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Therapidly increasing demand for generative artificial intelligence
(Al) models requires extensive server installation with sustainability

implicationsin terms of the compound energy-water-climate impacts.
Here we show that the deployment of Al servers across the United States
could generate an annual water footprint ranging from 731to 1,125 million m?
and additional annual carbon emissions from 24 to 44 Mt CO,-equivalent
between 2024 and 2030, depending on the scale of expansion. Other factors,
suchasindustry efficiency initiatives, grid decarbonization rates and

the spatial distribution of server locations within the United States,

drive deep uncertainties in the estimated water and carbon footprints.

We show that the Al server industry is unlikely to meet its net-zero
aspirations by 2030 without substantial reliance on highly uncertain carbon
offset and water restoration mechanisms. Although best practices may
reduce emissions and water footprints by up to 73% and 86%, respectively,
their effectiveness is constrained by current energy infrastructure
limitations. These findings underscore the urgency of accelerating the
energy transition and point to the need for Al companies to harness the
clean energy potential of Midwestern states. Coordinating efforts of private
actors and regulatory interventions would ensure the competitive and
sustainable development of the Al sector.

The accelerating deployment of artificial intelligence (Al) servers is
being fuelled by the growing demand for generative Al applications,
ignited by milestones such as the release of ChatGPT in 2022". Projec-
tions signal even greater impact, exemplified by the recent Blackwell
platform, which analysts herald asanew Moore’s Law era’. Pronounce-
ments from influential Al industry figures® on both demand and sup-
ply sides are seen as transformative shifts for the entire data-centre
industry. Whereas Al has been employed in various fields to advance

sustainability*, the remarkable energy requirements of Al itself raise
concernsregarding not only energy provisioning challenges®but also
water scarcity and climate change issues stemming from the energy-
water-climate nexus of Al data centres"”®. However, the holistic energy-
water-climate implications of Al computing are largely unknown,
constrained by untransparent industry reports and limited data.

The climate impact of Al servers will stem primarily from their
operations (Scopes 1 and 2)° and supply-chain activities (Scope 3),
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including manufacturing and end-of-life treatment'*". The Scope 2
emissions fromindirect energy purchases are expected to constitute
asubstantial portion and indicate a high dependency on the increase
of Al server energy consumption. According to the International
Energy Agency", 0.6% of global total carbon emissions comes from
the data centres and data transmission networks due to their electric-
ity consumption. The industry energy consumption could double by
2026, motivated by Al and other sectors”, threatening decarboni-
zation targets under the Paris Agreement'", which include a 53%
reduction in data-centre emissions by 2030 and net-zero goals for
the Al sector. Further, growing Al server energy consumption implies
an increasing water footprint through Scope 1 (direct cooling) and
Scope 2 (indirect procurement) water use®'. Centralized installation
inwater-stressed regions may perturb local water balance and threaten
supply for millions"*®,

Previous research has developed bottom-up and top-down meth-
odsto assess energy-water—carbon outcomes of servers” 2, but these
approaches face challenges with the rise of Al servers. Top-down
approaches based on activity indices, such as data traffic and com-
putinginstances, fail to accurately represent Al-driven workloads?*.
Detailed bottom-up approaches suffer from limited data availability
and lack of industry insight’. Assumptions valid for traditional colloca-
tion centres often fail for Al data centres, which differ in installation
and operation®. Recent studies have explored computing task-based
analyses to better quantify Al-related energy and resource consump-
tion, providing insights but lacking systematic policy guidance™**. Two
notable contributions are the 2024 data-centre report by Lawrence
Berkeley National Laboratory” and the 2025 Energy and Al Report by
theInternational Energy Agency®®, which present scenarios estimating
USand global data-centre energy use under highly uncertain Algrowth.
Although use of confidential commercial datamay limit reproducibil-
ity, they offerimportant benchmarks. Our study extends this founda-
tion by (1) developing an open-source, bottleneck-based modelling
approachwith comprehensive uncertainty analysis; (2) systematically
assessing energy, water and carbon impacts, incorporating dynamic
interactions with local energy systems; and (3) proposing actionable
mitigation strategies for potential net-zero trajectories across different
Alserver deployment scenarios.

Here we analyse the combined energy-water-climate impact of
operational Al servers in the United States between 2024 and 2030,
balancingimportance and future uncertainties and addressing a series
offundamental questions. (1) What are the magnitude and spatiotem-
poral distributions of energy consumption, water footprintand climate
impact from Al server deployment? We address this using temporal
projection models and regional frameworks, assuming deployment
mirrors current large-scale Al data-centre patterns. (2) What are the
prospects for near-term net-zero pathways? We evaluate this by ana-
lysing best- and worst-case scenarios of key drivers, including indus-
try efficiency improvements, server location distribution and grid
decarbonization. The results of these analyses are presented in the
following sections.

Alservers’ environmental impactin the

United States

This section provides abase depiction of the Al servers’ energy, water,
and carbonimpactsinthe United States, emphasizing the spatiotempo-
ral characteristics of the system. Figure 1a shows the projected cumula-
tive Al server installationsin the United States from 2024 t0 2030 under
five scenarios: low demand, low power, mid-case, high application and
high demand. The mid-case serves as the base scenario, while the low
and high demand set projection bounds. Low power assumes server
efficiency gains, and high application accounts for increased adop-
tiondrivenby efficiency. Figure 1billustrates the state-level allocation
of Al servers, showing power usage effectiveness (PUE), projected
grid carbon intensity (carbon emissions per unit of electricity), water

usage effectiveness (WUE) and projected grid water intensity (water
footprint per unit of electricity) for each state. Southern states such
as Florida exhibit higher PUE and WUE than northern states such as
Washington, reflecting climate impacts. Moreover, the grid factors
demonstrate notable sensitivity to location, implying theimportance
ofthelocal grid for the Al servers’ environmental impacts. Figure lc-g
shows energy, water and carbon results. Figure 1cillustrates Al server
energy predominates over infrastructure energy. Figure 1d indicates
indirect water footprint contributes 71% of total, with direct use at 29%.
Annual estimates of energy consumption, water footprintand carbon
emissions of Al servers from 2024 to 2030 under each scenario are
presented in Fig. 1e-g. Even the lowest scenarios outline a consider-
able increase in the energy, water and carbon footprints of Al serv-
ers. The highest scenario yields the highest environmental impact,
largely surpassing previous forecasts for the entire US data-centre
market'®*, underscoring the environmental risks of unchecked Al
server expansion.

The United States is selected as the research region because of
its dominant position in the global Al market. The research period is
selected as2024-2030, generated fromatrade-off betweenimportance
and uncertainty. Projection of the Al server accumulative capacity in
the United Statesis the initial step, which was generated on the basis of
the forecast of Al chip manufacture capacity, Al server specifications
and Alserver adoption pattern. Inaddition, we assume the Al data cen-
trewillalign with current Alcompany large-scale data-centre allocation
ratios, presented in detail in Supplementary Fig. 5. The PUE and WUE
values are derived by a hybrid statistical and thermodynamics-based
model*°. Supplementary Table 3 lists all modelinputs, and the applied
values are calculated as the average of the best and worst practices.
In addition, projected grid factors are calculated on the basis of the
Regional Energy Deployment System (ReEDS) model® by involving
the projected data-centre load data and adopting regulations such
as the Inflation Reduction Act. The step-by-step calculation process
of the projection is summarized in Methods and sections 1-4 of Sup-
plementary Information. Important uncertainties, such as PUE and
WUE estimation, technology advancements, the spatial distribution
of Alserver allocation and grid development patterns, and sensitivity
analysis of key parameters will be discussed in the following sections.

Higher energy and water usage efficiencies

Over the past decade, efficiency gains in the data-centre industry
have stabilized environmental costs despite a doubling of comput-
inginstances®. This section examines the existing potential for further
improvements through system optimization and technology adop-
tion. Figure 2a,b illustrates the achievable PUE and WUE values of Al
data centresin each state. The best-practice scenario suggests notable
reduction potential: over 7% PUE reduction and over 85% WUE reduc-
tion, despite the high efficiency of Al data centres compared with the
industry averages (PUE 1.58, WUE 1.8). The worst-practice scenario
underscores the risk of neglecting efficiency efforts. The effects of
achievable PUE and WUE values are further depicted in Fig. 2c,d, show-
casingthe correspondinginfluences onthe energy, water and carbon
footprints of Al servers. PUE reduction yields over 7% reductions in total
energy consumption and carbon emissions. WUE reduction efforts
resultinovera29%reductioninthetotal water footprint. Moreover, itis
evident that PUE and WUE efforts can align with each other, as observed
in WUE improvement results. Figure 2e delvesinto the potentialimpact
of adopting advanced technologies within Al data centres, focusing
on advanced liquid cooling (ALC) and server utilization optimization
(SUO) adoption. The results show that the best ALC adoption canreduce
about1.7% of energy consumption, 2.4% of water footprint and 1.6% of
carbon emissions of Al servers by 2030. For SUO, the best-case scenario,
representing total adoption by 2030, resultsin a 5.5% reductionin all
footprint values, while the worst-case scenario, representing frozen
adoption, leadstoa7.3%increase by 2030. The energy-water-carbon
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Fig. 1| Projections of energy, water and carbon footprints of the installed Al The metric values are calculated as the average value from 2024 t0 2030.
servers from 2024 t0 2030. Each scenario is denoted by a different colour. ¢, Theratios between Al servers and infrastructure energy consumption.d, The
a, The projected accumulative capacity of Al servers in the United States from ratios of the indirect and direct water footprint of Al servers. e-g, The energy
2024 to0 2030 under different scenarios. b, Spatial allocation data for each state, consumption (e), water footprint (f) and carbon emissions (g) of Al servers from
accompanied by corresponding metrics, which include PUE, WUE, grid carbon 2024 t0 2030 under different scenarios. The red dashed linesin e-g denote the
factor (kgCO,-equivalent kWh™), and grid water factor (L kWh™) data. forecast footprint of the US data centres, based on previous literature'®%,
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Fig.2| Assessment of industry efforts aimed at reducing the environmental carbon emissions. e, Assessment of the effect of ALC and SUO adoption on
impact of Al servers. a, Comparison of the best, base and worst practices energy consumption, water footprint and carbon emissions. f-h, The energy
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onenergy consumption, water footprint and carbon emissions. d, Analysis practices of all considered industry efforts.

of theimpact of WUE practices on energy consumption, water footprint and
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impacts of Al servers from 2024 to 2030 following the mid-case sce-
nario through the worst, base and best industry practices are further
presentedin Fig. 2f-h. The maximum reductions of energy, water and
carbon drawn from the existing potential are about 12%, 32% and 11%,
respectively. These findings underscore the considerable impact of
industry efforts on the environmental cost of Al servers.

Base values of PUE and WUE are calculated by averaging the best
and worst practices due to the lack of cooling specifications. The worst
and best values are derived by solving the corresponding optimiza-
tion problem with constrained operational parameters. Specifically,
the best PUE is achieved mainly by extending the free cooling period
throughinputair set-points adjustment and enhancing facility energy
efficiency. WUE is improved by reducing windage and concentration
water loss, adopting air-side economizers and enabling more free cool-
ing. The modelis based on previous works*’, with relevant parameters
detailedinsection 3 of Supplementary Information. The best, base and
worst practices for ALC and SUO adoption are developed from existing
studiesand marketreports, with assumptions and calculations outlined
inMethods. ALC adoptionis evaluated through the increased immer-
sion cooling in Al data centres, while SUO improvements focus on
raising the active server ratio. Importantly, the advancement in Al hard-
ware could reduce energy, water and carbon footprints by improving
energy efficiency, as seen in Nvidia’s future chip structures Blackwell
and Rubin. However, these gains may be offset by the rebound effect.
The uncertainties of the hardware evolution and market dynamics are
discussed in the definition of the scenarios, as detailed in section 1 of
Supplementary Information.

Influences of Al server spatial distribution

The location of data centres critically shapes their environmental
impact'®*2. This section presents a detailed projection of how Al server
spatial distribution may influence the environmental consequences
of rapid US expansion. Figure 3a,b presents the top 25%, 50% and 75%
locations with the lowest projected water footprint and carbon emis-
sions per unit of server energy. Figure 3c presents the locations with
combined lowest water and carbon factors. These allocation strategies
are conducted on a grid balancing-area level. Specifically, the ReEDS
modelis deployed to calculate the grid factors of each balancing area
under different projection scenarios. Figure 3d shows that Texas plays
avital role by possessing the most balancing areas with the top 25%,
50% and 75% water and carbon factors. The other western and southern
states, including Montana, Louisiana, Idaho and New Mexico, also take
alarge portion of areas under the combined strategies due to widely
leveraged local renewables. West Coast states, such as California, Ore-
gon and Washington, as well as New England states, are suitable for
carbonreductionbut also lead to higher water footprints. The primary
driver behind is the adoption of hydropower, which consumes large
volumes of water through evaporation, as detailed in Supplementary
Fig. 6. With more hydropower applied in the grid, the Scope 2 water
usage of Al servers could dramatically increase when installed in such
locations. Figure 3e-g depicts the total energy consumption, water
footprint and carbon emissions changes of Al servers under the 25%,
50% and 75% spatial distribution scenarios. The base scenariois applied
to all simulations to identify solely the influences of spatial distribu-
tion. Installing Al serversin the top water-oriented locations resultsin
large reductions of both water and carbon footprints. Conversely, the
carbon-oriented strategies lead to higher water footprints due to the
hydropower application on the West Coast and New England states.
Moreover, Fig. 3f shows that the water and carbon footprints can be
concurrently reduced following a combined allocations strategy.

To project the potential risks and benefits behind future Al server
deployment, Fig.3h,iillustrates the current water scarcity and renew-
able energy potential of each state. The top ten states grappling with
severe water scarcity issues are California, Nevada, Arizona, Utah,
Washington, New Mexico, Colorado, Wyoming, Oregon and Montana,

which are concentrated primarily in the western United States. Large
adoptionofhydropower leads toincreased unit energy-water footprint
inseveral states such as Arizona, California, Nevada, New Mexico and
Utah, exacerbating the water scarcity issue. In addition, Texas, New
Mexico, Kansas, Arizona, California, Colorado, Nevada, Nebraska,
Oklahoma and South Dakota are identified as the top ten states with
abundantrenewable energy potentials. Combined with the water-and
carbon- oriented strategies, Texas, Montana, Nebraska and South
Dakota, situated in the Midwestern United States, emerge as optimal
candidates for Al server installation, considering both water scarcity
concerns and future decarbonization efforts.

Influence of renewable energy penetration
withingrid

This section analyses how future grid development will affect Al
server environmental impacts. Figure 4a,b illustrates the modifica-
tions of grid carbon and water factors of each state under low renew-
able energy cost (LRC, best-practice) and high renewable energy cost
(HRC, worst-practice) scenarios, compared with the base scenario.
These scenarios, extracted from the predefined cases of the ReEDS
model®*, represent the highest and lowest levels of renewable energy
penetration, respectively. The resulting total carbon emissions and
water footprint of Al servers are depicted in Fig. 4c,d. The HRC sce-
nario indicates a20% increase in carbon emissions alongside a 2.0%
increase in water footprint, while the LRC scenario suggests an over
15% reduction in carbon emissions accompanied by a 2.5% of water
footprint reduction. The carbon emissions of Al servers are shown to
be heavily influenced by the grid decarbonization pattern, indicating
both considerable reduction potential and associated risks.

Figure 4e details changesin Al server carbon emissions and water
footprints by state under LRC and HRC scenarios. The development
pattern, including renewable energy penetration levels and sources,
notably impacts the resulting footprints of each state. States such as
Georgia, Nevada, North Carolina and Tennessee show marked sen-
sitivity to renewable cost scenarios. In addition, the Pacific states,
including California, Oregon and Washington, which achieved a low
grid carbon factor, slow their hydropower adoption pace under the
LRC scenario, avoiding exacerbating their water scarcity issues with
additional Al serverinstallations. The wind and solar resources, which
have no water consumption while generating, are further adopted in
the LRC scenario to reduce carbon emissions, meanwhile alleviating
the severe water scarcity challenges in these states. The presented
results suggest that the impacts of grid decarbonization patterns on
the environmental costs of Al servers are evident not only over time
but also in the spatial variations observed among different US states.
These results connect to theimportance of ambitious green electricity
policies in US states, which potentially could further reduce carbon
emissions in our scenarios.

Pathways to net-zero carbon and water goals
Building on the preceding analysis of environmental costs, efficiency,
spatial distribution and grid decarbonization, this section evaluates
water and carbon net-zero pathways for US Al servers. Figure 5a pre-
sents the pathways from 2024 t0 2030 to achieve net-zero carbon emis-
sions and a net-zero water footprint of Al servers under the mid-case
scenario. Figure 5b presents residual emissions and water footprints
across different scenarios and practices. The 2030 target aligns with
major Al data-centre operator goals'***, The top and bottom 25% of
locations are used to create the best and worst cases for spatial distri-
bution. The best and worst grid development practices are modelled
under LRC and HRC scenarios, respectively. These practices form the
upper and lower bounds, although better solutions can be obtained
through extra policies and actions beyond current considerations.
Thebestand worst distribution patterns of Al server deployment
lead to a 49% reduction and a 90% increase in carbon emissions, and
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carbon emissions (d) of Al servers from 2024 to 2030 following the mid-case
scenario under best, base and worst scenarios, respectively. e, The changes of Al
server carbon and water footprints of each state under the best (LRC) and worst
(HRC) scenarios.

a52%reduction and a354% increase in water footprints, respectively.
Optimistic grid decarbonization provides a further 13% reduction in
carbon, while the worst case results in a 23% increase. Industry effi-
ciency efforts are critical for water sustainability, offering over 32%
reductioninwater footprint under best practices. Notably, combined
best practices cut residual emissions and water footprints by 73% and
86%, respectively, indicating afeasible pathway to net zero. Under the
mid-case, best industry, spatial and grid scenarios each reduces over
21 Mt, 25 Mt and 92 Mt of carbon from abase of 186 Mt due to Al server
installation. The best practices produce about 11 Mt residual carbon
emissions by 2030, requiring 28 GW of wind or 43 GW of solar to fully
offset®. With over 13 GW of Alcompany renewables already claimed®,
residual emissions could remain manageable with further expansion.
However, achieving this best-case scenario could be extremely chal-
lenging, particularly due to the facility constraints in deploying Al
serversatoptimallocations and the difficulty inreaching ideal energy

and water efficiency levels within Al data centres. Conversely, the
worst practices pose arisk of unachievable net-zero pathways, signify-
ing 71 Mt annual residual carbon emissions and over 5,224 million m?
annual residual water usage by 2030 under the low-demand scenario.
Such an environmental cost is nearly impossible to be fully compen-
sated during ashort period.

Projected net-zero pathways could be further influenced by other
uncertainties. Figure 6 presents a sensitivity analysis of key factors:
server lifetime, Al server manufacturing capacity, US allocation ratio,
server idle and maximum power ratios, and training/inference dis-
tributions. Low, applied and high values of each parameter are listed
in the figure; left and right halves present the effects of lower and
higher values, respectively. Changesinthese factorsresultin up to 40%
variations in energy consumption, which are closely mirrored by cor-
responding shifts in water footprintand carbon emissions. Unmodelled
uncertainties can largely be reflected by modifying these simulation
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Fig. 5| The pathways towards achieving net-zero carbon emissions and water
footprints for US Al servers. a, The contributions of each influential factor to the
water footprint and carbon emissions of Al servers with best and worst practices
under the mid-case scenario. The total contributions of each factor from 2024 to
2030 arealso listed. The curves above the O level indicate the increase of carbon
emissions and water footprint, while the curves below represent the reductions.
The grey area represents the residual footprints that need to be reduced.

b, Presentation of the capacity of residual carbon emissions and water footprints
to attain net-zero targets under different temporal scenarios for each year
spanning from 2024 to 2030, under both best- and worst-practice scenarios.
Specifically, the top and bottom 25% of locations are used to create the best

and worst cases for spatial distribution. The best grid development practice
ismodelled under the LRC scenario, and the worst is modelled under the

HRC scenario.

factors. For example, innovations such as DeepSeek can lead to low
power requirements for Al computing tasks, which then may resultin
arebound effect incorporating more Al applications. This statement
may imply larger chip-on-wafer-on-substrate (CoWoS) manufacturing
capacity due to expanding applications as well as longer lifetime and
smaller training/job ratio due to more inference-based usage. As Fig. 6
indicates, the study’s key conclusions could remain robust unless future
uncertainties greatly exceed modelled ranges. The modelling approach
used in this study enables future revisions with more available data.
The sensitivity analysis aims to capture the potential uncertainties
inherent to this problem, offering insightsinto the magnitude of their
influence on projection.

Discussion

Investment in Al servers is accelerating, as seen in projects such as
the $500 billion Stargate’. While Aladvancement is akey priority, our
study highlights its environmental impact. To mitigate these risks,
we identify that concentrating Al server deployment in Midwestern
states—Texas, Montana, Nebraska and South Dakota—is optimal, given
their abundant renewables, low water scarcity and favourable pro-
jected unit water and carbon intensities. These states possess sub-
stantial untapped wind and solar resources, enabling robust green
power portfolios and reducing competition with other sectors. Their
lower water stress also helps ease public concerns and reduces the
need for costly water-saving measures. However, severalimplementa-
tion challenges must be acknowledged. Texas, crucial to the optimal
strategy, may need to support an additional 74-178 TWh of Al server
demand, possibly exceeding its current total renewable generation of
139 TWh (ref. 38). This scale-up would require substantial investment

in new renewable capacity and transmission infrastructure, which is
already constrained by existing congestion®. Meanwhile, Montana,
Nebraskaand South Dakota currently host minimal data-centre capac-
ity, indicating that most of their existing internet infrastructure may
supportonlyresidential or standard industrial applications. This raises
potential connectivity and security concerns for high-performance Al
services. Enabling Al-grade infrastructure in these regions will require
broadband and security upgrades, with associated emissions and
capital costs increasing the expense of the optimal strategy. These
challenges underscore the complexity of sustainable siting decisions
and highlight the need for strategic coordination to ensure that Al
investments support both technological leadership and long-term
sustainability goals.

Expanding Al servers in the suggested regions may be further
obstructed by public health concerns and other impacts on local sus-
tainable development. Operational demands and construction of sup-
porting facilities could generate air and water pollution through fossil
fuel use, substantial water consumption and large-scale construction
andtransportation. Toaddress these issues while managing economic
costs, we recommend that Al companies engage in public-private
partnerships with local governments. Such partnerships could allevi-
ate governmental budget pressures, create local jobs and mitigate
health concerns by funding green power upgrades and monitoring
systems, such as tracking PM,  (particulate matter with a diameter of
2.5 micrometres or less) levels, through combined Al investment and
regulation. For the governments, implementing tax exemptions on
arelated facility could incentivize a win-win development process,
and it is essential to ensure transparent accountability within pub-
lic-private partnerships to prevent privatized gains at public cost.
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Fig. 6 | Sensitivity of Al server energy-water-carbon impacts to key modeling
assumptions. Sensitivity analysis for Al server energy consumption, water
footprintand carbon emissions considering uncertainties of server lifetime,
manufacturing capacities for Al servers, US allocation ratio, server idle power
ratio, server maximum power ratio and training/inference distributions.
Thelisted numbers for each parameter from left to right represent the
considered low, applied and high values.

Beyond environmental benefits, these measures could stimulate local
economic growth, as evidenced in Virginia*. This discussion outlines
policy recommendations for both industry and legislative stakehold-
ers that balance economic and environmental impacts. They also
emphasize energy market adaptations as Al-driven hyperscale loads
challenge utilities’‘duty to serve’. Requirements to connect large data
centres could lead to server collocation with energy generation, but
asshowninthis study, these choices should not crowd out renewable
investments to decarbonize the economy. Finally, the effectiveness of
the recommended policy may be influenced by broader political and
economic factors beyond the scope of this study.

The challenges associated with the optimal spatial distribution of
Alserversintroduce substantial uncertainties to the projected reduc-
tions of 73% and 86% in carbon and water footprints, respectively, under
best-practice scenarios. These challenges are unlikely to be offset by
improvements in efficiency or decarbonization efforts beyond what
has already been considered. Our best-case scenario for industry effi-
ciency approaches the physical limits of Al data centres. Moreover,
projections from the US Energy Information Administration offer
limited support for additional grid decarbonization compared with
the considered best case*. These constraints suggest that, without
additional interventions, Al data centres are likely to generate sub-
stantial environmental impacts in the coming years. Consequently,
Al companies are expected to continue investing in the offset mecha-
nisms, including power purchase agreement, carbon removal and
water restoration, reaching an unprecedented level of reliance on
themto accomplish their net-zero aspirations by 2030. Nevertheless,

severe concerns could be raised regarding the complexity of securing
long-term contracts and providing convincing reduction credits®*,
especially bearing in mind the considerable capacity that would be
needed. We argue that Al companies should shift to amore transparent
approach by closely cooperating with third-party verification groups,
service providersand governmental agencies. Such collaboration could
reduce uncertainties through better integration of social resources
and serve as amodel for other electrified sectors.

Emerging high-efficiency technologies in hardware and software,
exemplified by DeepSeek*?, may fundamentally transform Al server
supply and demand. As reflected in the study’s five scenarios, these
innovations may cause deviations of up to 393 million m®in water
footprints and 20 MtCO,-equivalent in emissions between minimum
and maximum impact cases, underscoring the need for tailored man-
agements. While efficiency gains may reduce cost per computing task,
theyriskarebound effect, where lower costs increase total application
volume. This dynamic, as reflected by the high-application scenario,
may amplify total demand and complicate Al's environmental trajec-
tory. To address these uncertainties, we recommend government
agencies work withindustry to establish real-time monitoring systems,
enabling timely alerts and proactive measures before considerable
environmentalimpacts occur. Moreover, the potential increase in total
computing jobs poses both challenges and opportunities, calling for
ongoing enhancementsin energy and water efficiency through system
optimizationand adoption of strategies such as SUO and ALC to man-
age theadded workload complexity and flexibility. Therefore, we also
suggest the data-centre industry establish Al-specificbenchmarks for
energy, water and carbon performance, whichis crucial for continuous
operational efficiency gains.

Methods

The methodology framework of this study aims to achieve two goals:
(1) draft the energy-water-climateimpacts of Al serversin the United
States from 2024 to 2030 to handle the massive concerns about Al
developments, and (2) identify the best and worst practices of each
influencing factor to scheme the net-zero pathways for realizing water
and climate targets set for 2030. Compared with many previous cli-
mate pathway studies, which often extend predictions to 2050 for
better integrating climate goals, this study focuses on the period
from 2024 to 2030 due to the great uncertainties surrounding the
future of Al applications and hardware development. For assessing
these uncertainties, scenario-based projections are first constructed
to obtain potential capacity-increasing patterns of Al servers. Tech-
nology dynamics, such as SUO and ALC adoption, are defined with
best, base and worst scenarios, and a similar method is employed to
capture the impact of grid decarbonization and spatial distribution.
The utilized models and data required during the calculation pro-
cess are illustrated in the following sections. More details on model
assumptions and data generation are provided in sections 1-4 of
Supplementary Information.

Data description and discussion

This section provides a comprehensive overview of the data used in
this study. Historical DGX (Nvidia’s high-performance Al server line)
parameters were sourced from official documentation, and future
scenarios were projected on the basis of historical configurations and
current industry forecasts. To attain the units of Al servers, we col-
lected the most updated industrial report data for projecting the future
manufacturing capacity of CoWoS technology, whichis the bottleneck
fortop-tier Al server production. The dataresources of the preceding
process have beenintroduced and validated insection1of Supplemen-
tary Information. Al server electricity usage was assessed using recent
experimental data on maximum power****, idle power***¢ and utiliza-
tionrate***’, derived from existing Al server systems. PUE and WUE val-
uesfor Aldata centres across different locations were calculated using
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operational data from previous studies®>*° and industrial resources™,

combined with the collected average climate data for each state™.
Theallocationratios of Al servers to each state were determined on the
basis of configurations of existing and planned Al data centres, which
are collected fromreports of major Alcompanies in the United States,
asdataresources detailed in section2 of Supplementary Information.
Inaddition, projections for grid carbon and water factors were derived
from the ReEDS model®, using its default scenario data®, All datasets
employed in this study are publicly available, with most originating
from well-established sources. A key uncertainty lies in estimating
the number of manufactured Al server units, as official supply-chain
reports remain largely opaque. To maintain transparency and ensure
reproducibility, we rely on the best available industry reports rather
than commercial sources such as International Data Cooperation
data®, which are not granted for open access and would limit future
validation despite their potential to provide better estimates. The
validations of applied data are further detailed in sections 1 and 4 of
Supplementary Information.

Al server power capacity projections
The energy consumption of Al servers is projected to be driven pre-
dominantly by top-tier models designed for large-scale generative
Al computing®’. This trend is attributed to their substantial power
requirements and the increasing number of units being deployed. In
this study, we estimate the power capacity of these high-performance
Alservers by examininga critical manufacturing bottleneck: the CoWoS
process®. This process, which is controlled nearly exclusively by the
Taiwan Semiconductor Manufacturing Company, serves as a key deter-
minant of the manufacturing capacity for Al servers in recent years™.
Our analysis uses forecast data and projection assumptions of the
CoWoS process to estimate total production capacity. Other factors
are integral to translating this capacity into the power capacity of Al
servers: the CoWoS size of Al chips, which determines how many chips
can be produced by each wafer; the rated power of future Al servers,
which reflects the power demand per unit; and the adoption patterns
of Al servers, which dictate the mix of various server types over time.
The values of these factors are derived mainly from the DGX systems
produced by Nvidia, whichis the dominant product for the top-tier Al
server markets®.

Considering the influencing factors for the total Al server capacity
shipments and existing uncertainties, we generate distinct scenarios
asfollows:

« Mid-case scenario: the CoWoS capacity is projected to
slightly increase after 2026, consistent with the growth rate
in 2023. Under this scenario, Al servers’ rated power is
expected to have a linear relationship with the anticipated
die size increase while adoption patterns remain aligned with
current trajectory.

« Low-demand scenario: characterized by lower CoWoS capac-
ity growth and lower Al server rated power compared with
the mid-case scenario, this reflects a scenario of lower overall
demand for Al servers.

» Low-power scenario: maintains the same assumptions as
the mid-case scenario but with lower Al server rated power,
representing efficiency gains in Al hardware and software
development.

« High-application scenario: assumes lower Al server rated
power alongside high CoWoS capacity, capturing the potential
rebound effect where efficiency gains drive increased Al work-
load deployment.

« High-demand scenario: features higher CoWoS capacity expan-
sion, higher Al server rated power and higher adoption of new
servers compared with the mid-case scenario, reflecting a
scenario of strong Al server demand.

Based on the assumptions and scenarios outlined, the annual
projections for top-tier Al server shipments and their average rated
power are calculated as follows:

Cowos XRuvidia X 2 Rinti

Nepy

Nai =

_ @
Pu =X RiP;

where N4, and Py, represent the annually projected shipments and
averagerated power of the top-tier Al servers. Ry, is the ratio of CoWoS
capacity allocated to top-tier Al servers and is set as 40% for 2022,40.7%
for 2023, 48.5% for 2024 and 54.3% for 2025, according to industry
reports®%, For years beyond 2025, this ratio is assumed to remain
constantatthe 2025 value dueto alack of further data. The sensitivity
analysisregarding this valueis providedin Fig. 6. Ccowosis the projected
CoWoS capacity within each scenario. Ngpy is the number of graphic
processor units (GPUs) per server and is set as 8, reflecting the configu-
ration of most commonly used Al server systems*’. In addition, R;, n;
and P, represent the projected adoption ratio, units yield per CoWoS
wafer and rated power of the ith type of chip at each year, respectively.
The details of the projections and related dataresources are provided
in section 1 of Supplementary Information, Supplementary Figs. 1-4
and Supplementary Table 1.

Al server electricity usage calculation

The applied Al server electricity usage model is a utilization-based
approachinitially derived from CPU (central processing unit)-dominant
servers®® and can be written as the following;:

Pserver = (Pmax — Pidie)t + Pigie (2)

The preceding model assumes the total server power has alinear
relationship with the processor utilization rate u. While this relation-
ship has been well validated for CPU machines, its application to GPU
utilization is less established except for afew cases®’. However, several
recent studies have shown astrong correlation between GPU utilization
and overall server power consumption when dealing with Al
workloads***¢, indicating that GPUs are the dominant contributors to
energy usein Alservers®, Although systematic experimental validation
specificto GPUsis still limited, the consistency of findings across vari-
ous case studies supports the assumption that the linear relationship
applies here as well. The maximum power P,,, and idle power P,y are
generated on the basis of the recent DGX system experimental results,
and their values are set as 23% and 88% of the server rated power,
respectively***®. The sensitivity analysis was conducted to quantify the
uncertainty, as shown in Supplementary Fig. 6. Moreover, the GPU
processor utilization uis calculated as the following:

U = Uyctive X Factive 3

where u,.ive and r,qive represent the average processor utilization of
active GPUs and the ratio of active GPUs to total GPUs, respectively.
Note that the u,qie and r,ive cOmmonly have higher values during
training compared with inference®. Specifically, we use currently
available Al traces, including Philly trace*’, Helios trace*¢, PAl trace*®
and Acme trace®, to determine the r,. for training and inference
tasks. These traces provide comprehensive analyses ontherelationship
between GPU utilization rate and job characteristics. Based on the data
provided in these works, the r,.. is set as 50% and 90% for inference
and training, respectively. Moreover, the u,.. values are further deter-
mined onthe basis of recent experimental studies**. The values are set
as50% and 80% for inference and training, respectively. Therefore, the
processor utilization rates for inference and training in this work are
setas 25% and 72%, respectively. Following the previous works®***, our
base estimations assume 30% of computing capacity for training and
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70%forinference. A detailed sensitivity analysis on the impact of these
utilization rate settings is provided in Fig. 6.

Assessment of the environmental footprints of Al servers

This study employs a state-level allocation method to evaluate the
energy, water and carbon footprints of Al servers. To capture the cur-
rent and future distributions of Al server capacity, we compiled data
of current and in-construction large-scale data centres belonging
to major purchasers of top-tier Al servers, including Google, Meta,
Microsoft, AWS, XAl and Tesla. The analysis incorporates the location,
building areaand constructionyear of each datacentre to calculate the
state-level distribution of server capacity by annually aggregating the
total building area for each state. On the basis of our calculations, no
major changesin spatial distribution are projected between 2024 and
2030, even with the anticipated addition of new data centres. There-
fore, we assume the current spatial distribution will remain constant
from2024to 2030 to account for uncertaintiesin directly integrating
the projected contributions of in-construction data centres. Further
details on the methodology and spatial distribution results are pro-
vided in section 2 of Supplementary Information.

For each state, the actual energy consumption can be derived
from the server electricity usage and the PUE value of Al data cen-
tres. Meanwhile, the water footprint and carbon emissions should be
analysed across three scopes. Scope 1 encompasses the on-site water
footprint, calculated on the basis of on-site WUE (shortened as WUE
in this work) and on-site carbon emissions (typically negligible for
data centres'). Scope 2 includes off-site water footprint and carbon
emissions, which are contingent on the local grid power supply port-
folio. Scope 3, representing embodied water footprint and carbon
emissions during facility manufacturing, lies beyond the spatial scope
of this study. A regional PUE and WUE model, following the idea in
previous research®**, is applied to estimate the PUE and WUE values
of Al data centres in different states. This hybrid model integrates
thermodynamics and statistical data to generate estimations on the
basis of local climate data. Specifically, we collected the average climate
data of each state between 2024 and 2030 from an existing climate
model*?, which is then employed in calculating the PUE and WUE val-
ues of each state. Considering that the specific cooling settings for Al
data centres are unknown, the base values are calculated by averag-
ing the worst and best cases. The model parameters are detailed in
Supplementary Table 2. Subsequently, the Scope 2 water footprint
and carbon emissions are calculated on the basis of the grid water and
carbon factors derived from the ReEDS model®. This approach also
allows ustoincorporate the projected data-centre load data, which can
furtherinteract withthe grid system through services such as demand
response. The validation of the ReEDS model results by using current
high-resolution datais presented in Supplementary Figs.7and 8, and
the related discussion is presented in section 4 of Supplementary
Information. Optimization and analytical techniques are employed
to determine optimal parameters during the simulation to generate
the best and worst practices concerning industrial efficiency efforts,
spatial distributions and grid decarbonization. Moreover, the water
scarcity and remaining renewable energy potential data of each state
are computed on the basis of the calculated environmental cost and
standard data from previous literature'®®, The preceding calculation
process depends mainly on previously established approaches, and its
integrationinto our framework s further discussed insections 3and 4
of Supplementary Information.

Uncertainties and limitations

There are substantial uncertainties inherent in projecting the evolu-
tion of Al servers. Our analysis presents a range of scenarios based
on current data to evaluate the impacts of data-centre operational
efficiency, spatial distribution and grid development. However, several
key uncertainties remain an unmodelled field for this work. For abetter

understanding of our study and to outline future research directions,
these uncertainties are categorized as follows:

» Model and algorithm innovations: the model and algorithm
breakthroughs in the Al industry could fundamentally alter com-
puting requirements.

 Supply-chain uncertainties: the complex production process
of Al servers may reveal new bottlenecks beyond the current
CoWoS technology, leading to varying expansion patterns.

« Hardware and facility evolutions: continued improvements in
Al computing hardware and data-centre efficiency may substan-
tially affect the environmental impact of these servers.

» Out-of-scope factors: there are other major contributors that
are out of the scope of this study and would be critical to the
process, such as market forces and geopolitical influences.

The impacts of these factors are multifaceted and challenging
to model with existing data. For example, while the recent release of
DeepSeek hasbeeninterpreted asreducing the energy demands of Al
servers, it may also trigger a rebound effect by spurring increased Al
computingactivity, ultimately resulting in higher overall energy, water
and carbon footprints*’. However, no fresh data have become available
to simulate this complex process, based on our best knowledge when
drafting. To further assess the influence of unpredictable uncertainties,
we conducted a sensitivity analysis on key factors, including manufac-
turing capacities for Al servers, US allocation ratios, server lifetimes,
idle and maximum power ratios and training/inference distributions.
AsshowninFig. 6, our findings suggest that the key conclusions of this
study are expected to remain robust as long as the impact of future
uncertainties does not notable exceed the ranges considered. Given
the highly dynamic nature of Al evolution, our modelling approach
allows for future revisions as more databecome available on potential
shiftsinindustry trends.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

All data and material used in the analysis are available in our GitHub
repository: https://github.com/PEESEgroup/US-Al-Server-Analysis.
Source data are provided with this paper.

Code availability
All codes used in the analysis are available in our GitHub repository:
https://github.com/PEESEgroup/US-Al-Server-Analysis
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IZ The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
|:| A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

D The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

[ ] Adescription of all covariates tested

A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons
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D A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

D For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.
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|:| For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

|:| For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes
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|:| Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  The following software and codes are used for data collection in this study:
1. The climate data from 2024 to 2030: Meteonorm V8.2.0.24079
2. The grid data from 2024 to 2030: Regional Energy Deployment System (ReEDS) Model 2.0
3. The data center location and Al projection information data: Google Chrome 140.0.7339.208

Data analysis The following software and codes are used for data analysis in this study:
1. Python 3.9.13:
numpy: 1.21.5
pyomo: 6.5.0
csv: 1.0
cyipopt: 1.1.0
hSpy: 3.12.1
pandas:2.2.3
scipy:1.13.1
2. Microsoft Excel for Microsoft 365 MSO (Version 22405 Build 16.0.17628.20006)
3. Specific codes and data are available in our GitHub repository: https://github.com/PEESEgroup/US-Al-Server-Analysis

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.
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All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

All data and material used in the analysis are available in our GitHub repository: https://github.com/PEESEgroup/US-Al-Server-Analysis

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
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Reporting on sex and gender This information has not been collected.

Reporting on race, ethnicity, or  This information has not been collected.
other socially relevant

groupings

Population characteristics No human participants are involved in this study.
Recruitment Not applicable

Ethics oversight Not applicable

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Ecological, evolutionary & environmental sciences study design
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Study description This study shows that the deployment of Al servers across the U.S. between 2024 and 2030 could contribute to an annual water
footprint ranging from 731 to 1125 million cubic meters and additional annual carbon emissions of 24 to 44 Mt carbon dioxide
equivalent between 2024 and 2030, depending on the scale of expansion

Research sample This study is constructed based on several datasets and verified simulation models. All involved dataset are listed below:
1. The climate data of each grid cell: Meteonorm V8.2.0.24079
2. Grid projection data: ReEDS model, https://github.com/NREL/ReEDS-2.0
3. Water use data: World Resources Institute, https://www.wri.org/research/guidance-calculating-water-use-embedded-purchased-
electricity
4. Data center estimation model parameter data:
(1) Lei, N. & Masanet, E. Climate-and technology-specific PUE and WUE estimations for US data centers using a hybrid statistical and
thermodynamics-based approach. Resources, Conservation and Recycling 182, 106323 (2022).
(2) https://www.3m.com/3M/en_US/p/c/electronics-components/specialty-fluids/
5. Data center location data: https://baxtel.com/

Sampling strategy No sample size calculation method was used in this study. The sample size verification is listed as below:
1. Nvidia chip manufacture data is collected as the total Al server market data, considering it holds over 90% of the Al server market
and is the dominant contributor for high-performance Al computing.
2. U.S. is selected as our research area considering its leading position in Al software and hardware development.
Detailed information can be found in method section and Supplemental Information

Data collection All data collection was performed by Tiangi Xiao under the supervision of Professor Fenggi You. The data are collected from the
aforementioned resources.

Timing and spatial scale ' Data collection was conducted from September 2023 to Dec 2024. The timing and spatial scale of all datasets are listed as below:
1. The Nvidia manufacture data

>
Q
—
(e
(D
1®)
(@)
=
S
c
-
(D
©
O
=
>
(@)
w
[
3
=
Q
<




(1) Timing scale: 2022 - 2030
(2) Spatial scale: global.

2. The climate data of the U.S.
(1) Timing scale: 2024-2030
(2) Spatial scale: U.S.

3. Grid projection data:

(1) Timing scale: 2024-2030
(2) Spatial scale: U.S.

4. Water use data:

(1). Timing scale: 2024-2030
(2). Spatial scale: U.S.

5. Data center estimation model parameter data:
(1). Timing scale: Current

(2). Spatial scale: U.S.

Data exclusions No data were excluded

Reproducibility Our results and major findings can be easily reproduced following our reported data and code in https://github.com/PEESEgroup/US-
Al-Server-Analysis.
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Randomization This research utilizes open-source data and verified simulation models to generate projections. Since there are no samples involved,
randomization is not applicable or necessary for this study.

Blinding This research utilizes open-source data and verified simulation models to generate projections. Since there are no human
participants or real-world measures involved, blinding is not applicable or necessary for this study.

Did the study involve field work? [ ves No
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