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Abstract

Electric vehicles (EVs) constitute just a fraction of the current U.S. transportation fleet; however,
EV market share is surging. EV adoption reduces on-road transportation greenhouse gas emissions
by decoupling transportation services from petroleum, but impacts on air quality and public
health depend on the nature and location of vehicle usage and electricity generation. Here, we use a
regulatory-grade chemical transport model and a vehicle-to-electricity generation unit electricity
assignment algorithm to characterize neighborhood-scale (~1 km) air quality and public health
benefits and tradeoffs associated with a multi-modal EV transition. We focus on a Chicago-centric
regional domain wherein 30% of the on-road transportation fleet is instantaneously electrified
and changes in on-road, refueling, and power plant emissions are considered. We find decreases

in annual population-weighted domain mean NO, (—11.83%) and PM, 5 (—2.46%) with
concentration reductions of up to —5.1 ppb and —0.98 g m— in urban cores. Conversely, annual
population-weighted domain mean maximum daily 8 h average ozone (MDA8O3) concentrations
increase +-0.64%, with notable intra-urban changes of up to +2.3 ppb. Despite mixed pollutant
concentration outcomes, we find overall positive public health outcomes, largely driven by NO,
concentration reductions that result in outsized mortality rate reductions for people of color,
particularly for the Black populations within our domain.

1. Introduction

Air pollutants from the U.S. on-road transportation fleet are a substantial driver of negative public health
outcomes [1-3]—a burden that has historically been unjustly and inequitably borne by marginalized
population subgroups [4—6]. Annual premature U.S. deaths from on-road fossil fuel-based internal
combustion engine (ICE) transportation pollution are estimated to range from ~12 000 to 31 000 due to
ozone and fine particulate matter exposure [7]. Morbidity and mortality impacts from nitrogen dioxide
(NO,) pollution are also substantial [8, 9]. In 2011, ~37% of U.S. NO, emissions were attributable to
on-road vehicles, with gasoline-powered light-duty vehicles (LDVs) contributing 48% and diesel-powered
heavy-duty vehicles (HDVs) 46% [10]. The U.S. transportation sector is likewise responsible for ~27% of the
nation’s greenhouse gas (GHG) emissions, making it an essential target for Net Zero mitigation initiatives
[11, 12]. Within the U.S. transportation sector, ~83% of GHG emissions come from on-road sources,
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including ~57% from primarily gasoline-powered LDVs, ~26% from primarily diesel-powered HDVs, and
the remaining 17% from off-road sources including aircraft, rail, boat, and other modes [12].

Given the significant contributions of on-road transport to both GHG and pollutant emissions, industry,
market, and legislative forces have begun encouraging a transition of the transportation fleet away from
fossil-fuel powered ICE vehicles toward non-tailpipe-emitting alternatives such as electric vehicle (EVs) [13].
Because EVs require electricity in lieu of hydrocarbon fuels, EVs have different emission profiles than ICE
vehicles. For example, with EV adoption on-road tailpipe emissions are eliminated but emissions associated
with additional electricity generation (and in some cases increased brake and tire wear) may increase [14].
However, to date, the air quality and health implications of a multi-modal EV transition have not been
widely assessed at the spatial resolutions needed to determine differential exposure between population
subgroups (i.e. ~1 km) [15]—a methodological necessity for environmental justice focused analyses in line
with the spirit of the Biden-Harris administration’s Justice40 Initiative [16].

While net GHG changes due to an EV transition can be directly related to global concentrations, changes
in primary and secondary air pollutants and their health impacts on different population sub-groups are
more challenging to assess because of the complicated spatiotemporal relationship between emission sources,
the formation, transport, and accumulation of pollutants, and the exposure and susceptibility of different
populations. Previous U.S.-focused efforts to understand EV air quality impacts have utilized Earth system
simplifying reduced complexity models (RCMs) as well as physics- and chemistry-based chemical transport
models (CTMs). RCMs are useful for assessing a range of policy initiatives [17, 18] but unable to predict
important health-relevant processes such as secondary pollutant formation (e.g. O3) and fine temporal scale
pollutant extremes (e.g. maximum daily 8 hr average ozone (MDAS8Q;)). CTMs are capable of simulating the
complicated interplay of atmospheric physics and chemistry, but limited by their computational expense.
Due to this expense, CTM studies have generally used relatively coarse spatial resolution simulations over the
contiguous United States (CONUS) [19-21], with just a few studies employing higher-resolution
regionally-focused simulations [22-25], and fewer still that have considered the equity implications of their
findings [26].

Prior research has argued that impact- and equity-focused assessments should resolve pollutants at
neighborhood-scales (~1 km) due to an underestimation of impacts when assessed at coarser resolutions
[15, 27]. However, production of neighborhood-scale scenario-based CTM simulations and resultant air
quality and health impacts have been limited by the lack of both scale-appropriate emissions and population
susceptibility data and the substantial computational costs of CTMs. In the particular case of EV assessments,
a further challenge has been the lack of an open-source electricity dispatch algorithm that accounts for the
battery charging demands of EVs and their attendant electricity generation unit (EGU) emissions. Here, we
overcome these barriers by introducing a CONUS-scale vehicle-to-EGU electricity assignment algorithm
that we use to inform EGU emissions in regional CTM simulations to constrain the air quality, public health,
and equity implications of an instantaneous transition of the transportation fleet from ICE vehicles to EVs.
We focus our assessment on a Chicago-centric southern Lake Michigan domain due to the availability of
emissions data resolved to 1.3 km [28], the region’s prodigious traffic volume [29], and the notable and
inequitable air pollution burden historically observed in the region [6, 12, 30].

2. Materials and methods

To determine the air pollutant changes and associated knock-on effects of EV adoption, we compare baseline
CTM simulations with sensitivity scenarios that incorporate emission changes consistent with a multi-modal
all transport EV transition that includes altered on-road, refueling, and EGU emissions. Baseline and EV
adoption simulation scenarios are performed with the two-way coupled Community Multi-Scale Air Quality
(CMAQ v5.2) [31] and Weather Research and Forecasting (WRF v3.8) [32] modeling system (WRF-CMAQ)
[33]. Baseline simulations are run in nested 12 km, 4 km and 1.3 km domains of decreasing areal extent, with
chemical and meteorological boundary conditions for the 1.3 km baseline and EV adoption simulations
drawn from the 4 km baseline simulation (i.e. boundary conditions from the 4 km simulation do not
incorporate vehicle electrification changes). Comprehensive baseline simulation model configuration and
validation details can be found in Montgomery et al [34]. The meteorologically-informed 1.3 km baseline
emissions are generated using spatial surrogates from the Lake Michigan Air Directors Consortium [35] in
the EPA’s 2016 Beta platform [36] of the sparse matrix operator kernel emissions (SMOKEs) processing
system [37]. Baseline on-road vehicular emission data is sourced at the county-level from the 2016v7.2
National Emissions Inventory [36] but allocated to roadways using LADCO’s spatial surrogates and the EPA’s
MOtor Vehicle Emission Simulator [38]. For both the baseline and EV scenarios, single month simulations
from each meteorological quarter are performed (August, October 2018 and January, April 2019) and then
averaged to create annualized conditions, in line with previous thematically similar studies [39].
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Figure 1. EGU demand. (a) Additional electricity demand by NERC entity and fuel type. (b) Added electricity demand of
non-renewable EGUs required to meet an instantaneous transition to 30% multi-modal transportation electrification. EGU
sources used to meet the additional demand are determined using a vehicle-to-EGU electricity assignment algorithm
(supplemental information). NERC entities are indicated by color shade. The SMOKE emissions modeling framework defines
OFSL as ‘other fossil fuels’ and OTHF as ‘other waste-derived fuel sources’

In our EV adoption scenarios, we modify emissions consistent with the instantaneous electrification of
30% of all on-road transport modes, i.e. motorcycles, all classes of LDVs, and all classes of HDVss (table S2).
Vehicles classified as LDVs include primarily gasoline-powered passenger cars and trucks as well as light
commercial trucks, while HDVs include primarily diesel-powered intercity, transit, and school buses, refuse
trucks, motorhomes, and commercial short- and long-haul trucks. For each mode, 30% of ICE-associated
on-road and refueling emissions are removed. Our 30% electrification target for each vehicle mode is not a
forecast with a specific time horizon. Projections of EV uptake by mode vary considerably, but have been
tending toward a more rapid transition in recent forecasts [40—42]. Critically, our 30% target falls within the
decarbonization mid-transition, i.e. a period when consideration of fossil fuel-fired EGUs remains
essential [43].

To determine altered EGU emissions due to increased electricity demand from battery charging, we first
determine the vehicle miles traveled (VMT) for each vehicle mode in each CONUS county and then reassign
30% of the VMTs to electric VMTs (eVMTs). Given the rapid development of battery technology and the
non-specific but future time horizon of our sensitivity scenario, we assume above-current-average battery
efficiencies of existing and prominent vehicular technologies for each mode (table S2) and an average gross
grid loss of 5.19% [44] to convert eVMTs into a corresponding electricity demand for each county. We then
determine EGU sources of added electricity generation (and attendant emissions) using an augmented
version of Schnell et al [21] vehicle-to-EGU electricity assignment and emissions remapping algorithm. We
assume a 2016 grid mix consistent with our emissions inventory and restrict demand to a county’s host
North American Electric Reliability Organization (NERC) entity. To account for renewable generation, we
decrease each NERC entity’s added electricity generation demand by the proportion of electricity created by
non-renewable sources in that NERC entity. Our augmented vehicle-to-EGU electricity assignment
algorithm uses a series of weights to identify which EGUs respond to increased demands. Algorithm weights
include: (i) a Boolean NERC screen that restricts fulfillment of demand to EGUs in the same NERC entity as
the demanding county (figure 1); (ii) an EGU capacity weight that ensures that EGUs with greater generation
capacities preferentially meet demand over EGUs that operate at a high capacity and/or have low generation
capabilities; (iii) a distance weight that preferentially selects EGUs closer to the demanding county; and (iv) a
ramp rate weight that preferentially selects EGUs with the ability to rapidly meet charging demands. Further
details on EGUs that are assigned increased electricity generation (table S3) and our vehicle-to-EGU
electricity assignment algorithm can be found in the Supplemental Information.

Once net electricity demand at each CONUS EGU is determined (figure 1), we linearly upscale EGU
emissions (table S4). Despite using the vehicle-to-EGU electricity assignment algorithm to constrain
CONUS-wide emission changes, we restrict our WRF-CMAQ EV adoption simulations to a Chicago-centric
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southern Lake Michigan domain (figure 1(b)) due to the substantial computational expense of
neighborhood-scale CTM simulations and the availability of high resolution emission surrogates. For our
electrified all transport EV adoption scenario, hereafter, eAT, we combine EGU emission changes within our
CTM domain together with altered on-road and refueling emissions using the EPA’s SMOKE. Lastly, given
our use of 2016 grid infrastructure and uncertainties in the pacing of grid decarbonization, we run an
additional sensitivity simulation in which EV electricity demands are completely met by emission-free EGUs,
hereafter, eAT_EF. Air pollutant (i.e. NO,, PM, 5, and O3) and public health impacts as a function of the
modeled EV adoption scenario are determined by subtracting the experimental scenario (eAT or eAT EF)
from baseline conditions.

We note that our first-order approximation of altered EGU demand and attendant emissions from the
U.S. electricity grid does not attempt to explicitly simulate dispatch, nor the myriad drivers and regulations
that ultimately determine which EGUs serve load. As such, we make a number of simplifying assumptions.
We do not consider time-of-day charging, nor the ramifications associated with daytime versus nighttime
charging and its upstream electricity generation. We assume that EGU emissions scale positively and linearly
with increased electricity generation. This linear upscaling implicitly assumes that emissions factors for
EGUs are constant across operational conditions, which is unlikely to be the case. Although variability in
emissions factors is not well reported, EGUs tend to operate at lower efficiency (and thus would be expected
to have higher marginal emissions) at low load or while ramping. As such, linear upscaling as used here likely
overestimates emissions in contexts where increasing load from EVs drives more hours of operation at full or
steady load but underestimates emissions when EVs drive more hours of operation under ramping
conditions. Actual conditions will depend substantially on EV load shapes, which in turn are sensitive to
policy interventions (e.g. rate design).

While our age weight is used to simulate ramp-rate, we recognize that age is a coarse proxy for
responsiveness, and EV charging does not necessarily demand faster ramping per se. In practice, for U.S.
fossil EGUs, age is effectively a proxy for plant type and associated ramp rate constraints that highly reduces
the dimensionality of analysis (e.g. by not requiring specific disaggregation across multiple types of coal and
petroleum fuels; accounting for specific types of pollution controls that are known to affect ramping) and
does not require assumptions about ramp rates at the unit level, which are not published. In practice, age
fairly closely proxies share of high responsiveness units: natural gas combustion turbines account for 19% of
U.S. fossil EGU capacity built prior to 2010, but 36% of US fossil EGU capacity built post 2010 (and 42%
built post 2015); natural gas in general accounts for 61% of U.S. fossil EGU capacity built prior to 2010, 84%
post-2010, and 99% post-2015 (based on 2018 data) [45]. In addition, the use of age as a coarse proxy
embeds other factors that are probably relevant for determining which generators might serve load in the
medium term, such as anticipated remaining lifespan, presence of modern pollution controls, efficiency, and
proximity to anticipated areas of load growth.

We also make a number of simplifying assumptions with regard to EV use and adoption. We assume that
vehicles are charged in the county where they are driven, i.e. we constrain a county’s VMTs (and thus
electricity demand) to that county and do not consider VMTs driven in a county by a vehicle not residing
(and thus charging) in that county; we expect this assumption to mostly hold for LDVs but not for long haul
trucks, which could lead to underestimated air quality benefits from increased EGU demand in
drive-through counties and overestimated air quality benefits from increased EGU demand at HDV charging
hubs. As our scenario instantaneously electrifies 30% of the on-road fleet, we do not model the differential
replacement of ICEVs for EVs based on vehicle age, weight, or any other metrics that may expedite or impede
the substitution of an ICEV for an EV. We appreciate that instantaneous electrification of the on-road fleet as
modeled here does not recognize any emission, pollutant, GHG, and/or health effects of the intermediate
electrification states existing between the current EV penetration fraction and a 30% fleet electrification
scenario. Further, we recognize that the rates with which different sectors of the U.S. transportation fleet
attain 30% electrification will likely differ—i.e. 30% LDV electrification will likely precede 30% HDV
electrification—yet we model a homogenous 30% electrification scenario because we believe this assumption
to be as limiting as predicting possible differential electrification rates by vehicle class. Additionally, in
assigning electricity demands by vehicle class (table S2), we recognize that assigning a single battery
efficiency rate (BER) to each representative vehicle type is an assumption that may not represent BER average
for each class listed in table S2. Given the rapid development of battery technology and the non-specific but
future time horizon of our sensitivity scenario, we assign BERs that are representative of currently available
prominent vehicular technologies. For passenger cars and light-duty trucks we chose models that were
consistently included in best seller lists that were publicly available in 2021. For modal types with lesser EV
market penetration, e.g. refuse trucks and motorhomes, we sourced data from available manufacturer
websites. Lastly, we do not perform a life cycle analysis in this study, but rather focus on emissions associated
with on-road operations, refueling, and charging. Emissions from EV and EV component (e.g. batteries)
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production, resource gathering, transportation, disposal, and other life-cycle-related processes are not
considered here, but have been by others [46].

3. Health and environmental justice analyses

To quantify the health impacts following an EV transition, we estimate all-cause mortality associated with
long-term NO,, fine particulate matter (PM, ;) and MDA8O3 exposure at the census tract level using
annualized mean concentrations computed from hourly simulated data and an epidemiologically derived
log-linear concentration-response function (equation (1)):

Mortcr = MRer - POPer -1 — eXp(—ﬁAer) (1)

where Mort is the all-cause mortality associated with changes in air pollution concentrations following 30%
electrification at the census tract level CT, MR is the all-cause mortality rate for ages 30 and over, POP is the
population of each census tract, 3 is the concentration response coefficient relating air pollution levels with
increased risk of all-cause mortality and Ax is the annualized change in air pollutant concentration following
an EV transition.

Estimated changes in premature NO,-related all-cause mortality are calculated using a meta-analysis
derived relative risk [3] of 1.04 (95% confidence interval (CI): 1.01-1.06) per 10 g m > converted to a ppb
equivalent using our model-simulated annualized mean temperature of 9.4 °C [34] and an assumed
standard pressure of 1013 mb (i.e. 10 ug m~> = 5.04 ppb). Changes in premature PM, s-related all-cause
mortality are calculated using a meta-analysis derived relative risk [3] of 1.03 (CI: 1.01-1.04) per 5 ug m ™.
For MDA8Os-related all-cause mortality we use the concentration-response function from the updated
American Cancer Society Cancer Prevention Study II (ACS CPS-1I) with a coefficient of 1.02 (CI: 1.01-1.04)
per 10 ppb [47]. Census tract-level population and demographic data were obtained from the American
Community Survey (ACS 2015-2019) [48]. Tract-level all-cause mortality rates are derived from USALEEP
abridged life tables with modifications for broader use in national health benefit analyses [49]. All health
burdens are calculated for ages 30 years and over and uncertainty in health estimates are calculated using the
95% CI associated with each relative risk. The relative risks used here come from two independent studies
with distinct scopes. Consequently, relative risks for NO, and PM, 5 [3] are not adjusted for covariance
between pollutants but the relative risk for O; is adjusted for PM, 5 with associations between O3 and
all-cause mortality persisting following NO, adjustment. Given these differences between the sources of the
relative risks used in this study, we do not estimate the additive health impacts from all three pollutants to
avoid overestimation of the total burden.

4. Results and discussion

4.1. Electricity assignment and emission changes
Due to the interconnected nature of the U.S. electric grid, we use our vehicle-to-EGU electricity assignment
algorithm to first compute the additional electricity demand required to meet EV battery charging needs
assuming 30% multi-modal vehicle electrification across all of CONUS. We then determine the EGU sources
used to meet that additional demand (figure 1). We estimate that the annual battery charging demands for
30% all transport electrification for CONUS are 5.01 x 108 MWh, an increase of 21.3% from baseline
demand. Using annual EGU operative capacity averages as well as temporally-averaged increased EGU
demands—i.e. not considering time of day charging nor peak demand—we find that this magnitude of
demand could be met with 2016 EGU infrastructure capacity. Amongst non-renewable CONUS EGUs to
which the algorithm assigns electricity, 61.8% of demand is met by natural gas-fired plants, 28.6% by
coal-fired plants, 6.8% by nuclear plants, 1.1% by biomass-fired plants, 0.6% by oil-fired plants, and the
remaining ~1% by plants using other fuel types, to include OFSL (other fossil fuels) and OTHF (other
waste-derived fuel sources) [44] (figure 1).

Given the regional focus of our CTM experiments, we also characterize changes at EGUs that reside
within our Chicago-centric, southern Lake Michigan CTM domain boundaries (figure 1(b)), which are
responsible for supplying 74.5% of the electricity the eAT fleet in our domain demands. In our CTM
domain, we find that coal-fired EGUs are assigned 8.0 TWh (38.7%), gas-fired EGUs 12.7 TWh (61.1%),
oil-fired EGUs 816 MWh (0.000%), biomass-fired EGUs 14.7 GWh (0.001%), and other fuel type EGUs
13.3 GWh (0.001%). Within the CTM domain, we estimate an average annual EGU demand increase of
32.7% (figure 1(b)) with domain EGU CO, emissions increasing ~14.1 M tonnes yr~!. However, EGU CO,
emissions increases are accompanied by annual on-road and refueling emission reductions of
~29.2 M tonnes yr~—!, which on net reduces CO, emissions over our CTM domain by ~15.1 M tonnes yr ™.
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Compared to the baseline scenario, we find that net emissions of most other pollutants also decrease over our
domain, with the exception of SO,, which increases (+6.06%; table S4), primarily due to increased
generation at coal-fired EGUs (figure S1). The most prominent pollutant decreases in the 30% eAT scenario
are of carbon monoxide (—17.17%) and NO, (—15.06%), with NO, (—13.76%), NO (—13.53%), volatile
organic compounds (—8.27%), and primary elemental carbon decreases also notable (—8.52%; table S4). In
the eAT_EF scenario, added EGU-attributable CO, emissions are reduced to 0 tonnes yr_l, which increases

net CO, reductions to the full on-road reduction of 29.2 M tonnes yr—'.

4.2. Air pollutant changes resulting from 30% multi-modal EV transition

To constrain criteria pollutant changes resulting from an instantaneous 30% all transport EV transition, we
compare baseline CTM simulations to simulations that incorporate the altered on-road, refueling
infrastructure, and EGU emissions discussed above. For the 30% eAT scenario we find domain average
decreases in all criteria pollutants: that is, NO, decreases —0.29 ppb (—10.3%), MDA8O; decreases

—0.05 ppb (—0.1%), and PM, 5 decreases —0.09 g m > (—1.6%; figure 2). Both NO, (figures 2(b)) and
PM, 5 (figure 2(f)) decrease over the full domain, whereas MDA8O; increases in high-trafficked and
high-population locales (figure 2(d)). Within grid cells that contain EGUs, mean decreases in NO, and PM, 5
are simulated, despite increased electricity generation. For the eAT EF scenario, we also find domain average
decreases in NO, (—0.31 ppb; —11.0%), MDA8O; (—0.05 ppb; —0.1%), and PM, 5 (—0.11 g m~—3; —2.0%)
though the added pollutant concentration benefits of emission-free EGUs are marginal (—0.01 ppb,

—0.001 ppb, and —0.01 pug m~2, respectively; figure S2). Given the incremental changes simulated in the
eAT_EF scenario, we primarily focus our results on the eAT scenario.

In the eAT scenario, annual average changes in NO, concentrations are well defined over interstates and
roadways (figure 2(b)), with the greatest reductions coincident with NO, emission sources, consistent with
the short lifetime of NO; in the atmosphere. In the most populous county of our domain, Cook County—
home of Chicago—average annual baseline NO, concentrations reach 28 ppb, but concentrations in the eAT
scenario decrease up to —5.1 ppb, with an average decrease of 10.3% for the full domain (figures 2(a) and
(b)). We find that the mean decrease in NO, over the domain is —0.29 ppb, while population-weighted NO,
decreases —0.95 ppb (table S5), demonstrating that greater NO, decreases coincide with higher population
density.

Across our modeling domain, we observe mixed results with regard to changes in surface-level MDA8O;
concentrations for the eAT scenario (figures 2(d) and S3). While high-density areas show increases in
MDA8O; concentrations, MDA8O; decreases of up to —0.6 ppb (figure 2(d)) are simulated in less populated,
rural areas. Domain average ambient MDA8O5 concentrations decrease —0.05 ppb, while population-
weighted MDA8Oj; increases 0.29 ppb (table S5). We observe the greatest MDA8O5 increases (figure 2(d))
where baseline MDA8Oj5 levels are lowest (figure 2(c)), the opposite pattern of our simulated NO, changes.
Using WHO guidelines of 50 ppb [50], we find that the eAT scenario adds up to nine days above
recommended ozone levels in some Cook County grid cells (figure 3(a)). Other counties in the domain
demonstrate mixed MDAB8O; results, with some grid cells showing decreases in days above suggested ozone
guidelines (figure 3). To demonstrate, we highlight one county from each of the states in our domain. In
Milwaukee County, WI we find notable increases in days above WHO recommended MDA8Oj levels in
some grid cells (figure 3(b)), but in Kent County, MI—home of Grand Rapids (figure 3(c))—and in Noble
County, IN (figure 3(d)) we largely find fewer grid cells with days above recommended levels. Increases in
MDAS8Oj; over roadways and urban cores are driven by the reduction in NO, emissions, which leads to
reduced Oj titration by NO, consistent with the VOC-limited regime we simulate in these areas in the
baseline for most of the year [34]. We note that in NO,-limited rural regions of our domain, simulated
summer (August) and spring (April) month MDA8Oj; changes differ from those simulated in fall and winter
months (October & January; figure S3).

In the eAT scenario, we find a domain-wide reduction in PM, 5 concentrations with notable decreases
along highways and within the Chicago metropolitan area (figure 2(f)). Simulated PM, 5 decreases are more
diffuse and widespread than NO, decreases, consistent with the longer average lifetime of many PM species
[51]. Similar to NO,, we find a domain average decrease in PM, 5 of —0.09 g m~? but a population-
weighted PM, 5 decrease of —0.19 ug m— (table S5), demonstrating the strong link between population
density and pollutant concentrations. Some previous EV transition studies have found regionally isolated
increases in PM, 5 concentrations due to increased EGU demand and attendant emissions [21]. In our eAT
scenario we do not simulate PM; 5 increases, but do find increases in some PM, 5 precursor species. That is,
we find a domain average increase in SO, concentrations—a precursor of sulfate aerosols—of 3.8 ppt
(figure S1). However, we find that EGU PM, 5 constituent increases are offset by decreases in other PM, 5
species, such that on-road benefits outweigh point source disbenefits vis a vis overall PM, 5 pollution (figure
S1, table S4).
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Figure 2. Changes in pollutant concentrations: Annualized mean WRF-CMAQ simulated baseline pollutant concentrations
(a), (c), (e) and differences that result from 30% multi-modal all transport EV adoption (b), (d), (f). We indicate the geographic

boundary of Cook County, IL—home to Chicago—on the left hand panels. Domain-average (y) concentrations and

concentration changes (Ap) are included in each panel. All WRF-CMAQ simulations are performed using a 1.3 km spatial

resolution.

4.3. Public health implications of pollutant changes

We assess changes in health outcomes resulting from the eAT scenario at the census tract level, which is made
possible by our CTM simulation’s spatial resolution and USALEEP census tract level all-cause mortality
rates [49]. Although we find both benefits and detriments to public health in the eAT scenario within

our modeling domain, outcomes are primarily positive (figure 4). We estimate that domain-wide NO,
reductions decrease premature deaths/yr by 1120 (CI: 280, 1680), while PM, 5 reductions lead to 170 (CI:60,
290) avoided deaths/yr. Domain-wide NO, and PM,; 5 changes benefit public health, however, simulated
surface-level MDAB8O; increases have negative consequences, contributing to an estimated 80 (CI: 40, 170)
additional premature deaths/yr. Given the modest pollutant concentration differences in the eAT_EF
scenario compared to the eAT scenario, additional health benefits are marginal: benefits from reduced NO,
increase to 1150 (CI: 290, 1730) avoided premature deaths/yr, benefits from reduced PM, 5 increase to 190
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Days

Figure 3. Added ozone days above 50 ppb Additional days above World Health Organization (WHO) recommended MDA8O3
concentrations in the eAT scenario relative to the baseline simulation. WHO ozone guidelines suggest a 50 ppb threshold. We
highlight the following counties: (a) Cook, IL, (b) Milwaukee, W1, (c) Kent, MI, and (d) Noble, IN.

(CI: 60, 320) avoided premature deaths/yr, and disbenefits from increased MDA8Qj increase to 90 (CI: 40,
180) additional premature deaths/yr (table S6). In addition, given the influence of meteorological natural
variability on air quality and the limited temporal extent of our CTM simulations, in figure S4 we compute
health impact metrics for each constituent modeling month included in the annualized average estimates
presented above. This month-by-month analysis reveals largely consistent changes in sign across seasons and
only moderate changes in magnitude. The notable exception is found in summer, where EV adoption results
in reduced MDAB8QOj3 concentrations and fewer premature deaths.

While pollutant concentration differences within census tracts are important in determining changes in
attributable mortality, underlying all-cause mortality rates also play an important role in determining health
outcomes. We note that census tracts with large changes in attributable mortality due to EV adoption do not
necessarily correspond to census tracts with large simulated changes in pollutant concentrations (figures 2(b)
and 4(a)). To explain this discrepancy and highlight the ability of our high resolution CTM simulations to
resolve intra-urban heterogeneities we focus on census tract level NO, outcomes over Cook County, IL,
where NO; is found to decrease over all tracts, albeit non-uniformly (figure 5(b)). We find reductions in
NO,-related all-cause mortality rate due to EV adoption in all Cook County census tracts (figure 5(a)).
However, magnitudes are elevated in tracts that have either (i) larger NO, reductions and higher mortality
rates (dark green; figure 5(d)) or (ii) higher mortality rates and smaller NO, reductions (dark yellow;
figure 5(d)). In contrast, magnitudes are lower in tracts that have either (iii) smaller NO, reductions and
lower mortality rates (light gray; figure 5(d)) or (iv) lower mortality rates but larger NO, reductions (dark
blue; figure 5(d)). Examples of each follow: (i) on the west side of Cook County, highways and industrial
areas are prevalent and census tracts have both large NO, reductions and high mortality rates which results
in overall large health benefits with EV adoption (figure 5(d)); (ii) on the southwest side of Cook County,
larger health benefits of EV adoption are driven by large underlying mortality rates despite smaller NO,
reductions (figure 5(d)); (iii) in the north and northwestern suburbs, low mortality rates and smaller NO,
reductions result in only limited estimated NO, mortality reduction; and (iv) in Chicago’s inner core, i.e. ‘the
Loop’ low mortality rates lead to lesser estimated NO, mortality rate reductions despite substantial simulated
NO, concentration decreases.

These nuanced NO,-focused results highlight the beneficial synergy of working with both high resolution
health data (i.e. mortality rates) and neighborhood scale air quality simulations, as each is essential to
elucidate intra-urban heterogeneities in estimated air pollution-related health impacts. In addition, our
finding that some of the largest health benefits occur distal to the largest pollution decreases is notable for the
challenges it presents in designing effective pollutant-focused amelioration policies as well as its parallels
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Figure 4. Census tract-level changes in premature all-cause mortality rate (per 100 000 people) among adults 30 years and older in
the eAT scenario census tract level premature per year death rate increases or decreases relative to the baseline scenario associated
with concentration changes in annual average (a) NO,, (b) PM, 5, and (c) MDA8Os3.

with recent findings that social-demographic factors may play the predominant role in shaping the future
global health burden of air pollution [52].

4.4. Equity implications

Given the historically disproportionate poor air quality burden borne by disadvantaged U.S. communities, in
concert with recent policy initiatives championing environmental justice [16], we assess the distribution of
benefits and disbenefits of our EV adoption scenarios across population subgroups within Cook County. To
perform this equity-focused analysis we analyze the racial and ethnic composition for each pollutant
concentration difference decile and repeat this analysis for changes in each pollutant-attributable mortality
rate decile (figure 6). For Cook County, we find that people of color comprise the majority (>~54%;

figure 6(a)) of the racial/ethnic composition for all NO, difference deciles, representative of the racial/ethnic
make-up of Cook County, with predominantly Hispanic/Latino populations in the northwest and southwest
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Figure 5. Bivariate analysis of NO, Differences and Mortality Rates Census tract level analyses of Cook County, IL depicting the
relationships between (a) estimated NO, attributable mortality rate differences, (b) simulated NO, concentration changes from
baseline to eAT scenario, (c) 30 year old and over mortality rate (MR), and (d) bivariate overlap between MR and NO, changes.

and Black populations in the west and south. Similarly, people of color benefit the most from PM, 5
reductions across most deciles (>52%, 1st to 9th decile; figure 6(a)) however, unlike NO,, ~51% of the
Cook County population exposed to the highest PM; 5 reductions is non-Hispanic White (10th decile,
figure 6(b)). Given the simulated increases in MDA8O; concentrations due to complex non-linear chemistry,
we find that the Black and Hispanic/Latino populations are overrepresented in areas with MDA8O3 increases
across most deciles (>57%; figure 6(c)).

The disparities in health benefits associated with decreases in NO, and PM, 5 concentrations (figures 6
(d) and (e)) are more distinct as compared to disparities in air pollution exposure differences (figures 6(a)
and (b)). For both NO, and PMj, 5, we note small health benefits in predominantly non-Hispanic White
populations (~56% 1st decile figures 6(d) and (e)) but large health benefits for people of color particularly,
the Black population (>55% 10th decile figures 6(d) and (e)). Differences in the racial/ethnic composition
between air pollution (figures 6(a) and (b)) and health burden deciles (figures 6(d) and (e)) reflect the
influence of population susceptibility incorporated in health burden estimates (refer to figure 5 discussion).
Higher baseline mortality rates in minoritized subgroups such as the Black population (e.g. figure 5(c)), in
conjunction with moderate to large reductions in air pollution exposure within these census tracts
(figures 6(a) and (b)) both contribute to this outsized impact (figures 6(d) and (e)). We also note higher
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Figure 6. Pollutant and health impacts by demographic change in pollutant concentration (a)—(c) and change in attributable
mortality rate per 100 000 (d)—(f) by racial/ethnic composition over Cook County, IL.

estimated NO,-related health benefits as compared to PM, 5 which is largely driven by larger reductions in
NO; concentrations and different relative risks (refer to figure 2). Health damages associated with increases
in MDAB8O; concentrations are smallest for the White population (~54%; 1st decile figure 6(f)) but largest
for the Black population (~59%; 10th decile) however, the magnitude of the largest MDA8Oj;-related health
damages (10th decile figure 6(f)) is ~2.8 times smaller compared to the largest NO,-related health benefits
within these same minoritized communities.

4.5. Economic implications

To add additional context to the simulated pollutant concentration changes and resultant health outcomes
due to 30% all transport electrification, we also assess the economic implications of our EV transition
scenarios. We perform our economic analysis over the full CTM domain. To quantify economic implications
we assess the monetary value of both health outcomes and CO, emission changes, commonly referred to as
co-benefits [53]. We use a $9.6 M (USD2017) valuation of statistical life [54, 55] to assess the economic
impact of domain-wide health outcomes. In the eAT scenario, we find savings of $10.75 B yr~! due to fewer
NO,-related deaths and $1.63 B yr~! due to fewer PM, 5-related deaths, but added expenditures of

$768 M yr—! due to increases in surface-level MDA8Qs-driven deaths. The eAT_EF scenario offers greater
health benefits than the eAT scenario, thus we find additional savings of $288 M yr~! corresponding to fewer
NO;-related deaths, $192 M yr~! corresponding to fewer PM, s5-related deaths, and $96 M yr~! incurred due
to MDAS8O;-related deaths. For CO;, emission changes, we apply Rennert et al [56] estimate of the social cost
of carbon ($185/tCO,) which aims to quantify the socioeconomic impact of GHG emissions. For our 30%
eAT scenario we find a domain-wide benefit of $2.8 B yr~! from the 15.1 M tonnes yr~! reduction in CO,
emissions. In the eAT_EF scenario, the SCC benefit increases to $5.4 B yr_l, due to CO, emission reductions
0f 29.2 M tonnes yr~!. Due to the uncertain nature of the SCC, we note that economic benefits vary greatly
depending on an SCC’s underlying assumptions [57]. For example, the current SCC endorsed by the U.S.
EPA, $51/tCO,, sits well below Rennert et al’s SCC of $185/tCO, [58]. To avoid overestimation of the overall
economic impact associated with the health benefits and disbenefits of eAT and eAT_EF we do not aggregate
the economic impacts from all three pollutants as mortality risks are not independent of each other,
especially for correlated pollutants such as NO, and PM,; 5. However, we note that estimated savings from
reduced negative NO,-related health outcomes are larger compared to savings from CO, reductions even
when using a considerably high SCC, a result consistent with previous studies showing outsized monetized
health co-benefits compared to GHG abatement costs [59].
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5. Discussion

Our 30% multi-modal EV transition simulation results demonstrate that a one-to-one transition of ICE
VMTs to eVMTs has largely positive GHG, air pollutant, public health, and equity benefits. Overall positive
health benefits are primarily driven by reductions in NO, that result in a decrease in over 1100 deaths yr!
over our CTM domain, substantially more than PM, 5 -related health benefits or MDA8O;-related
disbenefits. NO, reduction across all deciles mostly benefit people of color with large health benefits for
Black populations. Our finding of substantial EV adoption-NO; benefits is notable given (i) emerging
epidemiological research indicating that NO, impacts may be independent of impacts from co-pollutants
like PM; 5 [9, 60, 61], (ii) strong evidence of other unfavorable NO,-related health impacts [2, 8, 62], and
(iii) the potential for the U.S. EPA’s transportation-focused Regulatory Impact Analyses to assess holistic
measures of air quality, as opposed to individual pollutant exceedances. Despite overall positive benefits, our
finding of increases in O3 pollution in high-population areas—while not surprising [20, 23, 25]—is an EV
adoption tradeoff that bears consideration, particularly in regions where marginal concentration increases
could lead to regulatory threshold exceedances (figure 3), or in locations where pollutant-specific
environmental justice concerns are paramount.

Computed estimates of pollutant exposure and health impacts reported herein are model-based (i.e.
WRF-CMAQ) and subject to model biases and model errors. While we validated our baseline simulations
against available observations (table S1; Montgomery et al [34]), it should be noted that (a) our model grid
cell to in situ observation comparisons occur at no more than 0.14% of our domain’s grid cells (n = 90 720)
due to relatively few EPA AQS stations, (b) our baseline simulations generally meet suggested community
benchmarks [63], and (c) most of the analyses presented herein rely on sensitivity experiment differences,
i.e. changes that add to or subtract from baseline conditions and would therefore be hypothetically similar if
the baseline simulations had higher fidelity to station observations. A noted exception to this caveat is our
MDAB8Oj3 exceedances analyses, wherein concentrations beyond a threshold are computed. It should be
noted, however, that Montgomery et al [34] report greater biases at lower O3 concentrations than high.

Our use of a chemical transport and emissions model with region-specific sub-grid scale emission
surrogates has facilitated our fine-scale characterization of pollutant changes due to EV adoption. To assess
health impacts, we assume that populations within each census tract are only exposed to the air pollution
concentrations within that census tract and do not consider population mobility. Epidemiological studies
focusing on long-term exposures generally assign air pollution exposure to residential, school and/or work
addresses as representation of spatial contrasts in air pollution over longer time periods is more important
than day to day variability, typical of short-term exposure studies. We note that the spatial resolution used
here of 1.3 km is coarser than finer scale studies characterizing near-roadway pollution (<1 km) [64—66].
However, we note that increasing model spatial resolution to finer scales beyond 1 km can come at the
expense of exposure misclassification as the assumption of population mobility becomes more important.
Additionally, the resolution of our estimated health impacts is limited by the resolution of available health
data, that is at the census tract level. In our health impact assessment we use 1.3 km air pollution
concentrations to estimate health burdens in line with the spatial resolution selection criteria used by the
HEI to generate the RRs used here (typically <5 km) [3].

Our EV adoption scenarios consider a critical moment in the dynamic decarbonization of the U.S.
electric grid, i.e. a mid-transition moment wherein consideration of fossil fuel-fired EGUs remains critical
[43]. Given uncertainties in the pace of grid decarbonization, our experimental design brackets overly
conservative and overly ambitious grid evolution scenarios, i.e. our eAT scenario assumes added electricity
demand is met by 2016 infrastructure while our eAT _EF scenario assumes emission-free generation. Results
from our EV adoption scenarios indicate that from the perspective of GHG emissions, swapping fossil
fuel-fired EGUs for emission-free electricity generation has a profound impact, i.e. CO, emission reductions
and their economic valuation double. However, from the perspective of air pollutants, over our Chicago-
centric domain only marginal air quality and public health gains are realized when fossil fuel-fired EGUs are
swapped for emission-free electricity generation sources (tables S5 and S6). Additionally, we note that
decreases in NO, and PM; 5 concentrations that predominantly occur in urban counties, do not occur at the
expense of increased air pollutant concentrations near EGU locations within our CTM domain; even in grid
cells containing EGUs, NO, and PM; 5 concentrations decrease—despite higher EGU emissions (table
S4)—due to contemporaneous decreases in on-road pollution in these same grid cells. However, it should be
noted that while 74.5% (27.8 TWh) of the electricity demand required to meet 30% vehicle electrification is
sourced from EGUs within our CTM domain, the remaining 25.5% (7.1 TWh) is sourced from EGUs outside
the CTM domain, where we are unable to simulate primary and secondary pollutant concentrations or assess
health impacts. Lastly, here we present air quality changes brought about by altered on-road tailpipe and
refueling emissions; however, we do not consider any increased contributions to on-road non-exhaust
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emissions such as brake wear, tire wear, road wear and road dust resuspension which contribute to on-road
PM and which might increase in the future as heavy batteries in EVs weigh more compared to ICEs,
particularly for vehicles with a larger driving range [14].

6. Conclusion

While our results demonstrate that shifting the transportation fleet to EVs leads to largely positive
outcomes—some of which directly address longstanding environmental injustices—it is important to note
that other methods of transportation reform and urban design are likely to offer greater benefits than an EV
transition alone. Methods that prioritize physical and mental health, energy efficiency, and environmental
benefits, i.e. methods that increase active transport and mass transit while decreasing vehicle dependency,
are needed. Indeed a one-to-one replacement of ICE VMTs with eVMTs will not be sufficient to meet
international decarbonization goals, and a structural re-thinking, re-design, and re-engineering of
transportation systems will be required [67, 68].
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