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ABSTRACT 

Environmental Justice (EJ) research on toxic emissions has traditionally focused on the 

location of toxic emitting facilities in relation to low-income and minority areas. This study 

explores an area of EJ research that is underrepresented in the academic literature, namely whether 

facilities in low-income and minority areas emit different amounts of air toxics compared to similar 

facilities in non-minority and more affluent areas. 2010 Census data and the Environmental 

Protection Agency’s Toxic Release Inventory (TRI) for 2010 are used as data sources. Distance 

based methods are utilized to create “composite local neighborhoods” containing relevant 

demographic information surrounding TRI facilities. Models are tested for three separate 

dependent variables from facilities: fugitive emissions, smokestack emissions, and combined 

emissions. In every model tested for each of the dependent variables, median county income is 

negatively correlated with toxic emissions, and most of the models tested find the percentage of 

Black residents in an area surrounding a toxic emitting facility is positively correlated with toxic 

emissions. In a state fixed effects model for fugitive emissions with controls for industry group 

and chemical released, a one percentage point increase in median income is associated with a .42 

percent decrease in fugitive emissions, and a one percentage point increase in the proportion of the 

population near a facility that is Black is associated with a .38 percent increase in emissions. These 

findings, and the lack of research on this specific topic, suggest further research is warranted within 

the Environmental Justice literature.   
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Introduction: Hazardous Chemicals & Race in America 

When the prevalence of hazardous chemicals first became a concern for environmentalists, 

many studies were conducted to determine the amount of chemicals in the environment and their 

potential effects. Later research shifted to examining the likelihood of exposure to hazardous 

chemicals and toxic substances. One facet of this research has attempted to examine the link 

between race and income and whether there is an increased risk of exposure associated with certain 

demographic or economic characteristics. Coined Environmental Justice research, much of the 

scholarly material has focused on the location of toxic emitting facilities and whether their location 

is a function of race and income, potentially exposing underrepresented groups to disproportionate 

health hazards. One area of research that has been missing from the scholarly material, however, 

is research examining the link between race and wealth and the amount of chemicals a facility 

releases into the surrounding area. 

While disparity has been found to exist in where toxic emitting facilities locate, the purpose 

of this study will focus on examining whether facilities in ethnic minority and low-income areas 

behave differently than those in non-minority and affluent areas. Namely, is there a disparity 

between the amount of toxic releases produced by facilities in minority and non-minority areas? 

This study will focus primarily on air releases of toxic emissions. The hypothesis for this study 

posits that similar facilities producing the same types of toxics and in similar industrial sectors 

release different amounts of toxics into the environment in relation to race and poverty. 

Specifically, this study hypothesizes that facilities in minority or low-income areas release higher 

amounts of air toxics into the environment than facilities in non-minority or more affluent areas, 

holding all else constant. While there are definite links between facility characteristics – such as 

the type of facility, the toxics released, the processes utilized by the facility, the parent or operating 
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company, etc. – and the amount of toxic releases made by a facility, this study will seek to explore 

the link between race and income and the amount of toxics released by a facility.  

History & Institutional Background 

Research exploring the link between poor environmental quality in localized areas and the 

demographic composition of those areas is commonly referred to as Environmental Justice (EJ) 

research. EJ research has typically focused on determining the effects of ethnic/racial and socio-

economic factors on environmental quality. After broad public concern for environmental matters 

began to rise in the 1960s and 1970s, one of the first cases that would shape the nascent EJ 

movement emerged in 1982.  

The decision by North Carolina state officials to create a landfill in Warren County – which 

had the highest percentage of minorities of any North Carolina county – for the purpose of 

relocating illegally dumped toxic material, while bypassing other superior sites in the state, 

prompted the National Association for the Advancement of Colored People (NAACP) to file suit 

against the state (Mank 2007). They argued that the state, as a federal grant recipient, had 

discriminated against minorities when they decided to locate the landfill in the primarily minority 

county, a violation of Title VI of the 1964 Civil Rights Act (Mank 2007). 

While the suit was unsuccessful, protests erupted in the county and led to the U.S. 

Government Accountability Office (GAO) to conduct a study in 1983 to examine whether there 

was a prevalence of hazardous waste facilities being located in minority areas within EPA Region 

IV. In 1987, the United Church of Christ (UCC) commissioned a report for the same purpose 

(GAO 1983; Commission for Racial Justice, UCC 1987). Both found a strong relationship between 

the location of hazardous waste facilities and socio-economic status and race.  The UCC report, 
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strengthened by similar findings from the GAO, would become one of the most frequently sited 

works in the Environmental Justice movement (Bullard 2000). 

In 1986, in the wake of several serious chemical accidents abroad and at home, the United 

States Congress passed the Emergency Planning and Community Right-to-Know Act of 1986 

(EPCRA). Among other duties, EPCRA established the Toxic Release Inventory (TRI), which is 

designed to provide citizens with information of toxic and hazardous chemicals in their community 

(EPA 2015a). Expanded in 1990, the Environmental Protection Agency (EPA) requires certain 

toxic chemical handling facilities to report their emissions annually. 

In 1992, based on the findings of the GAO report and the UCC report, President Clinton 

issued Executive Order No. 12898 requiring federal agencies ensure that federal grant recipients 

comply with Title VI of the Civil Rights Act (Mank 2007). As stated by the EPA: 

“The order directs federal agencies to identify and address the disproportionately high and 

adverse human health or environmental effects of their actions on minority and low-income 

populations, to the greatest extent practicable and permitted by law. The order also directs 

each agency to develop a strategy for implementing environmental justice. The order is 

also intended to promote nondiscrimination in federal programs that affect human health 

and the environment, as well as provide minority and low-income communities access to 

public information and public participation” (EPA 2015b). 

 

 While complainants have almost never successfully won a case based on Title VI grounds 

nor the requirements outlined in EO 12898, the directive has set a major precedent making equal 

enforcement along racial lines a uniform goal for federal agencies, including those focused on 

environmental protection and development (Bullard and Clinton 1994).   

At the end of the 1990s a discussion began to develop within the Environmental Justice 

research community regarding how to effectively measure the correlation between facility 

locations and minority populations. New techniques were developed utilizing Geospatial 

Information Systems (GIS) to explore the connection between race and facility locations. These 
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new methods have strengthened the position that minority neighborhoods are disproportionately 

more likely to have a toxic emitting facility in or close to their neighborhood. 

Additional research, separate from the Environmental Justice movement in particular, has 

developed to analyze corporate responsibility, the general practices of organizations that lend to 

or impede environmental protection. Different organizational structures and features have been 

examined to determine what characteristics of a company lend to releasing greater amounts of 

toxic emissions. 

In 2007, the UCC commissioned a follow-up report to their 1987 report utilizing new 

methods to reexamine the correlation between race and socioeconomic background and the 

location of hazardous facilities (Bullard et al. 2007). The study expanded on the original UCC 

report by using geospatial mapping to analyze the relation between the location of hazardous waste 

facilities and minority groups. The general conclusions of the updated 2007 report are similar to 

those of the original report in 1987, however they show an even greater concentration of minorities 

around hazardous waste facilities than the original report, suggesting an even stronger relationship 

between race and facility location. The new methods utilizing GIS processes and organizational 

characteristics utilized in these studies will be important guides for this paper. 

Literature Review 

An Overview 

While Paul Mohai and Robin Saha view the various types of Environmental Justice 

research focused on toxics and emissions – which is separate from research focused on health 

disparities, information awareness, and social empowerment – as falling into two categories, this 

paper finds that the literature generally falls into one of four categories (Mohai and Saha 2006). 

Three of these categories are predominantly represented in the research on toxic emissions and 

race. Similarly, a majority of the research has focused on toxic waste facilities, also known as 
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hazardous waste treatment, storage, and disposal facilities (TSDFs), while there are considerably 

fewer studies examining toxic emitting facilities, henceforth referred to as TRI facilities. 

One of these categories can be generally described as proximity and demographic studies 

– studies that focus on where toxic waste facilities and toxic polluters are located and whether 

there is a pattern to where they locate based on race or low-income status (ibid). Many of these 

studies have focused on the location of TSDFs specifically, but some research has also been 

conducted on the location of other toxic facilities, including TRI facilities. 

The second category tends to be focused on the toxics that are present in a community. 

Separate from the location of facilities, which certainly plays a major part of this research, this 

area tends to focus on the amount of toxics present in the air, water, and land of various 

communities. Rather than focusing on whether certain facilities locate more prevalently in 

minority and low-income areas, these studies examine whether these areas are actually exposed to 

a higher level of toxics and have a higher amount of these substances in their environment by 

examining air, water, and land samples in a community (ibid).  

A third category, as this paper will define them, is focused on regulatory response in 

regards to toxic pollution in minority and low-income areas. These studies examine the regulatory 

framework, timeline, and responses made by government officials and agencies to address toxic 

pollution. These studies tend to examine SUPERFUND site listings and cleanup response times, 

for example, or the reaction to industrial disasters and the speed with which problems are 

addressed, which have an effect on the level of exposure a population experiences. 

The final category includes studies that examine the actions of hazardous or toxics 

managing facilities to determine whether there are disparate actions related to socio-economic 

demographics. The key questions in this group of studies tends to focus on “Do facilities behave 
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differently in correlation with underlying facility or local demographic characteristics?” As such, 

this paper will refer to these types of studies as Characteristic-Dependent Behavior Studies. This 

category appears to be the least represented in the literature. 

This paper falls into the fourth category of the general research categories as described. A 

key component to each of these categories is how a local area is defined for demographic 

comparison. Whether counties, ZIP codes, Census Tracts, or other areas of land are used to 

determine the population of an area surrounding a facility or industrial disaster is a part of the 

analysis which must be done with much care and forethought. Much of the research into how to 

define an area has been developed by researchers studying TSDF locations, part of the first 

category of research. For this reason, this paper will cite these types of studies heavily when 

determining the area of land surrounding a facility – referred to as the “local neighborhood.” 

Throughout, this paper will be using studies from all four categories, though directly comparable 

studies in the fourth category are less prevalent due to the seemingly few studies of this type. 

Proximity Demographic Studies 

There are typically two methods of determining the area of analysis for assessing the 

demographics of a “local neighborhood” – the area around a point as defined by the researchers. 

The first method, termed the Unit-Hazard Coincidence Method (also known as the Spatial 

Coincidence Method) takes a predefined area of analysis – such as a county or Census Tract – and 

determines whether a facility is located in those areas on a simple “Yes” or “No” basis (Mohai and 

Saha 2006; Sheppard et al. 1999). These predefined geographic areas which contain a facility of 

interest are compared against areas that do not contain a facility for statistical differences. Issues 

arise with this method because not all areas of analysis are similarly sized and occupants are not 

evenly dispersed within those areas. Facilities may be located on the border of a county, for 

example, and affect the occupants of another neighboring county more heavily than occupants of 



 

7 

the host county. Similarly, facilities may affect a large or very limited number of neighboring 

counties based on how close the counties are. 

An example of the issue with the Unit-Hazard Coincidence Method can be seen in Figure 

1. On the left, Facility A, represented by a small yellow dot, is shown within a very small Census 

Block Group, CBG 1, which is barely large enough to encompass the dot at this resolution. A 

three-kilometer radius circle (green) surrounding it is shown, which covers dozens of other Census 

Block Groups. On the right, two more facilities (B and C) located in a much larger Census Block 

Group, CBG 2, with similar three-kilometer circles drawn around them are shown. Under the Unit-

Hazard Coincidence Method, only the demographic information from the Census Block Group 

where these facilities are located are used, regardless of the proximity of other Census Block 

Groups. While Facility A may affect dozens of other Block Groups in its vicinity, these 

surrounding Block Groups are not considered to be host areas regardless of how close they are to 

Facility A. Conversely, CBG 2 contains two facilities, but these facilities affect a much smaller 

portion of CBG 2 as represented by the area considered to be in near proximity (the area within 

the three-kilometer circle).  

Figure 1: Size Comparison of Smallest & Largest Demographic Unit with 3km Radius 
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The second method assembles a composite neighborhood based on criteria developed by 

the researchers. Most commonly this criteria is defined as being within a certain radial distance 

from a facility, though there are other methods. When using Distance-Based Methods, a circle of 

a certain radius is drawn around a facility and all predefined areas (counties, Census Tracts) that 

fall within (or partially within) that circle are combined into a composite area to create a local 

neighborhood. There are various methods to create this type of local neighborhood, and particular 

methods used will be discussed as necessary when commenting on individual studies. This paper 

utilizes the Distance-Based Method utilizing three-kilometer radii circles, as shown in Figure 1, 

and will be discussed further later on. 

Unit-Hazard Coincidence Studies 

Government Accountability Office, 1983 

In 1983, a study was conducted by the Government Accountability Office (GAO) in the 

wake of the Warren County protests in North Carolina. This study examined the demographic 

characteristics surrounding each “offsite hazardous waste landfill in EPA’s Region IV (consisting 

of Alabama, Florida, Georgia, Kentucky, Mississippi, North Carolina, South Carolina, and 

Tennessee)” (GAO 1983). In total there were four sites containing facilities that the GAO 

examined. The GAO conducted interviews with EPA and other federal officials, as well as state 

and local officials, to determine which facilities to examine and their location. For demographic 

information the GAO used 1980 Census data. The GAO study matches a Unit-Hazard Coincidence 

model in which they used Census areas (subdivisions of counties, such as townships and 

subdivisions) as the unit of analysis. Two categories of areas were used for comparison: areas 

which had a landfill, and areas that had a border within four miles of the facility. In total, there 

were 18 areas used for comparison; four which contained a hazardous waste landfill and 14 which 

did not (ibid).  
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 Of the four areas that contained a landfill, the GAO found that three of the areas had a 

majority of Black residents (ranging from 52 percent to 90 percent). Additionally, the study found 

that between 26–42 percent of the population in all four areas were below the poverty line, and for 

all four areas 90–100 percent of the people below the poverty line were Black. Mean family income 

for Blacks was also lower than the average for all races in these areas, with differences ranging 

from $446 to $9,590. Finally, with the exception of the one area that did not have a majority of 

Black residents, the areas containing landfills generally had a higher percentage of Black residents 

than the other neighboring areas within a four-mile radius of the landfill. However, for the one 

area containing a landfill which did not have a majority of Black residents (38 percent), the facility 

was placed comparatively close to the border of three other areas which had 69, 74, and 92 percent 

of the population as Black (ibid). 

The GAO concluded that there was a strong correlation between the location of these four 

landfills and the racial and socio-economic characteristics of the areas. While very limited in its 

scope, examining only four Census areas containing hazardous waste landfills across a total of 18 

areas, the GAO study galvanized an area of research that would grow rapidly in coming years. Its 

findings and conclusions were further supported by the findings in a 1987 report using similar 

methods on a national level published by the United Church of Christ’s Commission on Racial 

Justice; the 2007 reassessment of this report, which made use of more modern techniques, will be 

discussed in further detail. 

Several other studies, including studies by Douglas Anderton (Anderton et al. 1994, 1997; 

Davidson and Anderton 2000), have utilized Unit-Hazard Coincidence methods on a national level 

and have found no statistical disparity between areas with high percentages of minority and low-

income residents compared to other areas, while studies by Manuel Pastor, Rachel Morello-Frosch, 
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and James Sadd (Pastor et al. 2004, 2005) and others have found great disparity within specific 

states. 

Composite Local Neighborhoods 

Mohai and Saha, 2006 

While many Unit-Hazard Coincidence studies have found statistically significant 

differences based on race and socioeconomic characteristics, there is great variation in the 

magnitude of these findings.  Some have theorized this issue arises from the type of area being 

analyzed. In the early 2000s, there was much debate within the EJ research community about 

which geographic area should be used for the unit of analysis. Previously counties, ZIP codes, 

Census tracts, and Census areas had all been used in various ways, each finding different 

significance levels and magnitudes. Numerous methods were also developed, including the Unit-

Hazard Coincidence method previously mentioned; methods which called for including areas 

immediately adjacent to a geographic area containing a TSDF or TRI facility to create what this 

paper calls a composite local neighborhood; and methods that called for including geographic units 

a certain distance from a facility to create a composite local neighborhood. The Environmental 

Justice community has generally come to view the last set of methods as the most appropriate, but 

this group of techniques still has a large degree in variation in the methods used. 

Paul Mohai and Robin Saha (2006) propose various distance-based methods for 

determining a composite local neighborhood for analysis. The first method is the 50% Areal 

Containment Method in which a circle with a predefined radius is drawn around a facility and any 

predefined area (e.g. Census Tract) that is at least 50 percent contained within that circle is included 

as part of the composite local area (Mohai and Saha, 2006). The second method is the Areal 

Apportionment Method, in which a circle is drawn around a facility and the population of any 
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predefined area is weighted by the percentage of area covered by the circle; these weighted 

amounts are then included in the composite local area.  

Both of these methods, as the authors argue, better reflect the actual geographic population 

distribution and their proximity to hazardous facilities. Predefined areas, such as ZIP codes, can 

vary widely in size, with the largest ZIP code covering some 10,000 square miles and the smallest 

covering only .1 square miles (Stiles 2013). Similar variation can be found for counties, Census 

Tracts, and Census Blocks. In the case of the Areal Apportionment Method, a facility in a large 

ZIP code is less likely to be in close proximity to 100 percent of the population of that ZIP code, 

whereas a facility in a small ZIP code would be more likely to be in close proximity to 100 percent 

of the population. Therefore, weighting the population of a ZIP code by the percentage of the area 

considered close to a facility (e.g. the area of a ZIP code within 3 kilometers of a facility as a 

percentage of the entire area of a ZIP code) more accurately reflects the demographic 

characteristics of the area surrounding that facility.  

Mohai and Saha found both the 50% Areal Containment and the Areal Apportionment 

methods to be robust and produce similar results when used to determine demographic distribution 

(ibid). They also found these methods to produce more consistent and definitive results than 

previous methods. This paper will utilize the Areal Apportionment Method as described by Mohai 

and Saha. 

UCC Commission on Racial Justice, 2007 (Bullard et al. 2007) 

In their 2007 report reexamining the 1987 UCC findings, Robert Bullard, Paul Mohai, 

Robin Saha, and Beverly Wright conducted a national analysis of the location of TSDF facilities 

and their relation to minority and low-income populations. Commissioned by the United Church 

of Christ’s Commission on Racial Justice and using the methods proposed by Mohai and Saha 
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(2006), the study found even stronger evidence of racial disparities than the previous studies by 

either the GAO or the UCC (Bullard et al. 2007). 

Using 2000 Census data, the authors examined the correlation between minority 

populations and the locations of hazardous waste facilities on a national level, as well as within 

region and states, and separate analyses are conducted for metropolitan statistical areas as well. 

They found that “people of color make up the majority of those living in host neighborhoods within 

3 kilometers (1.8 miles) of the nation’s hazardous waste facilities.” Further, they found: 

“Host neighborhoods of commercial hazardous waste facilities are 56% people of color 

whereas nonhost areas are 30% people of color. Percentages of African Americans, 

Hispanics/Latinos, and Asians/Pacific Islanders in host neighborhoods are 1.7, 2.3 and 1.8 

times greater (20% vs. 12%, 27% vs. 12%, and 6.7% vs. 3.6%), respectively[, than non-

host areas]” (ibid). 

Using the 50% Areal Containment Method for multivariate logit models, the authors 

determined that race and ethnicity had a strong correlation with the likelihood of a Census Tract 

containing a hazardous facility. The variables used in their models, at the individual Census Tract 

level, include: 

 Total Population 

 Percent of population that are People of Color; African-American; Hispanic/Latino; 

Asian/Pacific Islander; Native American 

 Poverty Rate 

 Mean Household Income 

 Mean Owner-Occupied Housing Value 

 Percent of population with a 4-Year College Degree 

 Percent of population employed in “White Collar” Occupations 

 Percent of population employed in “Blue Collar” Occupations 

With the exception of percent of the population with a 4-Year College Degree and percent 

employed in “White Collar” Occupations, all of the variables were found to be statistically 

significantly correlated with the likelihood of a tract containing a facility, with the coefficients 

related to race and “Blue Collar” occupation to have the largest magnitudes.  Many of these 
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variables will be analyzed at the Census Block Group level, as opposed to the Census Tract level, 

for this study. Additional variables to be included are those utilized in the next studies.  

Characteristic-Dependent Behavior Studies 

Industry Analyses of Emissions 

Grant and Jones, 2003 

In their analysis of emissions for toxic emitting facilities, Don Grant and Andrew Jones 

explored whether subsidiary status is correlated with increased levels of emissions for TRI 

facilities. The authors specifically focused on the emissions rate of facilities – the total amount of 

each chemical released by a facility divided by the total amount of each chemical processed or 

stored by each facility (Grant and Jones 2003).  

Utilizing a random effects model, the authors found that subsidiary status had a statistically 

significant positive correlation with the emissions rate of a facility – facilities that were a 

subsidiary of a larger company released toxic emissions at a higher rate compared to other facilities 

that are not a subsidiary of a larger company (ibid).  

In their model, the authors did include variables to control for some socioeconomic 

characteristics in the area surrounding a facility. The authors utilized the Unit-Hazard Coincidence 

Method at the ZIP code level to account for these socioeconomic demographics. These included 

the percentage of the population that is African-American, the percentage that is Hispanic, and the 

percentage that is poor in the ZIP code where each facility is located. The authors did not find that 

these socioeconomic variables were statistically significantly correlated with emissions rates at the 

10 percent significance level (ibid). 

While their study provides a model for examining the effects of socioeconomic 

characteristics on the amount emmissions released by a facility, the authors model suffers from 

some notable issues. As mentioned, the authors utilized the Unit-Hazard Coincidence Method at 
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the ZIP code level for their demographic information. Mohai and Saha (2006) highlighted the 

variability of demographic information based on the Unit-Hazard Coincidence Method and the 

inherent variability between ZIP codes in regards to size and population distribution has already 

been mentioned. Therefore, while the methods used will serve as important guides for this study, 

the findings of Grant and Jones in regards to socioeconomic characteristics warrant further 

exploration, which this study will seek to accomplish. 

Conceptual Model 

There are several factors that are possibly correlated with the amount of toxics released by 

a facility. These include secondary facility characteristics, secondary population characteristics, 

and economic and political characteristics.  

Secondary facility characteristics – characteristics that are more unique to individual 

facilities and generally less quantifiable – can directly affect the amount of toxics released by a 

facility. These characteristics include the number of employees at a facility, the company’s culture, 

and the company’s adherence to industry best practices. Small companies with few employees 

may not have the resources to operate facilities efficiently, causing an increase in toxic releases. 

Or conversely, small companies may be more acutely affected by negative publicity and take 

greater steps to reduce emissions. Similarly, whether a company makes it a priority to reduce toxic 

releases or not in accordance with company culture is a major factor in the amount of toxics 

released by a facility. As found by Grant and Jones, subsidiary status is a potential secondary 

characteristic that has a strong correlated effect with the amount of emissions released by a facility 

(Grant and Jones 2003). Unfortunately, though Grant and Jones (2003) included several variables 

related to these secondary facility characteristics (firm size, plant size, and subsidiary status), many 

of these variables are not present in the data and are unavailable due to proprietary industry reasons 

and are therefore not utilized in this study. 
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Secondary population characteristics are those that are indirectly determined by population 

characteristics. Public engagement and political participation in the community may be determined 

by underlying population characteristics such as race, income, population size, and whether an 

area is rural or urban. Additionally, whether political attention is given to certain community issues 

is also determined by these same characteristics. In low income areas, constituents may frequently 

press politicians to focus on creating economic growth first before addressing community health 

and environmental pollution. These characteristics – public engagement, political participation, 

and political representation – then translate to determining economic and regulatory factors. 

Economic factors may include the communities desire to create jobs in the neighborhood 

or spur economic activity. Communities looking to accomplish this may allow facilities to emit 

more toxics in exchange for the benefits of jobs. Regulatory factors are a key component of the 

amount of toxics a facility releases. Regulations and permitting processes determine much of the 

overall amount of toxics a facility releases, but these regulations and permitting processes may be 

heavily influenced by secondary population characteristics. Additionally, whether proper 

oversight is carried out on facilities is often a function of public engagement and political 

participation, which influences policy makers to either scrutinize facilities or focus their attention 

on other efforts, such as job creation. 

All of these factors may affect the amount of toxics released from a facility, and an example 

of this conceptual model can be seen in Figure 2. This study hypothesizes that low-income and 

ethnic minority areas suffer higher amounts of toxic releases in their neighborhoods from TRI 

facilities than non-minority areas. Minority and low-income areas may not be politically active, 

suffer from poor representation, or encourage policy makers to address other issues they deem 

more pressing than toxic releases made by facilities, such as the need for jobs, economic activity,  



 

16 

Figure 2: Conceptual Model of Unobserved and Hypothesized Influences on Emissions 

 

or other issues. This can incentivize policy makers to focus less attention on toxic emitting facilities 

or even actively work to remove restrictions from facilities in order to spur economic activity.  

Methodological Approach 

The primary focus of this study is estimating the effect of the percentage of the population 

near a facility that is Black or Hispanic on the amount of emissions released to the air by that 

facility. There are three types of air emissions in the data: fugitive, stack, and total air emissions. 

Fugitive emissions are a type of nonpoint source pollution that are uncontrolled, unexpected, or 

accidental. These include leaks in pipes or losses due to evaporation. Depending on the industry, 

fugitive emissions have varying degrees of regulatory oversight, but barring major accidents are 
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typically under-regulated. Stack emissions are emissions emitted from smokestacks or exhaust due 

to normal operating processes at a facility. These emissions are often highly regulated under 

various laws. Finally, all air emissions are a simple combination of the previous two. 

This study primarily examines fugitive emissions to generate regression models to then 

apply to the other types of emissions, stack and total air emissions. Fugitive emissions are 

examined first due to their propensity for under-regulation, and it is expected that fugitive 

emissions have the highest amount of variability between facilities of the three types of emissions. 

After creating composite local areas as described by Mohai and Saha (2006) and used by 

Bullard et al. (2007) to determine local demographic composition (discussed in more detail in the 

Data and Variables section), the weighted subpopulation demographics will be used to determine 

the percentage of the population that is White, Black, Hispanic, etcetera in the local neighborhood 

surrounding each TRI facility. These figures will be used as the key independent variables of 

interest. Separate equations will be estimated for each of the three dependent emissions variables 

in log form.  

Empirical Models 

Several models will be estimated, beginning with a series of progressively specified simple 

linear models. Next, fixed effects models will be examined, utilizing states as fixed effects. As 

opposed to the random effects model used by Grant and Jones (2003) holding parent companies 

as the random effect, the state indicator variable is exhaustive – all states are represented in the 

data – and every facility and state utilizes the same reporting process with the same variables in 

the data. Finally, due to the extremely skewed distribution of emissions data with long right-hand 

tails, a model utilizing a gamma distribution applied to the residuals will also be estimated. 

After estimating the various models for fugitive emissions, these models will be estimated 

and presented for the other emissions types, stack and total air emissions. The primary interest in 
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estimating these two separately is to see whether any trend in fugitive emissions is also present in 

stack emissions, and whether the trends estimated in fugitive emissions are strong enough to 

remain present in total air emissions. 

Linear Models 

The first set of simple linear models will utilize very few individual facility variables to 

explore initial correlations. However, due to the lack of industrial variables, the R2 for these models 

are not expected to be very large. These models will become progressively more specified with 

each subsequent model. The most specified form of these models is the equation: 

log(𝐹𝑢𝑔𝑖𝑡𝑖𝑣𝑒 𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑠)𝑖

=  𝛼 + 𝛽(%𝐵𝑙𝑎𝑐𝑘)𝑖 + 𝛽(%𝐻𝑖𝑠𝑝𝑎𝑛𝑖𝑐)𝑖 + 𝛽(𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛)𝑖 + 𝛽(𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛2)𝑖

+ 𝛽 log(𝐶𝑜𝑢𝑛𝑡𝑦 𝑀𝑒𝑑𝑖𝑎𝑛 𝐻𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑 𝐼𝑛𝑐𝑜𝑚𝑒)𝑖 + 𝛽(𝐹𝑒𝑑𝑒𝑟𝑎𝑙)𝑖
(0,1)

+ 𝑢 

where Federal is a binary indicator variable equal to 1 if a facility is a federal facility and equal to 

0 if the facility is not.  

 The signs of the coefficients for %Black and %Hispanic are hypothesized to be positive, 

indicating that as the percentage of Black or Hispanic residents in an area surrounding a facility 

increases, emissions from that facility increase. The signs of the coefficients for Population and 

County Median Household Income are expected to be negative, suggesting that as population 

around a facility increases and as the county median income increases facilities emit fewer 

emissions. Since the size of the areas surrounding a facility are uniform thanks to the proposed by 

Mohai and Saha (2006), the Population variable acts similarly to a population density variable for 

a neighborhood surrounding a facility. The sign of Population2 is expected to be positive, 

suggesting that as population increases emissions from a facility decrease (as previously theorized) 

but at a diminishing rate (i.e.: the rate of change in emissions trends towards zero as Population 

approaches infinity). Finally, the sign of the coefficient for Federal is uncertain, though given the 
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typical size of federal facilities, it can be posited that federal facilities emit higher amounts of toxic 

emissions on average, suggesting the coefficient will be positive. 

State Fixed Effects Model 

In the fixed effects model using state fixed effects for facilities that have fugitive emissions 

(fugitive emissions > 0), the log of fugitive emissions for facility i in state t emitting chemical k in 

industry group g, is given by the equation of: 

log(𝐹𝑢𝑔𝑖𝑡𝑖𝑣𝑒 𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑠)𝑖𝑡𝑘𝑔

=  𝛼𝑡 + 𝛽(%𝐵𝑙𝑎𝑐𝑘)𝑖𝑡𝑘𝑔 + 𝛽(%𝐻𝑖𝑠𝑝𝑎𝑛𝑖𝑐)𝑖𝑡𝑘𝑔 + 𝛽(𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛)𝑖𝑡𝑘𝑔

+ 𝛽(𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛2)𝑖𝑡𝑘𝑔 + 𝛽 log(𝐶𝑜𝑢𝑛𝑡𝑦 𝑀𝑒𝑑𝑖𝑎𝑛 𝐻𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑 𝐼𝑛𝑐𝑜𝑚𝑒)𝑖𝑡𝑘𝑔

+ 𝛽(𝐹𝑒𝑑𝑒𝑟𝑎𝑙)𝑖𝑡𝑘𝑔
(0,1)

+ 𝛽(𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝐺𝑟𝑜𝑢𝑝)𝑔 + 𝛽(𝐶ℎ𝑒𝑚𝑖𝑐𝑎𝑙)𝑘 + 𝑢  

𝐢𝐟 𝐹𝑢𝑔𝑖𝑡𝑖𝑣𝑒 𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑠 > 0 

In the above equation indicator variables are included for Industry Group and Chemical. 

Industry Group is the 4-digit North American Industry Classification System (NAICS) code used 

by the facility. Certain industries intrinsically emit higher amounts of toxic chemicals. This is 

consistent with steps taken by Grant and Jones (2003) who included indicator variables for specific 

subsections of the chemical manufacturing industry. Similarly, Chemical is the primary chemical 

which represents the largest portion of a facilities emissions. Beyond Industry Group, certain 

industrial processes require intrinsically more chemicals. These processes will generally use 

similar chemicals. The coefficients for both Industry Group and Chemical are expected to be 

statistically significant and account for much of the variation in emissions, in this case fugitive 

emissions. Therefore including these as variables in the model is important in order to separate 

their effects from the other variables of interest, though this will invariably produce a large R2. 

Gamma-Distributed Model 

Given the possibility of extremely skewed distributions of emissions and the errors 

estimated by the above models, a gamma-distributed model will also be estimated using the GLM 



 

20 

(generalized linear model) function in Stata 14 (StataCorp 2015). The model will assume the 

functional form of: 

𝐸(𝐹𝑢𝑔𝑖𝑡𝑖𝑣𝑒 𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑠)𝑖𝑡𝑘𝑔  

=  𝑒𝑥𝑝(𝛼 + 𝛽(%𝐵𝑙𝑎𝑐𝑘)𝑖𝑡𝑘𝑔 + 𝛽(%𝐻𝑖𝑠𝑝𝑎𝑛𝑖𝑐)𝑖𝑡𝑘𝑔 + 𝛽(𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛)𝑖𝑡𝑘𝑔

+ 𝛽(𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛2)𝑖𝑡𝑘𝑔 + 𝛽 log(𝐶𝑜𝑢𝑛𝑡𝑦 𝑀𝑒𝑑𝑖𝑎𝑛 𝐻𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑 𝐼𝑛𝑐𝑜𝑚𝑒)𝑖𝑡𝑘𝑔

+ 𝛽(𝐹𝑒𝑑𝑒𝑟𝑎𝑙)𝑖𝑡𝑘𝑔
(0,1)

+ 𝛽(𝑆𝑡𝑎𝑡𝑒)𝑡 + 𝛽(𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦 𝐺𝑟𝑜𝑢𝑝)𝑔 + 𝛽(𝐶ℎ𝑒𝑚𝑖𝑐𝑎𝑙)𝑘 + 𝑢) 

𝐢𝐟 𝐹𝑢𝑔𝑖𝑡𝑖𝑣𝑒 𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑠 > 0, 𝐚𝐧𝐝 
𝐰𝐡𝐞𝐫𝐞 𝑢 is applied to a Gamma Distribution 

This model may more accurately reflect the correct distributional form of the errors, so this 

form will also be presented for comparison. 

Data & Variables 

This study will utilize the 2010 Toxic Release Inventory (TRI) collected by the 

Environmental Protection Agency (EPA). This data will be combined with 2010 Census data 

gathered by the Census Bureau at the Census Block Group level for demographic information. 

Additionally, the 5-year American Community Survey for 2010-2014, also released by the Census 

Bureau, will be combined with this data for economic information, such as median income.  

The TRI data is panel data which tracks the annual emissions produced by individual 

facilities dating back to 1987. Only facilities in certain industries are required to report their 

emissions. Furthermore, facilities are only required to report if they have more than 10 employees 

and either manufacture or process more than 25,000 lbs. of a listed toxic chemical or otherwise 

handle over 10,000 lbs. of a listed toxic chemical; or manufacture, process, or otherwise handle a 

listed persistent bioaccumulative toxin (PBT) above the reporting threshold for that PBT. There 

are over 650 chemicals or chemical groups that are reported to TRI. Facilities that have onsite air 

emissions (either stack or fugitive), report 449 unique chemicals. However, the number of 

chemicals present in the data is reduced to 217 chemicals after applying the following method. 
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In the raw TRI data, there are 81,799 observations, but this does not represent the number 

of observations for the models which will be used. Facilities are represented multiple times in the 

original data, reporting one observation for every chemical released by the facility. For this study, 

the total amount of emissions from a facility for each dependent variable of interest have been 

combined into a single observation. This was accomplished by determining which chemical 

represented the largest portion of a facilities emissions and combining all subsequent emissions 

amounts and preserving the most prevalent chemical. While this does mean that underlying 

information is lost, a majority of the facilities with air emissions reported two or fewer chemicals, 

while over 75 percent of facilities reported four or fewer chemicals, with one chemical 

predominating a vast majority of these facilities’ emissions. This process makes the following 

models and their interpretations much simpler, while maintaining some of the information in the 

original Chemical variable provided in the raw data. The new Chemical variable, while imperfect, 

allows the use of Chemical as an indicator variable for this study’s models. 

This study is only examining facilities with onsite air emissions of toxic chemicals. Of the 

21,719 individual facilities that reported to TRI in 2010, only 15,018 facilities reported onsite air 

emissions. This represents the number of observations for total air emissions. Of these facilities, 

11,683 reported fugitive emissions – representing the number of observations for the fugitive air 

emissions models – and 12,280 reported smokestack emissions – representing the number of 

observations for the smokestack emission models. 

Though TRI data is the most widely used and primary source of information for individual 

facility emissions it does have issues. The data is self-reported by facilities. Errors can occur in the 

reporting procedures of facilities. Additionally, facilities may have incentives to underreport for 

regulatory or public relations purposes or overreport if regulatory decisions, such as emissions 
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caps, are being formulated as a function of previous year emissions. In their analysis of TRI 

emission reporting examining only facilities that report any one of six different chemicals, de 

Marchi and Hamilton found discrepancies in reporting for facilities that report emissions of lead 

and nitric acids, suggesting either widespread inaccurate or fraudulent reporting for facilities that 

release these chemicals (de Marchi and Hamilton 2006). Given the limited scale of this study, it 

could point more broadly to inaccuracies in the data. Nevertheless, the TRI still serves as the best 

source of data for facility emissions. 

Dependent Variables 

The primary dependent variables of interest are the total amount of fugitive emissions 

released by a facility (emissions released to the air that are not released via a confined airstream 

or as part of normal processes), the total amount of smokestack emissions, and the total amount of 

all emissions released to air. These variables will be examined in normal and natural log forms.  

 

 

 

 

Variable Description 

Fugitive Emissions The total amount of chemical releases (in pounds) reported by the facility 

as FUGITIVE releases. Fugitive air emissions are all releases to air that 

are not released through a confined air stream. Fugitive emissions 

include equipment leaks, evaporative losses from surface impoundments 

and spills, and releases from building ventilation systems. 

 

Stack Emissions The total amount of chemical releases (in pounds) reported by the facility 

as STACK releases. These releases represent emissions due to normal 

operating procedures and are typically highly regulated. 

 

Air Releases The total amount of chemical releases (in pounds) reported by the facility 

as AIR releases. This figure combines both of the FUGITIVE and 

STACK releases. 

Table 1: Dependent Variables and Descriptions 
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Variable Description 

% Black The weighted population of Black residents of a Local Composite 

Neighborhood, divided by the weighted population of all residents of 

a Local Composite Neighborhood. 

 

% Hispanic The weighted population of Hispanic residents of a Local Composite 

Neighborhood, divided by the weighted population of all residents of 

a Local Composite Neighborhood. 

 

Median Household 

Income 

The county median income for 2010 (in 2014 inflation-adjusted 

dollars).  

 

Independent Variables 

Key Variables of Interest 

The key independent variables of interest will be variables related to race and 

socioeconomic status. To obtain these variables, demographic information at the Census Block 

Group level is used. Utilizing ArcGIS software, Census Block Groups and TRI facilities are then 

mapped. Three kilometer circle are then drawn around the facilities. These three kilometer circles 

represent the local composite neighborhoods for each facility. While others have used one, three, 

and five kilometer circles, this study will focus on three kilometer neighborhoods as they represent 

the average used by other studies and because “within which health, economic and other quality 

of life impacts have been found to exist” (Mohai and Saha, 2006; Bullard et al. 2007). Using these 

three kilometer circles, the demographics of a Census Block Group are then weighted according 

to the percentage of the Census Block Group that are covered by a circle. Once these weighted 

amounts are calculated, all Census Block Groups that lay within or partially within a circle are 

combined to give the local composite neighborhood demographics for the facility around which 

the circle was drawn. An example of this process can be seen in Figure 3. 

 

 

Table 2: Key Independent Variables 
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 The main variables of interest are the percentage of the population surrounding a facility 

that are Black and the percentage that are Hispanic, and Median Household Income. While 

Hispanic is not a race as defined in the 2010 Census but rather an ethnicity – respondents can list 

themselves as both Asian and Hispanic, for example – only figures and percentages that are listed 

as not including Hispanics will be utilized for each racial category other than Hispanic. Median 

household income at the county level is used for the models in this study. 

Figure 3: Example Process of Creating the Local Composite Neighborhood for Each Facility 
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Additional Independent Variables 

Variables similar to those used by Bullard et al. (2007) and Grant and Jones (2003) will 

complete the set of control variables used for this study. These variables will include industry 

group, population, and others. 

 There are 312 industry groups listed as part of NAICS. For facilities that report onsite air 

emissions, 128 industry groups are present in the data. Examples of industry groups present in the 

data include Basic Chemical Manufacturing; Foundries; Plastics Product Manufacturing; Electric 

Power Generation, Transmission, and Distribution; Metal Ore Mining; Coal Mining; Poultry and 

Egg Farming; and many others. Industry groups were used in order to maintain sufficient group 

sizes for the indicator variable incorporating NAICS information, while also being detailed enough 

to have sufficient meaning. The average number of facilities per industry group is 117, and ranges 

from 1 to 1014.  

Variable Description 

Industry Group The 4-digit North American Industry Classification System (NAICS) 

Code(s) that best describes the primary activity conducted at a facility. 

NAICS codes are 6 digit numbers used by the Census Bureau as part of 

a system to categorize and track the types of business activities 

conducted in the United States. The individual digits within the NAICS 

code indicate different levels of granularity in identifying a business. 

 

State The state abbreviation where the facility or establishment is physically 

located. 

 

Chemical The chemical which is the most represented in a facility’s emissions. 

 

Population Population within a composite local neighborhood 

 

Population2 Population squared for investigating rate of change. 

 

Federal A bivariate indicator for federal facilities. 

Table 3: Additional Independent Variables 
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 The variable for primary chemical emitted can be viewed similarly. As previously 

mentioned, the number of unique chemicals emitted by facilities with onsite air emissions in the 

original data is 449. This number is reduced to 217 following the methods previously described. 

The average number of facilities that report a particular chemical is 55, with a range of only one 

facility reporting a particular chemical to 821 facilities reporting a chemical. Examples of 

chemicals present in the dataset include chromium compounds (except chromite ore mined in the 

Transvaal region); lead; methanol; styrene; propylene; ozone; copper; chlorine; 1,2,4-

trichlorobenzene; and many others. 

Summary Statistics 

Summary statistics of the variables used in the models are presented in Table 4 for facilities 

with any air emissions. Many of these variables are highly skewed with long right-hand tails. 

Because of their skewed distributions, several variables are converted via natural log to numbers 

that are more evenly distributed. Summary statistics for each of the numeric variables are presented 

in Table 4 for non-federal facilities, federal facilities, and all facilities. Table 5 presents statistics 

for facilities which emit any amount greater than zero of fugitive emissions and similarly for stack 

emissions. 

Beginning with Fugitive Emissions, of all facilities that emit any air emissions, a majority 

of facilities report emissions amounts below 50 pounds, with an average amount of emissions of 

just under 9,500 pounds. However, some facilities emit several million pounds of emissions, with 

the highest reported amounts equal to almost 3.4 million pounds. Figure 4 displays the distribution 

of fugitive emissions from all facilities with a fitted density distribution (in red) to more easily 

display the distribution. A normal (Gaussian) distribution (in blue) is also displayed for 

comparison.  
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Table 4: Summary Statistics of Model Variables by Federal Facility Status 

 N Mean SD  Min Median Max 

Non-Federal Facilities       

Fugitive Emissions 14775 9,471.608 66,755.48  0 46.32 3,396,410 

Stack Emissions 14775 46,540.55 268,534.3  0 250 7,024,750 

All Air Emissions 14775 56,012.16 290,321.6  .000002 1,025 7,156,010 

Population in Neighborhood 14775 17,544.43 27,241.23  0 8,661 544,802 

% Black in Neighborhood 14773 13.78942 19.31116  0 5.024917 98.72727 

% Hispanic in Neighborhood 14773 13.79096 18.46881  0 5.790765 100 

Median County Income 14775 $48,576.32 $11,193  $21,611 $46,384 $119,075 
 

 

Federal Facilities       

Fugitive Emissions 243 3,283.577 14,496.84  0 18.3 190,040.5 

Stack Emissions 243 90,751.26 598,937.7  0 .06 7,823,176 

All Air Emissions 243 9,4034.83 603,858.2  .000056 72 7,869,364 

Population in Neighborhood 243 9,151.177 17,675.94  0 3,648 185,442 

% Black in Neighborhood 238 14.88311 16.2285  0 10.17178 95.13274 

% Hispanic in Neighborhood 238 12.65076 13.01864  0 8.555064 77.15733 

Median County Income 243 $49,546.92 $12,914.63  $24,081 $46,881 $102,726 
 

 

All Facilities with Air Emissions > 0 (Federal and Non-Federal) 

Fugitive Emissions 15018 9,371.482 66,243.34  0 45 3,396,410 

Stack Emissions 15018 47,255.91 277,048.4  0 250 7,823,176 

All Air Emissions 15018 56,627.39 298,030.2  .000002 1,000 7,869,364 

Population in Neighborhood 15018 17,408.62 27,133.61  0 8,540.5 544,802 

% Black in Neighborhood 15011 13.80676 19.26616  0 5.092735 98.72727 

% Hispanic in Neighborhood 15011 13.77288 18.39524  0 5.848858 100 

Median County Income 15018 $48,592.02 $11,223.14  $21,611 $46,386 $119,075 

 

Table 5: Additional Statistics Contingent on Facilities Emitting Positive Stack or Fugitive 

Emissions 

 N Mean SD Min Median Max 

Facilities with Fugitive Emissions > 0    

Fugitive Emissions 11,683 12,046.642 74,891.235 .0000001 250 3,396,410 

% Black 11,677 14.100361 19.481606 0 5.3820143 98.727272 

% Hispanic 11,677 14.04682 18.559279 0 6.01227 100 

Population 11,683 17,495.992 26,717.366 0 8,664 469,608 

Median Income 11,683 $48,535.967 $11,103.847 $21,611 $46,359 $119,075 
       

Facilities with Stack Emissions > 0    

Stack Emissions 12,280 57,792.283 305,388.36 .0000033 781.73172 7,823,176 

% Black 12,276 13.811488 19.421192 0 5.0588651 98.727272 

% Hispanic 12,276 13.573958 18.213811 0 5.7814758 100 

Population 12,280 17,231.946 26,582.453 0 8,418.5 544,802 

Median Income 12,280 $48,711.997 $11,285.142 $21,611 $46,468 $119,075 
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Most facilities report small amounts of emissions. Taking the natural logged value of these 

emission amounts will fit them better to a normal distribution, which will be used for estimating 

the residuals of the models. As shown by Figure 5, these logged values much more closely match 

a normal distribution. Stack and total air emissions follow similar patterns. For this reason, the 

simple linear models and the fixed effects models will use logged emissions amounts. The gamma 

distributed model will log these as part of its calculation process. 

 Median household income is also slightly skewed to the right, as shown by Figure 6. 

Applying a natural log to the values of median household income in a similar fashion reduces the 

skewness some and better conforms to a normal distribution compared to the unlogged version, as 

shown in Figure 7. For all facilities, the average median income is $48,592, and ranges from 

21,611 to $119,075. 

Figure 4: Density of Fugitive Emissions Figure 5: Density of Log Fugitive Emissions 
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Percent Black and percent Hispanic are also skewed heavily to the right. The numbers used 

for these variables do not represent a wide range of orders of magnitude and taking the log form 

of these will lose much of the variation between decimal points, and preserving this variation for 

the key independent variables is important. Figure 8 and Figure 9, respectively, show the density 

distributions of percent Black and percent Hispanic for the local composite neighborhoods for each 

facility. For all facilities, the average percentage of Black residents living near a facility is 13.8 

percent, and ranges from 0 to 98.73 percent. The average percentage of Hispanic residents living 

Figure 8: Histogram of Percent Black Figure 9: Histogram of Percent Hispanic 

Figure 6: Histogram of Median Income Figure 7: Histogram of Log Median Income 
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near a facility is 13.77 percent, and ranges from 0 to 100 percent. While most likely not an 

important factor for this study, it is interesting to note that these percentages are very similar for 

all facilities and when only non-federal facilities are specified – the means, medians, minimums 

and maximums for percent Black and percent Hispanic are very similar – but the variance between 

these two groups is much more pronounced near federal facilities.  

Results 

OLS & State Fixed Effects Models 

The first steps of this study first begins with a series of linear models, beginning with a 

simple linear model with the log of fugitive emissions as the dependent variable and only the 

percentage of the population that is Black as the sole independent variable. Presented in Table 6, 

this model (Model A) does show a statistically significant correlation between emissions and the 

percentage of the population that is Black, suggesting that as the percentage of Black residents 

around a facility increases, the emissions from that facility also increase. However, this simple 

model has an incredibly small amount of explanatory power represented by an R2
 of less than .005, 

suggesting that this is a very weak estimator of emissions. Subsequent Models B and C add 

additional variables to act as controls. 

While none of these models are very powerful for explaining overall variation of fugitive 

emissions (Models A through C all have an R2 of less than .03), they do illustrate most of the 

hypothesized signs of the coefficients for each variable. In each model, and as will be shown in 

subsequent models, the sign of the coefficient for %Black is positive, suggesting that as the 

percentage of the population that is Black increases, the average amount of fugitive emissions from 

a facility increases, holding all else constant. Additionally this correlation is statistically significant 

in Models A, B, and C with p-values of less than .001 in each model. 
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Table 6: OLS and Fixed Effects Models of Fugitive Emissions 

Log Fugitive Emissions 

COEFFICIENTS 

Model A 

Linear 

Model B 

Linear 

Model C 

Linear 

Model D 

State FE w/ 

Indicators 
     

% Black 0.01451*** 0.01722*** 0.01293*** 0.00376* 

 (0.00190) (0.00193) (0.00200) (0.00163) 

% Hispanic  0.00332 0.00384+ 0.00212 

  (0.00225) (0.00224) (0.00209) 

Population  -0.00003*** -0.00002*** -0.00001*** 

  (0.00000) (0.00000) (0.00000) 

Population2  7.83x10-11 *** 6.09x10-11 *** 2.56x10-11 ** 

  (0.00000) (0.00000) (0.00000) 

Log of Median Income   -1.56845*** -0.42025** 

   (0.18619) (0.15031) 

Federal Facility   -1.60643*** 1.36595** 

   (0.27560) (0.51284) 

Constant 4.79020*** 5.07033*** 21.96460*** 10.34150* 

 (0.04575) (0.05775) (2.00204) (4.12533) 
     

N 11,677 11,677 11,677 11,666 

R2 0.00496 0.01438 0.02336 0.55801 

Number of Groups    51 

*** p<0.001, ** p<0.01, * p<0.05, + p<0.1 

Note: Standard errors in parentheses 

  

The signs of the other variables are also as hypothesized. Population is negatively 

correlated with facility emissions, suggesting that as the population within three kilometers of a 

facility increases, the emissions from that facility decreases. This confirms some assumptions 

about the effect of population density on facility emissions, namely that facilities pollute less in 

highly populated areas. However, the decrease in pollution with population is not a constant rate, 

as shown by the coefficient for Population2. This correlation suggests that as population increases, 

a facility’s emissions will decrease, but at a diminishing rate. While both Population and 

Population2 are statistically significant with p-values of less than .001, the magnitude of their 

coefficients appear miniscule in every model. However, it is important to emphasize that the unit 

change in population is per person. So each additional person is associated with a .002 percent 

decrease in emissions in Model C. 
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For the coefficients on race, the percentage of a neighborhood that is Black is statistically 

significant and much larger than the coefficient for the Hispanic population percentage. In Model 

C, a one percentage point increase in the proportion of the population that is Black is correlated 

with a 1.293 percent increase in a facility’s emissions on average. This figure is statistically 

significant with a p-value of less than .001.  

Additionally in Model C, the percentage of the population that is Hispanic is also 

statistically significantly – with a p-value of less than .1 – correlated with an increase in a facility’s 

emissions. In this model, a one percentage point increase in the proportion of the population that 

is Hispanic is correlated with a .384 percent increase in average facility emissions. However, this 

is the most complex model form in this study which finds any statistically significant correlation 

with the percentage of the population that is Hispanic and emissions of any sort – fugitive, stack, 

or a combination of the two.  

Perhaps most importantly, the coefficient on the log of Median Income is also negatively 

correlated with emissions and statistically significant with a p-value less than .001. Under Model 

C, a one percent increase in median wages is correlated with a 1.5 percent decrease in the amount 

of toxics emitted from a facility. Furthermore, this model, and all subsequent models, will continue 

to find statistically significant negative correlations between median income and air emissions of 

any type in every model where included.  

The sign of the coefficient for federal facilities, while not as hypothesized, is not 

unreasonable. Based on the information in Table 4, this is expected as any federal facility emits 

fewer emissions on average than any non-federal facility. What is most surprising is the magnitude 

of the coefficient, with the model suggesting that federal facilities emit 160 percent fewer 

emissions than non-federal facilities. While this is also statistically significant with a p-value of 
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less than .001, the magnitude and the sign of this coefficient will change frequently in subsequent 

models. This is most likely due to the fact that in later models the industry group and other 

indicators are held constant, as will be shown in Model D. 

Overall though, while these particular coefficients may be statistically significant, the 

explanatory power of all the variables combined is quite limited, suggesting that there are most 

likely other variables that are much better at accounting for the variation of facility emissions. 

With this in mind, additional variables are added to Model D. 

In Model D, states are used as fixed effects for this model. The reasoning behind the use 

of states as fixed effects posits that individual states may have intrinsic, unobserved characteristics 

which cause facilities to emit more or less emissions compared to other states. For example, states 

like California may have very strict toxic air emissions regulations that exceed EPA regulations 

due to the poor air quality throughout parts of the state. Conversely, states like Wyoming or Alaska 

may not have as many state imposed restrictions and may only meet the basic federal restrictions.  

Similarly, indicator variables for Chemical and Industry Group are included. These 

indicator variables are not included in Table 5 as there are over 300 indicator variables that would 

need to be reported, which would require over a dozen pages using the same format as Table 5. 

Including these indicator variables for primary chemical emitted and industry group removes much 

of the variability based on what industry a facility is in or what chemical processes a facility is 

using. This model allows for the interpretation of the other independent variables holding the 

industry group and the primary chemical emitted constant, thus only comparing similar facilities. 

In Model D, many of the signs of the coefficients remain, with the magnitude of the 

coefficients decreasing. Most notable, the percentage of the population that is Hispanic is no longer 

statistically significant, and the sign of Federal has flipped completely, now indicating that federal 
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facilities emit 136 percent more in toxic emissions than non-federal facilities on average. This 

suggests that federal facilities emit more on average than non-federal facilities holding all else 

constant, including the industry group in which the facility is operating, primary chemical emitted, 

and state. 

Increases in the percentage of Black residents in a population is still positively correlated 

with higher emissions. This model suggests for every percentage point increase in the percent of 

Black residents in the population of an area, facilities in that area will emit .376 percent more 

emissions on average. This result is statistically significant at the .95 level with a p-value of .021. 

Median income is also statistically significant in this model, suggesting that facilities in an area 

with a 1 percent higher median income emit .42 percent more toxics than a similar facility. 

Unfortunately the most specified models, which have the strongest R2, show signs of 

heteroskedasticity. The least specified models do not show signs of heteroskedasticity, which is 

most likely due to the weak predictive powers of the models. A Breusch-Pagan test of 

heteroskedasticity for Model A yields a Chi2 of 1.85 and a p-value of .1732, suggesting that the 

null hypothesis of homoscedasticity in the model cannot be rejected. The residuals versus fitted 

values of Model A are presented in Figure 10. Comparatively, Model D suggests strong sings of 

heteroskedasticity. A modified Wald test for heteroskedasticity for Model D yields a Chi2 of 

105.07, and a p-value of less than .001. This indicates that the model shows signs of 

heteroskedasticity, implying that as fugitive emissions increase, the model becomes less accurate 

at estimating the correct amount of expected emissions. Utilizing robust standard errors does not 
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resolve the issue of heteroskedasticity in Model D. Figure 11 shows the residuals versus fitted 

values for Model D. 

While these models have been estimated for fugitive emissions, applying these models to 

smokestack and combined air emissions yields similar results. Table 7 and Table 8 present the 

findings from running the same models with the same considerations on smokestack and combined 

air emissions, respectively. 

There are few differences in the overall findings for these models compared to fugitive 

emissions. The most noteworthy differences are that the percentage of the population in an area 

that is Hispanic is consistently negatively correlated with smokestack emissions, suggesting that 

as the population surrounding a facility becomes increasingly Hispanic, facilities located in these 

areas emit fewer toxic smokestack emissions on average. However, the sign of the coefficient for 

percent Hispanic is inconsistent for combined air toxic emissions. Additionally, the percentage of 

Black residents near a facility is consistently positively correlated with facilities in those areas 

emitting more toxics. However, both of these variables – percent Black and percent Hispanic – are 

only statistically significant in the least specified and least predictive models. 

 

Figure 10: OLS Residual vs. Fitted Values, Model A Figure 11: FE Residual vs Fitted Values, Model D 
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Table 7: OLS and State Fixed Effects for Smokestack Emissions 

 COEFFICIENTS 

Log Smokestack 

Emissions 

Model A 

Linear 

Model B 

Linear 

Model C 

Linear 

Model D State FE 

w/ Indicators 

     

% Black 0.00870*** 0.01122*** 0.00599** 0.00200 

 (0.00216) (0.00217) (0.00224) (0.00158) 

% Hispanic  -0.00923*** -0.00887*** -0.00042 

  (0.00258) (0.00258) (0.00206) 

Population  -0.00004*** -0.00003*** -0.00001*** 

  (0.00000) (0.00000) (0.00000) 

Population2  1.15x10-10 *** 9.56x10-11 *** 3.32x10-11 *** 

  (0.00000) (0.00000) (0.00000) 

Log Median Income   -1.83855*** -0.50079*** 

   (0.20684) (0.14358) 

Federal Facility   -1.50859*** 0.13437 

   (0.40483) (0.55388) 

Constant 5.78780*** 6.40496*** 26.19236*** 20.05490*** 

 (0.05140) (0.06370) (2.22474) (4.82197) 

N 12,276 12,276 12,276 12,263 

R2 0.00132 0.02504 0.03255 0.67438 

Number of state    51 

*** p<0.001, ** p<0.01, * p<0.05, + p<0.1 

Note: Standard errors in parentheses 

 

 

 
Table 8: OLS and State Fix Effects Models on All Air Emissions 

Log All Air Emissions 

COEFFICIENTS 

Model A 

Linear 

Model B 

Linear 

Model C 

Linear 

Model D State FE 

w/ Indicators 
     

% Black 0.00962*** 

(0.00186) 

0.01214*** 

(0.00188) 

0.00735*** 

(0.00194) 

0.00182 

(0.00132)  

% Hispanic  -0.00438* 

(0.00219) 

-0.00373+ 

(0.00218) 

0.00021 

(0.00170)   

Population  -0.00003*** 

(0.00000) 

-0.00003*** 

(0.00000) 

-0.00001*** 

(0.00000)   

Population2  9.29x10-11 *** 

(0.00000) 

7.65x10-11 *** 

(0.00000) 

2.72x10-11 *** 

(0.00000)   

Log of Median Income   -1.72726*** 

(0.17742) 

-0.55535*** 

(0.11960)    

Federal Facility   -2.02655*** 

(0.28354) 

-0.27188 

(0.43091)    

Constant 6.01612*** 

(0.04407) 

6.48550*** 

(0.05490) 

25.09255*** 

(1.90797) 

10.49976** 

(3.68478)  

N 15,011 15,011 15,011 14,994 

R2 0.00178 0.01809 0.02779 0.69130 

Number of Groups    51 

*** p<0.001, ** p<0.01, * p<0.05, + p<0.1 
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Note: Standard errors in parentheses 

 These models also exhibit the same issues of heteroskedasticity, namely the most specified 

models show statistically significant signs of heteroskedasticity. Figures A1, A2, A3, and A4, listed 

in Appendix A, display a scatter plot of the residual versus fitted values for Model A and Model 

D of stack emissions, and Model A and Model D of combined air emissions, respectively. 

 To attempt to address the issues of heteroskedasticity in the models, a gamma distribution 

is applied to the residuals of these models. 

Gamma-Distributed Model 

Estimating a general linear model utilizing a gamma distribution for the residuals using a 

log link for fugitive emissions is one possible technique of addressing the issue of 

heteroskedasticity. Table 9 displays the results of two models regressed upon fugitive emissions: 

Model A without the race percentages included, and Model B with those variables present. Both 

of these models include indicator variables for primary chemical and industry group, similar to the 

state fixed effects model. One key difference in these models compared to the state fixed effects 

model is that states are no longer used as fixed effects but are simply treated as indicator variables, 

similar to industry group and primary chemical.  

A comparable metric to R2 is not available for these models. Rather, Akaike information 

criterion (AIC) are presented for both models (with lower AICs associated with better fit models). 

As shown by Model B, while both percent Black and percent Hispanic are correlated with 

increased emission from a facility, neither is statistically significant at the .90 level. However, 

median income is statistically significant at the .99 level in Model A and the .95 level in Model B. 

Further, these coefficients are both negative. These results suggest that a one percent increase in 

an area’s median income is correlated with a .64% decrease in the average amount of fugitive toxic 

emissions released by a facility.  
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Table 9: Fugitive Emissions w/ Gamma Distributed Model 

While this model may have 

addressed some issues of 

heteroskedasticity, it did not 

resolve the issue completely. Both 

Model A and Model B still show 

signs of heteroskedasticity, as 

shown by Figure 12 and Figure 13 

displaying scatter plots of their 

residual versus fitted values. These 

models appear to have addressed 

heteroskedasticity for lower values 

of y (fugitive emissions) in the 

model, but as y increases the models become less capable of correctly predicting the estimated 

amount of emissions from a facility. As demonstrated by the AICs of each model and the furthest 

 COEFFICIENTS 

Fugitive Emissions Model A 

Gamma Dist. 1 

Model B 

Gamma Dist. 2 
   

% Black  0.00157 

  (0.00266) 

% Hispanic  0.00402 

  (0.00355) 

Log of Median Income -0.64681** -0.64463* 

 (0.24883) (0.25150) 

Population -0.00001** -0.00001** 

 (0.00000) (0.00000) 

Population2 3.76x10-11+ 4.32x10-11+ 

 (0.00000) (0.00000) 

Federal Facility 1.31010 1.28402 

 (0.81776) (0.82235) 

Constant 9.09921 9.22928 

 (6.39619) (6.41778) 

N 11,672   11,666 

AIC 16.89 16.88 

Figure 12: Residual vs. Fitted Values, Model A Figure 13: Residual vs. Fitted Values, Model B 

*** p<0.001, ** p<0.01, * p<0.05, + p<0.1 

Note: Standard errors in parentheses 
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extremes displayed in Figures 12 and 13, the model which includes the race variables does 

marginally better, but this difference is not significant.  

These findings are similar for both smokestack emissions and combined air emissions. 

Neither the percentage of a population that is Black nor Hispanic are statistically significant when 

these models are applied, but median income continues to be statistically negatively correlated 

with emissions. Under Model B (where race variables are included), a one percent increase is 

associated with a .5996 percent decrease in smokestack emissions and a .5975 percent decrease in 

total emissions (fugitive and smokestack). Table A1 and Table A2 in Appendix A display these 

results, and Figures A5, A6, A7, and A8 display the residual versus fitted values for the models in 

these tables similar to Figures 12 and 13 discussed previously. 

Policy Implications 

The models estimated in this study have found strong evidence of a disparity based on 

income, and there is evidence to support the theory that there is disparity based on race as well. 

Every model has found that facilities in more affluent areas emit fewer toxic emissions, holding 

all other factors constant. Additionally, most of the models tested found some evidence of disparity 

based on race, particularly for Black residents near a TRI facility. This suggests that two similar 

facilities – operating in the same industry group, emitting the same primary chemical, in the same 

state, and with the same amount of people living near the facility – pollute more or less based upon 

the income of the people surrounding the facility or, according to some models, based on the race 

of the people near that facility. 

This is troubling for a number of reasons. As other studies have found, low-income and 

minority areas have a higher prevalence of, are at higher risk of exposure to, and are at higher risk 

of developing cancer from toxics in the ambient air compared to non-minority and more affluent 

areas (James et al. 2012; Pastor et al. 2005). Most of the academic research to address this problem 
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has focused on the location of toxic emitting facilities and has found that these areas are more 

likely to be near a toxic emitting facility (Abel 2008; Aoyagi and Ogunseitan 2015; Bullard et al. 

2007; Mohai et al. 2009; Pastor et al. 2004). However, focusing on the location of facilities is only 

one aspect of addressing the issues of increased exposure. If, as this study has found evidence of, 

individual facilities emit more toxics in low-income and minority areas compared to similar 

facilities, then this also represents an important area of research and regulation which must also be 

addressed. At risk areas which contain a disproportionate amount of toxic emitting facilities may 

benefit from a decrease in the number of facilities in that area, but if the facilities that remain 

pollute at higher amounts than they would otherwise in more affluent and non-minority areas, then 

disparity still exists. 

Additionally, the Toxic Release Inventory collects data on over 650 chemicals. However, 

TRI is not an emissions regulating governmental program, merely an information gathering and 

disseminating program. Regulation of toxic emissions occurs through other statutes. The Resource 

Conservation and Recovery Act (RCRA) is the primary regulatory statute overseeing chemicals in 

solid waste and land. The Clean Water Act (CWA) and Safe Drinking Water Act (SDWA) are the 

primary laws governing water pollution. And the Clean Air Act (CAA) regulates toxic air 

emissions.  

Focusing on air emissions, the CAA does not contain regulations on all of the toxic 

chemicals which TRI covers. The CAA regulates 187 air pollutants compared to TRI which 

collects data on over 650 that are considered toxic (EPA 2016a; EPA 2016b). In the raw TRI data 

for 2010, there were over 496 unique chemicals recorded, of which 449 were released specifically 

to the air. After limiting this number of chemicals down to the most prevalent as discussed 

previously, 217 remained. Even after limiting the number of chemicals, the amount of overlap 
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between chemicals emitted and chemicals regulated is drastically mismatched.  Of the 217 

chemicals that at least one company reported as composing the largest portion of its emissions, 

only 102 are also regulated under the Clean Air Act. While the CAA may be accomplishing its 

goals in regards to certain chemicals, there are many more chemicals that are being released into 

the environment that are not listed as categorical sources and are not regulated under the CAA.  

Executive Order 12898 directs the EPA to incorporate Environmental Justice into its 

rulemaking and enforcement programs and ensure equal protections under Title VI of the Civil 

Rights Act. As others have shown, toxic chemicals and toxic emitting facilities are more prevalent 

in low-income and minority communities, and, as this study has found evidence of, facilities in 

low-income and minority areas pollute at higher rates compared to similar facilities. The regulation 

of chemicals known to be toxic and emitted into the environment is an incomplete patchwork, and 

the effects of these chemicals are frequently put upon low-income and minority populations. This 

represents a failure on behalf of the Environmental Protection Agency to ensure the equal 

protection of the health and safety of these at risk communities.  

In order to address the disparity which this study and numerous other studies have found, 

the EPA should make a concerted effort to increase its examination of TRI facility practices and 

emissions rates. Furthermore, as many other researchers have stated, the EPA should take a larger 

role in ensuring that TRI and TSDF facilities are not disproportionately located in poor and 

minority areas. Finally, Congress should codify the directives laid out in Executive Order 12898 

to ensure that equal protections are extended to environmental health and quality.  

Limitations & Caveats 

This study, like most, does contain its limitations. One of the biggest limitations is a lack 

of information related to facility procedures and corporate structure. While other researchers have 
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included in their models controls for corporate structure, number of employees, historical efforts 

to curb environmental pollution, and many others, this information is not readily available and was 

not included in this study.  

Additionally, like all of the studies that utilize geographic information, distance-based 

methods, and composite local neighborhoods, assumptions need to be made about the 

demographics of the areas. The most important and often the most difficult assumption is assuming 

the population of an area is evenly distributed. Referring back to Figure 1 near the beginning of 

this paper (pg. 7), it is difficult to assume that for CBG2, the residents of that Census Block Group 

are evenly distributed. Most likely a majority of the residents in that area live close to facilities B 

and C, as opposed to being evenly spread out over several hundred square miles. This is an 

important issue because the weights used to generate the local neighborhoods requires the 

assumption that residents are evenly distributed. The failure to meet this assumption has been an 

issue for many studies in the past using county, ZIP codes, or Census Tract. This study attempts 

to better satisfy the assumption of even distribution by limiting the size of the areas, namely by 

using Census Block Groups rather than a larger predefined area. It is much easier to assume that 

all of the people in CBG 1 (in Figure 1) are evenly distributed, and likewise, the generally smaller 

Census Block Groups allow for this assumption to be met for a greater number of predefined areas 

as opposed to larger areas used in previous studies. 

The TRI data also has its limitations. The data is self-reported by facilities, and these 

facilities may have an interest in misreporting their emissions, either downwards or even upwards. 

As mentioned previously, de Marchi and Hamilton (2006) found evidence of potential widespread 

inaccuracies in TRI data. By examining reporting for only six chemicals, utilizing forensic 

accounting techniques, and comparing the reported emissions to ambient air quality monitors, the 
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authors found that decreases in reported emissions did not always match decreases in ambient air 

chemical concentrations, nor did the reported amounts follow expected amounts according to the 

forensic accounting methods (de Marchi and Hamilton 2006). Furthermore, measuring fugitive 

emissions is a complicated procedure as most of the measurements are based on estimation or 

calculating the lack of chemicals – rather than measuring the amount of fugitive emissions 

released, facilities often calculate the amount of chemicals missing due to evaporation, leaks, or 

spills. 

TRI reporting also only covers certain facilities meeting certain reporting standards. As 

mentioned previously, facilities with fewer than 10 employees or facilities that emit or handle less 

than the threshold for reporting are not required to report. However, many of these facilities do 

report emissions to other federal programs, but this information is not included in TRI (EPA 

2015c). Additionally, there are many other chemicals regulated under other legal statutes that are 

not required to be reported under TRI (ibid). Therefore, the information contained within TRI data 

does not represent the entirety of industrial toxic emitting sources in the United States, nor does it 

represent a complete inventory of all industrial toxic chemicals emitted. 

The models tested in this study show strong signs of heteroskedasticity, signifying bias of 

some sort in the models; either measurement error or omitted variable bias, and most likely the 

latter. However, most of the models for fugitive emissions, and most of the models for all 

combined emissions, find evidence of disparity based on race for Black residents, while every 

model tested found a statistically significant correlation between low-income areas and increased 

emissions from a facility. 

Finally, and perhaps most importantly, this study does not attempt to establish a causal 

relationship between minority and low-income areas and increased emissions from a facility 
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compared to other similar facilities. This study merely finds evidence of disparity which warrants 

further research.  

Conclusion & Suggestions for Future Research  

Environmental Justice research focusing on the behaviors of toxic emitting facilities is 

underrepresented in the academic literature. This study attempts to further develop the literature 

available by examining whether toxic emitting facilities pollute more in relation to the racial and 

socioeconomic makeup of their surrounding neighborhoods. Using several different linear models, 

signs of disparity have been found in several models which suggest that facilities in neighborhoods 

with higher percentages of Black residents pollute more than similar facilities; and evidence has 

been found in every model to suggest facilities in low-income areas pollute more than facilities in 

more affluent areas.  

These findings warrant further exploration by the Environmental Justice research 

community. Topics which need further development in this area include exploring whether 

additional variables are warranted in the models. These could include facility size, facility age, the 

number of employees, the amount of chemicals stored or used on site, a facilities adherence to 

environmental protection, utilizing toxicity weights in the model, average educational attainment 

level near a facility, and indicators for how active a community near a facility is politically and 

socially. Additionally, methods to aggregate income levels to an area should also be included, 

rather than utilizing county or higher level measures. Finally, determining the correct distributional 

function of error terms in the models will strengthen future findings.  
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Appendix A: Additional Figures and Tables 

 

    

Figure A3: All Air OLS Residuals vs Fitted 

Figure A1: Smokestack OLS Residuals vs Fitted Figure A2: Smokestack FE Residuals vs Fitted 

Figure A4: All Air FE Residuals vs Fitted 

Figure A5: Stack Gamma Residuals (without Race) Figure A6: Stack Gamma Residuals (with Race) 
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Table A1: Gamma Distributed Model of Smokestack Emissions 

 COEFFICIENTS 

Smokestack Emissions Model A 

Gamma Dist. 1 

Model B 

Gamma Dist. 2 
   

% Black  -0.00266 

  (0.00216) 

% Hispanic  -0.00180 

  (0.00271) 

Log of Median Income -0.55243** -0.59955** 

 (0.18782) (0.18860) 

Population -0.00001*** -0.00001*** 

 (0.00000) (0.00000) 

Population2 2.75x10-11 + 2.14x10-11 

 (0.00000) (0.00000) 

Federal Facility 0.18149 0.15946 

 (0.71965) (0.71783) 

Constant 14.09402*** 14.40169*** 

 (2.37121) (2.37807) 

N 12,267 12,263 

AIC 18.42 18.41 

*** p<0.001, ** p<0.01, * p<0.05, + p<0.1 

Note: Standard errors in parentheses 

 

 

 

 

 

 

 

 

 

Figure A8: All Air Gamma Residuals (with Race) Figure A7: All Air Gamma Residuals (without Race) 
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Table A2: Gamma Model of All Air Emissions 

 Coefficients 

All Air Emissions Model A 

Gamma Dist. 1 

Model B Gamma 

Dist. 2 
   

% Black  -0.00185 

  (0.00222) 

% Hispanic  0.00004 

  (0.00289) 

Log of Median Income -0.56270** -0.59747** 

 (0.20037) (0.20048) 

Population -0.00001*** -0.00001** 

 (0.00000) (0.00000) 

Population2 2.97x10-11+ 2.60x10-11+ 

 (0.00000) (0.00000) 

Federal Facility -0.09273 -0.09662 

 (0.69185) (0.68973) 

Constant 7.71233 8.72660 

 (5.83650) (5.82123) 

N 15,001 14,994 

AIC 18.60 18.59 

*** p<0.001, ** p<0.01, * p<0.05, + p<0.1 

Note: Standard errors in parentheses 
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