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High resolution US water table depth
estimates reveal quantity of accessible
groundwater
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Groundwater is the largest accessible freshwater on Earth, yet its quantity and distribution remain
unknown. Here, we develop a high-resolution (approximately 30m) estimate of water table depth over
the continental United States usingmachine learning that includes uncertainty.We estimate that there
is 306,500 km³ (uncertainty range: 291,850–316,720 km³) of groundwater over North America. This
represents our highest resolution estimate of accessible freshwater to date, supported by robust
statistical performance.We calculate total and accessible groundwater storage, and results show that
coarse resolution products are systematically biased in their estimates locally, where decisions are
made, as well as at large scales. Our approaches are spatially extensive and locally relevant and
thereby bridge a gap between remote sensing and point observations.

Groundwater has large spatial variability, which poses
challenges for management
The vast majority of Earth’s freshwater lies underground1, yet its acces-
sibility remains poorly defined. Water table depths, or how far water is
from the surface, can vary greatly over short distances. Observations are
helpful to detect local to global water table trends2, and to estimate the
total quantity of groundwater3. Prior studies have made great strides in
simulating groundwater flow at a large scale4,5 or using remote sensing to
infer extraction6,7. However, national to global scale hydrological simu-
lations that include pumping8–10 are computationally and data expensive,
typically at coarse resolution (greater than one square kilometer) and
lacking uncertainty estimates. At the same time, remote sensing
approaches cover only recent decades and have low resolution. Esti-
mating actual water table depths (i.e., including anthropogenic impacts)
at high resolution remains a challenge11.

Groundwater systems are not a uniform reservoir and have sig-
nificant spatial variability across multiple scales12. Water table depth is
often portrayed as a subdued replica of topography13, however,
groundwater recharging at higher elevations can travel great distances
laterally underground to topographic lows, also known as groundwater
convergence. Groundwater can maintain shallow water table depth in
areas of local convergence during dry conditions, the same way that
baseflow supports streamflow4,8. These groundwater-land surface con-
nections are of great importance to both watershed dynamics and

ecosystem function14 often helping to sustain vegetation through
drought15–17.

Shallow groundwater supports more than just ecosystems and
streamflow. Local variability in water table depth can also challenge local
users who rely on groundwater. For example, a center-pivot irrigation
system inwhich a sprinkler is attached to a single groundwater well to water
crops covers approximately 500m2 (Fig. 1). There are more than 14million
center pivots over a large agricultural region like theOgallala18 which covers
an area of almost 500,000 km2 (Fig. 1). Farmers make individual irrigation
decisions at these local (500 m2) scales but collectively their actions impact
major aquifers regionally that span several US states.

Existing remote sensing tools capture regional19 to global water
trends6, but generally have very low spatial resolution (Fig. 1). For
example, the widely used GRACE satellite data only has a native reso-
lution between 200–500 km2 practically closer to the latter20. At this
resolution, they are unable to capture local groundwater patterns21.
InSAR monitors ground deformation at higher resolution but does not
provide reliable estimates of water storage in shallow aquifers, especially
when they are unconfined22. Large-scale groundwater modeling has also
advanced greatly in recent years23; however, this remains a computa-
tionally and data-intensive process, and grid resolutions are generally
greater than one square kilometer24. This resolution is larger than features
like an individual well25 or a center pivot (Fig. 1), and can miss local
groundwater convergence that happens at the hillslope scale. The existing
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low-resolution approaches can provide insights into aquifer systems, but
this information is of limited local use and is likely to be systematically
biased because it over smooths topography and spatial variability26,27.

Here we use a machine learning approach combined with a large
(~1M data point) dataset of groundwater observations (Fig. S1) and ten
spatially gridded climatological and hydrogeological inputs at the finest
resolutions available (ranging from 1 arc-second to 1 km; see SI sec-
tion S1.1 and Fig. S2) to develop a high-resolution (one arc-second,
approximately 30m resolution) estimate of water table depth over the US
(see S1.2). While this constitutes the most complete groundwater dataset
available for the US, well measurements remain sparse and poorly dis-
tributed. There are major spatial and temporal gaps in observations (see
discussion Section S1.1). Machine learning approaches have been widely
applied in surface water hydrology to learn time series behavior for a
point such as a stream gage location28. In contrast, given the spatial
variability in water table depth, predictions of temporal evolution at a
point such as a single well are often of limited value. What is needed is a
high-resolution spatially extensive product that can combine all available
observations and leverage our understanding of the primary drivers of
groundwater configuration. Ensemble regression tree approaches, such
as random forests, have been used effectively to map water
contamination29,30. This work builds on the successes of national-scale
water table depth estimation using random forests31,32(see S1.2 for more
information on training on randomly split datasets).

Results and Discussion
Machine learning sidesteps computational barriers to
bridge scales
The water table depth product presented here was rigorously evaluated at
the national (Fig. S3) and regional scale (Figure S12–S29) and provides the
statistically most accurate estimate of water table depth to date for the US
(see SI S1.2 and S2.1) with a Pearson Correlation Coefficient equal to 0.79
and a root mean square error equal to 14.94m for the entire US, based on
independent test dataset (see S1.2). This product is developed from obser-
vations that span a wide range in time (1914–2023) and reflect the pro-
nounced anthropogenic signal of groundwater pumping2. Because we do
not apply any adjustments to observations for pumping to accuratelymatch
the observed water table depths, the machine learning approach implicitly
includes the pumping signal present in these observations. The magnitude
and location of groundwater pumping are not well characterized nationally
and were thus not provided as input to the model (Fig. S2). However, the
good performance seen in highly pumped regions (Fig. S8) and when
compared to only recently observed water table depths from 2024 (with a
Pearson Correlation Coefficient of 0.85 and a root mean square error of
18.96m; Fig. S10) suggests that amodern groundwater pattern that includes
pumping is well represented by this approach. This study does not propose
replacing physically basedmodelswithmachine learning. Instead, our high-
resolution data product is intended to complement other approaches to
improve understanding of freshwater resources across the US.
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Fig. 1 | The scales of human and natural groundwater systems mismatch with
remote sensing and models. There is an inherent mismatch between the scales at
which national policy is set (~8 M km2), the extent of major aquifers and irrigation
projects (~50 K km2), and the scale at which local irrigation decisions are made

(~1 km2). Existing models and remote sensing data products are unable to capture
this seven orders of magnitude range of scales, and while much progress is being
made, gaps remain at important scales for agriculture. The machine learning
approach presented here can seamlessly bridge these scales.
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Estimates demonstrate local variability and highlight the abun-
dance of shallow groundwater
Our fine scale estimate of the quantity and accessibility of groundwater over
the US highlights spatial variability that occurs over many scales (Fig. 2). In
addition to areas of deeper groundwater, local groundwater convergence is
evident, as are surface features like streams and reservoirs that are closely
connected to groundwater (Fig. 2 see insets). Overall, the groundwater
patterns shown in Fig. 2 are broadly consistent with regional patterns found
in previous work33,34, though with a more accurate statistical match for
predicted and observed WTD across multiple metrics (S3), regions
(S12–S29), including uncertainty (S5-S6). For example, deeper water table
depths in the western US and shallower depths in the more humid eastern
US (Fig. 2)with broaddifferences seen in climate and terrain consistentwith
model sensitivity to temperature, elevation, and precipitation (Fig. S4).

We combine our water table depth product (Fig. 2) with spatially
variable estimates of porosity from previous literature to calculate total
groundwater storage (see SI S1.3 and Table S1). We estimate a total
groundwater storage of 306,500 km3, with an uncertainty range of 291, 850
km3 to316, 720km3.This estimate includes all groundwaterabove adepthof
392m (this depth is the deepest depth for which we have reliable porosity
data35, and roughly the limit of active circulation in the hydrologic cycle36).

Substantial previous work has been carried out to understand the total
quantity of groundwater storage1,3,37 and its quality38,39. One of the earliest
total groundwater storage estimates calculated groundwater recharge as
25% of the precipitation that occurred from 1800-1960 to arrive at an
estimate of 220,000 km3 of storage in the US40. Subsequent estimates have
generally assumed a constant fully saturated groundwater thickness and
multiplied this by the land area and assumed porosity to calculate a storage
volume3,37,41,42. Total groundwater storage for the US, based on these
approaches, range from 400,00041 to 1.9M cubic kilometers (global esti-
mates were scaled based on land area to get storage estimates for the US).
The two key sources of variability in these estimates are (1) the assumed
porosity and (2) the assumed groundwater thickness. For example, an early
estimate assumed a thickness of 1000m and a uniform porosity of 1%41,
whereas later estimates3,42 used more complicated depth-dependent

porosity estimates and larger groundwater thicknesses of up to 2000 m.
More recent work by Gleeson3 incorporated spatial variability into the
porosity mapping. Our results can be compared to these prior estimates by
scaling the previous estimates to the 392m depth used in this study. Using
this approach, previous total storage estimates range from 159,559 km3

(using a 1% porosity41), to 320,000 km3 and 570,00 km3 (using depth-
dependent porosity3,42), to 257,000 km3 (using spatially variable porosity3).

Our total storage estimate of 306,500 km3 agrees well with these pre-
vious estimates.Differences in our results are caused by (1) differences in the
porosity we use (refer to the SI for details on our hydrogeologic mapping)
and (2) the fact thatwedonot assumea fully saturatedwater columnanduse
water table depth in our storage estimates. The key advancement in our
storage estimate is not the refinement of the total storage number, but rather
the ability to evaluate storage with depth and to specifically quantify the
presence of shallow groundwater.We find that roughly 40%of the land area
in the CONUS domain has a water table depth that is shallower than 10m,
and 16% has water table depths shallower than 5m. Given the link between
shallow groundwater and streamflow43, vegetation14,16,44, and agriculture21,
understanding the quantity of groundwater storage that is expected to be
closely connected to the land surface is critically important.

Previous work that assumed a fully saturated groundwater column
cannot provide depth-dependent storage estimates beyond the relationship
between storage and porosity. Gleeson et al.3 did provide some initial
insights into this issue by estimating the fraction of young groundwater that
has been recharged in the last 50 years. They used Tritium tracers to cal-
culate the fraction ofmodern groundwater occurring at different depths and
estimated 20,000 km3 of young groundwater (<50 years) in the US
(adjusting based on area from their global estimate). Young groundwater is
an important indicator of land surface interactions, but does not provide a
direct estimate of storage with depth.

What is not available in prior estimates of continental groundwater
storage are the multiscale local patterns that emerge over these regional
trends (as illustrated in the Fig. 2 insets). We see similar patterns of local
convergence around lakes and stream networks in both the eastern and
westernUS.However,wherewater tabledepths are deeper, this convergence

Fig. 2 | A machine learning approach can synthesize ~ 1M water table depth
observations with high-resolution data products to develop a fine-scale estimate
of the quantity and accessibility of groundwater over the US. This product is
national in scope and covers 7.3 M km2 yet provides detail at one arc-second (~30 m)

resolution. Insets A and B demonstrate these changes in scale, starting at a pixel
100 km on a side, scaling down to show the range of water table depths (WTD)
present in even a 1 km cell. Note the log scale in this figure.
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ismuch sharperwith transitions fromwater table depths greater than 100m
to essentially 0 over the span of less than a kilometer. These patterns
emphasize the importance of tools that can resolve hillslopes to really
capture groundwater surface water connections and areas of shallow
groundwater.

Low resolution estimates systematically underestimate acces-
sible groundwater
Existing remote sensingproducts6,45 have spatial resolutions of roughly 100 s
of km, many global hydrologic models11,46,47 have 10 km resolution, and
national models have 1 km resolution. To compare our 30m products to
these existing frameworks, we systematically decrease the resolution used to
estimate water table depths from 30m to 100 km. There are visual changes
in the groundwater patterns (Fig. 3A) with loss of resolution; local con-
vergence zones disappear, and the density of the stream network decreases.
These losses of spatial details systematically changeboth the total quantity of
groundwater estimated at different resolutions (Fig. 3B) and the relative
fraction of shallow groundwater (Fig. 3C).

The current storage estimates presented here build upon prior work
and underline the importance of resolution. Total groundwater storage
increases from 252,290 km3 in the lowest resolution (100 km) case to
306,500 km3 in our 30m resolution product, indicating an 18% under-
estimation with the coarse resolution product. The storage estimates from
the lowest two resolution cases (100 km, 10 km) both fall outside the
uncertainty bounds, represented by the inter quartile range, of higher
resolutions. The highest three resolutions (1 km-100 m-30 m) produce
similar total storage, corroboratingprior estimates3,37 but also indicating that
resolutionsfiner than1 kmarenotnecessarilyneeded to furtherenhance the
estimates of total groundwater volume.

The relative fraction of shallow and deep groundwater also shifts sys-
tematically with resolution. (Fig. 3C). The very shallow water table depths
(less than a meter) are not resolved at coarser resolutions, and shallow (less
thanfivemeters) depthestimates increase from1%to12%over theUS aswe
refine resolution from 100 km to 30m. A semivarogram analysis of water
table depth over the CONUS for 100 km to 30m resolutions demonstrates
the information lost at different scales (Fig. S11).

This finding highlights a systematic underestimation of shallow
groundwater areas in low-resolution products. Because shallow ground-
water is closely connected to the land surface, both through surface water
bodies and vegetation. Systematically underrepresenting shallow ground-
water can lead to biased results if models are used to evaluate sensitivity to
drought or flood48.

Uncertainty in accessible groundwater estimates provides
actionable information across scale
In addition to the median of the estimated water table depth (S1.2), we also
produce a 300-member ensemble (Fig. S2, S5, S6). This ensemble provides
an estimate of the uncertainty in this estimation (S1.2), which varies
regionally and by land cover over the US (Fig. 4A, B). Uncertainty over the
CONUS varieswidely (Fig. 4B). Generally speaking, in relation to estimated
water table depths, the interquartile range is higher in themore arid western
US than themore humid east. There are also systematic differences in water
table uncertainty based on land cover. The distribution ofwater table depths
under crop land cover (Fig. 4A) is shallower and more certain than for the
entire study domain. This is likely due to the fact that crops are often grown
in flatter and low-lying areas, such as valleys, where the water table depths
are shallower.

If we compare the 25th, 50th and 75th percentile estimates of water
table depth over a portion of the high plains (Fig. 4C) we see the impact
of this uncertainty. In this inset, the ranges for water table depth esti-
mates vary with uncertainty (Fig. 4C). At the local scale the uncertainty
can be large; the estimated water table might shift from shallow to deep
because of the range in the 25th and 75th percentile estimates. The
difference between medium and very deep water table depths has sig-
nificant implications for water management. This illustrates the need for
further work to reduce uncertainty in groundwater estimates with more
subsurface observations. While our approach is the most statistically
accurate groundwater estimate available, it should be noted that this
data-driven approach is still limited by the available observations. In
many locations, groundwater observations remain sparse in both space
and time. The uncertainty shown here illustrates the need for (1)

Fig. 3 |High resolution products are needed to resolve accessible groundwater.As
resolution is systematically decreased (A) from 30 m to 100 km, detail is lost. This
loss of detail impacts estimates of the amount of groundwater within the US (B),
although these estimates stabilize at resolutions finer than 1 km.While the fractions

of theUS underlain with very deep groundwater (C) do not significantly change with
resolution, the percentage of the US with shallow groundwater changes significantly
as resolution increases to 30 m.
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expanded groundwater monitoring and (2) hybrid approaches that
combine physically based modeling with data-driven solutions.

Despite the groundwater challenges we currently face49 and the
anticipation of future challenges50, large-scale estimates of the quantity of
groundwater canbe connected to the local-scalewater table depth toprovide
additional information critical in water management. The accessibility of
groundwater under agricultural regions demonstrates the uncertainty in the
national water supply used to sustain food production.

Methods
The completemethods for this work are presented in SI Section 1, including
Figs. S1 to S11 and Tables S1 and S2, and are summarized briefly here. We
developed a high-resolution water table depth (WTD) map for the con-
tiguous United States using machine learning methods trained on over one
million well observations. Long-term mean WTD measurements were
compiled from three major groundwater databases spanning 1914-2023
andmapped to a 1 arc-second (~30m) resolution grid, resulting in 726,828
grid cells with observations (Section S1.1). A random forest model with 300
decision trees was trained on 80% of these data using input variables
including climatology (precipitation, temperature, PME), subsurface
properties (hydraulic conductivity, soil texture), and topographic features
(elevation, slope, distances to streams), achieving test performance of
r = 0.79, RMSE = 14.94m, and NSE = 0.62 (Section S1.2). The model gen-
erated WTD estimates across CONUS using the median of the tree pre-
dictions, with uncertainty quantified using 25th and 75th percentiles of tree
outputs. Groundwater storage was then calculated by combining these
WTD estimates with 10-layer porosity data from the ParFlow CONUS 2.0
platform, assuming a total subsurface depth of 392m (Section S1.3).
Additional validation was performed across 18 HUC2 basins (Section S2.1)
and against independent (i.e., hold-out) observations in Arizona
(Section S2.2).

Data availability
All data are available via theHydroData repository: https://hydroframe.org/
hydrodata.

Code availability
All codes and analysis scripts are available via GitHub https://github.com/
HydroFrame-ML/high-res-WTD-static.

Received: 13 November 2025; Accepted: 2 December 2025;

References
1. Ferguson, G. et al. Crustal Groundwater Volumes Greater Than

Previously Thought. Geophys Res Lett. 48, e2021GL093549 (2021).
2. Jasechko, S. et al. Rapid groundwater decline and some cases of

recovery in aquifers globally. Nature 625, 715–721 (2024).
3. Gleeson, T., Befus, K. M., Jasechko, S., Luijendijk, E. & Cardenas, M.

B. The global volume and distribution of modern groundwater. Nat.
Geosci. 9, 161–167 (2016).

4. Fan, Y., Li, H. & Miguez-Macho, G. Global Patterns of Groundwater
Table Depth. Science 339, 940–943 (2013).

5. de Graaf, I. E. M. et al. A global-scale two-layer transient groundwater
model: Development and application to groundwater depletion. Adv.
Water Resour. 102, 53–67 (2017).

6. Rodell, M. et al. Emerging trends in global freshwater availability.
Nature 557, 651–659 (2018).

7. Rodell, M. & Li, B. Changing intensity of hydroclimatic extreme events
revealed by GRACE and GRACE-FO. Nat. Water 1, 241–248 (2023).

8. Condon, L. E. & Maxwell, R. M. Simulating the sensitivity of
evapotranspiration and streamflow to large-scale groundwater
depletion. Sci. Adv. 5, eaav4574 (2019).

Fig. 4 | The distribution of groundwater under agricultural regions demonstrates
the uncertainty in the national water supply used to sustain food production.
When compared to the entire CONUS, cropland overlays shallower water table
depths with lower uncertainty (A). The uncertainty in water table depth varies
widely over the US (B) as shown by the inter-quartile range (IQR). In general, this

uncertainty is lower in the eastern US and greater in the west. This uncertainty
impacts our understanding of the security of water used to grow our food (C, inset
location shown in (B) where large portions of agricultural regions might be
underlaid by less accessible (very deep) water table depths.

https://doi.org/10.1038/s43247-025-03094-3 Article

Communications Earth & Environment |            (2026) 7:45 5

https://hydroframe.org/hydrodata
https://hydroframe.org/hydrodata
https://github.com/HydroFrame-ML/high-res-WTD-static
https://github.com/HydroFrame-ML/high-res-WTD-static
www.nature.com/commsenv


9. Wada, Y. Modeling Groundwater Depletion at Regional and Global
Scales: Present State and Future Prospects. Surv. Geophys 37,
419–451 (2016).

10. Wada, Y., van Beek, L. P. H. & Bierkens, M. F. P. Nonsustainable
groundwater sustaining irrigation: A global assessment.Water
Resour. Res 48, W00L06 (2012).

11. Condon, L. E. et al. Global Groundwater Modeling and Monitoring:
Opportunities and Challenges.Water Resour. Res 57,
e2020WR029500 (2021).

12. Alley, W. M., Healy, R. W., LaBaugh, J. W. & Reilly, T. E. Flow and
Storage in Groundwater Systems. Science 296, 1985–1990 (2002).

13. Haitjema, H. M. & Mitchell-Bruker, S. Are Water Tables a Subdued
Replica of the Topography? Groundwater 43, 781–786 (2005).

14. Eamus, D., Zolfaghar, S., Villalobos-Vega, R., Cleverly, J. & Huete, A.
Groundwater-dependent ecosystems: recent insights from satellite
and field-based studies. Hydrol. Earth Syst. Sci. 19, 4229–4256
(2015).

15. Huntington, J. L. & Niswonger, R. G. Role of surface-water and
groundwater interactions on projected summertime streamflow in
snow dominated regions: An integrated modeling approach.Water
Resour. Res. 48 https://doi.org/10.1029/2012WR012319 (2012).

16. Fan, Y., Miguez-Macho, G., Jobbágy, E. G., Jackson, R. B. & Otero-
Casal, C. Hydrologic regulation of plant rooting depth. Proc. Natl.
Acad. Sci. 114, 10572 (2017).

17. Rempe, D.M. & Dietrich,W. E. Direct observations of rockmoisture, a
hidden component of the hydrologic cycle. Proc. Natl. Acad. Sci.
(2018).

18. Cooley, D., Maxwell, R. M. & Smith, S. M. Center Pivot Irrigation
Systems and Where to Find Them: A Deep Learning Approach to
Provide Inputs to Hydrologic and Economic Models. Front. Water 3
(2021).

19. Long, D. et al. Global analysis of spatiotemporal variability in merged
total water storage changes using multiple GRACE products and
global hydrological models. Remote Sens Environ. 192, 198–216
(2017).

20. Rodell, M. et al. Estimating groundwater storage changes in the
Mississippi River basin (USA) using GRACE. Hydrogeol. J. 15,
159–166 (2007).

21. Scanlon, B. R. et al. Global water resources and the role of
groundwater in a resilient water future. Nat. Rev. Earth Environ. 4,
87–101 (2023).

22. Castellazzi, P., Martel, R., Galloway, D. L., Longuevergne, L. & Rivera,
A. Assessing Groundwater Depletion and Dynamics Using GRACE
and InSAR: Potential and Limitations. Groundwater 54, 768–780
(2016).

23. Naz, B. S., Sharples, W., Ma, Y., Goergen, K. & Kollet, S. Continental-
scale evaluation of a fully distributed coupled land surface and
groundwater model, ParFlow-CLM (v3.6.0), over Europe. Geosci.
Model Dev. 16, 1617–1639 (2023).

24. Refsgaard, J. C., Stisen, S. & Koch, J. Hydrological process
knowledge in catchment modelling – Lessons and perspectives from
60 years development. Hydrol. Process 36, e14463 (2022).

25. Gleeson, T. et al. GMD perspective: The quest to improve the
evaluation of groundwater representation in continental- to global-
scale models. Geosci. Model Dev. 14, 7545–7571 (2021).

26. Fan, Y. et al. Hillslope Hydrology in Global Change Research and
Earth System Modeling.Water Resour. Res. 55, 1737–1772 (2019).

27. Clark, M. P. et al. Improving the theoretical underpinnings of process-
based hydrologic models.Water Resour. Res. 52, 2350–2365 (2016).

28. Shen, C. A Transdisciplinary Review of Deep Learning Research and
Its Relevance for Water Resources Scientists.Water Resour. Res 54,
8558–8593 (2018).

29. Ransom, K. M. et al. A hybrid machine learning model to predict and
visualize nitrate concentration throughout the Central Valley aquifer,
California, USA. Sci. Total Environ. 601-602, 1160–1172 (2017).

30. Ransom,K.M.,Nolan,B. T., Stackelberg, P. E., Belitz, K. & Fram,M.S.
Machine learning predictions of nitrate in groundwater used for
drinking supply in the conterminous United States. Sci. Total Environ.
807, 151065 (2022).

31. Ma, Y. et al. Water Table Depth Estimates over the ContiguousUnited
States Using a Random Forest Model. Groundwater n/a https://doi.
org/10.1111/gwat.13362 (2023).

32. Koch, J., Berger,H., Henriksen,H. J. &Sonnenborg, T.O.Modelling of
theshallowwater tableat highspatial resolutionusing randomforests.
Hydrol. Earth Syst. Sci. 23, 4603–4619 (2019).

33. Fan, Y., Miguez-Macho, G., Weaver, C. P., Walko, R. & Robock, A.
Incorporating water table dynamics in climate modeling: 1. Water
table observations and equilibrium water table simulations. J.
Geophys. Res.-Atmos. 112, - (2007).

34. Maxwell, R. M., Condon, L. E. & Kollet, S. J. A. high-resolution
simulation of groundwater and surface water over most of the
continental US with the integrated hydrologic model ParFlow v3.
Geosci. Model Dev. 8, 1–15 (2015).

35. Tijerina-Kreuzer, D. et al. Continental Scale Hydrostratigraphy: Basin-
ScaleTestingofAlternativeData-DrivenApproaches.Groundwatern/
a https://doi.org/10.1111/gwat.13357 (2023).

36. Ferguson, G. et al. Groundwater deeper than 500m contributes less
than 0.1% of global river discharge. Commun. Earth Environ. 4, 48
(2023).

37. Richey, A. S. et al. Uncertainty in global groundwater storage
estimates in a Total Groundwater Stress framework.Water Resour.
Res 51, 5198–5216 (2015).

38. Ferguson,G.,McIntosh, J.C., Perrone,D. & Jasechko,S.Competition
for shrinking window of low salinity groundwater. Environ. Res. Lett.
13, 114013 (2018).

39. Jurgens, B. C. et al. Over a third of groundwater in USA public-supply
aquifers is Anthropocene-age and susceptible to surface
contamination. Commun. Earth Environ. 3, 153 (2022).

40. Nace, R. L. Water Management, Agriculture, and Ground-Water
Supplies. 12 (US Geological Survey, 1960).

41. Nace, R. L. in Introduction to Geographical Hydrology (ed R. J.
Chorley) 31-47 (Methuen and Co., 1969).

42. Garmonov, I.V., Konoplyantsev, K. P. V., A.A., Lushnikova, N.P. in
World Water Balance and Water Resources of the Earth (ed V. I.
Korzun) Ch. 3.6, 50 (UNESCO Press, 1978).

43. Bonotto, G., Peterson, T. J., Fowler, K. & Western, A. W. Identifying
Causal Interactions Between Groundwater and Streamflow Using
Convergent Cross-Mapping.Water Resour. Res. 58,
e2021WR030231 (2022).

44. Fan, Y. Groundwater in the Earth’s critical zone: Relevance to large-scale
patterns and processes. Water Resour. Res. 51, 3052–3069 (2015).

45. Rodell, M., Velicogna, I. & Famiglietti, J. S. Satellite-based estimates
of groundwater depletion in India. Nature 460, 999–1002 (2009).

46. de Graaf, I. E. M., Gleeson, T., van Beek, L. P. H., Sutanudjaja, E. H. &
Bierkens, M. F. P. Environmental flow limits to global groundwater
pumping. Nature 574, 90–94 (2019).

47. Krakauer, N. Y., Li, H. & Fan, Y. Groundwater flow across spatial
scales: importance for climatemodeling.Environ.Res. Lett.9, 034003
(2014).

48. Macdonald, D., Dixon, A., Newell, A. & Hallaways, A. Groundwater
floodingwithin anurbanisedfloodplain. J. FloodRiskManag.5, 68–80
(2012).

49. Gorelick, S. M. & Zheng, C. Global change and the groundwater
management challenge. Water Resour. Res. 51, 3031–3051 (2015).

50. Russo, T. A. & Lall, U. Depletion and response of deep groundwater to
climate-inducedpumping variability.Nat. Geosci.10, 105–108 (2017).

Acknowledgements
This research has been supported by the U.S. National Science Foundation
Convergence Accelerator Program (grant no. CA-2040542). This work was

https://doi.org/10.1038/s43247-025-03094-3 Article

Communications Earth & Environment |            (2026) 7:45 6

https://doi.org/10.1029/2012WR012319
https://doi.org/10.1029/2012WR012319
https://doi.org/10.1111/gwat.13362
https://doi.org/10.1111/gwat.13362
https://doi.org/10.1111/gwat.13362
https://doi.org/10.1111/gwat.13357
https://doi.org/10.1111/gwat.13357
www.nature.com/commsenv


conducted using Princeton Research Computing resources at Princeton
University, which is a consortium of groups led by the Princeton Institute for
Computational Science and Engineering (PICSciE) and the Office of
Information Technology’s Research Computing.

Author contributions
Conceptualization: R.M.M., L.E.C., Y.M., J.K.; Data Curation: Y.M., A.D.;
Formal Analysis: Y.M., L.E.C., R.M.M.; Funding Acquisition: L.E.C., R.M.M.;
Investigation: Y.M.; Methodology: Y.M., J.K.; Supervision: R.M.M., J.K.,
L.E.C., P.M., A.B.; Visualization: L.E.C., R.M.M., Y.M.; Validation: Y.M.;
Writing-Original Draft: R.M.M., L.E.C. Writing-Review and Editing: R.M.M.,
L.E.C., Y.M., J.K., A.B., A.D., D.T.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary information The online version contains
supplementary material available at
https://doi.org/10.1038/s43247-025-03094-3.

Correspondence and requests for materials should be addressed to
Laura E. Condon or Reed M. Maxwell.

Peer review informationCommunications Earth & Environment thanks the
anonymous reviewers for their contribution to the peer review of this work.

Primary Handling Editor: Nicola Colombo. A peer review file is available.

Reprints and permissions information is available at
http://www.nature.com/reprints

Publisher’s note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons
Attribution-NonCommercial-NoDerivatives 4.0 International License,
which permits any non-commercial use, sharing, distribution and
reproduction in any medium or format, as long as you give appropriate
credit to the original author(s) and the source, provide a link to the Creative
Commons licence, and indicate if you modified the licensed material. You
do not have permission under this licence to share adapted material
derived from this article or parts of it. The images or other third party
material in this article are included in the article’s Creative Commons
licence, unless indicated otherwise in a credit line to thematerial. If material
is not included in thearticle’sCreativeCommons licenceandyour intended
use is not permitted by statutory regulation or exceeds the permitted use,
you will need to obtain permission directly from the copyright holder. To
view a copy of this licence, visit http://creativecommons.org/licenses/by-
nc-nd/4.0/.

© The Author(s) 2025

https://doi.org/10.1038/s43247-025-03094-3 Article

Communications Earth & Environment |            (2026) 7:45 7

https://doi.org/10.1038/s43247-025-03094-3
http://www.nature.com/reprints
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
www.nature.com/commsenv

	High resolution US water table depth estimates reveal quantity of accessible groundwater
	Outline placeholder
	Groundwater has large spatial variability, which poses challenges for management

	Results and Discussion
	Machine learning sidesteps computational barriers to bridge scales
	Estimates demonstrate local variability and highlight the abundance of shallow groundwater
	Low resolution estimates systematically underestimate accessible groundwater
	Uncertainty in accessible groundwater estimates provides actionable information across scale

	Methods
	Data availability
	Code availability
	References
	Acknowledgements
	Author contributions
	Competing interests
	Additional information




