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Abstract.

The rapid expansion of artificial intelligence is associated with a substantial growth

in electricity demand from data centers in the US, yet the resulting air quality and

public health impacts remain poorly quantified. Data centers represent large, near-

continuous demands that fundamentally alter power system dispatch and emissions. To

quantify the ambient air pollution and associated premature mortality impacts of grid-

supplied data center electricity demand in 2023, we couple the United States Electricity

Generation Optimization (US-EGO) model with the GEOS-Chem chemical transport

model. Our results show that electricity generation attributable to data center demand

is largely supplied by fossil fuel units across multiple regions, resulting in additional

annual mean PM2.5 concentrations of 0.02–0.08 µg m−3 (local peak concentrations up

to ∼0.2 µg m−3), and regionally varying ozone responses characterized by wintertime
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depletion and summertime enhancement. These impacts are most pronounced in the

Midwest United States, where marginal emissions from coal-fired units and ammonia-

rich atmospheric conditions enhance secondary particulate formation. We estimate

that this grid-supplied demand is responsible for 513 (95% CI: 469–557) annual

premature mortalities from PM2.5 and an additional 137 (95% CI: 90–183) annually

from maximum daily 8-hour average ozone (MDA8-O3) in the continental US. State-

and county-level analyses reveal a systematic mismatch between where data center

load is hosted and where associated mortality burdens occur. The spatial distribution

of these adverse air quality impacts is driven by regional generation mixes, inter-

regional electricity flows, and atmospheric transport, rather than local proximity to

data centers. These results show that sustained computing demand adds air quality

health burdens through coupled energy and environmental systems, highlighting the

necessity of incorporating air quality into data center siting and macro-energy system

planning.
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1. Introduction

The rapid expansion of artificial intelligence (AI) has driven substantial growth in

electricity demand from data centers in the United States [1–4]. Data centers are already

among the most energy-intensive building types, with electricity consumption dominated

by computing equipment and cooling systems [5, 6]. Recent estimates indicate that US

data centers consumed approximately 150–200 TWh of electricity in 2023, representing

roughly 4% of national electricity demand [7], with continued growth expected as major

technology firms accelerate investment in hyperscale data centers, which are large-scale

facilities supporting cloud computing and AI workloads [8–10]. This rapid increase

has heightened concerns about the environmental implications of data center electricity

consumption [11–13].

Prior research shows that the environmental footprint of data centers is driven

by rapidly growing electricity demand and supporting infrastructure. Early estimates

placed US data center emissions at roughly 0.5% of national greenhouse gas emissions

[12], while more recent analyses indicate that electricity use reached ≈4.4% of US

demand in 2023 [7]. Facility-level studies show that this demand is spatially concentrated

and often served by fossil-intensive generation, yielding carbon intensities that can

exceed national averages [11]. Cooling and water requirements introduce additional

constraints: evaporative cooling can substantially increase freshwater consumption

relative to air-cooled designs, creating tradeoffs between electricity efficiency and water

use [6]. Water demand can also be temporally and spatially uneven, with peak

withdrawals that strain local supply systems [14]. Together, these studies characterize

aggregate impacts of data center growth but neglect the resulting changes in emissions,

atmospheric chemistry, and population exposure that determine air quality and health

outcomes.
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Electricity generation induced by data center demand emits nitrogen oxides (NOx),

sulfur dioxide (SO2), and primary particulate matter. These emissions contribute to fine

particulate matter (PM2.5) through direct emissions and secondary aerosol formation,

while NOx also influences ground-level ozone (O3) through atmospheric photochemistry.

Both pollutants are associated with premature mortality and other adverse health

outcomes [15, 16]. Air quality damages from power-sector emissions are substantial,

contributing to public health burdens worldwide [17–20]. Statistical analyses show

that emissions and damages associated with marginal electricity demand vary widely

across regions and hours, implying that the impacts of additional electricity consumption

depend strongly on when and where demand occurs [21, 22]. Dispatch-based frameworks

couple power system and air quality models to trace how demand changes propagate

through generation, emissions, and exposure, showing that shifts in electricity demand

can produce large and often non-local health impacts through regional electricity supply

and atmospheric transport [23–26]. Together, these studies provide a mechanistic basis

for linking electricity demand to pollution exposure.

Emerging work has begun to assess the air quality implications of electricity-

intensive digital computing. Studies of cryptocurrency mining show that large,

geographically concentrated computing loads can generate substantial air pollution

damages through their interaction with power systems. Using grid-average emission

factors, Goodkind et al. estimate that Bitcoin mining generated approximately $0.49
in combined health and climate damages for every $1 of market value produced in

2018 [27]. Guidi et al. further link increases in Bitcoin mining activity to higher

fossil generation, identifying coal- and gas-fired units as key marginal suppliers in

affected regions [28]. Extending beyond cryptocurrency, Han et al. estimate that

emissions from data center electricity use and backup generation caused approximately

400 premature deaths in the US in 2023, rising to 1,300 annually by 2028–2030 [29].

Muller similarly estimates that data center electricity consumption in 2025 generated

approximately $25 billion in annual external damages in the United States, including

$4.6 billion from local air pollution, using facility-level loads and grid-average emissions

rates [30]. These studies demonstrate that computing-driven electricity demand can

impose substantial air quality burdens, but primarily rely on grid-average, statistical, or

life-cycle approaches that do not resolve how data center loads alter dispatch, emissions

timing, and downwind exposure.

Here we quantify the air quality and mortality impacts of grid-supplied electricity

demand from US data centers in 2023. We couple a unit-level electricity dispatch model

[26] with a chemical transport model [31, 32] to estimate changes in PM2.5 and O3

attributable to data center electricity use and translate these changes into premature

mortality using established epidemiological relationships. This framework captures

how data center electricity demand propagates through power system operations,

emissions, and atmospheric transport, providing a policy-relevant baseline for assessing

the environmental implications of continued data center expansion.
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2. Materials and Methods

2.1. Data center electricity demand data

We estimate US data center electricity demand in 2023 using state-level consumption

shares reported by the Electric Power Research Institute (EPRI) [33], which quantify

data center electricity use as a fraction of total state electricity demand. These shares

are mapped to US Environmental Protection Agency Integrated Planning Model (IPM)

regions [34], which are based on balancing authority boundaries rather than state

borders. Detailed mappings and resulting regional shares are provided in the Supporting

Information (SI).

We assume hourly data center load within each IPM region is uniform throughout

the year, consistent with the near-continuous operation of many large-scale data centers

[35, 36]. All data center electricity demand is assumed to be supplied by the utility grid;

on-site backup generation is not represented.

2.2. Electricity dispatch modeling

We simulate electricity system responses to data center electricity demand using

the United States Electricity Generation Optimization (US-EGO) model, a plant-

level, hourly least-cost dispatch framework that simulates electricity generation and

interregional transmission across the contiguous United States [26, 37]. US-EGO has

been used to attribute emissions from changes in electricity demand and generate inputs

for downstream air quality modeling [38]. The model generates hourly CO2, NOx, and

SO2 emissions at the level of individual electricity generating units (EGUs).

For this study, we update the baseline US-EGO framework from its original 2016

electricity system representation to reflect 2023 grid conditions and generator operating

constraints relevant to sustained data center loads. Model inputs are updated to reflect

the current generator fleet, regional electricity demand, transmission constraints, and

renewable energy availability using publicly available data sources [34]. In contrast to

earlier implementations that relied on economic dispatch, we incorporate a chronological

dispatch formulation with operating constraints to better represent the limited flexibility

of large thermal units. Specifically, coal and natural gas combined-cycle (NGCC)

generators are represented using minimum stable output levels and intertemporal ramp-

rate limits [39, 40]. This linearized approximation to unit commitment preserves

computational tractability while better capturing short-run generator responses to

persistent changes in net load from near-continuous data center demand [41, 42]. The

model also includes intertemporal constraints for energy storage and hydro reservoir

operations [43, 44], linking resource availability across hours and allowing dispatch to

reflect system flexibility over time. Detailed model formulation, parameterization, and

data sources are provided in the SI.

We attribute electricity generation and emissions to data center demand using a

with-without counterfactual approach, solving US-EGO with observed 2023 demand and
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again with data center load removed. Differences in generator dispatch and emissions

represent the marginal response to data center electricity consumption.

2.3. Air quality modeling

We quantify air quality impacts using the GEOS-Chem High Performance (GCHP)

model (version 14.4.0), a global three-dimensional model that simulates atmospheric

transport, chemistry, and deposition [31, 32, 45]. We conduct full-chemistry simulations,

including detailed coupled gas-phase and aerosol chemistry, using the GCHP stretched-

grid capability [46]. The model is run on a global cubed-sphere grid with native C48

resolution, corresponding to approximately 200 km grid spacing on an unstretched grid.

A stretch factor of 3.0 centered at 40°N, 91°W increases effective resolution over the

contiguous United States to approximately 50 km while retaining a global domain.

The model employs 72 vertical layers extending from the surface to 0.01 Pa (∼80

km altitude). Meteorological fields are taken from the MERRA-2 reanalysis [47], and

simulations include a six-month spin-up period.

Emissions are processed using the Harmonized Emissions Component (HEMCO)

[48]. Anthropogenic emissions within the contiguous United States, excluding

SO2 and NOx from EGUs, are based on a modified 2016 National Emissions

Inventory (NEI) adjusted from NEI 2011 [49]. EGU emissions are replaced with

those simulated by US-EGO. Global anthropogenic emissions outside the United

States are taken from Community Emissions Data System (CEDS) version 2,

and all other emission sources follow the standard GCHP 14.4.0 configuration

(https://gchp.readthedocs.io/en/14.4.0/user-guide/configuration-files.html).

We evaluate baseline GCHP performance by comparing simulated annual mean

secondary PM2.5 and MDA8-O3 concentrations against observations from the US

Environmental Protection Agency Air Quality System (AQS). The model reproduces

broad spatial patterns across the United States, with moderate correlation and biases

(PM2.5: R = 0.41, bias = +1.15 µg m−3; O3: R = 0.65, bias = +6.3 ppb) consistent with

prior GEOS-Chem evaluations, which attribute similar model-observation differences to

uncertainties in emissions, atmospheric chemistry, and meteorology [50–52]. As our

analysis focuses on differences between counterfactual scenarios, systematic biases in

baseline concentrations are expected to largely cancel and therefore do not materially

affect estimated air quality and health impacts. Additional evaluation, including spatial

maps, monitor-level comparisons, and residual diagnostics, is provided in the SI.

In addition to GCHP, we use the Intervention Model for Air Pollution (InMAP)

Source-Receptor Matrix (ISRM), a reduced-form air quality model, to provide a

structural comparison of PM2.5 responses. The ISRM is derived from InMAP

and represents atmospheric transport and chemistry using linearized source-receptor

relationships that estimate concentration changes resulting from emissions in each source

region [53]. Owing to its computational efficiency, this framework has been widely used

to evaluate air quality impacts of alternative policy and emissions scenarios [54, 55],
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though it does not fully capture the nonlinear atmospheric chemistry represented in

chemical transport models such as GCHP. Given emissions of primary PM2.5, SOx,

NOx, NH3, and volatile organic compounds (VOCs), the ISRM estimates annual-average

total PM2.5 concentrations [56]. It provides spatially resolved concentration responses

on a variable-resolution grid over the contiguous United States. Comparisons between

GCHP- and ISRM-based estimates are discussed in Section 4.

2.4. Health impact assessment

We estimate health impacts associated with data center electricity demand by

translating modeled changes in ground-level PM2.5 and O3 concentrations into premature

mortality. Mortality impacts are calculated using concentration-response functions

(CRFs) that relate changes in long-term pollutant exposure to relative mortality

risk. For PM2.5, we apply the Global Exposure Mortality Model (GEMM) for non-

communicable diseases and lower respiratory infections [57]. For O3, we use a log-linear

CRF for all-cause and respiratory mortality based on changes in long-term exposure

to maximum daily 8-hour average ozone (MDA8-O3) concentration [58]. Additional

assumptions and computational details are provided in the SI. Reported uncertainty

ranges are derived from CRF uncertainty and do not include uncertainties associated

with emissions or air quality modeling.

To characterize the distribution of attributable health impacts across demographic

and geographic groups, we compiled census tract-level demographic and socioeconomic

data from the 2018–2022 American Community Survey (ACS) 5-year estimates.

Variables included population counts by race and ethnicity, median household income,

and poverty indicators. Urbanicity was characterized using United States Department

of Agriculture Rural-Urban Commuting Area (RUCA) classifications, aggregated into

urban and non-urban categories, where non-urban includes suburban and rural tracts.

Attributable mortality estimates were spatially allocated to census tracts based on

gridded population distributions and linked with tract-level demographic attributes to

evaluate disparities in exposure and health burden across population groups.

To characterize spatial patterns relative to data center infrastructure, we compiled

facility-level data center information from the Data Center Atlas [59]. We also

obtained county-level data center capacity estimates derived from aggregated Baxtel

infrastructure data through the National Laboratory of the Rockies mapping API

associated with the DOE Speed to Power initiative [60], downloaded in December

2025. County-level analyses evaluated relationships between attributable mortality

and distance to the nearest large-scale data center facility, as well as differences across

electricity market regions and among counties hosting, neighboring, or farther from data

center infrastructure.
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3. Results

3.1. Spatial distribution of data center electricity demand

In 2023, data center electricity demand is highly concentrated in a small number of

US states, both in loads and as a share of total state electricity consumption (Figure

1a). Virginia and Texas account for the largest absolute data center loads (33.9 and

21.8 TWh, respectively), reflecting the clustering of hyperscale and colocation facilities

in Northern Virginia and major metropolitan regions of Texas. Additional states with

notable demand include California (9.3 TWh), Illinois (7.5 TWh), and Oregon (6.4

TWh). The share of state electricity demand attributable to data centers varies widely.

In Virginia, data centers account for 25.6% of total state electricity consumption, far

exceeding the national average of 3.8% and all other states. Several states with more

moderate absolute loads, including Iowa and Nebraska, also exhibit high relative shares

(11.4% and 11.7%, respectively), driven by lower baseline electricity demand. This

heterogeneity implies that data center growth affects regional electricity systems through

both large load additions and substantial shifts in local demand composition.
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a

b

Figure 1: Spatial distribution of data center electricity demand and associated electricity

generation in 2023. (a) State-level data center electricity demand across the United

States. Bubble area indicates total annual data center electricity consumption, and

color shading indicates data center load as a share of total state electricity demand. (b)

Electricity-generating units (EGUs) supplying data center load under modeled dispatch

conditions. Circle area is proportional to annual attributable generation serving data

center electricity demand, and colors indicate fuel type.

3.2. Generation mix and emissions attributable to data center demand

Grid-supplied electricity demand from US data centers in 2023 drives 171.0 TWh of

generation, equivalent to 3.81% of total US grid output. The resulting emissions

represent larger shares of power-sector totals: 103.5 Tg CO2 (6.69%), 61.4 kt NOx

(7.32%), and 39.1 kt SO2 (5.63%), reflecting the emissions-intensive nature of marginal
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electricity supply. Natural gas and coal dominate attributable generation and emissions

across most regions (Figure 1b). A large share of attributable SO2 and NOx emissions

originates from coal-fired units in the Midwest, indicating that data center demand is

frequently met by emissions-intensive generation.

Peaking units account for a disproportionate share of NOx emissions relative to

their generation contribution. Peaking units are defined as generators with annual

capacity factors below 15% and nameplate capacities exceeding 10 MW, following [61].

These units supply approximately 4% of attributable generation but account for 7% of

attributable NOx emissions.

3.3. Air quality impacts attributable to data center electricity demand

Annual-mean PM2.5 attributable to data center electricity demand is highest in the

central United States and Midwest, with smaller but widespread impacts across the

eastern United States (Figure 2a). Annual-mean ∆PM2.5 is typically 0.02–0.08 µg m−3

across much of the central and eastern US, with localized maxima approaching

∼0.2 µg m−3. These perturbations are small relative to baseline PM2.5 concentrations

(5–12 µg m−3 across the United States; Figure S2), but are comparable to concentration

changes associated with policy-relevant emission shifts reported in prior studies and

contribute to meaningful population exposure [21, 26]. As described in Methods,

the spatial pattern of ∆PM2.5 is robust to GCHP baseline bias because it is only

weakly explained by baseline residuals (Figure S3). Broadly elevated PM2.5 across

the Midwest and Ohio Valley reflects enhanced secondary inorganic aerosol formation

under ammonia-rich conditions, with nitrate accounting for the dominant share of the

response (Figure S4). The high PM2.5 response in Nebraska and Iowa is also driven

by marginal generation from individual coal-fired units dispatched in response to data

center electricity demand that exhibit high NOx and SO2 emission rates (Figure S5).

Several of these aging units were expected to retire but remain operational through 2025

[62]. Regions with substantial data center load, including the Electric Reliability Council

of Texas (ERCOT) and PJM Interconnection (see Figure S7 for electricity market

locations), also experience elevated PM2.5 concentrations. However, these impacts are

distributed across interconnected generation and transmission networks rather than

confined to local demand centers.
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a

b

Figure 2: Annual mean air quality responses attributable to US data center electricity

demand in 2023. (a) Change in surface PM2.5 concentration. (b) Change in surface

MDA8-O3 concentration.

The ozone response to data center-attributable electricity generation exhibits

strong seasonal patterns driven by the chemical regime governing ozone formation. In

winter, incremental NOx emissions from marginal generators generally reduce MDA8-

O3 (Figure S6), particularly in the Mid-Atlantic and Colorado Front Range, where high

background NOx concentrations and low biogenic volatile organic compound (BVOC)

emissions favor ozone titration. In summer, when BVOC emissions are higher and ozone

production is predominantly NOx-limited across much of the United States, the same

NOx perturbations lead to widespread increases in MDA8-O3, often displaced downwind

of emitting regions by regional transport (Figure S6). Summer ozone production

dominates the annual mean signal, while wintertime reductions provide only partial

local compensation, resulting in a net positive annual mean ozone response across most

populated regions (Figure 2b).
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3.4. Premature mortality burden and distributional patterns

Data center electricity demand is estimated to result in 513 (95% CI: 469–557) premature

deaths annually from PM2.5 and 137 (95% CI: 90–183) from MDA8-O3, totaling 650

(95% CI: 559–740) attributable premature deaths per year. Mortality burdens are

concentrated in densely populated regions of the Northeast, Mid-Atlantic, and Midwest,

extending well beyond regions of high data center concentration due to atmospheric

transport and electricity transmission.

State-level analysis reveals a systematic mismatch between where data center load

is hosted and where mortality burden occurs (Figure 3). Virginia and Texas host the

largest absolute data center loads but exhibit only moderate attributable mortality rates

per capita. In Virginia, additional demand is met by generation distributed across the

broader PJM Interconnection, dispersing associated impacts beyond state boundaries.

Texas, by contrast, relies primarily on in-state generation within ERCOT, resulting in

higher total attributable mortality despite a lower per-capita mortality rate. States

with large data center loads relative to the size of their electricity systems (Figure 1a),

particularly Nebraska and Iowa, experience some of the highest attributable mortality

rates, reaching 6.5 deaths per million population in Nebraska, consistent with the air

quality patterns described in Section 3.3. More strikingly, states with minimal data

center presence, including Kansas, South Dakota, Missouri, and Arkansas, also exhibit

elevated mortality rates (upper left quadrant of Figure 3). Table S1 further shows

that the contribution of data center-attributable mortality to total EGU-attributable

mortality is relatively similar across states despite large differences in local data center

load. This pattern indicates that mortality impacts are not confined to states hosting

data center infrastructure but are distributed across interconnected electricity and

atmospheric transport pathways.
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Figure 3: State-level data center electricity demand versus attributable premature

mortality rates (deaths per million population per year). Colors indicate total state-

level mortalities attributable to data center electricity demand. Dashed lines denote

the median state-level data center electricity demand and attributable mortality rate,

dividing states into four quadrants for comparison. Open circles indicate states with

annual data center electricity demand below 1 GWh; these states are plotted at 10−3

TWh for visualization purposes.

To assess whether mortality burdens are concentrated near data center facilities, we

classify counties within each major electricity market as hosting, neighboring, or farther

from hyperscale facilities and compare attributable mortality rates across categories

(Figure S7). Within most markets, including PJM, Southeast, and ERCOT, mortality

rate distributions overlap substantially across all three county classes, with no consistent

elevation in hosting counties. Modest differences appear in the Western Electricity

Coordinating Council (WECC) and Southwest Power Pool (SPP), but within-category

variance is large. A regression of county-level mortality rates against distance to the

nearest large-scale data center yields a statistically significant but negligibly small

gradient of -0.192 deaths per 100,000 per 100 km, with heterogeneous slopes across

individual markets (Figures S8 and S9). Together, these results indicate that mortality

impacts from data center electricity demand are widely distributed across the population

instead of being concentrated near hosting facilities. This reflects the structure of

grid-supplied electricity impacts, where effects arise primarily from EGU emissions

distributed across balancing authorities rather than local facility sources. Localized
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impacts from on-site generation, such as backup diesel use, are not represented here and

may lead to underestimation of near-facility exposures.

Based on differences in exposure patterns, attributable mortality rates also

exhibit systematic demographic and urbanicity-related differences. Nationally, non-

urban populations experience higher attributable mortality rates, at 0.27 deaths per

100,000 people (95% CI: 0.24-0.31), compared to 0.21 deaths per 100,000 (95% CI:

0.19-0.25) for urban populations (Figure 4a). White and American Indian/Alaska

Native (AIAN) populations also experience relatively high mortality rates (both

approximately 0.24 deaths per 100,000), whereas Hispanic and Asian populations

experience lower rates (0.18 and 0.19 deaths per 100,000, respectively). This pattern

differs from findings for the broader electricity sector, where Black populations often

experience the highest exposure burdens [54]. However, within-state disparities are

considerably smaller. Relative to state-average attributable mortality rates, most

racial and ethnic groups exhibit differences centered near zero across states (Figure

4b). The largest AIAN outliers, including Nevada and Colorado, reflect spatial

overlap between subgroup populations and within-state mortality hotspots rather than

uniformly elevated mortality burdens (Figure S10). In contrast, elevated mortality rates

among non-urban populations persist across many states (Figure 4c), indicating a more

spatially consistent urbanicity effect. Together, these patterns suggest that demographic

disparities are driven primarily by the geography of emissions-intensive electricity

generation and regional population distributions rather than proximity to data center

facilities. Income-based differences are comparatively small, ranging from 0.21 to 0.24

deaths per 100,000 across quintiles. These disparities are likely underestimated, as our

method accounts for differences in exposure but not differential vulnerability. Earlier

research suggests that some subpopulations, including racial/ethnic minorities and lower

socioeconomic groups, may experience greater health risks from equivalent levels of air

pollution exposure [63].
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Figure 4: Distributional patterns in premature mortality attributable to US data

center electricity demand based on differences in exposure. (a) Population-weighted

mortality rates across urbanicity, racial/ethnic, and income groups. (b) Within-state

relative mortality rate differences across racial/ethnic groups relative to state-wide

average mortality rates. (c) Within-state relative mortality rate differences between

urban and non-urban populations relative to state-wide average mortality rates. Points

represent individual states and boxplots show the interquartile range and median across

states. Urbanicity categories are based on Rural-Urban Commuting Area (RUCA) tract

classifications. Income quintiles are defined using tract-level median household income

from the American Community Survey.

4. Discussion

This study quantifies the air quality and health impacts associated with US data

center electricity demand by linking plant-level hourly dispatch modeling with three-

dimensional atmospheric chemistry simulations. We estimate resulting changes in PM2.5,

O3, and premature mortality across the contiguous United States. By integrating

electricity system operations with full-chemistry air quality modeling, we identify regions

that experience a disproportionate share of impacts and show that digital infrastructure

growth has measurable public health consequences. Data center electricity demand

accounts for approximately 3.8% of total US electricity generation but is associated

with 650 (95% CI: 559–740) premature deaths annually, compared to 12,247 (95%

CI: 10,599–13,893) deaths from total power-sector emissions, representing 5.3% of

electricity-related air pollution mortality.

Our attribution is based on a with-without framework that quantifies how the
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electricity system responds to data center demand, rather than allocating emissions

using regional-average or generation-weighted mixes. While average-based approaches

assign data centers the emissions intensity of existing generation [11, 30], they do

not estimate the incremental emissions caused by additional electricity consumption.

Because our goal is to quantify air quality and health impacts attributable to data center

electricity demand, we focus on the resulting changes in generation and emissions that

directly determine exposure and health outcomes.

Our estimates reflect grid-mediated emissions associated with continuous data

center electricity demand and do not include on-site backup generator operation.

Backup units are typically diesel-fired and operate occasionally for testing or reliability

events. Although annual runtime is limited, their emission intensities are high; prior

estimates suggest that backup generator use contributes on the order of ∼30 deaths

annually compared to around 400 from grid-supplied electricity under typical operating

assumptions [29]. In addition, while current behind-the-meter generation remains small

(≤3 GW) relative to grid-supplied load [64], planned expansion of on-site generation

capacity could increase the importance of local emissions in future deployments [65].

Our findings therefore likely underestimate near-facility air quality and health impacts

surrounding large data centers. Furthermore, the approximately 50 km horizontal

resolution of the air quality simulations is designed to capture regional-scale impacts

and may not fully resolve localized exposure gradients near individual power plants

or data centers. Previous work has identified environmental justice concerns related

to the siting of electricity infrastructure and peaking power plants [61]. Future studies

using finer-resolution modeling could better quantify these local-scale impacts and assess

whether they amplify the demographic disparities identified here.

We compare results from the full-chemistry GCHP simulation with those from

the reduced-form ISRM framework (Figure S11). GCHP resolves nonlinear secondary

inorganic aerosol chemistry and attributes the Midwest PM2.5 response primarily to

nitrate formation under ammonia-rich conditions. In contrast, ISRM relies on source-

receptor relationships calibrated to 2005–2010 background emissions and chemistry,

whereas US NOx and SO2 emissions have declined substantially over the past decade,

altering present-day chemical regimes (Figure S12). These differences in chemistry

and background conditions produce spatial discrepancies, particularly in regions where

marginal emissions affect nitrate formation. This sensitivity is especially relevant for

emerging loads such as data centers, which may shift emissions in regions without

historically large pollution signals.

These findings have direct implications for data center siting, operation, and

regulatory oversight. Integrating air quality considerations into siting, permitting, and

grid planning could help reduce unintended health impacts, particularly in communities

already exposed to elevated pollution levels. More broadly, our results show that air

quality impacts extend well beyond data center locations, contrasting with the more

localized water-use and noise impacts highlighted in previous studies [14, 66]. As

data center electricity demand continues to grow, incorporating plant-level emissions
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responses into infrastructure planning will be important for aligning digital expansion

with public health and environmental goals.
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S1 Supplemental Methods

S1.1 Data center demand mapping

For each Integrated Planning Model (IPM) region, we first determine a region-specific data center

electricity share based on the states it intersects, following an approach similar to that used in Knittel et

al. [1]. If an IPM region lies entirely within a single state, the regional share is set equal to that state’s

data center demand share. If an IPM region spans multiple states, the regional share is calculated as the

ratio of aggregated state-level data center electricity consumption to aggregated total electricity

consumption across those states. This regional share is then applied to the IPM region’s total electricity

demand to estimate data center electricity demand within that region.

S1.2 US-EGO model update

S1.2.1 Basic model setup

The model has 64 regions, following the region specification in the Integrated Planning Model (IPM) [2].

We acquire hourly electricity demand for all 64 regions in the contiguous United States from the Energy

Information Administration (EIA), together with data on interregional electricity transmission capacities

and transmission costs. Plant-level generator characteristics, including fuel type, capacity, commissioning

year, and geographic location, are compiled from publicly available sources. Plant-level emissions data are

used in subsequent post-processing steps to estimate marginal emission impacts.

The optimization step is implemented using the JuMP package in the Julia programming language and

solved as a chronological linear economic dispatch problem. The core objective minimizes total system

operating cost, including generation costs, transmission costs, and a high penalty on unserved load to

ensure feasibility:

min
xgen,xtrans,s

(
N∑
i=1

T∑
t=1

xgenit cgeni +

L∑
ℓ=1

T∑
t=1

xtransℓt ctransℓ + λshed
R∑

r=1

T∑
t=1

srt

)
, (S1)

where xgenit and cgeni represent the generation amount and marginal generation cost of generator i at hour t,

and xtransℓt and ctransℓ represent the electricity transfer and associated cost on transmission interface ℓ. The

variable srt denotes load shedding in region r at hour t, penalized at a large constant λshed. The model is

solved over a specified simulation window of hourly periods T .

The US-EGO optimization step includes the following constraints:

1. Generation constraints:

S3



xgenit − xcapacityi × profilert ≤ 0 if generator i is solar or wind in region r (S2)

xgenit − 0.95xcapacityi ≤ 0 if generator i is nuclear (S3)

xgenit − xcapacityi ≤ 0 for other non-hydro generators (S4)

where xcapacityi is the nameplate capacity of generator i, and profilert is the hourly renewable capacity

factor in region r.

Hydropower generators are subject to both instantaneous generation limits and intertemporal

reservoir energy constraints that link dispatch decisions across hours. Similarly, grid-scale energy

storage resources are represented through intertemporal state-of-charge constraints governing

charging and discharging behavior. These formulations are described in detail in the following

subsections.

2. Transmission constraints:

xtransℓt − xtrans-limit
ℓ ≤ 0, (S5)

where xtrans-limit
ℓ is the transfer capacity of transmission interface ℓ. To represent limited

interconnection between the Eastern, Western, and ERCOT systems, transfer capacities across these

boundaries are set to very small values.

3. Regional power balance:

Nr∑
i=1

xgenit + ηtrans
∑
ℓ∈Lin

r

xtransℓt −
∑

ℓ∈Lout
r

xtransℓt + srt − Lrt = 0, ∀r ∈ R, t ∈ T, (S6)

where Nr is the number of generators located in region r, Lrt is electricity demand in region r at

hour t, and ηtrans represents transmission efficiency losses applied to inflows.

S1.2.2 Generator profile construction

We constructed a harmonized generator-level dataset by integrating multiple authoritative sources to

capture the technical, operational, and environmental characteristics of the US power plant fleet. The

primary data sources included the National Electric Energy Data System (NEEDS, 2024) for generator

attributes, the Emissions & Generation Resource Integrated Database (eGRID, 2023) for plant-level

emissions, and the US Energy Information Administration (EIA) Form 923 (2023) for fuel cost data.

Additional generator cost information was incorporated from curated datasets from Jenn to address gaps

for specific technologies [3].
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To ensure consistency across sources, we standardized plant identifiers and focused on active generators.

Key generator attributes, such as capacity, heat rate, technology type, and region, were drawn from

NEEDS. Emissions data (NOx, SO2, and CO2 output rates, as well as net generation) were merged from

eGRID using the harmonized plant ORIS code. We assigned each generator a standardized fuel type based

on both reported primary fuel and plant technology.

Data quality is prioritized through systematic cleaning. Outliers in reported emission rates were removed,

and for non-emitting or renewable technologies (e.g., wind, solar, hydro, geothermal, nuclear, pumped

storage), emission rates are set to near 0. Missing emission factors are imputed using the mean value for

each fuel type within a given region, and, if necessary, the national mean for that fuel type. Generators

with unresolved missing emissions data are excluded from the final dataset (32 plants, ≤ 0.01% of all

capacity). We define peaking units - units typically used to meet peak demand - as natural gas generators

operating at annual capacity factors below 25% and oil-fired generators below 10%. 742 natural gas plants

and 2164 oil plants are identified as peaker plants.

Fuel cost estimation

Fuel costs for electricity generating units are primarily derived from EIA Form 923, which provides

plant-level fuel expenditures and heat input data. Annual fuel costs are constructed by aggregating

monthly records and averaging across suppliers to obtain representative plant-level values.

For units with missing or incomplete fuel cost data, we impute FuelCostTotal using a regression-based

approach applied separately by fuel type (coal, natural gas, and oil). Specifically, we estimate a regularized

linear model (ridge regression) using observed units, with fuel cost as the dependent variable and plant

characteristics, including heat rate, online year, plant type, and region, as predictors. Categorical variables

(plant type and region) are encoded using one-hot encoding, and continuous variables are standardized

prior to estimation. The fitted models are then used to predict missing fuel costs.

To ensure physically reasonable values and avoid extreme predictions, imputed fuel costs are bounded

within fuel-specific ranges (coal: 5–120 $MWh−1; natural gas: 10–120 $MWh−1; oil: 50–500 $MWh−1)

and perturbed with a small multiplicative jitter (±5%) to preserve variability across units.

For non-fossil and special fuel types (e.g., biomass, municipal solid waste, nuclear), missing fuel costs are

supplemented using plant-level data from Jenn and Freese et al. [3, 4]. Remaining missing values are filled

using mean values by region and fuel type, and subsequently by fuel type alone.

The total fuel cost per unit of electricity generated (FuelCostTotal, in $MWh−1) is calculated as:

FuelCostTotal = FUEL COST× 10−2 × Heat Rate (Btu/kWh)× 10−3, (S7)

where FUEL COST is reported in cents per MMBtu and Heat Rate is generator-specific. This formulation

ensures consistency between reported fuel prices and plant-level efficiency.
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S1.2.3 Storage modeling

We incorporate grid-scale energy storage units into the model to represent additional operational flexibility

in the electricity system. Storage can shift electricity consumption across hours and absorb excess

renewable generation, thereby altering dispatch patterns and associated emissions [5]. Storage operational

constraints are implemented following a standard linear state-of-charge formulation similar to that used in

large-scale power system production-cost models [6]. Each storage unit is characterized by its charging and

discharging efficiencies, power capacity (MW), and energy capacity (MWh).

Storage dynamics are represented by intertemporal state-of-charge constraints:

sbt = sb,t−1 + ηcbq
c
bt −

1

ηdb
qdbt ∀b ∈ B, t ∈ T (S8)

0 ≤ sbt ≤ Smax
b ∀b ∈ B, t ∈ T (S9)

0 ≤ qcbt ≤ Pmax
b ∀b ∈ B, t ∈ T (S10)

0 ≤ qdbt ≤ Pmax
b ∀b ∈ B, t ∈ T (S11)

sb,T = sb,0 ∀b ∈ B. (S12)

Here, sbt denotes the state of charge (MWh) of storage unit b at hour t, while qcbt and q
d
bt denote charging

and discharging power (MW), respectively. The parameters ηcb and ηdb represent charging and discharging

efficiencies. The parameter Smax
b denotes maximum stored energy capacity, and Pmax

b denotes maximum

charging or discharging power capacity. The cyclic terminal condition prevents artificial depletion of

storage at the end of the optimization horizon. Storage operation affects regional electricity balance

through net hourly discharge, defined as qdbt − qcbt. Storage operation does not incur an explicit variable

operating cost; instead, charging and discharging decisions are determined endogenously through

system-wide cost minimization subject to electricity balance and storage efficiency losses.

S1.2.4 Hydropower reservoir dynamics

Hydropower generators are modeled using a simplified reservoir balance formulation that links hourly

generation decisions through intertemporal water availability constraints. Let ghydi,t denote hydropower

generation for plant i in hour t, and let Ei,t denote the corresponding reservoir energy state (MWh

equivalent).

Hydropower output is bounded by nameplate capacity:

0 ≤ ghydi,t ≤ Ḡi. (S13)
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Reservoir dynamics are represented as

Ei,t = Ei,t−1 + Ḡi · ϕr(i),t − ghydi,t − ψi,t, (S14)

where ϕr(i),t is an exogenous hourly inflow factor derived from regional hydropower availability profiles,

and ψi,t represents spill. Reservoir energy is bounded above by a storage capacity proportional to plant

nameplate capacity:

0 ≤ Ei,t ≤ HiḠi, (S15)

where Hi denotes the assumed number of equivalent storage hours. Initial and terminal reservoir levels are

fixed as fractions of total reservoir capacity to avoid end-of-horizon artifacts.

S1.2.5 Linearized unit commitment representation of thermal generators

US-EGO is implemented as a chronological linear economic dispatch model with a linearized unit

commitment representation for a subset of large thermal generators. Rather than solving a mixed-integer

unit commitment problem with binary commitment, startup, and shutdown variables, we approximate

short-run operating inflexibilities using continuous minimum-generation and ramping constraints. This

formulation preserves linearity and computational tractability while capturing the primary operational

limits governing hourly generator response.

The reduced-form formulation is applied to selected coal and natural-gas combined-cycle (NGCC) units,

specifically coal generators with nameplate capacity ≥50 MW and NGCC units with capacity ≥150 MW.

Other generators, including gas combustion turbines, oil units, nuclear, renewables, hydro, and smaller

thermal units, are modeled using standard dispatch bounds.

Let gi,t denote generation by unit i in hour t (MW), and Ḡi its nameplate capacity. For constrained units,

generation is bounded below by a minimum stable output constraint:

gi,t ≥ αiḠi − σi,t, σi,t ≥ 0, (S16)

where αi is the minimum-load fraction and σi,t is a slack variable penalized in the objective to avoid

infeasibility.

Minimum-load parameters are assigned by generator class: αi = 0.30 for coal units and αi = 0.40 for

NGCC units. Combustion turbines are not subject to this constraint.

Intertemporal changes in output are represented using ramp variables r+i,t and r
−
i,t:

gi,t − gi,t−1 = r+i,t − r−i,t, t ≥ 2, (S17)
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with bounds

0 ≤ r+i,t ≤ ρ+i Ḡi, 0 ≤ r−i,t ≤ ρ−i Ḡi. (S18)

Ramp rates are set to ρ+i = ρ−i = 0.15 for coal units and 0.25 for NGCC units.

Initial conditions are approximated using a heuristic starting level:

gi,1 − g∗i,0 = r+i,1 − r−i,1, (S19)

where

g∗i,0 =

αiḠi, if αi > 0,

0, otherwise.

(S20)

This initialization provides a plausible operating point without reconstructing pre-horizon commitment

status.

To limit excessive cycling in the continuous formulation, ramping and minimum-generation slack are

penalized in the objective:

∑
i∈GRF

∑
t

cramp
i

(
r+i,t + r−i,t

)
+ λpmin

∑
i∈GRF

∑
t

σi,t, (S21)

where GRF is the set of constrained generators. We set cramp
i = 1.0 for coal units and 0.7 for NGCC units,

and λpmin = 100.

S1.2.6 Model output validation

We evaluate the performance of the US-EGO dispatch model by comparing simulated generation against

reported data for 2023 (Figure S1). At the regional level (panel a), total electricity generation by fuel type

is compared across major US electricity markets, with model estimates in close agreement with values

reported by the US Energy Information Administration (EIA) across coal, natural gas, nuclear, and

renewable generation. At the plant level (panel b), simulated annual generation for individual units is

compared against eGRID-reported values, showing strong agreement across a wide range of plant sizes and

fuel types, with most observations clustered near the 1:1 line. Deviations for some solar units reflect

limitations in available commissioning data: while plant capacity is known, precise online dates within 2023

are not always available, leading to some units being represented as operating for the full year in the

model. This results in a systematic upward bias for a subset of solar plants but does not affect the

aggregate representation of renewable generation or system-level dispatch patterns. Overall, the model

captures both regional generation mixes and unit-level production with sufficient accuracy to support

attribution of marginal generation and emissions responses.
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a b

Figure S1: Validation of US-EGO electricity generation in 2023. (a) Regional electricity generation by fuel
type from US-EGO compared with reported values from the US Energy Information Administration (EIA)
across major electricity markets. (b) Plant-level comparison of simulated annual generation from US-EGO
and reported generation from the eGRID database for individual generating units. Each point represents a
plant, and the dashed line indicates the 1:1 relationship.

S1.3 GEOS-Chem High Performance model validation

We evaluate the performance of the GCHP baseline simulation against ground-based observations from the

US EPA Air Quality System (AQS) (Figures S2, S3). Spatial patterns of annual mean PM2.5 and

MDA8-O3 are well reproduced, with higher concentrations across the eastern United States and lower

levels in the western regions (Figure S2 a,c). At monitoring sites, the model captures broad spatial

gradients but exhibits a positive bias for both pollutants, particularly for PM2.5 in the eastern United

States (Figure S2b). Regression analysis shows moderate agreement for PM2.5 (N = 933, R = 0.41, RMSE

= 3.56 µg m−3) and stronger agreement for O3 (N = 1292, R = 0.65, RMSE = 7.5 ppb), with mean biases

of 1.15 µg m−3 and 6.3 ppb, respectively (Figure S3). These biases are consistent with previously

documented GEOS-Chem behavior, including overestimation of nitrate aerosol under ammonia-rich

conditions and known evaluation differences in MDA8-O3 metrics [7, 8]. Importantly, as our analysis

focuses on concentration differences (∆PM2.5 and ∆O3) resulting from emissions perturbations, the spatial

patterns of attributable impacts are only weakly influenced by baseline model bias.
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b

c

Figure S2: Evaluation of GCHP baseline simulation against AQS observations in 2023. (a) Annual mean
PM2.5 concentrations from GCHP (color shading) with AQS monitoring station observations overlaid (cir-
cles). (b) Spatial distribution of PM2.5 residuals (GCHP - AQS) at monitoring locations. (c) Annual mean
MDA8-O3 concentrations from GCHP with AQS observations overlaid. Model simulations use full-chemistry
GCHP driven by NEI emissions within the United States and CEDS emissions elsewhere.
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a b

Figure S3: Statistical comparison between GCHP simulations and AQS observations. (a) Comparison of
annual mean PM2.5 concentrations at monitoring sites (N = 933). (b) Comparison of annual mean MDA8-O3

concentrations (N = 1292). Each point represents a monitoring site, and the dashed line indicates the 1:1
relationship. Reported statistics include Pearson correlation coefficient (R), mean bias (model - observation),
and root-mean-square error (RMSE).

S1.4 Health impact calculation

We estimate premature mortality associated with changes in ground-level PM2.5 and O3 concentrations by

applying established concentration-response functions (CRFs) to gridded population and baseline mortality

data. We use the Gridded Population of the World v4.11 dataset at 30 arc-second resolution [9].

Age-specific baseline mortality rates are obtained from the World Health Organization (WHO) [10]. Since

the air quality modeling grid is coarser than the population grid, pollutant concentrations are spatially

matched by assigning each population cell the pollutant level from the overlying coarser grid cell.

Premature mortality for each grid cell and age group is calculated using the following equation:

∆Mi =M0
RRi −RR0

RR0
(S22)

where ∆Mi is the change in mortality under scenario i (with organization’s impact), M0 is the baseline

number of mortalities (without organization’s impact), RRi is the relative risk from pollutant exposure in

scenario i, and RR0 is the baseline risk.

For PM2.5, we apply the CRF from the Global Exposure Mortality Model (GEMM) for non-communicable

diseases and lower respiratory infections [11]. For O3, we estimate mortality due to both all-cause and

respiratory diseases using the log-linear CRF based on annual mean MDA8-O3 from Turner et al. [12],

with relative risk estimates of 1.02 (95% CI: 1.01–1.04) and 1.12 (95% CI: 1.08–1.16), respectively.
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S2 Supplemental Results

S2.1 PM2.5 concentration in Iowa and Nebraska

Figure S4 shows the spatial distribution of ∆ surface nitrate (NO−
3 ) and ammonium (NH+

4 ) concentrations

attributable to data center electricity demand from GCHP simulations. Both species exhibit elevated and

co-located responses across the Midwest and Ohio Valley, with closely aligned spatial patterns. This

co-occurrence is consistent with enhanced formation of ammonium nitrate (NH4NO3) under ammonia-rich

conditions. The similar spatial extent and magnitude of ∆NO−
3 and ∆NH+

4 further support nitrate as the

dominant contributor to the PM2.5 response.

a

b

Surface nitrate

Surface ammonium

Figure S4: Changes in annual mean surface nitrate (NO−
3 ; a) and ammonium (NH+

4 ; b) concentrations
attributable to data center electricity demand, simulated using GEOS-Chem High Performance.
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Figure S5 shows that elevated ∆PM2.5 concentrations in Iowa and Nebraska are spatially aligned with the

locations of coal-fired power plants. The highest concentration responses occur in proximity to a small

number of large generating units.
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Figure S5: Spatial relationship between ∆PM2.5 and coal-fired power plants in the central United States.
Color shading shows annual mean ∆PM2.5 attributable to data center electricity demand, and circles indicate
locations and generation of electricity generating units attributable to data center load.

S2.2 MDA8-O3 seasonal patterns

Figure S6 shows the seasonal response of MDA8 O3 attributable to data center electricity demand from

GCHP simulations. In summer (June, July, August), ∆MDA8 O3 is broadly positive across most of the

United States, with the largest enhancements occurring in the eastern US and extending downwind of

major emission regions, reflecting active photochemistry and NOx-limited ozone production. In contrast,

wintertime (December, January, February) responses are generally negative and more spatially localized,

particularly near major generation regions, consistent with ozone titration under high-NOx and

low-photochemical conditions.
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b

Figure S6: Seasonal MDA8-O3 response attributable to data center electricity demand. (a) Summer (June,
July, August) and (b) winter (December, January, February) ∆MDA8-O3 concentrations.
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S2.3 State level mortality results

Table S1: State-level data center-attributable, EGU-attributable, and baseline mortality estimates. Uncer-
tainty ranges represent 95% confidence intervals.

State DC load DC-attributable EGU-attributable Baseline DC contribution to DC contribution to

(TWh yr−1) mortality mortality mortality EGU mortality (%) baseline mortality (%)

Texas 21.8 69 (59–79) 1284 (1105–1463) 241773 (241497–242048) 5.36 0.028

Pennsylvania 4.6 36 (32–41) 610 (539–680) 111969 (111846–112091) 5.98 0.033

Ohio 2.4 36 (31–40) 626 (552–701) 100912 (100784–101038) 5.70 0.035

Illinois 7.5 35 (31–39) 623 (546–700) 114876 (114738–115012) 5.62 0.030

North Carolina 2.7 29 (25–34) 656 (564–747) 90667 (90525–90807) 4.47 0.032

Virginia 33.9 25 (21–29) 430 (372–488) 74444 (74352–74534) 5.90 0.034

New York 4.1 24 (21–26) 427 (364–490) 145342 (145241–145443) 5.53 0.016

Missouri 1.0 23 (21–26) 527 (468–586) 53941 (53835–54045) 4.41 0.043

Indiana 0.2 22 (20–25) 414 (366–461) 58554 (58469–58637) 5.42 0.038

California 9.3 22 (18–26) 440 (378–503) 216994 (216890–217096) 5.04 0.010

Michigan 0.5 21 (19–23) 372 (331–413) 85984 (85910–86057) 5.66 0.024

Georgia 6.2 19 (16–22) 476 (408–545) 92170 (92067–92273) 4.05 0.021

Maryland 0.1 18 (15–21) 288 (252–324) 53528 (53469–53588) 6.31 0.034

New Jersey 4.0 18 (16–20) 248 (194–302) 92682 (92599–92764) 7.13 0.019

Minnesota 0.8 17 (15–18) 258 (233–282) 47419 (47370–47467) 6.53 0.035

Tennessee 1.3 16 (14–19) 358 (311–404) 57422 (57347–57497) 4.60 0.029

Iowa 6.2 15 (13–16) 245 (221–269) 26857 (26810–26904) 6.01 0.055

Kentucky 1.6 14 (13–16) 299 (261–336) 38795 (38733–38857) 4.83 0.037

Wisconsin 0.1 14 (12–15) 246 (221–271) 50836 (50788–50883) 5.66 0.027

Oklahoma 1.2 14 (12–15) 238 (209–267) 34376 (34327–34424) 5.72 0.040

Florida 1.4 13 (11–15) 514 (414–614) 176646 (176520–176773) 2.59 0.008

Kansas 0.0 13 (12–15) 229 (203–254) 25726 (25681–25772) 5.81 0.052

Nebraska 4.0 12 (11–13) 242 (219–265) 16537 (16491–16583) 5.02 0.074

Massachusetts 1.1 12 (10–14) 170 (141–199) 57268 (57228–57307) 6.94 0.021

Alabama 1.5 10 (9–12) 216 (183–249) 43334 (43286–43382) 4.74 0.024

South Carolina 2.0 10 (9–12) 234 (199–270) 43467 (43415–43519) 4.31 0.023

Arizona 6.3 10 (8–12) 106 (82–130) 62059 (62031–62086) 9.43 0.016

Arkansas 0.0 10 (8–11) 226 (196–255) 26662 (26615–26709) 4.26 0.036

Louisiana 0.1 9 (7–10) 208 (172–243) 40075 (40027–40124) 4.11 0.021

Colorado 1.5 8 (5–11) 201 (177–225) 47545 (47504–47586) 4.14 0.018
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State DC load DC-attributable EGU-attributable Baseline DC contribution to EGU DC contribution to baseline

(TWh yr−1) mortality mortality mortality mortality (%) mortality (%)

Connecticut 0.3 8 (6–10) 136 (112–159) 31941 (31909–31972) 5.89 0.025

Mississippi 0.0 6 (5–7) 145 (124–166) 27257 (27225–27289) 4.41 0.023

West Virginia 0.0 6 (5–7) 106 (93–120) 16421 (16399–16443) 5.36 0.035

Nevada 3.4 5 (5–6) 31 (25–37) 27341 (27334–27349) 17.56 0.020

Utah 2.6 4 (3–5) 47 (41–54) 26764 (26754–26774) 8.46 0.015

New Mexico 0.4 4 (3–4) 57 (49–65) 19439 (19427–19451) 6.81 0.020

South Dakota 0.1 4 (3–4) 57 (52–63) 7466 (7455–7477) 6.18 0.047

Delaware 0.0 2 (2–3) 41 (36–47) 8191 (8182–8199) 5.91 0.030

Rhode Island 0.0 2 (2–3) 33 (27–39) 9150 (9142–9158) 7.30 0.026

Idaho 0.1 2 (2–2) 16 (14–18) 14338 (14335–14341) 12.04 0.013

New Hampshire 0.0 2 (1–2) 27 (23–31) 11443 (11437–11449) 6.45 0.015

D.C. 0.0 2 (1–2) 26 (23–29) 5050 (5045–5055) 6.37 0.033

North Dakota 3.9 2 (1–2) 29 (27–32) 4999 (4993–5005) 5.33 0.031

Montana 0.6 1 (1–2) 18 (16–20) 7313 (7309–7316) 8.22 0.020

Wyoming 1.9 1 (1–2) 29 (25–32) 5268 (5262–5274) 5.17 0.028

Washington 5.2 1 (1–1) 13 (11–14) 9838 (9836–9841) 6.87 0.009

Vermont 0.0 1 (1–1) 11 (10–13) 5634 (5631–5636) 6.88 0.014

Maine 0.0 1 (1–1) 13 (11–15) 5867 (5865–5870) 5.84 0.013

Oregon 6.4 0 (0–0) 2 (1–2) 1567 (1566–1567) 11.38 0.011
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S2.4 Spatial distribution of mortality risks relative to data center locations

Figures S7–S9 provide additional details on the spatial relationship between data center locations and

attributable mortality. Figure S7 classifies counties within each electricity market as hosting, neighboring,

or farther from hyperscale facilities and compares mortality rate distributions across these categories.

Figures S8 and S9 examine the relationship between mortality rates and distance to the nearest large-scale

data center at the national and market levels, respectively. Major electricity markets correspond

approximately to the following regions: ISO-NE (New England), NYISO (New York), PJM (Mid-Atlantic),

MISO (Midwest), SPP (central US), ERCOT (Texas), CAISO (California), Southeast (non-ISO

southeastern states), and WECC (western US outside CAISO).

a

b

Figure S7: County classification and mortality rates by proximity to hyperscale data centers. (a) Counties
classified as hosting, neighboring, or farther from hyperscale data center facilities within each electricity
market. (b) Distribution of attributable mortality rates (deaths per million) across county classes by market.
Boxes show interquartile ranges with medians; whiskers denote variability within each category.
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Figure S8: County-level attributable mortality rates versus distance to the nearest large-scale data center.
The solid line shows the fitted linear relationship, indicating a weak negative gradient; shading denotes the
95% confidence interval.
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Figure S9: County-level mortality rates plotted against distance to the nearest large-scale data center for
each electricity market. Lines show fitted linear relationships, illustrating heterogeneous but generally small
distance gradients across regions.
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S2.5 Spatial drivers of AIAN mortality-rate outliers

Figure 4b shows that most within-state racial and ethnic differences in attributable mortality rates are

centered near zero. However, several states exhibit elevated relative mortality rates for American Indian

and Alaska Native (AIAN) populations, most notably Nevada, Colorado, Montana, Utah, and Nebraska.

To better understand these outliers, Figure S10 compares the spatial distribution of attributable mortality

rates with the distribution of AIAN populations within each state.

The elevated AIAN mortality rates in these states are primarily associated with the geographic overlap

between AIAN population centers and regions experiencing above-average attributable mortality rates. In

Nevada, for example, 61% of the AIAN population resides in grid cells with mortality rates above the state

average, compared with 23% of the total state population. Similar patterns are observed in Colorado,

Montana, and Utah. These results suggest that the largest within-state disparities are driven by the spatial

concentration of subgroup populations within higher-impact regions rather than by uniformly elevated

mortality burdens across entire states. Nebraska represents a contrasting case, where AIAN populations

exhibit only modest differences in exposure relative to the state population despite an elevated relative

mortality rate.
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Figure S10: Diagnostic analysis of states with the largest positive AIAN relative mortality rates in Figure 4b.
Maps show attributable mortality rates from data center electricity demand (deaths per 100,000 population)
overlaid with AIAN population represented by open circles scaled to population size. Bar plots compare the
fraction of the total state population and AIAN population located in grid cells with attributable mortality
rates above the state average. Elevated AIAN mortality rates generally occur where AIAN populations are
disproportionately concentrated within higher-impact regions of a state rather than in states with the highest
overall attributable mortality burdens.
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S2.6 Comparisons between GCHP- and ISRM-based estimates

Figures S11 and S12 provide additional context for interpreting the PM2.5 response across modeling

frameworks and chemical regimes. Figure S11 compares annual mean PM2.5 concentrations attributable to

data center electricity demand estimated using the reduced-form InMAP ISRM and the full-chemistry

GCHP model, showing broadly consistent large-scale spatial patterns with differences in magnitude and

spatial detail reflecting model structure and treatment of atmospheric chemistry.

a

b

Figure S11: Annual mean PM2.5 concentrations attributable to data center electricity demand estimated
using (a) the InMAP ISRM and (b) the GCHP chemical transport model.

To further interpret these differences, Figure S12 characterizes changes in ammonia availability using a

measure of NH3 richness defined as R = NH3/(NOx + 2SO2) in molar equivalents. We compute the change

in this ratio between 2008 and 2019 as log2(R2019/R2008) using CEDS gridded emissions, where positive

values indicate increasing NH3 abundance relative to acidic precursors. As shown in Figure S13, most

regions of the United States exhibit positive changes in NH3 richness, reflecting substantial declines in NOx

and SO2 emissions over this period. This shift toward more ammonia-rich conditions increases the
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sensitivity of secondary inorganic aerosol formation to incremental NOx and SO2 emissions, providing

context for the stronger and more spatially extensive PM2.5 responses simulated by GCHP relative to

reduced-form approaches.
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Figure S12: Spatial distribution of the change in NH3 richness between 2008 and 2019, defined as
log2(R2019/R2008), where R = NH3/(NOx + 2SO2) in molar equivalents.
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