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Summary
Background Electrifying the transportation sector is a key climate-change mitigation strategy. Reductions in exhaust 
emissions have anticipated air quality co-benefits; yet, evidence is primarily based on projections. Using observed 
data in California, USA, we aimed to investigate whether reductions in exhaust emissions from the transition to 
zero-emissions vehicles (ZEVs: battery electric, plug-in hybrid, and hydrogen fuel cell) were detectable using 
Tropospheric Monitoring Instrument (TROPOMI) satellite measurements of nitrogen dioxide (NO 2 ) air pollution.

Methods In this longitudinal observational study, we combined data from 2019 to 2023 on annual light-duty ZEV 
registrations in 1692 California ZIP code tabulation areas (ZCTAs; cross-walked from ZIP codes) with annual 
mean TROPOMI-measured NO 2 . We used longitudinal linear mixed-effects models to assess the association 
between within-ZCTA ZEV changes and within-ZCTA NO 2 changes, adjusting for temporal trends and time-
varying potential confounding, or excluding 2020. In positive control analyses, we related internal combustion 
engine vehicle registrations to NO 2 . In ground-truth analyses, we related ZEVs to NO 2 concentrations using 
123 Environmental Protection Agency monitors from 2012 to 2023.

Findings The median within-ZCTA increase in ZEVs from 2019 to 2023 was 272 (IQR 18 to 839). A within-ZCTA 
increase of 200 ZEVs was associated with a 1⋅10% (95% CI −1⋅19 to −1⋅00) decrease in annual average NO 2 . The 
main findings were supported by sensitivity analyses (–1⋅32% [–1⋅43 to –1⋅21] when excluding the year 2020), 
ground-truth analysis (–0⋅87% [–1⋅76 to 0⋅03] using NO 2 from ground-level monitors), and positive control 
analysis (0⋅80% [0⋅63 to 0⋅97] increase in annual average NO 2 per 800 increase in number of internal combustion 
engine vehicles).

Interpretation Using a natural experiment, we found that within-ZCTA increases in ZEV registrations were 
associated with reductions in NO 2 air pollution measured by satellite and replicated with ground-level monitors. 
This work in California serves as a proof-of-principle for future work using satellite-measured NO 2 to quantify 
effects of climate-change mitigation efforts on combustion-related air pollution within the USA and internationally.
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and Space Administration Health and Air Quality Applied Sciences Team, and the National Aeronautics and Space 
Administration Atmospheric Composition Modeling and Analysis Program.

Copyright © 2025 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND 
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

Introduction
Transitioning to electric vehicles is an important long-term 
mitigation strategy to reduce greenhouse gas emissions 
and slow climate change. In the short term, the transition is 
anticipated to reduce combustion-related air pollutants, 
such as nitrogen dioxide (NO 2 ), since fully electric vehicles 
have no exhaust emissions, 1 the largest source of NO 2 in 
most urban regions. 2 A full transition to electric vehicles is 
projected to reduce ambient NO 2 concentrations by 61% 
in the USA 3 and 30–80% in China. 4

These anticipated reductions have important public 
health implications because traffic-related air pollution 
exposures, including NO 2 , negatively affect cardio-
pulmonary health and contribute to premature death. 2,5 In 
the USA, transitioning to 100% zero emissions vehicle

sales for passenger vehicles by 2035 and medium-duty 
and heavy-duty vehicles (gross vehicle weight rating 
[GVWR] >10 000 lbs [approximately 4536 kg]—eg, delivery 
trucks, buses, and big rigs) by 2040 is projected to have 
more than US$1⋅2 trillion in cumulative health benefits 
between 2020 and 2050. 3

Real-world data on air quality co-benefits of the electric 
vehicle transition are important since most research to date 
consists of projections, 1,3 which necessarily rely on hypo-
thetical scenarios and simplifying assumptions. Projection 
studies do not incorporate actual rates of the transition, the 
full range of vehicle types and operating characteristics, or 
all air pollution sources. To date, real-world evidence is 
scarce, with a few studies in specific cities on the association 
between observed changes in measured pollution and
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modelled changes in emissions sources, 6 an early-phase 
transition to cleaner-fuel buses, 7 or electrification of a pas-
senger train. 8 Our earlier longitudinal study analysed the 
association between the early-phase (2013–19) transition 
and light-duty (GVWR ≤10 000 lbs) zero-emissions vehi-
cles (ZEVs) in California, USA, to within-location decreases 
in NO 2 at a network of regulatory monitors, although 
results were not statistically significant because of insuffi-
cient statistical power from the small number of monitor-
ing sites (n=107) and the low numbers of ZEVs during the 
early-phase transition. 9

In this Article, we investigated the air quality co-benefit of 
the early-to-mid-phase light-duty ZEV transition in Cali-
fornia using publicly available longitudinal data. We over-
came the limited spatial coverage of our previous work 9 by 
leveraging newly available satellite measurements of NO 2 
to relate annual average atmospheric NO 2 across all of 
California from 2019 to 2023 to annual ZEV registrations 
over the same period. We complement our primary analysis 
with a positive control analysis using internal combustion 
engine vehicles (ICEVs) and with a ground-truth analysis of 
extended longitudinal data from ground-level NO 2 at 
regulatory monitors.

Methods
Study design
We leveraged the natural experiment 10 of the ongoing 
transition to electric vehicles in California by conducting a 
longitudinal study, at the spatial resolution of ZIP code

tabulation areas (ZCTAs), relating within-location changes 
in light-duty ZEV registrations counts to within-location 
changes in NO 2 air pollution while adjusting for important 
covariates.

ZEV data
The California Energy Commission and California 
Department of Motor Vehicles publish annual counts of 
light-duty vehicles, registered by California ZIP code, with 
counts separated by fuel type. 11 We defined ZEVs in the 
same way as the California Energy Commission, with ZEVs 
including battery electric vehicles, plug-in hybrid electric 
vehicles, and hydrogen fuel cell electric vehicles. We 
defined ICEVs as all non-ZEVs. For each fuel type, we 
summed the vehicle registration counts by ZIP code 
and year, from 2012 until 2023. We linked ZIP code counts 
of light-duty vehicle types to ZCTA using longitudinal 
crosswalk linkages. 12

NO 2 air pollution data 
Atmospheric NO 2 air pollution
The Tropospheric Monitoring Instrument (TROPOMI) on 
the Sentinel-5 satellite measures tropospheric vertical NO 2 
column contents (in molecules per cm 2 ) from low Earth 
orbit (approximately 824 km) once a day at approximately 
13:30 h local time. The National Aeronautics and 
Space Administration (NASA) Health and Air Quality 
Applied Science Team publish freely available TROPOMI 
NO 2 data processed into annual averages at 0⋅01̊ × 0⋅01̊

Research in context

Evidence before this study

On Feb 26, 2025, we searched Google Scholar and PubMed for 

studies investigating the association between electric vehicle 

adoption and air pollution changes using the keywords: (“NO 2 ”

OR “nitrogen dioxide” OR "NOx" OR "nitrogen oxides" OR “air 

pollution” OR “air pollutants”) AND (“electric vehicle” OR “zero-

emissions vehicle” OR “ZEV” OR “EV”). Several studies have 

projected air quality co-benefits of electrifying the transportation 

sector in simulation studies or models of hypothetical scenarios. 

A few studies have related changes in measured air pollutants 

within limited metropolitan areas to either modelled trends in 

emissions sources, observed transitions to cleaner fuel buses, or 

passenger train electrification. No studies have used real-world air 

pollution measurements to show significant reductions in 

nitrogen dioxide (NO 2 ) or nitrogen oxides associated with 

increasing observed numbers of light-duty electric vehicles, 

especially across a large geographical region. One study linked 

zero emissions vehicles (ZEVs) to lower NO 2 , but results were not 

statistically significant because of limited air-monitoring sites.

Added value of this study

This is the first real-world study showing statistically significant 

reductions in observed NO 2 air pollution associated with the 

ongoing transition to light-duty electric vehicles over time. Our

study leveraged the natural experiment of the early-to-mid-phase 

transition to ZEVs in California, USA, by comparing within-

location changes in the annual number of registered light-duty 

ZEVs with within-location changes in annual average NO 2 air 

pollution, using satellite measures of NO 2 for full spatial coverage, 

from 2019 to 2023. Secondary analyses confirmed primary 

findings, including a positive control analysis showing the 

association between the number of registered light–duty internal 

combustion engine vehicles and satellite-measured NO 2 and a 

ground-truth analysis studying the association between ZEVs and 

ground-level regulatory monitors at 123 sites across California, 

from 2012 to 2023.

Implications of all the available evidence

The projected public health benefits of improved air quality from 

reduced exhaust emissions with the ZEV transition are already 

being realised, with observed reductions in NO 2 air pollution 

associated with the early-to-mid-phase transition to light-duty 

ZEVs in California and other reductions observed in several case 

studies. Satellite-measured NO 2 could be used across the globe to 

assess changes in NO 2 from ongoing climate mitigation efforts to 

reduce fossil-fuel combustion, with these data informing policy 

decisions to protect public health today and in the future.
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(approximately 1 km 2 ) resolution, available for 2019–23. 13,14 

We imported these data and projected them into the 
NAD83 spatial coordinate reference system using the rast() 
and project() functions in the R package terra. 15 Then, we 
spatially averaged to ZCTA boundaries in California using 
the extract() function and 2010 US Census ZCTA geog-
raphy shapefile (in NAD83) from the tigris package in R. 16 

The resultant dataset had 8845 ZCTA-year average tropo-
spheric NO 2 values for 1769 ZCTAs in California with all 
ZCTAs having data for all 5 study years.

Ground-level ambient NO 2 air pollution
The US Environmental Protection Agency (EPA) publishes 
pre-generated datasets of annual summaries of pollutant 
measurements from their monitoring network. 17 We 
downloaded annual summary files dated Nov 19, 2024, for 
the years 2012–23. We restricted the data from air mon-
itoring sites in California and annual average NO 2 (in parts 
per billion) calculated according to the NO 2 annual 
1971 pollutant standard from monitors collecting 1-h 
samples, resulting in 1265 site-year records, which were 
reduced to 1179 after exclusions for annual averages that 
were calculated with 50% or less complete data (n=55), 
negative (n=3), or duplicative records at the same site-year 
(n=28; appendix p 2).

Covariate data
Using directed acyclic graph theory, 18 we encoded hypoth-
esised causal within-location (ie, within ZCTA) associations 
between time-varying light-duty vehicle fleets and time-
varying annual average NO 2 . Our directed acyclic graph 
(appendix p 3) identified the following minimal adjustment 
set of time-varying covariates to control for confounding: 
year, population size, socioeconomic status, telecommut-
ing patterns, and fuel prices. For population characteristics, 
we collected longitudinal ZCTA-level American Commu-
nity Survey (ACS) 5-year estimates (from 2012 to 2023, with 
the end year of the 5-year series as the target year) from the 
IPUMS National Historical Geographical Information 
System, 19 including total population size; educational 
attainment, defined as percentage of the population older 
than 25 years with at least a bachelor’s degree; median 
household income; and percentage of the working popu-
lation older than 16 years working from home. Educational 
attainment and household income were used as proxies for 
socioeconomic status, representing possible structural and 
systemic biases contributing to differences in both ZEV 
adoption and NO 2 . We subset the national ACS dataset to 
the 1815 unique California ZCTAs from the previously 
described ZEV dataset. For retail fuel prices, California 
state-level annual average prices from 2000–23 were 
obtained from the US Energy Information Administra-
tion 20 and used as proxy for local prices since finer spatial 
resolution data were not available with full coverage of 
California.

Data processing
ZEV data were combined with ACS population character-
istics and fuel price datasets, henceforth called ZEV/ACS 
data. Then, two longitudinal datasets were created by sep-
arately merging ZEV/ACS data with: (1) ZCTA-year aver-
age TROPOMI NO 2 data from 2019 to 2023 and (2) site-year 
average EPA NO 2 data from 2012 to 2023. We excluded 50 
(0⋅6%) of 8845 observations because the observation was 
not available in ZEV/ACS data, 345 (3⋅9%) of 8795 because 
of a ZCTA with missing or zero values at any study year for 
population size, and 15 (0⋅2%) of 8450 because of a ZCTA 
with unexplained extremely large changes in the total 
number of light-duty vehicles (>30 000) between 2019 and 
2023 (appendix pp 2, 4).

Statistical analysis
In descriptive analyses, we summarised variable dis-
tributions using means (SDs) and medians (IQRs), and 
compared variables using correlation statistics.

Our primary analysis aimed to relate within-ZCTA 
changes in annual ZEV registrations to within-ZCTA 
changes in annual mean NO 2 . We visualised unadjusted 
associations by plotting predicted 5-year change in NO 2 
versus predicted 5-year change in ZEVs. To estimate 
adjusted associations, we used longitudinal linear mixed 
effects models of the following form relating TROPOMI 
NO 2 (y ij ) to ZEV registration counts (x ij ) for ZCTA i at year j:

log y ij = β 0 + β 1 ( x ij − x i⋅ ) + … + u i + ε ij

where u i represents ZCTA-level random intercepts. 
Because NO 2 was right-skewed, we natural log trans-
formed the annual average NO 2 data before modelling 
and reported the transformed regression coefficient 
((exp(β 1 )-1)*100), interpreted as the percentage difference 
in NO 2 per unit change in x ij . To ensure this quantity 
targeted only the within-ZCTA association as intended, 
we group-mean centred 21 the time-varying annual num-
ber of ZEVs by subtracting the ZCTA-level mean ZEV
(x i⋅ ) since ZEV numbers varied considerably across 
ZCTAs during the study period. We scaled to a 200 ZEV 
change, approximately the median ZEV increase across 
ZCTAs from 2019 to 2023. We fit a series of models with 
additional adjustment terms (denoted “…” in the equa-
tion). The unadjusted model (model 1) included only 
ZEVs and the random intercept; model 2 adjusted for a 
non-linear effect of calendar year using a quadratic 
polynomial of year and year squared, with year centred at 
2019; model 3 was additionally adjusted for time-varying 
population size, socioeconomic status, fuel price, and 
telecommuting patterns; and model 4 further adjusted 
for time-varying number of ICEVs. In sensitivity ana-
lyses, we fit model 3 (1) to the subset of data excluding 
2020 (ie, the set of 6748 observations from 1687 ZCTAs 
over 4 years), since 2020 was the year with the largest

See Online for appendix
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anticipated COVID-19 pandemic effects on air pollution 
concentrations, and (2) to the subset of 1473 ZCTAs 
(7365 observations) with total population size at least 
500 in all study years to provide a comparison for studies 
using alternative ZEV metrics (eg, number of ZEVs per 
1000 population) that require exclusion of smaller 
ZCTAs. 9 To investigate associations of ZEV subtypes, we 
did similar analyses for battery electric vehicles (scaled to 
a 200 vehicle change) and for plug-in hybrid electric 
vehicles (scaled to a 50 vehicle change), but not for 
hydrogen fuel cell electric vehicles because of their small 
numbers.

We did two secondary analyses. First, as a positive control, 
we did similar unadjusted and adjusted longitudinal ana-
lyses relating annual average TROPOMI NO 2 to annual 
ICEV registrations (scaled to a change of 800 vehicles), 
since ICEVs have exhaust emissions that produce NO 2 . 
Second, we did a ground-truth analysis relating ZEVs to 
surface-level NO 2 from EPA monitors from 2012 to 2023. 
Again, we fit similar unadjusted and adjusted longitudinal 
models, but now with random intercepts for both ZCTA 
(n=111) and monitoring sites within ZCTAs (n=123). 
Because of the longer 12-year study period, we also con-
sidered adjustment for more complicated non-linear 
functions of calendar year, including linear, quadratic, 
and up to cubic polynomial terms for calendar year centred 
at 2019.

Analyses were done in R (version 4.4.1).

Role of the funding source
The funders of the study had no role in study design, data 
collection, data analysis, data interpretation, or writing of 
the report.

Results
The final TROPOMI-linked dataset included 1687 ZCTAs, 
each with all 5 years of data from 2019 to 2023 (ie, 8435 
ZCTA-year observations). These ZCTAs varied in geo-
graphical size (median 42⋅6 km 2 [IQR 13⋅7–183⋅9]) and 
represented 95⋅4% (1687 of 1769) of California ZCTAs and 
contained 99⋅6% (39 028 858 of 39 183 443) of California’s 
population. From 2019 to 2023, within-ZCTA population 
size was fairly stable, educational attainment increased 
slightly, and work-from-home activity increased (table). 
Annual average NO 2 declined as assessed by both TRO-
POMI and EPA monitors (figure 1). Correlation of 
TROPOMI and EPA NO 2 was high (Spearman’s r=0⋅825; 
appendix p 6). TROPOMI NO 2 data were available for the 
entire state whereas EPA NO 2 monitors had less coverage 
(appendix p 7) and non-representative siting. Compared 
with ZCTAs without EPA NO 2 monitors, ZCTAs with 
EPA monitors had higher TROPOMI NO 2 concentrations 
(p<0⋅0001 for each year 2019–23), larger populations 
(p<0⋅0001 for each year 2019–23), and more ZEVs 
(p=0⋅0003 in 2019, p=0⋅0001 in 2020, p=0⋅0001 in 2021, 
p=0⋅0001 in 2022, and p=0⋅0001 in 2023) as well as lower 
percentages of residents who work from home (p=0⋅0003 in

2019, p=0⋅0001 in 2020, p=0⋅0001 in 2021, p=0⋅0001 in 
2022, and p=0⋅0001 in 2023; appendix p 5).

From 2019 to 2023, ZEVs increased from 2⋅0% (559 943 
of 28 237 734) to 5⋅1% (1 460 818 of 28 498 496) of total 
registered light-duty vehicles. We found considerable spa-
tial heterogeneity in ZEV registrations across California 
(appendix p 7) and battery electric vehicles were the most 
common type of ZEV (appendix p 8). Within-ZCTA ZEV 
registrations generally increased from 2019 to 2023 
(median 272 [IQR 18–839]) and ICEV registrations 
remained stable (table; figure 2). Within-ZCTA correlation 
of ZEV and ICEV registrations was moderate and negative 
(Spearman’s r=–0⋅40). The 2012–23 study years for EPA 
NO 2 analyses included the dramatic increase in ZEVs, from 
essentially zero (appendix p 8). Finally, compared with 
alternative metrics (eg, percentage of total vehicles or ZEVs 
per 1000 population), trends in ZEV registration counts 
were more monotonic over time for ZCTAs of all sizes 
(appendix p 9). Analyses with alternative metrics would 
have required excluding smaller ZCTAs.

In longitudinal analyses, ZEV registrations were negatively 
associated with TROPOMI NO 2 in both unadjusted and 
adjusted models (Figures 3, 4A). A within-ZCTA increase of 
200 ZEVs was associated with a 1⋅10% (95% CI −1⋅19 to 
−1⋅00) decline in annual average TROPOMI NO 2 , after 
adjusting for time trends, and time-varying population 
size, educational attainment, telecommuting, and fuel pri-
ces. Results were quantitatively similar with different 
adjustments and qualitatively similar in sensitivity analyses 
excluding the year 2020 (–1⋅32% [–1⋅43 to –1⋅21]) or 
excluding ZCTAs with a population below 500 (–0⋅82% 
[–0⋅93 to –0⋅72]). Analyses with battery electric vehicles 
instead of ZEVs showed similar associations (appendix p 10). 

Positive control analyses relating ICEV registrations to 
annual average TROPOMI NO 2 were consistently positive 
(figure 4B), although were more sensitive to model speci-
fication compared with the primary analyses of ZEV reg-
istrations. Estimated within-ZCTA increases in annual 
average NO 2 per 800 ICEV registration increase ranged from 
0⋅80% (95% CI 0⋅63–0⋅97) in a model adjusted for time 
trends and time-varying covariates to 1⋅75% (1⋅58–1⋅92) in 
the unadjusted model.

Ground-truth analyses in the subset of ZCTAs with EPA 
data showed a negative association (figure 4B), consistent 
with the primary satellite data analysis, although were 
not statistically significant. A within-ZCTA increase of 
200 ZEVs was associated with a 0⋅87% (95% CI −1⋅76 to 
0⋅03) decline in annual average EPA NO 2 , after adjusting 
for time trends with a cubic polynomial, and the time-
varying covariates. The unadjusted EPA association 
(–4⋅69% [–5⋅20 to –4⋅18) was larger than the adjusted 
associations and adjusted results were less sensitive to the 
type of adjustment for year or covariates.

Discussion
This longitudinal study used real-world data from a natural 
experiment to document air quality co-benefits of the
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2019–23 transition to electric vehicles in California. Within-
ZCTA increases in the number of registered light-duty 
ZEVs were associated with within-ZCTA reductions in 
annual average NO 2 air pollution, as measured by satellite 
and replicated with ground-level EPA monitors. Associa-
tions were robust to adjustment for potential confounding, 
including adjustments for covariates related to the 
COVID-19 pandemic, as well as to exclusion of the year 
2020. A positive control analysis further validated the 
approach, showing positive associations between ICEV 
registrations and NO 2 . Taken together, these results docu-
ment observed, real-world air quality co-benefits of the

early-to-mid-phase ZEV transition in California. Results 
also support use of publicly available satellite measure-
ments to measure changes in NO 2 associated with ZEV 
adoption.

Air quality co-benefits of transportation electrification 
have largely been based on projections, although the fol-
lowing studies have investigated real-world effects on 
measured pollutants: a dense network of sensors in the San 
Francisco Bay area of California detected a 1⋅8% per year 
reduction in carbon dioxide emissions from 2018 to 2022, 
attributed to the electrification of light-duty vehicles redu-
cing on-road emissions through spatiotemporal models of

2019 2023 Within-ZCTA change (2019–23)*

Registered light-duty vehicles 

ZEVs 140⋅0 (11⋅0 to 470⋅5) 425⋅0 (29⋅0 to 1332⋅0) 272⋅0 (17⋅5 to 839⋅0)

BEVs 61⋅0 (4⋅0 to 236⋅0) 273⋅0 (17⋅0 to 965⋅5) 207⋅0 (12⋅0 to 698⋅5)

PHEVs 74⋅0 (6⋅0 to 229⋅0) 135⋅0 (11⋅0 to 358⋅5) 49⋅0 (5⋅0 to 118⋅0)

FCEVs 0⋅0 (0⋅0 to 4⋅0) 1⋅0 (0⋅0 to 11⋅0) 0⋅0 (0⋅0 to 6⋅0)

ICEVs 13 018⋅0 (1795⋅0 to 26 532⋅0) 12 638⋅0 (1776⋅5 to 26 010⋅0) –100⋅0 (–965⋅5 to 20⋅0)

Total 13 324⋅0 (1834⋅5 to 27 221⋅5) 13 433⋅0 (1815⋅0 to 27 243⋅0) –24⋅0 (–273⋅5 to 269⋅5)

Total population size 18 269⋅0 (2116⋅5 to 37 846⋅0) 18 300⋅0 (2136⋅5 to 37 563⋅0) –17⋅0 (–648⋅5 to 562⋅5)

Bachelor’s degree 27⋅7% (16⋅2 to 45⋅7) 30⋅8% (17⋅6 to 48⋅9) 2⋅5% (0⋅3 to 4⋅9)

Work from home 6⋅0% (3⋅7 to 9⋅7) 13⋅9% (8⋅1 to 22⋅1) 7⋅0% (2⋅4 to 13⋅3)

Annual average tropospheric NO 2 ,
molecules cm –2

2⋅57 × 10 15

(1⋅46 × 10 15 to 4⋅62 × 10 15 )
2⋅51 × 10 15

(1⋅53 × 10 15 to 4⋅14 × 10 15 )
–7⋅02 × 10 13

(–6⋅52 × 10 14 to 5⋅02 × 10 13 )

Data are median (IQR). *ZEV registrations generally increased from 2019 to 2023, but ICEV registrations were stable or fluctuated less predictably. To complement the median 

within-ZCTA change for study endpoints (2023–2019), we calculated the median of the within-ZCTA range (max–min) of vehicle registration by type from 2019 to 2023: 273 for 

ZEVs, 209 for BEVs, 54 for PHEVs, 1 for FCEVs, 867 for ICEVs. BEV=battery electric vehicle. FCEV=hydrogen fuel cell electric vehicle. ICEV=internal combustion engine vehicle. 

PHEV=plug-in hybrid electric vehicle. ZCTA=ZIP code tabulation area. ZEV=zero-emissions vehicle.

Table: Characteristics of 1687 ZCTAs in California, 2019–23
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Figure 1: Longitudinal trends in annual average NO 2
Figure shows annual NO 2 as measured in the atmosphere by TROPOMI and averaged by ZCTA, 2019–23 (A) and at ground-level by US EPA monitors, 2012–23, with the 

overlapping 5-year period indicated by the grey box (B). To visualise trends over time, the gradient colour scheme is based on categorised values at 2019 (closest available 

year for EPA data). EPA=Environmental Protection Agency. ppb=parts per billion. NO 2 =nitrogen dioxide. TROPOMI=Tropospheric Monitoring Instrument. ZCTA=ZIP 

code tabulation area.
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trends in emissions sources. 6 A study 7 of a programme 
introducing lower-emissions buses (compressed natural 
gas, hybrid-electric, and ultra-low-sulphur diesel) in New 
York (NY, USA) documented declines in local nitric oxide 
(NO) and NO 2 between 2009 and 2014, especially in areas

with high levels of bus service, of which a larger proportion 
shifted to lower-emissions buses. Before and after electri-
fication of a diesel passenger train in Israel, researchers 
tracked annual average air pollution at train station mon-
itoring sites and found significantly lower NO 2 (reductions
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Figure 2: Longitudinal trends, 2019–23, in the ZCTA-level counts of registered light-duty vehicles

Figure shows vehicles classified as ZEVs (A) or ICEVs (B). Gradient colour scheme is based on categorised values at 2019. ICEV=internal combustion engine vehicle. 

ZEV=zero-emissions vehicle. ZCTA=ZIP code tabulation area.

B

Pearson's r=0·31

–2·0 × 1015

–1·0 × 1015

0

1·0 × 1015

5
−

ye
ar

 c
h

an
g

e 
in

 a
n

n
u

al
 a

ve
ra

g
e 

N
O

2

−5000 0 5000 10 000 15 000−15 000

5−year change in number of ICEVs

NO
2
 in 2019

>1·40 × 1016 to 1·55 × 1016

>1·25 × 1016 to 1·40 × 1016

>1·10 × 1016 to 1·25 × 1016

>9·51 × 1015 to 1·10 × 1016

>8·01 × 1015 to 9·51 × 1015

>6·50 × 1015 to 8·01 × 1015

>5·00 × 1015 to 6·50 × 1015

>3·50 × 1015 to 5·00 × 1015

>1·99 × 1015 to 3·50 × 1015

4·88 × 1014 to 1·99 × 1015

A

Pearson's r=–0·37

–2·0 × 1015

–1·0 × 1015

0

1·0 × 1015

5
−

ye
ar

 c
h

an
g

e 
in

 a
n

n
u

al
 a

ve
ra

g
e 

N
O

2

2000 4000 6000 80000

5−year change in number of ZEVs

NO
2
 in 2019

>1·40 × 1016 to 1·55 × 1016

>1·25 × 1016 to 1·40 × 1016

>1·10 × 1016 to 1·25 × 1016

>9·51 × 1015 to 1·10 × 1016

>8·01 × 1015 to 9·51 × 1015

>6·50 × 1015 to 8·01 × 1015

>5·00 × 1015 to 6·50 × 1015

>3·50 × 1015 to 5·00 × 1015

>1·99 × 1015 to 3·50 × 1015

4·88 × 1014 to 1·99 × 1015

Figure 3: Unadjusted associations of change in number of light-duty vehicle by type with change in TROPOMI annual average NO 2
Figure shows unadjusted associations of change in light-duty ZEVs (A) and change in ICEVs (B) with change in TROPOMI-measured annual average NO 2 (molecules per 

cm 2 ), 2019–23. To smooth observed data, we used predicted 5-year change obtained by fitting a simple linear regression model of observed ZEV registrations (or NO 2 ) 

versus calendar year for each ZCTA and calculating ̂  Y 2023 − ̂  Y 2019 . ICEV=internal combustion engine vehicle. NO 2 =nitrogen dioxide. TROPOMI=Tropospheric Monitoring 

Instrument. ZEV=zero-emissions vehicle.
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of 29–45% across three sites), NO (79–85%), nitrogen 
oxides (65–75%), and fine particulate matter (PM 2⋅5 ; 
reductions at two of three sites). 8 These studies along with 
the present work show that transportation electrification 
has observable effects on air quality.

A novelty of our work is NO 2 measurement by satellite. 
TROPOMI NO 2 has fine-scale spatiotemporal variability 
with lower values on weekends compared with weekdays, 
high correlation with annual average NO 2 from non-
roadway EPA monitors (r 2 =0⋅66 in 2019), 13 and has detec-
ted emissions from highways and urban areas; 22 power 
plants; mining, oil, and gas facilities; 23 as well as differential 
reductions in NO 2 from COVID-19-related lockdowns. 24 

A major advantage of TROPOMI NO 2 is global availability, 
especially in locations without dense surface-level mon-
itoring networks. However, at shorter timescales (eg, days 
to weeks), cloud cover can limit data availability and wind 
variability can complicate interpretation. 25 Note that rural 
areas have a smaller dynamic range of NO 2 than urban 
areas, so instrument noise has a larger effect for both 
TROPOMI and EPA monitors, and a larger fraction of the 
NO 2 column might not be near surface.

Strengths of our study include the longitudinal design 
allowing us to estimate the pooled association of within-
ZCTA changes in ZEV registrations with within-ZCTA 
changes in NO 2 , inherently controlling for confounding 
by time-invariant factors. The natural experiment of the 
ongoing ZEV transition provided considerable within-
ZCTA heterogeneity in ZEV registration counts, provid-
ing a stronger design than a typical observational study. 10 

We controlled for time-varying factors informed by our 
hypothesised causal relationships. Satellite measurement 
of NO 2 provided full spatial coverage, overcoming concerns 
about representativeness of EPA monitor locations. 26 

California is the most populous US state and leads the USA

in ZEV adoption. We validated our approach using both a 
positive control analysis relating ICEV registrations to 
TROPOMI NO 2 and a ground-truth analysis using NO 2 
from EPA monitors. Finally, as an improvement over 
earlier work, 9 we cross-walked ZIP code data to ZCTAs, 
which are more appropriate units of analysis for longitu-
dinal research than ZIP codes and avoid potential bias from 
exclusion in one-to-one linkages. 27 We also used ZEV 
counts and adjusted for time-varying total population size 
rather than using population-normalised ZEV counts, 9 

because normalisation led to instability over time for 
ZCTAs with small populations and we aimed for minimal 
exclusion of ZCTAs.

Our study has limitations. First, TROPOMI NO 2 has 
limited historical availability, having come online in 
mid-2018, although this limitation is counterbalanced by 
continued future availability and full spatial coverage with 
high resolution. Note that longer-term satellite NO 2 data 
products have been developed for specific use cases. 28 

TROPOMI is also only observed in the early afternoon, 
missing rush-hour traffic peaks. Future work might con-
sider the NASA TEMPO instrument launched in 2023, 
which observes NO 2 during all daylight hours over North 
America. Second, our 2019–23 study period includes the 
COVID-19 pandemic, which could confound unadjusted 
associations because of effects on both ZEV adoption and 
NO 2 concentrations. To address this, we adjusted for time-
varying confounders including fuel price and telecom-
muting patterns and did sensitivity analyses removing 
data from 2020. We used state-level average fuel prices 
because local prices were available for only select metro-
politan areas (ie, Los Angeles–Long Beach–Anaheim, San 
Diego–Carlsbad, and San Francisco–Oakland–Hayward), 
and local prices closely followed state-level prices during 
our study period, so we expect little bias from using

Ground-truth analysis, 2012–23 EPA NO2 and ZEVsC

Adj year + covariates

Adj year

Unadjusted

−4 −3 −2 −1 0 −5 

Percentage difference in NO 2  per 200 ZEVs

Positive control analysis, 2019–23 TROPOMI NO 2 and ICEVsB

Adj year + covariates

Adj year

Unadjusted

0·5 1·0 1·5 2·0 0 

Percentage difference in NO 2  per 800 ICEVs

Primary and sensitivity analyses, 2019–23 TROPOMI NO2 and ZEVsA

Adj year + covariates

(excluding population <500)
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(excluding 2020) 

Adj year + covariates + ICEV
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Adj year
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Figure 4: Estimated adjusted associations of annual vehicle registration counts and annual average NO 2 in California from longitudinal linear mixed effects models

Figure shows primary and sensitivity analyses that show the association between ZEVs and tropospheric NO 2 in 1687 ZCTAs, 2019–23 (A); positive control analyses that show the association between ICEVs 

and tropospheric NO 2 in 1687 ZCTAs, 2019–23 (B); and ground-truth analyses that show the association between ZEVs and annual average surface-level NO 2 from EPA monitors at 123 sites, 2012–23. 

Models with “adj year” adjust for time trends using quadratic polynomial terms for calendar year (ie, including terms for year and year 2 , with year centred at 2019) for TROPOMI NO 2 analyses of 5 years of 

data and cubic polynomial terms for the EPA NO 2 analysis with 12 years of data. Models with “adj year + covariates” include the previously mentioned adjustment for time trend plus adjustment for the 

following time-varying annual ZCTA-level characteristics: total population size, educational attainment, work-from-home, as well as state-level annual average gas prices. Sensitivity analyses additionally 

adjusted for ICEVs, excluded the year 2020, or excluded the 214 ZCTAs with a population below 500. EPA=Environmental Protection Agency. ICEV=internal combustion engine vehicle. NO 2 =nitrogen 

dioxide. TROPOMI=Tropospheric Monitoring Instrument. ZCTA=ZIP code tabulation area. ZEV=zero-emissions vehicle.
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state-level fuel price data. Third, we examined air quality 
co-benefits for only one pollutant, NO 2 . We focused on NO 2 
since this pollutant arises from the combustion of fossil 
fuels, primarily from vehicle emissions, 2 and the only 
source of NO 2 from local vehicle operation is exhaust 
emissions, which fully electric vehicles do not have. Effects 
on other air pollutants merit further study and might be 
complex. For example, reduced NO 2 might increase 
ground-level ozone. 29 Also, PM 2⋅5 , which cannot currently 
be retrieved directly by satellite, 30 has both exhaust and non-
exhaust (ie, brake, tyre, and road wear) sources. Exhaust 
PM 2⋅5 is expected to decline, 31 whereas tyre and road wear 
emissions might increase since ZEVs tend to be heavier 
than ICEV equivalents because of batteries. 32 Despite the 
increased weight, brake wear emissions might decrease 
considerably because of regenerative braking technology. 33 

Fourth, our work focuses on NO 2 effects of local ZEV 
operation and does not address the production and recyc-
ling of ZEV batteries or changes in power plant emissions 
due to increased electricity demands for vehicle charging. 
Counts of registered light-duty ZEVs are a crude measure of 
local ZEV operation. In neighbourhoods with primarily 
local traffic, local ZEV registrations are a better proxy for 
local ZEV operation than in neighbourhoods close to a 
highway or with a dense network of major roads. One 
approach to overcome this limitation is to combine local 
ZEV registrations with microscale simulations of trip 
routes and emissions to estimate the proportion of traffic 
emissions from ZEVs. 34 Indeed, researchers have sug-
gested that locations with few ZEV registrations might still 
benefit from reduced emissions from nearby highway or 
major road traffic transitioning to ZEVs (replacing ICEVs), 
even though these ZEVs are registered elsewhere. 34 Future 
work could investigate whether ZCTA-level NO 2 -ZEV 
registration associations vary by road density or proximity 
to freeways. Fifth, another limitation of vehicle registration 
counts by ZCTA is the spatial coarsening of approximately
1 km × 1 km TROPOMI NO 2 data to ZCTAs. Future work 
could improve spatial resolution using census-tract counts 
of ZEVs or spatiotemporal models of traffic emissions. 34 

Last, our definition of ZEV aligns with California’s regu-
latory definition and includes plug-in hybrid electric vehi-
cles, which are not fully electric; however, our results were 
robust to considering only battery electric vehicles. More 
broadly, electrification of on-road medium-duty and heavy-
duty vehicles is projected to have substantial air quality 
co-benefits, 3 but the transition is still in the early phase. In 
future work, real-world evidence on co-benefits can be 
studied as the transition proceeds.

Our work has broad-reaching implications and policy 
relevance. TROPOMI assessments are global and freely 
available, so our approach in California has the potential to 
be generalised to locations around the globe, including 
those without air quality monitoring networks. Further-
more, although we focused on light-duty ZEVs, our 
approach has the potential to be generalised to any climate-
change mitigation strategy reducing combustion-related

sources of NO 2 . Examples include the electric motorbike 
transition in some low-income and middle-income coun-
tries or mode shifts to active transport, such as bicycling in 
Paris, France. Furthermore, given the well-documented 
health effects of traffic-related air pollution, future work 
can link air quality co-benefits of transportation electrifi-
cation to improvements in health outcomes, as in our 
earlier work relating the ZEV transition in California to 
reduced asthma-related emergency department visits. 9 

A scoping review of health effects of the electric vehicle 
transition called for such observational studies, especially 
for populations disproportionately exposed to traffic-related 
pollution. 35 These real-world data have the potential to drive 
effective solutions for a healthier future.
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