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Knowing the depth at which groundwater can be found below the land surface is critical for
understanding its potential accessibility by ecosystems and society. Uncertainty in global scale
water table depth (WTD) limits our ability to assess groundwater’s role in a water cycle altered by
changing climate, land cover, and human water use. Global groundwater models offer a top—down
pathway to gain this knowledge, but their uncertainty is currently poorly quantified. Here, we
investigate four global groundwater models and reveal steady-state WTD disagreements of more
than 100 m for one-third of the global land area. We find that model estimates of land areas with
shallow groundwater at <10 m depth vary from 10% to 71% (mean of 23%). This uncertainty
directly translates into subsequent assessments, as land areas with potential groundwater
accessibility for forests, population, and areas equipped for irrigation, differ substantially
depending on the chosen model. We explore reasons for these differences and find that contrary to
observations, 3 out of 4 models show deeper water tables in humid than in arid climates and
greatly overestimate how strongly topographic slope controls WTD. These results highlight
substantial uncertainty associated with any global-scale groundwater analysis, which should be

considered and ultimately reduced.

1. Introduction

Groundwater makes up 99% of all non-frozen
‘fresh'water (deeper groundwater may be saline)
on our planet (Gleeson et al 2016, United Nations
2022), sustaining ecosystems by providing water to
vegetation (Koirala et al 2017, Roebroek et al 2020),
rivers, lakes, and wetlands (Winter 1995, de Graaf
et al 2019, Hare et al 2021, Jasechko et al 2021), and
being a pivotal ecosystem by itself (Sacco et al 2023).
Groundwater offers a relatively constant supply of
freshwater to 43% of the world’s irrigated agriculture
(United Nations 2015, 2022) and safe drinking water
to an estimated 3.7 billion people (United Nations

© 2024 The Author(s). Published by IOP Publishing Ltd

2015, 2022). While surface water supply is increas-
ingly fragile due to climate change (IPCC 2022),
groundwater is assumed to remain a more reliable
source of freshwater (Taylor et al 2013). However,
the recent IPCC 6th assessment report concluded
that ‘limitations in the spatio-temporal coverage
of groundwater monitoring networks, abstraction
data and numerical representations of groundwater
recharge processes continue to constrain understand-
ing of climate change impacts on groundwater’ (IPCC
2022). This lack of knowledge has consequences in
at least three critical aspects relevant to society: the
accessibility of groundwater for ecosystems, drink-
ing water supply, and agricultural use. Global-scale
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groundwater models have recently been developed
to represent these key issues in hydrological assess-
ments (Fan et al 2013, 2017, de Graafetal 2015, 2019,
Reinecke et al 2019b, Condon et al 2021), yet model
uncertainties remain poorly explored (Gleeson et al
2021).

A key variable to understand groundwater in all
three societal contexts is water table depth (WTD).
Here, we define WTD as depth from the land sur-
face to the top of the saturated zone (Baird and Low
2022). Recent efforts have shown the global com-
plexity of WTD evolution with highly heterogeneous
rising and falling patters of water levels (Jasechko et al
2024). Groundwater can quickly become inaccessible
for ecosystems if WID declines beyond the depth of
vegetation roots (Fan et al 2017) or below the bot-
tom of rivers and lakes (de Graaf et al 2019). Humans
may build wells reaching down to hundreds of meters
(Perrone and Jasechko 2019), yet below a certain
depth, reduced permeability will decrease groundwa-
ter yield (Perrone and Jasechko 2019, Bierkens et al
2022), deeper wells are costlier to build and operate
(Perrone and Jasechko 2019, Bierkens et al 2022), and
water drawn from deeper aquifers may require desa-
linization (Kang and Jackson 2016, Kang et al 2019).
We define groundwater as potentially accessible if
the WTD is shallow enough to be used by ecosys-
tems and/or humans. Notably, potentially accessible
groundwater does not mean that (financial) resources
are in place to access this water and to transport it to
its destination, that the water is of adequate quality,
or that the hydrogeological configuration allows for
abstraction.

The availability of direct observations of WTD
varies widely in quality and consistency (figure
S1(a), Jasechko er al 2024). Models, on the other
hand, can create consistency of information and,
crucially, interpolate and extrapolate to regions
where observations are unavailable (Gleeson et al
2021). Furthermore, they can be run with altered
boundary conditions, which is key for understand-
ing how Earth system dynamics may change with
human interventions across scales (Wang-Erlandsson
et al 2022). Through the connection of groundwa-
ter to streams, wetlands, and lakes, understanding
WTD enables us to understand, for example, how
streamflow will be affected by climate change and by
groundwater abstractions (de Graaf et al 2019), and
how it will affect sea level rise and water available
for atmospheric circulation (Maxwell and Condon
2016). Global groundwater models are already
utilized by different research communities; for
example, their simulations are used in regional stud-
ies on groundwater accessibility by vegetation in the
Amazon (Costa et al 2023), to quantify groundwater-
vegetation interactions (Koirala et al 2017), or to
identify ephemeral streams (Brinkerhoff et al 2024),
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to estimate regolith thickness (Pelletier et al 2016), to
map groundwater dependent ecosystems (Link et al
2023), and their estimates are contained in datasets
like HydroATLAS (Linke et al 2019).

However, the reliability of current models in sup-
port of water policy and scientific inquiry is highly
debated within the community, and the need for
model improvements has been discussed (Gleeson
etal2021). Central to this debate is the issue that these
global models currently suffer from highly uncer-
tain or missing global datasets for parameteriza-
tion (e.g. for the representation of important ver-
tical hydrogeological configurations) and missing or
biased observations for evaluation. As a result of lim-
ited data for parameterization and of high computa-
tional demand they currently simulate at coarser spa-
tial resolutions (here 5 arcmin to 1 km), and less ver-
tical layers (two or continuous assumption of decreas-
ing hydraulic conductivity) than local scale models.
Despite groundwater’s crucial role in the Earth sys-
tem, we cannot yet provide a robust global picture of
WTD. The ongoing discussions point to considerable
uncertainties in global model estimates, which have
not yet been quantified. Here, we take a close look
at the current generation of models and quantify dif-
ferences in steady-state WTD between models. While
differences between models are to be expected due to
different conceptual choices in model building and
different input datasets, the reasons for these differ-
ences are not yet known. We thus take a first step
in diagnosing the reasons for these differences, and
demonstrate what they could entail for subsequent
assessments. Simulating a steady-state first is standard
practice for groundwater models (Hill and Tiedeman
2007), as this equilibrium state often initializes stor-
age for a transient simulation. However, before mov-
ing to a time-varying analysis that contains addi-
tional uncertainties, e.g. due to poorly known pump-
ing rates (Gleeson et al 2021, Bierkens et al 2022),
we assessed here how far these models agree on their
estimates of a natural steady-state. Steady state WTD
estimates are also used in many existing studies and
datasets (e.g. Pelletier et al 2016, Linke et al 2019, Link
et al 2023), making it critical to better understand
their uncertainties.

2. Methods

2.1. Models

Our analysis used the outputs of four published global
groundwater models: Verkaik et al (2024), Fan et al
(2017) (an update to Fan et al 2013), Reinecke et al
(2019b), and de Graaf et al (2015) (table S1 summar-
izes the main model differences). In the following,
they are indicated only by their first author names
because some models do not have a specific name.
The models exclude Greenland and Antarctica. All
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models represent a global steady-state WTD, which
was calculated by removing the time component from
the flow-equation and thus simulating an equilibrium
water table, except for Fan, who reached this state
by a transient daily simulation of the period 2004—
2014. All simulations used here do not account for
anthropogenic change, e.g. no pumping is implemen-
ted, even though the transient versions of the models
may consider water abstractions (Reinecke, de Graaf,
Verkaik). We chose also to focus on the steady-state
here, because many assessments currently only use
steady-state WID (possibly also implicitly through
datasets like HydroATLAS Linke et al 2019). In addi-
tion, groundwater moves slowly; thus, this start-
ing point is important to understand model differ-
ences of transient simulations. Even though pumping
might alter the system more rapidly, different steady-
state WTD estimates also hint at conceptual differ-
ences between models that will persist in transient
simulations.

Of the four models, two simulate groundwater
on coarse spatial resolutions (5 arcmin Reinecke and
de Graaf) and two on a finer spatial resolution of
30 arcsec (Fan, Verkaik). All models except Fan utilize
an annual mean recharge of the global hydrological
model they are coupled with (table S1). With respect
to their parameterization, all models differ except for
the Verkaik model, which utilized resampled inputs
from the model of de Graaf and a subsequent model
version of de Graaf et al (2017). Table S1 summarizes
the central model properties and parameterizations.

For the calculation of the ensemble mean, model
results were aggregated (resampling method = aver-
age) to a spatial resolution of 5 arcmin using GDAL.
The uncertainty range was computed by calculating
the difference between the maximum and minimum
of the WTD for every grid cell of the ensemble. All
assessments regarding relative area were calculated
with cell areas based on a global equal area projection.

2.2. Separation into three categories

Whether models can simulate groundwater depths
adequately has direct implications for their applica-
tion and future model improvement. We thus created
water table accessibility categories (potentially access-
ible to ecosystems (<10 m WTD), potentially access-
ible for irrigation or drinking water supply (<100 m),
and costly to access or inaccessible (>100 m) based on
global and large-scale datasets of rooting depth (Fan
et al 2017), potential groundwater-stream connectiv-
ity (Jasechko eral 2021), and well depth (Jasechko et al
2021) (see also figure S2 and supplement for an exten-
ded discussion).

2.3. Uncertainty impact assessment

We evaluate model uncertainty as expressed via the
three critical demands: ecosystem demand, drinking
water supply and agricultural use. Here we analyze

R Reinecke et al

forests as a critical terrestrial ecosystem and carbon
sink (Humpbhrey et al 2018), population as a proxy for
where groundwater might be important to domestic
use and industry (Ferguson et al 2018), and (cur-
rent) irrigated area as a proxy for the potential use of
groundwater for agriculture (Bierkens et al 2022).

To assess the impacts of model uncertainty on
ecosystems, population, and agriculture, we used
three different data sources. Global tree cover data
(Hansen et al 2013) on 30 m resolution was aggreg-
ated to 5 arcmin. The data representing the % cover-
age was then converted to area using the land mask
covered by the model ensemble. Population data
for the year 2020 (constrained version; https://hub.
worldpop.org) on a 100 m resolution was aggregated
(resampling method = sum) to 5 arcmin and cut to
the land mask covered by the model ensemble. This
resulted in a slight decrease of the global population as
coastal areas are not as well represented by the coarser
global model mask. Global irrigated areas on 5 arcmin
resolution (Siebert et al 2015) were used to calculate
the areas equipped for irrigation. The three 5 arcmin
data products were spatially joined using GDAL with
the calculated uncertainty range of the ensemble.

2.4. Model evaluation

We can learn from comparing models with each
other, with our expectations, and with available
observations (Gleeson et al 2021). Large scale or
global groundwater model evaluation is most com-
monly performed using point observations of WTD
(often converted to hydraulic head) (Fan et al 2013,
2017, de Graaf et al 2015, 2017, Reinecke et al
2019b, 2020, de Graaf and Stahl 2022). This approach,
however, provides little insight into the reasons for
model disagreement, is limited to few (geographically
biased) locations relative to the simulated domain,
and suffers from commensurability issues Beven and
Cloke (2012).

As an alternative, we can evaluate global-scale
groundwater models by investigating so-called
functional relationships between known drivers of
groundwater flow and WTD (Gleeson ef al 2021,
Wagener et al 2022, Gnann et al 2023), including
how well models reproduce such relationships in
comparison to our current process understanding.
For example, using the concept of water table ratio
(Haitjema and Mitchell-Bruker 2005, Cuthbert et al
2019), we can conceptualize the natural water table as
driven by four main factors: (i) climatic aridity, here
defined as potential evapotranspiration divided by
precipitation which serves as an indicator for the
amount of groundwater recharge in figure 3, (ii)
topography (approximated by topographic slope),
(iii) subsurface permeability, and (iv) interactions
with surface water bodies. We would, for example,
expect deep water tables in dry, steep, highly per-
meable regions, far away from perennial streams.
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Here we use WTD observations from Fan et al
(2013), the aridity data are based on CHELSA data at
30 arcsec resolution (Karger et al 2017). Slope data are
based on 250 m slope data from the Geomorpho90m
dataset (Amatulli et al 2020) and elevation data (used
in the supplement) are based on 250 m elevation
data from Tomislav Hengl (2018); both are based
on the MERIT DEM (Yamazaki et al 2017). All ras-
ter data (aridity, slope, WID from all models) were
resampled to 5 arcmin resolution using GDAL (res-
ampling method = median) and aligned to exactly
overlay. Resampling may influence driver-WTD rela-
tionships as it smooths out variability. Overall, how-
ever, the patterns are only slightly affected (figures
S13 and 14).

Aridity was calculated by dividing potential
evapotranspiration by precipitation (PET/P), both
from CHELSA. Values below one indicate energy-
limited environments, while values above one indic-
ate water-limited environments. Using other data
products, approaches and thresholds to calculate
aridity will produce different aridity maps, yet this
will not substantially change the fact that we, for
example, expect deeper water tables in regions which
tend to be water-limited.

3. Results and discussion

3.1. Global variation of potential groundwater
accessibility for ecosystems and humans

Using our definitions of accessibility, we find
that, averaged across all models, 23% (10%-71%
uncertainty; minimum ensemble WID—maximum
ensemble WTD) of global groundwater is potentially
accessible to ecosystems, 57% (28%—57%) is poten-
tially accessible to humans, and 20% (2%-35%) is
potentially costly or inaccessible. These numbers are
calculated from the ensemble mean estimates of the
four global groundwater models (figure 1(a); see
also Methods and table S1). Shallow water tables
accessible to ecosystems are located along coast-
lines and in regions with major aquifers, such as
the Amazon Basin, the Central Valley aquifer, the
Ganges-Brahmaputra Basin, and the Mississippi
Alluvial Aquifer. Costly or inaccessible groundwa-
ter is mainly located in mountainous regions such as
the Rocky Mountains, the Andes, and the Himalayas.
The latter potentially shows the limits of models to
simulate local groundwater systems in topographic-
ally diverse regions, even if groundwater provides a
vital influx to streams in mountainous regions.

It is important to remember that the mean WTD
shown here represents the long-term average (steady-
state) of a natural world without human impacts
(e.g. pumping). A consequence of choosing a steady-
state here is a tendency to see shallower water tables
because they do not include an anthropogenic fin-
gerprint. For example, a shallow water table in the
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Central Valley aquifer, as shown in figure 1(a), is reas-
onable in a steady-state simulation if no groundwater
abstraction is included.

3.2. Global uncertainty in steady-state WTD

While the ensemble mean WTD shows patterns that
agree with our general conceptual understanding of
groundwater processes, such as deeper water tables in
drier or more mountainous regions (Cuthbert et al
2019), the inter-model differences are substantial.
We show areas of considerable uncertainty as blank
spaces to indicate where current models provide no
robust estimates (Wagener et al 2021) in figure 1(b).
For one-third of the global land area, the models show
disagreements in WTD of more than 100 m. Green
areas depict where models tend to agree in abso-
lute terms, with differences of no more than 10 m
amounting to only 12% of the global land area. Areas
of high agreement include the Central Valley aquifer,
the Mississippi Alluvial Aquifer, and the Ganges-
Brahmaputra Basin.

Model differences broadly reflect topography
and are exceptionally high in mountainous regions,
such as the Rocky Mountains, the Andes, and the
Himalayas. However, we also see significant differ-
ences in flatter regions if they are in dry climates,
such as the Sahara, South Africa, and Australia. While
models generally agree that water tables are deeper in
these regions (>100 m), the models strongly disagree
on how deep, often by several hundreds of meters.
There is a strong positive correlation between the
depth of the mean groundwater table and the degree
of uncertainty (Spearman rank correlation p;, = 0.96,
p = 0.00; figure S3).

However, while the models agree more in regions
with lower topographic slopes and shallower water
tables, the uncertainty in these regions might be more
consequential. Relative uncertainty (i.e. uncertainty
in relation to the mean WTD, see figure S4) is less
correlated with topography and thus more strongly
highlights flatter areas where models disagree (in rel-
ative terms), such as parts of the Amazon basin and
the West-Siberian plain. In these flatter regions, a dif-
ference in WTD of 5 m can have an immense impact
on the accessibility of water for roots (Fan et al 2017),
capillary rise (Kroes et al 2018), and surface water
connectivity (de Graaf et al 2019).

Looking closer into the model differences, figure 2
reveals that the model of de Graaf (figure 2(a)) and
Verkaik (figure 2(b)) are generally deeper than the
ensemble mean. However, de Graaf seems to be shal-
lower in the Sahara desert. These two models mainly
differ in their spatial resolution. While Reinecke
(figure 2(c)) is conceptually similar to both mod-
els (number of layers and MODFLOW-like equations
(Herrera et al 2023); see also table S1) it shows
a shallower water table compared to the ensemble
mean in mountains and deserts. Fan differs from
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Figure 1. (a) Ensemble mean (1) of steady-state water table depth (WTD) calculated using four steady-state global groundwater
models with categorization into three categories of potential accessibility: by ecosystems, humans, and costly or inaccessible. (b)
Uncertainty in WTD (highest minus lowest value per grid cell), also represented by two histograms (based on number of grid cells
not area) with a bin size of 1 m and 10 m. Blank spaces in the map indicate areas with very uncertain model estimates (Wagener
etal 2021).

Figure 2. Differences in WTD (m) between each of the four models and the ensemble mean. (a) de Graaf, (b) Verkaik, (c)
Reinecke, and (d) Fan.
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Figure 3. Relationship between topographic slope and (a) observed and (b) simulated WTD from four global models. (b)
Location of water-limited (i.e. rather dry) and energy-limited (i.e. rather wet) regions. Spearman rank correlations shown in (a)
and (c) are based on the point cloud, separated by aridity index. Bin averages are displayed as a visual aid and are separated based
on the aridity index (orange and blue; see Methods for estimation and figure S9 for a global map). Topographic slope, aridity, and
modeled WTD have been aggregated to a resolution of 5 arcmin. For the observations, the WTD values were compared with the
5 arcmin values of the grid cell in which the observations are located. Each bin contains 10% of the data (spread evenly across all
slope values). The correlations are calculated using all data points and are therefore unaffected by the bins, which are primarily

there for visualization. Observational data used is possibly highly affected by water abstractions or return flows. Model-based
relationships are based on the entire model domain and not only on the model cells in which observations were available. The
steady-state outputs of the models do not account for this anthropogenic impact.

all other models in showing deeper tables in some
non-mountainous regions but overall shallower water
tables than the ensemble mean. Differences of models
in dry regions might be due to differences in ground-
water recharge in these regions (West et al 2022).

3.3. Models disagree with observation-based
relationships

The large disagreement in WTD estimates across cur-
rent models suggests that there is potential for learn-
ing about the reasons for these differences. To achieve
this, we explore driver-WTD relationships between
models and between models and the largest avail-
able dataset (Fan et al 2013) (figure 3 and tables S3
and S4). With drivers of WTD we here mainly refer
to topography and climate represented as slope and
water/energy-limited regions.

In agreement with our conceptual understanding
(Cuthbertetal 2019), observations show deeper water
tables in water-limited regions than in energy-limited
regions (6.1 m vs. 4.9 m, respectively), and deeper
water tables for steeper slopes (Spearman rank correl-
ations are p; = 0.21 and 0.25, for water-limited and
energy-limited regions, respectively). Deeper water
tables in arid regions are estimated by Fan (15.0 m
vs. 4.2 m), but not by Verkaik (24.4 m vs. 24.5 m),
Reinecke (6.9 m vs. 10.7 m) and de Graaf (34.8 m
vs. 45.2 m). The model of Fan shows medium

6

correlations with slope (0.29 and 0.55), while the
models of Reinecke (0.85 and 0.88), de Graaf (0.73
and 0.77), and Verkaik (0.69 and 0.92) show high
correlations with slope, particularly in energy-limited
regions. We find weak inverse relationships between
permeability and WTD for all models (ps ranges
between —0.25 and —0.09 and is slightly higher for
energy-limited regions; table S4), while observations
show no clear relationship. Models also differ in how
WTD correlates with distance to perennial streams,
but there is no consistent pattern (ps between —0.19
and 0.38 for water-limited regions, and between
—0.04 and 0.16 for energy-limited regions; figure S8).
In summary, we find topographic slope to be the
dominant control in most models, while it is less pro-
nounced in the observations.

3.4. Reasons for model differences
Multiple reasons contribute to the differences
between the four models investigated here, includ-
ing (i) uncertainties in groundwater recharge estim-
ates, (ii) spatial resolution of the models, (iii) model
choices regarding model parameterization, and (iv)
conceptual choices in model implementation (e.g.
subsurface layering and assigned permeabilities; see
also table S1).

Groundwater recharge estimates are highly uncer-
tain (Reinecke et al 2021, Berghuijs et al 2022, West



10P Publishing

Environ. Res. Lett. 19 (2024) 114066

et al 2022, Gnann et al 2023), and their evaluation
is challenging due to sparse observations associated
with significant biases and uncertainties (MacDonald
et al 2021). Regardless of these problems, there are
distinct differences between the models. For example,
West et al (2022) shows distinctly different recharge
patterns for PCR-GlobWB (Verkaik/ de Graaf) com-
pared to recharge estimates from other models for
very dry regions. However, this generally higher
recharge does not translate into higher water tables
as de Graaf and Verkaik is generally deeper than the
ensemble (figure 2) and shallower in arid regions
(figure 3). This contradicts the expectation that more
recharge should lead to lower water tables (figure 3,
table 1). It is likely that other parameters, such as sur-
face water elevation, impact the model results more,
which is consistent with findings in Reinecke et al
(2019a).

The original spatial resolution of Reinecke and de
Graaf is similar (5 arcmin), whereas Verkaik and Fan
use a higher resolution (30 arcsec; see also table S1).
Given that the Verkaik model is, in principle, a higher
resolution version of the model by de Graaf, compar-
ing these two models indicates the impact of resolu-
tion on WTD (see also (Krakauer et al 2014, Reinecke
et al 2020). We find that aggregating to lower resolu-
tion has little effect on overall patterns of WTD (see
S13 and S14), suggesting that model structure and
forcing inputs might be more important than resol-
ution (if no human impacts are considered).

Regarding other parametrization choices,
Reinecke has a lower elevation of surface water bodies
(at the 30th percentile of the higher resolution DEM)
than de Graaf (mean of the DEM; table S1), which
does not explain the generally deeper water table in
the latter. Related to this, the static existence of sur-
face water bodies in a steady-state simulation might
lead to an overestimation of focused recharge through
surface water bodies, as seasonal waterbodies usually
exist continuously in the steady-state simulation (as
there is no change in time). This issue is nonexistent
in the Fan model as it does not specifically model sur-
face water bodies but completely drains groundwater
close to the surface (table S1). Other choices regard-
ing the parameterization, such as the faster decrease
of permeability with steeper slopes, seem to lead to
shallower water tables in mountainous regions in Fan;
however, similar approaches (but over fewer concep-
tual model layers; see table S1) are also implemented
in the other models.

Lastly, one would expect that the representation
of confined settings leads to a better representation
which is implemented in de Graaf in some regions (or
more specifically de Graaf et al 2017) and Verkaik, but
not in Reinecke and Fan. A refinement of the vertical
representation only exists in de Graaf and Verkaik
who developed a calibrated global map of aquifer
thickness for their models. Still, both models show a
similarly strong relation to slope as Reinecke, which
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does not implement such an approach (table S1), thus
it is unclear whether an improved representation can
improve upon the WID-Slope relationship.

Additional model comparison through structured
intercomparison, such as harmonizing the recharge
inputs across the models, is necessary to draw fur-
ther conclusions. Furthermore, future development
efforts should investigate the representation of com-
plex hydrogeologies, such as karst systems, and
the impacts of surface water body parameterization
(regarding conductance and elevation).

3.5. Different global estimates of WTD may lead to
different assessments

Even though uncertainties in areas with shallow water
tables are necessarily small (figure 1), they are large
enough to have major implications on the out-
comes of global assessments of groundwater access-
ibility. Figure 4 translates the uncertainty in WTD
into uncertainty of potential groundwater accessib-
ility for forests, population, and areas equipped for
irrigation (note that these classes are not mutually
exclusive and are different from the defined poten-
tial accessibility classes). It shows that the uncertainty
is high for all three classes (forest, population, irrig-
ation) and all three categories of potential accessib-
ility. We find that the global area covered by forest
located in regions with ecosystem-accessible ground-
water (<10 m) varies by +—12 million km? (global
forest area is 30.5 million km?) depending on what
model estimate we use. How many people live in
areas of potentially human-accessible groundwater
(>10 m and <100 m) varies by +—0.9 billion, and
the uncertainty of how much irrigated land is in areas
of potential ecosystem accessible (<10 m) groundwa-
ter is +—66 billion ha (660 million km?, global area
is 305.7 million ha). We do not suggest that forests,
people, or agriculture necessarily depend on ground-
water in these areas, but it highlights the potential lack
of robustness of any subsequent application of these
simulations without considering these uncertainties.

This large uncertainty directly affects our abil-
ity to provide critical global assessments and support
decision-making. For example, assessing the likeli-
hood of ecosystems losing connection to groundwa-
ter is pivotal for carbon policy and ecosystem protec-
tion (Huggins et al 2023, Sacco et al 2023). Mapping
these potentially fragile ecosystems would indicate
where ecosystem protection policy would provide the
biggest impact (Huggins et al 2023). Without improv-
ing our ability to support such decisions, we are ulti-
mately jeopardizing our ability to achieve multiple
SDGs such as climate action (SDG 13) and terrestrial
ecosystems (SDG 15).

The uncertainty shown here affects scientific
insights we can gain with these models and it con-
textualizes existing studies. It is the first time mul-
tiple global groundwater models are analyzed and
compared directly, and thus provides an important
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Table 1. A list of hypotheses for model differences, evidence for or against these hypotheses, and possible reasons.

Hypothesis Conclusions

Evidence

Possible
reasons

More groundwater recharge
leads to shallower water
tables.

Higher spatial resolution
leads to a better
representation of WTD-slope
relationships because it leads
to a more realistic
representation of topography.
Fixed steady-state heads of
surface water bodies lead to
shallower water tables in arid
regions.

Partially supported

A decrease in permeability
with slopes steepness leads to
shallower water tables

Supported

Confining layers are Inconclusive
important to accurately
represent WTD, even at large

spatial scales.

A refined vertical Inconclusive
representation of the
hydrogeology improves the

simulation of WTD.

Not supported by analysis

Not supported by analysis

The mean recharge of
PCR-GlobWB (used in de
Graaf) is higher than in
WaterGAP (used in Reinecke),
but water tables are generally
deeper in de Graaf than in
Reinecke.

The global relationships
between WTD and slope in
the de Graaf and Verkaik
models are the same.

Reinecke and de Graaf show
shallower water tables in arid
regions. Both simulate water
bodies with fixed heads in the
steady-state. Verkaik also, but
does not show this effect
(possibly this is related to the
model resolution as well as
Verkaik simulates on 1 km).
Fan does not simulate any
surface water bodies.

Compared to all other models,
Fan includes this assumption
in the model and shows
shallower water tables in
mountainous regions
compared to other models.

Fan does not account for
confining layers compared to
de Graaf but still shows a
closer match with
observations.

De Graaf implements a
‘calibrated’ aquifer thickness.
However, the relationships
investigated here are similar to
Reinecke, which does not
implement a varying aquifer
thickness.

Other factors, such as the
parameterization of the
aquifer geometry, hydraulic
conductivity, and surface
water interaction, have a
stronger influence on the
model results (supported
partially by Reinecke et al
(2019a)). Reinecke and
deGraaf use an average
recharge from different
periods (100 year mean vs.

50 year mean).

Model structure, forcings, and
numerics (Herrera et al 2023)
may have a larger influence
(e.g. groundwater recharge of
PCR-GlobWBiis still in a
coarse scale resolution).
When the groundwater table
drops below the bottom of a
surface water body,
MODFLOW-based models
simulate water leakage from
the surface water body to the
groundwater. In a steady-state
this flux is constant as the
head of the water body does
not change, likely leading to
higher simulated groundwater
levels.

A decrease in permeability
leads to a lower hydraulic
conductivity and, thus, a
decrease in lateral flow even
with high gradients. At coarse
resolutions (5'), gradients in
steep regions can be very large
and likely induce unrealistic
lateral fluxes.

The observations are likely
biased towards shallower
water tables. Available global
datasets do not indicate
whether an aquifer is confined
or unconfined. It is unclear if
a better representation would
directly affect the WID
relationships discussed here.
Currently no other global
dataset besides the two-layer
GLHYMPS 2.0 datasets
(Huscroft et al 2018) is
available to scrutinize the
parameterization further. It is
further unclear if a better
representation would directly
affect the WTD relationships
discussed here.
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foundation for subsequent research. Previous stud-
ies focused on individual global groundwater mod-
els and applied sensitivity experiments to demon-
strate how their conclusions are affected by key uncer-
tainties (de Graaf et al 2019, Reinecke et al 2019a).
However, a single model experiment likely did not
cover the full uncertainty range. Our results suggest
that future analyzes would benefit from quantify-
ing and attributing uncertainty more widely using
multiple models. All in all, this study also adds to
existing evidence that assessing model differences is
much easier than attributing these differences to their
causes, given the multitude of modeling choices and
assumptions that make models dissimilar (e.g. Ceola
etal 2015).

4. Conclusion

Groundwater is a pivotal source of freshwater for ter-
restrial and aquatic ecosystems. It functions as an
ecosystem, provides drinking water to humans, and
remains a reliable source for irrigation during dry
periods. To assess how global change (e.g. climate
change, land use change, water abstractions) affects
the water cycle and potentially freshwater sustainab-
ility, we require a global perspective on groundwa-
ter. Our analysis shows, however, that current global
groundwater models are still in their infancy with sig-
nificant differences in their simulations of global dis-
tributions of depth to groundwater. Here, we focused
on steady-state simulations frequently used in exist-
ing studies and datasets. Future studies should con-
sider using the ensemble provided here to reflect this
uncertainty, bearing in mind that this dataset ignores
the considerable impacts of groundwater pumping.
Our results provide first insights into model dif-
ferences and their potential reasons. They invite
a more in-depth investigation to understand and
explain inter-model and model-observation differ-
ences in the future. Such a comparison would greatly

benefit from a structured Model-Intercomparison
Project (MIP) specifically focused on groundwater,
comparable to the Inter-Sectoral Impact MIP (Frieler
et al 2017), to provide a consistent framework for
model simulations (e.g. standardized forcing data,
output resolution, and variable names) (Condon et al
2021, Gleeson et al 2021). While steady-state dis-
agreements already suggest pathways for improve-
ment, future work needs to investigate transient dif-
ferences which are central in understanding how
abstractions and climate variability affect the model
results.

With improved global models (including better
representation of human impacts), we would be able
to more robustly assess impacts of climate change and
human activities on global groundwater resources,
filling a current gap in the IPCC reports (IPCC
2022). Information on where groundwater is access-
ible, abstracted, and potentially remains accessible for
future irrigation will enable international organiza-
tions like the FAO and the World Bank to guide pro-
grams on irrigation infrastructure and crop adapta-
tion. To reach these goals, we need to acknowledge
that current global-scale groundwater models must
be improved, evaluated more thoroughly, and the
scientific community needs to work jointly to com-
pile existing local knowledge into global knowledge
shared across communities.

Data availability statement

The ensemble mean on 5 arcmin resolution including
the uncertainty bounds can be accessed here: https://
doi.org/10.5281/zenodo.7538161 CCby4.0.
The source code of the modeling framework of
Reinecke et al (2019b) can be accessed at:
http://globalgroundwatermodel.org
CHELSA data are available from
https://envicloud.wsl.ch/#/?prefix=chelsa%?2
Fchelsa_V2%2FGLOBAL%2F
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Geomorpho90m data are available from https://
doi.pangaea.de/10.1594/PANGAEA.899135

Global DEM derivatives at 250 m based on the
MERIT DEM are available from https://doi.org/10.
5281/zenodo.1447209

The data that support the findings of this study are
openly available at the following URL/DOI: https://
doi.org/10.5281/zenodo.7538161.
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