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Abstract 16 

Sustainable management of global groundwater is a key societal challenge and central to 17 

Sustainable Development Goals. To address limited observations and coarse global models, we 18 

present a global hyper-resolution dataset of monthly groundwater heads and water table depth 19 

at 30 arc-seconds (~1 km), simulated by GLOBGM, a global groundwater flow model. The 20 

data set follows ISIMIP protocols and enables comparison of impacts of climate change 21 

between sectors and models. Using ISIMIP3a inputs, groundwater dynamics is simulated for a 22 

reference period (1960–2019) to support model evaluation and attribution of observed impacts 23 

to climate variability and change. Following ISIMIP3b, historical baselines (1960–2014) and 24 

three combined socioeconomic–climate scenarios (2015–2100; SSP1-RCP2.6, SSP3-RCP7.0, 25 

SSP5-RCP8.5) are simulated with five GCMs, supporting robust detection and impact 26 

assessment of future change. Regions of reduced reliability are mapped and quality assurance 27 

flags are provided to guide appropriate use and interpretation. The dataset offers 28 

comprehensive, high resolution information to assess groundwater dynamics for past and 29 

future, supporting improved global water resource management and climate impact 30 

assessments. 31 

  32 



Background & Summary 33 

Groundwater is the most abundant source of fresh liquid water; globally, 98% of accessible 34 

fresh liquid water is in the form of groundwater1,2. Since the advent of mechanical drilling, 35 

people have relied on groundwater resources to supplement available surface water supplies to 36 

meet total water demands3. As a result of a growing population and associated increases in 37 

water demand for agriculture, domestic and industrial purposes, the (unsustainable) use of 38 

groundwater has increased significantly in the past decades1,4–9. Groundwater is vulnerable to 39 

overexploitation when abstraction rates exceed rates of recharge; which has been shown to 40 

cause a decline in groundwater storage in many regions of the world9,10. In addition to 41 

anthropogenic impacts, groundwater dynamics is also sensitive to climate variability and its 42 

affects on groundwater recharge; which are complex and vary geographically11,12. The extent 43 

to which recharge variations affect groundwater is determined by the interaction between 44 

topography, vegetation characteristics, underlying geological properties, and the connectivity 45 

between surface water and groundwater12,13. For example, groundwater in deep confined 46 

aquifers with low permeability is relatively insensitive to changes in recharge, while 47 

groundwater in highly permeable shallow aquifers with vegetation characteristics that facilitate 48 

exchanges across the land-atmosphere continuum are more closely coupled to recharge 49 

dynamics13–15. Therefore, the dynamics of groundwater reserves has been and will continue to 50 

be driven by complex interactions between society,  climate, and ecosystems6,16. 51 

Overexploitation of groundwater can cause the depths of the water table to deepen, which is 52 

evident throughout the world and especially in regions with little or no surface water supply, 53 

such as arid and dry land regions17,18. Physical and economic constraints mean that deeper 54 

groundwater becomes a less reliable water source19. Given that over half of global river flows 55 

are groundwater sustained, the deepening of water  table depths also poses a threat to future 56 

surface water supplies20–22, which may increase vulnerability to hydrological drought4. In 57 

addition to the negative effects related to water supply, reduced groundwater reserves have 58 

been shown to aggravate the negative impacts of land subsidence, rising sea level, and impact 59 

groundwater quality4,7. Deeper water table depths also influence the composition and 60 

functioning of groundwater-dependent ecosystems and the ecosystem services they provide23–61 
25. Ultimately, groundwater forms an important component of global socio-ecological systems 62 

and the earth system as a whole26. 63 



Sustainable management of the world’s remaining groundwater reserves is a key societal 64 

challenge and is cited in a number of sustainable development goals27,28. Policy makers must 65 

develop and implement adaptation and mitigation strategies that secure groundwater 66 

availability to ensure groundwater levels are kept within safe operating limits for society. To 67 

achieve this goal, we need to ensure that reliable estimates of current and future groundwater 68 

volumes are available. Relying solely on observational groundwater data to estimate current 69 

groundwater volumes is insufficient given the severe limitation in the availability of globally 70 

uniform data in terms of spatial and temporal coverage28,29. For example, the current state-of-71 

the-art datasets contains data 180,000 time series from 41 countries of which over 90% of these 72 

time series occurring in North America, Australia, or Europe30. To overcome this challenge and 73 

provide global-scale information, water managers rely on physically-based numerical global 74 

groundwater models29. However, to date, most groundwater flow models have limited spatial 75 

extent that allows for, at most, regional-scale assessments (1,000,000 km2)31. Only recently 76 

have groundwater models with global extent been formulated32–35, of which only two models 77 

support transient simulations. However, global groundwater models provide information at 78 

spatial resolutions that are often too coarse to meet the demands of policy makers and 79 

stakeholders, who require more fine-scale information29,36. To overcome this limitation, we 80 

need to further enhance the spatial resolution of these models to make them more locally 81 

relevant and actionable36,37. 82 

To this end, hyper-resolution groundwater models have been highlighted for their potential to 83 

include climate, vegetation, and anthropogenic influences on groundwater at appropriate 84 

spatial resolutions for the past and a climate change-affected future36. This is especially relevant 85 

given that climate change has been identified as an important driver of current water scarcity 86 

hotspots9. Recent work has shown that applying global groundwater models at the ~1 km 87 

spatial resolution is possible with today’s high-performance computers38. This technical 88 

milestone thus provides the opportunity for global hyper-resolution estimates of past and future 89 

groundwater reserves. The objective of this study is: to provide the first hyper-resolution 90 

monthly estimates of groundwater reserves for the past and a climate change informed future. 91 

To this end, we use a global hyper-resolution model (30 arc-seconds, ~1 km at the equator) that 92 

simulates monthly groundwater heads and water table depths. This dataset is developed using 93 

the framework and protocols of the Inter-Sectoral Impact Model Intercomparison Project 94 

(ISIMIP), thus providing a standardized basis for comparing climate change impacts across 95 

different sectors and models39. Using the ISIMIP3a  protocol and associated inputs to provide 96 



estimates of groundwater reserves for the historic period (1960 - 2019), which can be used for 97 

the detection and attribution of past climate change and socioeconomic impacts on groundwater 98 

reserves. In addition, the ISIMIP3b protocol is used to provide global groundwater estimates 99 

for the historical baseline (1960 - 2014) and future projections (2015 - 2100) under combined 100 

socio-economic and climate scenarios SSP1-RCP2.6, SSP3-RCP7.0, and SSP5RCP8.5 - using 101 

a suite of five Global Climate Models (GCMs) to allow for uncertainty quantifications due to 102 

climate variability. 103 

Since the data produced here were generated following the ISIMIP framework, the data here 104 

are intended for use following this framework. More specifically, the historical reference 105 

simulation (ISIMIP3a) can be used for model evaluation against observed data, as is done in 106 

this work, and for studies concerned with multi-model uncertainty40. Simulations following the 107 

ISIMIP3b framework can be used to support studies that investigate climate change related 108 

risks on global groundwater reserves. As stated in the proposed ISIMIP groundwater sector 109 

framework, groundwater heads and water table depths data will facilitate cross-sectoral 110 

research such as the impact of changing groundwater reserves on social, economic, and 111 

ecological systems - such as health impacts, water quantity and quality, land cover change, and 112 

even fires41. 113 

Users are especially encouraged to leverage existing earth system data sets to relate 114 

groundwater dynamics to other earth system components42. In addition to the advantages 115 

provided by the high spatial and temporal resolution estimates of groundwater reserves 116 

presented here, the inclusion of multiple climate models in three combined climate and 117 

socioeconomic climate projections allows the incorporation of uncertainty and enhances the 118 

robustness of the results derived from future studies. For example, water table depth is a critical 119 

parameter when assessing the ecological impacts of groundwater depletion25. By analyzing 120 

these impacts using multiple models, it becomes possible to quantify uncertainty and improve 121 

confidence in projections. Ultimately, the data presented here serve as a baseline for future 122 

studies aimed at exploring the role of adaptation and mitigation strategies involving 123 

groundwater. 124 

Methods 125 

The methods section is structured as follows. First, an overview of the model used in this study, 126 

GLOBGM, is provided, with additional reference to any changes that were made compared to 127 

the original publication (GLOBGMv1.0)38. Thereafter, we present the methodology associated 128 



with model calibration and the derivation of initial states. This is followed by information 129 

pertaining to the simulations. 130 

The GLOBGM v1.1 model 131 

Monthly estimates of groundwater heads and water table depths presented here were simulated 132 

using GLOBGM38, a 30 arc-seconds global two-layer transient MODFLOW-based 133 

groundwater model and the successor to the 5 arc-minute global groundwater model35. 134 

GLOBGM is based on a prototype version of MODFLOW6, which is parallelised using a 135 

message-passing interface and makes use of unstructured grids. Independent unstructured grids 136 

are distributed over three continental-scale groundwater models - Afro-Eurasia, America, 137 

Australia - and one remaining model for the islands (Figure 1). Each of the four groundwater 138 

models is partitioned into non-overlapping sub models that are coupled within the MODFLOW 139 

linear solver. GLOBGM is a two-layer groundwater model that is used to represent unconfined 140 

or confining and confined aquifers38. For cells where a confining layer is present, the top model 141 

layer represents this confining layer and the bottom layer is the confined aquifer; in regions 142 

where a confining layer is absent, the bottom model layer represents the unconfined aquifer. 143 

GLOBGM employs an offline coupling approach whereby local runoff, groundwater 144 

abstraction, and groundwater recharge outputs, at the 5 arc-minutes resolution, are derived from 145 

PCR-GLOBWB2 and used as inputs to simulate groundwater dynamics43. GLOBGM can be 146 

used to simulate groundwater heads and water table depths using either a steady state solution 147 

or a transient solution. The steady state solution is used to estimate average groundwater 148 

patterns under stable or long term average conditions and abstraction is not considered. The 149 

transient solution allows for the modelling of groundwater patterns over time and incorporates 150 

abstraction. For brevity, we refer the reader to the original publication for a more detailed 151 

description of model inputs, parametrization, and runtime configurations; in the text that 152 

follows, we describe any changes made that deviate from the original version38. 153 

Given that GLOBGM employs an offline coupling approach whereby 5 arc-minute local 154 

runoff, groundwater abstraction, and groundwater recharge from PCR-GLOBWB2 are 155 

provided as input to the model, a form of resampling or downscaling is required to match the 156 

5 arc-minutes input with the 30 arc-seconds grid of GLOBGM. GLOBGMv1.0 made use of 157 

the nearest neighbour resampling algorithm to re-grid the 5 arc-minutes recharge and 158 

abstraction to 30 arc-seconds resolution38. However, local runoff was converted to surface 159 

water discharge by accumulating it through the 30 arc-seconds river drainage network of 160 



HydroSHEDS44. In the simulations we present here, the treatment of groundwater abstraction 161 

and local runoff remains unchanged. However, we do introduce a method to correct and 162 

downscale groundwater recharge based on observational records and implement a dynamic 163 

drainage elevation using saturated area fraction. Implementing a dynamic drainage elevation 164 

based on the saturated area fraction enables a better representation of more permanent wetland 165 

areas, maintaining groundwater levels closer to the surface, and reducing the occurrences of 166 

highly intermittent groundwater discharge and fluctuations in groundwater levels.  167 

Groundwater Recharge Correction 168 

Groundwater recharge is notoriously difficult to accurately predict using current global 169 

hydrological models4,40,45. Previous studies have shown that the recharge rates predicted by 170 

PCRGLOBWB2, to which GLOBGM is coupled, are on average underestimated compared to 171 

observed data, especially in arid or semi-arid regions where recharge is relatively low, 172 

intermittent and unpredictable46. Taking this into account, and considering that GLOBGMv1.0 173 

has been shown to predict groundwater heads that are, broadly speaking, lower than in situ 174 

observations and other large-scale groundwater models38,40 - for this study groundwater 175 

recharge rates supplied to GLOBGMv1.1 were corrected based on observed groundwater 176 

recharge rates. A Generalized Additive Model regression approach, using pyGam47, was used 177 

to create a long term averaged groundwater recharge field (GWRobserved) from observations and 178 

high resolution data of known drivers and covariates of groundwater recharge (Table 1). This 179 

approach was previously used in the broader context of groundwater modelling context31,48. In 180 

Figure 1. The four groundwater models that constitute GLOBGM - a global groundwater model. 
Dark overlays indicate the presence of a confining layer. 



contrast to previous studies, land cover was not explicitly included as a predictor variable. 181 

Instead, groundwater recharge from PCR-GLOBWB2 was included as a predictor to capture 182 

residuals associated with land cover by proxy. To avoid cases where groundwater recharge 183 

exceeds precipitation, the corrected recharge product was post-processed so that the corrected 184 

long-term average groundwater recharge could not exceed the long-term average local 185 

precipitation49,50. 186 

Table 1. The response and predictor variables, and associated units, spatial resolution, and references 187 

used to calculate long term averaged groundwater recharge rates used as part of the groundwater 188 

recharge downscaling procedure. 189 

Variable Units Spatial Resolution Reference 
Response    
Observed Groundwater Recharge m.year-1 30 arc-seconds 12,51 
Predictors    
Aridity Index - 30 arc-seconds 52 
Clay Fraction, Sand Fraction, Silt 
Fraction 

% 30 arc-seconds 53 

Potential Reference Evaporation m.year-1 30 arc-seconds 49,50 
Precipitation    
Recession Coefficient -  38 
Slope - 30 arc-seconds  
Elevation amsl   
Hydraulic conductivity m.day−1   
PCR-GLOBWB2 recharge m.year−1 5 arc-minutes 43,54 

 190 

For the steady-state simulation, GWRcorrected was used as the recharge input. For the transient 191 

solution, GWRobserved was compared to the long-term average 5 arc-minute groundwater 192 

recharge (GWR5arc′) of PCR-GLOBWB2 to calculate a correction factor (GWRcf, Equation 1). 193 

Then for each time step, the 5 arc-minute groundwater recharge from PCR-GLOBWB2 was 194 

interpolated to the 30 arc-seconds GLOBGMv1.1 grid using a bicubic interpolation algorithm 195 

and bias corrected (GWRcorrected) using GWRcf (Equation 2). However, the monthly GWRcorrected 196 

fields, without further processing, would lead to unrealistically high values, particularly for 197 

months when PCR-GLOBWB2 shows zero recharge or when monthly recharge rates exceed 198 

the long-term averages. Therefore, the bias-corrected recharge rates (GWRcorrected) were 199 

constrained so that it did not exceed the 5 arc-minute precipitation for that month (Pmonth; 200 

Equation 3). 201 

𝐺𝐺𝐺𝐺𝑅𝑅𝑐𝑐𝑐𝑐 = 𝐺𝐺𝐺𝐺𝑅𝑅𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜
𝐺𝐺𝐺𝐺𝑅𝑅5𝑎𝑎𝑎𝑎𝑎𝑎′

  (1) 202 



𝐺𝐺𝐺𝐺𝑅𝑅𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 =  𝐺𝐺𝐺𝐺𝑅𝑅5𝑎𝑎𝑎𝑎𝑎𝑎′  ×  𝐺𝐺𝐺𝐺𝑅𝑅𝑐𝑐𝑐𝑐 (2) 203 

 204 

𝐺𝐺𝐺𝐺𝐺𝐺 = � 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚ℎ, 𝐺𝐺𝐺𝐺𝑅𝑅𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 < 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚ℎ
𝐺𝐺𝐺𝐺𝑅𝑅𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐, 𝐺𝐺𝐺𝐺𝑅𝑅𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐  ≤ 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚ℎ

 (3) 205 

Saturated Area Fraction 206 

To simulate variations in the saturated area fraction, we use the improved ARNO scheme55,56, 207 

which is an integral part of PCR-GLOBWB2, to assess the area subject to surface runoff. In 208 

this version of GLOBGMv1.1, the drain elevation is dynamically adjusted according to soil 209 

saturation (Equation 4). As the soils become wetter, the model lifts the drainage elevation closer 210 

to the surface; as they dry, it drops it back to the base. Discharge only occurs when the 211 

groundwater head rises above the dynamic drain level. Adjusting the drain elevation with 212 

saturated area fractions allows the simulation of more permanent wetland areas with 213 

groundwater levels closer to the surface and preventing strongly intermittent groundwater 214 

discharge and groundwater levels. 215 

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = � 𝑊𝑊𝑚𝑚𝑚𝑚𝑚𝑚−𝑆𝑆𝑡𝑡𝑡𝑡𝑡𝑡
𝑊𝑊𝑚𝑚𝑚𝑚𝑚𝑚 − 𝑊𝑊𝑚𝑚𝑚𝑚𝑚𝑚

�
𝛽𝛽

𝛽𝛽+1 (4) 216 

Where Wmax is the maximum water storage, Wmin is the minimum water storage, Wmax is the 217 

total water storage, β is the ARNO beta. 218 

Calibration and initial conditions estimation 219 

The previous GLOBGMv1.0 model was uncalibrated and established its initial groundwater 220 

conditions using a method inherited from its predecessor, PCR-GLOBWB235,38. This process 221 

involved simulating groundwater heads under natural conditions with a steady-state solution 222 

and then using those estimates as a starting point for a transient spin-up period to reach 223 

equilibrium. However, this approach is subject to improvement, given that uncalibrated models 224 

have been shown to be less accurate than their calibrated counterparts, such as the CONUS 225 

groundwater model and the global-scale inverse model24,38,57, and that spurious spin-up trends 226 

are evident in model output. To address these limitations, the simulations presented here use a 227 

calibrated version of GLOBGM and an alternative spin-up procedure is implemented to 228 

provide more reliable initial states and eliminate the spurious trends found in GLOBGMv1.038. 229 

Calibration 230 



In an effort to improve the model’s accuracy in simulating groundwater heads and water table 231 

depths, we calibrated hydraulic conductivity, anisotropy and entrance resistance parameters 232 

using the steady-state solution. To calibrate anisotropy and entrance resistance parameters, a 233 

range of global prefactor adjustments were assessed (Table 2). A broader range of calibration 234 

prefactors could have been considered; however, given that the observations non uniformly 235 

distributed and to avoid significant departures the original model parametrisation, the selected 236 

parameter ranges were limited to within two orders of magnitude. Calibrations on the 5 arc-237 

minute predecessor to GLOBGM have shown a limited model sensitivity to variations in 238 

hydraulic conductivity when a global prefactor is applied to the entire model domain25. 239 

Therefore, to introduce regional sensitivities to changes in hydraulic conductivity, we assessed 240 

different combinations of prefactors (Table 2) that varied according to lithological class as 241 

defined in the GLiM dataset58. In total, 162 permutations were assessed. 242 

Table 2. Table showing the parameters subject to calibration and the candidate values for each. 243 

Lithology class was obtained from the GLiM data set58. 244 

Variable Lithology Candidate values 

Ks 
Fine + coarse unconsolidated 0.1 - 1.0 - 10.0 

Fine + coarse 0.1 - 1.0 - 10.0 
Carbonate 0.1 - 1.0 - 10.0 

Anisotropy Consistent across lithologies 0.1 - 1.0 
Entrance resistance Consistent across lithologies 0.1 - 1.0 - 10.0 

 245 

The steady-state solution was forced using historical reference data, but used PCR-GLOBWB2 246 

outputs from a natural run under pristine natural conditions (i.e., no anthropogenic influence). 247 

It is important to note that we included updates to the model regarding groundwater recharge 248 

downscaling and saturated area fraction adjustments prior to calibration. To choose the best set 249 

of calibration settings, we relied on long-term averaged observed groundwater table depths that 250 

overlapped with the time period of the forcing data (i.e., 1960-2019). Observed groundwater 251 

table depth data were obtained from IGRAC’s Global Groundwater Monitoring Network59. 252 

Given that the steady-state solution of GLOBGMv1.1 was forced with data representative of 253 

the earth’s hydrological cycle in a pristine state (i.e., unaltered by anthropogenic influence on 254 

surface water and groundwater dynamics), we set out to create a set of observed data that 255 

excluded regions where anthropogenic modification to the hydrological cycle is known to have 256 

occurred. Therefore, the observed data were filtered to exclude any known hotspots for water 257 

scarcity9, as they are likely influenced by extensive pumping. From this filtered dataset of 258 



34,800 observation wells, we evaluated each calibration permutation by calculating the bias 259 

(WTDbias; Equation 5) over all observation wells as the objective function. 260 

𝑊𝑊𝑊𝑊𝐷𝐷𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 = 𝑊𝑊𝑊𝑊𝐷𝐷𝑜𝑜𝑜𝑜𝑜𝑜 −𝑊𝑊𝑊𝑊𝐷𝐷𝑠𝑠𝑠𝑠𝑠𝑠 (5) 261 

Where WTDsim is simulated water table depths, and WTDobs is the observed water table depths.  262 

To allow for a direct comparison between the model simulations and observations, we used the 263 

water table depth output provided by GLOBGMv1.1 which is converted from simulated 264 

groundwater heads using the surface elevation. Please note that due to this conversion and 265 

Equation 5, positive bias in this context means that simulated water table depths are shallower 266 

than observed; whereas negative bias is indicative of simulated water table depths being deeper 267 

than observed. For unconfined aquifers, where no confining layer is present, observations were 268 

assigned to the bottom layer of the model. In cases where a confining layer was present in the 269 

model, observations were assigned to the correct model layer based on the reported filter when 270 

present. If filter depth was not reported, the correct model layer was assigned through an 271 

approach that evaluates the correlation of remotely sensed soil moisture data with simulated 272 

groundwater heads – an approach for the validation of GLOBGMv1.038. More specifically, if 273 

the observed water table depth displayed a correlation with soil moisture, the observation was 274 

assigned to the upper model layer (i.e., confining aquifer); whereas if no correlation is found, 275 

the observation is assigned to the bottom model layer (i.e., confined aquifer). 276 

Initial conditions estimation 277 

We set out to derive a set of initial states for groundwater heads for the starting year for the 278 

simulations presented here (i.e., 1960). In short, the goal of this approach is to obtain a set of 279 

starting points that resemble the observed data as closely as possible. As a first step, the steady-280 

state estimates of groundwater head are estimated under pristine natural conditions, without 281 

anthropogenic influence. The steady-state result is then used as a starting point for a transient 282 

simulation for the year 1960, excluding pumping, which was run back-to-back for 75 iterations 283 

(i.e., years) in an attempt to achieve a dynamic steady state. Thereafter, a follow-on transient 284 

simulation, but with pumping activated, is run back-to-back for 50 iterations so that water table 285 

depths approach that of the observed levels for 1960. For this step, GLOBGMv1.1 was forced 286 

with data relevant to the historical reference simulation. As for the calibration step above, 287 

observed water table depth data were obtained from the IGRAC’s Global Groundwater 288 

Monitoring Network and filtered data for the year 1960, which in total was 2,175 observation 289 



wells. To determine each iteration’s bias compared to simulated water table depth, WTDbias 290 

(Equation 5) and relative mean absolute bias (WTDrelbias; Equation 6) were calculated. 291 

𝑊𝑊𝑊𝑊𝐷𝐷𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 =  𝑊𝑊𝑊𝑊𝐷𝐷𝑠𝑠𝑠𝑠𝑠𝑠−𝑊𝑊𝑊𝑊𝐷𝐷𝑜𝑜𝑜𝑜𝑜𝑜
𝑊𝑊𝑊𝑊𝐷𝐷𝑜𝑜𝑜𝑜𝑜𝑜

 (6) 292 

Where WTDsim simulated water table depths, and WTDobs the observed water table depths.  293 

Note that a positive relative bias in this context means that simulated water table depths are 294 

shallower than observed; whereas a negative bias is indicative of simulated water table depths 295 

being deeper than observed. Simulated and observed water table depths were assigned to the 296 

correct model layer. The objective function for assessing the change in WTDbias and WTDrelbias 297 

over iterations was to converge on the smallest differences between the modelled and observed 298 

groundwater depths. In addition, to assess the evolution of head estimates over the model 299 

domain as a whole, the average groundwater head for each sub-model was calculated (HDS; 300 

Equation 7). The groundwater heads estimated at the final iteration were then used as the initial 301 

conditions for all subsequent simulations presented here. 302 

𝐻𝐻𝐻𝐻𝐻𝐻 =  1
𝑛𝑛 ×𝑚𝑚

∑ ∑ ℎ𝑖𝑖,𝑗𝑗𝑚𝑚
𝑗𝑗=1

𝑛𝑛
𝑖𝑖=1   (7) 303 

Where hij is the groundwater head at a grid cell in row i in column j, n and m are the number 304 

of rows and columns, respectively.  305 

Simulations 306 

The updated and calibrated setup of GLOBGMv1.1 described in the preceding sections was 307 

used to produce global 30 arc-seconds estimates of groundwater heads and water table depth 308 

for a model evaluation and detection and attribution protocol60, as well as future projections 309 

following the ISIMIP3b scenario-based simulation framework60. Given that GLOBGM 310 

requires 5 arc-minute PCR-GLOBWB2 outputs as forcing data through offline coupling, 311 

forcing data were obtained from the previously published PCR-GLOBWB2-based 312 

hydrological projection of future global water states with CMIP6 (HYPFLOWSCI6) 313 

dataset54,61. For the historical reference simulation (ISMIP3a), we used HYPFLOWSCI6 314 

relevant to the GSWP3-W5E5 simulations for the period 1960 - 201954,61,62. For the future 315 

projections, we have the historical baseline simulation (1960 - 2014) and the future (2015 - 316 

2100) under an optimistic SSP1-RCP2.6, business-as-usual SSP3-RCP7.0, and pessimistic 317 

SSP5- RCP8.5 scenarios for 5 Global Circulation Models (GMCs). The following GCMs were 318 



used: GFDL-ESM4, IPSL-CM6A-LR, MPI-ESM1–2-HR, MRI-ESM2-0, and UKESM1-0-LL. 319 

We refer the reader to Table 3 for a short description of the different scenarios. 320 

Table 3. Table describing expected global warming levels, radiative forcing, and description of SSP-321 

RCP scenarios used in this study.  322 

Scenario Description 

SSP1-RCP2.6 Global warming of 2 ˚C, radiative forcing of 2.6 W.m-3 in 2100, presents 

an optimistic sustainable development with a world where low barriers to 

mitigation and adaptation are easily overcome and the use of sustainable 

and green technology is common. 

SSP3-RCP7.0 3.6 ˚C global warming, 7.0 W.m-3 radiative forcing in 2100, this scenario 

business as usual world, regional rivalry and low international cooperation 

with a medium-high emissions pathway and a challenging scenario for 

mitigation, with significant greenhouse gas emissions and associated 

climate impacts. 

SSP5-RCP8.5 4.4 ˚C global warming, 8.5 W.m-3 radiative forcing in 2100, under this 

pessimistic scenario which represents a world with high economic growth 

and high dependence on fossil fuels, is characterized by high mitigation 

challenges due to its dependence on fossil fuels. 

Simulations were initiated from the best-fit set of initial conditions. These simulations are 323 

further provided with an additional spin-up year to avoid sudden jumps between the initial 324 

conditions and simulation start year. All simulations were conducted on Snellius, the Dutch 325 

national supercomputer. The MODFLOW6 prototype used in GLOBGM requires substantial 326 

preprocessing of the PCR-GLOBWB2 outputs and other relevant inputs into exactly one binary 327 

file per unstructured grid. In addition, post-processing is required to convert the binary outputs 328 

created during the MODFLOW6 simulation into data formats more commonly used by the 329 

community. To streamline the multi-model simulations, the pre-processing, MODFLOW6 330 

simulation, and the post-processing steps were collected into a single snakemake workflow63 331 

constructed to fit the HPC architecture on Snellius. For GLOBGMv1.0 satisfactory simulation 332 

times were achieved when running on 12 compute nodes, and as such each simulation presented 333 

here was assigned 12 compute nodes. For the historical reference simulation (1960 - 2019), the 334 

total run time was approximately 21 h. Whereas for a single SSP-RCP simulation, with its 335 

historical baseline (1960-2014) and three future runs (2015 - 2100), the total simulation time 336 

was a single simulation was approximately 106 h. 337 



Data Records 338 

Simulated groundwater heads and water table depths are available on YODA, a research data 339 

management service of Utrecht University. For the historical reference simulation (ISIMIP3a) 340 

long term averages, annual averages and monthly groundwater head and water table depths are 341 

provided. Whereas for the future projections (ISIMIP3b) long-term averages, annual averages 342 

are provided per GCM under the three SSP-RCP scenarios. In addition, we provide the 343 

ensemble mean for long-term averages, annual averages and monthly estimates of groundwater 344 

head and water table depth for the three SSP-RCP scenarios. A data set relating to the quality 345 

assurance of the simulated outputs is also available on YODA. Access links are available in 346 

Table 4 and instructions and codes for accessing the are available on the following website: 347 

https://vanjaarsveldbarry.github.io/globgm_cmip6/. 348 

Table 4. Data Repositories for Water Table Depth and Groundwater Heads Data. 349 

Name Description DOI 

historical-
reference-
gswp3-w5e564 

Long-term average, annual and monthly water 
table depth and groundwater heads for the 
historical reference simulation (ISIMIP 3a). 

doi.org/10.24416/UU01- 
AKSHOX 

globgm-
cmip6-
monthly65 

Ensemble mean of monthly water table depth 
and groundwater heads for SSP1-2.6, SSP3-7.0, 
SSP5-8.5 scenarios over the historical 
benchmark (1960 - 2014) future periods (2015 
- 2100). 

doi.org/10.24416/UU01- 
1BXLPD 

globgm-
cmip6-
annual66 

Annual water table depth and groundwater 
heads from individual GCMs and their 
ensemble mean for the SSP1-2.6, SSP3-7.0, 
and SSP5-8.5 scenarios, covering the historical 
(1960–2014) and future (2015–2100) periods 

doi.org/10.24416/UU01- 
V6B9YS 
 

globgm-
cmip6-
average66 

Average water table depth and groundwater 
heads from individual GCMs and their 
ensemble mean for the SSP1-2.6, SSP3-7.0, and 
SSP5-8.5 scenarios, covering the historical 
(1960–2014) and future (2015–2100) periods 

doi.org/10.24416/UU01- 
SLRFI7 

globgm-
cmip6-
quality67 

Data pertaining to the quality assurance of the 
simulated outputs 

doi.org/10.24416/UU01- 
16EJ3Y 

 350 

Data Overview 351 

Mean annual water table depth, from 1960 - 2019, highlights the added detail in representing 352 

global groundwater dynamics at the hyper-resolution which better represents spatial variability 353 



(Figure 2a,b,c,d,e,f,g). In addition, finer scale interactions between river systems and 354 

groundwater are evident at this hyper-resolution. For instance, the shallow reaches of the 355 

Amazon and Mississippi rivers, with their respective deltas, are visible through shallow water 356 

tables (Figure 2a,e). Other major deltas such as the Indus and Ganges-Brahmaputra are also 357 

well resolved at this resolution (Figure 2c). Average water table depths largely resemble our 358 

current broad understanding of groundwater dynamics and reflect the influences of 359 

precipitation, topography, and geology on driving the distribution of groundwater reserves. 360 

Figure 2. (d) Mean annual water table depth (1960 - 2019) simulated by GLOBGM. With zoomed insets 
providing more detail over (a) the United States, (b) western Europe, (c) Indo-Gangetic Plain, and (e) the 
Amazon basin, (f) southern Africa and (g) Australia. In areas where a confining layer is present, only the 
uppermost model layer is depicted, thus providing a from the ground surface downwards perspective. 



Water table depths are seen to be deeper in the arid regions and shallower in humid areas; 361 

reflecting the difference in groundwater recharge rates which is driven by large scale 362 

precipitation patterns68. In addition, more mountainous regions exhibit deeper water table 363 

depths which is expected given the relatively lower infiltration rates, through lower 364 

permeability, of these regions and tendency for water to move down slope towards lower lying 365 

ground under the influence of gravity69. Additionally, there are shallower depths of the water 366 

table along the coast line on comparison to more interior regions. 367 

Technical Validation 368 

Calibration 369 

GLOBGM showed sensitivity to different factor adjustments for parameters that were subject 370 

to calibration; namely, hydraulic conductivity, anisotropy, and entrance resistance (Figure 3 & 371 

Table 5). Given that global groundwater models are more accurate in predicting groundwater 372 

reserves that are shallower compared to reserves that are deeper and that shallower groundwater 373 

(< 60 m) is arguably more important to maintain ecosystem integrity through groundwater 374 

discharge into streams and groundwater dependent wetlands, and people through 375 

abstractions32,40,68,70. Furthermore, the disagreement of the model ensembles correlates with the 376 

depth of groundwater, and the predecessor to GLOBGM was shown to have a lower accuracy 377 

in predicting deeper depths compared to shallower water table depths21,32,35,40, presumably due 378 

to uncertainties in geological parametrisation of the deeper sub-surface71. Therefore, we 379 

selected the best set of calibration settings 405 according to depth class so that accuracy of 380 

shallower water table depths is prioritised. 381 

Water table depth biases were calculated for each depth class, and the average of these classes 382 

was used to obtain an overall bias for each calibration permutation. Calibration permutations 383 

were ordered as a function of average depth weighted bias, and the top ten were selected to 384 

choose a subset of permutations that resulted in the best overall performance. From these top 385 

ten, the prefactor combination that displayed the best accuracy for the 0-5m depth category is 386 

also the combination that displays the best accuracy overall and for the 10-20m depth category, 387 

while still displaying the second best accuracy for the 5-10m depth category (Table 5). As such, 388 

a prefactor of 0.1 for all parameters was chosen as the best set. The fact that the selected 389 

prefactors correspond to the minimum values tested suggests that smaller prefactors may have 390 

provided better performance. However, the range of tested prefactors was limited to within two 391 



orders of magnitude to avoid significant deviations from the original model parametrisation 392 

and over-fitting and reductions in the model’s ability to generalize beyond the calibration data. 393 

Table 5. Table showing the top 3 calibration candidates (when ordered by mean depth weighted bias) 394 

and their associated parameter settings and mean bias per depth class. For reference, the final row 395 

contains the bias score calculated from GLOBGMv1.0. FCU: Fine + Coarse unconsolidated, FCC: Fine 396 

+ Coarse consolidated, Carb: Carbonate.  397 

Variable Bias (m) 

Ks 
Anisotropy 

Entrance 

Resistance 
<0 0-5 5-10 

10-

20 

20-

60 
>60 mean 

FCU FCC Carb 

0.1 0.1 0.1 0.1 0.1 37.3 9.6 12.0 15.6 27.2 93.3 32.5 

0.1 0.1 0.1 1.0 0.1 37.7 9.7 11.9 15.4 27.0 93.1 32.5 

0.1 1.0 0.1 0.1 0.1 37.6 9.8 12.3 15.9 27.2 92.7 32.6 

GLOBGMv1.0 41.3 13.6 17.1 20.4 27.3 85.6 34.2 

Comparing the cumulative distribution of bias across observation wells shows that there is 398 

greater variance amongst permutations for locations where the simulated depth of the water 399 

table is deeper than observed - suggesting that calibration had a relatively greater influence on 400 

estimations of simulated water tables depths that were too deep in comparison to estimations 401 

that simulated water tables depths that were too shallow (Figure 3e). Additionally, varying 402 

calibration prefactors tended to shift the entire distribution to either more positive or negative 403 

bias and did not solely correct the outliers at either end of the distribution simultaneously 404 

(Figure 3e). When inspecting the cumulative distribution of bias for the chosen best set of 405 

prefactors, it’s clear that these set of prefactors result in a more accurate estimation of water 406 

table depths that tend to be simulated too deep (Figure 3e) which as a result meant that water 407 

table depths that tend to be simulated as too shallow were penalized (Figure 3e). However, it 408 

is important to note that this set of prefactors also resulted in the best overall bias (Table 5), 409 

where it is clear from Figure 5e that the gains at the negative end of the distribution are offset 410 

by penalties at the positive end of the distribution. In comparison to the previous uncalibrated 411 

version of GLOBGM38, we see that the chosen set of calibration setting display marked 412 

reductions in overall depth-weighted bias. This is especially prevalent for shallower water table 413 

depths (<0 - 20 m; Table 5). For deeper water table depths, calibration had little impact for 414 

wells between 20 and 60 m and was less accurate for wells deeper than 60 m. The mean bias 415 

compared to the previous GLOBGM version shifts from a tendency to overestimate water table 416 

depths (-4.8 m) to an underestimation when calibrated (3.6 m) considering all 430 observation 417 

wells (Figure 3e,f). However, bias in the calibrated model is closer to the ideal number of zero  418 



 419 

Figure 3. (a) Geographical variation of water table depth bias from 34,800 observation used for calibration. Grey 

polygons indicate excluded regions of known anthropogenic influence. Zoomed insets of the (b) United States, (c) 

western Europe, (d) Australia. (e) Cumulative distribution function of the water table depth bias of the 163 

permutations. (f) A mean points plot showing the mean water table depths for the uncalibrated, chosen permutation 

and GLOBGMv1.0. Points are distributed along the y axis to better visualise the spread of data, therefore the y axis 

is not quantitative. 



by approximately 1 metre (Figure 3e,f). This analysis also allows for inference on how the 420 

addition of the saturated area fraction correction and groundwater recharge affects the models 421 

predictive ability. The un-calibrated predictions where closer (-1.6 m) to the ideal bias score of 422 

zero when compared to the previous version of GLOBGM (-4.8 m), again centred around 423 

improvements in the wells that were deeper than observed, indicating that these additions 424 

improved the models accuracy (Figure 3e,f). 425 

Initial conditions estimation 426 

The spin up procedure followed here has significant effects on the initial heads estimates for 427 

the simulation start year. Groundwater heads were the highest after the steady state simulation 428 

step and progressively decreased during the two transient simulation steps, the first without 429 

pumping followed by the inclusion of pumping (Figure 4). During the three spin up steps, the 430 

overall change in average heads was comparable, when averaged across sub-models, for the 431 

upper and lower layer - 4.9 m and 5.5 m, respectively(Figure 4). However, differences between 432 

the sub-models were evident. For the upper model layer, the change in heads was comparable 433 

Figure 4. Change in average groundwater head during initial conditions estimation over the four independent sub-

models, starting from the steady state estimates, followed by a transient simulation for 1960 with no pumping, and 

concluded by a transient simulation for 1960 with pumping. 



for the Americas (3.3 m) and Afro-Eurasia sub-model (3 m). Whilst, Australia (1.4 m) and the 434 

Islands (2 m) sub-models displayed a smaller degree of change in average groundwater heads 435 

(Figure 4). The Americas (6 m), Afro-Eurasia (7 m), and Islands (7 m) sub-models were 436 

comparable for the lower layer, with Australia (2 m) displaying a significantly smaller change 437 

in average groundwater heads (Figure 4). 438 

The objective of the first transient spin up step was to achieve dynamic equilibrium for the year 439 

1960. Whereas, the objective of the second transient spin up step was to reproduce the expected 440 

groundwater heads for 1960 by activating abstraction. The key assumption here is that 441 

groundwater heads calculated from steady state solution and simulating 1960 iteratively, 442 

without abstraction, would yield groundwater heads that were greater than observed and as 443 

such by activating abstraction groundwater heads in the second spin up step would allow for 444 

the groundwater heads to approach observed values. During the first spin up step without 445 

abstraction, the change in average groundwater heads between successive iterations decreased 446 

as the number of iterations increased (Figure 4) - suggesting that the model approached a 447 

dynamic equilibrium. One reason the average groundwater heads at the continual scale did not 448 

display strict states of dynamic equilibrium may be that a relatively small number of grid cells 449 

were not in equilibrium. This notion is challenging to prove at the global-scale given the small 450 

number and highly clustered distribution of observation stations present for 1960 (Figure 5a). 451 

However, when evaluating the first spin up step for where observations were present, there is 452 

evidence that states of dynamic equilibrium were achieved (Figure 5b). For the second transient 453 

spin up step, average bias and average relative bias decreased in both model layer for the Afro-454 

Eurasia and Islands sub-models and approached observed water table depths (Figure 5b). 455 

However, for the Americas sub-model average bias values improved as iterations increased 456 

whilst average relative bias deteriorated as iterations increased (Figure 5a), a result explainable 457 

by the disproportionate influence of a limited number of outliers. The changes in groundwater 458 

head with respect to observation wells that were present in 1960 reveal that the spin-up without 459 

abstraction did indeed reach states of dynamic equilibrium and that during the second transient 460 

spin up step, bias approached zero (Figure 5b), suggesting that the model approached more 461 

accurate initial estimates for groundwater heads. Interestingly, there is a clear difference when 462 

it comes to model layer and tendencies towards points of diminishing returns during the first 463 

transient spin up step: the lower model layer displayed a more muted change in average 464 

groundwater head in comparison to the upper model layer (Figure 4). Similarly, the transient 465 

simulation with pumping also showed decreases in change between iterations as the number of  466 



 467 

Figure 5. (a) Locality of 2.175 stations for 1960 used during the initial conditions simulations. The evolution of the (b) 

mean absolute and mean relative bias calculated from the simulated water table depth and observed water table depths 

of a set number of iterations. Note that the islands model did not have enough data for this step. 



iterations increased and again the lower layer displayed less change between iterations as the 468 

number of iterations increased (Figure 4). This difference between the upper and lower model 469 

layers may be related to the fact that lower hydraulic conductivities and transmissivity of 470 

deeper aquifers, meaning that changes on the land cover related to groundwater recharge and 471 

anthropogenic abstractions have a slower response time for these deeper regions. In addition, 472 

the effect of a confining layer will further delay the response and isolate the confined layer 473 

from direct land surface dynamics and only changes through vertical flows which are relatively 474 

small. 475 

Historical Validation: 476 

The simulated monthly water table depths were evaluated against observed water table depths 477 

obtained from IGRAC’s Global Groundwater Monitoring Network. Data were filtered so that 478 

all observations contain a minimum of 60 months of groundwater observations, which results 479 

in a total of 40.846 observation wells. The Kling-Gupta Efficiency (Equation 8) was used to 480 

assess the accuracy of the simulated values against the observed data. KGE values range from 481 

-∞ to 1.0, with values greater than -0.41 implying that the model is a better predictor than the 482 

mean of the data72. To match the observed data to the correct model layer, the same procedure 483 

relying on correlations between soil moisture and simulated water table depths was used for 484 

calibration and initial condition estimation. 485 

𝐾𝐾𝐾𝐾𝐾𝐾 = 1 −  �(𝜌𝜌 − 1)2 + (𝛼𝛼 − 1)2 + (𝛽𝛽 − 1)2 (8) 486 

Where ρ is the Pearson’s correlation coefficient between the simulated and observed time 487 

series, α is the variability ratio, defined as the ratio of the standard deviation of the simulations 488 

to that of the observations, and β the bias ratio, defined as the ratio of the mean of the 489 

simulations to the mean of the observations.  490 

Evaluating transient monthly predictions of groundwater table depth against observation wells 491 

reveals that approximately 45% of the simulated water table depths for which there are 492 

observed data are skilful, when using a KGE threshold of -0.41 (Figure 6a). When considering 493 

the different constituents of the KGE score, 85 % of the evaluated points display a correlation 494 

greater than 0.0 (Figure 6b), almost all points display a variability in monthly water table depth 495 

that is lower than observed time series (Figure 6c). Whereas, the ability of the model tends to 496 

predict long-term monthly mean water table depths which are shallower than observed (Figure 497 

6d). 498 



The ability of GLOBGM to simulate water table depths varies considerably with the depth. 499 

KGE scores grouped according to the depth categories reveal that the worst performing 500 

category is water table depths that are 0-5 m and deeper than 60 m, with approximately 55 % 501 

of locations that display a KGE greater than -0.41, which is indicative skilful predictions that 502 

improve upon the mean flow benchmark (Figure 6e). The depths between 5 and 60 m are 503 

simulated with the highest accuracy where between 55 and 65 % of observations display skilful 504 

results (Figure 6e). The ability of reproduce correlations shows a clear pattern with depth, 505 

where shallower values are more accurately predicted than deep and above ground water table 506 

depths (Figure 6f). Whereas, the ability to reproduce variability in water table depth shows no 507 

clear correlation with depth of observed groundwater in terms of average variance ratio or the 508 

bias of the variance ratio (Figure 6g). Water table depths tends to be underestimated where 509 

observations are between 0 - 5 m (Figure 6h). The bias is closest to 0 for the 5 - 10 m class and 510 

tends to be overestimated for deeper wells and underestimated for wells deeper than 10 m 511 

(Figure 6h).  512 

 The spatial variation in KGE score corroborates some of the conclusions derived from the 513 

cumulative distribution functions in Figure 7, for example, higher KGE values are evident 514 

along the coast where water table depths are shallower (Figure 7a). Furthermore, the effect of 515 

depth becomes evident when comparing relatively lower KGE scores in the higher elevations 516 

of the Appalachian, Pyrenees and Great Divide mountains to higher scores in the adjunct low 517 

lying regions (Figure 7b). Similarly, the higher regions of the Indo-Gangetic plain display lower 518 

KGE values compared to more coastal points (Figure 7b,c,d). 519 

 520 



 521 

 522 

 523 

 524 

 525 

 526 

Figure 6. Panels a-d represent the values of all the observation points whilst panels e-g represent the same set of observation 
points but separated according to depth class. (a, e) KGE and its constituent components (b, f) correlation, (c, g) beta, and 
(d, e) alpha calculated for monthly water table depth simulated by GLOBGM from 1960–2019. Gray lines in (a, e) 
symbolises a KGE of -0.41 which is indicative of predictions that improve upon the mean flow benchmark. Gray lines in 
(b, f) indicate the point at which correlations to the right are positive and to the left are negative, in (c, g) the point at which 
alpha represents overestimation upwards and underestimations downwards, and (d, h) the point at which beta represents 
overestimation upwards and underestimations downwards. 



 527 

Figure 7. (a) Spatial distribution of KGE scores calculated from monthly water table depth simulated by GLOBGM 

from 1960–2019. With zoomed insets providing more detail for the (b) United States, (c) western Europe, (d) Indo-

Gangetic Plain and (e) Australia. KGE values greater that -0.41 are indicative of predictions that improve upon the mean 

flow. 



Usage Notes 528 

In addition to the evaluation based on water table depth observations, we provide a map of 529 

regions where predictions are likely less accurate or likely to fall outside the range of 530 

applicability of a GLOBGMv1.1 (Figure 9). In summary, GLOBGM and its predecessor have 531 

been shown to yield less accurate results in regions dominated by mountainous terrain, 532 

permafrost, and karst aquifers35,38,73. To facilitate inquiries using the groundwater data 533 

presented here that considers their known uncertainties, we provide a quality assurance dataset 534 

containing gridded information on potential sources of uncertainty. Regions dominated by karst 535 

aquifer systems were obtained from the World Karst Aquifer Map (WHYMAP WOKAM)74 536 

and rasterised to match the grid resolution used in GLOBGM. The Global Permafrost Zonation 537 

Index Map was used to identify regions that are dominated by permafrost in almost all 538 

conditions using a threshold value of 0.9; which corresponds to regions where there is 539 

permanent and continuous permafrost75,76. For the identification of mountainous regions, we 540 

used the standard deviation of slope within each grid cell of the GLOBGM dataset. A threshold 541 

value of 77 was established to delineate mountainous terrain. This threshold corresponds to the 542 

99th percentile, indicating that grid cells with slope standard deviation values exceeding 77 543 

belong to the top 1% in terms of topographical heterogeneity.  544 

Figure 9. Regions where GLOBGM has been shown to provide less accurate results due to practical 

and theoretical limitations; namely, karst aquifers, permafrost and mountainous regions. In addition, 

regions where spin up issues are prevalent are also indicated. 



In addition, we evaluate the prevalence of grid cells that did not undergo proper initialisation 545 

of starting heads through the initial condition estimation procedure. If the initial heads 546 

estimates used as starting points for the simulations were not at dynamic equilibrium, spurious 547 

trends in groundwater heads or water table depths will be evident. To identify whether trends 548 

were a result of insufficient spin up when deriving initial states, we evaluated the trends in 549 

groundwater in relation to trends in groundwater recharge and whether or not abstraction is 550 

present in that cell, for a single GCM (IPSL-CM6A-LR), which is intermediate among the 5 551 

models in terms of global temperature and precipitation change, over the entire simulation 552 

period (1960 - 2100) for the business as usual scenario. Based on a first principles 553 

understanding of groundwater dynamics we identified two combinations which are improbable 554 

and suggest that trends in groundwater heads are due to insufficient spin up (Figure 10). 555 

However, this would not provide 556 

information on when in the time series 557 

potential spin up issues would end, and 558 

as such we repeated this analysis for 559 

different time periods (1990 - 2100, 560 

2020 - 2100; 2070 - 2100) in order to 561 

provide users with information on when 562 

and where spin up issues are resolved. 563 

Regarding the accuracy of predictions in 564 

mountainous regions, GLOBGM 565 

models groundwater heads within the 566 

mountain blocks but does not 567 

parametrize for water bodies in hill slopes and smaller alluvial mountain valleys, since the 568 

hydrogeological schematization is too coarse in these regions. Moreover, it is assumed that the 569 

secondary permeability of fractured hard rock in mountainous regions can also be represented 570 

by the principles of Darcian groundwater flow38. Research on the applicability of PCR-571 

GLOBWB2 to simulate the hydrology of permafrost regions shows that it does not capture the 572 

dynamics of permafrost with high fidelity due to its simplistic representation of ice melt (i.e., 573 

degree-day factor) and lack of dynamic permafrost schemes leads to underestimated discharge 574 

and by proxy groundwater recharge73. Moreover, it is challenging to define groundwater 575 

resources in areas where soil is frozen up to many tenths of meters deep77,78. To facilitate 576 

uncertainty-informed use of the groundwater data provided here, we provide users with a 577 

quality assurance raster pertaining to regions with karst, permafrost, or that are mountainous  578 

Figure 10. Matrix diagram showing combinations of 
trends in groundwater (GW) heads, recharge and the 
presence of abstraction and classification 
combinations according validity. 



 579 

Figure 11. Regions where the model estimates are known to be affected by spin up issues for the entire simulation 

period (1960–2100) and isolates effects persisting into the last 60 years (2030–2100) and last 30 years (2070–

2100) of  the projection. 



regions (Figure 9). In addition to this static quality assurance, we provide users with the regions 580 

for which spin up issues were detected over the entire simulation period (1960 - 2100, Figure 581 

9) and different subsets to provide users with information on when and where spin up issues 582 

are resolved (1990 - 2100, 2020 - 2100; 2070 - 2100; Figure 11). 583 

Data Availability 584 

Simulated groundwater heads and water table depths are available on YODA, a research data 585 

management service of Utrecht University. For the historical reference simulation (ISIMIP3a) 586 

long term averages, annual averages and monthly groundwater head and water table depths 587 

are provided. Whereas for the future projections (ISIMIP3b) long term averages, annual 588 

averages are provided per GCM under the three SSP-RCP scenarios. In addition, we provide 589 

ensemble long term averages, annual averages and monthly estimates of groundwater head 590 

and water table depth for the three SSP-RCP scenarios. A data set relating to the quality 591 

assurance of the simulated outputs is also available on YODA. historical-reference-gswp3-592 

w5e5: https://doi.org/10.24416/UU01-AKSHOX, globgm-cmip6-monthly: 593 

https://doi.org/10.24416/UU01-1BXLPD, globgm-cmip6-annual: 594 

https://doi.org/10.24416/UU01-V6B9YS, globgm-cmip6-average: 595 

https://doi.org/10.24416/UU01-SLRFI7, globgm-cmip6-quality: 596 

https://doi.org/10.24416/UU01-16EJ3Y.  597 

 598 

Code Availability 599 

Model code used to run simulations has been archived on Zenodo and can be accessed here at 600 

the following link: https://doi.org/10.5281/zenodo.17065147. 601 
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