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Air pollution is the largest environmental risk factor in the world, causing ∼ 6.5 million deaths per

year. However, people don’t breathe the same air. Air pollution exposures and associated health

impact are unevenly distributed across countries, regions, communities, and individuals. Between-

country inequalities in ambient air pollution indicate that people living in low- and middle-income

countries disproportionately experience the higher pollution exposures and larger burdens of ambi-

ent air pollution. Within-country inequalities, including how ambient pollution levels correlate with

socio-demographic attributes, are poorly studied other than in the US and a few other high-income

countries. Most literature in the US indicates higher air pollution exposures for people of color and

low-income populations. During the past decades, the air has gotten cleaner in the US, however,

the disparities persist. While ample studies have documented patterns of air pollution exposure

inequality in the US, there is almost no scientific literature that explore possible solutions and

policies to eliminate the systemic and long-standing inequalities. In addition, inequality patterns

in the US may or may not be applicable to other countries, owing to the different historical, social,

economic, political, urbanization characteristics.

This dissertation consists of four original studies of ambient air pollution concentration and



exposure inequality (Chapters 2 to 5), plus an introduction to these topics (Chapter 1) and a

summary of findings with potential implications for future research and for policy (Chapter 6).

There are three main objectives: (1) quantify spatial sources of ambient air pollution (Chapter 2);

(2) explore exposure inequality patterns in countries other than US (specifically, in China; Chapter

3); and (3) investigate policies/approaches to address the persistent exposure inequalities in the

US (Chapters 4 and 5). I focus on two important air pollutants: fine particulate matter (PM2.5),

and nitrogen dioxide (NO2). The approaches to estimate air pollution concentration include both

empirical and mechanistic air quality models.

Chapter 1 provides relevant background on air pollution distribution and exposure inequality,

highlights the motivation, objectives, approaches, and structure of this dissertation.

Chapter 2 quantifies the spatial sources of ambient NO2 and PM2.5 concentrations. I develop

a readily scalable algorithm based on “spatial-increment” to decompose air pollution concentrations

into four spatial components: long-range, mid-range, neighborhood, and near-source. I apply the

algorithm to the 2010-2015 annual-averaged concentrations from empirical predictions for all census

blocks in the contiguous US. I find that NO2 is of urban origin and varies by urbanicity; ∼90% of

the concentration differences are driven by “neighborhood” and “mid-range” components; climate

or geographic regions have less effects on the NO2 concentrations. In contrast, PM2.5 is a regional

pollutant with a strong secondary component; the concentrations are dominated by “long-range”

components (>50% in most geographic regions) and vary at state and regional level; urbanicity has

modest effects on PM2.5 concentrations and minor effects on concentration differences.

Chapter 3 quantifies the relationship between ambient air pollution exposure and socioeco-

nomic status (SES) in China. I combine estimated year 2015 annual-average ambient levels of

NO2 and PM2.5 from empirical models with national demographic information, which is derived

from both China Health and Retirement Longitudinal Study (CHARLS) cohort and gridded gross

domestic product (GDP). I find that in contrast to the typical patterns for the US, ambient air

pollution concentrations in China are higher for higher-SES populations and communities than

for lower-SES populations, and higher for long-standing urban residents than for rural-to-urban

migrant populations. The positive relationship holds for different SES measurements (individual

SES score, community-averaged SES score, gridded GDP per capita), in rural and urban locations,



across geographic regions, across a wide range of spatial resolution from 1-100 km, and for modeled

vs. measured pollution concentrations. Exposure inequalities are higher for NO2 than PM2.5. My

findings are consistent with the idea that in China’s current industrialization and urbanization

stage, economic development is positively correlated with both SES and air pollution levels.

Chapters 4 and 5 investigates approaches and policy scenarios to address US national racial-

ethnic inequalities of air pollution exposure. I use InMAP (Intervention Model for Air Pollution)

Source-Receptor Matrix (ISRM) to predict how changes in emissions impact annual-average PM2.5

concentrations and exposure inequalities. Chapter 4 investigates three emission-reduction ap-

proaches, and compare their optimal ability to address both average exposure for the overall popu-

lation and racial-ethnic exposure inequalities. I find that US national inequalities in exposure can

be eliminated with minor emission-reductions (optimal: ∼1% of total emissions) if targeting specific

locations. In contrast, achieving that outcome using existing regulatory strategies would require

eliminating essentially all emissions (if targeting specific economic sectors) or is not possible (if

requiring urban regions to meet concentration standards). In addition, there is no tradeoff between

reducing overall average and reducing national inequalities; rather, the approach that does the best

for reducing national inequalities (i.e., location-specific strategies) also does as well as or better

than the other two approach (i.e., sectors-specific; meeting concentration standards) for reducing

overall averages.

Chapter 5 expands the investigation inChapter 4 to a specific government environmental jus-

tice (EJ) policy – the Biden Administration’s Justice40 Initiative (“J40”), which is a general policy

to address environmental injustice. Climate and Economic Justice Screening Tool (CEJST) is the

signature element and ongoing approach of J40. I investigate whether emission-reductions brought

about by CEJST/J40 investments will eliminate disparities in PM2.5 exposure by race-ethnicity and

other attributes in 20 years, through comparing a Business As Usual (“BAU”) scenario against two

scenarios wherein CEJST-identified locations (“J40 communities”) experience accelerated emission-

reductions. BAU simply continues historical rates of emissions and emission-changes into the future;

in the two CEJST scenarios, I double or quadruple emission reduction in J40 communities, relative

to BAU. I find that under BAU scenario, disparities remain in place. The two accelerated scenarios

will only eliminate inequalities for J40 communities and for low-income populations in 20 years; yet



they do not reduce relative disparities by race-ethnicity. The results indicate that additional and

more targeted actions, beyond CEJST/J40, will be needed to end racial-ethnic exposure disparities

in the next decades.

Chapter 6 summarizes the findings of the studies presented in Chapters 2 to 5 and discusses

implications for future research and policy. Overall, these studies provide new knowledge and

insights for air pollution exposure inequalities by: (1) extending the EJ knowledge to China –

indicating a consistent positive relationship between SES and ambient air pollution exposures; and

(2) advancing the EJ knowledge in the US – implying a possible general solution to address the

persistent racial-ethnic inequalities in the US, and providing a useful example of regulatory impact

analyses for assessing the effectiveness of the EJ policies.
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Chapter 1

INTRODUCTION

This dissertation explores inequalities in exposure to ambient air pollution, and investigates

possible solutions to address those inequalities. This chapter provides background information on

these topics, highlights the motivation and objectives of my research works, introduces general

approaches applied in, and outlines the structure of remaining chapters.

1.1 Background

1.1.1 Air pollution and its distribution

Air pollution is the largest environmental risk factor in the world, causing ∼ 6.5 million deaths

per year (∼ 4 million are from ambient particulate matter [PM]) [1–3]. Air pollution is associated

with many acute and chronic health impacts, including respiratory disease, cardiovascular disease,

cancers, chronic obstructive pulmonary disease, adverse pregnancy outcomes, cognitive impairment

and neurological diseases, and others [1, 2, 4].

Sources of air pollution consist of “natural” (e.g., biogenic sources, dust) and anthropogenic

sources, which include point (e.g., power plants, industrial sites), area (e.g., agricultural fields),

and mobile sources (e.g., gasoline vehicles). Air pollution can be either directly emitted to the

atmosphere from an emission source (primary air pollutants, e.g., primary PM, black carbon [BC],

sulphur dioxide [SO2]), or formed in the atmosphere from precursor gases through chemical reactions

and microphysical processes (secondary air pollutants, e.g., ozone [O3], secondary PM, nitrogen

dioxide [NO2]).

Air pollution concentrations in the environment, which can vary greatly within a region or a

city, reflect spatial patterns in emissions, physical and chemical processes governing production and

removal of pollutants, and turbulent advection and dispersion that drives transport and dilution.

Concentrations of ambient air pollution vary on length scales from meters, to 100s or 1000s of km,

affected by time, location, and pollutant. The spatial variability of air pollution concentrations

at a location can reveal information on pollution sources. For example, spatially homogenous
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concentrations suggest dominance of regional sources and/or secondary pollutants (e.g., sulfate fine

PM [PM ≤2.5 µm in aerodynamic diameter, “PM2.5”] formed from SO2 emissions from coal power

plants, ammonium PM2.5 formed from ammonia [NH3] emissions from agricultural fields), whereas

heterogeneities on short length-scales suggest influence by local emission sources (e.g., nitrogen

oxides [NOx] emissions from traffic in an urban high-way, BC emissions from a brick production

factory).

1.1.2 Air pollution exposure inequality

People don’t breathe the same air. Air pollution exposures and associated health impacts are

unevenly distributed across countries, regions, communities, and individuals from different socio-

demographic groups. Between-country disparities in ambient air pollution indicate that people

living in low- and middle-income countries (especially in East and South Asia) disproportionately

experience the higher pollution exposures and larger health burdens (89% of the premature deaths

occur in these areas) of ambient air pollution [1, 5, 6]. Within-country disparities, including how

ambient pollution levels correlate with socio-demographic attributes, are poorly studied other than

in the United States and a few other high-income countries. As described next, most studies for

the US indicates higher pollution levels in disadvantaged communities with less political power to

resist polluting land-uses [7–12]; however, this pattern may not be applicable to other countries

which have different historical, social, economic, and industrialization characteristics [13–15].

Air pollution exposure inequality patterns are influenced by the spatial scales of air pollution

and population data due to spatial aggregation problem [16–19]. For example, a coarser-resolution

analysis may smooth out the spatial clustering of population and pollution, causing modeled pollu-

tion to be artificially (and incorrectly) diluted away from nearby populations, which likely results

in the underestimation of inequalities among population groups [16,17].

1.1.3 Air pollution exposure inequality in the US

The studies about inequalities in air pollution exposure in the US began in the 1970s [20,21]. In

the 1990s, following the rise of the environmental justice movement, an emerging literature began

documenting the air pollution disparities by race and income [12,20,22].

The US Environmental Protection Agency (EPA) defines environmental justice (EJ) as “the

fair treatment and meaningful involvement of all people regardless of race, color, national origin,
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or income, with respect to the development, implementation, and enforcement of environmental

laws, regulations, and policies.” [23] That definition focuses mainly on process, i.e., on the treat-

ment of people and their involvement in regulatory and governmental processes. Another aspect,

in addition to process, is outcomes (e.g., concentrations, risk). My work focuses on outcomes (con-

centrations). In this dissertation, EJ refers to avoiding a situation in which a specific social group

is disproportionately affected by environmental hazards.

The vast majority of the existing literature for the US indicates higher air pollution levels

for communities of color and populations with lower socioeconomic status (SES) [7–12, 24], a pat-

tern that holds for nearly all emission sources and all U.S. states ( [10, 25, 26]). Disparities by

race-ethnicity are larger than, and distinct from, those by income [8, 10, 20, 27, 28]. Exposure dis-

parities often co-occur with disparities in other social stressors, which can exacerbate community

vulnerability and susceptibility [29].

During the past decades, the Clean Air Act has been effective at reducing average concentra-

tions and absolute exposure disparities [30], but relative disparities are generally ignored and have

persisted [8, 10, 28, 31–33]. Disadvantaged communities (especially the people of color communi-

ties) with the largest air pollution burdens decades ago still experience the highest air pollution

exposures today [32].

Racial-ethnic inequalities in US ambient air pollution and subsequent exposures are attributable

to market dynamics, sociopolitical reasons, and racist planning [34]. The market dynamics expla-

nations include two parts: (1) new pollution facilities tend to be located in the places where lands

are cheap and industrial labor pools are nearby, and those locations are more likely to be near

the communities of color; (2) racial-ethnic and socioeconomic compositions of the nearby neigh-

borhoods may also significantly change after the facility has been sited, which further exacerbates

the inequalities [34]. Sociopolitical explanations include that the disadvantaged communities lack

social capital and political power/access, and thus are less able to stop locally undesirable land-uses

such as highways, industrial facilities, and other sources of pollution [9, 11, 20, 25, 31, 35]. In addi-

tion to these two explanations, another important cause is racist planning, including (1) historical,

race-based housing segregation and (2) racist land-use practices [24, 35–44], which has led to the

disproportionate siting of multiple pollution sources in communities of color and low-income com-

munities [28, 35, 37, 38, 45, 46]. This pattern continues today: on average, polluting land-uses are

more likely to be located near communities with less political power to resist their placement [42].
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The existing literature has documented exposure inequities [7–11, 27, 28, 32, 33, 47] and inves-

tigated the impacts on inequities of emission changes for specific sources (e.g., industrial facilities,

electricity generation units, on-road traffic, etc. [48–57]) or locations [12,58–62]. However, there is

almost no scientific literature on how to eliminate air pollution exposure inequalities [25,63]. That

aspect is an important research gap in the literature [64,65].

1.1.4 Air pollution exposure inequality in China and other countries

While disparities are well documented in the US, limited knowledge exists for China or other

low- or middle-income countries [9], where 91% of the premature deaths from outdoor air pollution

occur (26% are in China) [1,6]. From 1990 to 2013, the population-weighted average ambient PM2.5

concentration in China increased 38% (from 39 µg/m3 to 55 µg/m3), which is almost twice the

global averaged value (20.4%) [5]. Less than 20% of the Chinese population lives in cities that meet

the national annual PM2.5 standard (the GB 3095-2012 standard; 35 µg/m3) [66], and none lives

in cities that meet the World Health Organization’s (WHO) annual guideline (5 µg/m3) [5,67–69].

As mentioned above, the environmental inequality patterns in the US are attributed in part to

past and present racial discrimination and race- and class-based market dynamics. However, those

theories developed in the US may not be applicable for China and elsewhere owing to the different

historical, social, economic, political, urbanization, and industrialization characteristics [13–15].

For example, studies have found that environmental inequality patterns in European countries

imply a mixed relationship and are different from the US, owing to the lower extent of social

segregation and the greater tendency (relative to in the United States) for lower-SES groups to

live in the outskirts of the city [70]. Urban expansion patterns [71], local housing policies [72],

and discrete choices between benefits/amenities and negative aspects of the environment [73] are

also found to influence the exposure inequality patterns in Europe. One study in India proposed

an environmental Kuznets curve (EKC; i.e., a theory that environmental degradation first rises

and then falls with an increasing per capita income [74–76]) -like pattern (i.e., a inverted U-shaped

relationship): the low-SES populations are more likely to be exposed to coal pollution; however, the

extremely marginalized communities are less exposed to coal pollution because they are excluded

from both negative and positive externalities of industrial development [77].

Previous studies in China have investigated air pollution inequality with respect to specific

sources, including industrial emissions [15,78,79], emissions from electric vehicles [56], and household
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consumption [80]. Those studies mostly indicate that people with higher income tend to have higher

health burdens from air pollution, which is reverse of the patterns in the US. Studies on ambient

concentrations [13,81–83] have mostly focused on a single city (mostly for big cities such as Beijing

and Shenzhen) or yielded inconclusive results [84–86]. The lacking of national and comprehensive

studies in China is in part attributable to the lack of fine-resolution demographic data (e.g., publicly

available census data for China is at the county level [average per county: 0.4 million people;

2,642 km2]) and pollution concentration data, which limits the potential for some census-based

demographic analyses of air pollution in China — analyses that, in the United States, are common.

The lack of comprehensive research on environmental inequality in China and other low- and

middle-income countries, including theories and national empirical studies of SES and ambient air

pollution, is another gap in the literature [9].

1.2 Goals and objectives

As mentioned in the previous sections, there are two important research gaps in the literature

on air pollution exposure inequality:

• Most of the studies are for the US. There is limited knowledge for low- and middle-income

countries, where there are higher air pollution levels and larger health burdens. The patterns

and theories in the US may or may not be applicable to those countries, owing to the different

historical, social, economic, political, urbanization characteristics.

• Literature in the US mostly documents the city-wide or national patterns of racial-ethnic

exposure inequality, yet there is almost no scientific literature investigating possible solutions

and policies to eliminate the systemic and long-standing inequalities in air pollution.

This dissertation aims to address these two knowledge gaps in the environmental inequality

literature by: (1) advancing the understanding of air pollution exposure patterns in a country

other than the US (specifically, in China); and (2) investigating possible approaches/policies to

address the persistent inequalities in exposure to ambient air pollution in the US.

More specifically, the main objectives are as follows:

1. Objective #1: Quantify the spatial sources of ambient NO2 and PM2.5 for the contiguous US

(Chapter 2).
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2. Objective #2: Quantify the relationships between ambient NO2 and PM2.5 air pollution ex-

posures and SES in China (Chapter 3).

3. Objective #3: Investigate policies to address US national racial-ethnic disparities in exposure

to PM2.5 air pollution (Chapters 4 and 5).

Objective #1 focuses on identifying and the spatial patterns of two important criteria air

pollutants and quantifying their spatial sources. The broader goal of this objective is to understand

where these two air pollutants come from and to target the emission sources that cause the pollution

and the exposure inequalities. Objective #2 focuses on understanding patterns of air pollution

exposure inequality in China; the broader goal is to shedding new light on the understanding of the

environmental inequality patterns outside the US. Objective # 3 focuses on policies and technology

scenarios to address the exposure inequalities in the US; the broader goal is to inform a national

conversation about addressing environmental injustice in the US.

I focus on NO2 and PM2.5 because they are important and widely tracked. Both are criteria

pollutants defined by US EPA, and both have important health effects associated with exposures

(e.g., [4, 87–89]). To quantify the air pollution concentrations and population exposures, I employ

both empirical (for NO2 and PM2.5) and mechanistic (for PM2.5) air quality modeling approaches.

The details of air quality modeling approaches are described next.

1.3 Approach

1.3.1 Land-use regression models

Land-use regression (LUR) models are empirical models that use statistical techniques (e.g.,

regression models) to combine (1) in situ measurement of air pollution concentrations and (2)

geographic variables. LUR models aim to predict concentrations at non-measurement locations.

Geographic variables often include variables corresponding to emission sources (e.g., population

density, traffic network, land-use type) and reflecting the dispersion conditions (e.g., meteorology,

elevation, land-cover) [68]. Some recent LURs also incorporate microscale variables capturing the

hyper-local features (e.g., street view imagery, points of interest, local climate zones) [90] and air

pollution estimates from mechanistic models [91,92], satellite-based measurements such as Aerosol

Optical Depth (AOD) (for PM2.5) and tropospheric NO2 column abundance [68,93,94] and mobile
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Figure 1.1: Annual-average NO2 and PM2.5 predictions from year-2010 US national LUR models

sampling [95–97]. LURs improve the accuracy of air pollution exposure estimations and are able to

capture the within-urban variability of ambient air pollutants at high spatial (e.g., ≤1 km) (and,

in some case, temporal [e.g., daily]) resolution. LURs have been applied over broad geographic

regions for many locations, ranging from local [95–97], to regional/national [68,90,93,98–102], and

to global [103] scales.

In this dissertation, I employ the predictions from national LURs in both US (Chapter 2) and

China (Chapter 3) to estimate the ambient concentrations and exposures of NO2 and PM2.5 air

pollution [68,93]. Both models incorporate ground-level monitoring data; satellite-derived estimates

of ambient concentrations and land-cover; land-uses and other geographic datasets (such as traffic,

meteorological data, etc.) in a universal Kriging framework. The national LUR models in the US

predict annual average concentrations at census block level (average size: ∼0.73 km2 land area

for blocks in the contiguous US; ∼53 people for the blocks with non-zero population) for six air

pollutants (PM2.5, NO2, O3, SO2, PM10, CO) and multiple-years (1979–2015) [93]. The data is

freely available online (https://www.caces.us). Fig. 1.1 shows the year-2010 national prediction

results for NO2 and PM2.5 concentrations for the contiguous US. The national LUR models in

China predict annual-average concentrations at 1 km2 resolution (9.6 million cells) for years 2014

and 2015 [68]. Fig. 1.2 shows the year-2015 national prediction results for ambient NO2 and PM2.5

concentrations in China. The models for US and China have good predictive performance (10-fold

cross-validation R2: 0.84 [NO2], 0.85 [PM2.5] for year-2010 US predictions; 0.78 [NO2], 0.89 [PM2.5]

for year-2015 China predictions).
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Figure 1.2: Annual-average NO2 and PM2.5 predictions from year-2015 China national LUR models. This

figure is adapted from the graphical abstract of Xu et al. 2019 [68].

1.3.2 Chemical transport models

Chemical transport models (CTMs) are three-dimensional (3-D) mechanistic models which

use mass balance principles and account for emissions, transport and dispersion by winds, chem-

ical transformations and atmospheric removal processes. CTMs include Eulerian and Lagrangian

models. Eulerian CTMs are “box” models simulating the species concentrations using fixed 3-

D computational cells, and are commonly used for PM2.5. Examples of Eulerian CTMs include

Comprehensive Air Quality Model with Extensions (CAMx) [104], the Community Multiscale Air

Quality model (CMAQ) [105], the Weather Research and Forecasting model coupled with Chem-

istry (WRF-Chem) [106], the Goddard Earth Observing System model coupled with Chemistry

(GEOS-Chem) [107]. Lagrangian CTMs simulate the production and motion of parcels of air using

a moving frame of reference. CTMs represent state-of-the-science air quality models and provide the

most robust mechanistic-model estimates of PM2.5 air pollution concentrations. However, CTMs

are often complicated and cumbersome to use (i.e., computationally expensive; time-consuming to

learn and to use; coarse spatial resolution).

To improve the availability and accessibility of CTMs, a set of reduced-complexity models

(RCMs) have been developed, which employ more simplified representations of the complex physical

and chemical mechanisms that link emissions to concentrations [108]. RCMs often are used as a

type of integrated assessment models (IAMs). Although the concentration predictions from RCMs

are not as accurate as the golden-standard full-form CTMs, the reduced computational costs (often
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in magnitudes) for RCMs make it possible to conduct a series of sensitivity analyses, estimate

uncertainties, and explore policy and technology scenarios.

The commonly used RCMs for PM2.5 in the US include Intervention Model for Air Pollution

(InMAP) [109]; Air Pollution Emission Experiments and Policy Analysis (APEEP) [110] and the

updated versions, called AP2 and AP3 [111, 112]; and Estimating Air pollution Social Impact Us-

ing Regression (EASIUR) [113]. InMAP leverages pre-processed physical and chemical information

from the full-form CTM to calculate annual average marginal changes in primary (i.e., directly-

emitted) PM2.5 and secondary (chemically formed) PM2.5 (NOx, sulfur oxides [SOx], NH3, and

volatile organic compound [VOC]) caused by marginal changes in emissions. InMAP employs a

variable spatial resolution based on the function of the gradient in population density and pollu-

tant concentration; the resolution is higher in urban areas and lower in rural locations and in high

altitude [109]. APEEP employs Gaussian modeling augmented with reduced-form chemistry mod-

ules and maps the emission with PM2.5 concentration through source-receptor matrices for each

PM2.5 precursors; the spatial resolution is at the county level [108]. EASIUR employs a regression-

based approximation to CTM output to estimate the marginal social costs for four PM2.5 species

(VOC is not included); the spatial resolution is 36×36 km2 [108], although current research aims

to improve spatial precision.

In addition to the three RCMs mentioned above, there are many other RCMs/IAMs for the US

and other regions/countries that connect emissions of local air pollution to PM2.5 concentrations,

exposures, health effects, environmental effects, or monetary costs. Other IAMs for the US include

HYSPLIT with Average Dispersion (HyADS) model which estimates long-term changes in PM2.5

associated with SO2 emissions from coal power plants [114]; and EPA’s source apportionment

benefit-per-ton tool (SA-BPT) which estimates nationally aggregated monetized health benefits

from PM2.5 precursor emission reductions for specific sectors of economy [115]. IAMs for other

regions/countries include Greenhouse Gas–Air Pollution Interactions and Synergies (GAINS) for

European and Asian countries [116,117], Screening for High Emission Reduction Potentials for Air

Quality (SHERPA) for European cities [118], Air Benefit and Cost and Attainment Assessment

System (ABaCAS) for China [119], and FAst Scenario Screening Tool (TM5-FASST) for global

PM2.5 health impacts estimation [120].

In this dissertation, I employ the InMAP source-receptor matrix (ISRM) [121], which is derived

from InMAP by running it thousands of times, to estimate the PM2.5 concentration changes from
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Figure 1.3: Map of ISRM grid cells

emissions changes in the US (Chapters 4 and 5). ISRM relates emissions in any one location

to the concentration changes in all other locations. ISRM separately tracks 5 pollutants (primary

PM2.5, NOx, SOx, NH3, and VOC) and 3 stack heights (ground level [<57 m]; low stack height [57

to 379 m]; and high stack height [>379 m]). Each layer of the ISRM consists of 52,411 grid cells for

the contiguous US, with a variable spatial scale ranging from 1 km × 1 km in densely-populated

urban centers to 48 km × 48 km in sparsely-populated rural areas (see Fig. 1.3). The population-

weighted average size of a grid cell is 2.6 km in Urban Areas and 22.6 km in non-Urban Areas (13.2

km overall). ISRM is publicly available online [122].

1.4 Structure

Table 1.1 summarizes study design characteristics for the four studies (chapters) included in

this dissertation. As for study location, Chapters 2, 4 and 5 focus on US at the national

level; Chapter 3 focuses on China at the national level. Chapter 2 investigates spatial pattern

of air pollution concentration; Chapters 3 and 4 investigate air pollution exposure inequality.
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Chapter 5 investigates exposure and health inequality. Chapter 3 quantifies exposure inequality

patterns in China; Chapters 4 and 5 explore policies to address the racial-ethnic inequality in the

US. Regarding which air pollutants and air quality models, Chapters 2 and 3 employ empirical

models (LURs) to estimate levels of NO2 and PM2.5; Chapters 4 and 5 employ mechanistic

models (ISRM) to estimate the PM2.5 concentration changes from emission changes.

Table 1.1: Summary of study design characteristics for each Chapter.

Chapter
Location Topic Air pollutant Method

US China Concentration
Exposure

inequality

Health

inequality
NO2 PM2.5

Empirical

model

Mechanistic

model

2 X X X X X

3 X X X X X

4 X X X X X

5 X X X X X

The remaining chapters in this dissertation are organized as follows. Chapter 2 quantifies

the spatial sources of ambient NO2 and PM2.5 concentration. I develop a readily scalable algo-

rithm based on “spatial-increment” to decompose air pollution concentrations into four spatial

components: long-range, mid-range, neighborhood, and near-source. I apply the algorithm to the

annual-average concentration predictions from empirical models for all census blocks in the con-

tiguous US, from year-2010 to year-2015.

Chapter 3 quantifies the relationships between ambient air pollution exposures and SES in

China. I employ year-2015 annual-average NO2 and PM2.5 concentration estimations from empirical

models and national demographic data, which is derived from both China Health and Retirement

Longitudinal Study (CHARLS) cohort and gridded gross national product (GDP).

Chapters 4 and 5 investigate approaches and policy scenarios to address the national racial-

ethnic inequalities in the US. I use ISRM in both chapters to predict how changes in emissions

impact annual-average PM2.5 concentrations and exposure inequalities. Chapter 4 explores three

broad approaches of emission reductions: 1) “location”-specific approach; 2) “sector”-specific ap-

proach; and 3) “NAAQS-like” approach. “Sector” and “NAAQS-like” mirror aspects of current air

quality regulations, “location” would be a new regulatory approach.
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Chapter 5 expands the results of Chapter 4 to an ongoing government EJ policy – the Biden

Administration’s Justice40 Initiative (“J40”), which is a general policy to address environmental

injustice. Climate and Economic Justice Screening Tool (CEJST) is the signature element and the

ongoing approach of J40. I investigate whether emission-reductions brought about by CEJST/J40

investments will eliminate disparities in PM2.5 exposure by race-ethnicity and other attributes in

20 years, through comparing a Business As Usual (“BAU”) scenario against two scenarios wherein

CEJST-identified locations (“J40 communities”) experience accelerated emission-reductions.

Lastly, Chapter 6 summarizes findings, implications, and contributions, and suggests direc-

tions for future investigations on these topics.
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Chapter 2

SPATIAL DECOMPOSITION OF AMBIENT AIR POLLUTION IN THE
UNITED STATES

Material in this chapter was previously published in the following article: Y. Wang, et al.,

Spatial decomposition analysis of NO2 and PM2.5 air pollution in the united states, Atmos. Environ.

241, 117470 (2020).

2.1 Summary

Length scales for spatial variability of air pollution concentrations depend on the pollutant and

the location. In this Chapter, I develop a readily scalable algorithm based on “spatial-increment”,

to decompose the air pollution concentration into four spatial components: long-range, mid-range,

neighborhood, and near-source. I apply the algorithm to annual-average concentrations of outdoor

NO2 and PM2.5 for all census blocks in the contiguous US. For NO2, “neighborhood” and “mid-

range” components dominate both within-city and between-city concentration differences (both

components are ∼5-fold larger in large urbanized areas than rural areas). For PM2.5, the “long-

range” component dominates; this component varies by region (e.g., is three times greater in the

Midwest [7 µg/m3] than in the West [2.3 µg/m3]), whereas variation by urban area size is relatively

minor. This chapter provides the first nation-level fine-scale decomposed pollution surfaces to date;

this dataset is publicly available. Results can be used to estimate, at least to a zeroth order, the

contribution of sources at different distances from the receptor to the annual average pollution in

a location of interest.

2.2 Introduction

Outdoor concentrations of air pollutants vary on length scales from meters, to 100s or 1000s of

km. Concentrations in the environment reflect spatial patterns in emissions, physical and chemical

processes governing production and removal of pollutants, and turbulent advection and dispersion

that drives transport and dilution. The degree of spatial heterogeneity varies by time, location,

and pollutant.
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Here, I use spatial decomposition to investigate how annual-average concentrations across the

United States vary at length scales ranging from under 1 km to over 100 km. A motivation

is that spatial patterns at a location may reveal information on source contributions: spatially

homogenous concentrations suggest dominance of regional sources and/or secondary pollutants

(e.g., sulfate PM2.5 formed from SO2 emissions from coal power plants), whereas heterogeneities on

short length-scales suggest influence by local emission sources (e.g., NOx emissions from traffic in

an urban area).

The literature has quantified spatial components of air pollution concentrations (e.g., local,

urban, long-range components) based on source-receptor modeling and concentration increments.

The modeling approach [123–125] often involves comparing results from a chemical transport model

(CTM) under different scenarios (e.g., in the model, switching on/off local traffic, total urban

emissions, or upwind power plants) [126, 127]. This method is typically used for a single loca-

tion (a specific city or region); application to many locations is computationally expensive [128].

Recently developed source-apportionment algorithms, such as Particulate Source Apportionment

Technology (PSAT) and Integrated Source Apportionment Model (ISAM), running in parallel

with CTMs have reduced this cost by a factor of 10–20, but they still can be applied to only

a few tens of receptors [129–132]. Some integrated assessment tools (e.g., Air Benefit and Cost

and Attainment Assessment System (ABaCAS), Greenhouse Gas–Air Pollution Interactions and

Synergies (GAINS), the Intervention Model for Air Pollution (InMAP) Source-Receptor Matrix

(ISRM), Screening for High Emission Reduction Potentials for Air Quality (SHERPA), FAst Sce-

nario Screening Tool (TM5-FASST)) retrieve source-appointment relationships through calculated

emission-concentration sensitivities of full CTMs, and can be efficiently applied to hundreds of

receptors in a larger domain [109, 118, 120, 121, 133]. Those and other modeling approaches could

potentially be applied to questions considered here. Limitations of the modeling approaches include

(1) problems of nonlinearity (or non-additivity) for secondary pollutants [134–136], (2) limitations

of input data (e.g., uncertainty in the emission inventory), and (3) limited spatial resolution for

national-scale simulations [16,133,137].

Concentration-based approaches use spatial concentration increments, typically from field mea-

surements, to infer spatial or source contributions [126, 138–146]. Lenschow (2001) utilized such a

method to estimate the local, urban, and regional background concentrations of PM10 for Berlin

by subtracting the roadside, urban background, and regional background measurement [143]. Ap-
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proaches based on the analysis of temporally -resolved pollutant concentrations have also been

used [126, 138, 139, 142, 146]. These methods are limited by the availability of the necessary mea-

surements and have previously been applied to a single or a few locations at a time. Only a few

studies have considered spatial decomposition for a broader region relying mainly on empirical mod-

eling prediction surfaces and concentration increment approaches. Antonelli et al. (2017) used an

image decomposition method, called wavelet decomposition, to decompose a 1 km × 1 km spatial

surface of year 2003–2008 daily PM2.5 predictions in the New England region of the US into three

spatial components, determined through visual inspection of the decomposed surfaces [147]. Beelen

et al. (2009) estimated regional background, rural and urban concentration surfaces separately

using universal kriging from rural and urban background sites, and covariates representing their

respective spatial scales and sources, to produce 1 km × 1 km composite EU-wide maps of year

2001 annual-averaged NO2, PM10 and O3 concentrations [148].

Here, I explore a readily scalable algorithm to spatially decompose ambient air pollution con-

centrations using spatial increments, and apply this method to a national fine-scale dataset of

outdoor NO2 and PM2.5 predictions. To my knowledge, this Chapter provides the first national

high-resolution, spatially decomposed air pollution surfaces for the US. The results, which are pub-

licly available, provide useful information for the contiguous US regarding the contribution of air

pollution sources at spatial scales from local to regional.

2.3 Materials and methods

PM2.5 and NO2 concentrations employed here are outdoor annual-average predicted concentra-

tions at all (n ≈ 6 million) census block centroids with non-zero population in the contiguous US.

The concentration predictions are derived from the Center for Air, Climate, and Energy Solutions

(CACES) empirical models [93]. The predictions incorporate satellite-derived estimates of ambient

concentrations and land-cover, land-use and other geographic datasets, and ground-level monitoring

data in a universal Kriging framework. Publicly-available predictions are for six air pollutants and

multiple-years (1979–2015) (www.caces.us). I mainly report decomposition analyses for year-2010

in the main results; results for other years as sensitivity tests).

I decompose annual-average concentrations into four spatial components: “long-range”, “mid-
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range”, “neighborhood”, and “near-source”:

C long-range
i = min{Cj |di,j ≤ 100km}

Cmid-range
i = min{Cj |di,j ≤ 10km} −min{Cj |di,j ≤ 100km}

Cneighborhood
i = min{Cj |di,j ≤ 1km} −min{Cj |di,j ≤ 10km}

Cnear-source
i = Ci −min{Cj |di,j ≤ 1km}

Here, Ci is the model-predicted concentration at location i; the four superscripts on Ci (“long-

range”, “mid-range”, “neighborhood”, “near-source”) are the four spatial components considered

here; di,j is the distance between two locations i and j; and min{Cj|di,j ≤ “x”km} represents the

minimum concentrations from all block centroids within an “x” km circular buffer of location i

(where “x” takes the values above: 1, 10, and 100 km).

The 1, 10 and 100 km length scales are commonly used for neighborhood, city, and regional

scales [149, 150]. This approach is straightforward, intuitive, and computationally demanding, but

feasible to implement for a national dataset, across multiple pollutants and years. While these

four components are inherently defined by the spatial increments of predicted concentrations, they

may provide insight into source contribution. The spatial decomposition algorithm is illustrated in

Fig. 2.1. “Long-range” (>100 km) likely represents regional background and long-range transport.

“Mid-range” (10–100 km) likely represents, e.g., urbanized areas, and agricultural regions. “Neigh-

borhood” (1–10 km) likely represents localized sources such as commercial districts, industrial

areas, and intersections of major highways. “Near-source” (<1 km) likely represents hyper-local

enhancements (e.g., roadways).

I apply the spatial decompositions to each of the approximately 6 million census block centroids

in the contiguous US and analyze results nationally, by state, region, and urbanicity. Urbanicity

levels are defined in the 2010 Census [151] based on population: urbanized areas have 50,000 or

more people (I subdivided them into small/medium/large urbanized areas, by population tertiles);

urban clusters have 2500–50,000 people; rural areas are all remaining census blocks. Rural areas

contain 59 million people; urban clusters (n = 3087) contain 29 million people; small urban areas

(n = 440) contain 75 million people; medium urban areas (n = 47) contain 75 million people; large

urban areas (n = 10) contain 73 million people.

To further explore urban-scale patterns, I selected six cities to investigate more closely: New

York, NY (year-2010 urban area population: 18.4 million); Los Angeles, CA (12.1 million); Seattle,
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WA (3.1 million); Minneapolis, MN (3.1 million); Spokane, WA (0.5 million); Tuscaloosa, AL (0.1

million). These cities were selected to represent a range of sizes, pollution sources, and geographies

(e.g., region of the US, climate, distance-to-coast, and regional economy) across the US. For each

city, I conduct the following analyses to understand urban-scale variability. Following Novotny et

al. (2011) [98], I consider concentrations along transect lines across the urban center. Here, I apply

the decompositions on the points at each 10-m interval along the transect lines, using empirical-

model predictions from the nearest block centroid as an approximation of the total concentrations

at each 10-m interval. As a sensitivity analysis to explore the robustness of the approach, I compare

results for multiple years and for several transects per city (12 transects passing through the city

center, at 15◦ intervals). Also, I compare results with different buffer radii to provide insight on

the choice of buffer lengths.

To understand the relationship between the model structure of the prediction surface and

the spatial decomposition components, I calculate how much each empirical regression component

(i.e., Kriging and each independent variable) contributes to the year-2010 spatial decomposition

results for both pollutants. For each block centroid prediction and for both pollutants, I sep-

arate the without-Kriging concentration predictions (i.e., the ultimate prediction results minus

the Kriging adjustment values), and then apply the same spatial decomposition algorithm to the

without-Kriging predictions. The contributions of the Kriging to the four spatial components are

calculated by the population-weighted averages of the concentration differences between initial and

without-Kriging decompositions. For other regression components, I run the no-intercept multi-

ple regressions of without-Kriging decomposed concentrations on the model-selected independent

variables for total concentration estimation. The contributions of each independent variable are

calculated as the population-weighted-average product of the variable values and coefficients; the

contributions are then aggregated to nine categories according to the variable type. Following Kim

et al. (2020) [93], the categories are traffic, urban land-use, rural land-use, population, elevation,

emission, imperviousness, vegetation, and satellite.
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2.4 Results

2.4.1 Within-urban decomposition results

Figx. 2.2 and 2.3 illustrate, for a case-study city (Seattle), the results of the spatial decom-

position approach developed here. Across a ∼100-km urban transect (Fig. 2.2), the “long-range”

values are almost constant. That result is expected; those values likely represent the regional

background. For Seattle, “long-range” values account for 21% (for NO2) and 38% (PM2.5) of the

average predictions. The “mid-range” increments are low at the urban edge and increase gradually

approaching the urban center at approximately 50 km along the line, presumably reflecting the

effects of aggregated urban emissions in the urban center. The “neighborhood” and “near-source”

values vary at much shorter spatial scales, with multiple peaks along the transect, presumably

reflecting localized emission sources. Spatial variability is greater for NO2 than PM2.5, and the

“near-source” component is larger for NO2 (15%) than PM2.5 (7%).

Fig. 2.3 shows the block centroid decomposed concentrations for Seattle (see Fig. 2.4 for 1,

10, and 100 km buffer minimum concentrations). “Near-source” concentrations of NO2 reflect the

major road network (see Fig. 2.5). For PM2.5, “near-source” concentrations are relatively low (<1

µg/m3), with no clear spatial patterns. The “neighborhood” component has several hot spots for

both pollutants (e.g., downtowns, intersections of major highways).

The transect-line decompositions for different transect directions (Figs. 2.6 to 2.12), different

years (Fig. 2.13 and 2.14), and block-level decomposition maps for the additional five cities (Figs.

2.15 to 2.19) imply consistent results. For each case-study city, the decomposition results are gener-

ally stable over different years and transects, and spatial patterns for each of the components are in

general consistent with expectations. For example, Fig. 2.14 captures the elevated concentrations

and contributions of “long-range” PM2.5 component in Spokane (and to a lesser degree Seattle) in

2015 owing to the large wildfire season in northeastern Washington State [152]. The decomposi-

tions for different cities reveal broadly similar spatial patterns of variability, though the partitions

of spatial components differ. For example, for both pollutants, the “mid-range” component (likely

representing elevated regional urban concentrations) is typically less pronounced for the smaller

cities (Spokane, Tuscaloosa), whereas for bigger cities (New York City, Los Angeles) this compo-

nent often has a larger contribution and remains elevated throughout the urban portion of the

transect, only decreasing when the transects extend into unpopulated areas such as mountainous
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areas and open water. Relative to the other cities, the “long-range” contributions are comparatively

smaller for PM2.5 in Seattle and for NO2 in Los Angeles.

2.4.2 Decomposition results by state, region and urbanicity

After applying the spatial decomposition to all block centroids in the US (Fig. 2.20), I calculate

the corresponding population weighted averages by state (Fig. 2.21). For NO2, high levels of the

“neighborhood” and “mid-range” components are found in states with large cities (e.g., Los Angeles,

New York, Chicago). For PM2.5, the overall concentration and the “long-range” component are

higher in the East than in the West.

Fig. 2.22 summarizes the total and decomposed concentrations by urban area size and geo-

graphic region. For NO2, concentrations are ∼3-fold higher in large urban areas (average: 13 ppb)

than rural areas (4 ppb). “Neighborhood” and “mid-range” components (both about 4 ppb) domi-

nate that concentration difference; “long-range” components are nearly the same in absolute terms

(<1 ppb difference) across urban/rural groups. In relative terms, the “long-range” component is

21% overall (16% [large urban areas], 41% [rural]; Fig. 2.23). The “near-source” component is 13%

overall (12% [large urban areas], 7% [rural]). The differences in decomposed NO2 concentrations

among regions are mostly driven by regional differences amongst the ten largest urbanized areas

(see Fig. 2.24). The decomposition patterns suggest that NO2 is of urban origin and varies lo-

cally, and that climate or geographic differences have less effects on the NO2 concentrations. The

mid-range and neighborhood components are greater for the large urbanized areas than for other

locations (see Fig. 2.22), consistent with larger cities having comparatively denser traffic and more

urban emissions.

In contrast, geographic regions dominate the differences of decomposed PM2.5 concentrations,

mainly in the “long-range” component. That results likely reflects that PM2.5 is a regional pollutant

with a strong secondary component. The “long-range” concentration in the Midwest (7 µg/m3)

is almost three times than in the West (2.3 µg/m3); it contributes 30% of the total PM2.5 in the

West, versus > 50% in the remaining three regions. I hypothesize that these regional differences

mainly reflect differences in emissions and emissions density (e.g., traffic, coal-fired power plants,

agriculture), but other aspects (e.g., topography, climate, meteorology) may also play a role. The

PM2.5 concentration differences by urban area size are relatively minor compared with regional

differences. PM2.5 concentrations are higher for large urban areas than for small urban areas, and
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urban concentrations are larger than rural concentrations, but the differences are relatively modest

(< 2 µg/m3); those differences are mainly driven by the increase of “mid-range” concentrations.

“Long-range” components dominate (≥ 50%) PM2.5 concentrations in both rural and urban areas.

2.4.3 Contributions of empirical regression terms

Fig. 2.25 summarizes contributions of each empirical regression term (traffic, land-use, satellite

data, Kriging, etc.) for the overall pollution concentration to the four decomposed concentrations.

A version of Fig. 2.25, but without the satellite contributions, is in Fig. 2.26. The goal of this

analysis is to find out how the underlying model structure contributes to the spatial decomposi-

tion patterns, not to make causal inference about mechanisms. The results are aggregated to all

US blocks, urban blocks, and rural blocks, separately. For both pollutants, satellite concentration

estimates dominate the “long-range” component. For NO2 in urban blocks, two variables that

strongly contribute, in addition to satellite estimates, are vegetation (a “negative” contribution:

more vegetation corresponds to lower concentrations of NO2) for the “mid-range” component and

imperviousness for the “neighborhood” and “near-source” components. For PM2.5, satellite esti-

mates dominate; in addition, impervious surfaces also contribute mainly for the “neighborhood” and

“mid-range” components. Land-use types (both rural and urban land-uses) play a most important

role for “near-source” PM2.5. In comparison, for rural blocks, the contributions of imperviousness

are negligible for both pollutants.

2.5 Discussions and conclusions

My results reveal within-city and national patterns of the decomposed concentrations. NO2

is an air pollutant of predominantly urban origin: differences in mean concentrations are mainly

dominated by “neighborhood” and “mid-range” components, and concentrations vary by urbanicity

level. PM2.5 is dominated by “long-range” transport; concentrations vary at a state and regional

level. Those findings are consistent with previous research and understandings [153–155]. My

results provide new and useful quantification of the spatial patterns of these two pollutants, on a

consistent basis with high spatial precision and throughout the US.

One limitation of my results is the use of model-estimated concentrations; those models, while

exhibiting good predictive performance (R2: 0.84 [NO2], 0.85 [PM2.5]; root-mean-square error: 2.2

ppb [NO2], 1.2 µg/m3 [PM2.5]), are inherently less variable than the actual concentrations. The

20



models are trained on regulatory monitoring data typically designed to capture ambient concen-

trations. In addition, the empirical models represent national patterns and average relationships

between land-use and pollution concentrations; they are unable to predict hot-spots caused by

atypical conditions. In some locations, near source contributions will be underestimated. Besides,

concentrations from empirical models do not provide quantification of source contribution or trans-

port trajectories, thus I cannot make firm causal statements about mechanisms.

Another aspect of the decompositions is that they are performed on the census block centroid

locations. An advantage of the census blocks over equal-distanced grids is that blocks are dense

in populated areas where people live and pollution gradients are typically largest. Each block

centroid has, on average, 50 additional block centroids within its 1-km circular buffer. However,

578,971 (9.3%) and 938 (0.015%) blocks centroids have no neighbors within 1 and 10 km buffers,

respectively. Those blocks represent 5.1% [no 1-km neighboring block] and 0.007% [no 10-km

neighboring block] of the contiguous US population. This outcome generally occurs in sparsely

populated regions (Fig. 2.27). Those regions would likely have few local sources but the true

average local contribution would be nonzero. However, in my approach, the local component is,

by definition, zero for locations with the minimum concentration within 1 km (which includes all

locations with no 1-km neighboring Blocks). Since the true value is nonzero but the estimated

value is zero, I am underestimating (Fig. 2.28). Because the local contributions are expected to be

small, the amount of underestimation is likely small in absolute terms; however, other techniques

would be needed to quantify the “local” component in these locations.

An additional aspect of this research that is important for interpreting the results is the use

of fixed radii (1, 10, and 100 km) to calculate the four spatial components. Fixed radii reflect an

approach that is easy to understand and straightforward to apply nationally. However, because of

differences in size and shape of built-up areas, the impact of the radii may vary across the US. For

example, the “mid-range” component employs a 10 km buffer, yet city-size varies. In the 2010 US

Census [151], the mean area of an urban area is 462 km2 (equivalent radius for a circular layout:

12 km), with an interquartile range of 112 km2 (equivalent radius: 6 km) to 413 km2 (11 km) and

an overall range of 25.7 km2 (3 km) to 8936 km2 (53 km). Thus, the 10 km buffer can be smaller

or larger than an urban area. The values used here (1, 10, 100 km) were selected because they

represent orders of magnitude and because in preliminary investigations they seemed to capture the

components better than alternative values (Figs. 2.29 and 2.30). Moreover, the use of a circular
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buffer assumes equal contribution from all directions and ignores meteorology and topography,

which could lead to mischaracterization in some locations. For example, the national block-level

“long-range” NO2 and PM2.5 maps (Fig. 2.20) exhibit blotchy circular features, which are typically

driven by several “clean” points that have much lower concentrations than surroundings, or by

sharp gradients in these areas and few points (such as mountainous regions). The blotchy features

diminish with aggregation (e.g., to state level [Fig. 2.21]).

Strengths of this study include national application of a straightforward approach for spatial

decomposition; shedding new light by applying my method at fine resolution but across a broad

domain; and investigating results for the whole US and separately by city, state, region, and

level of urbanicity. The spatial increment and moving window approach are easy to understand

and computationally feasible for the resolution and domain considered here. Weaknesses include

that the empirical model is imperfect (e.g., nonzero error and bias; outlier concentrations may be

underestimated), the empirical model is predicted only at centroids, and that the approach does

not shed light on mechanisms.
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Figure 2.1: A graphic illustration of the spatial decomposition algorithm.

23



Figure 2.2: Decomposition results for (a) NO2 and (b) PM2.5 along a transect line from Northwest to

Southeast across the center of Seattle. The inset map in the upper left of (a) shows the Seattle census block

centroids (shown in grey) and transect line.
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Figure 2.3: The block level decomposed concentration maps of (a) NO2 and (b) PM2.5 for Seattle.
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Figure 2.4: The buffer minimum plots and decomposition plots of NO2 and PM2.5 for Seattle area: (a)

Predicted NO2 annual average concentration and corresponding 1, 10, and 100 km buffer minimum maps;

(b) Decomposition maps of NO2; (c) Predicted PM2.5 annual average concentration and corresponding 1,

10, and 100 km buffer minimum maps; (d) Decomposition maps of PM2.5.
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Figure 2.5: 2010 Annual average daily traffic counts for state highway in Seattle urban area. Data is

from Washington State Department of Transportation - Statewide Travel and Collision Data Office, can be

downloaded freely at: www.wsdot.wa.gov/mapsdata/travel/traveldata.htm
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Figure 2.6: Maps of block centroids (shown in blue), multiple transect lines (colored, at each 15°, 12 lines

in total for each city; the transects are directed all from West to East), and satellite images (background) for

the six cities: New York, NY; Los Angeles, CA; Minneapolis, MN; Seattle, WA; Spokane, WA; Tuscaloosa,

AL.
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Figure 2.7: Decomposition results and average contributions of four components (upper right of each

subplot) for (a) NO2 and (b) PM2.5 along 12 transect lines in New York, NY (see Fig. 2.6 for transect line

locations)
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Figure 2.8: Decomposition results and average contributions of four components (upper right of each

subplot) for (a) NO2 and (b) PM2.5 along 12 transect lines in Los Angeles, CA (see Fig. 2.6 for transect line

locations)
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Figure 2.9: Decomposition results and average contributions of four components (upper right of each

subplot) for (a) NO2 and (b) PM2.5 along 12 transect lines in Seattle, WA (see Fig. 2.6 for transect line

locations)
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Figure 2.10: Decomposition results and average contributions of four components (upper right of each

subplot) for (a) NO2 and (b) PM2.5 along 12 transect lines in Minneapolis, MN (see Fig. 2.6 for transect

line locations)
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Figure 2.11: Decomposition results and average contributions of four components (upper right of each

subplot) for (a) NO2 and (b) PM2.5 along 12 transect lines in Spokane, WA (see Fig. 2.6 for transect line

locations)
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Figure 2.12: Decomposition results and average contributions of four components (upper right of each

subplot) for (a) NO2 and (b) PM2.5 along 12 transect lines in Tuscaloosa, AL (see Fig. 2.6 for transect line

locations)
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Figure 2.13: Multiple years (2000, 2005, 2010, 2015) NO2 transect line decomposition plots and average

contributions of four components (upper right of each subplot) for six cities.
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Figure 2.14: Multiple years (2000, 2005, 2010, 2015) PM2.5 transect line decomposition plots and average

contributions of four components (upper right of each subplot) for six cities.
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Figure 2.15: The buffer minimum plots and decomposition plots of NO2 and PM2.5 for New York area: (a)

Predicted NO2 annual average concentration and corresponding 1, 10, and 100 km buffer minimum maps;

(b) Decomposition maps of NO2; (c) Predicted PM2.5 annual average concentration and corresponding 1,

10, and 100 km buffer minimum maps; (d) Decomposition maps of PM2.5.

Figure 2.16: The buffer minimum plots and decomposition plots of NO2 and PM2.5 for Los Angeles area:

(a) Predicted NO2 annual average concentration and corresponding 1, 10, and 100 km buffer minimum maps;

(b) Decomposition maps of NO2; (c) Predicted PM2.5 annual average concentration and corresponding 1,

10, and 100 km buffer minimum maps; (d) Decomposition maps of PM2.5.
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Figure 2.17: The buffer minimum plots and decomposition plots of NO2 and PM2.5 for Minneapolis area:

(a) Predicted NO2 annual average concentration and corresponding 1, 10, and 100 km buffer minimum maps;

(b) Decomposition maps of NO2; (c) Predicted PM2.5 annual average concentration and corresponding 1,

10, and 100 km buffer minimum maps; (d) Decomposition maps of PM2.5.

Figure 2.18: The buffer minimum plots and decomposition plots of NO2 and PM2.5 for Spokane area: (a)

Predicted NO2 annual average concentration and corresponding 1, 10, and 100 km buffer minimum maps;

(b) Decomposition maps of NO2; (c) Predicted PM2.5 annual average concentration and corresponding 1,

10, and 100 km buffer minimum maps; (d) Decomposition maps of PM2.5.
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Figure 2.19: The buffer minimum plots and decomposition plots of NO2 and PM2.5 for Tuscaloosa area:

(a) Predicted NO2 annual average concentration and corresponding 1, 10, and 100 km buffer minimum maps;

(b) Decomposition maps of NO2; (c) Predicted PM2.5 annual average concentration and corresponding 1,

10, and 100 km buffer minimum maps; (d) Decomposition maps of PM2.5.
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Figure 2.20: Decomposition maps of: (a) NO2 and (b) PM2.5 for all Census block centroids in the contiguous

US.
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Figure 2.21: Population-weighted averages of overall and decomposed concentrations for (a) NO2 and (b)

PM2.5 at ∼6 million census blocks by state.
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Figure 2.22: Population-weighted averages of overall (grey bars) and decomposed concentrations (colored

bars) for NO2 and PM2.5 at ∼ 6 million census blocks by (A) urban area size; (B) US region.
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Figure 2.23: Decomposed components contributions for NO2 and PM2.5 by (a) urban area size and (b)

geographic region.

Figure 2.24: Decomposed concentrations for NO2 by the interaction of urban area size and geographic

region (20 categories in total).
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Figure 2.25: Contributions of each empirical regression term for the overall pollution concentration to the

four decomposed concentrations for NO2 and PM2.5 for the overall US, all urban blocks and all rural blocks.

Figure 2.26: Contributions of each empirical regression term for the overall pollution concentration to the

four decomposed concentration for NO2 and PM2.5, without satellite variables, for the overall US, all urban

blocks, and all rural blocks.
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Figure 2.27: Cumulative probability of number of neighbors within 1-km buffer in rural areas, urban

clusters and urbanized areas.

Figure 2.28: Population-weighted average decomposed concentrations for (a) NO2 and (b) PM2.5 for: (1)

All block centroids in rural areas; (2) block centroids in rural areas with at least one nearby block centroid

within 1-km circular buffers; and (3) block centroids in rural areas with at least ten nearby block centroids

within 1-km circular buffers. The two plots show that after adding some thresholds (>0 neighbor, >10

neighbor) to the block centroids in the rural areas, the weighted averages of “near-source” increased to

2∼3-fold of the no-threshold values for both two pollutants. While we cannot discern whether increases

are caused by the underestimation from our methods in sparsely populated regions or by the removing

of locations with inherently less short-range (or local) sources, the “near-source” values in the restricted

estimates (>0 neighbor, >10 neighbor) for rural areas are similar to or lower than for urban clusters (Fig.

2.22), and likely reflect an upper bound on the “near-source” contribution in rural locations.
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Figure 2.29: NO2 decomposition results along transect line on multiple buffer radii (0.5 km, 1 km, 2 km,

5 km, 10 km, 20 km, 50 km, 100 km) for six cities.
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Figure 2.30: PM2.5 decomposition results along transect line on multiple buffer radii (0.5 km, 1 km, 2 km,

5 km, 10 km, 20 km, 50 km, 100 km) for six cities.
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Chapter 3

AMBIENT AIR POLLUTION AND SOCIOECONOMIC STATUS IN CHINA

Material in this chapter was previously published in the following article: Y. Wang, Y. Wang,

H. Xu, Y. Zhao, J. D. Marshall, Ambient air pollution and socioeconomic status in China, Environ.

Health Perspect. 130, 067001 (2022).

3.1 Summary

Air pollution disparities by socioeconomic status (SES) are well documented for the United

States, with most literature indicating an inverse relationship (i.e., higher concentrations for lower-

SES populations). Few studies exist for China, a country accounting for 26% of global premature

deaths from ambient air pollution. The objective of this chapter is to quantify the relationship

between ambient air pollution exposures and SES in China. To do so, I combined estimated

year 2015 annual-average ambient levels of NO2 and PM2.5 from empirical models with national

demographic information, which are derived from both gridded gross national product (GDP)

and China Health and Retirement Longitudinal Study (CHARLS) cohort. The results indicate

that ambient NO2 and PM2.5 levels were higher for higher-SES populations than for lower-SES

population, higher for long-standing urban residents than for rural-to-urban migrant populations,

and higher for the majority ethnic group (Han) than for the average across nine minority groups.

For three SES measurements (individual SES score, community-averaged SES score, gridded GDP

per capita), a 1-interquartile range higher SES corresponded to higher concentrations of 6-9 µg/m3

NO2 and 3-6 µg/m3 PM2.5; average concentrations for the highest and lowest 20th percentile of

SES differed by 41–89% for NO2 and 12–25% for PM2.5. This pattern held in rural and urban

locations, across geographic regions, across a wide range of spatial resolution, and for modeled vs.

measured pollution concentrations. My findings are consistent with the idea that in China’s current

industrialization and urbanization stage, economic development is correlated with both SES and

air pollution. To my knowledge, this chapter provides the most comprehensive picture to date of

ambient air pollution disparities in China; the results differ dramatically from results and from
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theories to explain conditions in the United States.

3.2 Introduction

Ambient air pollution causes ∼4 million deaths per year [1–3], yet the disease burden is not

evenly distributed across individuals, communities, countries, regions, or demographic groups.

Between-country disparities in ambient air pollution are well documented [1,5]; in contrast, within-

country disparities, including how ambient pollution levels correlate with SES and other demo-

graphic attributes, are poorly studied other than in the United States and a few other high-income

countries. Much of the existing literature documents disparities for specific locations (e.g., in

a specific city). A smaller body of literature documents disparities nationwide for the United

States [7, 8, 10, 156, 157]. The vast majority of the literature indicates, for North America, higher

pollution levels for low-SES than for high-SES communities and individuals [7–12]; evidence for

European countries is more limited and suggests a mixed relationship [9, 70]. Limited knowledge

exists for China or other low- or middle-income countries [9], where 91% of the premature deaths

from outdoor air pollution occur (26% are in China) [1, 6]. Less than 20% of the Chinese popula-

tion lives in cities that meet the national annual PM2.5 standard (the GB 3095-2012 standard; 35

µg/m3) [66], and none live in cities meeting the World Health Organization’s (WHO) annual guide-

line (5 µg/m3) [67–69]. Publicly available census data for China are relatively coarse [county level;

average per county: 0.4 million people; 2,642 km2]; this limits the potential for some census-based

demographic/air pollution analyses in China that, in the United States, are common.

The environmental inequality patterns in the United States are generally explained in part

by past and present racial discrimination and race- and class-based market dynamics: Low-SES

communities lack social capital and political power and access and are therefore less able to stop

locally undesirable land-uses such as highways, industry, and other sources of pollution [9, 11, 20,

25, 31, 35]. Longstanding residential segregation by race and income adds to the potential for

disparities [33]. Racism by private individuals (e.g., racial covenants on the sale of property)

and systemically by private companies (e.g., banks’ lending practices) and by local, state, and

national government (e.g., redlining) in the past and present has supported and accelerated exposure

disparities [35,38,158]. The net result in the United States is disproportionate air pollution burdens

for low-SES communities and individuals, with well-documented theory to explain those disparities.

Yet, theories developed in the United States may not be applicable for China and elsewhere
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owing to the different historical, social, economic, political, urbanization, and industrialization

characteristics [13–15]. For example, others have found that environmental inequality patterns

in European countries are different from the United States owing to the lower extent of social

segregation and the greater tendency (relative to in the United States) for lower-SES groups to

live on the outskirts of the city [70]. Urban expansion patterns [71], local housing policy [72],

and discrete choice between benefits/amenities and negative aspects of the environment [73] are

also found to influence the exposure inequality patterns in Europe. A study in India proposed an

environmental Kuznets curve [EKC; i.e., a theory that environmental degradation first rises and

then falls with an increasing per capita income [74–76]] -like pattern (i.e., a U-shaped relationship),

where marginalized communities are excluded from negative and positive externalities of industrial

development [77].

As the world’s largest developing economy, China has in recent decades experienced rapid ur-

banization [159,160], increased income disparities [161,162], and widespread rural-to-urban migra-

tion [160,163]. Secondary (manufacturing) industry represents a large proportion of gross national

product (GDP) in China (in 2018, 41% in China vs. 19% in the United States); cities or places with

more industry and manufacturing jobs tend to be of higher income, on average, and potentially also

experience more air pollution [164,165]. In addition, with comparatively (relative to in the United

States, on average) larger city size and population density, more-centralized urban structure, and

poorer traffic conditions [166, 167], people in China tend to live (on average, relative to in the

United States) closer to their workplace [168]. Those strong aspects in regional and urban form

reflect differing housing preferences and civil infrastructure (e.g., transportation systems) [169];

they also reflect differences in history in China relative to the United States (e.g., China did not

experience “White flight”—an exodus of affluent White people in the United States, largely starting

in the 1950s and 1960s, from urban to suburban communities [38]). The net result is, in China,

a comparatively higher concentration of high-SES population in urban centers (often with higher

air pollution levels) and lower-SES population in outskirts and suburban areas [13,170,171]. These

many conditions support the hypothesis that, unlike in the United States, in China air pollution

exposures might be higher for high-SES than for low-SES populations.

Previous studies in China have investigated air pollution inequality with respect to specific

sources, including industrial emissions [15,78,79], emissions from electric vehicles [56], and household

consumption [80]. Studies on ambient concentrations [13, 81–83] have focused on a single city or
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yielded inconclusive results [84–86]. The lack of comprehensive research on environmental inequality

in China, including theories and national empirical studies of SES and ambient air pollution, are

important gaps in the literature.

In this Chapter, I put forward an alternative hypothesis (i.e., distinct from the EKC theory,

described above) that, in China, higher-SES populations are more exposed to ambient air pollution

than are lower-SES populations. I test the hypothesis using ambient annual-average NO2 and PM2.5

levels in China. To test my hypothesis, I conduct multiple national investigations of air pollution

disparities by SES, including for individual- and area-level measures of SES, based on ambient air

pollution levels for two pollutants: NO2 and PM2.5.

3.3 Materials and methods

3.3.1 Individual SES characteristics and migration status

To obtain spatially explicit demographic information on a group of individuals, I employ data

from the 2015 China Health and Retirement Longitudinal Study (CHARLS) [172]. CHARLS is

an interview-based nationally representative survey of people in China ≥ 45 years of age and their

spouses (n=21,095; see [173] for CHARLS locations). All participants in CHARLS gave informed

consent, and the protocol was approved by the ethical review committee at Peking University. I

obtained each individual’s highest education attainment (hereafter, education), occupation, and

household annual per capita income in yuan (hereafter, income) from the survey. Education was

classified as a) illiterate, b) sishu/home school and below, c) elementary school, d) middle school,

or e) high school and above. Occupation was categorized according to people’s lifetime profession

instead of the current working status (given that some people were retired): Individuals who have

only done agricultural work (have never done nonagricultural work for >10 d) in their lifetime

were classified as engaging in agricultural work; those who have ever done nonagricultural jobs for

>10 d (no matter whether they also have done agricultural work) were classified as engaging in

nonagricultural work. Income was calculated for each household (shared by the sample individuals

on the same household) and is presented as the net post-tax income. The household total annual

income includes a) household members’ wages, bonus incomes, or pensions, and b) household

agricultural, self-employed activities, public transfer, and other types of transferred income (e.g.,

from parents, children, relatives). Household per capita income was calculated by dividing the
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household total annual income by family size.

In addition to the three SES variables that I mainly focused on (education, occupation, in-

come), I also investigated each individual’s ethnicity (sometimes also translated as “nationality,”

but referring to group identification, not citizenship) and household per capita living expenditure

(hereafter, expenditure). According to the 2020 census [174], China is officially composed of 56

ethnic groups, with Han as the dominant group (91.1% of the total population) and the other 55

groups as minorities (combined, 8.9% of the total population). Clusters of people who are eth-

nic minorities are found in the bordering northwest (e.g., Uygur), north (e.g., Mongol), northeast

(e.g., Manchu), south (e.g., Zhuang), and southwest (e.g., Tibet), with some in the central inte-

rior (e.g., Hui). In the CHARLS survey, there are 10 ethnic categories: Han (92.3% of CHARLS

respondents), Hui (0.5%), Zhuang (1.0%), Uyghur (0.5%), Yi (0.5%), Tibet (0.9%), Miao (0.6%),

Mongol (1.1%), Dai (0.2%), and other (2.6%) [175]. Expenditure was calculated for each house-

hold (household annual total expenditure divided by family size) using the CHARLS survey. Total

expenditure included weekly expenditure on food and restaurants; monthly expenditure on commu-

nication, utilities, transportation, household and personal items, entertainment, and housekeepers;

and yearly expenditure on clothing, traveling, heating, furniture, education, medical, fitness and

beauty, automobile, taxes and donations, and others.

I separately considered each individual’s rural/urban migration status by combining each

respondent’s household location (urban districts [urban] vs. rural counties [rural] within the

prefecture-level cities) and hukou status. Hukou is the official household registry system that

records a citizen’s location-of-origin and determines local residence rights, such as medical care,

unemployment benefits, school enrollments, and public housing [69, 163]. Importantly, hukou is a)

typically unchanged during a person’s life even if that person moves and b) assigned as nonagricul-

tural (i.e., urban) or agricultural (i.e., rural). Since 2014, the Chinese government has in some cases

initiated the canceling of the hukou system; although the binary hukou classification still dominates

in most places, some people’s hukou is “unified residence,” i.e., a single/combined category that

sidesteps the urban/rural distinction. Survey respondents who indicated unified residence hukou

(n=346, 1.6%) or no hukou (n=31, 0.1%) have been excluded here. Because rural-to-urban migrants

cannot enjoy many social benefits (e.g., medical care), the hukou system discourages that migration

and also puts such migrants at a disadvantage relative to urban residents with a nonagricultural

hukou [176–180]. I employed three rural/urban migration categories: urban resident (i.e., with a
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nonagricultural hukou); rural-to-urban migrant (i.e., an urban resident with an agricultural hukou);

and rural resident (i.e., with an agricultural hukou). An urban-to-rural migrant—i.e., someone who

lives in a rural area but with a nonagricultural hukou—is uncommon (<3% of the data set) and

not included in this analysis.

I also considered population density at the individual’s household location as a control variable

in my analysis. Population density was determined at the community level, using the population

count in the community divided by total area of the community. The community information was

collected from the CHARLS 2011 community survey [181].

3.3.2 Constructing three SES matrices

As described next, I obtained three SES matrices to represent demographic conditions at the

individual and areal levels in China, and then compared the results across methods. Using multiple

independent approaches to quantifying SES sheds additional light on the questions considered and

informs whether results are robust to the methods employed.

1. An individual-level SES was derived from CHARLS data using a standardized SES score

reflecting education, occupation, and income; the approach reflects factor analysis of mixed

data (FAMD), which is a principal component analysis method applicable to data sets with

both quantitative and qualitative variables [182,183]. I use the “MissMDA” package in R to

handle missing values (see above for category classifications), then “FactoMineR” to perform

FAMD: education and occupation as categorical variables, income (log-transformed) as quan-

titative. An individual’s SES (n=21,095) is defined here as the normalized scores of the first

FAMD dimension (explaining 30% of the total variance; see Fig. 2.1 and Table 3.1 for weights

and contributions for income and each category of education and occupation). A higher score

represents a higher SES.

2. An area-level SES was derived from CHARLS data by aggregating individual SES to the

community-level average. “Community” is a formally defined geographic unit, used in the

census and for mail systems; it is the smallest de facto administration level in China. As

defined in the 2011 (baseline year) CHARLS survey, CHARLS individuals are from 450 com-

munities, including 237 rural communities [also termed villages; located in rural counties] and

213 urban communities (i.e., located in urban districts).
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3. A second area-level SES reflects per capita GDP (1-km2 resolution). These data were derived

by combining year 2015 national gridded GDP predictions based on nighttime lights and pop-

ulation images [184] (1-km2 resolution) and the WorldPop year 2015 population density data

set [185] (30 arc seconds resolution, or ∼1km2 at the equator). I resampled the population

density data set to match the coordinates of the gridded GDP data set using a bilinear inter-

polation approach and then divided the gridded GDP by the resampled population density to

calculate the GDP per capita. To investigate the air pollution disparities at multiple spatial

resolutions, I also resampled the raster layer of GDP per capita and averaged it to different

grid sizes (2, 5, 10, 20, 50, and 100km; after removing grid cells with zero or missing values,

the number of grid cells for the 1-km grid and each of those six grid sizes were n=3,861,463,

n=1,058,301, n=204,565, n=61,863, n=18,985, n=3,953, and n=1,220, respectively).

As mentioned above, one of the motivations for using three distinct approaches was to avoid

the spatial coarseness of census data. Other motivations included shedding deeper light on the

question and informing whether the result is robust to the different methods employed. Each of

these three demographic data sets was then combined with ambient air pollution concentrations,

as described next.

3.3.3 NO2 and PM2.5 ambient concentrations

For all three SES data sets, I employed as my ambient air pollution metric the annual-average

concentrations of two pollutants (NO2 and PM2.5). Pollution concentrations were derived from

national empirical models for China [68]. The models incorporated monitoring data, satellite ob-

servations, universal kriging, and predictor data, such as land-use, traffic, and meteorological data

(Table 3.2). Model predictions were year 2015 annual-average concentrations at 1-km2 resolution

[9.6 million cells; 10-fold cross-validation R2: 0.78 (NO2), 0.89 (PM2.5)] [68]. In sensitivity analyses

(below), I used the monitoring data directly [i.e., excluding the empirical models of [68]].

For the individual-level CHARLS analyses, concentrations were estimated using the empirical

models for that individual’s residential location (longitude and latitude recorded during the inter-

view). For community-level CHARLS analyses, concentrations were estimated using the average

individual-level concentration within each community. For GDP per capita, I resampled the GDP

per capita data set to the same grid as the pollution data using bilinear interpolation and then
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matched the two data sets to derive GDP per capita on the 1-km pollution grid. The CHARLS de-

mographic data, GDP per capita data, and pollution estimation data from the empirical models all

were for year 2015. For sensitivity analyses regarding spatial resolution, I resampled the pollution

data into the 2-, 5-, 10-, 20-, 50-, and 100-km grids, as described above for GDP per capita.

3.3.4 Quantifying air pollution disparities by each SES factor

I focused on NO2 and PM2.5. Those two pollutants were selected because they are important

and widely tracked (both are criteria pollutants); both have important health effects associated

with exposures (e.g., [4, 87–89]; and, importantly, publicly available national models exist for the

two pollutants [68]. Investigating two pollutants provides additional testing of the hypothesis

investigated.

For an individual’s migration status and each factor that contributes to SES (i.e., education,

occupation, and income), I determined relationships with ambient concentrations, considering both

unadjusted and fully adjusted effects. Unadjusted effects were determined by comparing the means

and quantiles (10th, 25th, 50th, 75th, and 90th) of NO2 and PM2.5 concentrations for the samples

in each migration and SES group (here, I grouped income using quintiles; any missing group for

each variable was also included in my analysis). Specifically, for migration status and SES factors,

I calculated the maximum differences (both absolute and relative differences, with absolute values)

in NO2 and PM2.5 concentrations between the group averages and the population averages. I

also determined the unadjusted effects for population density at household locations (grouped into

tertiles).

Adjusted effects were determined using two sets of regression models: One set comprised multi-

variate ordinary least squares regression models that included only individual-level factors (migra-

tion status, education, occupation, income, and age) as independent variables; the other set com-

prised multilevel mixed-effects linear regression models that also included prefecture-city (usually

including both urban districts and rural counties) random intercepts to control for city clustering

effects. In the multilevel mixed-effect models, I also included population density at the household

locations as a control variable. In both models, migration status, education, and occupation were

treated as categorical variables. To achieve normality, income data were log-transformed and then

standardized to the whole study population; parameter estimates referred to a 1-unit increase in

the z-score for the log of income. All regressions were run only on individuals with complete data
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[n=15,197; 72% of the CHARLS cohort; incomplete data (n=5,898; 28%) were excluded from the

regressions]; results are reported in terms of best-estimate values and 95% confidence intervals

(CIs). To investigate potential bias due to missing data, I performed sensitivity tests using the

multiple imputation approach [186], which creates several imputed data sets by replacing missing

values with imputed values and combining the results obtained from each of them. I used the mice

package in R to generate five imputed data sets using probable means methods and then calculated

the pooled regression results of the five imputed data sets for both individual-level multivariate

regression models and prefecture-city random intercepts regression models.

In sensitivity tests, I also investigated the unadjusted and adjusted relationships between eth-

nicity and household per capita living expenditure and ambient concentrations. For ethnicity, the

unadjusted effects were determined for the 10 ethnic groups; for the adjusted effects, I created

a dummy variable for ethnic minorities (i.e., individuals who are not Han), and included it in

individual-level multivariate regression models and multilevel mixed-effects regression models with

prefecture-city random intercepts. For expenditure, the unadjusted effects were determined for

each quintile; for the adjusted effects, I included the log-transformed and standardized (to the

whole study population) expenditure in both individual-level and multilevel models.

3.3.5 Metrics quantifying air pollution disparities by individual SES score, community SES score,

and gridded GDP per capita

I quantified disparities using two metrics. The first metric involved linear regressions of con-

centration on SES score or GDP per capita (log scale). Here, I calculated the regression slopes

multiplied by the interquartile ranges (IQRs) of SES (SES score, log of GDP per capita) to quan-

tify the air pollution disparities between high- and low-SES groups. The second metric involved the

(absolute and relative) disparity in mean NO2 and PM2.5 concentrations between the population

with the highest 20% and the lowest 20% SES (population weighted for GDP per capita). To better

visualize the disparity patterns for each subgroup of the total population (see below for subgroup

classifications), I also calculated the mean pollution concentration and mean SES (SES score, log

of GDP per capita) for each 10% of the subsample.

For the individual-level SES score, disparities were quantified on the overall populations as

well as separately for three values for migration status. In sensitivity analyses, I separately quan-

tified disparities in five geographic regions in China (Fig. 2.2); this approach reflects geographic
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variability as well as, implicitly, economic development and climate conditions. For the community-

averaged SES score, I quantified the disparities across all communities and by urban communities

and rural villages separately. For gridded GDP per capita, I quantified the disparities on overall

grids and by urban/rural grid cells. Urban/rural cells were defined according to the spatial cities of

China in 2015 from Beijing City Lab [187] using community boundaries and urban built-up areas.

The urban/rural classifications were done using the mask function in the Python “rasterio” package

(mask 1-km gridded GDP using urban definition shapefiles). Grid cells a) with the centers inside

the urban definition shapefiles or b) selected by Bresenham’s line algorithm (which determines

which points on a two-dimensional raster should be selected to form a close approximation to a

straight line between two given points) were designated as urban; all other grid cells were defined

as rural. To investigate whether the results were robust to the specific urban/rural definition em-

ployed, I also conducted sensitivity tests using three alternative urban/rural land classifications: a)

township population density in year 2010 [188], b) a neighborhood-level vector cellular automata

model (this model reproduces global patterns and behavior from local interactions of cells, repre-

senting the cells as a collection of interconnected irregular geographic objects) based on density,

neighborhood condition, and other spatial variables for year 2012 [189], and c) a 300-m resolution

global land cover map (GLOBCOVER) data set [190], which is based on satellite images. All

four urban definition shapefiles were downloaded from Beijing City Lab [191]. In my approaches,

individuals/communities/grids were included in either urban or rural areas.

In addition, separately, I conducted sensitivity analyses quantifying the disparities using six

alternative spatial resolutions from 2 to 100 km (vs. 1 km in the main analysis). The motivation

was to see whether environmental inequality patterns differed across spatial scales of analysis.

3.3.6 Sensitivity test using monitored concentrations

To test the robustness of results using modeled concentrations, as a sensitivity analysis I em-

ployed monitoring data directly (i.e., excluding the empirical model). By definition, this analysis

was restricted to locations with a monitor (i.e., the 1-km grid cells containing a monitor; n=1,466,

see Fig. 2.3 for the spatial distribution of the monitor locations). The population-weighted average

concentrations (in micrograms per meter cubed) for NO2 and PM2.5 (37 and 55 µg/m3, respectively)

at monitor locations were higher than the national averages (28 and 53 µg/m3), especially for NO2.

However, the GDP per capita (population weighted; in yuan) at monitor locations (mean=16,847;
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median=13,408) was lower than the population average (mean=59,080; median=24,691). Below, I

give separate results for all monitor locations (n=1,466), urban monitor locations (n=1,076; 73%

of monitors), and rural monitor locations (n=390; 27%). Comparing the modeled vs. monitored

concentrations, the model performance was similar in both urban and rural locations for both two

pollutants [regression R2: 0.88 (NO2), 0.95 (PM2.5) for urban monitor locations, and 0.89 (NO2),

0.95 (PM2.5) for rural monitor locations].

3.4 Results

3.4.1 Air pollution exposures by individual’s SES

Based on the individual data (CHARLS cohort), average ambient air pollution concentrations

at home locations were 24 µg/m3 (IQR: 18–31) for NO2 and 51 µg/m3 (38–60) for PM2.5. Those

values are several times higher than the WHO annual mean guidelines for NO2 (10 µg/m3) and

PM2.5 (5 µg/m3) [6]. The proportion of the population exceeding the WHO guideline was 97% for

NO2 and 100% for PM2.5.

Consideration of individuals’ urban migrant status and SES groups (Fig. 2.4; Table 3.3) re-

vealed the following. For NO2, mean concentrations for rural residents (22 µg/m3) and rural-

to-urban migrants (26 µg/m3) were lower than for urban residents (31 µg/m3); for PM2.5, mean

concentrations were nearly identical for rural residents (50 µg/m3) and rural-to-urban migrants

(also 50 µg/m3; a <2% difference), which were slightly lower than for urban residents (55 µg/m3).

In univariate consideration of all three SES variables (education, occupation, and income), NO2

and PM2.5 concentrations were generally higher for higher-SES groups (i.e., higher education, nona-

gricultural work, higher income) than for lower-SES groups, which is consistent with the hypothesis

described in the “Introduction” section. The maximum concentration disparity percentage (with

absolute value) between group means and the population average was 28% for migrant status and

12–18% for SES groups, for NO2; for PM2.5, analogous relative disparities were 8% and 3–7%.

NO2 and PM2.5 concentrations were both higher for individuals in middle- and high-population

density communities and lower for low population density communities (Table 3.3). Air pollu-

tion disparities by SES variables generally held even controlling for migrant status (Fig. 2.5). In

individual-level fully adjusted models and city random intercept regression models (Table 3.4), the

generally positive relationships still held (except for education in the city random intercept model
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for PM2.5, which had nonsignificant negative slopes for higher education groups), and many but

not all SES variables were statistically significant. In multiple imputation models (Table 3.5), the

positive relationships generally held; the regression coefficients for both individual-level models and

multilevel models did not change substantially (differences were generally <10%).

Results by ethnicity (Tables 3.6 and 3.7) indicate that, relative to the population-average

exposure for NO2 and PM2.5 (24 and 51 µg/m3, respectively), average exposures were nearly the

same for people who are Han (25 and 52 µg/m3, respectively; that finding was expected because

the overall population is 92% Han), higher for people who are Hui (39 and 67 µg/m3, respectively)

or Uyghur (58 µg/m3 for PM2.5), and lower for people in each of the remaining seven groups [and,

for Uyghur for NO2 (21 µg/m3)]. (Average SES scores were higher-than-average for people who are

Hui or Uyghur, and lower-than-average for the remaining seven minority groups; thus, results by

ethnicity were generally consistent with the finding above that average NO2 and PM2.5 exposures in

China were higher than average for upper-SES individuals.) Considering all people in any one of the

nine ethnic minority groups, average exposures were 25% lower (NO2) and 24% lower (PM2.5) than

the overall population average. For the adjusted effects models, including ethnic minority status as

a dummy (i.e., binary) variable yielded a negative coefficient for both pollutants in the individual-

level fully adjusted models and a nonsignificant coefficient in the city random intercept models.

That finding implies that the lower ambient concentrations for ethnic minorities are mainly due to

the concentration differences in the cities they live (i.e., a between-city, rather than a within-city,

effect).

The unadjusted results by expenditure (Table 3.8) indicate that NO2 concentration was higher

for individuals with higher expenditure (23 vs. 26 µg/m3, respectively, for the 20% of individuals

with the lowest and highest expenditure); there was no significant relationship between PM2.5 con-

centration and expenditure (50–51 µg/m3 for all quintiles of expenditure); the mean SES scores

were higher for individuals with higher expenditure. For the adjusted effects models (Table 3.7),

expenditure had a slightly positive coefficient for NO2 in the city random intercept model, a neg-

ative coefficient for PM2.5 in the individual-level model, and nonsignificant coefficients in the two

other models (PM2.5, city-random-intercept; NO2 individual-level model). The generally positive

relationships for urban migration status and the three major SES variables (education, occupation,

and income) still held after controlling for ethnicity and expenditure.
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3.4.2 Air pollution exposures by three SES matrices

The three SES approaches (Fig. 2.6) revealed a consistent pattern: Ambient air pollution

concentrations at home locations were higher for high-SES than for low-SES individuals or areas

across methods, pollutants, and urban–rural status, again suggesting that the findings here are

generally consistent with the hypothesis offered in the “Introduction” section. According to linear

regression models of concentrations vs. SES, at 1-km resolution, a 1-IQR higher SES corresponded

to a higher concentration of 5.6 µg/m3 NO2 (95% CI: 5.4, 5.9), 3.5 µg/m3 PM2.5 (95% CI: 3.0, 3.9)

for individual-level data (Table 3.9); 9.4 µg/m3 NO2 (95% CI: 7.9, 10.8), 6.0 µg/m3 PM2.5 (95% CI:

3.3, 8.8) for community-level data (Table 3.10); and 7.3 µg/m3 NO2 (95% CI: 7.1, 7.4), 4.1 µg/m3

PM2.5 (95% CI: 4.1, 4.2) for GDP per capita (log scale) (Table 3.11). Those results, rounded and

presented as a range, suggest that a 1-IQR higher SES is associated with a range of 6–9 µg/m3

NO2 and 3–6 µg/m3 PM2.5 higher concentration of air pollution (expressed as a percentage of the

population-weighted mean exposure: 23–39% NO2, 7–12% PM2.5). Results by subregion (Fig. 2.7,

Table 3.12) were generally consistent with Fig. 2.6, with a small number of exceptions (PM2.5 in

central and northern China).

Disparities were larger for community-level than for individual-level data (Tables 3.9 and 3.10).

For example, average concentrations for the highest and lowest 20th percentage of SES differed by

41% (NO2) and 12% (PM2.5) for individual-level CHARLS data, compared with 89% (NO2) and 25%

(PM2.5) for community-aggregated CHARLS data. This finding reflects in part that within- and

between-community variabilities of SES were similar in magnitude, whereas variability in modeled

concentrations was less within-community than between-community (Table 3.13). Area-level data

reflect the average of the community, and averaging reduces the overall variability more for SES

than for ambient concentrations. Air pollution concentrations and SES were higher in urban than

rural areas. The positive concentration–SES relationships (p< 2 × 10−16) held even when using

different definitions of urban/rural land (Table 3.11 and Fig. 2.8).

3.4.3 Sensitivity analysis

My core result—the positive relationships between ambient concentrations and SES—persisted

even for dramatically different spatial units of analysis. Specifically, when averaging GDP per

capita and air pollution concentrations across grid sizes from 1 to 100km (i.e., from 1 to 10,000
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km2), slopes of best-fit lines (Figs. 2.9 and 2.10) remained positive (p< 1 × 10−10). In general,

disparities decreased with coarser resolution. This result is likely because the coarser resolution

smooths out the spatial clustering of SES (Fig. 2.11); similar findings were noted in the United

States for modeled PM2.5 concentrations [16] and, generally, for empirical models of NO2 and

PM2.5 [17].

My results were robust to the use of monitored rather than modeled pollution concentrations

(Tables 3.14 and 3.15). Specifically, the core result (positive relationship between SES and concen-

trations) generally held when using monitored or modeled concentrations at all monitored locations

and at rural monitor locations; the results were not significant at urban monitored locations (af-

ter controlling for population density, the results for NO2 became significant at urban monitored

locations). For both pollutants, quantifications of that relationship (the relative concentration dif-

ferences between highest and lowest 20% SES) differed <3% between monitored vs. measured data

(Tables 3.14 and 3.15). That agreement in part reflects the strength of the models employed [R2:

0.78 (NO2), 0.89 (PM2.5); root-mean-square-error: 5.9 µg/m3 (NO2), 6.3 µg/m3 (PM2.5)].

3.5 Discussions

Across several analyses, I found a positive relationship between SES and ambient air pollu-

tion in China: On average, NO2 and PM2.5 concentrations are higher than average for higher-SES

populations and lower than average for lower-SES, rural-to-urban migrant, and ethnic minority

populations. These findings are remarkably robust, holding for urban and rural locations, across

nearly all geographic subregions within China, for three measures of SES (one individual measure,

two areal measures), for modeled vs. measured pollution concentrations, for multiple definitions of

urban vs. rural, and across a 100-fold range (in terms of area: 10,000-fold range) of spatial reso-

lutions. Findings here are consistent with the hypothesis described in the “Introduction” section,

that ambient air pollution exposures are higher for higher-SES than for low-SES individuals and

areas.

Prior findings on air pollution and demographics in China (e.g., [84–86, 192]) have generally

been inconclusive; in some cases, they propose an EKC relationship (e.g., for urban areas; [193]).

(In general, this prior work employed census demographic data.) In contrast, findings here are

consistent and monotonic.

Disparities are larger for NO2 than for PM2.5 (Tables 3.10 to 3.13), likely reflecting the greater
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spatial variability for NO2 than PM2.5. NO2 is a traffic-related pollutant of predominantly urban

origin and is influenced by local emission sources; PM2.5 has long-range and secondary components

and thus varies at a regional level [153, 194]. The larger disparities for NO2 than for PM2.5 are

consistent with results from other countries [7, 8, 10, 195], likely reflecting spatial aspects of the

two pollutants [i.e., greater spatial variability for NO2 than for PM2.5, owing to differences in the

emission sources and atmospheric chemistry (e.g., the strong regional secondary component for

PM2.5)], which held in other countries too [93,194].

I mainly explored rural-to-urban migration status and three SES measures in my study; in

addition, I also considered the effects of ethnicity and of family living expenditures. Other unmea-

sured factors (e.g., industrial structure, housing price, and hukou policies in different cities and

regions) may have also influenced my results. For example, on average, cities that rely more on

secondary industry (i.e., manufacturing) may tend to have more industrial pollution (PM2.5) than

cities that mainly rely on tertiary industry (i.e., services), so even at the same income/GDP per

capita level, the ambient pollution for their residents are different. Future work could explore those

factors that are unmeasured here.

The positive pollution–SES relationship in China is generally the reverse of patterns typically

reported in the literature, which in part reflects that the existing literature focuses mostly on

the United States and, to a lesser extent, other high-income countries. This difference in results

likely reflects the different cultures, economic and political systems, history, demographics, level of

industrialization, and urban structure in China vs. the United States. Several examples of such

are described in the “Introduction” section. For example, differences in urban characteristics tend

to increase the proportion of a) high-SES populations that live close to the urban center and b)

low-SES populations that live in the suburbs and exurbs [13,170,171].

My findings likely have implications for other locations besides China. Specifically, for coun-

tries that are (like China) relatively homogenous racially and with economic development that is

relatively recent (past decades), results here suggest that exposures may follow a different pattern

than has been observed for the United States. Future work can usefully explore patterns in other

contexts to develop the underlying framework and look at changes over time. For example, without

further evidence, I would be hesitant to ascribe my hypothesis to other points in time. If future eco-

nomic development and urbanization is concurrent with improvements in air pollution—especially

in high- and upper-middle-income counties in China [196]—then current patterns of environmental
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inequality may change over time. In recent years, with economic reform increasing public pressures

for clean production, increased public awareness of air pollution, and more complete and rigid envi-

ronmental protection laws, both air pollution level and GDP growth rate are decreasing in China.

Industries are moving from urban areas to rural/suburbs and from major cities to surrounding

cities [180]; these patterns may, in the future, weaken or shift the relationship between SES and

air pollution that is reported here. In addition, with continued rural-to-urban migration, lower-

SES populations may increasingly move to the heavily polluted megacities (e.g., Beijing, Shanghai,

Guangzhou) for work, which could also weaken the positive pollution–SES relationship. Environ-

mental justice theory in the United States [158,197] and elsewhere [198,199] highlights the concept

of sacrifice zones—locations that lack political power and receive disproportionately high environ-

mental risks. This is a critical aspect of how relationships here might shift over time that will

depend in part on inequities in political power and whether sacrifice zones become more prevalent.

Limitations of my methods include the following. First, I investigated ambient concentrations at

home locations rather than personal exposures. This approach, which is common in the literature,

omits factors such as mobility (e.g., travel for work and recreation), occupational exposure, and

near-source exposures (e.g., environmental tobacco smoke; time spent on-roadways; indoor use of

solid fuels for cooking, heating, or lighting) [200–212]. Future work could shed important additional

insight by considering those factors. [Some of the factors are already well studied, e.g., indoor use

of solid fuels for cooking generally happens in lower-income, not in higher-income, households

[213, 214].] Second, two of the three SES metrics are derived from CHARLS, which is a cohort of

individuals ≥45 years of age that is representative of that age group but is imperfectly representative

of the overall (i.e., all ages) Chinese population (Table 3.16). (The third SES metric, derived

from gridded GDP data, does not face this limitation.) Third, my methods do not reveal which

emission sources drive the concentrations and inequalities; future work could usefully investigate this

question [56,193,215,216]. Fourth, my methods do not employ a spatial regression approach; future

work could shed additional insight by accounting for the spatial clustering of air pollution [217].

Fifth, I studied conditions in China and not in other countries. Future studies could usefully

address this point by, for example, using a unified definition of SES and exposures to compare

across multiple countries.

This chapter describes a framework of air pollution inequality in China and uses several ap-

proaches to testify my hypothesis. Strengths of my approach include use of multiple data sets
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and lines of evidence, including multiple approaches to estimating SES; investigation nationally,

comprehensively, and for several subpopulations (e.g., subnational region; migrant status) using

consistent methods; comparing across two pollutants, with good spatial precision; use of modeled

as well as measured concentrations; use of global population density data and cohort data on demo-

graphics and home-location, which improves the spatial precision of the demographic information

and decreases the spatial aggregation problem [16–19]; and sensitivity analyses that consider mul-

tiple perturbations to the core analyses [e.g., a 100-fold (by area, a 10,000-fold) change in spatial

resolution; use of different definitions of urban vs. rural]. The multiple approaches and sensitivity

analyses reveal similar core findings, which adds confidence regarding the robustness of findings.

3.6 Conclusions

This study finds that for two important air pollutants (NO2 and PM2.5), average ambient

exposures in China are higher for higher-SES than for lower-SES populations and higher for long-

standing urban residents than for rural-to-urban migrant populations. The results are robust to

using multiple individual- and areal-level SES approaches, in both rural and urban locations, across

geographies, across a 100-fold range of spatial resolution, and for monitored vs. modeled ambient

concentrations. The disparity for NO2 is larger than for PM2.5.

My results are consistent with my hypothesis, which is the opposite of most of the existing en-

vironmental justice literature; findings here likely reflect correlations among economic development,

SES, and pollution (i.e., economic development increases SES and pollution levels). The findings

may have implications for locations outside of China, especially for other low- and middle-income

countries.
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Table 3.1: Coordinates and contributions of SES variables on SES score (first dimension of factor analysis

of mixed data [FAMD]).

SES variable Category
Coordinate on

dimension 1

Contribution on

dimension 1 (%)

Education

Illiterate -0.45 8.3

Did not finish elementary school but can read -0.13 0.7

Elementary school -0.03 0.0

Middle school 0.30 3.7

High school and above 0.42 7.3

Occupation
Agricultural work -0.92 34.7

Nonagricultural work 0.92 34.7

Income Log of household per capita income 0.51 10.7

Table 3.2: Spatial resolutions of predictors in the land-use regression models of NO2 and PM2.5 concentra-

tions.

Predictor Spatial resolution

Monitoring data –

Meteorological data 0.25° (around 25 km)

Satellite data 0.1° (around 10 km)

Geographic data

Road network Collected using 100 m to 10 km buffers

Land cover 30 m resolution; collected using 300m to 30km buffers

Point of interest Collected using 100 m to 50 km buffers

Fire count Collected using 5 km to 100 km buffers

Elevation 1 km

Population density 30 second (around 1 km)

Vegetation 0.05° (around 500 m)

65



Table 3.3: Mean (with interquartile range [IQR]) NO2 and PM2.5 concentrations (µg/m3) in each SES

group and maximum difference (absolute [µg/m3] and relative [%], with absolute value) from population

averages.

NO2 PM2.5

Number Group mean

with IQR

Maximum difference

from population

average

Group mean

with IQR

Maximum difference

from population

average

Migration

Rural resident 12,533 21.8 (16.3-27.8) 49.7 (35.5-59.6)

Rural-to-urban migrant 3,860 25.6 (18.2-31.8) 50.3 (36.7-58.8)

Urban resident 3,519 31.2 (21.9-39.6)

6.8 (28%)

54.9 (42.8-62.1)

4.2 (8%)

Missing 1,183 28.7 (20.4-35.1) 50.2 (39.2-57.3)

Education

Illiterate 5,044 22 (16.0-28.1) 48.9 (34.5-59.2)

Did not finish elementary

school but can read
3,374 22.7 (16.8-28.3) 48.2 (36.0-56.9)

Elementary school 4,016 23.9 (17.9-30.0) 50.6 (37.8-58.8)

Middle school 3,988 26.6 (19.0-32.5) 53.5 (39.8-62.4)

High school and above 2,367 28.9 (20.6-34.8)

4.5 (18%)

54.2 (41.1-62.4)

3.4 (7%)

Missing 2,306 24.8 (18.2-30.9) 50.2 (37.8-58.8)

Occupation

Agricultural work 9,197 21.6 (16.3-27.4) 49.3 (35.5-58.9)

Nonagricultural work 11,454 26.7 (19.0-32.6)
2.8 (12%)

51.9 (38.8-59.9)
1.4 (3%)

Missing 444 25.2 (18.2-31.9) 50.2 (35.4-60.5)

Household per capita

income (Yuan)

<2,000 3,663 22.1 (16.2-28.1) 49.1 (34.8-59.3)

2,000-5,500 3,441 23.2 (17.4-29.3) 50.6 (36.8-60.0)

5,500-12,000 3,669 24.2 (18.0-30.5) 51.1 (38.1-59.7)

12,000-24,000 3,529 26.1 (18.8-32.2) 51.5 (39.1-59.3)

<24,000 3,294 27.9 (19.8-34.1)

3.5 (14%)

52.8 (41.3-60.0)

2.1 (4%)

Missing 3,499 23.4 (17.5-28.9) 49.4 (36.0-58.4)

Population density

Low population density 6,600 20.2 (14.9-23.1) 46.7 (34.2-57.1)

Middle population density 6,639 24.5 (19.2-30.9) 53.3 (40.5-63.3)

High population density 6,736 29.2 (20.6-36.7)

4.8 (19%)

52.6 (38.8-59.9)

4.0 (8%)

Missing 1,120 20.6 (13.4-27.9) 47.8 (29.9-56.4)
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Table 3.4: Increase in mean NO2 (µg/m3) and PM2.5 (µg/m3) concentrations in relation to migration

condition and SES factors.

NO2 PM2.5

Individual-

level-factor

only model a

Random

intercepts

model b

Random

intercepts

model c

Individual-

level-factor

only model a

Random

intercepts

model b

Random

intercepts

model c

Migration – Rural resident

Rural-to-urban migrant
3.3 2.6 1.4 0.1 2.9 2

(3.0, 3.7) (2.4, 2.8) (1.1, 1.6) (-0.6, 0.8) (2.6, 3.2) (1.7, 2.3)

Urban resident
7.3 5.4 3.1 3.1 3.9 2.3

(6.8, 7.7) (5.2, 5.7) (2.8, 3.3) (2.3, 4.0) (3.5, 4.2) (2.0, 2.7)

Education – Illiterate

Did not finish elementary school

but can read

-0.1 0 0 -1 -0.2 0

(-0.5, 0.3) (-0.2, 0.2) (-0.1. 0.3) (-1.8, -0.2) (-0.5, 0.0) (-0.2, 0.2)

Elementary school
0.8 -0.1 -0.1 1.3 -0.3 -0.1

(0.4, 1.2) (-0.3, 0.1) (-0.3, 0.1) (0.5, 2.1) (-0.6, 0.0) (-0.4, 0.1)

Middle school
2.4 0.1 0.1 4.1 -0.4 -0.1

(2.0, 2.9) (-0.2, 0.3) (-0.1,0.4) (3.3, 5.0) (-0.7, -0.1) (-0.3, 0.2)

High school and above
2.1 0.1 0.1 3.4 -0.7 -0.2

(1.5, 2.6) (-0.2, 0.3) (-0.2,0.4) (2.6, 4.4) (-1.1, -0.4) (-0.5, 0.1)

Occupation – Agricultural work

Nonagricultural work
2.1 1.1 1.1 0.4 0.1 0.2

(1.8, 2.4) (1.0, 1.3) (0.9, 1.2) (-0.2, 1.0) (-0.1, 0.3) (0.0, 0.4)

Household per capita income d
0.7 0.2 0.2 0.6 0.1 0.2

(0.5, 0.8) (0.1, 0.3) (0.1, 0.3) (0.3, 0.9) (-0.0, 0.2) (0.1, 0.3)

Log of population density
0.7 0.3

(0.7, 0.8) (0.2, 0.3)

a The model only considers individual’s age, migration condition, and socioeconomic characters.

b The model controls the individual’s characters, and adds random intercepts for each prefecture-level city.

c The model controls the individual’s characters, population density, and adds random intercepts for each prefecture-

level city.

d Household per capita income is first log-transformed and then transformed into z-score. Parameter estimate refers

to a 1-unit increase in the z-score for log value of household per capita income.
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Table 3.5: Multiple imputation regressions (pooled results) for mean NO2 (µg/m3) and PM2.5 (µg/m3)

concentrations in relation to migration condition and SES factors.

NO2 PM2.5

Individual-level-

factor only model a

Random

intercepts model b

Individual-level-

factor only model a

Random

intercepts model b

Migration – Rural resident

Rural-to-urban migrant
3.1 1.4 0 2.1

(2.8, 3.5) (1.2, 1.6) (-0.6, 0.6) (1.9, 2.4)

Urban resident
7.2 3 2.6 2.7

(6.8, 7.6) (2.7, 3.3) (1.9, 3.4) (2.4, 3.0)

Education – Illiterate

Did not finish elementary school

but can read

0.1 0.1 -0.4 -0.2

(-0.3, 0.5) (-0.1, 0.3) (1.1, 0.4) (-0.4, 0.2)

Elementary school
0.9 0 1.7 -0.3

(0.5, 1.3) (-0.3, 0.2) (1.0, 2.4) (-0.5, -0.1)

Middle school
2.3 0.2 4.1 -0.4

(1.9, 2.7) (-0.1, 0.4) (3.4, 4.8) (-0.6, -0.1)

High school and above
2.3 0.1 3.7 -0.6

(1.8, 2.8) (-0.1, 0.4) (2.8, 4.6) (-0.9, -0.3)

Occupation – Agricultural work

Nonagricultural work
2 0.9 0.6 0

(1.8, 2.3) (0.8, 1.1) (0.1, 1.1) (-0.2, 0.2)

Household per capita income c
0.7 0.2 0.6 0.1

(0.5, 0.9) (0.1, 0.3) (0.3, 0.9) (0.0, 0.2)

Log of population density
0.8 0.3

(0.7, 0.9) (0.3, 0.4)

a The model only considers individual’s age, migration condition, and socioeconomic characters.

b The model controls the individual’s characters, population density, and adds random intercepts for each

prefecture-level city.

c Household per capita income is first log-transformed and then transformed into z-score. Parameter estimate refers

to a 1-unit increase in the z-score for log value of household per capita income.
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Table 3.6: Mean (with IQR) NO2 and PM2.5 concentrations (µg/m
3), and mean SES scores in each ethnicity

group.

Group mean with IQR

Ethnicity group Number NO2 concentration

(µg/m3)

PM2.5 concentration

(µg/m3)

Mean standardize SES score

Han 14,936 24.7 (18.2-30.8) 52.0 (39.1-60.3) -0.1

Hui 80 39.1 (32.2-44.3) 67.4 (55.9-72.5) 0.7

Zhuang 155 12.3 (7.6-11.7) 36.0 (34.1-35.2) -0.5

Uyghur 79 21.1 (20.5-21.2) 57.6 (57.4-57.9) 0.3

Yi 77 14.8 (12.9-16.6) 27.1 (23.2-27.8) -0.8

Tibet 146 14.8 (12.1-16.1) 28.1 (24.2-24.5) -0.7

Miao 94 14.3 (11.9-15.3) 30.9 (31.1-31.7) -0.8

Mongol 173 17.3 (15.1-18.1) 34.9 (32.2-37.3) -0.2

Dai 34 15.3 (15.1-15.7) 29.9 (29.8-29.9) -0.7

Other 413 20.0 (15.2-21.7) 42.6 (32.3-53.1) -0.2

Ethnicity

Minorities
1,251 18.4 (12.7-21.0) 39.3 (29.9-46.5) -0.3

Missing 4,908 25.3 (18.2-31.9) 49.7 (36.8-58.3) 0.3
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Table 3.7: Increase in mean NO2 (µg/m3) and PM2.5 (µg/m3) concentrations in relation to migration

condition, SES factors, ethnicity, and living expenditure.

NO2 PM2.5

Individual-level-

factor only model a

Random

intercepts model b

Individual-level-

factor only model a

Random

intercepts model b

Migration – Rural resident

Rural-to-urban migrant
3.2 1.4 0.1 2.1

(2.9, 3.6) (1.2, 1.6) (-0.6, 0.8) (1.8, 2.4)

Urban resident
7.4 3 3.7 2.3

(6.9, 7.8) (2.7, 3.3) (2.8, 4.6) (2.0, 2.7)

Education – Illiterate

Did not finish elementary

school but can read

-0.2 0.1 -1.2 0

(-0.6, 0.3) (-0.1, 0.3) (-2.1, -0.4) (-0.3, 0.2)

Elementary school
0.6 0 0.9 -0.2

(0.1, 1.0) (-0.3, 0.2) (0.1, 1.7) (-0.5, 0.0)

Middle school
2.2 0.2 3.9 -0.1

(1.7, 2.7) (-0.1, 0.4) (3.0, 4.8) (-0.4, 0.2)

High school and above
1.9 0.1 3.4 -0.1

(1.3, 2.5) (-0.1, 0.4) (2.3, 4.5) (-0.5, 0.2)

Occupation – Agricultural work

Nonagricultural work
1.9 0.9 0.4 0.2

(1.6, 2.3) (0.8, 1.1) (-0.2, 1.0) (0.1, 0.4)

Household per capita income c
0.5 0.2 0.6 0.2

(0.4, 0.7) (0.1, 0.3) (0.3, 0.9) (0.1, 0.3)

Ethnicity – Han ethnicity

Ethnicity minorities
-5.4 0.1 -11.5 0.1

(-6.0,-4.8) (-0.3, 0.4) (-12.7, -10.4) (-0.3, 0.6)

Household per capita living

expenditure c

0 0.1 -1.1 0

(-0.2, 0.2) (0.1, 0.2) (-1.4, -0.8) (-0.1, 0.1)

Log of population density
0.8 0.3

(0.7, 0.9) (0.2, 0.4)

a The model only considers individual’s age, migration condition, and socioeconomic characters.

b The model controls the individual’s characters, population density, and adds random intercepts for each prefecture-

level city.

c Household per capita income and household per capita living expenditure are first log-transformed and then trans-

formed into z-score. Parameter estimates refer to a 1-unit increase in the z-score for log value of household per capita

income/living expenditure.
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Table 3.8: Mean (with IQR) NO2 and PM2.5 concentrations (µg/m3), and mean SES scores in each

household per capita living expenditure group (by quintile).

Household per capita

living expenditure

quintile (Yuan)

Number
Group mean with IQR Mean standardize SES

score
NO2 concentration

(µg/m3)

PM2.5 concentration

(µg/m3)

<4,500 4,021 23.3 (17.4-29.9) 51.8 (37.3-62.2) -0.4

4,500-8,000 3,917 23.5 (17.6-29.5) 50.8 (37.8-59.7) -0.2

8,000-12,500 3,939 24.2 (18.0-30.5) 50.6 (37.7-59.3) 0

12,500-22,500 4,286 25.0 (18.2-30.9) 50.3 (38.1-58.3) 0.2

>22,500 3,969 26.3 (18.4-32.3) 50.5 (38.0-58.8) 0.3

Missing 4,908 24.0 (16.7-30.5) 49.2 (34.3-59.2) -0.1

Table 3.9: Individual level relationships between pollution concentration and combined SES score.

Group mean

concentration (µg/m3)
Relative concentration

difference between highest

20% and lowest 20% SES (%)

Linear regression

line slope with

95% CI a

Regression

slope × IQR b

Lowest

20% SES

Highest

20% SES

NO2

Overall 21 30 41 3.0 (2.9, 3.2) 5.6 (5.4, 5.9)

Rural resident 20 24 17 1.3 (1.1, 1.4) 2.2 (1.9, 2.4)

Rural-to-urban migrant 23 28 25 2.4 (2.1, 2.7) 4.1 (3.6, 4.6)

Urban resident 28 34 23 3.4 (2.8, 3.9) 2.3 (1.9, 2.6)

PM2.5

Overall 48 54 12 1.9 (1.6, 2.1) 3.5 (3.0, 3.9)

Rural resident 47 52 10 1.4 (1.1, 1.8) 2.4 (1.9, 3.0)

Rural-to-urban migrant 49 53 9 1.5 (1.0, 2.1) 2.6 (1.7, 3.6)

Urban resident 54 58 3 0.3 (-0.6, 1.3) 0.2 (-0.4, 0.9)

a The unit of regression slope is µg/m3/log(yuan)

b Calculated by linear regression slope times interquartile range of individual SES score. The unit is µg/m3.
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Table 3.10: Community level relationships between pollution concentration and combined SES score.

Overall Rural Urban

Community area
Median (km2) 6.4 13 2

IQR (km2) 1.7 - 20 5.6 - 30 0.8 - 6.0

Mean NO2

concentration

Lowest 20% SES (µg/m3) 19 18 22

Highest 20% SES (µg/m3) 36 24 41

Relative difference (%) 89 38 91

Linear regression line slope with 95% CI a 8.6 (7.2, 9.9) 7.0 (4.2, 9.7) 10.5 (7.9, 13.1)

Regression slope × IQR b 9.4 (7.9, 10.8) 3.2 (1.9, 4.4) 7.6 (5.7, 9.5)

Mean PM2.5

concentration

Lowest 20% SES (µg/m3) 44 42 48

Highest 20% SES (µg/m3) 55 52 60

Relative difference (%) 25 24 25

Linear regression line slope with 95% CI a 5.5 (3.0, 8.1) 11.2 (4.3, 18.1) 6.1 (1.1, 11.1)

Regression slope × IQR b 6.0 (3.3, 8.8) 5.1 (2.0, 8.2) 4.4 (0.8, 8.0)

a The unit of regression slope is µg/m3/log(yuan)

b Calculated by linear regression slope times interquartile range of individual SES score. The unit is µg/m3.

Table 3.11: Pollution concentration versus gridded GDP per capita in 1 km grid cells (population weighted).

Group mean concentration

(µg/m3)
Relative concentration difference

between highest 20% and lowest

20% GDP per capita (%)

Linear regression

line slope with

95% CI a

Regression

slope * IQR b

Lowest 20%

GDP per capita

Highest 20%

GDP per capita

NO2

Overall 17 26 48 3.0 (2.9, 3.0) 7.3 (7.1, 7.4)

Rural land 17 24 44 1.8 (1.8, 1.9) 4.4 (4.3, 4.5)

Urban land 32 34 8 1.3 (1.1, 1.4) 2.0 (1.7, 2.2)

PM2.5

Overall 43 51 19 1.7 (1.7, 1.7) 4.1 (4.1, 4.2)

Rural land 42 51 21 1.5 (1.5, 1.5) 3.6 (3.6, 3.6)

Urban land 56 57 3 0.9 (0.7, 1.1) 1.4 (1.1, 1.7)

a The unit of regression slope is µg/m3/log(yuan)

b Calculated by linear regression slope times interquartile range of individual SES score. The unit is µg/m3.
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Table 3.12: Summary of socioeconomic characteristics, pollution concentration and disparities by region.

Region West Central Southeast North Northeast

Mean income (Yuan) 13,466 14,273 20,388 16,676 17,036

Mean SES score -0.21 -0.01 0.19 0.14 0.24

Migration percentage (%) 17 17 30 15 8

PM2.5

Mean concentration (µg/m3) 40 58 43 72 52

Disparities between highest 20%

versus lowest 20% SES

Absolute 5 -0.2 8 3 0.6

(µg/m3) (38, 43) (57.5, 57.3) (39, 47) (71, 74) (50.9, 51.5)

Relative (%) 13 0 20 4 1

NO2

Mean concentration (µg/m3) 20 25 24 34 26

Disparities between highest 20%

versus lowest 20% SES

Absolute 7 4 11 9 11

(µg/m3) (17, 24) (24, 28) (19, 30) (30, 39) (20, 31)

Relative (%) 40 16 55 31 52

Table 3.13: Within- and between-community variabilities of NO2 concentration, PM2.5 concentration and

SES score.

Within-community IQR a Between-community IQR b Ratio of within- and between-community IQR

NO2 (µg/m3) 0.08 14 0.006

PM2.5 (µg/m3) 0.03 22 0.001

SES score 1.3 1.5 0.9

a Calculated by the median of IQRs for each community.

b Calculated by the IQR of medians for each community.
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Table 3.14: Disparities of concentration versus gridded GDP per capita in 1 km grid cells using monitored

and predicted concentrations at monitoring site locations.

Monitoring site locations

Monitored Predicted

NO2

Regression slope of pollution versus GDP per capita 1.1 (0.6, 1.5) 1.0 (0.6, 1.4)

Mean concentration (µg/m3)

Lowest 20% GDP per capita group 28 28

Highest 20% GDP per capita group 32 32

Relative difference 14% 13%

PM2.5

Regression slope of pollution versus GDP per capita 0.8 (0.1, 1.4) 0.7 (0.1, 1.3)

Mean concentration (µg/m3)

Lowest 20% GDP per capita group 50 50

Highest 20% GDP per capita group 53 52

Relative difference 5% 4%

Table 3.15: Disparities of concentration versus gridded GDP per capita in 1 km grid cells using monitored

and predicted concentrations at urban and rural monitoring site locations.

Urban monitored locations Rural monitored locations

Monitored Predicted Monitored Predicted

NO2

Regression slope of pollution versus GDP per capita -0.1 (-0.7, 0.5) -0.2 (-0.7, 0.4) 1.3 (0.7, 1.9) 1.2 (0.7, 1.7)

Mean

concentration

(µg/m3)

Lowest 20% GDP per capita group 33 33 23 23

Highest 20% GDP per capita group 32 32 32 32

Relative difference -3% -3% 43% 40%

PM2.5

Regression slope of pollution versus GDP per capita -0.6 (-1.5, 0.3) -0.5 (-1.4, 0.4) 1.0 (0.1, 1.9) 0.8 (-0.1, 1.6)

Mean

concentration

(µg/m3)

Lowest 20% GDP per capita group 56 55 43 44

Highest 20% GDP per capita group 53 52 53 52

Relative difference -6% -5% 22% 19%
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Table 3.16: Comparison of socioeconomic characters of CHARLS 2015 cohort sample and national census

data a.

National data National data (>45 year old) CHARLS sample

Illiterate (%) 6 12 26

Elementary school (%) 26 36 39

Middle school (%) 38 35 21

High school and above (%) 30 17 14

Agricultural work (%) 37 54 45

Household per capita income (Yuan) 21,996 – 15,697

a National education and occupation data are from 1% Population Sample Survey in 2015 ; national household per

capita income is from China Statistical Year book 2015.

Figure 3.1: PCA analysis of socioeconomic factors.
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Figure 3.2: Region classification in China.

Figure 3.3: Spatial distribution of the monitor locations.
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Figure 3.4: Estimated ambient (A) NO2 and (B) PM2.5 concentration by individual’s rural-to-urban mi-

gration status, education, occupation, and income quintile. Box and whiskers indicate the 10th, 25th, 50th,

75th, and 90th percentiles and the mean (red circle). Income levels are displayed in the lower right of (B).

The percentage numbers of individuals in each subgroup are annotated at the bottom of (A).
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Figure 3.5: Estimated outdoor (A) NO2 and (B) PM2.5 concentration by the individual’s highest educa-

tional attainment, occupation, and household per capita income quintile for each migration group. Box-

and-whiskers indicate the 10th, 25th, 50th, 75th, and 90th percentile concentrations in each migration and

SES group, the points indicate the mean concentration, and the percentage numbers in (A) indicate the

population percentages of the samples in each group. The household per capita income quintiles are calcu-

lated based on the cohort samples, and the average household per capita income levels (1000 RMB) for each

income group are shown in the lower right of (B).
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Figure 3.6: Relationship between SES and ambient NO2 and PM2.5 concentrations, based on (A) individual

data, (B) areal data derived by aggregating the individual data to the community-level, and (C) areal data

derived from national gridded GDP and world population density data sets. Data are plotted by urban–rural

status, reflecting available data for individual data (A), three groups (rural resident, urban resident, and

rural-to-urban migrant); for areal data (B,C), two groups (rural, urban). SES values reflect available data:

(A) individual SES, (B) community-averaged SES, and (C) GDP per capita. Each plotted point represents

the mean pollution concentration for 10% of the subsample. For example, in (A), the left-most red point

represents the 10% of the rural residents with the lowest standardized SES score, and the right-most blue

point represents the 10% of the rural-to-urban migrants with the highest standardized SES score. Plots also

display best-fit lines and kernel densities. All of the best-fit lines have a positive slope, indicating that in all

cases considered, higher SES is correlated with higher concentrations of ambient air pollution.
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Figure 3.7: Relationship between (A) NO2 and (B) PM2.5 concentration versus combined SES score in

each geographic region. Each point in the subplots represents the mean pollution concentration for 5% of the

samples binned by standardized SES scores; each line represents the linear regression lines of concentration

versus standardized SES score or gridded GDP for each group. (C) Density plots (counts) of standardized

SES scores.
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Figure 3.8: Relationship between average NO2 and PM2.5 exposures and SES, based on national grid-

ded GDP and world population density datasets. Urban and Rural land are defined by (A) township-

level population density in year-2010 [188], (B) a neighborhood-level vector cellular automata model based

on density, neighborhood condition, and other spatial variables for year-2012 [189], (C) 300 m resolution

GLOBCOVER dataset [190]. The shapefiles of all three classifications are available at Beijing City Lab

(www.beijingcitylab.com). This figure is analogous to Fig. 3.6C in the main text, but with different

urban-rural definitions. For all the best-fit lines, the slopes are positive (p<2e-16)
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Figure 3.9: Relationship between pollution concentration and log GDP per capita, by grid cell size. Each

point shows the mean log GDP per capita and mean pollution concentration of every 10% of population;

each segment shows the IQR of pollution concentration. Best-fit lines by pollutant are shown in each plot.
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Figure 3.10: Effect of grid cell size on the concentration-GDP relationships: (A) Concentration difference

between populations in highest 20% of GDP per capita locations and lowest 20% of GDP per capita locations;

(B) Relative difference between mean pollution concentrations in highest 20% of GDP per capita and lowest

20% of GDP per capita; (C) Concentration change per 1-IQR increase in log of GDP per capita, calculated

by regression slope of pollution concentration versus log of GDP per capita × IQR of log GDP per capita.

All concentrations and quantiles are population-weighted. The distributions of county size for rural counties,

county-level cities, and urban districts are shown in (A). For all regression slopes in (B), p<1e-10.
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Figure 3.11: (A) IQR and (B) ratio of 90th versus 10th percentiles of GDP per capita, log GDP per capita,

NO2 concentration and PM2.5 concentration by grid cell size.
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Chapter 4

ADDRESSING US NATIONAL RACIAL-ETHNIC PM2.5 EXPOSURE
INEQUALITY

Material in this chapter was previously published in the following article: Y. Wang, et al.,

Location-specific strategies for eliminating US national racial-ethnic PM2.5 exposure inequality,

Proc. Natl. Acad. Sci. U.S.A. 119, e2205548119 (2022).

4.1 Summary

Air pollution levels in the US have decreased dramatically over the past decades, yet national

racial-ethnic exposure disparities persist. For ambient PM2.5, I investigate three emission-reduction

approaches, and compare their optimal ability to address two goals: (1) reduce the overall popu-

lation average exposure (“overall average”) and (2) reduce the difference in the average exposure

for most-exposed racial-ethnic group versus for the overall population (“national inequalities”).

I show that national inequalities in exposure can be eliminated with minor emission-reductions

(optimal: ∼1% of total emissions) if they target specific locations. In contrast, achieving that

outcome using existing regulatory strategies would require eliminating essentially all emissions (if

targeting specific economic sectors) or is not possible (if requiring urban regions to meet concen-

tration standards). Lastly, I do not find a tradeoff between the two goals (i.e., reducing overall

average; reducing national inequalities); rather, the approach that does the best for reducing na-

tional inequalities (i.e., location-specific strategies) also does as well as or better than the other

two approach (i.e., sectors-specific; meeting concentration standards) for reducing overall averages.

Overall, my findings suggest that incorporating location-specific emissions reductions into the US

air quality regulatory framework (1) is crucial for eliminating long-standing national average expo-

sure disparities by race-ethnicity and (2) can benefit overall average exposures as much or more as

the sector-specific and concentration-standards approaches.
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4.2 Introduction

The Clean Air Act has dramatically reduced outdoor air pollution levels in the US, with (dur-

ing 1990-2020) aggregate benefits exceeding costs ∼30-to-1 ($2t vs $65b) [218]. Important regula-

tory strategies include the National Ambient Air Quality Standards (NAAQS) and sector-specific

emission-reduction technology requirements (e.g., Best Achievable Control Technology [BACT]

standards). However, exposure inequalities persist [8, 10, 28, 31–33]. Disparities by race-ethnicity

are larger than, and distinct from, those by income [8, 10, 20, 27, 28]. Racial-ethnic inequalities in

US ambient air pollution and subsequent exposures are attributable in part to racist planning, in-

cluding historical, race-based housing segregation and land-use practices [24,36–43]. Environmental

racism scholars have suggested that strategies and policies for eliminating disparities will be most

effective when racial-ethnic injustices are centered and directly addressed [44,219–221].

The existing literature documents exposure inequities [7–11, 27, 28, 32, 33, 47] and investigates

the impacts on inequities of emission changes for specific sources (e.g., [48–57]) or locations [12,

58–62,222]. However, the scientific literature has not investigated how to eliminate national racial-

ethnic inequalities in air pollution, nor what level of emission-reduction would be required to do

so [25].

I examine three potential approaches to reduce or eliminate national exposure inequalities: (1)

location-specific emission reductions (hereafter, “location”), (2) sector-specific emission reductions

(“sector”; analogous to BACT-type approaches), and (3) requiring regions to meet a concentration

standard (“NAAQS-like”). Approaches #2 and #3 mirror aspects of current regulations; approach

#1 would be a new regulatory approach. I find that the “location” approach is by far the most

effective (can eliminate national disparities with only small absolute emission-reductions); the “sec-

tor” approach is poor (can reduce disparities but requires substantially larger emission-reductions;

cannot eliminate disparities except by eliminating nearly all emissions); “NAAQS-like” is the least

effective (does not eliminate disparities). The “location” approach is also the strongest of the three

for reducing population-average exposures.
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4.3 Materials and methods

4.3.1 Emission data and the source-receptor matrix

I use the InMAP (Intervention Model for Air Pollution) Source-Receptor Matrix (ISRM) [121]

to estimate, for the contiguous US, concentrations caused by anthropogenic emission. Specifically,

the ISRM, which is simulated using InMAP [109], provides an estimate of the isolated impact of a

1-t emission change at any source location upon PM2.5 concentration at each receptor locations.

Emission data, which are from the 2014 US EPA National Emission Inventory v1, are grouped

into 14 source sectors, five pollutants, three emission stack heights (ground level: < 57 m; low

stack height: 57 - 379 m; high stack height: > 379 m), and are allocated to the individual grid

cells (52,411 in total) of the ISRM; see [25] for details. The 14 sectors are: (1) agriculture, (2) coal

electricity utility, (3) non-coal electricity utility, (4) commercial cooking, (5) construction, (6) diesel

heavy-duty vehicle, (7) gasoline light-duty vehicle, (8) industrial, (9) road dust, (10) residential gas

combustion, (11) residential wood combustion, (12) residential others, (13) off-highway vehicle and

equipment, and (14) miscellaneous. Emissions from biogenic, wildfire, and international sources are

not investigated. The five pollutants are: primary PM2.5 and four precursors of secondary PM2.5:

nitrogen oxides [NOx], sulfur oxides [SOx], ammonia [NH3], and volatile organic compounds [VOC].

The spatial resolution of ISRM grid cells ranges from 1 km × 1 km (e.g., in densely-populated

urban centers) to 48 km × 48 km (e.g., in remote, sparsely populated regions). The average (i.e.,

unweighted average) spatial resolution is 13.2 km overall (2.6 km in Urban Areas, 22.6 km in

non-Urban Areas); the population-weighted average spatial resolution is 12.2 km overall (3.2 km

[Urban], 20.9 [non-Urban]). The ISRM has separate matrices for the five pollutant types and three

stack heights. The ISRM and emission data are freely available from zenodo.org/record/2589760

and zenodo.org/record/5831940, respectively.

4.3.2 Calculating national exposure inequalities by race-ethnicity and social vulnerability

I calculate the total PM2.5 concentration from all source-locations for each grid cell. National

population-weighted average concentrations overall and for the race-ethnicity and social vulnera-

bility subgroups are calculated as straightforward weighted averages: the sum of the multiplied

values of population count and concentration for each grid cell divided by the total correspond-

ing population. Race-ethnicity is classified according to the 2010 Census at block level. I focus
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here on the four largest racial-ethnic groups: non-Hispanic White (63% of the total population;

herein, “White”); Latino or Hispanic of any race (17% herein, “Hispanic”); non-Hispanic Black

or African American (12%; herein, “Black”); and non-Hispanic Asian and Pacific Islander (5%;

herein, “Asian”). Populations who identify as American Indian, as another race, or as multiracial

are grouped here as “Other” (3%).

To identify vulnerable populations, I employ the Centers for Disease Control and Preven-

tion / Agency for Toxic Substances and Disease Registry’s (CDC/ATSDR’s) Social Vulnerability

Index (SVI, www.atsdr.cdc.gov/placeandhealth/svi/index.html). SVI indicates, by Cen-

sus tract, the population ability to prevent human suffering and economic loss in a natural or

human-caused disaster, or a disease outbreak. SVI is calculated from 15 social factors across

four themes: socioeconomic status, household composition, race/ethnicity/language, and hous-

ing/transportation. CDC defines the 10% of Census tracts (excluding zero-population tracts) with

the highest SVIs as “high-vulnerability” (HV) and remaining tracks as non- high vulnerability

(non-HV); here, I label grid cells overlapping (ArcGIS command: INTERSECT) those tracts as

“HV” (9.5% of the total population) and remaining grid cells as “non-HV” (90.5%). For addi-

tional sensitivity analyses, I also used two alternative definitions for HV locations: (1) the Census

tracts in the highest 20% CDC SVIs (19.1% of the total population; in contrast, the main def-

inition employs the top 10% of Census tracts); and (2) the Census tracts in the highest 10% of

the PM2.5 EJ index defined by EPA’s EJScreen (Environmental Justice Screening and Mapping

Tool, www.epa.gov/ejscreen/environmental-justice-indexes-ejscreen). PM2.5 expo-

sure disparity by race-ethnicity is calculated as the population-weighted average concentration for

the most-exposed racial-ethnic group minus the population-weighted average concentration for the

total population. In the modeled “initial conditions” (i.e., without any hypothetical/simulated

emission-reduction), the most-exposed racial-ethnic group is Black. During the emission reduction

procedure (see below), the most-exposed racial-ethnic group can be any group. PM2.5 exposure

inequality for HV is calculated as the population-weighted average concentration for the HV or

the non-HV (the higher concentration between the two groups) minus the population average for

the total population. I mainly focus on the absolute term of inequality (µg/m3); I also report the

relative (i.e., percent) change in inequality during the reduction procedure.
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4.3.3 Calculating within-region and within-urban exposure inequalities

To calculate the within-region exposure inequalities, I use the geographic region classification

by regional offices of US EPA. There are 10 EPA regions (www.epa.gov/aboutepa/regional-and

-geographic-offices). I calculate the exposure inequalities within each of the 10 regions first,

and then calculate the national average (population-weighted) of within-region inequalities.

The within-urban exposure inequalities are calculated based on the same idea. I use Core-

Based Statistical Area (CBSA) as defined by US census (www2.census.gov/geo/tiger/TIGER2

019/CBSA/). CBSA is the geographic unit that EPA uses for the National Ambient Air Quality

Standards (NAAQS), and refers to both metropolitan statistical areas and micropolitan statistical

areas. There are 894 CBSAs in the contiguous US including 379 metropolitan statistical areas and

515 micropolitan areas.

4.3.4 Emission reduction scenarios and the optimization methods

In order to perform optimization, I first calculate the PM2.5 concentrations from every location

(i.e., each grid cell; n=52,411 in total) & pollutant (“location” approach, 239,348 combinations [i.e.,

52,411 locations; 5 pollutants; of the 262,055 maximum possible location-pollutant pairings, 22,707

have zero emissions and so are not considered here as an opportunity for emission-reduction.] in

total) and from every sector & pollutant (“sector” approach, 61 combinations [i.e., 14 sectors, 5

pollutants; of the 70 maximum possible sector-pollutant pairings, 9 have zero emissions and are

excluded here.] in total) for the total population and for each sub-population (race-ethnicity groups,

HV). I then calculate the marginal concentration difference between each sub-population and total

population, per one tonne emission change of each by-sector or by-location combination:

MCDi,j = (Ci,j − Ci,P )/Ei

Here, i represents a certain combination of sector & pollutant or location & pollutant (e.g., NOx

from road dust, SOx from grid-cell #100, etc.); j represents a certain sub-population (e.g., His-

panic population, HV, etc.); P represents the total population; Ci,j is the population-weighted

average PM2.5 concentration from source/location i for group j; Ci,P is the population-weighted

average PM2.5 concentration from source/location i for the total population; Ei is the total emission

from source/location i; MCDi,j is the marginal concentration difference between group i and the

population average, per one tonne emission from source/location j.
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The optimization determines the order in which emissions will be reduced, and models the

exposure impacts as those emission-reductions occur. The optimization is performed using the

following algorithm:

1. Determine the most-exposed racial-ethnic group or the more-exposed social vulnerability

group (j0) at the initial (i.e., zero emission-reduction) condition, and then determine the

combination (i0) with the largest marginal concentration difference (MCD) for that sub-

group.

2. Reduce all emissions from i0, and then calculate the remaining concentrations for the total

population and for all subgroups.

3. Repeat step #1, for the new conditions: Determine the most-exposed racial-ethnic group or

the most-exposed social vulnerability group (j1) for the updated concentrations, and then

find out the combination (i1; from the remaining available options) with the largest MCD

for that subgroup.

4. Repeat step #2, for the new conditions: Remove all emissions from i1, and then calculate the

remaining concentrations for the total population and for all subgroups.

5. Repeat steps #3 and #4 until the emissions from all combinations have been reduced to zero.

The concentrations for the total population and all subgroups also reach zero at this point,

and the optimization ends.

Via the steps above, I simulate the local optimum solution to minimize the concentration

inequality.

4.3.5 Regional and urban -level optimizations

In addition to optimization to reduce the overall national disparities (see above), I also explore

the optimization methods for reducing disparities at regional and urban scales. I assume that each

region or Urban Area reduces emissions in order to optimally reduce the inequalities within that

region/Urban Area. I use the ten EPA regions and US Urban Areas defined by the US census

(www2.census.gov/geo/tiger/TIGER2018/UAC). I consider only Urban Areas (as defined in
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the US Census: population: 50,000 or more) with more than 20 ISRM grid cells within their

geographic boundaries (n = 171). (If Urban Areas are divided into small/medium/large based on

national population tertiles, as described in [194], my approach provides 10 large, 44 medium, and

117 small Urban Areas.) I explore both optimization approaches (“location”; “sector”).

4.3.6 “NAAQS-like” methods

For the “NAAQS-like” approach, I set CBSAs as the emission reduction unit and set one

concentration target for all CBSAs. The NAAQS-like goal is that the concentrations in each grid

cell in a CBSA doesn’t exceed the concentration target (i.e., the NAAQS – National Ambient Air

Quality Standard). I separately employ multiple concentration targets, including 10, 9, 8, 7, 6,

and 5 µg/m3 (the recently updated WHO guideline for annual average PM2.5 concentration is 5

µg/m3). For this approach, the emissions reduction algorithm is:

1. Check each CBSA to see whether the maximum concentration within the CBSA is lower than

the concentration target.

2. For those CBSAs that exceed the concentration target, reduce the emission for all sources

and locations within the CBSA by 1% of the total emission (i.e., proportional to sources and

locations), and calculate the updated grid-cell concentrations for each CBSA.

3. Repeat step 1: Check each CBSA to see whether the updated concentrations reach the target.

4. Repeat step 2: For those CBSAs that still exceed the target, reduce all emissions within the

CBSA by 1% of the remaining emission or by 1 tonne/year (use the larger value between

the two), and calculate the updated grid-cell concentrations for each CBSA. The minimum

reduction unit is one tonne/year.

5. Repeat the steps 3) and 4) until all CBSAs have reached the target (the NAAQS) or reached

zero emission.

The rationale for some of the specific steps in this optimization are as follows: For some CBSAs,

even if I reduce all the emission within their boundary, the maximum concentration in that CBSA

will still exceed the target (the NAAQS). For those cases, I avoid the optimization entering an
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infinite loop via these steps described above: (1) having a small emission reduction (1 t/y) as the

minimum reduction per optimization step, and (2) halting the optimization if all emissions being

considered have become zero.

4.4 Results

The base (no emission reductions) model predicts the population-average PM2.5 concentration

(units: µg/m3) is 7.0; for racial-ethnic sub-populations it is 6.5 (White), 8.5 (Black), 7.7 (Hispanic),

8.0 (Asian), and 6.6 (other). The concentration disparity (which the “location” and “sector”

approaches aim to optimally reduce) is 1.4 µg/m3 (20%) for non-Hispanic Black (herein “Black”);

a value that is consistent with empirical analyses [10,28].

The results reveal that the “location” approach is substantially more effective and more efficient

in reducing concentration disparities for racial-ethnic groups and population average concentration

than “sector” or “NAAQS-like” approaches (Fig. 4.1). “Effective” refers to successfully eliminating

disparities; “efficient” refers to the reduction in disparity per unit reduction in emissions. The

“location” approach is the most effective of the three approaches in part because it is so much

more efficient. For example, it requires 28-fold less emission-reduction to achieve a 50% reduction

in racial-ethnic concentration disparities compared to the “sector” approach (0.04 MT/y (relative

value: 0.1% of total national emissions) for “location” versus 1.2 (4%) for “sector”). To reduce

the disparity by 90% and 99%, respectively, the analogous emission reductions are 54-fold different

(0.2 (0.7%) for “location” versus 12 (40%) for “sector”) and 83-fold different (0.4 (1.2%) versus 30

(99%)).

If optimizing to reduce overall population-average concentrations (rather than disparities), the

“location” and “sector” approaches provide similar improvements initially (Fig. 4.1: for the first

∼3 MT/y in emission reductions, both approaches reduce the average concentration to ∼4 µg/m3),

after which the “location” approach is comparatively more effective (reduces the concentration

quicker). Historically, total emissions of the five pollutants declined ∼13 MT (27%) from 2010 (46

MT) to 2020 (33 MT), an annual change of ∼1.3 MT (3.2%) [223].

“NAAQS-like” does not eliminate disparities and is much less efficient than “location” and

“sector” (Fig. 4.1), i.e., it requires dramatically greater emission reductions to achieve comparable

reductions in concentration disparities. For example, having all US urban areas meet a NAAQS-like

concentration standard of 6 µg/m3 (much lower than the current NAAQS [12 µg/m3]) would require
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9.1 MT/y of emission reduction (30.% of total national emissions). This would reduce the popu-

lation average concentration dramatically, to 3.5 µg/m3; but, it would only lower, not eliminate,

racial-ethnic disparities (to 0.6 µg/m3 (17%)). My finding that the “NAAQS-like” and “sector”

approaches cannot eliminate racial-ethnic disparities even after substantial emission reductions is

consistent with recent historical analyses [10,28,32,35].

As described in Appendix I, I conducted several sensitivity analyses, such as considering rela-

tive, rather than absolute, inequality; urban or regional, rather than national, disparities; disparities

for government-defined high-vulnerability locations, rather than racial-ethnic disparities; and, av-

erage concentrations, rather than disparities (see Appendix I; Figs. 4.2 to 4.8). For “NAAQS-like”,

I considered several values for the standard (Fig. 4.9). In each case, the conclusion still holds, that

the “location” approach is by far the most efficient approach. None of the NAAQS-like scenarios

eliminate disparities.

The “location” approach (Fig. 4.10A) prioritizes urban emission reductions in the Midwest

and Southeast where there are clusters of (i) emission sources and (ii) the most-exposed racial-

ethnic group. For the national-level optimization, higher prioritization for emission-reductions

is consistently correlated in univariate (Fig. 4.11) and multivariate (Table 4.1) analyses with

lower income, higher density of people and of emissions, higher percentage of non-White, higher

percentage of Black, and greater levels of segregation. In contrast, the relationship with percentage

of Hispanic and Asian varies across models (see Appendix II). The spatial extent of high-priority

locations varies by urban area (Figs. 4.10, 4.12 and 4.13, e.g., is comparatively large in Los Angeles

and Atlanta [>50% of the area is in the top 50% reduction priorities] and comparatively small in

New York, Boston, Miami, Dallas, and Philadelphia [<20% of the area is in the top 50% reduction

priorities]). In addition, the high-priority location(s) in an urban area can be in one cluster (e.g.,

Philadelphia, Chicago, Washington, DC, Atlanta) or many clusters (e.g., New York, Houston,

Dallas, Boston). These between-urban differences likely reflect differences in within-urban patterns

in emissions and racial-ethnic segregation [224–226].

For the “location” approach, comparing the base-case with the sensitivity analysis optimizing

reduction of within-urban (rather than national) disparities (Fig. 4.14A, Figs. 4.15 and 4.16), the

latter has more spatial variability than the former, but both approaches identify similar locations

for emission reduction. This suggests that identifying and reducing emissions in those high-impact

locations would in many cases reduce both urban-scale and national-scale disparities.
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The “sector” approach (Fig. 4.14B, Figs. 4.17 to 4.19) prioritizes emission reduction from com-

mercial cooking, road dust, residential gas combustion, and construction. Those sources have the

largest marginal benefits and so are ranked highly by my optimization. However, those four sectors

have relatively small absolute emissions and therefore only modestly reduce the total disparities

(reduce 0.4 µg/m3 [31%] of disparity in total, Fig. 4.18). Industrial has the largest total emissions

(9 MT/y [30%]) and also the largest contribution to inequality (0.3 µg/m3 [25%]). However, the

marginal improvement per MT/y is comparatively low, emphasizing that for industrial emissions,

large emissions reductions are needed to achieve large benefits to disparities. Industry contains

many types of sources; exposure disparities may be more sensitive to specific types of industrial

sources than the industrial sector as a whole.

Comparing the five types of emissions that contribute to PM2.5 – “primary” (directly-emitted)

PM2.5, and four precursor species that can form secondary PM2.5 – primary PM2.5 and NH3 have

the highest reduction priorities for all sectors. Reduction of primary PM2.5 emissions causes the

largest inequality reduction for most of the sectors (account for 57% of the total disparity). For

addressing PM2.5 disparities, the precursors VOC and NOx have the lowest reduction priorities for

all sectors.

4.5 Discussions and conclusions

My analysis provides insight for general, archetypal emission reduction approaches. Limita-

tions of my approach include the following. I do not consider several important factors, includ-

ing emission reduction costs, technologies, and enforcement. Additionally, this study focused on

ambient concentrations, which are related but distinct from individual-level exposures and risks;

indoor air pollution, micro-environments, and individual’s mobility can also contribute to exposure

disparities [60,62,227–229], and background rates of disease can modulate disparities by concentra-

tion [230]. I focused on disparities in PM2.5 because most of the health damages from air pollution

are attributed to PM2.5 [1,231]. I do not explore other air pollutants, climate effects, and toxicities.

My approach employs national-level source-receptor matrix and emission inventories, which include

documented uncertainties [25, 109, 121]. My results are robust at national and aggregate level; for

investigating specific locations, I recommend additional (local) data and analyses, including local

air quality data, local emission sources, and source-receptor matrix at finer resolution. My location

analysis was performed at, on average, a 3.2-km scale in Urban Areas; future work can investi-
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gate whether greater spatial resolution provides additional efficiencies [16]. A more-recent emission

inventory is available (2017 is available; I used 2014); I do not expect that my core conclusions

would change for an inventory that is 3 years different. Finally, I grouped sources into 14 sectors;

there may be additional insight from considering more granular categorization, especially for the

industrial sector.

Exposure disparities are a legacy of race-based planning [20, 35, 37, 38, 41, 41, 42, 44]. They

reflect systematic discrimination, housing segregation, and segregation in the proximity to pollution

sources: for almost every sector of economy, at various spatial scales, and persisting for decades

[20, 25, 46]. My study highlights the need for a fundamentally different framework for national air

quality regulation in the US that involves location-focused emission reductions in order to address

national racial-ethnic exposure disparities. That framework would help accelerate efforts to redress

the harms caused by environmental racism.

My findings can inform national action (e.g., implementation of the Biden-Harris Administra-

tion’s Justice40 Initiative [232, 233]) and emerging state and local environmental justice laws to

identify overburdened communities and develop community emissions reduction plans [234–236].

My study supports the long-standing request from environmental justice communities and local or-

ganizations for location-specific solutions that center overburdened communities [37,158,237–239].

My results also support putting in safeguards to address the potential for pollution trading (e.g.,

GHG-focused cap-and-trade) to exacerbate pollution inequities, especially for already overburdened

communities [240–242].

My results can help inform where to specifically target emission reductions, but more research is

needed. Future work can further explore how various location-specific emission-reduction strategies

– framed at a specific spatial scale (e.g., regional, state, urban, neighborhood) and incorporating hy-

perlocal emission sources, community characteristics, and context (e.g., historic and contemporary

zoning, planning policies, engagement of community groups) – can swiftly achieve benefits across

heavily impacted communities. Because PM2.5 includes primary and secondary components (i.e., is

emitted and also can form in the atmosphere), the most efficient locations to reduce emissions might

be in a community or might be upwind. The present work considers national average inequalities

(i.e., the difference in the average exposure for most-exposed racial-ethnic group versus for the over-

all population); future work should investigate other aspects of inequalities (also considering, e.g.,

exposure distributions, not just averages; other demographic attributes, not just race-ethnicity; and
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other geographic units) as well as broader aspects of achieving environmental justice (e.g., remedies

for past harms). Tools are urgently needed that can (1) connect local and national decisions (e.g.,

planning and zoning changes, infrastructure investments, provision of public services such as mass

transit, and household installation of solar panels) with benefits to highly-impacted communities,

and (2) support new and innovative approaches to environmental improvement (e.g., low-emission

zones, reflecting cumulative burdens).
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Figure 4.1: PM2.5 exposure disparity and concentration reduction curves. (A) Concentration disparity

between the most-exposed racial-ethnic group (Asian, Black, Hispanic, White, or Other) and the population

average (y-axis) versus cumulative emission reduction (x-axis). (B) Population average concentration versus

cumulative emission reduction. (C) Concentration disparity versus population averaged concentration (i.e.,

the y-axis values from the left and middle panels). For each panel, current conditions are the left side

(i.e., “do nothing” at x=0) and a complete (100%) emission-reduction is the right side (i.e., achieving zero

emissions: lower-right, at x=30.4 MT/y). Each panel compares three approaches to emission-reduction:

“location” (green line), “sector” (blue line), and “NAAQS-like” ( i.e., employing a concentration standard,

here 6 µg/m3; orange line). An “equal reduction” approach, where all emissions are reduced proportionately,

would be a straight line (black dotted line). The “location” approach (green line) can eliminate national

disparities with modest total emission reductions, whereas with the other two approaches, national disparities

remain even after substantial emission reductions (see left and right panels). The “location” approach also

does as well as or better than the other two approaches, for population average concentration (see middle

and right panels)
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Figure 4.2: Relative PM2.5 exposure disparity changes with emission reduction and concentration reduction.

Figure 4.3: PM2.5 exposure disparity and concentration reduction curves for the alternative conditions of

(90% and 50%) emission reduction. Where a line trends upward (i.e., has a positive slope), any emission

reduction would increase the exposure disparity (between the most-exposed racial-ethnic groups and the

population average); here, the optimization procedure priorities emission-reductions with the lowest marginal

increase in the exposure disparity.
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Figure 4.4: PM2.5 exposure disparity and concentration reduction curves. Top row: within-region results,

reflecting each region’s emission-reductions to optimally reduce disparities in that region. Each light-color

line reflects one US EPA region (n=10); median and interquartile range (IQR) are dark-color lines. Bottom

row: within-urban results, reflecting each Urban Area’s emission-reductions to optimally reduce disparities

in that Urban Area [UA]. Each light-color line reflects one UA (n=171); median and IQR are dark-color lines.

Some panels display zoom-in results in a sub-panel. For both rows, the location-based approach eliminates

racial-ethnic disparities in exposure well before the source-based approach (i.e., the green line is below the

blue line). For example, at the regionally level the location-based approach rapidly reduces disparities to

zero; the source-based approach does not.

99



Figure 4.5: Distribution map of “high vulnerability” locations, and PM2.5 exposure disparity and concen-

tration reduction curves for HV locations.
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Figure 4.6: Urban disparity reduction curves for the two optimization approaches.

Figure 4.7: PM2.5 exposure disparity and concentration reduction curves reflecting optimization to reduce

average exposure concentration.
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Figure 4.8: PM2.5 exposure disparity and concentration reduction curves, comparing four approaches

to emission-reduction: optimization by sector (blue line, same as Fig. 4.1), optimization by sector and

geographic regions (blue dash line), optimization by location (green line, same as Fig. 4.1), and optimization

by sector and location (green dash line).
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Figure 4.9: PM2.5 exposure disparity and concentration reduction curves for “NAAQS-like” approach.

Rows and columns are analogous to Fig. 4.1. Here, each CBSA reduces emissions inside that CBSA to

meet the concentration target (5, 6, 7, 8, 9, or 10 µg/m3); the figure shows the resulting disparities and

concentrations (top row: nationally; middle row: by regional; bottom row: by CBSA). None of the scenarios

investigated here result in disparities reaching zero.
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Figure 4.10: Emission reductions for the three approaches: (A) by location (i.e., corresponding to the green

lines, Fig. 4.1), (B) by sector (corresponding to blue lines, Fig. 4.1), and (C) “NAAQS-like” (orange lines,

Fig. 4.1). Panel (A) displays national results (left) and zoomed-in results for 10 large Area (right). Spatial

units displayed in panel (C) are Core-Based Statistical Areas (CBSAs), the geographic unit for NAAQS

evaluation. The three approaches offer fundamentally different ways of formulating and prioritizing emission

reductions.
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Figure 4.11: Scatter plots with best fit line (blue lines) and spline smoothing line (orange lines; order

= 3) of reduction priority versus racial-ethnic composition, household income, population density, emission

density, and racial segregation index in the location (grid cell). Reduction priority is converted to 0–100

scale: 100 represents highest priority, 0 represents lowest priority. Points, best-fit lines, and regression R-

squares are for the 1% random sub-sample of all the locations with none missing value, non-zero emissions,

and non-zero populations (n = 398). Population density and emission density are at log-scale. The unit of

population density is log of persons per square kilometer; the unit of emission density is log of tonnes per

square kilometer.
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Figure 4.12: Reduction priority maps for optimization by location methods for 44 medium Urban Areas.
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Figure 4.13: Reduction priority maps for optimization by location methods for 70 (out of 381) small Urban

Areas.
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Figure 4.14: Reduction priority maps for urban-level optimization by location methods for 10 large Urban

Areas.
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Figure 4.15: Reduction priority maps for urban-level optimization by location methods for 44 medium

Urban Areas.
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Figure 4.16: Reduction priority maps for urban-level optimization by location methods for 70 (out of 381)

small Urban Areas.
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Figure 4.17: Emission reduction priority for optimization by sector method. The plot is an alternative

version of Fig. 4.10b-left, where the icons are equally size (so they are more easily visible) instead of sized

proportionately to emissions.

Figure 4.18: Disparity reduction for optimization by sector method. The icons sizes are proportionately

to emissions.
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Figure 4.19: Emission reduction priority, emission reduced and disparity reduced for optimization by sector

method. This figure* is an alternative version of Fig. 4.10b.
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4.6 Appendix I: Sensitivity analyses comparing three emissions-reduction approaches

In addition to the base case for the three approaches, I also perform extensive sensitivity

analyses.

To compare the “location” and “sector” approaches, I (a) considered relative inequality rather

than absolute inequality (Fig. 4.2); (b) used two alternative reduction scenarios (only reducing

50% or 90% of each emission location or sector, such that emissions are not completely eliminated;

Fig. 4.3); (c) optimized to reduce inequality in each geographic region or in each Urban Area

instead of nationally (Fig. 4.4); (d) reduced inequality for HV instead of racial-ethnic groups (Fig.

4.5); (e) considered urban disparities instead of national disparities (Fig. 4.6); (f) optimized to

reduce average concentrations rather than concentration-disparities (Fig. 4.7); and (g) optimized

location-sectors and sector-regions (i.e., modified the “sector” approach to make it more similar to

the “location” approach; Fig. 4.8).

For sensitivity analysis [b] (i.e., only partial emission-reductions), I apply 90% (in another case,

50%) emission reductions for each location-pollutant or sector-pollutant parings. In these two sce-

narios, the emission reductions end once 10% (or, 50%) of the original total concentrations and

concentration inequalities has been reached, respectively. If no further emission reduction could re-

duce the disparity (i.e., if the marginal concentration differences become negative for all the rest of

parings), one could decide to halt the optimization at that point. (Further emission-reductions be-

yond that point will increase racial-ethnic disparities; the reason is that further emission-reductions

reduce concentrations more for less-exposed groups than for more-exposed group.) However, to

shed additional light on these scenarios, my optimization algorithm instead continues its simula-

tion: it simulates the local optimum to keep the disparity low and non-negative (see green lines

for 50% reduction scenario in Fig. 4.3: the line slopes upward after 5 MT/y emission reduction).

Compared with the main approach, partial emission-reductions require more emission reduction

amounts to reach the same disparity reductions.

For sensitivity analysis [c] (optimize regionally and locally instead of nationally), I reduce

the emissions within each EPA region or Urban Area, separately. For the regional optimization,

the median emission reductions to reduce 90% (from 1.5 to 0.15 µg/m3) of the median regional

disparity are 0.03 and 0.8 MT/y (a 27-fold difference) for “location” and “sector” approaches,

respectively. For the local optimization, the median disparity is 0.4 µg/m3; to reduce 90% of the
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disparity, the required emission reductions for the two approached are 0.001 and 0.01 MT/y (a 11-

fold difference), for “location” and “sector” approaches, respectively. Considering large, medium,

and small urban areas (UAs) separately for the local optimization, the median disparities are 1.0,

0.6, and 0.2 µg/m3 (relative disparities: 11%, 9%, and 3%), respectively. (Large/medium/small

UAs are defined following [194], as population tertiles: n=10 large UAs, population >4m; n=44

medium UAs, population 728k – 4m; n=177 small UAs, population <728k; restricted to UAs

with >20 ISRM grid cells.) To reduce 90% of the disparity, the required emission reductions for

“location” and “sector” approaches are 0.003 and 0.06 MT/y (a 17-fold difference) for large urban

areas, 0.002 and 0.03 MT/y (a 14-fold difference) for medium urban areas, and 0.0003 and 0.003

MT/y (a 12-fold difference) for small urban areas. Thus, my findings (the greater efficiency of the

“location” approach relative to the “sector” approach) are consistent across large, medium, and

small urban areas.

For sensitivity analysis [d] (social vulnerability), the population-average modeled PM2.5 con-

centration is 7.9 µg/m3 for HV locations and 6.9 µg/m3 for non-HV locations (using the main

definition for HV: 10% of CDC’s SVI). The estimated disparity for HV is 0.9 µg/m3 (13%) (i.e.,

the average PM2.5 level for HV locations versus the population average). Using two alternative

definitions for HV locations (20% of CDC’s SVI; 10% PM2.5 EJ index in EJScreen), the disparities

for HV are 0.8 µg/m3 (11%) and 1.8 µg/m3 (25%), respectively. The overall reduction efficiency for

HV is higher compared with the racial-ethnic disparities, using all three HV definitions. For all the

three HV definition, “location” approach is much more efficient than “sector” approach in reducing

the disparity for HV locations. Both approaches (i.e., “location” and “sector”) reduce disparities

by 90% or more, at less than 1.5 MT/y emission-reduction. In summary, the optimization can

dramatically reduce disparities at far less emission-reduction for HV than by race-ethnicity; in all

sensitivity analyses (as is also true for the main case), the “location” approach is more efficient

than “sector” approach at reducing disparities.

For sensitivity analysis [e] (i.e., urban disparities), I explore the within-CBSA disparity changes

for the baseline national optimizations. The results indicate that “location” approach is slightly

more efficient than “sector” approach at most of the emission reduction levels, and the required

emission reductions to reduce 50% (from 0.83 to 0.41 µg/m3) of the within-urban disparities are

0.7 MT/y and 1.3 MT/y for “location” and “sector” approaches, separately.

For sensitivity analysis [f], I adjust the optimization metric in “location” and “sector” ap-
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proaches to reduce average concentrations rather than concentration-disparities (Fig. 4.7). The

goal of this alternative optimization changes from addressing/minimizing exposure disparity to

maximize the health benefit for the total population. Results from [f] also indicate “location”

approach is more efficient (here, at reducing population-average exposure concentrations) than

“sector” approach.

For sensitivity analysis [g], I explore two alternative emission reduction steps: sector & region

& pollutant combinations (the “sector and geographic region” approach) and sector & location

combinations (the “sector and location” approach). The “sector and geographic region” approach

adds EPA region of the emission sources as a further dimension in the reduction steps compared

with the “sector” approach, and has 595 combinations (i.e., 14 sectors; 5 pollutants; 10 EPA regions;

of the 700 maximum possible sector-pollutant-region pairings, 105 have zero emissions and so are

not considered here as an opportunity for emission-reduction.) in total; the “sector and location”

approach changes the pollutant type to source sector compared with the “location” approach, and

has 509,128 combinations (i.e., 14 sectors; 52,411 locations; of the 733,754 maximum possible sector-

location parings, 172,215 have zero emissions.) in total. Results from [g] (Fig. 4.8) indicate that

adding additional dimension of geographic region improve the efficiency of “sector” approach; the

efficiency of the approach combining sector and location (i.e., “sector” approach modified to be

similar to “location” approach) is almost the same as “location” approach. This finding reflects

that this sensitivity analysis modifies the “sector” approach by adding information on location (the

EPA region), i.e., it is partially a “sector” - “location” hybrid method.

To examine the NAAQS-like scenario, I varied the NAAQS-like concentration standard (specif-

ically 5, 6, 7, 8, 9, and 10 µg/m3; Fig. 4.9) and, as a sensitivity analysis, considered urban and

regional disparities rather than national disparities (Fig. 4.9, middle and bottom rows). None of

the NAAQS-like scenarios explored eliminate the national, regional, and urban disparities.

4.7 Appendix II: Relationship between reduction priority for the “location” approach
and grid cell characteristics

To determine the relationships between grid cell characteristics and emission reduction priority

for the “location” approach, I employ both unadjusted (univariate) and adjusted (multivariate)

analyses. The grid cell characteristics included in the analysis are racial-ethnic composition, median

household income, population density, pollution emission density, and racial segregation index.
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Racial-ethnic segregation is represented by dissimilarity index at each location (grid cell), which

measures the percentage of the White population in an ISRM grid which would have to change

census block to equalize the racial distribution between White and non-White (or a specified non-

White, e.g., Hispanic) population groups across all blocks in the grid cell. The formula of segregation

index is: Di = 0.5
∑n

j=1

∣∣∣wi,j

Wi
− ni,j

Ni

∣∣∣, where Di is the dissimilarity index in ith ISRM grid; Wi is

the total White population in ISRM grid i; Ni is the total non-White population in ISRM grid i;

wi,j represents the White population in jth census block that within the boundary of ISRM grid

i; ni,j represents the non-White population in jth census block that within the boundary of ISRM

grid i.

For the unadjusted (univariate) analyses (Fig. 4.11), White percentage, Asian percentage,

and median household income are negatively related with reduction priority and statistically sig-

nificant (p<0.05). Black percentage, population density, emission density, and segregation index

have positive relationships with reduction priority and statistically significant (p<0.05). Hispanic

percentage is positively related with emission reduction priority, but the relationship is not statis-

tically significant (p = 0.32). This result implies that, in general and averaged across the country,

to optimally reduce disparities one would target emission-reductions in locations that have higher

values for Black percentage, population density, emission density, and segregation. (An analogous

result holds for Hispanic percentage, but the relationship is “noisier” (has more scatter).)

For the adjusted (multivariate) analyses, I employ four groups of multiple linear regression

models (Table 4.1; 13 models in total). The first group (model 1) has three independent variables:

income, population density, and emission density (the “baseline” variables). The second group

(models 2-5) has the three “baseline” variables, plus racial-ethnic compositions. The third group

(models 6-9) has the second-group variables, plus segregation indexes. The fourth group (models

10-13) has the third-group variables, plus an interaction term between racial-ethnic composition

and segregation index. The second, third, and fourth groups each contain four regression models:

one for the combined non-White population and one for each of the three specified groups (Black,

Hispanic, Asian).

In all of the regression models (and, consistent with the univariate analyses), population density

and emission density have positive slopes (p<0.001) and median household income has negative

slopes (p<0.001).

The slopes (i.e., the beta coefficients in the regression models) of racial-ethnic composition and
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segregation index have different patterns across racial-ethnic groups (non-White; Black; Hispanic;

Asian). For the non-White group, both non-White percentage and segregation index have positive

slopes in all the models (models 2, 6, and 10 for non-White percentage; models 6 and 10 for

non-White/White segregation index). The interaction term between non-White percentage and

segregation index (model 10) has a slight positive value, which indicates that with an increase

of segregation level, the positive slope for non-White percentage becomes slightly steeper. The

patterns (models 3, 7, and 11) for Black population are generally the same as combined non-White

group. The only difference is that the interaction term of Black percentage and segregation index

is negative (model 11), which indicates that with an increase of segregation level, the positive

slope for Black percentage become less steep. Regression models for Hispanic (models 4, 8, and

12) and Asian (models 5, 9, and 13) groups have similar patterns, which are different from the

non-White group and the Black group. In the regression models without interactions (models 4,

5, 8, and 9), Hispanic & Asian percentages have negative coefficients; segregation indexes have

positive coefficients. However, in the models with interaction terms (models 12 and 13), the slopes

of Hispanic & Asian percentages become positive, and the interaction terms are negative. The

results for Hispanic and Asian population indicate that at a zero segregation levels, Hispanic and

Asian percentages both have positive slopes. With an increase of segregation levels, the positive

slopes become less steep, which eventually flip to be negative; at the average segregation levels, the

slopes for Hispanic and Asian percentages are both negative (model 8 and 9). The p values for all

the slopes in all 13 models are less than 0.001.
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Chapter 5

HOW WOULD EMISSION-REDUCTIONS IN JUSTICE40 LOCATIONS
REDUCE RACIAL-ETHNIC DISPARITIES IN AIR POLLUTION

EXPOSURE?

5.1 Summary

During the past decades, air quality in the US has improved dramatically, however, disparities

persist. Exposure disparities by race-ethnicity are larger than, and independent of, disparities

by income or other socioeconomic measures. The Biden Administration’s Climate and Economic

Justice Screening Tool (CEJST) is the signature element and the ongoing approach of the White

House Justice40 Initiative (“J40”), which is a general policy to address environmental injustice.

To explore whether emission-reductions brought about by CEJST/J40 investments will eliminate

disparities in PM2.5 exposure by race-ethnicity and other attributes. I compare a Business As Usual

(“BAU”) scenario against two scenarios wherein CEJST-identified locations (“J40 communities”)

experience accelerated emission-reductions. BAU simply continues historical rates of emissions

and emission-changes into the future; in the two CEJST scenarios, I double or quadruple emission

reduction in J40 communities, relative to BAU. I use InMAP to predict how changes in emissions

would impact annual-average PM2.5 concentrations and concentration-disparities. Under the BAU

scenario, disparities remain in place. Racial-ethnic disparities remain larger than disparities for J40

communities and for low-income populations. The CEJST scenarios eliminate absolute and relative

disparities for J40 communities and for low-income populations in 20 years; however, they do not

reduce relative disparities by race-ethnicity. Results from my analysis indicate that additional and

more targeted actions, beyond CEJST/J40, will be needed to end racial-ethnic exposure disparities

in the next decades. In the bigger picture, This chapter argues that Regulatory Impact Analysis

(RIA) for air pollution must quantify whether and how policies/tools will not only affect air quality

overall, but also reduce absolute and relative disparities, and that regulatory approaches are needed

that are specifically designed to remove disparities.
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5.2 Introduction

Air pollution is one of the most significant environmental risk factors in the U.S., causing an

estimated ∼100,000 annual premature deaths, which corresponds to billions of dollars of health

damage per day. While there have been substantial improvements in air quality in recent decades,

disparities in air pollution exposure have been remarkably persistent [10,28,32,243].

The largest air pollution disparities are by race-ethnicity, which represent a major environmen-

tal injustice. Disparities by other attributes (e.g., income, age, education) are relevant but are much

smaller than (and statistically distinct from) disparities by race-ethnicity [10, 28]. Disparities by

race exist in every U.S. state, nearly all emission categories, and across multiple decades [10,25,26].

The underlying cause is racist policy, planning, and actions [35,37,38,45].

What viable approaches could continue historical improvements in air quality and also eliminate

racial-ethnic and other exposure disparities? Here, I investigate potential impacts on air pollution

and air pollution disparities of the Climate and Economic Justice Screening Tool (CEJST), which is

being used to guide agency decision-making for the J40, a cornerstone of the Biden Administration’s

effort to address environmental injustice. The goal of J40 is “that 40 percent of the overall benefits of

certain Federal investments flow to disadvantaged communities that are marginalized, underserved,

and overburdened by pollution” (www.whitehouse.gov/environmentaljustice/justice40). J40

communities are identified by CEJST, and although billions of dollars are being allocated based on

CEJST, its potential impact on environmental disparities remains largely unstudied.

My analyses indicate that CEJST will only modestly reduce air quality disparities, and in some

cases will increase them. This highlights the broader problem of insufficient investigation of how

existing or proposed policies will affect environmental justice outcomes. Addressing inequalities

in exposure to air pollution will require – as a necessary but insufficient step – measuring and

reporting exposure disparities, and explicitly testing how proposed regulatory actions will affect

disparities.

To illustrate the type of analysis needed to evaluate the effect of policies on exposure dispari-

ties, I investigate here how application of CEJST to guide targeted emission-reductions for PM2.5

air pollution could affect exposure disparities. Specifically, I predict annual-average PM2.5 concen-

trations throughout the contiguous US based on the emissions of each chemical species of PM2.5

and its precursors from each sector of the economy. I consider three future emission scenarios: (1)
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BAU without J40, and scenarios where J40 leads to, in the J40 communities, a (2) doubling or (3)

quadrupling of emission-reduction rates, relative to BAU. BAU simply continues historical rates of

emissions and emission-changes into the future; it represents the expected future effects of histor-

ical air pollution regulatory approaches. For all three scenarios, non-J40 communities remain at

BAU. J40 communities are Census Tracts that CEJST identifies as facing multiple environmental

hazards and social vulnerabilities (see Materials and Methods for details). The “doubling” and

“quadrupling” scenarios represent examples of aggressive or very aggressive emission-reductions in

J40 communities.

I analyzed the impact of these scenarios on human exposure using a reduced-complexity chemi-

cal transport model called InMAP that simulates the fate and transport of anthropogenic emissions

to predict how changes in emissions would alter PM2.5 concentrations and concentration-disparities.

PM2.5 – which causes deaths by increasing rates of heart attack, stroke, lung cancer, respiratory

infections, and more – is responsible for most of the deaths and monetized health impacts of am-

bient air pollution. I consider disparities for four groups: (i) people living in J40 communities; (ii)

low-income people (i.e., people in households with incomes at or below two times the poverty level);

(iii) people of color (i.e., all people except non-Hispanic (NH) Whites); and, (iv) the most-exposed

racial-ethnic group of the four groups considered (NH White, NH Black, NH Asian, and Hispanic).

InMAP simulates both primary (i.e., directly-emitted) and secondary (i.e., forms in the atmosphere

from chemical reactions) PM2.5, provides national coverage at high spatial resolution (as small as

1 km in urban centers), and is computationally efficient. I also estimate health risks from PM2.5

(see Materials and Methods for details).

5.3 Materials and Methods

5.3.1 Source-receptor matrix

I use a publicly available source-receptor matrix (ISRM) that is derived from the Intervention

Model for Air Pollution (InMAP) to estimate PM2.5 concentrations for the contiguous U.S. from all

anthropogenic emission sources [109, 121]. InMAP is a reduced complexity model that tracks the

transport of emissions and their physical and chemical processes. ISRM relates changes in emissions

at any one location to concentration changes at all other locations. The ISRM has separate layers

for the 5 pollutants (primary PM2.5 and four precursors of secondary PM2.5: nitrogen oxides [NOx],
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sulfur oxides [SOx], ammonia [NH3], and volatile organic compounds [VOCs]) and 3 stack heights

(ground level: <57 m; low stack height: 57 to 379 m; high stack height: >379 m). Each layer of

ISRM consists of 52,411 grid cells for the contiguous us, with a variable spatial scale ranging from

1 km × 1 km in densely-populated urban centers to 48 km × 48 km in sparsely-populated rural

areas. The population-weighted average size of a grid cell is 2.6 km in Urban Areas and 22.6 km

in non-Urban Areas.

5.3.2 Emission data and historical emissions reduction rates

I use 2014 US EPA National Emission Inventory (NEI) v1 as the baseline emission data,

and consider all the available NEIs from 1990 to 2014 (a total of 12 NEIs; www.epa.gov/ai

r-emissions-inventories/national-emissions-inventory-nei) to calculate the historical

emissions reduction rates. All the NEIs are grouped into 14 source sectors and 5 pollutants, and

the 2014 NEI is further allocated to the individual ISRM grid cell and each stack height layer.

The 14 source sectors are: 1) agriculture (“Ag”); 2) coal electricity utility (“Coal Elec.”); 3)

noncoal electricity utility (“Non-coal Elec.”); 4) commercial cooking (“Cooking”); 5) construction

(“Const.”); 6) diesel heavy-duty vehicle (“Diesel HD Veh.”); 7) gasoline light-duty vehicle (“Gas

LD Veh.”); 8) industrial; 9) road dust (“Road Dst”); 10) residential gas combustion (“Res. Gas”);

11) residential wood combustion (“Res. Wood”); 12) residential others (“Res. Other”); 13) off-

highway vehicle and equipment (“Offroad”); and 14) miscellaneous (“Misc.”). These sectors are

aggregated from Environmental Protection Agency “Source Classification Codes” (SCCs) except

biogenic, wildfire, and international sources [244].

The historical emission-reduction rates are calculated by sectors and pollutants (61 combina-

tions in total [i.e., 14 sectors, 5 pollutants; of the 14 × 5 = 70 maximum possible sector–pollutant

pairings, 9 have zero emissions and are excluded here]). For each sector and pollutant, the annual-

average emissions change rate is calculated as the slope of the best-fit line for the linear regression

of emission values versus years. In the main chapter, I run the regressions for all available NEIs

from 1990 to 2014; as a sensitivity test, I also run the regressions for the recent 3 NEIs (2008,

2011, 2014) to estimate emission trends in the recent ∼ decade. The zero and missing values are

excluded from the regression models. Most of the 61 sector-pollutant combinations are decreasing

over time (i.e., a positive emissions reduction rate); only a small number are the reverse (positive

slope; negative emissions-reduction rate).
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5.3.3 Calculating national exposure concentrations and disparities by J40, race-ethnicity, and in-

come

I calculate the PM2.5 concentrations from all anthropogenic emissions for all ISRM grid cells.

The mean PM2.5 exposure for the overall population and by demographics (J40, race-ethnicity, and

income) are calculated as population-weighted averages and across all the grids. The approach to

population-weighted averages is the conventional approach: I first calculate the sum of the multi-

plied values of concentration and population count (for overall population and for each subgroup)

for each grid cell, and then divide that value by the sum of the population count.

J40 locations are defined using the Climate and Economic Justice Screening Tool (CEJST) from

the Council on Environmental Quality [245]. CEJST highlights disadvantaged census tracts across

the U.S. as those which are overburdened and underserved; per the J40, these communities should

receive 40% of the overall benefits of programs included in the Biden–Harris Administration’s J40.

The census tracts are identified as disadvantaged by CEJST, v1.0, if they (1) meet the threshold for

at least one of the tool’s categories of burden (8 categories in total: climate change, energy, health,

housing, legacy pollution, transportation, water and wastewater, and workforce development) and

corresponding economic indicator (income or education), or (2) are on the lands of a Federally

Recognized Tribe. The disadvantaged communities defined by CEJST v1.0 includes 37% of the

2010 census tracts (excluding zero-population tracts) and 34% of the U.S. population. Here, I label

the grid cells that overlap with the J40 communities (criteria: > 50% of the population or land

area in the grid cell is within the J40 census tracts) as the J40 communities (34% of the total

population), and the remaining grid cells (76% of the total population) as non-J40 communities.

Race-ethnicity data are from the 2010 Census, at the block level. I merge the block level race-

ethnicity to the grids through intersection of block centroids and ISRM grid cells. I employ five

racial-ethnic groups: non-Hispanic White (63% of the total population; hereafter, “White”); Latino

or Hispanic of any race (17%; hereafter, “Hispanic”); non-Hispanic Black or African American

(12%; hereafter, “Black”); non-Hispanic Asian and Pacific Islander (5%; hereafter, “Asian”); and

POC (37%), which are defined as everyone except the NH White population (i.e., “POC” includes

Hispanic, Black, Asian, American Indian or Alaska Native, some other races, or mixed races).

Income data are from the EPA’s EJScreen (Environmental Justice Screening and Mapping

Tool; www.epa.gov/ejscreen/overview-socioeconomic-indicators-ejscreen) at census
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block group level. I merge the EJScreen data with ISRM grid cells, and then define the “low-

income” population by multiplying the low-income percentages (i.e., percentages of population

with household income less than or equal to twice the federal poverty level) with population counts

in the grids (32% of the total population); the remained of the population is defined as “non-

low-income” (68%).

PM2.5 exposure inequalities are calculated for 4 subpopulations: 1) J40 communities; 2) POC

populations; 3) most-exposed race-ethnicity (in the baseline year, the most-exposed race-ethnicity

is Black; this changes during the simulation, as the emissions decrease); and 4) low-income popula-

tions. For each subpopulation, the exposure inequality is calculated by the mean exposure in that

subgroup minus the mean exposure for the overall population. I report exposure disparity in both

absolute (µg/m3) and relative (i.e., percent) terms.

5.3.4 Calculating health impact from PM2.5 exposure

To calculate the health impact from PM2.5 exposure, I assume the all-cause mortality Hazard

Ratio (HR) per 10 µg/m3 exposure to PM2.5 is 1.08 [246] The HRs at different PM2.5 levels are

estimated using the log-linear model: HR = exp(β × C), where C is the population-weighted average

PM2.5 concentration, β is the linear coefficient = ln(1.08)/10 = 0.0077 m3/µg. The national crude

mortality rate is 724.6 deaths per 100,000 standard US population in 2014 [247]. The attributable

risk is calculated as HR minus 1.0. For example, the mortality risk at a PM2.5 concentration of 10

µg/m3 would be calculated as:

mortality risk = crude mortality rate× [exp(β × C)− 1]

= 724.6 deaths per 100,000 people per year× [exp(0.0077m3/µg × 10µg/m3)− 1]

= 724.6× [exp(0.077)− 1] deaths per 100,000 people per year

= 724.6× (1.08− 1) deaths per 100,000 people per year

= 724.6× 0.08 deaths per 100,000 people per year

= 58 deaths per 100,000 people per year

The health impact per change in PM2.5 concentration deviates slightly from strictly linear. For

example, the health-risk reduction attributable to a 1-µg/m3 reduction in PM2.5 concentration is,

if starting at a concentration of 3 µg/m3 (i.e., the benefit from the concentration dropping from

3 to 2 µg/m3), 5.47 fewer deaths per 100,000 people per year; that value is 5% larger than if the
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same 1-µg/m3 reduction occurs starting at a concentrations of 9 µg/m3 (i.e., the benefit from the

concentration dropping from 9 to 8 µg/m3 is 5.22 fewer deaths per 100,000 per year). In Fig. 5.1

in the main article, the right-axis scale reflects that fact, i.e., the left-axis (the concentration) is a

linear scale, but tick-marks on the right-axis (health risk) deviate slightly from linear. In Fig. 5.2

(upper row; right-axis), calculated health risks are based on the population average concentration

in year 20. (If the right-axis in Fig. 5.2 were instead based on current-year concentrations, the

calculated risks would be slightly [∼3%] larger.)

5.3.5 Emissions-reduction scenarios

I consider three emissions-reduction scenarios, each of which consider the next 20 years (baseline

emission year: 2014): the “business as usual (BAU)” scenario and two scenarios where emission-

reductions in J40 communities are double or quadruple the BAU rate. In the BAU scenario, each

sector and pollutant follow the historical yearly emission reduction rate (see Figs. 5.3 to 5.9) until

the emissions in that sector and pollutant have been reduced to zero. In the “doubling” scenario, the

emission reduction rates in the J40 communities are doubled (if the historical emissions-reduction

rates are positive [i.e., the emissions have decreasing trends]) or are set to zero (if the historical

emissions-reduction rates are negative [i.e., the emissions have increasing trends]); the emissions-

reduction rates keep the same as BAU scenarios in non-J40 communities. The “quadrupling”

scenario is directly analogous to the “doubling” scenario but with quadrupling instead of doubling.

5.4 Results

In the current state (i.e., Year 0, prior to applying any new emissions reductions), InMAP

predicts that people of color in the U.S. are exposed to PM2.5 concentrations that are ∼14% higher-

than-average. Disparities by race-ethnicity are much larger than disparities by J40 or low-income

-status [10]. Among people-of-color groups, the Black population is most-exposed to PM2.5 (∼20%

higher-than-average). As emission-reductions occur, concentrations for Black populations decrease,

and Asian people soon become most-exposed; however, concentrations remain higher-than-average

for Black, Hispanic, and Asian populations.

As expected, for all three scenarios, all demographic groups experience cleaner air in the future.

However, two key findings emerge with respect to exposure disparities.

First, under BAU, disparities remain in place. As emission-reductions occur, PM2.5 concentra-
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tions decrease at slightly different rates for different groups (for example, InMap predicts that Asian

people will soon become the most exposed group). However, concentrations remain higher-than-

average for Black, Hispanic, and Asian populations (Fig. 5.1). In addition, racial-ethnic disparities

persist and remain much larger than disparities between J40 and non-J40 communities, and between

low-income and non-low-income households. This finding underscores that new emission reduction

/ regulatory strategies, deviating from historical approaches (i.e., BAU), are needed to reduce and

eliminate observed exposure disparities.

Second, the two scenarios with enhanced emission-reductions in J40 communities eliminate

absolute and relative disparities for J40 communities and for low-income populations, yet they do

not reduce relative disparities by race-ethnicity (although they do decrease absolute disparities)

(Fig. 5.2, Figs. 5.11 and 5.12). In fact, both J40 scenarios end up increasing the relative exposure

disparity for the most exposed racial-ethnic group (Fig. 5.2g), relative to present-day and the

BAU future. This outcome could be interpreted as undermining the goal of eliminating exposure

disparities by race.

My findings are robust to several sensitivity analyses, including considering alternative meth-

ods and outcomes (see Appendix I). Results from the sensitivity analyses indicate that only with

enhanced emission-reduction in communities of color will both absolute and relative racial-ethnic

disparities in PM2.5 air pollution be reduced.

5.5 Discussions

This study quantifies, for the first time, the regulatory impacts of an ongoing and signature

national-wide environmental justice policy of the Biden Administration (J40/CEJST). My analysis

highlights the importance and necessity of Regulatory Impact Assessments (RIA), that quantify

the impacts on overburdened/disadvantaged communities, for all environmental justice policies

(including J40/CEJST); this study also provide an example of conducting such RIA for PM2.5,

using new tools. The model employed has good agreement with a comprehensive model (WRF-

Chem) (e.g., for predictions of total PM2.5 changes, the population-weighted mean fractional bias

= -17%; the population-weighted R2 = 0.90) [109] and high spatial resolution (average spatial

resolution: 2.6 km in Urban Areas; 22.6 km in non-Urban Areas [13.2 km overall]). Further work

is needed to incorporate cumulative burdens (i.e., not just PM2.5) and equity aspects of health risk

assessment, such as differences in susceptibility, baseline disease rates, and access to healthcare;
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to test and improve high-resolution reduced-complexity models for all criteria pollutants and for

air toxics; and to identify the most effective policies and strategies for achieving location-specific

emission-reductions (e.g., low-emission zone, enhanced enforcement, modifications to the permitting

process, financial incentives, or other, potentially novel, approaches). Impacts for other pollutants,

such as NO2, ultrafine particles, and air toxics, may (relative to PM2.5) be more localized; have

greater disparities, including disproportionately affecting communities of color; and be more of

concern to people living near those emission sources.

Failure of J40/CEJST to reduce the largest source of air pollution disparities (i.e., those by

race-ethnicity), would significantly undermine the Biden Administration’s environmental justice

goals.

Why might CEJST-driven actions be ineffective in addressing air pollution disparities? There

are many factors, including the paucity of efforts to test the potential impacts of proposed strategies

and tools on air pollution disparities, and whether, overall, racial-ethnic disparities in exposure can

be eliminated in a reasonable time-frame (e.g., in a decade or less). My analysis highlights that

this sort of testing and evaluation is essential and that new tools such as InMAP enable such

analyses [25,248,249].

Another contributing factor regarding CEJST-driven actions is, compared with the national

average, J40 communities are composed of only modestly higher proportions of people of color

(especially Black, Hispanic, and Indigenous populations) and low-income populations (Fig. 5.10).

This reflects political decisions and, in part, concern regarding potential legal challenges if a policy

or tool explicitly includes race as a factor in allocating federal funds. (J40/CEJST do not include

race as a factor.)

Present-day air pollution disparities reflect decades of racist policy and practice [35, 38, 42].

Since race-based actions created this problem, solving it will likely be more difficult if the govern-

ment does not consider, or bars itself from considering, information about the racial makeup of

communities as part of its decision-making and action.

Regulatory approaches are needed that are specifically designed to remove race-based and

socioeconomic disparities. For example, RIA for air pollution should quantify whether and how

relevant policies will not only affect air quality overall, but also reduce absolute and relative exposure

disparities. Regulatory information about air pollution – for example, EPA “Status and Trends”

reports – should quantify disparities or exposures for overburdened communities. While politically
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challenging, emission reduction efforts must also address disparities by race-ethnicity if we wish to

uphold everyone’s right to breathe clean air.

Overall, J40 aims to address many issues, not just PM2.5. There will be myriad benefits from

J40, including via investments in communities and building resilience to climate change. At the

same time, J40 communities, as defined by CEJST, comprise ∼34% of the U.S. population. The

goal of delivering 40% of benefits to 34% of the population represents a modest deviation from

an exactly proportional share of the benefits; problems identified above lie not with the J40 goal,

but with the CEJST tool shaping how J40 is carried out. Results from my analysis indicate that

additional and more targeted actions, beyond J40 and the current CEJST, will be needed to end

racial-ethnic exposure disparities in air quality. Other policies, including at the state level (e.g., in

California, New Jersey, and Washington), also aim to address environmental disparities. However,

the effectiveness of these other policies at reducing disparities should also be evaluated as we have

done here for J40 and CEJST.

5.6 Conclusions

Conclusions from this work include the following. First, the US Environmental Protection

Agency and other entities can and should quantify how proposed programs, regulations and decision-

making tools would impact environmental justice outcomes, especially air pollution exposure dis-

parities by race-ethnicity. If possible, this analysis should be undertaken while such initiatives and

tools are being developed. This type of national analysis previously would have been difficult or

impossible to do, because of computation-cost and spatial-resolution limitations of most air quality

models; however, recently-developed air quality models facilitate this type of analysis by being

faster and easier to carry out, and by providing national coverage at much higher spatial resolution

than many conventional models.

Second, my prior work indicates that there are solutions available that will eliminate disparities

of concern, within a reasonable time frame [63]. More work is needed to understand these approaches

and then to design and implement regulations to achieve more equitable outcomes.

Finally, current approaches in the Clean Air Act have been effective at reducing average con-

centrations and absolute exposure disparities [30], but relative disparities are generally ignored and

have persisted [10,28,32,63,243]. If, as my results suggest, neither BAU nor CEJST can eliminate

the racial disparities disparities in environmental hazard exposures, then other regulatory strategies
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and revised tools are needed.

Figure 5.1: Predicted population-weighted average PM2.5 concentration (left y-axis) and attributable health

risks (right y-axis) for the “business as usual” (BAU) scenario, disaggregated by (A) J40 community status,

(B) racial-ethnic group, and (C) low-income status. In each panel, the overall population average is the black

dashed line. Although all groups are predicted to experience cleaner air, inequalities are predicted to persist

(i.e., in each panel, lines are approximately parallel). Disparities in PM2.5 concentrations (in each panel, the

spread among the lines) are larger by race-ethnicity than by J40 community status or low-income status;

average PM2.5 concentrations are larger for people of color than for J40 communities and for low-income

people. The three racial groups (White, Black, Asian) refer to non-Hispanic ethnicity.
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Figure 5.2: PM2.5 and health risk disparities for the three future scenarios: BAU (business as usual;

continuing historical emission-reduction trends without J40), and cases where emission-reductions in J40

communities are double or quadruple the BAU rate. PM2.5 disparities (left y-axis values) are relative to the

population-average PM2.5 concentration, in absolute terms (top row; A to D) or in relative terms (bottom

row; E to H). The columns represent population groups: (A and E) J40 communities; (B and F) people of

color (i.e., all racial-ethnic groups except non-Hispanic White); (C and G) most-exposed racial-ethnic group

(Black people currently; Asian people in Year 20); (D and H) low-income population. Zero disparity (y=0,

horizontal line) would mean that the average exposure for that group is equal to the population average;

negative y-axis values indicate that average concentrations are below the population average. The BAU

scenario (black bar) does not bring disparities to zero. Both J40 scenarios (red and blue bars) eliminate

or reverse disparities (i.e., leads to disparities at or below zero) for the left and right columns but not for

the middle two columns. That result suggests that aggressive emission-reductions in J40 communities may

eliminate higher-than-average air pollution for J40 communities (left column) and for low-income populations

(right panel) but not for race-ethnicity (middle two columns).
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Figure 5.3: Historical emission reduction from 1990-2014 for each sector of economy. The text on the lower

left corner of each subplot shows the average emission reduction values in absolute (thousand tonne/year;

red text) and relative (relative to the year-2014 emissions; green text in parentheses).
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Figure 5.4: Historical emission reduction for primary PM2.5 from 1990-2014 for each sector of economy.

The text on the lower left corner of each subplot shows the average emission reduction values in absolute

(thousand tonne/year; red text) and relative (relative to the year-2014 emissions; green text in parentheses).
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Figure 5.5: Historical emission reduction for NOx from 1990-2014 for each sector of the economy. The text

on the lower left corner of each subplot shows the average emission reduction values in absolute (thousand

tonne/year; red text) and relative (relative to the year-2014 emissions; green text in parentheses in paren-

theses).
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Figure 5.6: Historical emission reduction for SOx from 1990-2014 for each sector of the economy. The text

on the lower left corner of each subplot shows the average emission reduction values in absolute (thousand

tonne/year; red text) and relative (relative to the year-2014 emissions; green text in parentheses).
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Figure 5.7: Historical emission reduction for NH3 from 1990-2014 for each sector of the economy. The text

on the lower left corner of each subplot shows the average emission reduction values in absolute (thousand

tonne/year; red text) and relative (relative to the year-2014 emissions; green text in parentheses).
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Figure 5.8: Historical emission reduction for VOC from 1990-2014 for each sector of the economy. The text

on the lower left corner of each subplot shows the average emission reduction values in absolute (thousand

tonne/year; red text) and relative (relative to the year-2014 emissions; green text in parentheses).
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Figure 5.9: Absolute (right panels) and relative (left panels) emission reduction rate from 1990 to 2014 by

sector of the economy (first row) and by pollutant (second row).
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Figure 5.10: Demographic composition for J40 and non-J40 locations. (A) Race-ethnicity composition by

J40 community status. (B) Income composition by J40 community status. (C) Percentage of population

in J40 communities by race-ethnicity. (D) Percentage of population in J40 communities by income. POC

(people of color) refers to all people who are not “non-Hispanic White”.
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Figure 5.11: PM2.5 concentration predictions in 20 years by demographic group for each scenario. Demo-

graphic groups include total population, J40 location, people of color (i.e., all groups except non-Hispanic

White), low-income population, and the 4 largest race-ethnicity groups (White, Hispanic, Black, and Asian).

Scenario are (1) BAU, (2) double the emission-reductions in J40 locations; (3) quadruple the emission-

reductions in J40 locations.
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Figure 5.12: PM2.5 disparity in 20 years for three possible futures: BAU (business as usual; continuation

of historical emission-reduction trends), and two cases where emission-reductions in J40 communities are

double the BAU rate or quadruple the BAU rate. Disparities (y-axis values) are relative to the population-

average PM2.5 concentration, in absolute terms (top row; A to D) or in relative terms (bottom row; E to H).

The columns represent population groups: (A and E) J40 communities; (B and F) people of color (i.e., all

racial-ethnic groups except non-Hispanic White); (C and G) most-exposed racial-ethnic group; (D and H)

low-income population. Zero disparity (y=0, horizontal dashed line) would mean exposures for that group

are equal to the population average; negative values indicate average concentrations are below the population

average. The BAU policy (black line) does not bring disparities to zero. “Double” and “quadruple” cases (red

and blue lines) eliminate or reverse disparities (i.e., leads to disparities at or below zero) for the left and right

columns but not for the middle two columns. That suggests that doubling or quadrupling emission-reductions

in J40 communities may address higher-than-average air pollution for J40 communities (left column) and for

low-income populations (right panel) but not for race-ethnicity (middle two columns).
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5.7 Appendix I: Sensitivity analyses

In addition to three emissions-reduction scenarios I explore in the main chapter, I also conduct

several sensitivity analyses, including considering alternative methods and outcomes. Sensitivity

analyses I consider include: (a) considering the distributions rather than only average values; (b)

using “locations” rather than “subpopulations” as the unit of analysis; (c) cases with “rebound”,

meaning that the additional emission-reductions in J40 communities (i.e., any reductions greater

than BAU) are shifted to non-J40 locations rather than “disappearing”; and (d) an alternative

approach to predicting future emissions. (e) To compare against the BAU results here, which

use a mechanistic model (InMAP), I separately investigated straightforward projections of concen-

trations and concentration-disparities using an empirical model. (f) Lastly, I conducted several

sensitivity analyses with enhanced emission-reductions in communities defined by various indices

from EJScreen, instead of J40 communities. (As described below, these six sensitivity analyses are

illustrated further in Figs. 5.13 to 5.20.)

For sensitivity test [a] (considering distribution), the distributions of PM2.5 concentrations are

calculated as the weighted quantiles (10th, 25th, 50th, 75th, and 90th) in each demographic group

(J40, race-ethnicity, and income) (Fig. 5.13).

For sensitivity test [b] (demographics in the location), I group the grid cells into quintiles

(population weighted) by percentage of people of color (hereafter, POC) and percentage of low-

income populations, and then calculate the population-weighted average PM2.5 concentrations for

each quintile (Fig. 5.14).

For sensitivity test [c] (cases with “rebound”), I consider two alternative scenarios which shift

the emissions from the J40 communities to other communities (Fig. 5.15). In the “doubling

with rebound” and “quadrupling with rebound” scenarios, the emissions-reduction rates for J40

communities are the same as the “doubling” and “quadrupling” scenarios, respectively; however,

for other communities, the emissions-reduction rates are decreased to offset the increased emissions

in J40 communities (i.e., for “with rebound”, the overall national total emission reduction rates by

sectors and pollutants are the same as BAU).

For sensitivity test [d], I calculate the historical emissions-reduction rates using the NEIs from

the recent ∼ one decade (2008, 2011, 2014), rather than using the NEIs from 1990-2014 (Fig.

5.16).). I explore the three scenarios (BAU, “doubling”, and “quadrupling”) using the alternative

141



historical rates.

For sensitivity test [e] (using empirical models to predict BAU), I employ national empirical

models to predict PM2.5 exposures in the next 20 years (Figs. 5.17 and 5.18).). The 1999-2014

annual-average PM2.5 concentrations at Census block group level are obtained from the publicly

available Center for Air, Climate, and Energy Solutions (CACES) empirical models, also called

land-use regression models, for the contiguous United States (www.caces.us/data). I merge the

empirical prediction data with the ISRM grids, and then calculate the population weighted average

PM2.5 concentrations for the overall population and by demographic group. For each group, I

calculate the yearly concentration change rates (in relative form) from 1999 to 2014 as the averaged

value of concentration change percentage each year relative to the previous year:

RRi =
1

15
×

2014∑
i=2000

(
Cyear,i − Cyear−1,i

Cyear−1,i
× 100%)

Here, i represent a certain population group; RRi represents concentration change rate for

group i; Cyear,i and Cyear−1,i represent PM2.5 exposure concentrations in a given year for group i.

I then use the relative change rates to predict the PM2.5 exposures for each demographic group in

20 years.

For sensitivity test [f] (EJScreen), I also employ several scenarios with accelerated emission

reduction rates in three alternative sets of locations (instead of J40 locations) (Figs. 5.19 and 5.20).

All three alternative indicators are defined by EJScreen: 1) percentages of POC populations; 2)

PM2.5 concentrations; and 3) percentages of low-income populations. For each indicator, I apply

enhanced emissions-reduction rates (“double” and “double with rebound”) in 30% of the locations

with highest scores (e.g., highest POC percentages).

The results from sensitivity tests [a] - [e] (Figs. 5.13 to 5.20) are consistent with the main

paper (Figs. 5.1 and 5.2): (1) following historical rates will not address the disparities; (2) dispar-

ities by race-ethnicity are larger than by J40 locations; (3) enhanced emissions-reductions in J40

communities will only eliminate disparities in J40 communities and for low income populations,

but not for racial-ethnic disparities (only reduce disparities in absolute terms, but not in relative

terms). Results from sensitivity tests [f] (Figs. 5.19 and 5.20) indicate that only the scenarios

with enhanced emission-reduction in communities of color will reduce both absolute and relative

racial-ethnic disparities.
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Figure 5.13: Distribution of PM2.5 exposure by demographics (J40 community status, race-ethnicity, and

income). In each panel, box-and-whisker represents the 10th, 25th, 50th, 75th, and 90th percentiles, and the

red circle represents the population-weighted mean.
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Figure 5.14: Mean PM2.5 exposure by demographics of the location. The left panel shows the relationship

between PM2.5 exposure and percentage of racial-ethnic minority; the right panel shows the relationship

between PM2.5 exposure and percentage of low-income population. In each panel, the thicker portion of

the lines indicate the 5th to 15th quintiles of census block groups, the thin lines indicate the 2nd and 18th

quintiles, the dashed lines indicate the 1st to 19th quintiles, and the square icons indicate the median.
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Figure 5.15: PM2.5 disparity relative to the population-average, for each emissions scenario for BAU

(business as usual), i.e., historical trends of emission reduction occur in all locations, and application of

additional emission-reductions in J40 communities. Top row (A to D) absolute disparities in PM2.5 levels;

bottom row (E to H) relative disparities (% difference relative to the population average). The columns

represent population groups: (A and E) J40 communities; (B and F) people of color (i.e., all racial-ethnic

groups except non-Hispanic White); (C and G) most exposed racial-ethnic group; (D and H) low-income

population. For each panel, the five lines represent the five emissions-reduction scenarios: (1) BAU (business

as usual), i.e., historical trends of emission reduction occur in all locations; (2) emission-reductions in J40

communities is double the BAU; (3) similar to #2 but with rebound (i.e., double the emission reductions

in J40 locations, with the extra emission-reductions added to non-J40 locations); (4) emission-reductions

in J40 locations are quadruple the BAU; (5) similar to #4 but with rebound (i.e., quadruple the emission-

reductions in J40 locations, with the extra emission-reductions added to non-J40 locations). The policies

considered (red and blue lines) address higher-than-average air pollution for J40 locations (left column) and

for low-income populations (right panel) but not for race-ethnicity (middle two columns). Negative values

indicate that average concentrations are below the population average.
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Figure 5.16: PM2.5 concentrations and disparities predictions in 20 years for each demographic group. The

empirical models provide yearly predictions for years 1999-2014 at Census tract level. The concentrations for

years 2015-2024 are predicted using the average yearly concentration reduction percentage from 1999-2014.

Figure 5.17: Absolute and relative disparities predictions from empirical models. The four panels from

left to right represent disparities for J40 locations, for people of color (all other race-ethnicities except non-

Hispanic White), for most-exposed race-ethnicity, and for low-income population.
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Figure 5.18: Absolute and Relative PM2.5 disparities changes in 20 years in three scenarios using historical

emission-reduction rates from 2008-2014 (instead of, as in Fig. 5.2, from 1990-2014).
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Figure 5.19: Absolute and Relative PM2.5 disparities changes in 20 years for alternative enhanced emission-

reduction scenarios. Each panel includes five scenarios: the first two scenarios (“BAU” and “J40: double

BAU”) are the same as Fig. 5.2; the other three scenarios are to define locations nationally where emission-

reductions are doubled based on EJScreen tool rather than J40. “POC: double BAU” represents enhanced

emission-reductions using percentage of people of color population; “PM2.5: double BAU” represents en-

hanced emission reductions using PM2.5 concentration; “low-income: double BAU” represents enhanced

emission reductions using percentage of low-income population. Each of the three scenarios define the Cen-

sus Tract with top 30% scores for the indicators as enhanced emission-reductions.
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Figure 5.20: Absolute and Relative PM2.5 disparities changes in 20 years for alternative doubling emission-

reduction with rebound scenarios. The “doubling BAU with rebound” scenarios are analogous to Fig. 5.19

but with the extra emission-reductions in locations with enhanced emission reductions “rebound” to the rest

of the locations (i.e., “with rebound”, the overall total national emission-reductions each year are the same

as BAU).
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Chapter 6

CONCLUSIONS

This chapter summarizes the main findings of the studies presented in Chapters 2 to 5,

describes general limitations of these findings, discusses contributions and potential policy implica-

tions, and suggests areas for further investigation.

6.1 Summary of findings

This dissertation investigates air pollution concentration and exposure patterns in US and

China, and explores possible approaches/policies to address the persistent US racial-ethnic in-

equalities in exposure to ambient air pollution. Air pollutants investigated in this dissertation are

two important criteria air pollutants: PM2.5 and NO2. Research approaches I employed include

both empirical and mechanistic models.

The followings are the main research findings for each of the research objectives (introduced in

Chapter 1):

• Objective #1: Quantify the spatial sources of ambient NO2 and PM2.5 for the contiguous US

(Chapter 2).

I find that NO2 is of urban origin and varies by urbanicity; climate or geographic regions have

less effects on the NO2 concentrations. For example, concentrations are ∼3-fold higher in large

urban areas (average: 13 ppb) than rural areas (4 ppb); ∼90% of the differences are driven

by “neighborhood” and “mid-range” components. The concentration differences by region

are minor after controlling for urbanicity. In contrast, PM2.5 is a regional pollutant with a

strong secondary component; the concentrations are dominated by “long-range” components

and vary at state and regional level. For example, “long-range” component contributes to

>50% of the total concentration in almost all geographic regions (except in the West [∼30%]);

“long-range” concentration in the Midwest (7 µg/m3) is almost three times than in the West

(2.3 µg/m3). PM2.5 concentrations and differences by urbanicity are modest or minor.

150



• Objective #2: Quantify the relationships between ambient NO2 and PM2.5 air pollution ex-

posures and socioeconomic status (SES) in China (Chapter 3).

I find that in reverse of the typical patterns in the US, the ambient NO2 and PM2.5 levels

in China are higher for higher-SES populations than for lower-SES populations, higher for

long-standing urban residents than for rural-to-urban migrant populations, and higher for

the majority ethnic group (Han) than for the average across nine minority groups. For three

SES measurements (individual SES score, community-averaged SES score, gridded GDP per

capita), a 1-interquartile range higher SES corresponds to higher concentrations of 6-9 µg/m3

NO2 and 3-6 µg/m3 PM2.5; average concentrations for the highest and lowest 20th percentile

of SES differ by 41–89% for NO2 and 12–25% for PM2.5. Exposure inequalities are higher

for NO2 than PM2.5. The positive relationship (i.e., SES and pollution levels are positively

correlated, in China) holds in rural and urban locations, across geographic regions, across

a wide range of spatial resolution from 1 km to 100 km, and for modeled vs. measured

pollution concentrations. My findings are consistent with the idea that in China’s current

industrialization and urbanization stage, economic development is positively correlated with

both SES and air pollution.

• Objective #3: Investigate policies to address US national racial-ethnic disparities in exposure

to PM2.5 air pollution (Chapters 4 and 5).

I find that if we have no intervention and simply continue the historical rates of emission

reductions, disparities will remain in place. Further, for three broad emission-reduction ap-

proaches (Chapter 4), I find that US national inequalities in exposure can be eliminated

with minor emission-reductions (optimal: ∼1% of total emissions) if targeting specific loca-

tions. In contrast, achieving that outcome using existing regulatory strategies would require

eliminating essentially all emissions (if targeting specific economic sectors) or is not possible

(if requiring urban regions to meet concentration standards). In addition, I find no tradeoff

between reducing overall average concentration and reducing national inequalities; rather, the

approach that does the best for reducing national inequalities (i.e., location-specific strate-

gies) also does as well as or better than the other two approach (i.e., sectors-specific; meeting

concentration standards) for reducing overall averages.
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As for an ongoing location-based strategies – CEJST/J40 policy from Biden Administration

(Chapter 5), based on more realistic emission-reduction scenario analyses (unlike the best

potential analyses in Chapter 4), I find that enhanced (doubled or quadrupled) emission-

reductions in J40 communities only eliminated inequalities for J40 communities and for low-

income populations in 20 years; yet they do not reduce relative disparities by race-ethnicity

(although they do decrease absolute disparities). The results indicate that although CE-

JST/J40 is a location-based government policy designed to address EJ, it’s not just focused

on PM2.5; in addition, the J40 communities are composed of modestly higher proportions

of people of color and low-income populations compared with national averages. Thus, our

results suggest that additional and more targeted actions, beyond CEJST/J40, will be needed

to end racial-ethnic exposure disparities in the next decades.

Overall, this dissertation finds that patterns of air pollution exposure disparities vary by: (1)

countries, based on historical and current contexts; and (2) pollutants, based in part on their

spatial sources and patterns of spatial variability. To address the persistent air pollution exposure

inequalities in the US, policies need to: (1) incorporate location-specific emissions reductions into

the US air quality regulatory framework, and (2) specifically target emission sources that impact

overburdened communities.

6.2 Limitations

Specific limitations for each study are discussed in Chapters 2 to 5. I summarize here three

general limitations for my studies.

First, these studies estimate population exposures using ambient concentrations, which are re-

lated but distinct from individual-level exposures and risks. Indoor air pollution, micro-environments,

occupational exposure, and individual’s mobility can also contribute to exposure disparities [60,62,

205,206,209,210,227,227,229]. In addition, differences in susceptibility, background rates of disease,

and access to healthcare can modulate disparities by concentration [230] (Chapter 5 investigated

health disparities, but simply used the same background rates of disease for different population).

Future work could shed important additional insight by considering those factors for exposure and

health disparities.

Second, my results are based on national air quality models and national demographic data,
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which have documented uncertainties but are robust at national and aggregate level. However,

for investigating on specific regions or cities, I recommend additional (local) data and analyses,

including local air quality data, local emission sources and hot-spots, local policies, climate and

seasonal patterns, and, local community characteristics. In addition, EPA NEIs may underestimate

the emissions from “super emitters”, such as PM2.5 from light duty vehicles; the adoption rate of

electrical vehicles also varies in different places, which may effect the forecast of future emissions.

Future research for specific regions or cities could investigate more on those factors.

Third, my dissertation only investigates two important air pollutants (PM2.5, NO2) because

they have important health effects [4, 87–89] and more importantly, there are publicly available

models (LURs for PM2.5 and NO2; InMAP for PM2.5) for these two pollutants [68, 93, 109]. I do

not explore other air pollutants, climate effects, and toxicities, which may have different distribution

patterns among populations and contribute to the cumulative burdens.

6.3 Contributions and implications

This dissertation contributes to the literature of air pollution and environmental inequality

with new knowledge, insights, approaches, and useful datasets. The results for understanding

and addressing EJ also provides policy implications that will be of potential interest to scientists

and engineers, policy makers, public health officials, environmental justice communities, and en-

vironmental organizations and advocates. The following are contributions and potential policy

implications for the works presented in Chapters 2 to 5 in the aspects of the findings, methods,

and data.

Chapter 2 develops an straightforward and readily scalable algorithm for spatial decomposi-

tion, based on “spatial-increment” and moving window approach with fixed radii (1, 10, and 100

km). This algorithm is computationally feasible for high spatial resolution and for large domains,

and can be easily applied in other countries and for a specific city, state, or region, with flexi-

ble choice of radii. The multi-year (2000-2015) spatial decomposition data for annual-averaged

ambient PM2.5 and NO2 in contiguous US at both census block and block group levels can be

freely available online: data.mendeley.com/datasets/ckdvx3d3zc/1 (block group level) and

data.mendeley.com/datasets/bz8pdbcvf2/2 (block level). The spatial decomposition data has

already been used in an epidemiology study [250] and an EJ study [251] to identify the spatial

sources that contribute to the adverse health outcomes and exposure disparities.
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Chapter 3 provides new knowledge and insights by extending the EJ research to China. As

mentioned in Chapter 1, most of the previous EJ studies are for the US and a few high-income

countries; few papers investigate China and other middle- and low-income countries, which have

the largest health burdens (∼90% of the premature deaths happen in those regions) of ambient air

pollution. Chapter 3 provides the first comprehensive analyses for ambient air pollution exposure

inequalities in China, and indicates a positive relationship patterns in China, which is different from

the general knowledge for the US. My findings likely have implications for other locations besides

China. Specifically, for countries that are (like China) relatively homogenous racially and with

economic development that is relatively recent (past decades), my results suggest that exposures

may follow a different pattern than has been observed for the US.

Chapters 4 and 5 tackle a broad systemic problem of national importance for US, and, for

the first time, identify possible solutions to address the persistent national racial-ethnic inequalities

in air pollution exposure. These two studies also employ a new tool (InMAP/ISRM), which is a

RCM/IAM, and provide useful examples of using the new tool in Regulatory Impact Analysis.

Chapter 4 indicates the ineffectiveness of the current US air quality regulations, and high-

lights the importance of incorporating location-specific emissions reductions into the regulatory

framework. The results support the long-standing request from environmental justice commu-

nities and local organizations for location-specific solutions that center overburdened communi-

ties [37, 158,237–239], and inform national action (e.g., J40/CEJST) and emerging state and local

environmental justice laws to identify overburdened communities and develop community emissions

reduction plans [234–236].

Chapter 5 indicates the possible failure of current J40/CEJST to reduce racial-ethnic disparity

(the largest source of inequalities) in air pollution, and highlights the importance of specifically

targeting the communities that are overburdened by pollution and disadvantaged in race-ethnicity.

Although J40/CEJST is a location-specific emission-reduction strategies, it doesn’t consider racial

makeup when defining the J40 communities. Since race-based actions created the inequalities,

solving it will likely be more difficult if the government does not consider, or bars itself from

considering, information about the racial makeup of communities as part of its decision-making

and action. Findings here indicate that to address the inequality, additional policies and revised

tools are needed that are specifically designed to remove race-based and socioeconomic disparities.

Another factor that causes the ineffectiveness of J40/CEJST is the lacking of Regulatory Impact
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Analysis to test the potential impacts of proposed strategies and tools on air pollution disparities.

My analyses also highlight the necessity of this sort of testing and evaluation; and the importance

of new tools such as InMAP/ISRM to conduct such analyses, by being faster and easier to carry

out, and by providing national coverage at much higher spatial resolution than many conventional

models [25,248,249].

In addition, to make InMAP/ISRM more accessible for other researchers and policy makers to

use, I’ve made some tutorials on using InMAP/ISRM on local computers and on google cloud. Also,

the code for data processing, doing analyses and making plots in Chapter 5 is publicly available

through GitHub. I’m also currently involved in developing new InMAP/ISRMs for other countries

or specific regions (e.g., India, California).

6.4 Future directions for research

The followings are areas for future research, building directly on the findings and limitations

of the studies presented in this dissertation.

(1) Environmental inequality analyses for other pollutants and air toxicities.

This dissertation only investigated exposure inequality patterns for PM2.5 and NO2, and dis-

parity reduction strategies for PM2.5. This focus reflects current availability of data and models.

Future research could investigate exposure patterns and disparity-reduction strategies for other air

pollutants [10], including air toxics [26] and source-apportioned PM2.5 [252]. For example, some pol-

lutants (e.g., ultrafine particles) and toxics may be more localized; have greater disparities among

populations, including disproportionately affecting communities of color; and be more of concern

to people living near those emission sources. Some secondary pollutants (e.g. ozone, SO2) may be

more regional and more reflective of the meteorological factors; thus, different pollutants require

different controlling strategies.

(2) Cumulative impacts with climate effects and social stressors.

This dissertation only investigated one environmental risk (exposure to ambient air pollution)

among populations. However, exposure disparities to air pollution often co-occur with disparities in

other social stressors, such as poverty, racial discrimination, crime, and substance abuse, which can

exacerbate community vulnerability and susceptibility [29]. In addition, air pollution and climate

change are closely related: many air pollutants are also referred to as climate forcers. For example,

different components of PM2.5 can have either warming (e.g., black carbon) or cooling (e.g., SOx)
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effects on the climate. Emissions from many sectors, activities, and locations have both health

impacts (from air pollution) and climate impacts, and may have some trade-off between the two

factors [57]. Future research could shed light on the cumulative impacts with social stressors and

climate impacts to better identify the disparities in risks for the overburdened communities, and

hopefully will identify “win-win” approaches in dealing with both air pollution and climate change.

(3) Impacts of wildfire emissions to the exposure and health inequalities.

For addressing air pollution exposures and exposure disparities, this dissertation focused on an-

thropogenic sources, without investigation of wildfires and emissions from biogenic sources. Wild-

fires have received increasing attention in recent years. For example, one recent study indicates

that the contribution of wildfires to the total PM2.5 in US has increased from 10% a decade ago

to 25% recently; the spatial patterns in ambient smoke exposure do not follow traditional socioe-

conomic pollution exposure gradients [253]. Other studies also imply that the toxicity of PM2.5

from wildfires may be different from other sources [254, 255]. Future research could investigate

how those sources contribute to the health impacts, exposure disparities, and investigate possible

technologies/policies to address emissions from those sources.

(4) Attributions of historical causes to current-day exposure inequality.

Attributing the historical causes and trends to present-day exposure inequality in the US is

another area that further research could investigate. Many studies have developed EJ theories to

explain the inequalities in US [24,36–39,43,44]; a few recent studies have investigated the historical

causes of exposure inequality, such as the effects of red-lining policies [35, 256], and the facility

siting versus “minority move-in” [36]. Future studies could further advance the understanding of

historical causes by investigating the historical trends regarding where emission sources are located,

historical patterns in road construction/widening, the effects of when were industrial facilities put in

on present-day inequalities in proximity to emission sources, or effects of year of home-construction

on present-day exposure inequalities.

(5) Longitudinal analyses of environmental inequalities in low- and middle-income countries.

This dissertation investigated the patterns of air pollution exposure inequalities in China. Fu-

ture work can usefully explore patterns in other countries, look at changes over time, use some

unified definitions of SES and exposures to compare patterns across multiple countries, and explore

underlying theories to further explain the differences in exposure patterns in different countries.

For example, as discussed in Chapter 3, if future economic development and urbanization is con-
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current with improvements in air pollution—especially in high- and upper-middle-income counties

in China [196]—then current patterns of environmental inequality may change over time. In ad-

dition, EJ theory in the US [158, 197] and elsewhere [198, 199] highlights the concept of sacrifice

zones—locations that lack political power and receive disproportionately high environmental risks.

This is a critical aspect of how the current pollution-SES relationships in China might shift over

time that will depend in part on inequities in political power and whether sacrifice zones become

more prevalent. These conjectures highlight the need for longitudinal analyses of environmental

inequalities in low- and middle-income countries.

(6) Strategies to reduce air pollution levels in low- and middle-income countries.

Another future direction for low- and middle-income countries is to investigate possible strate-

gies to reduce the air pollution levels. For example, in year-2015, there are more than 80% of the

Chinese population lives in cities with > 35 µg/m3 annual PM2.5 levels [68]. Conducting scenario

analyses in low- and middle-income countries are much harder than in US because the detailed,

high-resolution, publicly available emission inventories often are lacking (unlike the NEIs in the US);

plus, there are less publicly available RCMs/IAMs in those countries. Future research could work

on building high-resolution emission inventories incorporating satellite observations [257, 258]. In

addition, developing RCMs (e.g. country-specific InMAP [259]) in those regions is urgently needed.

(7) Identifications of personal exposures.

As discussed in limitation section, this dissertation investigates ambient concentrations, which

are related to but distinct from individual-level exposures. Future research could shed important

additional insight by considering mobility (e.g., travel for work and recreation), occupational ex-

posure, and near-source exposures (e.g., environmental tobacco smoke; time spent on-roadways;

indoor use of solid fuels for cooking, heating, or lighting) factors to better identify the personal

exposures [200–212]. Some of the factors are already well studied, e.g., indoor use of solid fuels

for cooking generally happens in lower-income, not in higher-income, households [213,214]. Future

research also could apply low-cost sensors [260,261], mobile monitors [262], and wearable/portable

monitors [263,264] to better assess personal exposures.
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