
DIESEL and TRAFFIC EMISSIONS
Impacts on Children’s Health

Pollutants of Concern from Motor Vehicles Exhaust
• Particulate Matter - Fine  (PM2.5) and Ultrafine (UFP) 
• Carcinogens - PAHs, Black Carbon, Benzene, Formaldehyde 
• Nitrogen Oxides 
• Metals 
• Carbon Monoxide 
• Carbon Dioxide

Children are at Greater Risk than Adults

• Rapidly developing immune, neurologic, and lung systems 
• Breathe more air than adults relative to their size 
• More likely to be active when outdoors

Known Health Effects of Children Living Near Traffic-Related Pollutants

• Asthma prevalence 
• New-onset asthma 
• Chronic and acute asthma-related respiratory symptoms 
• Delayed lung function development 
• Prevalence of childhood leukemia

• Autism Spectrum disorder 
• Adverse birth outcomes 
• Attention-deficit/hyperactivity disorder (ADHD) 
• Delayed cognitive development 
• Childhood obesity, Type II diabetes, and insulin resistance

Strong Evidence for:

Emerging Evidence for:

PreNatal & Early Childhood Exposure

• Adult Cancer 
• Parkinson’s Disease 
• Alzheimer’s Disease

Source:	Boothe,	V.	L.,	Boothe,	R.	W.,	&	Baldauf,	R.	(2020).	Transport	and	
children’s	wellbeing.	In	Chapter	Seven	–	Traffic	emission	impacts	on	
child	health	and	well-being	(pp.	119–142).	ScienceDirect.	
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Your report can be anonymous. 

Protect Children’s Health

Protect Community Health

Diesel exhaust exposure harms children's developing lungs, increasing risks of 
asthma, respiratory infections, and even cancer.

Diesel exhaust is classified as carcinogenic to humans (IARC 2012). 70% of California’s 
known cancer risk from toxic air contaminants is linked  to diesel emission

Reduce Pollution
Diesel trucks and buses in California cannot idle for more than 5 minutes, especially 
near schools, homes, and hospitals.
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Breathe easier, California! Turn off your engine.

What is idling?
Idling is running a vehicle’s engine while it is not moving. Unnecessary idling by diesel-fueled trucks, 
buses, and passenger vehicles near homes, schools, and shopping centers raises concern for many 
communities across California.

The California Air Resources Board (CARB) enforces clean air rules for idling diesel trucks and buses 
throughout the state. Although CARB’s idling rules do not apply to passenger vehicles, it is important 
to reduce idling all the same to help protect our community’s health and our environment.

Why reduce idling? By turning off our engines, we can…

Community Health Protect the health of our most at-risk community members, like children, 
the elderly, and those with health conditions such as asthma and heart-
related issues. Recent studies find nearly 3 times as many people die from 
air pollution-related deaths as from car accidents annually.

Improve the environment. Stopping all unnecessary idling in the U.S. 
is about the same as removing the pollution from 5 million vehicles, or 
planting 30 million acres of trees, every year.

Save money by reducing unnecessary (and costly) wear and tear. 
Researchers estimate that idling from trucks, buses, and cars in the  
U.S. wastes about 6 billion gallons of fuel annually.

Environment

Savings



Diesel truck and bus idling enforcement
CARB has rules that limit diesel truck and bus idling to 5 minutes 
everywhere. Trucks and buses with certified Clean Idle stickers can 
idle for more than 5 minutes in unrestricted areas, but are still not 
allowed to idle in restricted areas. This rule does not apply to cars 
or pick-up trucks.

Exceptions to these rules exist. Truck and 
bus idling is not allowed in places defined by 
CARB as “restricted areas” such as schools, homes, hospitals, and senior and 
childcare facilities within 100 feet of the property line.

Many of California’s trucks and buses are already certified clean idle vehicles, 
which means that they can idle for more than 5 minutes in unrestricted areas. 
Last year, in CARB’s Community Air Protection Program selected communities in 
Southern California, enforcement staff found over 98% of trucks and buses were 
following the idling rules.

What can you do to help?
1. Limit all idling time. Although CARB’s idling 

rules do not apply to passenger vehicles 
(e.g., cars or pick-up trucks), idling of all 
vehicles causes damage to our health and our 
environment. If possible, turn off your engine 
if you are waiting for more than 10 seconds.

2. Keep your car well-maintained. A poorly-
maintained vehicle pollutes the air more than  
a well-maintained vehicle, and may also burn more fuel. These vehicles break 
down more often leading to a damaged engine and costly repairs.

3. Report diesel trucks and buses idling in your community by calling 1-800-END-SMOG  
(1-800-363-7664) or visiting calepa.ca.gov/enforcement/complaints. Remember, trucks and 
buses with certified Clean Idle stickers can idle for more than 5 minutes in unrestricted areas.

Include the following information when reporting an idling vehicle of concern:

• Where did the idling occur?
• When did it occur? Is it ongoing?
• Who or what was the cause?
• Photos, videos, and front and rear license plate numbers, if possible.

NO IDLING
CHILDREN BREATHING

Contact us
COES@arb.ca.gov  |  arb.ca.gov/truckstop

mailto:COES%40arb.ca.gov?subject=
http://arb.ca.gov/truckstop
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A B S T R A C T   

The amount of data that is currently accessible on ambient air pollution and children’s health has significantly 
increased. Although numerous systematic reviews and meta-analyses have evaluated the effect of air pollution on 
children’s health, the results are mixed, including positive, negative, or null associations. The objective of this 
umbrella review is to thoroughly evaluate the validity of existing research on the connection between air 
pollution and children’s health. We identified 33 systematic reviews of observational studies in which a diversity 
of health outcomes for children were reviewed, including mortality, respiratory diseases, hypertension, etc. 
According to our review’s findings, being exposed to air pollution increases the chance of developing leukemia 
among children, as well as autism spectrum disorders, hypertension, otitis media, obesity, pneumonia, asthma, 
respiratory diseases, eczema, and allergic rhinitis. Additionally, there was a sizable positive association between 
air pollution and child mortality. The findings of this extensive umbrella review provide convincing proof that 
exposing children to air pollution increases the risk of developing multiple diseases. Our results have implica-
tions for strengthening childhood health care, reducing air pollution, and improving intergenerational equity.   

1. Introduction 

According to statistics, almost all people (99%) were exposed to 
concentrations higher than the WHO recommendation (5 μg/m3 annual 
mean) (WHO, 2022), and 93% of children under 15 years of age breathe 
polluted air (WHO, 2018). 4.2 million premature deaths were brought 
on by ambient air pollution in 2016, with nearly 300,000 of those fa-
talities occurring in children under the age of five (Adair-Rohani, 2018). 
Due to their developing bodies and underdeveloped immunological and 
respiratory systems, children are especially vulnerable to the impact of 
air pollution (Lin et al., 2021a,b). A serious public threat to the health 
and welfare of people is air pollution. It has become the fourth leading 
risk factor for death after high blood pressure, tobacco use and poor diet. 
In the past, 40% of chronic obstructive pulmonary disease (COPD) and 
192 million years of life lost (YLL) were associated with air pollution 
(IHME, 2023). 

According to the studies we included, both developing and devel-
oped regions or countries are suffering from air pollution (Karimi and 

Shokrinezhad, 2020). The effects of toxic substances can begin before 
birth and continue into later life, in which the structural and functional 
development of certain organs is affected (Miller and Marty, 2010). 
Previous research has revealed that air pollution exposure can have an 
impact on the blood system (Gong et al., 2019), mortality (Karimi and 
Shokrinezhad, 2020), respiratory system (Orellano et al., 2018), nervous 
system (Liu et al., 2023), and circulatory system (Yan et al., 2021). It is 
also linked to metabolic disorders (Huang et al., 2022), allergic disease 
(Yue et al., 2022), and infectious disease (Lee et al., 2020), etc. In China, 
studies have shown that air pollution may increase the risk of death 
among children (He et al., 2022). In terms of the respiratory system, 
exposure to coarse particulate matter in infants (Lu et al., 2023a,b,c,d) 
and young children (Lu et al., 2022) may increase the risk of asthma, and 
allergic rhinitis (Lu et al., 2023a,b,c,d) and pneumonia (Lu et al., 2023a, 
b,c,d) in infants are also closely related to it. In addition, exposure to air 
pollution has been associated with autism spectrum disorders (Geng 
et al., 2019), elevated blood pressure (Zhang et al., 2020), allergies (Liu 
et al., 2020), and otitis media (Lu et al., 2023a,b,c,d) in children. 
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Before this study, hundreds of epidemiological studies explored the 
effects of air pollution on children’s health and conducted many sys-
tematic reviews and meta-analyses to synthesize these results; however, 
the conclusions are mixed. In addition, the majority of the previous 
studies focused only on one aspect of health outcomes. Since air pollu-
tion exposure is proposed to be linked to numerous health outcomes, the 
overall picture of air pollution exposure and health outcomes remains 
unclear from the available evidence, which may hinder the guide on 
children’s care for clinicians and public health workers. 

To provide researchers and public health professionals with more 
comprehensive and higher-quality evidence relating air pollution 
exposure to children’s health, we conducted this umbrella review, de-
tailing these links and synthesizing the available evidence to help chil-
dren understand and prepare for air pollution. This work will protect 
children today and those who will come after them. 

2. Methods 

During the whole research process, the PRISMA statement (Table S1) 
(Page et al., 2021), the preferred reporting items for review overview 
(Table S2) (Gates et al., 2022), and the umbrella review guidelines 
(Aromataris et al., 2015) were followed. The protocol has been regis-
tered on PROSPERO (CRD42022371501). 

2.1. Search strategy 

PubMed, Scopus, Medline, Embase, the Web of Science, and the 
Cochrane Library were used as the main search engines for studies 
published up to October 8, 2022, and confined to studies published in 
English. During the literature search, we followed the PRISMA standards 
and the PRIOR (Preferred Reporting Items for Overviews of Reviews) 
statement. Supplementary materials provide a complete search strategy. 
(Table S3). 

2.2. Eligibility criteria 

PECOS(Participants, Exposure, Comparators, Outcomes, and Study 
design) was used as eligibility criteria. Children as "Participants", air 
pollution as "Exposure", "Comparator" stands for risk ratio (RR), odds 
ratio (OR), or hazard ratio (HR), "Outcome" refers to the various health 
outcomes of children exposed to air pollution, and "Design" means a 
review with or without meta-analysis (the focus is on reviews for which 
a meta-analysis has been performed). Exclusion criteria were as follows: 
narrative reviews, letters, conference abstracts, grey literature, and 
research protocols; genetic or experimental studies examining animals; 
or focused on non-general populations, such as occupational groups. The 
details are shown in Table 1. 

2.3. Study selection 

All identified records were imported into Endnote X9, and two re-
searchers (KL and HC) worked alone to screen the title, abstract, and full 
text of the article and remove duplicate records. Disputes were resolved 
by consensus with the third author (ZY). 

2.4. Data extraction 

Information was collected separately by two authors (KL and HC), 
with inconsistencies resolved by a third researcher (ZY). For each 
eligible article, we extracted information as shown in Table S4. For each 
meta-analysis, the key information extracted was shown in Table S7. 

2.5. Evaluation of the quality of methodology and evidence 

After screening studies, the more specific and sensitive AMSTAR 2 
was used instead of JBI to analyze study quality (Ferguson et al., 2022). 
Quality and credibility were also assessed using AMSTAR 2 (Shea et al., 
2017). Detailed scoring items for AMSTAR 2 can be found in Table S5. In 
this review, we used the concept of recommendation grading, assess-
ment, formulation, and evaluation (GRADE) to evaluate the evidence 
(Brozek et al., 2021). There are five deterioration criteria (limitation of 
research method, inconsistencies, impreciseness, possibility of publica-
tion bias, indirect) and three upgrade factors (large effect, dose effect, 
and confounding) in the GRADE system (Guyatt et al., 2011). 

2.6. Data synthesis 

Given associations of interest, they may be assessed in two or more 
reviews with overlapping results, which could bias findings and esti-
mates. Therefore, we calculated the level of overlap between component 
studies using a citation matrix with a method name as the corrected 
covered area (CCA) (Nyadanu et al., 2022). The CCA was calculated 
using the following formula, where N is the sum of the number of 
included primary studies in the umbrella review, r again for the number 
of rows, and c for the number of columns. CCA >15% indicates a very 
high degree of overlap, 11–15% indicates high, 6–10% indicates mod-
erate, and less than 5% is slight (Pieper et al., 2014). 

CCA (%)= N − r
rc − r 

Systematic reviews without meta-analysis were narratively synthe-
sized. Pooled estimates (e.g., number of primary studies, OR, and I2 

statistics, etc.) for the meta-analysis review were derived from the pre-
liminary measurements provided. The reviews that underwent meta- 
analysis used forest plots for combined effect estimation. 

3. Results 

3.1. Literature search 

Six databases yielded 15,502 records (Fig. 1). There were 5121 ar-
ticles excluded due to duplication. After the initial screening, 91 articles 
proceeded to the full-text review stage. After further reading, 58 articles 
were eliminated for the following reasons: articles that were not written 
in English (n = 15); no systematic review or meta-analysis (n = 14); non- 
child health (n = 10); conference abstract (n = 13); no clear result (n =
6). In summary, 33 articles were identified as eligible for this umbrella 
review (30 with meta-analyses and 3 without meta-analyses). Three of 
these articles were on the blood system, two on mortality, two on the 
nervous system, fifteen on the respiratory system, three on the circula-
tory system, one on infectious diseases, three on metabolic systems, and 
four on allergic diseases. 

The selected characteristics of the contained reviews were described 
in Fig. 2. A total of 526 primary studies from 51 countries were all 

Table 1 
Eligibility criteria for this comprehensive review of the relationship between 
ambient air pollution and child health outcomes.  

Element Inclusion criteria Exclusion criteria 

Population Children Adult 
Exposures Outdoor air pollution Indoor air pollution 
Outcomes Adverse health outcome Adverse health outcomes 

not caused by exposure to 
air pollution 

Review Reviews of relevant quantitative Narrative review 
Design observational epidemiologic research, 

including cohort, case-control, and 
cross-sectional studies, with or 
without the utilization of meta- 
analysis (the focus is on reviews for 
which a meta-analysis has been 
performed) 

Grey literature 

Language English Non-English  

K. Liu et al.                                                                                                                                                                                                                                      
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published after 2010, with a focus on the period from 2020 to 2022, 
including the United States (125), China (107), and Canada (35), among 
others (Table S8). There were 5–46 primary studies included within 
every meta-analysis, with an average of 16. 

3.2. Risk of bias 

The AMSTAR 2 scores of the 33 included articles were as follows: 6 
(18.2%) were rated as high quality, 4 (12.1%) as moderate quality, 13 
(39.4%) as low quality, and 10 (12.2%) as very low quality. According to 

Fig. 1. Flowchart of the systematic search and selection process.  
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Atmospheric Pollution Research 15 (2024) 102108

4

GRADE criteria, each estimate was assessed for its quality of evidence. 
Six studies (18.2%) were evaluated as moderate, ten (30.3%) as low, and 
seventeen (51.6%) as very low among the 33 studies considered 
(Table S5). 

3.3. Study overlap 

The 33 eligible systematic reviews included 771 component studies, 
including 245 duplicates, of which 526 were unique component studies. 
The CCA was 1.23%, indicating a slight overlap. 

Fig. 2. Essential features of the studies included in this umbrella review. Date of publication of all included studies; Proportion of each health outcome.  

Fig. 3. Association between air pollution and the blood system, mortality, and nervous system.  

K. Liu et al.                                                                                                                                                                                                                                      
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3.4. Blood system 

Three systematic reviews assessed the effect of air pollution on 
childhood leukemia (Gong et al., 2019; Filippini et al., 2015, 2019). 
Details of systematic reviews were shown in Table S4. As shown in 
Fig. 3, traffic density, NO2, benzene, PM10, PM2.5, and 1,3-butadiene 
were found to increase childhood leukemia risk. Although all three 
studies found an association between air pollution and leukemia, only 
benzene (RR = 1.27 (95%CI:1.03, 1.56)) and 1, 3-butadiene (RR = 1.45 
(95%CI:1.08, 1.95)) were significantly associated with the increased risk 
of leukemia (Filippini et al., 2019). There is moderate heterogeneity, as 
the heterogeneity test showed in most of the studies. Only a few research 
showed publication bias in their studies. According to the AMSTAR 2, all 
studies were graded low in terms of quality. On the other hand, when 
using GRADE, all studies were found to be assessed as low or very low. 

3.5. Mortality 

Based on the results of a meta-analysis (Karimi and Shokrinezhad, 
2020) and a systematic review (Ibrahim et al., 2021), exposure to PM2.5 
(RR = 1.03 (95%CI:1.02, 1.05)), PM10 (RR = 1.03 (95%CI:1.02, 1.05)), 
CO (RR = 1.03 (95%CI:1.02, 1.05)), NO2 (RR = 1.02 (95%CI:1.00, 
1.04)), and SO2 (RR = 1.02 (95%CI:1.00, 1.05)) was associated with a 
higher risk of child mortality (Fig. 3). According to AMSTAR 2, one 
study was graded as moderate and one study was graded as low. On the 
other hand, GRADE showed two studies rated as low or very low. 

3.6. Nervous system 

The relationship between air pollution and child autism spectrum 
disorder was studied in two meta-analyses (Lin et al., 2021a,b; Liu et al., 
2023). Studies with high AMSTAR 2 scores indicate that exposure to 
PM2.5 (RR = 1.34 (95%CI:1.12, 1.60)) and PMcoarse (PMc, PM with an 
aerodynamic diameter between 2.5 and 10 μm) (RR = 1.15 (95% 
CI:1.09, 1.22)) was associated with an increased risk of autism spectrum 
disorder in children (Fig. 3). In addition, one study found that PM2.5 
exposure–response phenomenon, different concentrations of PM2.5 have 
different effects on autism spectrum disorders. According to AMSTAR 2, 
one study was graded high and one study was graded low. On the other 
hand, GRADE showed two studies rated as low or very low. 

3.7. Circulatory system 

This research included three meta-analyses related to hypertension 
(Yan et al., 2021; Huang et al., 2021; Qin et al., 2021). Existing evidence 
shows that long-term exposure to PM10 (RR = 1.17 (95%CI:1.13, 1.21)) 
can raise blood pressure in children and affect the prevalence of hy-
pertension. Three studies had sufficient evidence for long-term expo-
sure, but there was relatively little evidence for short-term exposure. 
The AMSTAR 2 results showed that one study was rated high and two 
others were rated low or very low. When GRADE was used to grade the 
evidence for the included articles, one study was rated moderate, and 
the other two were rated very low. 

3.8. Infectious disease 

Included a study on the association of particulate matter with otitis 
media in children (Lee et al., 2020). Children were more likely to 
develop otitis media in environments with higher particulate matter 
concentrations. Compared with the increase of PM10 (RR = 1.01 (95% 
CI:1.01, 1.02)) concentration, the increase of PM2.5 (RR = 1.03 (95% 
CI:1.01, 1.06)) concentration has a greater impact on otitis media (Lee 
et al., 2020). The level of evidence in this study was low according to 
AMSTAR 2 and GRADE standards. 

3.9. Metabolic system 

Three meta-analyses (Parasin et al., 2021; Huang et al., 2022; Bah-
reynian et al., 2019) showed that air pollution exposure, particularly 
particulate matter exposure, affects children’s weight status and in-
creases the risk of obesity. Among the studies with high AMSTAR 2 and 
moderate GRADE scores, PM10 (RR = 1.12 (95% CI: 1.06, 1.18)), PM2.5 
(RR = 1.28 (95% CI: 1.13, 1.45)), PM1 (RR = 1.41 (95% CI: 1.3, 1.53)) 
and NO2 (RR = 1.11 (95%CI:1.06, 1.18)) were significantly associated 
with obesity. The results of the heterogeneity test showed that most of 
the studies had high inter-study heterogeneity. Two studies were rated 
high by AMSTAR 2 and moderate by GRADE. The other study had low 
AMSTAR 2 and GRADE scores. 

3.10. Respiratory system 

Fifteen systematic reviews have shown that exposure to air pollution 
has a negative impact on children’s respiratory health. (Fig. 4, Fig. 5, 
Fig. 6). The results of the heterogeneity test showed that most of the 
studies had high inter-study heterogeneity. Publication bias had only 
been revealed by a few studies. At least half of the studies in terms of 
quality were rated low or moderate by AMSTAR 2. On the other hand, 
GRADE considered the evidence from most of the included studies to be 
low or very low. 

3.10.1. Respiratory diseases 
Based on the results of two systematic reviews (King et al., 2018; 

Rodriguez-Villamizar et al., 2015) and two meta-analyses (Ziou et al., 
2022; Zhang et al., 2022), a study with high AMSTAR 2 scores and 
moderate GRADE scores showed that children and adolescents were 
exposed to PM2.5 (RR = 1.01 (95%CI: 1.00, 1.01)) and PM10 (RR = 1.02 
(95%CI: 1.01, 1.02)), which may cause upper respiratory tract infection. 
Boys are more susceptible to short-term exposure to PM2.5 than girls 
(Zhang et al., 2022). In addition, several remaining studies with low or 
very low AMSTAR 2 and GRADE ratings found an association between 
air pollutants and bronchiolitis hospitalizations and adverse effects on 
lung function. 

3.10.2. Pneumonia 
A meta-analysis found that PM10 (RR = 1.02 (95%CI: 1.01, 1.02)), 

PM2.5 (RR = 1.02 (95%CI: 1.01, 1.03)), NO2 (RR = 1.01 (95%CI: 1.01, 
1.03)) 1.00, 1.02)), O3 (RR = 1.02 (95%CI: 1.01, 1.03)) and SO2 (RR =
1.03 (95%CI: 1.00, 1.05)) increased the short-term hospitalization for 
pneumonia in children. Even at low levels, PM2.5 pollution is still 
associated with pneumonia in children. Both AMSTAR 2 and GRADE 
scores were very low (Nhung et al., 2017). 

3.10.3. Asthma 
The results of 10 meta-analyses (Orellano et al., 2018; Orellano et al., 

2017; Luong et al., 2019; Takenoue et al., 2012; Gasana et al., 2012; 
Weinmayr et al., 2010; Zhang et al., 2022; Yan et al., 2020; Bowatte 
et al., 2015; Han et al., 2021) show that both prenatal maternal exposure 
and early childhood exposure to air pollution are associated with child 
asthma incidence and prevalence, as well as asthma development and 
exacerbation. Studies with high AMSTAR 2 scores and moderate GRADE 
scores showed that PM2.5 (RR = 1.07 (95%CI: 1.00, 1.13)), NO2 (RR =
1.21 (95%CI: 1.12, 1.31)), benzene (RR = 1.11 (95%CI: 1.06, 1.17) and 
total volatile organic pollutants (RR = 1.06 (95%CI: 1.03, 1.1)) were 
significantly associated with the risk of asthma. The effects of PM2.5 and 
NO2 on asthma in Asia were higher than those in Europe and North 
America (Han et al., 2021). In addition, the degree of association be-
tween PM2.5 and asthma increased with age (Bowatte et al., 2015). 

3.11. Allergic disease 

The effect of air pollution on allergic disease was examined in 4 
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systematic reviews (Fig. 7). 3.11.1. Eczema 
Children’s eczema risk was significantly associated with maternal 

prenatal exposure to nitrogen dioxide (RR = 1.13 (95%CI: 1.06, 1.19)), 

Fig. 4. Association between air pollution and the circulatory system, infectious diseases, metabolic system, and respiratory system.  

Fig. 5. Association between air pollution and the respiratory system.  

Fig. 6. Association between air pollution and the respiratory system.  
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particularly during the first and second trimesters (Yue et al., 2022). The 
study was rated low by AMSTAR 2 and very low by GRADE. 

3.11.2. Allergic rhinitis 
The results of three meta-analyses (Zhang et al., 2022; Lin et al., 

2021a,b; Zou et al., 2018) suggest that exposure to NO2 (RR = 1.11 (95% 
CI: 1.05, 1.18)), SO2 (RR = 1.03 (95%CI: 1.01, 1.05)), PM10 (RR = 1.02 
(95%CI: 1.01, 1.03)), and PM2.5 (RR = 1.15 (95%CI: 1.03, 1.29)) may 
increase the risk of allergic rhinitis in children. Furthermore, particulate 
matter poses a greater threat than gaseous pollutants, and PM2.5 is more 
likely to affect developing countries and regions, especially China. PM10 
is more likely to have an impact on developed countries and regions. The 
AMSTAR 2 scores for the three studies were moderate, low, and very 
low, and the GRADE scores were low and very low, respectively. 

4. Discussion 

4.1. Main findings 

A total of 33 systematic reviews were identified in this review (30 
meta-analyses were performed and 3 were not performed), including 3 
on the blood system, 2 on mortality, 2 on the nervous system, 3 on the 
circulatory system, 1 on infectious diseases, 3 on the metabolic system, 
15 on the respiratory system, and 4 on allergic disease. Overall, we 
observed that air pollution exposure can increase the risk of leukemia, 
autism spectrum disorders, hypertension, otitis media, obesity, pneu-
monia, asthma, other respiratory diseases, allergic rhinitis, eczema, and 
childhood mortality. 

This umbrella review had a slight overlap (1.23% CCA). So far, no 
other umbrella reviews that have been written and published that may 
be compared with this have been found. While it is widely recognized 
that different pollution levels can have differing toxic and health effects, 
low-level exposure to air pollution is often underestimated. Certain 
diseases have been linked to even relatively low concentrations of 
ambient air pollution (Nhung et al., 2017). The association was more 
significant for particulate matter than gaseous pollutants for increased 
risk of childhood death (Karimi and Shokrinezhad, 2020). Among par-
ticulate matter, PM2.5 is more harmful to allergic rhinitis in children 
than PM10, possibly because its aerodynamic equivalent diameter is 
smaller and it can enter deeper airways (Lin et al., 2021a,b). Further, air 
pollution exposure and physical health are more closely related for boys 
than for girls because boys tend to spend more time outdoors than girls 
(Zhang et al., 2022). Assessment of ambient air pollution exposure may 
be an important source of heterogeneity, and there are many assessment 
methods, such as air station monitoring data, temporal and 

spatial-temporal models, etc. Some used the spatial-temporal variation, 
while others didn’t (Yan et al., 2021). 

Air pollution is composed of a variety of pollutants, but particulate 
matter is the most representative and harmful to human health (Lin 
et al., 2021a,b), among which fine particles are more dangerous than 
coarse particles. Therefore, this paper summarizes the effects of PM2.5 on 
children’s health. PM2.5 affects the neurodevelopment of early children 
and is significantly associated with autism spectrum disorders (Lin et al., 
2021a,b). PM2.5 is associated with increased systolic and diastolic blood 
pressure and can affect the cardiovascular system through various 
mechanisms (Huang et al., 2021). Short-term increases in PM2.5 con-
centration may be associated with the development of otitis media (Lee 
et al., 2020). PM2.5 can not only affect body weight through direct 
mechanisms, but also lead to obesity through some indirect forms, such 
as affecting sleep and leading to weight gain (Parasin et al., 2021). There 
is some association between long-term exposure to PM2.5 and hospi-
talization for bronchiolitis, but the results are not very consistent among 
studies (King et al., 2018). However, short-term or long-term exposure 
to PM2.5 can significantly reduce lung function (Zhang et al., 2022). It is 
also associated with hospitalization for pneumonia in children (Nhung 
et al., 2017). PM2.5 is not only associated with wheezing related dis-
eases in children (Orellano et al., 2017), but also can aggravate asthma 
(Luong et al., 2019). In addition, exposure to PM2.5 is also associated 
with allergic rhinitis in children (Zhang et al., 2022; Lin et al., 2021a,b; 
Zou et al., 2018). It is also because of the association of PM2.5 with 
multi-system diseases that it is further associated with child mortality 
(Karimi and Shokrinezhad, 2020). 

The majority of studies were from the United States and China 
(44.11%, Table S8). With relatively few studies from developing regions 
and a lack of data on high pollution levels or vulnerable populations, the 
call for an investigation in LMICs cannot be overemphasized in the 
future. 

4.2. Biological plausibility 

Air pollution and childhood leukemia are associated primarily with 
benzene, according to biological evidence. Benzene metabolites can 
cause DNA damage through a variety of mechanisms, and benzene is 
therefore considered to be a hemotoxic substance and a leukemic pro-
genitor (Whysner et al., 2004). The underlying mechanism by which air 
pollution contributes to child deaths has not been elucidated, but the 
process should be related to children’s immature immune system and 
respiratory system (Karimi and Shokrinezhad, 2020). At present, the 
mechanism of allergic rhinitis caused by particulate matter is not clear. 
For asthma, common air pollutants may cause or aggravate asthma 

Fig. 7. Association between air pollution and allergic diseases.  
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through different mechanisms. Exposure to particulate matter may 
trigger airway inflammation and oxidative stress and may further cause 
asthma (Orellano et al., 2018). The mechanism by which particulate 
matter causes autism spectrum disorders in children has not been clar-
ified. Although the specific mechanism of particulate matter causing 
hypertension is not clear, it is believed to be related to oxidative stress 
and inflammation caused by exposure to particulate matter. In addition, 
particulate matter can cause endothelial dysfunction and an imbalance 
of vascular homeostatic responses, which may result in an increase in 
blood pressure (Brook and Rajagopalan, 2009). The exact role that 
particulate matter plays in the development of children’s otitis media is 
unknown. However, particulate matter can affect the occurrence and 
development of otitis media by promoting cell apoptosis (Song et al., 
2012). The mechanisms that link air pollution exposure to childhood 
obesity are unclear. But it has been linked to oxidative stress, inflam-
mation, and insulin resistance caused by air pollution. In addition, air 
pollution may reduce people’s desire for outdoor activities (Huang et al., 
2022; Bahreynian et al., 2019). Air pollution during pregnancy may 
increase the risk of childhood eczema and allergies through an unknown 
mechanism. Oxidative stress can also damage the skin barrier (Yue et al., 
2022; Ahn, 2014). 

4.3. Strengths and limitations 

This evaluation of the umbrella provides a number of benefits. First, 
this umbrella review provides a comprehensive overview of the effects 
of air pollution on children’s health. We conducted a comprehensive 
literature search and included a large number of studies, including 33 
systematic reviews and 526 primary studies covering health outcomes 
for 7 to 25,704,288 participants in 9 different systems or organs. Second, 
the PRISMA guidelines and the PRIOR statement were used to achieve 
this review of methodological rigor. Third, this study achieved visual 
presentation and comparative analysis of the results of each review, 
which can assist and guide the work of healthcare decision makers. 
Fourth, the results of CCA calculations indicate a slight degree of over-
lap. Several limitations should be considered. First, our study is 
restricted to English publications, which may limit the general appli-
cability of the research results; however, it appears to have little effect 
on the conclusions (Dobrescu et al., 2021; Morrison et al., 2012). Sec-
ond, there were more studies in the United States (125/526) and fewer 
studies in areas with less developed economies or high pollution levels, 
which may have led to selection bias. However, this umbrella review 
included component studies in both highly polluted (China) and less 
polluted (USA) settings. Third, common child health outcomes have 
been more intensively studied than others. Based on such studies with 
small sample size or few cases, the results of observational studies are 
inevitably biased. In addition, children often face the common harm of 
multiple pollutants, and it is difficult to distinguish the separate effects 
of a pollutant and the combined effects of multiple pollutants. Fourth, 
primary studies with prospective or retrospective designs can lead to 
bias and confounding. Although the most important confounding factors 
were controlled in most of the preliminary studies (65.02% for the 
gender of the child and 42.59% for the age of the child), residual con-
founding could not be completely excluded. Fifth, the unavoidable high 
heterogeneity. This might be due to regional variations in exposure 
levels, illness definitions, and exposure evaluation approaches. Con-
clusions should be interpreted and applied with full consideration of the 
strengths and limitations of this umbrella analysis. 

4.4. Implications for research and public health 

Children of various ages were included in the original studies since 
the great majority of them did not limit the age of the children. For 
children, who grow and develop at a faster rate, the effects of air 
pollution may be different at different ages. Therefore, future re-
searchers should take the age of the children into account and try to 

include studies where the children are close in age. This will also allow 
for a more precise implementation of conservation measures. 

There is an old saying in China: better safe than sorry. Given the 
possibility of epidemiological evidence that may link exposure to 
ambient air pollution in children to poor health, the precautionary 
principle needs to be considered, which states that “Precautions should 
be taken when an activity presents hazards to the environment or human 
health, despite the fact that certain cause-and-effect relationships are 
not fully established by science” (Hooper and She, 2003). The preven-
tive measures to reduce threats are significant for air pollution since it 
frequently exhibits persistent positive connections with adverse health 
outcomes, notwithstanding the difficulties in proving causation with 
certainty. Healthcare professionals are better placed to inform children 
and their parents about the potential hazards of exposure to ambient air 
pollution and the need for targeted preventive action, such as reducing 
outside activities, wearing particle filters or masks in places with low air 
quality, and adopting air quality when choosing a residential location. 
Despite the fact that WHO air quality guidelines have established 
maximum levels for air pollutants, it does not appear that these levels 
are sufficient to ensure that infants are protected from air pollutants, so 
it is of benefit to present and future generations to reduce the maximum 
levels in the future. 

5. Conclusions 

This comprehensive umbrella review shows that children who are 
exposed to air pollution are at greater risk of developing leukemia, 
allergic rhinitis, pneumonia, asthma, and autism spectrum disorders, as 
well as significant associations with child mortality, hypertension, otitis 
media, obesity, and eczema. This comprehensive umbrella review 
highlights the development and implementation of preventive measures 
to reduce global air pollution alert levels. Future studies should consider 
the health effects of exposure to air pollution in children at different 
ages. 
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E N V I R O N M E N TA L  S T U D I E S

PM2.5 exposure disparities persist despite strict vehicle 
emissions controls in California
Libby H. Koolik1, Álvaro Alvarado2, Amy Budahn2, Laurel Plummer2,  
Julian D. Marshall3, Joshua S. Apte1,4*
As policymakers increasingly focus on environmental justice, a key question is whether emissions reductions 
aimed at addressing air quality or climate change can also ameliorate persistent air pollution exposure disparities. 
We examine evidence from California’s aggressive vehicle emissions control policy from 2000 to 2019. We find a 
65% reduction in modeled statewide average exposure to PM2.5 from on- road vehicles, yet for people of color and 
overburdened community residents, relative exposure disparities increased. Light- duty vehicle emissions are the 
main driver of the exposure and exposure disparity, although smaller contributions from heavy- duty vehicles es-
pecially affect some overburdened groups. Our findings suggest that a continued trend of emissions reductions 
will likely reduce concentrations and absolute disparity but may not reduce relative disparities without greater 
attention to the systemic factors leading to this disparity.

INTRODUCTION
Despite decades of progress in improving ambient air pollution in 
the United States, people of color still bear a disparate burden of air 
pollution (1–12). Within California, research has quantified and 
characterized these exposure disparities using both measurements 
and models (13–18). Solutions to this persistent inequality are in-
creasingly a focus for academic research and environmental policy 
at the federal, state, and local levels (9, 17–19). A growing body of 
research investigates how air quality policies might contribute to a 
“triple win” that simultaneously achieves meaningful benefits by 
 reducing population- wide exposures, mitigating greenhouse gas 
emissions, and reducing exposure disparities and extreme expo-
sures (20, 21). Here, we use a modeling framework to explore how 
multi- decade emissions reductions shaped by air quality and cli-
mate policies have affected environmental justice (EJ) outcomes, us-
ing California’s aggressive on- road mobile source strategy as a case 
study. In this work, we focus on exposure disparities, which can be 
distinct from disparities in health outcomes (22–27).

Recent research on how to reduce air pollution exposure dis-
parities in the United States presents two conflicting approaches 
(9, 19–21, 28). The first approach starts from the recognition that 
many major emitting sectors lead to disparate exposures for peo-
ple of color (2). Thus, focusing on emissions reductions for sectors 
that especially affect people of color could have EJ co- benefits (21, 
29–32). This approach mirrors the policy structure in the United 
States and elsewhere, where environmental regulations are target-
ed to individual economic sectors (e.g., vehicles, industries, and 
power plants) and tailored to relevant technology and infrastruc-
ture. The second body of research suggests that sector- oriented 
policies may not be effective in addressing relative disparities in air 
pollution. For example, optimization modeling found that aggres-
sive nationwide emissions reductions targeting economic sectors 

with higher- than- average disparity impact would not eliminate 
racial- ethnic fine particulate matter (PM2.5) exposure disparities 
without nearly eliminating emissions (9). In contrast, a location- 
specific approach—i.e., emissions reductions by location rather than 
by economic sector—rapidly eliminated disparities. Building upon 
this finding, two recent studies (20, 21) simulated climate policies 
with substantial abatement of PM2.5 and its precursors across most 
US economic sectors and found modest potential reductions in dis-
parities. They too reported that “location- specific” policies that tar-
get emissions reductions in all sectors within specific overburdened 
geographies may have a high potential to address relative exposure 
disparities even with small emissions changes (9, 19). To comple-
ment prospective studies, which consider ways to reduce future ex-
posure disparity, we examine the disparity impacts of historical 
emissions trajectories. We focus on the transportation sector, which 
is often highlighted as having a high potential to reduce exposure 
disparities. Historically, racist urban planning and infrastructure 
decisions (e.g., redlining and freeway siting) have concentrated ve-
hicle emissions in communities of color (2, 4, 7, 13, 29). Further-
more, people who are exposed to the highest levels of traffic- related 
air pollution often are not the communities who drive the most 
(30–32). Hence, a recent study found that emissions controls for the 
transportation sector have the greatest potential to mitigate racial- 
ethnic inequality in US air pollution (21). Simultaneously, the trans-
portation sector is a priority area for regulatory agencies and 
EJ- oriented community groups; emissions reductions from these 
sources could potentially reduce exposure disparities, human health 
impacts, and greenhouse gas emissions (33).

For nearly 60 years, California led the United States in reducing 
on- road vehicle emissions. Because California’s motor vehicle emis-
sion regulation preceded the Clean Air Act of 1970, California is 
delegated the authority to set vehicle emissions standards more 
stringently than the federal equivalent (34–36). In the present analy-
sis, we model exposure concentrations for the years 2000 through 
2019, during which California’s regulatory agencies pursued an ag-
gressive and interlinked suite of multi- pollutant policies to reduce 
emissions across the entire on- road vehicle fleet (36). Examples in-
clude requiring cleaner fuels and technological advancements (e.g., 
hybrid drivetrain, alternative fuel and propulsion technologies, and 
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advanced emissions controls) specific to light- duty, medium- duty, 
and heavy- duty vehicle classes (LDV, MDV, and HDV, respectively).

The suite of regulations that comprise California’s mobile source 
strategy has resulted in large aggregate reductions of emissions of 
multiple pollutants from diverse fleets that make up the state’s on-  
and off- road vehicles (37). Here, we examine how changes in on- 
road vehicle emissions from 2000 to 2019 have affected exposure to 
PM2.5. Over this time period, on- road emissions have been shaped 
by several aggressive state regulations targeting specific vehicle 
fleets, including California Air Resources Board’s (CARB) Light- 
Duty Vehicle Emissions Standards, Advanced Clean Cars, and the 
Truck and Bus Regulation (38). Despite statewide and fleetwide on- 
road vehicle miles traveled increasing ~24%—from 292 billion 
(2000) to 364 billion (2019)—emissions of the four species that prin-
cipally drive population- weighted PM2.5 exposures from on- road 
vehicles have decreased. Regulatory emissions data indicate reduc-
tions of ~70% for primary PM2.5, nitrogen oxides (NOx), and volatile 
organic compounds (VOC), while ammonia (NH3) decreased by 
~15% (fig. S1) (38). Notably, non- exhaust primary PM2.5 emissions 
(e.g., brake and tire wear) have increased by ~20% over this time 
period, causing the relative non- exhaust share of primary PM2.5 to 
increase substantially (14 to 50% from 2000 to 2019) (39). Diverse 
measurement and observational datasets (see the Supplementary 
Materials) corroborate overall declining emissions of PM, NOx, 
VOC, NH3, and other key traffic- related air pollutants (TRAPs) 
(40–50). Considering all species that contribute to total PM2.5, 
California’s on- road emissions reductions outpaced the national 
aggregate, especially for NOx and VOC (51).

On- road vehicle emissions are anticipated to continue to decline 
in California in response to major new regulations: Advanced Clean 
Cars II (starting in 2035, requires all new passenger cars, trucks, and 
SUVs sold in California to be zero- emission vehicles) and Advanced 
Clean Fleets (starting in 2045, all trucks that drive in California 
must use zero- emissions technology). A few recent studies have pro-
jected the air pollution and equity impacts of vehicle electrification 
in California and found limited equity benefits. In this paper, we 
build on a much smaller body of work (14, 52) to focus retrospec-
tively on the equity impacts of past changes in vehicle emissions 
over two recent decades to inform future policy.

We investigate whether the combined impacts of the ensemble of 
mobile source strategies have contributed to a reduction in PM2.5 
exposure disparities. Exposure disparities are multifaceted; we quan-
tify them along several axes described below. Our analysis also con-
siders two specific features (vehicle type and spatial scale) that are 
central to current regulatory design. We conclude with implica-
tions from this California- focused retrospective analysis for future 
EJ- focused policy for the United States.

We developed and used an open- source analysis method based 
on atmospheric simulations from the Intervention Model for Air 
Pollution (InMAP; see Materials and Methods) to model total PM2.5 
concentrations resulting from emissions of PM2.5, NOx, VOC, NH3, 
and sulfur oxides (SOx) emitted by California’s on- road mobile 
source sector from 2000 to 2019. Estimates of on- road mobile emis-
sions are from CARB’s EMission FACtor regulatory model (EM-
FAC v2021 with MPOv11), which has been approved by the US 
EPA (53). EMFAC represents CARB’s best estimate of on- road 
emissions; it incorporates detailed administrative and observation-
al data pertaining to fleet composition, emissions performance, and 
spatiotemporal activity patterns (38). Variably sized gridded PM2.5 

concentrations (1 to 48 km, higher resolution in greater population 
density locations) are combined with tract- level 2010 census popu-
lation data to estimate exposure disparities among demographic 
groups (15). We disaggregate mobile source impacts into four ve-
hicle types: LDV, MDV, HDV, and all other vehicles (e.g., buses, 
motorcycles, and motorhomes; table S1).

In the United States and California, air pollution exposure dis-
parities tend to be larger by race- ethnicity than by other socioeco-
nomic and demographic indicators (e.g., income, education, and 
urbanicity) due in large part to the historical racism and racist 
practices (e.g., housing discrimination, redlining, and highway re-
location) that segregated cities and placed high- pollution sources 
near communities of color (2–4, 10, 11, 54). Accordingly, we focus 
our analyses on racial- ethnic disparities. In addition, we consider 
two statutory geographic designations (AB617 and SB535) of cu-
mulative impacts that California uses for prioritizing EJ (fig. S2) 
(55, 56). Although these geographies have only recently been es-
tablished (and thus past policy may or may not have explicitly tar-
geted these places), we focus on them here because they are 
examples of location- specific policies that target emissions reduc-
tions in overburdened communities. Through the Community Air 
Protection Program (AB617), California has designated specific 
communities (2.7  million people, year 2010; 8.1% of the state’s 
population) for priority in community- based air pollution moni-
toring and emissions reduction plans (55). A second policy, SB535 
(10.2 million people, 30.0% of the state’s population), focuses on 
targeting financial investments toward people living in “disadvan-
taged communities,” identified using several environmental, socio-
economic, and public health indicators for each US census tract in 
California (56, 57).

From here onward, we use the term “overburdened communities” 
to refer specifically to the areas designated as AB617 or SB535 com-
munities and refer to the people who live in these areas as “residents 
of overburdened communities.” The demographic makeup of resi-
dents of overburdened communities has a higher proportion of peo-
ple of color (all groups except for non- Hispanic white Californians) 
than the statewide population (people of color: 92.9% in AB617 
communities, 82.9% in SB535 communities; table S2). We also spe-
cifically consider exposure and disparities experienced by individual 
racial- ethnic groups (e.g., Hispanic Californians).

RESULTS AND DISCUSSION
Statewide trends in overall exposure and relative 
exposure disparity
California’s mobile source policy has succeeded in its overall goal of 
reducing PM2.5 exposures (Fig. 1A). We find that the modeled state-
wide population- weighted mean (PWM) PM2.5 exposure concentra-
tion attributable to on- road vehicles decreased from approximately 
3.2 to 1.1 μg/m3 from 2000 to 2019, a ~65% decrease (i.e., nearly a 
factor of 3) in exposure on average for all Californians. This reduction 
in PM2.5 exposure from on- road vehicles outpaced the overall state-
wide improvement in ambient air quality (fig. S3). For context, mul-
tiple independent estimates of total PWM PM2.5 from all sources in 
California show an approximate ~40% decrease from 15 to 9 μg/m3 
from 2000 to 2019 (58–60).

We evaluate PWM PM2.5 exposure from on- road mobile sources 
for racial- ethnic groups and residents of overburdened communi-
ties (Fig. 1A). Our modeled estimate of PM2.5 declined for all groups, 
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and the ordering of exposures by group is generally consistent over 
time. Among all racial- ethnic groups, Hispanic Californians experi-
enced the highest exposure for all years, with PWM PM2.5 exposure 
concentrations of approximately 3.5 and 1.3 μg/m3 in 2000 and 2019, 
respectively. Black Californians experienced the next highest PWM 
exposure concentration (3.5, 1.2 μg/m3 in 2000 and 2019, respec-
tively), followed by Asian Californians (3.3, 1.2 μg/m3). Of the four 
racial- ethnic groups in Fig.  1A, white Californians were exposed 
to  the lowest PWM PM2.5 concentrations: approximately 2.7 and 
0.9 μg/m3  from 2000 and 2019, respectively. Residents of overbur-
dened communities were exposed to substantially higher PWM con-
centrations of PM2.5 from on- road mobile sources (AB617 residents: 
4.4, 1.6 μg/m3 in 2000 and 2019; SB535 residents: 4.1, 1.5 μg/m3 in 
2000 and 2019) than the PWM for any racial- ethnic group shown 
in Fig. 1A.

For each demographic group, we compute exposure disparity as 
the absolute (in micrograms per cubic meter) and relative (percent) 
difference between the average modeled concentration experienced 
by a group versus the overall state population (Fig. 1B and table S3; 
see also Materials and Methods). In this work, we discuss exposure 
disparities in both absolute and relative terms. Both metrics provide 
useful insights into exposure inequality. Because increases in PM2.5 
concentration have a causal relationship with increases in adverse 
health outcomes, absolute differences between groups of people must 
be minimized to the extent possible. However, systemic inequality in 
terms of relative exposure disparity can persist even if the most over-
burdened areas receive the largest reductions in exposure in absolute 
terms if those reductions are not also the largest in percentage terms. 
Crucially, our analyses focus exclusively on PM2.5 exposure dispari-
ties attributable to on- road vehicles. Most other major emitting sec-
tors in California also disparately expose residents of overburdened 
communities and people of color to PM2.5 (2, 15). Likewise, expo-
sures to other air pollutants are also unequally distributed (4, 7, 10). 
Accordingly, when we find that disparities persist, they persist in a 
larger story of environmental inequity in California.

Reflecting the nearly parallel exposure concentration traces over 
time evident in Fig. 1A, relative disparities in PM2.5 exposure from 

on- road mobile sources (Fig. 1B) were notably persistent, increasing 
slightly over this time period. The relative disparity in exposure to 
on- road mobile sources for Hispanic Californians increased slightly 
from 12.0 (the year 2000) to 13.9% (the year 2019), while the relative 
disparity in exposure for white Californians decreased slightly from 
−13.5 to −15.5%. Thus, the overall relative difference between the 
most and least exposed race- ethnicity increased from 30 to 35%. 
Given expected model uncertainties, these incremental changes 
may not necessarily represent evidence of a trend that is distinguish-
able from approximately constant relative disparity. Likewise, rela-
tive disparities for Black and Asian Californians also persisted 
(respectively 10.5 to 11.5% and 5.4 to 6.2% over this period). Expo-
sure disparities by race- ethnicity are larger than by income (fig. S4). 
Notably, we find persistent disparities in exposure to both primary 
and secondary PM2.5 from vehicle emissions. Relative disparities 
in exposure to primary PM2.5 components (18.6% for Hispanic 
Californians) were larger than disparities in exposure to secondary 
PM2.5 (11.1% for Hispanic Californians).

Absolute and relative exposure disparities in overburdened com-
munities are even larger. For example, the relative disparity in expo-
sure (i.e., relative to the overall population average) for on- road 
mobile source PM2.5 is more than three times as large for AB617 
communities as for the most- exposed racial- ethnic group, increas-
ing somewhat from 40 (the year 2000) to 45% (the year 2019). Strat-
ifying by CalEnviroScreen score (which is used in part to identify 
SB535 communities), we find even larger relative disparities (fig. S4).

Disparities in exposure for those living at the extreme ends of the 
concentration distribution are also relevant for understanding envi-
ronmental injustice. We estimated population- weighted distribu-
tions of exposure by race- ethnicity for each vehicle class (figs.  S5 
and S6). In general, changes in exposure at the upper percentiles 
(i.e., 75th and 90th) are consistent with changes in exposure at the 
PWM and consistent across time. Considering the disparity in ex-
posure at the 75th and 90th percentiles relative to the statewide 
mean, we find large and increasing relative disparities (e.g., 90th 
percentile exposure for Hispanic Californians increased from 104 to 
118% higher than statewide PWM from 2000 to 2019).
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Fig. 1. On- road mobile source PM2.5 exposure and relative disparity in exposure for each demographic group. Statewide population- weighted mean PM2.5 exposure 
concentrations (A) and relative disparity in exposure (B) attributable to on- road mobile sources for the four largest racial- ethnic groups and two policy- relevant environ-
mental justice areas in California. In each year, relative exposure disparities (B) for each racial- ethnic group are computed in reference to the statewide average PM2.5 con-
centration attributable to on- road mobile sources. Concentrations in overburdened communities designated under California’s Community Air Protection Program (AB617, 
~10% of state population) and as SB535 Disadvantaged Communities (~25% of state population) substantially exceed those experienced on average for the most exposed 
racial- ethnic group, Hispanic Californians. Crucially, despite greater than 50% reductions in mobile source population- weighted mean PM2.5 for all groups (A), relative racial- 
ethnic disparities increased for Hispanic, Black, and Asian Californians, as well as residents of overburdened communities. Here and elsewhere, the “Hispanic” population 
reflects Californians of any racial group identifying on the US census as Hispanic, while all other groupings exclude Californians identifying as Hispanic.
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We also evaluated the degree to which the California populations 
who experience the highest overall exposure to PM2.5 from on- road 
vehicles are disproportionately composed of people of color, and 
how this pattern has evolved over time. To do so, we binned the 
California population by decile of modeled exposure to PM2.5 and 
then compared the racial- ethnic composition of each decile in 2000 
and 2019 (Fig. 2 and midpoint result in fig. S7). From 2000 to 2019, 
Hispanic Californians are overrepresented at the highest exposure 
deciles. While the California state population is 37.6% Hispanic, the 
highest decile of exposure for emissions in 2000 and 2019 consists 
of 47.9 and 50.8% Hispanic people, respectively. Similarly, white 
Californians, who comprise 40.1% of the population, are overrepresent-
ed among the populations with the lowest exposures (62.0% of the 
lowest- exposure deciles in 2000 and 2019) and are underrepresented 
in the highest- exposure decile [29.9% (2000) and 27.7% (2019)]. 
In fig. S8, we examine the racial- ethnic composition of the popula-
tion across the full distribution of absolute and percentage changes 
in PM2.5 exposure from on- road vehicles. While the grid cells with 
the largest absolute reduction in concentration consist of more peo-
ple of color than the statewide average, there are only small demo-
graphic differences in the percentage change in exposure. This result 
arises in large part because the geographies with the largest absolute 
reductions in PM2.5 exposure from on- road mobile sources started 
with the highest initial levels of exposure in 2000.

Differences in contributions to exposure disparity by 
fleet type
Because California’s vehicle emissions control policies generally dif-
ferentiate by vehicle type, we disaggregate our analyses of emissions, 
exposures, and disparities by vehicle type based on the official 
EMFAC2021 documentation (table S1) (38). We model the disparities 
and additive contributions of each vehicle fleet type at the state level 
for the most exposed racial- ethnic group, Hispanic Californians, to 
identify which vehicle types have an especially influential role in 
their exposures and disparities.

At the statewide average, we find that LDVs are the vehicle fleets 
with the largest aggregate impact on overall PWM PM2.5 exposures and 
absolute disparities. For example, considering Hispanic Californians, 
LDVs account for 65 to 70% of the 0.2 to 0.4 μg/m3 absolute dis-
parity in PM2.5 exposure from on- road mobile sources (Fig. 3, A 
and B). Contributions to the absolute disparity from HDVs (16 to 
24%), MDVs (9 to 14%), and all other vehicles (<5%) are substan-
tially smaller. Considering the PWM distribution of PM2.5 by vehi-
cle fleet type and race- ethnicity, we find broadly similar racial- ethnic 
distributions of exposure attributable to LDVs, HDVs, and MDVs, 
with Hispanic Californians receiving the highest exposures (fig. S5). 
Between 2000 and 2019, the fractional contributions to absolute dis-
parity from individual vehicle fleet types were stable, likely reflect-
ing the roughly constant distribution of vehicle activity patterns by 
vehicle fleet.

From here on, we focus our discussion on LDVs and HDVs, 
which, in combination, account for >80% of exposures and absolute 
disparities attributable to on- road sources (see fig. S7 for detailed 
results for other fleets). The dominant influence of LDVs on expo-
sure holds across racial- ethnic groups and for residents of overbur-
dened communities (figs.  S9 and S10), but with different overall 
magnitudes of exposure for different subpopulations. This result 
likely arises for two reasons. First, LDVs dominate the overall emis-
sions of PM2.5 and its precursors. On the basis of the CARB emis-
sions inventories used, LDVs contribute most of the NH3 and VOC 
emissions (70 to 95% of NH3 and >80% of VOC) from vehicles, 
which account for ~44 to 56% of total PM2.5 exposure from vehicles. 
LDVs and HDVs contribute more similarly to primary PM2.5 (23 to 
45% LDV and 29 to 56% HDV) and NOx (35 to 48% LDV and 36 to 
43% HDV) emissions, and these species contribute the remaining 
~44 to 56% of total PM2.5 (figs. S11 to S14). Primary PM2.5 emissions 
are more weighted toward non- exhaust emissions in recent years, 
especially for LDVs (figs. S11 to S14). Second, LDV emissions are 
more concentrated near population centers than other vehicle fleets, 
so LDVs result in a substantially higher- than- average exposure im-
pact [fig. S15, population- weighed exposure per ton of annual emis-
sions (metric: micrograms per cubic meter); this metric is directly 
related to intake fraction, e.g., (61–63)].

While the high activity of LDVs causes a higher aggregate impact 
on disparity, HDVs stand out as the fleet type whose emissions cause 
the most disparate impact on Californians of color. As a complement 
to apportioning the overall absolute exposure disparity to emis-
sions from individual vehicle types (i.e., largest aggregate impact), in 
Fig. 3C, we also consider which vehicle fleet types have an especially 
disparate impact on specific racial- ethnic groups (largest relative im-
pact regardless of the magnitude of emissions) relative to the state-
wide population. For example, the relative disparity caused by HDVs 
for Hispanic Californians (range: 16 to 17%) was larger than the 
relative disparity caused by LDVs (range: 11 to 14%). This difference 
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pattern holds for white Californians. Data are plotted for individual vehicle types 
and the analysis midpoint year (2010) in the Supplementary Materials.
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in impacts by fleet type is consistent with recent traffic equity model-
ing, which demonstrated that the majority of Californians of all 
race- ethnicity are exposed to high annual average daily traffic from 
LDVs, but Californians of color are disproportionately exposed to 
higher annual average daily traffic from HDVs (64). Another useful 
metric for discussing the especially disparate impact of HDVs is the 
exposure inequality, defined by Demetillo et al. (65) as the percent 
difference in exposure between the most and least exposed racial- 
ethnic groups. On the basis of our results, the PM2.5 inequality for 

Hispanic Californians, relative to white Californians, increased from 
37% in 2000 to 41% in 2019. This finding complements recent work 
that shows the importance of HDV emissions mitigation for reducing 
racial- ethnic disparity (23, 65).

Substantial heterogeneity in fleet- wise contributions at the 
community scale
We find that there is substantial spatial heterogeneity in how differ-
ent vehicle fleet types contribute to PM2.5 exposures. We compare 
modeled contributions by vehicle type at four spatial scales: state-
wide (Fig. 4A), regional (Fig. 4B), within overburdened communi-
ties (Fig. 4C), and community scale (Fig. 4D). Whereas the previous 
section and Fig. 4C evaluate aggregate exposure and disparity across 
all AB617 overburdened communities, in Fig. 4D, we compare con-
tributions to exposure and disparity within individual overbur-
dened communities. The primary goal of this analysis is to highlight 
the heterogeneity among diverse communities in how vehicle fleets 
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Fig. 3. Contributions to disparity in exposure to mobile-source PM2.5 for His-
panic Californians. Two methods of comparing contributions to disparity in PM2.5 

exposures from on-road vehicle fleet types shown for the most exposed racial-
ethnic group, Hispanic Californians. First, we compare the absolute magnitude in 
contribution from each vehicle group (A and B); then, we compare the relative dispar-
ity in exposure to each vehicle group (C). (A) Absolute disparities in PM2.5 exposure 
from vehicles for Hispanic Californians relative to the overall statewide population 
declined between 2000 and 2019, consistent with the overall reduction in emis-
sions (fig. S1) and population-weighted mean PM2.5 concentrations (Fig. 1). (B) Frac-
tional contributions to the overall disparity that are attributable to each fleet 
type are estimated by normalizing the absolute contribution to disparity attribut-
able to a single fleet type to the total disparity attributable to all on-road mobile 
sources. In each year, light-duty vehicle (LDVs) emissions are the dominant con-
tributor to the disparately high exposures experienced by Hispanic Californians. 
(C) Disparities attributable to emissions of individual vehicle fleet types relative to the 
statewide average PM2.5 exposure attributable to emissions of that individual ve-
hicle fleet. Note that heavy-duty vehicles (HDVs) especially disparately impact His-
panic Californians, even though HDVs are not the dominant contributor to overall 
emissions (fig. S1), PM2.5 concentrations (Fig. 1), or absolute disparities (C). Fig. 4. Spatial heterogeneity in contributions by fleet to mobile source PM2.5 

exposure. Contribution to PM2.5 exposures from distinct vehicle fleets is shown at 
four spatial scales: (A) statewide, (B) three major regions, (C) residents of overbur-
dened communities, and (D) for 19 individual communities designated by the state 
of California through the Community Air Protection Program (AB617; see fig. S2 for 
identification of each community). At each spatial scale, pie chart icons indicate the 
fractional contribution to exposure attributable to each vehicle fleet type, with 
icons scaled in proportion to the population- weighted mean PM2.5 concentration 
from all vehicle types. Light- duty vehicles contribute especially to mobile source 
PM2.5 exposures in Southern California, while the relative contribution from MDVs 
and especially HDVs is comparatively higher in the Central Valley and San Francisco 
Bay Area. There is considerable heterogeneity among AB617 communities in 
fleet contributions.
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contribute to PM2.5; our estimates are not meant to precisely capture 
community- scale pollution concentrations. As with any emissions 
inventory, modeled concentrations are much more precise with 
 locally validated, site- specific information that has been observa-
tionally verified (66). To complement our high- level approach to 
understanding the heterogeneity in source contributions, future 
community- specific analyses could use higher spatial resolution 
modeling tools and local emissions data to better represent the lived 
experience of individual communities.

On average, the Los Angeles area and its AB617 overburdened 
communities have high PWM exposures and high contributions 
from LDVs (>60%). In the Central Valley, while the PWM expo-
sures are lower, the contributions from HDVs are substantially 
higher (e.g., ~60% in Arvin/Lamont). The diversity in fleet contribu-
tions to individual communities showcases the importance of 
community- specific emissions reduction planning. While a com-
munity with a high share of LDVs, for example, might benefit more 
from policy actions that directly reduce those emissions (e.g., more 
electric bus routes and street conversion to bicycle paths), different 
strategies may be more appropriate for a community dominated by 
HDVs (e.g., additional diesel fuel emissions limits, truck electrifica-
tion, and low emissions zones). These differences likely arise from 
differences in spatial distributions of sources relative to residences 
and the magnitude and mixtures of vehicle activity that occur at the 
community scale. In sum, our results support the approach of en-
abling communities to identify and mitigate the largest contributors 
to local exposures and disparities.

Validation, limitations, and implications for future research
Multiple lines of evidence suggest that our core qualitative results 
align with available observational evidence. A relative strength of 
our modeling approach is that it allows us to model temporal chang-
es at a sufficiently high spatial resolution that we can estimate expo-
sure disparities attributable to individual source categories. In 
contrast, a detailed longitudinal record of in situ observations is not 
available at sufficient spatial resolution to permit a rigorous assess-
ment of how disparities in exposure to traffic- related PM2.5 have 
evolved. Nonetheless, CARB’s analyses of ambient monitoring data 
from 1990 to 2014 align qualitatively with our results. These analyses 
of monitoring data indicate declining concentrations of diesel PM, 
PM2.5, and NO2 but with persistent relative and absolute disparities 
for the relatively sparse network of sites located in overburdened 
communities (60).

As additional points of comparison for our modeled results, we 
examined datasets of finely resolved satellite observations and em-
pirical model predictions. These datasets afford the ability to con-
sider changes in exposure and disparity for the entire state (see 
Supplementary Text) (58, 59). In fig. S3, we compare our analyses 
with changes in total PM2.5 (only moderately influenced by vehicles) 
and NO2 (strongly influenced by vehicles). Considering PWM con-
centration changes from 2000 to 2019, our estimated PWM PM2.5 
from on- road vehicles declined at a broadly similar rate (~65%) 
compared to the results from a high- resolution empirical model of 
PWM NO2 spatial patterns (~55%). Our estimates of the racial- 
ethnic ordering of vehicle- emitted PM2.5 exposures and disparities 
closely match those from the total PM2.5 and NO2 datasets. Cru-
cially, our finding of temporally persistent relative disparities in ex-
posure to PM2.5 from on- road sources (Fig. 1B) is consistent with 
highly stable patterns of relative disparity in total PM2.5 and NO2 for 

Californians of color (fig. S3). Furthermore, we find that the magni-
tude of our estimate of traffic- related PWM PM2.5 is consistent with 
the on- road vehicle contribution from previous modeling and 
in situ source apportionment studies in California (67–72). In com-
bination, these supporting lines of evidence reinforce our key quali-
tative conclusion that exposures from mobile sources have decreased 
while relative disparities in exposure have persisted.

It is worthwhile to consider possible uncertainties, biases, and 
limitations associated with our approach. Our modeling framework 
is built around the InMAP reduced complexity model (73) and its 
associated InMAP source- receptor matrix [ISRM; (28)]. The com-
putational efficiency of this model enabled us to interactively exe-
cute thousands of unique model runs representing distinct vehicle 
fleets for 20 individual years while maintaining a sufficiently fine 
scale (down to 1 km2) to capture spatially sharp exposure disparities 
(1, 3). However, our modeling approaches have notable limitations. 
First, as with any atmospheric modeling, our results rest on the va-
lidity of underlying emissions inventories, including how they rep-
resent patterns over time and space [see, e.g., (74)], as discussed 
briefly below. Second, InMAP makes simplifying assumptions that 
can lead to somewhat higher bias than traditional chemical trans-
port models (CTMs), which model the underlying atmospheric 
chemistry and dynamics with higher fidelity. One such simplifica-
tion in our model is a linear approximation of nonlinear secondary 
aerosol chemistry. Third, the temporal resolution of our results is 
limited to annual average conditions; we do not quantify exposure 
disparities that occur on seasonal, diurnal, or shorter- than- annual 
timescales, which are also relevant (75). In addition, our model does 
not capture sub- grid scale exposure gradients near roads; those gra-
dients can occur and are important for exposure disparities at scales 
finer than 1 km (76). InMAP results are generally considered more 
robust for spatial aggregations of many grid cells (e.g., air basins and 
groups of overburdened communities), and less so for individual 
pixels or neighborhoods (73). Last, our core analyses assign expo-
sures based on a fixed residential address [which can misclassify 
exposures; see, e.g., (77)] and were estimated using a temporally 
static year 2010 US census dataset (selected as the midpoint year of 
our study).

Considering that our key results emphasize the persistence over 
time of disparities (especially relative disparities)—rather than abso-
lute concentrations at specific locations—our overarching qualitative 
insights are likely to be robust. Relative disparities are principally de-
termined by the interaction of fine- scale spatial patterns of demo-
graphics, roadways, and fleet activity and are less sensitive to the 
magnitude of emissions or concentrations. In the Supplementary 
Materials (the “Model uncertainty and sensitivity” section of Supple-
mentary Text and figs. S16 and S17), we explore how possible biases 
in emissions estimates and model performance could affect our re-
sults. We first review the literature to constrain our understanding of 
the uncertainty from the state regulatory model of on- road mobile 
source emissions estimates (50, 74). From previous work validating 
EMFAC’s on- road mobile source emission factors and a similar 
model’s activity- based spatial surrogates, we believe that our qualita-
tive insight is unlikely to be affected by bias in the emissions inven-
tory. We then perform four tests to evaluate the sensitivity of our 
analyses to potential biases in the emissions and model (fig. S16). A 
key insight is that within the range of expected model biases for In-
MAP, we find that the magnitude and ordering of relative disparities 
are only minimally sensitive. This result arises in part because 
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relative disparities involve ratios of modeled concentration esti-
mates. In addition, because we find meaningful disparities for each 
of the five modeled PM2.5 constituents, pollutant- specific model 
biases (representing, for example, a possible mischaracterization of 
the nonlinear chemistry in InMAP) are unlikely to strongly skew our 
results (see fig. S16). Likewise, this analysis implies that inventory 
biases that affect aggregate levels of emissions are unlikely to affect 
our core insights. We show that our results are robust against spatial 
biases in the emissions inventory by repeating our analysis with 
emissions from two independently derived, peer- reviewed emissions 
inventories (78, 79) and coarser representations of our emissions in-
ventory. Spatial emissions biases in the inventory could conceivably 
affect conclusions about relative disparities if they were much larger 
than what we explored in fig. S16. However, we consider this implau-
sible given how closely our results align with disparity insights from 
high- resolution NO2 predictions (fig. S3). Nonetheless, because nei-
ther EMFAC nor InMAP is meant to authoritatively describe emis-
sions and concentrations in individual model pixels, we ascribe our 
greatest confidence to overall patterns in space and time, but caution 
against overinterpreting results for specific communities or other 
small regions. Last, in a sensitivity analysis (fig. S17), we repeated our 
analysis with 2000 decennial census data. These analyses indicate 
that our core qualitative finding of highly persistent relative disparity 
was generally not sensitive to the selection of the census dataset. In 
particular, the choice of which demographic dataset is used mini-
mally affected the PWM concentrations and relative disparities ex-
perienced by overburdened communities and individual racial- ethnic 
groups in California. However, future demographic shifts in the 
California population that substantially alter patterns of social segre-
gation could meaningfully affect aggregate air pollution disparities at 
the state level. For example, if suburbs become more racially inte-
grated and California’s population becomes increasingly diverse, 
then relative disparities could decrease as a function of demographic 
changes and not necessarily emissions mitigation.

Future research beyond the scope of this assessment could fur-
ther corroborate our findings and build on our results. First, CTM 
simulations could usefully validate our core results, especially as they 
concern the behavior of secondary PM2.5 from vehicle emissions. 
Second, it would be helpful to quantify the effect of decades of vehi-
cle emissions controls on other air pollutants that are relevant to the 
health of overburdened communities, including nitrogen oxides, 
diesel PM, and air toxics. Third, although in  situ observations of 
TRAPs have historically not been available at a sufficiently high spa-
tial resolution to systematically characterize changes in disparity, 
careful analysis of data at particular locations may be able to comple-
ment our statewide insights. Moreover, as hyperlocal measurements 
of TRAPs become more widespread, these types of observational 
studies may be more feasible in the future.

Last, because disparities in terms of health outcomes are also rel-
evant to EJ and distinct from exposure disparities, analyses that 
quantify the complex interplay of emissions, exposures, and social, 
demographic, and epidemiological factors could explore the impact 
of vehicle emissions on environmental health disparities over time 
(22, 23, 25–27, 80–83). Disparities in health outcomes are strongly 
influenced by social determinants of health (e.g., age, obesity, access 
to health care, and criminal justice) that have persisted over time 
and are independent of air pollution (80, 84). Several recent studies 
show that Black and Hispanic Americans in the United States have 
a higher susceptibility to air pollution than non- Hispanic white 

Americans (81–83, 85). Thus, a focus on disparities in exposure may 
underestimate or mischaracterize the ultimate disparities in health 
outcomes (22–27). While this study focused exclusively on expo-
sure disparities, effective policies should address disparities in both 
exposure and health outcomes.

Policy insights from California’s historical mobile vehicle 
control policies
We have demonstrated that while modeled PWM PM2.5 exposures 
and absolute exposure disparities attributable to on- road mobile 
sources have decreased over the past two decades across all popula-
tion groups, relative disparities have remained at both the average 
and at the extreme ends of the exposure distribution for Californians 
of color and residents of overburdened communities. Emissions 
from LDVs and HDVs affect disparities in different ways. LDVs con-
tribute the most to PM2.5 concentrations and absolute disparity, 
while emissions from HDVs most disproportionately expose people 
of color relative to other fleet types, thereby highlighting the impor-
tance of mitigating emissions from both vehicle types. Of the groups 
considered here, residents of AB617 communities in aggregate expe-
rience the highest levels of PM2.5 exposure from on- road vehicles, 
although PWM exposures for these residents have declined by more 
than 60% since 2000. There is substantial heterogeneity among 
AB617 communities in terms of the total exposure concentration 
and the relative contribution from each vehicle type.

Our finding of highly persistent relative disparities for Californians 
of color is disappointing but consistent with a growing body of 
literature on sectoral emissions policy. When policies reduce the 
overall emissions rate without substantially altering the pattern of 
where emissions occur, relative disparities in exposure can persist 
(9, 14, 21). In this vein, the findings from our retrospective analysis 
resonate with the results of studies that have prospectively modeled 
the potential future equity impacts associated with specific vehicle 
policies (e.g., heavy- duty truck electrification and zero- emission ve-
hicle adoption). Consistently with those studies, we have found 
large absolute concentration changes in regions with the highest 
share of people of color, yet we nonetheless find a minimal reduc-
tion in the relative disparity for PM2.5 exposure (14, 23, 25, 52, 86). 
These results arise because the places with the largest concentration 
changes over time tend to be the places most affected by vehicles 
(fig. S8).

While the sustained inequity in PM2.5 exposure resulting from on- 
road mobile sources is problematic, California’s mobile source strat-
egy has led to large aggregate reductions in emissions, exposure 
concentrations, and absolute disparities. Although the relative dispar-
ity in exposure to PM2.5 from on- road mobile sources is effectively 
unchanged for Californians of color and residents of overburdened 
communities, the PWM PM2.5 exposures caused by these mobile 
sources were reduced by approximately 64% for all demographic 
groups considered during our study. On- road mobile source controls 
have also reduced emissions from a broad suite of TRAPs (87) that are 
also of health concern. For example, statewide on- road emissions of 
carbon monoxide, nitrogen oxides, and diesel PM also decreased by 
~75% (38, 39). Ambient concentrations of these pollutants have de-
clined substantially in absolute terms, especially at sites in overbur-
dened communities (60). These results speak to the value of both 
aggressive mobile source control and a multi- pollutant mitigation 
strategy that considers multiple TRAPs at once. Future mitigation ef-
forts should continue this approach to avoid the risk of unintended 
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consequences of single- pollutant control strategies (52). Despite this 
success, it is likely that relative disparities for other pollutants with 
similar spatial patterns of on- road emissions have persisted. For ex-
ample, NOx, for which on- road sources contributed 57% of total 
statewide emissions in 2000, is considered. From 2000 to 2019, our 
assessment of high- resolution empirical model predictions shows 
a ~55% decrease in PWM NO2 but large and moderately increasing 
relative disparities by race- ethnicity (fig. S3).

It is useful to consider the implications of our retrospective as-
sessment for California’s current policy efforts that focus heavily on 
eliminating exhaust emissions across the on- road fleet through a 
combination of electrification and—in the case of HDVs—hydrogen. 
For every year of the study, approximately 90% or more of the 
PWM PM2.5 exposure (and absolute exposure disparity) is attribut-
able to exhaust emissions and approximately 80% or more is attrib-
utable to secondary formation from precursor exhaust emissions 
(figs. S11 to S14). Because California’s policies contemplate elimi-
nating exhaust emissions, this result implies that future vehicle elec-
trification has the potential to substantially reduce exposures and 
absolute disparity. Nonetheless, PWM exposure to non- exhaust pri-
mary PM2.5 emissions (i.e., brake and tire wear) increased some-
what from 2000 to 2019 (fig.  S18), while relative disparities from 
non- exhaust primary PM2.5 remained effectively constant. Non- 
exhaust emissions would not be fully eliminated through electrifica-
tion and could conceivably be exacerbated by increases in vehicle 
mass (88). Thus, future low levels of exposure from non- exhaust 
emissions (e.g., brake and tire wear) might still disparately affect 
people of color and residents of overburdened communities.

Our results suggest that relative disparities in exposure will per-
sist without a paradigm shift in transportation policy. Some policy 
approaches have the potential to reduce not only aggregate levels of 
exposure but also relative disparities. For example, creating low 
emissions zones or promoting a mode shift away from private auto-
mobiles (e.g., dense public transit networks and bike lane infra-
structure) could be more likely to reduce exposure disparities from 
the on- road vehicle fleet than statewide fleet- specific emissions 
controls, while also improving air pollution throughout the system 
(89). Without systemic changes to transportation infrastructure, it 
seems possible that these relative disparities could persist even in a 
future, lower emission scenario. Conversely, by strategically accel-
erating emissions reductions, such as vehicle electrification efforts, 
with deployment emphasizing overburdened areas, EJ communi-
ties could achieve substantial short- term reductions in relative 
 exposure disparity.

While we have focused on one sector within California, our find-
ings contribute to an emerging body of EJ research indicating that to 
reduce relative disparities in exposure, the policy must not only con-
tinue a trend of emissions reduction but also target the disparate 
geographical distribution of emissions in overburdened communi-
ties. While we focused on California as a case study, it is possible that 
these general findings would apply across the United States, as most 
state and national approaches broadly have mirrored California’s, 
with a strong focus on emission rate reductions. Our work provides 
a compelling illustration of how a highly successful emissions reduc-
tion strategy does not necessarily reduce relative disparity in expo-
sures (20, 21). More research is needed to identify the specific suite 
of strategies that can deliver a “triple win” for climate, health, and 
equity goals. We hypothesize that particularly effective strategies 
may go beyond aggregate emission rate reductions by ameliorating 

the inequitable spatial distribution of where activities and emissions 
take place. Thus, future work could explore the environmental eq-
uity impacts of potential policy actions and public investments that 
fundamentally change transportation infrastructure.

MATERIALS AND METHODS
Emissions estimates
We obtained estimates of mobile emissions in California from 
CARB’s EMFAC model (version EMFAC 2021 with MPOv11) for 
calendar years 2000 through 2019 (38). The EMFAC model uses de-
tailed California- specific data to estimate emissions by year and fleet 
and has been approved by the US EPA (53). Estimated emissions 
were spatially allocated to a 1 km–by–1 km grid using surrogates 
developed by CARB and CARB’s Spatial and Temporal Allocator 
(ESTA) model. The ESTA model uses spatial surrogates that are de-
rived from link- level traffic measurement data combined with pop-
ulation estimates and spatial information about idling locations, rest 
stops, and distribution centers (90). The resulting dataset contained 
spatially resolved annual total exhaust, evaporative, brake wear, and 
tire wear emissions for primary PM2.5 and four precursor species: 
NOx, VOC, NH3, and SOx. EMFAC2021 reports results for 54 vehi-
cle categories and five fuel types (gasoline, diesel, natural gas, plug- 
in hybrid, and electric). Emissions for this analysis were binned into 
three main vehicle groups: LDVs, MDVs, and HDVs, with all other 
vehicle types (including motorcycles, motorhomes, and buses) 
grouped together as “Other” (table S1). Fleet information is derived 
from detailed data from the California Department of Motor Vehi-
cles, the California Highway Patrol, the International Registration 
Plan Clearinghouse, and the National Transit Database (38). EMFAC 
is therefore capable of providing a reasonable representation of 
distinct activity and emissions patterns for specific vehicle fleets.

Estimates of air concentrations
We modeled annual average PM2.5 concentrations attributable to 
vehicle emissions in California using the ISRM (15, 28, 73). The 
ISRM was developed from the US InMAP, which used WRF- Chem 
simulations and US Environmental Protection Agency National 
Emissions Inventory emissions estimates for 2014. The national ver-
sion of InMAP was sampled on a population- weighted, variably 
sized grid (n = 21,705; 1 km to 48 km) for the state of California 
(15). Approximately 74% of grid cells are the finest resolution, with 
a population- weighted average grid size of 2.4 km (urban: 1.2 km; 
rural: 7.4 km). The gridding algorithm ensures that no cell larger 
than 1 km contains more than 20,000 people or a census block group 
with a population density higher than 2500 people/km.

The ISRM relates, for the n  =  21,705 grid cells in California, 
marginal changes in ground- level concentration in every grid cell 
to marginal changes in emissions in every cell. Because this work 
only evaluates impacts from on- road mobile sources, all concentra-
tions were estimated using the ground- level (i.e., 0 to 57 m above 
ground) layer.

Open- source tool: ECHO- AIR
Air pollution modeling, even with reduced complexity modeling 
tools such as InMAP, can have major accessibility barriers for non- 
specialists. For the present analysis, we developed an open- source 
Python- based pipeline that streamlines exposure concentration and 
health impact analyses. The resulting system, called Estimating 
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Concentrations and Health Outcomes – Automated ISRM Resource 
(ECHO- AIR), aims to lower barriers to entry for rapid estimation of 
PM2.5 exposure and health assessments.

Executing ECHO- AIR for analyses in California requires only 
estimates of emissions, which can be input as ArcGIS- compatible 
shapefiles or comma- separated value files. ECHO- AIR is modular, 
enabling users to use any ISRM, population data, and health input 
data, so long as they are formatted correctly ECHO- AIR is managed 
through a public GitHub repository to ensure transparency, maximize 
usability, and perform routine model upgrades and maintenance (see 
Supplementary Text for details).

Population estimates
We obtained population data for the years 2000 and 2010 from the 
decennial US census for California from the National Historic Geo-
graphic Information System (NHGIS) database version 16.0 (91). 
Population estimates were queried at the tract level by age, race, and 
Hispanic origin. Consistent with prior literature (4, 8, 9), racial- 
ethnic categories were estimated as follows: The population count for 
Hispanic Californians was defined as Californians of any race who 
were of Hispanic origin; Californians who are not of Hispanic origin 
and are Black or African American alone, Asian alone, or white alone 
were defined as Black, Asian, and white Californians, respectively; all 
other Californians were included in the other category.

Exposure assessment and disparity analysis
We estimated statewide group- level exposures to annual average 
PM2.5 as PWM concentrations, consistent with the air pollution dis-
parity literature (3, 8, 9, 19). For the metrics below, we consider only 
on- road mobile source exposure (i.e., we neglect contributions from 
other source types unless explicitly stated otherwise). To estimate 
exposure to PM2.5 for each year, we calculate geographic intersec-
tions between the 2010 census tract boundaries and the gridded 
concentration estimates. Population is down- sampled based on area 
apportionment; concentration estimates are assumed to be constant 
throughout the grid cell. Exposure concentrations are calculated at 
the smallest geography possible (e.g., polygon intersection of census 
tract and ISRM grid cell).

The PWM exposure is estimated by multiplying the annual aver-
age PM2.5 concentration by the population of the demographic 
group of interest within that grid cell, summing across all grid cells, 
and dividing by the total population

where PWMk is the PWM exposure concentration for group k 
across n grid cells, Pi,k is the population of group k in grid cell i, and 
Ci is the concentration of PM2.5 in grid cell i. Equity was assessed 
using the absolute and relative disparities at the PWM. The absolute 
disparity (DA,k) is defined as a demographic group’s PWM exposure 
(PWMk) subtracted by the statewide PWM exposure (PWMT)

Relative disparities (DR,k) are estimated as the absolute disparity 
divided by the statewide PWM exposure to mobile sources

Because the ISRM is a linear model and the absolute disparity is 
an arithmetic equity metric, absolute disparities can be apportioned 
to individual source categories to find a relative contribution to the 
absolute disparity. Thus, the fractional contribution of a source’s 
emissions to a group’s exposure is estimated as follows

where fj,k is the fractional contribution from source j on the expo-
sure and disparity for group k, DA,j,k is the absolute disparity from 
source j for group k, and DA,t,k is the absolute disparity for group k 
from all on- road mobile sources.

Supplementary Materials
This PDF file includes:
Supplementary Text
Figs. S1 to S18
Tables S1 to S6
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E N V I R O N M E N TA L  S T U D I E S

PM2.5 exposure disparities persist despite strict vehicle 
emissions controls in California
Libby H. Koolik1, Álvaro Alvarado2, Amy Budahn2, Laurel Plummer2,  
Julian D. Marshall3, Joshua S. Apte1,4*
As policymakers increasingly focus on environmental justice, a key question is whether emissions reductions 
aimed at addressing air quality or climate change can also ameliorate persistent air pollution exposure disparities. 
We examine evidence from California’s aggressive vehicle emissions control policy from 2000 to 2019. We find a 
65% reduction in modeled statewide average exposure to PM2.5 from on- road vehicles, yet for people of color and 
overburdened community residents, relative exposure disparities increased. Light- duty vehicle emissions are the 
main driver of the exposure and exposure disparity, although smaller contributions from heavy- duty vehicles es-
pecially affect some overburdened groups. Our findings suggest that a continued trend of emissions reductions 
will likely reduce concentrations and absolute disparity but may not reduce relative disparities without greater 
attention to the systemic factors leading to this disparity.

INTRODUCTION
Despite decades of progress in improving ambient air pollution in 
the United States, people of color still bear a disparate burden of air 
pollution (1–12). Within California, research has quantified and 
characterized these exposure disparities using both measurements 
and models (13–18). Solutions to this persistent inequality are in-
creasingly a focus for academic research and environmental policy 
at the federal, state, and local levels (9, 17–19). A growing body of 
research investigates how air quality policies might contribute to a 
“triple win” that simultaneously achieves meaningful benefits by 
 reducing population- wide exposures, mitigating greenhouse gas 
emissions, and reducing exposure disparities and extreme expo-
sures (20, 21). Here, we use a modeling framework to explore how 
multi- decade emissions reductions shaped by air quality and cli-
mate policies have affected environmental justice (EJ) outcomes, us-
ing California’s aggressive on- road mobile source strategy as a case 
study. In this work, we focus on exposure disparities, which can be 
distinct from disparities in health outcomes (22–27).

Recent research on how to reduce air pollution exposure dis-
parities in the United States presents two conflicting approaches 
(9, 19–21, 28). The first approach starts from the recognition that 
many major emitting sectors lead to disparate exposures for peo-
ple of color (2). Thus, focusing on emissions reductions for sectors 
that especially affect people of color could have EJ co- benefits (21, 
29–32). This approach mirrors the policy structure in the United 
States and elsewhere, where environmental regulations are target-
ed to individual economic sectors (e.g., vehicles, industries, and 
power plants) and tailored to relevant technology and infrastruc-
ture. The second body of research suggests that sector- oriented 
policies may not be effective in addressing relative disparities in air 
pollution. For example, optimization modeling found that aggres-
sive nationwide emissions reductions targeting economic sectors 

with higher- than- average disparity impact would not eliminate 
racial- ethnic fine particulate matter (PM2.5) exposure disparities 
without nearly eliminating emissions (9). In contrast, a location- 
specific approach—i.e., emissions reductions by location rather than 
by economic sector—rapidly eliminated disparities. Building upon 
this finding, two recent studies (20, 21) simulated climate policies 
with substantial abatement of PM2.5 and its precursors across most 
US economic sectors and found modest potential reductions in dis-
parities. They too reported that “location- specific” policies that tar-
get emissions reductions in all sectors within specific overburdened 
geographies may have a high potential to address relative exposure 
disparities even with small emissions changes (9, 19). To comple-
ment prospective studies, which consider ways to reduce future ex-
posure disparity, we examine the disparity impacts of historical 
emissions trajectories. We focus on the transportation sector, which 
is often highlighted as having a high potential to reduce exposure 
disparities. Historically, racist urban planning and infrastructure 
decisions (e.g., redlining and freeway siting) have concentrated ve-
hicle emissions in communities of color (2, 4, 7, 13, 29). Further-
more, people who are exposed to the highest levels of traffic- related 
air pollution often are not the communities who drive the most 
(30–32). Hence, a recent study found that emissions controls for the 
transportation sector have the greatest potential to mitigate racial- 
ethnic inequality in US air pollution (21). Simultaneously, the trans-
portation sector is a priority area for regulatory agencies and 
EJ- oriented community groups; emissions reductions from these 
sources could potentially reduce exposure disparities, human health 
impacts, and greenhouse gas emissions (33).

For nearly 60 years, California led the United States in reducing 
on- road vehicle emissions. Because California’s motor vehicle emis-
sion regulation preceded the Clean Air Act of 1970, California is 
delegated the authority to set vehicle emissions standards more 
stringently than the federal equivalent (34–36). In the present analy-
sis, we model exposure concentrations for the years 2000 through 
2019, during which California’s regulatory agencies pursued an ag-
gressive and interlinked suite of multi- pollutant policies to reduce 
emissions across the entire on- road vehicle fleet (36). Examples in-
clude requiring cleaner fuels and technological advancements (e.g., 
hybrid drivetrain, alternative fuel and propulsion technologies, and 
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advanced emissions controls) specific to light- duty, medium- duty, 
and heavy- duty vehicle classes (LDV, MDV, and HDV, respectively).

The suite of regulations that comprise California’s mobile source 
strategy has resulted in large aggregate reductions of emissions of 
multiple pollutants from diverse fleets that make up the state’s on-  
and off- road vehicles (37). Here, we examine how changes in on- 
road vehicle emissions from 2000 to 2019 have affected exposure to 
PM2.5. Over this time period, on- road emissions have been shaped 
by several aggressive state regulations targeting specific vehicle 
fleets, including California Air Resources Board’s (CARB) Light- 
Duty Vehicle Emissions Standards, Advanced Clean Cars, and the 
Truck and Bus Regulation (38). Despite statewide and fleetwide on- 
road vehicle miles traveled increasing ~24%—from 292 billion 
(2000) to 364 billion (2019)—emissions of the four species that prin-
cipally drive population- weighted PM2.5 exposures from on- road 
vehicles have decreased. Regulatory emissions data indicate reduc-
tions of ~70% for primary PM2.5, nitrogen oxides (NOx), and volatile 
organic compounds (VOC), while ammonia (NH3) decreased by 
~15% (fig. S1) (38). Notably, non- exhaust primary PM2.5 emissions 
(e.g., brake and tire wear) have increased by ~20% over this time 
period, causing the relative non- exhaust share of primary PM2.5 to 
increase substantially (14 to 50% from 2000 to 2019) (39). Diverse 
measurement and observational datasets (see the Supplementary 
Materials) corroborate overall declining emissions of PM, NOx, 
VOC, NH3, and other key traffic- related air pollutants (TRAPs) 
(40–50). Considering all species that contribute to total PM2.5, 
California’s on- road emissions reductions outpaced the national 
aggregate, especially for NOx and VOC (51).

On- road vehicle emissions are anticipated to continue to decline 
in California in response to major new regulations: Advanced Clean 
Cars II (starting in 2035, requires all new passenger cars, trucks, and 
SUVs sold in California to be zero- emission vehicles) and Advanced 
Clean Fleets (starting in 2045, all trucks that drive in California 
must use zero- emissions technology). A few recent studies have pro-
jected the air pollution and equity impacts of vehicle electrification 
in California and found limited equity benefits. In this paper, we 
build on a much smaller body of work (14, 52) to focus retrospec-
tively on the equity impacts of past changes in vehicle emissions 
over two recent decades to inform future policy.

We investigate whether the combined impacts of the ensemble of 
mobile source strategies have contributed to a reduction in PM2.5 
exposure disparities. Exposure disparities are multifaceted; we quan-
tify them along several axes described below. Our analysis also con-
siders two specific features (vehicle type and spatial scale) that are 
central to current regulatory design. We conclude with implica-
tions from this California- focused retrospective analysis for future 
EJ- focused policy for the United States.

We developed and used an open- source analysis method based 
on atmospheric simulations from the Intervention Model for Air 
Pollution (InMAP; see Materials and Methods) to model total PM2.5 
concentrations resulting from emissions of PM2.5, NOx, VOC, NH3, 
and sulfur oxides (SOx) emitted by California’s on- road mobile 
source sector from 2000 to 2019. Estimates of on- road mobile emis-
sions are from CARB’s EMission FACtor regulatory model (EM-
FAC v2021 with MPOv11), which has been approved by the US 
EPA (53). EMFAC represents CARB’s best estimate of on- road 
emissions; it incorporates detailed administrative and observation-
al data pertaining to fleet composition, emissions performance, and 
spatiotemporal activity patterns (38). Variably sized gridded PM2.5 

concentrations (1 to 48 km, higher resolution in greater population 
density locations) are combined with tract- level 2010 census popu-
lation data to estimate exposure disparities among demographic 
groups (15). We disaggregate mobile source impacts into four ve-
hicle types: LDV, MDV, HDV, and all other vehicles (e.g., buses, 
motorcycles, and motorhomes; table S1).

In the United States and California, air pollution exposure dis-
parities tend to be larger by race- ethnicity than by other socioeco-
nomic and demographic indicators (e.g., income, education, and 
urbanicity) due in large part to the historical racism and racist 
practices (e.g., housing discrimination, redlining, and highway re-
location) that segregated cities and placed high- pollution sources 
near communities of color (2–4, 10, 11, 54). Accordingly, we focus 
our analyses on racial- ethnic disparities. In addition, we consider 
two statutory geographic designations (AB617 and SB535) of cu-
mulative impacts that California uses for prioritizing EJ (fig. S2) 
(55, 56). Although these geographies have only recently been es-
tablished (and thus past policy may or may not have explicitly tar-
geted these places), we focus on them here because they are 
examples of location- specific policies that target emissions reduc-
tions in overburdened communities. Through the Community Air 
Protection Program (AB617), California has designated specific 
communities (2.7  million people, year 2010; 8.1% of the state’s 
population) for priority in community- based air pollution moni-
toring and emissions reduction plans (55). A second policy, SB535 
(10.2 million people, 30.0% of the state’s population), focuses on 
targeting financial investments toward people living in “disadvan-
taged communities,” identified using several environmental, socio-
economic, and public health indicators for each US census tract in 
California (56, 57).

From here onward, we use the term “overburdened communities” 
to refer specifically to the areas designated as AB617 or SB535 com-
munities and refer to the people who live in these areas as “residents 
of overburdened communities.” The demographic makeup of resi-
dents of overburdened communities has a higher proportion of peo-
ple of color (all groups except for non- Hispanic white Californians) 
than the statewide population (people of color: 92.9% in AB617 
communities, 82.9% in SB535 communities; table S2). We also spe-
cifically consider exposure and disparities experienced by individual 
racial- ethnic groups (e.g., Hispanic Californians).

RESULTS AND DISCUSSION
Statewide trends in overall exposure and relative 
exposure disparity
California’s mobile source policy has succeeded in its overall goal of 
reducing PM2.5 exposures (Fig. 1A). We find that the modeled state-
wide population- weighted mean (PWM) PM2.5 exposure concentra-
tion attributable to on- road vehicles decreased from approximately 
3.2 to 1.1 μg/m3 from 2000 to 2019, a ~65% decrease (i.e., nearly a 
factor of 3) in exposure on average for all Californians. This reduction 
in PM2.5 exposure from on- road vehicles outpaced the overall state-
wide improvement in ambient air quality (fig. S3). For context, mul-
tiple independent estimates of total PWM PM2.5 from all sources in 
California show an approximate ~40% decrease from 15 to 9 μg/m3 
from 2000 to 2019 (58–60).

We evaluate PWM PM2.5 exposure from on- road mobile sources 
for racial- ethnic groups and residents of overburdened communi-
ties (Fig. 1A). Our modeled estimate of PM2.5 declined for all groups, 
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and the ordering of exposures by group is generally consistent over 
time. Among all racial- ethnic groups, Hispanic Californians experi-
enced the highest exposure for all years, with PWM PM2.5 exposure 
concentrations of approximately 3.5 and 1.3 μg/m3 in 2000 and 2019, 
respectively. Black Californians experienced the next highest PWM 
exposure concentration (3.5, 1.2 μg/m3 in 2000 and 2019, respec-
tively), followed by Asian Californians (3.3, 1.2 μg/m3). Of the four 
racial- ethnic groups in Fig.  1A, white Californians were exposed 
to  the lowest PWM PM2.5 concentrations: approximately 2.7 and 
0.9 μg/m3  from 2000 and 2019, respectively. Residents of overbur-
dened communities were exposed to substantially higher PWM con-
centrations of PM2.5 from on- road mobile sources (AB617 residents: 
4.4, 1.6 μg/m3 in 2000 and 2019; SB535 residents: 4.1, 1.5 μg/m3 in 
2000 and 2019) than the PWM for any racial- ethnic group shown 
in Fig. 1A.

For each demographic group, we compute exposure disparity as 
the absolute (in micrograms per cubic meter) and relative (percent) 
difference between the average modeled concentration experienced 
by a group versus the overall state population (Fig. 1B and table S3; 
see also Materials and Methods). In this work, we discuss exposure 
disparities in both absolute and relative terms. Both metrics provide 
useful insights into exposure inequality. Because increases in PM2.5 
concentration have a causal relationship with increases in adverse 
health outcomes, absolute differences between groups of people must 
be minimized to the extent possible. However, systemic inequality in 
terms of relative exposure disparity can persist even if the most over-
burdened areas receive the largest reductions in exposure in absolute 
terms if those reductions are not also the largest in percentage terms. 
Crucially, our analyses focus exclusively on PM2.5 exposure dispari-
ties attributable to on- road vehicles. Most other major emitting sec-
tors in California also disparately expose residents of overburdened 
communities and people of color to PM2.5 (2, 15). Likewise, expo-
sures to other air pollutants are also unequally distributed (4, 7, 10). 
Accordingly, when we find that disparities persist, they persist in a 
larger story of environmental inequity in California.

Reflecting the nearly parallel exposure concentration traces over 
time evident in Fig. 1A, relative disparities in PM2.5 exposure from 

on- road mobile sources (Fig. 1B) were notably persistent, increasing 
slightly over this time period. The relative disparity in exposure to 
on- road mobile sources for Hispanic Californians increased slightly 
from 12.0 (the year 2000) to 13.9% (the year 2019), while the relative 
disparity in exposure for white Californians decreased slightly from 
−13.5 to −15.5%. Thus, the overall relative difference between the 
most and least exposed race- ethnicity increased from 30 to 35%. 
Given expected model uncertainties, these incremental changes 
may not necessarily represent evidence of a trend that is distinguish-
able from approximately constant relative disparity. Likewise, rela-
tive disparities for Black and Asian Californians also persisted 
(respectively 10.5 to 11.5% and 5.4 to 6.2% over this period). Expo-
sure disparities by race- ethnicity are larger than by income (fig. S4). 
Notably, we find persistent disparities in exposure to both primary 
and secondary PM2.5 from vehicle emissions. Relative disparities 
in exposure to primary PM2.5 components (18.6% for Hispanic 
Californians) were larger than disparities in exposure to secondary 
PM2.5 (11.1% for Hispanic Californians).

Absolute and relative exposure disparities in overburdened com-
munities are even larger. For example, the relative disparity in expo-
sure (i.e., relative to the overall population average) for on- road 
mobile source PM2.5 is more than three times as large for AB617 
communities as for the most- exposed racial- ethnic group, increas-
ing somewhat from 40 (the year 2000) to 45% (the year 2019). Strat-
ifying by CalEnviroScreen score (which is used in part to identify 
SB535 communities), we find even larger relative disparities (fig. S4).

Disparities in exposure for those living at the extreme ends of the 
concentration distribution are also relevant for understanding envi-
ronmental injustice. We estimated population- weighted distribu-
tions of exposure by race- ethnicity for each vehicle class (figs.  S5 
and S6). In general, changes in exposure at the upper percentiles 
(i.e., 75th and 90th) are consistent with changes in exposure at the 
PWM and consistent across time. Considering the disparity in ex-
posure at the 75th and 90th percentiles relative to the statewide 
mean, we find large and increasing relative disparities (e.g., 90th 
percentile exposure for Hispanic Californians increased from 104 to 
118% higher than statewide PWM from 2000 to 2019).
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Fig. 1. On- road mobile source PM2.5 exposure and relative disparity in exposure for each demographic group. Statewide population- weighted mean PM2.5 exposure 
concentrations (A) and relative disparity in exposure (B) attributable to on- road mobile sources for the four largest racial- ethnic groups and two policy- relevant environ-
mental justice areas in California. In each year, relative exposure disparities (B) for each racial- ethnic group are computed in reference to the statewide average PM2.5 con-
centration attributable to on- road mobile sources. Concentrations in overburdened communities designated under California’s Community Air Protection Program (AB617, 
~10% of state population) and as SB535 Disadvantaged Communities (~25% of state population) substantially exceed those experienced on average for the most exposed 
racial- ethnic group, Hispanic Californians. Crucially, despite greater than 50% reductions in mobile source population- weighted mean PM2.5 for all groups (A), relative racial- 
ethnic disparities increased for Hispanic, Black, and Asian Californians, as well as residents of overburdened communities. Here and elsewhere, the “Hispanic” population 
reflects Californians of any racial group identifying on the US census as Hispanic, while all other groupings exclude Californians identifying as Hispanic.
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We also evaluated the degree to which the California populations 
who experience the highest overall exposure to PM2.5 from on- road 
vehicles are disproportionately composed of people of color, and 
how this pattern has evolved over time. To do so, we binned the 
California population by decile of modeled exposure to PM2.5 and 
then compared the racial- ethnic composition of each decile in 2000 
and 2019 (Fig. 2 and midpoint result in fig. S7). From 2000 to 2019, 
Hispanic Californians are overrepresented at the highest exposure 
deciles. While the California state population is 37.6% Hispanic, the 
highest decile of exposure for emissions in 2000 and 2019 consists 
of 47.9 and 50.8% Hispanic people, respectively. Similarly, white 
Californians, who comprise 40.1% of the population, are overrepresent-
ed among the populations with the lowest exposures (62.0% of the 
lowest- exposure deciles in 2000 and 2019) and are underrepresented 
in the highest- exposure decile [29.9% (2000) and 27.7% (2019)]. 
In fig. S8, we examine the racial- ethnic composition of the popula-
tion across the full distribution of absolute and percentage changes 
in PM2.5 exposure from on- road vehicles. While the grid cells with 
the largest absolute reduction in concentration consist of more peo-
ple of color than the statewide average, there are only small demo-
graphic differences in the percentage change in exposure. This result 
arises in large part because the geographies with the largest absolute 
reductions in PM2.5 exposure from on- road mobile sources started 
with the highest initial levels of exposure in 2000.

Differences in contributions to exposure disparity by 
fleet type
Because California’s vehicle emissions control policies generally dif-
ferentiate by vehicle type, we disaggregate our analyses of emissions, 
exposures, and disparities by vehicle type based on the official 
EMFAC2021 documentation (table S1) (38). We model the disparities 
and additive contributions of each vehicle fleet type at the state level 
for the most exposed racial- ethnic group, Hispanic Californians, to 
identify which vehicle types have an especially influential role in 
their exposures and disparities.

At the statewide average, we find that LDVs are the vehicle fleets 
with the largest aggregate impact on overall PWM PM2.5 exposures and 
absolute disparities. For example, considering Hispanic Californians, 
LDVs account for 65 to 70% of the 0.2 to 0.4 μg/m3 absolute dis-
parity in PM2.5 exposure from on- road mobile sources (Fig. 3, A 
and B). Contributions to the absolute disparity from HDVs (16 to 
24%), MDVs (9 to 14%), and all other vehicles (<5%) are substan-
tially smaller. Considering the PWM distribution of PM2.5 by vehi-
cle fleet type and race- ethnicity, we find broadly similar racial- ethnic 
distributions of exposure attributable to LDVs, HDVs, and MDVs, 
with Hispanic Californians receiving the highest exposures (fig. S5). 
Between 2000 and 2019, the fractional contributions to absolute dis-
parity from individual vehicle fleet types were stable, likely reflect-
ing the roughly constant distribution of vehicle activity patterns by 
vehicle fleet.

From here on, we focus our discussion on LDVs and HDVs, 
which, in combination, account for >80% of exposures and absolute 
disparities attributable to on- road sources (see fig. S7 for detailed 
results for other fleets). The dominant influence of LDVs on expo-
sure holds across racial- ethnic groups and for residents of overbur-
dened communities (figs.  S9 and S10), but with different overall 
magnitudes of exposure for different subpopulations. This result 
likely arises for two reasons. First, LDVs dominate the overall emis-
sions of PM2.5 and its precursors. On the basis of the CARB emis-
sions inventories used, LDVs contribute most of the NH3 and VOC 
emissions (70 to 95% of NH3 and >80% of VOC) from vehicles, 
which account for ~44 to 56% of total PM2.5 exposure from vehicles. 
LDVs and HDVs contribute more similarly to primary PM2.5 (23 to 
45% LDV and 29 to 56% HDV) and NOx (35 to 48% LDV and 36 to 
43% HDV) emissions, and these species contribute the remaining 
~44 to 56% of total PM2.5 (figs. S11 to S14). Primary PM2.5 emissions 
are more weighted toward non- exhaust emissions in recent years, 
especially for LDVs (figs. S11 to S14). Second, LDV emissions are 
more concentrated near population centers than other vehicle fleets, 
so LDVs result in a substantially higher- than- average exposure im-
pact [fig. S15, population- weighed exposure per ton of annual emis-
sions (metric: micrograms per cubic meter); this metric is directly 
related to intake fraction, e.g., (61–63)].

While the high activity of LDVs causes a higher aggregate impact 
on disparity, HDVs stand out as the fleet type whose emissions cause 
the most disparate impact on Californians of color. As a complement 
to apportioning the overall absolute exposure disparity to emis-
sions from individual vehicle types (i.e., largest aggregate impact), in 
Fig. 3C, we also consider which vehicle fleet types have an especially 
disparate impact on specific racial- ethnic groups (largest relative im-
pact regardless of the magnitude of emissions) relative to the state-
wide population. For example, the relative disparity caused by HDVs 
for Hispanic Californians (range: 16 to 17%) was larger than the 
relative disparity caused by LDVs (range: 11 to 14%). This difference 
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of the distribution of PM2.5 attributable to on- road mobile sources in (A) 2000 and 
(B) 2019. The statewide population is binned into 10 groups of equal population of 
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pattern holds for white Californians. Data are plotted for individual vehicle types 
and the analysis midpoint year (2010) in the Supplementary Materials.
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in impacts by fleet type is consistent with recent traffic equity model-
ing, which demonstrated that the majority of Californians of all 
race- ethnicity are exposed to high annual average daily traffic from 
LDVs, but Californians of color are disproportionately exposed to 
higher annual average daily traffic from HDVs (64). Another useful 
metric for discussing the especially disparate impact of HDVs is the 
exposure inequality, defined by Demetillo et al. (65) as the percent 
difference in exposure between the most and least exposed racial- 
ethnic groups. On the basis of our results, the PM2.5 inequality for 

Hispanic Californians, relative to white Californians, increased from 
37% in 2000 to 41% in 2019. This finding complements recent work 
that shows the importance of HDV emissions mitigation for reducing 
racial- ethnic disparity (23, 65).

Substantial heterogeneity in fleet- wise contributions at the 
community scale
We find that there is substantial spatial heterogeneity in how differ-
ent vehicle fleet types contribute to PM2.5 exposures. We compare 
modeled contributions by vehicle type at four spatial scales: state-
wide (Fig. 4A), regional (Fig. 4B), within overburdened communi-
ties (Fig. 4C), and community scale (Fig. 4D). Whereas the previous 
section and Fig. 4C evaluate aggregate exposure and disparity across 
all AB617 overburdened communities, in Fig. 4D, we compare con-
tributions to exposure and disparity within individual overbur-
dened communities. The primary goal of this analysis is to highlight 
the heterogeneity among diverse communities in how vehicle fleets 
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Fig. 3. Contributions to disparity in exposure to mobile-source PM2.5 for His-
panic Californians. Two methods of comparing contributions to disparity in PM2.5 

exposures from on-road vehicle fleet types shown for the most exposed racial-
ethnic group, Hispanic Californians. First, we compare the absolute magnitude in 
contribution from each vehicle group (A and B); then, we compare the relative dispar-
ity in exposure to each vehicle group (C). (A) Absolute disparities in PM2.5 exposure 
from vehicles for Hispanic Californians relative to the overall statewide population 
declined between 2000 and 2019, consistent with the overall reduction in emis-
sions (fig. S1) and population-weighted mean PM2.5 concentrations (Fig. 1). (B) Frac-
tional contributions to the overall disparity that are attributable to each fleet 
type are estimated by normalizing the absolute contribution to disparity attribut-
able to a single fleet type to the total disparity attributable to all on-road mobile 
sources. In each year, light-duty vehicle (LDVs) emissions are the dominant con-
tributor to the disparately high exposures experienced by Hispanic Californians. 
(C) Disparities attributable to emissions of individual vehicle fleet types relative to the 
statewide average PM2.5 exposure attributable to emissions of that individual ve-
hicle fleet. Note that heavy-duty vehicles (HDVs) especially disparately impact His-
panic Californians, even though HDVs are not the dominant contributor to overall 
emissions (fig. S1), PM2.5 concentrations (Fig. 1), or absolute disparities (C). Fig. 4. Spatial heterogeneity in contributions by fleet to mobile source PM2.5 

exposure. Contribution to PM2.5 exposures from distinct vehicle fleets is shown at 
four spatial scales: (A) statewide, (B) three major regions, (C) residents of overbur-
dened communities, and (D) for 19 individual communities designated by the state 
of California through the Community Air Protection Program (AB617; see fig. S2 for 
identification of each community). At each spatial scale, pie chart icons indicate the 
fractional contribution to exposure attributable to each vehicle fleet type, with 
icons scaled in proportion to the population- weighted mean PM2.5 concentration 
from all vehicle types. Light- duty vehicles contribute especially to mobile source 
PM2.5 exposures in Southern California, while the relative contribution from MDVs 
and especially HDVs is comparatively higher in the Central Valley and San Francisco 
Bay Area. There is considerable heterogeneity among AB617 communities in 
fleet contributions.
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contribute to PM2.5; our estimates are not meant to precisely capture 
community- scale pollution concentrations. As with any emissions 
inventory, modeled concentrations are much more precise with 
 locally validated, site- specific information that has been observa-
tionally verified (66). To complement our high- level approach to 
understanding the heterogeneity in source contributions, future 
community- specific analyses could use higher spatial resolution 
modeling tools and local emissions data to better represent the lived 
experience of individual communities.

On average, the Los Angeles area and its AB617 overburdened 
communities have high PWM exposures and high contributions 
from LDVs (>60%). In the Central Valley, while the PWM expo-
sures are lower, the contributions from HDVs are substantially 
higher (e.g., ~60% in Arvin/Lamont). The diversity in fleet contribu-
tions to individual communities showcases the importance of 
community- specific emissions reduction planning. While a com-
munity with a high share of LDVs, for example, might benefit more 
from policy actions that directly reduce those emissions (e.g., more 
electric bus routes and street conversion to bicycle paths), different 
strategies may be more appropriate for a community dominated by 
HDVs (e.g., additional diesel fuel emissions limits, truck electrifica-
tion, and low emissions zones). These differences likely arise from 
differences in spatial distributions of sources relative to residences 
and the magnitude and mixtures of vehicle activity that occur at the 
community scale. In sum, our results support the approach of en-
abling communities to identify and mitigate the largest contributors 
to local exposures and disparities.

Validation, limitations, and implications for future research
Multiple lines of evidence suggest that our core qualitative results 
align with available observational evidence. A relative strength of 
our modeling approach is that it allows us to model temporal chang-
es at a sufficiently high spatial resolution that we can estimate expo-
sure disparities attributable to individual source categories. In 
contrast, a detailed longitudinal record of in situ observations is not 
available at sufficient spatial resolution to permit a rigorous assess-
ment of how disparities in exposure to traffic- related PM2.5 have 
evolved. Nonetheless, CARB’s analyses of ambient monitoring data 
from 1990 to 2014 align qualitatively with our results. These analyses 
of monitoring data indicate declining concentrations of diesel PM, 
PM2.5, and NO2 but with persistent relative and absolute disparities 
for the relatively sparse network of sites located in overburdened 
communities (60).

As additional points of comparison for our modeled results, we 
examined datasets of finely resolved satellite observations and em-
pirical model predictions. These datasets afford the ability to con-
sider changes in exposure and disparity for the entire state (see 
Supplementary Text) (58, 59). In fig. S3, we compare our analyses 
with changes in total PM2.5 (only moderately influenced by vehicles) 
and NO2 (strongly influenced by vehicles). Considering PWM con-
centration changes from 2000 to 2019, our estimated PWM PM2.5 
from on- road vehicles declined at a broadly similar rate (~65%) 
compared to the results from a high- resolution empirical model of 
PWM NO2 spatial patterns (~55%). Our estimates of the racial- 
ethnic ordering of vehicle- emitted PM2.5 exposures and disparities 
closely match those from the total PM2.5 and NO2 datasets. Cru-
cially, our finding of temporally persistent relative disparities in ex-
posure to PM2.5 from on- road sources (Fig. 1B) is consistent with 
highly stable patterns of relative disparity in total PM2.5 and NO2 for 

Californians of color (fig. S3). Furthermore, we find that the magni-
tude of our estimate of traffic- related PWM PM2.5 is consistent with 
the on- road vehicle contribution from previous modeling and 
in situ source apportionment studies in California (67–72). In com-
bination, these supporting lines of evidence reinforce our key quali-
tative conclusion that exposures from mobile sources have decreased 
while relative disparities in exposure have persisted.

It is worthwhile to consider possible uncertainties, biases, and 
limitations associated with our approach. Our modeling framework 
is built around the InMAP reduced complexity model (73) and its 
associated InMAP source- receptor matrix [ISRM; (28)]. The com-
putational efficiency of this model enabled us to interactively exe-
cute thousands of unique model runs representing distinct vehicle 
fleets for 20 individual years while maintaining a sufficiently fine 
scale (down to 1 km2) to capture spatially sharp exposure disparities 
(1, 3). However, our modeling approaches have notable limitations. 
First, as with any atmospheric modeling, our results rest on the va-
lidity of underlying emissions inventories, including how they rep-
resent patterns over time and space [see, e.g., (74)], as discussed 
briefly below. Second, InMAP makes simplifying assumptions that 
can lead to somewhat higher bias than traditional chemical trans-
port models (CTMs), which model the underlying atmospheric 
chemistry and dynamics with higher fidelity. One such simplifica-
tion in our model is a linear approximation of nonlinear secondary 
aerosol chemistry. Third, the temporal resolution of our results is 
limited to annual average conditions; we do not quantify exposure 
disparities that occur on seasonal, diurnal, or shorter- than- annual 
timescales, which are also relevant (75). In addition, our model does 
not capture sub- grid scale exposure gradients near roads; those gra-
dients can occur and are important for exposure disparities at scales 
finer than 1 km (76). InMAP results are generally considered more 
robust for spatial aggregations of many grid cells (e.g., air basins and 
groups of overburdened communities), and less so for individual 
pixels or neighborhoods (73). Last, our core analyses assign expo-
sures based on a fixed residential address [which can misclassify 
exposures; see, e.g., (77)] and were estimated using a temporally 
static year 2010 US census dataset (selected as the midpoint year of 
our study).

Considering that our key results emphasize the persistence over 
time of disparities (especially relative disparities)—rather than abso-
lute concentrations at specific locations—our overarching qualitative 
insights are likely to be robust. Relative disparities are principally de-
termined by the interaction of fine- scale spatial patterns of demo-
graphics, roadways, and fleet activity and are less sensitive to the 
magnitude of emissions or concentrations. In the Supplementary 
Materials (the “Model uncertainty and sensitivity” section of Supple-
mentary Text and figs. S16 and S17), we explore how possible biases 
in emissions estimates and model performance could affect our re-
sults. We first review the literature to constrain our understanding of 
the uncertainty from the state regulatory model of on- road mobile 
source emissions estimates (50, 74). From previous work validating 
EMFAC’s on- road mobile source emission factors and a similar 
model’s activity- based spatial surrogates, we believe that our qualita-
tive insight is unlikely to be affected by bias in the emissions inven-
tory. We then perform four tests to evaluate the sensitivity of our 
analyses to potential biases in the emissions and model (fig. S16). A 
key insight is that within the range of expected model biases for In-
MAP, we find that the magnitude and ordering of relative disparities 
are only minimally sensitive. This result arises in part because 
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relative disparities involve ratios of modeled concentration esti-
mates. In addition, because we find meaningful disparities for each 
of the five modeled PM2.5 constituents, pollutant- specific model 
biases (representing, for example, a possible mischaracterization of 
the nonlinear chemistry in InMAP) are unlikely to strongly skew our 
results (see fig. S16). Likewise, this analysis implies that inventory 
biases that affect aggregate levels of emissions are unlikely to affect 
our core insights. We show that our results are robust against spatial 
biases in the emissions inventory by repeating our analysis with 
emissions from two independently derived, peer- reviewed emissions 
inventories (78, 79) and coarser representations of our emissions in-
ventory. Spatial emissions biases in the inventory could conceivably 
affect conclusions about relative disparities if they were much larger 
than what we explored in fig. S16. However, we consider this implau-
sible given how closely our results align with disparity insights from 
high- resolution NO2 predictions (fig. S3). Nonetheless, because nei-
ther EMFAC nor InMAP is meant to authoritatively describe emis-
sions and concentrations in individual model pixels, we ascribe our 
greatest confidence to overall patterns in space and time, but caution 
against overinterpreting results for specific communities or other 
small regions. Last, in a sensitivity analysis (fig. S17), we repeated our 
analysis with 2000 decennial census data. These analyses indicate 
that our core qualitative finding of highly persistent relative disparity 
was generally not sensitive to the selection of the census dataset. In 
particular, the choice of which demographic dataset is used mini-
mally affected the PWM concentrations and relative disparities ex-
perienced by overburdened communities and individual racial- ethnic 
groups in California. However, future demographic shifts in the 
California population that substantially alter patterns of social segre-
gation could meaningfully affect aggregate air pollution disparities at 
the state level. For example, if suburbs become more racially inte-
grated and California’s population becomes increasingly diverse, 
then relative disparities could decrease as a function of demographic 
changes and not necessarily emissions mitigation.

Future research beyond the scope of this assessment could fur-
ther corroborate our findings and build on our results. First, CTM 
simulations could usefully validate our core results, especially as they 
concern the behavior of secondary PM2.5 from vehicle emissions. 
Second, it would be helpful to quantify the effect of decades of vehi-
cle emissions controls on other air pollutants that are relevant to the 
health of overburdened communities, including nitrogen oxides, 
diesel PM, and air toxics. Third, although in  situ observations of 
TRAPs have historically not been available at a sufficiently high spa-
tial resolution to systematically characterize changes in disparity, 
careful analysis of data at particular locations may be able to comple-
ment our statewide insights. Moreover, as hyperlocal measurements 
of TRAPs become more widespread, these types of observational 
studies may be more feasible in the future.

Last, because disparities in terms of health outcomes are also rel-
evant to EJ and distinct from exposure disparities, analyses that 
quantify the complex interplay of emissions, exposures, and social, 
demographic, and epidemiological factors could explore the impact 
of vehicle emissions on environmental health disparities over time 
(22, 23, 25–27, 80–83). Disparities in health outcomes are strongly 
influenced by social determinants of health (e.g., age, obesity, access 
to health care, and criminal justice) that have persisted over time 
and are independent of air pollution (80, 84). Several recent studies 
show that Black and Hispanic Americans in the United States have 
a higher susceptibility to air pollution than non- Hispanic white 

Americans (81–83, 85). Thus, a focus on disparities in exposure may 
underestimate or mischaracterize the ultimate disparities in health 
outcomes (22–27). While this study focused exclusively on expo-
sure disparities, effective policies should address disparities in both 
exposure and health outcomes.

Policy insights from California’s historical mobile vehicle 
control policies
We have demonstrated that while modeled PWM PM2.5 exposures 
and absolute exposure disparities attributable to on- road mobile 
sources have decreased over the past two decades across all popula-
tion groups, relative disparities have remained at both the average 
and at the extreme ends of the exposure distribution for Californians 
of color and residents of overburdened communities. Emissions 
from LDVs and HDVs affect disparities in different ways. LDVs con-
tribute the most to PM2.5 concentrations and absolute disparity, 
while emissions from HDVs most disproportionately expose people 
of color relative to other fleet types, thereby highlighting the impor-
tance of mitigating emissions from both vehicle types. Of the groups 
considered here, residents of AB617 communities in aggregate expe-
rience the highest levels of PM2.5 exposure from on- road vehicles, 
although PWM exposures for these residents have declined by more 
than 60% since 2000. There is substantial heterogeneity among 
AB617 communities in terms of the total exposure concentration 
and the relative contribution from each vehicle type.

Our finding of highly persistent relative disparities for Californians 
of color is disappointing but consistent with a growing body of 
literature on sectoral emissions policy. When policies reduce the 
overall emissions rate without substantially altering the pattern of 
where emissions occur, relative disparities in exposure can persist 
(9, 14, 21). In this vein, the findings from our retrospective analysis 
resonate with the results of studies that have prospectively modeled 
the potential future equity impacts associated with specific vehicle 
policies (e.g., heavy- duty truck electrification and zero- emission ve-
hicle adoption). Consistently with those studies, we have found 
large absolute concentration changes in regions with the highest 
share of people of color, yet we nonetheless find a minimal reduc-
tion in the relative disparity for PM2.5 exposure (14, 23, 25, 52, 86). 
These results arise because the places with the largest concentration 
changes over time tend to be the places most affected by vehicles 
(fig. S8).

While the sustained inequity in PM2.5 exposure resulting from on- 
road mobile sources is problematic, California’s mobile source strat-
egy has led to large aggregate reductions in emissions, exposure 
concentrations, and absolute disparities. Although the relative dispar-
ity in exposure to PM2.5 from on- road mobile sources is effectively 
unchanged for Californians of color and residents of overburdened 
communities, the PWM PM2.5 exposures caused by these mobile 
sources were reduced by approximately 64% for all demographic 
groups considered during our study. On- road mobile source controls 
have also reduced emissions from a broad suite of TRAPs (87) that are 
also of health concern. For example, statewide on- road emissions of 
carbon monoxide, nitrogen oxides, and diesel PM also decreased by 
~75% (38, 39). Ambient concentrations of these pollutants have de-
clined substantially in absolute terms, especially at sites in overbur-
dened communities (60). These results speak to the value of both 
aggressive mobile source control and a multi- pollutant mitigation 
strategy that considers multiple TRAPs at once. Future mitigation ef-
forts should continue this approach to avoid the risk of unintended 
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consequences of single- pollutant control strategies (52). Despite this 
success, it is likely that relative disparities for other pollutants with 
similar spatial patterns of on- road emissions have persisted. For ex-
ample, NOx, for which on- road sources contributed 57% of total 
statewide emissions in 2000, is considered. From 2000 to 2019, our 
assessment of high- resolution empirical model predictions shows 
a ~55% decrease in PWM NO2 but large and moderately increasing 
relative disparities by race- ethnicity (fig. S3).

It is useful to consider the implications of our retrospective as-
sessment for California’s current policy efforts that focus heavily on 
eliminating exhaust emissions across the on- road fleet through a 
combination of electrification and—in the case of HDVs—hydrogen. 
For every year of the study, approximately 90% or more of the 
PWM PM2.5 exposure (and absolute exposure disparity) is attribut-
able to exhaust emissions and approximately 80% or more is attrib-
utable to secondary formation from precursor exhaust emissions 
(figs. S11 to S14). Because California’s policies contemplate elimi-
nating exhaust emissions, this result implies that future vehicle elec-
trification has the potential to substantially reduce exposures and 
absolute disparity. Nonetheless, PWM exposure to non- exhaust pri-
mary PM2.5 emissions (i.e., brake and tire wear) increased some-
what from 2000 to 2019 (fig.  S18), while relative disparities from 
non- exhaust primary PM2.5 remained effectively constant. Non- 
exhaust emissions would not be fully eliminated through electrifica-
tion and could conceivably be exacerbated by increases in vehicle 
mass (88). Thus, future low levels of exposure from non- exhaust 
emissions (e.g., brake and tire wear) might still disparately affect 
people of color and residents of overburdened communities.

Our results suggest that relative disparities in exposure will per-
sist without a paradigm shift in transportation policy. Some policy 
approaches have the potential to reduce not only aggregate levels of 
exposure but also relative disparities. For example, creating low 
emissions zones or promoting a mode shift away from private auto-
mobiles (e.g., dense public transit networks and bike lane infra-
structure) could be more likely to reduce exposure disparities from 
the on- road vehicle fleet than statewide fleet- specific emissions 
controls, while also improving air pollution throughout the system 
(89). Without systemic changes to transportation infrastructure, it 
seems possible that these relative disparities could persist even in a 
future, lower emission scenario. Conversely, by strategically accel-
erating emissions reductions, such as vehicle electrification efforts, 
with deployment emphasizing overburdened areas, EJ communi-
ties could achieve substantial short- term reductions in relative 
 exposure disparity.

While we have focused on one sector within California, our find-
ings contribute to an emerging body of EJ research indicating that to 
reduce relative disparities in exposure, the policy must not only con-
tinue a trend of emissions reduction but also target the disparate 
geographical distribution of emissions in overburdened communi-
ties. While we focused on California as a case study, it is possible that 
these general findings would apply across the United States, as most 
state and national approaches broadly have mirrored California’s, 
with a strong focus on emission rate reductions. Our work provides 
a compelling illustration of how a highly successful emissions reduc-
tion strategy does not necessarily reduce relative disparity in expo-
sures (20, 21). More research is needed to identify the specific suite 
of strategies that can deliver a “triple win” for climate, health, and 
equity goals. We hypothesize that particularly effective strategies 
may go beyond aggregate emission rate reductions by ameliorating 

the inequitable spatial distribution of where activities and emissions 
take place. Thus, future work could explore the environmental eq-
uity impacts of potential policy actions and public investments that 
fundamentally change transportation infrastructure.

MATERIALS AND METHODS
Emissions estimates
We obtained estimates of mobile emissions in California from 
CARB’s EMFAC model (version EMFAC 2021 with MPOv11) for 
calendar years 2000 through 2019 (38). The EMFAC model uses de-
tailed California- specific data to estimate emissions by year and fleet 
and has been approved by the US EPA (53). Estimated emissions 
were spatially allocated to a 1 km–by–1 km grid using surrogates 
developed by CARB and CARB’s Spatial and Temporal Allocator 
(ESTA) model. The ESTA model uses spatial surrogates that are de-
rived from link- level traffic measurement data combined with pop-
ulation estimates and spatial information about idling locations, rest 
stops, and distribution centers (90). The resulting dataset contained 
spatially resolved annual total exhaust, evaporative, brake wear, and 
tire wear emissions for primary PM2.5 and four precursor species: 
NOx, VOC, NH3, and SOx. EMFAC2021 reports results for 54 vehi-
cle categories and five fuel types (gasoline, diesel, natural gas, plug- 
in hybrid, and electric). Emissions for this analysis were binned into 
three main vehicle groups: LDVs, MDVs, and HDVs, with all other 
vehicle types (including motorcycles, motorhomes, and buses) 
grouped together as “Other” (table S1). Fleet information is derived 
from detailed data from the California Department of Motor Vehi-
cles, the California Highway Patrol, the International Registration 
Plan Clearinghouse, and the National Transit Database (38). EMFAC 
is therefore capable of providing a reasonable representation of 
distinct activity and emissions patterns for specific vehicle fleets.

Estimates of air concentrations
We modeled annual average PM2.5 concentrations attributable to 
vehicle emissions in California using the ISRM (15, 28, 73). The 
ISRM was developed from the US InMAP, which used WRF- Chem 
simulations and US Environmental Protection Agency National 
Emissions Inventory emissions estimates for 2014. The national ver-
sion of InMAP was sampled on a population- weighted, variably 
sized grid (n = 21,705; 1 km to 48 km) for the state of California 
(15). Approximately 74% of grid cells are the finest resolution, with 
a population- weighted average grid size of 2.4 km (urban: 1.2 km; 
rural: 7.4 km). The gridding algorithm ensures that no cell larger 
than 1 km contains more than 20,000 people or a census block group 
with a population density higher than 2500 people/km.

The ISRM relates, for the n  =  21,705 grid cells in California, 
marginal changes in ground- level concentration in every grid cell 
to marginal changes in emissions in every cell. Because this work 
only evaluates impacts from on- road mobile sources, all concentra-
tions were estimated using the ground- level (i.e., 0 to 57 m above 
ground) layer.

Open- source tool: ECHO- AIR
Air pollution modeling, even with reduced complexity modeling 
tools such as InMAP, can have major accessibility barriers for non- 
specialists. For the present analysis, we developed an open- source 
Python- based pipeline that streamlines exposure concentration and 
health impact analyses. The resulting system, called Estimating 
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Concentrations and Health Outcomes – Automated ISRM Resource 
(ECHO- AIR), aims to lower barriers to entry for rapid estimation of 
PM2.5 exposure and health assessments.

Executing ECHO- AIR for analyses in California requires only 
estimates of emissions, which can be input as ArcGIS- compatible 
shapefiles or comma- separated value files. ECHO- AIR is modular, 
enabling users to use any ISRM, population data, and health input 
data, so long as they are formatted correctly ECHO- AIR is managed 
through a public GitHub repository to ensure transparency, maximize 
usability, and perform routine model upgrades and maintenance (see 
Supplementary Text for details).

Population estimates
We obtained population data for the years 2000 and 2010 from the 
decennial US census for California from the National Historic Geo-
graphic Information System (NHGIS) database version 16.0 (91). 
Population estimates were queried at the tract level by age, race, and 
Hispanic origin. Consistent with prior literature (4, 8, 9), racial- 
ethnic categories were estimated as follows: The population count for 
Hispanic Californians was defined as Californians of any race who 
were of Hispanic origin; Californians who are not of Hispanic origin 
and are Black or African American alone, Asian alone, or white alone 
were defined as Black, Asian, and white Californians, respectively; all 
other Californians were included in the other category.

Exposure assessment and disparity analysis
We estimated statewide group- level exposures to annual average 
PM2.5 as PWM concentrations, consistent with the air pollution dis-
parity literature (3, 8, 9, 19). For the metrics below, we consider only 
on- road mobile source exposure (i.e., we neglect contributions from 
other source types unless explicitly stated otherwise). To estimate 
exposure to PM2.5 for each year, we calculate geographic intersec-
tions between the 2010 census tract boundaries and the gridded 
concentration estimates. Population is down- sampled based on area 
apportionment; concentration estimates are assumed to be constant 
throughout the grid cell. Exposure concentrations are calculated at 
the smallest geography possible (e.g., polygon intersection of census 
tract and ISRM grid cell).

The PWM exposure is estimated by multiplying the annual aver-
age PM2.5 concentration by the population of the demographic 
group of interest within that grid cell, summing across all grid cells, 
and dividing by the total population

where PWMk is the PWM exposure concentration for group k 
across n grid cells, Pi,k is the population of group k in grid cell i, and 
Ci is the concentration of PM2.5 in grid cell i. Equity was assessed 
using the absolute and relative disparities at the PWM. The absolute 
disparity (DA,k) is defined as a demographic group’s PWM exposure 
(PWMk) subtracted by the statewide PWM exposure (PWMT)

Relative disparities (DR,k) are estimated as the absolute disparity 
divided by the statewide PWM exposure to mobile sources

Because the ISRM is a linear model and the absolute disparity is 
an arithmetic equity metric, absolute disparities can be apportioned 
to individual source categories to find a relative contribution to the 
absolute disparity. Thus, the fractional contribution of a source’s 
emissions to a group’s exposure is estimated as follows

where fj,k is the fractional contribution from source j on the expo-
sure and disparity for group k, DA,j,k is the absolute disparity from 
source j for group k, and DA,t,k is the absolute disparity for group k 
from all on- road mobile sources.

Supplementary Materials
This PDF file includes:
Supplementary Text
Figs. S1 to S18
Tables S1 to S6
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E N V I R O N M E N TA L  S T U D I E S

PM2.5 exposure disparities persist despite strict vehicle 
emissions controls in California
Libby H. Koolik1, Álvaro Alvarado2, Amy Budahn2, Laurel Plummer2,  
Julian D. Marshall3, Joshua S. Apte1,4*
As policymakers increasingly focus on environmental justice, a key question is whether emissions reductions 
aimed at addressing air quality or climate change can also ameliorate persistent air pollution exposure disparities. 
We examine evidence from California’s aggressive vehicle emissions control policy from 2000 to 2019. We find a 
65% reduction in modeled statewide average exposure to PM2.5 from on- road vehicles, yet for people of color and 
overburdened community residents, relative exposure disparities increased. Light- duty vehicle emissions are the 
main driver of the exposure and exposure disparity, although smaller contributions from heavy- duty vehicles es-
pecially affect some overburdened groups. Our findings suggest that a continued trend of emissions reductions 
will likely reduce concentrations and absolute disparity but may not reduce relative disparities without greater 
attention to the systemic factors leading to this disparity.

INTRODUCTION
Despite decades of progress in improving ambient air pollution in 
the United States, people of color still bear a disparate burden of air 
pollution (1–12). Within California, research has quantified and 
characterized these exposure disparities using both measurements 
and models (13–18). Solutions to this persistent inequality are in-
creasingly a focus for academic research and environmental policy 
at the federal, state, and local levels (9, 17–19). A growing body of 
research investigates how air quality policies might contribute to a 
“triple win” that simultaneously achieves meaningful benefits by 
 reducing population- wide exposures, mitigating greenhouse gas 
emissions, and reducing exposure disparities and extreme expo-
sures (20, 21). Here, we use a modeling framework to explore how 
multi- decade emissions reductions shaped by air quality and cli-
mate policies have affected environmental justice (EJ) outcomes, us-
ing California’s aggressive on- road mobile source strategy as a case 
study. In this work, we focus on exposure disparities, which can be 
distinct from disparities in health outcomes (22–27).

Recent research on how to reduce air pollution exposure dis-
parities in the United States presents two conflicting approaches 
(9, 19–21, 28). The first approach starts from the recognition that 
many major emitting sectors lead to disparate exposures for peo-
ple of color (2). Thus, focusing on emissions reductions for sectors 
that especially affect people of color could have EJ co- benefits (21, 
29–32). This approach mirrors the policy structure in the United 
States and elsewhere, where environmental regulations are target-
ed to individual economic sectors (e.g., vehicles, industries, and 
power plants) and tailored to relevant technology and infrastruc-
ture. The second body of research suggests that sector- oriented 
policies may not be effective in addressing relative disparities in air 
pollution. For example, optimization modeling found that aggres-
sive nationwide emissions reductions targeting economic sectors 

with higher- than- average disparity impact would not eliminate 
racial- ethnic fine particulate matter (PM2.5) exposure disparities 
without nearly eliminating emissions (9). In contrast, a location- 
specific approach—i.e., emissions reductions by location rather than 
by economic sector—rapidly eliminated disparities. Building upon 
this finding, two recent studies (20, 21) simulated climate policies 
with substantial abatement of PM2.5 and its precursors across most 
US economic sectors and found modest potential reductions in dis-
parities. They too reported that “location- specific” policies that tar-
get emissions reductions in all sectors within specific overburdened 
geographies may have a high potential to address relative exposure 
disparities even with small emissions changes (9, 19). To comple-
ment prospective studies, which consider ways to reduce future ex-
posure disparity, we examine the disparity impacts of historical 
emissions trajectories. We focus on the transportation sector, which 
is often highlighted as having a high potential to reduce exposure 
disparities. Historically, racist urban planning and infrastructure 
decisions (e.g., redlining and freeway siting) have concentrated ve-
hicle emissions in communities of color (2, 4, 7, 13, 29). Further-
more, people who are exposed to the highest levels of traffic- related 
air pollution often are not the communities who drive the most 
(30–32). Hence, a recent study found that emissions controls for the 
transportation sector have the greatest potential to mitigate racial- 
ethnic inequality in US air pollution (21). Simultaneously, the trans-
portation sector is a priority area for regulatory agencies and 
EJ- oriented community groups; emissions reductions from these 
sources could potentially reduce exposure disparities, human health 
impacts, and greenhouse gas emissions (33).

For nearly 60 years, California led the United States in reducing 
on- road vehicle emissions. Because California’s motor vehicle emis-
sion regulation preceded the Clean Air Act of 1970, California is 
delegated the authority to set vehicle emissions standards more 
stringently than the federal equivalent (34–36). In the present analy-
sis, we model exposure concentrations for the years 2000 through 
2019, during which California’s regulatory agencies pursued an ag-
gressive and interlinked suite of multi- pollutant policies to reduce 
emissions across the entire on- road vehicle fleet (36). Examples in-
clude requiring cleaner fuels and technological advancements (e.g., 
hybrid drivetrain, alternative fuel and propulsion technologies, and 
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advanced emissions controls) specific to light- duty, medium- duty, 
and heavy- duty vehicle classes (LDV, MDV, and HDV, respectively).

The suite of regulations that comprise California’s mobile source 
strategy has resulted in large aggregate reductions of emissions of 
multiple pollutants from diverse fleets that make up the state’s on-  
and off- road vehicles (37). Here, we examine how changes in on- 
road vehicle emissions from 2000 to 2019 have affected exposure to 
PM2.5. Over this time period, on- road emissions have been shaped 
by several aggressive state regulations targeting specific vehicle 
fleets, including California Air Resources Board’s (CARB) Light- 
Duty Vehicle Emissions Standards, Advanced Clean Cars, and the 
Truck and Bus Regulation (38). Despite statewide and fleetwide on- 
road vehicle miles traveled increasing ~24%—from 292 billion 
(2000) to 364 billion (2019)—emissions of the four species that prin-
cipally drive population- weighted PM2.5 exposures from on- road 
vehicles have decreased. Regulatory emissions data indicate reduc-
tions of ~70% for primary PM2.5, nitrogen oxides (NOx), and volatile 
organic compounds (VOC), while ammonia (NH3) decreased by 
~15% (fig. S1) (38). Notably, non- exhaust primary PM2.5 emissions 
(e.g., brake and tire wear) have increased by ~20% over this time 
period, causing the relative non- exhaust share of primary PM2.5 to 
increase substantially (14 to 50% from 2000 to 2019) (39). Diverse 
measurement and observational datasets (see the Supplementary 
Materials) corroborate overall declining emissions of PM, NOx, 
VOC, NH3, and other key traffic- related air pollutants (TRAPs) 
(40–50). Considering all species that contribute to total PM2.5, 
California’s on- road emissions reductions outpaced the national 
aggregate, especially for NOx and VOC (51).

On- road vehicle emissions are anticipated to continue to decline 
in California in response to major new regulations: Advanced Clean 
Cars II (starting in 2035, requires all new passenger cars, trucks, and 
SUVs sold in California to be zero- emission vehicles) and Advanced 
Clean Fleets (starting in 2045, all trucks that drive in California 
must use zero- emissions technology). A few recent studies have pro-
jected the air pollution and equity impacts of vehicle electrification 
in California and found limited equity benefits. In this paper, we 
build on a much smaller body of work (14, 52) to focus retrospec-
tively on the equity impacts of past changes in vehicle emissions 
over two recent decades to inform future policy.

We investigate whether the combined impacts of the ensemble of 
mobile source strategies have contributed to a reduction in PM2.5 
exposure disparities. Exposure disparities are multifaceted; we quan-
tify them along several axes described below. Our analysis also con-
siders two specific features (vehicle type and spatial scale) that are 
central to current regulatory design. We conclude with implica-
tions from this California- focused retrospective analysis for future 
EJ- focused policy for the United States.

We developed and used an open- source analysis method based 
on atmospheric simulations from the Intervention Model for Air 
Pollution (InMAP; see Materials and Methods) to model total PM2.5 
concentrations resulting from emissions of PM2.5, NOx, VOC, NH3, 
and sulfur oxides (SOx) emitted by California’s on- road mobile 
source sector from 2000 to 2019. Estimates of on- road mobile emis-
sions are from CARB’s EMission FACtor regulatory model (EM-
FAC v2021 with MPOv11), which has been approved by the US 
EPA (53). EMFAC represents CARB’s best estimate of on- road 
emissions; it incorporates detailed administrative and observation-
al data pertaining to fleet composition, emissions performance, and 
spatiotemporal activity patterns (38). Variably sized gridded PM2.5 

concentrations (1 to 48 km, higher resolution in greater population 
density locations) are combined with tract- level 2010 census popu-
lation data to estimate exposure disparities among demographic 
groups (15). We disaggregate mobile source impacts into four ve-
hicle types: LDV, MDV, HDV, and all other vehicles (e.g., buses, 
motorcycles, and motorhomes; table S1).

In the United States and California, air pollution exposure dis-
parities tend to be larger by race- ethnicity than by other socioeco-
nomic and demographic indicators (e.g., income, education, and 
urbanicity) due in large part to the historical racism and racist 
practices (e.g., housing discrimination, redlining, and highway re-
location) that segregated cities and placed high- pollution sources 
near communities of color (2–4, 10, 11, 54). Accordingly, we focus 
our analyses on racial- ethnic disparities. In addition, we consider 
two statutory geographic designations (AB617 and SB535) of cu-
mulative impacts that California uses for prioritizing EJ (fig. S2) 
(55, 56). Although these geographies have only recently been es-
tablished (and thus past policy may or may not have explicitly tar-
geted these places), we focus on them here because they are 
examples of location- specific policies that target emissions reduc-
tions in overburdened communities. Through the Community Air 
Protection Program (AB617), California has designated specific 
communities (2.7  million people, year 2010; 8.1% of the state’s 
population) for priority in community- based air pollution moni-
toring and emissions reduction plans (55). A second policy, SB535 
(10.2 million people, 30.0% of the state’s population), focuses on 
targeting financial investments toward people living in “disadvan-
taged communities,” identified using several environmental, socio-
economic, and public health indicators for each US census tract in 
California (56, 57).

From here onward, we use the term “overburdened communities” 
to refer specifically to the areas designated as AB617 or SB535 com-
munities and refer to the people who live in these areas as “residents 
of overburdened communities.” The demographic makeup of resi-
dents of overburdened communities has a higher proportion of peo-
ple of color (all groups except for non- Hispanic white Californians) 
than the statewide population (people of color: 92.9% in AB617 
communities, 82.9% in SB535 communities; table S2). We also spe-
cifically consider exposure and disparities experienced by individual 
racial- ethnic groups (e.g., Hispanic Californians).

RESULTS AND DISCUSSION
Statewide trends in overall exposure and relative 
exposure disparity
California’s mobile source policy has succeeded in its overall goal of 
reducing PM2.5 exposures (Fig. 1A). We find that the modeled state-
wide population- weighted mean (PWM) PM2.5 exposure concentra-
tion attributable to on- road vehicles decreased from approximately 
3.2 to 1.1 μg/m3 from 2000 to 2019, a ~65% decrease (i.e., nearly a 
factor of 3) in exposure on average for all Californians. This reduction 
in PM2.5 exposure from on- road vehicles outpaced the overall state-
wide improvement in ambient air quality (fig. S3). For context, mul-
tiple independent estimates of total PWM PM2.5 from all sources in 
California show an approximate ~40% decrease from 15 to 9 μg/m3 
from 2000 to 2019 (58–60).

We evaluate PWM PM2.5 exposure from on- road mobile sources 
for racial- ethnic groups and residents of overburdened communi-
ties (Fig. 1A). Our modeled estimate of PM2.5 declined for all groups, 
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and the ordering of exposures by group is generally consistent over 
time. Among all racial- ethnic groups, Hispanic Californians experi-
enced the highest exposure for all years, with PWM PM2.5 exposure 
concentrations of approximately 3.5 and 1.3 μg/m3 in 2000 and 2019, 
respectively. Black Californians experienced the next highest PWM 
exposure concentration (3.5, 1.2 μg/m3 in 2000 and 2019, respec-
tively), followed by Asian Californians (3.3, 1.2 μg/m3). Of the four 
racial- ethnic groups in Fig.  1A, white Californians were exposed 
to  the lowest PWM PM2.5 concentrations: approximately 2.7 and 
0.9 μg/m3  from 2000 and 2019, respectively. Residents of overbur-
dened communities were exposed to substantially higher PWM con-
centrations of PM2.5 from on- road mobile sources (AB617 residents: 
4.4, 1.6 μg/m3 in 2000 and 2019; SB535 residents: 4.1, 1.5 μg/m3 in 
2000 and 2019) than the PWM for any racial- ethnic group shown 
in Fig. 1A.

For each demographic group, we compute exposure disparity as 
the absolute (in micrograms per cubic meter) and relative (percent) 
difference between the average modeled concentration experienced 
by a group versus the overall state population (Fig. 1B and table S3; 
see also Materials and Methods). In this work, we discuss exposure 
disparities in both absolute and relative terms. Both metrics provide 
useful insights into exposure inequality. Because increases in PM2.5 
concentration have a causal relationship with increases in adverse 
health outcomes, absolute differences between groups of people must 
be minimized to the extent possible. However, systemic inequality in 
terms of relative exposure disparity can persist even if the most over-
burdened areas receive the largest reductions in exposure in absolute 
terms if those reductions are not also the largest in percentage terms. 
Crucially, our analyses focus exclusively on PM2.5 exposure dispari-
ties attributable to on- road vehicles. Most other major emitting sec-
tors in California also disparately expose residents of overburdened 
communities and people of color to PM2.5 (2, 15). Likewise, expo-
sures to other air pollutants are also unequally distributed (4, 7, 10). 
Accordingly, when we find that disparities persist, they persist in a 
larger story of environmental inequity in California.

Reflecting the nearly parallel exposure concentration traces over 
time evident in Fig. 1A, relative disparities in PM2.5 exposure from 

on- road mobile sources (Fig. 1B) were notably persistent, increasing 
slightly over this time period. The relative disparity in exposure to 
on- road mobile sources for Hispanic Californians increased slightly 
from 12.0 (the year 2000) to 13.9% (the year 2019), while the relative 
disparity in exposure for white Californians decreased slightly from 
−13.5 to −15.5%. Thus, the overall relative difference between the 
most and least exposed race- ethnicity increased from 30 to 35%. 
Given expected model uncertainties, these incremental changes 
may not necessarily represent evidence of a trend that is distinguish-
able from approximately constant relative disparity. Likewise, rela-
tive disparities for Black and Asian Californians also persisted 
(respectively 10.5 to 11.5% and 5.4 to 6.2% over this period). Expo-
sure disparities by race- ethnicity are larger than by income (fig. S4). 
Notably, we find persistent disparities in exposure to both primary 
and secondary PM2.5 from vehicle emissions. Relative disparities 
in exposure to primary PM2.5 components (18.6% for Hispanic 
Californians) were larger than disparities in exposure to secondary 
PM2.5 (11.1% for Hispanic Californians).

Absolute and relative exposure disparities in overburdened com-
munities are even larger. For example, the relative disparity in expo-
sure (i.e., relative to the overall population average) for on- road 
mobile source PM2.5 is more than three times as large for AB617 
communities as for the most- exposed racial- ethnic group, increas-
ing somewhat from 40 (the year 2000) to 45% (the year 2019). Strat-
ifying by CalEnviroScreen score (which is used in part to identify 
SB535 communities), we find even larger relative disparities (fig. S4).

Disparities in exposure for those living at the extreme ends of the 
concentration distribution are also relevant for understanding envi-
ronmental injustice. We estimated population- weighted distribu-
tions of exposure by race- ethnicity for each vehicle class (figs.  S5 
and S6). In general, changes in exposure at the upper percentiles 
(i.e., 75th and 90th) are consistent with changes in exposure at the 
PWM and consistent across time. Considering the disparity in ex-
posure at the 75th and 90th percentiles relative to the statewide 
mean, we find large and increasing relative disparities (e.g., 90th 
percentile exposure for Hispanic Californians increased from 104 to 
118% higher than statewide PWM from 2000 to 2019).
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Fig. 1. On- road mobile source PM2.5 exposure and relative disparity in exposure for each demographic group. Statewide population- weighted mean PM2.5 exposure 
concentrations (A) and relative disparity in exposure (B) attributable to on- road mobile sources for the four largest racial- ethnic groups and two policy- relevant environ-
mental justice areas in California. In each year, relative exposure disparities (B) for each racial- ethnic group are computed in reference to the statewide average PM2.5 con-
centration attributable to on- road mobile sources. Concentrations in overburdened communities designated under California’s Community Air Protection Program (AB617, 
~10% of state population) and as SB535 Disadvantaged Communities (~25% of state population) substantially exceed those experienced on average for the most exposed 
racial- ethnic group, Hispanic Californians. Crucially, despite greater than 50% reductions in mobile source population- weighted mean PM2.5 for all groups (A), relative racial- 
ethnic disparities increased for Hispanic, Black, and Asian Californians, as well as residents of overburdened communities. Here and elsewhere, the “Hispanic” population 
reflects Californians of any racial group identifying on the US census as Hispanic, while all other groupings exclude Californians identifying as Hispanic.
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We also evaluated the degree to which the California populations 
who experience the highest overall exposure to PM2.5 from on- road 
vehicles are disproportionately composed of people of color, and 
how this pattern has evolved over time. To do so, we binned the 
California population by decile of modeled exposure to PM2.5 and 
then compared the racial- ethnic composition of each decile in 2000 
and 2019 (Fig. 2 and midpoint result in fig. S7). From 2000 to 2019, 
Hispanic Californians are overrepresented at the highest exposure 
deciles. While the California state population is 37.6% Hispanic, the 
highest decile of exposure for emissions in 2000 and 2019 consists 
of 47.9 and 50.8% Hispanic people, respectively. Similarly, white 
Californians, who comprise 40.1% of the population, are overrepresent-
ed among the populations with the lowest exposures (62.0% of the 
lowest- exposure deciles in 2000 and 2019) and are underrepresented 
in the highest- exposure decile [29.9% (2000) and 27.7% (2019)]. 
In fig. S8, we examine the racial- ethnic composition of the popula-
tion across the full distribution of absolute and percentage changes 
in PM2.5 exposure from on- road vehicles. While the grid cells with 
the largest absolute reduction in concentration consist of more peo-
ple of color than the statewide average, there are only small demo-
graphic differences in the percentage change in exposure. This result 
arises in large part because the geographies with the largest absolute 
reductions in PM2.5 exposure from on- road mobile sources started 
with the highest initial levels of exposure in 2000.

Differences in contributions to exposure disparity by 
fleet type
Because California’s vehicle emissions control policies generally dif-
ferentiate by vehicle type, we disaggregate our analyses of emissions, 
exposures, and disparities by vehicle type based on the official 
EMFAC2021 documentation (table S1) (38). We model the disparities 
and additive contributions of each vehicle fleet type at the state level 
for the most exposed racial- ethnic group, Hispanic Californians, to 
identify which vehicle types have an especially influential role in 
their exposures and disparities.

At the statewide average, we find that LDVs are the vehicle fleets 
with the largest aggregate impact on overall PWM PM2.5 exposures and 
absolute disparities. For example, considering Hispanic Californians, 
LDVs account for 65 to 70% of the 0.2 to 0.4 μg/m3 absolute dis-
parity in PM2.5 exposure from on- road mobile sources (Fig. 3, A 
and B). Contributions to the absolute disparity from HDVs (16 to 
24%), MDVs (9 to 14%), and all other vehicles (<5%) are substan-
tially smaller. Considering the PWM distribution of PM2.5 by vehi-
cle fleet type and race- ethnicity, we find broadly similar racial- ethnic 
distributions of exposure attributable to LDVs, HDVs, and MDVs, 
with Hispanic Californians receiving the highest exposures (fig. S5). 
Between 2000 and 2019, the fractional contributions to absolute dis-
parity from individual vehicle fleet types were stable, likely reflect-
ing the roughly constant distribution of vehicle activity patterns by 
vehicle fleet.

From here on, we focus our discussion on LDVs and HDVs, 
which, in combination, account for >80% of exposures and absolute 
disparities attributable to on- road sources (see fig. S7 for detailed 
results for other fleets). The dominant influence of LDVs on expo-
sure holds across racial- ethnic groups and for residents of overbur-
dened communities (figs.  S9 and S10), but with different overall 
magnitudes of exposure for different subpopulations. This result 
likely arises for two reasons. First, LDVs dominate the overall emis-
sions of PM2.5 and its precursors. On the basis of the CARB emis-
sions inventories used, LDVs contribute most of the NH3 and VOC 
emissions (70 to 95% of NH3 and >80% of VOC) from vehicles, 
which account for ~44 to 56% of total PM2.5 exposure from vehicles. 
LDVs and HDVs contribute more similarly to primary PM2.5 (23 to 
45% LDV and 29 to 56% HDV) and NOx (35 to 48% LDV and 36 to 
43% HDV) emissions, and these species contribute the remaining 
~44 to 56% of total PM2.5 (figs. S11 to S14). Primary PM2.5 emissions 
are more weighted toward non- exhaust emissions in recent years, 
especially for LDVs (figs. S11 to S14). Second, LDV emissions are 
more concentrated near population centers than other vehicle fleets, 
so LDVs result in a substantially higher- than- average exposure im-
pact [fig. S15, population- weighed exposure per ton of annual emis-
sions (metric: micrograms per cubic meter); this metric is directly 
related to intake fraction, e.g., (61–63)].

While the high activity of LDVs causes a higher aggregate impact 
on disparity, HDVs stand out as the fleet type whose emissions cause 
the most disparate impact on Californians of color. As a complement 
to apportioning the overall absolute exposure disparity to emis-
sions from individual vehicle types (i.e., largest aggregate impact), in 
Fig. 3C, we also consider which vehicle fleet types have an especially 
disparate impact on specific racial- ethnic groups (largest relative im-
pact regardless of the magnitude of emissions) relative to the state-
wide population. For example, the relative disparity caused by HDVs 
for Hispanic Californians (range: 16 to 17%) was larger than the 
relative disparity caused by LDVs (range: 11 to 14%). This difference 
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Fig. 2. Racial- ethnic population distribution by exposure decile. Differences in 
the racial- ethnic composition of the California population exposed to each decile 
of the distribution of PM2.5 attributable to on- road mobile sources in (A) 2000 and 
(B) 2019. The statewide population is binned into 10 groups of equal population of 
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pattern holds for white Californians. Data are plotted for individual vehicle types 
and the analysis midpoint year (2010) in the Supplementary Materials.
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in impacts by fleet type is consistent with recent traffic equity model-
ing, which demonstrated that the majority of Californians of all 
race- ethnicity are exposed to high annual average daily traffic from 
LDVs, but Californians of color are disproportionately exposed to 
higher annual average daily traffic from HDVs (64). Another useful 
metric for discussing the especially disparate impact of HDVs is the 
exposure inequality, defined by Demetillo et al. (65) as the percent 
difference in exposure between the most and least exposed racial- 
ethnic groups. On the basis of our results, the PM2.5 inequality for 

Hispanic Californians, relative to white Californians, increased from 
37% in 2000 to 41% in 2019. This finding complements recent work 
that shows the importance of HDV emissions mitigation for reducing 
racial- ethnic disparity (23, 65).

Substantial heterogeneity in fleet- wise contributions at the 
community scale
We find that there is substantial spatial heterogeneity in how differ-
ent vehicle fleet types contribute to PM2.5 exposures. We compare 
modeled contributions by vehicle type at four spatial scales: state-
wide (Fig. 4A), regional (Fig. 4B), within overburdened communi-
ties (Fig. 4C), and community scale (Fig. 4D). Whereas the previous 
section and Fig. 4C evaluate aggregate exposure and disparity across 
all AB617 overburdened communities, in Fig. 4D, we compare con-
tributions to exposure and disparity within individual overbur-
dened communities. The primary goal of this analysis is to highlight 
the heterogeneity among diverse communities in how vehicle fleets 
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Fig. 3. Contributions to disparity in exposure to mobile-source PM2.5 for His-
panic Californians. Two methods of comparing contributions to disparity in PM2.5 

exposures from on-road vehicle fleet types shown for the most exposed racial-
ethnic group, Hispanic Californians. First, we compare the absolute magnitude in 
contribution from each vehicle group (A and B); then, we compare the relative dispar-
ity in exposure to each vehicle group (C). (A) Absolute disparities in PM2.5 exposure 
from vehicles for Hispanic Californians relative to the overall statewide population 
declined between 2000 and 2019, consistent with the overall reduction in emis-
sions (fig. S1) and population-weighted mean PM2.5 concentrations (Fig. 1). (B) Frac-
tional contributions to the overall disparity that are attributable to each fleet 
type are estimated by normalizing the absolute contribution to disparity attribut-
able to a single fleet type to the total disparity attributable to all on-road mobile 
sources. In each year, light-duty vehicle (LDVs) emissions are the dominant con-
tributor to the disparately high exposures experienced by Hispanic Californians. 
(C) Disparities attributable to emissions of individual vehicle fleet types relative to the 
statewide average PM2.5 exposure attributable to emissions of that individual ve-
hicle fleet. Note that heavy-duty vehicles (HDVs) especially disparately impact His-
panic Californians, even though HDVs are not the dominant contributor to overall 
emissions (fig. S1), PM2.5 concentrations (Fig. 1), or absolute disparities (C). Fig. 4. Spatial heterogeneity in contributions by fleet to mobile source PM2.5 

exposure. Contribution to PM2.5 exposures from distinct vehicle fleets is shown at 
four spatial scales: (A) statewide, (B) three major regions, (C) residents of overbur-
dened communities, and (D) for 19 individual communities designated by the state 
of California through the Community Air Protection Program (AB617; see fig. S2 for 
identification of each community). At each spatial scale, pie chart icons indicate the 
fractional contribution to exposure attributable to each vehicle fleet type, with 
icons scaled in proportion to the population- weighted mean PM2.5 concentration 
from all vehicle types. Light- duty vehicles contribute especially to mobile source 
PM2.5 exposures in Southern California, while the relative contribution from MDVs 
and especially HDVs is comparatively higher in the Central Valley and San Francisco 
Bay Area. There is considerable heterogeneity among AB617 communities in 
fleet contributions.
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contribute to PM2.5; our estimates are not meant to precisely capture 
community- scale pollution concentrations. As with any emissions 
inventory, modeled concentrations are much more precise with 
 locally validated, site- specific information that has been observa-
tionally verified (66). To complement our high- level approach to 
understanding the heterogeneity in source contributions, future 
community- specific analyses could use higher spatial resolution 
modeling tools and local emissions data to better represent the lived 
experience of individual communities.

On average, the Los Angeles area and its AB617 overburdened 
communities have high PWM exposures and high contributions 
from LDVs (>60%). In the Central Valley, while the PWM expo-
sures are lower, the contributions from HDVs are substantially 
higher (e.g., ~60% in Arvin/Lamont). The diversity in fleet contribu-
tions to individual communities showcases the importance of 
community- specific emissions reduction planning. While a com-
munity with a high share of LDVs, for example, might benefit more 
from policy actions that directly reduce those emissions (e.g., more 
electric bus routes and street conversion to bicycle paths), different 
strategies may be more appropriate for a community dominated by 
HDVs (e.g., additional diesel fuel emissions limits, truck electrifica-
tion, and low emissions zones). These differences likely arise from 
differences in spatial distributions of sources relative to residences 
and the magnitude and mixtures of vehicle activity that occur at the 
community scale. In sum, our results support the approach of en-
abling communities to identify and mitigate the largest contributors 
to local exposures and disparities.

Validation, limitations, and implications for future research
Multiple lines of evidence suggest that our core qualitative results 
align with available observational evidence. A relative strength of 
our modeling approach is that it allows us to model temporal chang-
es at a sufficiently high spatial resolution that we can estimate expo-
sure disparities attributable to individual source categories. In 
contrast, a detailed longitudinal record of in situ observations is not 
available at sufficient spatial resolution to permit a rigorous assess-
ment of how disparities in exposure to traffic- related PM2.5 have 
evolved. Nonetheless, CARB’s analyses of ambient monitoring data 
from 1990 to 2014 align qualitatively with our results. These analyses 
of monitoring data indicate declining concentrations of diesel PM, 
PM2.5, and NO2 but with persistent relative and absolute disparities 
for the relatively sparse network of sites located in overburdened 
communities (60).

As additional points of comparison for our modeled results, we 
examined datasets of finely resolved satellite observations and em-
pirical model predictions. These datasets afford the ability to con-
sider changes in exposure and disparity for the entire state (see 
Supplementary Text) (58, 59). In fig. S3, we compare our analyses 
with changes in total PM2.5 (only moderately influenced by vehicles) 
and NO2 (strongly influenced by vehicles). Considering PWM con-
centration changes from 2000 to 2019, our estimated PWM PM2.5 
from on- road vehicles declined at a broadly similar rate (~65%) 
compared to the results from a high- resolution empirical model of 
PWM NO2 spatial patterns (~55%). Our estimates of the racial- 
ethnic ordering of vehicle- emitted PM2.5 exposures and disparities 
closely match those from the total PM2.5 and NO2 datasets. Cru-
cially, our finding of temporally persistent relative disparities in ex-
posure to PM2.5 from on- road sources (Fig. 1B) is consistent with 
highly stable patterns of relative disparity in total PM2.5 and NO2 for 

Californians of color (fig. S3). Furthermore, we find that the magni-
tude of our estimate of traffic- related PWM PM2.5 is consistent with 
the on- road vehicle contribution from previous modeling and 
in situ source apportionment studies in California (67–72). In com-
bination, these supporting lines of evidence reinforce our key quali-
tative conclusion that exposures from mobile sources have decreased 
while relative disparities in exposure have persisted.

It is worthwhile to consider possible uncertainties, biases, and 
limitations associated with our approach. Our modeling framework 
is built around the InMAP reduced complexity model (73) and its 
associated InMAP source- receptor matrix [ISRM; (28)]. The com-
putational efficiency of this model enabled us to interactively exe-
cute thousands of unique model runs representing distinct vehicle 
fleets for 20 individual years while maintaining a sufficiently fine 
scale (down to 1 km2) to capture spatially sharp exposure disparities 
(1, 3). However, our modeling approaches have notable limitations. 
First, as with any atmospheric modeling, our results rest on the va-
lidity of underlying emissions inventories, including how they rep-
resent patterns over time and space [see, e.g., (74)], as discussed 
briefly below. Second, InMAP makes simplifying assumptions that 
can lead to somewhat higher bias than traditional chemical trans-
port models (CTMs), which model the underlying atmospheric 
chemistry and dynamics with higher fidelity. One such simplifica-
tion in our model is a linear approximation of nonlinear secondary 
aerosol chemistry. Third, the temporal resolution of our results is 
limited to annual average conditions; we do not quantify exposure 
disparities that occur on seasonal, diurnal, or shorter- than- annual 
timescales, which are also relevant (75). In addition, our model does 
not capture sub- grid scale exposure gradients near roads; those gra-
dients can occur and are important for exposure disparities at scales 
finer than 1 km (76). InMAP results are generally considered more 
robust for spatial aggregations of many grid cells (e.g., air basins and 
groups of overburdened communities), and less so for individual 
pixels or neighborhoods (73). Last, our core analyses assign expo-
sures based on a fixed residential address [which can misclassify 
exposures; see, e.g., (77)] and were estimated using a temporally 
static year 2010 US census dataset (selected as the midpoint year of 
our study).

Considering that our key results emphasize the persistence over 
time of disparities (especially relative disparities)—rather than abso-
lute concentrations at specific locations—our overarching qualitative 
insights are likely to be robust. Relative disparities are principally de-
termined by the interaction of fine- scale spatial patterns of demo-
graphics, roadways, and fleet activity and are less sensitive to the 
magnitude of emissions or concentrations. In the Supplementary 
Materials (the “Model uncertainty and sensitivity” section of Supple-
mentary Text and figs. S16 and S17), we explore how possible biases 
in emissions estimates and model performance could affect our re-
sults. We first review the literature to constrain our understanding of 
the uncertainty from the state regulatory model of on- road mobile 
source emissions estimates (50, 74). From previous work validating 
EMFAC’s on- road mobile source emission factors and a similar 
model’s activity- based spatial surrogates, we believe that our qualita-
tive insight is unlikely to be affected by bias in the emissions inven-
tory. We then perform four tests to evaluate the sensitivity of our 
analyses to potential biases in the emissions and model (fig. S16). A 
key insight is that within the range of expected model biases for In-
MAP, we find that the magnitude and ordering of relative disparities 
are only minimally sensitive. This result arises in part because 

D
ow

nloaded from
 https://w

w
w

.science.org on July 11, 2026



Koolik et al., Sci. Adv. 10, eadn8544 (2024)     11 September 2024

S C I E N C E  A D V A N C E S  |  R E S E A R C H  A R T I C L E

7 of 11

relative disparities involve ratios of modeled concentration esti-
mates. In addition, because we find meaningful disparities for each 
of the five modeled PM2.5 constituents, pollutant- specific model 
biases (representing, for example, a possible mischaracterization of 
the nonlinear chemistry in InMAP) are unlikely to strongly skew our 
results (see fig. S16). Likewise, this analysis implies that inventory 
biases that affect aggregate levels of emissions are unlikely to affect 
our core insights. We show that our results are robust against spatial 
biases in the emissions inventory by repeating our analysis with 
emissions from two independently derived, peer- reviewed emissions 
inventories (78, 79) and coarser representations of our emissions in-
ventory. Spatial emissions biases in the inventory could conceivably 
affect conclusions about relative disparities if they were much larger 
than what we explored in fig. S16. However, we consider this implau-
sible given how closely our results align with disparity insights from 
high- resolution NO2 predictions (fig. S3). Nonetheless, because nei-
ther EMFAC nor InMAP is meant to authoritatively describe emis-
sions and concentrations in individual model pixels, we ascribe our 
greatest confidence to overall patterns in space and time, but caution 
against overinterpreting results for specific communities or other 
small regions. Last, in a sensitivity analysis (fig. S17), we repeated our 
analysis with 2000 decennial census data. These analyses indicate 
that our core qualitative finding of highly persistent relative disparity 
was generally not sensitive to the selection of the census dataset. In 
particular, the choice of which demographic dataset is used mini-
mally affected the PWM concentrations and relative disparities ex-
perienced by overburdened communities and individual racial- ethnic 
groups in California. However, future demographic shifts in the 
California population that substantially alter patterns of social segre-
gation could meaningfully affect aggregate air pollution disparities at 
the state level. For example, if suburbs become more racially inte-
grated and California’s population becomes increasingly diverse, 
then relative disparities could decrease as a function of demographic 
changes and not necessarily emissions mitigation.

Future research beyond the scope of this assessment could fur-
ther corroborate our findings and build on our results. First, CTM 
simulations could usefully validate our core results, especially as they 
concern the behavior of secondary PM2.5 from vehicle emissions. 
Second, it would be helpful to quantify the effect of decades of vehi-
cle emissions controls on other air pollutants that are relevant to the 
health of overburdened communities, including nitrogen oxides, 
diesel PM, and air toxics. Third, although in  situ observations of 
TRAPs have historically not been available at a sufficiently high spa-
tial resolution to systematically characterize changes in disparity, 
careful analysis of data at particular locations may be able to comple-
ment our statewide insights. Moreover, as hyperlocal measurements 
of TRAPs become more widespread, these types of observational 
studies may be more feasible in the future.

Last, because disparities in terms of health outcomes are also rel-
evant to EJ and distinct from exposure disparities, analyses that 
quantify the complex interplay of emissions, exposures, and social, 
demographic, and epidemiological factors could explore the impact 
of vehicle emissions on environmental health disparities over time 
(22, 23, 25–27, 80–83). Disparities in health outcomes are strongly 
influenced by social determinants of health (e.g., age, obesity, access 
to health care, and criminal justice) that have persisted over time 
and are independent of air pollution (80, 84). Several recent studies 
show that Black and Hispanic Americans in the United States have 
a higher susceptibility to air pollution than non- Hispanic white 

Americans (81–83, 85). Thus, a focus on disparities in exposure may 
underestimate or mischaracterize the ultimate disparities in health 
outcomes (22–27). While this study focused exclusively on expo-
sure disparities, effective policies should address disparities in both 
exposure and health outcomes.

Policy insights from California’s historical mobile vehicle 
control policies
We have demonstrated that while modeled PWM PM2.5 exposures 
and absolute exposure disparities attributable to on- road mobile 
sources have decreased over the past two decades across all popula-
tion groups, relative disparities have remained at both the average 
and at the extreme ends of the exposure distribution for Californians 
of color and residents of overburdened communities. Emissions 
from LDVs and HDVs affect disparities in different ways. LDVs con-
tribute the most to PM2.5 concentrations and absolute disparity, 
while emissions from HDVs most disproportionately expose people 
of color relative to other fleet types, thereby highlighting the impor-
tance of mitigating emissions from both vehicle types. Of the groups 
considered here, residents of AB617 communities in aggregate expe-
rience the highest levels of PM2.5 exposure from on- road vehicles, 
although PWM exposures for these residents have declined by more 
than 60% since 2000. There is substantial heterogeneity among 
AB617 communities in terms of the total exposure concentration 
and the relative contribution from each vehicle type.

Our finding of highly persistent relative disparities for Californians 
of color is disappointing but consistent with a growing body of 
literature on sectoral emissions policy. When policies reduce the 
overall emissions rate without substantially altering the pattern of 
where emissions occur, relative disparities in exposure can persist 
(9, 14, 21). In this vein, the findings from our retrospective analysis 
resonate with the results of studies that have prospectively modeled 
the potential future equity impacts associated with specific vehicle 
policies (e.g., heavy- duty truck electrification and zero- emission ve-
hicle adoption). Consistently with those studies, we have found 
large absolute concentration changes in regions with the highest 
share of people of color, yet we nonetheless find a minimal reduc-
tion in the relative disparity for PM2.5 exposure (14, 23, 25, 52, 86). 
These results arise because the places with the largest concentration 
changes over time tend to be the places most affected by vehicles 
(fig. S8).

While the sustained inequity in PM2.5 exposure resulting from on- 
road mobile sources is problematic, California’s mobile source strat-
egy has led to large aggregate reductions in emissions, exposure 
concentrations, and absolute disparities. Although the relative dispar-
ity in exposure to PM2.5 from on- road mobile sources is effectively 
unchanged for Californians of color and residents of overburdened 
communities, the PWM PM2.5 exposures caused by these mobile 
sources were reduced by approximately 64% for all demographic 
groups considered during our study. On- road mobile source controls 
have also reduced emissions from a broad suite of TRAPs (87) that are 
also of health concern. For example, statewide on- road emissions of 
carbon monoxide, nitrogen oxides, and diesel PM also decreased by 
~75% (38, 39). Ambient concentrations of these pollutants have de-
clined substantially in absolute terms, especially at sites in overbur-
dened communities (60). These results speak to the value of both 
aggressive mobile source control and a multi- pollutant mitigation 
strategy that considers multiple TRAPs at once. Future mitigation ef-
forts should continue this approach to avoid the risk of unintended 
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consequences of single- pollutant control strategies (52). Despite this 
success, it is likely that relative disparities for other pollutants with 
similar spatial patterns of on- road emissions have persisted. For ex-
ample, NOx, for which on- road sources contributed 57% of total 
statewide emissions in 2000, is considered. From 2000 to 2019, our 
assessment of high- resolution empirical model predictions shows 
a ~55% decrease in PWM NO2 but large and moderately increasing 
relative disparities by race- ethnicity (fig. S3).

It is useful to consider the implications of our retrospective as-
sessment for California’s current policy efforts that focus heavily on 
eliminating exhaust emissions across the on- road fleet through a 
combination of electrification and—in the case of HDVs—hydrogen. 
For every year of the study, approximately 90% or more of the 
PWM PM2.5 exposure (and absolute exposure disparity) is attribut-
able to exhaust emissions and approximately 80% or more is attrib-
utable to secondary formation from precursor exhaust emissions 
(figs. S11 to S14). Because California’s policies contemplate elimi-
nating exhaust emissions, this result implies that future vehicle elec-
trification has the potential to substantially reduce exposures and 
absolute disparity. Nonetheless, PWM exposure to non- exhaust pri-
mary PM2.5 emissions (i.e., brake and tire wear) increased some-
what from 2000 to 2019 (fig.  S18), while relative disparities from 
non- exhaust primary PM2.5 remained effectively constant. Non- 
exhaust emissions would not be fully eliminated through electrifica-
tion and could conceivably be exacerbated by increases in vehicle 
mass (88). Thus, future low levels of exposure from non- exhaust 
emissions (e.g., brake and tire wear) might still disparately affect 
people of color and residents of overburdened communities.

Our results suggest that relative disparities in exposure will per-
sist without a paradigm shift in transportation policy. Some policy 
approaches have the potential to reduce not only aggregate levels of 
exposure but also relative disparities. For example, creating low 
emissions zones or promoting a mode shift away from private auto-
mobiles (e.g., dense public transit networks and bike lane infra-
structure) could be more likely to reduce exposure disparities from 
the on- road vehicle fleet than statewide fleet- specific emissions 
controls, while also improving air pollution throughout the system 
(89). Without systemic changes to transportation infrastructure, it 
seems possible that these relative disparities could persist even in a 
future, lower emission scenario. Conversely, by strategically accel-
erating emissions reductions, such as vehicle electrification efforts, 
with deployment emphasizing overburdened areas, EJ communi-
ties could achieve substantial short- term reductions in relative 
 exposure disparity.

While we have focused on one sector within California, our find-
ings contribute to an emerging body of EJ research indicating that to 
reduce relative disparities in exposure, the policy must not only con-
tinue a trend of emissions reduction but also target the disparate 
geographical distribution of emissions in overburdened communi-
ties. While we focused on California as a case study, it is possible that 
these general findings would apply across the United States, as most 
state and national approaches broadly have mirrored California’s, 
with a strong focus on emission rate reductions. Our work provides 
a compelling illustration of how a highly successful emissions reduc-
tion strategy does not necessarily reduce relative disparity in expo-
sures (20, 21). More research is needed to identify the specific suite 
of strategies that can deliver a “triple win” for climate, health, and 
equity goals. We hypothesize that particularly effective strategies 
may go beyond aggregate emission rate reductions by ameliorating 

the inequitable spatial distribution of where activities and emissions 
take place. Thus, future work could explore the environmental eq-
uity impacts of potential policy actions and public investments that 
fundamentally change transportation infrastructure.

MATERIALS AND METHODS
Emissions estimates
We obtained estimates of mobile emissions in California from 
CARB’s EMFAC model (version EMFAC 2021 with MPOv11) for 
calendar years 2000 through 2019 (38). The EMFAC model uses de-
tailed California- specific data to estimate emissions by year and fleet 
and has been approved by the US EPA (53). Estimated emissions 
were spatially allocated to a 1 km–by–1 km grid using surrogates 
developed by CARB and CARB’s Spatial and Temporal Allocator 
(ESTA) model. The ESTA model uses spatial surrogates that are de-
rived from link- level traffic measurement data combined with pop-
ulation estimates and spatial information about idling locations, rest 
stops, and distribution centers (90). The resulting dataset contained 
spatially resolved annual total exhaust, evaporative, brake wear, and 
tire wear emissions for primary PM2.5 and four precursor species: 
NOx, VOC, NH3, and SOx. EMFAC2021 reports results for 54 vehi-
cle categories and five fuel types (gasoline, diesel, natural gas, plug- 
in hybrid, and electric). Emissions for this analysis were binned into 
three main vehicle groups: LDVs, MDVs, and HDVs, with all other 
vehicle types (including motorcycles, motorhomes, and buses) 
grouped together as “Other” (table S1). Fleet information is derived 
from detailed data from the California Department of Motor Vehi-
cles, the California Highway Patrol, the International Registration 
Plan Clearinghouse, and the National Transit Database (38). EMFAC 
is therefore capable of providing a reasonable representation of 
distinct activity and emissions patterns for specific vehicle fleets.

Estimates of air concentrations
We modeled annual average PM2.5 concentrations attributable to 
vehicle emissions in California using the ISRM (15, 28, 73). The 
ISRM was developed from the US InMAP, which used WRF- Chem 
simulations and US Environmental Protection Agency National 
Emissions Inventory emissions estimates for 2014. The national ver-
sion of InMAP was sampled on a population- weighted, variably 
sized grid (n = 21,705; 1 km to 48 km) for the state of California 
(15). Approximately 74% of grid cells are the finest resolution, with 
a population- weighted average grid size of 2.4 km (urban: 1.2 km; 
rural: 7.4 km). The gridding algorithm ensures that no cell larger 
than 1 km contains more than 20,000 people or a census block group 
with a population density higher than 2500 people/km.

The ISRM relates, for the n  =  21,705 grid cells in California, 
marginal changes in ground- level concentration in every grid cell 
to marginal changes in emissions in every cell. Because this work 
only evaluates impacts from on- road mobile sources, all concentra-
tions were estimated using the ground- level (i.e., 0 to 57 m above 
ground) layer.

Open- source tool: ECHO- AIR
Air pollution modeling, even with reduced complexity modeling 
tools such as InMAP, can have major accessibility barriers for non- 
specialists. For the present analysis, we developed an open- source 
Python- based pipeline that streamlines exposure concentration and 
health impact analyses. The resulting system, called Estimating 
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Concentrations and Health Outcomes – Automated ISRM Resource 
(ECHO- AIR), aims to lower barriers to entry for rapid estimation of 
PM2.5 exposure and health assessments.

Executing ECHO- AIR for analyses in California requires only 
estimates of emissions, which can be input as ArcGIS- compatible 
shapefiles or comma- separated value files. ECHO- AIR is modular, 
enabling users to use any ISRM, population data, and health input 
data, so long as they are formatted correctly ECHO- AIR is managed 
through a public GitHub repository to ensure transparency, maximize 
usability, and perform routine model upgrades and maintenance (see 
Supplementary Text for details).

Population estimates
We obtained population data for the years 2000 and 2010 from the 
decennial US census for California from the National Historic Geo-
graphic Information System (NHGIS) database version 16.0 (91). 
Population estimates were queried at the tract level by age, race, and 
Hispanic origin. Consistent with prior literature (4, 8, 9), racial- 
ethnic categories were estimated as follows: The population count for 
Hispanic Californians was defined as Californians of any race who 
were of Hispanic origin; Californians who are not of Hispanic origin 
and are Black or African American alone, Asian alone, or white alone 
were defined as Black, Asian, and white Californians, respectively; all 
other Californians were included in the other category.

Exposure assessment and disparity analysis
We estimated statewide group- level exposures to annual average 
PM2.5 as PWM concentrations, consistent with the air pollution dis-
parity literature (3, 8, 9, 19). For the metrics below, we consider only 
on- road mobile source exposure (i.e., we neglect contributions from 
other source types unless explicitly stated otherwise). To estimate 
exposure to PM2.5 for each year, we calculate geographic intersec-
tions between the 2010 census tract boundaries and the gridded 
concentration estimates. Population is down- sampled based on area 
apportionment; concentration estimates are assumed to be constant 
throughout the grid cell. Exposure concentrations are calculated at 
the smallest geography possible (e.g., polygon intersection of census 
tract and ISRM grid cell).

The PWM exposure is estimated by multiplying the annual aver-
age PM2.5 concentration by the population of the demographic 
group of interest within that grid cell, summing across all grid cells, 
and dividing by the total population

where PWMk is the PWM exposure concentration for group k 
across n grid cells, Pi,k is the population of group k in grid cell i, and 
Ci is the concentration of PM2.5 in grid cell i. Equity was assessed 
using the absolute and relative disparities at the PWM. The absolute 
disparity (DA,k) is defined as a demographic group’s PWM exposure 
(PWMk) subtracted by the statewide PWM exposure (PWMT)

Relative disparities (DR,k) are estimated as the absolute disparity 
divided by the statewide PWM exposure to mobile sources

Because the ISRM is a linear model and the absolute disparity is 
an arithmetic equity metric, absolute disparities can be apportioned 
to individual source categories to find a relative contribution to the 
absolute disparity. Thus, the fractional contribution of a source’s 
emissions to a group’s exposure is estimated as follows

where fj,k is the fractional contribution from source j on the expo-
sure and disparity for group k, DA,j,k is the absolute disparity from 
source j for group k, and DA,t,k is the absolute disparity for group k 
from all on- road mobile sources.

Supplementary Materials
This PDF file includes:
Supplementary Text
Figs. S1 to S18
Tables S1 to S6
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DIESEL IDLING PRE-SURVEY (Part A) 

California Safe Schools – Diesel Idling Deterrence Project 

Date: _______________  

Instructions: For questions 1-9 mark an X on your response: 1=Strongly Disagree | 
2=Disagree | 3=Neutral | 4=Agree | 5=Strongly Agree 

SCALE 1: Knowledge (Health + Exposure) 

1. I understand how diesel exhaust (PM2.5, NOx) affects respiratory and cardiovascular health. 

1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

2. I can identify common sources of diesel pollution in my community (e.g., trucks, freight routes, 
idling vehicles near schools). 

1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

3. I understand that children and communities near freight corridors or major roadways may 
experience higher exposure to diesel pollution. 

1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

SCALE 2: Awareness & Perception (Environment + Systems) 

4. I am aware that some neighborhoods experience higher air pollution burdens than others in Los 
Angeles County. 

1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

5. I can identify at least one location in my community where diesel idling or truck traffic 
contributes to air pollution. 

1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

6. I believe visible tools like "No Idling" signage can influence driver behavior. 

1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

 

 



SCALE 3: Behavior & Engagement Intention 

7. I am more likely now to avoid unnecessary vehicle idling (e.g., waiting in parked vehicles). 

1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

8. I would feel comfortable reporting repeated diesel idling violations if I observed them near 
schools or community spaces. 

1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

9. I am likely to share information about diesel pollution or "No Idling" practices with others in my 
household or community. 

1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

 
Thank you for your participation! 

 

 

 

 

 

 

 

 

 

 



 
DIESEL IDLING POST SURVEY (Part B) 

California Safe Schools – Diesel Idling Deterrence Project 

Date: _______________  

Instructions: For questions 1-9 mark an X on your response: 1=Strongly Disagree | 
2=Disagree | 3=Neutral | 4=Agree | 5=Strongly Agree 

SCALE 1: Knowledge (Health + Exposure) 

1. I understand how diesel exhaust (PM2.5, NOx) affects respiratory and cardiovascular health. 

1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

2. I can identify common sources of diesel pollution in my community (e.g., trucks, freight routes, 
idling vehicles near schools). 

1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

3. I understand that children and communities near freight corridors or major roadways may 
experience higher exposure to diesel pollution. 

1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

SCALE 2: Awareness & Perception (Environment + Systems) 

4. I am aware that some neighborhoods experience higher air pollution burdens than others in Los 
Angeles County. 

1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

5. I can identify at least one location in my community where diesel idling or truck traffic 
contributes to air pollution. 

1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

6. I believe visible tools like "No Idling" signage can influence driver behavior. 

1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

 

 



SCALE 3: Behavior & Engagement Intention 

7. I am more likely now to avoid unnecessary vehicle idling (e.g., waiting in parked vehicles). 

1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

8. I would feel comfortable reporting repeated diesel idling violations if I observed them near 
schools or community spaces. 

1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

9. I am likely to share information about diesel pollution or "No Idling" practices with others in my 
household or community. 

1 ☐ 2 ☐ 3 ☐ 4 ☐ 5 ☐ 

10. How many people did you share materials with? What is the key feedback you received? 
(e.g., "15 classmates; most surprised about asthma links.") 

 

 
11. What is the most important thing you learned or changed your thinking about regarding diesel 

idling or air quality in your community? 

 

 

12. What would you like to know more about in this project, or how would you suggest it could be 
improved? 
 

 
Thank you for your participation! 

 


