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Abstract 26 

The monitoring and forecasting of flash floods present significant challenges due to their rapid 27 

onset. While extreme rainfall events, a primary driver of flooding, are becoming flashier, there is 28 

no consensus on whether floods will exhibit similar trends in a warming climate. Here, we assess 29 

flash flood risk development over four decades across 741 basins globally using the flashiness 30 

index. Our findings reveal a significant shift towards flashier floods in nearly one-third of the 31 

basins, predominantly concentrated in cold and arid regions of the northern mid-latitudes. In these 32 

regions, the increase in flashiness is largely associated with larger flood peaks rather than changes 33 

in timing. We identify basins characterised by rising flood peaks, which are likely to require flood 34 

defence infrastructure capable of withstanding more severe flood events, as well as those marked 35 

by shorter onset times, which may face challenges in implementing short-term early warning 36 

systems. Specifically, the increase in flashiness in most North American basins is mainly 37 

associated with rising flood peaks, whereas in most European basins, it is dominated by shorter 38 

onset times. These findings underscore the urgency of implementing region-specific strategies to 39 

adapt to flashier floods in a warmer future. 40 

Key words 41 

Flash flood; Climate change; Explainable machine learning  42 

Highlights 43 

• One-third of global basins show a significant shift towards flashier floods. 44 

• A novel approach classifies flashier basins into Q-dominated and T-dominated ones.  45 

• In Q-dominated basins, intensifying extreme rainfall is the dominant meteorological 46 
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contributor to flashier floods. 47 

• T-dominated basins are associated with a complex interplay of multiple factors. 48 

1. Introduction 49 

Flooding is one of the most widespread and devastating natural disasters (Hirabayashi et al., 2013; 50 

Jongman et al., 2014; You et al., 2024; Zhou et al., 2025), exposing over one-fifth of the world’s 51 

population to significant risk (Rentschler et al., 2022) and causing annual global economic losses 52 

of $210 billion (Benfield, 2016). With climate change, the risk of loss of life and welfare due to 53 

flooding is projected to increase further in the future (Dottori et al., 2018). Flash floods are a type 54 

of flood that occurs within a short period, usually from minutes to several hours (Gourley et al., 55 

2013). They provide limited time for early warning, often leading to devastating impacts. Despite 56 

a long history of related research, flash floods have garnered increasing attention due to the 57 

significant challenges they pose to flood control infrastructure and governmental mitigation 58 

strategies. 59 

Numerous studies quantify flash flood risks and identify contributing factors. A widely adopted 60 

approach is to estimate the total rainfall required to produce bankfull flow, a condition that often 61 

triggers flash floods, and dynamically assess the impact of rainfall on the basin to predict the 62 

probability of flash flood occurrence within a short period. Building on this approach, several 63 

studies have identified an increasing trend in both the frequency and intensity of flash floods in 64 

certain regions, indicating a growing flash flood risk (Alipour, Ahmadalipour, & Moradkhani, 65 

2020; Georgakakos et al., 2022; Yin et al., 2023). However, this method does not account for the 66 

full continuum of land surface responses to extreme rainfall and river routing processes. A river 67 

flow-based method can address this issue, with one key approach being the computation of indices 68 
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that characterise the rapidity of floods and exploring their response to potential drivers (Bhaskar 69 

et al., 2000). The Richards-Baker Flashiness Index, originally proposed in 2004, reflects the 70 

frequency and rapidity of short-term changes in daily streamflow (Baker et al., 2004). 71 

Subsequently, the concept of flashiness was refined to the hourly timescale, and other variants 72 

were developed to quantify the severity, frequency, and duration of flood events (Li et al., 2023; 73 

Saharia et al., 2017). Using these indices, studies have reported a trend towards flashier floods in 74 

the United States, driven by climate change (Li et al., 2022).  75 

Although global extreme rainfall, a key driver of floods, has shown a tendency towards shorter 76 

durations with more pronounced peaks (Donat et al., 2016; Fowler et al., 2021; Guerreiro et al., 77 

2018; Ragno et al., 2018; Wasko et al., 2021), no consensus has been reached on whether there has 78 

been a transition to flashier floods at the global scale. Time to peak and peak magnitude, the two 79 

most directly related characteristics to the rising limb of a flood hydrograph, are considered 80 

alongside the rising limb as the three key features of flash floods (Bhaskar et al., 2000). Previous 81 

studies, however, have typically treated flash floods uniformly, failing to distinguish between 82 

different drivers that influence the distinct characteristics of flashier floods under climate change 83 

(Chen et al., 2022; Li et al., 2023; Saharia et al., 2017; Zhong et al., 2020). In this study, we used 84 

the Global Reach-Level Flood Reanalysis (GRFR) dataset (Yang et al., 2021) and applied an event-85 

based flashiness index to investigate changes in the speed of global flood onset. We propose a new 86 

classification method that categorises flashier floods into two types: those dominated by larger 87 

flood peaks (hereafter referred to as Q-dominated) and those dominated by shorter onset times 88 

(hereafter referred to as T-dominated). Using advanced explainable machine learning, we quantify 89 

the impact of meteorological drivers on changes in flood flashiness across different regions 90 

worldwide. For each classification of flashier floods, we conduct distinct attribution analyses using 91 
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explainable machine learning, providing insights into flood hazards and prevention strategies 92 

under various changing scenarios. This study aims to provide a comprehensive, in-depth 93 

assessment of changes in global flood flashiness. The results could serve as a basis for adapting 94 

global flood planning strategies and advocating climate-resilient mitigation measures for emerging 95 

flash flood hotspots. 96 

2. Methodology 97 

2.1 Definition of event-based, river reach-based and basin-based flashiness 98 

The definition of "flashiness" can be categorised into two types: event-based and basin-based. 99 

Event-based flashiness usually refers to the difference between the peak discharge and the action 100 

stage discharge, normalized by the time to peak (Figure 1). Based on flood events from the GRFR 101 

dataset (https://www.reachhydro.org/home/records/grfr) (Yang et al., 2021), the action stage is 102 

defined as the first record of each flood event, and the peak discharge is the maximum flow rate 103 

during a flood event. Floods in basins of varying sizes exhibit significant differences in both 104 

magnitude and temporal development. To ensure that event-based flashiness remains comparable 105 

across different basins, the rising limb slope is standardised by the basin area, as given in Eq. (1) 106 

(Li et al., 2022). 107 

𝐹𝑙𝑎𝑠ℎ𝑖𝑛𝑒𝑠𝑠𝑖,𝑗 =
𝑄𝑝𝑖,𝑗 − 𝑄𝑎𝑖,𝑗
𝐴𝑖𝑇𝑖,𝑗

(1) 108 

where 𝑄𝑝  and 𝑄𝑎  refer to the peak discharge and the action stage discharge of a flood event, 109 

respectively (Figure 1). The indices i and j indicate each river reach and flood event, respectively. 110 

A and T represent the catchment area and time to peak, respectively. This normalization expresses 111 

the discharge increase from action stage to flood peak as an area-specific rate of flood 112 

https://www.reachhydro.org/home/records/grfr
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intensification, reducing the direct influence of basin size on absolute discharge changes. However, 113 

catchment area does not capture all hydrogeomorphic controls on flashiness; other factors, such as 114 

reach length, slope, upstream drainage area, and unit catchment area, are considered separately in 115 

the attribution analysis. 116 

Basin-based flashiness refers to the risk of flash flooding in a specific basin, which is aggregated 117 

from river reach-based flashiness. An empirical cumulative distribution function (ECDF) is used 118 

to scale the event-based flashiness values between 0 and 1. The standardised version of flashiness 119 

is 120 

𝐹𝑖,𝑗̃ =
1

∑ 𝑁𝑖
𝑆
𝑖=1

∑∑𝐼(Flashiness≤𝑡)

𝑁𝑖

𝑗=1

𝑆

𝑖=1

(2) 121 

 122 

where 𝐹𝑖,𝑗̃ represents the flashiness value normalized using the empirical cumulative distribution 123 

function. 𝐼(Eq) is the indicator function yielding 1 if the condition Eq is true and 0 otherwise.  124 

Event-level flashiness given in Eq. (2) is computed for all flooding events. Following Li et al. 125 

(2022), the characteristic scaled flashiness variable for a given river reach or basin 𝑖 is summarized 126 

by the median value computed from all flooding events 𝑁𝑖  observed at that area. The median 127 

provides a robust estimate of typical event-based flashiness and reduces the influence of a few 128 

exceptionally extreme events. 129 

 130 

[𝐹𝑖̃: 𝑃(𝐹𝑖,𝑗̃ ≤ 𝐹𝑖̃)] =
1

2
, for 𝑗 ∈ {1,… , 𝑁𝑖} (3) 131 

 132 

where P represents the probability that the random variable 𝐹𝑖,𝑗̃ takes on a value less than or equal 133 

to Fĩ. 134 

The difference in river reach-based flashiness between 1980–1999 and 2000–2019 represents the 135 
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change in flashiness for each river reach. This approach is adopted due to the insufficient number 136 

of events to conduct a trend analysis. Specifically, certain years may lack flood events entirely, 137 

while others may experience multiple occurrences. Such gaps can impact trend analyses, and 138 

variations in the frequency and magnitude of flood events can introduce significant uncertainty. 139 

The significance of these changes was tested using the Mann-Whitney U test and the Kolmogorov-140 

Smirnov test. To account for multiple comparisons across the large number of Level 4 basins, we 141 

applied the Benjamini–Hochberg false discovery rate (FDR) (Benjamini & Hochberg, 1995) 142 

correction separately to the p-values from each test. Basins were classified as experiencing a 143 

significant increase in flashiness only when the percent change was positive and both FDR-144 

adjusted p-values were below 0.05. 145 

 146 
Figure 1. Definition of flashiness and classification of increasing flashiness. (a) Schematic 147 
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representation of event-level flashiness. The solid blue line represents flood discharge above the 148 

2-year return period threshold (dashed grey line), while the dash-dotted blue line indicates 149 

discharges below the threshold, which are set to zero in the GRFR data. The blue shaded area 150 

represents the flood event period, with the flood peak being the maximum flow during this period 151 

(Qp). The action stage is the first recorded flow during the flood period (Qa). Flashiness is 152 

calculated as the slope between Qa and Qp, divided by the catchment area. (b) Schematic 153 

representation of two categories of increasing flashiness. The dark blue line represents flood events 154 

occurring before the increase in flashiness, while the light blue line represents flood events after 155 

the increase in flashiness. 156 

2.2 Classification of flood flashiness 157 

Since flashiness encompasses both flood magnitude and temporal development, the increase in 158 

flood flashiness is categorised into two types (Figure 1b): (a) Flashier floods dominated by larger 159 

flood peaks (Q-dominated): the increase in flood flashiness is primarily attributed to the rise in 160 

peak flow rates, while the onset time of floods has not shown a significant trend or is lengthening 161 

(which typically results in reduced flashiness). (b) Flashier floods dominated by shorter onset times 162 

(T-dominated): the increase in flood flashiness is primarily attributed to the shortening of onset 163 

time, while the peak flow rates have not shown a significant trend or have decreased. This 164 

classification was applied only to basins that exhibited a significant increase in flashiness. For each 165 

of these basins, we separately evaluated the temporal trends in flood peak discharge and onset time 166 

for all river reaches using the Mann–Kendall test (see Figure S1 in Supporting Information S1). 167 

Only statistically significant reach-level trends were considered in the classification, while non-168 

significant trends were excluded. A basin was classified as Q-dominated if more than half of its 169 

river reaches with significant flood-peak trends showed increasing peak discharge, and as T-170 
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dominated if more than half of its river reaches with significant onset-time trends showed 171 

decreasing onset time. If both criteria were met, the basin was classified as a Q-T compound basin, 172 

indicating the coexistence of increasing flood peaks and shortening onset times. 173 

2.3 Attribution of flood flashiness using explainable machine learning 174 

We used the machine learning model LightGBM (Ke et al., 2017), with the training and testing 175 

targets being the event-based flashiness of each river reach. Model inputs comprised static features 176 

of the river reaches and dynamic features of flood events. Static features included length, slope, 177 

upstream drainage basin area, and unit catchment area, which were derived from underlying 178 

hydrography data in the GRFR. Dynamic features included upstream flooding and meteorological 179 

variables at the time of flood occurrence. To quantify the transfer of floodwaters from upstream to 180 

downstream reaches, we identified the peak discharge in the upstream river reaches during the 24-181 

hour period preceding the onset of flooding in the local reach, using this as an indicator of flood 182 

transfer from the upstream basin. Meteorological inputs consisted of daily average temperature, 183 

soil moisture, snowmelt and cumulative rainfall on the day of flood onset. The river reaches at a 184 

resolution of 0.05° were spatially matched to gridded meteorological data, with the grid value, or 185 

the average of multiple grids, used as the corresponding meteorological driver for each river reach. 186 

We optimised the LightGBM model structure hyperparameters using grid search combined with 187 

5-fold random cross-validation. The optimisation space of the parameters and the optimal 188 

hyperparameter combinations are shown in Table S1 in Supporting Information S1. 189 

The SHapley Additive exPlanations (SHAP) approach is a game theory-based method for 190 

calculating the impact of each feature on the prediction target (Shapley, 1953). It addresses the 191 

challenge of interpreting machine learning results. The SHAP value represents the contribution of 192 

each feature to each individual prediction (Lundberg, 2017). A SHAP value greater than zero 193 
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indicates a positive contribution from a feature to the mean prediction of the response variable 194 

(here, flashiness), and vice versa. Feature importance is defined as the absolute sum of all positive 195 

and negative contributions from each feature. SHAP values were computed using the Python 196 

scikit-learn library (Pedregosa et al., 2011), the “shap” package 197 

(https://github.com/slundberg/shap), and the TreeSHAP function (Lundberg et al., 2020). 198 

3. Data 199 

3.1 Flood data 200 

Hourly river flood data were obtained from Global Reach-Level Flood Reanalysis (GRFR) 201 

(https://www.reachhydro.org/home/records/grfr) (Yang et al., 2021). The use of modelled data is 202 

driven by the fact that only a small portion of global rivers are represented by gauges, and studies 203 

on flash floods require global sub-daily flow data. This dataset is a product of the VIC land surface 204 

model (0.05, 3-hourly) which is well-calibrated and bias-corrected and the RAPID routing model 205 

(2.94 million river and catchment vectors), which was originally developed by Lin et al. (Lin et 206 

al., 2019) as a daily product (GRADES) and updated to 3-hourly products in GRFR. The results 207 

have been assessed against 3-hourly flow records from over 6,000 gauges in CONUS and daily 208 

records from more than 14,000 gauges globally (Yang et al., 2021). Correlation coefficients ranged 209 

from 0.5 to 0.9 for daily flows and 0.7 to 0.9 for monthly flows. Approximately 44% of the gauges 210 

exhibited a relative bias of less than ±20%. Generally, simulations are more accurate in humid 211 

regions than arid regions. In the CONUS region, 74% of gauges achieved correlation coefficients 212 

greater than 0.5 when validated with 3-hourly data. To further assess the data's reliability, in this 213 

study, we validated 3-hourly model outputs against a screened subset of 4,123 sites. Selection 214 

criteria required less than 30% missing data and records exceeding 10 years in length. Our 215 

https://www.reachhydro.org/home/records/grfr
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validation results align closely with the aforementioned findings (see Figure S2 in Supporting 216 

Information S1). We further validated GRFR against the independent EuroMedeFF flash-flood 217 

database, using 218 event-station/reach hydrograph comparisons from 26 documented events. The 218 

correlations were generally acceptable, and cases with negative correlations were mainly 219 

attributable to timing offsets rather than missed flood responses, as shown by a ±24 h lag sensitivity 220 

test (Figure S3). Additionally, previous studies have acknowledged the data's proven global 221 

applicability and its effectiveness in representing hydrological processes across diverse regions 222 

(Feng & Gleason, 2024). These findings indicate that the model performs well and accurately 223 

reconstructs flood events, including extreme values. 224 

GRFR data include 3-hourly and daily naturalized river discharge, global 3-hourly river flood 225 

events from 1980 to 2019, and the underlying hydrography data provided by MERIT-Basins (Lin 226 

et al., 2019). In the GRFR flood-event product, flood events are extracted using a 2-year return-227 

period threshold, and discharge values below this threshold are set to zero. To test whether the 228 

flashiness metric is sensitive to this threshold, we conducted an additional sensitivity analysis 229 

using an approximated 3-year return-period threshold. The resulting river reach-based flashiness 230 

is highly consistent with that derived from the original 2-year threshold (Figure S4), indicating 231 

that our flashiness estimates are not strongly dependent on the threshold choice. 232 

3.2 Climate data 233 

Hourly soil moisture, temperature, and snowmelt data at a 0.25° spatial resolution for the period 234 

1980–2019 were obtained from the fifth generation of European ReAnalysis (ERA5) dataset 235 

(Hersbach et al., 2020) (https://cds.climate.copernicus.eu/). The gridded data were further spatially 236 

aggregated to correspond to each river reach and temporally aggregated to daily scale. Daily 237 

precipitation data were calculated from MSWEP version 2.2 (Beck et al., 2017) 238 
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(https://www.gloh2o.org/mswep/). MSWEP is a global precipitation product with a 3-hourly 0.1° 239 

resolution available from 1979 to the present. It compares better with Stage IV gauge–radar data 240 

than other global precipitation datasets (Beck et al., 2019; Feng & Gleason, 2024). Precipitation 241 

was partitioned into rainfall and snowfall on the basis of daily temperature using the following 242 

empirical model (Zhu et al., 2022): 243 

𝑅𝑎𝑖𝑛𝑓𝑎𝑙𝑙 =

{
 

 
𝑃 for 𝑇𝑒𝑚𝑝𝑎 ≥ 𝑇𝑒𝑚𝑝rain

𝑃 (
𝑇𝑒𝑚𝑝𝑎 − 𝑇𝑒𝑚𝑝snow
𝑇𝑒𝑚𝑝rain − 𝑇𝑒𝑚𝑝snow

)

0 𝑓𝑜𝑟 𝑇𝑒𝑚𝑝𝑎 < 𝑇𝑒𝑚𝑝snow

 for 𝑇𝑒𝑚𝑝snow ≤ 𝑇𝑒𝑚𝑝𝑎 ≤ 𝑇𝑒𝑚𝑝rain (4) 244 

where P is precipitation (mm) and 𝑇𝑒𝑚𝑝𝑎  is average daily air temperature (°C). Partitioning 245 

thresholds 𝑇𝑒𝑚𝑝rain and 𝑇𝑒𝑚𝑝snow are 3.0 and –1.0 °C, respectively. 246 

These meteorological datasets are consistent with the inputs of the underlying model used in the 247 

GRFR dataset, ensuring coherence in the data analysis. 248 

4. Results 249 

4.1 Spatial distribution of flashiness and its variations 250 

Based on all flood events identified using the GRFR dataset from 1980 to 2019, river reach-based 251 

flashiness was examined globally. The flashiness quantifies the overall rapidity of flood 252 

occurrences in a river reach, measured by the slope of the rising limb of flood events within the 253 

reach, using statistical methods. River reaches with high flashiness are predominantly concentrated 254 

in tropical climate zones (Beck et al., 2006), which are also the wettest regions in the world 255 

(Konapala et al., 2020), including Central America and the northern part of South America, Central 256 

Africa, South Asia, and Southeast Asia (Figure 2a, c). On average, flash floods account for 61% 257 

of all flood events in these regions. As the occurrence of floods is commonly generated by rainfall, 258 
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soil moisture, and snowmelt (Zhang et al., 2022), we examined the statistical relationships between 259 

flashiness and these underlying meteorological drivers (Figure 3). We found that flood events with 260 

high flashiness frequently occur under conditions of high rainfall and high temperature levels. This 261 

may be due to the fact that heat waves are often followed by heavy rainfall, a phenomenon 262 

potentially linked to atmospheric convection and moisture convergence, which can increase the 263 

likelihood of flash floods (You & Wang, 2021). For soil moisture, while a small subset of floods 264 

(< 5%) with higher flashiness occurs under extremely dry conditions (SM < 0.1 m3m-3), the 265 

flashiness of most flood events increases with rising soil moisture levels (Figure 3b). Across all 266 

river basins worldwide, river reaches with high flashiness and those with low flashiness are 267 

interspersed. This pattern arises because flashiness is influenced not only by climatic conditions 268 

but also by topographic factors. For example, previous studies have identified that flashiness 269 

exhibits positive correlations with channel slope and catchment slope, and a negative correlation 270 

with drainage area (Li et al., 2023; Saharia et al., 2017). 271 



manuscript submitted to Journal of Hydrology 

15 

 

 272 
Figure 2. Global patterns of river reach-based flashiness, its temporal changes, and climatic 273 

context. (a) Present-day flashiness indices calculated for the period 1980 to 2019. (b) Percent 274 

change from the early period (1980–1999) to the later period (2000–2019) in the flashiness indices 275 
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at the Level 4 basin. Basins marked with grey diagonal stripes indicate a significant increase in 276 

flashiness between the two periods, defined as a positive percent change with both Mann–Whitney 277 

U and Kolmogorov–Smirnov tests remaining significant after Benjamini–Hochberg FDR 278 

correction at the 5% level. (c) Major Köppen–Geiger climate zones, grouped into tropical, arid, 279 

temperate, cold, and polar classes. 280 

 281 

Figure 3. Relationship between event-based flashiness and different factors. The upper panels (a-282 

d) display boxplots of flashiness statistics across varying ranges of key factors: (a) rainfall, (b) soil 283 
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moisture, (c) snowmelt, (d) temperature. Whiskers represent the 1st and 99th percentiles, the top 284 

and bottom of the box are the 25th and 75th percentiles and the median is represented by the 285 

horizontal line internal to the coloured box. The lower panels illustrate the percentage of events in 286 

each bin. Asterisks (*) indicate statistically significant differences between adjacent bins, with * 287 

denoting p < 0.05, ** denoting p < 0.01 and *** denoting p < 0.001. 288 

We aggregated changes in river reach flashiness to Level 4 basins as defined by the HydroBASINS 289 

dataset for global analysis (Lehner & Grill, 2013). The HydroBASINS product utilises the 290 

'Pfafstetter' coding system, which provides a global hierarchical breakdown of basins into 12 sub-291 

basin levels. Level 4 basins strike an optimal balance, capturing spatial heterogeneity within 292 

individual basins while maintaining the broader spatial patterns necessary for global analysis. 293 

Larger basins may fail to account for internal spatial variability, while smaller basins might obscure 294 

broader global trends. Based on the FDR-corrected significance tests, nearly one-third of the basins 295 

experienced a significant increase in flood flashiness from 1980–1999 to 2000–2019. This increase 296 

is predominantly observed in North America, the northwestern part of Asia, Europe, and the 297 

eastern part of Africa and South America (Figure 2b). Latitudinally, significant increases in 298 

flashiness are more frequently observed in the mid-latitudes of the Northern Hemisphere (Figure 299 

4a). Notably, basins with inherently high river reach-based flashiness, such as those in Southeast 300 

Asia, South Asia, and Central Africa, have either not exhibited significant changes or have shown 301 

significant decreases in flashiness. The regions experiencing more substantial changes in 302 

flashiness are concentrated in basins with relatively moderate flashiness (Figure 4b). In other 303 

words, the majority of basins with lower flash flood risk are experiencing a shift to flashier floods 304 

in recent decades. To test whether these spatial patterns are sensitive to methodological choices, 305 

we conducted two robustness checks. First, we repeated the analysis using the mean ECDF instead 306 
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of the median ECDF to derive basin-based flashiness. The resulting spatial patterns and directions 307 

of change remain generally consistent (Figure 5). Second, we tested the sensitivity of flashiness 308 

changes to alternative temporal windows, including 1980–1994 versus 2005–2019 and 1980–2000 309 

versus 2001–2019. These alternative comparisons reproduced the main spatial patterns of 310 

flashiness change, indicating that the identified hotspots are broadly robust to the choice of 311 

temporal window (see Figure S5 in Supporting Information S1). 312 

 313 
Figure 4. Statistical distribution of flashiness changes in global basins. (a) Statistics on the fraction 314 
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of global basins experiencing significant flashiness increases at different latitudinal ranges. (b) 315 

Percentage change in basins with different flashiness levels from 1980‒1999 to 2000‒2019. The 316 

correlation between basin-based flashiness and flashiness change is -0.2 (p<0.001). Whiskers 317 

represent the 1st and 99th percentiles, the top and bottom of the box are the 25th and 75th 318 

percentiles and the median is represented by the horizontal line internal to the coloured box. 319 

Asterisks (*) indicate statistically significant differences between adjacent bins, with * denoting p 320 

< 0.05 and ** denoting p < 0.01. 321 

 322 
Figure 5. Comparison of flashiness changes aggregated using mean empirical cumulative 323 

distribution function (ECDF) versus median ECDF. (a) Similar to Figure 1b in the main text, but 324 
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based on mean ECDF. (b-c) validate the direction of flashiness changes calculated using both mean 325 

and median ECDF across all basins (b) and significant basins (c). 326 

Given that basins with significant increases in flashiness tend to experience greater negative human 327 

impacts than those with decreases, this study focuses on these significantly flashier basins. We 328 

categorise flashier basins into two types based on the characteristics of the floods. According to 329 

our classification, the majority of basins exhibiting transitions towards flashier flooding are Q-330 

dominated (see Figure S6 in Supporting Information S1), indicating that these basins have 331 

experienced increased flood intensity over comparable time scales. These basins are concentrated 332 

in northern North America, western Siberia, and western and southern Africa. T-dominated basins 333 

are relatively few; about half the area of Q-dominated ones, and are mainly concentrated at the 334 

Asian-European interface. The primary shift in these basins towards flash floods is characterised 335 

by a faster timing of flood events on a subdaily scale. Generally, Q-dominated or T-dominated 336 

basins suggest that the increase in flood flashiness manifests either as larger flood magnitudes or 337 

as more rapid peak attainment. Regardless of the form, the rate of flood discharge per unit time 338 

has increased, thereby elevating the potential risks posed to affected communities. Additionally, 339 

larger flood peaks and shorter onset times may coexist in a basin, which we refer to as a Q-T 340 

compound basin, accounting for 25% of all significant flashier basins (see Figure S6 in Supporting 341 

Information S1). All three basin types are predominantly located in cold and arid climatic zones, 342 

which collectively account for approximately 75% of all significant flashier basins. In these 343 

regions, most of the increase in flashiness is associated with larger flood peaks. While this climate-344 

zone pattern may also reflect the influence of basin morphology and human modification (Gannon 345 

et al., 2022; Saharia et al., 2017), the overrepresentation of significantly flashier basins in cold and 346 

arid zones suggests that these regions require particular attention to flash flood risks, especially 347 
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those linked to rising flood peaks. 348 

4.2 Attribution of T-dominated and Q-dominated regions under climate change 349 

North America and Europe, two regions known for significant economic losses from flooding 350 

(Ward et al., 2013), also exhibit high concentrations of significant flashier basins (Figure 2b, Figure 351 

S7 in Supporting Information S1). On average, these basins have seen a 6.9% rise in flashiness. 352 

Past studies have highlighted the severe damage caused by flash floods in these regions. For 353 

instance, Barredo (2007) found that 40% of flood-related casualties in Europe between 1950 and 354 

2006 were due to flash floods. On average, Europe records 50 flash flood-related fatalities each 355 

year (Sene, 2012). In the United States, over 28,000 flash flood events were reported between 2007 356 

and 2015 (Gourley et al., 2017), and flash floods caused the highest number of casualties among 357 

all flood types (Terti et al., 2017). Furthermore, the flash flood hazard in certain areas within 358 

Europe and North America, such as the southeast United States and central western Europe, as 359 

well as central to southern Europe, is expected to rise in both frequency and severity (Alipour, 360 

Ahmadalipour, & Moradkhani, 2020; Marchi et al., 2010; Meyer et al., 2021), with more severe 361 

impacts anticipated in these regions (Ahmadalipour & Moradkhani, 2019; Kvočka et al., 2016). A 362 

recent example of this trend occurred in late October 2024, when a devastating flash flood in Spain 363 

resulted in 224 deaths and 13 missing persons, making it the deadliest disaster in Spain in recent 364 

decades (Suardy, 2024). 365 

We observe that flood flashiness is undergoing significant changes in both North America and 366 

Europe (see Figure S8 in Supporting Information S1). Additionally, we identified key flashier 367 

basins for further detailed analysis and classified them into Q-dominated and T-dominated 368 

categories (Figure 6). Although Q-T compound basins are the most dangerous category, they 369 

account for only 17.5% of all basin types within North America and Europe, and they have the 370 



manuscript submitted to Journal of Hydrology 

22 

 

most complex mechanisms. For example, simultaneous increases in flood peaks and reductions in 371 

flood response time may be associated with intensified short-duration rainfall, changes in rainfall–372 

runoff efficiency, basin morphology, and human modifications. In addition to hydrometeorological 373 

extremes such as heavy rainfall (Fadhel et al., 2018), increased impervious cover and storm 374 

drainage have also been reported as factors that can increase peak discharge while reducing 375 

catchment response time (Miller et al., 2014; Suriya & Mudgal, 2012). Therefore, for clarity of 376 

attribution, we only focus on T-dominated and Q-dominated watersheds separately in our study. In 377 

Europe, the ratio of the area of Q-dominated to T-dominated basins is 2:3, while in North America, 378 

the majority of basins are Q-dominated, with a ratio of 3:1. Both Q-dominated and T-dominated 379 

basins exhibit distinct spatial distribution patterns. For example, in Europe, T-dominated basins 380 

are predominantly found in the eastern and western regions, while Q-dominated basins are mainly 381 

located in the central region. In North America, Q-dominated basins are primarily distributed in 382 

the northern part, consistent with Slater et al.'s findings on changes in flood magnitudes (Slater et 383 

al., 2021). Conversely, T-dominated basins are primarily distributed in the southwestern part 384 

(Figure 6b). Given that Q-dominated and T-dominated flashier floods are triggered by different 385 

mechanisms, their spatial distributions also vary. We infer that the significant increases in 386 

flashiness dominated by these two distinct factors are influenced by different underlying drivers. 387 
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 388 

Figure 6. Classification of Level 4 basins with significant increases in flashiness. (a) Classification 389 

of basins exhibiting significant increases in flashiness across Europe. The blue regions represent 390 

areas in which the increase in flashiness is predominantly influenced by a shortened onset time, 391 

whereas the green regions represent areas where the increase in flashiness is primarily influenced 392 

by higher flood peak discharge. (b) Similar to a, but for basins across North America. 393 

Flooding is a complex physical process that can be triggered by multiple mechanisms, usually 394 

associated with rainfall, temperature, snowmelt, soil moisture and some topographic factors 395 

(Alipour, Ahmadalipour, Abbaszadeh, et al., 2020; Kemter et al., 2020; Sikorska et al., 2015). 396 

Furthermore, changes in land use and land cover, along with other anthropogenic factors, 397 

significantly influence flooding, particularly in smaller basins (Blöschl et al., 2020; Goodrich et 398 

al., 2020; Jodar-Abellan et al., 2019). Traditionally, hydrologic models have been employed to 399 

evaluate the drivers of flash floods (Looper & Vieux, 2012; Miao et al., 2016; Nguyen et al., 2016). 400 

However, these models often rely on detailed local-scale data, which are frequently unavailable, 401 

limiting their applicability (Hapuarachchi et al., 2011). To understand the factors that determine 402 

the flashiness of flood events, here we employed Light Gradient-Boosting Machine (LightGBM) 403 

models and used SHapley Additive exPlanations (SHAP) values to estimate the contribution of 404 

different factors. To capture a comprehensive range of variables influencing flashiness and ensure 405 
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accurate attribution, we incorporated both hydrological features (e.g., river reach length, slope, 406 

upstream drainage basin area, unit catchment area) and meteorological features (e.g., rainfall, 407 

temperature, soil moisture, snowmelt on the day of flood onset) of the basin as inputs for the 408 

machine learning model. The LightGBM model demonstrates strong out-of-sample prediction 409 

performance, with a high ratio of explained variance (R2= 0.72) (Figure 7).  410 

 411 
Figure 7. Model performance of LightGBM. (a-b) Scatter density plots of observations and 412 

predictions of the LightGBM model for the training (a) and test (b) datasets. 413 

Figure 8a and 8b show the meteorological features we considered for the flashiness models. While 414 

we integrate hydrological features and flood transfer dynamics from upstream basins to enhance 415 

the predictive accuracy of our machine learning model, parameters such as reach length, slope, 416 

and drainage basin area remain relatively static in the short term. Consequently, our analysis 417 

prioritises the impact of meteorological drivers on flashiness variations, particularly in the context 418 

of climate change. The feature importance rankings, as estimated by SHAP values, reveal a 419 

consistent pattern across both Q-dominated and T-dominated basins. Rainfall emerges as the most 420 

critical meteorological variable, followed by temperature. To explore flashiness evolution 421 
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characteristics and conduct attribution analysis, we divided the basins with significant changes in 422 

flashiness into two groups, Q-dominated and T-dominated, and plotted the time series of anomalies 423 

of annual flood characteristics (peak flow and onset time) and meteorological factors from 1980 424 

to 2019 (Figure 8c, d). It is noticeable that there has been no significant change in peak discharge 425 

(Qmax) in T-dominated basins (Figure 8d), indicating that the increase in flashiness is primarily 426 

due to a substantial shortening of the onset time. Conversely, in Q-dominated basins, since changes 427 

in onset time do not lead to an increase in flashiness, the increase in flashiness is primarily due to 428 

a significant increase in flood peak discharge (Figure 8c).  429 

 430 
Figure 8. Attribution of flashier floods in Q-dominated and T-dominated basins. Two basin types 431 

are presented: 51 basins with significantly (p<0.05) increasing flash flood magnitude (left) and 28 432 
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basins with significantly decreasing onset time (right). (a-b) Feature importance of Q-dominated 433 

basins (a) and T-dominated basins (b) based on SHapley Additive exPlanations (SHAP) values 434 

from the LightGBM model, with the target variable being flood event flashiness. (c-d) Interannual 435 

variations of flood characteristics and associated variables over all Q-dominated basins (c) and T-436 

dominated basins (d) from 1980 to 2019. The y-axis represents standardised anomalies. The grey 437 

dotted line indicates linear regression, and asterisks (*) denote statistically significant trends (p < 438 

0.05), with p-values computed using the Mann-Kendall test. 439 

In Q-dominated basins, SHAP analysis indicates that rainfall is the most significant meteorological 440 

contributor to flashiness (Figure 8a). Although temperature is the second most important predictor, 441 

the distribution of SHAP values across varying temperature ranges reveals limited sensitivity 442 

differences (see Figure S9 in Supporting Information S1), suggesting that temperature alone is 443 

unlikely to be the driving factor behind increases in flashiness. Among the meteorological 444 

predictors related to water quantity, only the 95th quantile of rainfall showed a significant upward 445 

trend. In Figure S9, we observe a positive association between SHAP values and rainfall. This 446 

indicates that higher rainfall has a more significant positive contribution to the flashiness of floods, 447 

with the increase in Qmax being associated with the intensification of extreme rainfall. In addition, 448 

the variation of annual 95th-percentile rainfall is similar to the variation in the relative change in 449 

annual maximum discharge. Specifically, the relative change in annual maximum discharge 450 

increases (decreases) when annual 95th percentile rainfall increases (decreases), suggesting a close 451 

association between increasing extreme rainfall and larger flood peaks (Figure 8c). Thus, the 452 

increase in extreme rainfall appears to be the most important meteorological factor associated with 453 

increasing flashiness in Q-dominated basins. 454 

In contrast, similar direct attribution is difficult to achieve in T-dominated basins. SHAP values 455 
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derived from all flood events in T-dominated basins indicate that rainfall is also the most significant 456 

meteorological contributor to flashiness (Figure 8b). However, the 95th percentile of rainfall 457 

during the study period has significantly decreased on average across all T-dominated basins 458 

(Figure 8d), which would typically lead to a reduction in flashiness. Therefore, it is unlikely that 459 

rainfall is responsible for the observed increase in flashiness in this region. Temperature shows a 460 

weak positive effect on flashiness, while soil moisture and snowmelt exhibit nonlinear or weak 461 

contributions (see Figure S10 in Supporting Information S1). These results suggest that, among 462 

the hydrometeorological variables considered here, no single variable provides a robust 463 

explanation for the shortening of flood onset time in T-dominated basins. Therefore, the T-464 

dominated response is more likely to reflect a complex combination of hydrological routing, 465 

antecedent catchment conditions, land-surface characteristics, and potentially unrepresented 466 

factors such as land-use change or soil hydraulic properties, rather than a direct climate-driven 467 

response (El Alfy, 2016). 468 

5. Discussion  469 

Event-based flashiness and river reach-based (or basin-based) flashiness capture distinct aspects 470 

of flash flood dynamics, each conveying unique physical meanings. Event-based flashiness 471 

measures the rate at which specific flood events intensify, with higher values indicating faster 472 

increases in flood volume per unit time, thus posing greater risks to human safety. In contrast, river 473 

reach-based (basin-based) flashiness reflects the risk of flash flooding in a specific river reach 474 

(basin). A higher level of river reach-based (basin-based) flashiness indicates a greater likelihood 475 

of flash flooding occurring in that area. Therefore, reaches with greater observed flashiness have 476 

a higher occurrence of flash floods (Figure 2a, Figure S11 in Supporting Information S1). Although 477 

there are no global-scale analyses of changes in flash flood risk, regional studies have observed 478 
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the potential for greater flash flood risk in both occurrence and severity. Dougherty and Rasmussen 479 

(2020) found that flash flood–producing storms in the United States will not only increase runoff 480 

efficiency in a future climate but also be accompanied by higher rainfall intensity, which could 481 

exacerbate flash flood risks. Correspondingly, Li et al. (2016) used a continental convective-482 

permitting numerical weather model to project that U.S. floods will become flashier by the end of 483 

the century. Intense rainfall, as one of the main causes of flash floods, is also observed to have a 484 

tendency to be more intense and shorter in duration in North America and Europe (Wasko et al., 485 

2021). This suggests a potentially heightened risk of flash floods in these regions, which aligns 486 

with the flashier flood hotspot areas identified in Figure 2b. 487 

Although GRFR has been validated against gauges, we acknowledge that discharge biases can be 488 

larger in cold and arid regions. To evaluate whether such uncertainty could affect the classification 489 

of cold/arid hotspots, we performed an additional Monte Carlo sensitivity test (Saltelli et al., 2008) 490 

using hourly USGS gauge validation results. Specifically, we used the bias in annual maximum 491 

discharge as a proxy for GRFR peak-discharge uncertainty and propagated this bias to GRFR-492 

derived event flashiness. The analysis focused on cold/arid basins with significant increases in 493 

flashiness. Under 500 validation-based perturbations, the overall hotspot retention rate was 97.1%. 494 

The median probability of retaining the same Q/T-dominated class was 0.82, compared with a 495 

median class-change probability of 0.18 (see Figure S12 in Supporting Information S1). These 496 

results suggest that validation-derived GRFR peak-discharge uncertainty does not substantially 497 

alter the main cold/arid hotspot conclusions, although a small number of basins show higher 498 

sensitivity. 499 

To assess whether spatial dependence influenced the machine-learning attribution, we conducted 500 

an additional basin-blocked cross-validation (see Figure S13 in Supporting Information S1). In 501 
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this experiment, all event records from river reaches within the same basin were assigned to the 502 

same fold, ensuring that no basin was shared between the training and validation sets. The spatially 503 

blocked LightGBM model achieved an out-of-fold R² of 0.49 and a Pearson correlation coefficient 504 

of 0.70. As expected, this performance was lower than that obtained from random cross-validation, 505 

because basin-blocked validation provides a more stringent test of spatial transferability and 506 

because river basins differ substantially in their geographic, hydroclimatic, and geomorphological 507 

characteristics. Importantly, however, the resulting SHAP patterns remained broadly consistent 508 

with those from the main attribution analysis. This consistency indicates that the inferred 509 

hydroclimatic controls on flood flashiness are robust to spatially blocked validation and are 510 

unlikely to be primarily driven by local spatial leakage. 511 

We also compared LightGBM with XGBoost and ultimately selected LightGBM based on model 512 

performance (Figure 7, Figure S14 in Supporting Information S1), with the target variable being 513 

flood event flashiness. We also conducted a SHAP analysis using the XGBoost model (see Figure 514 

S15 in Supporting Information S1). While there are minor discrepancies compared to the SHAP 515 

results from the LightGBM model, likely due to variations in model structure and accuracy, the 516 

results are consistent overall. Both models demonstrate a positive contribution from high rainfall 517 

levels and low soil moisture. When soil moisture is low, a unit increase in soil moisture results in 518 

a substantial positive impact on flashiness. However, as soil moisture increases, the contribution 519 

of a unit change in soil moisture to flashiness diminishes, which aligns with Darcy's Law, 520 

suggesting that as soil water content rises, the soil infiltration rate converges to the permeability 521 

of saturated soil (Gavin & Xue, 2008). The effect of rainfall on flashiness is inverse; a unit change 522 

in rainfall contributes more significantly to flashiness when rainfall levels are high. Furthermore, 523 

neither temperature nor snowmelt exhibited a significant positive or negative effect. These findings 524 
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lead to the same attribution result: the increase in flashiness in Q-dominated regions is primarily 525 

associated with the intensification of extreme rainfall. Nevertheless, this attribution should be 526 

interpreted with caution because the meteorological predictors are derived from gridded forcing 527 

products, including ERA5 and MSWEP, which inevitably contain uncertainties. Such uncertainties 528 

may affect the estimated contributions of rainfall, temperature, soil moisture, and snowmelt in the 529 

LightGBM and SHAP analyses, although they do not directly alter the GRFR-derived hotspot 530 

detection. 531 

T-dominated basins do not have a single meteorological driver. This may be due to a complex 532 

combination of multiple factors or other influences (Gannon et al., 2022), such as changes in land 533 

surface characteristics. For example, Hirmas et al. (2018) found that under climate change, 534 

effective porosity might decrease in certain regions of the United States due to increases in mean 535 

annual precipitation and event magnitude, as well as decreases in atmospheric dryness and the 536 

frequency of freezing temperatures, leading to a significant reduction in saturated soil hydraulic 537 

conductivity. This reduction in conductivity suggests decreased infiltration, increased surface 538 

runoff, and greater susceptibility to flash floods. Vegetation coverage may also influence runoff 539 

generation during intense rainfall events (Ma et al., 2019), and changes in vegetation cover may 540 

trigger variations in flashiness. For Q-T compound basins, which are more complex in genesis, the 541 

causes may combine multiple factors from both T-dominated and Q-dominated basins, making 542 

analyses more difficult. We also acknowledge that changes in flood flashiness may be influenced 543 

by non-climatic factors. Changes in river-channel structure, such as channel incision or erosion, 544 

can increase flow celerity, thereby shortening flood response times (Sholtes & Doyle, 2011). In 545 

addition, land-surface changes such as urban expansion and deforestation can alter infiltration 546 

capacity, surface runoff generation, and runoff concentration (Ma et al., 2024; Miller et al., 2014), 547 
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potentially modifying flood peaks and onset times. These unrepresented geomorphic and land-548 

cover changes may introduce uncertainties in our interpretation of climate-zone patterns, 549 

particularly in rapidly urbanizing or heavily modified basins. Exploring the possible mechanisms 550 

of flash floods would be challenging but a promising direction for unravelling the mystery of flash 551 

flood onset. 552 

These contrasting forms of increasing flashiness also have implications for flood-risk management. 553 

In Q-dominated regions, larger floods may occur over similar durations, highlighting the need for 554 

flood defence infrastructure capable of withstanding more severe flood events. By comparison, in 555 

regions where shortened onset time is dominant, the intensity of floods may not change 556 

significantly, but floods are occurring over a shorter duration, reducing the available response time 557 

and increasing the challenges for early warning systems. This distinction has direct implications 558 

for risk management. In Q-dominated basins, adaptation should prioritize the reassessment of 559 

design flood standards, upgrading or reinforcing flood-control infrastructure, and revising 560 

floodplain management to account for larger peak discharges. In contrast, T-dominated basins 561 

require investments in rapid-response forecasting systems, higher-frequency hydrometeorological 562 

monitoring, nowcasting capacity, and emergency communication protocols, because the main 563 

challenge is the reduced lead time rather than necessarily larger flood magnitudes. Although 564 

relatively few, Q-T compound regions warrant particular attention due to their heightened dual 565 

vulnerability to both shorter warning times and more severe floods, making them especially 566 

susceptible to compounding risks. 567 

The shift to flashier floods poses substantial challenges for flash flood monitoring and prediction 568 

(Younis et al., 2008). Many flash flood warning systems rely primarily on extreme rainfall 569 

thresholds (Georgakakos et al., 2022; Shamir et al., 2013), but watershed characteristics such as 570 
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soil moisture, groundwater storage, vegetation cover, and land-use change can modify how rapidly 571 

rainfall is converted into runoff. To improve predictive accuracy, integrating additional variables 572 

like soil moisture and groundwater (Berghuijs & Slater, 2023) into flash flood models is crucial. 573 

Moreover, the impact of floods is influenced not only by their physical hazards but also by human 574 

responses to such events (Aerts et al., 2018). Advancing the understanding of flash flood risks 575 

requires further research, particularly in quantifying environmental, social, and economic 576 

vulnerabilities to flash floods and their broader impacts (Koks et al., 2015). 577 

6. Conclusion 578 

This study provides a global assessment of changes in flood flashiness from 1980 to 2019 using 579 

event-based flood information from GRFR. We find that nearly one-third of global basins have 580 

shifted towards flashier floods, with hotspots mainly located in North America, northwestern Asia, 581 

Europe, and parts of Africa and South America. By separating increasing flashiness into Q-582 

dominated and T-dominated types, we show that flashier floods may emerge through either larger 583 

flood peaks or shorter onset times, implying different challenges for flood adaptation. 584 

In Q-dominated basins, increasing extreme rainfall is the dominant meteorological factor 585 

associated with increasing flashiness among the variables considered. In contrast, T-dominated 586 

basins do not show a single robust hydrometeorological explanation, suggesting that shorter flood 587 

onset times may reflect more complex interactions among hydrological routing, antecedent 588 

catchment conditions, land-surface characteristics, and other unrepresented factors. These findings 589 

highlight the need for region-specific flood risk management strategies, including infrastructure 590 

designed for larger flood peaks and early warning systems adapted to shorter response times. 591 

 592 
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