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Groundwater is an invaluable global resource, but its long-term viability as a resource 

for consumption, agriculture, and ecosystems depends on precipitation recharging 

aquifers (Alley et al., 2002; Gleeson et al., 2012). How much precipitation recharges 

groundwaters varies enormously across Earth's surface (Scanlon et al., 2006; Moeck et 

al., 2020; MacDonald et al., 2021; Müller Schmied et al., 2021), but recharge rates are 

uncertain because field observations are sparse and modeled global estimates remain 

largely unvalidated (Döll and Fiedler, 2008; de Graaf et al., 2015, 2019; Mohan et al., 

2018; Müller Schmied et al., 2021; Li et al., 2021). Here we show that recharge is 

predictable as a simple function of climatic aridity — the ratio of long-term potential 

evapotranspiration to precipitation — using a global synthesis of measured recharge of 

5237 sites across six continents. We use this relationship to estimate long-term recharge 

globally outside of permafrost regions. Our estimates double previous global estimates 

(Döll and Fiedler, 2008; de Graaf et al., 2015, 2019; Mohan et al., 2018; Müller Schmied 

et al., 2021) and are more consistent with empirical observations. These revised higher 

estimates of global groundwater recharge imply that much more groundwater must 

contribute to evapotranspiration and streamflow than previously represented in global 

water cycle depictions (Oki & Kanae, 2006; Abbott et al., 2019; Dorigo et al., 2021) or 

global hydrological and Earth system models (Reinecke et al., 2021; de Graaf et al., 

2015, 2019; Müller Schmied et al., 2021; Döll and Fiedler, 2008).  

 

Groundwater constitutes almost all of Earth's liquid freshwater (Gleeson et al., 2016; Abbott 

et al., 2019) and is the world's most extracted raw material, with global withdrawals 

estimated at almost one thousand cubic kilometers per year (Margat & Van der Gun, 2013; 

Döll et al., 2014; Sutanudjaja et al., 2017). It provides approximately two billion people with 

drinking water (Morris et al., 2003) and supplies almost 40% of irrigated lands worldwide 

(Siebert et al., 2010). 	Groundwater also shapes ecosystems and landscapes as rivers and 

vegetation can source their waters from aquifers (Jasechko et al., 2016; Evaristo & 

McDonnell, 2017; Berghuijs & Kirchner, 2017; Fan et al., 2017). 

 

The dynamic roles of groundwater are not always apparent, but for groundwater to sustain 

ecosystems and water resources into the future, aquifers must be recharged (Alley et al., 

2002; Gleeson et al., 2012). Earth's diversity of landscapes and climates results in 

groundwater recharge rates that vary by orders of magnitudes globally (Gee & Hillel, 1988; 

Scanlon et al., 2006; Moeck et al., 2020; MacDonald et al., 2021). Yet, for most of Earth's 
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surface, groundwater recharge rates are uncertain because measurements are sparse (Scanlon 

et al., 2006; Moeck et al., 2020), and large-scale modeled recharge remains mostly 

unvalidated (Li et al., 2021, Reinecke et al., 2021). In addition, upscaling recharge estimates 

derived from extensively studied sites to other locations is challenging because many 

landscape and surface properties can affect recharge (De Vries & Simmers, 2002; Crosbie et 

al., 2018; Moeck et al., 2020). These issues are problematic because accurate recharge 

estimates are needed to assess the sustainability of groundwater use and the role of 

groundwater in supporting ecosystems and surface waters (Gleeson et al., 2020).   

 

Here we show that climate aridity (Trabucco & Zomer, 2009) – the ratio of potential 

evapotranspiration to precipitation – strongly controls the fraction of precipitation that 

becomes groundwater and use this relationship to estimate global recharge rates. We 

parameterize a function capturing this relationship using a synthesis of 5237 groundwater 

recharge measurements from all continents except Antarctica, with recharge defined as the 

infiltrated water reaching the water table (Moeck et al., 2020) (see Methods). We show that 

this simple parameterization outperforms complex simulation models in predicting recharge 

across the globe. Not only are our resulting estimates more consistent with the 

aforementioned groundwater recharge measurements, but they also support groundwater 

recharge estimates that are more than twice as high as most previous global estimates (Döll 

and Fiedler, 2008; de Graaf et al., 2015, 2019; Mohan et al., 2018; Müller Schmied et al., 

2021).  

 

Climate aridity shapes groundwater recharge 

The empirical recharge values from sites spanning most regions of the globe (Moeck et al., 

2020) show that recharge fractions are strongly controlled by climate aridity (Fig. 1), despite 

many other factors also affecting groundwater recharge globally (De Vries & Simmers, 2002; 

Taylor et al., 2013; Moeck et al., 2020). In humid climates, typically, larger fractions of 

precipitation recharge groundwater. This recharge fraction shrinks with increasing aridity, 

often approaching almost zero in very arid sites. This relationship is nonlinear, and the 

empirical data show substantial variation for a given aridity, reflecting an influence of other 

environmental conditions. However, the pattern is sufficiently monotonic to yield a highly 

significant correlation between climate aridity and the fraction of precipitation that recharges 

groundwaters (Spearman ρ = -0.674; p<0.001). This relationship is consistent with past work, 

which indicated that both precipitation and potential evapotranspiration can strongly affect 
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groundwater recharge (Gee & Hillel, 1988; Scanlon et al., 2006; Moeck et al., 2020; 

MacDonald et al., 2021). 

 

The vast majority (i.e., 99%) of the empirical recharge values (Moeck et al., 2020) are from 

regions with climate aridities exceeding 0.75. These aridities cover most of Earth's surface 

aside from Earth's wettest regions (e.g., Congo Basin, Amazonia, Southeastern Asia), which 

largely fall outside the observational range. The empirical data (Fig. 1b) suggest recharge 

fractions can shrink again at very low aridities, but this remains uncertain because only 1% of 

the recharge-measurement sites had aridities below 0.75. In addition, the sites fall outside of 

permafrost regions (Obu et al., 2019), where recharge processes often differ from non-

permafrost regions (Walvoord & Kurylyk, 2016). We, therefore, suggest that the empirical 

climate-recharge pattern are likely representative for large parts of Earth's surface, but how 

recharge in very humid and permafrost regions evolves with aridity cannot be directly 

predicted with the existing data. 

 

Much of the variations in recharge fractions can be described by a sigmoidal function of 

climate aridity (Methods) (Fig. 1b). Calibrated on all data (see Methods), this function 

describes how recharge exceeds 50% of precipitation (𝛼=0.72) when aridity approaches one 

(i.e., precipitation equals potential evapotranspiration), and decreases with increasing aridity 

(𝛽 = 15.11). It succeeds in capturing a strong global trend of groundwater recharge 

decreasing with aridity. The relationship is least constrained at low aridities, where both high 

and low recharge rates can occur. Although this parameterization is simple, it captures the 

observed global trend in the fraction of precipitation that becomes groundwater recharge 

much more accurately than widely-used global hydrological models (Döll and Fiedler, 2008; 

de Graaf et al., 2015, 2019; Mohan et al., 2018; Müller Schmied et al., 2021), which 

underestimate recharge in both arid and humid regions (Fig. S1). The parsimony of our 

model (Fig. 1b) could hypothetically limit its predictive power, but using more predictor 

variables does not substantially improve its predictive capacity (Methods and Fig. S2). A 

split-sample test using 80% of the data for calibration and the remaining 20% for validation 

yields relatively narrow confidence bounds of the fitted parameters (95% confidence intervals 

𝛼 = 0.69 - 0.75, 𝛽 = 14.0 - 16.2 (not displayed)), thus also subsets of the empirical data 

effectively constrain the relationship (Fig. S2 and Methods). Therefore, predictions of 
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groundwater recharge based on climate aridity appear effective despite excluding many other 

factors that may also affect groundwater recharge.   

 
Fig. 1. Groundwater recharge fractions vary with aridity. Recharge fractions (the ratio between long-term 

recharge and long-term precipitation) at the 5237 sites and the global pattern of climate aridity (a), whereby 

recharge negatively correlates with aridity (b). The grey markers indicate the recharge fractions of individual 

groundwater recharge sites, whereas dark markers average across 2% of the sites, removing most local site-to-

site variability. The pink shading indicates a 25th -75th percentile over 100 data points. The red line depicts the 

calibrated sigmoid function Eq. 1.  

 

Global pattern of recharge 

The parameterized relationship between climate aridity and recharge fraction (Eq. 1; Fig. 1b) 

enables estimating the global distributions of groundwater recharge fractions (Fig. 2a) and 

total groundwater recharge (Fig. 2b) using global aridity and precipitation data (Trabucco & 

Zomer, 2009; Fick & Hijmans, 2017) (see Methods). The estimated global pattern of 

groundwater recharge fractions shows large regional differences in how much precipitation 

recharges groundwater, broadly consistent with the dataset comprising observations from the 

5237 sites (Fig. 2a; Fig. 1b). We exclude permafrost regions (see Methods) because the 5237 

sites with recharge data are not located within permafrost regions. In addition, places with 

aridity below 0.75 are shaded gray in Figure 1 to indicate that estimates in these regions are 

poorly constrained by the empirical climate aridity function.  

 

Estimated groundwater recharge fractions are low (< 0.1) across roughly half of Earth's 

surface (excluding permafrost regions) (Fig. 2a), as drylands are very prevalent across all 

continents but Europe (Fig. 1a) (Berg & McColl, 2021). Recharge fractions increase across 

more humid parts of Earth such as most of Europe, eastern North America, central Africa, 

Southern Asia, and most of South America. These regional patterns are both present in 
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observations (square markers) and the estimated global pattern (background coloring). 

Absolute recharge rates show largely similar regional patterns (Fig. 2b), but the differences in 

estimated recharge are even greater between humid and arid regions. Estimated recharge 

would be highest in the equatorial wet regions and coastal regions of Central and North 

America, Europe, and Oceania (consistent with earlier global estimates (Döll and Fiedler, 

2008; de Graaf et al., 2015, 2019; Mohan et al., 2018; Müller Schmied et al., 2021), but large 

parts of these areas have aridities below 0.75 which means recharge estimates are hard to 

constrain because few data exist at these locations. Nevertheless, even when recharge 

fractions are low, the potential of high absolute recharge rates will remain substantial in these 

regions as they experience high precipitation rates.   

 

 
Fig. 2. Estimated global patterns of groundwater recharge outside of permafrost regions. Estimates of 

groundwater recharge fractions vary regionally (a) and are based on global climate data (Trabucco & Zomer, 

2009; Fick & Hijmans, 2017) and Equation 1..  The absolute groundwater recharge values show high spatial 

variation because both the precipitation amount and the fraction of precipitation that becomes recharge are 

correlated with aridity (b) (note the logarithmic color scale). These groundwater recharge totals more than 



Non-peer reviewed preprint submitted to EarthArXiv 
 

 
double most previous global estimates (Döll and Fiedler, 2008; de Graaf et al., 2015, 2019; Mohan et al., 2018; 

Müller Schmied et al., 2021). Markers indicate the observations at the 5237 sites. Permafrost regions are 

classified by having a mean annual temperature below -2 oC.  

 

Our recharge estimate more than doubles most previous global estimates (Döll and Fiedler, 

2008; de Graaf et al., 2015, 2019; Mohan et al., 2018; Müller Schmied et al., 2021) at the 

location of the recharge sites (Fig. 3; Fig. S3). Those previous global estimates have not been 

systematically evaluated with observed recharge data but rather with proxies such as 

streamflow measurements and groundwater levels. If we compare the modeled recharge rates 

from the widely-used PCR-GLOB (de Graaf et al., 2015, 2019) and WaterGAP (Doll and 

Fiedler, 2008; Müller Schmied et al., 2021) global hydrological models with the recharge 

observations at the 5237 sites, we find that these models underestimate observed groundwater 

recharge on average by more than 50% (Fig. 3) for the observation sites. A similar but even 

more substantial bias is present in another global recharge estimate based on 715 sites with 

recharge data (Mohan et al., 2018) (Fig. 3). Split-sample tests do not show any such biases 

resulting from our empirical function (Fig. S2). An example realization of our model (Fig. 

S3f) shows how much better it explains observed recharge than other global hydrological 

models (Fig. S3a-e). The biases of these other hydrological models arise from 

underestimations at both high and low recharge rates. 
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Fig 3. Comparison of predicted versus observed recharge for several global recharge predictions. Moving 

averages of recharge predicted by global models such as PCR-GLOB (de Graaf et al., 2015; 2019), WATER-

GAP (Döll et al., 2008; Müller Schmied et al., 2021), and machine learning (Mohan et al., 2018) are 

systematically lower than recharge of the 5237 observation sites. The predictions by global models 

underestimate recharge by more than 50% compared to the recharge measurement (Moeck et al., 2020). Using 

the sigmoid function (Eq. 1) largely removes this bias and produces an overall average recharge of a very 

similar magnitude as global recharge estimates. The presented recharge rates are moving averages over 10% of 

the data. More detailed comparisons of modeled and observed recharge are presented in Fig. S3. 

 
Implications 

Aquifer storages are governed by the balance between recharge and discharge of groundwater 

to surface waters and vegetation, in addition to human abstractions (Alley et al., 2002). Our 

estimate of groundwater recharge more than doubles most previous estimates across where 

observations are available (Fig. 3; Fig. S3) and dwarfs global groundwater abstractions by 

roughly a factor of fifty (Margat & Van der Gun, 2013; Döll et al., 2014; Sutanudjaja et al., 

2017). This enhanced recharge does not counter the current understanding of regional 

groundwater overuse and its threats to global water security (Famiglietti, 2014) because 

groundwater overuse results in storage depletion and declining water levels that have been 

robustly documented in many more arid areas across the globe (e.g., Gleeson et al., 2012; 

Rodell et al., 2018). Instead, our recharge estimates imply that groundwater's role in 
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evapotranspiration and surface water fluxes is much larger than previously modeled (Döll 

and Fiedler, 2008; de Graaf et al., 2015, 2019; Müller Schmied et al., 2021). 

 

This implied greater role of groundwater in supplying streamflow and evapotranspiration is 

consistent with global observations that have shown that vegetation can source substantial 

parts of their water from groundwater and vegetation disproportionally occurs near zones 

where it can access groundwater as a water source (Evaristo & McDonnell, 2017; Koirala et 

al., 2017; Fan et al., 2017). It is also consistent with the observation that most precipitation is 

stored in landscapes for at least several months before being observed in rivers (Jasechko et 

al., 2016) and suggests a vital role of groundwater for streamflow and aquatic ecosystems 

during dry periods. These dynamic connections with vegetation and streams likely 

predominantly occur in the upper layers of groundwater as deeper groundwaters mostly 

exchange slowly with the Earth's surface (Jasechko et al., 2017; Gleeson et al., 2016; 

Berghuijs and Kirchner, 2017).  

 

Not only recharge but also its main potential fates (i.e., streamflow versus evapotranspiration) 

depend strongly on climate aridity (Budyko, 1974). How much of precipitation becomes 

streamflow shrinks with increasing aridity, whereas the evaporative fraction grows with 

increasing aridity (Budyko, 1974) (Fig. 4). In humid areas, which typically have substantial 

recharge, both streamflow and evapotranspiration will have groundwater contributions as 

streams typically have water levels below adjacent groundwaters (Jasechko et al., 2021). 

However, recharge tends to exceed typical streamflow rates (Fig. 4). Losing rivers are more 

common in drier climates (Jasechko et al., 2021), suggesting a smaller role for recharge in 

their streamflow and probably more recharge ultimately going to evapotranspiration. The 

relative contribution of groundwater for transpiration is also reported to grow with aridity 

(Evaristo & McDonnell, 2017) though conservation of mass dictates that groundwater will 

typically only be a small component of total evapotranspiration across arid landscapes (i.e. 

recharge ≪ evapotranspiration). In moderately humid regions, the fraction of precipitation 

that becomes groundwater substantially exceeds the fraction that becomes streamflow, and 

thus a substantial part of evapotranspiration must be supplied by groundwater. 
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Fig 4. Conceptual representation of how groundwater recharge and its main fates vary with aridity. The 

partitioning of precipitation into streamflow and evapotranspiration follows the Budyko curve (Budyko, 1974).   

 

A strong connection of groundwater with surface water and plant transpiration remains 

absent from most diagrams of the global water cycle (e.g., Oki & Kanae, 2006; Abbott et al., 

2019; Dorigo et al., 2021). Although such water cycle diagrams may not be intended as 

complete representations of the hydrological cycle, they often play an important role in 

teaching, research, and policymaking (Abbott et a., 2019). Therefore, we need to revise those 

diagrams by increasing the rate at which groundwater is being replenished and discharged, 

and strengthening the link of groundwater with incoming precipitation, surface waters, and 

vegetation.  

 

The underrepresentation of groundwater as a key contributor to evapotranspiration and river 

flows seems pervasive in hydrological and land-surface models (e.g., Reinecke et a., 2021; de 

Graaf et al., 2015; Döll and Fiedler, 2008). Recharge is often considered a residual product of 

these simulations, accumulating the uncertainties of all other components of the budget 

(Reinecke et a., 2021), and models are not designed to treat groundwater recharge as a main 

source of streamflow and evapotranspiration. Preferential flow paths that can recharge 

groundwaters are important in virtually any landscape (Nimmo 2012; Beven and Germann, 
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2013) and contribute disproportionally to fluxes such as recharge (e.g., Hartmann et al., 

2017). These pathways are absent in most global models (e.g., Döll and Fiedler, 2008; de 

Graaf et al., 2015, 2019; Müller Schmied et al., 2021; Reinecke et al., 2021). Connections of 

groundwaters with streamflow and evapotranspiration could also be strengthened by 

including lateral groundwater flows (Maxwell & Condon et al., 2016; Jasechko et al., 2021). 

Many of these lateral connections between surface water and groundwater will occur at scales 

smaller than the grid-cells of most models and thus require implicit sub-grid 

parameterizations (Fan et al., 2019). A strengthened groundwater connection to surface 

fluxes in these models is essential, given that these models are often the foundation of 

present-day environmental science and policymaking. 

 

Methods 
Recharge data 

Recharge rates are obtained from a recent global synthesis of groundwater recharge rates of 

5237 sites located across all continents but Antarctica (Moeck et al., 2020). Recharge is 

defined as the infiltrated water that reaches the water table. The compiled data primarily 

originate from tracer methods (~80%) but are also derived from water table fluctuations, 

water balance methods, lysimeters, heat tracers, and geophysical methods. This large variety 

of methods can affect estimated recharge rates at individual sites. The recharge estimation 

studies cover the period 1968 to 2018. The mean recharge rate is 234 mm year-1, but over 

40% of data points have rates between 0- and 25-mm year-1 (median 51.3 mm year-1). The 

dataset contains recharge rate estimates based on datasets that exceed at least one year to 

avoid bias in the rates due to seasonal effects and incomplete annual recharge values. Only 

naturally occurring recharge was considered, and recharge rates presumed to be affected by 

irrigation or managed aquifer recharge were omitted. Study sites where rivers and streams 

dominate the estimated recharge were also omitted. For more information on the data, we see 

Moeck et al. (2020) and references therein.  

 

Climate data 

We use temperature, aridity, precipitation, and potential evapotranspiration data from 

WorldClim (Fick & Hijmans, 2017) and the global aridity and potential evapotranspiration 

database (Trabucco & Zomer, 2009). We define the aridity index as the ratio of mean 

potential evapotranspiration to mean precipitation. Accordingly, high aridity index values 
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reflect drier climates, whereas low values reflect more humid climates. Regions are classified 

as permafrost when the mean annual temperature is below -1 oC.  

 

Site data 

We also use 16 additional predictor variables collected by Moeck et al. (2020) for all 

groundwater recharge sites. These include mean precipitation (Fick & Hijmans, 2017), mean 

potential evapotranspiration (Trabucco & Zomer, 2009), temperature seasonality (Fick & 

Hijmans, 2017), precipitation seasonality (Fick & Hijmans, 2017), mean elevation (Danielson 

and Gesch (2011), depth to water table (Fan et al., 2013), depth to bedrock (Wei et al., 2017), 

slope (Yamazaki et al., 2017), topographic wetness index (Hengl, 2018b), the sand fraction 

(Hengl et al., 2017), silt fraction (Hengl et al., 2017), clay fraction (Hengl et al., 2017), 

lithology (Hengl, 2018c), landform (Hengl, 2018c), land use (Friedl et al., 2010), and 

vegetation (FAPAR) (Hengl, 2018a). We refer to Moeck et al. (2020) and references therein 

for more information on these data. 

 

Relationship between climate and recharge. 

A mathematical expression that describes the global pattern of climate aridity and 

groundwater recharge fractions is: 

𝑅
𝑃 = 𝛼 '1 −

ln,𝜙. + 10	
1 + ln(𝜙. + 1)4																																																																				(Eq. 1) 

where 𝑅 is groundwater recharge (mm year-1), P is precipitation (mm year-1),	𝜙 is aridity 

(dimensionless), defined as the ratio of potential evapotranspiration to precipitation (EP/P), 

and 𝛼 (dimensionless) is a constant equating to the fraction of precipitation that becomes 

recharge for 𝜙 → 0 (i.e., humid conditions). 𝛽 is the characteristic exponent (dimensionless) 

of the aridity index. We calibrate the 𝛼 and 𝛽 using a least absolute residuals fit. The 

sigmoidal equation was selected because it is among the simplest equation that enforces 

physically realistic upper and lower limits for recharge fraction. It closely follows the 

exponential decrease of recharge fraction with increasing aridity visible in global recharge 

data. We reorganize the equation to estimate total recharge (mm year-1) using global 

precipitation and aridity data (Fick & Hijmans, 2017; Trabucco & Zomer, 2009): 

𝑅 = 𝑃 ⋅ 𝛼 '1 −
ln,𝜙. + 10	

1 + ln(𝜙. + 1)4																																																																(Eq. 2) 

The parsimony of this model could limit its predictive power, but making the model more 

complex does not substantially improve its predictive capacity. A split-sample test using 80% 
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of the data for calibration and the remaining 20% for validation yields relatively narrow 

confidence bounds of the fitted parameters (95% confidence bounds 𝛼 = 0.69 - 0.75, 𝛽 = 14.0 

- 16.2, not displayed), thus also subsets of the empirical data effectively constrain the 

relationship. The split-sample test also indicates the regional variation in groundwater 

recharge using Eq. 2 can be predicted with a much smaller bias (mean recharge bias = 8.9 

mm·year-1) than global hydrological models while explaining more of the site-to-site 

variability than most models (mean R2 = 0.36; Fig. S3). Considering an additional 16 site 

attributes and a Neural Network fit with Levenberg-Marquardt optimization only slightly 

reduces the overall bias in the predictions (mean recharge bias = 7.9 mm·year-1) and does not 

improve the explained site-to-site variability substantially (mean R2 = 0.37; Fig. S1). Thus, 

compared to more complex methods, predictions of groundwater recharge based on climate 

aridity appear effective despite excluding many other factors that potentially also affect 

groundwater recharge.  We, therefore, opted to use the most straightforward approach in our 

main paper. 

 

Groundwater recharge estimates from global models 

We obtained recharge estimates from the PCR-GLOB hydrological model (de Graaf et al., 

2015; 2019) and the WaterGAP Global Hydrology Model (Döll & Fiedlier, 2008; Müller 

Schmied et al., 2021), and machine learning (Mohan et al., 2018). For the 5237 stations with 

recharge data, we compare the observed discharge with the simulated recharge (Fig. 3). The 

recharge values from the global hydrological models represent mean annual recharge over a 

timespan that ranges from the year 1960 to 2001 (Döll & Fiedler, 2008), 1957 to 2002 (De 

Graaf et al., 2015), 1960 to 2010 (de Graaf et al., 2019) and 1901 to 2016 (Müller Schmied et 

al., 2021), respectively. 
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Fig. S1. Recharge fractions in models and observations. Recharge fractions (the ratio of recharge to 

precipitation) at the 5327 observation sites (Moeck et al., 2020) are estimated with substantial biases by PCR-

GLOB (de Graaf et al., 2015, 2019) (b, c) WaterGAP (Döll and Fiedler, 2008; Müller Schmied et al., 2021) (b, 

d) and machine learning (Mohan et al., 2018) compared to the simple sigmoid function (this paper) (f). The 

global hydrological models tend to underestimate the recharge fractions by over a factor of 2 for the observation 

sites. The recharge fractions are also binned into 25 bins for the plots, each containing 4% of the data.  
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Fig. S2. Mean error in predictions of groundwater recharge rates and recharge fractions at the validation 

sites. Histograms show the mean error in the prediction of groundwater recharge fractions (long-term recharge 

divided by long-term precipitation) using the sigmoidal function presented in this paper (a, b) and a neural 

network fitting approach (c, d) for 1000 repetitions of a split-sample test where 80% of the data from the 5237 

recharge sites are used for calibration and the remaining 20% for validation. The marker indicates the mean of 

the values, and the whiskers indicate the standard deviation.  
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Fig. S3. Comparison of predicted versus observed recharge for several global recharge predictions. 

Recharge predicted by global models such as PCR-GLOB (de Graaf et al., 2015; 2019), WATER-GAP (Döll et 

al., 2008; Müller Schmied et al., 2021), and machine learning (Mohan et al., 2018) (a-e) is systematically lower 

than recharge of the 5237 observation sites. The previous estimates (a-e) underestimate recharge by more than 

50% compared to the recharge measurement (Moeck et al., 2020). Using the sigmoid function (f) removes this 

bias and produces an overall average recharge of a very similar magnitude as global recharge estimates (f). The 

recharge rates are also binned into 25 bins for the plots, each containing 4% of the data.  

 


