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Atmospheric emissions from the energy sector contribute to air pollution and climate 

change. Harmful gases in ambient air degrade air quality; exposure to those gases can lead to 

health impacts locally and regionally. Greenhouse gases perturb the energy balance of the 

atmosphere, leading to higher temperatures (global warming) and thus impacting climate at a 

global scale. Air pollution is linked to exposure disparities among demographic groups (race, 

income).  

This dissertation explores air quality, health and climate impacts, and environmental 

injustice from emissions originating from energy systems. The overarching goals of this research 

work are to (i) quantify and compare metrics for greenhouse and noxious pollutants to evaluate 

environmental consequences from interventions, (ii) develop metrics and tools to quantify air 
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quality and human health impacts from point and line sources, (iii) explore distributions of health 

impacts from air pollution by race, income, and geography, and (iv) demonstrate the use a 

reduced-complexity air quality model to quantify impacts from multiple energy systems. 

In this research, I focus on the fine particulate matter (PM2.5) and carbon dioxide (CO2) 

emissions. PM2.5 is the air pollutant that produces the largest monetized human health impacts in 

the United States (U.S.) and worldwide. PM2.5 can be directly emitted from combustion or other 

activities (primary PM2.5) or formed from precursors such as volatile organic compounds 

(VOCs), sulfur dioxide (SO2), oxides of nitrogen (NOx), and ammonia (NH3) (secondary PM2.5). 

Concentrations of PM2.5 species in the atmosphere are controlled by emissions, transport, 

chemistry, and deposition processes. The health impacts are a function of concentrations and the 

exposed population. Previous research has demonstrated the importance of fine spatial resolution 

for identifying and quantifying exposure disparities (environmental justice). I used a novel 

spatial air quality model called “Intervention Model for Air Pollution (InMAP),” combined with 

epidemiological research concerning air pollution and human health, to estimate health impacts 

of PM2.5 at a fine resolution. To understand climate impacts, I focus on carbon dioxide (CO2) 

which is a major greenhouse gas (81% of the total greenhouse gas emissions) emitted from 

complete combustion of carbon-containing fuels.  

This dissertation consists of three original studies focused on two energy sectors in the 

United States (U.S.): electricity generation and freight transportation. The methods employed in 

this work are based on two approaches: data-driven regression analysis and mechanistic air 

quality modeling using InMAP.  

Chapter 2 presents the data-driven empirical approach. Using linear regression between 

hourly changes in generation and emissions data, I investigate differences between average 
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emission factors (AEFs) and average marginal emission factors (AMEFs) for CO2, SO2, and NOx 

at different spatial and temporal scales for a Midwest U.S. power market called the Midcontinent 

Independent System Operator (MISO). AEFs and AMEFs are two commonly used metrics for 

estimating emission benefits from energy-efficiency strategies. This is the first study that 

estimates AEFs and AMEFs for a U.S. Regional Transmission Organization (RTO). I find, for 

example, that marginal emission factors are generally higher during late night and early morning 

compared to afternoons. In general, AEFs tend to be larger than AMEFs (typical difference: 

∼20%), and thus may overestimate emission impacts from interventions in the power sector, 

relative to using AMEFs.  

Chapters 3 and 4 present a mechanistic modeling approach for investigating air quality 

and human health impacts from PM2.5 emissions. Chapter 3 presents a study that estimates 

exposure to and health impacts of PM2.5 from electricity generation in the U.S., for each of the 

seven Regional Transmission Organizations (RTOs), for each US state, by income, and by race. 

This research is the first national-scale investigation of environmental justice aspects of total 

PM2.5 from electricity generation. I find that average exposures are the highest for blacks, 

followed by non-Latino whites. Exposures for remaining groups (e.g., Asians, Native Americans, 

Latinos) are somewhat lower. Levels of disparity differ by state and RTO. Exposures are higher 

for lower-income than for higher-income, but disparities are larger by race than by income. 

Geographically, I observe large differences between where electricity is generated and where 

people experience the resulting PM2.5 health consequences; some states are net exporters of 

health impacts, other are net importers. 

Chapter 4 presents a study that investigates environmental health and climate impacts 

from inter-state road, rail, water, and air freight transportation in the U.S. This is the first detailed 
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study to compare health, environmental justice, and climate impacts of four freight modes, 

studying each route separately. Average impacts per unit mass shipped are as follows. For all 

three impacts studied (PM2.5 health effects, racial-ethnic disparities in PM2.5 exposure, CO2 

emissions), impacts are greatest for aircraft. Among non-aircraft modes: PM2.5 health effects are 

largest for rail, intermediate for barge, and lowest for truck; PM2.5 exposure disparities are largest 

for rail and are lower for truck and barge; climate impacts are largest for truck, intermediate for 

barge, and lowest for rail. Overall, inter-state freight movement in the U.S. disproportionately 

impacts white non-Latinos relative to other racial-ethnic groups but exposures differ by mode. 

Average exposures from truck and rail are the highest for white non-Latinos, barge exposure is 

highest for blacks, and aircraft exposure is highest for mixed/other race groups. 

This dissertation presents work to investigate air quality, health and climate impacts, and 

environmental justice-related issues from electricity generation and freight transportation. This 

work can be extended to other specific sectors of the economy and can be useful to scientists, 

planners, and policymakers to estimate environmental benefits of energy conservation programs 

and create policies that address environmental injustice. The metrics developed in this work can 

be applied by researchers to new electricity and transportation scenarios to understand their 

impacts and benefits.    
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Preface 
 

ੴ 

“ਪਵਣੁ ਗੁਰੂ ਪਾਣੀ ਿਪਤਾ ਮਾਤਾ ਧਰਿਤ ਮਹਤੁ II” 

- ਗੁਰੂ ਨਾਨਕ ਦੇਵ ਜੀ, ਜਪੁਜੀ ਸਾਿਹਬ, ਸ਼�ੀ ਗੁਰੂ ਗ�ੰ ਥ ਸਾਿਹਬ ਜੀ 

 

Above verse (in quotes) from the first composition of Guru Nanak Dev Ji, “Japji Sahib” in 

the Sikh scripture, Sri Guru Granth Sahib Ji is pronounced as “Pawan guru paani pita, mata dhart 

mahat”. It means Air is our teacher, Water our father, and the Great Earth is our mother. This verse 

is central to my efforts to study the science of air (atmosphere) – one of the important components 

of the Earth system necessary for the survival of human race. Humans created machines to make 

their lives easier; yet, this convenience often comes at the expense of creating an environmental 

burden by emitting harmful substances into the air. Growing up in an agrarian household on a farm 

in Punjab, India, I was surrounded with air pollution issues, including stubble burning in the winter 

months and air pollution from vehicle traffic while going to school in the city. During my 

bachelor’s degree, I was blessed to have met and work with motivational people contributing their 

efforts to solve environmental and social issues. They inspired me to think differently about these 

issues and how to address them. I saw air pollution as a big environmental and social challenge 

and decided to address important questions arising from air pollution.  

This dissertation aims at understanding and creating new knowledge on the air quality, 

human health, and climate impacts of air pollution originating from energy systems. I investigate 

exposure disparities among demographic groups, arising from air pollution sources. I use data-

driven empirical and air quality modeling approaches to understand the impacts. I learned and used 

a novel atmospheric model to quantify health impacts of air pollution on human population and 

answer environmental justice-related questions. 
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This dissertation includes material previously published in the Environmental Science & 

Technology journal as two research papers (Chapters 2 and 3). Julian D. Marshall, Christopher W. 

Tessum, Inês L. Azevedo, and Elizabeth J. Wilson are co-authors of the published papers. 
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Pollution from Electricity Generation in the US: Health Impacts by Race, Income, and Geography. 

Environ. Sci. Technol. 2019, 53, 14010−14019. DOI: https://doi.org/10.1021/acs.est.9b02527. 

 

Chapter 3: Thind, M.P.S.; Wilson, E.J.; Azevedo, I.L.; Marshall, J.D. Marginal Emissions Factors 

for Electricity Generation in the Midcontinent ISO. Environ. Sci. Technol. 2017, 51, 14445–14452. 
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    Chapter 1 

1 Introduction 
 

 

 Background 
 

The Earth system is comprised of four major subsystems, which are called “spheres”: 

"lithosphere" (land), "hydrosphere" (water), "biosphere" (living beings), and "atmosphere" (air).1 

All these spheres are interconnected and dependent on each other. Human activities on the Earth’s 

surface impact land, air, water, and living beings. This dissertation is focused on impacts of human 

activities on air and humans. Combustion and non-combustion activities in sectors such as 

electricity generation, transportation, and agriculture emit particles and gases into the air and cause 

air pollution to impact the quality of air (“air quality”).2  

Sources of air pollution can be broadly categorized into three types: “point” or “stationary” 

sources such as smokestacks of power plants, “line” or “mobile” sources such as tailpipe of fossil-

fueled vehicles, and “area” sources such as agriculture sites. Combustion is a common source of 

air pollution: a fuel containing carbon, hydrogen, and other elements, and potentially non-fuel 

impurities, is combusted in the presence of oxygen (air) and emits gases and particles as waste 

products (pollutants). U.S Environmental Protection Agency (U.S. EPA) categorizes air pollutants 

into various categories, such as (1) six “criteria” (common) air pollutants (CAPs): particulate 

matter (PM), ground-level ozone (O3), carbon monoxide (CO), sulfur dioxide (SO2), nitrogen 

oxides (NOx), and lead;3 (2) one hundred eighty seven hazardous air pollutants (HAPs): examples 

include benzene, formaldehyde, asbestos, metals such as cadmium, mercury, and chromium;4 (3) 

four “greenhouse” gases (GHGs): carbon dioxide, methane, nitrous oxide, and fluorinated gases. 

Other harmful pollutants include ammonia and Volatile Organic Compounds (VOCs).5 CAPs and 

HAPs are considered harmful to public health and the environment, and GHGs cause global 

warming which contributes to climate change. Under the Clean Air Act of 1990, the U.S. EPA 

regulates CAPs by setting concentration limits, called the National Ambient Air Quality Standards 
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(NAAQS).6 Air quality is a local and regional issue where spatial location of emission sources 

becomes important to understand their impacts.  

Particle pollution is of particular interest because chronic (long-term) exposure to it can 

cause serious health effects.7 Particle pollution includes particles with aerodynamic diameter less 

than 10 micrometers (μm) (course particles, PM10), less than 2.5 μm (fine particles, PM2.5), and 

less than 0.1 μm (ultrafine particles).8 Particles get inhaled while breathing and can pass through 

the respiratory tract to internal organs. PM2.5 is small enough to penetrate the deepest part of the 

lungs such as the bronchioles or alveoli to cause serious health effects.9 

PM2.5 can be either directly emitted in the air (“primary PM2.5”) or formed in the atmosphere 

from precursors such as SO2, NOx, NH3, and VOCs (“secondary PM2.5”).10 Primary and secondary 

PM2.5 forms the total PM2.5. Secondary PM2.5 is formed in the atmosphere by conversion of 

inorganic (SO2, NOx, NH3) and organic gases (VOCs) into condensed phase material. SO2 and 

NOx are oxidized to sulfate and nitrate and react with ammonia to produce ammonium nitrate and 

ammonium sulfate particles. Physical processes such as coagulation, nucleation, and condensation 

convert gases to particles. PM2.5 precursors can travel long distances, react in the atmosphere, and 

impact population spatially at far distances (~10s to ~100s of km).11,12 

NH3 (g) + HNO3 (g)  ⇌ NH4NO3 (s) 

NH3 (g) + H2SO4 (g)  ⇌ (NH4)2SO4 (s) 

CO2 is the major greenhouse gas that causes global warming and contributes to climate 

change. CO2 accounts for 81% of the total greenhouse gas emissions in the year 2018 and is a 

major driver of climate change.5 Unlike air quality, climate change is a problem at global scale. 

Locations of emissions are largely unimportant in climate change. 

Electricity generation and transportation are two major sectors that impact air quality and 

human health in the U.S. by emitting primary PM2.5, SO2, NOx, VOCs, and NH3 into the air 

Pollutants are emitted from smokestacks of power plants after fuel (e.g., coal, natural gas, diesel) 

is combusted to heat the boiler to form steam which rotates turbines to generate electricity. 

Gasoline or diesel fuel is combusted in the combustion chamber of vehicle engine to generate 

pollutants emitted via the tailpipe. SO2 is formed from the oxidation of sulfur present in fuels. NOx 

emissions have several pathways: thermal NOx from oxidation of N2 in the air, fuel NOx from 
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nitrogen in fuel, and prompt NOx from radical formation. NH3 is mostly emitted as leakage from 

emission control technologies. Electricity and transportation contribute ~66% of the total CO2 

emissions in the year 2018 in the U.S.13 CO2 is formed from complete combustion of carbon-

containing fuels in the presence of oxygen. 

Many opportunities exist for reducing emissions, including energy conservation, emission 

control technologies (e.g., catalytic converters; power plant scrubbers), non-combustion electricity 

(wind, hydroelectric, waves, solar, geothermal), electric vehicles combined with lower-emission 

electricity systems, fuel switching (e.g., natural gas rather than coal), cleaner fuels (e.g., low- rather 

than high-sulfur diesel), and demand-side energy efficiency. Various economic, social, and policy 

strategies exist for implementing, encouraging, and accelerating those and other emission 

reductions.  

 

1.1.1 Health impacts from fine particulate matter (PM2.5) 
 

Several epidemiological studies have established that human exposure to fine particulate 

matter (PM2.5) results in premature death from diseases like stroke, heart disease, lung cancer, 

chronic obstructive pulmonary diseases, and respiratory infections, including pneumonia.14-24 

Here, premature death is defined as a death that would have occurred later in a population in the 

absence of PM2.5 pollution.25 A majority of the monetized damages from PM2.5 are attributable to 

premature mortality; and, a majority of the total monetized damages from air pollution are 

attributable to mortality from PM2.5.26 

 

Global and United States context 
 

According to World Health Organization (WHO), ambient air pollution was responsible 

for 4.2 million deaths in the year 2016.27 Globally, ambient air pollution is estimated to cause 

~16% of the lung cancer deaths, ~25% of chronic obstructive pulmonary disease (COPD) deaths, 

~17% of ischemic heart disease and stroke, and ~26% of respiratory infection deaths.27 Of all the 

pollutants, fine particulate matter (PM2.5) poses the greatest heath risk on human health. Cohen et 

al. (2017) estimated PM2.5 was the 5th-ranking mortality risk factor in 2015 globally (using 2015 

Global Burden of Disease data).28 In the U.S., PM2.5 was the 6th largest cause of all mortalities in 
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2015, responsible for ~88,000 deaths (95% CI:  67,000–115,000). According to the Cohen et al. 

(2017) study, ~94% of ambient air pollution-related mortalities are caused by PM2.5 and the 

remaining 6% are caused by ground-level O3. Apte et al. (2018) estimates that in 2016, PM2.5 

exposure reduced average global life expectancy at birth by ∼1 year; estimated reductions were 

∼1.2–1.9 years in polluted countries of Asia and Africa,29 and ~ 0.38 year in the U.S. Several 

studies have estimated PM2.5-related deaths from different energy sectors globally and in the 

U.S.30-32 

 
PM2.5 health impact framework 
 

Figure 1.1 shows the impact pathway for PM2.5 and a framework for assessing human 

health effects from PM2.5 exposure. Primary PM2.5 and precursor emissions at the source disperse, 

transform in the atmosphere, and are carried by wind and other physical processes to different 

locations, generating varying concentrations of the pollutant in the space. Exposure is the level of 

pollution in a person’s breathing zone. Intake is the mass of a pollutant inhaled. Dose is the amount 

of pollutant that stays inside the body or interacts with a target biological system. Health effects 

can be measured using mortality or morbidity. Morbidity-related health effects from PM2.5 show 

only negligible contribution to monetized health effects (Frischknecht et al. 2016, Apte et al. 

2015).33,34 

 

Figure 1.1 Emissions to health effects framework for fine particulate matter (PM2.5) 

 

Epidemiology studies relating PM2.5 exposure to health effects 
 

Several cohort studies have linked PM2.5 concentrations to increased risk of mortality.35 

Concentration-response (C-R) functions or relationships are used to estimate the association 

between ambient concentrations of outdoor air pollution and mortality. C-R functions can be linear 

or non-linear, and can have a threshold or no threshold. Present scientific consensus generally 

suggests a linear or nearly linear C-R function with no threshold, for the range of ambient PM2.5 

Emissions Concentration Exposure Intake Dose Health 
effects
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concentrations experienced in the US.35,36 For global exposures, which exhibit a wider range of 

concentrations than in the U.S., the integrated exposure response function employed by the Global 

Burden of Disease (GBD) is nonlinear.33,35 

The most recent meta-analysis study, Pope et al. (2020) summarizes the association of 

increased mortality from PM2.5 exposure from the last 25+ years of cohort studies.35 Increased risk 

of mortality from PM2.5 exposure has been studied in survival studies of several different cohorts 

of individuals in the U.S. and across the world (examples: Canada, Germany, Netherlands, 

England, China, Taiwan, Iran). The increased mortality is observed even after controlling for 

confounding risk factors such as age, sex, race, marital status, education, smoking, alcohol 

consumption, diet, and obesity in majority of the cohort studies. Hazard ratio (HR) and relative 

risk (RR) are two different, commonly used measures of risk in these cohort studies to express the 

probability of developing risk (such as premature mortality) from exposure to PM2.5. Both 

measures represent ratios of risk in exposed to the unexposed populations but are estimated 

differently: RR is estimated by averaging events over a specific time period and HR is estimated 

using survival curves to give instantaneous estimates. In the air pollution literature, HR is 

commonly estimated using cox proportional-hazards regression modeling.35 Table 1.1 provides 

examples of all-cause (i.e., all causes of death for a population) HRs per 10 μg/m3 increase in PM2.5 

from selected large cohort studies in the U.S. and from meta-analysis of several cohort studies 

across the world. For example, estimated HR of 1.13 for all-cause mortality per 10 µg/m3 of PM2.5 

means that each 10 µg/m3 elevation in PM2.5 exposure is associated with 13% increased risk of all-

cause mortality in the population. Pope et al. (2020) estimates meta-analytic mean of the 

distribution of effects from cohort studies that are currently available, which provides substantial 

evidence of adverse air pollution associations with all-cause (HR=1.08 per 10 μg/m3 of PM2.5), 

cardiopulmonary (HR=1.11 per 10 μg/m3 of PM2.5), and lung cancer mortality (HR=1.14 per 10 

μg/m3 of PM2.5).35 

The Harvard Six-Cities study (H6C, Dockery et al., 1993) was the first study to present the 

HRs per 10 μg/m3 linked to long-term exposure to PM2.5.14 The second study was the American 

Cancer Society (ACS) Cancer Prevention Study II (CPS-II), which used a larger cohort to estimate 

the association (Pope et al., 1995).16 The results of these studies have been confirmed over several 

re-analyses, most recently in Krewski et al. (2009)37 for the ACS study and Lepeule et al. (2012)38 
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for the H6C study. For both the H6C study and the ACS study, estimated adjusted HRs across the 

originally reported results, the independent reanalysis, and the various extended analyses are 

consistent among each other. While these publications are up to 10 years old, they are the major 

studies used by the U.S. EPA (e.g., to evaluate the benefits of EPA regulations for reducing 

particulate matter concentrations).39 These two studies (H6C; ACS) are considered the standard 

among regulatory36,39 and academic researchers.40,41 In this dissertation, I employ all-cause HR of 

1.078 per 10 μg/m3 of PM2.5 from the Krewski et al. (2009)37 in the C-R function for estimating 

health impacts (explained in detail in section 1.3.2). HR from Krewski at al. (2019) is consistent 

with the Pope et al. (2020)’s meta estimate of HR for all-cause mortality (1.08 per 10 μg/m3 of 

PM2.5). 

Table 1.1 Examples of hazard ratios from cohort studies in the U.S. and meta-analytic studies of 
several cohorts across the world 

 

Study Cohort details 

All-cause hazard ratio 

(HR) per 10 μg/m3 of 

PM2.5 

Dockery et al., (1993)14 H6C cohort; 6 US cities (n=8,111) HR=1.13 

Pope et al. (1995)16 ACS cohort; 151 cities (n= 552,138) HR=1.07 

Krewski et al. (2009)37 ACS cohort; nationwide (n= 860,000) HR=1.078 

Lepeule et al. (2012)38 H6C cohort; 6 US cities (n=8,096) HR=1.14 

Vodonos et al. (2018)42 

(a meta-analysis of 

multiple studies across 

world) 

H6C, ACS, Medicare, and other cohorts from 

different studies 
HR=1.129 

Pope et al. (2019)43 
National Health Interview Surveys (1986–

2014), n= 1,599,329 
HR=1.12 

Pope et al. (2020)35 (a 

meta-analysis of 

multiple studies across 

world) 

H6C, ACS, Medicare and other cohorts from 

different studies 

HR=1.08 
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1.1.2 Environmental justice  
 

U.S. EPA defines “environmental justice” as “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.”44 It further elaborates: “Fair treatment means no group of people should bear a 

disproportionate share of the negative environmental consequences resulting from industrial, 

governmental and commercial operations or policies.” According to Clark et al. 2017, 

“environmental injustice describes conditions in which more vulnerable communities experience 

disproportionate burdens of environmental health risks, such as exposure to air pollution.”45 

Environmental “injustice” is not same as environmental “inequality”: inequality means disparity 

among groups (i.e., “un-equal”) whereas injustice means disparity among groups with 

distributional impacts on fairness.46 For example, environmental injustice from air pollution 

exposure may arise when exposures are larger for a disadvantaged group than for an advantaged 

group. Several studies have looked into environmental injustice of air pollution. Few examples: 

Clark et al. (2014)47 describe spatial patterns in environmental injustice and inequality for outdoor 

NO2 concentrations in the contiguous U.S. and Clark et al. (2017)45 explore disparities in exposure 

to outdoor NO2 concentrations the U.S. and found that non-whites are exposed to higher NO2 

concentrations than whites. Tessum et al. (2019) explored racial–ethnic disparities in the causation 

and effect of exposure to PM2.5 in the United States.48  

 

1.1.3 Factors impacting concentrations, health impacts, and exposure 
disparity 

 
Figure 1.2 provides an overview of factors that impact each stage of emissions to damage 

framework for PM2.5.  Pollutant mass emitted at the source depends on the characteristics of the 

emitting source (e.g., for combustion sources: fuel type, combustion technology, emission control 

technology). Ambient PM2.5 concentrations depend on the geographic location of an emission 

source, the emission height, the type of PM2.5 precursor, meteorology, atmospheric aerosol 

chemistry of secondary PM2.5 formation, and physical processes such as wet and dry deposition, 

advection, and turbulent mixing. People are exposed to varying concentrations in space. Intake 

fraction is the ratio of mass of pollutant inhaled to the mass of pollutant emitted at the source. 
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Pollutant mass intake is a function of three core variables: concentration, breathing rate, and time. 

Choice of concentration-response function is important for quantification of health endpoints.  

Health disparities from PM2.5 can arise when exposure to one demographic group (race, 

income) is greater than the other group. Spatial pattern of population of demographic groups and 

concentrations determine disparity.   

 

Figure 1.2 Emission-to-damage framework for PM2.5 and factors affecting each metric in the 
framework. Adapted and modified from Apte et al. (2011)49 

 

1.1.4 Air quality modeling 
 

The atmosphere is a complex system in which numerous physical and chemical processes 

occur simultaneously. Ambient measurements using monitors provide conditions at a particular 

time and location. Scientists developed air quality (or “atmospheric”) models in part to simulate 

concentrations at all locations and time when and where there are no comprehensive measurements 

available. These models are useful for solving air quality problems and making future policy 

decisions. Air quality models can be broadly classified into two types: (1) Statistical or Empirical 

models and (2) Mechanistic models.10 Statistical models are based on observations and predictions 

(examples: land-use regression models). Mechanistic models are based on physics, chemistry, and 
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meteorology parameters to simulate physical and chemical atmospheric processes in the 

atmosphere (examples: AERMOD, CMAQ).50 Mechanistic models can be further classified into 

Lagrangian, where the reference frame moves with the wind, and Eulerian, where the reference 

frame is fixed. Eulerian Chemical Transport Models (CTMs; examples: CMAQ,51 CAMx,52 

GEOSChem,53 WRF-Chem54) are powerful tools that simulate atmospheric processes to predict 

concentrations and their spatiotemporal variability.  

 

 Goals and objectives 
 

The overarching goals of this dissertation are to (i) quantify and compare metrics for 

greenhouse and noxious pollutants to evaluate environmental consequences from interventions, 

(ii) develop metrics and tools to quantify air quality and human health impacts from point and line 

sources, (iii) explore distributions of health impacts from air pollution by race, income, and 

geography, and (iv) demonstrate the use a reduced-complexity air quality model to quantify 

impacts from energy systems. 

To reach these goals, I focus on two energy sectors in the contiguous U.S.: electricity 

generation and freight transportation. Electricity and transportation are important sources of PM2.5 

emissions and human health impacts, as discussed in previous sections. This dissertation addresses 

some important gaps in the literature within these sectors: (i) average and average marginal 

emission factors are common metrics for estimating emission benefits from energy efficiency 

interventions. Current research has not looked into comparison between these two metrics for U.S. 

electricity markets. (ii) A key knowledge gap is exploring exposure disparity among demographic 

groups from electricity generation and freight transportation sources. One of the assumptions in 

environmental injustice is the way infrastructure (power plants, roads/highways, rail tracks, 

airports) are laid out historically which impacts one community over others. (iii) Existing research 

has not investigated which freight mode – road, rail, water or air – has the least heath and climate 

impacts from transporting one unit mass of freight between an origin and destination. Each chapter 

discusses these gaps in more detail.  

More specifically, the main objectives of this dissertation are to: 
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(1) Quantify and compare average and average marginal emissions factors for a greenhouse 

gas (CO2) and two criteria pollutants (NOx, SO2) from electricity generation in a U.S. 

Regional Transmission Organization (RTO). 

(2) Quantify health impacts from electricity generation by geography (national, RTO, 

state), race, and income. 

(3) Quantify and compare health and climate impacts and exposure disparity among racial-

ethnic groups from inter-state freight transportation by mode, route, and emission species.   

(4) Conduct spatial air quality modeling using the Intervention Model for Air Pollution 

(InMAP) – a novel reduced-complexity air quality model.  

To quantify health impacts and disparity between demographic groups, I use premature 

deaths as the health endpoint. I use data-driven empirical and mechanistic air quality modeling 

approaches in this work. For air quality modeling, I use the forward modeling approach: I input 

emissions and atmospheric data, and the model predicts concentrations; inputs and outputs may 

vary in space.   

 

 Approach 
 

1.3.1 Air quality modeling using Intervention Model for Air Pollution (InMAP) 
 

Many air quality models are used in regulatory and research communities, each with 

strengths and weaknesses. Complex chemical transport models (CTMs) represent state-of-the-

science atmospheric models and provide the most robust estimates available when time and 

computational constraints are not limiting.50-54 However, because complex CTMs are time and 

resource intensive, in some cases modelers may prefer reduced-complexity air quality models 

(RCMs) instead. RCMs can take a CTM-based,55-63 Gaussian,64-69 Lagrangian,70-71 or chemical 

mass balance72 approach. Although less accurate than complex CTMs, RCMs can have the 

flexibility to allow for a greater number of sensitivity analyses, Monte Carlo approaches, an 

understanding of source and receptor effects, use of smaller-sized grid cells, and longer simulated 

periods.73-77 Three commonly used RCMs provide comprehensive estimates covering the 
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contiguous U.S. at relatively high spatial resolution (county level or finer): the Air Pollution 

Emission Experiments and Policy (APEEP/AP2) model,67 the Estimating Air pollution Social 

Impacts Using Regression (EASIUR) model,60 and InMAP.78 Gilmore et al. (2019) compare these 

three models.79 Among the three, APEEP/AP2 has county-level spatial resolution, EASIUR uses 

a 36 km × 36 km grid covering the contiguous U.S., and InMAP employs smaller-sized grid cells 

at much finer-scale spatial resolution than the two other RCMs. While APEEP/AP2 can model 

concentrations from all PM2.5 precursors, EASIUR cannot model formation of secondary organic 

aerosols (SOA) from VOC emissions; hence, EASIUR may not be suitable to estimate total PM2.5. 

APEEP/AP2 has lower spatial resolution (county-level) than InMAP does, which is not desirable 

for addressing questions in this research.  

InMAP  is used for air quality modeling in this research. InMAP is designed to estimate the 

annual average PM2.5 concentration and health impacts resulting from incremental changes in 

pollutant emissions.78 It estimates average pollutant concentrations from emissions by estimating 

a steady-state solution to a mass-balance equation dependent on reaction, advection, and diffusion 

parameters. InMAP uses physics and chemistry parameters derived from a state-of-the-science 

CTM, WRF-Chem. Geographic locations in InMAP can be specified as polygon, line, or point 

sources (including stack-height and plume-rise attributes, where relevant). InMAP uses a variable 

spatial grid, where the grid cell size is a function of the gradient in population density and pollutant 

concentrations, varying from 1 km × 1 km (typically, in urban areas) to 48 km × 48 km (typically, 

in rural areas). InMAP output grid consists of ~26 layers. The bottom (“ground-level”) layer 

extends from 0 m to an average height of ~56m. The height of the 26th layer is 19 km, i.e. well 

above the end of troposphere (~10-15 km).10 For comparison, the typical height at which aircrafts 

fly is 11 km80 and high clouds are formed at ~5-13 km altitude.81 As described below in section 

1.7.2, InMAP uses a Concentration-Response function to estimate health impacts from the 

resulting pollutant concentration. The output from InMAP provides pollutant concentration 

(μg/m3) and number of premature deaths from long-term PM2.5 exposure for each grid cell, based 

on underlying gridded population and mortality data. Details of InMAP are given elsewhere.78,82 

I also use the InMAP Source-Receptor Matrix (ISRM) in this work.12,48,82 ISRM is a series 

of matrices that describe linear relationships among multiple emission and impact locations. ISRM 

is created by running separate InMAP simulations that estimate the ground-level changes in PM2.5 
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concentrations from emissions of SOx, NOx, VOCs, NH3, and primary PM2.5 in each of ∼50,000 

InMAP grid cells. The ISRM consists of 52,411 grid cells (Figure 1.3). The maximum height of 

the source modeled in ISRM is 1000 m. To model heights greater than 1000 m, the original InMAP 

model is used.  

Concentrations within grid cells are assumed to be uniform. Air quality modeling in this 

work does not consider amount of time exposed population spends in indoor or outdoor 

environments. The modeling assumption here is that populations are exposed to outdoor ambient 

concentrations at their home locations at all times.  

 

Figure 1.3 InMAP Source-Receptor Matrix (ISRM) grid 

 

1.3.2 Concentration-Response (C-R) function 
 

Consistent with prior research83-85 and in keeping with EPA convention,36,86,87 I assume that 

all particles are equally toxic in estimating health impacts from total PM2.5. InMAP is capable of 

estimating health impacts from any user-defined C-R function. For this research, I employ the 

standard, commonly used expression in InMAP—from Krewski et al. (2009)37—for the PM2.5 C-



13 
 

R function, which is used to estimate PM2.5-related health impacts as shown in Equation 1. The 

Krewski et al. (2009) equation is based on the standard Cox proportional-hazards model to 

calculate hazard ratios for various cause-of-death categories associated with the levels of air 

pollution exposure in the study cohort.37 The default C-R equation in InMAP is a standard and is 

commonly used in regulatory39 and academic air quality research.40,41  

Number of premature deaths = �e(PM2.5 
Linear Coefficient×[PM2.5]) − 1� × P × All−Cause Mortality Rate

100,000
    

(1) 

Here, PM2.5 Linear Coefficient = ln(1.078)/10 = 0.00751, i.e., a 7.8% increase in the number of 

premature deaths for every 10 µg/m3 increase in the concentration of PM2.5. [PM2.5] is the 

concentration of PM2.5. P is total population. 

   

1.3.3 Main inputs to InMAP 
 

The following are the three main inputs to InMAP for estimating health impacts of 

emissions from electricity and freight transportation sector:  

(1) Annual emissions of VOCs, NOx, NH3, SO2, and primary PM2.5 as shapefiles. InMAP 

allocates emissions from shapefiles to the underlying grid cells using area weighting. Figure 1.4 

provides example of locations of emission sources used in this dissertation.  

 

Figure 1.4 Examples of emission locations: power plants and rail lines 
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(2) Census data on population at the block group level from the American Community Survey 

(ACS).88 Chapter 3 provides estimates for population of all age groups and Chapter 4 provides 

estimates for all age groups as well as for >35 years old. Figure 1.5 shows population estimates at 

the block group level for year 2016 using 2014-2018 ACS data.  

 

Figure 1.5 Total population for year 2016 at block group level from American Community Survey 
(ACS) data  

(3) Baseline all-cause mortality data for all ages (and >35 years for chapter 4) at the county 

level from the National Center for Health Statistics Office of Analysis and Epidemiology at the 

Centers for Disease Control and Prevention (Figure 1.6).89 Race-specific health impacts are 

calculated using all-cause mortality rates for the entire population of all age groups. 
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Figure 1.6 Baseline all-cause mortality data for all ages for year 2016 

 
 

 Structure 
 

Chapter 2 uses the data-driven empirical approach using Ordinary Least Squares (OLS) 

linear regression. This chapter presents comparison between average emission factors and average 

marginal emission factors (AMEFs) for CO2, NOx, and SO2 emissions from electricity generation 

in a coal-intensive U.S. power market (the “Midcontinent Independent System Operator (MISO)”). 

I perform this analysis at multiple spatial (all MISO; each of the 11 MISO states; each utility; each 

generator) and temporal scales (hour, day, month, and year). Using linear regression of hourly 

changes in generation and emissions, I estimate AEFs and AMEFs for CO2, SO2, and NOx from 

fossil and non-fossil generators in the MISO region during years 2007−2016. This study uses 

hourly emissions and generation data from the Continuous Emissions Monitoring System (CEMS) 

database from the U.S. EPA.  

Chapter 3 and 4 uses the mechanistic air quality modeling approach using Intervention 

Model for Air Pollution (InMAP). Chapter 3 estimates exposures to and health impacts of PM2.5 

from electricity generation in the U.S., for each of the seven Regional Transmission Organizations 
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(RTOs), for each U.S. state, by income and by race. Using InMAP to model power plant emissions 

combined with a standard concentration-response function from Krewski et al. (2009), I estimate 

PM2.5 concentrations and premature deaths at a fine spatial resolution across three geographical 

scales (U.S., RTO, State) by race and income. This study uses annual emissions data from the U.S. 

EPA’s 2014 National Emission Inventory (NEI). Chapter 4 explores health and climate impacts 

and exposure disparity among racial-ethnic groups from inter-state road, rail, water, and air freight 

transportation in the U.S. by mode, route, and emission species. Using InMAP, I estimate PM2.5 

concentrations and premature deaths for transporting 1 megaton of freight by heavy-duty truck, 

freight rail, barge, or aircraft, for each origin-destination pair. This study uses emission factors for 

each mode from the Greenhouse Gases, Regulated Emissions, and Energy Use in Transportation 

(GREET) model and tonnage data from the U.S. Department of Transportation (U.S. DOT)’s 

Freight Analysis Framework (FAF) data.  

I present results in this dissertation through several metrics. Table 1.2 provides a summary 

of metrics identified and used in this work.   

 

Table 1.2 Summary of metrics 

Chapter Metrics identified Parameters Description Spatial scale 

Chapter 2 

Average marginal emission 
factor (AMEF)  
=  ∆Ej

∆Gj
  

∆E = Change is 
system emissions 
at time interval j; 
∆G = Change in 
system 
generation at 
interval j 

Represents average 
change in emissions 
per unit increment in 
electricity generation 
from generators on 
the margin.  

MISO, 
State, 
Utility, 
Generator 

Average emission factor 
(AEF) = E

G
  

E = Total sum of 
system 
emissions; G = 
Total sum of 
system 
generation 

Represents average 
emissions per unit 
electricity generated 
in the system.  

MISO, 
State, 
Utlility, 
Generator 

Chapter 3 
Total premature deaths = 
Sum of deaths in each 
InMAP grid cell 

 

Represents total 
PM2.5-related 
premature deaths 
from electricity 
generation using 

Nation, 
RTO, State 
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linear, non-threshold 
C-R function  

Deaths per 100,000 people 
= 
Number  of premature deaths

Population
 ×

100,000. 
 

 

Represents health risk 
as normalized 
premature deaths per 
100,000 people from 
electricity generation 

Nation, 
RTO, State 

Deaths per unit electricity 
generation = 
 Number of premature deaths

Total generation (TWh)
  

 
Represents average 
deaths per unit 
electricity generation 

Nation, 
RTO, State 

Risk gap = Deaths per 
100,000 people for most 
exposed group – Deaths per 
100,000 people for least 
exposed group 

 

Represents exposure 
disparity among 
racial-ethnic groups 
from electricity 
generation 

State 

Population weighted 
average PM2.5 
concentration =  
∑ Pi[PM2.5]i
n
i=1

∑ Pi
n
i=1

  

Pi = Population 
in grid cell i 
[PM2.5]i = PM2.5 
concentration in 
grid cell i 
n = total number 
of grid cells 

Represents 
population-weighted 
average PM2.5 

concentration from 
electricity generation  

Nation, 
RTO, State 

Chapter 4 

Deaths per megaton = sum 
of deaths in each ISRM 
grid cell 

 

Represents total 
PM2.5-related 
premature deaths per 
megaton from freight 
transportation using 
linear, non-threshold 
C-R function 

Nation, 
Mode, 
Origin-
destination 
(O-D) pair 

CO2 emissions per megaton 
= CO2 EF × Length of route 

CO2 EF = CO2 
Emission factor 
(kg/megaton-
mile or kg per 
megaton) 

Represents total CO2 
emissions from 
freight transportation 

Nation, 
Mode, O-D 
pair 

Deaths per 100,000 people 
per megaton = 
Number  of premature deaths

Population
 ×

100,000 
 

 

Represents health risk 
as normalized 
premature deaths per 
100,000 people from 
freight transportation 

Nation, 
Mode, O-D 
pair 
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Total deaths 

Total deaths = 
Deaths per 
megaton × 
Tonnage 

Represents total 
deaths from freight 
transportation 
 

Nation, 
Mode, O-D 
pair 

Risk gap = Deaths per 
100,000 people for most 
exposed group – Deaths per 
100,000 people for total 
population 

 

Represents exposure 
disparity among 
racial-ethnic groups 
from freight 
transportation 

Mode, O-D 
pair 

ZSA = SA1
SA2

 

SA1 = Simple 
average deaths 
or CO2 
emissions or risk 
gap per megaton 
from mode 1 
SA2 = Simple 
average deaths 
or CO2 
emissions or risk 
gap per megaton 
from mode 2 

Represents ratio of 
simple average of 
two modes. If ZSA > 
1, mode 1 has greater 
health or climate 
impacts per megaton 
than mode 2. This 
metric provides 
flexibility for use in 
future scenarios.  

Mode 
combination 
(e.g. Rail 
[mode 1] 
and Truck 
[mode 2]) 

ZWA = WA1
WA2

 

WA1 = 
Tonnage-
weighted 
average deaths 
or CO2 
emissions or risk 
gap per megaton 
from mode 1 
WA2 = 
Tonnage-
weighted 
average deaths 
or CO2 
emissions or risk 
gap per megaton 
from mode 2 
 

Represents ratio of 
tonnage-weighted 
average of two 
modes. If ZWA > 1, 
mode 1 has greater 
health or climate 
impacts per megaton 
than mode 2. ZWA is 
tonnage weighted 
while ZSA is the 
simple (i.e., 
unweighted) average. 
This metric reflects 
the current situation.  

Mode 
combination 
(e.g. Rail 
[mode 1] 
and Truck 
[mode 2]) 

Population weighted 
average PM2.5 
concentration =  
∑ Pi[PM2.5]in
i=1
∑ Pin
i=1

 

Pi = Population 
in grid cell i 
[PM2.5]i = PM2.5 
concentration in 
grid cell i 
n = total number 
of grid cells 

Population weighted 
PM2.5 concentration 
from freight 
transportation 

Nation, 
Mode, O-D 
pair 
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Chapter 2 

2 Marginal Emissions Factors for 
Electricity Generation in the 

Midcontinent ISO 
 

 

 Abstract 
 

Environmental consequences of electricity generation are often determined using average 

emission factors. However, as different interventions are incrementally pursued in electricity 

systems, the resulting marginal change in emissions may differ from what one would predict based 

on system-average conditions. Here, I estimate average emission factors and marginal emission 

factors for CO2, SO2, and NOx from fossil and non-fossil generators in the Midcontinent 

Independent System Operator (MISO) region during years 2007 – 2016. I analyze multiple spatial 

scales (all MISO; each of the 11 MISO states; each utility; each generator) and use MISO data to 

characterize differences between the two emission factors (average; marginal). I also explore 

temporal trends in emissions factors by hour, day, month, and year, as well as the differences that 

arise from including only fossil generators versus total generation. I find, for example, that 

marginal emission factors are generally higher during late-night and early morning compared to 

afternoons. Overall, in MISO, average emission factors are generally higher than marginal 

estimates (typical difference: ~20%). This means that the true environmental benefit of an energy 

efficiency program may be ~20% smaller than anticipated if one were to use average emissions 

factors. This analysis can usefully be extended to other regions to support effective near-term 

technical, policy and investment decisions based on marginal rather than only average emission 

factors. 
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 Introduction 
 

In the United States, electricity generation is a major contributor to air pollution, with 

important consequences for health, the environment, and climate. The U.S. Environmental 

Protection Agency (EPA) estimates that in 2014, electricity generating units (EGUs) contributed 

37% of CO2, 67% of SO2, 13% of NOx, and 3% of primary PM2.5 nation-wide emissions.1,2 SOx 

and NOx emissions from EGUs contribute to secondary PM2.5 formation, adding to the health and 

environmental consequences of EGUs. In 2014, coal-fired EGUs alone generated ~39% of the 

electricity in the U.S., and contributed to 77%, 97%, 86%, and 81%, respectively, of CO2, SO2, 

NOx and PM2.5 total electricity emissions.1,3 Those pollutants contribute to acid rain, climate 

change, regional haze, crop damage, and health impacts from ambient air pollution.4 

There are multiple approaches to estimating power plant emissions.5 Different methods and 

data sources can generate substantially different estimates --- an important consideration for 

environmental policy. A simple and straightforward approach is to calculate average emissions 

factors (EFs) for a region and time-frame as the ratio between total emissions and total electricity 

generated. Another approach is to model marginal EFs based on bid-dispatch simulations of 

electricity generators;6-11 such models use costs and engineering constraints to predict which EGU 

would increase/decrease output if the total energy demand at that time were marginally 

higher/lower. The degree of sophistication of these models varies. Models such as Integrated 

Planning Model (IPM), PROMOD, Electric Generation Expansion Analysis System (EGEAS) and 

PLEXOS are proprietary, complex, often provide little flexibility, and are time consuming to run; 

they require substantial input data, and like any model depend on assumptions and simplifications 

necessary to simulate a complex system.12-16 Other approaches include the Fuel Type Assumed 

(FTA) method, Locational Marginal Price (LMP) based approaches and machine learning 

algorithms.17-20 Here, I use an empirical approach for estimating average EF (AEF) and average 

marginal EF (AMEF). My approach, which was described in Siler-Evans et al. (2012),21 is distinct 

in using data (historical observations) rather than models to estimate marginal EFs. The approach 

of using historical data has been applied in other studies as well.22-25 EFs calculated using historical 

data are most appropriate for short to medium term analysis in electricity system, and are less 

appropriate for long term predictions for which fundamental aspects of the electricity system (e.g., 

fuel mix; infrastructure) may shift. Several applications of marginal emissions and impact factors 
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have been used to determine the emissions saving and damage reductions associated with 

interventions in the electricity sector, such as solar and wind,26,27 energy efficient buildings,28,29 

storage,30 and vehicle charging,31,32 and wastewater treatment from coal power plants.33  

While several studies have investigated average and marginal EF7-9,19,21,34,35, only one prior 

study has implemented the empirical approach employed here: Siler-Evans et al. (2012)21 

calculated AEF and AMEFs for the U.S. electricity system and for the eight North American 

Electric Reliability Corporation (NERC) regions. Those authors recommend that the method be 

applied to Regional Transmission Organizations (RTOs) rather than NERC regions, since RTOs 

provide a better representation of electricity dispatch; my approach follows that suggestion. I build 

on the Siler-Evans et al. (2012)21 research, extending it in several ways: (1) I focus on an RTO 

rather than NERC regions. RTOs use bid-based markets to determine economic dispatch, and so 

are an appropriate scale for my analyses. (2) Siler-Evans et al. (2012)21 consider fossil generation 

as proxy for total generation. That aspect is a limitation of their approach; with increasing amounts 

of renewables in the grid, renewables may be at the margin for some hours or levels of demand. I 

instead use total MISO generation (rather than fossil-only generation) when calculating EFs. (3) 

By focusing on a single RTO, I was able to assess with greater detail EFs’s variability in time and 

space, thereby lending new insights into the environmental impacts of electricity generation. (4) I 

explore how EFs may vary by state, corporation, fuel-type, and EGU.  

Average versus marginal EFs may differ for many reasons. In general, at a given time, the 

mix of fuels for the EGUs at the margin --- i.e., the last few units that will meet demand --- may 

differ from the average electricity mix in that hour. Furthermore, for a single EGU, AEF and 

AMEF may differ because the boiler is ramping up or down, or because the efficiency of emission 

control technologies may depend on the EGU’s power output. 

The results for MISO, years 2007-2013, reveal that AMEFs are often lower than the 

respective AEFs. The consequences of this finding for policy includes, for example, that the true 

emission reduction attributable to an energy efficiency program may be lower than the one a 

decision maker would assume using AEFs. Similarly, this result would indicate that an efficiency 

program may be less cost-effective than anticipated (since cost-effectiveness metrics are often 

computed as the ratio between the cost of the program and the emissions saved). 
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 Methods and data 
 

Here, I employ an empirical approach for estimating AEF and AMEF for the Midcontinent 

Independent System Operator (MISO). MISO is one of the seven U.S. RTOs. MISO includes 15 

US states and serves ~42 million people (13% of U.S. population). In 2015, MISO included 

176,600 MW of electric capacity, generating ~667,800 GWh (~16% of U.S. total electricity 

generation). In the Supplemental Information (SI), I provide the generation statistics for MISO for 

years 2007 through 2016 (Figure A1).  

The geography of MISO changed in 2014: prior to 2014, MISO constituted 11 upper 

Midwest states and was called “Midwest ISO”. In 2014, a south region (4 additional states; see 

maps in Figure A2) was integrated to form “Midcontinent ISO”. For geographic consistency, most 

results presented here are only for years 2007–2013; that approach provides an assessment that 

includes well defined and consistent regional boundaries. Results for years 2014-2016, which 

include EGUs in the new regional boundaries, are in section 1 of the SI (Figure A3 and Table A1). 

I use emission data from the Continuous Emissions Monitoring System (CEMS) database 

from the U.S. EPA.36 CEMS provides hourly emissions of CO2, SO2, and NOx, and energy 

generation for generators with nameplate capacity of 25 MW or larger. I complement this 

information with MISO databases that provide hourly imports, exports, total actual load, and wind 

generation.37 Net imports account for ~6% of the total demand in MISO. The share for “other” 

generation sources (nuclear, hydroelectricity, and other renewable generation) is calculated by 

subtracting fossil and wind generation from total generation. 

I calculate two EFs for a given time period or geography: AEFs and AMEFs. AEFs are the 

summation of hourly emissions (ET) divided by the summation of hourly generation (GT) for that 

time period and geography. 

 Marginal EFs vary by time and geography; AMEF represents the average of the marginal 

EF for a certain time period and over some spatial extent. AMEF are computed by calculating the 

hourly change in emissions (∆E) and change in generation (∆G), for each time step. Then, a linear 

regression is fitted to identify the relationship between those two variables (the change in 

emissions and in generation). The slope of linear regression (βo) between those two values is the 

AMEF.  

In addition to estimating AEF and AMEF for MISO during 2007 - 2016, I also investigate 

spatial and temporal variability in EFs at multiple temporal and spatial scales. I do so for the 
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following scenarios: the 11 Midwest states in MISO; all corporations owning one or more 

generators in a case-study state (Minnesota) and, as a separate analysis, in the entire MISO (in SI); 

and, at the level of individual EGUs. I also estimate AEFs and AMEFs by fuel type, for coal and 

for natural gas, to understand the average marginal response of fuel-specific generators to changes 

in system demand. In general, I employ total generation when estimating AEFs and AMEFs. One 

exception, caused by limited data availability, is that state and utility-level EFs include fossil-only 

generation as a proxy for total generation. Net imports are subtracted from MISO total load to 

obtain net generation. Electricity exchanges and trading at the state and utility scales are not 

considered here because they are tracked and available only at the RTO level. Fuel specific AMEFs 

are calculated by aggregating emissions by fuel type at each time step and performing regression 

between change in fuel specific emissions and change in total generation. For each EGU bidding 

in the MISO grid, I calculate AMEFs via regression between unit specific hourly emissions and 

gross generation output. Coal and natural gas EGUs constitute most of the units that bid in MISO 

and hence are a focus of this analysis.  

I also explore trends in AEFs and AMEFs in the MISO region as a function of total system 

demand. To do so, I bin the data from years 2007 through 2013 into 20 demand level bins. Each 

bin contains 5% of the data occurring at lowest to highest system demand hours. Separate 

regressions of ∆Fuel Generation vs ∆Total Generation are then performed for each bin. I also 

analyze trends in AEFs and AMEFs temporally by time-of-day, day-of-week, month and year (for 

years 2007 to 2016). To assess the differences between AEF and AMEF, I calculate their relative 

difference as: 

% difference = �AMEF−AEF
AEF

� ∗ 100 

 

 Results 
 

2.4.1 Comparison of AEF and AMEFs 
 

Emissions estimates for MISO. Figure 1 presents data for years 2007 – 2013. Each data-

point is an hourly change in MISO total pollutant emissions and power generation. The slope of 
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the best-fit line is the AMEF. Figure 1 also displays the median data-point (red icon), the IQR 

ellipse (centered at the median data-point, displaying 25th and 75th percentiles parallel and 

perpendicular to the best-fit line; yellow ellipse), and the P10-P90 ellipse (centered at the median 

data-point, displaying 10th and 90th percentiles parallel and perpendicular to the best-fit line; 

dashed line). As expected, for data in Figure 1, ~25% of the data-points are inside the IQR ellipse, 

~60% are inside the P10-P90 ellipse. 

 
Figure 2.1 Linear regression for hourly changes in power generation and pollutant emissions, for 
Midcontinent ISO, years 2007 to 2013. Each dot represents a one-hour difference. I also show the 
median value (red icon), the interquartile (yellow) and P10-P90 ellipse (dashed line), the best-fit 
line (black line), and 95% confidence intervals on the best-fit line (dashed blue lines, nearly 
indistinguishable from the best-fit line). 

Table 1 summarizes the results displayed in Figure 1. Figure A3 and Table A1 provides 

the results for years 2014-2016 (i.e., after the change in geography). Overall, and among pollutants, 

I find that AEFs are 17%-22% higher than the respective AMEF. This general pattern holds across 

pollutants and years (see Table A2).  

For comparison, I also computed these estimates when including only fossil generation 

(which was the approach taken in Siler-Evans et al. (2012)21). When doing so, I find that the 

differences between EFs remain consistent (AMEFs 15%-19% lower than the respective AEF), 

but the AEFs are ∼22% greater and AMEFs are ∼27% greater than their values calculated using 

change in total generation. 
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I also estimate AEFs and AMEFs by fuel type, which I report in the SI, Tables S3, S4, and 

S5. I find that relative to other fuels, the AMEFs from coal-fired generators are generally closer to 

emission factors for entire MISO region. This result is likely because the average share of marginal 

generation from the coal fleet is greater than the natural gas fleet (~57% coal vs ~21%). For 

emissions from coal generators only, the AEF is 28% [CO2], 18% [SO2], and 27% [NOx] larger 

than AMEF. For natural gas generators only, the AEF is 274% [CO2], 78% [SO2], and 182% [NOx] 

lower than AMEF.   

Table 2.1 Comparison between AEF and AMEF estimates for the MISO region using data from 
2007 to 2013. 

Pollutant AEF 

(Kg/MWh) 

AMEF 

(Kg/MWh) 

EFs % 

Difference 

CO2 739 597 -19% 

SO2 1.97 1.63 -17% 

NOx 0.727 0.567 -22% 

 

State emissions estimates. State Implementation Plans (SIPs) often require an accurate 

metric to assess emission benefits from different energy efficiency strategies. I have calculated 

AEF and AMEF for the state boundaries within MISO, as shown in Figure 2. For this portion of 

the analysis, I rely on total fossil generation when computing the emissions factors because there 

is no total generation data by state at the hourly level. For each state, this analysis considers only 

emissions and generation occurring within that state. I find that in most cases, AMEFs are lower 

than AEFs (which is consistent with results given above). Differences between AEF and AMEF 

are larger for states that have a large portion of their generation provided by natural gas (see Figure 

A4); not surprisingly, natural gas tends to be more on the margin in those states. Correlation 

between CO2 AMEF, SO2 AMEF and NOx AMEF is shown in Figure A5.  



26 
 

 

Figure 2.2 AEF and AMEF by state for CO2, SO2 and NOx for years 2007–2013. The percentages 
reported show the relative difference between AEF and AMEF (positive values mean 
AMEF>AEF). States are displayed from highest to lowest electricity generation share of MISO’s 
total generation. The electricity generation share for each state is shown along the x-axis for the 
CO2 plot. In combination, fossil generation from these states accounted for 82% of MISO total 
generation. 

Utility level estimates: I compute separate EFs for utilities that operate in MISO. At the 

utility scale, AEFs and AMEFs are important as they may be used to inform utilities’ strategies to 

reduce their emissions (for example, on decisions of how to allocate emission allowances under 

cap & trade programs, or for monitoring and evaluation of climate mitigation or other emission 

reduction programs). Here, as a case-study, I calculate AEF and AMEF for utilities operating 

generators in Minnesota in year 2012. Differences between AEF and AMEFs for all utilities 
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bidding in MISO in the year 2012 are presented in Figure A6. Minnesota’s emission reduction 

goals include a 40% reduction in CO2 emission rate; I use year 2012 as an illustrative example 

given that it was the baseline year for US EPA’s former Clean Power Plan rule. Here too, owing 

to limitations in data availability, I employ the approach from Siler-Evans, and use total fossil 

generation instead of total generation. In Figure 3, I provide the resulting estimates for each utility 

operating generators in Minnesota. In this figure, the Minnesota Municipal Power Agency is 

atypical in that it has slightly negative AMEF for NOx. It has the only must-run combined cycle 

natural gas unit with a large nameplate capacity (334.5 MW) and with installed NOx control 

equipment. Non-linear emission changes attributable to shifting usage of NOx control equipment 

could explain the negative AMEF for NOx.  

 

Figure 2.3 AEFs and AMEFs for utilities operating EGUs in Minnesota in 2012 that have a 
generation share > 1%. The percentages inside the figure represent the relative difference between 
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AEF and AMEF (positive values indicate AMEF>AEF). X-axis percentages (e.g., 58% for Xcel 
Energy) indicate percentage generation share of Minnesota’s total generation; utilities are listed in 
order of that percentage. 

 

Generator level analysis: I calculate AEF and AMEF for each generator bidding in MISO 

during years 2007 to 2013, which are shown in Figure 4. Over this time period, on average, 273 

natural gas generators and 219 coal generators bid into MISO each year. In most cases, I find 

(consistent with results given above,) that AMEFs are smaller than AEFs: median differences 

between AEFs and AMEFs for coal are -4.9% for CO2, -0.1% for SO2, and -3.3% for NOx; for 

natural gas, median differences are -6.3% for CO2, -5.5% for SO2 and -10.0% for NOx. The AMEF-

AEF percent difference is less than -20% (i.e., is more-negative than -20%) for CO2 for 5% of coal 

generators and 6% of natural gas generators, for SO2 for 7% (coal) and 10% (natural gas) 

generators, and for NOx for 27% (coal) and 29% (natural gas) generators. Those results emphasize 

that there can be noteworthy differences between AEF and AMEF estimates when applied at the 

generator level.  

On average, I find that AMEF-AEF differences are larger for SO2 and NOx than for CO2 

and are larger for coal than for natural gas. This result may reflect the nature of SO2 and NOx 

emission control equipment. Further analysis (see SI, section 4) reveals that for coal generators, 

the AEF and AMEF difference for CO2 is larger for smaller generators than for larger generators 

(Figures S11 & S13). However, the reverse holds for natural gas (Figures S12 & S14). This 

observation likely reflects generator characteristics such as heat rate, capacity factor and age 

(Figure A15).  An explanation for the coal units could be that old smaller (i.e., low capacity factor) 

units run at higher heat rates compared to their design heat rates, whereas new larger units (high 

capacity factor) typically run at heat rates at or below their design heat rates. As generators age, 

their heat rates degrade and the smaller units tend to cycle and follow load more. Hence, coal units 

with low capacity factors have higher AEF, and the larger difference between metrics. 

Additionally, EFs seem to be inversely correlated with share of electricity (see Figures S16 and 

S17), suggesting that share of electricity is greater for lower EF units than for higher EF units.  
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Figure 2.4 Boxplot showing distribution of EF differences among coal units (n=219, average per 
year, 2007-2013) and natural gas units (n=273 on average). 

 

2.4.2 AEFs and AMEFs by system demand 
 

In Figure 5 (A and B), I show the share of average and average marginal fuel source with 

respect to total generation in MISO. Coal is the dominant marginal fuel at low demand hours; 

natural gas is the dominant marginal fuel at high demand hours. The share of other fossil fuels to 

marginal generation is minor. Nuclear is generally not on the margin (which is consistent with 

output being ~constant and/or with changes in output being relatively uncorrelated with changes 

in demand). The share of generation from wind is greater during low demand hours (since wind 

blows significantly during night in the Midwest) than high demand hours, and the marginal 

generation from wind is negative (i.e., on average, wind generation decreases in hours when 

system total generation increases) during low demand hours. Two possible reasons for negative 
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marginal generation could be: (1) load curtailment or (2) a decrease in generation because of less 

wind. I do not have hourly curtailment data needed to rigorously investigate the reason behind 

negative marginal generation. However, curtailment appears not to be a large issue for MISO: a 

U.S. Department of Energy report38 estimates wind curtailment in MISO at <6% of potential wind 

energy generation. Curtailment was a larger issue for some other grids, notably the ERCOT grid, 

which experienced >15% curtailment in 2009 (but steps taken to address the issue reduced wind 

curtailment, to only 1% in 2015). Recent MISO programs have strived to make wind dispatchable 

like other fuels via, e.g., the Dispatchable Intermittent Resources program.39,40 

Parts C and D of Figure 5 shows how AEF and AMEFs for CO2, SO2 and NOx vary with 

MISO total generation.  NOx AMEF is relatively constant across demand. Figure A18 shows 

similar plot for year 2008 (wind data for year 2007 is not available) and 2013 for comparison; 

there is not much change in marginal generation from coal over the course of 6 years, and average 

share of wind has increased but its contribution to marginal load decreased substantially in the year 

2013.   
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Figure 2.5 (A) Average generation by fuel. (B) Average marginal generation by fuel. (C) AEFs as 
a function of total generation (D) AMEFs as a function of total generation. (E) Kernel density 
distribution for total generation. All results are for MISO, for all data-points during years 2007–
2013. 

 

2.4.3 Temporal analysis 
 

I explore variation of AMEFs (and AEF; Figure A19) by time of day, days of week, month 

and year (Figure 6). AMEF are higher-than-average during late-night and early morning hours 

when electricity demand is lower and coal is more often on the margin: AMEF is about 73% [CO2], 

125% [SO2], and 55% [NOx] higher at midnight compared to noon. The AMEFs are higher on the 

weekends compared to weekdays. AMEFs are highest in spring and fall, when demand is low and 

coal is more often on the margin. Time-of-day trends are more pronounced in summer (Figure 
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A20). Fuel-specific AEF and AMEFs by time-of-day are in Figure A21 and Table A6. From 2007 

through 2013, AMEF for SO2 decreased by 41%; changes were smaller for NOx (26% decrease) 

and CO2 (9% increase). From 2014-2016, AMEF for SO2 decreased by 40%, NOx decreased by 

6% and CO2 increased by 3%. Reduction in SO2 and NOx can be attributed in part to U.S. EPA 

regulations to reduce air pollution from the electricity sector. AEFs do not show pronounced 

variations by time of day, day of week and months (Figure A19). As seen in Figure 6, average 

MISO AMEFs were, for SO2, lower after 2013 than before 2013; for CO2, AMEFs were slightly 

higher after 2013 than before; for NOx, they were mostly unchanged.  

 

Figure 2.6 Time of day, days of week, and monthly trends in AMEFs for years 2007 through 2013. 
Yearly trends shown here for 2007 through 2016. The discontinuity in the yearly plot is to highlight 
the change of MISO geography after 2013. 

 

 Discussion and conclusions 
 

I investigated differences between AEF and AMEFs at different spatial and temporal scales 

for MISO. In general, AEFs tend to overestimate emissions – and thus potential emissions benefits 

from interventions in the power sector - relative to AMEFs.  

The deployment of renewable energy sources such as wind and solar will help reduce 

emissions by displacing energy from fossil-fired generators. However, if a decision-maker uses 
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AEF to understand the current contribution of renewables or other interventions in the electricity 

system, she will likely overestimate the emission benefits that are derived from such interventions. 

As noted above, for MISO, if emission-reduction benefits (e.g., from wind or solar generation, or 

from energy efficiency programs) are calculated using AEFs, the benefits are on average 

overestimated by 19% for CO2, 17% for SO2 and 22% for NOx. Those values vary by time-of-day, 

fuel, company, and state.  Results presented here could help energy efficiency programs become 

more cost-effective, for example, by consideration of how AMEF varies in time and space. 

I show that AMEFs are higher during early morning and late evening hours – times of day 

when electricity demand is usually low and, historically for the Midwest, when wind energy is 

abundant. Further harnessing of the wind potential during these hours could provide substantial 

emission reductions and is of great importance for strategies such as Active Power Controls 

(APC)41 for efficiently harnessing wind energy during those times. Further, following Siler Evans 

et al. (2012)21, I calculated the daytime (8am – 5pm) and nighttime (7pm – 7am) AMEFs and 

compared them to system AMEF and AEF; I find that AEFs overestimate AMEFs by ~35% during 

daytime and by ~20% during nighttime (Table A7). For AMEF, differences between nighttime-

average and daytime-average are ~14%.  

This paper advances current understanding in a few key ways. I show that estimating recent 

AMEFs can be done using data rather than models. Siler Evans et al. (2012)21 and Graff Zivin et 

al. (2014)24 looked at the temporal and spatial differences between AEFs and AMEFs for NERC 

regions. I adopted Siler Evans’ recommendation of focusing on RTOs, and in doing so uncovered 

important differences between AEF and AMEFs by time and geography (by state, corporation, and 

individual EGUs). In most cases, my analyses were based on total generation rather than using 

fossil generation as a proxy for total generation (exceptions include state and utility analyses, for 

which data limitations forced us to use fossil generation as a proxy for total generation). Electricity 

trading at the state and utility level could impact state and utility emission factor estimates,42-44 but 

is not explicitly incorporated here. 

Multiple methods exist for estimating AMEFs. My approach has the advantage of being 

based on empirical data rather than models. On the other hand, that means it may be inappropriate 

to use findings here unmodified if considering major shifts in the electricity infrastructure. Since 

results presented here are based on historical data, they likely would not be directly applicable for 

predicting long-term changes in the electricity grid.  
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Coal is frequently the marginal fuel source, especially during low-demand hours; it is not 

merely a base-load fuel that sits apart from marginal generation. In MISO, coal generators operate 

on margin and follow the load profile. In the future, if MISO continues to shift away from coal, 

that aspect could change. 
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Chapter 3 

3 Fine Particulate Air Pollution from 
Electricity Generation in the US: 

Health Impacts by Race, Income, and 
Geography 

 

 

 Abstract 
 

Electricity generation is a large contributor to fine particulate matter (PM2.5) air pollution. 

However, the demographic distribution of its resulting exposure is largely unknown. I estimate 

exposures to and health impacts of PM2.5 from electricity generation in the US, for each of the 

seven Regional Transmission Organizations (RTOs), for each US state, by income, and by race. I 

find that average exposures are highest for the Blacks, followed by Non-Latino Whites. Exposures 

for remaining groups (e.g., Asians, Native Americans, and Latinos) are somewhat lower. 

Disparities by race/ethnicity are observed for each income category, indicating that the 

racial/ethnic differences hold even after accounting for differences in income. Levels of disparity 

differ by state and RTO. Exposures are higher for lower-income than for higher-income, but 

disparities are larger by race than by income. Geographically, I observe large differences between 

where electricity is generated and where people experience the resulting PM2.5 health 

consequences; some states are net exporters of health impacts, other are net importers. For 36 US 

states, most of the health impacts are attributable to emissions in other states. Most of the total 

impacts are attributable to coal rather than other fuels. 
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 Introduction 
 

Fine particulate matter (PM2.5) is the largest environmental health risk in the United States 

(US) and globally.1,2 PM2.5 is associated with increased mortality rates from cardiovascular disease 

(ischemic heart disease and stroke), chronic obstructive pulmonary disease, and lung cancer.3-5  

Fuel combustion emits PM2.5 directly (“primary PM2.5”) as well as sulfur dioxide (SO2) and 

oxides of nitrogen (NOx), which can react with ammonia (NH3) in the atmosphere to form PM2.5 

(“secondary PM2.5”).6 The US Environmental Protection Agency (US EPA) estimates that in 2014, 

electricity generating units (EGUs) contributed 67% of SO2, 13% of NOx, and 3% of primary PM2.5 

emissions nation-wide.7 In 2014, coal-fired EGUs generated ~39% of the electricity in the US, and 

contributed to 97%, 86%, and 81%, respectively, of SO2, NOx, and PM2.5 total electricity 

emissions.7 Although the health damages associated with these emissions continue to be important, 

EGU emissions have declined in recent decades7,8 owing to environmental regulations9 and a 

transition from coal to natural gas driven largely by market prices. 

Existing estimates of annual PM2.5-related mortality from EGUs in the US include the 

following: (i) for year 2005: 52,000 (Caiazzo et al. 2013),10 41,500 (Dedoussi et al. 2014),11 19,000 

(Penn et al. 2017),12 38,000 (Fann et al. 2013);13 (ii) for year 2010: 17,050 (Lelieveld et al. 2015);14 

(iii) for year 2014: 10,400 (Tessum et al. 2019);15 and (iii) for year-2016 projected emissions: 

17,000 (Fann et al. 2013).13 Levy et al. (2009)16 modeled the monetized damages associated with 

407 coal-fired power plants in the United States. Buonocore et al. (2014)17 estimated monetized 

health impacts of PM2.5 from individual power plants and normalized to “per-ton emitted” using 

the Community Multiscale Air Quality (CMAQ) Model. Penn et al. (2017)12 also quantified 

impacts from EGUs by state, finding 21,000 premature mortalities per year from EGU emissions 

(PM2.5 and Ozone [O3]). Mortality estimates vary among studies owing to differences in methods, 

models, concentration-response functions, and years considered (total EGU emissions are 

decreasing over time).  

The consideration of how exposure to air pollution differs by demographic group is relevant 

to environmental justice (EJ).18 Several studies have estimated health-impact disparities for air 

pollution from various source sectors,19-27 but few studies have investigated EJ aspects of 

electricity generation in the US. Studying EGUs in the US, Levy et al. (2007)28 quantified health 
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benefits and the change in the spatial inequality of health risk for potential EGU pollution control 

strategies. They report 17,000–21,000 fewer premature deaths per year for hypothetical power-

plant control scenarios in the US that aim to determine optimal control strategies. Martenies et al. 

(2017),24 studying PM2.5 health disparities in Detroit, Michigan, reported disproportionate burdens 

to Hispanics/Latinos owing to industrial emissions, and to low-income populations owing to traffic 

emissions. Tessum et al. (2019) reported that, while minorities are exposed to air pollution, they 

consume less and so therefore are less “responsible” for industry generating those emissions.15 I 

are unaware of any prior national-scale investigation of EJ aspects of total PM2.5 from electricity 

generation.   

 

 Materials and methods  
 

I estimate PM2.5-related health impacts from fossil-fuel fired EGUs at the national scale, for 

each Regional Transmission Organizations (RTO), and – in terms of emissions and impacts (i.e., 

as a source vs receptor for pollution) – for each US state. I use year 2014 as the reference year. I 

characterize impacts disaggregated by race and income.  

US Regional Transmission Organizations (RTOs) are electricity power markets responsible 

for dispatching more than 60% of the net electricity generation in the US (eGRID 2014 & 2016).29 

The seven US RTOs are Midcontinent Independent System Operator (MISO), California 

Independent System Operator (CAISO), Electric Reliability Council of Texas (ERCOT), 

Southwest Power Pool (SPP), Pennsylvania-New Jersey-Maryland (PJM) Interconnection, New 

York Independent System Operator (NYISO), and New England Independent System Operator 

(NEISO). Coal intensity is greatest for MISO and SPP (>50% of generation comes from coal), 

followed by ERCOT and PJM (32% and 43%, respectively); the remaining RTOs (CAISO, 

NYISO, NEISO) are low-coal (<5%) (Figure B1; data from eGRID 2014).29 RTO demographics 

(Table B1) also differ by region; CAISO and ERCOT have >50% Non-White population. I use 

RTOs as one of the units of analysis because they represent important geographic regions for 

electricity generation; they generally carry out electricity dispatch, which strongly impacts fuel-

use and emissions; and, they typically operate and make decisions independently.30 
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Multiple air quality models are used in regulatory and research communities to link 

emissions with ambient concentrations, each with strengths and weaknesses.17,31-53 Chemical 

Transport Models (CTMs) represent a state-of-the-science understanding of atmospheric 

chemistry and physics; they provide the most robust estimates available (i.e., the most robust 

representation of chemistry and physics) when time and computational constraints are not 

limiting.49-53 CTMs are time and resource intensive. Reduced-complexity models (RCMs) are a 

less-intensive alternative.17,31-48 RCMs are potentially less accurate than CTMs, but their reduced 

complexity allows for far greater number of runs, thereby opening the door to sensitivity analyses, 

Monte Carlo approaches, longer simulation duration, and new understandings of source-receptor 

relationships. The RCM employed here – the Intervention Model for Air Pollution (InMAP)37 – 

employs smaller-sized grid cells than in conventional CTMs, thereby opening the door to the fine-

scaled analysis generally thought to be important for EJ questions. Analyses carried out here would 

not be feasible using a conventional CTM, with current computational capacity. Other studies have 

demonstrated that InMAP and other RCMs can answer questions that could not be modeled using 

conventional CTMs.28, 54-58  

Details of InMAP, including model design, operation, and validation, are available 

elsewhere.37,59 Briefly, InMAP is an Eulerian grid model that predicts the change in annual-average 

PM2.5 concentration attributable to a change in annual emissions, based on steady-state solutions 

to equations representing pollution emission, transport, transformation, and removal. InMAP’s 

representation of chemistry and meteorology is simplified relative to a conventional CTM, but it 

incorporates spatially-varying parameters (e.g., rate constants) that are obtained from a CTM 

simulation. InMAP reflects the spatially-varying rates of formation of PM2.5, based on the 

(spatially-varying) chemistry of the atmosphere (i.e., based on a CTM and a baseline [all-sources] 

emission inventory – here, the WRF-Chem model coupled with the National Emission Inventory 

[NEI]). Model runs carried out here focus only on emissions, concentrations, and health impacts 

from EGUs. The grid cell size in InMAP varies from 1 km × 1 km (typically in urban areas) to 48 

km × 48 km (typically in rural areas), depending on the gradient in population density and pollutant 

concentrations. As configured here, InMAP also incorporates information about population, 

demographics, and concentration-response functions; I therefore use it to estimate concentrations 

and health impacts from EGU-attributable PM2.5. Specifically, InMAP output for each grid cell 
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includes annual-average PM2.5 concentration (μg/m3), number of premature deaths by race and 

household income category, population size, and baseline mortality.  

For research questions considered here, InMAP requires three main inputs:  

(1) Annual emissions of VOC, NOx, NH3, SO2, and Primary PM2.5 for each EGU; I employ 

US EPA’s 2014 National Emission Inventory (NEI).7 For point sources such as the EGUs, the NEI 

provides stack attributes including height, diameter, temperature, and exit velocity.  

 (2) Census data on population (by block group) and household income (tract) for 2014 from 

the 2014 American Community Survey (ACS).60 Demographic groups given in the ACS are self-

reported White Non-Latino, White Latino, Black Non-Latino, Black Latino, Asian Latino, Asian 

Non-Latino, Native American Non-Latino, Native American Latino, mixed/other Non-Latino, and 

mixed/other Latino. In my summaries, “Non-White” refers to all categories except White Non-

Latino; “Black”, “Asian”, and “Native American” include both Latino and Non-Latino ethnicities. 

“Latino” refers to White Latinos, Black Latinos, Asian Latinos, Native American Latinos, and 

mixed/other Latinos (according to the Census, Latinos are 65% White, 31% mixed/other, 2% 

Black, 1% Native American, and 0.3% Asian). Census income data are divided into 16 income 

groups for each of six racial categories: White Non-Latino, White Latino, Black, Asian, Native 

American, and mixed/other race groups. Therefore, following the Census data, my summaries 

present income-based results for “White Latino” category and not all “Latinos”. I calculate the 

percentage of households in each income category in a given census tract and apply those 

percentages to population counts at the block group level (matching census tracts to the block 

groups that they contain) to calculate an estimate of people in each income group.  

(3) Baseline all-cause mortality data are for year 2014 from the National Center for Health 

Statistics (NCHS) Office of Analysis and Epidemiology (OAE) at the Centers for Disease Control 

and Prevention (CDC).61 Race-specific health impacts are calculated using all-cause mortality 

rates for the entire population of all age groups. My analysis does not differentiate impacts by age-

group. Literature-derived estimates of mortality rates and the concentration-response (C-R) 

function are not sufficiently robust to allow racial-ethnicity-specific values for those two 

parameters. Consistent with prior research11-17, 27 and in keeping with EPA norms,62-64 I assume 

that all PM2.5 particles are equally toxic. 
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I employ an expression derived from Krewski et al. (2009)65 for my PM2.5 concentration-

response function, which is used to estimate PM2.5-related health impacts (Cox proportional 

hazards model): 

Number of premature deaths = �e(PM2.5 
Linear Coefficient×[PM2.5]) − 1� × P × All−Cause Mortality Rate

100,000
. 

Here, PM2.5 Linear Coefficient is assumed to be ln(1.078)/10 = 0.00751, i.e., a 7.8% increase in 

the number of premature deaths for every 10 g/m3 increase in the concentration of PM2.5. [PM2.5] 

is the concentration of PM2.5; P is total population. Mortality is then estimated as:  

Deaths per 100,000 people = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑ℎ𝑠𝑠
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃

 × 100,000. 
 

I estimate premature mortality at the national scale, for each RTO, for each US state, and 

for each race/ethnicity and race/ethnicity-income group. I run InMAP for all EGUs to estimate 

impacts at the national scale. I also run InMAP separately for coal-fired EGUs, natural gas-fired 

EGUs, and all other fuel-type EGUs, to estimate impacts by fuel-type at the national scale. Finally, 

I apportion health impacts by constituents of PM2.5 at the national scale: primary PM2.5, particulate 

SO4 (pSO4), particulate NO3 (pNO3), particulate NH4 (pNH4) and secondary organic aerosol 

(SOA; caused by VOC emissions). I run InMAP separately for each RTO. For each of 49 

geographies in the contiguous US (i.e., the 48 states plus the District of Columbia – for brevity I 

refer here to these 49 geographies as “states”), I use the InMAP Source-Receptor Matrix (ISRM) 

to estimate impacts from EGUs within and across state boundaries.66 Total number of premature 

deaths – by race & income – are aggregated by RTO and by state. In some cases, analyses are 

constrained by available Census data. For example, Census data on ethnicity are available for 

Whites, Blacks, Asian, Native Americans, and mixed/other groups – i.e., each racial group is 

differentiated by ethnicity (Hispanic-origin status). In contrast, for combined race & income data, 

demographic data is differentiated by Hispanic origin for Whites only, not for other races; results 

by income categories are available for six racial/ethnic categories (White Non-Latino, White 

Latino, Black, Asian, Native American, and mixed/other race groups), reflecting the race-income 

data available from the US Census. If robust, more-detailed demographic information were 

publicly available, it would be straightforward to update my estimates. 

 Population-weighted concentrations are calculated as follows: 
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Population weighted average PM2.5 concentration = ∑ 𝑃𝑃𝑖𝑖[𝑃𝑃𝑃𝑃2.5]𝑖𝑖
𝑛𝑛
𝑖𝑖=1

∑ 𝑃𝑃𝑖𝑖
𝑛𝑛
𝑖𝑖=1

 

Here, Pi is the number of people of a specific demographic group in grid cell i, [PM2.5]i is 

concentration in grid cell i, and n is total number of grid cells. 

Damages are presented in terms of three types of metrics:  

a) I compute total damages in terms of deaths by aggregating deaths (from total PM2.5) in 

each grid cell for each state, RTO, and nationally, and each race/ethnicity and 

race/ethnicity-income group in each spatial scale. For mortality rate in terms of deaths per 

100,000 people, health impacts are normalized to the respective population in each 

geographic scale, race/ethnicity and race/ethnicity-income groups. 

b) I estimate “risk gap” for state-level mortality estimates to quantify the difference in 

environmental health risk (deaths per 100,000 people per year) between the most and least 

exposed group in a state. The advantage of this metric is that it does not force a preselection 

of specific groups to compare (e.g., Blacks relative to Whites, Asians relative to 

population-average, lowest-income relative to highest-income) but instead is flexible 

across geographies to which groups are most and least exposed in that location (i.e., only 

in that US state). 

c) I compute the deaths per unit of electricity service provided (deaths per TWh) for state, 

RTO, and nationally. This metric facilitates nationwide comparisons of the impacts of 

EGUs.  

 

 Results 
 

3.4.1 Total premature deaths and deaths per unit of electricity: nationally, regionally, and 
by state 

 

Total national damages: For 2014, I estimate ~16,400 PM2.5-related premature deaths 

attributable to EGUs, for an average of ~4 deaths/TWh electricity generated, corresponding to a 

total national population weighted estimate of ~0.82 μg/m3 of EGU-PM2.5. Most of the deaths 
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(~14,200 deaths, or ~86%; see Table 1) are attributable to EGUs that are in an RTO (the rest are 

caused by EGUs that are not in an RTO).  

Deaths per unit energy generated (Table 1) vary substantially among regional grids – by 

up to a factor of ~30 (MISO vs CAISO) – with higher values in coal-heavy grids (MISO, SPP). 

Total attributable premature deaths vary even more by state (Table B2), from ~1,850 deaths/year 

(Pennsylvania) to ~1 death/year (Montana). Among states, deaths per unit electricity generation 

(units: deaths/TWh) for each state (Table B3) varies, from 0.02 (Vermont) to 14 (Indiana).  

 

Table 3.1 Estimated deaths per unit electricity generation, by RTO. 

RTO 
Annual net generation 

(TWh)† 

Total deaths 

attributable to 

RTO’s emissions 

Percent of generation by fuel† 

Total 

deaths 

Deaths 

per 

TWh 

Coal 
Natural 

gas 

Oil, 

biomass, 

and other 

fossil fuels 

CAISO 170 45 0.3 0.5% 59% 4% 

ERCOT 365 1788 4.9 32% 46% 0.7% 

MISO 691 5649 8.2 56% 19% 4% 

NEISO 110 48 0.4 5% 43% 10% 

NYISO 140 162 1.2 3% 42% 4% 

PJM 809 4868 6.0 43% 17% 2% 

SPP 238 1599 6.7 59% 19% 0.8% 
† From year-2014 in eGRID.30 

Of the ~16,400 premature deaths from EGUs nationwide, I estimate that the vast majority 

(~15,200, or ~93%) are from coal EGUs, ~800 (5%) from natural gas EGUs, and ~460 from other 

fuel EGUs (Figure B2). Similar patterns hold in most states: coal-fired EGUs are the largest 

contributor to total EGU-PM2.5 deaths (Table B4). Nationally, most EGU-PM2.5 impacts (~73%) 
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are from pSO4, which is dominated by sulfur emissions from coal EGUs; contributions by other 

species (Figure B3) are 15% (pNO3), 11% (primary PM2.5), 1% (pNH4), and ~0% (SOA).  

 

3.4.2 Differences in damages by demographic group 
 

Race. I find that year-2014 mortality rates from EGU-PM2.5 are largest for Black people, 

second-largest for White Non-Latino people, and lower-than-average for Asians, Native 

Americans, and Latinos (Figure 1). Differences by race vary by RTO (Figure B4) and species 

(Figure B5). 

 

Figure 3.1 Deaths per 100,000 people, attributable to PM2.5 from electricity generation in the US 
in 2014. 

The overall average mortality rates from EGU-PM2.5 are 5.3 for all people, 6.6 for Blacks, 

5.9 for White Non-Latinos, and 3.6 averaged across the remaining groups (Figure 1). I assessed 

the spatial distribution of EGU-caused premature deaths per km2 across the US by race-ethnicity 

groups (Figure B6 [A, B, C]) and find areas where groups have largest impacts. For example, for 
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Native Americans, the largest premature deaths per km2 are, e.g., in western Oklahoma. 

Subdividing by fuel-type (Figure B7) reveals that Blacks are the most-exposed group for all three 

fuel categories. For natural gas emissions, exposures are higher than average for Blacks, Asians, 

and Latinos, and lower than average for White Non-Latinos. For coal emissions, relative exposures 

are similar to Figure 1 except Native Americans are slightly more exposed to coal emissions than 

Asians are.  

Income & Race. Differences by race are observed across all income categories (Figure 2). 

Thus, differences by race/ethnicity (Figure 1) are not “merely” income differences; race/ethnicity 

differences are present even after accounting for differences in income (Figure 2).  

On average, exposures are higher for lower-income households than for higher-income 

households. Considering Figure 2 (deaths per 100,000 people attributable to EGU-PM2.5), the 

difference between most- and least-exposed income group is ~1.0 for the overall population; the 

same difference is 1.5 for White Non-Latino, 0.9 [Black], 0.3 [White Latino], 0.5 [Asian], 0.9 

[Native American], and 0.8 [mixed/other]. The difference between most- and least-exposed race 

is 3.6 for the overall population, 4.0 for lowest-income, and 2.8 for highest-income. Thus, 

differences by race are larger than differences by income. 

Based on results in Figure 2, if I calculate the risks by race, but making the adjustment that 

all race/ethnicity groups have an income distribution equal to the national average distribution, 

then mortality rates from EGU-PM2.5 (deaths per 100,000 people) would be 5.3 for all people, 6.4 

for Blacks, 5.9 for White Non-Latinos, and 3.2 averaged across the remaining groups. Here too, 

analyses reveal that exposure differences by race are observed even after accounting for income 

differences.  

Race-income results differ substantially by RTO (Figure B8); for example, exposures are 

higher for White Non-Latino income-groups than for Black income groups for CAISO, MISO, 

NEISO, and SPP, but not ERCOT, NYISO, and PJM.  
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Figure 3.2 Deaths per 100,000 people by income groups among White Non-Latino, White Latino, 
Black, Asian, Native Americans, and mixed/others. Icon area is proportional to the population size. 

  

I estimate exposures for the household income groups in each state from EGU-PM2.5 

emissions in the entire US; Figure 3 shows the most-exposed income category in each state and 

the risk gap (premature deaths per 100,000 people) between most and least exposed household 

income group. The “$10,000 - $15,000 per year” household income category is the most-exposed 

category for 19 out of 49 states (risk gap varies between 0.06 – 3.6 for these 19 states). Overall, 

low-income categories are most exposed in a majority of the states [38 states], followed by middle-

income [5 states], and upper-income [6 states]. The gap between most- and least-exposed 

household income category is sizeable (>2 premature deaths per 100,000 people) in only three 

states (Maryland [3.5], Virginia [3.6], Indiana [2.9]; total population = 21 million).  
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Figure 3.3 Most exposed household income group in thousand US dollars (for overall population) 
and risk gap (units: deaths per 100,000 people, attributable to EGU-PM2.5 from all EGUs in the 
US) between the most and least exposed household income group in each US state. The income 
group that is the most exposed is shown for states where the gap in mortality rate is greater than 1 
death per 100,000 people. The remaining states are unlabeled because the gap between most- and 
least-exposed income group is small (less than 1 per 100,000 people). A version of the map 
displaying labels for all states is in Figure B9. Risk gap is shown by color gradation.  

 

3.4.3 Health damages by state 
 

My results estimate EGU-PM2.5 health impacts, with each state as a source and a receptor 

of pollution (Figure 4). The maps reveal geographic differences between where EGU emissions 

are produced and where exposures and health impacts are experienced. For example, Texas 

experienced an estimated total of ~1360 EGU-PM2.5 premature deaths in 2014 (Figure 4A), most 

of which (~1160, or >80%) are attributable to EGU emissions occurring inside Texas (Figure 4B); 
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the remainder (~200/y deaths in Texas) were attributable to PM2.5 in Texas caused by EGU 

emissions outside of Texas. EGU emissions in Texas caused an additional ~524 deaths/y in states 

other than Texas (Figure 4C). Thus, Texas is a net exporter of EGU-PM2.5 deaths: the number of 

premature deaths/y caused by Texas EGU emissions (~1684; the sum of ~1160 in-state plus ~524 

out-of-state) exceeds the number of EGU-PM2.5 premature deaths in Texas (~1360) by ~325 

(Figure 4D). For some states (e.g., Arizona), damages from their EGU emissions are large in many 

downwind states; for other states (e.g., Washington), damages are more local (Figure B10 A). As 

expected, many of the net importing states are on the East Coast (Figure 4D). A bar chart of Figure 

4 (Figure B11) reveals comparison between health impacts among different states.  

States with the largest EGU-PM2.5 mortality are Pennsylvania, Texas, Ohio, New York, 

Indiana, Virginia, Maryland, Kentucky, North Carolina, New Jersey, Illinois, and Florida; states 

with the smallest values are New Hampshire, South Dakota, Nevada, New Mexico, Maine, 

Arizona, Utah, North Dakota, Vermont, Wyoming, Oregon, Idaho, and Montana. The states with 

the largest import-export mortality imbalance are New York, Virginia, Maryland, New Jersey, 

North Carolina, and Ohio, which are net importers, i.e., the impacts from other states exceed 

impacts onto other states; Missouri, Texas, Kentucky, Illinois, West Virginia, and Indiana are the 

largest net exporters (i.e., the impacts to other states exceed impacts from other states). Among the 

largest net importing states, New York, Maryland, and New Jersey import the largest share of out-

of-state impacts from Pennsylvania [29%, 36%, and 49% respectively], North Carolina’s largest 

share of out-of-state impacts comes from Kentucky [16%], Ohio from Indiana [37%], and Virginia 

from West Virginia [20%]. A similar number of states are net importers versus net exporters of 

EGU-PM2.5 mortality (24 states and 24 states, respectively); importers (exporters) are more likely 

to be found in the Eastern (Western) portion of the US. 

My results reflect that EGU emissions travel great distances. For example, when 

considering states as receptors, in 39 states, a majority (>50%) of EGU-PM2.5 mortality is 

attributable to EGU emissions in other states (Figure B12). When considering states as sources, in 

35 states, a majority (>50%) of the state’s EGU-PM2.5 mortality impacts occur outside of that state 

(Figure B10 B). 
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Figure 3.4 Deaths from EGU-PM2.5 by state. (A) Total deaths in each state from EGUs throughout 
the US, (B) total deaths in-state from EGUs in that state, (C) total deaths out-of-state from EGUs 
in that state, (D) Net imports (negative values) or exports (positive values) of deaths. Values in D 
are calculated as B + C – A. Range limits for color bars in A, B, and C are by quantiles. 

 

3.4.4 Variations by geography and race 
 

Regional Transmission Organizations. The most-impacted race/ethnicity varies by RTO 

(Figure B13): White Non-Latino for NEISO; Asian [CAISO and NYISO]; White Latino 

[ERCOT]; Black [PJM and MISO]; and Native American [SPP]. MISO and SPP (the two RTOs 

with >50% of generation from coal; Table 1) are the only RTOs where more than 50% of total 

premature deaths occur outside RTO boundaries (Figures S14 and S15).  

States.  Environmental justice aspects of EGU-PM2.5 vary by state and by EJ metric 

employed (Figure 5, Figure B16, Table B5). For example, the impacts in Texas from nationwide 
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emissions are greater for Blacks than any other race-ethnicity group, with a gap of ~2.4 

deaths/100,000 people between the most (Black) and least exposed group (White Latino). In 

contrast, in Oklahoma impacts are greatest for Native Americans, with a gap of ~2.1 

deaths/100,000 people between the most (Native American) and least exposed group (Asian). 

Among the seven states with the largest gaps by race (Figure 5 value >2 premature deaths per 

100,000 people), one can find examples where the most-exposed group is White Non-Latino 

(Maryland, Pennsylvania, Virginia), Black (Kentucky, Texas), White Latino (Mississippi), and 

Native American (Oklahoma); in total, these seven states comprise 64 million people (compared 

to 21 million people in the three analogous states from Figure 3 [i.e., the three states in Figure 3 

with risk gap >2]). A map, analogous to Figures 3 and 5, but combining race/ethnicity and income, 

is in the SI (Figure B17). Impacts within each state by fuel-type and race-ethnicity are in Table 

B6.  

 

Figure 3.5 Most exposed racial-ethnic group and risk gap (units: deaths per 100,000 people) 
between the most and least exposed racial-ethnic group in each US state from total EGU-PM2.5 
emissions in the entire US. Race-ethnicity labels are displayed for states with a gap in mortality 
rate greater than 1 death per 100,000 people. The remaining states are unlabeled because the gap 
between most- and least-exposed race-ethnicity group is relatively small (less than 1 per 100,000 
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people). A version of the map displaying labels for all states is in Figure B17. Risk gap is shown 
by color gradation.  

 

 Discussion and conclusions 
 

Previous studies have estimated the total damages associated with PM2.5 from the US 

electricity sector. This work complements those findings by systematically analyzing the damages 

for different geographical boundaries (RTOs and states) and for different demographic groups 

(race and income).  

I find that Blacks are disproportionately affected by EGU PM2.5 nationally, but most-

exposed race/ethnicity varies by state and by RTO. Differences by race/ethnicity hold across all 

income groups. Exposures are higher for lower-income than for higher-income households, but 

differences by race/ethnicity are larger than differences by income.  

A substantial portion of the health risks in most states is attributable to out-of-state 

emissions, reflecting that EGU-PM2.5 is a long-range pollutant. Some states are net imports of 

harm, others are net exporters. Regarding issues related to cross-state damages, EPA regulations 

such as the Cross-State Air Pollution Rule (CSAPR)67 address air pollution from upwind states 

that crosses state lines and affect air quality in downwind states. My findings highlight the inter-

state nature of EGU-PM2.5 impacts: PM2.5 mortality impacts in a state often are highly impacted 

by out-of-state EGU emissions.  

My estimate of total premature deaths (~16,400 EGU-PM2.5 premature deaths in 2014) is 

on low end of the range given in the literature (see above); reasons include (1) reduced emissions 

in 2014 relative to 2005, and (2) differences in concentration response functions used in other 

studies (see below). 

My investigation considers exposure and health impacts from EGU-PM2.5, instead of 

proximity to EGUs as considered by previous studies.68 Previous work68 reported that the 

proportion of the population living within 30 miles of a power plant is greater for blacks than 

whites. Power plants are mostly located in rural areas, but the long-range transport of emissions 

can impact downwind population groups at varying magnitudes and distances. In considering 

effective policy for reducing EGU impacts and disparities in impacts, it is important to consider 
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the spatial distribution of emissions and populations, and the long-range transport of PM2.5 and its 

emission precursors.  

Future research could usefully explore the impact on results of (1) alternative models and 

modeling approaches, (2) grid-cell size, (3) alternative concentration-response functions (e.g., a 

supra-linear C-R), or allowing the C-R to vary by source, geography, or chemical components,69-

72 (4) health impacts of tropospheric (i.e., ground-level) ozone (O3) formation from NOx and VOCs 

emissions from EGUs, and (5) updated emissions for more recent year, such as 2017 NEI 

emissions. 

Paolella et al. (2018)73 demonstrated the importance of fine spatial resolution for 

identifying and quantifying exposure disparities. My approach employs a reduced-complexity air 

quality model (InMAP; ISRM) that uses variable resolution grid (i.e., spatially fine grid in high 

population density areas). Thus, while my approach addresses the needs identified by Paolella et 

al. (2018)73 (i.e., smaller-scale grid cells), I hypothesize that grid-cell size is less important for 

issues considered here because (1) EGUs typically have tall stacks, which spread pollution and 

reduce the relative importance of local conditions, and (2) EGU-PM2.5 is a long-range pollutant 

(secondary PM2.5 formation is dominated by emissions of SO2, which typically takes several days 

to transform into PM2.5). Future research could test whether results seen here are also observed 

using other RCMs74 or a conventional CTM. 

My study employs the mortality hazard ratio of 1.078 for all-cause mortality from the 

American Cancer Society (ACS) re-analysis study (Krewski et al. 2009)65 to estimate premature 

deaths using a linear C-R function with no threshold. This C-R function is considered a US EPA 

standard and is commonly used in regulatory and academic air quality research.54,75,76 To 

understand the impact of alternative mortality hazard ratios on the premature deaths calculated in 

this work, as a sensitivity analysis I use values from Lepeule et al. (2012) (i.e., reanalysis of the 

Harvard Six Cities (H6C) study) [1.14, 95% CI=1.07-1.22],77 Vodonos et al. (2018) [1.129, 95% 

CI=1.109–1.150],78 and Pope et al. (2019) [1.12, 95% CI=1.08–1.15].79 These alternative hazard 

ratios increase the national premature deaths estimated in this work substantially: by 75% [Lepeule 

et al. (2012)], 62% [Vodonos et al. (2018)], and 51% [Pope et al. (2019)]. Future research in the 

PM2.5 C-R functions may benefit from relationships that are specific to source sector, geographical 

region, or chemical constituents. Straightforward interpretation of the values individually reported 
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by those three studies suggests an uncertainty of up to a factor of 2 (i.e., for Lepeule, the lower CI 

relative to the central estimate) if considering the 95% CIs, an uncertainty of 17% if considering 

just the three central-tendency estimates used in this sensitivity analysis, and an uncertainty of up 

to 75% if comparing those three studies against my base-case predictions. Detailed quantification 

of uncertainty in the C-R, via meta-analysis or other techniques, is outside the scope of research 

for this article, however, these comparisons suggest that my results are conservative, i.e., likely 

underestimate the true health impacts from air pollution.         

Health impacts of ozone from electricity generation have been previously modeled for the 

year 2005 and are estimated to be much smaller (~1-10% of the total impacts from EGUs in the 

US) than PM2.5-related impacts.10,12,13 I studied year-2014 because it reflects the most current, well-

vetted NEI dataset available. Emissions and population patterns may differ for year-2014 than for 

more-recent (and, future) years, which would impact results here. In general, electricity generation 

has lower emissions and uses less coal today than in 2014.80 For that reason, total deaths/y from 

EGU-PM2.5 are likely lower for present-year than for 2014. 

My analysis could be extended to other specific sectors of the economy. I hope that results 

here are useful for scientists and policymakers to understand and address disparities in air pollution 

exposure by race, income, and geography. Reductions in EGU emissions and EGU-PM2.5 would 

not only save lives, but also can reduce environmental and health inequalities. 

 

 

 

 

 



53 
 

Chapter 4 

4 Health and climate impacts from inter-
state road, rail, water, and air freight 
transportation in the United States. 

Accessing PM2.5 and CO2 impacts by 
mode, route, and emission species 

 

 

 Abstract 
 

Fine particulate matter (PM2.5) and carbon dioxide (CO2) emissions from on-road (e.g., 

heavy-duty trucks) and non-road (e.g., freight rail, barge, and freight (cargo) aircraft) modes of 

freight transportation contribute to human health and climate impacts. In this research, I quantify 

and compare health (PM2.5) and climate (CO2) impacts from inter-state freight transportation in 

the contiguous United States (U.S.) by four modes: heavy-duty truck (“truck”), freight rail (“rail”), 

barge, and freight aircraft (“aircraft”). I explore exposure disparity between different racial-ethnic 

groups resulting from inter-state freight movement. This is a first comprehensive study to compare 

overall health, climate, and economic impacts and exposure disparity from all four freight modes 

in the U.S. I find that, overall, aircraft poses the greatest health, climate, and economic damages 

and exposure disparity per unit mass of freight moved. Among the non-aircraft modes, rail has the 

greatest health impacts and exposure disparity and lowest climate impacts per unit freight mass. 

Truck has the lowest health impacts and exposure disparity (and barge) among all modes and 

greatest climate impacts among the non-aircraft modes. Barge has slightly greater health impacts 

than truck and greater climate damages than rail. Among the non-aircraft modes, total combined 

health and climate-related economic damages are greatest for truck followed by rail and lowest for 

barge. I find that average exposures from truck and rail are the highest for white non-Latinos, barge 

exposure is highest for blacks, and aircraft exposure is highest for mixed/other race groups. Level 
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of exposure and disparity among racial-ethnic groups vary in urban and rural areas. This research 

can be useful to shipping companies, transportation planners, and policymakers to incentivize 

freight choices in the future based on combined overall impacts from freight modes rather than 

only climate impacts.  

 

 Introduction 
 

Freight transportation plays an important role in the economy of the United States (U.S.) by 

moving goods across regions.1,2 In 2018, the U.S. transportation system moved a daily average of 

about 51 million tons of freight valued at more than $52 billion.1 U.S. Department of 

Transportation projects significant growth in freight ton-miles by truck [48%], rail [9%], water 

[19%], and air [110%] between 2018 and 2045.3 With rise in the e-commerce industry in the recent 

years, reliance on freight modes is expected to increase substantially now and in the near future. 

Shipping and e-commerce companies usually incentivize the mode selection based on the climate 

impacts and usually do not consider air quality and health impacts of freight modes.4,5,6 A 2013 

report by the U.S. Department of Energy (DOE)’s highlighted potential of truck-to-rail modal shift 

due to higher efficiency of rail than truck.7 It is important to compare the overall impact of freight 

modes by considering both health and climate impacts.  

About 40% of total U.S. transport energy consumption in 2018 was used for transporting 

freight from one place to another by commercial and freight trucks [24%], aviation [9%], marine 

[4%], and trains and buses [3%].8 These freight modes are mostly driven by diesel engines except 

the aircrafts for which energy is provided by combustion of kerosene (also called, “petroleum jet 

fuel”). Diesel and kerosene exhaust emissions contribute to the formation of fine particulate matter 

(PM2.5) – a regulated pollutant known to have the largest air quality health impacts in the U.S. and 

globally by causing increased mortality from respiratory and cardiovascular diseases among 

human population.9,10 The exhaust emissions comprise of “primary” PM2.5 (emitted directly) and 

precursor pollutants – sulfur dioxide (SO2), oxides of nitrogen (NOx), and volatile organic 

compounds (VOCs) that react in the atmosphere to form “secondary” PM2.5. Ammonia (NH3) is 

emitted through “ammonia-slip” from emission control equipment fitted in the vehicles. The U.S. 

Environmental Protection Agency (U.S. EPA) estimates that in 2014, transportation sector 
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contributed 58% of NOx, 7% of VOCs, 7% of primary PM2.5, 5% of SO2, and 3% of NH3 emissions 

nationwide.11 In 2014, diesel heavy-duty vehicles, rail, commercial marine vessels, and aircraft 

combined contributed to 87%, 50%, and 43%, respectively, of SO2, NOx, and primary PM2.5 total 

mobile emissions.11 Freight transportation also impacts climate by emitting greenhouse gas carbon 

dioxide (CO2) and is responsible for 29% of the total greenhouse gas emissions from the U.S. 

transportation sector of which CO2 accounts for nearly all the share.1  

Previously, health impacts of combustion emissions from U.S. transportation sector have 

been significantly studied by research community at different scales: global, regional, and local.12-

23 Table 4.1 shows the summary of research articles. Little research has linked freight emissions 

with health impacts. Only three articles (7, 11, and 12) in the Table 4.1 have specifically studied 

freight transportation but limited to only land freight transport. Studies like Caiazzo et al. (2013)16 

presents aggregate impact of annual emissions from land, marine, and rail transport (based on 

county-level 2005 NEI data) irrespective of their usage (freight/passenger). Two studies focused 

on quantifying exposure from freight-related emissions, Liu et al. (2019)22 and Pan et al. (2019)23 

quantifies health impacts from heavy-duty truck and freight rail an do not analyze all freight modes 

(including barge and freight aircraft). These studies do not perform individual route analysis but 

present aggregate impacts from heavy-duty truck and freight rail.  

 No single study makes complete assessment of comparison between health and climate 

impacts of all four modes of freight transport: road, rail, water, and air. Additionally, existing 

knowledge of air quality and climate impacts from freight transportation is limited to total impacts 

and have not been explored impacts for each route. Environmental justice impacts of pollutants 

originating from transportation sources have been previously studied but not specific to freight 

transportation. Clark et al. (2017) explore disparities in exposure to outdoor NO2 concentrations 

the U.S. and found that non-whites are exposed to higher NO2 concentrations than whites.24 

Houston et al. (2016)’s study focused in California finds that minority and high-poverty 

neighborhoods bear over two times the level of traffic density compared to the rest of the Southern 

California region, which may associate them with a higher risk of exposure to vehicle-related 

pollutants.25 There has been no effort to quantify PM2.5 health disparities specifically arising from 

freight transportation.  
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Table 4.1 Summary of research articles looking at impacts from transportation sector by mode 

 Research 
article 

Spatial 
modeling 
domain 

Modes or sub-
sectors 
analyzed 

Summary of total PM2.5 impacts Specific 
freight 
modes 
analyzed? 

1.  Corbett et al. 
(2007)12 

Global, 
continents 

Oceangoing 
ships  

Shipping-related PM emissions are 
responsible for approximately 60,000 
annual cardiopulmonary and lung 
cancer deaths globally 

No 

2.  Barrett et al. 
(2010)13 

Global, 
selected 
countries 

Aircraft Full-flight aircraft emissions result in 
∼10,000 premature mortalities per 
year globally, out of which ∼8000 
premature mortalities per year are 
attributable to aircraft cruise emissions 
(i.e. remaining are from landing and 
takeoff cycle [LTO] emissions) 

No 

3.  Fann et al. 
(2012)14 

U.S. Combined 
aircraft, 
locomotives, 
and marine 
vessels 

Showed benefits of $210,000, $41,000, 
and $4,400 for reducing a ton of 
primary PM2.5, SO2, and NOx 
respectively from combined aircraft, 
locomotives, and marine vessels sector 
in year 2005 

No 

4.  Fann et al. 
(2013)15 

U.S. Mobile 
sources 
combined 

PM2.5 and O3 related deaths attributable 
to mobile sources were ~29,000 and 
~19,300 in modeled year 2016 

No 

5.  Caiazzo et 
al. (2013)16 

U.S. Road, marine, 
and rail 

PM2.5-related annual deaths in 2005 
were 52,800 from road, 8,300 from 
marine, and 4,500 from rail 
transportation  

No 

6.  Dedoussi et 
al. (2014)17 

U.S. Road, marine, 
and rail 

Attributed PM2.5 exposure and 
premature deaths from road, marine, 
and rail transportation to emissions 
species, time of emission, and location 
of emissions.  

No 

7.  Bickford et 
al. (2014)18 

Midwestern 
U.S.  

Truck and rail 
freight  

Presented air quality benefits (in terms 
of changes in concentration) of shifting 
freight from truck to rail in the upper 
Midwestern U.S. 

Yes 

8.  Yim et al. 
(2015)19 

Global, 
continents, 
and airports 

Civil aviation 2,150 premature deaths per year in 
North America due to the population 
exposure to aviation attributable PM2.5 

and ozone, from which 43% were 
found to be attributable to the LTO 
portion of emissions.  

No 
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9.  Galvis et al. 
(2015)21 

Region: 
Atlanta, 
Georgia 

Rail Quantified the impact on local air 
quality from two rail yards in Atlanta 
before and after conversion to a low 
emission technology using AERMOD 
modeling 

No 

10.  Liu et al. 
(2019)22 

U.S. Freight truck 
and rail  

Presented PM2.5-related health impacts 
from urban short-haul trucks, rural 
short-haul trucks, long-haul trucks, and 
long-haul rail across U.S. using 
InMAP 

Yes 

11.  Pan et al. 
(2019)23 

U.S. Freight truck 
and rail 

Studied air quality and public health 
impacts of projected freight-related 
emissions in year 2050 under three 
scenarios 

Yes 

 

 Present state of knowledge does not answer a policy question: which freight mode has the 

least health and climate impacts and exposure disparity from transporting a unit mass of freight 

from origin to destination? Given the complexity of various factors among different modes such 

as emission intensity, spatial pattern of routes for each mode, mileage, and variable population 

density across space, it is not clear which freight mode has least impact on human health, climate, 

and exposure disparity. Using freight data from U.S. DOT and air quality modeling capabilities of 

a novel air quality model, Intervention Model for Air Pollution (InMAP),26 I compare health and 

climate impacts and exposure disparities between all four modes of freight transportation: road, 

rail, water, and air. 

 

 Methods and data 
 

In this work, I compare impacts from four freight modes: Combination long-haul heavy-duty 

truck, freight rail, barge, and freight aircraft. For brevity, I refer here to combination long-haul 

heavy-duty truck as “truck”, freight rail as “rail”, and freight aircraft as “aircraft”. My methods are 

based on origin-destination (O-D) pairs from the U.S. DOT’s Freight Analysis Framework (FAF) 

data,3 modal network data from National Transportation Atlas Databases (NTAD),27 emission 

factors for each mode derived from the Argonne National Laboratory’s Greenhouse Gases, 

Regulated Emissions, and Energy Use in Transportation (GREET) model 28 and U.S. EPA’s Motor 

Vehicle Emission Simulator (MOVES) model29 (except ammonia emissions, which are derived 
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from literature), mode routing using ArcGIS software,30 and air quality modeling using 

Intervention Model for Air Pollution (InMAP).26 

 

4.3.1 Freight Analysis Framework (FAF) data 

 

The Freight Analysis Framework (FAF) data, produced through a partnership between US 

Bureau of Transportation Statistics (BTS) and Federal Highway Administration (FHWA), 

provides a comprehensive picture of freight movement between major metropolitan areas (also 

called FAF regions) and states by all modes of transportation.2,3 I use the FAF version 4 (FAF4) 

data for year 2017 which provides estimates for tonnage, ton-miles, and value by FAF regions and 

mode.3 Data is provided for freight movement between 132 FAF regions. In this work, I only focus 

on the inter-regional (FAF) freight transport due to non-availability of origin and destination 

locations of freight transport within FAF zones. But I find that majority of ton-miles movement 

within FAF zones is inter-regional (most are mostly inter-state) rather than intra (within) regional: 

percentage of total ton-miles movement between different FAF zones is 84% for truck, 99% for 

rail, 97% for water, and 98% for air. 

The FAF4 database provides ton-miles of freight transported between specific origin-

destination pairs, by mode. For analysis in this research, I select all inter-FAF origin-destination 

(O-D) pairs across contiguous U.S. for truck, rail, water, and air transport; there are 16,293 inter-

state FAF O-D pairs for truck, 4,875 for rail, 732 for water, and 7,913 for air.  

 

4.3.2 Geospatial data from the National Transportation Atlas Databases (NTAD) 

 

The geospatial route data for O-D pairs is not available from the FAF data. I use the spatial 

data for roads and highway network, railways, waterways, and runways from National 

Transportation Atlas Databases (NTAD) developed by the Bureau of Transportation Statistics, 

U.S. Department of Transportation.27 NTAD provides spatial information for transportation modal 

networks – highways & roadways, rail, navigable waterways, and airport runways, Freight 

Analysis Framework (FAF) regions, and Intermodal Terminal Facilities. FAF regions consist of 

portions of large metropolitan areas based on their size (in terms of business activity) or their 
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importance as a transportation hub. Intermodal Terminal Facilities are the locations where freight 

can be transferred between modes of transportation. Figure C1 in appendix shows the geospatial 

network data used in this work. NTAD does not provide flight path data for aviation transport – it 

only provides spatial data (polyline) for airport runways.  

 

4.3.3 Modal routing 
 

I use ArcGIS’s network analyst tool to perform routing of truck, rail, and barge to find the 

shortest route between origin and destination for an O-D pair on roads and highways, rail lines, 

and waterway network, respectively. For routing aircrafts, shortest flight path between airports is 

assumed to be a great-circle distance (i.e., length of flight = great-circle distance).31 I assume a 

great circle path at an average cruise height of 11 km (~35,000 ft) for a flight path.32 A simplified 

landing and take-off (LTO) cycle is used for an aircraft based on the LTO cycle in the International 

Civil Aviation Organization (ICAO)’s air quality manual (Figure 4.1).33 ICAO’s full LTO cycle is 

included in the appendix in Figure C2. I use minimum landing and take-off slope assumptions 

from the U.S. DOT’s Federal Aviation Administration (FAA)’s Aeronautical Information 

Manual.34  LTO cycle is typically assumed 0.914 km above ground level which also corresponds 

to a typical planetary boundary layer height, within which pollutants mix rapidly (also called 

“mixing height”).33,35 The shapefile input to InMAP for aircraft includes airport runway, LTO 

cycle, and great-circle path from origin to destination.  My assumptions for shortest paths for truck, 

rail, barge, and aircraft result in total miles that are in approximate range of total miles estimated 

in the FAF data (Table C1).  

 

 

Figure 4.1 Side view projection of a simplified LTO Cycle used in this analysis 
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4.3.4 Emission factors for truck, rail, barge, and aircraft  

 

I use NOx, SO2, VOC, primary PM2.5, and CO2 emission factors in terms of kg per ton per 

mile from the Argonne National Laboratory’s GREET model for each mode (Figure 4.2).28 Fuel 

assumptions for each mode in accordance to current U.S. EPA’s sulfur standards (ultra-low sulfur 

diesel for highway vehicles and non-road engines) are:36 

(1) Heavy-duty truck: Low-sulfur diesel (sulfur (S) content = 11 ppm) 

(2) Freight rail: Diesel for non-road engines (S content = 11 ppm) 

(3) Barge: Diesel for non-road engines (S content = 11 ppm) 

(4) Aircraft: Conventional jet fuel (S content = 700 ppm) 

 

NH3 emission factor for truck is estimated using U.S. EPA’s MOVES model29 and for rail 

and barge from other U.S. EPA studies.37,38  

Aircraft emission factors are used from GREET model (GREET model procures aircraft 

emission factors from U.S. DOT Volpe Center’s Aviation Environmental Design Tool (AEDT))39. 

GREET provides cruise and LTO emission factors for four AEDT aircraft types, categorized based 

on distance travelled by each type: Single Aisle, Small Twin Aisle, Large Twin Aisle, and Large 

Quad (Figure 4.2 and 4.3). NH3 emissions from aircraft are assumed to be zero (2014 NEI data 

shows zero emissions from Mobile-Aircraft data). Cruise emissions are assumed at the aircraft's 

cruise altitude of 11 km. LTO emission factors are for estimated for each activity type: idle/taxi-

in, idle/taxi-out, take-off, climb-out, and approach (landing) using emission factors from GREET 

model and fuel rate from the ICAO databank (Table 4.2).40 Aircraft LTO emissions are allocated 

at four stages of LTO cycle: idle/taxi-in, idle/taxi-out and take-off emissions on the runway (height 

= 0), climb-out emissions along the climb-out slope, and approach emissions along the approach 

slope. For an O-D pair, idle/taxi-out, take-off, and climb-out emissions are considered at the origin 

airport and approach and idle/taxi-in emissions are considered at the destination airport.  
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Figure 4.2 Emissions factors (kg per megaton per mile) for truck, rail, and barge 

 

 

 

Figure 4.3 Cruise emission factors (kg per megaton per mile) for aircraft by aircraft types 
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Table 4.2 Aircraft Landing and Take-off (LTO) cycle emission factors 

Pollutant Activity Single Aisle 
(kg/megaton) 

Small Twin Aisle 
(kg/megaton) 

Large Twin Aisle 
(kg/megaton) 

Large Quad 
(kg/megaton) 

CO2 

Take-off 9,698,826 7,209,271 5,697,412 7,782,233 
Climb-out 24,802,095 18,435,738 14,569,573 19,900,931 
Landing 14,827,780 11,021,693 8,710,330 11,897,649 

Idle/Taxi in 8,532,050 6,341,990 5,012,009 6,846,024 
Idle/Taxi out 23,165,367 17,219,136 13,608,105 18,587,638 

VOCs 

Take-off 6,282 4,998 3,346 4,387 
Climb-out 16,064 12,780 8,557 11,217 
Landing 9,604 7,640 5,115 6,706 

Idle/Taxi in 5,526 4,396 2,943 3,859 
Idle/Taxi out 15,004 11,936 7,992 10,477 

NOx 

Take-off 37,478 41,272 39,759 54,340 
Climb-out 95,841 105,542 101,672 138,959 
Landing 57,298 63,098 60,784 83,076 

Idle/Taxi in 32,970 36,307 34,976 47,803 
Idle/Taxi out 89,516 98,577 94,963 129,789 

PM2.5 

Take-off 190 90 85 88 
Climb-out 486 229 217 224 
Landing 291 137 130 134 

Idle/Taxi in 167 79 75 77 
Idle/Taxi out 454 214 203 209 

SOx 

Take-off 4,325 3,216 2,539 3,465 
Climb-out 11,059 8,223 6,492 8,860 
Landing 6,612 4,916 3,881 5,297 

Idle/Taxi in 3,804 2,829 2,233 3,048 
Idle/Taxi out 10,329 7,681 6,064 8,275 

 

 

4.3.5 Air quality modeling, health impact, and economic analysis 
 

I use Source−Receptor (S−R) matrices built from Intervention Model for Air Pollution 

(InMAP) called ISRM to estimate changes in annual average concentrations of PM2.5.41 I use 

hazard ratio from Krewski et al. (2019) in the log-linear concentration-response function for 

estimating premature deaths.42 More details are discussed in the introduction section of this 

dissertation.  
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For estimating monetary damages, social cost of CO2 is assumed as 42 per tonne CO2 (i.e., 

$0.042/kg CO2) in year-2020 dollars, from the National Academy of Sciences report: Valuing 

Climate Damages Updating Estimation of the Social Cost of Carbon Dioxide (2017).43 Value of 

statistical life (VSL) in year-2020 dollars is assumed as $9.7 million per death which is based on 

$8.3 million per death from Goodkind et al. (2019),41 then inflation adjusted to year-2020 using 

U.S. Bureau of Labor Statistics’s CPI inflation calculator.44  

 

4.3.6 Metrics 
 

Premature deaths, CO2 emissions, and exposure disparities are estimated for each O-D pair 

and then aggregated and averaged for each mode. Averages are estimated for all O-D pairs for a 

mode and for same O-D pairs for any two modes to provide pairwise comparison.  

 Metrics presented in this chapter are: 

1. Deaths per megaton = sum of deaths in each ISRM grid cell 

2. CO2 emissions per megaton = CO2 EF × Length of route (CO2 EF = kg per megaton per mile) 

3. Deaths per 100,000 people per megaton = Number  of premature deaths
Population

 × 100,000 

4.Total deaths = Deaths per megaton × Tonnage 

5. Risk gap = Deaths per 100,000 people for most exposed group – Deaths per 100,000 people for 
total population 

6. ZSA = SA1
SA2

 

Where, SA1 = Simple average deaths or CO2 emissions or risk gap per megaton from mode 1 

SA2 = Simple average deaths or CO2 emissions or risk gap per megaton from mode 2 

7. ZWA = WA1
WA2

 

WA1=Tonnage-weighted average deaths or CO2 emissions or risk gap per megaton from mode 1 

WA2=Tonnage-weighted average deaths or CO2 emissions or risk gap per megaton from mode 2 

8. Population weighted average PM2.5 concentration = ∑ Pi[PM2.5]i
n
i=1

∑ Pi
n
i=1
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Here, Pi is the number of people of a specific demographic group in grid cell i, [PM2.5]i is 

concentration in grid cell i, and n is total number of grid cells. 

 

 Results 
 

4.4.1 Health and climate impacts and exposure disparity by mode and origin-destination 
(O-D) pair 

 

Figure 4.3 shows deaths per megaton (Part A), kg CO2 emissions per megaton (Part B), 

and risk gap per megaton between most exposed racial-ethnic group and population average 

exposure (Part C) for each O-D pair that is common between two modes (six lower left plots) 

and all modes (six upper right yellow subplots). ZSA and ZWA metrics are shown in the Figure 

4.4. Figure 4.5 is the summary of Figure 4.3 showing average premature deaths, average CO2 

emissions, and risk gap per megaton by mode for common O-D pairs between any two modes 

(Part A) and all modes (Part B). 

For aircrafts, there is lack of publicly available data that provides direction of landing or 

climb-out relative to runway. To account for both possibilities, I estimate premature mortalities 

from LTO using both orientations: original and reversed (where landing and climb-off segment of 

the LTO cycle for the aircraft emissions is reversed between ends of runway). The results show an 

average absolute difference of 0.04 deaths per megaton (or 4% relative to original) between 

reversed and original among all O-D pairs. Range of differences between two orientations among 

all O-D pairs is -0.15 to 0.16 deaths per megaton (or -22% to 31% relative to original among O-D 

pairs). For the aircraft results here, I used average of the two orientations. Premature mortality 

from cruise emissions from all O-D pairs is estimated to be very low and are not included in the 

aircraft impacts. Though findings from Barrett et al. (2010) show that globally ∼8000 premature 

mortalities per year are attributable to aircraft cruise emissions, 458 of which occur in the U.S.35 

ISRM results showing low mortality from cruise emissions in this work requires further 

investigation.  

Health impacts. I find that, on an average, shipping 1 megaton of freight by aircraft has 

the greatest health damages per megaton from PM2.5 followed by rail, barge, and lowest for truck. 

If O-D pairs are weighted by 2017 tonnage, I find the same order but relative difference changes. 
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Average [tonnage-weighted] health damages per megaton from rail are 2 [3] times greater than 

truck, barge 1.1 [1.3] times greater than truck (almost same), rail 2 [2] times greater than barge, 

and aircraft 2 [5], 1.4 [2], 2 [5] times greater than truck, rail, and barge, respectively. Among the 

214 O-D pairs, I find the same order. Overall, among all O-D pairs, average aircraft damages 

originate from runway [63%] (taxi-in, taxi-out, and take-off), climb off [23%], and landing [14%]. 

In Figure 4.4 (A), for aircraft, there are certain O-D pairs that have significantly greater deaths per 

megaton (and risk gap in Figure 4.3 (B)) than the rest of O-D pairs (>2.2 deaths per megaton shown 

by the horizontal patch of points in part A of Figure 4.4) – most of those O-D pairs have Los 

Angeles as the origin or destination.  

Average health damages from each PM2.5 precursor by mode and O-D pairs are shown in 

the appendix, Figures C3-C7. Figure C8 and C9 show the average metrics for each PM2.5 precursor 

by mode-combinations and all O-D pairs for each mode. Tonnage-weighted estimates by precursor 

type are provided in excel sheet in the SI. Health damages across modes are dominated by 

particulate nitrate (pNO3). Damages from particulate sulfate (pSO4) are only significant from 

aircraft. Table C3 provides ZSA by precursor type for each mode combination. Primary PM2.5-

related average premature deaths per megaton from aircraft are lower than truck, rail, and barge. 

Overall, for truck, contributions by each species are 6% (primary PM2.5), 87% (pNO3), 1% (pSO4), 

4% (SOA), and 3% (NH3); for rail the contribution is 15% (primary PM2.5), 83% (pNO3), 0% 

(pSO4), 1% (SOA), and 0% (NH3), for barge the contribution is 15% (primary PM2.5), 84% (pNO3), 

0% (pSO4), 1% (SOA), and 0% (NH3), and for aircraft the contribution is 3% (primary PM2.5), 

77% (pNO3), 13% (pSO4), 7% (SOA), and 0% (NH3). 

Climate impacts. Climate damages from CO2 emissions per megaton are greatest from 

aircraft, followed by truck, barge, and lowest for rail. If O-D pairs are weighted by 2017 tonnage, 

I find a slightly different order and different relative difference: Air>Truck>Rail>Barge. Average 

[tonnage-weighted] CO2 emissions (kg) per megaton from truck are 3 [2] times greater than rail, 

truck 3 [2.5] times greater than barge, barge 1.4 [0.8] times of rail, and aircraft 6 [17], 25 [34], 21 

[42] times greater than truck, rail, and barge, respectively. Among the 214 O-D pairs, I find the 

same conclusions. For barge, there are O-D pairs that have significantly larger CO2 emissions per 

megaton (>75 kg per ton) that rest of the pairs, the routes between those O-D pairs cross via 
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Panama Canal. The length of routes via Panama Canal is significantly larger than other inland 

waterways which increases CO2 emissions per megaton.      

Exposure disparity. Risk gap per megaton between most exposed and population average 

exposure is greatest in aircraft follows by rail, truck, and barge. Truck and barge show almost same 

disparity. Average [tonnage-weighted] risk gap per megaton from rail is 2 [3] times greater than 

truck, truck 1.1 [1.1] times of barge (almost same), rail 2 [2.2] times greater than barge, and aircraft 

3 [8], 3 [4], 5 [11] times greater than truck, rail, and barge, respectively. Among the 214 O-D pairs, 

I find the same conclusions.  

National estimates. Using U.S. DOT’s FAF data, I estimate total premature deaths and 

CO2 emissions from each mode in year 2017: 660 premature deaths and 124 million kg of CO2 

from truck, 663 and 23 million kg [rail], 65 and 3 million kg [barge], and 2 and 1 million kg 

[aircraft]. Total premature deaths for population age≥35 years is shown in Table C2 of appendix.  

 

Figure 4.4 Health and climate impacts and risk gap among racial-ethnic groups by freight mode 
and each origin-destination (O-D) pair. (A) Deaths from PM2.5 per megaton of freight shipped, (B) 
Carbon dioxide (CO2) emissions per megaton of freight shipped, (C) risk gap between most 
exposed racial-ethnic group and population average (deaths per 100,000 people per megaton of 
freight shipped). Each dot represents an O-D pair. Lower six plots contains data points for all O-
D pairs (“n”) that are common between two modes and upper six plots (yellow color) have data 
points for 214 O-D pairs that are common across all modes. The blue dashed line signifies y=x 
line. Percentages in each plot shows percent of data points above y=x line for the mode that has 
the greater metric in the respective plot A, B, and C. For example, 99% of all O-D pairs that are 
common among truck and rail have greater health impacts from rail than truck. ZSA [ZWA] 
represents ratio of simple average [2017 tonnage-weighted average] of a metric for the mode with 
greater percentage to the mode with lower percentage. For example, for Rail-Truck, ZSA=1.6 
means average deaths per megaton for rail is 1.6 times of truck. ZWA=3.2 means tonnage-weighted 
average deaths per megaton for rail is 3.2 times of truck.  
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Figure 4.5 Average deaths from PM2.5 and CO2 emissions per megaton of freight by mode. Icon 
area is proportional to risk gap per megaton (deaths per 100,000 people per megaton). “n” 
represents number of common routes between two modes. (A) Summary for same O-D pairs 
between two modes and (B) Summary for same O-D pairs among all modes. 

 

4.4.2 Health impacts in urban and rural areas 
 

Table 4.3 shows health impacts in urban and rural areas for all O-D pairs by mode. I find 

that truck, rail, and barge has larger impacts in rural than urban areas whereas aircraft has larger 

impacts in urban than rural areas.  

Table 4.3 Health impacts in urban and rural areas 

Mode n 

Total 
(average 

deaths per 
megaton) 

Urban 
(average 

deaths per 
megaton) 

Rural 
(average 

deaths per 
megaton) 

% of O-D pairs 
which have greater 
impacts in urban 
than rural areas 

Truck 16,293 0.52 0.25 0.28 32% 
Rail 4,875 0.72 0.34 0.38 32% 

Barge 732 0.41 0.17 0.24 19% 
Aircraft 7,913 1.01 0.65 0.36 85% 

 

4.4.3 Differences in damages by racial-ethnic Groups 
 

Overall, inter-state freight movement in the U.S. disproportionately impacts white non-

Latinos relative to other racial-ethnic groups (Figure 4.6 A). However, blacks are the most exposed 

group than others in the urban areas. Analyzing by mode, overall, in the U.S, truck and rail 
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damages are largest for white non-Latinos, barge damages are largest for blacks, and aircraft 

damages are largest for mixed/other groups (Figure 4.6 B). However, impacts differ in urban and 

rural areas for each mode. In urban areas, truck, rail, and barge damages are largest for blacks than 

other racial-ethnic groups (aircraft damages are largest for mixed/other group as in the whole U.S.). 

In rural areas, aircraft damages are largest for blacks (white non-Latinos is second most exposed 

group in rural areas and risk gap is small between the two groups) than other racial-ethnic groups. 

Barge has greater risk gap between blacks and white non-Latinos in the rural areas than urban and 

whole U.S.  

 

Figure 4.6 (A) Impacts by racial-ethnic group in the whole U.S., only urban areas, and only rural 
areas from freight transportation (B) Impacts by racial-ethnic group in the whole U.S., only urban 
areas, and only rural areas from freight modes.  

 

4.4.4 Monetary damages 
 

I estimate health and climate monetary damages from each mode (Figure 4.7) and find that 

total average monetary damages are largest from aircraft followed by truck, rail, and barge. 

Average health-related (PM2.5) monetary damages are largest from aircraft followed by rail, barge, 

and truck. Average climate-related (CO2) monetary damages are largest from aircraft followed by 

truck, barge, and rail. Figure C10 in the appendix shows health and climate monetary damages 

from each mode for all O-D pairs. I find that truck, rail, and barge have higher health-related 

monetary damages [5, 7, and 4 million US dollars (USD) per megaton] than climate-related 

monetary damages [4.6, 1, and 1 million USD per megaton]. Aircraft has higher climate-related 
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monetary damages [30 million USD per megaton] than health-related monetary damages [10 

million USD per megaton].  

 

 

Figure 4.7 Average monetary damages from PM2.5 and CO2 emissions in million USD per 
megaton of freight by mode.   

 

 Discussion 
 

This work quantifies and compares health impacts, climate impacts, and exposure disparity 

from transporting a unit mass of freight from origin to destination. This work is also first to explore 

exposure disparity between different racial-ethnic groups from inter-state freight transportation.  

I find that aircraft poses the greatest health and climate damages among all other modes. 

My assumptions use conventional jet fuel (sulfur content: 700 ppm) for aircraft as it is currently 

used in practice. Future efforts in the aviation industry are pushing Ultra Low Sulfur Petroleum 

Jet Fuel (ULSJ) to fuel the aircrafts.45 ULSJ has lower sulfur content (sulfur content: 11 ppm) but 

higher PM2.5 emissions (approximately twice as much as conventional jet fuel). CO2 emissions 

remain same in ULSJ and conventional jet fuel. I did sensitivity analysis to quantify health impacts 

from ULSJ. I find that overall, the average deaths per megaton decreased by ~10% compared to 

original (conventional jet fuel). Even with ULSJ fuel, aircraft still has higher impacts than rail, 

barge, truck (though the gap is lowered by 18%-31%; largest for rail; Table 4.4). This is an 

expected result because most of the aircraft health impacts are from pNO3 (which remains 

unchanged for ULSJ). 
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Table 4.4 Difference between health impacts from conventional jet fuel and ULSJ aircraft and 
truck, rail, and barge  

Mode combination (Air – 
Mode 2) 

Difference in health impacts 
from conventional jet fuel 
aircraft and mode 2  
(deaths per megaton) 

Difference in health impacts 
from ULSJ aircraft and 
mode 2 
(deaths per megaton) 

Air-Truck 0.47 0.37 

Air-Rail 0.34 0.24 

Air-Barge 0.65 0.53 

 

Health impact estimates for barge do not include part of route that goes via Panama Canal 

due to ISRM grid domain constraint (Figure C11). As a sensitivity analysis, I find that part of the 

barge routes that are in the ocean or near the U.S. coastline have average impacts of 6.7×10-5 deaths 

per megaton per mile (range: 3.2×10-5 to 16.8×10-5 deaths per megaton per mile among routes). 

Routes that go via Panama Canal have a length = 3506 miles outside the InMAP grid. This results 

an average of 0.23 deaths per megaton from in-ocean segment of barge route via Panama Canal.  

Among the non-aircraft modes, rail has the greatest health impacts and lowest climate 

impacts per megaton of freight movement. Truck has the lowest health impacts among all modes 

and greatest climate impacts among the non-aircraft modes. Barge has slightly greater health 

impacts than truck and greater climate damages than rail. Efforts from shipping companies and 

policymakers to incentivize rail due to its high efficiency and lower carbon emissions per ton-mile 

may also consider health impacts that arise from rail transportation.  

For estimating truck exposures, I used long-haul heavy-duty truck for all the O-D pairs 

irrespective of their length. GREET and MOVES model assumes that combination trucks with a 

range greater than 200 miles per day are considered as long-haul and less than 200 miles are 

considered as short-haul. In this work, O-D pairs less than 200 miles carry 19% of the total truck 

ton-miles. As a sensitivity analysis, I estimated health impacts from short-haul trucks for the routes 

less than 200 miles. I find that health impacts from short-haul truck are 51-61% (average is 58%) 

lower than long-haul trucks for the routes less than 200 miles. 

I find that health impacts from PM2.5 are dominated by NOx emissions for all modes. This 

complements previous findings and hence efforts should be directed towards lowering NOx 

emissions from freight modes.  
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I investigated exposure disparity among racial-ethnic groups from freight movement across 

states and regions by four modes and find that impacts from truck and rail are greatest for white 

non-Latinos, impacts from barge are greatest for blacks, and impacts from aircraft are greatest for 

mixed/other groups. Health impacts and disparity among groups differ in urban and rural areas. 

These findings add to the efforts of exploring environmental inequality and injustice from the 

transportation systems. Future research can benefit from exploring disparity within cities and 

regions (intra-regional) from the transportation systems.  

The findings presented in this work are based on a novel reduced-complexity air quality 

model, InMAP (offering high spatial resolution estimates at low computational requirements) and 

a standard C-R function (log linear, non-threshold) for the concentrations found in the U.S. Like 

any other air quality modeling study is based on model assumptions, my results are sensitive to 

InMAP’s assumptions and limitations. These results can be replicated using other air quality 

models including RCMs (APEEP/AP4, EASIUR) and complex chemical transport models 

(CAMx, CMAQ) and C-R functions such as supralinear or allowing the C−R to vary by source, 

geography, or chemical components. Additionally, availability and access to precise data such as 

specific origin and destination locations in the U.S. DOT’s FAF4 database can be useful for better 

estimates. Aircraft routing (LTO and cruise) can be improved using data from FlightAware, a 

digital aviation company that operates the world's largest flight tracking and data platform.46 

Future work can also explore health and climate impacts by commodity type (coal, cereal grains, 

gasoline, fertilizers, electronics, furniture, etc.) and value of commodity shipped (USD) – data for 

which is available through FAF4 database.  

Emissions from transportation systems in the U.S. have decreased through the years 

especially through fuel and vehicle technology regulations (e.g., sulfur content in the fuels, NOx 

control equipment), but it is still one of the largest source of health impacts among any other energy 

sectors.47 With the expanding e-commerce industry, reliance on freight modes is expected to 

increase dramatically in the future leading to increased emissions that impact human health and 

climate. The findings from this work can be used by shipping companies, e-commerce industry, 

transportation planners, and policymakers to make decisions on modal choices that have least 

impact on human health, climate, and exposure disparity.  
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     Chapter 5 

5 Conclusions and future work 
 

 Summary of findings 
 

This dissertation investigates air quality, human health and climate impacts, and human 

health disparities from emissions originating from two source sectors: electricity generation (point 

sources) and freight transportation (line or mobile sources). Pollutants investigated in this work 

are PM2.5 (air quality, health impacts, and health disparity) and CO2 (climate impacts) as they are 

known to have the largest impacts on human health and climate among any other pollutants.   

The following are the main research findings in the order of the research objectives of this 

dissertation:  

Objective 1: Quantify and compare average and average marginal emissions factors for a 

greenhouse gas (CO2) and two criteria pollutants (NOx, SO2) from electricity generation in a U.S. 

Regional Transmission Organization (RTO). 

1. I find that overall, in the Midcontinent Independent System Operator (MISO), average 

emission factors are generally higher than marginal estimates (typical difference: ∼20%). 

For example, average marginal emission factor for CO2 is 19% lower than the average 

emission factors. This finding means that the true climate benefits of an energy efficiency 

program may be ∼19% smaller than anticipated if one were to base expectations on 

average emissions factors.  

2. The relative difference between average and average marginal emission factor varies by 

state, utility, and each generator, though average emission factor is generally greater than 

average marginal emission factor at all scales.  

3. For MISO, coal is the dominant marginal fuel at low demand hours; natural gas is the 

dominant marginal fuel at high demand hours.  
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4. Average marginal emission factors are higher-than-average during late-night and early 

morning hours when electricity demand is lower and coal is more often on the margin: 

AMEF is about 73% [CO2], 125% [SO2], and 55% [NOx] higher at midnight compared to 

noon.  

5. I show that estimating recent average marginal emission factors can be done using data 

rather than models. 

Objective 2: Quantify health impacts from electricity generation by geography (national, RTO, 

state), race, and income. 

1. I find that blacks are disproportionately affected by power plant emissions nationally, but 

most-exposed race/ethnicity varies by state and by RTO.  

2. I find that exposures are higher for lower-income than for higher-income, but disparities 

are larger by race than by income. 

3. I estimate ∼16,400 deaths nationally, 86% of which occur in RTOs. Within states, total 

deaths vary from ∼1,850 deaths/year (Pennsylvania) to ∼1 death/year (Montana). 

4. Deaths per unit energy generated vary substantially among regional grids, by up to a factor 

of ∼30 (MISO vs CAISO), with higher values in coal-heavy grids (MISO, SPP). 

5. Geographically, I observe differences between where electricity is generated and where 

people experience the resulting PM2.5 health consequences; some states are net exporters 

of health impacts, other are net importers. For 36 U.S. states, most of the health impacts 

are attributable to emissions in other states.  

Objective 3: Quantify and compare health and climate impacts and exposure disparity among 

racial-ethnic groups from inter-state freight transportation by mode, route, and emission species.   

1. Overall, the order of average impacts by mode is: 

• Health impacts from PM2.5 (premature deaths per megaton): 

Aircraft>Rail>Barge>Truck. 

• Climate impacts from CO2 (kg CO2 emissions per megaton): 

Aircraft>Truck>Barge>Rail. 
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• Exposure disparity between most exposed racial-ethnic group and population 

average exposure (premature deaths per 100,000 people per megaton): 

Aircraft>Rail>Truck>Barge. 

2. Overall, the order of average monetary damages (million USD per megaton) by mode is: 

• Total average monetary damages: Aircraft>Truck>Rail>Barge. 

3. PM2.5 monetary damages are greater than CO2 monetary damages per megaton for truck 

(within 10%), rail, and barge and CO2 monetary damages are greater than PM2.5 monetary 

damages per megaton for aircraft.  

4. PM2.5-related health impacts per megaton from truck, rail, and barge are larger in rural 

areas than in urban areas whereas aircraft impacts per megaton are larger in urban than in 

rural areas. Those results reflect that inter-state travel is mostly in rural areas for truck, 

rail, and barge, whereas for aircraft the ground-level emissions are often in urban areas. 

5. Inter-state freight movement in the U.S. disproportionately impacts white non-Latinos 

more than other racial-ethnic groups.  

6. Truck and rail PM2.5 exposure is greater for white non-Latinos than blacks whereas barge 

PM2.5 exposure is greater for blacks than white non-Latinos. Aircraft PM2.5 exposure is 

greater for mixed/other and black race groups than for white non-Latinos.  

Objective 4: Conduct spatial air quality modeling using the Intervention Model for Air Pollution 

(InMAP) – a novel reduced-complexity air quality model. 

1. InMAP is used to model PM2.5 concentrations from two PM2.5 emitting source sectors: 

electricity generation (point) and freight transportation (mobile).  

2. InMAP offers capability to model several scenarios with less computational resources 

and time.  

3. InMAP provides output concentrations at a very fine resolution from 1km×1km in urban 

areas to as large as 48 km×48 km in rural areas.  

Interestingly, I observe that PM2.5 health impacts from interstate freight is, like electricity 

generation, larger in rural areas, which likely skews the damages towards white people.  
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 Limitations 
 

Specific limitations are discussed in each chapter. I highlight here the broader limitations of 

this research work.  

The data-driven empirical approach for estimating average and average marginal emission 

factors is based on historical data. That means it may be inappropriate to use average and average 

marginal emission factor findings from Chapter 2 unmodified if considering major shifts in the 

electricity infrastructure. Since results presented in Chapter 2 are based on historical data, they 

likely would not be directly applicable for predicting long-term changes in the electricity grid.  

The health impact analysis presented in this dissertation is based on one reduced-complexity 

air quality model – InMAP. InMAP offers many strengths over other complex CTMs and RCMs: 

high spatial resolution is useful for investigating environmental disparity questions, high 

computational efficiency offers greater ability to test many scenarios and cases, and ability to 

model long-range transport of PM2.5 and spatially variable secondary PM2.5 formation from all 

PM2.5 precursors. However, reduced computational intensity in InMAP comes at a cost which leads 

to some limitations of the model: (1) InMAP is better at predicting population-weighted changes 

in primary PM2.5, pSO4, and SOA concentrations (R2≥ 0.9) than it is in predicting changes in pNO3 

and pNH4 concentrations (R2≥ 0.4-0.8), (2)  in general, InMAP tends to underpredict observed 

total PM2.5 concentrations, and (3) a temporally-explicit analysis is not possible with current 

version of InMAP. Additionally, current InMAP version uses 2005 data for physics and chemistry 

parameters and baseline concentrations – future analysis can benefit from updated data for the 

most recent year such as 2014 NEI emissions dataset. The results from chapter 3 and 4 can be 

reproduced using different models such as complex chemical transport models (CAMx, CMAQ, 

WRF-Chem), other reduced-complexity air quality models (APEEP/AP2, EASIUR), and land-use 

regression models. This dissertation does not model health impacts from ozone (though other 

research suggests that impacts from ozone only comprise a small proportion of total air pollution 

health impacts) because the current version of InMAP cannot model ozone. Future efforts can 

integrate ozone impacts into the health impact estimates of this study.   

A linear, non-threshold concentration-response function is used to link PM2.5 concentration 

to health risk. Future research can explore impact on results from the alternative 
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concentration−response functions (e.g., a supralinear C−R) or allowing the C−R to vary by source, 

geography, or chemical components. Additionally, considering differential impacts from indoor 

versus outdoor exposure is another aspect of research that needs to be addressed in current health 

impact modeling tools and methods.  

For nearly all research, up-to-date data is preferable to outdated data. For example, in 

Chapter 2, future analysis can benefit from availability of total generation (including renewables) 

and electricity import and exports data at the state and utility levels. Updated emissions for a more-

recent year, such as 2017 National Emissions Inventory (NEI) emissions and tonnage data from 

most recent version of Freight Analysis Framework (FAF) data can be used to explore the impact 

on results presented in Chapter 3 and 4. Availability of FAF data for specific origin and destination 

(O-D) locations (not by zones or regions) and release of GIS data on routes modeled under FAF 

assumptions for each O-D pair may improve estimates presented in Chapter 4.  

 

 Policy implications 
 

The empirical and mechanistic modeling methods described in this dissertation could be 

extended to other energy sectors. Reducing air pollution and its impacts is an important policy goal 

of federal, state, and local agencies. InMAP is a useful tool to help answer policy questions related 

to air quality. InMAP’s ability to produce high spatial resolution outputs in a computationally 

inexpensive way makes it more accessible to scientists, policymakers, planners, and people.  

The analysis presented in the Chapter 2 can usefully be extended to other regions to support 

effective near-term technical, policy and investment decisions based on marginal rather than only 

average emission factors. In Chapter 2, I point out that average marginal emission factors are 

generally lower than average emission factors for electricity generation in Midcontinent 

Independent System Operator (MISO). The deployment of renewable energy sources in MISO 

region such as wind and solar will help reduce emissions by displacing energy from fossil-fired 

generators. However, if a decision-maker uses average emission factor to understand the current 

contribution of renewables or other interventions in the electricity system, she/he will likely 

overestimate the emission benefits that are derived from such interventions. Electric vehicles 

(EVs) however are the opposite – using more electricity from the grid but reducing emissions in 
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the transportation sector. So, if a decision-maker uses average emission factors to estimate the 

emission change from EVs, she/he is overestimating the prospective new electricity emissions, 

and therefore underestimating the emission benefit that would be attributable to EVs.  

The results presented in the Chapter 3 are useful for scientists and policymakers to 

understand and address disparities in air pollution exposure by race, income, and geography. The 

metrics and data presented can be useful to scientists to apply to new energy scenarios to 

understand the health damages caused or avoided.  

The results from chapter 4 answer a major policy question in the freight transportation 

sector: which freight mode has least health and climate impacts? This research adds a major 

contribution to the literature of freight transportation on comparison of environmental impacts 

between all four major modes (truck, rail, barge, aircraft) of freight transportation. Results can be 

useful to scientists, policymakers and transportation planners to develop future strategies that not 

only focus on climate impacts but also health impacts of freight transportation choices.  

The environmental justice findings educate policymakers, planners, and people on 

environmental disparity issues prevailing in the electricity and freight sector and fuels efforts to 

address the environmental injustice issues.  

 

 Intellectual impact so far 
 

Table 5.1 shows the impact so far of two published research papers from this dissertation 

(Chapter 2 and 3).  
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Table 5.1 Intellectual impact of this dissertation so far 

Research paper Intellectual impact so far 

Thind, M.P.S.; Tessum, C.W; Azevedo, I.L.; 
Marshall, J.D. Fine Particulate Air 
Pollution from Electricity Generation in 
the US: Health Impacts by Race, Income, 
And Geography. Environ. Sci. Technol. 
2019, 53, 14010−14019. DOI: 
https://doi.org/10.1021/acs.est.9b02527 

• Education: covered by several news 
outlets to disperse environmental justice-
related findings from this work 

• Data used and cited in the University of 
California, Berkeley’s 2035 report: 
“Plummeting solar, wind, and battery 
costs can accelerate our clean electricity 
future”  

• Cited by two other research publications 
as of July 25, 2020 

• Data requests by organizations working 
towards environmental justice issues 

Thind, M.P.S.; Wilson, E.J.; Azevedo, I.L.; 
Marshall, J.D. Marginal Emissions Factors 
for Electricity Generation in the 
Midcontinent ISO. Environ. Sci. Technol. 
2017, 51, 14445–14452. DOI: 
https://doi.org/10.1021/acs.est.7b03047  

• Barr Engineering company used emission 
factor data developed in this work for 
marketing under U.S. EPA’s former Clean 
Power Plan 

• Cited by eight other research publications 
as of July 25, 2020 

• The manager for the environmental policy 
department at the Xcel Energy Inc. (an 
electric utility) found the results useful 
and discussed some interesting 
implications of temporal results for 
electric vehicle charging and other time-
flexible and potentially controllable loads. 

 

 Future areas of research 
  

This dissertation explores air quality, health and climate impacts, and disparities from air 

pollution sources using empirical and air quality model approaches. Paolella et al. (2018) 

demonstrated the importance of fine spatial resolution for identifying and quantifying exposure 

disparities.1 InMAP provides a computationally inexpensive way to model air quality impacts at a 

fine spatial resolution useful to quantify exposure disparities and answer research questions that 

require running different scenarios and cases multiple times. I discuss here possible future 

directions of research that are based on methods and new findings from this dissertation.  

https://doi.org/10.1021/acs.est.9b02527
https://www.2035report.com/
https://doi.org/10.1021/acs.est.7b03047
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Marginal emission factors play an important role in understanding emission benefits from 

electrifying transportation and other sectors. If a scenario is imagined in the future with hundreds 

of thousands or millions of electric vehicles (EVs) in a utility’s service territories, the time of EV 

charging matters. The results from chapter 2 show that average marginal emission factors are 

higher during early morning and late evening hours (than during the day) for the grid operating in 

the Midwest states (MISO). Does that mean plugging EVs for charging during work or afternoon 

hours are likely to have maximum emission benefits? This is an important policy question to 

incentivize EV owners regarding when to charge their EVs to have maximum environmental 

benefits. Future research can explore this question and quantify environmental benefits of EV 

charging scenarios by studying interactions of increased electric vehicle fleet with the electric grid, 

utilizing marginal emission factors for estimating emission benefits.  

Chapter 3 shows exposure disparities in the power sector as well as cross-state PM2.5 

impacts. This work doesn’t explore cross-state contribution of fine particulate matter pollution to 

exposure disparity in the U.S. Future research can explore that as an extended work to understand 

cross-state aspects of environmental justice in more detail.  

Agriculture is another source of PM2.5 emissions that impacts human health. Thakrar et al. 

(2020) estimated that the food and agriculture sector is attributable to thousands more deaths each 

year than the electricity sector.2 Replacing petroleum-based vehicle fuels with biofuels is 

considered an important strategy to mitigate greenhouse gas emissions.3,4 Increased biomass 

production to meet the future demands of biofuel can also lead to increased emissions of PM2.5. 

Future research can use InMAP capabilities to quantify and compare impacts of PM2.5 emissions 

from different approaches to biomass feedstock production (corn, corn stover, miscanthus). The 

U.S. Department of Transportation (DOT)’s 2016 Billion-Ton Report Volume 2 is a great source 

of emissions and production data for different biomass feedstock sources (food crops and 

lignocellulosic biomass).5 

Within the freight transportation sector, health and climate impacts can be further attributed 

to different commodity types and value of commodity shipped. U.S. DOT’s FAF4 database 

provides tonnage, ton-miles, and value estimated by commodity type (coal, cereal grains, gasoline, 

fertilizers, electronics, furniture, etc.) and value of commodity shipped in U.S. dollars. Health 

disparities from exposure to emissions from local transport within U.S. cities is also an important 
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environmental justice question that needs to be addressed. Finally, analyzing air quality impacts 

of different transportation choices by technology and fuel type is another interesting area to 

explore.  

InMAP can be utilized to understand air quality and health benefits of future energy 

scenarios such as increased electric vehicles fleet and wind penetration in the electric grid. Further, 

InMAP can be integrated to Life Cycle Assessment (LCA) models such as National Renewable 

Energy Laboratory (NREL)’s Feedstock Production Emission to Air Model (FPEAM)6 model to 

perform air quality and health impact assessment for LCA-related research questions. InMAP’s 

capability to model high spatial resolution estimates can be used to do local-scale analysis; this 

will be useful to validate InMAP’s performance to model local-scale impacts. A global version of 

InMAP is currently in the process of being released ; that version of the model could be used to 

replicate objectives and methods of this dissertation to other parts of the world, specially to explore 

environmental justice aspects of air pollution.  

 

 Closing remarks 
 

It was an enjoyable and wonderful experience working on different research questions 

addressed in this dissertation. This dissertation investigates air quality, health and climate impacts, 

and exposure disparities from air pollution from two energy sectors: electricity generation and 

freight transportation. I hope the results from this dissertation not only educate scientists, 

policymakers, planners, and environmental justice advocates on the impacts of air pollution but 

also lead them to take necessary actions to tackle air pollution problems.  
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7 Appendix A 
 

Supplemental information for Chapter 2 
Sections: 

1) Regional MISO analysis 

2) State analysis 

3) Utility analysis 

4) Generator analysis 

5) Variation of share of average and average marginal generation and AEFs and AMEFs by 

system demand 

6) Temporal analysis 

 

1. Regional MISO analysis 
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Figure A1. Generation statistics of MISO (Other generation includes nuclear, hydro and other 
renewables. For the year 2007, ‘Other generation’ includes wind as well because MISO wind 
data for year 2007 is not available).  

    

Figure A2. Midcontinent ISO footprint (Source: 
https://www.misoenergy.org/Planning/InterregionalCoordination/PublishingImages/IPSAC_MISO_Map.
png) 

 

 

 
 

Figure A3. Linear regression for hourly changes in power generation and pollutant emissions, for 
Midcontinent ISO, years-2014 through 2016, after south region was integrated to Midwest ISO.  

 

https://www.misoenergy.org/Planning/InterregionalCoordination/PublishingImages/IPSAC_MISO_Map.png
https://www.misoenergy.org/Planning/InterregionalCoordination/PublishingImages/IPSAC_MISO_Map.png
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Table A1. Comparison between AEF and AMEF at regional scale for years 2014-2016   

Pollutant AEF 
(Kg/MWh) 

AMEF 
(Kg/MWh) 

EFs % 
Difference 

CO2 704 659 -6.4% 
SO2 0.953 0.984 3% 
NOx 0.521 0.567 9% 

 

 

Table A2. MISO Regional AEF and AMEFs differences by year 

   

Table A3. MISO Regional AEF and AMEFs by fuel type for years 2007 through 2013 

Coal-fired EGUs 
  AEF AMEF AMEF 

R2  
AMEF - AEF 

CO2 712 511 ± 1.085 0.78 -28% 

SO2 1.96 1.61 ± 0.0042 0.70 -18% 

NOx 0.708 0.518 ± 0.0015 0.67 -27% 

Natural gas-fired EGUs 
  AEF AMEF AMEF 

R2 
AMEF - AEF 

CO2 22.9 85.7 ± 0.391 0.44 274% 

Year 
CO2 
AEF 

CO2 
AMEF 

CO2 

AMEF 
R2 

CO2 
AMEF
-AEF 

SO2 
AEF 

SO2 
AMEF 

SO2 
AMEF 
R2 

SO2 
AMEF
-AEF 

NOx 
AEF 

NOx 
AMEF 

NOx 
AMEF 
R2 

NOx 
AMEF
-AEF 

2007 747 576 0.87 -23% 2.71 2.18 0.71 -20% 0.963 0.691 0.63 -28% 
2008 756 590 0.84 -22% 2.48 1.96 0.70 -21% 0.936 0.691 0.74 -26% 
2009 722 585 0.89 -19% 2.06 1.82 0.80 -12% 0.678 0.565 0.76 -17% 
2010 703 545 0.88 -22% 1.83 1.44 0.73 -21% 0.618 0.481 0.77 -22% 
2011 732 602 0.88 -18% 1.68 1.49 0.70 -11% 0.626 0.537 0.76 -14% 
2012 745 659 0.90 -12% 1.44 1.38 0.78 -4% 0.616 0.547 0.77 -11% 
2013 772 628 0.88 -19% 1.43 1.28 0.72 -10% 0.628 0.513 0.73 -18% 

All 
years 739 597 0.88 -19% 1.97 1.63 0.71 -17% 0.727 0.567 0.72 -22% 
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SO2 0.0096 0.017 ± 0.0003 0.06 78% 

NOx 0.016 0.046 ± 0.0003 0.24 182% 

*% difference is calculated as ((AMEF – AEF)/AEF) *100 

Table A4. MISO Regional AEF and AMEFs for coal fleet by year 

Year CO2 
AEF 

CO2 
AMEF 

CO2 

AMEF 
R2 

CO2 
AMEF
-AEF 

SO2 
AEF 

SO2 
AMEF 

SO2 
AMEF 
R2 

SO2 
AMEF
-AEF 

NOx

AEF 
NOx 
AMEF 

NOx 

AMEF 
R2 

NOx 
AMEF
-AEF 

2007 720 450 0.71 -37% 2.68 2.10 0.68 -21% 0.927 0.619 0.56 -33% 
2008 737 507 0.73 -31% 2.46 1.91 0.69 -22% 0.908 0.632 0.70 -30% 
2009 704 530 0.83 -25% 2.06 1.81 0.79 -12% 0.668 0.533 0.73 -20% 
2010 680 467 0.78 -31% 1.83 1.43 0.73 -22% 0.605 0.432 0.71 -29% 
2011 706 526 0.80 -25% 1.68 1.49 0.70 -11% 0.612 0.494 0.71 -19% 
2012 702 557 0.83 -21% 1.44 1.38 0.78 -4% 0.596 0.496 0.72 -17% 
2013 740 538 0.79 -27% 1.42 1.28 0.72 -10% 0.614 0.471 0.68 -23% 
All 
years 712 511 0.78 -28% 1.96 1.61 0.70 -18% 0.708 0.518 0.67 -27% 

 

Table A5. MISO Regional AEF and AMEFs for natural gas fleet by year 

Year CO2 
AEF 

CO2 
AMEF 

CO2 
AMEF 
R2 

CO2 
AMEF
-AEF 

SO2 
AEF 

SO2 

AME
F 

SO2 

AMEF 
R2 

SO2 
AMEF
-AEF 

NOx 
AEF 

NOx 
AME
F 

NOx 

AMEF 
R2 

NOx 
AMEF
-AEF 

2007 26.4 126 0.53 375% 0.034 0.075 0.22 118% 0.034 0.071 0.34 106% 
2008 16.9 82.6 0.42 389% 0.024 0.044 0.15 84% 0.024 0.052 0.21 114% 
2009 14.5 54.8 0.39 278% 0.002 0.007 0.05 220% 0.008 0.028 0.15 275% 
2010 19.2 78.3 0.41 307% 0.002 0.006 0.08 219% 0.010 0.045 0.28 341% 
2011 20.8 75.7 0.41 265% 0.001 0.002 0.03 52% 0.010 0.040 0.26 291% 
2012 38.2 102 0.52 167% 0.0003 0.001 0.03 149% 0.016 0.048 0.31 208% 
2013 26.6 89.3 0.47 235% 0.0002 0.001 0.14 256% 0.010 0.040 0.19 303% 
All 
years 22.9 85.7 0.44 274% 0.0096 0.017 0.06 78% 0.016 0.046 0.24 182% 
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2) State analysis 

 

Figure A4. State wise AEF and AMEF for three pollutants from year 2007 through 2013. 
Percentages at top of bars show the difference between AEF and AMEF. States are sorted by 
increasing % share of total MISO generation (shown at bottom of x-axis for CO2 plot, sum of 
percentages ~83%). Bottommost plot shows % generation by fuel in each state.  

 

(A.)  
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B.)  

 

 

 

 

 

 

Figure A5.  (A) Plots showing inter-relation between three variables: CO2 AMEF, SO2 AMEF 
and NOx AMEF. (B) Plot showing inter-relation between % difference between AEF and AMEF 
for three pollutants.  

Plot (A) shows low correlation between NOx AMEF and SO2 AMEF with insignificant change in 
CO2 AMEF. 

3) Utility Analysis 

 

Figure A6. AEFs and AMEFs for utilities bidding in MISO in the year 2012 (having generation 
share > 1%). Percentages shown at top of bars are difference between AEF and AMEF. Utilities 
are sorted by decreasing % generation share of total generation (shown in brackets on x-axis).  
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4) Generator Analysis 
 
 

     

Figure A7. Figure showing significance of difference between AEF and AMEF for three 
pollutants among coal and natural gas units using ±5% range for all years 2007 through 2013 
combined 

       

Figure A8. Figure showing significance of difference between AEF and AMEF for three 
pollutants among coal and natural gas units using ±10% range for all years 2007 through 2013 
combined 
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Figure A9. Significance of differences between EFs using ±5% range by year 

Figure A10. Significance of differences between EFs using ±10% range by year 
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Figure A11. Scatterplot matrix showing correlation among % difference between AEF and 
AMEF for CO2, SO2 and NOx, and Annual Generation (MWh) for coal generators.  Numbers in 
each plot is correlation coefficient.  

 
Figure A12. Scatterplot matrix showing correlation among % difference between AEF and 
AMEF for CO2, SO2 and NOx, and Annual Generation (MWh) for natural gas generators.  
Numbers in each plot is correlation coefficient. 
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Figure A13. % difference between generator AEF and AMEF as a function of capacity factor for 
CO2, SO2 and NOx emissions from coal units. 

 

  

Figure A14. % difference between generator AMEF and AEF as a function of capacity factor for 
CO2, SO2, and NOx emissions from natural gas units.  
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                         (A)                                               (B)                                                 (C)  

    

                         (D)                                               (E)                                                 (F) 

Figure A15. (A,B,C) Dependence of average heat rate of coal units operating in year 2012 on 
capacity factor, age of coal units; and relation between % CO2 (AEF-AMEF) difference and 
average heat rate of coal units. (D,E,F) Dependence of average heat rate of natural gas units 
operating in year 2012 on capacity factor, age of natural gas units; and relation between % CO2 
(AEF-AMEF) difference and average heat rate of natural gas units. 

 

Figure A16. % of generation as a function of AMEFs for coal units 
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Figure A17. % of generation as a function of AMEFs for natural gas units          

5. Variation of share of average and average marginal generation and AEFs and AMEFs 

by system demand 

    

                             (I) 2008                                                                 (II) 2013 

Figure A18. Results by total generation for MISO for year 2008 (I) and 2013 (II). (A) Average 
generation by fuel. (B) Average marginal generation by fuel. (C) AEFs as a function of total 
generation (D) AMEFs as a function of total generation. (E) Kernel density distribution for total 
generation.     

     

6. Temporal analysis 
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Figure A19. Comparison of time of day, days of week, monthly and yearly trends in AEF and 
AMEFs for MISO from year 2007 through 2013 

CO2 AMEF is ~64% higher at low demand hours than at high demand hours, because coal is the 
dominant marginal fuel at low demand hours. Similarly, AMEF for SO2 is 84% higher (for NOx: 
38% higher) at low demand hours than at high demand hours. 

 

 

 

Figure A20. AMEFs by season for combined all years, 2007-2013 
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Figure A21. AMEF and AEFs by time of day and fuel source: coal and natural gas (2007-2013) 

Table A6. Percent difference between system (MISO region) AEF and AMEF by time of day for 
all fuels, coal-specific and natural-gas specific emissions 

  
System (all fuel) 

AEF/AMEF % difference  
Coal-specific system 

AEF/AMEF % difference  
Natural gas-specific system 
AEF/AMEF % difference  

Time/Pollutants CO2   SO2 NOx CO2   SO2 NOx CO2   SO2 NOx 
1 AM 0.45% 11% -8% -0.4% 11% -8% 79% 10% 31% 
2 AM 2% 13% -7% 3% 13% -6% -43% -53% -74% 
3 AM -4% 5% -12% -3% 5% -12% -13% 4% -40% 
4 AM -23% -10% -22% -30% -10% -28% 401% -20% 407% 
5 AM -18% -9% -23% -24% -9% -27% 310% 3% 209% 
6 AM -17% -12% -23% -23% -13% -26% 270% 75% 111% 
7 AM -14% -10% -17% -20% -11% -19% 235% 100% 70% 
8 AM -3% 3% -9% -12% 2% -12% 306% 100% 128% 
9 AM -16% -20% -24% -30% -21% -31% 448% 152% 253% 
10 AM -24% -27% -31% -43% -28% -41% 530% 162% 384% 
11 AM -38% -49% -39% -59% -50% -52% 523% 152% 424% 
12 PM -46% -56% -43% -67% -58% -57% 507% 190% 464% 
1 PM -44% -53% -38% -64% -54% -52% 447% 158% 457% 
2 PM -41% -42% -29% -54% -42% -40% 292% 98% 316% 
3 PM -36% -35% -27% -46% -37% -35% 209% 256% 254% 
4 PM -44% -44% -37% -59% -45% -49% 314% 149% 365% 
5 PM -52% -59% -53% -68% -60% -66% 315% 35% 363% 
6 PM -45% -48% -40% -57% -49% -48% 240% 66% 228% 
7 PM -49% -53% -45% -66% -54% -56% 355% 112% 304% 
8 PM -43% -52% -40% -65% -53% -56% 507% 109% 515% 
9 PM -33% -39% -32% -52% -40% -42% 489% 202% 375% 
10 PM -24% -28% -26% -38% -28% -33% 430% 90% 269% 
11 PM -15% -12% -15% -23% -12% -19% 319% 80% 185% 
12 AM -9% -4% -14% -13% -4% -15% 236% 62% 108% 
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Table A7. MISO-wide daytime and nighttime AMEFs for years 2007 through 2013. Column 2 
and 3 represents AMEF considering daytime (8am to 5pm everyday) and nighttime hours (7pm 
to 7am everyday). Column 4 and 5 represents AMEF and AEF not accounting for temporal 
differences. Daytime and Nighttime AMEFs are calculated by regressing hourly changes in 
emissions during respective times over hourly changes in generation during respective times.  

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Daytime 

AMEF 

Nighttime 

AMEF 

System 

AMEF 

System 

AEF 

CO2 (Kg/MWh) 557 618 597 739 

SO2 (Kg/MWh) 1.44 1.71 1.63 1.97 

NOx (Kg/MWh) 0.526 0.585 0.567 0.727 
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8 Appendix B 
 

Supplemental information for Chapter 3 
In this SI, all mortality figures refer to deaths from PM2.5 attributable to EGU emissions. 

Sections: 

1) US Regional Transmission Organizations (RTOs) 

2) Total damages 
 

3) Damages by demographic group 
 

4) Health damages by state 
 

5) Variations by geography and race 
 

6) Other relevant plots 
 

 

1. US Regional Transmission Organizations (RTOs) 
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Figure B1. US RTOs with their percentage coal generation (eGRID 2014 data). Map of US 
RTOs obtained from https://isorto.org/. 

 

Table B1. Demographics of US RTOs. 

RTO Total Population % White Non-Latino % Non-White 
CAISO 30,375,993 39% 61% 
ERCOT 22,999,033 44% 56% 
MISO 46,039,213 77% 23% 
NEISO 13,904,726 78% 22% 
NYISO 18,641,324 57% 43% 
PJM 63,096,305 69% 31% 
SPP 16,859,226 75% 25% 

 

2. Total damages 

Table B2. Total premature deaths and deaths per 100,000 people in and out of each state from 
EGU-PM2.5 emissions originating from the state and from electricity generation in the entire US.  

 

https://isorto.org/
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State Total 
deaths in 
each state 
from 
electricity 
generation 
in the 
entire US 

Deaths per 
100,000 
people in 
each state 
from 
electricity 
generation 
in the 
entire US 

Total 
deaths in 
the entire 
US from 
EGU-
PM2.5 

emissions 
originating 
in the state 

Deaths per 
100,000 
people 
(entire US) 
from EGU-
PM2.5 
emissions 
originating 
in the state 

Total 
deaths 
inside the 
state 
from in-
state 
EGU-
PM2.5 

emissions 

In-state 
deaths per 
100,000 
people in 
the state 
from in-
state 
EGU-
PM2.5 

emissions 

Total 
deaths 
outside 
each state 
from in-
state 
EGU-
PM2.5 

emissions 

Out-of-state 
deaths per 
100,000 
people 
outside 
state from 
in-state 
EGU-PM2.5 

emissions 

AL 357 7.39 522 0.167 204 4.215 319 0.104 
AR 228 7.69 273 0.088 70 2.372 203 0.066 
AZ 10 0.16 98 0.031 8 0.128 89 0.029 
CA 79 0.21 64 0.020 57 0.150 6 0.002 
CO 83 1.59 102 0.033 25 0.483 77 0.025 
CT 98 2.73 15 0.005 9 0.263 6 0.002 
DC 61 9.61 0 0.000 0 0.000 0 0.000 
DE 117 13.01 8 0.003 2 0.199 7 0.002 
FL 568 2.94 526 0.169 465 2.402 62 0.021 
GA 480 4.85 373 0.119 238 2.408 134 0.044 
IA 126 4.12 273 0.087 47 1.533 226 0.073 
ID 1 0.09 1 0.000 0 0.003 1 0.000 
IL 611 4.73 1240 0.397 247 1.914 992 0.332 
IN 900 13.84 1623 0.520 407 6.257 1216 0.398 
KS 114 3.99 104 0.033 13 0.454 91 0.029 
KY 715 16.16 1137 0.364 305 6.891 832 0.270 
LA 435 9.46 336 0.108 166 3.611 170 0.055 
MA 102 1.55 23 0.007 18 0.278 5 0.002 
MD 723 12.20 93 0.030 42 0.714 51 0.017 
ME 13 1.00 4 0.001 3 0.240 1 0.000 
MI 462 4.67 413 0.132 151 1.522 263 0.087 
MN 89 1.66 88 0.028 33 0.623 54 0.018 
MO 367 6.09 688 0.220 152 2.514 536 0.175 
MS 236 7.99 287 0.092 93 3.137 195 0.063 
MT 1 0.15 32 0.010 0 0.032 32 0.010 
NC 709 7.29 314 0.101 224 2.303 90 0.030 
ND 9 1.28 73 0.023 7 0.975 67 0.021 
NE 54 2.97 75 0.024 11 0.616 63 0.020 
NH 17 1.34 10 0.003 3 0.250 6 0.002 
NJ 656 7.39 221 0.071 80 0.902 141 0.047 
NM 14 0.69 67 0.022 4 0.188 64 0.021 
NV 14 0.53 29 0.009 11 0.397 18 0.006 
NY 934 4.75 181 0.058 151 0.767 30 0.010 
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OH 1351 11.71 1028 0.330 229 1.983 800 0.266 
OK 204 5.29 283 0.091 59 1.537 224 0.073 
OR 4 0.09 9 0.003 3 0.074 6 0.002 
PA 1851 14.48 1944 0.623 879 6.871 1065 0.356 
RI 23 2.23 2 0.001 2 0.156 1 0.000 
SC 266 5.57 122 0.039 73 1.530 49 0.016 
SD 15 1.80 32 0.010 1 0.095 32 0.010 
TN 403 6.26 275 0.088 94 1.456 181 0.059 
TX 1359 5.21 1684 0.540 1160 4.449 524 0.183 
UT 9 0.33 103 0.033 8 0.265 96 0.031 
VA 801 9.77 154 0.049 102 1.248 52 0.017 
VT 8 1.21 0 0.000 0 0.013 0 0.000 
WA 19 0.28 20 0.007 17 0.249 3 0.001 
WI 162 2.82 123 0.040 45 0.783 78 0.026 
WV 248 13.63 896 0.287 66 3.632 830 0.268 
WY 5 0.89 89 0.028 2 0.338 87 0.028 

 

 

Table B3. Total premature deaths per unit electricity generation from EGU-PM2.5 emissions in 
each US state. 

State State annual net 
generation (TWh) 

Deaths per 
TWh 

% Coal share % NG share 

AL 149 3.5 32 32 
AR 62 4.4 54 16 
AZ 109 0.9 38 24 
CA 197 0.3 0.4 60 
CO 54 1.9 60 22 
CT 34 0.5 2 44 
DC 0.07 0.0 0 100 
DE 8 1.1 11 81 
FL 230 2.3 23 61 
GA 126 3.0 36 33 
IA 57 4.8 59 2 
ID 15 0.1 1 17 
IL 202 6.1 43 3 
IN 115 14.1 85 8 
KS 50 2.1 58 3 
KY 91 12.5 92 3 
LA 104 3.2 18 54 
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MA 31 0.7 9 60 
MD 38 2.5 47 7 
ME 13 0.3 1 33 
MI 107 3.9 50 12 
MN 57 1.5 49 7 
MO 88 7.8 82 5 
MS 55 5.2 19 59 
MT 30 1.1 51 2 
NC 126 2.5 38 22 
ND 36 2.0 75 1 
NE 39 1.9 63 1 
NH 20 0.5 7 22 
NJ 67 3.3 4 45 
NM 32 2.1 63 28 
NV 36 0.8 18 64 
NY 134 1.4 3 40 
OH 134 7.6 67 18 
OK 70 4.0 43 38 
OR 60 0.2 5 21 
PA 221 8.8 36 24 
RI 6 0.4 0 95 
SC 97 1.3 30 12 
SD 11 2.9 24 4 
TN 80 3.5 45 8 
TX 438 3.8 34 47 
UT 44 2.4 76 19 
VA 77 2.0 27 27 
VT 7 0.02 0 0.04 
WA 116 0.2 6 10 
WI 61 2.0 61 13 
WV 80 11.2 96 1 
WY 50 1.8 87 1 

 

 

Table B4. Total premature deaths and risk in each state from electricity generation in the entire 
US by fuel-type. 

 Coal EGUs Natural gas EGUs Other fossil fuel EGUs 

State Total deaths 

Deaths per 
100,000 
people in 

state 

Total 
deaths 

Deaths per 
100,000 
people in 

state 

Total deaths 

Deaths per 
100,000 
people in 

state 
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AL 342 7.1 12 0.3 3 0.1 
AR 217 7.3 9 0.3 2 0.1 
AZ 7 0.1 3 0.04 0 0.004 
CA 17 0.04 53 0.1 9 0.02 
CO 79 1.5 3 0.1 1 0.01 
CT 79 2.2 9 0.2 10 0.3 
DC 59 9.3 0 0.1 1 0.2 
DE 109 12.1 3 0.3 6 0.6 
FL 439 2.3 95 0.5 34 0.2 
GA 448 4.5 28 0.3 4 0.04 
IA 122 4.0 3 0.1 1 0.04 
ID 1 0.1 0 0.01 0 0.01 
IL 597 4.6 11 0.1 3 0.02 
IN 886 13.6 10 0.1 4 0.1 
KS 106 3.7 7 0.2 1 0.05 
KY 710 16.0 4 0.1 1 0.02 
LA 375 8.2 39 0.8 21 0.4 
MA 79 1.2 10 0.1 14 0.2 
MD 692 11.7 7 0.1 24 0.4 
ME 10 0.7 1 0.04 3 0.2 
MI 439 4.4 12 0.1 11 0.1 
MN 81 1.5 2 0.04 6 0.1 
MO 356 5.9 9 0.2 2 0.03 
MS 223 7.5 10 0.3 4 0.1 
MT 1 0.1 0 0.01 0 0.02 
NC 678 7.0 15 0.2 16 0.2 
ND 9 1.3 0 0.01 0 0.01 
NE 52 2.8 1 0.1 1 0.05 
NH 15 1.1 1 0.1 1 0.1 
NJ 554 6.2 52 0.6 49 0.6 
NM 12 0.6 2 0.1 0 0.02 
NV 3 0.1 11 0.4 0 0.02 
NY 681 3.5 176 0.9 75 0.4 
OH 1329 11.5 14 0.1 8 0.1 
OK 179 4.6 23 0.6 2 0.1 
OR 1 0.02 0 0.01 2 0.1 
PA 1763 13.8 30 0.2 57 0.4 
RI 17 1.6 4 0.4 3 0.3 
SC 252 5.3 7 0.1 7 0.1 
SD 14 1.7 0 0.03 0 0.03 
TN 393 6.1 8 0.1 2 0.03 
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TX 1201 4.6 129 0.5 28 0.1 
UT 7 0.2 2 0.1 0 0.002 
VA 758 9.3 12 0.2 30 0.4 
VT 7 1.1 0 0.03 0 0.1 
WA 13 0.2 2 0.03 4 0.1 
WI 154 2.7 5 0.1 4 0.1 
WV 245 13.5 2 0.1 1 0.04 
WY 5 0.9 0 0.02 0 0.02 

 

 

 

Figure B2. Total premature deaths by fuel-type and race from electricity generation in the US for 
the year 2014. “Non-White” refers to all categories except White Non-Latino; “Black”, “Asian”, 
“Native” and other categories include both Latino and Non-Latino ethnicities. 
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Figure B3. Total premature deaths by PM2.5 species-type and race from electricity generation in 
the entire US for the year 2014. 

 

3. Damages by demographic group 

3.1 Race 
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Figure B4. Deaths per 100,000 people, attributable to PM2.5 from electricity generation in each 
RTO for the year 2014. “Non-White” includes all races except White Non-Latino. 

 

Figure B5. Deaths per 100,000 people by PM2.5 specie-type and race from electricity generation 
in the entire US for the year 2014. “Non-White” refers to all categories except White Non-
Latino; “Black”, “Asian”, “Native” and other categories include both Latino and Non-Latino 
ethnicities. 
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Figure B6 (A). Spatial distribution of premature deaths/year per km2 by race-ethnicity across US 
at the scale of InMAP’s grid cell size. Mortalities shown are from total PM2.5 emissions from 
EGUs across the entire US.   

 

Figure B6 (B). Spatial distribution of premature deaths/year per km2 by race-ethnicity across US 
counties. Premature deaths in each county is estimated by aggregating deaths from grid cells 
within the county. Mortalities shown are from total PM2.5 emissions from EGUs across the entire 
US.   
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Figure B6 (C). Spatial distribution of premature deaths/year per km2 by race-ethnicity across US 
states. Premature deaths in each state is estimated by aggregating deaths from grid cells within 
state. Mortalities shown are from total PM2.5 emissions from EGUs across the entire US. Color 
gradation in the legend is shown by four quantiles.  

 

 

Figure B7. Deaths per 100,000 people by fuel-type and race from electricity generation in the 
entire US for the year 2014. Note that y-axis of each plot has different scaling.  

3.2 Income and Race 
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Figure B8. Deaths per 100,000 people by race-income groups from each RTO. Here, risk 
indicates impact of an RTO on the race-income groups in the entire US. Size of bubbles is 
proportional to the population in each income group. 

 

Figure B9. Most exposed household income group in thousand US dollars (for overall 
population) and risk gap (deaths per 100,000 people) between the most and least exposed 
household income group in each US state from EGU-PM2.5 emissions in the entire US. Most 
exposed household income group in a state is shown by labels in each state and risk gap is shown 
by color gradation.   
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4. Heath Damages by State 

  
                                                                                 

 

 

 

 

 

 

 

 

 

Figure B10 (A).  Total deaths in each of US state from electricity generation in each 48 US states 
(highlighted as bold black boundary) and District of Columbia. Equal interval bins are used for 
each state’s color ramp. For example, considering EGU-PM2.5 emissions in Indiana, this figure 
shows that those emissions cause 407 deaths in Indiana, 495 deaths in Ohio, 161 deaths in 
Kentucky, 108 deaths in Pennsylvania, and 20 deaths in Illinois. 
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Figure B10 (B). Total deaths contributed by other states in each of 48 US states (highlighted as 
bold black boundary) and District of Columbia. Equal interval bins are used for each state’s color 
ramp. For example, considering EGU-PM2.5 deaths in Indiana, this figure shows that 407 deaths 
in Indiana are from EGU emissions in Indiana, 240 deaths in Indiana are from EGU emissions in 
Illinois, and 94 deaths in Indiana are from EGU emissions in Kentucky. 
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Figure B11. Figure 4. PM2.5-related premature annual deaths from emissions from electricity 
generation units (EGUs). (A) Total estimated annual deaths in each state from EGUs throughout 
the US, (B) Total estimated annual deaths in-state and out-of-state from EGUs in that state, (C) 
Net imports (negative values) or exports (positive values) of estimated annual deaths. Values in 
C are calculated as B – A. X-axes in all three plots are sorted by decreasing total premature 
deaths. 
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 Figure B12. Inter-state health damages from EGU-PM2.5 emissions in each state and District of 
Columbia.  

5. Variations by geography and race 

5.1 Regional Transmission Organizations (RTOs) 

 

Figure B13. Deaths per 100,000 people by race-ethnicity in the entire US from EGU-PM2.5 

emissions in each RTO. 
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Figure B14.  Percentage of total health damages inside and outside of RTO boundaries. 
 

 
Figure B15. (A) Deaths per 100,000 people inside the RTO from EGU-PM2.5 emissions in each 
RTO, (B) Deaths per 100,000 people outside the RTO from EGU-PM2.5 emissions in each RTO. 
 
5.2 States 

Table B5. Deaths per 100,000 people by race-ethnicity in each state and population-weighted 
average risk by race-ethnicity from electricity generation in the entire US. 
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Table B6. Deaths per 100,000 people by race-ethnicity and fuel type in each state from 
electricity generation in the entire US. 

State

Deaths per 
100,000 

White Non-
Latino

Deaths per 
100,000 

White Latino

Deaths per 
100,000 
Black

Deaths per 
100,000 Asian

Deaths per 
100,000 
Native 

American

Deaths per 
100,000 

Mixed/Other

White Non-
Latino 

Population
White Latino 

Population
Black 

Population
Asian 

Population

Native 
American 
Population

Mixed/Other 
Population

Alabama 7.4 7.0 7.4 6.8 7.4 7.1 3,209,159 122,254 1,274,583 58,621 24,959 138,584
Arizona 0.1 0.2 0.1 0.1 0.3 0.2 3,709,118 1,427,031 274,056 190,752 288,992 621,828
Arkansas 7.6 7.0 8.4 6.7 7.4 7.1 2,181,425 127,095 466,886 37,949 21,407 128,322
California 0.2 0.2 0.2 0.2 0.2 0.2 14,956,566 8,757,216 2,263,160 5,131,592 289,723 6,746,582
Colorado 1.6 1.6 1.4 1.5 1.6 1.6 3,602,669 758,100 209,029 146,569 51,155 426,878
Connecticut 2.7 2.9 2.8 2.7 2.9 2.8 2,497,255 279,992 364,192 144,984 8,063 281,751
District of Columbia 9.8 9.8 9.5 9.7 9.7 9.7 226,495 31,712 305,997 23,317 2,087 40,507
Delaware 13.1 13.1 12.8 12.6 13.3 13.0 580,268 48,986 193,539 30,052 3,195 44,186
Florida 3.5 1.6 2.8 3.1 3.2 2.7 10,947,069 3,787,662 3,110,450 490,250 59,166 948,899
Georgia 5.0 4.2 4.9 3.6 4.7 4.3 5,435,139 540,719 3,058,613 343,022 24,980 491,514
Idaho 0.1 0.1 0.1 0.1 0.1 0.1 1,325,346 134,943 9,448 21,758 20,066 80,185
Illinois 5.1 3.6 4.7 3.3 4.6 3.8 8,153,155 1,242,851 1,841,070 628,058 28,755 1,035,274
Indiana 14.0 12.1 13.8 12.7 13.2 13.1 5,240,695 233,641 608,988 113,306 15,208 291,953
Iowa 4.2 3.9 3.9 3.4 4.2 3.9 2,663,501 116,269 104,180 60,649 11,653 102,566
Kansas 4.1 3.5 3.6 3.4 4.9 3.8 2,222,031 222,012 164,103 72,240 25,939 158,340
Kentucky 15.9 17.3 18.4 16.5 15.0 16.4 3,797,972 85,580 347,760 53,993 9,323 132,177
Louisiana 9.3 9.4 9.8 9.5 9.0 9.6 2,749,527 143,673 1,476,096 75,757 28,141 128,001
Maine 1.0 1.0 1.1 1.1 0.7 1.0 1,261,041 13,636 15,138 15,088 7,111 29,148
Maryland 12.9 10.4 12.0 10.1 11.8 10.4 3,170,622 266,536 1,748,760 347,404 16,317 371,467
Massachusetts 1.6 1.5 1.4 1.3 1.6 1.5 4,958,336 333,463 465,141 384,467 13,551 465,299
Michigan 4.6 4.8 5.0 4.4 3.8 4.7 7,540,317 303,542 1,385,669 259,434 54,900 363,613
Minnesota 1.7 1.7 1.6 1.6 1.5 1.6 4,413,906 161,096 289,424 229,918 57,391 219,190
Mississippi 8.5 10.0 7.1 9.7 8.5 9.2 1,700,113 50,565 1,104,758 28,226 13,182 58,284
Missouri 6.1 5.8 6.4 5.6 6.2 5.7 4,851,726 141,180 696,348 101,824 24,859 214,024
Montana 0.1 0.1 0.1 0.1 0.2 0.1 872,221 21,744 4,545 6,643 64,818 30,487
Nebraska 3.0 2.9 3.1 2.5 2.7 2.9 1,500,659 125,131 78,053 35,147 20,296 75,030
Nevada 0.5 0.6 0.6 0.5 0.4 0.6 1,442,740 479,656 229,024 206,947 29,473 358,352
New Hampshire 1.3 1.4 1.3 1.4 1.3 1.3 1,192,302 28,038 15,930 28,248 2,405 31,534
New Jersey 7.7 6.6 7.3 6.5 7.5 7.1 5,138,224 962,374 1,199,194 779,757 18,823 779,806
New Mexico 0.7 0.7 0.6 0.6 0.8 0.7 812,390 691,900 40,776 28,422 187,103 294,662
New York 4.5 5.1 5.0 5.3 4.6 4.8 11,258,424 1,514,975 3,060,672 1,524,799 74,578 2,205,509
North Carolina 7.5 6.8 7.1 6.3 6.7 7.0 6,291,871 489,881 2,086,726 230,183 111,382 525,392
North Dakota 1.3 1.1 0.9 0.9 1.2 1.1 597,049 10,084 10,521 7,841 36,612 19,812
Ohio 11.9 10.5 11.3 10.7 11.4 11.0 9,292,730 237,642 1,405,796 208,971 21,124 372,590
Oklahoma 5.3 4.6 4.6 4.4 6.5 5.5 2,622,370 221,605 280,162 72,669 265,927 398,190
Oregon 0.1 0.1 0.1 0.0 0.1 0.1 3,039,058 287,759 70,894 152,999 47,228 310,993
Pennsylvania 14.9 13.0 12.5 12.6 13.5 13.6 10,040,338 428,957 1,402,554 378,251 23,155 515,022
Rhode Island 2.3 2.1 2.1 2.2 2.2 2.1 782,101 64,793 66,071 32,732 4,909 91,079
South Carolina 5.5 5.2 5.7 5.2 5.9 5.4 3,048,733 156,089 1,314,230 66,291 16,968 168,698
South Dakota 1.8 1.8 1.6 1.7 1.8 1.7 688,548 15,602 12,777 9,350 64,651 28,752
Tennessee 6.4 5.9 5.6 5.4 6.3 6.0 4,831,414 188,939 1,075,388 97,712 18,136 223,785
Texas 6.1 3.8 6.2 4.9 5.4 4.7 11,546,339 7,936,603 3,090,641 1,066,268 130,601 2,307,295
Utah 0.3 0.4 0.3 0.3 0.4 0.3 2,279,933 236,797 31,183 60,558 33,218 219,244
Vermont 1.2 1.2 1.2 1.2 1.1 1.2 611,151 8,257 7,278 9,733 2,140 15,032
Virginia 10.2 8.1 10.0 7.3 9.3 8.5 5,241,618 439,351 1,580,182 473,512 23,518 439,496
Washington 0.3 0.3 0.3 0.3 0.3 0.3 4,924,781 473,709 250,278 517,513 95,909 643,901
West Virginia 13.6 14.4 13.1 12.7 12.4 13.5 1,687,265 16,796 57,796 12,745 3,096 42,054
Wisconsin 2.8 3.1 3.1 2.7 2.6 2.9 4,765,136 231,580 358,717 137,983 49,733 215,627
Wyoming 0.9 0.9 1.3 1.0 0.7 1.1 481,744 34,046 5,932 5,267 13,720 27,634

196,382,590 34,632,066 39,512,708 15,139,771 2,459,647 23,858,548
US Population 

weighted average 
risk 5.7 2.8 6.3 3.3 3.2 3.5

Total population by race-ethnicity
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Figure B16. Most exposed racial-ethnic group and risk gap (deaths per 100,000 people) between 
the most and least exposed racial-ethnic group in each US state from EGU-PM2.5 emissions in the 
entire US. Most exposed group in a state is shown by labels in each state and risk gap is shown 
by color gradation.   
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AL 228 7.1 8 6.8 90 7.1 4 6.6 2 7.0 13 6.9 8 0.2 0 0.2 3 0.3 0 0.2 0 0.3 0 0.2 2 0.1 0 0.1 1 0.1 0 0.1 0 0.1 0 0.1
AR 159 7.3 8 6.6 37 8.0 2 6.4 2 7.0 13 6.7 7 0.3 0 0.3 1 0.3 0 0.3 0 0.3 1 0.3 1 0.1 0 0.0 0 0.1 0 0.0 0 0.1 0 0.1
AZ 4 0.1 2 0.1 0 0.1 0 0.1 1 0.2 2 0.1 1 0.0 1 0.1 0 0.1 0 0.0 0 0.0 1 0.1 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0
CA 7 0.0 4 0.0 1 0.0 2 0.0 0 0.0 6 0.0 19 0.1 13 0.2 3 0.2 7 0.1 0 0.1 22 0.2 4 0.0 2 0.0 0 0.0 1 0.0 0 0.0 3 0.0
CO 55 1.5 12 1.5 3 1.4 2 1.4 1 1.5 17 1.5 2 0.1 0 0.1 0 0.1 0 0.0 0 0.1 1 0.1 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0
CT 55 2.2 6 2.3 8 2.2 3 2.2 0 2.2 11 2.2 6 0.2 1 0.3 1 0.3 0 0.2 0 0.3 2 0.3 7 0.3 1 0.3 1 0.3 0 0.3 0 0.3 2 0.3
DC 22 9.5 3 9.5 28 9.2 2 9.5 0 9.4 6 9.5 0 0.1 0 0.1 0 0.1 0 0.1 0 0.1 0 0.1 0 0.2 0 0.2 1 0.2 0 0.2 0 0.2 0 0.2
DE 71 12.2 6 12.1 23 11.8 3 11.6 0 12.4 9 12.0 2 0.3 0 0.3 1 0.3 0 0.3 0 0.3 0 0.3 4 0.6 0 0.6 1 0.6 0 0.6 0 0.6 0 0.6
FL 299 2.7 42 1.1 65 2.1 11 2.3 2 2.5 54 1.2 57 0.5 15 0.4 15 0.5 3 0.5 0 0.5 19 0.4 22 0.2 5 0.1 5 0.2 1 0.2 0 0.2 6 0.1
GA 257 4.7 21 3.9 137 4.5 11 3.3 1 4.4 35 3.9 14 0.3 1 0.3 11 0.3 1 0.3 0 0.3 2 0.3 3 0.0 0 0.0 1 0.0 0 0.0 0 0.0 0 0.0
IA 107 4.0 4 3.8 4 3.8 2 3.3 0 4.1 7 3.8 2 0.1 0 0.1 0 0.1 0 0.1 0 0.1 0 0.1 1 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0
ID 1 0.1 0 0.1 0 0.1 0 0.1 0 0.1 0 0.1 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0
IL 410 5.0 43 3.5 84 4.6 20 3.3 1 4.5 72 3.5 7 0.1 1 0.1 2 0.1 0 0.1 0 0.1 2 0.1 2 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0
IN 723 13.8 28 11.9 82 13.5 14 12.6 2 13.0 49 12.0 7 0.1 0 0.2 1 0.2 0 0.1 0 0.2 1 0.2 3 0.1 0 0.1 1 0.1 0 0.1 0 0.1 0 0.1
KS 84 3.8 7 3.3 6 3.4 2 3.1 1 4.6 10 3.3 5 0.2 0 0.2 0 0.2 0 0.2 0 0.3 1 0.2 1 0.0 0 0.0 0 0.0 0 0.0 0 0.1 0 0.0
KY 600 15.8 15 17.1 64 18.3 9 16.4 1 14.9 23 16.5 4 0.1 0 0.1 0 0.1 0 0.1 0 0.1 0 0.1 1 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0
LA 220 8.0 12 8.0 124 8.4 6 8.1 2 7.7 17 8.1 22 0.8 1 0.9 13 0.9 1 0.9 0 0.8 2 0.9 12 0.4 1 0.5 6 0.4 0 0.5 0 0.5 1 0.5
MA 60 1.2 4 1.2 5 1.1 4 1.0 0 1.2 8 1.1 7 0.1 0 0.1 1 0.2 1 0.1 0 0.2 1 0.2 11 0.2 1 0.2 1 0.2 1 0.2 0 0.2 2 0.2
MD 392 12.4 27 10.0 201 11.5 34 9.7 2 11.3 50 9.7 4 0.1 0 0.1 2 0.1 0 0.1 0 0.1 0 0.1 14 0.4 1 0.3 7 0.4 1 0.3 0 0.4 2 0.3
ME 9 0.7 0 0.8 0 0.8 0 0.8 0 0.6 0 0.8 1 0.0 0 0.0 0 0.1 0 0.1 0 0.0 0 0.0 3 0.2 0 0.2 0 0.3 0 0.3 0 0.2 0 0.2
MI 331 4.4 14 4.5 65 4.7 11 4.2 2 3.6 21 4.5 9 0.1 0 0.1 2 0.1 0 0.1 0 0.1 1 0.1 7 0.1 1 0.2 3 0.2 0 0.1 0 0.1 1 0.2
MN 68 1.5 3 1.6 4 1.4 3 1.4 1 1.3 4 1.5 2 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 4 0.1 0 0.1 0 0.2 0 0.1 0 0.1 0 0.1
MO 285 5.9 8 5.7 44 6.3 6 5.5 1 5.9 12 5.4 8 0.2 0 0.2 1 0.1 0 0.1 0 0.2 0 0.2 2 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0
MS 137 8.0 5 9.5 73 6.6 3 9.3 1 7.9 7 8.8 5 0.3 0 0.3 4 0.4 0 0.3 0 0.4 0 0.3 2 0.1 0 0.1 1 0.1 0 0.1 0 0.2 0 0.1
MT 1 0.1 0 0.1 0 0.1 0 0.1 0 0.2 0 0.1 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0
NC 450 7.1 32 6.5 140 6.7 14 6.1 7 6.3 56 6.6 10 0.2 1 0.1 3 0.2 0 0.1 0 0.2 1 0.1 9 0.1 1 0.1 4 0.2 0 0.1 0 0.2 1 0.1
ND 8 1.3 0 1.1 0 0.9 0 0.9 0 1.1 0 1.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0
NE 43 2.9 3 2.8 2 3.0 1 2.4 1 2.6 5 2.8 1 0.1 0 0.1 0 0.1 0 0.1 0 0.1 0 0.1 1 0.0 0 0.1 0 0.0 0 0.0 0 0.0 0 0.1
NH 13 1.1 0 1.1 0 1.1 0 1.1 0 1.1 0 1.1 1 0.1 0 0.2 0 0.1 0 0.1 0 0.1 0 0.2 1 0.1 0 0.1 0 0.1 0 0.1 0 0.1 0 0.1
NJ 341 6.6 52 5.4 73 6.1 42 5.4 1 6.2 91 5.5 27 0.5 7 0.7 8 0.6 5 0.6 0 0.6 12 0.7 29 0.6 5 0.5 7 0.6 4 0.5 0 0.6 9 0.5
NM 5 0.6 4 0.5 0 0.5 0 0.5 1 0.8 5 0.6 1 0.1 1 0.1 0 0.1 0 0.1 0 0.1 1 0.1 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0
NV 2 0.1 1 0.1 0 0.1 0 0.1 0 0.1 1 0.1 5 0.3 2 0.4 1 0.5 1 0.4 0 0.3 3 0.5 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0
NY 401 3.6 51 3.4 103 3.4 51 3.4 3 3.5 118 3.3 74 0.7 20 1.3 35 1.1 22 1.5 1 0.8 43 1.2 37 0.3 7 0.5 13 0.4 8 0.5 0 0.3 16 0.4
OH 1084 11.7 24 10.3 156 11.1 22 10.6 2 11.2 38 10.1 11 0.1 0 0.1 2 0.1 0 0.1 0 0.1 0 0.1 6 0.1 0 0.1 1 0.1 0 0.1 0 0.1 0 0.1
OK 122 4.6 9 3.9 11 4.0 3 3.7 15 5.8 15 4.0 16 0.6 1 0.6 2 0.6 0 0.7 2 0.6 2 0.6 1 0.1 0 0.1 0 0.1 0 0.0 0 0.1 0 0.1
OR 1 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 2 0.1 0 0.0 0 0.0 0 0.0 0 0.1 0 0.0
PA 1434 14.3 53 12.3 163 11.6 44 11.8 3 12.7 96 12.2 22 0.2 1 0.2 4 0.3 1 0.3 0 0.3 2 0.3 42 0.4 2 0.5 8 0.6 2 0.5 0 0.5 4 0.5
RI 13 1.6 1 1.5 1 1.5 1 1.6 0 1.6 2 1.5 3 0.4 0 0.4 0 0.4 0 0.4 0 0.4 1 0.4 2 0.3 0 0.2 0 0.2 0 0.2 0 0.2 0 0.2
SC 161 5.3 8 5.0 71 5.4 3 5.0 1 5.6 13 5.0 4 0.1 0 0.1 2 0.1 0 0.1 0 0.2 0 0.1 4 0.1 0 0.1 2 0.2 0 0.1 0 0.2 0 0.1
SD 12 1.7 0 1.7 0 1.6 0 1.6 1 1.8 0 1.7 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0
TN 305 6.3 11 5.7 58 5.4 5 5.3 1 6.2 18 5.7 5 0.1 0 0.1 2 0.2 0 0.1 0 0.1 0 0.1 1 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0
TX 625 5.4 259 3.3 169 5.5 46 4.3 6 4.8 340 3.4 59 0.5 34 0.4 18 0.6 5 0.5 1 0.5 44 0.4 14 0.1 6 0.1 5 0.2 1 0.1 0 0.1 7 0.1
UT 5 0.2 1 0.3 0 0.2 0 0.2 0 0.4 1 0.3 2 0.1 0 0.1 0 0.1 0 0.1 0 0.1 0 0.1 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0
VA 509 9.7 34 7.8 145 9.2 33 6.9 2 8.7 53 7.7 8 0.1 0 0.1 3 0.2 0 0.1 0 0.2 1 0.1 17 0.3 1 0.3 9 0.6 1 0.3 0 0.4 2 0.3
VT 7 1.1 0 1.1 0 1.1 0 1.1 0 1.1 0 1.2 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.1 0 0.1 0 0.1 0 0.1 0 0.0 0 0.1
WA 9 0.2 1 0.2 1 0.2 1 0.2 0 0.2 2 0.2 1 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 2 0.0 0 0.0 0 0.1 0 0.1 0 0.0 0 0.0
WI 125 2.6 7 3.0 11 3.0 3 2.5 1 2.5 10 3.0 4 0.1 0 0.1 0 0.1 0 0.1 0 0.1 0 0.1 3 0.1 0 0.0 0 0.0 0 0.1 0 0.1 0 0.0
WV 228 13.5 2 14.2 7 13.0 2 12.6 0 12.3 3 14.1 2 0.1 0 0.1 0 0.1 0 0.1 0 0.1 0 0.1 1 0.0 0 0.1 0 0.1 0 0.0 0 0.0 0 0.1
WY 4 0.8 0 0.9 0 1.3 0 0.9 0 0.7 1 0.9 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0

Coal EGUs Natural gas EGUs Other fossil fuel EGUs



143 
 

 

Figure B17. Most exposed household income group in US dollars (*1000) by racial-ethnic group 
in each US state from EGU-PM2.5 emissions in the entire US. Most exposed racial-ethnic group 
for the most exposed household income group is shown by labels in each state. For example, in 
Texas, White Non-Latinos with household income group $10,000 – $15,000 are the most 
exposed group.  

 

6. Other relevant plots and tables 

6.1 Health impacts at the national scale by race-ethnicity 
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Figure B18. Total premature deaths by race-ethnicity from electricity generation in the entire US 
for the year 2014. “Non-White” refers to all categories except White Non-Latino; “All Whites” 
refer to both White Non-Latino and White Latino categories; and “Black”, “Asian”, “Native”, 
and other categories include both Latino and Non-Latino ethnicities. 

 

Figure B19. Deaths per 100,000 people by race-ethnicity from electricity generation in the entire 
US for the year 2014. 

 

 

Figure B20. Deaths from electricity generation in the entire US for the year 2014 normalized to 
deaths among White Non-Latino. 
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6.2 Health impact analysis for the RTOs 

 

 

Figure B21. Total deaths among White Non-Latinos and Non-Whites from EGU-PM2.5 emissions 
in each RTO.  

 

    

Figure B22. Total deaths (left plot) and deaths per 100,000 people (right plot) vs percent of total 
deaths for White Non-Latinos in each RTO. 
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Figure B23.  Percentage of total deaths inside and outside of RTOs from EGU-PM2.5 emissions 
in each RTO. 

 

 

Figure B24.  Deaths inside and outside of RTO for White Non-Latinos. 
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Figure B25.  Deaths inside and outside of RTO for Non-Whites. 

 

Table B7. Population weighted average EGU-PM2.5 concentration for each US RTO, attributable 
to emissions in each RTO. 

RTO 

Population weighted 
average PM2.5 

concentration (μg/m3) 
CAISO 0.003 
ERCOT 0.103 
MISO 0.264 
NEISO 0.002 
NYISO 0.009 

PJM 0.242 
SPP 0.072 

 

6.3 Health impacts from the electricity generation in the US states 
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Figure B26.  Total deaths in entire US/TWh from EGU-PM2.5 emissions in each state (x-axis is 
sorted by increasing share of coal generation). 

 

Table B8. State population weighted average EGU-PM2.5 concentration by state, attributable to 
electricity generation in the entire US (third column from left) and in that state (fourth column 
from left). 

State 
abbreviation 

State name Population weighted average 
PM2.5 Concentration (μg/m3) 

attributable to electricity 
generation in the entire US 

Population weighted average 
PM2.5 Concentration (μg/m3) 

attributable to electricity 
generation in that state 

AL Alabama 0.948 0.545 
AZ Arizona 0.027 0.022 
AR Arkansas 0.992 0.307 
CA California 0.043 0.032 
CO Colorado 0.319 0.099 
CT Connecticut 0.442 0.042 
DC District of 

Columbia 
1.788 0.000 

DE Delaware 1.963 0.031 
FL Florida 0.402 0.328 
GA Georgia 0.838 0.419 
ID Idaho 0.016 0.0005 
IL Illinois 0.729 0.306 
IN Indiana 1.987 0.920 
IA Iowa 0.586 0.225 
KS Kansas 0.590 0.074 
KY Kentucky 2.167 0.933 
LA Louisiana 1.330 0.505 
ME Maine 0.134 0.033 
MD Maryland 2.067 0.120 
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MA Massachusetts 0.248 0.044 
MI Michigan 0.662 0.215 
MN Minnesota 0.296 0.118 
MS Mississippi 1.043 0.416 
MO Missouri 0.832 0.351 
MT Montana 0.021 0.005 
NE Nebraska 0.461 0.095 
NV Nevada 0.094 0.073 
NH New Hampshire 0.208 0.041 
NJ New Jersey 1.218 0.163 
NM New Mexico 0.108 0.030 
NY New York 0.877 0.149 
NC North Carolina 1.129 0.382 
ND North Dakota 0.197 0.150 
OH Ohio 1.565 0.257 
OK Oklahoma 0.695 0.205 
OR Oregon 0.013 0.009 
PA Pennsylvania 1.914 0.945 
RI Rhode Island 0.319 0.023 
SC South Carolina 0.787 0.223 
SD South Dakota 0.268 0.014 
TN Tennessee 0.850 0.208 
TX Texas 0.994 0.857 
UT Utah 0.077 0.064 
VT Vermont 0.178 0.002 
VA Virginia 1.746 0.206 
WA Washington 0.050 0.046 
WV West Virginia 1.556 0.438 
WI Wisconsin 0.432 0.121 
WY Wyoming 0.149 0.056 
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9 Appendix C 
 

Supplemental information for Chapter 4 

 

 

Figure C1. Geospatial network data from U.S. DOT’s NTAD and US EPA. (Source: https://data-
usdot.opendata.arcgis.com/; https://www.epa.gov/air-emissions-inventories/2014-national-
emissions-inventory-nei-data).   

 

https://data-usdot.opendata.arcgis.com/
https://data-usdot.opendata.arcgis.com/
https://www.epa.gov/air-emissions-inventories/2014-national-emissions-inventory-nei-data
https://www.epa.gov/air-emissions-inventories/2014-national-emissions-inventory-nei-data
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Figure C2. LTO cycle and time-in-mode table from ICAO’s air quality manual (Source: 
https://www.icao.int/publications/Documents/9889_cons_en.pdf ). 

Table C1. U.S. DOT ton-miles and estimated ton-miles using shortest route assumptions 

Mode 
Million Ton-Miles in 

2017 (from U.S. DOT’s 
FAF data) 

Million Ton-Miles in 
2017 (using shortest 

distance assumption in 
this research) 

Ratio 

Truck 1,437,029 1,224,764 1.2 
Rail 1,087,651 900,078 1.2 

Barge 184,553 196,788 0.9 
Air 2,231 2,243 0.99 

 

 

Table C2. National average estimated deaths and CO2 emissions metrics 

*from U.S. DOT’s FAF data 

 

Mode
Billion Ton-
Miles in 
2017*

Megatons
Total deaths 
(all age 
groups)

Total deaths 
(age≥35 
years)

Deaths (all 
ages) per 
billion ton-
mile

Deaths 
(≥35 
years) 
per 
billion 
ton-mile

Total CO2 

emissions 
(billion kg)

CO2 
emissions kg 
per ton-mile

Deaths per 
100,000 
people 

Deaths per 
100,000 people 
per billion ton-
mile

Risk gap 
(deaths per 
100,000 
people)

Risk gap per 
billion ton-
mile

Truck 1,437 3,378 660 611 0.46 0.43 124 0.086 0.206 1.4E-04 0.021 1.5E-05
Rail 1,088 1,117 663 608 0.61 0.56 23 0.021 0.207 1.9E-04 0.035 3.2E-05

Barge 185 291 65 61 0.35 0.33 3.2 0.017 0.020 1.1E-04 0.007 4.1E-05
Air 2 2 2 2 0.81 0.75 1.3 0.588 0.001 2.5E-04 0.0001 6.2E-05

https://www.icao.int/publications/Documents/9889_cons_en.pdf
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Figure C3. Deaths per megaton from primary PM2.5 by mode and O-D pairs. 
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Figure C4. Deaths per megaton from primary particulate nitrate (pNO3) by mode and O-D pairs. 
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Figure C5. Deaths per megaton from particulate sulfate (pSO4) by mode and O-D pairs. 
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Figure C6. Deaths per megaton from secondary organic aerosols (SOA) by mode and O-D pairs. 
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Figure C7. Deaths per megaton from particulate ammonium (pNH4) by mode and O-D pairs. 

 

Table C3. ZSA for deaths per megaton by mode combinations  
 

Total PM2.5 Primary PM2.5 pSO4 pNO3 SOA pNH4 
Rail/Truck 1.62 4.13 0.25 1.55 0.63 0.08 
Barge/Truck 1.11 2.61 0.21 1.08 0.22 0.10 
Rail/Barge 1.54 1.61 1.23 1.51 2.95 0.80 
Air/Truck 1.87 0.87 47.04 1.67 3.16 - 
Air/Rail 1.44 0.28 237.05 1.35 6.13 - 
Air/Barge 2.36 0.45 317.52 2.19 19.27 - 
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Figure C8. Average deaths per megaton from each PM2.5 precursor by mode combinations. 
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Figure C9. Average deaths per megaton from each PM2.5 precursor by mode.  

 

Figure C10. Average health and climate monetary damages (million USD per megaton) from 
each mode. 
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Figure C11. InMAP Source-Receptor Matrix (ISRM) grid, navigable waterway lines, and 
example of barge route via Panama Canal. 
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