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Abstract 
 

The field of environmental equity investigates how environmental risk factors such as air 

pollution are associated with socioeconomic status (SES). This thesis examines current 

levels of inequity across income groups of the health risk caused by fine particulate 

matter (PM2.5) air pollution, in New York City (NYC) and surrounding areas, and identifies 

emission control measures that can improve equity in this region. 

Results show that inequity persists in NYC, with low-income populations facing greater 

health risk than their higher-income counterparts. Adjoint sensitivity analysis was used 

to identify emission control measures that carry the greatest influence on the current 

levels of environmental inequity. It was found that emission reductions have positive 

impacts on public health, but the impact on environmental equity depends on the 

average income where the reduction occurs. By considering the impacts on public 

health and environmental equity together, major improvements can be yielded through 

one air quality management strategy. 
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1.0 Introduction 

The central tenet of environmental justice is that all people have an equal right to be 

protected from environmental hazards and to participate in the decision-making process 

to developing environmental laws, regulations, or policies regardless of background or 

socio-economic status (SES) (U.S. Environmental Protection Agency, 2017b). Society 

places intrinsic value on environmental justice, and many fundamental legal documents 

uphold the principle that every person has a right to a clean and safe environment 

(Boyce, Zwickl, & Ash, 2015). Within environmental justice literature, there is a primary 

concern with environmental equity, which refers to the distribution of environmental 

risks across various segments of a population. Studies in environmental equity are 

concerned with the relationship between the environment, demographics, and SES. SES 

can include a variety of indicators, such as income, education, employment, or wealth. 

The fundamental question addressed in environmental equity research is whether 

environmental hazards impact the population differently, and whether these impacts 

are concentrated within lower-SES communities.  

 

Ambient air pollution is a significant global health concern and is associated with many 

adverse health effects on human populations. In a recent global burden of disease study 

by Forouzanfar et al. (Forouzanfar et al., 2016), it was estimated that ambient air 

pollution accounts for nearly 4.5 million premature deaths every year, with 4.2 million 

deaths attributable to ambient particulate matter (PM) pollution, and 250,000 deaths 
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attributable to ambient ozone (O3) pollution alone. With a growing global awareness of 

air pollution as a primary health concern, there is a strong imperative to reduce ambient 

air pollution and its impacts on human health. 

 

Air pollution is unique as an environmental risk since exposure varies highly in space, 

and is not subject to geopolitical borders. Furthermore, population centres and urban 

areas are particularly affected by air pollution (Miranda, Edwards, Keating, & Paul, 

2011), resulting in impacts across a wide demographic of people, with varying SES. As a 

result, the serious adverse health effects of air pollution exposure are not distributed 

evenly across the population.  

 

Previous environmental equity studies find that lower-SES populations tend to be 

exposed to worse ambient air pollution, which is compounded with their vulnerability 

and greater susceptibility to environmental hazards (Clark, Millet, & Marshall, 2014). As 

researchers and policy makers, it is important that we can assess the current levels of 

environmental equity across a domain, as related to a variety of air pollutants.  

 

Once current levels of ambient air pollution and inequity are quantified, it is also of 

interest to assess how the situation might be improved. Air pollution and its distributed 

impacts on human health and environmental equity come from emissions, as well as 

processes out of our control such as atmospheric transport and chemistry. In order to 
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have an impact on ambient air pollution, and on human health and equity, our best 

option is to control emissions. 

 

However, not all emission controls are of equal impact. Depending on the timing and 

location of various pollutant emissions, the downwind concentrations and impacts can 

change considerably.  Sensitivity analysis is a tool that can be used to better understand 

the relationship between emission sources and receptor impacts. In this thesis, 

sensitivity analysis is used to estimate how concentrations of ambient air pollution, and 

subsequent public health impacts, are influenced by changes in emissions. By including 

information on epidemiology, economics, and SES into air quality models, we can assess 

how reducing emissions at various locations and times might impact the landscape of 

environmental equity and human health across a domain. 

 

Sensitivity analysis provides information on the effectiveness of various emissions 

reductions that are targeted at a desired policy endpoint. Typical policy endpoints 

include meeting attainment of air quality standards, and prioritize the most cost-

effective emission reductions to meet these goals. Less common are policy endpoints 

that target human health, or the distribution of air pollution impacts across a population 

(i.e. environmental equity). By providing an analysis centred on human health and 

environmental equity, emission reductions can be targeted to better meet these goals. 
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Furthermore, this information can be used to target emission reductions that will have 

synergistic benefits across multiple policy items. 

 

At the intersection of air quality modelling, human health, and environmental equity, 

this thesis attempts to answer the following questions: 

1. How can atmospheric chemical transport models be used to assess the 

current levels of environmental equity in a metropolitan area? 

2. How does the assessment of environmental equity change depending on the 

inequity metric and air pollution data selected? 

3. What are the spatial and temporal patterns of effective emission reductions 

that can be used to improve human health and environmental equity? 

4. How can air quality management strategies be designed to meet both health 

and equity goals? 

 

This thesis is structured around two manuscripts that address these research questions. 

In order to establish the context for this work in greater detail, Chapter 2 provides a 

review of the major literature that informs this thesis. This literature review focusses on 

the major bodies of literature surrounding air pollution and its impacts on human health 

and environmental equity. Chapter 3 discusses the methods used to address the 

research questions. While these methods are expanded upon in the manuscripts 

presented later, this chapter provides a more in-depth description of the modelling 
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system, and the data that is used to inform the model. The results of the research are 

presented in the form of draft manuscripts in Chapters 4 and 5. 

 

The draft manuscript in chapter 4 seeks to address the use of atmospheric chemical 

transport models in environmental equity analyses. Using a refined 1-km resolution 

model of New York City (NYC) and the surrounding areas, current levels of 

environmental equity are assessed. This paper looks at the relationship between 

household income (as an indicator of SES), and air pollution in the form of PM2.5 

concentrations. Multiple different environmental equity indicators are also used, and 

analysis is provided as to the challenges of assessing current levels of environmental 

equity in a metropolitan area. 

 

Chapter 5 is a draft manuscript that addresses how emission reductions might be used 

to tackle the impacts of air pollution on human health and environmental equity. Using 

the same 1-km modelling domain over NYC, adjoint sensitivity analysis is used to 

calculate the influence of emission reductions on health and equity endpoints. In this 

manuscript, analysis is focussed around the impacts of PM2.5 concentrations, and SES is 

measured through household income. Furthermore, this paper examines how sensitivity 

information can be used to coordinate air quality management strategies to address 

multiple goals, including a case study of emission reductions in NYC. 
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Chapter 6 summarizes the main conclusions of the research presented in the thesis, and 

addresses limitations and future work. Overall, this thesis contributes original research 

at the intersection of air quality modelling, human health, and environmental equity, 

toward ensuring that all people have access to improved air quality. 
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2.0 Background and Literature Review 

2.1 Justice, Equity, and Equality: A Note on Terminology 

Within the literature in the field of environmental justice, terminology is not always 

standardized. As a result, terms such as “environmental justice”, “environmental 

equity”, and “environmental equality” are used interchangeably, or the distinguishing 

features are unclear. This section explains the terminology as it will be used in this 

thesis. 

 

In general, “environmental justice” refers to the social movement concerned with 

ensuring that all people are equally and fairly protected from environmental hazards 

and can participate in the development of environmental regulations and policies. The 

U.S. EPA defines environmental justice as follows: 

Environmental justice is the fair treatment and meaningful involvement of all 
people regardless of race, color, national origin, or income, with respect to the 
development, implementation, and enforcement of environmental laws, 
regulations, and policies.  
EPA has this goal for all communities and persons across this nation. It will be 
achieved when everyone enjoys: 

• the same degree of protection from environmental and health hazards, 
and 

• equal access to the decision-making process to have a healthy 
environment in which to live, learn, and work.  
(U.S. Environmental Protection Agency, 2017b) 

 

When referring to this social movement, or the field as a whole, the term 

“environmental justice” is used. However, within the field of environmental justice, 

there is a set of literature particularly concerned with the distribution of environmental 
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hazards across a population, and how this is correlated with SES. This is known as 

“environmental equity”, and is the primary term used in this thesis. 

 

Within the literature, “environmental equality” is often used interchangeably with 

“environmental equity”, however this thesis distinguishes the two terms. Environmental 

equality does not consider SES, and is only concerned with having environmental 

hazards distributed exactly equally across a population. On the other hand, 

environmental equity is concerned with SES, and is primarily interested in minimizing 

the environmental hazards of low-SES communities (University of Washington, 2018). In 

this thesis, any reference made to research that focusses on the relationship between 

environmental hazards and SES will use the term “environmental equity”, while 

research that does not consider SES will use the term “environmental equality”. 

 

2.2 History of Environmental Justice 

Dr. Robert Bullard, often called the “father of environmental justice”, wrote that 

"whether by conscious design or institutional neglect, communities of color in urban 

ghettos, in rural 'poverty pockets', or on economically impoverished Native-American 

reservations face some of the worst environmental devastation in the nation" (Bullard, 

1993). The history of environmental justice as a movement began with these 

communities. The movement was started by individuals, primarily people of colour, who 

were concerned about the environmental risks being faced by their communities. 
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Some of the first reports of environmental injustice appeared in the 1960s and 1970s. 

For example, in the second annual report of the Council on Environmental Quality 

(1971), an entire chapter is dedicated to examining environmental problems in “The 

Inner city Environment”. The report explained the existence of the chapter by noting 

that “special attention this year should be given to the inner city where many of our 

most severe environmental problems interact with social and economic conditions 

which the Nation is also seeking to improve” (ibid, p. 189).  

 

The catalyst for the broader social movement of environmental justice is widely 

recognized as the activism against the polychlorinated biphenyl (PCB) landfill in Warren 

County, North Carolina. As described in Agyeman’s review on environmental justice 

(Agyeman, Schlosberg, Craven, & Matthews, 2016), over 400 activists were arrested for 

a peaceful sit-in demonstration against the siting of a PCB landfill in a predominantly 

low-SES neighbourhood. Prompted by the sit-ins, the United States General Accounting 

Office conducted a study called “Siting of Hazardous Waste Landfills and Their 

Correlation with Racial and Economic Status of Surrounding Communities” (United 

States General Accounting Office, 1983), to examine whether the claims made by 

activists at Warren County were true. Using the 1980 census data, the study found that 

75% of the hazardous waste landfills examined were found in predominantly low-SES 

neighbourhoods, disproportionately affecting African American populations. 
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The terms “environmental justice” and “environmental racism” first appeared in a study 

published by the United Church of Christ (UCC) Commission for Racial Justice (1987). 

Again, while examining hazardous waste sites and the communities surrounding them, 

the study found that there was a strong correlation between low-SES communities and 

environmental risks. The study found that 14 million African Americans and 8 million 

Hispanics, as well as 50% of all Native Americans, lived near a toxic waste site. 

 

These two reports gave considerable weight to the claims that lower-SES populations 

were being exposed to greater environmental risks. Many of the recommendations from 

the 1987 UCC report were adopted following its publication. In November 1992, the U.S. 

Environmental Protection Agency (EPA) created the Office of Environmental Equity (now 

named the “Office of Environmental Justice”). In 1993, the National Environmental 

Justice Advisory Council was established, and began to hold public meetings on 

environmental justice across the United States (U.S. Environmental Protection Agency, 

2017b). In 1994, President Clinton signed Executive Order 12898, which stated that 

“each Federal agency shall make achieving environmental justice part of its mission by 

identifying and addressing, as appropriate, disproportionately high and adverse human 

health or environmental effects… on minority populations and low income populations” 

(Agyeman et al., 2016). 
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With a growing political interest in environmental justice, researchers turned their 

attention to the quantification of environmental justice across the United States. Early 

studies focussed on the correlation between SES and the proximity to hazardous waste 

sites (United Church of Christ Commission for Racial Justice, 1987; United States General 

Accounting Office, 1983). With technological advancement and growth in this research 

area, findings continued to show that low-SES communities were disproportionately 

affected by environmental hazards (Bullard, Mohai, Saha, & Wright, 2008; Mohai & 

Saha, 2006). Within this growing body of research, this thesis will focus on studies 

related specifically to ambient air pollution. 

 

2.3 Air Pollution and Environmental Equity 

The distribution of air pollution across varying SES groups has been a concern since the 

beginning of the environmental justice movement. When the Council on Environmental 

Quality report examined environmental risks faced by urban low income communities, 

they explicitly identified that “Air pollution, a problem for nearly all of the Nation, lays 

its pall most heavily over the inner city in many metropolitan areas” (Council on 

Environmental Quality, 1971, p. 189). 

 

There are many different overlapping themes that can be used to distinguish the vast 

amount of literature on air pollution and environmental equity. The types of pollutants 
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examined, and how these pollutants are apportioned on to the population are two key 

distinguishing features in the literature. 

 

2.3.1 Different Kinds of Air Pollution 

Within the environmental equity and air pollution literature, studies differ significantly 

on how to characterize air pollution. Many of the earlier environmental justice studies 

looked at the populations that live in proximity to industrial sources of air pollution. In 

U.S. studies, this is most often approximated using the U.S. EPA Toxics Release Inventory 

(TRI) (Abel, 2008; Chakraborty & Zandbergen, 2007; Fisher, Kelly, & Romm, 2006; 

Grineski & Collins, 2010; Maantay, 2007; Pastor, Sadd, & Morello-Frosch, 2002, 2004b, 

2004a; Perlin, Wong, & Sexton, 2001; Stuart, Mudhasakul, & Sriwatanapongse, 2009), or 

the EPA’s Risk-Screening Environmental Indicators (RSEI) model (Abel & White, 2011; 

Ash & Boyce, 2011; Ash & Fetter, 2004; Conley, 2011; Downey, Dubois, Hawkins, & 

Walker, 2008; Downey & Hawkins, 2008; Grant, Trautner, Downey, & Thiebaud, 2010; 

Mohai, Kweon, Lee, & Ard, 2011; Sicotte & Swanson, 2007), which is based off the 

Toxics Release Inventory. In Canada this is usually approximated with the National 

Pollutant Release Inventory (NPRI) (Premji, Bertrand, Smargiassi, & Daniel, 2007), and 

similar studies exist internationally as well (Grineski & Collins, 2008; Grineski, Collins, 

Aguilar, & Aldouri, 2010; Laurian, 2008).  
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A typical study using point source data would be Fisher, Kelly, and Romm’s study in 

West Oakland, California (Fisher et al., 2006). In this study they examined the spatial 

pattern of facilities identified in the U.S. EPA’s Toxics Release Inventory. The authors 

integrated a basic dispersion model with the TRI to estimate the number of people that 

could be potentially impacted by the emissions from the point sources. The authors 

found that the disproportionately polluted areas had demographics that were 

predominantly low-income and high-minority. 

 

A significant number of U.S. studies draw on the EPA’s National-scale Air Toxics 

Assessment (NATA) (Apelberg, Buckley, & White, 2005; Chakraborty, 2009, 2012; 

Chakraborty, Collins, Grineski, Montgomery, & Hernandez, 2014; Collins, Grineski, & 

Chakraborty, 2015; Collins, Grineski, Chakraborty, & McDonald, 2011; Gilbert & 

Chakraborty, 2011; Grineski & Collins, 2010; Grineski, Collins, & Chakraborty, 2013; 

Grineski, Collins, Chakraborty, & McDonald, 2013; Grineski, Collins, Chakraborty, & 

Montgomery, 2014; Grineski & McDonald, 2011; James, Jia, & Kedia, 2012; Linder, 

Marko, & Sexton, 2008; Pastor, Morello-Frosch, & Sadd, 2005, 2006; Young et al., 2012). 

The U.S. EPA NATA model “provides estimates of the risk of cancer and other serious 

health effects from breathing (inhaling) air toxics” (U.S. Environmental Protection 

Agency, 2017c). NATA is classically used for case studies in a single metropolitan area. A 

typical example of NATA’s usage is Chakraborty’s study on the cancer risk from 

hazardous air pollution exposure in Tampa Bay, Florida (Chakraborty, 2012). In this 
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work, estimates of lifetime cancer risk were drawn from the 1999 NATA model, and 

were compared with U.S. census data. Multiple regression and spatial regression models 

were used to analyze the relationship between cancer risk and SES. The study found 

that race, ethnicity, and home ownership were correlated with cancer risk from a 

variety of sources of hazardous air pollution. 

 

As the field of environmental equity has progressed, many studies have moved toward 

quantifying ambient concentrations of various air pollutants. This allows for more direct 

estimates of the concentrations across the entire population, regardless of proximity to 

particular sources. How these concentrations are quantified also provides a significant 

division in the literature. 

 

2.3.2 Methodologies for Assessing Air Pollution 

In order to obtain a spatial distribution of concentrations across an area of interest, 

researchers must use one of several methodologies. Many studies relied on 

interpolating between monitoring sites. Many studies in the Los Angeles area 

interpolated between monitors to generate a surface of concentrations of PM2.5 

(Anderson et al., 1978; Brajer & Hall, 2005; Molitor et al., 2011; Su et al., 2009; Su, 

Jerrett, Morello-Frosch, Jesdale, & Kyle, 2012) and ozone (Brajer & Hall, 2005). This was 

done, in part, due to a small number of government monitoring sites, and because PM2.5 

varied over a larger area than other pollutants (such as NO2, for which land-use 
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regression is generally preferred). A similar geostatistical interpolation was used for 

several state and national studies to generate concentrations of PM2.5 (Bell & Ebisu, 

2012; Miranda et al., 2011), NO2 (Clougherty et al., 2007), and ozone (Hackbarth, 

Romley, & Goldman, 2011). Interpolation was used similarly in Canadian metropolitan 

areas for PM2.5 (Buzzelli & Jerrett, 2003, 2004), or other pollutants including CO, SO2, 

and NOx (Adams, DeLuca, Corr, & Kanaroglou, 2012); this method has been used in 

China (Brajer, Mead, & Xiao, 2010) and Europe as well (Brainard, Jones, Bateman, 

Lovett, & Fallon, 2002; Branis & Linhartova, 2012). 

 

One of the earliest examples of this is a study by Anderson et al. (1978), which examined 

whether there was any correlation between socio-economic status and air pollution in 

the Los Angeles area. Researchers took census data from the 1970 census, as well as 

pollution information from 11 air pollution monitors across the Los Angeles area. They 

did not find a strong correlation with SES. Their findings indicated that air quality 

improved slightly with a combined metric of education, income, rental level, and 

housing value. Perplexingly, they also found that black people breathed slightly better 

air quality than white people. However, their research was severely limited by only 

having 11 data points for air pollution across the entirety of Los Angeles. This work built 

off similar work by Van Arsdol (1966), which examined earlier census data sets for the 

1950s and 1960s. 
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Land-use regression (LUR) is another popular method of deriving concentration 

surfaces. For the same studies that used geostatistical interpolation of PM2.5 monitors in 

Los Angeles, LUR was preferred to generate NO2 concentration surfaces in the same 

area (Molitor et al., 2011; Su et al., 2009, 2012). This was done because NO2 has a high 

spatial variation, especially in and around roadways. Similar LUR procedures were used 

to generate concentrations of NO2 in Ottawa (Parenteau & Sawada, 2012), Montreal 

(Carrier, Apparicio, Séguin, & Crouse, 2014a, 2014b, 2016; Crouse, Ross, & Goldberg, 

2009), Toronto (Buzzelli & Jerrett, 2007), Vancouver (Pinault, Crouse, Jerrett, Brauer, & 

Tjepkema, 2016), Seattle (Su, Larson, Gould, Cohen, & Buzzelli, 2010), London 

(Goodman, Wilkinson, Stafford, & Tonne, 2011), and Northern Spain (Fernández-

Somoano, Hoek, & Tardon, 2013). 

 

Satellite data can also be used with LUR to generate concentrations surfaces over a 

larger geographical area. This was done for PM2.5 and NO2 in Massachusetts (Rosofsky, 

Levy, Zanobetti, Janulewicz, & Fabian, 2018); NO2 across Western Europe (Temam et al., 

2017); NO2, PM10, and PM2.5 in Wales (Brunt et al., 2016); PM2.5 across Canada (Pinault, 

van Donkelaar, & Martin, 2017), and for NO2 across the United States (Clark et al., 2014; 

Clark, Millet, & Marshall, 2017). 

 

The dataset generated by Clark, Millet, and Marshall (2014, 2017) has been of great 

significance to environmental justice literature. In these publications, the authors 
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analyzed a LUR dataset for the continental United States, which gave concentrations of 

NO2 at a 1km resolution. This high-resolution dataset across the entire country was 

unprecedented, and allowed for an important analysis on country-wide levels of 

inequality, where previous studies could only focus on specific metropolitan areas. In 

their 2014 study, the authors found that NO2 concentrations were 4.6 ppb (38% relative 

difference) higher for non-whites than whites across the U.S., and that low-income non-

white young and elderly people were disproportionately exposed to high concentrations 

of NO2. In their 2017 study, the authors examined changes in NO2 air pollution across 

the U.S. from 2000 to 2010. They found that NO2 concentrations decreased for the 

entire U.S. population, but that inequality persisted both by race and income. For 

example, the authors found that NO2 concentrations remained 2.9ppb (31% relative 

difference) greater for non-whites when compared to whites in 2010. 

 

Fewer studies use air quality models to generate a surface of concentrations. The most 

common use of air quality models is the use of atmospheric dispersion models. Some 

studies have used AERMOD (Chaix et al., 2017; Cohan, Wu, & Dabdub, 2011; Maroko, 

2012; Martenies, Milando, Williams, & Batterman, 2017; Poorfakhraei, Tayarani, & 

Rowangould, 2017; Pratt, Vadali, Kvale, & Ellickson, 2015; Tayarani, Poorfakhraei, 

Nadafianshahamabadi, & Rowangould, 2016), and some other less common dispersion 

models are used as well (Fan, Lam, & Yu, 2012; Havard, Deguen, Zmirou-Navier, 

Schillinger, & Bard, 2009; Levy, Greco, Melly, & Mukhi, 2009). Even fewer studies have 
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used Chemical Transport Models (CTMs). The literature review to date has found only 

three studies that used the Comprehensive Air Quality Model with Extensions (CAMx) 

(Marshall, Swor, & Nguyen, 2014; Nguyen & Marshall, 2018), and the Community 

Multiscale Air Quality (CMAQ) modelling system (Fann et al., 2011). These studies 

examined how changes in emissions will change environmental inequity, and two are 

discussed in more detail. 

 

Fann et al. (2011) examined two different air quality management policies for the City of 

Detroit. They examined a “status-quo” (SQ) policy based on a pollutant-by-pollutant 

approach to meet air quality targets, as well as a “multipollutant risk-based” (MP/RB) 

strategy, using multipollutant emission reductions that maximize overall health benefits 

from reduced air pollution. Previous studies showed that the MP/RB strategy is much 

more cost-effective than the SQ strategy, giving nearly double the benefits for only a 

slightly higher cost. In this work, they examined the environmental justice consequences 

of prioritizing cost-efficiency in an air quality management strategy. They modelled 

changing levels of PM2.5 across Detroit using CMAQ, and applied a measure of inequality 

(the Atkinson Index) to examine environmental equality for PM2.5 mortality and asthma 

risk across the population. Results showed that the MP/RB strategy delivers a 0.191% 

reduction in mortality risk inequality, and a 2.241% reduction in asthma risk inequality. 

The status quo (SQ) strategy gave a 0.026% reduction in morality risk inequality, and a 

0.053% increase in asthma risk inequality. Thus, for the case of Detroit, the authors 
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found that there are synergistic benefits to reducing air quality using a multi-pollutant 

risk-based (MP/RB) strategy, since environmental inequality is also effectively reduced 

through this approach. 

 

Marshall, Swor, and Nguyen’s study (2014) also examined the potential trade-offs 

between efficiency and equity when reducing emissions, with a focus on the South 

Coast Air Basin in Southern California. Their case study examined the impact of a 10% 

emission reduction in five different source categories: on-road mobile, off-road mobile, 

ships, trains, and stationary. Each scenario was modelled in CAMx, generating a surface 

of diesel PM concentrations. For each emission reduction scenario, the authors 

evaluated four different impacts, considering public health burden, emission reduction 

efficiency, equality of exposure among all people, and the difference between average 

exposure for high-income whites (HIW) and low-income non-whites (LIN). Each of these 

goals was given a shorthand name: “impact”, “efficiency”, “equality”, and “justice”, 

respectively. The authors found that there are some trade-offs depending on the policy 

goal that is being pursued. For example, a 10% emission reduction from ship emissions 

would improve public health, but cause an increase in the levels of inequality. 

Alternatively, a 10% emission reduction from trains carried the highest benefits for 

efficiency, equality, and justice. This paper is significant since it explored the complexity 

of multiple policy goals, and how air quality management strategies can have 

unexpected impacts on one or more of these goals. 
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2.4 Measuring Inequity 

There are several competing indices that can be used to quantify environmental 

inequity. This section describes several of the popular indices that are used in significant 

works in the environmental justice literature. 

 

2.4.1 Lorenz Curve and Gini Coefficient 

The most commonly used measure of environmental inequality is the Gini Coefficient 

(Gastwirth, 1972; Levy, Chemerynski, & Tuchmann, 2006). The Gini Coefficient measures 

deviation from a scenario of perfect equality, and is a summary statistic based on the 

Lorenz curve. The Lorenz curve plots the percentage of the total measure of interest 

(such as income, or pollution exposure) earned by the cumulative percentage of the 

population (Gastwirth, 1972). The Lorenz curve shows the proportion of the overall unit 

of interest assumed by the bottom fraction of the population. Figure 1 shows a 

hypothetical Lorenz Curve. 
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Figure 1. Hypothetical Lorenz Curve 

 
Consider the example of income inequality. In a scenario of perfect equality, the poorest 

10% should hold 10% of the income, or the poorest 50% to hold 50% of the income, and 

so on. The “Line of Perfect Equality” in Figure 1 represents this. The Lorenz curve then 

plots the true levels of income inequality seen in a population, where Figure 1 might 

show that the poorest 40% of households hold 10% of the overall income. 

 

The Gini Coefficient (G) is a summary statistic based on the Lorenz curve, and is 

equivalent to the area between the Lorenz Curve and line of perfect equality (marked X 

on Figure 1), divided by the total area under the line of perfect equality (or the sum of X 

+ Y on Figure 1). The Gini Coefficient will range from 0 to 1, where a value of 0 

represents maximum equality, and a value 1 represents maximum inequality. 
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In environmental justice literature, the Gini Coefficient is commonly used as a 

representation of income inequality, which is then layered into a broader environmental 

equity analysis. For example, a large body of research examines whether there is a 

relationship between income inequality and environmental risks (Brajer et al., 2010; 

Chakraborty et al., 2014; Charafeddine & Boden, 2008; Kawachi & Kennedy, 1997; Lynch 

et al., 1998; Mellor & Milyo, 2001). A classic example of this kind of work is Chakraborty 

et al. (2014), which analyzed the relationship between social inequities and exposure to 

air pollution risks in Houston, Texas. The Gini Coefficient was used to represent levels of 

income inequality in Houston neighbourhoods, and their work found a significant 

correlation between high levels of income inequality and a greater exposure to chronic 

and acute pollution risks.  

 

The Gini Coefficient has also been modified to measure other forms of inequality 

outside of income, such as inequality in health outcomes (Castillo-Salgado et al., 2001; 

Lee, 1997; Turrell & Mathers, 2001). More recently, the Gini Coefficient has been 

integrated more fully in to environmental justice analysis, where it has been used to 

measure inequality in emissions and exposures across a population (Boyce et al., 2015; 

Millimet & Slottje, 2002b, 2002a). Its most sophisticated applications measure 

environmental inequality, and are then used to characterize changes in inequality based 

on various proposed policy measures (Fann et al., 2011; Levy, Greco, et al., 2009; Levy, 

Wilson, & Zwack, 2007). Boyce et al. (2015) computed a Gini coefficient for inequality in 
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exposure to industrial air pollution in each of the 50 U.S. states. They found a high level 

of exposure inequality across census tracts in each of the 50 states (Gini = 0.76), higher 

than levels of income inequality in the United States (Gini = 0.47).  

 

The Lorenz Curve and Gini Coefficient are popular because of the graph that allows a 

visual representation of inequality (Maguire & Sheriff, 2011), and because the measure 

is well understood in environmental justice literature (De Maio, 2007). There are some 

limitations to the use of these measures; most significantly, that they can only measure 

inequality across one dimension, and fail to provide information about two dimensions 

of inequity, such as the relationship between income and air pollution (Boyce et al., 

2015). In Levy et al.’s evaluation of population inequality and inequity indices, they 

conclude that “the Gini index may not be interpretable for many combined 

environmental justice/ health benefits analyses” (Levy et al., 2006, p. 9). 

 

2.4.2 Concentration Curve and Index 

The Concentration Curve is an adaptation of the Lorenz Curve that can be used to 

measure environmental inequity across two dimensions. A Concentration Curve plots 

the cumulative fraction of the population, sorted by a chosen SES metric, by the fraction 

of environmental risk held by that fraction of the population. A hypothetical 

Concentration Curve is given in Figure 2 below. In a situation of equity, the 20% most 

deprived (lowest SES) or 20% least deprived (highest SES) should be exposed each to 
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20% of the environmental risk. In this scenario, the Concentration Curve would match 

the Line of Equity. When the Concentration Curve falls above the Line of Equity, this 

represents a scenario where the lowest SES populations are exposed to a higher 

proportion of the environmental risk. For example, in Figure 2, the 20% most deprived 

in the population are exposed to 40% of the environmental risk, while the 20% least 

deprived (from 80 – 100%) are exposed to just less than 10% of the environmental risk. 

In a situation where the Concentration Curve falls below the Line of Equity, this 

represents a scenario where those with a higher SES are exposed to a greater 

proportion of the environmental risk.  

 

 
Figure 2. Hypothetical Concentration Curve 
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The Concentration Curve was first introduced in 1989 to examine equity in the delivery 

of health care (Wagstaff, van Doorslaer, & Paci, 1989). In this work, the researchers 

proposed using the Concentration Curve to examine whether health care is being 

delivered equitably across all income groups. They generated two Concentration Curves: 

one plotted the population sorted by income against the number of people reporting ill 

health in that income group, while the second plotted population sorted by income 

against health care expenditures. The researchers noted that “the concentration curve 

would seem to be more suited to measuring inequalities in health than the Lorenz 

curve. The latter is open to the objection that it measures inequalities per se rather than 

inequalities associated with income […]. The same criticism cannot, of course, be 

levelled at the concentration curve” (Wagstaff et al., 1989, p. 100). 

 

While it has mostly been applied to examining inequalities in health care delivery across 

income groups (Arokiasamy & Pradhan, 2011; Costa Font, Hernandez-Quevedo, & 

McGuire, 2011; Kakwani, Wagstaff, & van Doorslaer, 1997; Wagstaff, 2002), the 

concentration curve was recently applied in environmental justice literature as well 

(Koolman & van Doorslaer, 2004; Martenies et al., 2017; Sarabia & Jorda, 2013; Su et al., 

2009; Walker, Mitchell, Fairburn, & Smith, 2005). One of the first applications by Walker 

et al. (2005) used the Concentration Curve to examine whether industrial pollution sites 

in England were clustered in areas of lower socio-economic status. The researchers 

found that the most deprived populations faced significant disadvantages, having nearly 
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five times more industrial pollution sites located in their wards (Walker et al., 2005, fig. 

3). 

 

A significant publication for the use of the Concentration Curve for environmental 

equity analysis was Su et al. (2009). For Los Angeles county, this study used the 

Concentration Curve to look at inequity across a variety of environmental hazards by 

income (defined as the proportion of residents living two times below poverty) and race 

(defined as the proportion of non-white residents). They examined inequity in NO2 and 

PM2.5 exposures, Diesel PM cancer risk, as well as two Cumulative Environmental Hazard 

Inequality Indices that combine the impacts of all three environmental hazards. In all 

cases, the authors found that low-SES populations were exposed to a greater share of 

the environmental risk, and that these populations faced a cumulative impact of 

multiple pollutant exposures. 

 

The Concentration Curve has also been applied beyond exposures to examine the 

inequality in health burden faced by different subgroups of the population. Recently, 

Martenies et al. (2017) examined the inequality in mortality and morbidity attributable 

to NO2, PM2.5, O3, and SO2 in Detroit. They found an annual monetized health impact of 

$6.5 billion, and that the environmental burden of disease was largely driven by PM2.5 

and O3 exposures. In Detroit, findings suggested that Hispanic/Latino populations are 
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disproportionately impacted by industrial emissions, and that low-income populations 

are disproportionately affected by traffic-related air pollution.  

 

Similar to the Lorenz Curve, the Concentration Curve has the advantage of allowing for a 

visual representation of inequity. However, the disadvantage of the Concentration 

Curve is that it is not used as commonly as the Lorenz Curve, and is not as well 

understood (Koolman & van Doorslaer, 2004). Much like the Gini Coefficient, the 

Concentration Index is used to summarize the Concentration Curve, and is equivalent to 

double the area between the curve and the Line of Equality (Figure 2). The 

Concentration Index varies from 0 to 1, where 0 represents maximum equality, and 1 

represents maximum inequality (Maguire & Sheriff, 2011). 

 

2.4.3 Atkinson Index 

The Atkinson Index is developing into one of the most popular and commonly used 

environmental inequality metrics, next to the Gini Coefficient. It is unique because it 

incorporates a constant that can change the sensitivity of the metric to inequality in 

different parts of the distribution (De Maio, 2007). The Atkinson Index is calculated 

using Equation 2-1 below: 

𝐴𝐼 =

{
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For environmental inequality, 𝑥𝑖  is the exposure of an individual, �̅� is the mean 

exposure, 𝑛 is the number of individuals in the population, and 휀 is the “inequality 

aversion parameter”, which weights the metric based on society’s preference for 

inequality (Atkinson, 1975; Kawachi & Kennedy, 1997). The Atkinson Index ranges from 

0 -1, where 0 represents maximum equality and 1 represents maximum inequality 

(Atkinson, 1975). 

 

The inequality aversion parameter (휀) typically ranges from 0.5 – 2.0, and is a sensitivity 

parameter for the distribution. For 0 < 휀 < 1, the Atkinson Index is more sensitive to 

changes at the higher end of the distribution, and for 휀 > 1, the Index becomes more 

sensitive to changes in the lower end of the distribution. In environmental inequality 

literature, transfers are desirable away from the most exposed (at the higher end of the 

distribution), so a typical value of 0.75 is selected for the inequality aversion parameter. 

(Clark et al., 2014; Fann et al., 2011; Levy, Greco, et al., 2009; Marshall et al., 2014; 

Martenies et al., 2017).  

 

The Atkinson Index was initially used to represent income inequality (Atkinson, 1975; 

Donaldson & Weymark, 1980; Yitzhaki, 1983). Much like the Gini Coefficient, early 

environmental justice studies used the Atkinson Index as a representation of income 
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inequality, when examining the relationship between that and environmental risk 

(Kawachi & Kennedy, 1997; Lynch et al., 1998). 

 

The Atkinson Index regained popularity for direct analysis in environmental justice 

studies after publication of a review by Levy, Chemerynski, and Tuchmann (2006). In this 

work, they reviewed previous publications and developed a list of axioms for the best 

environmental inequality metrics. Axioms include the Pigou-Dalton transfer principle, 

scale invariance, anonymity, and subgroup decomposability. The Pigou-Dalton transfer 

principle requires that inequality always decreases when risk is transferred from a 

person of higher risk to lower risk, and increases for the opposite transfer. Scale 

invariance is the axiom that inequality should not change if a constant proportional 

change is made to the entire population. Anonymity requires that inequality metrics are 

only based on the metric chosen, and no other characteristics of the population. 

Subgroup decomposability means that the total inequality can be divided into the 

inequality of various groups in the population, and the inequality between those groups. 

Comparing all of the common inequality metrics, they conclude that the Atkinson Index 

meets the greatest number of the axioms when conducting health benefits analysis.  

 

After publication of this review (Levy et al., 2006), several studies were conducted using 

the Atkinson Index (Clark et al., 2014; Fann et al., 2011; Levy, Greco, et al., 2009; Levy et 

al., 2007; Marshall et al., 2014; Martenies et al., 2017; Rosofsky et al., 2018). A classic 
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example of the use of the Atkinson Index comes from Levy, Wilson, and Zwack’s (Levy et 

al., 2007) study on the trade-off between equality and efficiency when controlling 

emissions from power plants in the United States. In this study, the change in the 

Atkinson Index for PM2.5 health risk was calculated for 16 different proposed power 

plant emission control scenarios. The change in equality was used to evaluate how the 

different scenarios compared beyond their improvement of public health. Furthermore, 

the researchers computed a sensitivity analysis using the Gini Coefficient, Theil’s 

Entropy, Mean log deviation, and three different inequality aversion parameters. 

Generally, they found that the choice of inequality indicator slightly reordered the 

choice of control strategies, but the overall conclusions remained the same. 

 

2.4.4 Other Measures 

While much of the literature uses the above inequality and inequity metrics, there are a 

few other methodologies worth mentioning. 

 

First, there is a subset of studies that based their inequality analysis on correlation 

statistics, including regression analysis and spatial auto-correlation (Chakraborty, 2009; 

Chakraborty et al., 2014; Collins et al., 2015; Collins, Grineski, & Morales, 2017; Grineski, 

Bolin, & Boone, 2007; Grineski, Collins, Chakraborty, & Montgomery, 2017; Grineski & 

Collins, 2010; Havard et al., 2009; Marshall, 2008; Pastor et al., 2005; Pope, Wu, & 
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Boone, 2016; Pratt et al., 2015). While the studies all examined different research 

questions, the type of analysis undertaken was the same. 

 

A typical example of this kind of study can be found from a recent study by Collins, 

Grineski and Morales (2017). In this work, the authors tested if there is a correlation 

between exposure to air toxics and people that identify as lesbian, gay, bisexual, 

transgender, or queer (LGBTQ). For census tracts across the United States, they 

examined multivariate associations between cancer risk and respiratory risk (from air 

toxics exposure) to the number of reported same-sex households, both male and 

female. Researchers found that mean cancer risk and respiratory risk are 12% and 24% 

higher, respectively, when compared to heterosexual couples. The authors conclude 

that LGBTQ populations faced environmental inequity across the United States, which 

can be compounded by other differences in SES. 

 

Another common assessment of inequality is based on comparing ratios, such as 

quartile, quintile, or decile ratios. Studies varied slightly in their analysis. Some studies 

compared the geographical areas that faced the highest and lowest pollution exposures, 

and examined the difference in SES across these areas (Miranda et al., 2011). Other 

studies focussed instead on the difference in exposure for the most and least vulnerable 

populations, when sorted by a chosen SES metric (Apelberg et al., 2005; Briggs, Abellan, 

& Fecht, 2008; Carrier, Apparicio, Kestens, et al., 2016; Fan et al., 2012; Kawachi & 
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Kennedy, 1997). Other studies still chose a descriptive ratio that combined multiple SES 

analysis (Boyce et al., 2015; Clark et al., 2017); the most common example of these are 

studies that computed the ratio of environmental risk of high-income whites (HIW) to 

low-income non-whites (LIN) (Clark et al., 2014; Marshall et al., 2014; Pinault et al., 

2017). In Pinault et al.’s (2017) study, the authors calculated the mean residential fine 

particulate matter (PM2.5) exposure for each Census Metropolitan Area in Canada. The 

same mean PM2.5 exposure was then calculated for low-income non-whites (LIN) and 

high-income whites (HIW), and the difference between these values was also reported. 

The authors found that PM2.5 exposure was higher for minorities, immigrants, and low-

income households. 

 

Finally, a small subset of studies employed Theil’s Entropy Index. Developed for 

calculating income inequality, Theil’s Entropy Index is given by Equation 2-2: 

𝑇 =
1

𝑛
∑ (

𝑥𝑖

𝜇
) ln (

𝑥𝑖

𝜇
)𝑛

𝑖=1         (2-2) 

 

where 𝑛 represents the size of the population, 𝑥𝑖  is the environmental risk for an 

individual in the population, and 𝜇 is the average environmental risk for the population 

(Levy et al., 2006). The primary benefit of Theil’s Entropy Index is that it is easily 

decomposable into subgroups, allowing for analysis of the inequality within and 

between different populations. Because of this, it is most popular in studies that seek to 

compare inequality between countries (Duro & Teixidó-Figueras, 2013; Padilla & Duro, 
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2013; Sauter, Grether, & Mathys, 2016). However, there are significant disadvantages to 

this metric, most notably that the upper limit of the index depends on the size of the 

population. Despite this, it has been used in certain studies as a representation of 

income inequality (Brajer et al., 2010), or to perform a sensitivity analysis on a primary 

environmental inequality metric (Levy, Greco, et al., 2009; Levy et al., 2007). 

 

2.5 Health Impacts of Air Pollution 

Ambient air pollution carries adverse impacts to human health. This is recognized 

globally, and countries set air quality standards in order to protect human health. The 

U.S. EPA sets National Ambient Air Quality Standards for criteria air pollutants to protect 

public health (U.S. Environmental Protection Agency, 2015), while in Canada there are 

the Canadian Ambient Air Quality Standards. This thesis focusses on the health impacts 

of particulate matter (PM2.5), which is recognized as a danger to human health in both 

the U.S. and Canada. A brief review of the epidemiological effects on PM exposure is 

given here. 

 

In the recent Global Burden of Disease Study of 2015, exposure to PM2.5 pollution is 

associated with lower respiratory infections; trachea, bronchus, and lung cancers; 

ischemic heart disease; cerebrovascular disease; and chronic obstructive pulmonary 

disease (COPD) (Forouzanfar et al., 2016). The impacts of PM2.5 exposure are serious; 

globally, the authors estimate that 4.2 million deaths are attributable to PM2.5 exposure. 
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Furthermore, ambient PM2.5 pollution is responsible for over 103 million disability-

adjusted life-years worldwide. In 2010, it was ranked the 9th leading risk factor to human 

health (Lim et al., 2012). 

 

Exposure to criteria air pollutants can have a variety of acute and chronic effects. 

Results of epidemiologic studies are typically expressed in terms of “effect estimates”, 

which quantify the change in a health outcome with a change in pollution concentration 

(Pappin & Hakami, 2013a). Studies presented here focus on the impact of pollution 

exposure on mortality, and results are presented as a percent increase in mortality with 

an increase in PM2.5 concentration. While there are many kinds of epidemiologic 

studies, those presented here falls into two categories: time-series studies that examine 

impacts from short-term PM2.5 exposure, and cohort studies that examine impacts from 

chronic PM2.5 exposure (Pappin, 2016). 

 

Time-series studies that examine the impacts of short-term PM2.5 exposure have found 

that PM2.5 exposure increases the risk of mortality in a population. For example, 

Dominici et al. (2007) found that PM2.5 exposure increased all-cause mortality, over a 

study period of 1987 – 2000. The authors reported all-cause mortality increasing by 

0.29% with an increase in PM2.5 concentrations of 10 g/m3. More recently, Zanobetti 

and Schwartz (2008) assessed the impact of short-term PM2.5 in 48 U.S. cities from 1999 
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– 2005. The authors found a mortality effect estimate of 0.098% for each 1 g/m3 

increase in PM2.5 concentrations. 

 

Studies that consider the impacts of chronic PM2.5 exposure tend to find a stronger 

association with mortality. A key data set used for this study is the American Cancer 

Society (ACS) cohort study. For example, Pope et al. (2002) analyzed the epidemiologic 

data from the ACS cohort study, with an emphasis on chronic PM2.5 exposure and 

increased mortality. The authors found that the risk of all-cause mortality increased by 

0.6% with each 1 g/m3 increase in average PM2.5 exposure. Krewski et al. (2009) re-

analyzed the same ACS data, and found that mortality increased in the population by 

0.6% for each 1 g/m3 increase in 24-hour average PM2.5 concentrations. Both studies 

also found larger risks for ischemic heart disease. 
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3.0 Methods 

Atmospheric chemistry and the evolution of concentrations depend on multiple 

processes: emission, transport, chemistry, and deposition. In atmospheric modelling, 

these processes can be represented using 3-dimensional models known as atmospheric 

CTMs. In this thesis, atmospheric CTMs are related to human health, income, and 

environmental equity, in order to look at the relationship between emissions and the 

impacts on the environmental justice landscape. 

 

This section introduces brief fundamentals of atmospheric CTMs, sensitivity analysis, 

and environmental justice analysis. While Chapters 4-5 have detailed methodology 

sections, this chapter provide a broader overview of key methodologies for this type of 

analysis in general, but is kept short to avoid redundancy in future chapters. 

 

3.1 Atmospheric Chemical Transport Models 

Numerical 3-D models that simulate the changing concentrations of chemicals in the 

atmosphere, across time and space, are known as atmospheric chemical transport 

models (CTMs). Given the difficulty and cost with performing tests on the atmosphere, 

atmospheric modelling is a key part of air quality research and policy making. 

Atmospheric models are well designed to answer policy questions that consider 

different potential policy scenarios and want to assess the possible impacts. These types 

of “what if?” policy questions would be costly and time consuming to answer 
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experimentally, and so this field of research has come to rely on atmospheric models. 

CTMs have a wide range of applications, but are most commonly used to provide 

information about the relationship between sources and receptors.  

 

Atmospheric CTMs are distinguished from other atmospheric models, such as General 

Circulation Models, since information about atmospheric dynamics must be provided to 

the model. Specifically, atmospheric CTMs are given spatially and temporally resolved 

inputs of emissions and meteorological data. The model will then take this information 

and propagate the emissions forward in space and time, using the meteorological data 

and atmospheric chemistry to inform transport and transformation of those emissions. 

Outputs of chemical transport models will depend on the model and its parameters, but 

typically are a surface of concentrations of pollutants over a specified domain and 

timeframe. 

 

Eulerian atmospheric CTMs are gridded models, where three dimensional boxes are 

spread over the domain. The domain can be global, regional, or local, and the grid 

resolution will vary over the chosen domain. Global atmospheric CTMs will typically 

have a resolution as low as hundred(s) of kilometres, while local atmospheric CTMs can 

have a grid resolution of 1km. While a refined grid resolution can provide more detail in 

a model, there is a trade off with computational requirements from running these 

models, and the requirement for boundary condition information. 
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Atmospheric CTMs are governed by the Atmospheric Diffusion Equation (ADE) which is 

integrated for each grid cell and each time step across the model. The ADE solves for a 

change in concentration for any given chemical or pollutant with time (Jacob, 2007). A 

simplified form of the ADE is: 

𝜕𝐶𝑖

𝜕𝑡
= −∇ ∙ (𝑢𝐶𝑖) + 𝐾∇

2𝐶𝑖 + 𝑅𝑖 + 𝐸𝑖       (3-1) 

 

In Equation 3-1, 𝐶𝑖 is the concentration of species 𝑖, 𝑡 is the time, 𝑢 is the wind vector, 𝐾 

is the turbulent diffusion coefficient, 𝑅𝑖 are the chemical reactions and equilibria 

(production and loss, gas and aerosol phases) of species 𝑖, and 𝐸𝑖 are emissions of 

species 𝑖. The term 
𝜕𝐶𝑖

𝜕𝑡
  on the left-hand side of the equation represents any local 

accumulation in concentration. The first (−∇ ∙ (𝑢𝐶𝑖)) and second term (𝐾∇2𝐶𝑖) on the 

right-hand side represent transport through advection and turbulent diffusion, 

respectively. In this formulation of Equation 3-1, any losses through dry deposition 

would be included in the vertical diffusion boundary conditions. 

 

Regional CTMs are often referred to as limited area CTMs or Air Quality Models (AQMs). 

While there are a variety of AQMs that will model different scales of geography at 

different resolutions, this thesis focusses on the AQM developed and used by the U.S. 

EPA, described below. 
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3.2 The CMAQ Modelling system 

This thesis uses the AQM known as the Community Multiscale Air Quality (CMAQ) 

modelling system (Byun & Schere, 2006). This modelling system has been developed by 

the U.S. EPA, and is constantly being refined and maintained by this organization and 

the community at large. As the most widely used AQM worldwide, it is frequently used 

for regulatory modelling, as well as other applications by a variety of policymakers, 

academics, consultants, and researchers.  

 

There are several software programs that work together to make up the CMAQ 

modelling system (Figure 3). To generate the meteorological inputs required for CMAQ, 

a regional meteorology model is used. For this thesis, Weather Research and 

Forecasting (WRF) generates meteorological information for the domain and the time 

period (National Center for Atmospheric Research, 2018), which are then processed 

using the Meteorology-Chemistry Interface Processor (MCIP), which prepares the 

meteorological information into a format that can be input in to CMAQ. Emissions are 

taken from the National Emissions Inventory (NEI) for the United States, and then 

processed using the Sparse Matrix Operator Kernel for Emissions (SMOKE), to generate 

model-ready emission files for each day and emission type (Community Modeling and 

Analysis System, 2018). The initial and boundary conditions of the model (and the ADE) 

are generated using the Initial Conditions Processor (ICON) and the Boundary Conditions 
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Processor (BCON), respectively. Daily clear-sky photolysis rates are calculated using a 

Photolysis Rate Processor (JPROC). 

 

 

Figure 3. The CMAQ modelling system (U.S. Environmental Protection Agency, 2018a) 

 

3.3 Sensitivity Analysis 

Sensitivity analysis is commonly used in atmospheric CTMs to provide information on 

how a change in the inputs of the model will impact the output. This is most commonly 

seen in atmospheric CTMs by linking the influence of various emissions to the 

concentrations across a domain. In an atmospheric CTM or an AQM, this can be 

calculated by differentiating the model outputs with respect to a model input, such as 
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the derivative of concentrations with respect to emissions (Yang, Wilkinson, & Russell, 

1997).  

 

Sensitivity information can be used for a variety of purposes, including answering a 

range of policy-relevant questions regarding the effectiveness of air quality 

management strategies. For example, by providing information about the influence of 

various emissions on final concentrations, policies can be developed to target emissions 

reductions that will carry the greatest impact on pollution concentrations. Model 

outputs can also be more complex than pollutant concentrations, as models can be 

expanded to measure human health impacts or environmental justice. In this case, 

sensitivity analysis can be used to trace the influence of emissions on policy-relevant 

objectives such as these. 

 

3.3.1 Forward Sensitivity Analysis 

Most sensitivity analysis techniques can be characterized either as “forward” or 

“backward” sensitivity analysis. Forward sensitivity analysis amounts to applying a small 

perturbation in one of the sources or inputs of the model, and allowing that 

perturbation to be carried to final changes in all of the receptors at the output of the 

model. This type of sensitivity analysis is receptor specific, meaning that it can 

characterize the impacts on all receptors from a single source or group of sources. Since 
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atmospheric CTMs solve versions of the ADE, forward sensitivity analysis can be based 

on differentiated ADE as follows (Yang et al., 1997): 

𝜕𝛿𝐶𝑖

𝜕𝑡
= −∇ ∙ (𝑢𝛿𝐶𝑖) +

1

𝜌
∇ ∙ (ρ𝐾∇𝛿𝐶𝑖) + 𝐹𝑖𝛿𝐶 + 𝛿𝐸𝑖    (3-2) 

 

where ρ is the density, 𝛿𝐸𝑖 represents a perturbation in emissions, 𝛿𝐶𝑖 represents the 

change in concentration, and 𝐹𝑖  is the 𝑖th row of the Jacobian of the nonlinear 

transformation rates (Hakami et al., 2007). Forward sensitivity analysis is best used to 

ask policy questions that are specific about the change being made to emissions, and 

seek to measure the impact at a multitude of locations. An example of this could be, 

“How will a 10% reduction in emissions impact air quality at various points across a 

city?” 

 

3.3.2 Adjoint Sensitivity Analysis 

Backward, or “adjoint”, sensitivity analysis is complementary to forward methods. In 

this method, a perturbation is made to one receptor or group of receptors at the output 

of the model, which is then integrated backward in time and space through a set of 

sensitivity equations that are auxiliary to the forward sensitivity system. Backward 

integration of these equations allows the adjoint method to trace the influence back on 

to all sources at the input of the model. Adjoint sensitivity analysis is source-specific, 

meaning that it can characterize the influence of all sources (at all locations and times) 

on a single receptor or group of receptors. In this context, a receptor can be the 
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concentration of air pollutants at a location, or a grouped metric such as human health 

or environmental justice. 

 

Adjoint sensitivity analysis depends on an adjoint cost function (𝐽), which relates 

concentrations to the metric for which sensitivities are being calculated. An adjoint cost 

function can be any metric that depends on concentration, integrated over space (𝜔) 

and time (𝑡): 

𝐽 = ∫ ∫ 𝑓(𝐶,𝜔, 𝑡) 𝑑𝜔 𝑑𝑡
𝑡𝑥,𝑦,𝑧

       (3-3) 

Then the adjoint variable for which sensitivities are being calculated is the derivative of 

the cost function with respect to concentration: 

 

𝜆𝑖 =
𝜕𝐽

𝜕𝐶𝑖
          (3-4) 

The governing equation of the adjoint model is based on Equation 3-2, which is derived 

using Lagrange multipliers and integration by parts (Hakami et al., 2007; Henze, Hakami, 

& Seinfeld, 2007): 

 

−
𝜕𝜆𝑖

𝜕𝑡
= ∇ ∙ (𝑢𝜆𝑖) + ∇ ∙ (𝜌𝐾∇

𝜆𝑖

𝜌
) + 𝐹𝑖

𝑇𝜆 + 𝜑𝑖     (3-5) 

where 𝐹𝑖
𝑇 is the i-th row of the transposed Jacobian of the nonlinear transformation 

rates, and 𝜑𝑖 is the forcing term for the adjoint equations. The forcing term is used drive 

the adjoint equations, and is calculated based on the adjoint cost function (Equation 3-
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3). Similar to the adjoint variable, the forcing term is the derivative of the original metric 

for which sensitivities are being calculated (𝑓(𝐶, 𝜔, 𝑡) from Equation 3-3), to 

concentration at a particular location and time: 

 

𝜑𝑖 =
𝜕𝑓

𝜕𝐶𝑖
          (3-6) 

Adjoint sensitivity analysis will calculate the derivative of the adjoint cost function with 

respect to the model inputs. An adjoint model developed for gas-phase processes in the 

CMAQ model (Hakami et al., 2007), and later expanded to aerosol processes, is used in 

this thesis to perform sensitivity analysis. 

 

3.4 Adjoint Cost Function 

The choice of adjoint cost function determines the type of analysis being carried out. 

Previous works have used cost functions based on attainment (Hakami et al., 2006; 

Pappin & Hakami, 2013a), or health effects (Pappin et al., 2016; Pappin, Mesbah, 

Hakami, & Schott, 2015; Pappin & Hakami, 2013b). This thesis uses two main cost 

functions: the first is for the health impacts of air pollution, while the second is for the 

inequity of health impacts across income groups. Their formulation is described in more 

detail below. 
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3.4.1 Health Impacts Forcing Term 

This thesis focusses on the health effects of exposure to air pollution. In particular, the 

approach used here aims to quantify the monetary value of increased mortality 

resulting from chronic exposure to PM2.5. Mortality effects are chosen since their 

economic valuation dwarfs morbidity and other health impacts. This type of health 

analysis has been previously conducted using adjoint sensitivity analysis (Pappin et al., 

2016, 2015, Pappin & Hakami, 2013a, 2013b).  

 

A change in PM2.5 concentration (Δ𝐶) will cause a change in mortality (Δ𝑀), according to 

the following epidemiological concentration response function: 

 

Δ𝑀 = 𝑀0  ×  𝑃 (1 − 𝑒
−𝛽Δ𝐶)       (3-7) 

where 𝑀0 is the baseline mortality rate (BMR), 𝑃 is the population, and 𝛽 is an 

epidemiological constant representing each pollutant’s concentration-response.  

 

In this thesis, BMR data is taken from two places. First, county-level BMR data is taken 

from the U.S. EPA Environmental Benefits Mapping and Analysis Program (BENMAP). 

BENMAP is used to calculate “the number and economic value of air pollution-related 

deaths and illnesses” (U.S. Environmental Protection Agency, 2017a), but in this study is 

only accessed to extract BMR from the software database. A more refined dataset of 

BMR was taken at the zip code level for NYC, and was provided by the New York City 
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Department of Health and Mental Hygiene. The refined dataset is used within the NYC, 

while BENMAP is used to generate BMR values outside the boundaries of the city. 

Population data was taken from the 2010-2014 American Community Survey 5-Year 

Estimates, provided by the U.S. Census Bureau. This data provides the number of 

households in each census tract, divided across multiple income bins. Based off the 

commonly used work of Krewski et al. (2009), a 𝛽-value of 0.005827 (g/m3)-1 was used, 

for 24-hour average PM2.5 concentration. 

 

To assign a monetary value to reduced mortality, we employ a common economic 

valuation known as the Value of Statistical Life (VSL), which is developed based on an 

average individual’s willingness to pay money to reduce their likelihood of death. Using 

data from the U.S. EPA, a VSL of $7.9M USD is used for 2008. Multiplying Equation 3-7 

by the VSL, one obtains Equation 3-8: 

 

Δ𝑀$ = 𝑀0  ×  𝑃 (1 − 𝑒
−𝛽Δ𝐶) × 𝑉𝑆𝐿        (3-8) 

 

To calculate the adjoint cost function for sensitivity analysis, the derivative of Equation 

3-8 is taken with respect to concentration at each location (𝑥, with a total of 𝑁 

locations) and time (𝑖, with a total of 𝑛 timesteps), giving Equation 3-9: 

 

𝐽𝑚 = ∑ ∑ 𝑀0𝑥𝑃𝑥𝛽𝑒
𝛽Δ𝐶𝑖,𝑥𝑛

𝑖=1
𝑁
𝑥=1  ×  𝑉𝑆𝐿      (3-9) 
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This cost function can be used to drive an adjoint sensitivity analysis, which will trace 

the influence of emissions at individual locations and times on domain-wide mortality 

from chronic PM2.5 exposure. 

 

3.4.2 Inequity Impacts Forcing Term 

As well as the health effects of air pollution exposure, this thesis is concerned with the 

distribution of environmental hazards across income groups, also called environmental 

equity. In this case, environmental equity was measured using the Concentration Index. 

The Concentration Index was selected based on its ability to capture information about 

income inequality and air pollution exposure inequality in one parameter. Furthermore, 

the Concentration Curve on which the Index is based is a valuable tool to analyze 

current levels of inequity prior to sensitivity analysis. 

 

When developing the Concentration Curve, we plot the cumulative fraction of the 

measure of interest against the cumulative fraction of the population, sorted by income. 

In this work, two measures of interest were used: the first is air pollution exposure, 

while the second is the health impact from air pollution (Equation 3-7). 

 

The Concentration Curve will show the distribution of environmental hazards across 

income groups. If higher-income populations are exposed to more air pollution, the 
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Concentration Curve will fall below the line of equity. On the other hand, if lower-

income populations carry a disproportionate burden of the air pollution, the 

Concentration Curve will fall above the line of equity (as is the situation in the 

hypothetical curve shown in Figure 2). 

 

The adjoint cost function was calculated based on the Concentration Index, which is a 

normalized value ranging from 0 (maximum equality) to 1 (maximum inequality), and is 

equivalent to double the area between the Concentration Curve and Line of Equity. 

Since the Concentration Index is based on the geometric properties of the curve, and is 

not based on a closed-form equation that can be manipulated, the adjoint cost function 

cannot be represented by a single equation. 

 

To generate the forcing terms for adjoint sensitivity analysis of inequity, a brute-force 

approach was employed. First, the original Concentration Index was calculated for the 

domain. Then, for each grid cell, a small perturbation was made to the average 

concentration of the selected air pollutant, and the Concentration Index was re-

calculated. The change in Concentration Index based on the perturbation was stored as 

the forcing term for that grid cell. Various perturbation levels are used to ensure stable 

forcing calculations.  
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This method allows the importance of each location and each time to be captured in the 

forcing terms. These forcing terms are then used in the adjoint equations, which will 

trace the influence of emissions at individual locations and times on domain-wide 

environmental inequity from PM2.5 exposure and its related health risks. 

 

The following two chapters employ these methods to examine current levels of 

environmental equity in a metropolitan area, and how emission reductions can be 

targeted to effectively reduce inequity concerns. In Chapter 4, we quantify the current 

levels of environmental inequity for NYC and the surrounding area. This research relies 

on a variety of methods for measuring inequity (as described in Section 2.3), and 

examining three different concentration datasets. 

 

In Chapter 5, adjoint sensitivity analysis is used to trace the influence of emissions at all 

locations and times on the current levels of inequity and health impacts. Depending on 

the adjoint forcing term used, the results show the areas where emission reductions 

should be targeted to reduce mortality from PM2.5 exposure (based on Section 3.4.1), or 

to reduce the inequity of the distribution of PM2.5 health risk across income groups 

(based on Section 3.4.2). This manuscript examines the individual influences for both 

policy metrics, and then combines them to examine how emission reductions can be 

targeted to meet multiple policy goals. 
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4.0 High-Resolution Air Quality Modelling in Support of 
Environmental Justice Studies in a Metropolitan Area 
 
This chapter is in preparation for publication in Environmental Research Letters. It 

consists of original research for which Robyn Chatwin-Davies is the main contributor 

(90%)1. 

 

4.1 Introduction 

Ambient air pollution carries significant adverse health effects on the population. 

However, these adverse health impacts are not distributed evenly across a population. 

The field of environmental equity has established that socioeconomic status (SES) has a 

significant correlation with an individual’s level of exposure to environmental pollution 

(Agyeman et al., 2016; Mohai & Saha, 2015). Many studies have established that low-

SES populations are exposed to higher levels of air pollution (Miranda et al., 2011; 

Morello-Frosch & Jesdale, 2006; Zwickl, Ash, & Boyce, 2014), compounding the 

disproportionate health burden faced by these populations that are already vulnerable 

and susceptible to these health risks (O’Neill et al., 2003). 

 

Researchers and policy makers alike strive to assess the state of environmental equity 

across cities, regions, and nations, as it relates to various pollutants. In order to provide 

                                                      
1 Co-authors on this work include: Burak Oztaner, Shunliu Zhao, Melanie Fillingham, 
Marjan Soltanzadeh, Amir Hakami (Carleton University); Iyad Kheirbek, Kazuhiko Ito 
(New York City Department of Health and Mental Hygiene); Jay Haney, and Sharon 
Douglas (ICF International). 
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a spatially resolved analysis of environmental equity, equally refined spatial 

representation is required for air pollution and SES. Air pollution concentrations are 

typically the limiting factor on providing highly detailed analyses of environmental 

equity. 

 

To measure environmental equity, many studies focus only on populations that live in 

near proximity to monitoring locations, and interpolate concentrations based on 

measurements at specific locations (Bell & Ebisu, 2012; Miranda et al., 2011). In other 

cases, studies use land-use regression (LUR) models to provide concentrations at a 

refined spatial resolution (Brunt et al., 2016; Clark et al., 2014, 2017; Rosofsky et al., 

2018; Temam et al., 2017). Other studies rely on point-source emissions, generating 

concentrations through source-receptor matrices (Levy et al., 2007), or through the use 

of atmospheric dispersion models (Martenies et al., 2017; Poorfakhraei et al., 2017; 

Pratt et al., 2015; Tayarani et al., 2016).  

 

Other researchers have opted to skip modelling concentrations, and to directly examine 

the distribution of health risks across SES. For example, Requia et al. (2017) generate 

detailed emissions, and then apply the Intake Fraction method to estimate the human 

exposure to traffic-related air pollution. Similarly, many studies use the human health 

risks calculated through the National-Scale Air Toxics Assessment model (Chakraborty, 

2009; Chakraborty et al., 2014; Collins et al., 2015, 2011; Grineski & Collins, 2010; 
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Grineski et al., 2014), which models certain individual air toxics using U.S. EPA’s 

Community Multiscale Air Quality (CMAQ) model at a 12km grid resolution. 

 

Very few papers model concentrations directly using detailed Chemical Transport 

Models (CTMs); three exceptions are the use of the Comprehensive Air Quality Model 

with Extensions (CAMx) by Marshall, Swor, and Nguyen (2014) and Nguyen and Marshall 

(2018);  as well as the use of the Community Multiscale Air Quality (CMAQ) modelling 

system by Fann et al. (2011). The benefit of using a CTM is illustrated in these papers; 

there is flexibility in a model to change parameters and model multiple scenarios. As 

well as assessing current levels of environmental equity, proposed policy scenarios can 

be tested for their impacts on environmental equity. 

 

The methodology used to measure and quantify environmental justice varies 

significantly across existing literature as well. Some studies focus on the distribution of 

air pollutants across the population without considering SES, most typically termed 

“environmental equality”. Examples of this include the use of the Gini Coefficient (Boyce 

et al., 2015; Millimet & Slottje, 2002b, 2002a), Atkinson Index (Clark et al., 2014; Fann et 

al., 2011; Levy et al., 2006; Marshall et al., 2014), or Theil’s Entropy Index (Brajer et al., 

2010; Levy, Baxter, & Schwartz, 2009; Levy et al., 2007). Other studies include SES (such 

as income, race, or education) in their analysis, resulting in analyses of what is often 

termed as “environmental equity”. Examples of this include usage of correlation 
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statistics or ratios, to identify a relationship between SES and the levels of pollution 

exposure for the most and least vulnerable populations (Apelberg et al., 2005; 

Chakraborty, 2009; Fan et al., 2012; Marshall, 2008; Miranda et al., 2011; Pastor et al., 

2005; Pope et al., 2016). Recently, new indices that include both SES and pollution, such 

as the Concentration Index, are also being used (Sarabia & Jorda, 2013; Su et al., 2009; 

Walker et al., 2005). While certain reviews have attempted to quantify the benefits of 

the various metrics (De Maio, 2007; Levy et al., 2006; Maguire & Sheriff, 2011), and past 

studies have called for better standardization, the fact remains that many different 

methodologies are used to measure environmental justice.  

 

Using the case study for New York City (NYC), we assess the status of environmental 

justice, specifically focused on the distribution of PM2.5 air pollution (environmental 

equality), and the relationship between income and PM2.5 concentrations 

(environmental equity). In this study, we compare two sets of air pollution 

concentrations: first is eight years of measurements across NYC, modelled and mapped 

using a LUR model. Second is from a CMAQ, a widely used CTM for research and 

regulatory purposes. This dataset is compared with the LUR data to assess the 

appropriateness of regional CTMs for high-resolution environmental equity analysis. We 

use concentration surfaces from these two approaches to estimate population 

exposure, while recognizing that our approach to exposure assessment is a 

simplification and only approximates individual exposures.  
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Furthermore, this case study is novel since it examines multiple indices to quantify 

environmental equality and equity across the dataset. As well as providing a more 

complete picture of the levels of inequality and inequity, this allows for comparison of 

multiple indices within the same datasets.  

 

4.2 Methods 

4.2.1 Health Impacts from Air Pollution Exposure 

This study is focused on the health effects caused by exposure to fine particulate matter 

(PM2.5). The U.S. EPA has identified PM2.5 as a criteria air pollutant, and has set national 

ambient air quality standards to protect public health (U.S. Environmental Protection 

Agency, 2015). Unlike some criteria air pollutants, there is no safe threshold for PM2.5 

exposure. Exposure to PM2.5 is associated with adverse health effects, with studies 

linking it to heart attacks, aggravated asthma, decreased lung function, and premature 

death of people with heart or lung disease (U.S. Environmental Protection Agency, 

2016). A recent Global Burden of Disease study estimates that ambient PM2.5 pollution is 

responsible for 4.2 million deaths annually worldwide (Forouzanfar et al., 2016). 

 

When examining environmental justice across a metropolitan area, we characterize 

both the inequality of health impacts from air pollution exposure, and its distribution 

across income groups. Specifically, we focus on the mortality resulting from chronic 
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exposure to concentrations of PM2.5. This is calculated through an epidemiological 

concentration-response function (Equation 4-1), which relates a change in mortality 

(Δ𝑀) to a change in pollutant concentration (Δ𝐶): 

Δ𝑀 = 𝑀0  ×  𝑃 (1 − 𝑒
−𝛽Δ𝐶)        (4-1) 

where 𝑀0 is the baseline mortality rate, 𝑃 is the population, and 𝛽 is an epidemiological 

constant representing each pollutant’s concentration-response.  

 

The epidemiological concentration-response for PM2.5 is based on the re-analysis of the 

American Cancer Society cohort by Krewski et al. (2009). They identify a 𝛽-value of 

0.005827 for each 1 g/m3 increase in 24-hour average PM2.5, when considering 

mortality from chronic exposure, for people aged 30-99. Baseline mortality rate (BMR) 

was provided by the New York City Department of Health and Mental Hygiene, for each 

zip code in NYC. BMR is calculated from the average of all-cause mortality rates for 

2012-2014, for people aged 30-99 and applied for the entire period of study. 

 

4.2.2 Measures of Environmental Inequality and Inequity 

One of the primary concerns of environmental justice studies is distributional equality of 

health risks across a population, regardless of background or SES. There are many ways 

that this can be quantified. Classically, “equality” refers to the distribution of 

environmental pollutants across a population without considering SES. Meanwhile, 

environmental “equity” is concerned with whether the distribution of pollution is 
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correlated with SES, and most studies find that lower-SES populations tend to be 

exposed to higher levels of pollution. In this work, we consider two popular measures of 

environmental equality (the Atkinson Index and Gini Coefficient), and two measures of 

environmental equity (the Concentration Index and decile ratios).  

 

The Atkinson Index explicitly contains normative judgements about the value of 

achieving equality (De Maio, 2007): 

𝐴𝐼 =

{
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     (4-2) 

where 𝑥𝑖  in this case is the PM2.5 health burden of population segment 𝑖, �̅� is the mean 

PM2.5 health burden, 𝑛 is the number of individuals in the population, and 휀 is the 

“inequality aversion parameter”. The inequality aversion parameter weights the 

Atkinson Index based on society’s preference for inequality (Atkinson, 1975; Kawachi & 

Kennedy, 1997). The inequality aversion parameter typically ranges from 0.5 – 2.0, with 

a typical value of 0.75 selected in most environmental justice literature(Clark et al., 

2014; Fann et al., 2011; Levy, Greco, et al., 2009; Marshall et al., 2014; Martenies et al., 

2017). The Atkinson Index varies from 0 to 1, with 0 being equality and 1 being 

inequality (Atkinson, 1975). 

 



 57 

The Gini Coefficient has been previously used to measure inequality in emissions and 

exposure to environmental hazards (Boyce et al., 2015; Fann et al., 2011; Levy, Baxter, 

et al., 2009; Levy et al., 2007; Millimet & Slottje, 2002a, 2002b). The Gini Coefficient is 

based on the Lorenz Curve, which plots the cumulative fraction of the measure of 

interest held by the cumulative fraction of the population, sorted by the same measure 

of interest (Arnold, 2005; De Maio, 2007). The further that the Lorenz Curve deviates 

below the line of equality, the more unequal the distribution is. 

 

In this study, we plot the cumulative fraction of PM2.5 health burden against the 

cumulative fraction of the population, sorted by the same metric. The Gini Coefficient is 

equivalent to the area between the line of equality and the Lorenz Curve, divided by the 

total area under the line of equality. The Gini Coefficient ranges from 0 to 1, where 0 

represents equality and 1 represents maximum inequality. 

 

The Concentration Curve is a modified version of the Lorenz Curve that incorporates 

information about SES. The formulation of the Concentration Index has been discussed 

in previous works (Kakwani et al., 1997; Koolman & van Doorslaer, 2004; Wagstaff, 

2002; Wagstaff et al., 1989), and its applications in environmental equity studies are 

well documented (Martenies et al., 2017; Sarabia & Jorda, 2013; Su et al., 2009; Walker 

et al., 2005). In this study, we plot the cumulative fraction of PM2.5 health burden 

against the cumulative fraction of the population, sorted from lowest to highest income 
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group. Much like the Lorenz Curve, inequity is estimated by deviation from the 45 line 

of equality. If the Concentration Curve falls above the line of equality, this shows that 

lower-SES populations are exposed to more pollution, and vice versa. The Concentration 

Index is used to summarize the Concentration Curve. It is calculated by dividing the area 

between the Concentration Curve and Line of Equality by the total area under the Line 

of Equality. Much like the Gini Coefficient, the Concentration Index ranges from 0 

(equality) to 1 (inequality).  

 

Another method for measuring environmental inequity is based on comparing ratios 

across the population. There are a wide variety of methodologies employed in the 

literature, but most commonly this analysis involves comparing the levels of exposure 

for the most and least vulnerable populations (Apelberg et al., 2005; Briggs et al., 2008; 

Carrier, Apparicio, Kestens, et al., 2016; Clark et al., 2014, 2017; Fan et al., 2012; 

Kawachi & Kennedy, 1997; Marshall et al., 2014; Pinault et al., 2017). In this work, we 

consider quintile and decile ratios, for the population sorted by income. The population 

is sorted into 10 and 5 equal-sized groups from lowest to highest income, for decile and 

quintile ratios, respectively. The average PM2.5 health burden is calculated for each 

decile and quintile. The decile and quintile ratios summarize this by dividing the highest 

and lowest decile or quintile, respectively. A ratio less than one indicates that lower 

income populations are exposed to more air pollution. The further the ratio varies from 

1, the more inequity is increasing. 
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4.2.3 Metropolitan Area Case Study 

Environmental equality and environmental equity are assessed for PM2.5 exposure and 

health burden over NYC. With a population of over 8.5 million people, it is the most 

densely populated major city in the United States. Because of this, there is significant 

variation in the demographics and air pollution in a small area, making it well suited to 

an environmental equity case study. 

 

PM2.5 concentrations are obtained from two sources. First is a longitudinal dataset from 

the New York City Community Air Survey (NYCCAS) (New York City Department of Health 

and Mental Hygiene, 2018). The NYCCAS network includes daily measurements of 

multiple criteria air pollutants at 100 locations across NYC. Using Land-Use Regression 

(LUR), a surface of PM2.5 average concentrations are generated. There are 8 years of 

data for average annual PM2.5 concentrations, from 2009 to 2016, apportioned to a grid 

with 1km x 1km cells, shown in Figure 4.  
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Figure 4. Map of domain used for LUR and CTM air pollution concentrations 

The second concentration surface is developed using U.S. EPA’s CMAQ model. A unique 

high-resolution 1km dataset was developed for the year 2008, for NYC and the 

surrounding areas. The development of this model is described in more detail elsewhere 

(Kheirbek et al., 2014; Kheirbek, Haney, Douglas, Ito, & Matte, 2016). A surface of air 
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pollution concentrations was generated in CMAQ, targeting a two-week period from 

July 1 – 14, 2008. For the environmental equity analysis, only the grid cells that match 

the LUR data are used, corresponding to Figure 4. 

 

To include SES, income information was taken from the U.S. Census Bureau American 

Community Survey 5-Year Estimates, for each year from 2009 to 2016. For each census 

tract, this data provides the number of households that fall into distinct income bins, 

when considering 12-month household income. The distribution of income bins is given 

in Table 1 below. The distribution of the population across income groups was spatially 

allocated from each census tract to the corresponding model grid cells. 

 

We model environmental equity across the domain, focused on the relationship 

between PM2.5 concentrations and household income. By assessing the status of 

environmental equity and equality across multiple models and indices, we can analyze 

the performance of a high-resolution CTM for air pollution-focused environmental 

justice analysis.  
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Table 1. Income Distribution Categories Provided by the U.S. Census 

Bin # 12-month Household Income range 

1 Less than $10,000 

2 $10,000 to $14,999 

3 $15,000 to $19,999 

4 $20,000 to $24,999 

5 $25,000 to $29,999 

6 $30,000 to $34,999 

7 $35,000 to $39,999 

8 $40,000 to $44,999 

9 $45,000 to $49,999 

10 $50,000 to $59,999 

11 $60,000 to $74,999 

12 $75,000 to $99,999 

13 $100,000 to $124,999 

14 $125,000 to $149,999 

15 $150,000 to $199,999 

16 $200,000 or more 
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4.3 Results and Discussion 

To visualize some of the relevant demographics across the domain, Figure 5 depicts the 

population across NYC, Figure 6 shows the share of income in each grid cell, and Figure 7 

shows the median income for each NYC census tract. The most populated areas 

correspond to Manhattan and The Bronx, as well as areas of Brooklyn and Queens. The 

wealthiest areas are found in Manhattan, while the low-income neighbourhoods are 

found mostly in Harlem and The Bronx. 

 

 

Figure 5. NYC Households, as a percent 
of the total number of households 

Figure 6. NYC Income, as a percent of 
the total income 
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Figure 7. Median Household Income for NYC Census Tracts                                            
(2015 American Community Survey 5-year Estimates, U.S. Census) 

 

The average annual PM2.5 concentrations across the domain are shown, from the LUR 

model, for years 2009-2016 (Figure 8). The longitudinal data shows that PM2.5 

concentrations are consistently elevated in Manhattan, the Bronx, and in Western 

Queens. Overall, annual average PM2.5 concentrations have decreased over the 8-year 

period, despite certain yearly increases, such as 2011. 
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For the CMAQ model, average PM2.5 concentrations were calculated for the 14-day 

period, shown in Figure 9. The CMAQ concentrations show a similar spatial pattern to 

the LUR dataset, with elevated concentrations in Manhattan, Western Queens, and 

Brooklyn. Note that the CMAQ concentrations are for a 2-week period during the 

summer, which corresponds to a period with high PM2.5 concentrations. This explains 

why magnitudes of the CMAQ model are higher than the annual average concentrations 

shown in the LUR concentrations. Annual average PM2.5 concentrations previously 

modelled in CMAQ were found to be in a similar range as both the CMAQ and the LUR 

data, ranging from 7.6 – 21.8 g/m3 across NYC (Kheirbek et al., 2014). 
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Figure 8. Average Annual PM2.5 Concentrations over 8 Year, from Land-Use Regression 
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Figure 9. Average 2-week PM2.5 Concentrations Generated by CMAQ 

 

Environmental equity results are shown in Table 2, for PM2.5 health burden. These 

results consider the mortality from chronic PM2.5 exposure as a representation of 

environmental risk faced by the population in each area. A one sample t-test was 

performed for each metric. In all cases, the results are significantly greater than zero, 

with a 99% confidence interval. The one sample t-test results are shown in Table 3. 
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Table 2. Environmental Justice Results for PM2.5 Health Risk 

    Environmental equality Environmental equity (includes income) 

Data Source Year 
Atkinson Index 

(x10-2) 
Gini Coefficient 

(x10-2) 
Concentration Index 

(x10-2) 
Quintile Ratio Decile Ratio 

CMAQ 2008 3.26 10.1 1.41 0.914 0.879 

LUR 

2009 2.41 5.38 1.33 0.942 0.920 

2010 2.65 6.92 1.48 0.947 0.925 

2011 2.58 5.76 1.52 0.944 0.915 

2012 2.59 6.18 1.33 0.949 0.926 

2013 2.61 6.48 1.23 0.939 0.915 

2014 2.54 5.82 1.22 0.935 0.913 

2015 2.47 5.25 1.52 0.931 0.908 

2016 2.49 5.62 1.31 0.940 0.926 
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Table 3. One-Sample t-test Results for Environmental Justice Analysis of LUR and CMAQ Results, 2008-2016 

 
Atkinson Index Gini Coefficient Concentration Index Quintile Ratio Decile Ratio 

Mean 2.62 E-02 6.39 E-02 1.29 E-02 0.938 0.914 

Standard Deviation 2.5 E-03 1.5 E-02 2.6 E-03 1.0 E-02 1.4 E-02 

Degrees of freedom, df 8 8 8 8 8 

t-statistic, t(df) 31.2 12.9 14.7 269.1 190.0 

p-value, p 6.0 E-10 6.1 E-07 2.3 E-07 2.0 E-17 3.3 E-16 

Significant, p < 0.01? Yes Yes Yes Yes Yes 
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Results from Table 2 show that there is inequality (as measured through the Atkinson 

Index, or Gini Coefficient) in PM2.5 health burden in NYC. For the LUR data, the Atkinson 

Index varies from 2.41 E-02 to 2.65 E-02, with an average Index of 2.54 E-02. The CMAQ 

data has an Atkinson Index of a similar magnitude, at 3.26 E-02. These values are similar 

to the Atkinson Index that is reported for other urban centres: Martenies et al. (2017) 

report an Atkinson Index of 0.040 for PM2.5 health risk inequality in Detroit, while Levy 

et al. (2009) report an Atkinson Index of 0.025 for PM2.5 mortality in Boston. 

 

Meanwhile, the Gini Coefficient varies from 5.25 E-02 to 6.92 E-02 for the LUR data, with 

an average Coefficient of 5.93 E-02 for LUR surfaces, and 10.1 E-02 for CMAQ. These 

values are similar to those reported in the literature, for example, national PM2.5 

inequality is reported with the Gini Coefficient as ranging from 6.0 E-02 to 13.9 E-02 

(Goodkind, Coggins, & Marshall, 2014), and Boston was found to have a Gini Coefficient 

of 13 E-02 for PM2.5 mortality (Levy, Greco, et al., 2009). 

 

When considering either the Atkinson Index or the Gini Coefficient, the CMAQ data and 

LUR data have levels of inequality within the same order of magnitude. However, in 

both cases, the CMAQ data shows slightly less inequality than the LUR data.  

 

The Atkinson Index, Gini Coefficient, and Lorenz Curve are measures of environmental 

equality, and do not include information regarding the distribution of PM2.5 health 
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burden by SES. Rather, these results show that there are somewhat unequal levels of 

PM2.5 health risk across NYC regardless of income. 

 

The right-hand side of Table 2 shows the same data analyzed for environmental equity, 

or the relationship between PM2.5 health burden and household income. This is 

measured through the Quintile Ratio, Decile Ratio, and the Concentration Index. The 

Quintile Ratio varies from 0.931 to 0.949, with a mean value of 0.941. The CMAQ data 

has a smaller Quintile Ratio of 0.914. For the decile ratio, the LUR data varies from 0.908 

to 0.926, with a mean of 0.918, and the CMAQ data has a smaller decile ratio of 0.879.  

For the Concentration Index, the LUR varies from 1.22 E-02 to 1.52 E-02, with a mean of 

1.37 E-02. The CMAQ data has a Concentration Index of 1.41E-02, falling very close to 

the mean of the LUR data. These values are similar to those reported in the literature, 

such as 2.0 E -02 to 3.1E -02 for Los Angeles (Su et al., 2009), or 1.0 E -02 to 6.7E -02 for 

Detroit (Martenies et al., 2017). 

 

With the decile and quintile ratios, inequality increased as the values diverge from 1. 

Thus, the decile ratio suggests a greater level of inequality than the quintile ratio. For 

NYC, this indicates that environmental inequity is most pronounced for extremes of 

income, and less pronounced for middle income ranges. In both cases, while the CMAQ 

data has a similar magnitude to the LUR data, it indicates higher levels of inequality than 

the LUR data set. 
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The Gini Coefficient and Concentration Index are based off the Lorenz Curve and 

Concentration Curve, respectively. Figure 10 shows the Lorenz Curve (A) and 

Concentration Curve (B) for a representative year. The year 2009 was selected since the 

median Atkinson Index, Concentration Index, and Decile Ratio all occur for this year. 

Furthermore, this year is the closest year to CMAQ simulations. Lorenz Curves for each 

year of LUR data are shown in Appendix 1, while Concentration Curves for each year of 

LUR data are shown in Appendix 2. The same curves are plotted for the CMAQ data 

(Figure 11, A and B).  
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Figure 10. Lorenz Curve (A) and Concentration Curve (B) for Land-Use Regression Data 
for 2009 
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Figure 11. Lorenz Curve (A) and Concentration Curve (B) for CMAQ data for July 2008 
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Figure 10A shows that there is inequality across NYC, where the 10% least exposed are 

exposed to 7.9% of the overall PM2.5 health burden. Meanwhile, the 10% most exposed 

are exposed to 11.9% of the overall PM2.5 health burden. The CMAQ dataset’s Lorenz 

Curve is shown in Figure 11A. The inequality in the CMAQ data is pronounced, with the 

10% least exposed holding 7.1% of the PM2.5 health burden, and the 10% most exposed 

holding 13.3% of the PM2.5 health burden. 

 

For both Figure 10B and Figure 11B, the Concentration Curve falls above the Line of 

Equity, indicating that lower-income people are exposed to more PM2.5 health burden 

than higher-income populations. This is broken out for both the LUR and CMAQ data in 

Table 4, which compares each income group’s share of total income and total PM2.5 

health burden. If the share of overall PM2.5 health burden is larger than the share of 

overall income, that income group is considered disadvantaged. For the LUR data, all 

households with an annual income below $30,000/year are disadvantaged. For the 

CMAQ data, all households with an annual income below $25,000/year are similarly 

found to be disadvantaged. The same table is reproduced for other years of data in 

Appendix 3. In general, the CMAQ dataset more closely underestimates the overall 

levels of inequity seen in the LUR data for the Concentration Index than for any of the 

other inequality/inequity parameters. 
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Table 4. Share of Total Income and Total PM2.5 Health Risk by Income Group, for LUR year 2009 and CMAQ July 2008 

12-month Household 
Income range 

LUR Year 2009 CMAQ July 2008 

Share of total 
income (%) 

Share of total 
PM2.5 health 

risk (%) 

Health risk 
share > income 

share 

Share of total 
income (%) 

Share of total 
PM2.5 health 

risk (%) 

Health risk 
share > income 

share 

Less than $10,000 10.93% 11.56% True 10.28% 10.79% True 

$10,000 to $14,999 6.14% 6.37% True 6.20% 6.46% True 

$15,000 to $19,999 5.31% 5.43% True 5.53% 5.60% True 

$20,000 to $24,999 5.10% 5.16% True 5.11% 5.13% True 

$25,000 to $29,999 4.80% 4.82% True 4.56% 4.53% False 

$30,000 to $34,999 4.73% 4.73% False 4.47% 4.46% False 

$35,000 to $39,999 4.38% 4.37% False 4.04% 4.00% False 

$40,000 to $44,999 4.24% 4.21% False 4.14% 4.08% False 

$45,000 to $49,999 3.81% 3.77% False 3.42% 3.36% False 

$50,000 to $59,999 7.34% 7.24% False 6.82% 6.68% False 

$60,000 to $74,999 9.16% 9.00% False 8.67% 8.45% False 

$75,000 to $99,999 11.13% 10.90% False 11.00% 10.64% False 

$100,000 to $124,999 7.32% 7.11% False 7.71% 7.48% False 

$125,000 to $149,999 4.46% 4.34% False 4.98% 4.88% False 

$150,000 to $199,999 4.80% 4.67% False 5.74% 5.65% False 

$200,000 or more 6.35% 6.31% False 7.33% 7.82% True 
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The temporal trend in the LUR dataset is plotted in Figure 12, along with linear trend 

lines and their corresponding R2 values. Environmental equality, shown through the 

Atkinson Index (Figure 12A) and the Gini Coefficient (Figure 12B) track a similar pattern, 

with the same pattern of rising and falling levels of inequality. Different between the 

two metrics are the magnitudes of the change in inequality. For example, the year 2010 

sees a large increase in inequality for the Atkinson Index, and a smaller increase in 

inequality for the Gini Coefficient. This change in magnitude can be attributed to the 

formulation of the Atkinson Index, and the selection of an inequality aversion 

parameter. Using a value of 0.75, the Atkinson Index is more sensitive to transfers at the 

higher end of the distribution (Atkinson, 1975). The larger jumps in the Atkinson Index 

correspond to transfers in the higher end of the distribution (among those that are 

already the most exposed), which has more of an effect on the Atkinson Index. 

 

The Concentration Index (Figure 12C) and Decile/Quintile Ratio (Figure 12D) show a 

different picture of environmental equity in NYC. Consider the year 2015, which 

corresponds to an improvement in environmental equality according to the Atkinson 

Index (Figure 12A) and Gini Coefficient (Figure 12B). Referring to Figure 8, 2015 has 

annual average PM2.5 concentrations that were lower than the previous year, which 

could explain the improvement in environmental equality seen. However, the 

Concentration Index and Quintile/Decile Ratios suggest that environmental inequity got 

worse than the preceding years. This suggests that the decreasing PM2.5 concentrations 
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carried more health benefits for higher-income populations, and less to lower-income 

populations. This example illustrates the importance of considering both environmental 

equality and equity; while PM2.5 concentrations might be decreasing and improving the 

average health of New Yorkers, there can be an unintended consequence of widening 

the disparity between low-income and high-income populations. 

 

Across all metrics seen in Figure 12, the linear trend appears to be decreasing inequality 

and inequity. However, corresponding R2 values do not suggest that this trend is 

statistically significant. Over the 8 years, NYC has seen a sizeable decrease in PM2.5 

concentrations (Figure 8). These results suggest that this decrease has not been 

accompanied by improving levels of environmental equality and equity. While decreases 

in PM2.5 concentrations over the 8-year period suggest that PM2.5 health burden is 

decreasing, its distribution is not becoming significantly more equitable. 
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Figure 12. Temporal Trend in Inequality and Inequity of PM2.5 Health Risk for 8-years of LUR data 
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4.4 Conclusions 

In this paper, the status of environmental justice as it relates to PM2.5 exposure is 

assessed for NYC, using contrasting data sets and analysis methods. Overall, results 

suggest that levels of environmental inequality and inequity persist in NYC, despite that 

temporal reductions in PM2.5 concentrations can be observed. 

 

Environmental justice is examined using multiple metrics, including those that measure 

the equality of the distribution across the entire population, and those that measure the 

equity of the distribution across socio-economic groups in the population. Importantly, 

this work shows that an improvement in equality does not always translate to an 

improvement in equity. Without considering income or other SES metrics, it would be 

possible to continue to disadvantage low-income populations in the City, despite seeing 

significant reductions in average annual PM2.5 concentrations, and improvements in 

environmental equality. In future works, exploring a combination of environmental 

equality and environmental equity metrics to ensure the best understanding of the 

environmental justice landscape is recommended. 

 

Temporally, while the LUR dataset for NYC shows a decreasing linear trend, these results 

are not statistically significant and do not suggest that equality and equity have been 

improving over the last 8 years. While annual PM2.5 concentrations have been 

decreasing consistently, these concentrations are not always decreasing in a manner 
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that fosters equity across the region. As mentioned above, environmental inequity 

persists more strongly than environmental inequality, where low-income populations 

are disadvantaged over other populations in the region. 

 

When comparing the LUR and CMAQ datasets, both are within similar orders of 

magnitude when predicting environmental equality and equity in the NYC region, 

despite overestimations by CMAQ. The LUR data typically shows overall higher levels of 

inequality and inequity than the CMAQ data. This can likely be attributed to the 

timeframe of the two datasets. While the LUR data represents annual average PM2.5 

concentrations, the CMAQ data only models two weeks of data in July. Despite this, the 

results show that CMAQ and other CTMs of comparable resolution can be used to assess 

the levels of environmental justice in a metropolitan area. 

 

There are some limitations to this study to consider. First, the various datasets do not 

always match each other temporally. For example, the baseline mortality rates are only 

available as three-year averages from 2012-2014, while the household income data and 

PM2.5 concentrations are changing year to year and across datasets. This paints a more 

limited picture of changing environmental justice in the region, since mortality rates 

have likely changed over the 9 years of this study. A valuable next step in this research 

would be to analyze the same concentrations with more refined mortality data. While 

changing air quality is captured in this study, it does not include all of the changes that 
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reflect the livelihoods of people living in NYC. This is important since efforts to improve 

environmental equity can be achieved by reducing air pollution, but also by improving 

the other socio-economic disparities among the exposed populations. 

 

In future work, one possible consideration is examining other metrics of SES, such as 

education or race. While there are levels of environmental inequity in NYC when 

considering household income, it is currently unknown if these levels of inequity persist 

when considering other forms of SES. 

 

Beyond this, the next logical step in assessing environmental justice in NYC is to consider 

how the situation might be improved. Demonstrating the usefulness of CMAQ and other 

CTMs is especially important to this line of future work, since these models can be used 

to test proposed air pollution control strategies and a variety of future scenarios. 

Furthermore, sensitivity analysis of these models can be used to trace the relative 

importance of different emission sources on the current levels of environmental 

inequity. In combination with understanding the current levels of environmental 

inequity, these future studies can better inform policies to improve air quality and 

environmental justice simultaneously.  
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5.0 Quantifying Impacts of Emission Reductions on Environmental 
Justice and Human Health in New York City 
 
This chapter is in preparation for publication in Environmental Science and Technology. 

It consists of original research for which Robyn Chatwin-Davies is the main contributor 

(70%)2. 

 

5.1 Introduction 

Air pollution is a primary health concern; globally, ambient air pollution accounts for 

approximately 4.2 million premature deaths every year (Forouzanfar et al., 2016), and is 

considered by the World Health Organization (2014) to be one of the largest 

environmental health risks. As such, there remains a strong imperative to control 

ambient air pollution and its impacts on human health. 

 

Air pollution is a form of environmental exposure that is highly variable in space, and 

urban areas with a wide range of demographic variation are particularly affected by 

ambient air pollution concentrations. The field of environmental justice is concerned 

with the distribution of environmental burdens and benefits across a population. 

Previous research has established that people of lower socioeconomic status (SES) tend 

to be exposed to greater environmental burdens, and are more susceptible to the 
                                                      
2 Co-authors on this work include: Burak Oztaner, Shunliu Zhao, Melanie Fillingham, 
Marjan Soltanzadeh, Matthew Russell, Amir Hakami (Carleton University); Amanda 
Pappin (Health Canada); Iyad Kheirbek, Kazuhiko Ito (New York City Department of 
Health and Mental Hygiene); Jay Haney, Sharon Douglas (ICF International); and the 
Adjoint Development Group. 
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effects of environmental hazards in turn (Clark et al., 2014). Because of spatial 

variability, particularly in urban areas, air pollution has been widely studied within the 

field of environmental justice. Many studies have focused on characterizing the 

relationship between ambient air pollution and income, whether for a single city 

(Anderson et al., 1978; Brajer & Hall, 2005; Grineski et al., 2007; Marshall, 2008; Molitor 

et al., 2011; Pope et al., 2016; Su et al., 2009, 2012) or across a region (Bell & Ebisu, 

2012; Clark et al., 2014; Miranda et al., 2011; Morello-Frosch & Jesdale, 2006; Zwickl et 

al., 2014). Previous U.S. studies have found that lower income households are more 

often located in areas with higher air pollution (Clark et al., 2014; Grineski et al., 2007; 

Morello-Frosch, Pastor, & Sadd, 2001). Similar results are found in Canada (Buzzelli & 

Jerrett, 2003; Carrier, Apparicio, Kestens, et al., 2016; Carrier et al., 2014b; Jerrett et al., 

2007; Pinault et al., 2016), and in Europe (Briggs et al., 2008; Brunt et al., 2016; Havard 

et al., 2009). 

 

Building on the existing body of literature, understanding how environmental inequity 

might be reduced remains an area of interest. Previous works have investigated how the 

reduction of emissions can impact environmental justice through the analysis of specific 

proposed policies (Fann et al., 2011), or hypothetical emission reductions scenarios 

(Levy, Greco, et al., 2009; Levy et al., 2007; Marshall et al., 2014). These studies require 

SES and pollution datasets at a refined spatial scale. Many studies rely on land-use 

regression models (Brunt et al., 2016; Clark et al., 2014; Rosofsky et al., 2018; Temam et 
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al., 2017) or atmospheric dispersion models (Martenies et al., 2017; Poorfakhraei et al., 

2017; Pratt et al., 2015; Tayarani et al., 2016) to provide the necessary spatial 

resolution, while a small number of papers model concentrations using Chemical 

Transport Models (CTMs) (Fann et al., 2011; Marshall et al., 2014; Nguyen & Marshall, 

2018). The benefit of using a CTM is the flexibility to change parameters and model 

future scenarios. Furthermore, sensitivity analysis can be used to better quantify the 

relationship between sources and receptors. 

 

Sensitivity analysis is one possible approach to quantifying how health and equity 

metrics respond to changes in emissions. In traditional (i.e. forward) sensitivity analysis, 

a perturbation is made in the forward CTM, followed by a map of influence on all 

locations from the change in emissions. Forward sensitivity analysis has receptor 

specificity, but lacks details about multiple individual sources. In order to quantify the 

influence of each emission source with source-specificity, this study relies on backward 

or adjoint sensitivity analysis (Sandu, Daescu, Carmichael, & Chai, 2005). Adjoint 

sensitivity analysis provides information about the specific impacts of each source on a 

policy metric, making it particularly relevant to target the most influential emissions 

sources (Hakami et al., 2006; Pappin & Hakami, 2013b). 

 

We model the distribution of a criteria air pollutant (PM2.5) over New York City (NYC) 

and surrounding areas using a regional CTM, and quantify levels of inequity across 
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income groups. Expanding on previous works, this study quantifies how reducing 

emissions on a location-by-location basis might impact the landscape of public health 

and environmental equity across a domain, as well as potential synergies that may exist 

between policies that address these two endpoints. 

 

5.2 Materials and Methods 

Environmental inequity comprises a wide variety of environmental hazards and 

socioeconomic markers. However, this study focuses on the relationship between air 

pollution and income within NYC. 

 
This study uses a domain encompassing NYC and its surrounding areas, and examines a 

two-week period from July 1 through July 14, 2008. A surface of air pollution 

concentrations is generated using the U.S. EPA’s Community Multiscale Air Quality 

(CMAQ) model at a 1km grid-resolution (shown in Figure 13). This application of CMAQ 

over NYC is described elsewhere (Kheirbek et al., 2014, 2016). The high-resolution 

dataset is particularly important in the analysis of environmental inequity, since both 

income and air pollution are highly spatially variable across the domain. 
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Figure 13. Modelling domain of New York City and surrounding areas. The CMAQ 
modelling grid is 50km x 56km, and each grid cell is a size of 1km x 1km. 

 

The CMAQ model is driven by meteorological inputs from the Weather Research and 

Forecasting (WRF) model (National Center for Atmospheric Research, 2018). Emissions 

were prepared on an hourly basis using the Sparse Matrix Operator Kernel Emissions 

(SMOKE) model (Community Modeling and Analysis System, 2018), using emissions from 

the 2008 National Emissions Inventory. 
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Income data is based on 12-month household income, taken from the 2010-2014 

American Community Survey 5-Year Estimates in the U.S. Census. This data provides the 

number of households in each census tract divided between 16 income bins, ranging 

from a household income less than $10,000/year to greater than $200,000/year. Income 

and population information were then re-gridded to the CMAQ grid. 

 

Adjoint sensitivity analysis estimates the influence of emissions from all sources (at all 

locations and times) on a single receptor or group of receptors. It is complementary to 

forward sensitivity analysis, and provides source-specific information. In air quality 

modelling, adjoint sensitivities are calculated using the adjoint of the underlying CTM (in 

this case, CMAQ), integrated backward in time and space to trace the influence on an 

outcome, back to all sources at the input of the model. A detailed description of adjoint 

sensitivity analysis can be found in previous publications (Hakami et al., 2005, 2007; 

Henze et al., 2007). 

 

A key parameter in adjoint sensitivity analysis is the definition of an adjoint cost function 

(𝐽), which is a scalar metric with known functionality to relate the concentrations at a 

receptor to the outcome for which sensitivity information is being sought. Examples 

from previous works include cost functions based on the attainment of air quality 

standards (Hakami et al., 2006; Pappin & Hakami, 2013a), or the air pollution impacts on 

public health (Pappin et al., 2016, 2015; Pappin & Hakami, 2013b; Turner, Henze, Capps, 



 89 

et al., 2015; Turner, Henze, Hakami, et al., 2015). We define 𝐽 as a function of PM2.5 

concentration for two sets of model simulations: for the health impacts of air pollution 

exposure, and for the inequity of health impacts across income groups. 

 

5.2.1 Estimating Health Impacts of Air Pollution Exposure 

We define our health-based adjoint cost function as the monetary value of mortality (𝑀) 

resulting from chronic exposure to PM2.5. This cost function is calculated based on an 

epidemiological concentration response function, where a change in pollutant 

concentration (Δ𝐶) produces a change in mortality (Δ𝑀) given by the following 

equation: 

Δ𝑀 = 𝑀0  ×  𝑃 (1 − 𝑒
−𝛽Δ𝐶)        (5-1) 

where 𝑀0 is the baseline mortality rate (BMR), 𝑃 is the population, and 𝛽 is an 

epidemiological constant representing each pollutant’s concentration-response. For 

PM2.5, a 𝛽-value of 0.005827 /g/m3 for 24-hour average PM2.5 concentration was used, 

based on the widely used work of Krewski et al.(2009). BMR was provided by the New 

York City Department of Health and Mental Hygiene at a high resolution, i.e., for each 

zip code in NYC. Both the BMR and 𝛽-value are based on all-cause mortality from 

chronic exposure to PM2.5, for people aged 30-99. 

 

A change in mortality can be monetized by multiplying Equation 5-1 by the value of 

statistical life (VSL), which is based on the average individual’s willingness to pay to 
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reduce the likelihood of death. Using data from the U.S. EPA (U.S. Environmental 

Protection Agency, 2018b), we applied a VSL of $7.9M USD, giving Equation 5-2: 

 

Δ𝑀$ = 𝑀0  ×  𝑃 (1 − 𝑒
−𝛽Δ𝐶) × 𝑉𝑆𝐿        (5-2) 

By deriving Equation 5-2 with respect to concentration, at each location (𝑥, with a total 

of 𝑁 locations) and each time (𝑖, with a total of 𝑛 timesteps), we developed the health-

based adjoint cost function (𝐽𝑚): 

 

𝐽𝑚 = ∑ ∑ 𝑀0𝑥𝑃𝑥𝛽𝑒
−𝛽Δ𝐶𝑖,𝑥𝑛

𝑖=1
𝑁
𝑥=1  × 𝑉𝑆𝐿       (5-3) 

 

This forcing term drives the backward integration of adjoint sensitivity equations in the 

same way that emissions drive evolution of concentrations in the forward CMAQ model. 

Through this backward integration, the adjoint model traces the influence on domain-

wide chronic PM2.5 exposure mortality back to emissions at individual locations and 

times. 

 

5.2.2 Quantifying Environmental Inequity 

There are a number of existing methods to quantify environmental equity, with the 

Lorenz Curve, Concentration Curve, and Atkinson Index among the most well-known. 

Maguire and Sheriff (2011) review these indices and provide detail on their technical 

formulation. We define our equity-based adjoint cost function from the Concentration 
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Curve, a modified form of the Lorenz Curve, as it incorporates information about SES 

directly (Kakwani et al., 1997; Koolman & van Doorslaer, 2004; Wagstaff, 2002; Wagstaff 

et al., 1989), and its application in environmental equity studies is well documented 

(Martenies et al., 2017; Sarabia & Jorda, 2013; Su et al., 2009; Walker et al., 2005). 

 

The Concentration Curve depicts the cumulative fraction of the measure of interest 

(health burden from PM2.5 exposure), against the cumulative fraction of the population, 

sorted from lowest to highest income group. The Concentration Curve allows a visual 

representation of the inequity, estimated by the deviation from the 45 line of equity. 

The Concentration Index is a summary statistic, which is a normalized value ranging 

from 0 (maximum equity) to 1 (maximum inequity), and is equivalent to double the area 

between the Concentration Curve and line of equity. 

 

We use the Concentration Index to characterize the current levels of environmental 

inequity, and as the cost function for adjoint sensitivity analysis. The Concentration 

Index cannot be represented by a closed-form equation, so a brute-force approach was 

employed to generate the forcing terms. The average concentration was perturbed in 

each grid cell across the domain, and the corresponding change in the Concentration 

Index is stored as the forcing term, with multiple perturbation levels being used to 

ensure stable forcing calculations. The importance of each location and each time is 
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captured in the forcing terms, and adjoint sensitivity analysis will trace the influence of 

each source location on the domain-wide environmental inequity. 

 

We further propose an approach for valuation of the inequity sensitivities to better 

compare the impacts of emission reductions on inequity and health. The obvious 

approach to improving environmental equity involves reducing emissions such that the 

ambient concentrations are equivalent to income levels across the domain. 

Alternatively, environmental equity could be achieved by increasing income to 

equilibrate the levels of air pollution exposure at each location. While not practical for 

policy implementation, this relationship provides a basis for the monetization of an 

incremental change in inequity. 

 

We calculate the minimum amount of added income needed to match the change in 

inequity from the simulated adjoint sensitivities. This entails the hypothetical transfer of 

an individual from the lowest income group (annual household income <$10,000) to the 

second income group (annual household income $10,000 - $14,999) in each grid cell, 

and subsequent calculation of the reduction in domain-wide inequity. The maximum 

reduction in inequity, or the minimum amount of added income for a given change in 

inequity, corresponds to the calculated value for the grid cell with the highest air 

pollution concentrations. Assuming transfer of one individual from lowest to second-

lowest income group can be valued at $5,000 increase in average household income, we 
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scale this cost to represent the monetized change in inequity for unit emissions in any 

given grid cell. 

 

5.3 Results and Discussion 

We estimate the health benefits from primary PM emission reductions at each location 

(Figure 14). The marginal health benefits are reported in $1,000,000’s for a reduction of 

primary PM emissions by 1 tonne/year, and represent the annual health benefits 

experienced across the domain. A value of $3,000,000 indicates that a 1 tonne/year 

reduction in primary PM emissions at that location would benefit the region with 

$3,000,000 in valuated reduced mortality. The marginal health benefits from secondary 

PM2.5 formation from SO2 emissions are shown in Appendix 4. 

 

Marginal benefits are highly sensitive to population density. In this model, the greatest 

benefits correspond to locations with large populations, particularly in downtown 

Manhattan. Emission reductions originating in Lower Manhattan have the single largest 

influence, with overall health benefits exceeding $10 million per tonne of annual 

primary PM. Other areas in which emission reductions result in significant marginal 

health benefits include the East Village, East Harlem, and the John F. Kennedy airport in 

Queens. 
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Figure 14. Marginal Health Benefits from individual locations for a 1 tonne/year 
reduction in primary PM emissions. 

 

These results are subject to certain limitations. Adjoint sensitivities show the response 

of a domain-wide health metric to emission reductions from each source location across 

the domain. They provide source-specificity, as they can directly trace the magnitudes of 

influence exerted by various sources. However, adjoint sensitivity cannot determine the 

distribution of impacts across the domain, as this is more appropriately quantified in 

forward sensitivity analysis. 
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Another limitation is that emissions transported outside the domain prior to affecting 

human health are not captured in this model, due to a lack of boundary influences. 

Given both the relatively small domain size, as well as the many populated areas located 

just outside the domain boundaries, it is likely that emissions within the domain have 

impacts outside its boundaries. Future refinements of this model will include nesting 

within a larger modelling domain to inform out-of-domain influences at the boundary. 

This refinement may change the relative importance of emissions along the edges of the 

current modelling domain. 

 

The Concentration Curve shown in Figure 15 estimates the current levels of 

environmental inequity for PM2.5 health burden across income groups, with a 

corresponding Concentration Index of 0.0205. This is within the same order of 

magnitude as the Concentration Index reported for PM2.5 in Los Angeles, ranging from 

0.020 to 0.031 (Su et al., 2009), and in Detroit, ranging from 0.010 to 0.067 (Martenies 

et al., 2017). 
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Figure 15. Concentration Curve for PM2.5 Health Burden Inequity. The Line of Equity 
represents a scenario where the entire population is exposed to the same levels of 
health burden, regardless of income. Since the Concentration Curve falls above the Line 
of Equity, lower income populations have a higher share of the overall PM2.5 health 
burden. 
 
These results show that lower-income populations face systematically higher health 

burden, when compared to higher-income populations. Table 5 presents the basis for 

this conclusion, through a comparison between each income group’s share of total 

income and its share of overall PM2.5 health burden. If an income group’s share of 

overall health burden exceeds their share of total income (households with an annual 

income below $45,000/year in Table 1), they are characterized as disadvantaged.  
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Table 5. Share of total income and total PM2.5 health burden by income group 

12-month Household 

Income range 

Share of total 

income (%) 

Share of total PM2.5 

health burden (%) 

Health burden share 

> income share 

Less than $10,000 9.55% 10.19% True 

$10,000 to $14,999 5.86% 6.20% True 

$15,000 to $19,999 5.32% 5.48% True 

$20,000 to $24,999 4.95% 5.08% True 

$25,000 to $29,999 4.52% 4.57% True 

$30,000 to $34,999 4.41% 4.47% True 

$35,000 to $39,999 3.97% 4.02% True 

$40,000 to $44,999 4.09% 4.13% True 

$45,000 to $49,999 3.44% 3.43% False 

$50,000 to $59,999 6.80% 6.79% False 

$60,000 to $74,999 8.77% 8.70% False 

$75,000 to $99,999 11.22% 11.01% False 

$100,000 to $124,999 7.95% 7.75% False 

$125,000 to $149,999 5.25% 5.08% False 

$150,000 to $199,999 6.18% 5.88% False 

$200,000 or more 7.72% 7.22% False 

 

 

From the current levels of inequity calculated above, we estimate the influence of 

primary PM emission reductions at each location (Figure 16). The sensitivities are 

reported as a percent reduction to the current levels of PM2.5 health burden inequity for 

a 1 tonne/year reduction of primary PM emissions. 
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Figure 16. Percent reduction in environmental inequity of PM2.5 health burden for a 1 
tonne/year reduction in primary PM emissions. 

 

In Figure 16, positive sensitivities occur at locations where a reduction in emissions 

leads to a reduction in overall inequity. The single largest positive influence originates 

from the Bronx, reaching an overall 0.55% cumulative reduction in inequity for each 

tonne of primary PM source reductions. Since low-income populations share a higher 

burden of the health burden, reducing emissions in predominantly low-income 

neighbourhoods will make the region more equitable. 
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Negative sensitivities occur at locations where reducing emissions leads to a higher level 

of overall inequity. The single largest negative influence originates from primary PM 

emission reductions in Lower Manhattan, reaching an overall 0.51% increase in inequity. 

Generally, the largest negative influences are associated with locations that have a 

higher proportion of higher-income households, where emission reductions aggravate 

the disparities already seen across the region. 

 

While Figure 16 shows the change in environmental equity that can be expected from 

reducing primary PM emissions, the monetized results in Figure 17 show the minimum 

amount of money that would need to be given to low-income households to have an 

equivalent impact on environmental equity. 
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Figure 17. Monetary equivalent of change in PM2.5 health burden inequity achieved by 
reducing 1 tonne/year primary PM emissions. 

 
The abatement costs of primary PM emissions are typically far smaller than the cost of 

improving equity through other means, as illustrated by this monetization. When 

considering the aligned benefits of reduced mortality and reduced inequity, these 

results present a compelling case for substantial monetary investments in the 

abatement of primary PM emissions in NYC. 

 

Furthermore, the monetized equity improvements have magnitudes comparable to the 

monetized health benefits (Figure 14) at most locations. This indicates that, while 
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improvements in public health continue to be the most important driver in developing 

air quality management policies, the importance of environmental equity should not be 

overlooked. These results indicate that equity considerations should be included in 

choosing emission reductions targets, as a secondary consideration to public health 

benefits. The following section explores how this coordination might occur. 

 

5.3.1 Coordinating Emission Reductions across Policy Endpoints 

Air quality management policies traditionally focus on achieving a single endpoint as 

effectively as possible (Levy et al., 2007; Yitzhaki, 2003). Environmental justice 

advocates have raised concerns that these policies can unintentionally aggravate 

disparities of pollution levels across SES (Brajer & Hall, 2005; Burtraw & Mansur, 1999; 

Corburn, 2001; Solomon & Lee, 2000). As such, there is renewed interest in providing a 

complementary environmental justice analysis in tandem with proposed air quality 

management strategies (Levy et al., 2006; Levy, Greco, et al., 2009). 

 

Toward this end, source-specific estimates of the influence of emission reductions on 

achieving both endpoints provide practical information. Combined, an analysis of 

multiple sensitivities can provide information on synergistic impacts of emission 

reductions in improving multiple policy endpoints. Figure 18 shows the impact of 

primary PM emission reductions on both health and equity at each location. Each point 

represents a grid cell from the modelling domain, and the sensitivity to reduced 
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mortality from PM2.5 exposure (taken from Figure 14) is plotted against the sensitivity to 

reduced inequity in PM2.5 health burden (taken from Figure 17). 

 

 
Figure 18. Scatter plot showing the impact of reducing 1 tonne/year of primary PM 
emissions at each location in the modelling domain. Each point represents one grid cell, 
where its sensitivity to health impacts is plotted against its sensitivity to reduced 
inequity. 

 

Emission reductions always have positive impacts on human health, but can have 

positive or negative impacts on environmental equity. There are many locations in 
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which emission reductions result in significant positive impacts to both health and 

environmental equity, corresponding to the top right corner of Figure 18.  

 

In order to visualize the locations of synergistic emission reductions, we score each grid 

cell based on the percentile rank of the sensitivities in both datasets: 

𝑆𝑐𝑜𝑟𝑒 =  (𝑃𝑚)(𝑃𝑒)         (5-4) 

where 𝑃𝑚 is the percentile rank of that location’s sensitivity to health impacts, and 𝑃𝑒 is 

the percentile rank of the same location’s sensitivity to environmental inequity. The 

score is normalized from 0 to 1, where lower scores occur in locations that carry low (or 

negative) influence to one or both policy endpoints, and higher scores occur in locations 

where emission reductions carry large positive influences on health and equity. 

 

Figure 19 visualizes the scores calculated from Equation 5-4 on the modelling domain. 

Low scores are mostly found in locations around the edges of the domain that carry 

small influences on both health and equity endpoints. There is also a low score in 

Manhattan (excluding Harlem). While emission reductions have a large positive 

influence on public health, the demographics of Manhattan cause this health benefit to 

be biased toward high-income households, aggravating the disparity across income 

groups. 
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The highest scores for synergistic emission reductions are found in Brooklyn, Harlem, 

and the Bronx, where emission reductions have positive effects on both health and 

equity endpoints. This can be attributed to the higher proportion of low-income 

households living in these areas, where emission reductions are most influential on the 

region’s environmental equity. 

 

 
Figure 19. Ranking of effectiveness of primary PM emission reductions on health and 
equity endpoints. Reducing emissions in a location with a higher score will carry larger 
benefits to both health and equity considerations. Conversely, reducing emissions in a 
location with a low score will either carry small benefits to both endpoints, or will have 
positive impacts on one endpoint and negative impacts on the other. 
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Alternatively, both policy endpoints can be assessed by adding the marginal health 

benefits (Figure 14) to the monetized value of reduced inequity (Figure 17). Figure 20 

shows the monetary benefit of reducing primary PM emissions with regards to the 

combined effects of health and equity endpoints.  

 

 
Figure 20. Monetized benefit of reducing 1 tonne/year primary PM emissions, when 
considering combined benefits of reduced PM2.5 mortality, as well as improved equity of 
PM2.5 health burden across income groups 

 

Figure 20 shows only positive values, indicating that the benefits from improved health 

outweigh any location with disbenefits from increased disparity. In Figure 20, the largest 
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overall influence occurs for emissions originating in Harlem, reaching a combined 

benefit of $15,000,000 for a primary PM emission reduction of 1 tonne/year. 

 

To illustrate the impact of this synergistic approach, we consider a case study for a 5% 

emission reduction target in NYC. The location of emission reductions can be chosen 

based on ranked sensitivities of the chosen policy metric. Toward this end, we consider 

4 different ranking methods for emission reduction strategies. The first strategy 

maximizes public health benefits by considering the sensitivities to PM2.5 mortality 

alone. The second strategy maximizes environmental equity, and considers only the 

sensitivities to PM2.5 health burden inequity. The third strategy is based on the 

combined percentile scores from Figure 19, and the fourth is based on the combined 

monetized benefits from Figure 20. The third and fourth cases represent policy 

scenarios that consider multiple goals in reducing emissions. 

 

In each case, we reduce 30% of the emissions in the most influential grid cells until the 

overall 5% domain-wide emission reduction target is reached. Depending on the policy 

priority, emission reductions are prioritized starting from the locations with maximum 

sensitivities or scores. Each scenario’s resulting overall health and equity benefits are 

shown in Table 6 below. 
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Table 6. Case Study Results, prioritizing different policy endpoints 

Scenario 
Health Benefits 
($ billion USD) 

Equity Benefits  
($ billion USD) 

Equity Benefits  
(% Reduction in 

Inequity) 

#1: Prioritize Health $ 4.01 $ 0.15 13.9 % 

#2: Prioritize Equity $ 3.48 $ 1.02 95.1 % 

#3: Percentile Scores $ 3.65 $ 0.98 91.4 % 

#4: Combined Monetization $ 3.71 $ 0.95 88.3 % 

 

Maximizing public health benefits (Scenario 1) leads to just over $4 billion USD in 

reduced mortality from chronic PM2.5 exposure. However, since these emissions 

reductions occur mostly in Manhattan, environmental inequity only decreases by 14%, 

with a monetized value of $0.15 billion USD. Maximizing equity benefits (Scenario 2) 

leads to a 95% reduction in inequity with a monetized value of $1.02 billion USD, 

however this comes with a trade-off on the public health benefits, reaching only $3.5 

billion USD in averted mortality. Scenario 3 and Scenario 4 represent the middle ground, 

where the emission reduction strategies address both public health and inequity metrics 

simultaneously. Both scenarios carry positive public health and positive equity benefits, 

although there are trade-offs that reduce the benefits compared to a single priority 

scenario. 

 

The implications of these results are very important to future air quality management 

strategy development. Our findings suggest that health benefits from reduced mortality 

are greatest when emission reductions target areas with the largest populations. 
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Meanwhile, environmental equity improves when emission reductions occur in areas 

with a high proportion of lower-income households. If equity is not considered, 

emission reduction targets can unintentionally aggravate disparities between low-

income and high-income populations. 

 

Sensitivity analysis is one possible tool to prioritize emission reductions that satisfy 

multiple policy endpoints. These combined strategies can achieve significant benefits, 

with only minimal trade-offs. Mapping synergistic emissions sensitivities across the 

domain can provide a policy-relevant framework to better coordinate strategies for air 

quality management that will improve public health in a manner that is both efficient 

and equitable. 
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6.0 Conclusion 
 
This thesis has contributed original research to the field of air quality modelling and its 

application in support of evidence-based policy development, by considering the 

impacts of air pollution on health effects and environmental equity. It has examined 

these topics through a variety of analysis, considering several guiding research questions 

(summarized from Chapter 1): 

1. What are the current levels of environmental inequity in a metropolitan area, 

as measured by chemical transport models? 

2. How do measures of inequity compare across multiple inequality indices and 

air quality datasets? 

3. What are the patterns of influential emission reductions when considering 

their impacts on human health and environmental equity? 

4. How can air quality management strategies be better designed to 

synergistically benefit multiple policy endpoints? 

 

In examining the case study of NYC, Chapter 4 quantifies the current levels of 

environmental inequality and inequity. Environmental justice was analyzed by 

considering the health risk of increased mortality from PM2.5 exposure, through multiple 

air pollution datasets, and several environmental justice metrics. Environmental justice 

metrics were divided between those that measure environmental equality across the 

entire population, and environmental equity across different income groups. It was 
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found that, in NYC, low-income populations are more at risk than their higher-income 

counterparts. These results demonstrated that a complete environmental justice 

analysis must include both types of analysis, since inequity can persist even as equality 

improves overall. 

 

Temporal results from the LUR dataset suggest that PM2.5 concentrations on average 

have dropped over 8 years. Environmental equality and equity have not always 

improved with dropping PM2.5 concentrations. Particularly, environmental inequity has 

persisted even as equality has improved, since low-income populations continue to be 

disproportionately impacted by PM2.5 air pollution. 

 

When comparing LUR and AQM results, Chapter 4 found that CMAQ slightly 

underestimated the levels of inequality seen in the LUR model, but provided estimates 

that were within the same order of magnitude in all scenarios. Thus, Chapter 4 

concluded that AQMs such as CMAQ are appropriate for modelling environmental 

justice in a metropolitan area. 

 

In Chapter 5, the impacts of emission reductions are considered on multiple policy 

endpoints. In all cases, adjoint sensitivity analysis is used to trace the influences of 

emissions at all locations and all times, and the research shows that these influences 

vary significantly across the domain, both spatially and temporally. When considering 
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health impacts, a reduction of emissions can cause significant health benefits. The 

influence of those reductions is largely driven by the population that experiences the 

impacts of that air pollution.  

 

When considering environmental inequity, a reduction in emissions can cause an 

increase or a decrease in inequity, depending on the location of emission reductions. 

Reducing emissions in populated areas that have a high proportion of low-income 

individuals will greatly reduce current levels of inequity. However, reducing emissions in 

populated areas with a high proportion of high-income individuals will increase disparity 

across the domain, leading to a greater level of environmental inequity. This manuscript 

concludes that the societal impacts of environmental inequity can be as significant as 

health impacts. i.e., the importance of either metric should not be underestimated 

when developing air quality management policies. 

 

When considering synergistic emission reductions, sensitivity analysis can provide a 

valuable tool for assessing the influence of emissions on multiple policy endpoints. This 

can be used to develop air quality management strategies that carry positive effects on 

both human health and air quality. This type of analysis leads to increased transparency 

and better decision making for policy makers and researchers. 

 



 112 

There are a number of limitations to the work presented here. As discussed previously, 

the various datasets used for analysis do not always match temporally. There have been 

significant emission reductions and changes in population and income compared to the 

CMAQ model runs for 2008. Furthermore, the CMAQ dataset is currently only modelled 

for a two-week period of July 1st-14th, 2008. In the future, the CMAQ model should be 

run over different seasons and different years, to better approximate annual PM2.5 

concentrations. Updating these datasets would provide a better picture of the current 

levels of environmental inequity, and better inform the sensitivity analysis to identify 

current emission reduction strategies. Finally, the adjoint model was run without 

considering boundary conditions. This means that only local influences from emission 

reductions are accounted for in the analysis. Since NYC is surrounded by other 

populated urban areas, it is likely that emissions from the domain would carry an impact 

on populations residing outside the current modelling domain. 

 

There are a number of research topics that would complement the work presented in 

this thesis. In order to address some of the limitations discussed above, the current 

model could be nested into larger domains, in order to trace the influences of emissions 

in NYC on more distant downwind populations. Furthermore, the current model should 

be expanded temporally to model longer periods, e.g. multiple representative 

timeframes across seasons. This will ensure that the CMAQ model captures variations in 
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air pollution that occur seasonally, and will be able to provide better sensitivity 

information on the temporal influence of various emission reductions. 

 

Beyond addressing the limitations previously identified, there are other possible 

research areas that are related to this work. While Chapter 4 addressed multiple metrics 

for inequality and inequity analysis, Chapter 5 focussed on one metric for adjoint 

sensitivity analysis. Completing additional adjoint sensitivity studies using other 

inequality and inequity metrics (such as the Atkinson Index) would provide a more 

complete picture of the influence of various emission sources on environmental justice. 

Similarly, this work would be well complemented by studies that consider other forms 

of SES, such as race or education. Beyond household income, it would be valuable to 

understand how air pollution affects New Yorkers of varying SES, and which emissions 

impact the levels of environmental inequity seen when considering different SES 

metrics. Finally, similar research should be carried out in other metropolitan areas. By 

expanding these research topics beyond NYC, there is an opportunity to influence 

policies so that human health and environmental justice are prioritized, ensuring that all 

people can enjoy the benefits of improved air quality. 
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Appendix 1: Lorenz Curves for 8-Year LUR Dataset 
 

 
Figure 21. Lorenz Curve for Land-Use Regression Data for 2009 

 
Figure 22. Lorenz Curve for Land-Use Regression Data for 2010 
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Figure 23. Lorenz Curve for Land-Use Regression Data for 2011 

 
Figure 24. Lorenz Curve for Land-Use Regression Data for 2012 
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Figure 25. Lorenz Curve for Land-Use Regression Data for 2013 

 
Figure 26. Lorenz Curve for Land-Use Regression Data for 2014 
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Figure 27. Lorenz Curve for Land-Use Regression Data for 2015 

 
Figure 28. Lorenz Curve for Land-Use Regression Data for 2016  
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Appendix 2: Concentration Curves for 8-Year LUR Dataset 
 

 
Figure 29. Concentration Curve for Land Use Regression Data for 2009 

 
Figure 30. Concentration Curve for Land Use Regression Data for 2010 
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Figure 31. Concentration Curve for Land Use Regression Data for 2011 

 
Figure 32. Concentration Curve for Land Use Regression Data for 2012 
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Figure 33. Concentration Curve for Land Use Regression Data for 2013 

 
Figure 34. Concentration Curve for Land Use Regression Data for 2014 
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Figure 35. Concentration Curve for Land Use Regression Data for 2015 

 
Figure 36. Concentration Curve for Land Use Regression Data for 2016 
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Appendix 3: Summary Tables for LUR Environmental Equity 
 
Table 7. Share of Total Income and Total PM2.5 Health Burden, for LUR Year 2010 

12-month Household 

Income range 

Share of total 

income (%) 

Share of total PM2.5 

health burden (%) 

Health burden share 

> income share 

Less than $10,000 10.82% 11.45% TRUE 

$10,000 to $14,999 6.19% 6.45% TRUE 

$15,000 to $19,999 5.40% 5.54% TRUE 

$20,000 to $24,999 5.13% 5.19% TRUE 

$25,000 to $29,999 4.79% 4.82% TRUE 

$30,000 to $34,999 4.84% 4.86% TRUE 

$35,000 to $39,999 4.33% 4.34% TRUE 

$40,000 to $44,999 4.34% 4.33% FALSE 

$45,000 to $49,999 3.80% 3.78% FALSE 

$50,000 to $59,999 7.36% 7.26% FALSE 

$60,000 to $74,999 9.12% 8.96% FALSE 

$75,000 to $99,999 11.03% 10.77% FALSE 

$100,000 to $124,999 7.40% 7.17% FALSE 

$125,000 to $149,999 4.43% 4.31% FALSE 

$150,000 to $199,999 4.87% 4.70% FALSE 

$200,000 or more 6.15% 6.06% FALSE 
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Table 8. Share of Total Income and Total PM2.5 Health Burden, for LUR Year 2011 

12-month Household 

Income range 

Share of total 

income (%) 

Share of total PM2.5 

health burden (%) 

Health burden share 

> income share 

Less than $10,000 10.56% 11.15% TRUE 

$10,000 to $14,999 6.10% 6.36% TRUE 

$15,000 to $19,999 5.42% 5.56% TRUE 

$20,000 to $24,999 5.12% 5.19% TRUE 

$25,000 to $29,999 4.77% 4.82% TRUE 

$30,000 to $34,999 4.71% 4.74% TRUE 

$35,000 to $39,999 4.21% 4.21% TRUE 

$40,000 to $44,999 4.30% 4.29% FALSE 

$45,000 to $49,999 3.64% 3.64% FALSE 

$50,000 to $59,999 7.27% 7.19% FALSE 

$60,000 to $74,999 8.93% 8.80% FALSE 

$75,000 to $99,999 10.99% 10.74% FALSE 

$100,000 to $124,999 7.39% 7.19% FALSE 

$125,000 to $149,999 4.78% 4.64% FALSE 

$150,000 to $199,999 5.20% 5.04% FALSE 

$200,000 or more 6.61% 6.44% FALSE 
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Table 9. Share of Total Income and Total PM2.5 Health Burden, for LUR Year 2012 

12-month Household 

Income range 

Share of total 

income (%) 

Share of total PM2.5 

health burden (%) 

Health burden share 

> income share 

Less than $10,000 10.49% 11.05% TRUE 

$10,000 to $14,999 6.11% 6.37% TRUE 

$15,000 to $19,999 5.44% 5.56% TRUE 

$20,000 to $24,999 5.17% 5.23% TRUE 

$25,000 to $29,999 4.76% 4.78% TRUE 

$30,000 to $34,999 4.62% 4.63% TRUE 

$35,000 to $39,999 4.09% 4.08% FALSE 

$40,000 to $44,999 4.30% 4.28% FALSE 

$45,000 to $49,999 3.54% 3.51% FALSE 

$50,000 to $59,999 7.12% 7.05% FALSE 

$60,000 to $74,999 8.90% 8.77% FALSE 

$75,000 to $99,999 10.85% 10.62% FALSE 

$100,000 to $124,999 7.60% 7.41% FALSE 

$125,000 to $149,999 4.83% 4.69% FALSE 

$150,000 to $199,999 5.39% 5.24% FALSE 

$200,000 or more 6.80% 6.72% FALSE 
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Table 10. Share of Total Income and Total PM2.5 Health Burden, for LUR Year 2013 

12-month Household 

Income range 

Share of total 

income (%) 

Share of total PM2.5 

health burden (%) 

Health burden share 

> income share 

Less than $10,000 10.40% 10.93% TRUE 

$10,000 to $14,999 6.11% 6.36% TRUE 

$15,000 to $19,999 5.51% 5.62% TRUE 

$20,000 to $24,999 5.19% 5.26% TRUE 

$25,000 to $29,999 4.62% 4.65% TRUE 

$30,000 to $34,999 4.63% 4.66% TRUE 

$35,000 to $39,999 3.98% 3.97% FALSE 

$40,000 to $44,999 4.21% 4.20% FALSE 

$45,000 to $49,999 3.53% 3.50% FALSE 

$50,000 to $59,999 6.97% 6.90% FALSE 

$60,000 to $74,999 8.74% 8.61% FALSE 

$75,000 to $99,999 10.93% 10.67% FALSE 

$100,000 to $124,999 7.71% 7.52% FALSE 

$125,000 to $149,999 4.88% 4.77% FALSE 

$150,000 to $199,999 5.55% 5.38% FALSE 

$200,000 or more 7.04% 7.02% FALSE 
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Table 11. Share of Total Income and Total PM2.5 Health Burden, for LUR Year 2014 

12-month Household 

Income range 

Share of total 

income (%) 

Share of total PM2.5 

health burden (%) 

Health burden share 

> income share 

Less than $10,000 10.28% 10.79% TRUE 

$10,000 to $14,999 6.20% 6.46% TRUE 

$15,000 to $19,999 5.53% 5.62% TRUE 

$20,000 to $24,999 5.11% 5.18% TRUE 

$25,000 to $29,999 4.56% 4.58% TRUE 

$30,000 to $34,999 4.47% 4.49% TRUE 

$35,000 to $39,999 4.04% 4.04% TRUE 

$40,000 to $44,999 4.14% 4.13% FALSE 

$45,000 to $49,999 3.42% 3.40% FALSE 

$50,000 to $59,999 6.82% 6.75% FALSE 

$60,000 to $74,999 8.67% 8.55% FALSE 

$75,000 to $99,999 11.00% 10.76% FALSE 

$100,000 to $124,999 7.71% 7.52% FALSE 

$125,000 to $149,999 4.98% 4.87% FALSE 

$150,000 to $199,999 5.74% 5.59% FALSE 

$200,000 or more 7.33% 7.26% FALSE 
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Table 12. Share of Total Income and Total PM2.5 Health Burden, for LUR Year 2015 

12-month Household 

Income range 

Share of total 

income (%) 

Share of total PM2.5 

health burden (%) 

Health burden share 

> income share 

Less than $10,000 10.36% 10.92% TRUE 

$10,000 to $14,999 6.08% 6.38% TRUE 

$15,000 to $19,999 5.47% 5.60% TRUE 

$20,000 to $24,999 5.06% 5.12% TRUE 

$25,000 to $29,999 4.44% 4.49% TRUE 

$30,000 to $34,999 4.42% 4.45% TRUE 

$35,000 to $39,999 4.04% 4.06% TRUE 

$40,000 to $44,999 4.00% 4.01% TRUE 

$45,000 to $49,999 3.37% 3.36% FALSE 

$50,000 to $59,999 6.70% 6.65% FALSE 

$60,000 to $74,999 8.79% 8.69% FALSE 

$75,000 to $99,999 10.89% 10.65% FALSE 

$100,000 to $124,999 7.83% 7.62% FALSE 

$125,000 to $149,999 4.98% 4.85% FALSE 

$150,000 to $199,999 5.86% 5.67% FALSE 

$200,000 or more 7.69% 7.49% FALSE 
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Table 13. Share of Total Income and Total PM2.5 Health Burden, for LUR Year 2016 

12-month Household 

Income range 

Share of total 

income (%) 

Share of total PM2.5 

health burden (%) 

Health burden share 

> income share 

Less than $10,000 10.14% 10.65% TRUE 

$10,000 to $14,999 5.95% 6.25% TRUE 

$15,000 to $19,999 5.34% 5.46% TRUE 

$20,000 to $24,999 4.82% 4.87% TRUE 

$25,000 to $29,999 4.37% 4.39% TRUE 

$30,000 to $34,999 4.37% 4.38% TRUE 

$35,000 to $39,999 3.98% 3.97% FALSE 

$40,000 to $44,999 3.91% 3.90% FALSE 

$45,000 to $49,999 3.24% 3.23% FALSE 

$50,000 to $59,999 6.62% 6.56% FALSE 

$60,000 to $74,999 8.74% 8.63% FALSE 

$75,000 to $99,999 10.99% 10.77% FALSE 

$100,000 to $124,999 8.01% 7.81% FALSE 

$125,000 to $149,999 5.18% 5.06% FALSE 

$150,000 to $199,999 6.13% 5.96% FALSE 

$200,000 or more 8.21% 8.10% FALSE 
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Appendix 4: Marginal Health Benefits for Secondary PM2.5 

Concentrations 
 
Results are shown for the impact of SO2 emissions on the formation of secondary PM2.5. 

The marginal health benefits from SO2 emission reductions at each location are shown 

in Figure 37. The marginal health benefits are reported in $1,000’s for a reduction of SO2 

emissions by 1 tonne/year, and represent the annual health benefits from reduced 

mortality from chronic PM2.5 exposure experienced across the domain. 

 

 
Figure 37. Marginal Health Benefits from individual locations for a 1 tonne/year 
reduction in SO2 emissions. 

 


