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Figure S1 Initial memory (Mm) of precipitation (a), rainfall + snowmelt (b), temperature (c), potential evapotranspiration (d), LAI (e), and 
fPAR (f). 
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Figure S2 Comparison of memory in climate and vegetation variables and streamflow memory at four different timescales. Correlation 5 
coefficients are calculated for non-binned data (shown in the background in blue). Markers show the mean streamflow memory values for 
each bin, whiskers show the standard deviation, and counts indicate the number of stations in each bin.  
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Figure S3 Rank correlation coefficients showing the relationship of streamflow memory from observations (a), mHM (b), and EFAS (c) at 
timescales of 4, 12, 26, 52, and 104 weeks, and half-life of streamflow memory, to different catchment characteristics. Blue shades indicate 10 
negative correlations, and red shades indicate positive correlations, with darker colours indicating stronger correlations. Correlations where 
significance p ≥ 0.01 are not shown.  
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Table S1 Description of features used for random forest model 15 

Variable Description Obtained from 

Potential 
evapotranspiration Mean daily potential evapotranspiration calculated using Penman-Monteith EStreams 

Aridity Ratio between EP and precipitation (EP/P) EStreams 

Precipitation 
seasonality 

Seasonality ranging from -1 (highly seasonal, cold season dominated) to 1 (highly seasonal, 
warm season dominated), where a value of 0 indicates uniform precipitation EStreams 

Snow fraction Fraction of precipitation falling on days with a temperature below 0˚C EStreams 

Limestone 
fraction 

Combined fractional extent of ‘Limestones’, ‘Limestones and marls’, ‘Limestones and clays’, 
and ‘Limestones and sands’ from Level 3 of the International Hydrogeological Map of Europe 
(IHME) (Duscher et al., 2015) 

EStreams 

Depth to bedrock Thickness of permeable layers above bedrock (Pelletier et al., 2016) EStreams 

Soil PC PCA combination of sand, silt, and clay fraction of soil from European Soil Database Derived 
data (ESDD) (Hiederer, 2013) EStreams 

Unconsolidated 
sediments 

Fraction of catchment classified as ‘unconsolidated sediments’ from the first level classification 
of the Global Lithological Map Database (GLiM) (Hartmann and Moosdorf, 2012) EStreams 

LAI Average catchment LAI from 2002-2021(Myneni et al., 2021) MODIS 

Cropland Average catchment fraction of cropland (classes 211, 212, 213, 221, 222, 223, 241, 242, 243, 
244) for the years 1990, 2000, 2006, 2012, and 2018 from CORINE land cover inventory (2020) EStreams 

Pasture Average catchment fraction of pasture and grassland (class 231) for the years 1990, 2000, 2006, 
2012, and 2018 from CORINE land cover inventory (2020) EStreams 

Forest Average catchment fraction of forest and shrub cover (classes 311, 312, 313, 322, 323, 324) for 
the years 1990, 2000, 2006, 2012, and 2018 from CORINE land cover inventory (2020) EStreams 

Elevation PC PCA combination of catchment mean, minimum, and maximum catchment elevation and average 
catchment slope from MERIT-Hydro (Yamazaki et al., 2017) EStreams 

Catchment area Area delineated by EStreams catchment EStreams 

Lakes Combined fractional coverage of lake, reservoir, saline lake, uncategorized permanent water, and 
lacustrine floodplain classes (Lehner et al., 2025) GLWD v2 

Wetlands Combined fractional coverage of all seasonally saturated, palustrine, and ephemeral wetland 
classes (Lehner et al., 2025) GLWD v2 

Nightlights Mean catchment nighttime light intensity for the years 2013—2021, as a measure of 
anthropogenic influence (Elvidge et al., 2021) VIIRS 

Reservoir 
capacity 

Total storage capacity of all upstream reservoirs (Wang et al., 2022) as a fraction of mean annual 
river discharge. We capped values at 10x annual discharge. EStreams 

 
Table S2 Parameters for streamflow memory prediction 

 Monthly Seasonal Half-yearly Yearly 

Maximum depth 20 None 20 None 

Min. leaf samples 2 2 2 2 

Min. split samples 2 2 2 5 
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Figure S4 Maps of all catchment characteristics used in random forest models. 20 
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Figure S5 Feature categories (a) and individual features (b) which are most frequently ranked as the top contributor to streamflow memory 
for each catchment based on Shapley values. Catchments without a single dominant category or feature are not displayed.  25 

(a) (b)
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Figure S6 Distribution of Shapley values for all features. Each row corresponds to one timescale of memory, and each column contains one 
feature. These plots demonstrate the marginal contribution of each feature to memory predictions at each station, overlaid with a lowess 
moving regression in red, demonstrating the often non-linear and sometimes non-monotonic relationships between catchment characteristics 
and streamflow memory predictions.  30 

 
Figure S7 Maps indicating the mean relative Shapley contribution of each feature to memory predictions at monthly, seasonal, half-yearly, 
and yearly timescales.  
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