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ABSTRACT OF THE DISSERTATION

Aerosols, Air Quality Equity, and Climate Impacts: Idealized Modeling to Inform Climate Policy

by

Pascal Polonik

Doctor of Philosophy in Earth Sciences

University of California San Diego, 2023

Professor Katharine Ricke, Chair
Professor Jennifer Burney, Co-Chair

Improved understanding of the physical impacts to the climate caused by anthropogenic
emissions has led to an increased focus on the role of policy on limiting mitigating the cause
and the impacts of climate change. The emissions trajectory that society takes will play a major
role in determining a wide variety of climate impacts from health to economic growth. This
dissertation explores how idealized modeling can be used to inform the potential outcomes of the
policies meant to mitigate the negative impacts of climate change and optimize the benefits of
emission reduction. Chapter 1 explores the potential trade-offs between increased temperatures

and reduced health impacts of considering aerosol emissions in international climate policy.
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Using an idealized model, it is possible to demonstrate that both health and temperature benefits
can result from considering either health or temperature separately. Chapter 2 interrogates
whether climate policy in the United States can be used to reduce existing racial inequities in
air pollution exposure. The modeling shows that prioritizing by exclusively income or cost
in national policy would result in worsening inequities, but that prioritizing by race explicitly
has the opposite effect. Using a set of more realistic air quality simulations with randomized
emission reduction, it appears that the transportation has a unique potential for air quality equity
improvements. Lastly, Chapter 3 focuses on statistical models that use natural variation in
annual weather to predict how climate will influence human outcomes. Using an idealized
outcome variable and real data of global gross domestic product, it is possible to demonstrate
that imperfect measurement networks and the mean shift in climate both work to underestimate

future climate impacts.
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Chapter 1

Introduction

Emissions of greenhouse gases and conventional pollutants from human activity have
warmed Earth’s climate [1] and degraded air quality [2, 3]; these changes in turn negatively
impact human welfare, equity, and societal function. The decisions we make collectively about
how to ameliorate and respond to these harms will have far-reaching consequences, but there is
significant uncertainty in our understanding of both physical impacts and the impact of available
policy levers.

Although there are many remaining avenues for improving scientific understanding
of how emissions influence the climate and human health, the biggest uncertainty in future
outcomes is human decision-making about the rate, location, and type of emission reduction,
and the human response to a changed environment. The atmosphere is chaotic and the climate
system is complex, but we now collectively understand a large portion of the underlying physics
that govern radiative transfer and the general circulation. Human decisions and reactions, on
the other hand, cannot be reduced to a set of governing equations. However, despite their
complexity, we can draw on the current understanding of the Earth system in simplified models
to better understand how decisions influence outcomes and how people respond to change. In this
dissertation I use idealized modeling to constrain how various policy decisions could influence
human outcomes.

In Chapter 2, I explore how idealized Paris Agreement implementation decisions at the



country level can change air pollution and global temperatures. Since aerosols mask a portion
of global warming from greenhouse gases, their reduced emissions can unintentionally cause
global temperature rise. This is relevant to climate policy because aerosols are co-emitted
with greenhouse gases, so the effectiveness of greenhouse gas mitigation may be hampered by
reductions in cooling aerosols. However, some aerosol species also cause warming and they are
all damaging to human health, meaning there can be tradeoffs or co-benefits from aerosols when
reducing greenhouse gas emissions.

In Chapter 3, I focus on potential air pollution and equity co-benefits of greenhouse gas
emission reduction in the United States. Again using an idealized decision framework, but a
more sophisticated air quality model and county-level emissions, I quantify how implementing
the country’s reduction targets might impact racial air quality equity. By testing how different
criteria (e.g. income) for choosing emission reduction location impact air quality equity, it is
possible to test whether these approaches will in fact reduce existing inequities as is the stated
priority of the U.S. government. Furthermore, by testing slightly more realistic randomized
emission reductions I test whether reductions in certain sectors are disproportionately effective
at improving equity.

In Chapter 4, 1 turn towards the global empirical impact models often used to project
future effects of climate change. I use an idealized outcome to quantify how statistical models
that estimate the impact of temperature (T) and precipitation (P) are impacted by imperfect
measurement of T and P, the correlation between T and P, and the aggregation to large spatial
scales at which societal data are often available (e.g. countries). The goal of this chapter is to
bridge the physical science and the causal analysis often used by economists to improve the
understanding of society’s response to global change.

Together, these chapters help explain interactions between the physical environment and

human outcomes, specifically around climate policy implementation.



Chapter 2

Paris Agreement’s ambiguity about aerosols
drives uncertain health and climate out-
comes

2.1 Abstract

Anthropogenic aerosols are hazardous to human health but have helped offset warming
from greenhouse gases (GHGs), creating a potential regulatory tradeoff. As countries implement
their GHG reduction targets under the Paris climate agreement, the co-emissions of aerosols and
their precursors will also change. Since these co-emissions vary by country and by economic
sector, each country will face different tradeoffs between aerosol-driven health or temperature
co-benefits. We combine simple parameterizations of physical processes and health outcomes to
examine three idealized climate policy approaches that are consistent with the Paris Agreement
targets, which 1) optimize for local air quality, ii) reduce global temperature change, or iii) reduce
emissions equally from all domestic economic sectors. We evaluate aerosol impacts on premature
mortality and global mean temperature change under these three policy approaches and find that
by 2030 the three policies yield differences of over one million annual premature deaths and
global temperature differences of the same magnitude as those from GHG reductions. We also
show that implementing equal reductions between all economic sectors can actually result in

less beneficial health and temperature outcomes than either of the other options, especially in



less industrialized regions. We therefore conclude that aerosol-related co-benefits and aerosol

accounting guidelines should be explicitly considered in setting international climate policy.

2.2 Introduction

The Paris Agreement, a major international effort to limit global warming to 1.5-2 °C,
requires every participating country to submit a Nationally Determined Contribution (NDC), in
which each country outlines the steps they believe are required to achieve the joint goal. The
NDC:s are non-binding, flexible, and vary substantially between different countries. NDCs differ
in several important dimensions, including which greenhouse gases (GHGs) are considered,
which economic sectors are expected to reduce emissions, which year’s emissions serve as the
baseline, whether absolute emissions or emission intensity (i.e. emissions per gross domestic
product (GDP) or population) will be reduced, or whether reductions are considered in absolutes
or relative to a business as usual scenario. Many NDCs emphasize the importance of addressing
climate change but do not state any concrete or quantifiable emissions reductions. The NDCs
are largely unstructured text documents, and their phrasing is often ambiguous. This can leave
substantial flexibility in their implementation [4]. For example, several different emissions
pathways (e.g., reductions in different sectors) could lead to the same stated outcome, or
conversely, the same stated goal might correspond to very different changes in emissions,
depending on the accounting details and assumptions [5].

One confounding factor not addressed by the NDCs is the influence of atmospheric
particulate matter (aerosols). Both anthropogenic emissions of (GHGs) and aerosols alter Earth’s
climate, but most countries only consider GHGs in their NDCs. However, GHG emissions are
closely tied to aerosol emissions since many human activities simultaneously produce both [6, 7].
As countries implement their GHG reduction commitments, aerosol emissions will also change
[8].

Joint consideration of GHGs and aerosols is critical because, while GHG emissions might



be thought of as unambiguously harmful, from a climate change perspective, the influence of
aerosols is complex and uncertain [9]. Aerosols typically only have a lifetime of 5-10 days, but
their impacts are pervasive due to their continuous emission. They can directly absorb and scatter
radiation (direct effect), influence the formation and evolution of clouds as cloud condensation
nuclei (indirect effects), alter vertical temperature profiles and thereby cloud dynamics (semi-
direct effects), and modify surface albedo (e.g. darken snow). These effects can all change
radiative transfer and thereby change radiative forcing, which is the net change in the energy
balance of the Earth system due to some imposed perturbation [10]. The impact on the energy
budget depends on the aerosol chemical composition and size distribution, which vary in space
and time [11]. In contrast to aerosols, the radiative forcing of greenhouse gases is substantially
more spatially and temporally uniform due to longer lifetimes and simpler chemical properties.
Radiative forcing leads to temperature changes, and in aggregate, anthropogenic aerosols have
offset a third of warming from anthropogenic GHG emissions [12], though the aerosol impacts
are much more uncertain than the GHG impacts [13]. Despite net global cooling, some aerosols
like black carbon have a net warming effect globally while others, like sulfates, cause cooling
[14, 15]. The climate impacts of aerosols can have profound global implications [16]. However,
in the context of policy, aerosols have historically been regulated in response to their impact on
local air quality, rather than climate impacts, because air pollution has a host of negative health
consequences that can lead to premature mortality [3, 17, 18].

Air quality improvements have short-term, local benefits, which can incentivize regulation
[19]. Climate change mitigation on the other hand, is normally considered a short-term cost
with long-term, global benefits, which lowers the incentive for domestic regulations. Including
aerosols in economic analyses of climate regulation has been shown to make emissions reduction
financially favorable in the short-term as well as the long-term [20]. Aerosol regulation has
historically come in the form of air quality regulations, but the cooling role of aerosols has led
to concern that such regulation could amplify planetary warming [21]. Meanwhile, others have

argued that targeted reduction of warming aerosols could be leveraged for an additional cooling



effect that would aid efforts to limit warming [22, 23], though simultaneous changes to the
emission of other species counter the intended cooling [24]. Regardless of the sign of the effect,
the use of climate-impact metrics that incorporate near-term climate forcers (NTCFs, which
include gases and particles with short lifetimes that cause radiative forcing) can better predict
climate outcomes, especially for ambitious emissions reduction pathways like those proposed in
the Paris Agreement [25].

Here, we quantify aerosol-induced premature mortality and temperature effects in 2030
under different implementation strategies for meeting the targets associated with the Paris
Agreement. We consider black carbon (BC), organic carbon (OC), sulfur dioxide (SO;), and
nitrogen oxides (NO,) using global gridded anthropogenic emissions data that specifies emissions
by economic sector. OC, SO, and NO, are associated with negative radiative forcing (surface
cooling) impacts, while BC is associated with positive radiative forcing, though all four lead to
negative health outcomes. We simulate multiple operationalizations of the NDCs for each country
using idealized physical assumptions and decision priorities that demonstrate the consequences of

countries’ ambiguous aerosol co-emissions in implementing their NDC target GHG reductions.

2.3 Methods

We examine outcomes under three country-level decision-making priorities: (1) mini-
mization of global temperature change (climate priority), (2) minimizing local air pollution (air
quality (AQ) priority), and (3) political expediency in the form of proportional cross-sectoral
reductions, 1.e., no aerosol-specific policy (equal-by-sector). The underlying emissions rely on
the no-climate-policy baseline shared socioeconomic pathway (no-policy SSP, [26, 27]). SSP3
is a nationalist, low-growth scenario with costly mitigation whose baseline corresponds to the
Representative Concentration Pathway 7.0 (RCP7.0) [28]; SSP5 is a scenario with high fossil
fuel development whose baseline corresponds to RCP8.5 [29].

Some NDCs specify which greenhouse gases are covered by the agreement, while others



do not. Unless otherwise specified, we assume that all targets refer to carbon dioxide equivalent
(COze), where COse is emission rate of carbon dioxide (CO,), methane (CHy), and nitrous oxide
(N;0) scaled by the global warming potential (GWP; CO;: 1, CHy: 28, N,O: 265) [30]. We
limit the analysis to only CO; for countries that specify that targets are only for CO; (e.g. China).
We define the notation, CO;[e], to refer to CO,e or CO, emissions as specified by each country’s
NDC. We do not consider additional gases (e.g. chlorofluorocarbons (CFCs), sulfur hexafluoride
(SFg)), even if they are specified, due to data availability; errors from omission are likely small
since CO,, CHy, and N, O constitute the vast majority of CO,e emissions. We also consider
four NTCFs: BC, OC, SO; (as the main precursor for sulfate aerosols), and NO, (as the main
precursor for nitrate aerosols). All emissions are divided into eight economic sectors: agriculture,

energy, industry, transportation, residential/commercial, solvents, waste, and shipping.

2.3.1 Idealized decision-making

To minimize temperature change or air pollution, we identify each sector’s impact per
CO»[e] emission and sequentially reduce the most sectorally impactful emissions of CO;[e] and
NTCEF co-emissions. These represent the extreme, unconstrained cases and therefore represent
bounding cases under the assumption that countries meet their Paris Agreement goals.

In the case of no aerosol-specific policy (equal-by-sector), we alter each sector’s anthro-
pogenic emissions equally to meet the GHG target. For example, a 20% reduction in GHGs
between 2020 and 2030 would yield linearly decreasing emissions of all GHGs and NTCFs
for each sector, and therefore also of the total. We include the equal-by-sector implementation
because it could be seen as the simplest implementation, wherein every economic sector within a
country is expected to contribute equally towards the common goal. We view this as a politically
expedient implementation because all greenhouse gas emitting sectors would bear proportional
burdens in meeting domestic emissions commitments. All the priorities assume that the country-
level relationship between GHGs and each NTCF remains constant (at 2020 values) between

2020 and 2030, though this relationship changes in the unmodified SSP scenarios - particularly



on longer time scales - because of technological developments.

For the climate priority and AQ priority, we calculate the aerosol impact per CO;[e]
emissions for each sector in each country (see sections 2.4, 2.5). These metrics allow us to
identify the most impactful sectors to change. For the climate priority, we calculate global
aerosol forcing per CO;[e] and for the AQ priority we calculate population-weighted aerosol
concentration per CO,[e]. All emissions reductions are then made from the most impactful
sector. If that sector has fewer CO[e] emissions than are required to meet the NDC target, that
sector’s emissions are reduced to zero and the remainder is taken from the next most impactful
sector, and so on. The operationalization of the three decision making priorities is illustrated in
Figure 2.1. A few countries specify sectors in their NDC; in those cases, we limit the analysis to
those sectors (see section 2.2 for further discussion).

We assume that the country-level relationship between NTCFs and CO;[e] emissions
remains constant at the 2020 ratio for each sector. In some countries, emissions are anticipated
to increase between 2020 and 2030 despite emissions reductions targets, because targets are
relative to a business as usual (BAU) scenario (i.e. a country says they will emit a certain percent
less than they would have in 2030 without climate policies). In those cases, emissions are added
to the least damaging sector, but are not allowed to exceed the 2030 no-policy SSP sectoral
emissions. For countries with no stated reduction targets, we use unaltered 2030 SSP emissions.
This methodology results in bounding, idealized cases, not a realistic representation of future
changes. The temporal evolution of global emissions for each priority and each species are

shown in Figure A2.1.

2.3.2 NDC quantification

We implement existing NDC tabulations with a few notable exceptions. Our estimates
were based on the CD-LINKS protocol (CD-LINKS), which is very similar to the table provided
by [31]. The NDC tabulation used for this study is publicly available (see data availability); all

deviations from CD-LINKS are noted. For countries that specify emission reduction targets, these
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Figure 2.1. Schematic of three idealized priorities for greenhouse gas reduction for one (fictional)
country. Blue color and numbers indicate the economic sector. The width of each sector indicates
the magnitude of the sector’s CO,2[e] emissions. Red indicates the global aerosol forcing per
COz[e] of the sector and purple indicates the local air quality impact per CO;[e] of the sector.
Brackets indicate removed emissions. In each case the same total CO;[e] emissions are removed,
but from a different combination of economic sectors. Each sector’s aerosol emissions are altered
between 2020 and 2030 in proportion with greenhouse gas emissions



tables provide a baseline year and a percent reduction of emissions from that baseline by a target
year. The target year is normally 2030. When target years are after 2030, we linearly interpolate
to 2030 between the base year and target year. When target years are before 2030, we assume the
country will take until 2030 to actually achieve their goal. Despite the current uncertain status of
the United States (US) in the Paris Agreement, we implemented US targets from CD-LINKS
as we did for other countries. Many countries provide conditional and unconditional targets,
where the condition refers to foreign aid. When multiple options exist, we implement the most
ambitious targets.

For NDC targets that are stated in CO;[e] intensities (i.e. emissions per GDP or per
capita), we use the country-level population and GDP projections provided on the SSP database
(https://bit.ly/33nNwL7). When the use of GDP is required, the country’s SSP GDP time series
is harmonized with historical World Bank (WB) GDP data [32] by scaling SSP GDP projections
by the ratio of 2018 WB GDP to linearly interpolated 2018 SSP GDP. WB GDP is converted to
2005 international dollars for consistency with the SSP GDP using the WB GDP deflator [33].

India and China both have intensity targets based on GDP. Based on our calculations, India
is expected to meet its 2030 targets, even without climate policy implementation (Figure A2.2),
which is consistent with previous NDC quantification [31]. We therefore use the unmodified,
no-policy SSP emissions projections for India. For SSP5, China also exceeds its targets without
additional policy. However, China also states that it will peak emissions by 2030, which is a
more ambitious target. Therefore, we implement a smooth transition (linear derivative) from
2020 to 2030 so that the change of annual emissions is zero by 2030. For SSP3, China does
not automatically meet the intensity target, so we implement the target as we would for other
countries (Figure A2.2). Several countries specify economic sectors for their planned emissions
reduction. We only reduce emissions from those economic sectors. Though it initially seems
like an added level of specificity to include sectors specified in an NDC, it can actually introduce
ambiguity. In our interpretation, some countries plan to reduce their total emissions from a

subset of economic sectors, whereas some plan to reduce a percentage of the emissions from

10



those sectors. The global impact of this difference is small, but this distinction does not appear
to be included in CD-LINKS. Upon review we also identified a few sectors specified in NDCs
that were not included in the CD-LINKS tabulation, which we have added and noted in the
supplement.

For all countries that do not have explicit climate reduction goals, GHG and NTCF
emissions are assumed to follow a no-policy scenario (SSP3 or SSP5); this applies to all three
priorities and the unmodified case. For countries who state that their CO;[e] reductions will
be relative to BAU rather than relative to a baseline year, we assume that the no-policy SSP
represents BAU and we apply GHG reductions from 2030 SSP emissions (i.e. 2030 is both the
baseline year and the target year).

After we calculate the intended 2030 CO»[e] emissions for each country (which are based
entirely on the NDCs and are therefore the same for all three priorities), we assume that each
country has followed the SSP until 2020 and will implement their Paris Agreement commitments
between 2020 and 2030. For countries with BAU-based targets, this can result in an increase in
CO,[e] emissions between 2020 and 2030, rather than a reduction, but emissions will still be
lower in 2030 than they would have been in the unmodified no-policy SSP. In all cases, once the
total CO»[e] emission changes have been calculated, those changes are implemented through

modifications to specific sectors as described in 2.1.

2.3.3 Input data

Historical (pre-2015) mean annual global gridded anthropogenic emissions of GHGs
and NTCFs were primarily taken from the Community Emissions Data System (CEDS, [34]),
available on the input4mips database. The only exception is N,O, which was taken from the
EDGAR emissions database [35] since gridded CEDS N,O emissions are not available. The
EDGAR data set has more detailed sectors than the CEDS data set; the mapping used to aggregate
EDGAR sectors to CEDS sectors is given in Table A2.1. These data do not include biomass

burning, aircraft, or land use change emissions. The 0.5 x 0.5 degree gridded products were
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aggregated by country using population weighting at border grid cells. This aggregation excludes
shipping emissions except those that occur within country borders, which are attributed to the
country in which they occur. Population data were from NASA’s Socioeconomic Data and
Applications Center (SEDAC) database and have 0.125 degree spatial resolution (CIESIN, 2005).
All calculations are conducted on aggregated data, though we do produce an altered gridded
product for the three priorities. Converting aggregated modifications to a grid can result in errors
at the border grid cells. These errors are small for large countries and insignificant globally but
can be substantial for small countries.

Future projections of emissions under the SSPs were also taken from the input4mips
database [36, 37]. Again, gridded N,O emissions are not available. Therefore, we use global
(non-gridded) N, O projections from the SSP database and assume that each grid cell’s fraction
of global N>O emissions remains constant from the most recent EDGAR historical emissions
[35]. and scale the most recent emissions accordingly into the future.

We included all economic sectors in the dataset: agriculture, energy, industry, transporta-
tion, residential/commercial, solvents, waste, and shipping. The solvent sector has zero BC,
OC, SO, and NO, emissions, so it has neither aerosol forcing nor health impacts. However, it
does have associated GHG emissions. When maximizing health benefits, the solvent sector is
therefore somewhat trivial and will only be targeted after all other options are depleted, since
there is no air quality benefit from reducing zero aerosol emissions. However, when minimizing

temperature change, zero aerosol forcing is nontrivial since forcing can be positive or negative.

2.3.4 Calculating temperature change from emissions

We convert country-level anthropogenic NCTF emissions to radiative forcing (W m~2)
using the same aerosol forcing coefficients as [20], who provide a table for converting emission
to global radiative forcing for SO,, BC, and OC. These coefficients incorporate both the direct
and indirect aerosol effects. Strong dependence of aerosol on emission location has recently

been demonstrated in coupled earth system models [38]. This variation is partially accounted for
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in the table via separate conversions for 12 global regions, though the variation in the table used
here is significantly smaller than is shown in [38]. For NO, emissions, we use the conversion
rate used in the Finite Amplitude Impulse Response (FalR) model [39, 40]. This coefficient
does not account for any spatial heterogeneity and only parameterizes the direct effect [30].
After converting emissions to radiative forcing, we convert radiative forcing to global mean
surface temperature change using FalR. As described in the FalR documentation, we generate
an ensemble of 100 combinations of climate parameters and proceed with only those that are
constrained by the historical temperature observations provided in FalR. Using those parameters,
we simulate temperature with the RCP8.5 scenario for SSP5 and RCP6.0 for SSP3, but we
modified CO,, CHy, and N»>O to match our calculated 2000-2030 emissions and add our NTCF
forcing calculations as an external aerosol forcing (in lieu of NTCF emissions). We do this
for the unmodified case and the three policy priorities. We align simulations with most recent
observations (2016). We also conduct the same set simulations again with the NTCF forcing from
the unmodified SSP and the GHG emissions from the different priorities; this demonstrates the
influence of the GHGs alone (which by definition is nearly identical for the three priorities). This
means that there are a total of seven FalR simulations for each SSP: one with GHG emissions
and NTCEF forcing from the unmodified SSP, three with GHG emissions from the three priorities
and NTCF forcing from the unmodified SSP, and three with GHG emissions and NTCF forcing

from the three priorities.

2.3.5 Calculating mortality from emissions

We estimate a country-level conversion of emissions to aerosol concentrations using
annual mean, historical (2000-2014) CMIP6 GISS-E2.1 output with one-moment aerosols as
available on the MIP database [41, 42]. This model was selected because it has all the desired
variables. We use a linear regression between grid-level total emissions and surface-level (i.e.
lowest vertical grid cell) concentrations for each country and the resulting slope defines the

change in concentration to a change in emission. Our regressions for SO,, OC, BC, and NO,

13



emissions are with surface-level sulfate (SO4), organic aerosol (OA), BC, and nitrate (NO3)
respectively. Applying the slope to annual average emissions therefore yields annual average
surface concentrations. The coefficients for countries with poor fits (r2;0.3) or negative slopes
are replaced by the coefficients that result from using all land grid cells; this occurs for several
small countries and countries with low emissions, causing the relationship to be poorly defined
(regression coefficients available - see data availability in Acknowledgements). We also assume
that these aerosol species are not coarse mode and therefore that their mass directly corresponds
to the concentration of particulate matter with diameter under 2.5um (PM2.5), a metric which is
often used to calculate aerosol-induced health impacts.

Concentrations are converted to premature mortality using a relationship between expo-
sure and the hazard ratio to obtain the attribution function (AF) as explained by [3]. We calculate
the slope of the AF at the country’s background PM2.5 concentration as determined by model
output surface PM2.5. This slope describes the change in the AF with a change in the PM2.5
concentration. Uncertainties are calculated using the slope of the upper and lower bounds of the
95% confidence interval. The premature mortality is then calculated as the product of this slope
with the crude death rate of that country, the total population of that country, and the population-
weighted mean PM2.5 concentration from the four considered constituents. This methodology
includes only the anthropogenic contribution to mortality from the four considered constituents,
though it accounts for increased background from other sources. Under these simplifications, we
consider the nonlinearity of the health impacts of PM2.5 but do not account for some factors that
an epidemiological study would incorporate, such as population age distribution and seasonal

PM?2.5 variation.
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2.4 Results
2.4.1 Sectoral heterogeneity of aerosol impacts

As a reference case and as a backbone for the modified cases, we use unmodified no-
policy SSPs. We first look at the sectoral and spatial breakdown of aerosol impacts under these
unmodified SSPs. Aerosol radiative forcing can be positive or negative. Therefore, from a
global temperature perspective, aerosols can enhance or mask the warming caused by GHGs.
Conversely, non-zero aerosol concentrations in populated areas will always produce undesirable
health outcomes.

There is substantial variation between sectors and countries of these aerosol climate and
health impacts, which illustrates that different countries may require different approaches even
if pursuing identical policy objectives for climate or health optimization (SSP3: Figure A2.3;
SSP5: Figure A2.4). We find that residential/commercial emissions are often associated with
positive radiative forcing, especially in less wealthy countries. Industry and energy sectors are
consistently associated with negative radiative forcing. These two sectors also often comprise a
disproportionately large fraction of GHG emissions, especially in wealthy countries. Per GHG
emission, industry, residential/commercial, and sometimes waste emissions have the largest
impact on aerosol exposure since their emissions tend to coincide with high population density.
The solvent sector has no aerosol impact because there are no BC, OC, SO;, or NO, emissions

associated with that sector in the dataset.

2.4.2 Spatial variability of aerosol impacts

Each country’s contribution to global radiative forcing from anthropogenic NTCFs and
each country’s population-weighted surface aerosol concentrations from anthropogenic NTCFs
are shown in Figure 2.2, averaged over 2030 under SSP3. They are shown once without
normalization with a linear colorbar (a, b) and once normalized by greenhouse gas emissions

with a quadratic colorbar (c,d).
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We find negative aerosol forcing associated with most countries’ 2030 emissions, with the
exception of many in Africa (Figure 2.2a). (Figure A2.4 shows the analogous figure for SSP5.)
India has the greatest forcing impact (-177 mWm2), followed by China (-146 mW2), Russia (-
53 mW~2) and the USA (-33 mW—2). In China, the negative forcing from SO, emissions slightly
outweighs positive forcing from BC, with relatively small additional negative contributions from
NO, and OC. Over half of the SO, emissions in China are from the industry sector and almost
a quarter are from the energy sector. China’s BC emissions are approximately one third from
energy and one third from residential and commercial sources. In India, the contribution from
SO, dominates the forcing since two thirds of the positive BC forcing is already canceled out by
the smaller negative forcing from NO, and OC. Two thirds of India’s SO, emissions are from
the energy sector and a quarter are from the industry sector. The global PM2.5 burden is also
dominated by India and China (Figure 2.2b). The largest contributor is NOy; in China the largest
NO, sources are the industry and energy sectors, and in India the largest NO, sources are the
transportation and energy sectors.

The normalized maps (Figure 2.2 c¢,d) demonstrate the geographic distribution of aerosol
impacts relative to each country’s GHG emissions. Highly industrialized countries with large
GHG emissions, such as China and the USA therefore have a smaller aerosol impact than many
less industrialized countries. Figure 2.2c¢ demonstrates the difference in forcing for Africa
compared to much of the rest of the world. For many African countries, BC emissions outweigh
the other NTCFs, causing a net positive forcing, which is large relative to those countries’
CO,[e] emissions. A large majority of the BC emissions in those African countries are from the
residential and commercial sector. Although the pattern is less pronounced, we draw a similar
conclusion from the normalized concentration; less industrialized economies tend to have more
aerosol pollution per GHG emission. This representation is less relevant to global decision-
making but gives insight into the potential air pollution impacts of changing country-level GHG

emissions. The patterns from SSPS5 are consistent with those from SSP3 (Figure A2.5).
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Figure 2.2. Map of annual mean anthropogenic NTCF radiative forcing (a, ¢) and annual mean
surface PM2.5 concentration from NTCFs (b, d) for unmodified SSP3 emissions in 2030. (a, b)
show non-normalized data with a linear colorbar; (c, d) show normalized data with a quadratic
colorbar.

2.4.3 Global consequences of ambiguity about aerosols

When we implement our three decision priorities for emissions reductions under the Paris
Agreement, we demonstrate the range of possible outcomes associated with aerosol ambiguity in
the NDCs. These priorities each entail the same CO»[e] reductions from the Paris Agreement, but
prioritize reductions from different sectors, resulting in three different combinations of aerosol
emissions for each country.

The net global impact of the three decision priorities is summarized in Figure 2.3. In
2030, we estimate global mean surface temperature increase from preindustrial to be about
1.19 C for SSP3 (Figure 2.3a, gray) and 1.25 C for SSP5 (Figure 2.3b, gray). The temperature
change from GHGs alone are nearly identical under the three priorities (Figure 2.3 a,b, dashed
lines) because they are all implementations of the Paris Agreement CO;[e] targets with no
modifications to the aerosol emissions. Minor differences are due to some countries (notably

China) specifying only CO reductions, not other GHGs, resulting in minor ambiguity even
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Figure 2.3. Projected global mean surface temperature change from preindustrial (a, b) and
global PM2.5-caused premature deaths from anthropogenic NTCF emissions (c, d) for two SSPs
(SSP3: a, c; SSP5: b, d). Dashed temperature lines have modified CO;[e] and unmodified
aerosol; solid lines have modified aerosol and modified CO;[e] (except Unmodified). The
equal-by-sector and AQ priorities nearly overlap in (a) and (b). Similarly, the climate priority
and equal-by-sector priorities nearly overlap in (c) and (d). The shading for temperature change
represents uncertainties in climate feedbacks, calculated as two standard deviations from a FalR
ensemble, and the shading for premature deaths represents uncertainty bounds from the 95%
confidence interval of the dose-response curve from Burnett et al. (2018). The shading therefore
does not represent random error, but rather a range of possible outcomes.

before aerosols are considered. Despite both being implementations of the Paris Agreement, the
resulting temperature change from GHGs differs between the SSPs (Figure 2.3a vs Figure 2.3b,
dashed lines), because some countries do not have reduction targets (and therefore follow the
no-policy SSP) and some countries benchmark their reduction against “business as usual,” which
we take to be the no-policy SSP.

Especially for the global temperature time series, the uncertainty bounds overlap between
all priorities. This uncertainty reflects the scientific uncertainty of the climate system response

to a change in radiative forcing. These uncertainties are therefore correlated, and we would
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expect differences between priorities despite the wide range of possible absolute temperature
differences from preindustrial. The uncertainty range for premature mortality comes reflects
only statistical uncertainty in the dose-response curves derived in epidemiological studies and
therefore does not account for emissions uncertainties, model uncertainties, or parameterization
errors. Therefore, the presented uncertainty range for premature mortality is also not random.

When countries optimize for their own air quality (purple, solid), global temperature is
higher than it is under other priorities, though for both SSPs it is nearly identical to the outcome
from the equal-by-sector priority. By definition, the climate priority has the lowest temperature
in 2030 for both SSPs, and the magnitude of the difference is fairly large: -0.02°C (SSP3, red
dashed vs solid) and -0.05°C (SSP5, red dashed vs solid). For comparison, the CO,[e] reductions
cause about -0.05°C (SSP3, blue dashed vs gray) and -0.04°C (SSP5, blue dashed vs gray).
Therefore, the temperature change associated with the range of potential aerosol emissions under
the Paris Agreement may be as large as the temperature reduction from its associated greenhouse
gas reductions. [43] estimate changes to short-lived pollutants would cause -0.03°C, which is
somewhat lower than our estimates. This is unsurprising considering that the bounding priorities
explored here are only constrained by CO;[e] emissions, not by other economic and political
factors.

Estimated global aerosol-induced premature deaths are shown in Figure 2.3 c,d. In
2015, we calculate about 6.8 million premature deaths (SSP3 and SSP5), which is of a similar
magnitude, but slightly slower than the 8.9 million calculated by [3], likely in part because
our estimate does not include all sources of PM2.5. The AQ priority has the lowest mortality
by definition and there are substantial differences between the three priorities. For both SSPs,
the equal-by-sector priority results in more premature deaths from air pollution than either of
the other priorities. The difference between equal-by-sector and AQ priority are 1.3 million
(SSP3) and 0.9 million (SSPS5) premature deaths in 2030. For SSP3 the equal-by-sector priority
is less desirable from a global standpoint than the climate priority, since it contains neither the

temperature nor the health benefits of aerosols. This result suggests that a politically expedient
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approach of reducing emissions from all economic sectors equally may come at a substantial

cost to health and climate outcomes.

2.4.4 'Tradeoffs between air quality and cooling

To better evaluate potential tradeoffs between air-quality-optimized and climate-opti-
mized NDC implementations, we explored regional differences in outcomes for our three policy
priorities. Figure 2.4a shows the tradeoffs between premature mortality from aerosol pollution
and global temperature increase (AT) as policy priorities shift (SSP5: Figure A2.5). (To obtain
an approximate estimate of the regional contribution to global AT, we assume linearity and scale
the global AT with the country-level aerosol forcing.) The tradeoffs between health and climate
tend to be smaller in regions of the world with more existing pollution control like Oceania,
North America, and Europe (Figure 2.4b; SSP5: Figure A2.6).

The attractiveness of the equal-by-sector priority in terms of climate and health outcomes
varies considerably by region. In some regions, such as Europe, North America and Asia
(excluding China), it improves upon air quality outcomes relative to the climate priority, and it
improves upon temperature outcomes relative to the AQ priority. Under these circumstances,
whether such an option is attractive will depend on the perceived political or other benefits of a
sectorally equitable climate policy approach. However, for some regions (i.e. Africa, Middle
East, China), an equal-by-sector priority results in both climate and air quality outcomes that
are inferior to those in one or both of the other prioritizations (a dominated option). In these
regions, avoiding a climate policy approach which simply mandates equal cuts across all sectors
would have clear health and climate benefits. In other words, a lack of a deliberate consideration
of aerosol consequences in climate policy would be more consequential for African, South

American, and Middle Eastern countries.
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Figure 2.4. Tradeoff between air quality optimization and temperature optimization of NDCs
for SSP3. (a) contains the regional sum of estimated anthropogenic PM2.5 premature deaths and
contribution to global temperature change. Marker area is proportional to CO;[e] emissions of
each region. (b) shows air pollution deaths / mW ~2 of cooling moving between climate priority
and AQ priority country-level slopes of the solid lines in panel (a). Panel (a) only includes
the countries with explicit goals, which are the same countries as shown in panel (b). Gray
country names indicate zero or undefined slopes (i.e. death or forcing difference between the
two priorities are very nearly identical.
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2.5 Discussion and Conclusion

Having made GHG emissions reductions commitments under the Paris Agreement,
countries are now faced with numerous pathways to meet self-imposed targets. We estimate
outcomes associated with three imagined policy priorities that are all consistent with the NDCs.
Incorporating co-emissions into an NDC assessment framework introduces the possibility of
both co-benefits and negative side effects in meeting the temperature targets specified in the
Paris Agreement. On short time scales, the global temperature ambiguity from the aerosol co-
emissions is of a similar magnitude to the temperature changes from GHG emissions reductions
commitments. Metrics like GWP*, which uses cumulative CO, emissions and current emissions
of short-lived pollutants to quantify temperature impacts, could be a practical way to include
the temperature impact of non-GHG emissions in NDCs [25, 44], but may obscure substantial
tradeoffs between additional marginal decreases in temperature and reductions in health impacts.

While previous work has highlighted opportunities for co-benefits in decarbonization
[45, 46, 20], our analysis does indicate some considerable tradeoffs between temperature and
health outcomes will need to be contended with in meeting near-term emissions reductions
goals. For some regions, it is unclear which of the presented priorities are preferable. Finding an
acceptable solution would require value judgements about the relative benefits of local avoided
PM2.5 mortality, global temperature change and political expedience. However, the tradeoff
varies by several orders of magnitude (Figure 2.4b), so it would be surprising if all countries had
the same priorities for weighing temperature versus health when making aerosol policy decisions.
A simple policy of requiring equal emissions reductions from all economic sectors is in some
cases not a compromise between the two criteria, but rather could lead to an objectively less
beneficial outcome than a more targeted prioritization of either health or temperature co-benefits.
We believe that this is a strong case for explicitly considering aerosols when constructing climate
policy.

The presented methodology requires many simplifications of the complexities of aerosols.
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We use simple parameterizations of aerosol chemistry, physics, and transport, in addition to
simple relationships between exposure and premature mortality. We also examine extreme policy
priorities that are only constrained by the Paris Agreement NDCs and not other economic and
technological factors. Importantly, our analysis does not include any cost optimization — a
dominant consideration in many climate policy discussions.

We consider four NTCFs (BC, OC, SO,, NO,); other NTCFs like ozone were not
considered in our analysis, and ozone presents its own set of complexities [47]. We also do not
consider the impacts of changes to pollution transport between countries or altered dynamics
that can arise from local differences in radiative forcing if countries pursue different policies
[48, 49]. Assuming a continued global trend of reductions in NTCFs, the impact of aerosols
would diminish in longer term projections due to air quality regulation and technology changes
[50, 51]. Projections tend to agree that NTCFs will decline over time, but here are many uncertain
factors that will determine their future emissions pathways, even in the absence of climate policy.

Other sources of uncertainty that are not considered as part of this analysis include, but
are not limited to, uncertainty in the magnitude of aerosol forcing and uncertainty in emissions
inventories. Multiple estimates of radiative forcing per emission exist (Table A2.2), and the
choice of these estimates does have some impact on our analysis (Figures A2.7, A2.8). Choice of
forcings alters the temperature change estimates provided here, but not the fundamental character
of tradeoffs. For all the above reasons, we do not interpret the absolute magnitude of our results
as a precise estimate of future aerosol impacts of the NDCs. Instead, we believe that this study
better demonstrates relative impacts and the importance of policy priorities and tradeoffs for
co-emissions in international climate policy.

We illustrate the range of global temperature and mortality impacts associated with an-
thropogenic aerosol changes that result from countries meeting their Paris Agreement greenhouse
gas targets by 2030. In a world with fully implemented NDCs, ambiguity about the associated
aerosol emissions contributes to uncertainty about global mean temperature in 2030 of the same

magnitude as the expected temperature reductions from decreased greenhouse gas emissions. The
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differences in mortality between the different pathways to meeting the NDCs are substantial and
premature deaths due to PM2.5 could differ by more than a million people annually, illustrating

the potential dangers of not considering aerosol-driven outcomes when setting climate policy.
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2.A Appendix for Chapter 2

Gridded emissions (netCDFs) and the data used for Figure S3 and Figure S4 (csv table)
are available for download here: https://dataverse.harvard.edu/dataset.xhtml?persistentld

=doi%3A10.7910%2FDVN%2FFPOQTX&version=DRAFT. The rest of this document
contains eight figures and two tables that supplement the main text of the manuscript. They occur

here in the order that they are referenced in the main text.

Table A2.1. Mapping of CEDS sector to EDGAR name

CEDS sector number | EDGAR sector name

0 4B, 4C, 4D3

1 1A1b, 1A2, 1B1a, 2B
2 1A3a, 1A3b

3 1A3a, 1A3b

4 1A4

5 3.

6 6A, 6B, 6C

7 1A3d
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Figure A2.1. Global emissions of four NTCFs (rows) for two SSPs (columns) under the three
priorities (colors) and the unmodified case.



1.0 1 —— India 55P3
China 55P3
0.0 4 China S5P3 - intensity
> === India S5P5
@ 08 China S5P5
T China SSP5 - peak
>c
A=
[ a 0.7 4 )
25 Indiatarget _________. . S
=
u -] 0.6 4
o
£ 0.5 1 .
E
c
0.4 4
Chinatarget e ——n
0.3 1

2005 2010 2015 2020 2025 2030
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India because targets are met regardless. We use the peaking target for China SSP5 since it is
more ambitious than the intensity target and the unmodified SSP. For China SSP3 we implement
the intensity target.
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Figure A2.3. (a) Aerosol radiative forcing and (b) population-weighted additional aerosol
concentration. Both are normalized by CO2[e] emissions, grouped by economic sector and only
shown for select countries. Both x-axes are quadratic. Vertical bar width indicates the sector
fraction of CO2[e] emissions for each country. Calculations based on unmodified SSP3 no-policy
baseline emissions. Dots and bars provide identical information; dots help visualize very thin

bars.

28



USA

China

India

Germany -

Russia -

Iran

UAE

Saudi Arabia -

Australia 4

Japan

Chile -

Norway -

South Africa

Egypt Egypt
[ )
Nigeria 1 Nigeria
9 _— 0.20 9
-0.10 -0.05 0.00 0.05 0.10 0.

(a)

Aerosol Forcing / GHG
[Global W m~2 / Tg CO5[e]]

USA

China

India

Germany

Russia

Iran

UAE

Saudi Arabia

Australia

Japan

Chile

Norway

South Africa

(b)

Solvents
Agriculture
Waste
Transportation
Energy I
Shipping
Res/Com/Other
Industry

o e 00

. 0.267
0.08 0.16 0.24
Aerosol Pollution / GHG
[Country ug m~3 / Tg COz[ell

00

Figure A2.4. Same as Figure S3, except SSP5 instead of SSP3.

29



30.0

20.0 25.0
10.0 20.0
0.0 15.0
-10.0
10.0
20.0
-30.0 5.0
0.0
49.00
(c) ¢ o 16.00 (d)
' Ses 36.00
4.00 25.00
0.00 16.00
9.00
4.00
4.00
-16.00 1.00
0.00

Figure A2.5. Figure S5. Same as Figure 2, except SSP5 instead of SSP3.

Africa

(a) 12| (b)
Undesirable Noa KN | Py X

10 + MAR 1
ot
sGpBGD

Asia

Q [a]
72R820
PLEBO<
40000
c@z¥o
ZzxT0
Lo
X

x - Russia

South
America

1054 Middle

East

China

Premature Deaths

e Climate priority
1044 4 AQ priority
+ Equal-by-sector

F FIN r Europe

North
America

Desirable

XX

Oceania

&

ZC_=23_2Z

o BTO
NErLAES
020 o0m
CErASOZ
wn EUZEK%
TN

—0.025 —0.020 —0.015 —0.010 —0.005 0.000 0.005 0.010 100 102 10° 10* 105 10°
Contribution to Global AT [°C] Deaths / mW m~2

Figure A2.6. Same as Figure 4, except SSP5 instead of SSP3. Notice differences in axis limits
in (a).

30



Table S2 compares aerosol radiative forcing as described by the FalR climate model
(version 1) and Scovronick et al. (2019). The table provides justification for the values used in
the main text and highlights the forcing uncertainties associated with aerosol emissions. Here we
provide a full description of how each of the values in the able was derived. FalR: Direct forcing
is given by a constant in the FalR code. These constants are repeated in the table. Indirect forcing
is calculated through a logarithmic relationship with SOx, OC, and BC emissions (constants
rounded): RF_indirect_FaIR(SOx, BC, OC) =-1.95 * log(1 + 0.011*SOx + 0.014*(BC+0C)) +
0.30. Where SOx, BC, and OC are the global emissions (in Gt/yr) of each species. An option
exists to scale the result to match ARS but it is off by default, so we do not apply that option here.
To calculate the marginal impact of 1 Gt of emissions on the indirect effect we remove 1 Gt of the
species of interest and evaluate the difference (e.g.): RF_SOx_marginal = RF_indirect_FaIR(SOx,
BC, OC) — RF_indirect_FaIR(SOx-1, BC, OC) We then sum the direct and marginal indirect
forcing and multiply by the global emissions to obtain a global forcing for each species. We use
global CEDS emissions from 2014 as in the main text. Scovronick et al. 2019: We use the forcing
intensity (W/m2/Gt) provided in supplementary Table 3. These values provide some regional
specificity, though as acknowledged in the main text, this variation is likely insufficient. These
values are derived from MAGICC6 simulations in which small amounts of regional emissions are
removed and the difference in global forcing is evaluated — analogous to our simple application
of FalR above. To obtain one global value for the table instead of regional values, we take
the mean, weighted by the emissions in each region. To scale the forcing intensity to global
forcing, we again multiply by global 2014 CEDS emissions. ARS: The global forcing values are
taken from ARS directly (p.683). Unfortunately, these are not directly comparable to the other
two forcing values as they are only for the direct effect and account for preindustrial forcing.
However, ARS estimates direct and indirect forcing to be about the same (-0.45 W/m2 for both,
p- 696) and preindustrial forcing is relatively small, which does allow us to roughly gauge a
comparable magnitude. Implications for our study: Scovronick et al. provides the added benefit

of accounting for some regional variation, which makes it preferable over an approach that
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only uses FalR. However, the NOx forcing from Scovronick et al. is several factors higher than
expected based on FalR and ARS, so we use the global value from FalR for all regions instead.
This comparison highlights that complicated nature of and scientific uncertainty around aerosol
forcing, which make simple parameterizations difficult. For completeness we include replicates
of Figures 3 and 4 below with the much larger NOx conversion from Scovronick et al. (2019), as

Figures S7 and S8.
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Table A2.2. Aerosol forcing differences between Scovronick et al. (2019) and FalR. See full
description above.

FalR Scovronick et | Emissions | Scaled Scaled AR5
(W/m?/Gt); | al. (2019) | (Tg=Gt, global global Direct
Direct (indi- | (W/m?/Gt) 2014 FalR Scovron- | only
rect) =total CEDS) (W/m?) |ick et al. | (W/m?)
(2019)
(W/m?)
SO2 -.0062 -0.011 112 -1.62 -1.22 -0.40
(-0.0083)
=-0.014
BC +0.016 0.075 8 +0.045 +0.60 +0.40
(-0.010)
=0.0057
oC -0.0015 -0.010 20 -0.23 -0.20 -0.09
(-0.010)
=0.012
NOx -0.0012 -0.0057 140 -0.16 -0.79 -0.11
(-0.00)
=-0.0012
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Chapter 3
Air Quality Equity in U.S. Climate Policy

3.1 Abstract

The United States government has indicated a desire to advance environmental justice
through climate policy. As fossil fuel combustion produces both conventional pollutants and
greenhouse gas emissions, climate mitigation strategies may provide an opportunity to address
historical inequities in air pollution exposure. To test the impact of climate policy implementation
choices on air quality equity, we develop a broad range of greenhouse gas reductions scenarios
that are each consistent with the U.S. Paris Accord target and model the resulting air pollution
changes. Using idealized decision criteria, we show that least cost and income-based emission
reductions can exacerbate air pollution disparities for communities of color. With a suite of
randomized experiments that facilitates exploration of a wider climate policy decision space
we show that disparities largely persist despite declines in average pollution exposure, but that

reducing transportation emissions has the most potential to reduce racial inequities.

3.2 Introduction

After rejoining the Paris Climate Agreement in 2021, the United States (U.S.) submitted
an updated Nationally Determined Contribution (NDC), providing a vision of how the U.S.
intends to cut greenhouse gas (GHG) emissions in the coming decades. The NDC set a target

of 50-52% reduction of net greenhouse gas emissions by 2030 compared to 2005. Beyond its
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quantitative targets, the NDC explicitly identifies climate policy as an opportunity for furthering
environmental justice goals, stating, “Each policy considered for reducing emissions is also
an opportunity to improve equity and support good jobs in the United States” [52]. In an
effort to meet these targets, the U.S. recently passed the Inflation Reduction Act (IRA)[53],
which promotes emission reduction largely through financial incentives, and aims to invest in
disadvantaged communities by providing funds for financial and technical assistance for zero-
emissions technologies, grants for community-led projects, and funding to reduce air pollution
where pollution exceeds national standards. Many details for implementation of the IRA are
unresolved, making technical strategies for satisfying its objectives particularly salient.

GHG emissions are often co-emitted with criteria pollutants, which damage human
health [3, 54]. These pollutants sometimes consist of, or subsequently form, fine particulate
matter (PM2.5), which causes and exacerbates a wide variety of other health conditions [55], and
leads to more than 100,000 premature deaths in the U.S. annually [56]. It has been repeatedly
demonstrated that the burden of air pollution is not experienced equally among demographic
groups in the U.S. [57, 58, 59]. While reductions in GHG emissions would be expected to
improve average air quality, bestowing a wide array of health, economic and other benefits
[60, 61], reductions in air pollution disparities are not guaranteed. While previous studies agree
that reductions in GHG emissions are associated with air quality co-benefits, they disagree about
the impact on racial disparities - some finding substantial improvements and others finding little
change [62, 63, 64]. Furthermore, these previous studies are geographically limited to California
and explore equity co-benefits as a byproduct of climate policies rather than an explicit decision
criterion.

Here we first contextualize the current state and recent trends of national and state-level
air quality disparities using existing best-estimates of PM2.5 concentrations across the contiguous
U.S. We then use a harmonized dataset of GHG and criteria air pollutant (CAP) emissions sources
as a baseline from which we can model the impact of changing greenhouse gas emissions on CAP

emissions. We use this dataset to generate two types of illustrative NDC-constrained emissions
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pathways, each of which represents a 50% reduction in total U.S. greenhouse gas emissions with
varying magnitudes and spatial distributions of co-emitted criteria air pollution. We simulate
outcomes of these pathways using an air quality model InMAP [65], which provides spatially
explicit maps of PM2.5 concentrations that result from specified emissions. We then aggregate
these concentrations by race and ethnicity at state and national levels to assess impacts on both
average exposures and exposure disparities. We also estimate costs for each pathway using a
bottom-up approach for each sector independently that accounts for factors including up-front
capital costs, regionally varying fuel costs, and estimates of operations and maintenance costs.
More detail is available in the Methods and the Supporting Information (SI).

Our first set of pathways meet the U.S. NDC by applying highly idealized decision criteria,
targeting reductions based on e.g., income, race, or economic efficiency. In these pathways, we
sort national emissions by the physical or socioeconomic characteristics of their source location
and then remove GHG and co-pollutant sources from the top of the sorted list until the national
GHG target is met. These represent extreme cases where national policy is carried out cohesively
under one specific priority by removing all emissions from: the most polluted regions (henceforth
referred to as, PM2.5 Exposure), the neighborhoods with the highest fraction people of color
(henceforth, POC), the lowest income communities (henceforth, /ncome); and by removing
the cheapest to abate carbon emissions (henceforth, Least cost). For example, in the Income
pathway, we sort emissions by county-level median income and then remove all sources from
the lowest income locations until the GHG target is met. The Equal pathway is the exception;
we reduce greenhouse gas emissions proportionally by the same fraction from all point and
non-point sources by an equal percentage such that the GHG target is met, reducing co-emitted
CAP emissions simultaneously. The second set of simulations meets the NDC by randomly
reducing emissions from different sectors and regions to explore air quality impacts and tradeoffs
of a more idiosyncratic implementation of climate policy (see Methods). As a reference, we also
simulate the air quality using the unmodified 2017 National Emissions Inventory (NEI) for all

available emissions except those involving fires, which we refer to as Unmodified 2017.
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Raw output concentrations do not match with observations for several reasons, including
poorly constrained emission inventories, imperfect model parameterizations, simplified mete-
orology, and notably the omission of mostly non-anthropogenic emission sources like forest
fires, agricultural burning, sea salt, and desert dust (Figure A3.11). We therefore bias-correct our
results using best available estimates of PM2.5 ([65], see Methods) and present results as differ-
ences between simulations. Because anthropogenic and non-anthropogenic emissions are not
fungible in their policy relevance, non-bias-corrected results are presented in the SI. We present
results both as exposures and as disparities; exposure is defined as the population-weighted mean
PM2.5 concentration, and disparity is subsequently defined as the percent difference between
a given demographic’s exposure and the population average exposure; both are calculated at
national or state levels. A positive disparity means that a group is disproportionately impacted,
and a decrease in disparity requires that a demographic has a larger reduction in exposure than
the population average.

The combination of observations and simulations of PM2.5 concentrations, aggregated
into exposures and disparities, allows us to quantify past and potential future air quality and air

quality equity impacts of changing emissions.

3.3 Results

For context, we first quantify historical air quality disparities in PM2.5 exposures over
the contiguous U.S. Disparities are pervasive across racial and ethnic minority groups nationally
and across the vast majority of U.S. states (Figure 3.1a) and although overall air quality in most
of the U.S. improved over the past decade, disparities have generally increased. Intuitively, the
national average exposures for each demographic group are driven by the major population
centers of those groups, which differ considerably for Asian, Black, and Hispanic communities
(Figure 3.1b). We find increases in disparities for people of color nationally and in 37 of 48

states. Previous work has also found increasing disparities over time using different metrics and
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datasets [66]. Sensitivity analyses like removing low density census tracts yield consistent results
(Figure SA3.2). In this context of deepening environmental inequities we look to understand the

extent to which equity can be enhanced in parallel with GHG-mitigating climate policy.
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Figure 3.1. National and state-level relative disparities in air pollution exposure by race and eth-
nicity in the contiguous United States. (a) Bars indicate national (top) and state-level disparities
for each racial/ethnic group. The bar color indicates the average absolute exposure to respirable
particulate matter (PM2.5) of each group within each state in the 2010s. The red triangles show
2010 (light red) and 2019 (dark red) disparities, estimated from fitting a linear trend through
annual disparities. (b) Maps of the contribution of each tract to national disparities, which is
calculated as the product of tract PM2.5 concentration and the population of the specified group
in each tract, divided by the total national population of that group. The sum of the national
contributions values yields the population-weighted exposures for each group.

To quantify how these disparities and exposures might change under climate policy,
we model several idealized pathways to meet the national GHG emission reduction target. As
described above, we target counties with high historical pollution, high fraction people of color,
low income, lowest cost of mitigation, and by equal fraction without any prioritization. We
then simulate the air pollution distributions resulting from the new NDC-constrained emissions

using InMAP. Output is aggregated to tracts, bias-corrected, and used to calculate exposures and

disparities of five racial/ethnic groups (see Methods).
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Every NDC-constrained pathway we constructed would reduce national PM2.5 exposure
relative to the present day (Unmodified 2017), but reductions vary by 10-15% (between 0.8 and
1.2 ug m—3, Figure 3.2a). Estimated annualized costs for these pathways vary substantially,
between about $190 billion to $340 billion, where the Least cost pathway is much less expensive
than the rest (Figure 3.2c; uncertainty analysis in Figure SA3.3). Despite large methodological
differences, the emission reductions in our Least cost pathway are largely consistent with the
results from integrated assessment models (IAMs), which simulate coupled energy systems [67].
As shown in those models, we also find that reducing the majority of emissions from power
plants and the transportation sector is required to meet targets and is more economical than
decarbonizing other sectors (Figure SA3.4).

In all pathways, White communities continue to experience lower-than-average exposures
while Asian and Hispanic communities continue to experience higher-than-average exposures
(Figure 3.2b), though absolute exposures decline in all cases (Figure 3.2d). This highlights that
the air quality co-benefits of implementing the U.S. NDC are alone insufficient to overcome the
long and pervasive history of disproportionate environmental impacts on minority communi-
ties [57, 68]. National Black disparities consistently decline in all pathways, largely because
anthropogenic emissions lead to more air pollution in the Eastern U.S. (Figure SA3.1a), where
Black people make up a larger portion of the population. Since these emissions must be reduced
to meet the NDC, the pollution in the Eastern U.S. declines disproportionately. This finding
is consistent with recent historical trends (Figure 3.1). We note however, that the magnitude
of the national Black disparities depends strongly on the bias correction, which incorporates
missing non-anthropogenic emission sources as well as model biases. When considering only
uncorrected anthropogenic emission from the EPA inventory, Black communities are the most
disproportionately impacted group by a substantial margin and the pathways have little impact
on the total disparities (Figure SA3.5), highlighting the potentially consequential influence that
inclusion of non-anthropogenic sources in air quality baselines could have on setting national

scale air quality equity priorities.
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Substantial variation in disparities (Figure 3.2a, 3.2b) and exposures (Figure 3.2c, 3.2d)
exists between pathways, ranging from -2 to 0% for Black communities and 8 to 12% for Hispanic
communities (Figure 3.2b). A national prioritization of emission reductions in communities
of color (POC pathway) is the only pathway explored here that reduces disparities for all non-
White groups. While in some cases climate policy can be used as a means to reduce inequity
in air pollution exposure in the U.S., there is no guarantee that cutting GHG emissions will
lead to that result. Indeed, relative to the baseline represented by Unmodified 2017, inequities
can be amplified under certain climate policy priorities, including two pathways that represent
economically and politically favorable priorities: the Least cost pathway, and the Income pathway,
which prioritizes low income communities - a common proxy for racial and ethnic dimensions
of environmental injustice, including in contemporary climate-related regulations [53].

For all demographics, the exposure reduction from implementing any iteration of the NDC
is larger than the variation between the different idealized pathways (Figure 3.2a), emphasizing
the robust air quality co-benefits of GHG emission reductions. State exposures and disparities
are affected similarly to the national exposures and disparities (Figure SA3.6); exposures decline,
while disparities remain roughly constant.

For comparison, we also conducted No Industry and No Agriculture simulations, which
are not constrained by the NDC, and therefore have quite different GHG emissions reductions
than the NDC-constrained pathways. These sectors are not comprehensively represented in our
pathways due to both current technological limitations for decarbonization and practical data
limitations, so to illustrate that their omission does not drive our finding of residual disparities,
we demonstrate their individual impacts by modeling PM2.5 distributions without their criteria
pollutant emissions. Completely removing the emissions from these sectors does not diminish
disparities, though it would convey large total air quality benefits.

We next implemented a set of 300 randomized climate policy experiments, still con-
strained by the NDC, but no longer based on idealized decision criteria. Instead, GHG emissions

and their accompanying co-emissions are randomly removed throughout the country until the
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Figure 3.2. Exposures and disparities of PM2.5 after implementing idealized policy priorities
to meet emission reduction targets. (a) Total average national particulate matter exposure, (b)
national disparities by demographic group, (c) annualized costs of mitigation, and (d) absolute
exposure difference by demographic group. Absolute exposure difference refers to the difference
in exposure from the Unmodified 2017 total exposure in (a). All pathways lead to reductions in
absolute PM2.5 exposures and entail annualized costs of $190-340 billion. The No Industry and
No Agriculture simulations, marked with asterisks, are not NDC-constrained and do not have
cost estimates.
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NDC target is met (see Methods). The randomly removed emissions are by design less targeted
than the idealized pathways and therefore the variation in total and demographic-specific expo-
sures between the randomized experiments is roughly half as large as from the idealized decision
pathways (Figure SA3.7). However, this spread still allows us to explore relationships (or lack
thereof) between the properties of different pathways and their outcomes.

For example, there is little correlation between national POC pollution exposure and
national policy cost (Figure 3.3a), implying that it may be possible to implement national
GHG emission reduction while optimizing air quality equity, without substantially increasing
costs. However, as shown using the minimum cost pathways above, simply ignoring the equity
dimension and focusing entirely on cost can still worsen air quality disparities, so implementation
would need to be sectorally and spatially targeted. We also show that residential electrification
is largely responsible for higher pathway costs (Figure 3.3a), though industry also contributes
to a lesser extent (Figure SA3.8d). The strong correlation between total population exposure
and national POC exposure (Figure 3.3b), indicates that these two outcomes are tightly coupled
across pathways. However, residual variation in POC exposure is strongly associated with the
magnitude of emissions reductions from the transportation sector. The reverse pattern is true
for the electricity sector (Figure SA3.8g), in part because electricity and transportation are the
largest sources of greenhouse gas emissions, so NDC-constrained random pathways with high
transportation emission reduction are also associated with low electricity emission reduction.

Transportation emissions drive differences in disparities between randomized pathways,
as illustrated in Figure 3.4, which summarizes the national and state disparity changes and shows
the impact of removing transportation emissions on exposures and disparities (Figure 3.4c,f).
Since each randomization includes a different combination of sectoral reductions, we are able to
demonstrate that transportation reductions reduce disparities and exposures disproportionately
for people of color (changes from all sectors are shown in Figure SA3.9). Each randomization
is associated with a new set of national disparities (Figure 3.4a). Black disparities decrease

relative to present day, while Hispanic and Asian disparities increase, and POC and White
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Figure 3.3. Sectoral influence in randomized experiments. National POC exposure as a function
of cost, colored by reductions in residential emissions (a), and national population-average
exposure colored by reductions in transportation emissions (b). There is little relationship
between cost and POC exposure, but POC exposure and total exposure are strongly correlated.
Costs in the randomized experiments are strongly dependent on the residential sector (a) and
POC exposures tend to be lower when more transportation emissions are reduced (b).

disparities remain relatively similar, though the slight skew towards increase and decrease,
respectively. The difference between the distributions is substantially smaller without bias
correction (Figure SA3.10), but the relative positions are similar. The increase in Hispanic
and decrease in Black disparities are consistent with recent historical trends (Figure 3.1); as
are the skews for POC and White disparities. All exposures decline as a result of emission
reduction (Figure 3.4d, 3.4e), which reiterates the co-benefits of climate policies. Distributions
of state disparities remain largely unchanged (Figure 3.4b), but reductions in transportation
emissions are associated with disproportionate exposure and disparity reductions (Figure 3.4c,
3.4f, see Methods). In most states, transportation emission reductions improve air quality for
all demographics while simultaneously exhibiting large equity co-benefits compared to other

sectors. Residential emissions demonstrate a similar but less pronounced pattern (Figure SA3.9).

3.4 Discussion

Our results suggest that it is indeed possible to reduce, but not eliminate, air pollution

exposure disparities through targeted implementation of climate policy. We find the largest
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Figure 3.4. Disparity and exposure changes and transportation influence in randomized experi-
ments. (a) Distributions of changes in national disparity relative to the Unmodified 2017 case for
each randomized experiment (N=300 per distribution) (b) Distribution of state disparities (N=48
per distribution) in each randomized experiment (faint solid lines, N=300 distributions) and the
Unmodified 2017 case (darker dashed lines). (d, e) Equivalent distributions as for (a) and (b),
using exposure instead of disparity. (c, f) Distributions of state-level linear regression coefficients
(N=48 per distribution) from modeling disparity (c) and exposure (f) using fractional change
in all four sectors; only transportation coefficients are shown as they have the most disparate

impact.
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disparity reductions arise from directly targeting emission reductions in communities of color,
but explicit consideration of race in environmental policy has thus far been explicitly avoided to
limit potential legal challenges [69]. We find that strategies that avoid this political and legal
sensitivity by targeting income, cost, or equal fractions across sectors and counties, are not
particularly effective at reducing disparities. The use of historical pollution exposure (PM2.5
Exposure pathway) for targeting is moderately effective at reducing disparities (Figure 3.2b), and
even more effective at reducing relative exposures (Figure 3.2d). This implies that explicitly
targeting air pollution reduction in communities with historically high pollution, as is done in
some contemporary U.S. climate policy, could reduce racial pollution disparities, though the
continued use of income could have the opposite effect.

As with all modeling studies, our results are subject to model bias and model limitations.
InMAP, the reduced complexity air quality model used here, only outputs annual average outdoor
PM2.5 therefore does not capture daily or seasonal variations, indoor air quality, or the impact of
air pollutants like NOx, ozone, or heavy metals. The inputs are based on one national emission
inventory and one year of meteorological dataset, which are imperfect and do not capture the
interannual variability of meteorology or human behavior. However, the high spatial resolution
and low computational time allow us to run many simulations and calculate racial/ethnic pollution
exposures and disparities.

Disparities and exposures are both useful metrics for air quality equity. Disparities are
a socially and ethically relevant concept, and a stated priority of the U.S. federal government,
while exposure translates directly to health impacts and observations. If changes in disparity and
changes in exposures are not perfectly correlated, some amount of exposure reduction may be
substituted for additional disparity reductions. Although such a pathway is possible, this tradeoff
appears unlikely to occur in practice when policies are constrained by a greenhouse gas emission
target (Figure 3.3b). As has been previously proposed, prohibiting unequal exposure changes
from new projects that require environmental impact assessments (e.g. freeways, power plants,

etc.) would decrease differences over time [70], which would inevitably also lead to decreases in
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disparities.

We only address the impact of emissions that are not directly anthropogenic, like desert
dust and wildfire smoke, through a bias correction. These emissions are not an input to the model
and therefore are also not included in our NDC implementations. However, despite confounding
factors like inherent model bias, we interpret the bias correction as an approximate incorporation
of these missing emissions (Figure SA3.1c). Generally, the inclusion of these sources results
in a decrease in disparities for POC. In particular, given that a larger fraction of the Black
population lives in the Eastern half of the US, the national-scale Black disparity is decreased
because the correction decreases the contrast between the Eastern and Western halves of the
country (Figure SA3.1). Wildfires, in particular, have more annual variation in their intensity
and location compared to regulated emissions sources, and have been increasing in magnitude
in recent years [71]. This trend has renewed efforts to better understand the health impacts of
short-term vs. long-term exposure to smoke [72] and of wildfire smoke vs. other particulate
matter [73], as well as the equity of access to indoor air pollution control [74]. Whether wildfires
and similar types of sources should be included directly when calculating disparities depends
on the policy objective. Health impacts are largely a function of exposure, so if the primary
focus of a policy is inequity in health outcomes, then “natural” sources like wildfires are clearly
pertinent. However, if the primary focus of a policy is addressing the structural inequities around,
for example, siting of emissions sources, wildfires are less relevant.

All emissions reductions considered here as part of our NDC implementations are
associated with improved air quality. Emission sources are rarely evenly distributed across
populations, which makes crafting policy to address disparities more complicated. Industrial
emissions have long been a focus of environmental justice concerns because industrial facilities
have often been intentionally colocated with communities of color [75, 76]. However, our
No Industry simulation and randomized experiments suggest that even large-scale industrial
facility removals may not substantially reduce disparities. It is worth noting, however, that we

do not analyze the impact of individual facilities, some of which are likely to have large equity
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co-benefits from reduced or removed emissions.

Among all the anthropogenic sectors considered here, we identify transportation as
having the greatest potential for reducing pollution in communities of color via climate policy
(Figures 3.4c, SA3.9). Recent empirical studies also found that transportation impacts are
inequitable, though not in the context of greenhouse gas reduction [77]. We have assumed that
electrified transportation will not require new fossil fuel-based electricity generation, which is not
guaranteed. This result for transportation should therefore be interpreted as a first-order estimate
of removing on-road emission sources as part of climate policy, not an exhaustive representation
of a full energy system that couples transportation, electric power generation, and other sectors
as is often done in transportation-specific studies [78]. Studies that do include this coupling
have shown population-average health benefits are concentrated in the Western U.S., but present
everywhere in the U.S. when grid electricity is largely from renewable sources [79].

One challenge when creating policy to address air quality equity is that such policies target
pollution sources, not pollution receptors. We have assumed in the design of our simulations
that proximity to impacted communities is a good proxy for reducing concentrations in those
communities; in other words that the sources causing inequitable pollution are located in
the communities experiencing the inequities. Although this may often be true, the transport
and transformation of pollutants through variable meteorological and chemical background
conditions, can complicate this relationship. In the case of transportation, the relationship
between the source and the receiver of pollutants is further complicated by the sources’ mobility.
Infrastructural and economic inequities means that the people or organizations responsible
for the pollution are often not those who experience the burden [70, 80]. Therefore, policies
that promote pollution reduction may incentivize infrastructural improvements outside of the
impacted communities. Although such policies may help address air quality inequities, they
may have consequences in other equity dimensions like procedural justice and the economic
inequality from investments, that are beyond the scope of this study, but are nonetheless important

considerations in equity-focused policy design.
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With these considerations in mind, a variety of policy options exist for addressing trans-
portation emissions. Low maintenance and fuel costs have made electric vehicles (EVs) more
cost-competitive, but they are still currently more expensive than their fossil fuel counterparts.
Government programs that decrease the price difference between the two options would incen-
tivize a faster transition. This could include rebates or tax breaks for EVs, increased gas tax,
subsidized at-home or public charging infrastructure, or differentiation in vehicle registration
costs. Financially or infrastructurally incentivizing alternative modes of individual transportation
(e.g., walking, bicycling) or modes powered by renewable energy (e.g., electric rail, electric bus,
e-bikes) [81], could achieve the same air quality benefits as replacing the current fleet of fossil
fuel vehicles with their electric counterparts. Furthermore, these alternatives are less energy
intensive than cars and trucks, and therefore require smaller increases in renewable capacity to
power them with renewable energy.

Increased air quality equity is not an inevitable consequence of climate policy. However,
progress towards the NDC’s equity objectives is possible with explicit consideration of the
distribution of pollution reduction co-benefits. Emission reductions in the transportation sector
have the greatest potential to address pervasive air pollution inequities. So although climate
policy alone is unlikely to eliminate all air quality disparities, investing in clean transportation
and prohibiting disparate exposure changes from new capital projects can help meet the NDC
goals of mitigating climate change, while also improving environmental justice at both state and

federal levels.

3.5 Materials & Methods
3.5.1 Historical PM2.5 exposure

We use annual Washington University in St. Louis (WUSTL) surface PM2.5 concen-
trations, V5.GL.02. [82], which combines satellite data, surface measurements, and modeling

results to form a best estimate of historical PM2.5 distributions and were shown to have an annual
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R2 over North America of 0.57 or 0.67 when compared to only World Health Organization
collocated sensors. For trends in Figure 3.1 we use the mean of annual data within two years of
2017, meaning 2015-2019. We aggregate the 0.01x0.01 degree resolution dataset to census tracts
using area weighting. Tracts have been shown to be a sufficiently high resolution for estimating
disparities [83]. We use ACS5 (2013-2017) population estimates for exposure and disparity

calculations.

3.5.2 Emissions

We use the most recent (2017) National Emissions Inventory (NEI) from the Environ-
mental Protection Agency (EPA) as the underlying emissions dataset. As this study is focused
on potential co-benefits of climate policy, we require inventories of both criteria pollutants and
greenhouse gases (GHGs). The NEI includes some, but not all GHG emissions. Most notably
for this analysis, residential and oil & gas (O&G) GHG emissions are missing. Therefore, we
estimate residential GHGs using EPA emission factors and estimate O&G GHGs by running the
same emissions calculations as used in the NEI for the criteria pollutants (see SI for more detail).
Some emission sources were aggregated and others disaggregated using proxies (see SI). GHG
and COye are used interchangeably, where COe is the sum of CO,, CHy, and N, O, weighted
by their respective GWP100 (CO;: 1, CHy: 25, N O: 298). The emissions and their respective

sector categorizations have been made available through the Harvard Dataverse.

3.5.3 Idealized decision pathways

The five idealized pathways (Equal, PM2.5 Exposure, POC, Income, Least cost) were
designed to heuristically explore the implications of a wide range of decision criteria. Total
GHG emission cuts in each of these pathways meet the 50% reduction target and at least 80%
reduction of GHG emissions of electricity generation, in approximate accordance with the 2035
100% clean electricity target. The Equal pathway does not have this 80% criteria, because

emissions are removed equally from all sources to meet the NDC. The other pathways use one
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county-level criterion to rank all accounted emissions from the continental U.S. and remove
sources sequentially until the NDC has been met (more detail in SI). The county ranking for
the PM2.5 Exposure pathway is based on 2015-2019 average PM2.5 concentrations from the
WUSTL dataset to limit the impact of interannual variability when determining the most polluted
regions. The rankings for the POC and Income pathways are based on the county-level version
of the 5-year (2013-2017) American Community Survey (ACS5) from the U.S. Census Bureau.
For the POC pathway we use the non-White, non-Hispanic fraction of the population and for the
income pathway we use the median income.

Both the GHGs and the criteria pollutants of the selected sources are set to zero, thereby
directly coupling the GHG emission sources. Not every emission source was considered for
removal - we limit the analysis to power plants, on-road transportation, residential fossil fuel use,
and a subset of industrial emissions: cement plants, steel plants, pulp and paper plants, petroleum
refineries, and oil & gas production; not all criteria pollutants are removed from these sources

because we assume carbon capture and storage (see SI).

3.5.4 Randomized experiments

No idealized decision criteria is imposed for the randomized experiments. Instead, we
randomly select a national fractional reduction of electricity, transportation, residential, and
industrial emissions required to meet the NDC. This was done by initializing a fraction from
a random uniform distribution for each sector. We then calculate the total resulting emission
reduction from the initialization and randomly select a sector to increment slightly; we repeat
this process until we have a set of fractions that meet the greenhouse gas reduction criteria. After
selecting a fraction for each sector, sources are randomly eliminated from around the country
until those fractional reductions are fulfilled, again completely removing all GHGs and criteria
pollutants from each source. Due to their mobile nature, we also remove nearby county emissions
when removing transportation emissions (see SI).

Coefficients describing the change in exposure or change in disparity as a function of
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fractional reductions in each sector (Figure 3.4) are conducted using ordinary least squares:

. . [ t ind
dlsparltyfl%”p = Cele * freurel + Ctra * fr;flz + Cind * r”uln + Cres * frrzfri +co+ Erun (3.1)

Where f is the fractional reduction in each sector’s GHG emissions (shown as superscript) and
each simulation (run) is a point in the regression. This is repeated for each state. The resulting

coefficients (e.g. ctra for Figure 3.4c) are plotted as distributions.

3.5.5 Air quality modeling

To simulate air quality, we ran InMAP version 1.8 over the continental U.S. with the
default variable grid configuration [65]. INMAP is a reduced complexity model (RCM) that finds
an annual equilibrium solution using user-defined input emissions. The variable grid means that
locations with higher population density have smaller horizontal resolution, which is helpful
for quantifying air pollution disparities. The model output resolution is variable, with very
low resolution of around 50km in low population density areas and very high resolution of up
to 120m in populated areas. To make results comparable, both to observations and between
simulations, we aggregate the output to census tracts using area weighting.

Area emissions were allocated to appropriate sub-county regions using spatial surrogates.
On-road emissions were allocated to roads using annual average daily traffic from the Depart-
ment of Transportation. Heavy trucks are limited to Interstates, Freeways, and Expressways.
Residential emissions were downscaled to tracts using 2017 ACSS tract population. Ship, port,
rail, and agricultural emissions were also allocated using proxies (see SI) though they are not
modified in our pathways. Shapefiles of the input emissions for the idealized pathways have
been made available through the Harvard Dataverse.

InMAP is a useful tool for this type of study because it is computationally inexpen-
sive and can therefore be used to run many more simulations than would be possible with a

more conventional chemical transport model. However, despite the high spatial resolution, the
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temporal resolution is limited to annual, and the model only uses one set of meteorological
data. Furthermore, there is no modeling of NOx, ozone, or other air pollutants, and as with any
atmospheric model results depend on parameterizations and the quality of input data. These

limitations are relevant to the interpretation of this and other studies based on RCMs.

3.5.6 Bias correction

We applied a tract-level bias correction using 2015-2019 mean surface PM2.5 data from
the WUSTL dataset described above. We regrid both the INMAP simulation output and the
gridded WUSTL dataset to the tract level using area weighting. We take the difference between
the InMAP simulation that uses the unmodified inventory, and the WUSTL dataset, and use that
difference as the correction for all INMAP output such that PM2.5 absolute differences between
the simulations remain unchanged but baseline concentrations are better represented (Figure
SA3.1). We believe this better represents the true distribution of PM2.5 and allows the model to
define the differences. Many of our figures are repeated in the SI without this bias correction
to demonstrate that this methodology does not fundamentally impact the interpretation of our

results.

3.5.7 Costs

We estimate costs of the NDC-constrained pathways using different bottom-up ap-
proaches for each sector. All costs are estimated relative to a fossil-fuel dependent alternative.
These estimates are not intended to be exact, but rather to illustrate differences between pathways
in a self-consistent manner. They represent total societal costs and do not differentiate by the
different actors that may bear the burden of the costs. The costs are spatially and sectorally
heterogeneous, but otherwise linear (e.g., electrifying half of cars in a certain county costs half
as much as electrifying all of them). All costs, after adjusting for inflation to 2020 U.S. dollars,
reflect the changes required to meet the 2030 mitigation targets and are annualized using a 5%

interest rate assuming that the costs continue over time (unless otherwise specified).
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Electricity sector costs are estimated as the cost of replacing existing fossil fuel power
plants with the cheapest available renewable energy generation in the region using the input files
to the USA Global Change Analysis Model (GCAM-USA). These costs include capital cost,
grid interconnection cost, operating and maintenance cost, and fuel cost. Transportation costs
are estimated as the cost of electrifying the fleet, using capital and maintenance costs based on
GCAM input files and using vehicle miles traveled from the Federal Highway Administration
and GCAM energy intensities for fuel costs. Residential costs are calculated as the premium
required to decarbonize residential sources, specifically to electrify space heating, water heating,
stoves, and dryers that are powered by natural gas, propane, or fuel oil/kerosene. This relies
on purchasing costs from the gray literature and the Residential Energy Consumption Survey
(RECS) for fuel costs. As described above, only some industrial sources are removed in the
pathways. Since refineries and O&G facilities can be completely removed in our simulations,
costs are based on the Value Added (VA) estimates from the U.S. Bureau of Economic Analysis
(BEA), excluding the gross operating surplus since this is not a component of societal value. For
cement, steel, and pulp and paper facilities we use the cost of implementing carbon capture and

storage from Leeson et al. (2017). Details of all cost calculations are available in the SI.
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3.A Appendix for Chapter 3

3.A.1 Supplementary Methods

Input emission estimations

All input emissions were estimated on a sectoral basis. Below is a description of the
generation process for each of the economic sectors included in our analysis.

Sectoral grouping

The National Emissions Inventory (NEI) emissions are separated into thousands of
source classification codes (SCCs), each of which have associated sectors. However, despite
the available detail, the SCC codes and sectors are not particularly well suited for this study.
There are two challenges with the existing NEI categorization: (1) that point sources have
multiple sectors per facility, which complicates modeling, and (2) the vast majority of GHGs
are grouped into an “other” category, thereby making them difficult to match to their source
sectors. We therefore use the SCCs and additional information in the dataset to group emissions
into supersectors, subsectors, and in some cases subsubsectors for costs. The classifications are
defined in Table S1, which is described below and available for download as supplemental data.
Some industrial classification codes correspond in our study to electricity generation because
many power plants have multiple classification codes, including those associated with industrial
combustion.

Carbon Capture and Storage implementation for industrial emissions

For cement, steel, and paper, we assume an implementation of carbon capture and storage
(CCS) so we do not set emissions to zero, but rather to hypothetical efficiencies.! Of the criteria
pollutants from these industries, only SO2 is changed, and it is scaled with CO,e. We were
unable to find industry-specific estimates and therefore use this assumption as an approximation
of findings from power plant CCS, where SO2 reductions are predicted, while other emissions

show less consistent changes. [84]
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Mobile transportation emission reductions

One difference between random and idealized emission reductions in the modification of
transportation emissions. Since transportation emissions are mobile and span between counties,
when a transportation source is randomly removed, the emissions from the same source are
reduced from surrounding counties. We use the distance between county centroids as an
exponential scaling factor. The e-folding length scale is 50 km for automobiles and light trucks
and 150 km for heavy trucks. So, for example, if one county’s automobile emissions are randomly
removed, the neighboring county, with a centroid 50 km away, will also have about a third of
its automobile emissions removed. This additional removal of nearby transportation emissions
has no impact on the total reduction of GHG or criteria pollutants. 50 km was chosen because
it roughly represents the median commute distance in the U.S. 150 km for trucks is our own
estimate of an average permeability across county lines. Finding truck data is challenging and
would vary widely by the type of trucking, which would require more sectoral granularity than
is included in our study. However, since sources are being randomly removed, this distance
assumption does not have a significant impact on our results.

Residential Greenhouse Gases (GHGs)

GHGs from the residential sector are not included in the NEI. We therefore use the
NO, emission factor to back out fuel use and then multiply by CO,, CH4, and N,O emission
factors. All emissions factors are from the same source as used for the NEI: Chapter 1 (External
Combustion) of AP-42, Fifth Edition Compilation of Air Pollutant Emissions Factors, Volume 1:
Stationary Point and Area Sources (all table references in this section refer to this document).
We apply the same process for non-residential nonpoint emissions, but those sources were not

considered as part of this study.

* Residential natural gas - for NO, emissions we use the factor for uncontrolled residential
furnaces from Table 1.4-1. The CO,, CHg4, and N>O emission factors are from Table 1.4-2,

using the N>O (Uncontrolled) row for N;O.
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* Residential oil - we use the Residential Furnace row of Table 1.3-1. The CO, emission
factor is from Table 1.3-12, using the No. 2 fuel type. The N,O emission factor is from

Table 1.3-3 (residential) and the CH,4 emission factor is from Table 1.3-8 (residential)

» Residential Kerosene - The NO, emission factor for residential oil is very slightly different
from the Residential Furnace row of Table 1.3-1, and it is taken from a separate spreadsheet
of emissions factors, found at the NEI supporting document page.! The CO, emission
factor is from Table 1.3-12, using the No. 1 (kerosene) fuel type. The N,O emission
factor is from Table 1.3-3 (residential) and the CH4 emission factor is from Table 1.3-8

(residential).

* Residential Liquified Petroleum Gas - the NO, emission factors are taken from the same

sheet as kerosene. The GHG emission factors are the same as for kerosene.

Residential disaggregation

Residential emissions are provided at the county level with coarse sectoral information.
More specifically, residential emissions are only separated by fuel type in the NEI. However, to
calculate bottom-up costs, we require further disaggregation into different technologies. Each
fuel type is separated into space heating, water heating, dryers, and stoves, using the relative
energy consumption of each, based on the regional residential energy consumption survey
(RECS), as is done for costs (see Costs below).

Oil and Gas Production GHGs

Nonpoint GHGs from Oil and Gas Production (O&G) are not included in the NEI. Criteria
pollutants from this sector are estimated by the EPA using a publicly available Microsoft Access
Database. We run these calculations for the NEI without modification. Although not included in
the NEI, the output includes GHG emissions. We merge these GHGs with the NEI dataset on

counties and SCCs.
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Transportation grouping
We group transportation emissions into subsectoral categories for the purpose of estimat-
ing mitigation costs for this sector (see Section 3.A.1 below). Those groupings are defined based

on the following SCC level three categories:

* Passenger Cars: Automobiles

* Passenger Truck or Light Commercial Truck: Light Truck

Single Unit Short-haul Truck or Single Unit Long-haul Truck or Refuse Truck or

Motor Home: Heavy Truck

Motorcycle: Motorcycle

Intercity/Transit/School Bus: Bus
Spatial proxies for InNMAP modeling

InMAP takes input emissions in the form of point, line, or area shapefiles. Emissions from
the NEI are given as point sources with coordinates or at the county level. We spatially allocate
some county-level emissions to smaller regions using spatial surrogates to better represent their
true distribution. All other area emissions were assigned to county shapefiles, which InMAP
then allocates to the model grid using area weighting.

Onroad emissions are allocated based on 2017 road shapefiles from the U.S. Department
of Transportation.” Heavy truck emissions are allocated to Interstates, Freeways, and Express-
ways using Annual Average Daily Traffic (AADT) and spread evenly across the length of each
road segment. The same process is used for other onroad emissions but they are allocated to all
available roads. Residential emissions were downscaled using 2013-2017 ACSS5 census tract
total population.

Ship port emissions, ship underway emissions, and rail emissions were all allocated
based on area or length of corresponding 2014 NEI shapefiles for ports, shipping lines, and

railways.
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Agricultural emissions were allocated based on cropland in the USDA cropland data layer
- connected cropland was aggregated to shapefiles without specifying crop types. Locomotive
emissions are allocated to rail line shapefiles associated with the NEI County oil and gas
emissions were downscaled to census tracts based on the number of wells in each tract - excluding
those with non-active status - according to the Homeland Infrastructure Foundation-Level Data

(HIFLD), published June 21, 2019.3
Mitigation cost estimates

Detailed descriptions of our approach to estimating the costs associated with sectoral
emissions reductions are presented below by sector.

Electricity

To estimate the costs of decarbonizing the electricity sector we use input data from a
commonly used integrated assessment model, GCAM-USA,[85] which is typically used for
modeling coupled energy systems. Here, we use only the input data for the energy system,
which includes capital, operating and maintenance, and grid interconnection costs for four
types of renewable energy technologies: onshore wind, offshore wind, solar photovoltaics, and
concentrating solar power. We take the difference between the total cost of these renewable
energy sources and combined-cycle natural gas (CCNGQG), as this is the least cost non-renewable
option available in this dataset. All costs are summed after adjusting for inflation to 2020 dollars
and annualized using equations 3.2-3.5. We assume zero grid interconnection cost for CCNG
plants because none is provided in the dataset and major grid expansions are likely not necessary

for this energy type due to relatively easy siting of compact gas plants.

Annualized Cost = (Capital Costs « CRF) + Operating and Maintenance Costs (3.2)

DiscountRate
1 — (1 + DiscountRate)~Lifespan

Capital Recovery Factor (CRF) = (3.3)

Capital Costg 7 = GCAM Capital Costg 7 + GCAM Grid Interconnection Costgr  (3.4)
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Operating & Maintenance Costg T = GCAM Operating & Maintenance Costg r (3.5)

where T = technology (e.g. onshore wind, offshore wind, solar PV, solar CSP, and CCNG) and
R =region (REeDS region for onshore wind, offshore wind, and solar CSP; balancing area for
solar PV). Natural gas fuel costs are added to operating costs using the same fuel price definition
as for the residential and transportation sectors.

Costs are calculated per MW of generated electricity. To estimate the amount of required
renewable generation from virtually removing fossil fuel power plants, we merge the NEI
emissions with the Emissions and Generation Resource Integrated Database (eGRID), which
contains electricity generation data for all power plants. There is no common identifier between
the datasets and the recent available years do not overlap, so we use our own algorithm to match
the 2017 NEI data with the 2018 eGRID data. We algorithmically matched the two datasets and
manually checked the matching of the largest emitters, and fixed the matches when necessary.
Though imperfect, this matching is required to merge generation data with criteria pollutant
emissions. A harmonized national dataset of criteria pollutants, greenhouse gases, and generation
would allow us to avoid this manual process and improve data reliability.

Costs are a slight function of the total generation of each energy type as given in the
GCAM-USA input files. We select the cost of the lowest renewable cost in each region, which
is often onshore wind. We do not exceed the total capacity for each plant type in each region
(equation 3.6). The cost of replacing each power plant is then the required generation multiplied

by the cost per MW.

Maximum Generationg T = REEDS Capacityg T * REEDS Capacity Factorg t (3.6)

Transportation
We calculate the costs of decarbonizing transportation as the additional premium required

to electrify the entire fleet of fossil-fuel-based vehicles. We consider fuel costs and non-fuel
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costs, which include infrastructure, maintenance, and purchase.

Fuel Costs

To derive the fuel cost, the energy required to power the full fleet in each county is
multiplied by the price of the required fuel type (equations 3.7 and 3.8). This is based on
the number of vehicle miles traveled (VMT) from the Federal Highway Administration 2017
Highway Statistics (VMT by Road Type,* Percent VMT by Vehicle Type®) for motorcycles,
passenger cars, light trucks, buses, and heavy trucks. The VMT is multiplied by the energy
intensity (energy per VMT) from GCAM.,® the energy density of the fuel, and the cost of the fuel
(equations 3.7, 3.8).

Popac . .
Fuel Costacy = (VMTy s+ %VMTy sy ) * 7 x Intensityy * Pricer (3.7)
’ ops

Fuel Costcy = Urban Fuel Costcy + Rural Fuel Costcy 3.8)

where A = area (i.e. urban or rural), V = vehicle type (i.e. motorcycle, bus, automobile, light
truck, heavy truck), S = state, C = county, R =road type (i.e. interstate, other arterials, other),
F = fuel type. The fuel types by vehicle type are: gasoline for motorcycles, automobiles, light
trucks; diesel for heavy trucks; and a combination of diesel and compressed natural gas (CNQG)
for buses based on national fleet averages from the DOE alternative fuels data center.’

Fuel prices are summarized in Table S2. For electric vehicles they were initially calculated
as the average of the maximum and minimum electricity price between 2014 and 2020 from the
EIA state electricity profile® and for gasoline vehicles, they were initially calculated as the state
average AAA gasoline price in 2017. Since state-level data was unavailable for diesel vehicles
we use the 2017 national average from the EIA, scaled by the state gasoline price. Natural gas
prices are allocated to states based on EIA state-level 2017 prices.

However, due to large variation in fuel prices, we adjust these prices to better match

current prices and future projections from the EIA’s Short-Term Energy Outlook. The adjustment
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factors and the final prices are given in Table S2.

To harmonize the different road types, we group roads according to the FWHA’s guide-
lines: Freeways, Expressways, and Arterials into Other Arterials and Collectors and Local Roads
into Other. The product of VMT and percent VMT by road type yields the number of miles
traveled by each vehicle type in each state.

To harmonize GCAM’s vehicle energy intensities with the FHWA vehicle types, we
regroup GCAM’s vehicle types to match the FHWA’s by grouping compact, mid-sized and large
cars into Passenger Cars, grouping light trucks SUVs, and trucks under 4.5 tons into Light Trucks,
by assigning 4.5-12 ton trucks as Single-Unit Trucks, and by assigning trucks over 12 tons as
Combination Trucks. We chose this grouping so that vehicles with similar energy intensities
(MJ/VMT) would be grouped together. We assign one intensity to each group by taking the
average of the intensities weighted by travel demand.[85]

To downscale to the county level, we use 2010 Census Urban/Rural Population Data’
to calculate the fraction of urban/rural population in each county for every state. Taking each
county’s urban fraction and multiplying it by their state’s total urban MW needed gives us an
approximation for the urban MW needed for each county. The same process is done with the
rural data to get the total rural MW needed for each county.

Non-fuel Costs

To derive the nonfuel costs we use state-level vehicle registration data from the 2017
Highway Statistics'? and multiply the registrations by per-vehicle infrastructure, purchase, and

maintenance costs from GCAM (equations 3.9-3.10).

VMT,
Capital Costycy = Regs.p sy * W‘%  (Purch. Costy +Infra. Costy) 3.9)
Capital Costcy = Urban Capital Costcy + Rural Capital Costcy (3.10)

where Regs, Purch, and Infra are short for registrations, purchasing, and infrastructure.
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Again the available vehicle types in GCAM differ from those of the VMT data. Therefore
we disaggregate the truck VMT data into light trucks and heavy trucks using the State Motor
Fuel Use data'! from the same 2017 Highway Statistics assuming that light trucks use gasoline
and heavy trucks use diesel. We downscale Vehicle Registrations to the county level following
the same process used in 3.A.1.

Costs are adjusted for inflation to 2020 dollars. Then, using the vehicle groupings from
3.A.1, we take a mean for each group’s infrastructure, purchase, and maintenance costs from
GCAM. These three costs are then multiplied by the number of registrations in each state
(equations 3.11-3.12) and annualized using equations 3.2 and 3.3. Lifetimes for each vehicle

type are found in GCAM and annualized using a 5% interest rate.

aimnt. Cos vV an Kegs. \%4 * aint. Costy .
! A7C7 g A,S7 T()tal " MTS !
Malnt COSt( V= U’ bal’l Malnt COSI( WV +Rl/” al Mal”lt COSt( vV (312)

Residential

We calculate the costs of decarbonizing residential sources as the additional premium
required to electrify space heating, water heating, stoves, and dryers that are powered by natural
gas, propane, or fuel oil/kerosene. The electric replacements considered for each of these
appliances are air source heat pumps (ASHP), heat pump water heaters (HPWH), electric
stoves, and electric dryers respectively. We consider fuel and purchase costs for each of these
technologies, as well as the cost of upgrading a home’s electric panel since panels often need to
be upgraded to support additional electric appliances. Fuel costs are derived by using residential
propane and natural gas consumption data from the 2015 Residential Energy Consumption
Survey (RECS). This consumption is converted to MWh and multiplied by the regional price
of electricity. Nonfuel costs are derived by calculating the number of housing units that have a

fossil fuel appliance and multiplying them by the costs of an electric version of that appliance.
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Panel costs are spread across appliance types based on fuel consumption of each appliance type
under the assumption that on average the energy intensity of an appliance will dictate the need
for new electrical panels.

Capital Costs

To calculate capital costs we merge 2017 estimates of county housing units from the
census bureau'? with data from the 2015 Residential Energy Consumption Survey (RECS).!3
HC3.1, HC6.1, and HCS.1 of the RECS survey, provide the fraction of homes within each census
region that have appliances of a specific fuel type. We multiply this fraction by the number
of housing units in each county to get the number of appliances that can be electrified. We
then multiply each appliance type by the purchasing price as provided in a 2019 E3 Report on
Residential Building Electrification in California [86], to get the total capital cost for each county

to decarbonize residential appliances (equation 3.13).

Housing Unitsg r r

Capital Costcr = * Housing Unitsc * Purchase Costt f,,. (3.13)

HousingUnitsg T

Panel costs are spread across appliance types based on fuel consumption of each appliance type
(as described in 3.A.1) under the assumption that on average the energy intensity of an appliance
will dictate the need for new electrical panels. Total panel costs are calculated by multiplying the
number of homes that have a fossil fuel appliance by the cost of an electric panel from the E3
report.

Fuel Costs

Residential propane and natural gas consumption is also provided in ce5.2 of the RECS
survey for census regions. To disaggregate this to the county level, we use the fraction of housing
units of a county relative to the census total. This allows us to get natural gas and propane
consumption to the county level by multiplying the fraction with the census region consumption
data. Disaggregating consumption in this manner means that we assume that housing units

consume identical amounts of energy. Each county’s BTU consumption was then converted to
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MWh and multiplied by the price of electricity to get the fuel cost (equation 3.14).

Housing Unitsc

FuelCostcr = * Energy Consumptiong r r * Fuel Costr (3.14)

HousingUnitsg

where C = County, R = Census Region, T = Technology (i.e. ASHP, HPWH, Stove, Dryer), F =
Fuel Type (i.e. electricity, natural gas, propane, heating oil).

A similar process was conducted for fuel oil/kerosene, but instead of using RECS
data to upscale regional consumption, we used NEI residential NO, emissions as a proxy for
consumption data. Specifically we use the emission factor from table 1.3-1 of an EPA report on
Fuel Oil combustion!* to convert pounds of NO, emissions into gallons of fuel oil, which we
convert to MWh. As with natural gas and propane, this is then multiplied by the state-level price
of electricity to get the fuel cost. As for electricity generation and transportation, we correct fuel
costs by a fuel-specific constant (Table S2).

Industry

Since refineries and O&G facilities can be completely removed in our pathways, costs are
based on the Value Added (VA) estimates from the U.S. Bureau of Economic Analysis (BEA).
We do not include the gross operating surplus since this is not a component of societal value. For
refineries we use the VA of Petroleum and Coal Products industry and for oil and gas we use the
VA of the Oil and Gas Extraction industry. We then divide by the respective CO,e emissions
to obtain a cost of carbon removal. This results in a cost of $136/TCO,e for petroleum and
$258/TCOze for O&G.

For cement, steel, and pulp and paper facilities we use the cost of implementing CCS from
[87]. For cement and pulp and paper we use the given numbers of $39.4/TCO; and $57.2/TCO,,
respectively, though it is worth noting that pulp and paper is based on a single estimate rather
than an average as for other industries. For steel, $76.6/TCO; is given for the first 65% of CO,
emissions and $86.4/TCO;e is given for an additional 27% CO, emissions; we use a weighted

average of $79.5/TCO,. Industry costs are not adjusted for inflation or with an interest rate as
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with all other costs.

Data and Documentation Links

10.

. state_comparison ERTAC SS _version7_4 spreadsheet. Last accessed: 3/4/2023.

https://gaftp.epa.gov/air/nei/2017/doc/supporting_data/nonpoint/?C=N;O0=D

Department of Transportation road shapefiles by state, where [[State]] is replaced by the

name of each state. Last accessed 3/4/2023.

https://www.thwa.dot.gov/policyinformation/hpms/shapefiles/[[STATE]]2017.zip

Homeland Infrastructure Foundation-Level Data (HIFLD). Last accessed: 3/4/2023.

https://hifld-geoplatform.opendata.arcgis.com/datasets/oil-and-natural-gas-wells/

GCAM v6 Documentation: GCAM-USA. https://jgcri.github.io/gcam-doc/gcam-usa.html

Table VM-2 - Highway Statistics 2017

https://www.fhwa.dot.gov/policyinformation/statistics/2017/vm2.cfm

Table VM-4 - Highway Statistics 2017. Last accessed 3/5/2023.

https://www.fhwa.dot.gov/policyinformation/statistics/2017/vm4.cfm

Transit Buses by Fuel Type. Last accessed 3/5/2023. https://atdc.energy.gov/data/10302

EIA state electricity profile 2021. Last accessed 3/5/2023

https://www.eia.gov/electricity/state/

2010 Census Urban/Rural Population Data

https://www?2.census.gov/geo/docs/reference/ua/County Rural _Lookup.xIsx

State-level vehicle registrations 2017. Table MV-1. Last accessed 3/5/2023.

https://www.fhwa.dot.gov/policyinformation/statistics/2017/mv1.cfm
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11. State-level motor-fuel use 2017. Table MF-21. Last accessed 3/5/2023.

https://www.thwa.dot.gov/policyinformation/statistics/2017/mf21.cfm

12. Total housing units. US Census. Last accessed 3/5/2023.
https://www.census.gov/data/datasets/time-series/demo/popest/

2010s-total-housing-units.html

13. Residential Energy Consumption Survey 2015. US EIA. Last accessed 3/5/2023.

https://www.eia.gov/consumption/residential/data/2015/

14. AP-42 VOL. I: 1.3: Fuel Oil Combustion. US EPA. Last accessed 3/5/2023.

https://www.epa.gov/sites/default/files/2020-09/documents/1.3 _fuel oil_combustion.pdf

3.A.2 Supplementary Tables

Table A3.1 is used to define sectors. It can be found uploaded separately as supplementary
data. It contains the information we used to define the supersectors, subsectors, and subsubsectors
in this study. The ‘sector,” ‘scc level two,” and ‘scc level three/four columns,” and ‘facility source
type,” and ‘Datasets’ columns are from the national emissions inventory. The ‘eGRID __sector’ is
from the matched eGRID dataset. The ‘Modified’ column indicates whether each SubSubsector
is modified in the pathways. The ‘Cost_Group’ indicates which group each subsubsector is in for
the cost calculations. The entries in the NEI and eGRID columns define what those criteria need
to start with. If the entry starts with ‘contains’ then the following text can be anywhere in the

description (of the descriptor indicated by the column name), not just at the beginning.
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Table A3.1. National average fuel cost for each fuel type and the adjustment factors used to
obtain those prices from historical averages.

Low Adj Price

1

Middle Adj Price

High Adj Price

Fuel Type: (adjustment factor) | (adjustment factor) | (adjustment factor)
Electricit $0.105 /kWh $0.115 /kWh $0.123 /kWh
y (1.2) (1.4) (1.8)
Natural Gas $12.00 /1000 ft3 $14.40 /1000 ft3 $16.80 /1000 ft3
(D (1.2) (1.4)
. $2.40 /gallon $3.60 /gallon $4.80 /gallon
Gasoline
(D (1.5) ()
. $2.58 /gallon $3.87 /gallon $5.16 /gallon
Diesel
(D (1.5) (2)
Propane $2.39 /gallon $2.87 /gallon $3.35 /gallon
p (1) (1.2) (1.4)
. $2.70 /gallon $4.05 /gallon $5.40 /gallon
Fuel Oil/Kerosene
(D (1.5) (2)

I'The fuel price is the average 2014-2020 national fuel price, multiplied by an adjustment factor, which was
selected to reflect the projected prices in the EIA’s Short-Term Energy Outlook at the time of writing to 2021-2022

prices.
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3.A.3 Supplementary Figures

Raw output, Unmodified 2017
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Figure A3.1. (a) Maps of raw InMAP output using Unmodified 2017 NEI emissions (not
including fire emissions) and our spatial proxies. (b) Map of corrected output. For the Unmodified
2017 case, this is by definition the same as the WUSTL dataset averaged over 2010-2019. (c)
The correction applied to get from (a) to (b). The same correction is applied to all INMAP output
in this study, meaning that (a) and (b) are different for different simulations and (b) will not
always equal the WUSLT dataset. All maps are regridded from their original resolutions to the
census tract level. The correction is the result of missing and imperfect emissions inputs as well
as model bias. It is applied to all simulations and therefore largely impacts absolute exposures
and disparities rather than the differences between simulations.
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Figure A3.2. This figure is the same as the top panel of Figure 1 but with 5% lowest density
tracts removed. Data are area averaged since population data are not available at the same very
high resolution as the original dataset. To test the impact of large, low population tracts on the
result, we remove low density tracts and show that disparities are persistent.
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Figure A3.3. Cost ranges from different assumptions about high/medium/low electric costs
(labeled as ele H/M/L) and fossil fuel costs (labeled as FF H/M/L) and different interest rate
assumptions (3%, 5%, 7%). For example, eleL_FFH yields the lowest cost because decarboniza-
tion is most favorable when electrification costs are assumed to be low and fossil fuel costs
are assumed to be high. The permutations of high/medium/low electricity and fossil fuel cost
assumptions are shown as different symbols and interest rate assumptions are shown as different
colors. Cost ranges are shown for the NDC-constrained pathways from Figure 1 and for three of
the random experiments. The costs in the main text and the costs used for the Least cost pathway
are based on the middle estimate (eleM_FFM, interest 5). This figure demonstrates that there are
a wide range of cost estimates depending on model assumptions but that the relative magnitude
of costs are consistent.
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Figure A3.4. Stacked marginal abatement cost curve that results from our middle cost estimate.
Curves are calculated by sorting the county-level costs for each sector and taking the cumulative
sum of corresponding CO,e emissions. Industry costs occur in discrete levels because we use one
cost for each industry sub-sector (e.g. cement) from the literature. Emissions do not reach zero
mostly because we do not assign costs to all greenhouse gas emissions. This figure demonstrates
the cost per ton of reducing emissions - as more emissions are removed, the cost increases.
Transportation and electricity emissions make up a large fraction of the total and tend to occur at
lower prices.
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Figure A3.5. This figure is the same as Figure 2 but without bias correction. It demonstrates that
the absolute magnitude of disparities and exposures are impacted by the use of the correction,
though the difference in magnitudes between pathways remain consistent.
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Figure A3.6. Distributions of state-level disparities for the idealized pathways shown in Figure
2. The top row shows disparities and the bottom row shows exposures. All are shown as a
difference from the Unmodified 2017 case. When compared to Figure 2, this figure demonstrates
that national-level changes between pathways are robust at the state level.
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Figure A3.7. Total exposures, demographic-specific exposures, and disparities for different
simulations. Disparity is a function of demographic-specific exposure and total exposure and
is therefore shown in the background as contours. Exposures and disparities are shown for
the idealized decision pathways (a) and randomized experiments (b) and Unmodified 2017
baseline emissions shown with an x. The colors indicate which racial/ethnic group is being
used to calculate the selected population exposure and symbols are used to differentiate between
experiments. This figure simultaneously shows how national exposures and disparities vary in
the different simulations, by demographic.
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Figure A3.8. The first row (a-d) shows the relationship between POC exposure and total
annualized cost of each randomized NDC-constrained simulation. The colors represent the
fraction that the indicated sector has been reduced, between O (no reduction) and 1 (fully
removed). The bottom row (e-h) shows the relationship between POC exposure and population-
weighted PM2.5 exposure, with the fractional reduction indicated in color as for (a-d). (a) and (f)
are identical to the panels in Figure 3. This figure contains all sectors to justify the selection of the
main text panels. Panel (g) is noteworthy because it also shows a strong gradient for electricity
emission reduction. However, random simulations with large reductions in electricity emissions
often have relatively small reductions in transportation emissions because these two sectors
account for large fractions of GHG emissions and the randomized pathways are constrained
by total GHG reduction. We show in subsequent figures and text that we believe the change
in transportation emissions (panel (f)) are the largest source of variation in disparities between
randomized pathways (see Figure 4c, 4f).
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Figure A3.9. Coefficient of determination (r?) and regression coefficients (as in Figure 4 c,f) for
four sectors. The fraction is defined as the fraction of those considered in this study. For example,
transportation only includes mobile on-road emissions and industry only includes the sectors
described in the methods. This expanded version of Figure 4 shows that transportation stands out
amongst the four sectors, which is the focus in the main text. The units for disparity change are
in percentage points and the units for exposure change are p1g m—>. These distributions therefore
show how disparity and exposures would change under a full removal of emissions from a sector.
Given the setup of the randomized simulations, in practice, these can be interpreted as marginal
changes (e.g. a 10% reduction would yield 10% of the unit indicated on the x axis).
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Figure A3.10. This figure is the same as Figure 4 but with no bias correction. This figure, when
compared to Figure 4, demonstrates that relative differences are robust to the application of the
bias correction.
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Chapter 4

The spatial structure of Earth’s climate
and statistical estimation of climate im-
pacts

4.1 Abstract

Many climate impacts studies rely on empirical statistical methods to isolate the impact
of changing environmental factors on human outcomes of interest. However, this research has
largely ignored the physical dynamics of the climate system, and how that underlying structure
of climate might influence estimates from such models. Here we use a combination of real-world
measurements, climate model output, and simulations to show how one basic feature of Earth’s
climate — the different characteristic correlation length scales of temperature and precipitation —
contributes to biased historical and projected impact estimates in a standard empirical framework.
Furthermore, we explore how by focusing on the impact of local fluctuations, these common
empirical approaches may miss the impact of shifts in mean climate, another source of potentially

significant underestimation of climate impacts.

4.2 Introduction

The quantification of climate impacts on human systems has largely relied on the sta-

tistical estimation of relationships between weather and outcome observations from the recent
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past, followed by projection of those relationships under different future climate and adaptation
scenarios [88, 89]. Advances and refinements to this methodological apparatus have resulted
in increasingly granular impact assessments across a wide array of sectors — from health and
mortality [90, 91, 92, 93], to crop yields [94, 95, 96] and total factor productivity [97, 98], to
economic output [99, 100, 101, 102] — and form the basis for estimates of the Social Cost of
Carbon (SCC)[103].

Although these empirical statistical models of historical impacts vary in their details,

they share a common form:
Yi :Zﬁk,T'f(Tit>+Zﬁk,P'f(Pil)+Xi7t+£it 4.1)
k k

Here, Y is an outcome observed at locations i and times #, and Bk are best-fit coefficients
(estimated by ordinary least squares or another regression method) that define the surface relating
Y;; to temperature (7;;) and precipitation (FP;). X;; are included to control for various confounds
that could vary across space, time, or both. f(7;) and f(P;) may take on more complicated
functional forms — e.g., higher-order polynomials, splines, bins, or lagged structures — to capture
potential non-linear responses.

The coefficients ﬁk can then be combined with (e.g.) bias-corrected climate model
projections to estimate future impacts for all locations based on local changes in 7" and P (with

X usually assumed to be constant into the future; i.e., in the absence of adaptation):
Af; = (Zﬁm F(T+AT)+ Y Bep- f(P +AB~)> - (ZBk,T T+ Y Bep -f(H-)) : 4.2)
k k k k

Although powerful and flexible, this framework rests on several assumptions that can
be difficult to meet in the context of estimating climate impacts. Perhaps most obvious is
the need for an appropriate form for the functional surface relating weather realizations to Y.
Since the structure of this impact relationship is often not known ex-ante, researchers often

estimate a range of specifications, and use fit metrics or cross-validation techniques to select a
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preferred model. [100, 104] Less obvious but equally important are choices about the spatial
and temporal scales of observation, i and . Human and socioeconomic outcomes of interest (for
example, population, income, health, agriculture) are often gathered and reported according to
administrative boundaries. Environmental data may be gathered in a more spatially continuous
manner, but their measurement is also often subject to capacity constraints. Measuring both
outcomes and environmental drivers at appropriate scales can be challenging, and matching them
for analysis adds further complication. [105, 106, 107] In contrast to current efforts towards
improving the functional form and the exposure and outcome data, with few exceptions,[106] the
climate impacts literature has paid little attention to the ways in which physical climate dynamics
are or are not appropriately represented in empirical statistical frameworks, and the implications
of the physical connections within the climate for impact estimation in such models.

Here we start from the distribution of global land-based temperature and precipitation
measurements to demonstrate the fundamentally different spatial correlation length scales for
these two parameters. We explore the distribution of measurement uncertainty as well as the
interplay between imperfect measurement and spatiotemporal aggregation in empirical statistical
estimation of impacts. By combining temperature and precipitation measurements with both
real-world outcome data (Gross Domestic Product, or GDP, reported at different spatial scales
[101]) and simulated outcome data, we are able to explore the interplay between physical climate
features and statistical methods. We explicitly address the ways in which the correlation of
climate variables and changing mean climate state pose unique problems in conjunction with
standard methods for improved causal inference, and conclude with guidance for how future
analyses might best account for these features, especially where credible projection of future

impacts is an objective.
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4.3 Results

4.3.1 Measurement of climate and spatial correlation lengths of temperature and precipitation

We begin by describing the state of available temperature and precipitation surface
measurements. While gridded products are increasingly available from a spectrum of models
and in situ and remotely sensed observations, these products rest on ground-truthing to surface
observations. We therefore explore the global distribution of these measurements and their
characteristics (Figure 4.1).

Unsurprisingly, measurements are concentrated in more economically-developed regions
like the United States and Western Europe (Figure 4.1 (a-c)). The number of global observations
is also not constant in time, with availability broadly declining over recent decades, especially
in South America and Africa. This means that climate is especially poorly measured — in both
space and time — in these tropical regions. Although understood though everyday experience and
physical principles, these data nevertheless clearly show how T and P vary on different spatial
scales. Figure 4.1 (d-i) reveals that the length scale of the correlation between neighboring
measurements is about an order of magnitude smaller for P than for T, across a variety of
environments. The shorter length scales for P are not due to imperfections in the measurements
but are rather a physical property of the climate: temperatures are principally governed by
insolation and planetary waves, while precipitation is driven largely by fronts and convective

cells.

4.3.2 Measurement error and the spatial scale of analysis

One immediate consequence of these different correlation length scales is that data
products that include any type of interpolation between station measurements (e.g., the University
of Delaware global gridded T and P product) inevitably induce more error in P than in T at
between-station locations. Moreover, some regions are much more subject to interpolation (and

thus measurement error) than others. Though every measurement contains some fundamental
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Figure 4.1. Measurements of temperature and precipitation reveal their characteristic spatial
correlation length scales. (a) Measurement station locations for temperature in the Global
Historical Climatology Network (GHCN) database and their most recent year of reported data in
color. (b) Same as (a) but for precipitation. (¢) The distance in kilometers from every location
on Earth to the nearest 2021 precipitation measurement in the GHCN (note that distances that
exceed 100km have been grouped together for presentation) (d-i) The correlations between
monthly precipitation anomalies (d-f) and temperature anomalies (g-i) measured at stations in
three regions (New York state, Thailand, and Mexico). In each panel, the correlations between
station anomalies are plotted along with an exponential fit; this curve provides an estimate of the
e-folding distance, or the characteristic spatial correlation scale for each parameter in that region.
Note that the horizontal axes have different limits for the three different regions (top, middle,
and bottom rows).

uncertainty due to equipment limitations and sampling, the additional induced measurement
error from interpolation between stations of parameters with distinct spatial correlation lengths
means that measurement error varies heterogeneously across 7;; and P; in Eqn. 4.1. We use

the ensemble spread of the NOAA/CIRES/DOE Twentieth Century Reanalysis Project to show

that measurement uncertainty is indeed higher in the same regions that lack dense observations
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(Figure 4.2).
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Figure 4.2. An estimate of uncertainty in T (a) and P (b) in units of interannual standard deviation,
using NOAA/CIRES/DOE reanalysis data. Both panels show the relationship between variability
in T and P in historical Earth system model runs (1980-2015) compared to the variability in
mean T and P, as an estimate of how much measurement uncertainty likely exists in locations
with few surface stations (see Methods for details).

This measurement error in global gridded (or interpolated) products is important not just
for an appropriate local understanding of exposures to environmental factors, but also because
it directly interacts with statistical estimation methodologies. In particular, regression analysis
typically assumes no error in predictor variables, and finds the set of best-fit coefficients that
minimize the distance between observed outcomes and predicted outcomes in Y-space alone. In
this framework, measurement error in predictor variables (e.g., T, Py, X;; in Eqn. 4.1) leads to
attenuation bias, or a suppression of the magnitude of fit coefficients.[108] Because P; is both
more variable and measured less well than 7}, statistical impact models are likely to suffer from
disproportionate attenuation bias in the ﬁp coefficients relative to the 3T coefficients.

We demonstrate this by using an idealized modeling framework that allows us to specify
the relationships between Tj;, Py, Y;;, and then adjust the relative strengths of impacts and simulate
different types of measurement error. Specifying the ‘true’ outcome with real climate data allows
us to explore how different features of the system contribute to biases in estimated coefficients
and/or predicted outcomes. In our idealized model, we generate an outcome variable Y;; with a
known quadratic relationship with T and P at the grid cell level. We then add different types of
measurement errors to T and P (in part derived from the analysis in Figure 4.2), and then estimate

the fit parameters and predicted outcomes with the imperfect simulated measurements (See
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Methods). Figure 4.3 (left panel, labeled ‘Pixel’) shows the results of this analysis, presented in
terms of marginal impacts (so the impact on ¥ of a unit change in T or P;). The ‘true’ relationship
(black lines in each panel) is a concave quadratic, where Y is maximized at an optimum value
of T and P. Addition of realistic measurement error, of the magnitude shown in Figure 4.2,
results in the estimated fits shown in solid red (7') and blue (P). This error leads to attenuation
bias for both parameters, but it is much more pronounced for P, as expected. We also reverse
(dashed lines) and randomize (dotted lines) the location of the measurement error to demonstrate
the impact of different error distributions (see Figure A4.1 for explicit representations of these
distributions). Again, the measurement error of any sort causes clear attenuation bias in all cases,
and disproportionately for P; this is expected since the uncertainty in P is larger than for T, even
relative to interannual variability. However, the magnitude of the effect depends strongly on the
location of the measurement error, demonstrating that while imperfect observations are a well
known source of attenuation bias, the magnitude of errors in environmental measurements are
not randomly distributed in space but rather systematically larger in certain climate zones like
the tropics. The heterogeneity in both climate and our measurement of it has helped condition
the magnitude of attenuation bias likely embedded in current damage function estimates.

This same idealized modeling framework allows us to explore the interplay measurement
error and the spatial scale of analysis. The empirical statistical framework (Eqn. 4.1) requires
that outcome data and environmental observations must be aggregated or disaggregated to the
same spatial and temporal resolution even though the natural length and time scales of analysis
are generally different for social and natural systems (and different between temperature and
precipitation). [101] As a result, researchers face a choice about how to match predictor and
outcome data for analysis. While it is true that disaggregation of data (i.e., moving to higher
resolution) leads to a higher number of observations (n) and thus improved statistical power, if
those higher-resolution data are in fact estimates that include measurement error as described
above, analysis at higher spatial resolution can have the pernicious effect of producing higher

statistical confidence in more biased measurements (as in Figure 4.3, left panels).
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Figure 4.3. Marginal impact functions under measurement uncertainty. Each figure shows
the derivative of an idealized outcome variables with a known quadratic relationship (black)
and the estimated impact after adding error to the independent variables (color). Errors from
spread are defined using Figure 4.2. Swapped errors are the same except the location of high
and low errors have been reversed. Shuffled errors have randomized locations of the same errors.
Marginal change for the temperature relationship are shown in the top row and marginal changes
in precipitation are shown in the bottom row. The columns contain the same information for
three levels of spatial aggregation.

Perhaps counterintuitively, spatial aggregation tends to decrease measurement error
because multiple measurements are combined into the unit of analysis (Figure 4.4). However,
this comes at the cost of decreasing the number of observations and thereby increasing the
standard errors of predicted coefficients and outcomes. This is evident as the analysis in
Figure 4.3) moves from 0.5° pixel to Administrative level 1 (e.g., state, province) and finally to
Country level (right panel). Country-scale analysis has less bias in P than pixel-scale analysis,
but much wider confidence bands on those estimates. At all levels of aggregation, there is an

asymmetry in the relative bias of the T and P coefficients (Figure 4.4). This is largely caused
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by the higher variability in P, which means that an uncertainty of one standard deviation causes
more uncertainty in the outcome than a standard deviation of uncertainty in 7. We show this by
re-estimating model coefficients across a wide range of added T and P errors. Figure 4.4 shows
only the relative bias in T and P, while Figure A4.3 also shows the T and P components of the

outcome individually.
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Figure 4.4. Relative bias in the strength of estimated temperature versus precipitation impacts
on an outcome Y in an idealized modeling framework. Contours show the estimated ratio of the
quadratic components of T and P, under uniform added error in 7 and P, to the true ratio of
those components (specified ex-ante). Red shading indicates that 7" is overvalued relative to P.
Error is added as a function of unit-level interannual standard deviation of 7' (vertical axis) and
P (horizontal axis). Regressions are population-weighted at the pixel level, while T and P are
aggregated using population weighting for the administrative 1 and country-level regressions.

4.3.3 Correlation between temperature and precipitation

Hard physical links exist between temperature and precipitation. On interannual time
scales, these have been negatively correlated in a majority of areas over land, particularly for
populated areas (Figure 4.5). In other words, over the recent past (the time period over which
empirical statistical impacts studies have been conducted), hotter temperatures have usually
occurred in conjunction with drier conditions, and cooler temperatures in conjunction with wetter
conditions. This poses problems in the context of empirical statistical frameworks, because they
treat T;, and P; as inherently separable and statistically identifying estimates for fB; 7 and B p

from their independent variation. High levels of correlation between predictor variables leads to
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uncertainty, because (e.g.) there is no way to tell whether the correlated impacts in hot and dry
years should be attributed to the temperature or the precipitation component of the climate. This

leads directly to inflated standard errors and potential instability in coefficient estimates.
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Figure 4.5. The correlation between annual average temperature and total annual precipitation at
different spatial scales of aggregation. (a-c) show maps of UDEL historical cor(T,P) from 1960
to 1990 using population-weighting for aggregation to administrative 1 and country levels. (d-f)
show histograms of the same maps as well as the equivalents for a CESM2 historical simulation
and a transient warming scenario (SSP2) from 2040 to 2070.

Empirical statistical analysis frameworks tend to assume that collinearity (correlation
among predictor variables) is fundamentally a missing data problem, where more data would
provide independent variation between the correlated variables, and thus enable statistical
isolation of their independent effects. [109] However, in the case of climate impacts, the physical
coupling can limit their separability, even with more data or higher spatial or temporal resolutions.
In other words, separability might not even be meaningful in a climate impacts context because
climate as a whole will evolve in different locations, and the aim of impact assessment is to
quantify the collective impact of environmental changes on human outcomes.

While these limitations are well documented in the statistics and econometrics literature,
a less-considered consequence of this physical correlation is that it can lead to bias in the

presence of measurement error. To illustrate this, we set up an idealized simulation of two
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sets of correlated, random normal data that are meant to represent 7 and P. For simplicity
we assume that the error in 7 is zero and we then adjust the error in P; we do this both for a
simulated outcome that is linearly dependent on 7" and P as well as for a quadratic dependence.
For this illustrative example we assume that 7" and P are of approximately equal importance in
determining the outcome Y. We find that the magnitude of the biases changes as a function of
both measurement error and cor(T,P). Most important, we show that the measurement error
in P is in a sense propagated via correlation into the coefficient estimates for 7', even though
T is measured without error. That is, in addition to the expected attenuation bias in the P
coefficient(s) from measurement error, the estimated coefficient(s) for (perfectly-measured) T is
also affected (Figure 4.6). This interplay likely contributes the asymmetry shown in Figure 4.4.
In that simulation, the idealized outcome is created using UDEL T and P, meaning there is an

underlying correlational structure between 7" and P that is largely negative (Figure 4.5).

4.3.4 The role of mean climate state

A final interaction between the spatiotemporal structure of climate and empirical statisti-
cal analysis of human-natural systems comes in the fact that most analyses occur in ‘anomaly
space’ — that is, they focus on the relationships between climate and outcomes of interest within
observations over time at each location. This is attractive from a causal inference perspective,
because it is well known that the variation observed in many socioeconomic outcomes between
different entities, for example countries, has not been primarily driven by climate but by other
differences between locations, such as economic and political institutions. Researchers under-
standably want to account for this type of cross-sectional variation in outcomes across units
of observation to more clearly isolate the climate component.[110] Practically, this is accom-
plished in an empirical statistical framework through inclusion of location-specific intercepts
in Equation 4.1, X;; these simultaneously de-mean outcomes and predictor terms, such that the
analysis now describes how Y;; changes from its mean value when a location is (e.g.) hotter

or wetter than its average. These X; are known in the literature as fixed effects, because they
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Figure 4.6. Bias in coefficients and predicted outcomes estimated with linear and quadratic
regression models in the presence of measurement error in P and correlation between 7" and
P. Bias relative to T is shown in (a,b), and relative to P in (c,d). Linear results as a function
of P error are shown in a) and c), quadratic results with P error set to one standard deviation
are shown in b) and d). Temperature and precipitation are given approximately equal weight in
contributing to the simulated outcome. Each simulation was conducted with 50 observations
per unit (i), and 30 cross-sectional units. Each model was estimated 10 times; plots show the
average coefficient or outcome estimates across those 10 simulations.

are time-invariant but location-specific. However, while these fixed effects control for mean
differences in outcomes across units, they also by construct include a lot of information about
the mean climate state. Under climate change, this climatically rooted component of the “fixed

effect” maybe become unfixed.
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To demonstrate the potential importance of the mean climate state, and potential shifts in
mean climate under future climate change, we utilize the GDP data described above. Using the
same prediction framework as with the idealized model, except now with population-weighting,

we estimate the response of per capita GDP to temperature and precipitation:
10§(GDPye)is = PrTis + BroTif + BrPi + Bpa P + i+ Vi + &i (4.3)

Here y; and v; are unit and time-specific intercepts (i.e. fixed effects; the v; analogously control
for time-specific but location-invariant phenomena across the system of study, such as a global
recession). As before, the 7" and P terms of this model are meant to capture the climate drivers of
variation in economic output, while t; and v; account for other unobserved factors. In practice
this means that the both the dependent and independent variables are demeaned, converting the
regression to unit-level anomalies and removing the cross-sectional variation that accounts for
much of the total variability. Although this is desirable to isolate the impacts of 7 and P on
economic output, these "fixed effects” contain information about the mean climate of each spatial
unit, which, when projecting to new climate futures, are no longer fixed. To demonstrate this
temperature dependence, we fit another regression to ;+V; (here called FE, for fixed effects)

with a similar quadratic form:

FE; = Bo+ Br.reTu+ Br2 pp Ty + BrrePu + Bpe Py + € (4.4)

where [ is an unconstrained intercept. The resulting surfaces from Eqn.4.3 and Eqn.4.4 are
shown in Figure 4.7, estimated for different scales of spatial aggregation. The top row represents
the estimated impacts of high frequency (annual) within-unit variability in 7" and P, whereas
the bottom row shows the longer term association between mean climate state and GDP. This
analysis underscores that a unit change in mean state temperature or precipitation is considerably

larger than the interannual variability component. Moreover, the total adjusted R* of Eqn. 4.3
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estimated with these data is above 95% for all three spatial scales of analysis, but almost all of
that explanatory power comes from the fixed effects (the within-R? is less than 1% in all cases).
When fitting Eqn. 4.4 with the fixed effects extracted from those regressions, we find that the T
and P terms jointly explain about a quarter of the variation (adjusted R? of 0.22-0.25, depending
on the spatial scale). Practically, this means that fixed-effects models like Eqn. 4.3 are discarding

a lot of climate-related variation in the name of causal identification.
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Figure 4.7. Surfaces resulting from Eqn. 4.3 (top row) and Eqn.4.4 (bottom row). The top row
represents the relationship using only the internal variability of each country and the bottom row
shows the remaining cross-sectional relationship. The solid contour indicates the distribution of
90% of 1990 data data, and the dashed contour shows the same for 2050.

This tradeoff between information and causal identification may be desirable in terms
of most accurately determining the response surface of (e.g.) GDP for the recent past, but it
presents significant issues when considering projections of future impacts. Numerous studies
and reviews have discussed the conditions and assumptions under which Eqn.4.2 may be used,
but in all cases it is important to note that its direct application conflates changes in mean climate

state with interannual variability in the future. [111]
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Here we separate these two time scales and allow for the response to a mean climate shift
to differ from the response to interannual variability. This two-part projection (from Eqn.4.3
and Eqn.4.4) is shown for predicted climate-driven GDP impacts in 2050 in Figure 4.8. A key
difference in our methodology is that we only project forward the portion of fixed effects from
from Eqn.4.3 that are truly climate invariant (i.e., the residuals from Eqn.4.4). We then allow
the mean state relationship to evolve independently (according to Eqn.4.4) from the impact of
interannual variability (from Eqn.4.3) out to 2050. We find that, except for select locations in the
tropics where large changes in precipitation are predicted, temperature effects dominate GDP
damages. Consistent with previous studies, when considering interannual variability (Eqn.4.3)
some cold regions at high latitudes are projected to benefit from climate change, whereas lower
latitude regions are projected to see significant harms (4.8). After adding projections from
shifts in the mean climate state, damages are nearly universal, though tropical locations are still

projected to experience worse outcomes than mid- or high- latitude locations (Figure 4.8).
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Figure 4.8. Maps showing the ratio of predicted GDP with and without climate change by 2050
using CESM SSP2 climate projections. (a) includes only the results from a traditional panel
model that uses internal variability. (b) includes only the impact of a shift in the mean climate
(assuming that future cross-sectional relationships look like past cross-sectional relationships).
(c) is the total of both the internal variability and mean change components.

4.3.5 Combining idealized and real-world models for more accurate impact estimates

Lastly, we combine the various methodological corrections described above, from Figures
4.2 and 4.3, with our GDP model (as in Figure 4.8). We tune the idealized model to match
the GDP data, and then iterate to back out the true” regression coefficients that yield the

same estimated parameters as the GDP regression, assuming the error distribution from Figure
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4.2. The resulting estimated GDP impacts are shown in Figure 4.9b, and compared to an
uncorrected projection in Figure 4.9c. The correction demonstrates that even for the traditional
panel regression (i.e., without separating the cross-sectional mean component from above), GDP
impacts may be substantially underestimated, often accounting for an additional 1-2 percentage
points of GDP damage.

As shown in Figure 4.3, the bias is substantially larger for P than for 7" 4.9d. It is therefore
unsurprising that after applying the correction, P accounts for a larger fraction of the predicted
GDP impacts (Figure 4.9d). In this case the GDP panel regressions indicate that 7 accounts for a
much larger fraction of GDP impact than P, and the changes in (c) are still largely dominated
by changes in 7. However, this correction serves as evidence that attenuation contributes to
the undervaluation of P[101] and suggests that other analyses focused on impacts or regions
where P plays a larger role (e.g., agricultural productivity studies) are subject to significant

underestimates if no correction for measurement error is applied.
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Figure 4.9. Pixel-level maps showing the ratio of predicted GDP with and without climate
change by 2050 using CESM SSP2 climate projections. (a) includes only the results from a
traditional panel model that uses internal variability. (b) contains the same information as (a) but
includes a correction for measurement uncertainty, and (c) is the difference between (a) and (b).
(d) shows the increase in the fraction of P impacts.
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4.4 Discussion

Our analysis demonstrates that the spatio-temporal structure of Earth’s temperature and
precipitation in the recent past has contributed to biased historical and projected impact estimates
in standard empirical frameworks. This bias is exacerbated by both measurement constraints
and the statistical approaches used for causal identification. Specifically, our analysis reveals
that climate impact estimates have likely underestimated the impact of precipitation changes
on key outcomes, and this is worse in empirical models that utilize location-specific intercepts
designed to account for outcome differences that are non-climate related (i.e., location fixed
effects). Despite the impact being significantly larger for precipitation, other studies have
also shown this bias for temperature in different contexts [112]. We also show that, perhaps
counterintuitively, impacts may be better identified at moderate spatial aggregation, because
attenuation bias can be quite large at high spatial resolutions. However, there is a trade-off
between reducing measurement error on one side and losing granular detail and maintaining
statistical power on the other side.

We highlight that correlation between temperature and precipitation can lead to biased
estimates in the presence of measurement error, especially when measurement error is not
uniform across multiple independent variables. Although this is not necessarily a surprising
finding, it is not well documented in the climate impact literature and is particularly pertinent
when considering environmental variables with fundamentally different physical properties.
Since there is more variation in cor(T, P) across larger spatial scales, this source of bias is likely
more important for regional- or smaller-scale studies where cor(T, P) may be more homogeneous
across the study area.

One pervasive result in studies applying statistical climate impact models has been that the
magnitude of damages driven by changes in temperature often dominate those driven by changes
in precipitation - sometimes the effect of precipitation is even statistically insignificant.[88, 99]

In the case of agriculture, it has been shown that soil moisture is a better predictor of crop
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yields than using 7" and P individually,[109] highlighting that the coupled nature of 7" and P
can drive outcomes, as 7" and P jointly determine soil moisture. In at least one case the relative
unimportance of P is explained as an adaptation to larger natural variability[113]. In other cases
it is simply treated as a confounding variable when trying to identify the impact of 7', despite
the fact the treatment of 7" and P is functionally identical and the reverse interpretation would
be equally valid (e.g. Cai et al., (2016), often citing Auffhammer et al. (2012)). [114, 106] If
effects of T and P are misattributed, projections will be inaccurate because historical correlations
between T and P are will not necessarily remain consistent with the past in a changing or changed
climate. This situation is especially relevant to impact projections for solar geoengineering
scenarios, which often demonstrate that temperature changes can be largely halted by reflecting
sunlight, but only with large residual regional precipitation changes that do not factor strongly
into GDP impact estimates.[115, 116]

Lastly, we illustrate the potential importance of more explicitly considering the mean
climate state as part of climate projections. Though we appreciate the aims of causal analysis, we
also note that its fundamental signal-to-noise tradeoffs limit its applicability for future projections.
Quadratic fixed effect models allow for different responses at different 7 and P[117, 110] but the
use of unit-specific intercepts removes information about the mean climate, which will not stay
fixed as the climate changes. (This is also true for cor(T, P), which we show introduces its own
complications into impacts estimation, and is projected to change heterogeneously as shown in
Figure A4.2) Using a cross-sectional approach to model how fixed effects are climate-dependent
(as we do here) implies some level of environmental determinism or possibilism, the implications
of which are part of a long-running discussion among environmental geographers [118]. We
recognize that the methodology used here is unconventional; we intend for it to demonstrate the
strong climate dependence of the fixed effects commonly assumed to be stationary and encourage
climate impact researchers to consider new ways that the mean climate state could be more
explicitly modeled in future analyses, with the explicit goal of more credible impacts projection.

There have been a number of efforts to address some of the issues outlined above.
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Some studies split analyses into a set of more local ones to test whether models are robust to
location.[119] Satellite measurements are improving ground-truthing and using machine learning
models to increase fidelity of remotely-sensed weather data and disaggregating socioeconomic
outcome data.[120] As mentioned earlier, some studies are using more integrated measures like
soil moisture to improve ’exposure’ estimates,[121] or building heuristic models with functional
forms that have a basis in physical models. Other numerical techniques like error-in-variables
methods acknowledge measurement error in predictors and outcomes and minimize (e.g.) a
Euclidian distance to the response surface, though these techniques are also imperfect.[122]
Spatial first differences techniques use gradients in cross-sectional data to estimate impacts,
avoiding use of fixed effects entirely. However, such a method would need to more explicitly
account for the correlation between T and P to facilitate credible projections.

The considerations laid out in this analysis are not simple to address individually, and
become even more complicated when considered in combination. However, recognizing potential
pitfalls and drawing on the physical sciences literature about measurement quality, environmental
coupling, and biophysical interactions can help improve empirical estimates of the impacts
of climate change. A first natural takeaway from our analysis is that improved measurement
networks that increase coverage in underserved regions will be especially powerful. However,
in the meantime, as data are made available at increasing granularity, it is ever more important
to understand the underlying fundamental spatial scales of both the physical system and its
measurements, and making informed choices about the optimal scale of analysis based on the
goals at hand. If modeling future impacts is an objective, our analysis highlights that new
techniques may be helpful in allowing researchers to separately model the responses of human
systems to larger, slower-moving mean-state shifts versus local anomalies. The physical sciences
can also contribute to solutions by improving measurement networks and providing easily
accessible error estimates when publishing datasets. Improving climate impact assessments will

require further communication between these two communities.
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4.5 Methods

4.5.1 Data

For surface air temperature and monthly precipitation, we used the monthly University
of Delaware (UDEL) datasets, which have a 0.5° resolution. We take the annual mean for
T and the annual sum for P. For our uncertainty estimate in gridded T and P, we used data
from the NOAA/CIRES/DOE Twentieth Century Reanalysis (V3). Support for the Twentieth
Century Reanalysis Project version 3 dataset is provided by the U.S. Department of Energy,
Office of Science Biological and Environmental Research (BER), by the National Oceanic and
Atmospheric Administration Climate Program Office, and by the NOAA Earth System Research
Laboratory Physical Sciences Laboratory. These data were provided by the NOAA PSL website.
Reanalysis data was interpolated to 0.5° resolution to match the other datasets. To quantify
uncertainty, we use the model ensemble spread since model standard deviations are not provided
directly. We approximate the standard deviation by dividing the spread by 4, assuming that the
spread is approximately equal to +=2¢. Annual data are not available, so we combine monthly
spread into an annual spread by taking the square root of the mean squared monthly standard
deviation. We then divide by the annual grid cell standard deviation of the mean over time to to
obtain the uncertainty metric. We use data from 1980 to 2015 as this is a common time-frame for
empirical climate impact studies. This metric is then applied to the UDEL data my multiplying
the metric by UDEL grid cell standard deviation. The UDEL standard deviation and the spread
metric are both shown in Figure A4.1 Climate data for projections to 2050 were taken from
CESM2 SSP245. We take the mean from 2045 to 2055 as the average 2050 condition to smooth
internal variability.

We use the purchasing power parity adjusted gross domestic product (GDP PPP) data
from Kummu et al. [123], which is allocated to 5 arc minute grid cells from administrative 1 and
country data, depending on data availability. For our pixel-level analysis we aggregate to 0.5° by

summing grid 6x6 grid cells to the UDEL grid. As is done for other variables in the same dataset,
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we then normalize by population using the HYDE 3.2 dataset[124], which was aggregated to the
pixel level in the same way as the GDP dataset. All data (including T and P) were aggregated to
the administrative 1 and country levels using a rasterized map created from shapefiles from the
Global Administrative Areas dataset (GADM 3.6) using the Python package geocube. When

spatially aggregating we applied population weighting.

4.5.2 Idealized Model Framework

We implement several slightly different versions of the idealized regression model but in
all cases we create the outcome variable as an exact function of T and P and then add error to

one or both T and P, estimate the coefficients, and compare them to the known relationships:
via = BrTis + Br2T; + BpPic + BpPly (4.5)

Vit = 3T(Ti,z +0r,i¢)+ 372 (Ti; + 5T,i,z)2 + BP(Pi,r +0pir)+ 31%,}, (P + 6P,i,t)2 +&; (4.6)

0 is applied as a function of the standard deviation of the annual mean for T and annual sum
for P. This means that if, for example, a standard deviation of error applied to a grid cell, for
each year in the dataset we draw randomly from a standard normal distribution and multiply the
result by the grid-cell level standard deviation. The linear case in Figure 4.6 does not include the
quadratic terms in Eqn. 4.5 or Eqn. 4.6 but is otherwise the same. In some cases we select T and
P from a random normal distribution and vary cor(T, P). In the cases where we use the UDEL

dataset as the underlying T and P, the correlational structure of that dataset is retained.
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4.A Appendix for Chapter 4
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Figure A4.1. Maps of the standard deviations of T and P from the UDEL dataset and of spread
metrics from the NOAA-CIRES-DOE Twentieth Century Reanalysis Project. The spread metric
was calculated as the reanalysis spread (i.e. range), divided by four to get an approximate
standard deviation of the uncertainty, divided by the model interannual standard deviation.
This represents the uncertainty relative to local interannual variability. The reversed spread
metric swaps the location of the highest and lowest uncertainties and the shuffled spread metric
randomizes the spatial distribution globally. These metrics are multiplied by the standard UDEL
grid cell interannual standard deviation (top row) to add regional uncertainties to the idealized
model simulation. The Spread error metric (second row) contains the same information as
Figure 4.2
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Figure A4.2. Annual correlation between T and P. (a) Historical cor(T,P) in the University
of Delaware gridded dataset. (b) Historical cor(T,P) from the CESM2-WACCM historical
simulation. (c) Future cor(T,P) as predicted by the CESM2-WACCM middle-of-the-road climate
change simulation (SSP245). (d) the difference between panels ¢ and b. (e-g) Distribution of
cor(T,P) in panels (a-c) at different levels of aggregation: (e) grid cell, (f) administrative 1 units
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(a-¢) T, (d-f) P, and the total (g-i). Note the color bar is an order of magnitude smaller for P than
for the other two rows.
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Chapter 5

Conclusion

In this thesis, I use idealized modeling to constrain how human decisions may influence
the outcomes of environmental policies. In Chapter 2, I show that the dual impact of aerosols on
both climate and human creates interesting tradeoffs, but that considering them explicitly as part
of international policies can have clear co-benefits for both climate and health individually. In
Chapter 3, I show that reducing greenhouse gas emissions will not inevitably be accompanied
by improvements to racial equity in the air quality distribution in the United States. However, |
do show that some targeted prioritization and cuts to emissions in the transportation sector, can
have equity co-benefits. Lastly, in chapter 4, I show how climate impact models are influenced
by physical properties of the climate system and conclude that there are multiple ways in which
climate impacts may be underestimated. Although there is no way to predict outcomes of human
decisions with certainty, these studies draw on Earth science and make use of idealized modeling

to help us move towards more informed environmental decision-making.
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