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Abstract

This study quantifies drivers of US water use across the food-energy-water nexus and assesses
how climate change, population growth, and adaptation may reshape future water scarcity. Using
high frequency water withdrawal data from 2000-2020, we disentangle the effects of climate,
hydrology, and socioeconomic factors on public water use (PU), crop irrigation (CI), and cooling
for thermoelectric power generation (TP). Future water demands (2040-2070) are estimated
using recent climate and socioeconomic projections, representing 1.0°C to 2.9°C warming and
population growth ranging from 1% to 44%. Across 28 scenarios, we estimate annual water use
changes ranging from -10.7% to +28.9% for PU, 4+32.1% to +43.6% for CI, and -27.9% to -
19.9% for TP, contingent on continued adaptive efforts. Results reveal strong sectoral variation in
climate sensitivity, seasonal mismatches between water supply and demand, and shifts in regional
water stress under future warming.
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1 Introduction

Water scarcity is a pressing challenge worldwide, with billions of people relying on freshwater
resources that are under mounting stress from climate change [1, 2], population growth [3], and unsus-
tainable water use practices [4, 5]. In many regions, water supply systems depend on natural cycles
of precipitation, snowmelt, and runoff, which regulate water availability for municipal use, agricul-
ture, and energy production [6]. However, shifting climates are disrupting these cycles, leading to
increasingly volatile water supplies [7-10]. Rising temperatures, altered precipitation patterns, and
more frequent droughts are destabilizing freshwater resources, which have the potential for economic
[11, 12], social [13-15], and environmental consequences [16-18].

Agricultural regions, particularly those dependent on seasonal snowmelt, face heightened risks of
reduced crop yields and economic losses [19-23]. Energy sectors reliant on hydropower or water for
cooling processes are similarly vulnerable [24-26]. In the United States (US)—a region with diverse
climates and water needs—water scarcity is already a critical issue, particularly in the western US,
where climate-driven water shortages are intensifying pressures across multiple sectors [24, 27-29].
Ongoing negotiations over Colorado River allocations have led to mandated water use reductions
across multiple states [30], while the increasing frequency of snow drought conditions in the western
US has reduced available water supplies [31]. Notably, during the 2026 water year, severe snow
drought conditions were widespread across the western US. SNOTEL stations in every western state
recorded record-low snow water equivalent, with large shares of monitoring sites classified in snow
drought, including 95% in Colorado and over 80% in several other states [32]. At the same time,
emerging evidence suggests that regions historically considered water-abundant, including parts of
the eastern US, are also experiencing increasing drought risk [33]. Understanding these vulnerabilities,
and designing effective solutions, necessitates disentangling the underlying drivers of water use, which
emerge from both the natural environment and human responses.

Conceptually, water use reflects a combination of supply-side constraints and demand-side fac-
tors shaped by climatic, hydrologic, demographic, and institutional contexts [5, 9, 34-38]. Existing
approaches to projecting water scarcity generally fall into two broad categories. Process-based and
mass-balance models are well-suited for simulating hydrologic and biophysical processes but either
omit human behavior or incorporate it through stylized or ad hoc assumptions (e.g., [22, 39, 40]). Inte-
grated assessment models (IAMs), such as the Global Change Analysis Model (GCAM), embed these
physical systems within partial equilibrium frameworks that represent interactions across energy,
water, land, and economic systems under alternative policy and socioeconomic scenarios [41-44].

While TAMs capture important cross-sectoral feedbacks, behavioral responses in these models are
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governed by structural assumptions and calibrated parameters, which can constrain how adaptation
and decision-making are represented.

By contrast, we leverage newly available, high-frequency, spatially disaggregated water use data to
provide an empirical assessment of the drivers of water use and water scarcity across the conterminous
US (CONUS). By integrating these data with high-resolution climate and hydrologic information,
we employ a reduced-form statistical approach to identify how water use responds to hydroclimatic
and demographic variation. This approach captures historically revealed behavioral responses and
adaptation without imposing structural assumptions about decision-making. We analyze combined
surface and groundwater withdrawals across three sectors spanning the food—energy—water nexus:
public use (PU), crop irrigation (CI), and thermoelectric power generation (TP), which together
account for approximately 90% of total water withdrawals in the US [45].

We make three primary contributions. First, we provide regional-, seasonal-, and sector-specific
estimates of how water use responds to climatic, hydrologic, and demographic drivers across
CONUS. These empirically derived relationships offer a data-driven complement to existing modeling
approaches and can inform both policy design and the behavioral assumptions embedded in TAMs.
Second, we apply these estimated relationships to downscaled CMIP6 projections and a calibrated
hydrologic model to project future water demand under diverse climate—population pathways, while
accounting for structural changes in the energy sector through state-level transitions away from water-
intensive thermoelectric generation [46]. Third, we integrate projected water demand with changes
in water availability to identify regions where emerging imbalances between supply and demand are
most likely to intensify water scarcity. Together, this framework links empirically grounded behav-
ioral responses with projected changes in the human and natural environment, providing spatially

explicit insights into future water scarcity risks in the coming decades (2040-2070).

2 Results and Discussion

2.1 Historical determinants of water use

The statistical models developed in this study reveal clear seasonality in the marginal responses of
water use to hydroclimatic conditions across all sectors, as demonstrated in Figure 1, with seasonal
patterns in water use and key climatic variables presented in Figure Al and Figure A2. The marginal
effects of temperature (1A, 1E, 1I), precipitation (1B, 1F), runoff (1C, 1G), and soil moisture (1D,
1H) vary substantially across months, with the greatest sensitivity observed during the warm season
months (April to September). For example, the response of water withdrawals for CI to higher
temperatures is strongest early in the planting season (May and June) when young plants are more

sensitive to heat and water stress [47]. A 1°C increase in the average maximum temperature in June
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is significantly correlated with a 27 acre-foot increase in water withdrawals for irrigation (1E), which
is a 15% increase from the historical county average (2000-2020). The estimated marginal effects
of precipitation (1F) and soil moisture (1H) in the same month indicate an inverse relationship,
as wetter conditions reduce the need for irrigation. These patterns are qualitatively similar across
most farm resource regions (defined by county clusters that share similar agricultural practices, farm
characteristics, topography, climate, and other factors relevant to farming [48]), with differing levels
of magnitude (see Figure A3).

Seasonal effects for PU display the same directionality (1A-1C), however the responses are more
muted, where a 1°C increase in June drives a 3.7 gallon per person increase in withdrawals (+3.1%).
Responses to changes in soil moisture (1D) display no clear seasonality with effects close to zero in
magnitude. For TP, water withdrawals for cooling are positively correlated with energy demands,
so warmer temperatures in winter months result in lower water withdrawals due to reduced house-
hold heating demands, and warmer temperatures in summer result in higher withdrawals (1I). It
is also important to note that water withdrawals for power plants with recirculating cooling tech-
nologies exhibit lower sensitivity to temperature compared to those with once-through systems (see
Figure A4). In general, our statistical models appear to capture the relationship between climate and
water use in an intuitive manner.

After controlling for climate, hydrology, population, time-invariant county characteristics, and
state-year specific shocks, we examine the linear trends that explain the remaining variation in water
use for every county. We use these trends as an ex post assessment of the net effect of all water
management policies, technological advancement, and behavioral changes within a county that may
increase or decrease water use over time but are not directly observable. The slopes of these trends
are displayed in Figure 2 with significant trends (at the 95% level) shown in Figure A5. For PU
withdrawals (2A), most counties exhibit modest decreases in water use over time, consistent with
reports from federal US agencies [45], with 60% of all counties displaying a 0 to 3 gallon per person
annual decrease. This result is potentially attributable to efficiency gains in household appliances and
a changing composition of the US economy to less water-intensive commercial enterprises [35, 49].
However, for CI (2B), the trends are much more varied. First, trends are much more pronounced in
the western US, where irrigated agriculture is more prevalent. Counties in eastern Colorado, parts of
California’s Central Valley, and above the Ogallala Aquifer in Nebraska display decreasing water use
trends, which may reflect recent responses to reduced surface water availability [38] and efforts to
reduce groundwater pumping [50, 51]. Alternatively, pronounced increases in irrigation withdrawals
are observed in parts of the Snake River Basin spanning southern Idaho and adjacent regions of Ore-
gon and Nevada, where groundwater pumping has been shown to be unsustainable under historical

management conditions [52]. In the wetter, eastern US, many counties display modestly increasing
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irrigation water use. Producers in these areas have begun to adopt irrigation as an adaptation strategy
to growing temperature variability and occasional droughts, as demonstrated by observed increases
in irrigated cropland in Georgia, South Carolina, and areas along the Mississippi River Delta [53].
Adaptation to climate change and population growth can manifest in two ways: (1) reducing or
increasing overall water use (as captured by time trends) and (2) dampening the marginal effects
of climatic factors. For example, improvements in irrigation efficiency may lower total water with-
drawals while simultaneously reducing the responsiveness of withdrawals to temperature changes. To
test this, we allow the monthly effects of climate variables to vary by half-decade (see Equation 5)
to assess whether water withdrawals have become more or less sensitive to fluctuations in temper-
ature over the study period. Across all sectors, we find no statistically significant differences in the
seasonal marginal effects of temperature across half-decade intervals (Figure A6). However, we do
find suggestive evidence that withdrawals for PU may be growing less sensitive to temperature over
time. For instance, a 1°C increase in June and July led to a 4.3 and 3.3 gallon per person increase in
withdrawals, respectively, during the 2000-2004 period. By 2015-2019, these effects declined to 4.0
and 2.9 gallons, with proportional decreases observed across the intermediate half-decade intervals.
Conversely, for CI and TP, the marginal effects of temperature modestly increase over the study
period. For CI, this pattern may reflect nonlinear increases in atmospheric water demand at higher
temperatures, which can amplify the marginal effect of additional warming, as baseline temperatures

have risen over the study period.

2.2 Projected changes to water demands

To examine how water use responds to future climate and population trajectories, we focus on five
stylized scenarios selected to span the range of projected warming, hydrologic change, and population
growth. These scenarios correspond to representative GCM—-SSP combinations capturing the coolest,
hottest, driest, wettest, and a central (“Moderate”) projection (Figure 3). Average underlying climate
and population forcings for each scenario are summarized in Figure 4, which shows monthly changes
in key hydroclimatic variables and the distribution of projected population growth across counties;
corresponding county-level spatial patterns are presented in Figure A7.

Figure 5 decomposes projected changes in water withdrawals into contributions from climate,
population growth, and long-run trends for the 2040-2070 period relative to 2000-2020. Panels
(A)—(C) show monthly withdrawal responses to climate change across scenarios, panels (D)—(F) dis-
play annual changes attributable to population growth, and panels (G)—(H) present the distribution
of county-level time trends. Climate-driven responses exhibit strong seasonality across all sectors
(Figure 5A—C). For PU and TP, the magnitude of projected changes follows a clear temperature gra-

dient, with warmer scenarios producing larger increases in withdrawals during summer months and
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larger reductions during cooler months. In contrast, CI responses reflect a more complex interaction
between temperature and moisture conditions. In particular, the Warm and very dry scenario pro-
duces increases comparable to the Hot scenario despite 1.4°C lower warming, highlighting how drier
conditions affect irrigation demand.

Population-driven changes are more uniform (Figure 5D-F). Increases in PU withdrawals scale
directly with projected population growth across scenarios. Effects for CI are comparatively small and
centered near zero, while TP responses are positive but statistically imprecise, potentially reflecting
limitations in linking plant-level water use to spatially aggregated populations in the supported grid.
In terms of trends, they are predominantly negative for PU (Figure 5G), consistent with ongoing
efficiency improvements. For CI (Figure 5I), the distribution of trends is centered near zero with a
modest leftward shift but a pronounced right tail, indicating that while many counties exhibit stable
or declining withdrawals, a subset experience substantial increases.

Aggregating county-level projections nationally, we estimate annual changes in sectoral water use
of -10.7% to +28.9% for PU, +32.1% to +43.6% for CI, and -27.9% to -19.9% for TP across all 28
scenarios (with seasonal changes displayed in Figure A8). When summed across all sectors, projected
changes in annual withdrawals range from -0.01% to +10.7%. While these national-level changes
may appear modest, it is important to note that they are contingent on two critical assumptions: (1)
historical adaptation efforts, as proxied by linear time trends, will continue at their observed rates;
and (2) all 24 states with renewable energy plans will successfully meet their clean energy goals by
2050. These assumptions are relaxed and examined in the following section.

Projected changes in runoff and withdrawals reveal a pronounced seasonal divergence between
water supply and demand under future climate conditions (Figure 6), highlighting challenges for intra-
annual reservoir management. Winter runoff increases across all scenarios, rising by approximately
10% to 30% relative to the historical period, consistent with earlier snowmelt and a shift from
snowfall to rainfall (Figure 6A), while runoff during late spring through early fall declines in most
scenarios, falling by roughly 5%—20% in the driest cases. Changes in withdrawals exhibit an opposing
seasonal pattern (Figure 6B). Withdrawals decline slightly during winter months, partly due to
reduced thermoelectric cooling needs, but increase substantially during the warm season, with peak
gains of approximately 10% to 25% in late spring and summer. These opposing trends are reflected in
the net difference between runoff and withdrawals (Figure 6C). Winter months exhibit improvements
in excess supply, while summer and early fall show consistent declines, with net water availability
decreasing by up to 10%-25% across scenarios. Overall, these results highlight a growing temporal
mismatch between peak water availability and peak demand, underscoring the importance of reservoir

strategies that capture surplus winter runoff to buffer against intensifying summer shortages.
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2.3 Water scarcity hot spots

While water withdrawals are largely projected to increase in aggregate across CONUS, future levels
of water stress exhibit substantial geographic variation. A withdrawal-to-availability (WTA) ratio is
used to identify watersheds in the US that may be vulnerable to future water scarcity. The WTA ratio
highlights areas where local surface and subsurface (shallow groundwater) water resources can or
cannot meet water demands. By comparing changes in WTA from the historical period (Figure 7A) to
projected future scenarios (Figure 7B-F), we identify regions where water scarcity is either improving
or worsening (corresponding changes in WTA magnitudes, projected stress levels, and counts of
watersheds transitioning across stress categories are provided in Figure A9). A low water stress level
indicates sustainable water use, a moderate level signals emerging water scarcity, and high to extreme
levels represent intense water scarcity, where significant reliance on nonrenewable or nonlocal water
sources is required.

One key observation is that the eastern US shows relatively little change in water stress levels
across scenarios (Figure 7B-F), even under the warmest and driest conditions. Despite projected
increases in demand driven by rising temperatures (Figure 1E) and positive trends in crop irrigation
(Figure 2B), most watersheds in the eastern US remain in the same stress categories as the 2000-2020
period. This stability suggests that relatively abundant water resources can accommodate increased
demand without triggering widespread shifts in water scarcity. Patterns in the western US are more
nuanced and highly scenario-dependent. In particular, the dry scenarios (Figure 7B—C) produce more
widespread increases in water stress than the Hot scenario (Figure 7F), even though they feature
1.4-2°C less warming and substantially lower population growth (Figure 4E). This pattern suggests
that mitigating future water scarcity requires both supply- and demand-side approaches. Consistent
increases in water stress are observed in parts of the northern and interior West (including the
Dakotas, Montana, and Wyoming) where multiple scenarios show transitions from low to moderate or
higher stress levels. Additionally, the southern Great Plains (Texas, Oklahoma, and Kansas) exhibit
notably adverse conditions under the drier scenarios.

Interestingly, several regions in the Southwest (Southern California, New Mexico, and Southern
Arizona) exhibit consistent improvements in water stress under scenarios that are not moisture-
limited (Figure 7D-E). These improvements are largely attributable to the continuation of historical
declines in water use (Figure 2B), which offset the effects of future climate and population growth.
However, these gains should be interpreted cautiously. Although some watersheds transition to lower
stress categories (e.g., from extreme to severe or from severe to very high), most remain at or above
high water stress across scenarios, indicating that current rates of adaptation are insufficient to

achieve sustainable water use in the near future. More broadly, while these trends indicate some
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degree of resilience, they are unlikely to fully mitigate future water scarcity risks without more

substantial changes in water management and policy.

2.4 Policy implications

The spatial patterns in projected water scarcity highlight where vulnerabilities emerge under future
climate and population pressures, but they do not indicate which interventions are most effective at
mitigating these risks. To address this, we implement a set of counterfactual policy and demand reduc-
tion scenarios that isolate the effects of key adaptation pathways, including improvements in irrigation
efficiency and shifts toward less water-intensive thermoelectric cooling technologies (Figure 8C-E).
These scenarios, described in Section 4.6, are designed to reflect ongoing policy discussions and
investments in water-saving technologies across the US, such as federal programs promoting irriga-
tion efficiency (e.g., [54]) and regulatory efforts to reduce cooling water withdrawals in the power
sector (e.g., [55]). We also include a “no adaptation” scenario that removes estimated trends and
state-level renewable energy transitions to evaluate how reversals or delays in policy implementation
(e.g., [56]) may affect future scarcity (Figure 8F). By comparing these counterfactuals to the Moder-
ate scenario baseline, we assess both the magnitude and spatial distribution of potential gains from
targeted interventions, as well as the losses associated with their absence.

Across sectors, efficiency improvements unsurprisingly reduce water use, although the magnitude
and distribution of these effects vary by sector (see Figure A10). Improvements in TP cooling produce
the largest within-sector reductions, compressing changes in withdrawals toward zero across most
counties, while improved CI efficiency primarily reduces the upper tail of large increases in demand.
The no adaptation counterfactual shifts withdrawals upward across nearly all counties for both
PU and TP. CI responses remain more heterogeneous, with both the no adaptation and efficiency
scenarios dampening large increases while increasing the mass near zero, indicating that these effects
are concentrated in counties experiencing the greatest expansions in irrigation demand.

These sectoral differences translate into distinct spatial patterns in water scarcity (Figure 8).
Improvements in CI efficiency yield the most geographically concentrated benefits, particularly in the
northern and interior West (parts of the Dakotas, Montana, and Idaho) where they prevent transi-
tions into higher stress categories (Figure 8C). Improvements in TP efficiency produce more limited
and spatially diffuse effects (Figure 8D), reflecting the concentration of thermoelectric generation in
relatively water-abundant regions of the eastern US. When combined (Figure 8E), these efficiency
gains produce broader, but still uneven, reductions in water stress. By contrast, removing adapta-
tion reverses most of the improvements present in the baseline scenario. Under this no adaptation

scenario (Figure 8F), water use increases across most regions, and previously observed improvements
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in the Southwest are largely eliminated. Overall, these patterns highlight the extent to which pro-
jected reductions in water stress depend on the continuation of recent efficiency gains and structural
transitions, as well as the efficacy of different policy pathways aimed at achieving sustainable water

use.

3 Conclusion

This paper provides a comprehensive analysis of water use patterns in the US and projects future
water demand under multiple climate and socioeconomic scenarios. We further evaluate a set of
counterfactual policy scenarios to isolate the effects of key adaptation pathways. To our knowledge,
this is the first study to explain and forecast spatially-disaggregated water use at the CONUS scale
using a reduced-form statistical approach, while also accounting for human behavior. To that end,
we offer four key insights for policymakers seeking to design targeted, region-specific interventions
to mitigate future water scarcity.

First, future water use will be shaped by opposing forces: increases in withdrawals driven by
climate change and population growth, particularly during warm-season months, and decreases in
withdrawals from continued adaptation efforts, such as improved efficiency in domestic water use and
renewable energy plans that reduce reliance on water-intensive power generation. Rising temperatures
and shifting hydrology are projected to increase water withdrawals, particularly for irrigation, with
total US water use ranging from -0.01% and 10.7% by 2070, depending on the scenario. Second,
we highlight pronounced seasonal divergence between water supply and demand. Summer months
will see amplified peaks in withdrawals due to increased evaporative demands for irrigation and
public use. Conversely, winter withdrawals are expected to decrease because lower heating demand
reduces the amount of water required for thermoelectric power generation. These seasonal variations
have important implications for water management and infrastructure planning, as the intra-annual
timing of peak demands may coincide with lower water availability due to shifting hydrological
cycles and earlier runoff. Third, we identify critical geographic hot spots of future water scarcity
within the US. While areas like Arizona, southern California, and New Mexico may see modest
improvements in water stress due to continued adaptation efforts, they will remain heavily reliant on
nonlocal transfers and groundwater. Regions such as Texas, Montana, and the Dakotas are projected
to experience significant increases in water stress across multiple scenarios, underscoring the need
for targeted, region-specific management strategies. Lastly, our counterfactual analysis shows that
improved irrigation efficiency is most effective in the northern and interior West, where it prevents
future transitions into higher water stress categories, while thermoelectric efficiency yields more
diffuse and comparatively modest benefits at the basin scale. Overall, these results highlight that

policy effectiveness varies substantially across sectors and regions.
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Several limitations should be considered when interpreting these results. First, our projections
rely on historically observed relationships over 2000-2020 and do not explicitly account for emerging
sources of water demand, such as the rapid expansion of water-intensive data centers [57] or pro-
posed increases in nuclear power infrastructure [58]. These sectors may represent important drivers of
future water use that are not captured in our analysis. Second, while our modeling framework incor-
porates adaptation through estimated time trends and policy-informed energy transitions, it does not
explicitly model future technological innovation, structural economic change, or future global food
demand that may affect irrigation water use. We also acknowledge potential endogeneity concerns
within our statistical framework, arising from interactions across water use sectors and institutional
allocation mechanisms. While our empirical strategy addresses some of these concerns, some inter-
dependencies across water use sectors may not be fully captured. These limitations are discussed
further in Sections 4.2.5 and 4.7.

In conclusion, this study offers a scalable framework for evaluating water use trends and scarcity
risks, and guiding water management strategies. With sufficient data, our approach can be extended
to other contexts globally, providing actionable insights for water resource management under a

changing climate.

4 Methods

4.1 Data preparation

To identify the key determinants of historical water use, we compiled a county-level panel dataset
from 2000-2020 on water withdrawals, climate, hydrology, and population. We obtained data on com-
bined surface and groundwater withdrawals from the USGS, which provides monthly data for public
use [59] and crop irrigation [60] at the HUC12 scale from 2000-2020, and for plant-level thermoelectric
power generation [61] from 2008-2020. Public water use refers to water that is withdrawn by public
and private water suppliers for domestic, commercial, industrial, and other public water uses such
as irrigation for parks. For crop irrigation, monthly irrigation withdrawals are estimated using refer-
ence evapotranspiration and crop-specific coefficients applied to annual crop classifications from the
USDA Cropland Data Layer. Summary statistics for sector-level water use are available in Table Al.
For climate and hydrology variables, we used historical monthly averages of weather from Daymet
[62], paired with a calibrated Variable Inflation Capacity (VIC) model for estimates of surface and
subsurface runoff, soil moisture, and snow-water equivalent [63]. The effects of human regulation
and management are not captured in the VIC modeling framework, therefore surface runoff repre-

sents only naturalized (or unregulated) flow. Lastly, we used annual, county population data from

10
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the Bureau of Economic Analysis [64]. For spatial consistency with the population data, water with-
drawals for public use and crop irrigation were aggregated to the county-level using an area-weighted
spatial average for HUC12 subbasins overlapping a county’s border. Using the county as the unit of
analysis is appropriate as many water management programs are administered at the county level.
To examine implications for future water use under a changing climate, we used projected climate,
hydrology, and population data from seven GCMs and four SSP-RCP combinations for a total of
28 possible futures from 2040-2070. The narratives associated with the SSP-RCP scenarios can be

summarized as:

e SSP 1, RCP 2.6 (SSP126): A sustainable world with strong global cooperation and low
challenges to mitigation and adaptation, focused on reducing emissions,

e SSP 2, RCP 4.5 (SSP245): A "middle-of-the-road” scenario with moderate socio-economic
growth trends and a balance between adaptation and mitigation efforts,

e SSP 3, RCP 7.0 (SSP370): A fragmented world with weak international cooperation, high
emissions, and significant challenges to mitigation and adaptation,

e SSP 5, RCP 8.5 (SSP585): A fossil-fuel-driven world with rapid economic growth, high

emissions, and a focus on adaptation over mitigation [65].

These scenarios encompass a range of assumptions regarding future climate responses and emissions
trajectories, and the GCMs were chosen to ensure minimal overlap in their climate responses and
modeling errors when representing historical climate in the conterminous US [66, 67]. The projected
climate data were downscaled using the Double Bias Correction Constructed Analogs method [68],
using Daymet as the meteorological reference dataset. The climate data were then used to drive
the same calibrated VIC model used to generate the historical hydrology variables to project future
hydrology under all scenarios [63]. Lastly, we used population projections downscaled to the county-
level for each SSP [69]. These projections are estimated using an econometric model that accounts
for historical county-level population trends and economic conditions, and they are downscaled from
national SSP scenarios to reflect plausible local growth trajectories. A summary of data sources is
available in Table A2.

In summary, across all counties in the conterminous United States, the 28 GCM-SSP combi-
nations examined in this study capture average temperature increases of approximately 1.0°C to
2.9°C, soil moisture changes ranging from a decrease of 19 mm to an increase of 12 mm, and pop-
ulation growth between 1% and 44% by 2070. To aid interpretation while preserving the range of
projected outcomes, we selected five stylized scenarios that span the joint distribution of climate

and population change across the full ensemble. Specifically, we identified representative GCM-SSP
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combinations corresponding to the coolest, hottest, driest, wettest, and a central (“Moderate”) out-
come in temperature—soil moisture space (Figure 3). These scenarios are labeled as: (1) Cool and dry,
(2) Warm and very dry, (3) Moderate, (4) Warm and wet, and (5) Hot. Together, these scenarios
capture the range of hydroclimatic and demographic conditions represented in the ensemble, while
maintaining a tractable set of cases for analysis. The selected scenarios are further characterized
by their seasonal climate and population forcings over 2040-2070 relative to the 2000-2020 baseline

(Figure 4).

4.2 Modeling water use

To analyze the determinants of water use for PU, CI, and TP cooling, we employ three distinct

econometric modeling strategies to best capture the data generating process for each sector.

4.2.1 Public use

For public use, we first calculated water withdrawals per capita (W PCYY) by dividing total with-
drawals (WFY) by population (P) for each county-time step. We then estimated the following

econometric model:

12
WPC};U — Z [1(m(t) = _]) X Xit/@j} + Gi’m(t) + Vs (i), + hl(t) + €t (]_)

j=1

where WPCZ-F;U represents average daily water withdrawals per capita for county ¢ during time ¢
(year-month) for PU, and 1(m(t) = j) is an indicator function that takes the value 1 when the
month of ¢ is equal to month j, and 0 otherwise. X;; is a matrix of climate and hydrology variables
(maximum temperature, precipitation, relative humidity, runoff, soil moisture, and wind speed) that
interacts with the indicator function to capture seasonal effects, and 3; is the vector of month-specific
parameters that were estimated. Allowing the impact of variables like temperature to vary by month
is important because climate impacts on water demand and supply are likely heterogeneous across
seasons. The term 6; ,,(;) is a county-month fixed effect that captures unobserved heterogeneity that
is constant over time (for a given calendar month) but varies across counties, such as access to water
markets. The term ~,(;) ¢ is a state-by-year fixed effect, which controls for common shocks that affect
all counties during year t within state s, such as abrupt changes in water pricing, policy mandates,
or reservoir conditions. The term h;(t) represents a county-specific linear time trend. This trend is
included to capture residual variation in water use that is not explained by observed climate, hydrol-
ogy, or the high-dimensional fixed effects. While we do not directly observe changes in infrastructure,

policy enforcement, or user behavior over time, the county-specific time trend serves as a flexible
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proxy for these unmeasured, evolving factors. For instance, a negative trend may reflect improve-
ments in conservation technology, shifts in pricing or policy, or behavioral adaptations that reduce
demand—developments that are not explicitly captured in the dataset but nonetheless influence long-
run patterns. Conversely, a flat or positive trend may indicate limited adaptation or countervailing
pressures such as rising indoor demand. Importantly, we interpret h;(t) as a reduced-form summary
of the net effect of all time-varying, county-specific factors—technological, institutional, behavioral,
or otherwise—that influence water use beyond climate. The time trend also implicitly controls for
the general rise in water prices over the study period, which have increased approximately linearly in
many regions (see Figure A11). While the trends are included as a statistical control, they can also
be evaluated ex post to examine whether their direction and magnitude align with known patterns
of adaptation, conservation, or policy change.

Lastly, €;; denotes the idiosyncratic error term. Standard errors are clustered in two dimensions:
within counties and within state-by-year. Clustering within counties addresses the issue of autocor-
relation within each county over time. This is critical because water use outcomes in a county are not
isolated incidents and are likely influenced by past events and conditions, leading to a natural corre-
lation in observations across different years within the same county. Clustering within state-by-years
aims to account for the spatial correlation that may exist across different counties within the same
state. Counties in a particular state are likely to experience similar policy environments, economic
conditions, and climatic influences, leading to potential correlations in their economic outcomes. By
simultaneously clustering standard errors in these two dimensions, this approach accounts for both
the spatial dependencies across counties within a state and the temporal dependencies within each
county [70, 71]. The model allows for a causal interpretation of the estimated parameters B; under
the assumption that all other factors influencing water use are either controlled for by fixed effects

and time trends or captured by the error term [72].

4.2.2 Crop irrigation

For crop irrigation, agricultural water needs vary substantially based on both seasonal and geographic
factors, including climate, soil types, and crop characteristics. To account for this heterogeneity, we
incorporated information on the farm resource regions (FRRs) delineated by the Economic Research
Service (ERS). These nine regions are based on county clusters that share similar agricultural prac-
tices, farm characteristics, topography, climate, and other factors relevant to farming [48]. The

econometric model for CI was thus specified as:

12 R
Wi = Z Z [1(m(t) =j) x (FRR(i) = 1) x Xitﬁjr} + aPit + 0; ey + Vsiy,e T hilt) + e (2)

j=1r=1
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where T/Vi(tjI represents average daily water withdrawals for county ¢ during time ¢ (year-month) for
CI, 1(m(t) = j) is an indicator function that equals 1 when the month of ¢ is j, and 0 otherwise, and
1(FRR(i) = r) is an indicator function that equals 1 if county ¢ belongs to FRR r, and 0 otherwise.
The matrix X;; contains climate and hydrology variables which interact with the indicator functions
to allow the coefficients in 3;,. to vary across both months and regions. This double interaction
captures the heterogeneous impacts of climate and hydrology on irrigation water use, accounting
for variation in seasonal water demand and regional agricultural practices. We also controlled for
population Pj, as there is evidence of agricultural land near fast-growing urban centers leaving
production [73]. Similar to Equation 1, this model was also saturated with fixed effects and time
trends to control for factors that we could not directly observe with available data. We also estimated
a simplified version of Equation 2 that excludes the regional indicator function to visualize average

effects of climate across the whole study sample.

4.2.3 Thermoelectric power generation

For thermoelectric power generation, we applied a different process for aggregating data given that
the withdrawal data is plant-level and energy demands that drive withdrawals for cooling may not
be driven solely by local populations and weather. In the US, electricity is managed and distributed
through interconnected regional energy grids, overseen by Independent System Operators (ISOs).
There are 10 ISOs in the conterminous US, and their role is to balance supply and demand across their
territories to ensure grid stability and reliability while facilitating competitive wholesale electricity
markets [74]. These markets set electricity prices based on real-time supply and demand conditions
across the ISO region, influencing how power is dispatched from plants and shaping operational
decisions, including water use for cooling.

While ISOs enable electricity to flow across state lines and regions, local conditions still exert
meaningful influence on power plant operations. Transmission constraints, especially in areas with
older infrastructure, can limit the ability of regional grids to efficiently transfer electricity during
periods of high demand [75]. These constraints amplify the impact of localized climatic events, such
as heat waves, which simultaneously increase energy demand for cooling and reduce the efficiency of
electricity transmission. Heat waves also affect thermoelectric power generation directly, as elevated
temperatures can reduce the efficiency of cooling systems and increase water withdrawal requirements
to maintain operational capacity. As a result, even within interconnected grids, local climatic stressors
can disproportionately affect nearby power plants, making localized climatic variables relevant for
capturing water withdrawal dynamics.

To account for these nuances, we first construct annuli around each plant based on mean water

withdrawals. Specifically, we assigned a maximum transmission constraint radius of 250 km for the
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largest plant in terms of mean water withdrawals over the study period and scaled radii linearly

downward for smaller plants.! The transmission constraint radius for each plant p was calculated as

follows:
WTP _ WTP
R, = Rmin + £ X (Rmax - Rmin) (3)
v WEEX - Wl;lrlFr)l

where R, is the radius for plant p (in km), Rin is the minimum radius (50 km), Rmax is the maximum
radius (250 km), W,'*" is the mean water withdrawal of plant p (in MGD), and WIE and WY are
the minimum and maximum mean water withdrawal across all plants. Then, for each plant, climate
variables such as temperature, humidity, and wind speed were averaged spatially across the defined
annuli (see Figure A3).

We also leveraged information on the type of cooling system at a plant to allow for more het-
erogeneous impacts. Cooling systems in thermoelectric power plants differ in their water use and
efficiency: once-through systems withdraw large volumes of water and return it to the source with
minimal evaporation, recirculating systems reuse water through cooling towers but experience higher

evaporation rates, and complex systems employ a combination of methods to optimize efficiency and

water use based on local conditions. The econometric model was specified as follows:

12 K
Wt = Z Z {1(m(t) = 7) x e(p) = k) x XptBk | + APrsow),t + Opmr) + V1s0m).t T Ept

j=1k=1

(4)
where W;¥' represents average daily water withdrawals for power plant p in time ¢ (year-month).
This specification includes an additional indicator function for cooling type, 1(c(p) = k), that allows
the impacts of climate to vary both across seasons and cooling technologies (once-through, recircu-
lating, or complex). The term 6, ;) represents a plant-month fixed effect, capturing unobserved
heterogeneity specific to each power plant, and v7s0(p),; is an ISO-by-year fixed effect. Lastly, we
cluster standard errors at the plant level and by ISO-by-year. We also estimated a simplified version
of Equation 4 that excludes the cooling technology indicator function to visualize average effects of
climate across the whole study sample. A map of CONUS with plant locations, ISO regions, and
transmission constraint boundaries is available in Figure A12. The concentration of power plants
in the eastern US reflects the actual distribution of thermoelectric generation infrastructure across

CONUS. Fit statistics and more regression information for all sector-specific statistical models are

available in Table A3.

The 250 km maximum radius was chosen to ensure that large metropolitan areas were within range of the largest power
plants in our sample. We tested different maximum radii from 100 to 500 km, however there were no qualitative changes in
results. We can provide these results upon request.
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4.2.4 Trends in climate sensitivity

To further investigate the role of adaptation in moderating water use, we explore whether the sensi-
tivity of water withdrawals to climate variables has changed over time. Adaptation to climate change
and population growth can manifest in two ways: (1) reducing or increasing overall water use (as
captured by time trends) and (2) dampening the marginal effects of climatic factors. For exam-
ple, improvements in irrigation efficiency may lower total water withdrawals while simultaneously
reducing the responsiveness of withdrawals to temperature changes. To test this, we estimate addi-
tional model specifications for each sector that allow the coefficients of climate variables to vary by

half-decade. For PU, the econometric model takes the form:

12 4

WPCiPt)U = Z Z [1(m(t) =7) x 1(D(t) = d) x Xit/Bjd] + 0 m) + Vs(i) e + hilt) + i, (5)

j=1d=1

where 1(D(t) = d) is an additional indicator function that equals 1 when ¢ falls within half-decade d
(e.g., 2000—2004, 2005-2009, etc.), and 0 otherwise. The matrix X;; contains climate and hydrology
variables, which interact with both indicator functions to allow the coefficients 3;, to vary across
months and half-decades. If adaptation efforts are effectively reducing climate sensitivity, we would
expect coefficients for earlier periods (e.g., 2000-2004) to be larger in magnitude than those for later
periods (e.g., 2015-2019). This pattern would suggest that over time, water users have become less
responsive to climatic changes, consistent with the adoption of technological improvements, efficiency
gains, or behavioral changes. Conversely, stable or increasing coefficients would indicate persistent or
even heightened sensitivity to climate, implying either insufficient adaptation or overriding factors
such as intensifying climate variability. For CI and TP, water withdrawals are normalized with a

log-transformation.

4.2.5 Endogeneity concerns

While our econometric approach provides a robust framework for analyzing sector-specific water use,
it is important to address potential endogeneity concerns that may arise from interdependencies in
water withdrawals across sectors. These concerns primarily stem from the possibility that water use
in one sector could influence usage in others, particularly in regions with constrained water resources.

In the eastern US, where water is generally abundant, an assumption of independence between
sectors is reasonable. Water withdrawals for PU, CI, and TP are unlikely to compete directly for
resources, as the total water supply exceeds demand across all sectors. In this context, water use
within each sector is determined by time-varying, county-specific correlates such as climate and

population, as well as fixed effects and time trends. While temporary or localized factors, such as
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droughts or water quality issues, could create short-term interdependencies, these are unlikely to
meaningfully bias results given the spatial and temporal resolution of our dataset. We acknowledge
that such nuances are an inherent limitation of aggregated analyses but argue that they are unlikely
to significantly affect our findings.

In the western US, water allocation is governed by the prior appropriation doctrine, which estab-
lishes fixed annual allocations for each sector based on historical rights. This system largely separates
water use across sectors, as allocations are determined prior to actual withdrawals each year. Changes
in the total composition of water rights, including buying and selling, are gradual and captured
by the state-year fixed effects in our models. However, it is important to recognize that while this
governance structure limits direct interdependencies, multiple factors could introduce endogeneity.
First, in many western basins, total water rights allocations exceed actual water availability, partic-
ularly during droughts. In these instances, realized withdrawals may reflect cross-sector competition
for limited flows rather than allocated rights. Second, short-term leasing of water, particularly in
agricultural regions, could create interdependencies as water is reallocated between sectors based on
economic or climatic conditions. For example, water rights might be leased from CI to PU during
droughts, influencing the observed composition of withdrawals.

To address these concerns, we conducted a robustness check using a Seemingly Unrelated Regres-
sion (SUR) approach for PU and CI, as these sectors share a common spatial and temporal structure.
This method accounts for potential correlations in residuals across sector-specific models, explicitly
allowing for contemporaneous interdependencies in water withdrawals between PU and CI. While TP
data was excluded from the SUR due to its plant-level resolution and shorter time span (2008-2020
vs. 2000-2020), the results for PU and CI provide valuable insights. Specifically, if coefficients on key
regressors (e.g., temperature and soil moisture) remain stable in magnitude and significance under the
SUR framework, it suggests that any interdependencies between these sectors do not meaningfully
bias our results. These analyses are available in Section A.1.1 and Figure A13.

We also acknowledge that our approach does not explicitly capture dynamic feedback mechanisms
or indirect linkages between sectors. For example, water withdrawals for TP could influence energy
prices, which in turn might affect irrigation costs and practices. Similarly, policy interventions pri-
oritizing one sector during droughts could introduce interdependencies that are not fully accounted
for by our historical fixed effects. While these factors are important, we argue that their impact on
long-term water use patterns is likely small relative to the broader drivers analyzed in this study,

such as climate, population growth, and adaptation trends.
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4.3 Out-of-sample validation and forecasting performance

To assess the predictive performance of our econometric models, we conducted a series of out-of-
sample (OOS) validation exercises. These exercises were implemented separately for each sector
and evaluate whether relationships estimated using the historical panel are capable of reproducing
observed water use patterns in withheld time periods.

We implemented two complementary validation strategies. First, we conducted a forecast split,
in which models were estimated using early-period data and evaluated on later observations. For
PU and CI, models were trained on data from 2000-2009 and used to predict water withdrawals for
2010-2019. For TP, which has a shorter time series, models were trained on 2008-2013 and evaluated
on 2014-2019. Second, we implemented a temporally structured cross-validation procedure using five
contiguous folds of years. In each fold, models were trained on four subsets of years and evaluated
on the held-out block, ensuring that training and testing data were separated in time.

In both exercises, model performance was evaluated by comparing observed and predicted values
of water withdrawals at the monthly county (PU, CI) or plant (TP) level. Figure A14 presents these
results, displaying observed versus predicted values along with the corresponding OOS R? statistics.
Across all sectors, the models exhibit strong predictive performance, with OOS R? values ranging
from 0.87 to 0.98 depending on the sector and validation approach.

It is important to interpret these results in the context of the modeling framework. These
validation exercises were conducted using specifications that retain persistent fixed effects (e.g.,
county-month or plant-month effects) but exclude time-specific fixed effects (e.g., state-year or ISO-
year effects), which are not forecastable outside the estimation sample. As a result, the models
leverage stable, location-specific seasonal patterns in water use, along with estimated responses to
climate, hydrology, and population, to generate predictions in held-out years.

More fundamentally, these models are designed to estimate marginal responses to hydroclimatic
and socioeconomic drivers, rather than to independently forecast long-run levels of water use. This
structure has two implications for interpreting out-of-sample fit. First, because persistent spatial and
seasonal components of water use are well captured by fixed effects, the models are able to reproduce
observed levels with high accuracy in held-out periods. Second, because projections are anchored to
historical averages and expressed as deviations from those baselines, the high predictive fit observed
in Figure A14 reflects the model’s ability to recover stable patterns and marginal responses, rather

than its ability to generate fully independent forecasts of future water use.

4.4 Estimating future water demands

To project changes in future water use, we applied the estimated sector-specific coefficients (,3, &)

and time trends (BZ) from equations 1, 2, and 4 to the projected data for each of the 28 future
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scenarios. We calculated changes in the averages of the climate and hydrology variables (X) for each
county (i) or power plant (p) under each future scenario (f), relative to the observed 2000-2020
period (obs), as AXS = X/ — X Similarly, we calculated changes in county and ISO populations

as APf = P/ — P The changes in water use for each sector were thus calculated as:

12

AWPCPUT =3 [10m(t) = j) x AX{B] + Ak, ©)
j=1
AWCN = ZZ [ ) x 1(FRR(i) = r) x AX{'BJ-T] + GAP! + Ah,, (7)
j=1r=1
NI Z [ =) x 1(c(p) = k) xAXﬁBjk] +aAPISO () (8)
Jj=1k=1

where Ah; = h;(2055) — h;(2020), representing the difference between the midpoint of the future
period and the end of the baseline period, respectively. Here, projected changes in water use implicitly
incorporate adaptation through the continuation of estimated county-specific time trends, which
addresses a key limitation of projection methods that abstract from long-run behavioral adjustment
[72, 76-78].

Because the statistical specifications include high-dimensional fixed effects, the models identify
marginal responses to changes in climate, hydrology, and population rather than absolute levels of
water use. These fixed effects absorb persistent baseline differences across locations and are not fore-
castable outside the estimation sample. Accordingly, projections are constructed as changes relative
to observed historical conditions. Future levels are then recovered by adding these projected changes

to observed average baselines:

wpctY =wpclV + AwpcPYS (9)

WiCLf — WiCLObS + AWZ-CLf, (10)

WPl = W rebs £ AW I (11)

where WPC’PU robs , WL and WP represent the observed average water withdrawals per

capita for PU, CI water withdrawals, and TP water withdrawals during the 2000-2020 period, respec-
tively. WPC?U’f was then multiplied by the projected population for county ¢ under scenario f to
estimate total withdrawals for public use: WPU !

Lastly, adjustments were made to V_VpT P.f to incorporate state-level clean energy goals into the

projections for thermoelectric power generation. There are currently 24 states that have committed

to achieving 100% clean energy by 2030-2050 [46], which implies the gradual phase-out of coal and
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natural gas power plants. For coal and gas plants located in states with such goals, future TP water
withdrawals were set to zero (WpT P.f = 0) by the state’s target date. This adjustment reflects the
anticipated shift towards renewable energy sources, which generally require less water for cooling. The
states and their clean energy goals are summarized in Table A4, and the phase-out of withdrawals
is applied proportionally over time to capture the gradual nature of the transition. Additionally,
all plants with zero withdrawals over 2018-2020 were assumed retired and therefore also had future
withdrawals set to zero. These adjustments ensured that the projected water use for thermoelectric
power generation reflected both observed relationships in the historical data and expected structural

changes in the energy sector, providing a more realistic estimate of future TP water demands.

4.4.1 Disentangling future drivers

To illustrate the relative contributions of climate and hydrology, population growth, and the contin-
uation of historical trends to future water use, we decomposed projected changes from Equations 6-8
into separate components. For each sector and scenario, we first isolated the effect of climate and
hydrology by holding population and demand trends constant at their baseline values and substi-
tuting only the projected changes in monthly climate and hydrology variables: 232:1 [1(m(t) =
j) x ()_({ — )_(;»’bs) Bﬂ or the analogous expressions for crop irrigation and thermoelectric generation.
This term captures the change in withdrawals attributable solely to deviations in future climate and
hydrology relative to 2000-2020 means. Similarly, the effect of population was then calculated from:
a (Pif — bes), or, for public supply, by multiplying the projected change in per capita withdrawals
by the projected change in population for each county. Lastly, the contribution of other trends was
taken as the change in the fitted county-specific time trends between the midpoint of the projection

period and the end of the baseline period: Ah; = h;(2055) — h;(2020), representing the net effect of

observed adaptation or other unmeasured drivers.

4.5 Characterizing future water scarcity

To assess future water scarcity within the US, we calculated a withdrawal-to-availability (WTA) ratio
for the observed historical period and under all future scenarios. The WTA ratio measures relative
water scarcity as the ratio of total annual withdrawals to annual renewable water resources [79, 80].
Here, total water withdrawals were calculated as the sum of all estimated withdrawals for PU, CI,
and TP for each county:

wa _ V_ViPU’f + V—ViCI,f + WZ-TP’f, (12)
VIPT g

where W is the average annual withdrawals across all future periods under scenario f and W,

)

the sum of withdrawals across all power plants within county i’s boundaries.
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While WTA ratios can be calculated at the county level, they may not fully capture water scarcity
dynamics in the US, given the extensive network of dams, reservoirs, and inter-basin transfers that
deliver water across county boundaries. These systems redistribute water from areas of surplus to
areas with higher demand, reducing the significance of highly localized WTA values. To account for
this, we aggregated total withdrawals across counties to larger watersheds. Specifically, we aggregated
to the HUCO4 hydrologic unit code as classified by the USGS, which divides the conterminous
US into 208 subregions, compared to the 3,108 counties. This spatial aggregation provided a more
meaningful assessment of water availability and stress across regions that share hydrologic and water
management systems.

For total renewable water availability, we used the total amount of runoff (R) within a watershed,
as estimated by the VIC model. Total runoff comprises both surface and subsurface runoff, and
represents the volume of water that flows into lakes and rivers, a portion of which could be feasibly
stored in reservoirs. The WTA ratio was thus calculated as:
W}

R’

WTA] = (13)

for hydrologic unit code h under scenario f. As WTA increases, reliance on nonlocal and nonrenewable
water sources grows. Following Hanasaki et al. [81], water stress thresholds were defined as follows
(where ”water scarcity” refers to general water insufficiency and ”water stress” describes when WTA

exceeds certain thresholds):

1. Low water stress (WTA < 0.2): Indicates relatively sustainable water use. At this level, the
required water can be supplied almost entirely by local, renewable water resources.

2. Moderate water stress (WTA 0.2 to 0.4): Local renewable water is not sufficient to meet all
demands, and reliance on nonlocal or nonrenewable water sources begins (e.g., groundwater).

3. High water stress (WTA 0.4 to 1.0): A significant portion of water demand must be met by
nonlocal or nonrenewable sources.

4. Very high water stress (WTA 1 to 2): Local renewable resources are insufficient, and reliance
on external sources becomes necessary.

5. Severe water stress (WTA 2 to 10): Critical dependence on nonrenewable groundwater or
water imports.

6. Extreme water stress (WTA > 10): Nearly all water demand must be supplied by nonlocal

or nonrenewable water sources.

These thresholds provide a simple framework for evaluating water stress across future scenarios.

For regions where WTA remains below 0.2, water use can generally be considered sustainable, with
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sufficient renewable water to meet local demand. A region is considered water-scarce when WTA

exceeds 0.2 and severely water-scarce beyond 0.4 [80].

4.6 Counterfactual policy analysis

While the baseline projections incorporate both projected changes in climate and population, as well
as the continuation of historical adaptation and energy sector transitions, these assumptions may
not hold under alternative technological or policy pathways. To evaluate the role of these factors in
shaping future water demand, we construct a set of counterfactual scenarios that isolate the effects
of adaptation and efficiency improvements.

All counterfactual scenarios are evaluated relative to the “Moderate” (SSP245) scenario, which
serves as the baseline case. This scenario reflects intermediate warming, population growth, and
hydrologic change, and includes both the continuation of county-specific time trends and the imple-
mentation of state-level clean energy goals in the thermoelectric sector. From this baseline, we

consider four alternative scenarios:

1. Improved irrigation efficiency: Modeled increases in irrigation withdrawals were reduced by 20%,
reflecting the adoption of more efficient irrigation technologies or practices (e.g., sprinkler, drip,
or deficit irrigation). Negative changes in irrigation demand were left unchanged.

2. Improved thermoelectric efficiency: All power plants were assumed to operate using recirculating
cooling systems. This was implemented by applying the estimated coefficients for recirculating
technologies to all plants when predicting future water withdrawals, while retaining baseline
assumptions about plant retirements.

3. Combined efficiency: This scenario incorporated both improved irrigation efficiency and improved
thermoelectric cooling efficiency.

4. No adaptation: Projected time trends are removed from Equations 6 and 7 by setting Ah; = 0,
thereby holding adaptation-related changes in water use fixed at their baseline levels. In addi-
tion, energy sector transitions are removed by relaxing the retirement assumptions applied to
thermoelectric power plants, allowing all plants to continue operating under their historical

characteristics.

By comparing outcomes across these scenarios relative to the baseline case, we can isolate the
contributions of continued adaptation, as well as the efficacy of different policy approaches to reduce

water demands.
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4.7 Limitations

The methods used in this study are subject to several limitations that should be acknowledged when
interpreting the results. We assume that the relationship between hydro-climate and population vari-
ables and water withdrawals can be adequately captured by a model that is linear in parameters.
While linear models provide an efficient and unbiased estimation of average effects, it may oversim-
plify real-world dynamics, particularly in cases where threshold effects or nonlinear relationships are
present. Additionally, there is some debate as to whether the econometric methods employed in this
study fully account for adaptation by economic agents. Some scholars have noted that models like the
ones used here could overestimate future impacts by failing to incorporate behavioral or technological
adaptations to climate change [77]. Estimating the net impacts of such adaptive measures remains
a challenge, but it is critical for a complete understanding of the economic implications of climate
change [72]. Regardless, our use of time trends and incorporating state-level energy plans should
account for some adaptive behavior. We also test for changing climate sensitivity (e.g., marginal
effects of temperature) over time.

For thermoelectric power generation, the assumption that coal and gas plants in states with 100%
clean energy goals will cease operations by 2050 may oversimplify the energy market. Plants could
remain in operation within a state with a clean energy portfolio if they sell electricity to utilities
in neighboring states without clean energy mandates. Additionally, due to data limitations, we only
consider water withdrawals for thermoelectric power, and therefore do not estimate the withdrawals
necessary to support the renewable energy sources that may replace the retired coal and natural gas
plants.

There are also several critiques of using the WTA ratio to characterize water scarcity. First,
runoff may not fully capture the amount of water that can be made available for human use, and
withdrawals do not account for consumptive use [82]. However, WTA has been shown to be globally
robust, with the 20% threshold representing conditions where daily water requirements cannot be
consistently met without reservoirs, aqueducts, or other infrastructure [81]. Secondly, WTA does not
consider green water (soil moisture) or water quality, both of which may exacerbate scarcity [83]. In
this study, projected withdrawals are influenced by soil moisture, which partially captures its effect.
Lastly, WTA thresholds are often defined assuming a 30% environmental flow requirement [84], which
may vary across geographies.

In addition to these hydrologic considerations, it is important to acknowledge that the WTA ratio
does not reflect traditional economic definitions of scarcity, which emphasize the role of prices in
equilibrating supply and demand. From an economic perspective, scarcity arises when the quantity

demanded exceeds the quantity supplied at the prevailing price, and in well-functioning markets, this
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imbalance should be resolved through price adjustments or reallocation. In contrast, the WTA ratio
is a physical measure that compares total water withdrawals to renewable supply, without accounting
for institutional constraints, allocation mechanisms, or price signals. High WTA values may reflect
biophysical limitations, rising demand, or rigidities in allocation systems—not necessarily inefficient
use. Nevertheless, in the US context where water allocation is often determined administratively and
prices do not fully reflect scarcity, the WTA ratio offers a useful proxy for assessing potential stress
on renewable water resources. Our projected withdrawals incorporate both demand-side factors, such
as population growth and observed reductions in water use over time, and climate-driven variation
in supply, providing a plausible assessment of future pressures. While the WTA metric itself does
not reflect market-based scarcity or reallocation, our modeling approach captures behavioral and

institutional responses indirectly through estimated time trends and climatic responses.
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Fig. 1 Estimated seasonal marginal effects of the impacts of climate and hydrology on water withdrawals for public
use, crop irrigation, and cooling for thermoelectric power generation. Confidence intervals are at the 95% level. For
visual purposes, marginal effects for crop irrigation and thermoelectric power cooling correspond to the specifications
of Equation 2 and Equation 4 that exclude the indicator functions for region and cooling technology, respectively, and
each plot has a unique scale to showcase seasonality. Precipitation and soil moisture are not included in the model for
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(A) Public Use

Fig. 2 Annual water use trends for public use (gallons per person per day) and crop irrigation (acre-feet per day) after
controlling for climate, hydrology, population, and unobserved confounding variables over the historical (2000-2020)
period. Coloring corresponds to the slope of the county-specific linear time trend (h;(t)) from Equation 1 (public use)
and Equation 2 (crop irrigation), where blue (red) indicates increasing (decreasing) water use. Statistically significant

trends are reported in Figure A6.
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Fig. 3 Stylized climate and population scenarios selected from the full ensemble of CMIP6 projections. Each point
represents a GCM paired with an SSP, plotted in temperature—soil moisture space using projected changes over 2040—
2070 relative to 2000-2020. Point color indicates projected average, county-level population change. Highlighted points
denote the five scenarios used for analysis: Cool and dry (low warming, large moisture deficit; GCM: MPI-ESM1-2-
HR), Warm and very dry (moderate warming with severe drying; GCM: MPI-ESM1-2-HR), Moderate (intermediate
conditions; GCM: BCC-CSM2-MR), Warm and wet (moderate warming with increased moisture; GCM: ACCESS-
CM2), and Hot (high warming with modest moisture change; GCM: EC-Earth3). These scenarios span the joint
distribution of temperature, hydrologic change, and population growth.
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Fig. 4 Projected changes in climate and population across stylized future scenarios (2040-2070 relative to 2000
2020). Panels (A)—(D) show monthly average changes in a subset of hydroclimatic variables: temperature, precipitation,
runoff, and soil moisture. Lines correspond to scenario-specific averages across counties, with the Moderate scenario in
black for reference. Panel (E) shows the distribution of projected population change across counties for each scenario.
Population growth varies substantially across scenarios, ranging from near-zero or negative growth in low-growth
scenarios to substantial increases in high-growth scenarios, reflecting differences in SSP assumptions.
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Fig. 5 Estimated changes in water withdrawals driven by climate, population growth, and long-run trends across
sectors. Panels (A)—(C) show average monthly withdrawal responses attributable to climate change for public use (PU),
crop irrigation (CI), and thermoelectric power (TP), respectively. Shaded regions denote 95% confidence intervals.
Panels (D)—(F) display annual changes in withdrawals attributable to population growth. Error bars reflect uncertainty
in estimated population effects. Panels (G)—(H) show the distribution of county-level time trends, which capture the

net effect of technological change, policy, and behavioral adaptation not explained by observed variables. No time
trends were estimated for TP due to the shorter sample period.
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Fig. 6 Projected total monthly changes (2040-2070) in (A) runoff, (B) water withdrawals, and (C) the net difference
between water availability and withdrawals, relative to the observed baseline period (2000-2020), for CONUS. Panel
(A) captures changes in water supply driven by hydroclimatic conditions, while panel (B) reflects changes in water
demand. Panel (C) combines these effects to show net changes in water scarcity. Positive values in panel (C) indicate an
increase in excess supply (improved water availability relative to demand), while negative values indicate a reduction
in excess supply (worsening water scarcity). The moderate scenario is highlighted in black.
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Fig. 7 Projected changes in water scarcity across five climate-population scenarios (2040-2070) relative to the his-
torical baseline (2000-2020), shown by HUCO04 subregion. Panel (A) displays historical water stress categories, while
panels (B-F) show transitions in water stress under each future scenario. Colors represent transitions in water stress
categories, with blue indicating improvements (movement to lower stress categories), red indicating worsening condi-
tions, and light gray indicating no change. Dashed outlines indicate regions experiencing high water stress or worse
(WTA > 0.4).
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Fig. 8 Projected changes in water scarcity across counterfactual scenarios (2040-2070) relative to the historical
baseline (2000-2020), shown by HUCO04 subregion. Panel (A) displays historical water stress categories, while panel (B)
shows changes under the “Moderate” (baseline) scenario. Panels (C)—(F) present changes under alternative scenarios.
Colors represent transitions in water stress categories, with blue indicating improvements (movement to lower stress
categories), red indicating worsening conditions, and light gray indicating no change. Dashed outlines indicate regions
experiencing high water stress or worse (WTA > 0.4).
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Appendix A Appendix

A.1 Supplementary analysis

A.1.1 Interdependencies across water use sectors

To test for interdependencies across sectors, we estimate the equations for PU and CI simultane-
ously using a SUR model to assess the stability and significance of coefficients. In this context, the
SUR model jointly estimates the PU (1) and CI (2) equations while allowing the error terms to be
correlated across equations, improving efficiency and enabling tests of whether cross-equation corre-
lations materially affect coefficient estimates. The results indicate that key climate coefficients, such
as those for temperature, precipitation, and soil moisture, are consistent in magnitude and signifi-
cance with those from the sector-specific models (Figure Figure A13). For PU, the marginal effects of
temperature exhibit minor differences but remain qualitatively similar. Similarly, for CI, the seasonal
marginal effects of climate variables align closely with those from the individual models. Notably, the
SUR model precludes the two-way clustering of standard errors applied in the sector-specific mod-
els, resulting in much tighter confidence intervals. Overall, these findings provide suggestive evidence
that any interdependencies across sectors do not meaningfully bias our results, giving us additional

confidence in the suitability of our statistical framework for explaining and predicting water use.
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w A.2 Supplementary tables

Table A1 Summary statistics for annual average water withdrawals by water use category.
Units are gallons per person per (GPD) day for public use, and acre-feet per day (AFD) for
crop irrigation and thermoelectric power generation. The units of analysis are county for
public use and crop irrigation and power plant for thermoelectric power.

Water Use Category Obs Mean Std. Dev. Min Median Max
Public Use (GPD) 3,108 103.74 67.38 0.00 92.98 1,432.28
Crop Irrigation (AFD) 3,108 98.12 387.20 0.00 2.05 9,075.05
Thermoelectric Power (AFD) 2,434
Biomass 236 8.53 25.11 0.00 0.85 188.53
Coal 838 209.03 460.39 0.00 29.43 4,614.72
Gas 822 36.04 134.31 0.00 2.70 2,405.96
Multi-fuel 381 162.26 402.55 0.00 14.20 4,134.09
Nuclear 116 1,035.86 1,444.31 0.25 158.11 5,384.96
Oil 41 9.43 16.33 0.00 0.47 56.56

Table A2 Summary of data sources

Variable Class Variables Source Spatial Res. Temporal Res. Temporal Ext.
Precipitation
Temperature

Climate (historical) Wind speed Daymet [62] 4 km Daily 2000-2020
Humidity

Climate (projected) * CMIP6 [63] 4km Daily 2025-2100
Runoff

Hydrology SWE VIC [63] 4 km Daily 2000-2100
Soil moisture

Population (historical) ~ Population BEA [64] County Annual 1969-2022

Population (projected) Population [69] County 5-year 2010-2070
Public Use [59]

Water Use (historical)  Crop Irrigation [60] USGS HUC12 Monthly 2000-2020
TEP [61]
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Table A3 Model fit statistics, variables, interactions, and fixed effects for Public
Use, Crop Irrigation, and Thermoelectric Power Generation models.

Public Use

Crop Irrigation

TP Generation

Variables

Max temperature

Precipitation
Humidity
Runoff

Soil moisture
‘Wind speed
Population

County time trends

NIEN NN

LARARARS

IENCNIECNIEN

Interactions
Seasonal
ERS FRR

Cooling technology

\

IENEN

<

Fized effects

County-month (37,296)
State-year (960)

AN

Plant-month (29,208) -

ISO-year (200)

AN

v
v

Fit statistics
Observations
Log-likelihood
AIC

BIC

R2

Pseudo R2
Adjusted R2

Within adjusted R?

‘Wald
F-test

745,920
2,660,758
5,404,427
5,882,087
0.986
0.375
0.985
0.375
7.39 x 109***
134.6%**

745,920
-3,764,931
7,613,926
8,098,235
0.957
0.238
0.954
0.136
2.65 x 1010%**
30.7***

238,272
-1,264,477

2,587,
2,889,

158
271

0.937
0.206
0.928
0.011
518.5%**
17.0***

Notes: Standard errors are clustered at the following levels:

PU and CI: County (FIPS) and state-year clusters.
TP: Plant and ISO-year clusters.

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Table A4 100% clean energy goals by state [46]

State Goal Target Year
California 100% carbon-free electricity 2045
Colorado 100% carbon-free electricity for Xcel Energy 2050
Connecticut 100% carbon-free electricity 2040
District of Columbia  100% renewable energy 2032
Hawaii 100% renewable energy 2045
Louisiana Net zero greenhouse gas emissions 2050
Maine 100% clean energy 2050
Massachusetts Net-zero greenhouse gas emissions 2050
Michigan 100% clean energy 2040
Minnesota 100% carbon-free electricity 2040
Nebraska Net-zero carbon emissions from public power utilities 2050
Nevada 100% carbon-free energy 2050
New Jersey 100% clean energy 2050
New Mexico 100% zero-carbon electricity 2045
New York 100% carbon-free electricity 2040
North Carolina Net-zero greenhouse gas emissions 2050
Oregon 100% clean electricity 2040
Puerto Rico 100% renewable energy 2050
Rhode Island 100% renewable electricity 2033
Virginia 100% carbon-free electricity 2045
Washington 100% clean electricity 2045
Wisconsin 100% carbon-free electricity 2050
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o A.3 Supplementary figures
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Fig. A1l Seasonal patterns in average water use across major sectors in the conterminous United States. Values
represent monthly averages across all counties and years in the historical sample (2000-2020).
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Fig. A2 Seasonal patterns in key hydroclimatic variables across the conterminous United States. Values represent
monthly averages across all counties and years in the historical sample (2000-2020).
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Fig. A3 Estimated seasonal marginal effects of the impacts of climate and hydrology on water withdrawals for crop
irrigation by ERS farm resource region. Confidence intervals are at the 95% level.
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Fig. A4 Estimated seasonal marginal effects of the impacts of climate and hydrology on water withdrawals for
thermoelectric power generation by plant cooling technology. Confidence intervals are at the 95% level.

49



(A) Public Use

Gallons per person

. > 5 Decrease

. 3to 5 Decrease
. 1 to 3 Decrease
. 0to 1 Decrease
|:| 0to 1 Increase
. 1to 3 Increase
. 3 to 5 Increase
. > 5 Increase

Acre-feet

> 15 Decrease

6 to 15 Decrease
3 to 6 Decrease
0 to 3 Decrease
0 to 3 Increase

3 to 6 Increase

6 to 15 Increase
> 15 Increase

Fig. A5 Statistically significant annual water use trends (« = 0.05) for public use and crop irrigation after controlling
for climate, population, and unobserved confounding variables.
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Fig. A7 Spatial distribution of projected changes in climate and population across five stylized scenarios (2040-2070
relative to 2000-2020). Rows correspond to scenarios (Cool and dry, Warm and very dry, Moderate, Warm and wet,
and Hot), while columns show changes in temperature, precipitation, runoff, soil moisture, and population. Values
represent county-level averages.
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Fig. A8 Total future percent changes in water withdrawals by water use category, season, climate model, and emission
scenario.
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Fig. A9 Projected changes in water scarcity across stylized climate-population scenarios (2040-2070 relative to
2000—-2020) by HUCO04 subregion. For each scenario, panels in the left column show changes in withdrawal-to-availability
(WTA) ratios, panels in the middle column display projected water stress categories, and panels in the right column
summarize changes in the number of watersheds by stress level. Positive (negative) values in WTA indicate increasing

(decreasing) water stress.
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Fig. A10 Distributions of projected changes in water use (2040-2070 relative to 2000-2020) under alternative coun-
terfactual scenarios for (A) public supply, (B) crop irrigation, and (C) thermoelectric power generation across all
counties. Changes are shown as projected minus historical withdrawals, with vertical dashed lines indicating no change.
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Fig. A11 Average water prices from 30 major US cities by household type [85]
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Fig. A12 US map of ISOs and example transmission constraints for 100 randomly sampled power plants
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Fig. A13 Comparison of seasonal marginal effects between sector-specific models and SUR
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Fig. A14 Out-of-sample validation of sector-specific water use models. Points show observed versus predicted monthly

withdrawals under (left column) forecast splits and (right column) temporally structured cross-validation. Dashed lines
indicate the 45-degree line. Reported values are out-of-sample R2.
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