Struthers and Sivapalan, 2007; Gioia et al., 2008; 64 

Rogger et al., 2012; Basso et al., 2015; Merz et al., 2022; Basso et al., 2023; Wang et al., 2023). 65 

The nonlinearity of catchment hydrological responses manifests in the hydrograph recession 66 

behavior, commonly described by a power law function (Brutsaert and Nieber, 1977; Biswal and 67 

Marani, 2010; Tashie et al., 2020):  68 

𝒅𝒒

𝒅𝒕
= −𝑩 ⋅ 𝒒𝒂 69 

Here, q represents streamflow, t denotes time, and B and a are empirical constants referred to as 70 

the recession coefficient and exponent, respectively. Particularly, the recession exponent a is used 71 

to express linear to nonlinear responses. Higher a values indicate streamflow behavior with quicker 72 

rise for a peak and faster decay during high flow, while slower decay and more stability during 73 

low flow (Tashie et al., 2019). Given that a higher recession exponent reflects significant 74 
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nonlinearity in catchment responses, it has been proposed as an indicator of the emergence of 75 

heavy-tailed flood distributions (Basso et al., 2015; Wang et al., 2023). 76 

In our prior research (Wang et al., 2023), we introduced hydrograph recession exponents as a 77 

newly proposed indicator for heavy-tailed flood behavior. This indicator allows for an inference 78 

of heavy-tailed flood distributions based on physical mechanisms (i.e., typical hydrological 79 

processes within common streamflow dynamics). Importantly, it has shown its capacity to provide 80 

robust estimates for both short and long data records. Unlike traditional methods for identifying 81 

heavy tails, such as the upper tail ratio (Villarini et al., 2011; Lu et al., 2017) and the shape 82 

parameter of a fitted Generalized Extreme Value (GEV) distribution (Morrison and Smith, 2002; 83 

Villarini and Smith, 2010), which are sensitive to sample sizes (Wietzke et al., 2020), recession 84 

exponents offer more consistent estimates of flood tail heaviness across various data lengths. This 85 

characteristic makes it a valuable tool for analyzing regions with diverse gauge data records. 86 

Our aim in this following work is to construct a geography of flood tail behavior based on the 87 

inferred heavy-tailed flood ‘hotspots’, recognized by this indicator, thus ensuring comparability of 88 

analyses across different data lengths. Given that longer and comparable record lengths are 89 

desirable for analyzing heavy-tailed distributions using conventional methods (Cunderlik and Burn, 90 

2002; Papalexiou and Koutsoyiannis, 2013), and considering the global variation in available 91 

hydrological data lengths (Lins, 2008), this work contributes to filling the research gap by 92 

providing a reliable estimation of heavy-tailed flood behavior across a wide range of geography 93 

(Merz et al., 2022). Specifically, our objectives are twofold: (1) to validate the effectiveness of 94 

recession exponents in identifying heavy-tailed flood behavior through an extensive analysis, and 95 

(2) to investigate the underlying factors related to diverse physiographical settings, taking into 96 

account spatial patterns, seasonality, and catchment scale characteristics, and how they influence 97 

catchment nonlinearity, leading to the emergence of heavy-tailed floods. 98 

We organize the structure of this paper as follows: Section 2 describes the study areas and the 99 

hydrological data based on an extensive dataset composed of four countries, Section 3 describes 100 

the methods of estimation and validation of hydrograph recession exponents in identifying heavy-101 

tailed flood behavior in the dataset, the framework of the analyses of spatial patterns of inferred 102 

heavy-tailed flood behavior, the framework of the analyses of seasonal dynamics of inferred 103 

heavy-tailed flood behavior, and statistical tests. In Section 4, we present the validation results of 104 

our heavy-tailed flood behavior index, along with analyses of the relationships between flood tail 105 

behavior and geographical spatial characteristics, seasonal patterns, and catchment scales in these 106 

comparable countries. Physical interpretations of the results and remarks from the literature are 107 

discussed in Section 5. The main conclusions are summarized in Section 6. 108 

2 Study areas and data 109 

This study uses four distinct datasets, each serving a specific objective. We begin our analysis by 110 

examining case studies from Germany, providing an initial investigation into our research aims. 111 

The inclusion of case studies from the United Kingdom (UK) and Norway allows us to explore the 112 

applicability of the index in regions with both similar and contrasting physiographic settings 113 

compared to Germany. Lastly, the comprehensive dataset of case studies from the United States 114 
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(US), known for its diverse range of physiographical settings, enables us to validate and 115 

consolidate the transferability of our findings. 116 

Germany has a temperate oceanic climate, with mild temperatures and relatively evenly distributed 117 

precipitation throughout the year. The western parts of the country are influenced by the North 118 

Atlantic Drift, resulting in milder winters compared to the eastern parts, and the Alps play a 119 

significant role in the local climate of the south. The country's elevation ranges from sea level to 120 

2,962m, with lowlands in the north, uplands in the central, and mountain ranges in the south. The 121 

dominant soil types in Germany are podzols and brown earths, which can result in higher runoff 122 

and flash floods in areas with steep slopes and sparse vegetation. 123 

The UK also has a temperate oceanic climate, with diverse topography ranging from upland areas 124 

in the north and west to lowland areas in the south and east. The elevation ranges from sea level 125 

to 1,345m, with mostly lowland terrain dominated by limestone, shale, and sandstone. The 126 

dominant soil types are clay soils, which can result in higher runoff and flood risk in urban areas 127 

and other places with limited vegetation cover. 128 

Norway serves as a contrasting climate and terrain compared to Germany. It has a subarctic climate, 129 

and the country's terrain is mostly mountainous, with high altitude areas covered by snow and ice 130 

for much of the year. The elevation ranges from sea level to 2,469m, with mostly mountainous 131 

terrain and significant snow effects in the winter season. The dominant soil types are cryosols and 132 

podzols, which are characterized by low temperatures and low water-holding capacity. 133 

The US has a diverse range of climate and terrain conditions, with various climate types ranging 134 

from tropical to polar. The average temperature range varies widely depending on the region. The 135 

elevation ranges from sea level to 6,190m, with a diverse range of terrain types such as plains, 136 

plateaus, mountains, and coastal regions. The country includes arid desert regions, high mountain 137 

ranges, and extensive river systems. The dominant soil types vary widely, from aridisols in the 138 

deserts to mollisols in the Great Plains. 139 

We collected daily continuous streamflow records from 575 gauges across the four study regions 140 

to conduct our analyses. The corresponding drainage areas range from 4 to 40,504 km2. Our 141 

analysis was performed on a seasonal basis, considering spring (March-May), summer (June-142 

August), autumn (September-November), and winter (December-February) to account for the 143 

seasonality of hydrograph recessions (Tashie et al., 2020) and flood distributions (Durrans et al., 144 

2003). Each analysis conducted on a specific river gauge during a season was treated as a case 145 

study.  146 

We excluded gauges located downstream of large dams in all four regions (Lehner et al., 2011; 147 

Wang et al., 2022). Consistent with previous studies (e.g., Botter et al., 2007a; Botter et al., 2010; 148 

Ceola et al., 2010; Doulatyari et al., 2015; Basso et al., 2021; Basso et al., 2023), we chose case 149 

studies in Germany, the UK, and the US characterized by limited snowfall, which minimizes the 150 

potential transfer of water across seasons due to strong snow accumulation and melting. 151 

Specifically, this condition is defined as having an average daily temperature below zero degrees 152 

Celsius during precipitation events for over 50% of a season (Basso et al., 2021). However, 153 

recognizing that recession exponents can inherently capture both linear and nonlinear catchment 154 

responses, we intentionally included case studies in Norway, which are characterized by a 155 
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dominant runoff generation process driven by snow dynamics. This deliberate inclusion provides 156 

a counter-verification, allowing us to explore the capability of the recession exponent as a measure 157 

of flood tail behavior in regions primarily characterized by snowmelt-driven flood generation 158 

processes. In summary, this analysis encompasses regions dominated by both rainfall-driven and 159 

snowmelt-driven floods, providing an extensive examination of these factors. These procedures 160 

resulted in a total of 1997 case studies, distributed as follows: 540 in spring, 520 in summer, 543 161 

in autumn, and 394 in winter (refer to Table A1 for detailed information of each region). 162 

We incorporated the Köppen climate classification to recognize the spatial distribution of diverse 163 

hydroclimatic characteristics. This is obtained from the work presented by Beck et al. (2018), 164 

offering high-resolution (1-km) maps depicting present-day conditions (1980-2016). 165 

3 Methods 166 

3.1 Inferring Heavy Tails of Flood Distributions from Common Streamflow Dynamics 167 

We adopt a framework of the Physically-based Extreme Value (PHEV) distribution of river flows, 168 

introduced by Basso et al. (2021). This framework offers a mechanistic-stochastic characterization 169 

of both the magnitude and probability of flows, underpinned by essential hydrological processes 170 

like precipitation, infiltration, evapotranspiration, soil moisture, and runoff generation within river 171 

basins, as previously described in well-established mathematical description (Laio et al., 2001; 172 

Porporato et al., 2004; Botter et al., 2007b, 2009). 173 

Within the PHEV framework, we obtain consistent expressions for the probability distributions of 174 

various flow metrics, including daily streamflow, ordinary peak flows (local flow peaks resulting 175 

from streamflow-producing rainfall events), and floods (flow maxima within a specified timeframe) 176 

(Basso et al., 2016). The description of runoff generation and streamflow dynamics provided by 177 

this framework has been successfully tested across a diverse range of hydroclimatic and 178 

physiographic conditions through a number of studies (Arai et al., 2020; Botter et al., 2007a; Botter 179 

et al., 2010; Ceola et al., 2010; Doulatyari et al., 2015; Mejía et al., 2014; Müller et al., 2014; 180 

Müller et al., 2021; Pumo et al., 2014; Santos et al., 2018; Schaefli et al., 2013).  181 

By taking the limit of the PHEV framework, insights into the tail behavior of the flow distribution 182 

are obtained (Basso et al., 2015). Wang et al. (2023) showed that the tail of the distribution is 183 

exclusively governed by a power law function (indicating heavy tails) when the hydrograph 184 

recession exponent exceeds two, signifying discernible nonlinearity of catchment responses. 185 

Conversely, the tail appears as nonheavy when the recession exponent is below two, suggesting 186 

linearity of catchment responses. As a result, the hydrograph recession exponent has been proposed 187 

as a suitable indicator of heavy-tailed flood behavior, based on the analysis of common discharge 188 

dynamics.  189 

The hydrograph recession exponent a for each case study can be estimated as the median value of 190 

the exponents from power law functions fitted to the pairs of 𝒅𝒒 𝒅𝒕⁄  and q of individual 191 

hydrograph recessions (Jachens et al., 2020; Biswal, 2021). We identify the hydrograph recessions 192 
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as the ordinary peak flows and the subsequent daily streamflow decay, constrained by a minimum 193 

duration of five days. 194 

3.2 Validation of Hydrograph Recession Exponents as An Index of Heavy-Tailed Flood Behavior 195 

To validate the identification of heavy-tailed flood behavior obtained through estimated recession 196 

exponents, we fit a power law distribution to the empirical data distribution and evaluate the 197 

reliability of empirical power laws, serving as the benchmark of heavy-tailed flood behavior 198 

presented by data.  199 

A case study is considered to exhibit heavy-tailed behavior if the empirical power law effectively 200 

describes the tail behavior of the data distribution. We used the Kolmogorov-Smirnov (KS) 201 

statistic (κ), a common measure of distance between non-normal distributions, to preliminarily 202 

assess empirical power law distribution reliability (κ∈[0,∞], with κ=0 denoting highest reliability). 203 

To set the reference point of plausible empirical power laws, we employed a method introduced 204 

by Clauset et al. (2009), a state-of-the-art approach for fitting empirical power laws. In such an 205 

approach, the empirical power law exponent b is computed by fitting a power law to the upper tail 206 

of the data distribution. An optimized lower boundary is established by selecting the best fit based 207 

on the KS statistic. Subsequently, a Monte Carlo procedure is employed to determine if the fitted 208 

power law reliably represents the observed data (based on the KS statistic). This procedure aims 209 

to verify whether the residual errors between the data and the power law distribution fall within 210 

the range of fluctuations expected from random sampling. If the residual errors lie within this range, 211 

the power law is considered a dependable (plausible) representation of the empirical data 212 

distribution. We conduct these computations using the Python package plfit 1.0.3. We calculate 213 

empirical power law exponents b for each case and assess the consistency of identifying heavy-214 

tailed behavior using both a and b. 215 

We conduct our approach using three distinct empirical data distributions: daily streamflow, 216 

ordinary peaks, and monthly maxima. These multiple analyses strengthen our validation process 217 

and enhance the evaluation of our results. It's worth noting that our chosen benchmark, the 218 

empirical power law, may be influenced by fitting uncertainty due to data scarcity in certain cases, 219 

particularly when analyzing maxima. To mitigate this, we consider monthly maxima (Fischer and 220 

Schumann, 2016; Malamud and Turcotte, 2006) instead of the seasonal maxima previously used 221 

in the literature (e.g., Basso et al., 2021) in order to expand the sample size. Parallel analyses for 222 

cases with larger sample sizes (i.e., daily streamflow and ordinary peaks) provide more robust 223 

validation and lend support to the interpretation of results for maxima. 224 

In this section, Welch's t-test (at 0.05 significance level) is also used to determine significant 225 

differences (p < 0.05) or lack thereof (p > 0.05) in mean values between distributions. Such the 226 

statistical test was delected due to its robustness in handling skewed distributions, unequal 227 

variances, and different sample sizes in the analyzed data (Welch, 1947; Derrick et al., 2016). 228 

3.3 Analyses of Spatial and Seasonal Patterns of Inferred Flood Tail Behavior 229 

We construct a geographical representation of inferred heavy-tailed flood behavior by utilizing 230 

estimated recession exponents derived from common streamflow dynamics across study countries 231 

and for each season. This representation serves as an evaluation of the propensity of heavy-tailed 232 
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flood behavior across various regions and seasons. We simplify the seasonal results by identifying 233 

the dominant tail behavior, which refers to the majority of seasons exhibiting either heavy-tailed 234 

or nonheavy-tailed behavior, as the representative inferred flood tail behavior in the analysis of 235 

spatial pattern (Section 4.2). 236 

To determine the dominant hydroclimatic characteristic of each catchment, we overlay the Köppen 237 

climate map (Beck et al., 2018) with the river gauge and catchment boundary data. The most 238 

prevalent climate within the catchment (determined by overlapping areas within the boundary, or 239 

by the river gauge location if the boundary data is absent) is assigned as the representative feature. 240 

To analyze seasonal patterns, we initially investigate the coherence of inferred flood tail behavior 241 

across seasons, focusing on consistency between heavy- or nonheavy-tailed behavior. Catchments 242 

with valid recession exponents from only one season are omitted from this analysis. As a result, 243 

the selection comprises 98 out of 98 catchments in Germany, 81 out of 82 in the UK, 79 out of 82 244 

in Norway, and 290 out of 313 in the US. We also employ the Wilcoxon signed-rank test 245 

(Wilcoxon, 1945), a non-parametric statistical hypothesis test, at a significance level of 0.05 in 246 

this section. This test assesses whether the median of recession exponents (within a climate group 247 

on a seasonal basis) is above two, below two, or shows no significant difference from two (Figure 248 

7). 249 

4 Results  250 

4.1 Effectiveness of Identifying Heavy-tailed Flood Behavior Using Common Discharge 251 

Dynamics 252 

Figure 1 shows the frequency histograms of KS statistics κ for two groups of cases: red histograms 253 

denote cases with recession exponents a above two, and blue histograms denote those below two. 254 

The mean κ is significantly smaller (p<0.05) for the former group (red histograms) compared to 255 

the latter one (blue histograms) for the case studies from Germany, the US, and the UK. This result 256 

confirms that power law distributions (characterized by heavy-tailed behavior) better represents 257 

the empirical data in case studies with recession exponents above two. In the Norwegian case 258 

studies, no significant difference was instead identified between the two groups. This is likely due 259 

to the absolute values of the recession exponent in this context, which is lower than in the other 260 

three countries and mostly comprised between 1 and 2, thus indicating a prevalence of nonheavy-261 

tailed behaviors to date. 262 

To quantify the accuracy provided by the identification of heavy-tailed flood behavior through 263 

recession exponents, we set decreasing thresholds for κ, which correspond to increasing reliability 264 

of power laws as descriptions of the empirical data. The accuracy of our index (i.e., the recession 265 

exponent) can therefore be calculated as 𝑷(𝒂 > 𝟐|𝜿 < 𝜿𝒓) = 𝑵𝒄(𝒂 > 𝟐|𝜿 < 𝜿𝒓) 𝑵𝒄(𝜿 < 𝜿𝒓)⁄ , where 𝜿𝒓 266 

is the threshold, 𝑵𝒄(𝜿 < 𝜿𝒓) is the number of case studies with 𝜿 < 𝜿𝒓, and 𝑵𝒄(𝒂 > 𝟐|𝜿 < 𝜿𝒓) is the 267 

number of case studies with 𝒂 > 𝟐 among the 𝑵𝒄(𝜿 < 𝜿𝒓) case studies. We found that the accuracy 268 

is clearly correlated to the reliability level requested for the empirical power laws (represented by 269 

𝜿𝒓) for case studies in Germany, the US, and the UK. This confirms that the recession exponent 270 

provides higher accuracy in detecting heavy-tailed behaviors when the empirical distributions of 271 

observed data can be represented by power laws with more certainty, thus underscoring the 272 

consistency between identifying heavy-tailed cases by using the proposed index and the 273 
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observations. The accuracy increases in the same way also for case studies in Norway, but it always 274 

remains below 0.5. We will elucidate below reasons and implications of this finding after 275 

considering the results presented in Figure 2. 276 

 277 

Figure 1. Effectiveness of identifying heavy-tailed flood behavior using hydrograph recession 278 

exponents. Case studies in each country are categorized into two groups: red histograms 279 

representing recession exponents a above two and blue histograms representing recession 280 

exponents a below two. In all three analyses (daily streamflow, ordinary peak flow, and monthly 281 

maxima), every case study is subjected to empirical power law fitting, resulting in a representative 282 

power law for the dataset, measured by the KS statistic κ (where κ∈[0,∞] and κ=0 signifies 283 

maximum reliability). The histograms portray the count of case studies 𝑵𝒄 analyzed as a function 284 

of 𝜿  for two distinct groups. Dashed lines on the histogram plots indicate the means of the 285 

histograms. The means of two groups (a>2 and a<2) are subjected to Welch's t-test at a significance 286 

level of 0.05 to determine whether they are significantly different (p < 0.05) or not (p > 0.05). The 287 

line chart shows the accuracy of using the recession exponent to identify heavy-tailed behavior 288 

(denoted as 𝑷(𝒂 > 𝟐|𝜿 < 𝜿𝒓) = 𝑵𝒄(𝒂 > 𝟐|𝜿 < 𝜿𝒓) 𝑵𝒄(𝜿 < 𝜿𝒓)⁄ ) as the 𝜿𝒓 threshold decreases (i.e., as 289 

the reliability of empirical power laws increases). The results for Germany are reproduced from 290 

Wang et al. (2023). 291 

In Figure 2, we explore the correlation between the values of empirical power law exponents b and 292 

the values of recession exponents a for case studies confirmed to exhibit heavy-tailed behavior. 293 

This is achieved by utilizing the goodness-of-fit testing procedure of Clauset et al. (2009) to 294 

categorize case studies into ‘confirmed power-law-tailed case studies’ and ‘uncertain case studies.’ 295 

The former are depicted as black dots, while the latter are depicted as gray dots. The presence of 296 

a sizable number of uncertain case studies indicates the difficulty of establishing with certainty 297 

whether the underlying distribution of empirical data is or not a power law. This difficulty is often 298 
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due to limited data availability, although the possibility that they indeed do not follow power laws 299 

cannot be excluded. 300 

To highlight the correlation, we binned the confirmed power-law-tailed case studies and used red 301 

markers showing the median values of a and b (squares), the interquartile intervals of b (vertical 302 

bars), and the binning ranges of a. In each country, the composition of each bin encompasses one-303 

seventh of the total number of case studies, except for Norway, where this fraction is adjusted to 304 

one-fifth due to the limited number of confirmed power-law-tailed cases. We calculated Spearman 305 

correlations 𝒓𝒔  (Spearman, 1904) to test the correlation between a and b, which is valid for both 306 

linear and nonlinear associations between random variables. We found that a and b are 307 

significantly correlated at a significance level of 0.05 in Germany, the US, and the UK. In these 308 

three countries, a larger number of uncertain case studies emerge in the analysis of flow maxima 309 

compared to the analysis of daily streamflow and ordinary peak flow (respectively for daily 310 

streamflow, ordinary peaks, and flow maxima: 265, 270, and 352 out of 386 case studies in 311 

Germany; 258, 280, and 306 out of 325 case studies in the UK; and 589, 624, and 836 out of 980 312 

case studies in the US). Since the same case studies have already been confirmed to exhibit power-313 

law-tailed distributions in their daily streamflow and ordinary peak flow data, the increase of 314 

uncertain case studies in the analysis of flow maxima suggests that the greater level of uncertainty 315 

is due to limited data availability rather than indicating a rise in the number of non-power-law-316 

tailed case studies. 317 

In Norway, however, the majority of case studies across all three analyses (i.e., daily streamflow, 318 

ordinary peaks, and flow maxima) are identified as uncertain (respectively 291, 289, and 300 out 319 

of 306 case studies). These results align with the fact that the values of the recession exponent for 320 

the Norwegian case studies predominantly fall between 1 and 2 (Figure 2), indicating that to date 321 

catchment responses are relatively closer to being linear in Norway compared to the other countries, 322 

and implying the prevalence of nonheavy-tailed flood behavior. This also explains the pattern 323 

presented in the Norway panel of Figure 1. Given that the case studies generally have recession 324 

exponents below two, the number of case studies with recession exponents above two are not 325 

enough to distinguish between the two distributions of 𝜿.  326 

Overall, the effectiveness of recession exponents in distinguishing heavy- and nonheavy-tailed 327 

flood behavior has been substantiated (see also Wang et al., 2023). This differentiation hinges on 328 

a critical threshold: the value two. In datasets showcasing diverse physiographical characteristics, 329 

the interpretation is consistent. Areas with higher recession exponents (above two), indicating 330 

discernible nonlinearity in catchment responses, tend to exhibit heavy-tailed flood behavior. 331 
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Conversely, regions with lower recession exponents (below two), reflecting relatively linear 332 

responses in catchments, are more likely to signify nonheavy-tailed flood behavior.  333 

 334 

Figure 2. Empirical power law exponent b as a function of the hydrograph recession 335 

exponent a (physically-based index of heavy-tailed flood behavior). Case studies are classified 336 
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into groups of confirmed power-law-tailed (black dots) and uncertain (gray dots) case studies on 337 

the basis of the goodness-of-fit test (Clauset et al., 2009). The former group shows statistical 338 

confirmation that the data's distribution tail can be accurately characterized by a power law, 339 

indicating heavy-tailed behavior. Conversely, the latter group indicates our inability to statistically 340 

affirm whether the data follows a power law distribution or not. For the confirmed power-law-341 

tailed case studies, the correlation between the empirical power law exponent b and the hydrograph 342 

recession exponent a is underlined by red markers. This correlation is quantified using the 343 

Spearman correlation coefficient 𝒓𝒔  at a significance level of 0.05. The squares represent the 344 

median values of a and b, vertical bars indicate the interquartile intervals of b, and horizontal 345 

dashed bars indicate the binning ranges of a. In each country, the composition of each bin 346 

encompasses one-seventh of the total number of case studies, except for Norway, where this 347 

fraction is adjusted to one-fifth due to the constraint posed by the total number of confirmed power-348 

law-tailed case studies. The count of the confirmed power-law-tailed case studies in the analyses 349 

of daily streamflows, ordinary peak flows, and monthly flow maxima are as follows: 121, 116, and 350 

34 out of 386 case studies for Germany, respectively; 67, 45, and 19 out of 325 case studies for 351 

the UK, respectively; 391, 356, and 144 out of 980 case studies for the US, respectively; and 15, 352 

17, and 6 out of 306 case studies for Norway, respectively. The results for Germany are reproduced 353 

from Wang et al. (2023).  354 

4.2 Spatial Patterns of Inferred Flood Tail Behavior 355 

Figure 3 displays the spatial distribution of dominant flood tail behavior across seasons, based on 356 

the recession exponent values, for Germany, the UK, Norway, and the US, respectively. This 357 

dominant behavior represents either heavy or nonheavy tails, depending on what is observed in 358 

the majority of seasons. Additionally, Figure 4 and Table 1 provide quantitative analyses of the 359 

propensity of flood tail behavior across different regions. 360 

In Germany (Figure 3a), approximately 81% of catchments are identified as sites with dominant 361 

heavy-tailed flood behavior (red dots), indicating a prevalence of such behavior. This result agrees 362 

with the findings of Mushtaq et al. (2022), which reported that a distribution with a relatively 363 

heavier tail (i.e., the log-normal) best represent ordinary peak flows in the majority of German 364 

basins considered in their study. The inferred heavy-tailed sites are spread across Germany. They 365 

dominate in the eastern part, while there are mixed patterns of heavy- and nonheavy-tailed 366 

behavior in the western part. The climate conditions are primarily humid continental (Dfb) and 367 

temperate oceanic (Cfb). Humid continental climate is prominent in the east, while temperate 368 

oceanic climate generally covers the west.  369 

In the UK (Figure 3b), four climate types are present, with temperate oceanic climate (Cfb) being 370 

the dominant one. The terrain of this country in comparison to the other three countries is relatively 371 

homogeneous, with no high mountains. According to our findings, heavy-tailed flood behavior is 372 

prevalent in the UK, with a prevalence of 77%, especially in the eastern and southern coastal 373 

regions. Huntingford et al. (2014) reported a case in which a rapid succession of vigorous Atlantic 374 

low-pressure systems crossed much of the UK, resulting in repeated heavy rainfall events. 375 

Southeast England was identified as a distinct region characterized by exceptionally high flows, 376 

exacerbated by increasingly saturated catchments. These catchment characteristics and 377 
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hydrological responses align with our findings, which indicate the pronounced heavy tails in such 378 

a region.  379 

In Norway (Figure 3c), however, nonheavy-tailed flood behavior dominates. Approximately 89% 380 

of sites are inferred to have nonheavy-tailed flood behavior. Norway encompasses nine climate 381 

types but is primarily covered by Subarctic climate (Dfc), characterized by low temperatures and 382 

reduced evapotranspiration. Hydrological processes are significantly influenced by snow 383 

dynamics, which generally determine linear catchment responses as a result of snow accumulation 384 

and melting processes (Santos et al., 2018). 385 

In contrast to the aforementioned countries with relatively consistent climate and dominant flood 386 

behavior, the US (Figure 3d) display a diverse range of climate types and a balanced propensity 387 

toward heavy- and nonheavy-tailed flood behavior. The eastern regions dominated by humid 388 

subtropical climate (Cfa), hot-summer humid continental climate (Dfa), and temperate oceanic 389 

climate (Cfb) from south to north. The interior western states feature a cold semi-arid climate 390 

(BSk), while mixed patterns are observed in the western mountainous and coastal areas. An overall 391 

relatively even distribution of inferred heavy-tailed (52%) and nonheavy-tailed (48%) flood 392 

behavior prevails in this diverse climate country. 393 

Figure 3e provides an example of how the spatial distribution of flood behavior is influenced by 394 

regional physioclimatic features. In particular, catchments on the east side of the mountains exhibit 395 

pronounced heavy-tailed flood behavior, which aligns with the findings of Smith et al. (2018). 396 

This is likely due to the interaction between cold air from the inland polar jet stream and warm 397 

ocean currents leads to the formation of Nor'easters, which are synoptic-scale extratropical 398 

cyclones in the western North Atlantic Ocean along the US northeast coast. These weather systems 399 

often resulted in heavy rain or rain-on-snow events. Conversely, on the west side of mountains, 400 

catchments tend to exhibit nonheavy-tailed behavior, potentially due to the leeward rain shadow 401 

effect. 402 

In summary, the spatial distributions of inferred flood tail behavior denote that regions with 403 

dominant climate types (e.g., Germany, the UK, and Norway) tend to exhibit single or dominant 404 

flood tail behavior. Conversely, in regions with diverse climate conditions (e.g., the US), the 405 
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interplay among regional physioclimatic conditions emerges shows its impacts on the propensity 406 

of regional flood behavior. 407 

 408 

Figure 3. Spatial distribution of dominant flood behavior. The dominant pattern determines the 409 

representative flood tail behavior of catchments across all study countries, whether it is heavy or 410 

non-heavy, which is defined by the major pattern recognized across seasons. Tail behavior is 411 

inferred by hydrograph recession exponents. The ratio of heavy- to nonheavy-tailed catchments is 412 

indicated as H/NH ratio. Köppen climate classification based on Beck et al. (2018), with present 413 

climate types outlined by bold dark frames in the legend. (a) Germany, a total of 98 gauges 414 

represent catchments ranging from 110 to 23,843 km2, with a median area of 1,195 km2. (b) The 415 

UK, a total of 82 gauges represent catchments ranging from 15 to 9,948 km2, with a median area 416 

of 283 km2. (c) Norway, a total of 82 gauges represent catchments ranging from 4 to 40,504 km2, 417 

with a median area of 234 km2. (Note: some catchment boundaries are absent in the dataset for 418 

catchments in the UK and Norway.) (d) The US, a total of 313 gauges represent catchments ranging 419 

from 66 to 9,935 km2, with a median area of 1769 km2. (e) A zoomed-in map illustrates the 420 

discernible patterns of flood tail behavior resulting from specific flood generation processes 421 

influenced by the interplay between regional terrain and meteorological features. (Note: the 422 

cylinder map projection is employed in these maps.) 423 

To obtain quantitative results we examine the predominant flood tail behavior (inferred by 424 

recession exponents) of catchments across various climate regions and sort these regions based on 425 

the proportion of heavy-tailed catchments from high to low, as illustrated in Figure 4. By 426 

categorizing climate type regions based on the proportion of heavy-tailed catchments, we establish 427 

three groups according to their propensity of flood tail behavior: Heavy-tailed group, indicating 428 

regions with over 66.6% of catchments dominated by heavy tails; Neutral group, encompassing 429 

regions with 33.3% to 66.6% of catchments dominated by heavy tails, represents a relatively even 430 

propensity for both heavy and nonheavy tails in the catchments within these regions; and 431 

Nonheavy-tailed group, representing regions with less than 33.3% of catchments dominated by 432 

heavy tails, denotes the propensity for nonheavy tails. According to the Köppen climate type 433 
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classification, the overarching hydroclimatic characteristics can be delineated by three hierarchical 434 

features: 1. the main group, which encompasses five areas—Tropical, Arid, Temperate, 435 

Continental, and Polar; 2. precipitation characteristics; and 3. temperature characteristics. The 436 

findings are synthesized in Figure 4 and Table 1, where the groups of flood tail behavior propensity 437 

are juxtaposed with the distinctive traits of each climate region. 438 

Five climate regions are identified as having a higher propensity for heavy tails: mediterranean 439 

climate (Csa), hot semi-arid climates (BSh), humid continental climate (Dsb), temperate oceanic 440 

climate (Cfb), and cool-summer mediterranean climate (Csb). These regions are characterized by 441 

warm to hot temperatures, often accompanied by occasional dry periods (except for Cfb). Based 442 

on the definition of Köppen climate classification the occurrence of dry periods is a result of 443 

significantly uneven rainfall throughout the year, with at least three times as much rainfall in the 444 

wettest month as in the driest month. In semi-arid climates (BSh), there is generally lower annual 445 

rainfall (summarized in Table 1). Higher temperatures increase the potentail evapotranspiration, 446 

often enhancing atmospheric moisture content and facilitating convective rainfall. Moreover, the 447 

dynamics of evapotranspiration in hillslopes influence the nonlinearity of runoff processes in 448 

catchments (Tashie et al., 2019). Dry periods can lead to lower catchment soil moisture, facilitating 449 

nonlinear runoff generation  (Merz and Blöschl, 2009; Viglione et al., 2009). The findings 450 

presented here indicate that heavy-tailed flood behavior tends to emerge due to the substantial 451 

nonlinearity observed in catchment hydrological processes, which is facilitated by temporally 452 

uneven rainfall and higher evapotranspiration variation throughout the year. 453 

We also find that certain regions show a relatively neutral propensity regarding flood tail behavior 454 

(either heavy- or nonheavy-tailed) and aggregate them into the second group of Figure 4 and Table 455 

1. These regions encompass cold semi-arid climates (BSk), humid continental climate (Dfb), 456 

humid subtropical climate (Cfa), and humid continental climate (Dfa). While cold semi-arid 457 

climates (BSk) experience dryness, they are characterized by very limit precipitation. In the other 458 

three regions (Dfb, Cfa, and Dfa), heavy tails may still occur due to higher evapotranspiration, 459 

which is driven by high temperatures. However, the relatively even distribution of rainfall 460 

throughout the year in these regions may reduce the propensity for heavy tails, resulting in a 461 

smoother occurrence of heavy-tailed flood behavior. In summary, the regions in this group still 462 

have a certain probability of exhibiting heavy-tailed flood behavior. However, the absence of either 463 

a drier state of the catchment (caused by uneven rainfall) or higher temperatures (that ensure 464 

sufficient atmospheric moisture for rainfall and strengthened nonlinearity) could constrain the 465 

occurrence of such behavior. 466 

In the last group, which includes regions with subpolar climate (Dfc), tundra climate (ET), and 467 

cold desert climates (BWk), there is a higher propensity for nonheavy tails, and the two evident 468 

factors for heavy tails recognized from previous results are generally lacking. Runoff generation 469 

in Dfc and ET is primarily driven by snow dynamics, with snowmelt being the main contributor 470 

to runoff. Snowmelt is highly dependent on energy capacity, resulting in hydrological responses 471 

that are more likely to exhibit linearity. This favors the occurrence of nonheavy-tailed flood 472 
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behavior (Thorarinsdottir et al., 2018). Catchments located in the region of BWk exhibit nonheavy-473 

tailed behavior might also be attributed to limited precipitation in desert. 474 

In this study, we do not find substantial influences of the general hierarchical feature (especially 475 

the temperate and continental climate classifications) on the propensity of flood tail behavior. 476 

To sum up this section, we have identified the conjunction of dry periods and higher temperatures 477 

as crucial meteorological factors significantly contributing to the dynamics of catchment storage, 478 

thereby influencing the nonlinearity of hydrological responses. These findings shed light on the 479 

interplay between catchments and meteorological conditions in the manifestation of heavy-tailed 480 

flood behavior. We acknowledge that these results are based on overarching conditions and do not 481 

encompass all climate types, and achieving an equal number of study sites across various climate 482 

regions might not always be feasible. Expanding the number of study sites could further enhance 483 

our understanding, especially for extreme cases. 484 

 485 

Figure 4. Propensity of inferred flood tail behavior in diverse climate regions. Catchments are 486 

categorized by climate types and grouped by dominant (across seasons) heavy-tailed case 487 

percentages. Three groups are defined by heavy-tailed case proportions: Zone 1 (>66.6%) 488 

represents heavy tails, Zone 2 (33.3-66.6%) is neutral, and Zone 3 (<33.3%) represents nonheavy 489 
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tails. The number of catchments in each climate region is indicated in parentheses after the climate 490 

type. 491 

Table 1. Comparison of inferred flood tail behavior propensity with climate characteristics. 492 

Propensity of  

Tail Behavior 

Köppen Climate Classification 

Dry 

Period 

Warm-

Hot Code 1st Main Group 

2nd Seasonal 

Precipitation 

3rd 

Temperature 

Heavy 

(Zone 1) 

Csa Temperate Dry Summer Hot Summer   

BSh Arid Semi-Arid Hot   

Dsb Continental Dry Summer Warm Summer   

Cfb Temperate No dry season Warm Summer 
 

 

Csb Temperate Dry Summer Warm Summer   

Neutral 

(Zone 2) 

BSk Arid Semi-Arid Cold  
 

Dfb Continental No dry season Warm Summer 
 

 

Cfa Temperate No dry season Hot Summer 
 

 

Dfa Continental No dry season Hot Summer 
 

 

Nonheavy 

(Zone 3) 

Dfc Continental No dry season Cold Summer 
  

BWk Arid Dessert Cold  
 

ET Polar -- Tundra 
  

4.3 Seasonal patterns of Inferred Flood Tail Behavior  493 

We analyze the seasonality of flood tail behavior, an aspect of this phenomenon which has been 494 

previously suggested but remains poorly understood (Durrans et al., 2003; Basso et al., 2015; 495 

Macdonald et al., 2022). Figure 5 illustrates the spatial distribution of catchments with consistent 496 

tail behavior across seasons (i.e., with either heavy or nonheavy tails across all seasons; black 497 

triangles) and those with varying tail behavior across seasons (green dots). Catchments exhibiting 498 

inconsistent behavior spread across the whole US and Germany, whereas they are mostly 499 

concentrated in the southern parts of the UK and in the central mountainous regions of Norway. 500 

The percentages of catchments exhibiting inconsistent flood tail behaviors are respectively 33%, 501 

33%, 17%, and 34% in the US, Germany, the UK, and Norway. The results indicate that although 502 

the majority of catchments tend to exhibit stable heavy-/nonheavy-tailed behavior, still around 503 

one-third reveal changing patterns across seasons. Notably, there is a particularly high percentage 504 

of consistent patterns (83%) in the UK, likely due to the relatively uniform climate and terrain 505 

conditions across the country characterized by continuous rainfall throughout a year (as shown in 506 

Figure 3b). 507 

We further investigate the dynamics of heavy- and nonheavy-tailed case studies across seasons in 508 

Figure 6. Heavy-tailed case studies increase from spring to autumn (approximately corresponding 509 

to the growing season in the northern hemisphere) and decrease from autumn to spring 510 

(approximately corresponding to the dormant season in the northern hemisphere), as seen in the 511 

aggregated patterns across all regions (panel a). This pattern can be attributed to the increasing 512 

temperature in the growing season, during which increasing evapotranspiration consumes water 513 
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storage in the shallow subsurface, escalating the nonlinearity of catchment responses (Tashie et al., 514 

2019). The seasonality of evapotranspiration effects on catchment nonlinearity is supported by the 515 

findings of Tarasova et al. (2018), who observed clear seasonal dynamics of catchment average 516 

runoff coefficients. These coefficients tend to be higher in wet winters and lower in dry summers. 517 

It has been shown that significant variation in runoff coefficients is linked to high nonlinearity of 518 

hydrological responses, facilitating heavier-tailed floods. This phenomenon is often observed in 519 

dry catchments (Merz and Blöschl, 2009). Other studies confirmed that the nonlinearity of 520 

catchment responses favors the emergence of heavy-tailed flood behavior (Gioia et al., 2008; 521 

Rogger et al., 2012; Basso et al. 2015), and is often expressed by quicker recession during high 522 

flow periods and greater stability during low flow periods. Conversely, during the dormant season, 523 

nonlinearity decreases due to reduced competition from evapotranspiration and replenished water 524 

storage. We underscore that the significant variability in evapotranspiration amplifies the 525 

fluctuation of catchment storage conditions, causing soil moisture levels to oscillate between drier 526 

and wetter states. This alternation leads to the occurrence of both very small and very large events, 527 

which are characteristic of heavy-tailed flood behavior. 528 

This dynamic is particularly pronounced in the US (panel b), where is characterized by a wide 529 

range of geography and diverse temperate and continental climates. The number of inferred heavy-530 

tailed cases can increase by 50 % from spring to autumn. In Germany and the UK (panels c and 531 

d), heavy-tailed behavior is relatively prevalent and shows no significant distinction from spring 532 

to autumn, but still experiences a noticeable decrease in winter, likely due to lower temperatures 533 

and evapotranspiration. Norway (panel e) presents different patterns due to varying controls on 534 

runoff generation. A slight increase in heavy-tailed cases during the winter is observed, which 535 

could be attributed to a relatively higher contribution of rainfall-driven flood events during a 536 

season when snowmelt-driven events are less common. 537 

We delve into the seasonal characteristics of this behavior further by combining the regional 538 

patterns based on climate classification. In Figure 7, the square dots represent the median of each 539 

box, marked as red, blue, or black to indicate the significance of its value above 2 (heavy), below 540 

2 (nonheavy), or not significantly different from 2, respectively. The last one (black squares) may 541 

imply an equal occurrence of heavy- and nonheavy-tailed cases or a lack of samples to draw 542 

conclusions. Based on the patterns of significance across seasons, regions with seasonality 543 

(defined as having different tail behavior propensity across seasons according to the significant 544 

values of median) are grouped in the white area, while those considered stable in heavy tails are 545 

in the red area, and those stable in nonheavy tails are in the blue area. For regions where statistical 546 

significance cannot be concluded for all seasons, we group them based on the absolute values of 547 

their medians. 548 

We find that the grouping based on their distinct patterns of seasonality (Figure 7) closely aligns 549 

with the grouping based on the analysis of dominant patterns throughout the year (Figure 4 and 550 

Table 1). Regions (red area in Figure 7 corresponded to the heavy-tailed group in Table 1) 551 

characterized by uneven rainfall distribution throughout the year, leading to pronounced 552 

fluctuations between drier and wetter soil states, combined with higher evapotranspiration rates 553 

(indicated by warm to hot temperatures), tend to exhibit a dominance of heavy-tailed behavior in 554 

their hydrological responses across all seasons. In areas (white area in Figure 7 corresponded to 555 

the neutral group in Table 1) where rainfall is more evenly distributed annually, the emergence of 556 

heavy-tailed behavior is often linked to increased evapotranspiration during the growing seasons, 557 
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particularly in spring and summer, and is less prominent during dormant seasons. This mechanism, 558 

which depends on evapotranspiration dynamics, substantiates the seasonality of flood tail behavior. 559 

Regions (blue area in Figure 7 corresponded to the nonheavy-tailed group in Table 1) where runoff 560 

generation is primarily influenced by snow dynamics tend to display linear hydrological responses. 561 

This is due to the fact that most runoff in these areas results from snowmelt during the growing 562 

seasons, driven by energy availability. These findings support the proposed mechanism of heavy-563 

tailed flood behavior concluded in the spatial analyses and further demonstrate the pivotal effect 564 

played by the variation of evapotranspiration and catchment storage on the emergence of heavy-565 

tailed flood behavior. 566 

In summary, while heavy-/nonheavy-tailed behavior is generally consistent across seasons, there 567 

is a certain probability for cases to exhibit seasonality. This seasonality of inferred heavy-tailed 568 

behavior shows a dynamic pattern of increasing during the growing season and decreasing during 569 

the dormant season. Regions with pronounced temperature variations across seasons, particularly 570 
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with hot summers, display such dynamics and highlight the role of evapotranspiration in 571 

catchments in driving this seasonality. 572 

 573 

Figure 5. Consistency of inferred flood tail behavior across seasons. (a) 290 catchments in the 574 

US. (b) 98 catchments in Germany. (c) 81 catchments in the UK. (d) 79 catchments in Norway. (e) 575 

Percentage of consistent and inconsistent catchments in each country. 576 

 577 

Figure 6. Seasonal variations in the percentage of inferred flood tail behavior between heavy 578 

and nonheavy case studies. (a) The aggregated results encompass all study regions, while the 579 

second line provides a breakdown by country. In total, there are 1,997 case studies composed by 580 
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540 in spring, 520 in summer, 543 in autumn, and 394 in winter. (b)-(e) Results for each study 581 

country (see Table A1 for detailed case numbers across seasons in each country). 582 

 583 

Figure 7. Seasonal variations in recession exponents (inferring flood tail behavior) across 584 

diverse climate regions. Case studies grouped by climate regions based on seasons. Medians of 585 

recession exponents in each group are compared with a value of two using Wilcoxon signed-rank 586 

test (significance level: 0.05). Red squares indicate significantly heavy-tailed (recession exponents 587 

> 2) groups, blue squares indicate significantly nonheavy-tailed (recession exponents < 2) groups, 588 

and black squares denote insignificance. Climate regions are categorized as follows: the red area 589 

denotes regions with prominent heavy tails across seasons, the blue area denotes regions with 590 

prominent nonheavy tails across seasons, and the white area denotes regions with significant 591 

seasonality in flood tail behavior. 592 

4.4 Factors associated with catchment scales and their role in flood tail behavior 593 

It remains unclear how flood tail behavior varies across catchment scales and what the underlying 594 

drivers and mechanisms are (Merz et al., 2022). We employ catchment nonlinearity, represented 595 

by recession exponents, to explore the influence of catchment scales on flood tail behavior, as 596 

depicted in Figure 8. We utilize the categorization of regions characterized by distinct controls on 597 
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flood tail behavior, primarily influenced by characteristic runoff generation processes (as three 598 

groups identified in Figure 7), to elucidate the underlying mechanisms. Case studies are 599 

categorized into bins based on catchment areas, with the median values represented by squares, 600 

interquartile intervals depicted by vertical bars, and catchment area ranges indicated by horizontal 601 

dashed bars. Panels a, b, c, and d present results for all regions, regions exhibiting significant heavy 602 

tails across seasons, regions with a neutral propensity and seasonal variations, and regions 603 

displaying pronounced nonheavy tails across seasons, respectively. Each panel comprises a total 604 

of 30 bins, with approximately 67, 33, 24, and 10 case studies in panels a, b, c, and d, respectively 605 

(with minor variations due to rounding). 606 

From the perspective of all case studies (Figure 8a), the pattern appears somewhat unclear. Apart 607 

from the case studies involving extremely small and large catchment areas, there seems to be a 608 

decrease in nonlinearity as catchment areas increase. Nevertheless, the relationship is rather weak 609 

and lacks clarity. These findings align with previous discussions on this matter (e.g., Merz and 610 

Blöschl, 2009; Villarini and Smith, 2010; Smith et al., 2018), which have suggested a relatively 611 

weak inverse correlation between catchment area and the occurrence of heavy-tailed flood 612 

behavior. 613 

However, we can evidently clarify this relationship by considering the distinct runoff generation 614 

processes recognized in different regions. Panel b illustrates that catchment area plays no 615 

significant role in catchment nonlinearity in regions characterized by prominent heavy tails. 616 

Whereas a clear inverse relationship between nonlinearity and catchment area is shown in panel c, 617 

representing regions characterized by a neutral propensity for heavy and nonheavy tails. In contrast, 618 

a proportional relationship between nonlinearity and catchment area is identified in panel d, 619 

representing regions characterized by prominent nonheavy tails. 620 

As shown by the previous sections, nonlinearity in neutral regions is primarily driven by high 621 

evapotranspiration facilitated by high temperatures. When the catchment area increases, it has a 622 

higher chance of encompassing diverse terrain types, including areas with higher altitudes, such 623 

as mountainous regions. Increased altitude tends to result in lower temperatures and 624 

evapotranspiration rates, negating the evapotranspiration variation and its impact on catchment 625 

nonlinearity, which is the main driver of nonlinearity in this region and thus substantiates an 626 

inverse relationship (Figure 8c). In regions with prominent heavy tails (Figure 8b), nonlinearity is 627 

generated from the interplay of uneven rainfall and evapotranspiration dynamics, and the 628 

enlargement of catchments does not substantively change this relationship. For regions with 629 

prominent nonheavy tails (Figure 8d), the underlying mechanisms are similar to the neutral regions 630 

but work in the opposite direction due to the differently dominant mechanism. Recall that the 631 

runoff process in this region is generally dominated by snow dynamics. The region is mainly 632 

located in high mountain or high latitude areas. As catchments expand, more diverse terrain is 633 

encompassed, potentially introducing a mixture of flood generation processes due to the 634 

incorporation of lowland or coastal areas. Particularly, more rain-on-snow events or rainfall-driven 635 

events may be encompassed in a same catchment together with snowmelt-driven events (Vormoor 636 

et al., 2016). Therefore, an increase in nonlinearity is facilitated due to the mixture of flood types, 637 

favoring the emergence of heavier tails in flood distributions (Tarasova et al., 2020). It should be 638 

noted that the tail patterns, based on Figure 8d, are still more likely to be nonheavy tails (i.e., 639 
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recession exponents below two), even though nonlinearity indeed appears to show an increasing 640 

tendency along with catchment area.  641 

These findings disentangle the relationship between flood tail behavior (inferred from catchment 642 

nonlinearity) and catchment scale, and provide a mechanistic understanding that underscores the 643 

role of variability in runoff generation processes introduced by the expansion of catchment area. 644 

 645 

Figure 8. Catchment nonlinearity as a function of catchment area. The recession exponents, 646 

representing catchment nonlinearity, have been evenly grouped into bins based on catchment areas. 647 

The squares denote the median values, vertical bars represent the interquartile intervals of the 648 

recession exponents, and horizontal dashed bars indicate the catchment area ranges for each bin. 649 

(a) All regions (encompassing case studies, n=1997). (b)-(d) show case studies separately 650 

according to categorization recognized in Figure 7. (b) Regions with prominent heavy tails (n=978). 651 

(c) Regions with seasonality and neutral propensity of flood tail behavior (n=733). (d) Regions 652 

with prominent nonheavy tails (n=286). In each panel, there are a total of 30 bins, each containing 653 
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approximately 67, 33, 24, and 10 case studies in panels a, b, c, and d, respectively (with slight 654 

variations due to rounding). 655 

5 Discussion  656 

We have confirmed the effectiveness of the recession exponent in identifying heavy-tailed flood 657 

behavior in case studies across countries with varying degrees of the propensity of such behavior: 658 

heavy-tailed richness (Germany and the UK), neutrality (the US), and nonheavy-tailed richness 659 

(Norway). This validation is substantiated by confirmed power law tailed cases, widely 660 

acknowledged as representatives of heavy-tailed distributions (El Adlouni et al., 2008; Clauset et 661 

al., 2009), and supported by the significance of catchment nonlinearity as a robust driver of heavy-662 

tailed flood behavior (Fiorentino et al., 2007; Struthers and Sivapalan, 2007; Gioia et al., 2008; 663 

Rogger et al., 2012; Basso et al., 2015; Merz et al., 2022; Basso et al., 2023; Wang et al., 2023). 664 

Our findings first indicate that regions with relatively uniform hydroclimatic conditions (Germany, 665 

the UK, and Norway) tend to exhibit a single/dominant propensity of flood tail behavior. 666 

Conversely, in regions characterized by diverse conditions (the US), inferred flood tail behavior 667 

presents a balance between heavy- and nonheavy-tailed cases in terms of frequency and 668 

distribution. Climate conditions have been found shaping the catchment geomorphology (Wu et 669 

al., 2023) and river network dynamics (Ward et al., 2020) which contribute to the degree of 670 

catchment response nonlinearity (Biswal and Marani, 2010). Meanwhile, the changes in flood 671 

generation processes can significantly affect the frequency of large floods (Tarasova et al., 2023), 672 

potentially altering flood tail behavior. Our findings in Figure 3e exemplify how different flood 673 

generation processes, influenced by the interplay of varied hydrometeorological and terrain 674 

conditions, result in opposite flood tail propensities. 675 

We further identify key drivers of heavy-tailed flood behavior by conducting large scale 676 

physioclimatic analyses. Specifically, our findings reveal that regions with a pronounced 677 

propensity for heavy tails exhibit distinct characteristics: the presence of a dry period and higher 678 

temperatures (as shown in Figure 4 and Table 1). This aligns with previous studies based on the 679 

mathematical analysis which associates heavier-tailed flood behavior with a lower frequency of 680 

streamflow-triggering rainfall events. Such lower frequency often results from erratic rainfall 681 

patterns and higher rates of evapotranspiration, leading to drier catchment conditions (Botter, 2010; 682 

Basso et al., 2016). In line with this theory, our large scale analysis provides evidence by showing 683 

a prevalent propensity for heavy tails in regions characterized by uneven rainfall patterns 684 

throughout the year (i.e., more erratic rainfall), contributing to the presence of dry periods, along 685 

with higher potential evapotranspiration rates, as indicated by higher temperatures. 686 

The underlying mechanism of the emergence of heavy-tailed flood behavior is attributed to 687 

variations in catchment water storage. In wetter catchments, relatively stable runoff coefficients 688 

are observed due to consistent high levels of soil moisture across events. In contrast, drier 689 

catchments exhibit larger variations in runoff coefficients between small and large events (Merz 690 

and Blöschl, 2009; Viglione et al., 2009). This increased variability in runoff coefficients results 691 

in high nonlinearity of catchment responses, favoring heavy-tailed flood behavior. Previous studies 692 

have suggested the prevalence of heavy tails in drier catchments (Molnar et al., 2006; Merz and 693 

Blöschl, 2009; Guo et al., 2014). Our findings show that this mechanism is primarily driven by 694 

concurrent higher evapotranspiration and lower rainfall in summer, as well as lower 695 
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evapotranspiration and higher rainfall in winter. These conditions lead to variations in storage, 696 

enabling the occurrence of both very small and very large flood events, thereby resulting in heavy-697 

tailed flood behavior. In line with this, Tarasova et al. (2018) observed clear seasonal dynamics of 698 

catchment average runoff coefficients in Germany, with higher values in wet winters and lower 699 

values in dry summers. 700 

The seasonality of flood tail behavior has been suggested in previous studies but remains less 701 

understood (Basso et al., 2015; Smith et al., 2018; Macdonald et al., 2022). It's noteworthy that 702 

more than one-third of catchments appear to exhibit inconsistent flood tail behavior across seasons 703 

(Figure 5). In these catchments, some seasons show a tendency toward nonheavy tails, while others 704 

tend to display heavy tails. Identifying these catchments and understanding the factors driving 705 

them to exhibit heavy tails is vital for hazard assessment. This understanding allows us to pinpoint 706 

catchments where extreme floods could potentially occur, even if methods solely based on annual 707 

maximum floods might estimate the flood tail as nonheavy based on annual maxima, when heavy 708 

tails can still occur within a single season. We have identified that regions characterized by 709 

stronger evapotranspiration dynamics across seasons favor this seasonality of flood tail behavior, 710 

as it leads to larger variations in water storage during higher evapotranspiration seasons, such as 711 

the growing seasons (highlighted in white in Figure 7). This finding aligns with previous studies 712 

that have observed similar seasonal dynamics in the nonlinearity of hydrological responses (Tashie 713 

et al., 2019; Tarasova et al., 2018). 714 

In this study, we also found that the relationship between flood tail behavior and the expansion of 715 

catchment scales can be explained by changes in catchment nonlinearity, which are influenced by 716 

distinct flood generation processes. Previous studies have presented diverse perspectives on the 717 

relationship between flood tail behavior and catchment scales. While some studies have suggested 718 

that smaller catchments tend to exhibit heavier tails (e.g., Meigh et al., 1997; Pallard et al., 2009), 719 

others have noted a similar trend but with only a weak correlation (Merz and Blöschl, 2009; 720 

Villarini and Smith, 2010). Meanwhile, some studies have found no significant relationship 721 

between these two variables (Morrison and Smith, 2002; Smith et al., 2018). These studies have 722 

explored this topic without reaching a consensus, and many conclusions lack sufficient evidence 723 

and a clear understanding. In contrast, our findings (Figure 8) distinctly differentiate between 724 

various patterns by considering region classifications based on distinct dominant flood generation 725 

processes, thereby providing a mechanistic understanding. As a catchment expands, it 726 

encompasses more diverse terrain, which in turn facilitates a wider range of altitudes and flood 727 

types. In regions where tail behavior is primarily influenced by evapotranspiration dynamics 728 

(Figure 8c), the presence of diverse altitudes tends to moderate the effect of higher temperatures, 729 

reducing the influence of high evapotranspiration on the emergence of heavy tails. In regions 730 

where tail behavior is primarily controlled by snowmelt (Figure 8d) (mainly composed of 731 

catchments in Norway in this study), it has been shown that larger catchments are more likely to 732 

encompass a mix of flood types, including snowmelt-driven and rainfall-driven floods (Vormoor 733 

et al., 2016). Merz et al. (2022) suggested that heavier-tailed behavior in rainfall-driven floods 734 

tends to dominate in such mixed conditions. Our findings support this hypothesis by demonstrating 735 

an increase in tail heaviness as catchment area enlarges. In regions where heavy tails are 736 

pronounced due to the strong nonlinearity resulting from the interplay of uneven rainfall and high 737 

evapotranspiration, there is no significant relationship between catchment nonlinearity and 738 
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catchment area (Figure 8b). This lack of relationship may be because the expansion of the 739 

catchment area does not appear to significantly enhance or reduce this interplay. 740 

To summarize the findings and underscore the contributions of this study, we benchmark them 741 

against the existing hypotheses proposed in the state-of-the-art review of heavy-tailed flood 742 

distributions (Merz et al., 2022). These hypotheses (highlighted in italics) provide a framework for 743 

understanding the factors influencing flood tail behavior, and our study sheds light on which of 744 

these hypotheses receive stronger support or require further refinement. We acknowledge that this 745 

summary does not cover all the hypotheses proposed in the review due to the scope of this study. 746 

Instead, it primarily focuses on the compartments of the atmosphere and catchment: 747 

“Hypothesis 2 (of the review paper): The Characteristic Flood Generation Process Shapes the 748 

Upper Flood Tail Catchments.” While previous studies have hinted at the possibility that regions 749 

where flood generation is dominated by rainfall-driven floods tend to exhibit heavier-tailed flood 750 

behavior compared to regions dominated by snowmelt (Bernardara et al., 2008; Thorarinsdottir et 751 

al., 2018), more explicit process explanations are desired. In line with this hypothesis, we present 752 

further evidence showing that the specific nonlinearity inherent in each flood generation process 753 

is the primary driver of flood tail behavior. Specifically, we show that in snowmelt-dominated 754 

regions, such as the case studies in Norway, hydrological responses closely resemble linear 755 

behavior and thus floods tend to exhibit pronounced nonheavy-tailed behavior. Conversely, heavy-756 

tailed floods are more prominent in regions like the UK, where hydrological responses display 757 

nonlinearity (as indicated by recession exponents above two). In these areas, flood generation 758 

processes are primarily driven by rainfall events. Furthermore, our study reveals that flood 759 

generation processes are significantly influenced by the interplay between regional terrain and 760 

meteorological features. These factors, in turn, impact the nonlinearity of hydrological responses 761 

and can determine the occurrence of heavy or nonheavy tails in flood distributions (Figure 3e). 762 

“Hypothesis 3: Mixture of Flood Event Types Generates Heavy Tails.” One argument presented 763 

in this hypothesis is that heavy tails may arise from the presence of a flood type displaying heavy-764 

tailed behavior within a mixture of processes (Morrison and Smith, 2002; Villarini and Smith, 765 

2010). However, studies exploring the relationship between the mixture of flood types and flood 766 

tails have been lacking. Our research addresses this gap by demonstrating that in regions primarily 767 

characterized by nonheavy-tailed floods, driven mainly by snowmelt, the tail heaviness increases 768 

as catchment areas expand. This increase is likely attributed to the incorporation of additional flood 769 

types, especially those associated with rainfall processes occurring in lowland and coastal areas, 770 

as catchment areas expand. Thus, our findings provide evidence that supports this hypothesis. 771 

“Hypothesis 4: Non-Linear Response to Precipitation Causes Heavy Flood Tails.” Studies have 772 

consistently highlighted the significance of nonlinearity in hydrological processes within 773 

catchments as a key determinant in the emergence of heavy-tailed flood behavior (e.g., Struthers 774 

and Sivapalan, 2007; Rogger et al., 2012; Basso et al., 2015). In our research, we contribute by 775 

introducing a quantitative approach that employs hydrograph recession exponents as a measure of 776 

nonlinearity in flood tail analyses and validate its effectiveness in identifying heavy-tailed flood 777 

behavior in a large scale analysis. While nonlinearity has long been acknowledged as a 778 

contributing factor, our works uniquely utilizes this driver as a reliable index by establishing a 779 

specific recession exponent threshold that robustly discriminates heavy-tailed distributions, 780 

characterized by power-law tails, from nonheavy ones, offering a valuable tool to the field. 781 
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Furthermore, our large scale analysis identifies rainfall unevenness and high temperatures as 782 

crucial drivers behind the observed nonlinearity in flood responses. Specifically, they intensify 783 

catchment soil dryness and amplify water balance storage variations, thereby facilitating both very 784 

small and very large runoff events, translating into heavy-tailed flood behavior. 785 

“Hypothesis 5: Drier Catchments Have Heavier Flood Tails Due To Interaction of Water Balance 786 

Processes.” In alignment with previous studies that suggest the water balance processes in drier 787 

catchments contribute to the emergence of heavy-tailed flood behavior (e.g., Molnar et al., 2006; 788 

Merz and Blöschl, 2009; Guo et al., 2014), we emphasize the critical interplay between uneven 789 

rainfall and evapotranspiration dynamics in facilitating these processes and shaping such the 790 

behavior. Specifically, our findings show that heavy-tailed flood behavior is more likely to occur 791 

in catchments characterized by lower rainfall and higher evapotranspiration in one season (e.g., 792 

summer), contrasted with more rainfall and lower evapotranspiration in another season (e.g., 793 

winter). When one of these conditions is lacking, heavy-tailed behavior may be less pronounced. 794 

For example, regions classified as BSh and BSk, both of which exhibit semi-arid characteristics 795 

based on their rainfall patterns, exhibit differences in the prevalence of heavy-tailed cases. BSk 796 

regions, despite their semi-arid status, exhibit fewer pronounced heavy-tailed cases due to colder 797 

temperatures (Table 1) and only show a higher rate of heavy-tailed cases during the summer 798 

(Figure 7). This interplay highlights the importance of considering the seasonality of flood tail 799 

behavior, particularly in regions that do not experience significant dry periods based on their 800 

rainfall patterns. In such regions, heavy tails are still likely to occur in seasons with higher 801 

evapotranspiration rates (indicated by the white area in Figure 7). 802 

“Hypothesis 6: Smaller Catchments Have Heavier Flood Tails Due To Less Pronounced Spatial 803 

Aggregation Effects.” A commonly debated question among hydrologists is whether the roles 804 

identified in large catchments are applicable to smaller ones, and vice versa. This issue has also 805 

arisen in discussions regarding flood tail heaviness, but evidence on the matter has been scattered. 806 

While smaller catchments have been suggested to exhibit heavier tails (Meigh et al., 1997; Pallard 807 

et al., 2009), previous research has revealed weak (Merz and Blöschl, 2009; Villarini and Smith, 808 

2010) to no (Morrison and Smith, 2002; Smith et al., 2018) correlations between catchment size 809 

and tail heaviness. Our findings (Figure 8) help clarify the relationship between catchment 810 

nonlinearity (used as an indicator of tail heaviness) and catchment sizes. We observe distinct 811 

patterns among regions characterized by strong, neutral, and weak conditions of heavy tail 812 

behavior. These findings underscore the importance of considering the dominant flood generation 813 

processes in each region and elucidate how catchment size interacts with flood tail behavior by 814 

influencing these dominant processes—either amplifying, reducing, or having no significant effect. 815 

6 Conclusions 816 

We analyze common streamflow dynamics to infer heavy-tailed flood behavior by employing a 817 

recently developed index of tail heaviness, namely the hydrograph recession exponent. The wide-818 

ranging dataset allows for unveiling spatial and seasonal patterns of flood tail behavior, and to 819 

construct a geography of heavy-tailed flood distributions. We analyze and discuss the underlying 820 

influences of hydroclimatic settings on this geographical patterns, as represented by Köppen 821 

climate characteristics. The main findings of this study can be summarized as follows: 822 

1. Capability of Recession Exponents for Detecting Heavy-Tailed Flood Behavior: The 823 

capability of this index to discern between case studies which display heavy-tailed flood 824 
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distributions and those exhibit nonheavy-tailed behavior is validated by using empirical data 825 

from catchments across Germany, Norway, the UK, and the US. This extensive analysis 826 

provides a well-rounded evaluation due to the inclusion of regions with divergent conditions, 827 

such as rainfall-driven floods (Germany, the UK, and the US) versus snowmelt-driven floods 828 

(Norway), as well as regions characterized by single/dominant hydroclimates (Germany, the 829 

UK, and Norway) versus those with mixed hydroclimates (the US). 830 

2. Regional Propensity for Heavy-Tailed Flood Behavior: Germany and the UK are 831 

characterized by a propensity for heavy-tailed flood behavior, which is prevalent in these 832 

regions. Conversely, a tendency for nonheavy-tailed flood behavior is predominant in Norway 833 

under current hydroclimatic conditions, as indicated by the degree of catchment nonlinearity 834 

in each region. The US exhibits a mixture of heavy- and nonheavy-tailed behavior. This is 835 

likely the results of overarching climatic characteristics, which also shape river network 836 

morphology, interacting with diverse regional physioclimatic settings. We emphasize that the 837 

relatively more uniform climates in Germany, the UK, and Norway contribute to a dominant 838 

presence of heavy or nonheavy-tailed behaviorsin these countries, while the US experiences 839 

more complex regional patterns due to more diverse hydroclimatic conditions.  840 

3. Factors Influencing Heavy-Tailed Flood Behavior: The presence of simultaneous dry 841 

periods (defined by uneven rainfall throughout the year) and higher temperatures emerge as 842 

the pivotal conditions favoring heavy-tailed flood behavior. Drier catchments alter the runoff 843 

generation process, resulting in higher nonlinearity of catchment responses, while higher 844 

temperatures elevate evapotranspiration rates, enhancing nonlinearity but also maintaining 845 

atmospheric moisture preventing precipitation limitations. The absence of either condition 846 

diminishes the prevalence of heavy-tailed flood behavior. More generalized climate 847 

categorizations like Arid, Temperate, and Continental exhibit minimal influence on our results. 848 

4. Seasonality of Flood Tail Behavior: We contribute to a better understanding of the 849 

seasonality of flood tail behavior. Around two-thirds of catchments exhibit consistent behavior 850 

across seasons, with the remaining one-third demonstrating seasonality. Heavy-tailed flood 851 

behavior is more likely during the growing season (spring to autumn) and diminishes during 852 

the dormant season (autumn to winter). These findings hint at the role of temperature-driven 853 

evapotranspiration dynamics for the emergence of heavy-tailed flood behavior, which are 854 

particularly important in regions which do not experience simultaneous dry conditions and 855 

high temperatures. 856 

5. Influences of Catchment Area on Flood Tail Behavior: We elucidate that the impacts of 857 

catchment size on flood tail behavior are primarily contingent on the dominant flood generation 858 

processes within each region. Specifically, the expansion of catchment area tends to have three 859 

distinct effects: (1) It diminishes tail heaviness in regions with moderate nonlinearity, 860 

characterized by strong evapotranspiration dynamics and relatively even rainfall throughout 861 

the year. This reduction is attributed to the smoothing of evapotranspiration variations. (2) 862 

Conversely, in regions with low nonlinearity, characterized by snowfall dynamics, increasing 863 

catchment area intensifies tail heaviness. This effect results from the inclusion of diverse flood 864 

types, particularly rainfall-driven floods. (3) In regions with high nonlinearity, characterized 865 

by simultaneous strong evapotranspiration dynamics and uneven rainfall throughout the year, 866 

catchment size expansion appears to have no significant impact on tail heaviness. This lack of 867 

effect is likely due to the absence of significant influence on rainfall patterns, which are critical 868 

in determining the presence of drier soil conditions. 869 
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We propose that a key mechanism driving the emergence of heavy-tailed flood behavior is the 870 

temporal variability in catchment storage, primarily induced by simultaneous high 871 

evapotranspiration rates and drier soil conditions. This variation in storage can lead to the 872 

occurrence of both very small and very large flood events, ultimately resulting in heavy-tailed 873 

flood behavior. In contrast, when the catchment remains consistently wet or dry, the magnitude of 874 

generated floods tends to fall within a similar range, leading to nonheavy tails in the distribution. 875 

It's important to emphasize that this mechanism is influenced by seasonality and catchment sizes, 876 

both of which play a role in shaping the variability in catchment storage. 877 

Appendix A Information on Study Regions 878 

Table A1. Daily Hydrological Data Information 879 

Region Germany UK Norway US 

Gauge Number 98 82 82 313 

Catchment Size 

[km2] 

110 – 23,843 
(median: 1,195) 

15 – 9,948 
(median: 283) 

4 – 40,504 
(median: 234) 

66 – 9,935 
(median: 1,769) 

Streamflow Record 

Length 

[year] 

35 – 63 
(median: 58) 

50 – 138 
(median: 59) 

50 – 148  
(median: 96) 

24 – 55  
(median: 55) 

Streamflow Record 

Duration 
1951 – 2013 1883 – 2021 1871 – 2019 1948 – 2002 

Number of Case 

Study 
(spring / summer / 

autumn/ winter) 

386 
(97 / 96 / 98 / 95) 

325 
(82 / 81 / 81 / 81) 

306 
(76 / 76 / 76 / 78) 

980 
(285 / 267 / 288 / 140) 

 

 880 

 881 

 882 

 883 

 884 

 885 

 886 

 887 
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