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ABSTRACT: Net-zero transitions are expected to reduce ambient fine particulate matter
(PM2.5) concentrations and the associated mortality burden. The magnitude and
distribution of these health effects are substantially affected by energy technology choices
and the resulting precursor emissions that contribute to ambient PM2.5. On the basis of a
multi-model analysis using three leading energy system models for the United States (US-
REGEN, GCAM-USA, and REPEAT), we demonstrate that a net-zero transition yields
robust nationwide reductions in ambient PM2.5 concentrations and associated mortality.
Under the net-zero scenarios, national PM2.5-attributable mortality rates in 2050 declined
by 28−73% compared to 2017 across the three models. This result confirms substantial
health benefits from reducing energy-sector pollution, despite concurrent population
growth and aging trends that place upward pressure on mortality. Differences across the
models result from how CO2 mitigation efforts are allocated across sectors and associated energy technology choices. For instance,
the scale of carbon dioxide removal deployment in 2050 varies by a factor of three across the net-zero scenarios developed by the
three models, influencing the amount of fossil fuel use that remains in a deeply decarbonized future and, consequently, the precursor
emissions contributing to ambient PM2.5. By exploring sensitivity analyses that vary the projected emissions from non-energy
activities such as wildfires, we also find that potential future increases in non-energy emissions can offset energy-sector health
benefits.
KEYWORDS: net-zero transition, decarbonization pathways, sectoral mitigation allocation, energy system modeling, air pollution,
health co-benefits

1. INTRODUCTION
A transition to a net-zero emissions economy (e.g., where
remaining greenhouse gases (GHGs) are balanced by carbon
dioxide (CO2) removals) is expected to reduce fossil fuel
combustion and associated air-pollution health impacts. Net-
zero transitions often rely on reducing CO2 and other GHGs
from fossil fuel combustion, such as through coal plant
retirement, scaling up renewable electricity, and end-use
electrification. These changes can reduce co-emitted air
pollutants, such as sulfur dioxide (SO2), nitrogen oxides
(NOx), volatile organic compounds (VOCs), ammonia
(NH3), and primary fine particulate matter (PM2.5). As these
precursor emissions contribute to ambient PM2.5 concen-
trations through atmospheric transport and chemical trans-
formation, net-zero transitions not only bring climate benefits
but also improve air quality and reduce PM2.5-related health
impacts.1,2 Globally, climate action consistent with a 2 °C
target was estimated to avoid more than 13.5 million
premature deaths from air pollution between 2020 and
2050.3 At the national or regional level, as countries transition
toward net-zero emissions, improved air quality and reduced
air-pollution-related health impacts are found for both
developed economies and emerging markets, such as the

United States,4−6 Europe,7,8 China,9,10 India,11 and other
developing countries.12,13

Despite the same net-zero target, the health effects are not
necessarily the same across all decarbonization pathways. The
scale of air quality improvement depends on what and where
fossil technologies are displaced and the resulting avoided
emissions.14,15 For instance, net-zero emissions achieved with a
heavy reliance on carbon dioxide removal (CDR) technologies
allow for continued fossil fuel use even in a deeply
decarbonized world.16 Some low-carbon strategies may also
increase precursor emissions that contribute to ambient PM2.5.
For instance, scaling up bioenergy use increases particulate
emissions from direct combustion in the industrial and
residential sectors,17 as well as NH3 emissions from the
production of energy crops.18 In addition, net-zero pathways
also differ in temporal patterns and cumulative impacts.
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Pathways with delayed mitigation or temporary overshoot may
reach the same long-term climate target with substantially
more cumulative GHG emissions as well as air pollution and
health impacts.19−21

Given the complexity of the interconnected energy,
pollution, and climate dynamics, the modeling community
has developed an integrated modeling frameworks to couple
energy system models with downstream impact assessment for
air quality and health.2,3,22,23 Recent multi-model and scenario-
ensemble studies have further examined air-quality and health
outcomes across global decarbonization pathways and
uncertainty drivers, including 1.5−2 °C mitigation pathways
and future air-pollution damages.24,25 In the United States, a
state-level assessment of net-zero pathways estimated $220−
300 billion per year in avoided air-pollution damages from
achieving the national net-zero goal,4 and an energy-transition
health-impact analysis further estimated 67,000−81,000
avoided premature deaths.6

Yet, comparing existing modeling studies to distill robust
and generalizable insights remains challenging. For the U.S. as
an example, a suite of energy system models has been used to
analyze the energy and emissions impacts of a net-zero
transition. These models have fundamental differences in their
core model structures (e.g., optimization models,26−28 market
equilibrium models,29,30 and system dynamics models31,32),
scope (e.g., global multi-sector models,29,30 subnational and
sector-focused models26−28,31,32), and resolution (e.g., the
number of technologies being represented and which

technology choices are endogenously modeled). Therefore,
these models can generate substantially different technology
pathways to achieve the same CO2 or GHG target due to the
differences in their representation of technology costs,
infrastructure constraints, sectoral details, and policy imple-
mentations. These differences, in turn, lead to variations in the
magnitude and sectoral distribution of precursor emissions,
with important implications for air quality and health
outcomes.

Recognizing the importance of these differences across
energy system models, existing studies have evaluated the
variations in energy and emission outcomes, but most multi-
model studies do not expand the comparison to examine air
quality and health outcomes33−36 or rely on a single energy
model to estimate future health outcomes.4−6 One comparison
study23 on pollution and health effects is limited to the
national emission levels with a simplified source-receptor
matrix37 to estimate the health effects. Such simplifications in
impact assessment methods limit the ability to understand the
subnational impacts, which are particularly important for air
pollution and health outcomes given their inherently local
nature. In addition, most energy modeling studies consider
only emissions from the energy system, while non-energy
emissions (e.g., NH3 from agriculture) interact with energy-
sector emissions in ways that influence ambient PM2.5.

38,39

Furthermore, non-energy emission sources such as wildfires are
projected to play an increasingly prominent role in shaping
future pollution levels.40 A comprehensive assessment of air

Figure 1. Modeling framework (a) and three energy systems models (b) used in this study. More details of our analytical methods and the three
models are included in the Method section and Table S1. Here, policy abbreviations in panel b include the Inflation Reduction Act (IRA), the
Bipartisan Infrastructure Law (BIL), the 45 V clean hydrogen production tax credit, and the 45Y and 48E clean electricity production and
investment tax credits.
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quality and health impacts under net-zero pathways therefore
requires an explicit consideration of how energy emissions
interact with non-energy emissions.

How do the net-zero pathways simulated by dif ferent energy
system models inf luence the resulting air quality and health ef fects?
To address this question, we conduct a multi-model
comparison study considering three energy system models
with subnational detail for the U.S.: GCAM-USA,30 US-
REGEN,26,41 and REPEAT31,42 (Figure 1). Using the
technology- and region-specific emissions of CO2 and air
pollutants simulated by each model, we then use the same
impact assessment methods to evaluate ambient PM2.5-
attributable health outcomes. This framework makes two key
contributions: First, it helps identify robust insights across
models and scenarios to deepen our understanding of the
impact of the energy transition on human health. Second, this
multi-model comparison approach helps identify key structural
differences and scenario assumptions across energy system
models that can shape downstream pollution and health
effects.

2. MATERIALS AND METHODS
We develop an integrated modeling framework that links multiple
energy system models with air quality and health impact assessments
to evaluate the impacts of a Net-Zero transition across the U.S.
(Figure 1a). We use three subnational energy system models, US-
REGEN, GCAM-USA, and REPEAT, to generate mid-century
scenarios, including a Baseline 2050 and a Net-Zero 2050 pathway
(see key model differences summarized in Figure 1b). Emissions from
the energy sectors are projected at the state or regional level by each
model and then downscaled to 12 km × 12 km grids using sector-
specific spatial patterns from the 2017 National Emissions Inventory
(NEI2017). Exogenous non-energy emissions (e.g., agriculture,
fugitive dust, and wildfire) are then combined with energy emissions
for air quality modeling using the Intervention Model for Air
Pollution (InMAP) to simulate annual average ambient PM2.5
concentrations at the county level. Finally, we combine the PM2.5
concentrations with SSP2 county-level population projections,
baseline mortality rates, and national socio-demographic trends
(GDP, population, age structure) to quantify the premature deaths
attributable to ambient PM2.5 exposure. Below we describe each step
in detail.
2.1. Three Energy System Models
We employ three widely used subnational energy system models: US-
REGEN, GCAM-USA, and REPEAT. These models differ in main
use case, temporal resolution and reporting years, model structure,
treatment of existing assets, and technology representations, offering
complementary perspectives on the dynamics governing human and
energy systems. Below, we summarize key features of each model,
with more information summarized in Figure 1b and Table S1.
2.1.1. US-REGEN. U.S. Regional Economy, Greenhouse Gas, and

Energy Model (US-REGEN) is a detailed energy system modeling
framework developed by the Electric Power Research Institute
(EPRI).26 It combines a detailed capacity-expansion and dispatch
model of the U.S. electric power sector with a fuel supply model as
well as a comprehensive end-use demand model for buildings,
industry, and transportation. The power sector component co-
optimizes generation, storage, and transmission investment with
hourly dispatch decisions, providing high temporal and spatial
resolution of technology competition and system operations. For
instance, coal-plant retirement is determined endogenously within
US-REGEN’s forward-looking, intertemporal optimization frame-
work, which evaluates the long-term economics of continued
operation of existing coal plants relative to alternative investments,
including new natural-gas generation, renewables, and storage. The
end-use model captures structural details across multiple sectors,
including building stock, industrial process technologies, and vehicle

fleets, allowing analysis of electrification, fuel switching, and efficiency.
The fuels model characterizes a range of conventional and emerging
low-carbon fuel supply pathways. The model is calibrated in 2015 and
runs from 2015 to 2050 with five-year time steps. The model’s
regional disaggregation (16 electricity market regions linked to load-
serving areas) enables robust representation of renewable integration,
storage, and transmission expansion. In US-REGEN, precursor
emissions are estimated directly from detailed representations of
generation technologies, fuel use, and end-use energy demand. The
model reports sector-specific emissions at the regional level, with
emission factors that reflect technology efficiency, pollution controls,
and fuel switching under evolving policy and cost assumptions. These
projections capture fine-scale changes in the power sector while
maintaining consistency across other energy-related sectors.
2.1.2. GCAM-USA. The Global Change Analysis Model (GCAM)

is an integrated assessment model that links the energy, land, water,
climate, and socioeconomic systems, developed by the Joint Global
Change Research Institute (JGCRI).43 The global version of GCAM
divides the world into 32 geopolitical regions, each with explicit
representation of energy and socioeconomic systems, and includes
235 water basins and 384 land regions to capture water and land
systems. GCAM tracks emissions and sinks of CO2, 16 other
greenhouse gases, and multiple air pollutants. It is a market
equilibrium model that solves for supply-demand balance every five
years by adjusting prices, with technologies vintaged to allow existing
stock to carry forward into future periods. The U.S. state-level version,
GCAM-USA V8.2 (https://github.com/JGCRI/gcam-core/releases/
tag/gcam-v8.2), disaggregates the energy and economy into all 50
states and the District of Columbia while retaining detailed
representations of water and land sectors.44,45 GCAM-USA is
calibrated in 2021 and runs from 2021 to 2050 in five-year time
steps. The energy system includes both depletable resources (coal, oil,
gas, uranium) and renewable resources (biomass, hydropower, solar,
wind, and geothermal). State-level energy transformation processes,
such as oil refining and power generation, are explicitly modeled. The
electricity sector includes a full suite of technologies: fossil fuels with
and without carbon capture and storage (CCS), bioenergy with CCS,
renewables, and nuclear, used to supply state-level demands from
buildings, transportation, and industry. GCAM-USA projects energy-
related precursor emissions based on technology activity levels, fuel
use, and emission coefficients that evolve with policy, efficiency, and
fuel mix changes. These emissions are reported at the state level and
vary with technology.
2.1.3. REPEAT. The Rapid Energy Policy Evaluation and Analysis

Toolkit (REPEAT) is a policy-focused, scenario-driven energy system
modeling platform developed by Princeton University’s ZERO Lab in
collaboration with Evolved Energy Research.31,42 It builds upon the
Net-Zero America study framework and provides timely, independent
analysis of U.S. decarbonization pathways under evolving federal and
state policy landscapes.31 REPEAT runs from 2022 to 2050 with
selected reporting years from 2022 through 2050 (e.g., 2022, 2024,
2026, 2028, 2030, 2032, 2035, 2040, 2050). REPEAT combines
geospatial planning tools with an economy-wide energy systems
intertemporal optimization framework with foresight to evaluate
policy proposals and infrastructure investments. It can resolve siting
and deployment of renewables, electrification of end uses, trans-
mission expansion, and the role of CDR technologies (bioenergy with
CCS, and direct air capture) under different policy scenarios.
REPEAT generates air pollutant emissions by linking detailed sectoral
energy demand with a supply-side macro-energy system model that
tracks combustion, fuel switching, and technology deployment.
Emissions are calculated using sector- and fuel-specific emissions
coefficients and are reported at the state level for all energy and
industrial sources. This structure allows REPEAT to capture the
implications of rapid changes in renewable penetration, electrification,
and fossil fuel displacement on future pollutant emissions.

2.2. Scenario Design
For each model, we construct two scenarios from now to 2050:
Baseline scenario and Net-Zero scenario. The baseline considers
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existing trends and policies without a long-term decarbonization
target, while the net-zero scenario imposes an ambitious decarbon-
ization target to reach net-zero emissions by 2050. The three models
are harmonized at the level of the broad scenario definitions, a
current-policy baseline, and a 2050 Net-Zero pathway, but keep
model-specific assumptions regarding technology and fuel costs,
policy implementation, retirement rules, and investment decision
frameworks. We therefore interpret the results as internally consistent
model-specific pathways rather than fully technologically harmonized
projections. The main results focus on 2050 because it is the target
year when the net-zero constraints are designed to be fully binding,
allowing us to compare long-term technology pathways across models
at the end point of the transition. To address near-term pathway
differences, we also conduct additional air-quality and health impact
analyses for 2030 and report these results in the Supporting
Information.
2.2.1. US-REGEN. The baseline scenario explicitly represents

recent federal policy commitments, including provisions from the
Inflation Reduction Act (IRA) of 2022, including the 45 V hydrogen
production tax credit, the 45Y and 48E credits expiring by 2035.
Broadly, these measures serve to reduce fossil consumption in the
medium term relative to a non-policy counterfactual case. The Net-
Zero scenario adds a national target for economy-wide CO2 while also
retaining the IRA provisions, again with 45Y and 48E phasing out by
2035. This design captures a transition pathway where the policy-
driven deployment of low-carbon technologies is combined with
economy-wide emissions caps to achieve net-zero CO2 by 2050. Also,
the model tracks other non-CO2 GHG emissions in its baseline
scenario, although it does not add a cap to these emissions in the net-
zero scenario.
2.2.2. GCAM-USA. The baseline scenario is derived from the

current policies scenario from Zhao et al. 2024.46 This scenario
includes existing federal policies, including several climate and energy
provisions from the Inflation Reduction Act (IRA) and the Bipartisan
Infrastructure Law (BIL), as well as nonfederal policies. In this study,
we update this scenario under the GCAM-USA V8.2 model structure,
including updating the calibration year from 2015 to 2021, and run
the model from 2021 to 2050 with five-year time steps. Existing state-
level renewable portfolio standards (RPS), corporate average fuel
economy (CAFE) standards, and several IRA tax credits for renewable
electricity generation, electric vehicles (EVs), and carbon capture and
storage (CCS) are among the key policy drivers in this scenario. All of
the policies extend until 2035, and we assume no further incentives
beyond that. For the net-zero scenario, we impose a linear reduction
trajectory for total GHG from 2025 to 2050 on top of those policy
implications in the baseline scenario.
2.2.3. REPEAT. The baseline scenario reflects a wide range of

existing federal and state policies as of January 2021, including clean
energy standards, efficiency measures, and emissions standards. It
assumes gradual but incomplete decarbonization consistent with the
currently legislated or announced actions. The Net-Zero scenario
imposes a national cap on CO2 emissions from energy and industrial
sectors, requiring reductions of 51% below 2005 levels by 2030 and
net-zero total GHGs by 2050. While CO2 emissions are explicitly
constrained, non-CO2 greenhouse gases follow exogenous trajectories
consistent with deep decarbonization assumptions.
2.2.4. Treatment of Base Year. Each model employs a different

calibration year: 2015 for US-REGEN, 2021 for GCAM-USA, and
2022 for REPEAT. Although we compare the energy consumptions
and conduct air quality and health impact assessments for each of
these base-year outputs (Figures S1 and S2), we further consider 2017
as a common benchmark so that all future simulations are evaluated
against a consistent historical baseline where the national primary
energy and CO2 emissions are based on the U.S. Energy Information
Administration (EIA),47 national final energy consumptions are based
on the International Energy Agency (IEA),48 and fine-scale air
pollutant emissions are based on the U.S. National Emissions
Inventory (NEI 2017).49 Notably, while prior studies have found
biases in U.S. National Emissions Inventories and identified potential
missing or underestimated emissions,50,51 we choose NEI 2017 for

base year air quality simulations, as it provides a complete, pre-
COVID, spatially resolved, sector-specific emissions inventory for the
major PM2.5 precursor emissions needed for this workflow.
2.2.5. Treatment of Net-Zero Targets. The three models differ

in how the net zero target is represented. In US-REGEN, the net-zero
scenario constrains economy-wide CO2 emissions, while non-CO2
GHG emissions are tracked but not explicitly constrained. In
REPEAT, the scenario is designed to be consistent with economy-
wide net-zero GHG emissions by 2050: energy and industrial CO2
emissions are capped at a level consistent with overall net-zero GHGs
after accounting for non-CO2 emissions from upstream energy,
agriculture, and land use. In contrast, GCAM-USA has the capabilities
to set a CO2-only target and a broader GHG constraint; therefore, for
the main comparison with the other two models, we set a net-zero
target for total GHG, and we then include a Net-Zero-CO2 sensitivity
case to test whether the formulation of net-zero targets affects the
PM2.5-attributable health conclusions. Analytically, we treat this as a
parametric uncertainty related to the core scenario component,
despite the real-world policy implications and debates around net-zero
targets.52

2.3. Energy Sector Precursor Emissions
Each of the three models projected energy-related emissions under
the baseline and net-zero scenarios but with different structures and
sectoral coverage (Table S1). GCAM-USA reports state-level energy
emissions by detailed sectors and technologies with additional
national-level coverage of land use and agricultural emissions, but
fugitive dust is not modeled. US-REGEN generates regional-level
emissions covering energy, agriculture, and fugitive dust, with detailed
sectoral resolution reflecting its capacity expansion and dispatch
framework. REPEAT provides state-level energy-related emissions
consistent with its scenario-driven optimization approach but does
not explicitly represent agricultural, land-use, or fugitive dust
emissions.

To enable a consistent comparison, we group energy-sector
precursor emissions into four common categories: power, industry,
residential commercial, and transportation (Table S2) for five major
precursor emissions relevant for PM2.5 formation: SO2, NOx, NH3,
VOCs, and primary PM2.5. We then apply a consistent static spatial
downscaling method to downscale model-projected emissions to
gridded emissions as input to air quality modeling. Specifically, we
downscale state- or regional-level, annual energy-related precursor
emissions from US-REGEN, GCAM-USA, and REPEAT to a 12 km
× 12 km grid based on the spatial patterns in NEI 2017.49 The
downscaling is performed for four aggregate energy-relevant
categories (see Table S3 for mapping NEI sectoral emissions to
these four categories) and five major precursor emissions relevant for
PM2.5 formation. For each pollutant and category, we first aggregate
gridded NEI emissions to the state level for GCAM-USA and
REPEAT and to the regional level for US-REGEN. We then compute
the share of each grid cell in the state or region’s total emissions to
derive a downscaling factor. These factors are assumed to remain
constant across all years, thereby preserving within-state spatial
patterns while scaling emissions in proportion to each model’s
projections. This procedure ensures comparability across models
despite differences in the original spatial resolutions.
2.4. Non-energy Emissions
In addition to energy-related emissions, we account for three major
non-energy sources: wildfire, agricultural, and fugitive dust emissions.
We hold non-energy emissions at the 2017 level in the main baseline
and Net-Zero 2050 scenarios. This approach helps to tease out the
effects of energy system transformations on pollution and health
outcomes.

To consider the potential effects of rising non-energy emissions, we
perform sensitivity analyses where we use high projections of wildfire,
agriculture, and fugitive dust emissions. For wildfire emissions, we use
projections of primary PM2.5, the major pollutant from wildfires, from
the U.S. Forest Service dataset,53 which has been applied in prior
studies of global health and air quality impacts.54 This dataset
provides CESM-based projections of climate- and human-driven fire
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emissions for multiple species at a global 0.9 ° × 1.25 ° resolution,
including both historical years (2000−2010) and future periods
(2050, 2100) under various SSP-RCP scenarios. For agriculture
emissions, we use projections of NH3, the major pollutant from
agricultural activities, from a previous study.55,56 This dataset provides
global NH3 emissions from the CAMEO process-based model at a
global 2.5° × 1.27° resolution, available for historical (2000−2014)
and future periods (2015−2100) under various SSP-RCP scenarios.
For both global datasets, we extract emissions over the continental
United States, and re-grid them to match the resolution of NEI 2017.
We then re-grid the wildfire and agricultural emissions to the same 12
km × 12 km grid, thereby harmonizing spatial representation across
all sources. For fugitive dust emissions, we use the increasing
projected regional emissions from the US-REGEN team and apply the
same static downscaling method to downscale them to the gridded
level as we did for energy sectors. Considering the different
assumptions used in the datasets, we choose the higher projections
of three non-energy emission sources (SSP1-RCP4.5 for fire, SSP5-
RCP8.5 for agriculture, and US-REGEN projections for dust) to build
our “High non-energy emissions” case. The summary of national total
non-energy emissions is shown in Table S4.
2.5. Air Quality Modeling
For each scenario, we use the downscaled emissions to simulate the
annual average ambient concentrations of PM2.5 using the
Intervention Model for Air Pollution (InMAP), a reduced-complexity,
national-scale air quality model.57 InMAP estimates ambient PM2.5
from precursor emissions of SO2, NOX, NH3, VOCs, and primary
PM2.5. For energy-related emissions, we use the projected and
downscaled emissions from US-REGEN, GCAM-USA, and REPEAT
at a 12 km × 12 km resolution. For non-energy emissions, we directly
used the gridded NEI 2017 emissions in the main analysis and the
projected and re-gridded emissions as described above.

Methodologically, InMAP is built upon the general reaction−
advection−diffusion equation:

= · + · + +u
C
t

( C ) (K C ) R(C ) E Di
i i i i i (1)

where Ci is the concentration of modeled species (i), u⃗ is the wind
vector driving advection, K is the turbulent diffusion tensor, R(Ci)
represents the net chemical production and loss of species (i) as a
function of the vector of modeled species concentrations (Ci), Ei is
the emission flux, and Di is the removal flux from wet and dry
deposition. The chemical transformation term represents the
conversion of precursor emissions, including SO2, NOx, NH3, and
VOCs, into PM2.5 components such as sulfate, nitrate, ammonium,
and secondary organic aerosol while also accounting for chemical loss
processes in the reduced-form representation.

InMAP assumes a steady-state solution (∂Ci/∂t = 0), so modeled
concentrations represent annual-average equilibrium responses to
emissions, transport, chemistry, and removal. Rather than dynamically
simulating meteorology and atmospheric chemistry for each scenario,
InMAP uses preprocessed annual-average parameter fields derived
from WRF-Chem, including annual-average wind speed and direction,
vertical mixing coefficients, temperature, wet and dry deposition rates,

and chemical reaction rate constants. These fixed parameter fields
allow InMAP to efficiently estimate annual-average PM2.5 responses
while retaining simplified representations of the dominant transport,
transformation, and removal processes. A distinctive feature of InMAP
is its variable-resolution computational grid, which dynamically
allocates finer resolution in densely populated regions (down to 1
km × 1 km in urban areas) and coarser resolution in sparsely
populated regions (up to 48 km × 48 km), thereby efficiently
capturing spatial gradients in exposure while minimizing computa-
tional burden.

Model evaluation against full chemical transport models (CTMs)
has shown that InMAP reproduces annual-average, population-
weighted changes in PM2.5 with good accuracy, achieving an R2 of
∼0.9 and a mean fractional bias of ∼−17%.58 These metrics fall
within accepted bounds for policy-relevant air quality modeling.57

Although InMAP does not resolve hourly meteorological variability or
fully detailed atmospheric chemistry, it has been widely used to
couple with energy modeling to provide a rapid assessment of the
long-term PM2.5-attributable health impacts of energy transi-
tion.22,58,59

2.6. Health Impact Assessment
Here, we conduct health impact assessments in each of 3108 counties
across the continental U.S. To quantify the county-level exposure to
ambient PM2.5, we first estimate the county-average exposure level
based on the InMAP-simulated PM2.5 concentrations that are at
varying resolutions from 1 km × 1 km to 48 km × 48 km. For large
counties, we take the average of the PM2.5 concentrations from
multiple InMAP gridded data points. For small counties, we use the
same PM2.5 concentrations for all the counties located within one
InMAP grid.

We then quantify all-cause premature deaths attributable to long-
term exposure to ambient PM2.5 in each county using Pope et al.’s
log−linear health-impact function60 from BenMAP:

= · · = · ··Y AF Y Pop (1 e ) Y Pop0
PM

0 (2)

The detailed information for each component is presented in Table
1.

We report both the total PM2.5-attributable deaths and population-
normalized PM2.5-attributable death rates. Death rates are calculated
as attributable deaths divided by the exposed population and are
reported as the number of deaths per million people. We use death
rates when comparing changes across time and across models because
the population size differs between 2017 and 2050 and varies slightly
across model-specific socioeconomic assumptions.

2.7. Decomposition Analysis
To decompose the impacts on CO2 emissions, we consider three
factors: (1) effects of socio-economic changes, (2) effects of energy
system changes in the Baseline scenario, and (3) effects of the energy
system changes to reach Net-Zero emissions. We begin with national
CO2 emissions in 2017 as the reference level. We first apply the Kaya
identity65 (eq 3) to quantify the effects of socio-economic changes in
2050 compared to 2017 across three models:

Table 1. Summary of Input Assumptions and Data for the Health Impact Assessment

variable definition data source

Y0 All-cause baseline mortality
rate

Projections from the Environmental Benefits Mapping and Analysis Program (BenMAP)61 are reported in five-year
increments from 2015. Since our base year for emissions and exposure is 2017, but mortality data are only available in
2015 bins, here, we use 2015 mortality rates as a proxy for 2017.

pop County-level population For 2017, we use projections from the US Census Bureau census block data.62

For 2030 and 2050, we get county-level SSP2 projections from the Socioeconomic Data and Application Center
(SEDAC).63 We then multiply a scaling factor for each model to make the national total population consistent with
each model’s population scale.

β Changes in mortality risk
resulting from changes in the
PM2.5 exposure level

The central value and 95% CIs are derived from Pope et al. 2019.60 Here, we use the same estimate for 2017 and 2050,
where RR = 1.12 per 10 μg/m3 PM2.5 (95% CI: 1.08−1.15). We also consider the Global Exposure Mortality Model
(GEMM)64 as a sensitivity analysis.

ΔPM County-level PM2.5
concentration

County-level PM2.5 concentrations are averaged from gridded concentrations simulated by InMAP.
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CO emissions2 (3)

Specifically, we hold the 2017 energy intensity (E/G) and carbon
intensity (F/E) consistent in 2050, so the emission increase is only
from the population changes (P) and GDP per capita (G/P). Next,
we show the reductions in CO2 emissions in each model’s Baseline
scenario, which captures the baseline energy transitions and
technological improvements. Finally, we show the additional CO2
reductions to reach the Net-Zero target compared to the Baseline
scenario, which captures the effects of energy system change due to
the Net-Zero transition.

To decompose the effects of different drivers on the PM2.5-
attributable death rates, we consider four factors: (1) effects of socio-
demographic changes, (2) effects of energy system changes in the
Baseline scenario, (3) effects of the energy system changes to reach
Net-Zero emissions, and (4) effects of the non-energy emission
projections in the Net-Zero scenario. We start with emissions from
the 2017 NEI inventory, combined with 2017 population and baseline
mortality data, to establish the reference estimate of PM2.5-attributable
death rates. In the next step, we hold emissions fixed at 2017 levels
but update the socio-demographic inputs (population size, age
structure, baseline mortality rates) to their 2050 projections, thereby
quantifying the effect of socio-demographic changes. We then
introduce the 2050 baseline energy system emissions (while keeping
socio-demographics at 2050 levels), which captures the additional
effect of energy and technology transformations expected under each
model’s Baseline scenario. In the following step, we replace the 2050

Baseline emissions with those from the 2050 Net-Zero scenarios,
yielding the additional effects of the energy system changes to reach
Net-Zero emissions. Finally, we conduct a sensitivity analysis to
compare the Net-Zero outcomes under constant 2017 non-energy
emissions to those under projected increases in wildfire, fugitive dust,
and agricultural sources, thereby highlighting the sensitivity of health
benefits to assumptions about non-energy emissions. This framework
ensures that the total changes in health outcomes between 2017 and
2050 can be attributed to specific components: socio-demographic
inputs, baseline energy system dynamics, additional energy system
changes required for reaching net-zero targets, and the role of non-
energy emissions.

3. RESULTS AND DISCUSSION

3.1. Impacts of Energy Transition on National CO2 and
Health

In the baseline scenarios, we find consistent macro-scale trends
across the three models where the national total GHG
emissions and PM2.5-attributable death rates decline from
2017 to 2050 (Figures 2 and 3). The decrease in total GHG
emissions is large (by 38−69% across models), whereas the
reduction in national PM2.5-attributable death rates is modest
(by 17−36%). Such patterns are driven by two competing
forces: socioeconomic changes, especially population and GDP
growth (Tables S5 and S6), drive up energy demand and

Figure 2. National primary energy use, final energy use, and GHG emissions. Panels show results for historical data (2017) and model projections
for Baseline 2050 and Net-Zero 2050 scenarios using the US-REGEN, GCAM-USA, and REPEAT models, respectively. 2017 data for primary
energy consumption and CO2 emissions are from the U.S. Energy Information Administration (EIA),47 non-CO2 GHG emissions from the U.S.
Environmental Protection Agency (EPA),67 and that for final energy consumption from the International Energy Agency (IEA).48 Here GHG
emissions for GCAM-USA and REPEAT include both CO2 and non-CO2 emissions, while US-REGEN only include CO2 emissions. All three
models cover emissions from energy sectors and non-energy sectors.
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associated emissions of both GHG and air pollutants, whereas
the increasing share of cleaner sources in the energy mix drives
down the emissions. The net effect of these two forces is a
reduction in GHG over time, as the changes in the fuel mix
and energy intensity more than offset the effects of demand
growth. However, these substantial reductions in GHG
emissions do not translate proportionally to improvements in
air quality and health impacts. The reduction in PM2.5-
attributable deaths is smaller since the demographic changes
directly affect the size of the exposed population (e.g.,
population growth, see more in Table S5) and the nonlinear
atmospheric processes and exposure−response relationships
further dampen the effects.

Despite a consistent declining trend over time, noticeable
differences still exist across models for their Baseline scenario
projections, particularly in the composition of primary and
final energy use (Figure 2a,b). In the Baseline 2050
projections, all three models show a substantial shift away
from coal and toward cleaner energy sources; however, the
pace and structure of this transition vary. US-REGEN’s
comparatively rapid decline in coal use is primarily driven by
endogenous retirement decisions in its perfect-foresight,
intertemporal power-sector optimization, which evaluates the

long-term economics of existing coal generation relative to new
natural-gas generation, renewables, and storage under
assumptions about fuel prices and current policies, including
IRA incentives. US-REGEN also projects relatively lower final
energy demand (36% decrease from 2017 to 2050) compared
to GCAM-USA and REPEAT, reflecting a combination of
slower GDP growth projections (Table S6) and greater clean
energy transition drivers in its Baseline scenario, including
extensive transportation electrification.66 In contrast, GCAM-
USA and REPEAT maintain relatively high levels of final
energy consumption in 2050, but differ markedly in their
primary energy consumption. GCAM-USA projects a sub-
stantial reduction in primary energy (26% decrease from 2017
to 2050), reflecting efficiency gains and electrification that
reduce conversion losses. However, REPEAT maintains higher
primary energy use, due to an increased deployment of
renewable electricity, while fossil fuel use is not phased out,
particularly natural gas (76% increase from 2017 to 2050).

Under the Net-Zero scenarios, the net GHG emissions of
GCAM-US and REPEAT and the net CO2 emissions of US-
REGENare expected to reach zero in all models in 2050.
However, different models offer different least-cost technology
pathways to achieve net zero emissions: the REPEAT model

Figure 3. Effects of socioeconomic and technological factors on national GHG emissions and health effects. Panels show the relative contributions
of socio-demographic, energy system changes, and non-energy factors to the differences in national GHG emissions and PM2.5-attributable death
rates (per million deaths) between 2017, Baseline 2050, and Net-Zero 2050 scenarios. Bars represent model-specific estimates for 2017 and the two
2050 scenarios, and arrows illustrate the effects of each factor, including the direction and the magnitude. The effects of non-energy emissions are
quantified by applying high projected emissions from wildfire and agricultural activities from other datasets53,56 and fugitive dust emissions from
US-REGEN. The three colors represent the three models: US-REGEN (blue), GCAM-USA (green), and REPEAT (brown).
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Figure 4. National precursor emissions by sector. Panels show the national precursor emissions in 2017 and projections for Baseline 2050 and Net-
Zero 2050 scenarios using the US-REGEN, GCAM-USA, and REPEAT models, respectively. Panels a−e show the emissions of nitrogen oxides
(NOx), sulfur dioxide (SO2), volatile organic compounds (VOC), primary fine particulate matter (PM2.5), and ammonia (NH3), respectively.
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emphasizes phasing out unabated fossil fuels and accelerating
end-use electrification, while GCAM-USA and US-REGEN
lean more heavily on CDR technologies that involve geological

CO2 sequestration (Figure 2c). This also explains the divergent
patterns in energy consumption (Figure 2a,b): the increase in
energy consumption under Net-Zero relative to Baseline

Figure 4. continued

Historical data for 2017 are from the U.S. National Emissions Inventory (NEI2017).49 In the main “Baseline 2050” and “Net-Zero 2050” scenarios,
the non-energy emissions are kept at the 2017 levels, while “Net-Zero 2050 (High Non-energy)” includes a high projection of non-energy
emissions from other datasets.

Figure 5. State-level changes in PM2.5 concentrations and PM2.5-attributable death rates. Panels show changes in annual average PM2.5
concentrations (panels a−c, g−i) and PM2.5-attributable death rates (panels d−f, j−l) across U.S. states under Net-Zero 2050 scenarios relative to
2017 and Baseline 2050 for the US-REGEN, GCAM-USA, and REPEAT models, respectively. Panels a−f show reductions in PM2.5 concentrations
and associated mortality between Net-Zero 2050 and 2017, while panels g−l show the additional improvements achieved when transitioning from
Baseline 2050 to Net-Zero 2050. Deeper colors indicate larger benefits, with green representing benefits relative to 2017 and purple representing
additional benefits relative to Baseline 2050.
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scenario in US-REGEN and GCAM-USA is largely due to the
additional energy needed from CDR technologies (in
particular, the increasing gas use and electricity expansion in
GCAM-USA), whereas the substantial reduction in REPEAT
shows its strong reliance in fossil phase-out to reach net-zero.
These differences arise from a range of factors, including
model-specific socioeconomic pathways, policy representa-
tions, and technology and fuel costs, as well as how technology
choice is modeled in the model’s decision-making frameworks.
For instance, the divergent coal outcomes reflect three key
structural differences across the models. First, GCAM-USA
represents coal retirement primarily through state-specific,
vintage-based exogenous trajectories, whereas US-REGEN and
REPEAT allow additional retirements to respond endoge-
nously to economic and policy conditions. Second, US-
REGEN and REPEAT use perfect-foresight intertemporal
optimization, but its implications differ: foresight accelerates
coal retirement in both US-REGEN scenarios under current-
policy incentives, while in REPEAT, it is most consequential
when the model anticipates the binding net-zero emissions
constraint; GCAM-USA instead uses a recursive-dynamic
framework without such foresight. As a result, GCAM-USA’s
economy-wide net-GHG constraint does not require a
technology-specific coal phase-out. Existing coal vintages can
remain according to their retirement trajectories, while coal
technologies with CCS become available as a mitigation
option, and residual emissions from the remaining coal fleet
can be balanced by CDR elsewhere in the energy system.

The number of PM2.5-attributable death rates in the Net-
Zero scenarios also differs across models (Figure 3b, with
absolute deaths in Figure S3). In the Net-Zero scenario,
GCAM-USA projects the lowest PM2.5-attributable death rate
(∼362 per million (95% CI: ∼248−∼445)), whereas REPEAT
projects the highest (∼451 per million (95% CI:
∼309−∼553)), with US-REGEN falling in between (∼407
per million (95% CI: ∼279−∼499)). These differences cannot
be simply explained by aggregate fossil fuel use alone. Instead,
they reflect differences in the composition and sectoral
distribution of residual air pollutant emissions across models,
which play a leading role in shaping population exposure and
health outcomes. For example, GCAM-USA retains more
residual fossil fuel use to support CDR, but it projects larger
reductions in some industrial precursor emissions, whereas
REPEAT achieves large power-sector emission reductions but
leaves higher residual emissions in some transportation and
industrial sources.

Notably, the pollution and health results are also affected by
the emissions from non-energy sectors. When applying high
projected emissions from wildfire, fugitive dust, and agricul-
tural activities, we find that PM2.5-attributable death rates
under the net-zero scenarios rise by 3−16% across all three
models (Figure 3b). These increases do not offset the overall
reduction in health benefits relative to those of 2017, but they
narrow the health benefits from energy-sector decarbonization.
This result indicates that future non-energy emissions are
important uncertainties when interpreting the long-term health
co-benefits of net-zero pathways.
3.2. Impacts of Sectoral Strategies on Precursor Emissions

To further understand the impacts on air quality and health,
here, we unpack the impacts of underlying sectoral and
technology choices on precursor emissions (Figure 4). We
highlight two key findings. First, the cross-model differences

within the energy sector are large. In the Net-Zero scenarios,
REPEAT achieves substantial reductions in fossil fuel use, as
shown in Figure 2; however, these reductions are concentrated
primarily in the power sector. This leads to large declines in
power-sector SO2 emissions (Figure 4b) but more limited
reductions in transportation- and industrial-sector precursor
emissions, especially for NOx and VOC (Figure 4a,c). In
contrast, US-REGEN projects pronounced reductions in
transportation-related emissions, reflecting extensive end-use
electrification and reduced reliance on oil-based fuels. Finally,
GCAM-USA exhibits larger reductions in industrial-sector
emissions compared to the other two models, which
increasingly dominate residual air pollution under Net-Zero
pathways.68−70 These cross-model differences in precursor
emissions contribute to the national differences (Figure 3b)
and subnational variations in the pollution and health effects
(Figure 5).

Second, the relative contribution of energy versus non-
energy emissions varies substantially across emission types
(Figure 4d−e). For instance, NOx and SO2, as precursor
emissions to secondary PM2.5, are almost exclusively emitted
from energy sources, whereas NH3, another precursor emission
to secondary PM2.5, is primarily emitted from agricultural
sources. In contrast, for primary PM2.5 emissions, the
contribution from the energy sectors is only 34% in 2017
and 29−34% under the Net-Zero 2050 scenarios across three
models. Wildfire and fugitive dust are also major sources of
primary PM2.5 emissions, and their relative importance could
increase substantially in the future. This is particularly true
under Net-Zero 2050 scenarios with high wildfire projections,
where only 13−15% of primary PM2.5 emissions are
attributable to energy sectors. Our findings thus underscore
the need to combine both energy and land-use and
management strategies to effectively manage and reduce future
air pollution.
3.3. Subnational Variations in Pollution and Health
Impacts

With a net-zero transition, subnational changes over time
exhibit similar spatial patterns across the models. Because
energy-sector emissions are downscaled using static 2017
spatial patterns, we focus the main interpretation on state-level
patterns (Figure 5) and retain county-level maps in the
Supporting Information as illustrative spatial results (Figure
S4). When comparing Net-Zero 2050 with 2017, all three
models project broadly similar spatial distributions of improve-
ments, with the largest reductions in PM2.5 concentrations and
PM2.5-attributable death rates occurring in the central and
southern U.S., including Texas, Oklahoma, and Arkansas.
Although the spatial patterns are broadly consistent, the
magnitude of improvements varies across models, which aligns
with the scale of the national-level changes. For both PM2.5
concentrations and PM2.5-attributable death rates, GCAM-
USA consistently projects the largest reductions from 2017 to
2050 in most states, whereas US-REGEN and REPEAT exhibit
more modest improvements.

However, when comparing the Net-Zero scenario to the
Baseline scenario, which is often used to quantify the co-
benefits of decarbonization, larger cross-model differences are
observed (Figure 5g−l). On the basis of this comparison, only
REPEAT shows consistent decreases in PM2.5 concentrations
and PM2.5-attributable death rates across all states, since
REPEAT relies heavily on phasing out fossil fuels to reach net-
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zero emissions. In contrast, GCAM-USA and US-REGEN
project only modest reductions in the net-zero scenario
compared to the baseline, since their baseline scenario already
assumes large declines in pollution, leaving limited potential
for further reductions through deep decarbonization. In fact,
slightly higher pollution and health impacts are observed in
some states under the net-zero scenario than under the
baseline. For instance, for US-REGEN, some southwest states
(e.g., Kansas, Nebraska, Oklahoma, and South Dakota) show
an increase in pollution (Figure 6d) due to increasing
industrial emissions when supporting CDR technologies such
as direct air capture. For GCAM-USA, some southeast states
(e.g., Florida) increase their emissions slightly under Net-Zero
due to increased power-sector emissions (especially SO2 and
primary PM2.5, see Figure S5) associated with large-scale
deployment of bioenergy with CCS.

To further unpack the changes in the net-zero scenarios
compared to the baseline scenarios, we show the relationship
between the changes in fossil fuel intensity (fossil-fuel final
energy use divided by projected regional GDP) and PM2.5-
attributable death rates across 14 subnational regions (Figure
6). In GCAM-USA and REPEAT, a decrease in unabated fossil
uses is often associated with a decrease in PM2.5-attributable
death rates, though the strength of such a relationship varies
across models and subnational regions, given the variations in
local energy structures, emissions from non-energy sources,
and meteorological conditions, as well as the size of exposed
populations. In contrast, for most regions, the US-REGEN
results show increases in unabated fossil use, despite reduced
PM2.5-attributable death rates. This apparent divergence
reflects that US-REGEN projects emission reductions in
sectors with high population exposure, most notably trans-
portation, rather than by changes in fossil fuel use in the power
sector alone. Moreover, part of the remaining liquid fuel used
in US-REGEN includes biofuels, such that aggregate liquid fuel

metrics may overstate unabated fossil fuel combustion when
interpreted without distinguishing fuel composition.

We then offer a deep dive into three subnational regions to
demonstrate regional variations. For Texas, all models estimate
net emission reductions in SO2 and NOx in the Net-Zero
scenarios compared to Baseline scenarios, with the greatest
reductions found for REPEAT (Figure 6b). These patterns are
driven by large reductions in fossil consumption in the state.
For California, as a state where baseline emissions are already
relatively low in several sectors, the changes in precursor
emissions vary more across models: REPEAT projects
substantial reductions in NOx emissions from the transport
sector as well as other sectors; GCAM-USA projects non-trivial
increases in power-sector SO2 and PM2.5 emissions due to
increased biomass combustion with CCS to achieve deep
decarbonization, offsetting the benefits that could happen due
to substantial reductions in NOx emissions from the transport
sector; and US-REGEN projects small changes in all types of
pollutants (Figure 6c). Finally, for the Southwest Power Pool
region (including Kansas, Nebraska, Oklahoma, and South
Dakota), US-REGEN projects large increases in industrial
NOx and PM2.5 emissions mainly from industrial sector gas
use, and GCAM-USA projects a slight increase in power-sector
SO2 emissions. In comparison, REPEAT projects greater
reductions in SO2 and NOx (Figure 6d). These state examples
demonstrate how nationally defined net-zero pathways can
translate into different state- and region-level emission
outcomes through model-specific sectoral allocation of
mitigation and residual combustion.
3.4. Robustness and Sensitivity Analyses

We conduct analyses to test whether the main findings are
robust to assumptions that have been found to be important in
prior studies focused on decarbonization and the health effects,
including (a) timing,21 (b) net-zero target definition,71 (c)
concentration−response functions,60,64 and (d) demographic

Figure 6. Changes in Net-Zero 2050 compared to Baseline 2050 for subnational regions. Panel a shows the relationship between changes in fossil
fuel intensity (fossil-fuel final energy use divided by projected regional GDP) in final energy and changes in PM2.5-attributable death rates, with dots
representing 14 subnational regions and colors representing the three models. Panels b−d show sectoral changes in energy-related emissions
intensity (emissions divided by projected regional GDP) of SO2, NOx, and primary PM2.5 for three selected regions: Texas, California, and the
Southwest Power Pool (SPP).
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projections.72 While these analyses do not sample the full
uncertainty space, they offer insights into the core uncertainties
that are most likely to influence our conclusions.

First, we consider 2030 as an intermediate year toward net-
zero emissions. We find that the 2030 energy results show
smaller cross-model differences in primary and final energy use
than the 2050 results because the net-zero constraints are not
yet fully binding and the energy systems have just started
structural transformation (Figure S6). As a result, although the
Net-Zero scenarios already reduce PM2.5-attributable mortality
relative to the corresponding Baseline scenarios across models
(Figure S7), the additional benefits are smaller than in 2050.

Second, using GCAM-USA, we compare a Net-Zero-CO2
case (only CO2 emissions) with a broader Net-Zero-GHG case
(including both CO2 emissions and non-CO2 GHG
emissions). We find that setting a net-zero GHG target
slightly changes the energy pathway and residual GHG
emissions, including somewhat higher primary and final energy
use associated with additional mitigation that needs efforts
from CDR (Figure S8). However, national PM2.5-attributable
mortality remains similar across the two target definitions
(Figure S8), suggesting that the specification of aggregate
climate constraint does not strongly shape the PM2.5-
attributable health conclusions.

Finally, we test uncertainties in the health impact assessment
by using alternative relative risk functions and population
projections. Using GEMM as an alternative relative-risk
function reduces the absolute magnitude of estimated PM2.5-
attributable mortality compared with the main Pope et al.
function (Figure S9). Nevertheless, our key findings of the
comparison of health benefits across models and between
Baseline and Net-Zero scenarios remain consistent. We also
test alternative population assumptions using SSP3 and SSP5
population distribution and aging patterns. These assumptions
change national mortality estimates because county-level
population distribution and age structure affect exposure and
baseline mortality. However, because we rescale the SSP
population projections to keep the national total population
consistent with each energy model’s socioeconomic assump-
tions, the changes in national mortality magnitude are modest.
More importantly, these modest changes do not affect our key
conclusions when comparing across models and scenarios
(Figure S10).
3.5. Discussion

Our multi-model analysis indicates that a Net-Zero transition
will bring air quality and health benefits, but the scale and
geographic distribution of these benefits are affected by the
technology strategies being used to decarbonize the economy.
Mitigating CO2 emissions generally lowers the level of health
damage. Yet, the sectoral allocation of mitigation efforts and
the technology strategies used to achieve CO2 reductions
influence the associated changes in air pollutant emissions,
thereby affecting the magnitude of the air quality improve-
ments. Whether the pollution reductions occur in densely
populated areas further determines the extent of population
exposure and the resulting health impact.

Importantly, our results confirm a widely acknowledged
insight that reducing fossil combustion is the core mechanism
to maximize the health benefits.2,15 We further highlight that
reducing fossil fuel use in some sectors (e.g., transportation
and industry) brings more air-quality and health benefits than
other sectors. This is especially important in net-zero

pathways, where residual combustion may shift from the
power sector toward harder-to-abate sectors, and where CDR
strategies can alter the amount and location of remaining
combustions.16 This finding is consistent with prior evidence
that PM2.5 damages are highly source- and location-specific,73

and with previous U.S. deep decarbonization studies showing
that air-quality and health co-benefits vary across technology
pathways, sectors, and regions.6,23,41

Our analysis also highlights the importance of coordinating
energy and non-energy activities to achieve both decarbon-
ization and air quality goals. Land use and the agricultural
sector act both as carbon sinks and as sources of some
greenhouse gas emissions, such as methane.74 They also
become increasingly important sources of air pollutant
emissions, such as primary PM2.5 emissions from wildfires
and NH3 emissions from agricultural activities.74 While the
energy sector remains central to decarbonization, it is
important to also consider these non-energy sectors, not only
due to their own emissions but also because of their
interactions with the energy system. For example, bioenergy
with CCS is a key CDR technology to achieve decarbonization,
but it has important implications for land use and manage-
ment.75,76

We highlight the methodological limitations of the current
study, which point to new directions for future research. Given
our core focus on energy system models, we see three core
areas for improvement. First, the net-zero scenarios here are
developed based on the least-cost approach to reaching
national net-zero targets, e.g., through an economy-wide
carbon price or emissions cap. They do not include explicit
state- and local-level policies, despite growing evidence that
bottom-up climate action may be essential for advancing
decarbonization in the United States given the current federal
policy environment.36,46 To strengthen the policy relevance of
future model comparison exercises, greater emphasis should be
placed on modeling real-world energy transition policies and
actions by examining a broader set of policy instruments22

(such as mandates, subsidies, and carbon markets) and
accounting for how these policies evolve over time77 (such
as policy sequencing and changes in policy ambition).
Although individual modeling studies have increasingly
assessed the air quality, health, and climate effects of specific
policy choices and portfolios (see examples using GCAM-
USA,22 US-REGEN,41 and REPEAT42), a coordinated
intercomparison of these policy-focused analyses will help
generate robust and decision-relevant insights.

Second, another aspect of policy relevance is the treatment
of policy actions in countries beyond the U.S. Our analysis
does not explicitly consider how rest-of-world policies affect
U.S. PM2.5 exposure. Although GCAM-USA is embedded in a
global modeling framework, our InMAP simulations focus on
emissions within the continental U.S. This scope is appropriate
for isolating the effects of U.S. energy-system pathways, but it
omits intercontinental transport of air pollution78 and the
effects of global climate on regional meteorology and therefore
air pollution.79 Future work could link global mitigation
scenarios with regional air quality models to consider cross-
boundary pollution transport and climate-driven changes in
wildfire, dust, biogenic emissions, and meteorology.

Furthermore, we focus only on air quality and health effects
but do not offer a comprehensive cross-model comparison of
the overall macroeconomic impacts of decarbonization. In our
study, cost estimates are not directly comparable across the
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three models because the models consider and track different
aspects of costs. Therefore, rather than interpreting one model
as more or less costly than another based on non-harmonized
cost outputs, we report the 2050 economy-wide carbon price
(ranging from 194 to 212 in 2012 $ per ton CO2) as a limited
but more comparable indicator of mitigation stringency. Yet,
economic and wellbeing outcomes are highly relevant for
comparing net-zero pathways, and recent assessments empha-
size that decarbonization policies can have broad macro-
economic, affordability, and distributional implications.80 This
leads to an important direction for future research.

There are also areas for improvement in our downstream
emissions, air quality, and health assessments. For emission
downscaling, in this study, we use the historical patterns based
on NEI 2017 to downscale the emissions. While this approach
has been widely applied in the modeling of future
scenarios,22,81,82 it implicitly assumes that sectoral emission
hotspots retain their present-day spatial distribution. Yet, in
practice, decarbonization efforts are likely to change those
spatial patterns by altering the geographic locations of retiring
fossil fuel infrastructure and emerging emission sources, such
as biomass energy facilities.16,83 Because air pollution and its
health consequences are inherently local, future studies should
place greater emphasis on the siting and retirement decisions
of infrastructure as well as the implementation of local
pollution control strategies. For air quality and health
modeling, annual-average, population-weighted PM2.5 is used
for the primary analysis of this study because our health impact
assessment focuses on mortality associated with long-term
exposure. Although long-term PM2.5 exposure contributes a
substantially larger share of the air pollution mortality burden
than others,84 this approach does not capture short-term health
impacts or the health impacts of other pollutants such as
ozone.79,85 Future research could address these limitations by
using full chemical transport models (CTMs), incorporating
additional pollutants (such as ozone), and short-term
exposure-response relationships in the modeling framework.
In addition, our study adopts one particular projection of
socio-demographic patterns in the main analysis, such as aging
and migration. However, studies have found that these fine-
scale dynamics are crucial in determining the distribution of
the impacts and the outcomes on exposure and health
disparities.86

Finally, the study focuses on several important sources of
uncertainty but still does not cover the full uncertainty space.
Through our model comparison efforts, we consider structural
differences among models. We have also considered a small
but carefully selected set of factors for sensitivity analysis, such
as alternative assumptions for emission targets, relative risk
functions, and projections for sociodemographic changes and
non-energy emissions. Future analyses should incorporate
additional sources of uncertainty that have been found to be
potentially important in the literature, such as changes in
meteorological conditions79 and variations in technology
innovation and adoption.87 Future work should also system-
atically evaluate the magnitude and relative importance of
these uncertainties as well as how they propagate through the
causal chain. Such efforts will likely require advanced
uncertainty analysis methods, such as large-scale scenario
ensembles or modeling to generate alternative (MGA)
approaches to sample uncertainties,88 combined with scenario
discovery methods to identify influential uncertainties and
their interactions.89

■ ASSOCIATED CONTENT
*sı Supporting Information

The Supporting Information is available free of charge at
https://pubs.acs.org/doi/10.1021/acs.est.6c02914.

Additional information regarding the data used as inputs
for this study, including Tables S1−S6 and Figures S1−
S10 (PDF)

■ AUTHOR INFORMATION
Corresponding Author

Wei Peng − School of Public and International Affairs,
Princeton University, Princeton, New Jersey 08544, United
States; Andlinger Center for Energy and the Environment,
Princeton University, Princeton, New Jersey 08544, United
States; orcid.org/0000-0002-1980-0759;
Email: weipeng@princeton.edu

Authors

Jinyu Shiwang − School of Public and International Affairs,
Princeton University, Princeton, New Jersey 08544, United
States; Andlinger Center for Energy and the Environment,
Princeton University, Princeton, New Jersey 08544, United
States; Department of Civil and Environmental Engineering,
The Pennsylvania State University, State College,
Pennsylvania 16802, United States; orcid.org/0000-
0001-7475-9640

John Bistline − Watershed, San Francisco, California 94103,
United States; Massachusetts Institute of Technology,
Cambridge, Massachusetts 02139, United States;

orcid.org/0000-0003-4816-5739
Jamil Farbes − Evolved Energy Research, San Diego,

California 92101, United States
Xinyuan Huang − Andlinger Center for Energy and the

Environment, Princeton University, Princeton, New Jersey
08544, United States; orcid.org/0000-0002-3604-8124

Gokul Iyer − Center for Global Sustainability, School of Public
Policy, University of Maryland, College Park, Maryland
20742, United States

Jesse D. Jenkins − Andlinger Center for Energy and the
Environment and Department of Mechanical and Aerospace
Engineering, Princeton University, Princeton, New Jersey
08544, United States; orcid.org/0000-0002-9670-7793

Eladio Knipping − Electric Power Research Institute (EPRI),
Palo Alto, California 94304, United States

Nicholas Mailloux − Center for Sustainability and the Global
Environment, Nelson Institute for Environmental Studies,
University of Wisconsin−Madison, Madison, Wisconsin
53726, United States; orcid.org/0000-0002-4041-3665

Erin Mayfield − Thayer School of Engineering, Dartmouth
College, Hanover, New Hampshire 03755, United States;

orcid.org/0000-0001-9843-8905
Aranya Venkatesh − Electric Power Research Institute (EPRI),

Palo Alto, California 94304, United States
Alicia Zhao − Center for Global Sustainability, School of

Public Policy, University of Maryland, College Park,
Maryland 20742, United States

Qianru Zhu − Electric Power Research Institute (EPRI), Palo
Alto, California 94304, United States

Complete contact information is available at:
https://pubs.acs.org/10.1021/acs.est.6c02914

Environmental Science & Technology pubs.acs.org/est Article

https://doi.org/10.1021/acs.est.6c02914
Environ. Sci. Technol. 2026, 60, 27063−27078

27075

D
ow

nloaded from
 pubs.​acs.​org/​esthag/​article-pdf/​60/​38/​27063/​68539997/​acs.​est.​6c02914.​pdf by guest on 26 O

ctober 2026

https://pubs.acs.org/doi/10.1021/acs.est.6c02914?goto=supporting-info
https://pubs.acs.org/doi/suppl/10.1021/acs.est.6c02914/suppl_file/es6c02914_si_001.pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Wei+Peng"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://orcid.org/0000-0002-1980-0759
mailto:weipeng@princeton.edu
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Jinyu+Shiwang"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://orcid.org/0000-0001-7475-9640
https://orcid.org/0000-0001-7475-9640
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="John+Bistline"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://orcid.org/0000-0003-4816-5739
https://orcid.org/0000-0003-4816-5739
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Jamil+Farbes"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Xinyuan+Huang"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://orcid.org/0000-0002-3604-8124
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Gokul+Iyer"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Jesse+D.+Jenkins"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://orcid.org/0000-0002-9670-7793
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Eladio+Knipping"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Nicholas+Mailloux"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://orcid.org/0000-0002-4041-3665
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Erin+Mayfield"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://orcid.org/0000-0001-9843-8905
https://orcid.org/0000-0001-9843-8905
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Aranya+Venkatesh"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Alicia+Zhao"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Qianru+Zhu"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.est.6c02914?ref=pdf
pubs.acs.org/est?ref=pdf
https://doi.org/10.1021/acs.est.6c02914?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


Notes

The authors declare no competing financial interest.
Code and Data availability: All data and code used to analyze
the results and plot the figures are available from 10.5281/
zenodo.22306874.

■ ACKNOWLEDGMENTS
J.S., W.P., and X.H. acknowledge the funding support from
NSF grant #2423254. J.S., W.P., and J.J. acknowledge the Fund
for Energy Research with Corporate Partners, supported by
Princeton’s Andlinger Center for Energy and the Environment
and Google. J.J., J.F., and E.M. acknowledge the grant support
from Hewlett Foundation. W.P. additionally acknowledges
funding support from Princeton’s School of Public and
International Affairs. N.M. received funding support from the
John P. Holton Endowed Chair of Health and Environment at
the University of Wisconsin−Madison. G.I. is also affiliated
with Pacific Northwest National Laboratory, which did not
provide specific support for this paper. The views and opinions
expressed in this paper are those of the authors alone and do
not necessarily state or reflect those of their respective
institutions or funding agencies, or the U.S. government, and
no official endorsement should be inferred. We thank the
computing resources of the NCAR/CISL Derecho super-
computer for performing the model runs.

■ REFERENCES
(1) Moutet, L.; Bernard, P.; Green, R.; Milner, J.; Haines, A.; Slama,

R.; Temime, L.; Jean, K. The Public Health Co-Benefits of Strategies
Consistent with Net-Zero Emissions: A Systematic Review. Lancet
Planetary Health 2025, 9 (2), e145−e156.
(2) Peng, W.; Morales, C. C.; Shiwang, J.; Luo, H.; Iyer, G.;

Budolfson, M.; Scovronick, N. Effects of the Low-Carbon Energy
Transition on Air Pollution and Health. Nat. Rev. Clean Technol.
2025, 1 (6), 432−445.
(3) Scovronick, N.; Shiwang, J.; Ferranna, M.; Wagner, F.; Errickson,

F.; Tong, D.; Yan, X.; Dubash, N. K.; Liu, Y.; Krishna, B.; Fleurbaey,
M.; Wang, P.; Zhang, S.; Keisewetter, G.; Smith, S. J.; Dennig, F.;
Peng, W.; Budolfson, M. Global Climate Justice and the Future of Air
Quality Co-Benefits in Low-Income and Middle-Income Countries:
An Energy, Climate, and Health Modelling Study. Lancet Global
Health 2026, 14 (4), e512−e523.
(4) Ou, Y.; Iyer, G.; McJeon, H.; Cui, R.; Zhao, A.; O’Keefe, K. T.

V.; Zhao, M.; Qiu, Y.; Loughlin, D. H. State-by-State Energy-Water-
Land-Health Impacts of the US Net-Zero Emissions Goal. Energy
Clim. Change 2023, 4, 100117.
(5) Ou, Y.; Shi, W.; Smith, S. J.; Ledna, C. M.; West, J. J.; Nolte, C.

G.; Loughlin, D. H. Estimating Environmental Co-Benefits of U.S.
Low-Carbon Pathways Using an Integrated Assessment Model with
State-Level Resolution. Appl. Energy 2018, 216, 482−493.
(6) Stewart, R. K.; Kim, H.; Choi, H. M.; Song, Y.; Zhang, Y.;

Gillingham, K. T.; Esty, D. C.; Hobbs, B. F.; Bell, M. L. Human
Health Impacts of Energy Transitions across the United States among
Sociodemographic Subpopulations for the Year 2050. Environ. Sci.
Technol. 2025, 59 (24), 11995−12007.
(7) Pisoni, E.; Zauli-Sajani, S.; Belis, C. A.; Khomenko, S.; Thunis,

P.; Motta, C.; Van Dingenen, R.; Bessagnet, B.; Monforti-Ferrario, F.;
Maes, J.; Feyen, L. High Resolution Assessment of Air Quality and
Health in Europe under Different Climate Mitigation Scenarios. Nat.
Commun. 2025, 16 (1), 5134.
(8) Pisoni, E.; Thunis, P.; De Meij, A.; Wilson, J.; Bessagnet, B.;

Crippa, M.; Guizzardi, D.; Belis, C. A.; Van Dingenen, R. Modelling
the Air Quality Benefits of EU Climate Mitigation Policies Using Two
Different PM2.5-Related Health Impact Methodologies. Environ. Int.
2023, 172, 107760.

(9) Sun, Y.; Jiang, Y.; Xing, J.; Ou, Y.; Wang, S.; Loughlin, D. H.; Yu,
S.; Ren, L.; Li, S.; Dong, Z.; Zheng, H.; Zhao, B.; Ding, D.; Zhang, F.;
Zhang, H.; Song, Q.; Liu, K.; Klimont, Z.; Woo, J.-H.; Lu, X.; Li, S.;
Hao, J. Air Quality, Health, and Equity Benefits of Carbon Neutrality
and Clean Air Pathways in China. Environ. Sci. Technol. 2024, 58 (34),
15027−15037.
(10) Zhang, S.; An, K.; Li, J.; Weng, Y.; Zhang, S.; Wang, S.; Cai, W.;

Wang, C.; Gong, P. Incorporating Health Co-Benefits into
Technology Pathways to Achieve China’s 2060 Carbon Neutrality
Goal: A Modelling Study. Lancet Planetary Health 2021, 5 (11),
e808−e817.
(11) Dimitrova, A.; Marois, G.; Kiesewetter, G.; Rafaj, P.; Pachauri,

S.; KC, S.; Olmos, S.; Rasella, D.; Tonne, C. Projecting the Impact of
Air Pollution on Child Stunting in India−Synergies and Trade-Offs
between Climate Change Mitigation, Ambient Air Quality Control,
and Clean Cooking Access. Environ. Res. Lett. 2022, 17 (10), 104004.
(12) Fernandez-Guzman, D.; Lavarello, R.; Yglesias-González, M.;

Hartinger, S. M.; Rojas-Rueda, D. A. Scoping Review of the Health
Co-Benefits of Climate Mitigation Strategies in South America. Lancet
Regional Health − Americas 2023, 26, 100602.
(13) Wells, C. D.; Kasoar, M.; Ezzati, M.; Voulgarakis, A. Significant

Human Health Co-Benefits of Mitigating African Emissions. Atmos.
Chem. Phys. 2024, 24 (2), 1025−1039.
(14) Achakulwisut, P.; Erickson, P.; Guivarch, C.; Schaeffer, R.;

Brutschin, E.; Pye, S. Global Fossil Fuel Reduction Pathways under
Different Climate Mitigation Strategies and Ambitions. Nat. Commun.
2023, 14 (1), 5425.
(15) Lelieveld, J.; Klingmüller, K.; Pozzer, A.; Burnett, R. T.; Haines,

A.; Ramanathan, V. Effects of Fossil Fuel and Total Anthropogenic
Emission Removal on Public Health and Climate. Proc. Natl. Acad. Sci.
U. S. A. 2019, 116 (15), 7192−7197.
(16) Binsted, M.; Lochner, E.; Edmonds, J.; Benitez, J.; Bistline, J.;

Browning, M.; Chesnaye, F. D. L.; Fuhrman, J.; Göke, L.; Iyer, G.;
Kennedy, K.; Kyle, P.; Lenox, C.; McJeon, H.; O’Keefe, K.; O’Rourke,
P.; Prabhu, A.; Sands, R.; Sarmiento, L.; Showalter, S.; Victor, N.;
Wood, F.; Yu, S.; Yuan, M. Carbon Management Technology
Pathways for Reaching a U.S. Economy-Wide Net-Zero Emissions
Goal. Energy Clim. Change 2024, 5, 100154.
(17) Huang, X.; Srikrishnan, V.; Lamontagne, J.; Keller, K.; Peng, W.

Effects of Global Climate Mitigation on Regional Air Quality and
Health. Nat. Sustain 2023, 6 (9), 1054−1066.
(18) Masera, O. R.; Bailis, R.; Drigo, R.; Ghilardi, A.; Ruiz-Mercado,

I. Environmental Burden of Traditional Bioenergy Use. Annual Review
of Environment and Resources 2015, 40, 121−150.
(19) Bistline, J.; Abhyankar, N.; Blanford, G.; Clarke, L.; Fakhry, R.;

McJeon, H.; Reilly, J.; Roney, C.; Wilson, T.; Yuan, M.; Zhao, A.
Actions for Reducing US Emissions at Least 50% by 2030. Science
2022, 376 (6596), 922−924.
(20) Shindell, D.; Ru, M.; Zhang, Y.; Seltzer, K.; Faluvegi, G.;

Nazarenko, L.; Schmidt, G. A.; Parsons, L.; Challapalli, A.; Yang, L.;
Glick, A. Temporal and Spatial Distribution of Health, Labor, and
Crop Benefits of Climate Change Mitigation in the United States.
Proc. Natl. Acad. Sci. U. S. A. 2021, 118 (46), No. e2104061118.
(21) Shindell, D.; Faluvegi, G.; Seltzer, K.; Shindell, C. Q. Localized

Health Benefits of Accelerated Carbon Dioxide Emissions Reductions.
Nature Clim Change 2018, 8 (4), 291−295.
(22) Huang, X.; Peng, W.; Zhao, A.; Ou, Y.; Kennedy, S.; Iyer, G.;

McJeon, H.; Cui, R.; Hultman, N. Substantial Air Quality and Health
Co-Benefits from Combined Federal and Subnational Climate
Actions in the United States. One Earth 2025, 8 (3), 101232.
(23) Loughlin, D. H.; Barron, A. R.; Chettri, C. B.; O’Meara, A.;

Sarmiento, L.; Dong, D.; McCollum, D. L.; Showalter, S.; Beach, R.
H.; Bistline, J.; Kim, G. J.; Nolte, C. G.; Emmerling, J.; Kaplan, P. O.
Health and Air Pollutant Emission Impacts of Net Zero CO2 by 2050
Scenarios from the Energy Modeling Forum 37 Study. Energy Clim.
Change 2024, 5, 100165.
(24) Rafaj, P.; Kiesewetter, G.; Krey, V.; Schoepp, W.; Bertram, C.;

Drouet, L.; Fricko, O.; Fujimori, S.; Harmsen, M.; Hilaire, J.;
Huppmann, D.; Klimont, Z.; Kolp, P.; Aleluia Reis, L.; van Vuuren, D.

Environmental Science & Technology pubs.acs.org/est Article

https://doi.org/10.1021/acs.est.6c02914
Environ. Sci. Technol. 2026, 60, 27063−27078

27076

D
ow

nloaded from
 pubs.​acs.​org/​esthag/​article-pdf/​60/​38/​27063/​68539997/​acs.​est.​6c02914.​pdf by guest on 26 O

ctober 2026

https://doi.org/10.5281/zenodo.22306874
https://doi.org/10.5281/zenodo.22306874
https://doi.org/10.1016/S2542-5196(24)00330-9
https://doi.org/10.1016/S2542-5196(24)00330-9
https://doi.org/10.1038/s44359-025-00070-0
https://doi.org/10.1038/s44359-025-00070-0
https://doi.org/10.1016/S2214-109X(26)00006-9
https://doi.org/10.1016/S2214-109X(26)00006-9
https://doi.org/10.1016/S2214-109X(26)00006-9
https://doi.org/10.1016/j.egycc.2023.100117
https://doi.org/10.1016/j.egycc.2023.100117
https://doi.org/10.1016/j.apenergy.2018.02.122
https://doi.org/10.1016/j.apenergy.2018.02.122
https://doi.org/10.1016/j.apenergy.2018.02.122
https://doi.org/10.1021/acs.est.4c14326?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.est.4c14326?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.est.4c14326?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1038/s41467-025-60449-2
https://doi.org/10.1038/s41467-025-60449-2
https://doi.org/10.1016/j.envint.2023.107760
https://doi.org/10.1016/j.envint.2023.107760
https://doi.org/10.1016/j.envint.2023.107760
https://doi.org/10.1021/acs.est.3c10076?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.est.3c10076?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1016/S2542-5196(21)00252-7
https://doi.org/10.1016/S2542-5196(21)00252-7
https://doi.org/10.1016/S2542-5196(21)00252-7
https://doi.org/10.1088/1748-9326/ac8e89
https://doi.org/10.1088/1748-9326/ac8e89
https://doi.org/10.1088/1748-9326/ac8e89
https://doi.org/10.1088/1748-9326/ac8e89
https://doi.org/10.1016/j.lana.2023.100602
https://doi.org/10.1016/j.lana.2023.100602
https://doi.org/10.5194/acp-24-1025-2024
https://doi.org/10.5194/acp-24-1025-2024
https://doi.org/10.1038/s41467-023-41105-z
https://doi.org/10.1038/s41467-023-41105-z
https://doi.org/10.1073/pnas.1819989116
https://doi.org/10.1073/pnas.1819989116
https://doi.org/10.1016/j.egycc.2024.100154
https://doi.org/10.1016/j.egycc.2024.100154
https://doi.org/10.1016/j.egycc.2024.100154
https://doi.org/10.1038/s41893-023-01133-5
https://doi.org/10.1038/s41893-023-01133-5
https://doi.org/10.1146/annurev-environ-102014-021318
https://doi.org/10.1126/science.abn0661
https://doi.org/10.1073/pnas.2104061118
https://doi.org/10.1073/pnas.2104061118
https://doi.org/10.1038/s41558-018-0108-y
https://doi.org/10.1038/s41558-018-0108-y
https://doi.org/10.1016/j.oneear.2025.101232
https://doi.org/10.1016/j.oneear.2025.101232
https://doi.org/10.1016/j.oneear.2025.101232
https://doi.org/10.1016/j.egycc.2024.100165
https://doi.org/10.1016/j.egycc.2024.100165
pubs.acs.org/est?ref=pdf
https://doi.org/10.1021/acs.est.6c02914?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


Air Quality and Health Implications of 1.5 °C−2 °C Climate
Pathways under Considerations of Ageing Population: A Multi-Model
Scenario Analysis. Environ. Res. Lett. 2021, 16 (4), 045005.
(25) Rodés-Bachs, C.; Drouet, L.; Rafaj, P.; Tavoni, M.; Reis, L. A.

Beyond the Limit: The Estimated Air Pollution Damages of
Overshooting the Temperature Target. Sci. Adv. 2025, 11 (42),
No. eadu7590.
(26) Epri-Dev/US-REGEN, 2025. https://github.com/epri-dev/US-

REGEN (accessed 04-09-2025).
(27) Victor, N.; Nichols, C. Impact of Carbon Dioxide Removal

Technologies on Deep Decarbonization: EMF37 MARKAL−NETL
Modeling Results. Energy Clim. Change 2024, 5, 100143.
(28) EPAUS9rT database for use with the TIMES modeling

platform, 2025. EPA. https://cfpub.epa.gov/si/si_public_record_
report.cfm?Lab=NRMRL&dirEntryId=346478 (accessed 04-09-
2025).
(29) The WITCH model. 2025 https://www.witchmodel.org/

(accessed 04-09-2025).
(30) JGCRI/Gcam-Core, 2025. https://github.com/JGCRI/gcam-

core (accessed 04-09-2025).
(31) princeton.edu, 2025 REPEAT | Rapid Energy Policy Evaluation

& Analysis Toolkit. https://repeatproject.org (accessed 04-09-2025).
(32) Introduction | Energy Policy Simulator Documentation. 2025

https://docs.energypolicy.solutions/(accessed 04-09-2025)..
(33) Bistline, J. E. T.; Binsted, M.; Blanford, G.; Boyd, G.; Browning,

M.; Cai, Y.; Edmonds, J.; Fawcett, A. A.; Fuhrman, J.; Gao, R.; Harris,
C.; Hoehne, C.; Iyer, G.; Johnson, J. X.; Kaplan, P. O.; Loughlin, D.;
Mahajan, M.; Mai, T.; McFarland, J. R.; McJeon, H.; Melaina, M.;
Mousavi, S. S.; Muratori, M.; Orvis, R.; Prabhu, A.; Rossmann, C.;
Sands, R. D.; Sarmiento, L.; Showalter, S.; Sinha, A.; Starke, E.;
Stewart, E.; Vaillancourt, K.; Weyant, J.; Wood, F.; Yuan, M. Policy
Implications of Net-Zero Emissions: A Multi-Model Analysis of
United States Emissions and Energy System Impacts. Energy Clim.
Change 2025, 6, 100191.
(34) Davidson, M. R.; Filatova, T.; Peng, W.; Verbeek, L.;

Kucuksayacigil, F. Simulating Institutional Heterogeneity in Sustain-
ability Science. Proc. Natl. Acad. Sci. U. S. A. 2024, 121 (8),
No. e2215674121.
(35) Browning, M.; McFarland, J.; Bistline, J.; Boyd, G.; Muratori,

M.; Binsted, M.; Harris, C.; Mai, T.; Blanford, G.; Edmonds, J.;
Fawcett, A. A.; Kaplan, O.; Weyant, J. Net-Zero CO2 by 2050
Scenarios for the United States in the Energy Modeling Forum 37
Study. Energy Clim. Change 2023, 4, 100104.
(36) Iyer, G.; Zhao, A.; Bryant, A.; Bistline, J.; Blanford, G.; Cui, R.;

Fawcett, A. A.; Goldstein, R.; Levin, A.; Mahajan, M.; McJeon, H.;
Orvis, R.; Hultman, N. A Multi-Model Study to Inform the United
States’ 2035 NDC. Nat. Commun. 2025, 16 (1), 643.
(37) US EPA. CO-Benefits Risk Assessment Health Impacts

Screening and Mapping Tool (COBRA). 2025 https://www.epa.
gov/cobra (accessed 10-11-2025).
(38) Gu, B.; Zhang, L.; Van Dingenen, R.; Vieno, M.; Van Grinsven,

H. J.; Zhang, X.; Zhang, S.; Chen, Y.; Wang, S.; Ren, C.; Rao, S.;
Holland, M.; Winiwarter, W.; Chen, D.; Xu, J.; Sutton, M. A. Abating
Ammonia Is More Cost-Effective than Nitrogen Oxides for Mitigating
PM2.5 Air Pollution. Science 2021, 374 (6568), 758−762.
(39) Guo, Y.; Zhang, L.; Winiwarter, W.; van Grinsven, H. J. M.;

Wang, X.; Li, K.; Pan, D.; Liu, Z.; Gu, B. Ambitious Nitrogen
Abatement Is Required to Mitigate Future Global PM2.5 Air
Pollution toward the World Health Organization Targets. One Earth
2024, 7 (9), 1600−1613.
(40) Qiu, M.; Li, J.; Gould, C. F.; Jing, R.; Kelp, M.; Childs, M. L.;

Wen, J.; Xie, Y.; Lin, M.; Kiang, M. V.; Heft-Neal, S.; Diffenbaugh, N.
S.; Burke, M. Wildfire Smoke Exposure and Mortality Burden in the
USA under Climate Change. Nature 2025, 647 (8091), 935−943.
(41) Bistline, J. E. T.; Blanford, G.; Grant, J.; Knipping, E.;

McCollum, D. L.; Nopmongcol, U.; Scarth, H.; Shah, T.; Yarwood, G.
Economy-Wide Evaluation of CO2 and Air Quality Impacts of
Electrification in the United States. Nat. Commun. 2022, 13 (1), 6693.

(42) Jenkins, J. D.; Mayfield, E. N.; Farbes, J.; Schivley, G.; Patankar,
N.; Jones, R. Climate Progress and the 117th Congress: The Impacts of
the Inflation Reduction Act and Infrastructure Investment and Jobs Act;
Zenodo, 2023 .
(43) Calvin, K.; Patel, P.; Clarke, L.; Asrar, G.; Bond-Lamberty, B.;

Cui, R. Y.; Di Vittorio, A.; Dorheim, K.; Edmonds, J.; Hartin, C.;
Hejazi, M.; Horowitz, R.; Iyer, G.; Kyle, P.; Kim, S.; Link, R.; McJeon,
H.; Smith, S. J.; Snyder, A.; Waldhoff, S.; Wise, M. GCAM v5.1:
Representing the Linkages between Energy, Water, Land, Climate,
and Economic Systems. Geosci. Model Dev. 2019, 12 (2), 677−698.
(44) Iyer, G.; Hultman, N.; Eom, J.; McJeon, H.; Patel, P.; Clarke, L.

Diffusion of Low-Carbon Technologies and the Feasibility of Long-
Term Climate Targets. Technological Forecasting and Social Change
2015, 90, 103−118.
(45) Iyer, G. C.; Brown, M.; Cohen, S. M.; Macknick, J.; Patel, P.;

Wise, M.; Binsted, M.; Voisin, N. Improving Consistency among
Models of Overlapping Scope in Multi-Sector Studies: The Case of
Electricity Capacity Expansion Scenarios. Renewable and Sustainable
Energy Reviews 2019, 116, 109416.
(46) Zhao, A.; O’Keefe, K. T. V.; Binsted, M.; McJeon, H.; Bryant,

A.; Squire, C.; Zhang, M.; Smith, S. J.; Cui, R.; Ou, Y.; Iyer, G.;
Kennedy, S.; Hultman, N. High-Ambition Climate Action in All
Sectors Can Achieve a 65% Greenhouse Gas Emissions Reduction in
the United States by 2035. npj Clim. Action 2024, 3 (1), 63.
(47) U.S. Energy Information Administration - EIA. Independent

Statistics and Analysis. https://www.eia.gov/totalenergy/data/
browser/index.php?tbl=T02.08#/?f=M (accessed 10-11-2025).
(48) United States - Countries & Regions. IEA. https://www.iea.org/

countries/united-states/efficiency-demand (accessed 10-11-2025).
(49) US EPA. 2017 National Emissions Inventory (NEI) Data.

https://www.epa.gov/air-emissions-inventories/2017-national-
emissions-inventory-nei-data (accessed 04-09-2025).
(50) Chen, Y.; Shen, H.; Kaiser, J.; Hu, Y.; Capps, S. L.; Zhao, S.;

Hakami, A.; Shih, J.-S.; Pavur, G. K.; Turner, M. D.; Henze, D. K.;
Resler, J.; Nenes, A.; Napelenok, S. L.; Bash, J. O.; Fahey, K. M.;
Carmichael, G. R.; Chai, T.; Clarisse, L.; Coheur, P.-F.; Van Damme,
M.; Russell, A. G. High-Resolution Hybrid Inversion of IASI
Ammonia Columns to Constrain US Ammonia Emissions Using the
CMAQ Adjoint Model. Atmos. Chem. Phys. 2021, 21 (3), 2067−2082.
(51) Koplitz, S. N.; Nolte, C. G.; Pouliot, G. A.; Vukovich, J. M.;

Beidler, J. Influence of Uncertainties in Burned Area Estimates on
Modeled Wildland Fire PM2.5 and Ozone Pollution in the
Contiguous U.S. Atmos. Environ. 2018, 191, 328−339.
(52) Fankhauser, S.; Smith, S. M.; Allen, M.; Axelsson, K.; Hale, T.;

Hepburn, C.; Kendall, J. M.; Khosla, R.; Lezaun, J.; Mitchell-Larson,
E.; Obersteiner, M.; Rajamani, L.; Rickaby, R.; Seddon, N.; Wetzer, T.
The Meaning of Net Zero and How to Get It Right. Nat. Clim.
Change 2022, 12 (1), 15−21.
(53) Forest Service Research Data Archive. https://www.fs.usda.

gov/rds/archive/catalog/RDS-2018-0021 (accessed 04-09-2025).
(54) Ford, B.; Val Martin, M.; Zelasky, S. E.; Fischer, E. V.;

Anenberg, S. C.; Heald, C. L.; Pierce, J. R. Future Fire Impacts on
Smoke Concentrations, Visibility, and Health in the Contiguous
United States. GeoHealth 2018, 2 (8), 229−247.
(55) Beaudor, M.; Vuichard, N.; Lathier̀e, J.; Hauglustaine, D. A.

Future Trends of Global Agricultural Emissions of Ammonia in a
Changing Climate. Journal of Advances in Modeling Earth Systems
2025, 17 (4), No. e2023MS004186.
(56) Beaudor, M.; Vuichard, N.; Lathier̀e, J.; Hauglustaine, D.

Global Ammonia Emissions from CAMEO throughout the Century
for 3 Scenarios (2000-2100), 2023. https://zenodo.org/records/
10100435 (accessed 04-09-2025).
(57) Tessum, C. W.; Hill, J. D.; Marshall, J. D. InM. A. P. A Model

for Air Pollution Interventions. PLoS One 2017, 12 (4),
No. e0176131.
(58) Tessum, C. W.; Paolella, D. A.; Chambliss, S. E.; Apte, J. S.;

Hill, J. D.; Marshall, J. D. PM2.5 Polluters Disproportionately and
Systemically Affect People of Color in the United States. Sci. Adv.
2021, 7 (18), No. eabf4491.

Environmental Science & Technology pubs.acs.org/est Article

https://doi.org/10.1021/acs.est.6c02914
Environ. Sci. Technol. 2026, 60, 27063−27078

27077

D
ow

nloaded from
 pubs.​acs.​org/​esthag/​article-pdf/​60/​38/​27063/​68539997/​acs.​est.​6c02914.​pdf by guest on 26 O

ctober 2026

https://doi.org/10.1088/1748-9326/abdf0b
https://doi.org/10.1088/1748-9326/abdf0b
https://doi.org/10.1088/1748-9326/abdf0b
https://doi.org/10.1126/sciadv.adu7590
https://doi.org/10.1126/sciadv.adu7590
https://github.com/epri-dev/US-REGEN
https://github.com/epri-dev/US-REGEN
https://doi.org/10.1016/j.egycc.2024.100143
https://doi.org/10.1016/j.egycc.2024.100143
https://doi.org/10.1016/j.egycc.2024.100143
https://cfpub.epa.gov/si/si_public_record_report.cfm?Lab=NRMRL&dirEntryId=346478
https://cfpub.epa.gov/si/si_public_record_report.cfm?Lab=NRMRL&dirEntryId=346478
https://www.witchmodel.org/
https://github.com/JGCRI/gcam-core
https://github.com/JGCRI/gcam-core
https://repeatproject.org
https://docs.energypolicy.solutions/
https://doi.org/10.1016/j.egycc.2025.100191
https://doi.org/10.1016/j.egycc.2025.100191
https://doi.org/10.1016/j.egycc.2025.100191
https://doi.org/10.1073/pnas.2215674121
https://doi.org/10.1073/pnas.2215674121
https://doi.org/10.1016/j.egycc.2023.100104
https://doi.org/10.1016/j.egycc.2023.100104
https://doi.org/10.1016/j.egycc.2023.100104
https://doi.org/10.1038/s41467-025-55858-2
https://doi.org/10.1038/s41467-025-55858-2
https://www.epa.gov/cobra
https://www.epa.gov/cobra
https://doi.org/10.1126/science.abf8623
https://doi.org/10.1126/science.abf8623
https://doi.org/10.1126/science.abf8623
https://doi.org/10.1016/j.oneear.2024.08.007
https://doi.org/10.1016/j.oneear.2024.08.007
https://doi.org/10.1016/j.oneear.2024.08.007
https://doi.org/10.1038/s41586-025-09611-w
https://doi.org/10.1038/s41586-025-09611-w
https://doi.org/10.1038/s41467-022-33902-9
https://doi.org/10.1038/s41467-022-33902-9
https://doi.org/10.5194/gmd-12-677-2019
https://doi.org/10.5194/gmd-12-677-2019
https://doi.org/10.5194/gmd-12-677-2019
https://doi.org/10.1016/j.techfore.2013.08.025
https://doi.org/10.1016/j.techfore.2013.08.025
https://doi.org/10.1016/j.rser.2019.109416
https://doi.org/10.1016/j.rser.2019.109416
https://doi.org/10.1016/j.rser.2019.109416
https://doi.org/10.1038/s44168-024-00145-x
https://doi.org/10.1038/s44168-024-00145-x
https://doi.org/10.1038/s44168-024-00145-x
https://www.eia.gov/totalenergy/data/browser/index.php?tbl=T02.08#/?f=M
https://www.eia.gov/totalenergy/data/browser/index.php?tbl=T02.08#/?f=M
https://www.iea.org/countries/united-states/efficiency-demand
https://www.iea.org/countries/united-states/efficiency-demand
https://www.epa.gov/air-emissions-inventories/2017-national-emissions-inventory-nei-data
https://www.epa.gov/air-emissions-inventories/2017-national-emissions-inventory-nei-data
https://doi.org/10.5194/acp-21-2067-2021
https://doi.org/10.5194/acp-21-2067-2021
https://doi.org/10.5194/acp-21-2067-2021
https://doi.org/10.1016/j.atmosenv.2018.08.020
https://doi.org/10.1016/j.atmosenv.2018.08.020
https://doi.org/10.1016/j.atmosenv.2018.08.020
https://doi.org/10.1038/s41558-021-01245-w
https://www.fs.usda.gov/rds/archive/catalog/RDS-2018-0021
https://www.fs.usda.gov/rds/archive/catalog/RDS-2018-0021
https://doi.org/10.1029/2018GH000144
https://doi.org/10.1029/2018GH000144
https://doi.org/10.1029/2018GH000144
https://doi.org/10.1029/2023MS004186
https://doi.org/10.1029/2023MS004186
https://zenodo.org/records/10100435
https://zenodo.org/records/10100435
https://doi.org/10.1371/journal.pone.0176131
https://doi.org/10.1371/journal.pone.0176131
https://doi.org/10.1126/sciadv.abf4491
https://doi.org/10.1126/sciadv.abf4491
pubs.acs.org/est?ref=pdf
https://doi.org/10.1021/acs.est.6c02914?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


(59) Gallagher, C. L.; Holloway, T.; Tessum, C. W.; Jackson, C. M.;
Heck, C. Combining Satellite-Derived PM2.5 Data and a Reduced-
Form Air Quality Model to Support Air Quality Analysis in US Cities.
GeoHealth 2023, 7 (5), No. e2023GH000788.
(60) Pope, C. A.; Lefler, J. S.; Ezzati, M.; Higbee, J. D.; Marshall, J.

D.; Kim, S.-Y.; Bechle, M.; Gilliat, K. S.; Vernon, S. E.; Robinson, A.
L.; Burnett, R. T. Mortality Risk and Fine Particulate Air Pollution in
a Large, Representative Cohort of U.S. Adults. Environ. Health
Perspect. 2019, 127 (7), 77007.
(61) Sacks, J. D.; Lloyd, J. M.; Zhu, Y.; Anderton, J.; Jang, C. J.;

Hubbell, B.; Fann, N. The Environmental Benefits Mapping and
Analysis Program − Community Edition (BenMAP−CE): A Tool to
Estimate the Health and Economic Benefits of Reducing Air
Pollution. Environmental Modelling & Software 2018, 104, 118−129.
(62) U.S. Census Bureau. County Population Totals: 2010-2019.

2019, Census.gov. https://www.census.gov/data/datasets/time-
series/demo/popest/2010s-counties-total.html (accessed 04-09-
2025).
(63) Earth Science Data Systems, N. Georeferenced U.S. County-Level

Population Projections Total and by Sex, Race and Age, Based on the
SSPs, 2020-2100. NASA Earthdata, 2025. https://www.earthdata.nasa.
gov/data/catalog/sedac-ciesin-sedac-pd-ppuscasrcssp-1.00 (accessed
04-09-2025).
(64) Burnett, R.; Chen, H.; Szyszkowicz, M.; Fann, N.; Hubbell, B.;

Pope, C. A.; Apte, J. S.; Brauer, M.; Cohen, A.; Weichenthal, S.;
Coggins, J.; Di, Q.; Brunekreef, B.; Frostad, J.; Lim, S. S.; Kan, H.;
Walker, K. D.; Thurston, G. D.; Hayes, R. B.; Lim, C. C.; Turner, M.
C.; Jerrett, M.; Krewski, D.; Gapstur, S. M.; Diver, W. R.; Ostro, B.;
Goldberg, D.; Crouse, D. L.; Martin, R. V.; Peters, P.; Pinault, L.;
Tjepkema, M.; van Donkelaar, A.; Villeneuve, P. J.; Miller, A. B.; Yin,
P.; Zhou, M.; Wang, L.; Janssen, N. A. H.; Marra, M.; Atkinson, R.
W.; Tsang, H.; Quoc Thach, T.; Cannon, J. B.; Allen, R. T.; Hart, J.
E.; Laden, F.; Cesaroni, G.; Forastiere, F.; Weinmayr, G.; Jaensch, A.;
Nagel, G.; Concin, H.; Spadaro, J. V. Global Estimates of Mortality
Associated with Long-Term Exposure to Outdoor Fine Particulate
Matter. Proc. Natl. Acad. Sci. U. S. A. 2018, 115 (38), 9592−9597.
(65) Kaya, Y.; Yokobori, K. Environment, Energy, and Economy:

Strategies for Sustainability. In 1997; Ed., UN University Press: Tokyo;
New York; Paris.
(66) Hoehne, C.; Muratori, M.; Bistline, J.; Lenox, C.; McCollum,

D. L.; Browning, M.; Podkaminer, K.; Beach, R. H.; Orvis, R.; Ou, S.;
Kyle, P.; Lie, S.; Mahajan, M.; McJeon, H.; Ledna, C.; Melaina, M.;
Cai, Y.; Ramig, C.; Bahreinian, A.; Victor, N.; Bahn, O.; Vaillancourt,
K.; Starke, E.; Fawcett, A.; McFarland, J.; Blanford, G.; Mai, T.;
Weyant, J. Transportation in Net-Zero Emissions Futures: Insights
from the EMF-37 Model Intercomparison Study. Energy Clim. Change
2025, 6, 100211.
(67) US EPA Inventory of U.S. Greenhouse Gas Emissions and

Sinks. https://www.epa.gov/ghgemissions/inventory-us-greenhouse-
gas-emissions-and-sinks (accessed 10-01-2025).
(68) Ou, Y.; Smith, S. J.; West, J. J.; Nolte, C. G.; Loughlin, D. H.

State-Level Drivers of Future Fine Particulate Matter Mortality in the
United States. Environ. Res. Lett. 2019, 14 (12), 124071.
(69) Mehmood, S.; Zaman, K.; Khan, S.; Ali, Z.; Khan, H. ur R. The

Role of Green Industrial Transformation in Mitigating Carbon
Emissions: Exploring the Channels of Technological Innovation and
Environmental Regulation. Energy Built Environ. 2024, 5 (3), 464−
479.
(70) O’Keefe, K. T. V.; Iyer, G.; Kennedy, K. M.; Ou, Y.; Zhao, A.;

Cui, R.; McJeon, H.; Hultman, N. The Role of Electrification and the
Power Sector in U.S. Carbon Neutrality. Energy Clim. Change 2024, 5,
100155.
(71) Rogelj, J. Net Zero Targets in Science and Policy. Environ. Res.

Lett. 2023, 18 (2), 021003.
(72) Yang, H.; Huang, X.; Westervelt, D. M.; Horowitz, L.; Peng, W.

Socio-Demographic Factors Shaping the Future Global Health
Burden from Air Pollution. Nat. Sustain 2023, 6 (1), 58−68.
(73) Goodkind, A. L.; Tessum, C. W.; Coggins, J. S.; Hill, J. D.;

Marshall, J. D. Fine-Scale Damage Estimates of Particulate Matter Air

Pollution Reveal Opportunities for Location-Specific Mitigation of
Emissions. Proc. Natl. Acad. Sci. U. S. A. 2019, 116 (18), 8775−8780.
(74) Chapter 7: Agriculture, Forestry, and Other Land Uses (AFOLU).

https://www.ipcc.ch/report/ar6/wg3/Chapter/Chapter-7/(accessed
11-11-2025).
(75) Smith, P.; Davis, S. J.; Creutzig, F.; Fuss, S.; Minx, J.; Gabrielle,

B.; Kato, E.; Jackson, R. B.; Cowie, A.; Kriegler, E.; van Vuuren, D. P.;
Rogelj, J.; Ciais, P.; Milne, J.; Canadell, J. G.; McCollum, D.; Peters,
G.; Andrew, R.; Krey, V.; Shrestha, G.; Friedlingstein, P.; Gasser, T.;
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