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Toxic chemicals pose significant threats to ecosystems, climate change, and human health.

Unfortunately, pollution inequality is pervasive in the United States, with a disproportionate

exposure of racial/ethnic minorities and low-socioeconomic groups to toxic releases. This inequality

is especially pronounced in Houston, Texas. Moreover, income inequality has widened over

decades, and the distribution of toxic releases has changed over time in the USA.

To better understand the problem of pollution inequality, it is necessary to investigate

the embodied toxic release in final demand by states and income groups. Notably, pollution

inequality is non-uniform across regions and over time in the USA. The relationship between

socioeconomic development and toxic risk necessitates analysis to comprehend the resultant

health outcomes at different spatial scales and locations. Further, identifying the spatial heterogeneity

of the association between environmental hazards and socioeconomic indicators is critical for

addressing environmental inequality. Investigating the spatiotemporal heterogeneity of the impact



of racial disparities and socioeconomic development on toxic risk can reveal disparities between

regions and trends in pollution inequality.

This study employs an extended U.S. multi-regional input-output (MRIO) model with toxic

chemical release data to analyze the inter-regional transfer of embodied toxic release between

states and their unequal distribution between income groups from a consumption-based perspective.

Additionally, this study analyzes the spatial non-stationarity in the associations between toxic

chemical hazard risk and community characteristics of census block groups in Texas, USA,

for 2017 using a multiscale geographically weighted regression (MGWR). Further, this study

uses Houston, a city with a history of segregation and discrimination and a diverse racial/ethnic

makeup, as an example to analyze the spatiotemporal heterogeneity of the impact of racial

disparities and socioeconomic development on toxic risk using geographical and temporal weighted

regression (GTWR) models. The study’s outcomes are instrumental in determining whether

pollution inequality has improved or worsened. Results indicate that non-metallic and metallic

products manufacturing sectors are crucial for interregional flows of embodied toxic release

from the Great Lake Region to Southeast, Mid-Atlantic, and Northeast regions, and are the

most important sectors for most states from the consumption-based perspective. The findings

also highlight the significance of identifying the spatial patterns of the association between toxic

chemical hazard risks and community characteristics at the census block group level to address

environmental inequality.
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Chapter 1: Introduction

1.1 Background

Toxic chemicals have impacts not only on climate change [1], but also on the ecosystem

and human health [2]. Toxic chemicals, including fluorinated greenhouse gases, methane, ozone

and etc., are greenhouse gases with high global warming potential (GWP) [3, 4], which can

accelerate the climate change. Ecosystems may be contaminated through the accumulation of

toxic chemicals. For example, excessive nutrient loading can be detrimental to aquatic ecosystems

[5]. Toxic chemicals are harmful to human health and well-being [6], from acute poisonings and

events to chronic effects like cancer and non-cancer potential [2, 7]. For example, Thousands of

people died of extremely toxic methyl isocyanate gas escape and their exposure in Bhopal, India,

in 1984. In 1985, a serious chemical release occurred at a similar plant in West Virginia [8].

An estimated 14,175 chemical incidents occurred in 2013 [9], causing a huge impact on human

health. Thus, it is vital to manage the toxic chemical release and reduce the impact of toxic

releases on the environment and human health in the US.

The U.S. Environmental Protection Agency (EPA) defined environmental equality as “the

fair treatment and meaningful involvement of all people regardless of race, color, culture, national

origin, income, and educational levels with respect to the development, implementation, and

enforcement of protective environmental laws, regulations, and policies” [8]. Environmental
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injustice or environmental inequality is said to occur if certain racial or socioeconomic groups

experience a disproportionate share of the negative environmental consequences of industrial

activity [10]. According to Minnesota Pollution Control Agency, only about 6% of communities

in Minnesota are near one or more of the facilities that emit pollution at a level above health

guidelines. However, 14% of communities of color, which include indigenous peoples, and 9%

of low-income communities are located near one or more of these facilities [11].

The current distribution of toxic chemical release is largely unequal across regions within

the US [12]. For example, the Toxic Release Inventory (TRI) reporting facilities located concentratedly

at the western costal area, northeastern coastal area and the Great Lake’s region, while central

areas have few TRI reporting facilities (see Figure 1.1). Also, releases differ significantly between

EPA regions (see Figure 1.2), where Region 10 Pacific Northwest and Alaska, Region 9 West,

Southwest and Hawaii, Region 4 Southeast, Region 5 Midwest and Region 6 South Central

account for the majority of total releases. The map of EPA regions can be found in Figure 1.3.

Figure 1.1: Geographic Distribution of TRI-Reporting facilities in 2019
Source:

https://gispub.epa.gov/trina2019/facilities.html?webmap=90002265bec645dfbf0703c55d03093e
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Figure 1.2: Toxic Chemical Releases by regions in 2019
Note: In 2019, Region 1 has 950 facilities, Region 2 has 1040 facilities, Region 3 has 1905

facilities, Region 4 has 4586 facilities, Region 5 has 5330 facilities, Region 6 has 2956 facilities,
Region 7 has 1515 facilities, Region 8 has 718 facilities, Region 9 has 1641 facilities, and

Region 10 has 742 facilities.
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Figure 1.3: Map for 10 EPA Regions.
Note: Source: https://www.epa.gov/aboutepa/regional-and-geographic-offices. The EPA regions
are distinct administrative units with different bureaucratic cultures, state regulations, and data

sources. Region 1 (New England) includes CT, ME, MA, NH, RI, and VT; Region 2 (Northeast)
includes NJ, NY, Puerto Rico, and the U.S. Virgin Islands; Region 3 (Mid-Atlantic) includes
DE, DC, MD, PA, VA, WV and 7 federally recognized tribes; Region 4 (Southeast) includes

AL, FL, GA, KY, MS, NC, SC, and TN; Region 5 (Great Lakes) includes IL, IN, MI, MN, OH,
and WI; Region 6 (South Central) includes AR, LA, NM, OK, and TX; Region 7 (Midwest)

includes IA, KS, MO, and NE; Region 8 (Mountains and Plains) includes CO, MT, ND, SD, UT,
and WY; Region 9 (Pacific Southwest) includes AZ, CA, HI, NV, American Samoa,

Commonwealth of the Northern Mariana Islands, Federated States of Micronesia, Guam,
Marshall Islands, and Republic of Palau; Region 10 (Pacific Northwest) includes AK, ID, OR,

WA and 271 native tribes.

The toxic releases and related toxic risk (Risk-Screening Environmental Indicators (RSEI)

score) are changing over time (Figure 1.4 and Figure 1.5). For example, from 2007-2019,

total releases of TRI chemicals decreased by 19%, and reduced hazardous air pollutant (HAP)

emissions, such as hydrochloric acid, from electric utilities, were the most significant contributor

4



to the decline. The number of facilities that reported to TRI declined by 9%. The overall RSEI

score decreased by 67% from 2007-2019. Of the types of releases modeled by RSEI, air releases,

by far, contributed the most to the RSEI Scores.

Figure 1.4: Total disposal or other releases over time
Source: https://edap.epa.gov/public/extensions/EasyRSEI/EasyRSEI.html

1.2 Motivation and research objectives

Environmental inequality, that is, the disproportionate share of the negative environmental

consequences in certain racial or socioeconomic groups, is a long-lasting problem in the US.

Most researchers found evidence of racial minorities exposing to more pollution, e.g., [13–15].

low-income groups were also found to be disproportionately exposed to pollution [14, 16, 17].

Since the current distribution of toxic chemical release is largely unequal across regions within
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Figure 1.5: RSEI Score and corresponding releases over time
Source: https://edap.epa.gov/public/extensions/EasyRSEI/EasyRSEI.html

the US, much research focused on the regional variations in environmental inequality. For

example, Thind et al. [18] estimated exposures to and health impacts of PM2.5 (particulate

matter with aerodynamic diameter ≤ 2.5m) from electricity generation in the US for each US

state, by income and by race. The products produced in one region are not only consumed

by local consumers, but also traded to meet other regions’ consumption. Consumption-based

environmental accounting [19–21] can allocate the national toxic release to regions and sectors

that consumes the final goods and services, thus demonstrating how the demands of consumer

regions cause the environmental problems in producer regions [22,23]. Thus, revealing variations

in environmental inequality from both production- and consumption-based perspectives can bring

a comprehensive understanding of the inequality problems.
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Input-output (IO) model is a commonly used tool in consumption-based environmental

accounting. Koh et al. [1] have calculated the toxicological footprint (consumption-based toxic

chemical release) of the U.S. between 1998 and 2013. Tessum et al. [24] showed that PM2.5

exposure is disproportionately caused by the consumption of goods and services of the non-

Hispanic white majority, but disproportionately inhaled by black and Hispanic minorities. These

studies, however, only focused on toxic emissions at the national level. Identifying the disparities

and inequality between states in the US from a consumption-based perspective is valuable for an

effective national pollution mitigation plan according to the characteristic of each state. The

multi-regional input-output (MRIO) model can examine environmental impacts embodied in

consumption and interregional trade [25–27], thus revealing regional differences in environmental

impacts and inequality.

For production-based perspectives, regression models are commonly used models to evaluate

the relationship between pollution and demographics. Global regression models implicitly assume

spatial stationarity in the relationships between explanatory variables and dependent variable(s),

meaning that they assume these relationships do not vary over space. For example, most researchers

found evidence of racial minorities and low-income groups exposing to less pollution, e.g., [13–

16], etc. In order to capture regional variations, Brunsdon et al. [28] introduced Geographically

Weighted Regression (GWR) as an extension of general regression models and based on kernel-

weighted regression. For example, Mennis and Jordan [29] used GWR analysis and showed

that the relationships among race, class, employment, urban concentration, and land use with air

toxic release density in New Jersey vary significantly over space. However, GWR assumes that

the relationships between negative environmental consequences and demographics vary at the

same spatial scale, which can hide important local variations by spatial scale in the relationships
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among independent and dependent variables in models of environmental equity. MGWR (Multi-

scale Geographically Weighted Regression) is an extension of GWR that allows studying the

relationships at varying spatial scales and achieves that by using varying bandwidth as opposed

to a single, constant bandwidth for the entire study area [30].

Pollution inequality is not uniform across regions and over time in the US. Income inequality

has been widening over decades and toxic releases have been changing over time (Figure 1.4

and Figure 1.5). Investigating the spatiotemporal heterogeneity of the impact of socioeconomic

development on toxic risk can reveal the differences between regions and the trend of pollution

inequality. Some researchers used spatiotemporal models to reveal the relationship between

toxic releases and social changes. For example, Aoyagi and Ogunseitan [31] and Park and

Kwan [32] used the global model to analyze the spatiotemporal heterogeneity of the impact of

socioeconomic development on toxic risk. However, the global model cannot reveal the regional

variations in their relationship. Although GWR can capture the geographic context, it cannot

capture the temporal one. By including a temporal dimension in GWR, Huang et al. [33] and

Fotheringham et al. [34] proposed a temporal extension of GWR: geographical and temporal

weighted regression (GTWR), which is a spatiotemporal modeling from a local perspective.

The preceding introduction highlights the uneven distribution of toxic releases across space

and time, indicating that pollution inequality in the US is contingent upon the spatial scale

and temporal context. The overarching aim of this proposal is to comprehensively comprehend

pollution inequality from both production and consumption perspectives and to analyze its variation

across space and time. To achieve this objective, this dissertation research puts forth three primary

research questions, which are elucidated as follows.

Research question 1: How much toxic chemical releases are triggered by the consumption
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Figure 1.6: Conceptual diagram of proposed research

of final demand and what is the outsourcing of embodied toxic releases between states in the US?

The objective of this paper is to investigate the relationship between toxic releases, consumption,

and income inequality across different states in the US. To achieve this goal, this paper will first

examine the toxic releases triggered by the final demand of each state, as well as those outsourced

to other states. Secondly, this paper will estimate the toxic release inequality resulting from the

consumption of different income groups within each state. To accomplish these objectives, this

paper plans to utilize a multi-regional input-output (MRIO) model, which will use data from the

American MRIO table and toxic chemical release inventory in 2017 to calculate the production

and consumption-based toxic release of each state, as well as the inter-regional transfer of embodied
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toxic release between states. Additionally, this model will estimate the toxic release footprint by

income groups and the inter-state toxic release transfer triggered by different groups by states. By

using the MRIO model, this paper will provide quantitative information for understanding how

pollution equality of toxic release varies among income groups and regions across the US, and for

identifying the transfer of responsibility hidden in products exchanged among states. Ultimately,

our findings may inform the development of policies and interventions aimed at reducing toxic

release inequality and promoting environmental justice for all communities.

Research question 2: Is there a relationship between socioeconomic indicators and toxic

release risk? Local modeling of Texas toxic release

The objective of this paper is to investigate whether racial minorities and individuals with

low socioeconomic status have been disproportionately affected by toxic risk and whether the

relationship between these factors varies across different regions. To achieve this goal, we plan to

employ a Multiscale Geographically Weighted Regression (MGWR) model to assess the impact

of race/ethnicity and socioeconomic status (SES) on environmental quality in Texas. Specifically,

we will analyze block group level data on industrial pollution risk from the Risk Screening

Environmental Indicators database maintained by the Environmental Protection Agency (EPA),

along with income and demographic variables obtained from the American Community Survey

(ACS). The MGWR model will allow us to examine the relationship between race/socioeconomic

status and toxic risk at various spatial scales, from local to regional. By doing so, we aim to

provide a comprehensive understanding of the impact of these factors on toxic risk and the extent

to which this impact varies across different regions. Ultimately, our findings may inform the

development of more effective policies and interventions aimed at reducing pollution inequality

and improving environmental quality for all communities.
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Research question 3: Is pollution inequality improved or worsen over time? Spatiotemporal

heterogeneity of the impact of socioeconomic development on toxic risk.

This paper aims to investigate whether pollution inequality across regions in the United

States has improved over time. Specifically, we seek to determine if racial minorities and low

socioeconomic entities have been disproportionately affected by toxic risk over time. By examining

the spatiotemporal heterogeneity of the impact of socioeconomic development on toxic risk, we

can identify differences between regions, enabling local governments to develop region-specific

regulations. Moreover, we can identify the trend of pollution inequality and its key determinants

over time, which is crucial for developing effective policy interventions. To our knowledge, no

previous studies have explored the relationship between socioeconomic indicators and toxic risk

in the US, incorporating both a local model and a temporal dimension. Our study focuses on

Texas and employs a geographical and temporal weighted regression (GTWR) model to analyze

the spatiotemporal heterogeneity of the impact of socioeconomic development on toxic risk in

the state.
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Chapter 2: Tracing toxic chemical releases embodied in US interstate trade and

their unequal distribution

2.1 Introduction

The current distribution of toxic chemical releases (TCR) is largely unequal across regions

within the US [12]. According to the Toxic Release Inventory (TRI), toxic release facilities

are concentrated in the western coast, southeastern coast, and the Great Lake region, while

midwestern regions have much fewer TRI facilities (see Figure. 1.1). Also, the total TCR

differs significantly between regions in the US (see Figure. 1.2). Although Pacific Northwest

and Pacific Southwest have relatively smaller numbers of facilities, the region contributes a large

number of total releases. Many existing studies regarding TCR in the US focused on TCR from

the production perspective, analyzing the inequality across regions and the health impacts across

demographic groups. For example, Ard [15] explored air pollution exposure across regions and

demographic groups and found that the variation of the exposure has grown substantially in the

United States over 1995–2004 using the United States Environmental Protection Agency (EPA)’s

Risk Screening Environmental Indicators Geographic Microdata (RSEI-GM) and multilevel regression

models. The results showed that African Americans are more exposed to air toxins than Whites

even though the amount is decreasing for everyone. Using multilevel models, Ard and Smiley
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[35] investigated the relationship between racialized poverty segregation and hazardous industrial

sites, and the results showed that counties with higher economic and racial segregation levels have

a significantly higher density of facilities, which are disproportionately clustered at communities

with higher percentages of poor African American and Hispanic people.

However, the products produced in one region are not only consumed by local consumers,

but also traded to meet other regions’ consumption. Therefore, consumption in one place may

cause pollution in other places via interregional trade of goods and services [36]. The embodied

TCR in regional trades may help us identify the transfer of responsibility hidden in products

exchanged among regions. Consumption-based environmental accounting [19–21,37] can allocate

the production-based TCR to regions that consume the final goods and services, thus demonstrating

how the demands in consumer regions cause the environmental problems in producer regions

[22, 23]. Koh [38] calculated the toxicological footprint (consumption-based TCR) of the U.S.

between 1998 and 2013. Fujii [39] also calculated the consumption-based toxicity of chemical

emissions from the US industrial sector over the 1998–2009 period. These studies, however, only

focused on toxic emissions at the national level. Through tracing TCR embodied in trade among

U.S. states, consumption-based accounting is important for identifying the ultimate drivers of the

releases, thus, opening up opportunities for cooperative solutions among states [40].

Aside from regional disparities, the consumption of different income and racial groups

has contributed to TCR exposure and other criteria air pollution exposure disproportionately in

the U.S. [24]. For example, Wang and Feliberty [41] showed that minority and low-income

groups are more likely to be located within buffers around the toxic release inventory facilities.

Clark et al. [42] also showed that low-income nonwhite young children and elderly people are

disproportionately exposed to residential outdoor NO2. Tessum et al. [24] showed that PM2.5
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exposure is disproportionately caused by the consumption of goods and services of the non-

Hispanic white majority, but disproportionately inhaled by black and Hispanic minorities. Thind

et al. [18] found that average exposures to PM 2.5 are the highest for blacks, and are higher

for lower income than for higher income. Using EPA’s TRI data, Charette et al. [43] assessed

residential clusters associated with pollutant releases, and results showed that the highest amount

of releases was concentrated at clusters with a high percentage of the working class. Income

inequality is extremely high in the U.S., for example, the mean household income in the top

20% was 10.3 times greater than that in the bottom 20% in 1975 while the gap was enlarged to

16.6 times in 2019 [44, 45]. Income groups differ significantly in terms of consumption patterns,

thus contributing to the environmental impacts very differently [46]. It is essential to understand

consumption-based TCR or TCR footprint, which accounts for all toxic emissions (based on the

TRI) along entire domestic supply chains [1], of different income groups so that policy decision-

makers can be informed by demand-side toxic reduction policy recommendations with lower

socioeconomic costs [47].

In summary, previous research mainly focused on TCR in the US from the production

perspective, analyzing pollution exposure across regions and demographic groups [15, 35]. A

few researchers calculated consumption-based toxicity of chemical emissions in the US [38, 39],

however, these studies were conducted at the national level. There has been a lack of research

attention to the flows of TCR embodied in interstate trade, which is termed consumption-based

toxic chemical footprints. Consequently, there has been an absence of research analyzing the

disproportionate exposure of consumption-based TCR faced by different income groups across

states in the US. In this study, we fill the above gaps by first assessing regional consumption-based

accounting of pollution inequalities and outsources of embodied TCR between states in the US;
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and then estimating the TCR footprint of different income groups at the state level. For this

purpose, we developed an environmentally extended multi-regional input–output (MRIO) model

for the US using the MRIO table from IMPLAN (the Economic Impact Analysis for Planning)

and the toxic chemical release inventory data in 2017 from US EPA, to calculate the production-

and consumption-based TCR of each state, the inter-regional transfer of embodied TCR between

states, as well as the TCR footprint across income groups. The MRIO model is a commonly

used method to examine environmental impacts embodied in consumption and interregional trade

[25–27, 48–50]. By using the MRIO model, this paper provides quantitative information on

how pollution inequality of toxic release varies across regions and income groups in the US.

Such information can facilitate the formation of shared responsibilities between consumers and

producers in the efforts to mitigate the adverse impact of the toxic release on the environment

and human health.

2.2 Model and data

2.2.1 Multi-regional input-output model

In a multi-regional input–output model, the product flows within a region and the product

inflows and outflows among regions are taken into consideration. Suppose there are n regions

and there are m producing sectors in each region. Zrs
ij is the monetary flow from sector i in region

r to sector j in region s. The elements of X are denoted as xr
i , representing the total output of

sector i in the region r. The elements of the direct consumption coefficient matrix A are denoted

as arsij , which is given by arsij = zrsij /x
s
j , representing the amount of commodity i in the region r

directly required to produce per unit of sector j in region s. Y consists of intraregional (yrr and
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yss) and interregional final demand yrs and ysr). The element yrsi represents the final demand for

commodity i in the region r from region s.

The basic equation of the multi-region input-output model (MRIO) is

x = Ax+ Y (2.1)

where,

A =



A1,1 A1,2 · · · A1,n

A2,1 A2,2 · · · A2,n

...
... . . . ...

An,1 An,2 · · · An,n


X =



x1

x2

...

xn


Y =



y1,1 y1,2 · · · y1,n

y2,1 y2,2 · · · y2,n

...
... . . . ...

yn,1 yn,2 · · · yn,n


To get x, the equation 2.1 can be rewritten as:

x = (I − A)−1Y (2.2)

where, L = (I − A)−1 is the Leontief inverse matrix; I is the identity matrix.

To calculate the interregional TCR flows, a matrix tc is needed to represent the direct TCR

coefficient of different sectors in different regions. The interregional TCR flows can be calculated

as follow:

TF = tc(I − A)−1Y (2.3)

where TF is the TCR embodied in commodities flowing between regions; tc is a matrix
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of sectoral direct TCR coefficient (total toxic chemical releases of sector j divided by the total

output of sector j in each state).

Production-based TCR of region r can be estimated as [21]

TCRr
P =

n∑
s=1

m∑
i=1

TF rs
i (2.4)

Consumption-based TCR of region s can be estimated as [21]

TCRr
C =

n∑
r=1

m∑
i=1

TF rs
i (2.5)

To get the TCR related to each income group’s final consumption by state level in the

US [51, 52], we can get:

Tincomegroup = tc(I − A)−1HYincomegroup (2.6)

where Tincomegroup is the embodied TCR associated with each income group’s final consumption

(TCR footprint) in each state. HYincomegroup is the household final demand for each income group

in each state.

2.2.2 Data

The American multi-regional input–output (MRIO) tables were compiled using single-

regional input–output tables for each of the 51 states and the trade flow data between states. The

trade flow data between states were collected from the county-level trade data and aggregated at

the state level. The MRIO data needed were extracted from the Economic Impact Analysis for
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Planning (IMPLAN) database [53]. There are 546 sectors in IMPLAN, representing all industries

in the US classified by North American Industry Classification System (NAICS) codes [53].

The toxic release data was collected from Toxics Release Inventory (TRI) Program conducted

by the United States Environmental Protection Agency (EPA). TRI is a compilation of data

submitted by certain facilities subject to the reporting requirements of Section 313 of the federal

Emergency Planning and Community Right-to-Know Act (EPCRA) [54]. All facilities are required

to report to TRI if they meet the reporting criteria: (1) are subject to EPCRA 313(b)2 determination,

or (2) are in a covered industry sector and exceed the employee threshold [55]. Those facilities

are mainly involved in hazardous waste treatment, manufacturing, electric power generation, and

metal mining. The government passed EPCRA in 1986 in response to the disastrous gas leak

in Bhopal, India, in 1984, which raised the concern about environmental and safety hazards of

toxic releases. Toxics Release Inventory compiled the information of certain toxic chemicals that

may pose a threat to human health and the environment. The information includes how much

of each chemical is released to the environment (air or water) and managed through recycling,

energy recovery, and treatment of each U.S. facility. The current TRI toxic chemical list contains

775 individually listed chemicals and 33 chemical categories, which may cause cancer or other

chronic human health effects, significant adverse acute human health effects, or significant adverse

environmental effects [56].

EPA’s Risk-Screening Environmental Indicators (RSEI) is a screening-level model incorporating

TRI data with measures of human exposure and toxicity, which assesses the potential impact of

industrial chemical releases from pounds-based, hazard-based, and risk-related perspectives [56].

The RSEI model uses reported data and information on facilities’ on-site chemical releases and

chemical transfers from these facilities to off-site facilities to model RSEI risk-related results.
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Table 2.1: Total household income for specified income group.

Specification Explanation

Households LT15k Those earning less than $15,000
Households 15–30 K Those earning between $15,000 and $30,000
Households 30–40 K Those earning between $30,000 and $40,000
Households 40–50 K Those earning between $40,000 and $50,000
Households 50–70 K Those earning between $50,000 and $70,000
Households 70–100 K Those earning between $70,000 and $100,000
Households 100–150 K Those earning between $100,000 and $150,000
Households 150–200 K Those earning between $150,000 and $200,000
Households 200 K+ Those earning greater than $200,000

Source: Candi Clouse (2022) [58].

The RSEI model can provide comparable values for each kind of toxic release using a continuous

system of numerical weights developed by the EPA. In this paper, we used “TRI Pounds”, which

reflect the number of pounds released or transferred that are reported to TRI and are available

for all releases and transfers. In order to make the sectors of TRI/RSEI data and IMPLAN data

consistent, this paper matched the sectors between these two datasets using Primary-six-digit

North American Standard Industry Classification System (NAICS) code.

Household number data of each state by income level was collected from American Community

Survey (ACS) by the United States Census Bureau (“2017 Data Profiles — American Community

Survey — US Census Bureau,”) [57]. The income groupings in ACS are different from the

IMPLAN, thus matching groupings is needed between these two datasets. We assumed that

the number of households within an income group is equally distributed, then re-aggregated the

number of households in ACS according to the income grouping in the IMPLAN dataset. The

household income for the specified income group is listed in Table 2.1.
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2.3 Results

2.3.1 Production-based and consumption-based TCR inventories

Figure 2.1 shows the production-based and consumption-based TCR and net flows of

embodied TCR in each US state in 2017 (The abbreviations of states can be found in Table

2.2). The TCR from industrial production is unequally distributed across regions in the US with

a high concentration in a few south central and Great Lakes Region states. The TCR from the top

10 states accounts for about 53% of the national total release. Texas is ranked first with a total

amount of 54.34 million pounds TCR, which is 56.7% higher than the TCR in Indiana, the second

largest TCR state, and 70% higher than that in Ohio (the third largest TCR state). Michigan also

produce a large amount of TCR and accounted for 18.15% of the national total TCR in 2007. In

sectoral detail, Figure 2.2 presents a comparison of sectoral TCR from both the production and

consumption perspectives for all states. From the production perspective, every state has its own

dominant industries. For example, non-metallic and metallic products manufacturing sectors are

the most important sources of the TCR for most states. Texas, as the highest production-based

TCR state, has more than 80% TCR from those two sectors. Mississippi, Louisiana, and Arizona

also have more than 80% TCR from those non-metallic and metallic products manufacturing

sectors. In addition, mining and supportive activities are the largest contributing sector to the

TCR in Nevada and Alaska, and utilities are the largest TCR sector in North Dakota.
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Figure 2.1: Production-based and consumption-based TCR and net inflows (red) and outflows
(blue) of embodied TCR across states in the US.

USA states shapefile:
https://www.arcgis.com/home/item.html?id=1a6cae723af14f9cae228b133aebc620
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Figure 2.2: Sectoral composition of production-based and consumption-based TCR in US states
in 2017.
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Compared with the production-based TCR, the consumption-based TCR are less unequally

distributed across regions in the US. Texas still ranks the top state for consumption-based TCR

with an amount of about 46.31 million pounds. Some west and east coastal states, such as

Washington, California, and North Carolina, and some Great Lakes Region states, including

New York and Michigan, have a similar number of consumption-based TCR. While most central

states, such as Montana and Wyoming, produce and consume relatively small amounts of TCR.

In sectoral detail, the non-metallic and metallic products manufacturing sector are the most

important sectors, accounting for more than 50% of the consumption-based TCR in most states.

From Figure 2.1 we can see that net importers of embodied TCR are mainly focused on

the east and west coastal areas, while net exporters are focused on central areas. For example,

Indiana, Texas, Louisiana, and Alabama are among the largest net exporters of embodied TCR.

Those states are also poor states with low per capita personal incomes (Table 2.3), while the

coastal states, such as Washington, California, New York, New Jersey, and Florida, are the main

net importers of embodied TCR with high personal incomes.

Figure 2.3 showed the embodied TCR in local consumption and domestic trade in 2017. In

this figure, we can see that a large amount of embodied TCR flowed in and out of the states via

inter-state trade, while the embodied TCR in local demand accounted for a very small proportion

of total releases in every state. For example, the local consumption of Texas cause only around

10 million pounds of TCR that were produced from its domestic firms, while the other 20 million

pounds of TCR were imported from other states. In the meantime, a similar amount of TCR in

Texas was caused by other states to meet the final demand in those states.
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Table 2.2: State abbreviations for US states.

US state Abbreviation US state Abbreviation US state Abbreviation

Alabama AL Kentucky KY North Dakota ND

Alaska AK Louisiana LA Ohio OH

Arizona AZ Maine ME Oklahoma OK

Arkansas AR Maryland MD Oregon OR

California CA Massachusetts MA Pennsylvania PA

Colorado CO Michigan MI Rhode Island RI

Connecticut CT Minnesota MN South
Carolina

SC

Delaware DE Mississippi MS South Dakota SD

District of
Columbia

DC Missouri MO Tennessee TN

Florida FL Montana MT Texas TX

Georgia GA Nebraska NE Utah UT

Hawaii HI Nevada NV Vermont VT

Idaho ID New
Hampshire

NH Virginia VA

Illinois IL New Jersey NJ Washington WA

Indiana IN New Mexico NM West Virginia WV

Iowa IA New York NY Wisconsin WI

Kansas KS North
Carolina

NC Wyoming WY
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Figure 2.3: Embodied TCR in local consumption and domestic export in 2017

2.3.2 Inter-state transfers of embodied TCR

Figure 2.4 showed the inter-state transfers of embodied TCR in the US EPA regions (see

Figure 1.3). The results showed that the main outsourcing of embodied TCR is from release-

intensive central regions to rich coastal regions. For example, the largest interregional transfer of

TCR is from Great Lake Region to the Southeast (16.2 million pounds). Although Great Lake

Region (including Illinois, Indiana, Michigan, Minnesota, Ohio, and Wisconsin) only has 16%

of the U.S. population, it owns 25% of all the TRI facilities, most of which are concentrated
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in toxic release-intensive sectors of the fabricated metals (i.e., manufacture of metal products)

and chemical manufacturing sectors [59]. Except for the Southeast, Great Lake Region is also

outsourced to neighboring rich regions like Mid-Atlantic (9.52 million pounds) and Northeast

(8.19 million pounds). On the contrary, final demand consumption in the Southeast region

(including Alabama, Florida, Georgia, Kentucky, Mississippi, North Carolina, South Carolina,

Tennessee, and 6 tribes), which accounts for 1/5 of the U.S. population, is mainly being supported

by production and associated releases occurring in neighboring regions, including Great Lakes

(16.2 million pounds) and South Central (9.89 million pounds).

Figure 2.4: Inter-regional embodied TCR flows between the US EPA regions (unit: 1x107).
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In Figure 2.5, we selected the top 15 states in production, which produced the greatest

TCR (first column), and the top 15 states in consumption, whose consumption triggered the

largest amount of TCR (third column) to show the main embodied TCR flows between producers

and final consumers. The top 15 toxic release-producing states, including Texas, Illinois, Ohio,

Michigan and etc., account for 63.15% of total TCR, and it is intuitive that they are net exporters

of the embodied TCR (see Figure 2.1). The top 15 toxic release “consuming” states can be

divided into two types of groups: one group includes the top producing states, for example,

Texas, Ohio, and Illinois; another group is the top net importers of embodied TCR, for example,

California, Florida, New York, and Washington. The sectoral embodied TCR flows show different

patterns between these two groups. In the first group, Texas is the largest state in TCR production,

and non-metallic products manufacturing accounts for the largest percentage of the production

(53.25%), followed by metallic products manufacturing (27.90%). Meanwhile, a great majority

of TCR from non-metallic and metallic products manufacturing is consumed by Texas. Similar

patterns showed in other states in this group. For another group, non-metallic and metallic

products manufacturing are also major consumption sectors in California, Florida, New York, and

Washington, accounting for around 70% of the total consumption in each state. Although these

states are not major TCR production states, they import large amounts of TCR from producing

states with high TCR intensity.
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Figure 2.5: Flows of embodied TCR from top 15 release producing states to the final consumers
in the top 15 consuming states.

From the final demand side, the largest portion of embodied TCR is triggered by households’

final demand of all income groups (41.88%) for the top 15 consuming states, followed by foreign

trade (23.39%) and capital formation (15.88%). In detail, Illinois’s households with income

100–150k triggered the largest amount of TCR, around 1.593 million pounds, followed by Ohio’s

households with income 70–100k (1.574 million), 100–150k (1.567million), and Florida’s households

with income 70–100k (1.412 million). Foreign trade is also a major part that causes the embodied

TCR, and Texas’s export accounts for the largest proportion of embodied TCR (20%), followed

by Ohio (13.99%) and Indiana (13.27%).
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2.3.3 TCR footprint by income groups

Since households’ final demand contributed to about half of the total TCR, in this section,

we provide a detailed analysis of household consumption and associated TCR across income

groups. Figure 2.7 showed the unequal distribution of TCR footprint by income groups in

each state. In general, high-income groups, although with small populations, account for a high

percentage of the total TCR footprint; while low-income groups with large populations account

for a low percentage of the total TCR footprint. For example, the consumption of the top 35% of

rich households (groups of larger than 100k) contributes to more than 50% of total TCR triggered

by the final demand of all households in the U.S., where a similar unequal distribution occurs in

most states (Figure 2.7). The main reason is that the TCR footprint per household in high-income

groups is larger than that in low-income groups (Figure 2.6).

Figure 2.6: The distribution of household number and TCR footprint across income groups of all
states.
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Figure 2.7: The distribution of TCR footprints in each state (household number and
corresponding shares of total TCR).

Note: HH means household number.

We also found that the distributions of population and TCR footprint between rich and poor

states show different patterns. On the one hand, poor states with low per capita income (Table 2.3)

have a larger percentage population of low-income groups (groups of less than 30k) and thus have

a higher percent of corresponding TCR footprint than the national average level. For example, the

population of low-income groups in poor states Kentucky, Mississippi, and West Virginia account

for more than 30% of the total population, while the national percentage is only 17.95%. The

corresponding percent of TCR footprint in the above three states is more than 20%, compared

to the national average of 8.78%. In contrast, the population of the high-income group (groups
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larger than 100k) is smaller than the national average level, and so is the corresponding TCR

footprint. On the other hand, it is intuitive that the rich states have a larger percentage of high-

income groups than the national average (35.44%), for example, high-income groups account for

42.57%, 40.17% and 40.33% of the total population in District of Columbia, Maryland, and New

Jersey, respectively. Although the per household TCR footprints in rich states are smaller than in

poor states like Mississippi (Figure 2.8), the high number of populations in rich states still make

a high percentage of TCR footprint. The consumption of high-income groups in the District of

Columbia, Maryland, and New Jersey are contributing 58.82%, 56.21%, and 57.05% of the total

TCR footprint, respectively (compared to the national mean of 52.20%).

Figure 2.8: TCR embodied in household consumption across states and income groups.
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Table 2.3: Per capita personal income (dollars) in US in 2017.

State Per capita
personal
income

State Per capita
personal
income

State Per capita
personal
income

District of
Columbia

78,974 North Dakota 52,610 Missouri 45,307

Connecticut 71,699 Rhode Island 52,600 Indiana 45,217

Massachusetts 68,405 Vermont 51,632 Tennessee 45,193

New Jersey 64,964 Delaware 50,738 Georgia 44,865

New York 62,913 Nebraska 50,617 North
Carolina

44,376

Maryland 60,714 South Dakota 49,738 Utah 44,142

California 60,581 Wisconsin 49,239 Louisiana 43,903

New
Hampshire

58,689 Kansas 48,846 Oklahoma 43,769

Washington 58,400 Oregon 48,719 Arizona 42,566

Alaska 57,295 Florida 48,473 Idaho 42,218

Wyoming 56,421 Texas 48,402 South
Carolina

42,178

Virginia 55,582 Iowa 47,629 Arkansas 41,622

Colorado 55,550 Nevada 47,615 Alabama 41,000

Minnesota 54,930 Ohio 46,804 Kentucky 40,874

Illinois 54,247 Maine 46,525 New Mexico 39,727

Hawaii 53,382 Montana 46,138 West Virginia 38,891

Pennsylvania 53,277 Michigan 45,931 Mississippi 36,510
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2.4 Discussion and conclusion

From the previous analysis, we gain some new insights regarding the regional distributional

patterns of production-based and consumption-based TCR, the outsourcing of embodied TCR,

and the unequal distribution by regions and demographic groups. This analysis is useful for the

distribution of pollution reduction responsibility between different entities, such as states and

demographic groups.

The production of TCR is unequally distributed across regions in the US, mainly concentrating

on certain central and southern states and the Great Lakes Region, such as Texas, Indiana, Ohio,

etc. The disparities of production-related TCR in each region can be partly explained by the types

of main sectors located in each region. The production activities of certain types of products

are geographically concentrated and generate large quantities of TRI chemicals. For example,

almost all the mining and supportive activities are concentrated in Nevada and Alaska. Non-

metallic product manufacturing is mainly focused in Texas, Louisiana, Kansas, and Michigan

(Figure 2.2). These states produce products to not only meet their own final demand but also

satisfy the final demand in other states. In order to enjoy the benefit from economies of scale,

industrial concentration occurs in the US, thus causing the concentration of TCR. Under the

production-based principle, the producer is responsible for the TCR from the production of goods

and services [20]. In order to reduce the TCR, the states with high releases should implement

effective measures. For example, in 2019, 5% of facilities in Arkansas, Louisiana, New Mexico,

Oklahoma, and Texas have reported implementing new source reduction activities [60]: a motor

vehicle parts manufacturer improved the effectiveness of the producing system by updating the

zinc rinse system and reducing zinc waste. Similar to EPA’s “good neighbor” plan, which
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requires more than 20 states, including Texas, Louisiana and others, to cut ozone pollution from

power plants and industrial sources that contribute to ozone pollution in neighboring states [60].

Under the production-based principle, the government could propose plans that control toxic

emissions from large TCR producers. However, there are limits to the production-based principle,

which cannot distinguish the consumption between export and domestic, thus exacerbating the

responsibility of the producer [20].

The consumption-based TCR is less unequally distributed across regions in the US (Figure

2.1). From the previous analysis, we found that the production activities of particular goods and

services are geographically concentrated. Thus, in order to fulfill the final demand, states have

to import products they don’t produce enough from other states, thus triggering the embodied

TCR of other states. For example, the main economic sectors in California and New York are

tertiary industries such as finance, insurance, real estate, rental, and leasing, professional and

business services, and information [61], thus, CA and NY need to import necessary goods like

metallic and non-metallic products to fulfill their intrastate demand (Figure 2.1). In the US, local

consumption accounted for a small percentage of total consumption-based TCR, while inter-

regional transfer between states accounts for a large proportion (Figure 2.3). Therefore, policies

under the consumption-based principle, which take inter-regional trade into account, would be

more appropriate. Under the consumption-based principle, the consumer is responsible for the

TCR from the production of goods and services [20, 21], even if they are imported from other

states. The net importers of embodied TCR are mainly the coastal states (Figure 2.1), which

means they should shoulder more TCR reduction responsibility from the consumption-based

principle than the production-based principle. For example, Texas, Florida, Illinois, New York,

New Jersey, Pennsylvania, California, etc. are main consumers (Figure 2.5) of TCR, and their
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demand triggered other states’ production, such as Texas, Indiana, Ohio, Michigan, Alabama,

Illinois, etc. Those consumer states have generated the demand for the exported products and thus

caused the production for export to take place, therefore, they should shoulder the responsibility

for the TCR reduction. However, consumer responsibility requires political decision-making

in other regions. The United States is a federal republic where the federal government has

certain control over states’ policies, but state governments also have significant authority in their

respective states [62]. It is hard to make certain consumer states shoulder TCR responsibility

without a unanimous agreement between states. Some researchers brought up new insights

of shared responsibility – the responsibility for impacts can be shared between producer and

consumer – to make a fair distribution of TCR reduction responsibility [19, 21].

Our results showed that the largest portion of embodied TCR is triggered by households’

final demand of all income groups and for example, Illinois’s households with income 100–150k

triggered the largest share of TCR in comparison to other income groups in the state (Figure

2.7). It is interesting to dig into the unequal distribution of TCR footprint between different

income groups in each state. The consumption of the top 35% of households (groups of 100k)

contributes to more than 50% of total TCR in the U.S. The TCR footprint per household in

high-income groups is larger than that in low-income groups (Figure 2.8), which is very intuitive

since rich-income groups consume more goods and products than poor-income groups and thus

trigger more TCR during the production process of goods and services. Rich states, such as

New York, the District of Columbia, and California, have a larger percentage of high-income

groups than the national average, thus having a higher TCR footprint than the national one

(Figure 2.7). The income inequalities in those states had gaps wider than the national gap [63],

with rich people spending more money on housing, transportation and etc., which triggered a
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disproportionally larger share of the TCR footprint in the total. Given the high inequality, in

order to solve this problem, the government needs to propose policies that increase the bargaining

power of low-income groups and promote political participation by all citizens in economic and

environmental issues. More interestingly, although rich states have high total household TCR

footprints (Figure 2.9), the per household TCR footprints are pretty low (Figure 2.8). Poor states,

in contrast, have high per-household TCR footprints (Figure 2.8) despite the low total household

TCR footprints. The regional disparities may be partly explained by the household consumption

patterns in different states. For poor states, such as Mississippi, Alabama, and Kentucky, the

population densities are relatively low [64]. People in these states usually have larger houses,

more vehicles, and more other resources per capita, thus, the large number of final demands from

these states’ households triggers more TCR. Therefore, in order to reduce household TCR, it is

necessary to promote green consumption patterns in all households, especially in high-income

groups in poor states, since they have a larger TCR reduction potential.
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Figure 2.9: Total TCR across income groups in each state to meet household consumption.

In conclusion, this paper filled two important gaps in the literature: The lack of research

attention to the interstate flows of consumption-based toxic chemical footprints and the absence

of analyzing the disproportionate exposure of consumption-based TCR exposure by income

groups across states in the US. This paper provided qualitative information about spatial disparities

of TCR in terms of pollution transfer triggered by final consumption across states and income

groups. This new set of information can facilitate the government and other stakeholders to

propose mitigation policies and actions from both production-based and consumption-based perspectives.

Although the input-output model can provide information about consumption-based perspectives,

it also has some drawbacks that are important to consider. For example, the input-output model

assumes a fixed relationship between inputs and outputs, without accounting for changes over

time, which limits its ability to capture dynamic changes. The model also assumes a linear
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relationship between inputs and outputs. Moreover, the model treats sectors as homogeneous

entities, assuming that all firms within a sector produce identical goods or services [65].
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Chapter 3: Multiscale Analysis of the Relationship between Toxic Chemical

Hazard Risks and Racial/Ethnic and Socioeconomic Groups

3.1 Introduction

3.1.1 Background

Technological hazards are an inevitable product of technological innovation and human

development [66]. The release of acutely toxic chemicals into the air, water, and land is one type

of technological hazard, that exerts an impact on climate change [1, 3, 4], ecosystem [67], and

human health [2, 6, 7]. The United States of America (USA) Environmental Protection Agency

(EPA) defined environmental justice as “the fair treatment and meaningful involvement of all

people regardless of race, color, culture, national origin, income, and educational levels with

respect to the development, implementation, and enforcement of protective environmental laws,

regulations, and policies” [8].

Distributive environmental injustice or environmental inequality may occur if certain racial/ethnic

or socioeconomic groups experience a disproportionate share of the negative environmental consequences

of industrial activity [10]. There are many screening tools identifying the areas where distributive

environmental injustice exists, for example, EPA’s EJScreen (Environmental Justice Screening

and Mapping Tool) provides environmental justice indexes to show areas where vulnerable populations
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may be disproportionately impacted by pollution. The Council on Environmental Quality proposed

Climate and the Economic Justice Screening Tool to identify which communities are identified as

disadvantaged based on environmental and socioeconomic indicators. The research on distributive

environmental inequality is essential for hazard risk management because it identifies social

vulnerability underlying the inequality and thus provides targeting information for risk assessment

and mitigation [68].

3.1.2 Literature Review

3.1.2.1 Hazards risk management and social vulnerability

According to the Federal Emergency Management Agency (FEMA), hazard risk management

is an ongoing process that involves a set of defined and iterative component parts to exercise

control over risks associated with hazards facing a community [69]. The process of hazard

risk management involves several stages, including hazard identification, risk assessment, risk

analysis, and risk treatment [66]. The identification of risks is a fundamental stage in risk

management, which involves the identification of potential sources of risk and the resources that

may be exposed to such risks [70]. Hazard risk assessment, on the other hand, investigates the

potential threats posed by identified hazards, including their likelihood and consequence [66].

Hazard risk analysis, when combined with vulnerability analysis, can aid in determining the

factors that cause risks, prioritizing the ranking of risks, and understanding the rationale behind

such rankings. In analyzing hazard risks, social vulnerability must be considered to dedicate

appropriate resources and time to measures that offer the greatest benefits during risk treatment.

In the context of hazard, disaster, and emergency management research, social vulnerability refers
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to the socioeconomic and demographic factors that affect community resilience [71]. Social

vulnerability is a byproduct of social inequalities that are influenced by various factors such

as income, age, race, culture, and power relationships [71, 72]. Socioeconomic status, including

income, education, and employment status, is a significant factor contributing to social vulnerability.

For instance, Fothergill and Peek found that the poor are more likely to perceive hazards and less

prepared for them [73]. Additionally, Masozera et al. demonstrated that low-income populations

were more vulnerable to natural disasters, such as Hurricane Katrina, than their wealthier counterparts

[74]. Similar findings have been observed for other vulnerable groups, including children, elders

[71,75], racial and ethnic minorities, and people living in low-quality housing [72,76,77]. Racial

and ethnic minorities are vulnerable to hazards due to cultural or language barriers that may

exclude them from communications and action [74].

3.1.2.2 Distributive environmental justice in the U.S.

The distributive environmental justice literature typically addresses the following 3 W’s

questions: which vulnerable communities are exposed to environmental hazards disproportionately,

where those communities are located, and what are the costs and benefits of risk reduction

and management measures [68, 78, 79]. In terms of technological hazards, racial-ethnic and

socioeconomic disparities in hazard exposure in the United States are well documented (see Table

3.1). Some researchers investigated whether exposure to hazardous waste differ by race/ethnicity,

age and other socioeconomic status using statistical analyses [42, 43, 80]. Regression models

are commonly used to evaluate the relationship between environmental hazards and vulnerable

groups, including both global and local models. In a global regression model, all data of the
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research are used simultaneously to fit a single model and this type of research implicitly assumes

a spatially stationary relationship between explanatory variables and dependent variable(s). For

example, Wilson et al. [81] and Naidu et al. [82] used standard econometric regression models

to assess spatial disparities in the distribution of TRI (Toxics Release Inventory) facilities and

exposure to air pollution by race/ethnicity and socioeconomic status. Their results showed that

race was significantly correlated to the distribution of environmental burdens. In fact, most

global-regression-based research found evidence of racial minorities being disproportionately

exposed to pollution [13, 14, 83–89]. In terms of income relevance, this stream of literature

found that low-income groups are often disproportionately exposed to pollution [14, 16, 17, 31,

85, 90]. Furthermore, other socioeconomic indicators, for example, home ownership, may also

have an effect on the disproportionate distribution of pollution across various race/ethnic and

socioeconomic groups [13, 31].

3.1.2.3 Spatial heterogeneity in environmental justice

Due to the unequal distribution of environmental exposure and its correlation with racial-

ethnic and socioeconomic indicators across various study areas, researchers have employed spatial

analysis techniques to investigate whether environmental inequality remains constant over space

[91]. Tools such as EJScreen have revealed significant heterogeneity between areas where vulnerable

populations are disproportionately impacted by pollution. It is crucial to understand the spatial

heterogeneity of the relationship between environmental hazards and socioeconomic indicators at

various spatial scales and locations to comprehend the resultant health outcomes. Accounting for

the spatial distribution of environmental inequality enables policymakers to develop interventions
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at the local level that target vulnerable groups with the goal of building a health-promoting and

equitable environment [92]. Additionally, a comprehensive assessment provides multidimensional

perspectives in environmental justice debates [93] and facilitates the mobilization of local stakeholders

[92]. To address the spatial stationarity assumption and allow for spatially varying parameters,

Brunsdon et al. introduced the Geographically Weighted Regression (GWR) model, an extension

of general regression models based on kernel-weighted regression, which enables researchers to

capture spatial dependence and spatial heterogeneity [28]. Several researchers have demonstrated

the effectiveness of GWR in understanding the spatial variations of relationships between environmental

conditions, social characteristics, and health inequalities [29, 91, 94–97]. For instance, Mennis

and Jordan employed GWR analysis and demonstrated that the relationships among race, class,

employment, urban concentration, and land use with air toxic release density in New Jersey vary

significantly over space [29]. In some of these areas, the minority–air-toxic release association

is mediated by high poverty rates, in other areas, by the presence of industrial, commercial,

and transportation land uses. Lersch and Hart, as well as Chamberlain, analyzed the relationships

between the spatial distribution of industrial facilities and community characteristics in Hillsborough

County, Florida, and Houston-Sugarland-Baytown Metropolitan Statistical Area, respectively

[94,97]. Gilbert and Chakraborty also utilized GWR to examine potential health risks associated

with exposure to hazardous air pollutants related to race/ethnicity and socioeconomic status. The

results showed that in nearly all (97%) of the census tracts examined, a higher percentage of Black

residents was found to be significantly associated with an increased risk of cancer. Conversely,

a majority of the tracts (65%) in the state showed that a higher percentage of Hispanic residents

was associated with elevated cancer risk [91]. Jia et al. explored the relationship between racial

composition and cancer risks from air toxic exposure [96]. The results showed that airborne toxic
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pollutants are not equally distributed in areas with a high concentration of African Americans.

This unequal exposure to pollutants is anticipated to result in an increased risk of cancer and

other negative health outcomes among minority groups.

44



Ta
bl

e
3.

1:
L

ite
ra

tu
re

re
vi

ew
of

di
st

ri
bu

tiv
e

en
vi

ro
nm

en
ta

li
ne

qu
al

ity

A
ut

ho
rs

St
ud

y
ar

ea
Sp

at
ia

l
re

so
lu

tio
n

St
ud

y
pe

ri
od

M
od

el
s

Po
llu

tio
n

st
ud

ie
d

In
di

ca
to

rs

O
th

er
m

od
el

s

B
el

l
an

d
E

bi
su

(2
01

2)
[8

0]

U
SA

21
5

ce
ns

us
tr

ac
ts

20
00

-2
00

6
po

pu
la

tio
n-

le
ve

l
ex

po
su

re
s

fo
r

di
ff

er
en

t
gr

ou
ps

PM
2.

5
co

m
po

ne
nt

s
ra

ce
/e

th
ni

ci
ty

,
ag

e,
an

d
so

ci
oe

co
no

m
ic

st
at

us

C
la

rk
et

al
.

(2
01

4)
[4

2]
U

SA
20

7,
49

2
C

en
su

s
B

lo
ck

G
ro

up
20

06
po

pu
la

tio
n-

w
ei

gh
te

d
m

ea
n

N
O

2
co

nc
en

tr
at

io
ns

N
O

2
ra

ce
-e

th
ni

ci
ty

,p
ov

er
ty

st
at

us
,

ho
us

eh
ol

d
in

co
m

e,
ed

uc
at

io
n

st
at

us
,a

nd
ag

e

C
ha

re
tte

et
al

.
(2

02
1)

[4
3]

U
ps

ta
te

N
ew

Y
or

k
2,

12
3

bl
oc

k
gr

ou
p

20
00

H
ie

ra
rc

hi
ca

l
cl

us
te

ri
ng

an
al

ys
is

ch
em

ic
al

re
le

as
es

ed
uc

at
io

n,
w

ea
lth

,
in

co
m

e,
ra

ce
/e

th
ni

ci
ty

,
em

pl
oy

m
en

t,
ho

us
in

g,
an

d
la

nd
us

e

H
w

an
g

an
d

K
an

ne
ga

lla
(2

02
1)

[9
8]

Te
xa

s
co

un
ty

an
d

ce
ns

us
tr

ac
t

le
ve

ls

20
15

G
IS

-b
as

ed
sp

at
ia

l
an

al
ys

is
T

R
I

ra
ce

,
et

hn
ic

ity
,

ed
uc

at
io

na
l

at
ta

in
m

en
t,

in
co

m
e

le
ve

l

G
lo

ba
l

m
od

el
s

W
ils

on
et

al
.

(2
01

2)
[8

1]

C
ha

rl
es

to
n,

SC
ce

ns
us

tr
ac

t
20

08
T

R
I

da
ta

an
d

20
00

ce
ns

us
da

ta

lin
ea

r
re

gr
es

si
on

m
od

el
s

ch
em

ic
al

re
le

as
es

ra
ce

,
et

hn
ic

ity
an

d
so

ci
oe

co
no

m
ic

N
ai

du
et

al
.

(2
01

2)
[8

2]
O

hi
o

88
co

un
tie

s
19

96
-2

00
9

ec
on

om
et

ri
c

m
od

el
R

SE
I

ri
sk

sc
or

e
ra

ce
,

cl
as

s,
ho

m
e

pr
ic

e,
w

ea
lth

45



A
ut

ho
rs

St
ud

y
ar

ea
Sp

at
ia

l
re

so
lu

tio
n

St
ud

y
pe

ri
od

M
od

el
s

Po
llu

tio
n

st
ud

ie
d

In
di

ca
to

rs

C
ha

kr
ab

or
ty

et
al

.
(2

01
4)

[1
3]

G
re

at
er

H
ou

st
on

M
et

ro
po

lit
an

St
at

is
tic

al
A

re
a,

Te
xa

s

1,
06

6
ce

ns
us

tr
ac

ts
20

07
-2

01
1

sp
at

ia
ll

ag
m

od
el

s
Po

llu
tio

n
R

is
k

ra
ce

/e
th

ni
ci

ty
,s

oc
io

ec
on

om
ic

st
at

us
,G

in
ii

nd
ex

,p
op

ul
at

io
n

de
ns

ity

Z
ou

et
al

.
(2

01
4)

[1
4]

U
SA

52
,6

13
ur

ba
n

ce
ns

us
tr

ac
ts

19
99

lo
gi

st
ic

re
gr

es
si

on
m

od
el

in
g

an
d

gl
ob

al
sp

at
ia

la
ut

oc
or

re
la

tio
n

be
nz

en
e

po
llu

tio
n

ag
e,

ra
ci

al
,

ed
uc

at
io

na
l

at
ta

in
m

en
t

an
d

in
co

m
e

di
ff

er
en

ce
s

Z
w

ic
kl

an
d

M
os

er
(2

01
5)

[1
6]

U
SA

74
,0

00
ce

ns
us

tr
ac

ts
20

10
O

L
S,

sp
at

ia
ll

ag
m

od
el

,
sp

at
ia

le
rr

or
m

od
el

s
po

llu
tio

n
ex

po
su

re
sc

or
e

ra
ce

,c
la

ss
,i

nc
om

e
in

eq
ua

lit
y

Z
w

ic
kl

et
al

.
(2

01
4)

[1
7]

U
SA

14
3,

71
6

ce
ns

us
bl

oc
k-

gr
ou

p
in

ur
ba

ni
ze

d
ar

ea
s

20
07

R
SE

I,
20

00
de

m
og

ra
ph

ic
va

ri
ab

le
s

ec
on

om
et

ri
c

m
od

el
w

ith
sp

ec
ia

l
fix

ed
ef

fe
ct

s

in
du

st
ri

al
ai

r
to

xi
c

ex
po

su
re

in
co

m
e,

ra
ce

an
d

et
hn

ic
ity

A
rd

(2
01

5)
[1

5]
U

SA
21

6,
15

9
ce

ns
us

bl
oc

k
gr

ou
ps

19
95

-2
00

4
th

re
e-

le
ve

l
m

ul
til

ev
el

m
od

el
ai

rt
ox

in
s

ra
ce

A
oy

ag
i

an
d

O
gu

ns
ei

ta
n

(2
01

5)
[3

1]

L
os

A
ng

el
es

ur
ba

n
ar

ea
1,

94
2

ce
ns

us
tr

ac
ts

19
89

-2
00

2
O

L
S,

sp
at

ia
ll

ag
m

od
el

T
R

I
em

is
si

on
s

an
d

to
xi

ci
ty

ri
sk

s

so
ci

o-
de

m
og

ra
ph

ic
fa

ct
or

s
(%

H
is

pa
ni

c,
m

ed
ia

n
ho

us
eh

ol
d

in
co

m
e,

%
ow

ne
r-

oc
cu

pi
ed

ho
us

in
g)

K
ra

vi
tz

-
W

ir
tz

et
al

.
(2

01
6)

[8
6]

U
SA

ce
ns

us
bl

oc
ks

19
90

-2
00

9
m

ul
til

ev
el

m
od

el
N

O
2,

PM
2.

5
an

d
PM

10

ra
ce

,
so

ci
od

em
og

ra
ph

ic
an

d
ec

on
om

ic
ch

ar
ac

te
ri

st
ic

s

46



A
ut

ho
rs

St
ud

y
ar

ea
Sp

at
ia

l
re

so
lu

tio
n

St
ud

y
pe

ri
od

M
od

el
s

Po
llu

tio
n

st
ud

ie
d

In
di

ca
to

rs

Po
pe

et
al

.
(2

01
6)

[8
8]

Ph
oe

ni
x

m
et

ro
po

lit
an

re
gi

on

ce
ns

us
bl

oc
k

gr
ou

ps
(2

,6
46

fo
r

O
3,

2,
17

1
fo

r
PM

10
)

20
08

-2
01

0
hi

er
ar

ch
ic

al
m

ul
tip

le
re

gr
es

si
on

m
et

ho
d

O
3,

PM
10

cl
as

s,
ag

e,
ra

ce
an

d
et

hn
ic

ity

Jo
hn

so
n

et
al

.
(2

01
6)

[8
5]

A
tla

nt
a

M
et

ro
po

lit
an

St
at

is
tic

al
A

re
a

65
7

ce
ns

us
tr

ac
ts

20
06

–2
01

1
T

R
I

da
ta

an
d

20
00

ce
ns

us
da

ta

lin
ea

rr
eg

re
ss

io
n

m
od

el
T

R
I

fa
ci

lit
ie

s,
ai

rr
el

ea
se

s

ra
ce

/e
th

ni
ci

ty
,

po
ve

rt
y,

ed
uc

at
io

n,
ho

us
in

g

Po
st

et
al

.
(2

01
8)

[8
9]

L
ub

bo
ck

C
ou

nt
y,

Te
xa

s
20

4
ce

ns
us

bl
oc

k
gr

ou
ps

20
12

O
L

S,
sp

at
ia

ll
ag

m
od

el
ha

za
rd

ou
s

w
as

te
M

ed
ia

n
in

co
m

e,
%

m
in

or
ity

L
i

et
al

.
(2

01
9)

[8
7]

Te
xa

s
ce

ns
us

tr
ac

t
20

00
-2

01
0

m
ul

tin
om

ia
l

lo
gi

t
m

od
el

,O
L

S
ai

r
po

llu
tio

n
R

ac
ia

l,
et

hn
ic

,a
nd

in
co

m
e

C
ol

lin
s

an
d

G
ri

ne
sk

i
(2

01
9)

[8
4]

m
et

ro
po

lit
an

Sa
lt

L
ak

e
C

ity
,U

ta
h

21
9

ce
ns

us
tr

ac
ts

20
10

m
ul

tiv
ar

ia
te

ge
ne

ra
liz

ed
es

tim
at

in
g

eq
ua

tio
n

ai
r

po
llu

tio
n

M
or

m
on

pr
ev

al
en

ce
,

ra
ci

al
an

d
et

hn
ic

co
m

po
si

tio
n,

an
d

so
ci

oe
co

no
m

ic
st

at
us

L
oc

al
m

od
el

s

M
en

ni
s

an
d

Jo
rd

an
(2

00
8)

[2
9]

N
ew

Je
rs

ey
1,

93
3

ce
ns

us
tr

ac
ts

20
00

G
W

R
ai

r
to

xi
c

re
le

as
e

ra
ce

,
cl

as
s,

em
pl

oy
m

en
t,

ur
ba

n
co

nc
en

tr
at

io
n,

an
d

la
nd

us
e

G
ilb

er
t

an
d

C
ha

kr
ab

or
ty

(2
01

1)
[9

1]

Fl
or

id
a

3,
15

1
ce

ns
us

tr
ac

ts
19

99
O

L
S

an
d

G
W

R
ha

za
rd

ou
s

ai
r

po
llu

ta
nt

s

ra
ce

/e
th

ni
ci

ty
an

d
so

ci
oe

co
no

m
ic

st
at

us

47



A
ut

ho
rs

St
ud

y
ar

ea
Sp

at
ia

l
re

so
lu

tio
n

St
ud

y
pe

ri
od

M
od

el
s

Po
llu

tio
n

st
ud

ie
d

In
di

ca
to

rs

Ji
a

et
al

.
(2

01
4)

[9
6]

M
em

ph
is

/S
he

lb
y

C
ou

nt
y,

Te
nn

es
se

e

ce
ns

us
tr

ac
tl

ev
el

20
05

G
W

R
ca

nc
er

ri
sk

s
fr

om
ai

r
to

xi
cs

ra
ci

al
co

m
po

si
tio

n
(%

A
fr

ic
an

A
m

er
ic

an
,

po
pu

la
tio

n
de

ns
ity

)

L
er

sc
h

an
d

H
ar

t(
20

14
)

[9
7]

H
ill

sb
or

ou
gh

C
ou

nt
y,

Fl
or

id
a

31
8

ce
ns

us
tr

ac
ts

20
08

G
W

R
le

ad
ex

po
su

re
an

d
cr

im
e

%
bl

ac
k,

%
H

is
pa

ni
c,

%
w

ith
a

ba
ch

el
or

’s
de

gr
ee

Tu
et

al
.

(2
01

6)
[9

9]
G

eo
rg

ia
ce

ns
us

tr
ac

tl
ev

el
20

01
G

W
R

O
3

an
d

PM
2.

5
ag

e,
pa

ri
ty

,
an

d
si

x
ot

he
r

so
ci

oe
co

no
m

ic
,

be
ha

vi
or

al
,

an
d

la
nd

us
e

fa
ct

or
s

B
ak

ht
si

ya
ra

va
an

d
N

aw
ro

tz
ki

(2
01

7)
[1

00
]

U
SA

2,
05

4
Pu

bl
ic

U
se

M
ic

ro
da

ta
A

re
a

20
05

-2
01

1
G

W
R

to
xi

n
ex

po
su

re
M

al
es

,
em

pl
oy

ed
in

m
an

uf
ac

tu
ri

ng
,

em
pl

oy
ed

in
m

in
in

g,
em

pl
oy

ed
in

co
ns

tr
uc

tio
n,

ho
us

eh
ol

d
in

co
m

e,
re

tir
ee

de
p.

R
at

io
,

ar
ea

ur
ba

n,
av

er
ag

e
pr

ec
ip

ita
tio

n,
av

er
ag

e
m

ax
te

m
pe

ra
tu

re

C
ha

m
be

rl
ai

n,
(2

01
7)

[9
4]

H
ou

st
on

-
Su

ga
rl

an
d-

B
ay

to
w

n
M

et
ro

po
lit

an
St

at
is

tic
al

A
re

a

1,
07

0
ce

ns
us

tr
ac

ts
20

15
O

L
S

an
d

G
W

R
to

xi
c

re
le

as
es

Po
pu

la
tio

n,
po

ve
rt

y,
no

n-
w

hi
te

,
na

tiv
ity

,
m

an
uf

ac
tu

ri
ng

,
ho

m
e

va
lu

e,
en

tr
op

y

48



3.1.3 Research objectives

However, the GWR operates on a “single bandwidth” for all the variables and thus it

overlooks the inherent spatial variation in variables that explain negative environmental outcomes

associated with environmental injustice within and across geographic units. This limitation can

be addressed by Multi-scale Geographically Weighted Regression (MGWR), which allows each

variable to be calibrated at flexible processing scales. In more detail, the MGWR specifies the

processing bandwidth unique to each variable by considering the underlying spatial unit [30]. The

uniqueness is ensured by the MGWR’s adaptive Bi-square kernel utility, which removes the effect

of observations that fall outside the neighborhood-specified bandwidth and uses the corrected

Akaike information criterion (AICc) to select the optimal bandwidth for each explanatory variable.

Capturing the spatial heterogeneity of environmental inequality by multiple spatial scales can

provide perspectives on policy recommendations for specific geographic units. Besides, eliminating

the restriction that all relationships hold at the same spatial scale can minimize over-fitting,

reduce bias in the parameter estimates, and mitigate the collinearity due to similar functional

transformations [30, 101–103]. AICc criterion evaluates a statistical model by considering two

important factors: (1) how well the model fits the data (i.e., the goodness of fit), and (2) how

complex the model is (i.e., the number of parameters used in the model). By taking both factors

into account, the AICc helps to prevent both overfitting and underfitting [104–106].

To the best of our knowledge, there has been a lack of studies addressing the important

question of whether the relationship between negative environmental outcomes and racial, ethnic,

or socioeconomic indicators would stay unchanged across multiple spatial scales in the USA.

Taking Texas as an illustrative example, this study addressed this gap by investigating the spatial
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non-stationarity in the associations between toxic chemical hazard risk and community characteristics

such as race/ethnicity and socioeconomic status at the census block group level for 2017 using

the MGWR. Data on industrial pollution risks are from EPA’s Risk Screening Environmental

Indicators. Data on income and demographic variables are from the American Community

Survey (ACS). In addition to enriching the existing literature on distributive environmental justice

and hazard risk management, findings from this paper will provide geospatially explicit information

about the relationship between race/socioeconomic status and toxic risk, which can serve as

guidance for intervening in the processes that drive socio-spatial disparity in toxic chemical

hazard risks in Texas. The analysis approach of this paper can also be applied to other regions that

face similar environmental injustice problems and need more robust hazard risk management.

3.2 Materials and Methods

3.2.1 Study area

Texas is the second-largest state in the USA in terms of area and population. It covers

approximately 695,662 km2 of land area with 5,265 census tracts and 15,811 census block groups

according to Guide to 2010 State and Local Census Geography. According to the EPA’s 2019 TRI

Factsheet, Texas accounts for about 8.4 percent of the total number of toxics release inventory

(TRI) facilities and about 13% of the total production-related waste managed in the USA [55].

For example, hundreds of petrochemical manufacturing and distribution facilities are located

along the Gulf of Mexico and major metropolitan areas such as Dallas-Fort Worth-Arlington and

San Antonio New Braunfels, leading to considerable risks of hazardous material releases in the

operation or transportation processes, which threaten public safety and human health and damage
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the natural and manmade environment.

In terms of spatial distribution of population, racial segregation has existed in Texas since

the 1820s, and was developed as a method of group control after the Civil War [107]. Institutionalized

segregation became legalized in places with large number of Black population and then was

extended by the late 19th century [107]. In the 1930s, the Federal Home Owner’s Loan Corporation

(HOLC) drew maps for nearly 250 cities to document the relative riskiness of lending across

neighborhoods, drawing the lowest-rated neighborhoods with a vast majority of African American

residents in red (the so-called practice of “redlining”) [108, 109]. Cities in Texas, including

Amarillo, Austin, Beaumont, Dallas, El Paso, Fort Worth, Galveston, Houston, Port Arthur, San

Antonio, and Waco were included in this program. The economic and racial segregation created

by “redlining” persists in many cities [110]. (Mitchell and Franco, 2018). Until recently, racial

inequality still exists in Texas. In 2018, about one in five Black (20%) and Hispanic (21%)

Texans were living in poverty, as were 12% of Asian-American and 9% of White Texans. The

white unemployment rate in Texas was 3.2% while being 5.3% for Black residents [111].

The above two sets of significant features of Texas make it an ideal study area for investigating

the geospatial patterns of the association between toxic chemical hazard risks and community

characteristics at the census block group level, for which the MGWR approach is indispensable.

3.2.2 Data and Method

The toxic chemical risk data can be downloaded directly from EPA’s Risk-Screening Environmental

Indicators (RSEI) model. The RSEI is a screening-level model which incorporates Toxics Release

Inventory (TRI) data with measures of human exposure and toxicity and assesses the potential
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impact of industrial chemical releases from pounds-based, hazard-based, and risk-related perspectives

[112]. “TRI Pounds” (pounds-based) reflect only the number of pounds released or transferred

that are reported to TRI and are available for all releases and transfers. Hazard-based results

(“RSEI Hazard”, or “toxicity-weighted pounds”) are calculated by multiplying the pounds released

by the appropriate chemical-specific toxicity weight (the toxicity weight also depends on the

exposure pathway), is a result that accounts for the size of the release and the chemical’s toxicity.

An RSEI Risk-Screening Score is calculated as toxicity weight multiplied by the exposed population

multiplied by the estimated dose. This research used the RSEI score in 2017 as a dependent

variable because it captures the toxic chemical releases, the chemical’s toxicity, and human

exposure. Because the RSEI score is skewed to the left – many block groups have little or no

industrial air pollution – we add 1 (so as to include observations with zero values) and take its

logarithm.

According to Galobardes [113], socioeconomic status includes the following dimensions:

education, housing, income, and occupation-based measures. Thus, the socioeconomic variables

we selected include median household income (INCOME), the square of median household

income (INCOME2), the percentage of owner-occupied housing (OWNER), the percentage of

vacant housing (VACANT), the percentage of adults without high school diploma (NHSD), the

percentage of unemployment (UNEMP) and Gini index (GINI). For racial-ethnic variables, we

selected the percentage of the Black population (BLACK), the percentage of the Asian population

(ASIAN), the percentage of other races (OTHERS), and the percentage of Hispanic or Latino

(HISPANIC). The variable code names and descriptions are listed in Table 3.2

In regression models that examine the relationship between income variables and environmental

quality, two types of endogeneity problems may arise. The first type is the simultaneity bias,
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which arises due to the reverse causality between Gross Domestic Product (GDP) and environmental

degradation [114]. When economic activity increases, it can lead to an increase in pollution

levels. Simultaneously, pollution can cause harm to people’s health, which in turn can reduce

GDP. Furthermore, GDP and pollution may be jointly produced in the production process, leading

to a situation where GDP and pollution are simultaneously determined. The second type of

endogeneity problem is due to omitted variable bias. This occurs when a relevant variable is

left out of the regression model, and this variable is correlated with both the dependent and

independent variables. In the context of environmental quality and income, it is possible for

other factors, such as government policies, cultural factors, and geographical factors, to impact

both of these variables. The exclusion of these variables from the model may result in leading

to biased estimates. To address this concern, this study employs a spatial econometric method

to investigate the influence of racial/ethnic factors and socioeconomic status on toxic risk. This

approach allows for an examination of the spatial spillover effect between regions, and to some

extent, mitigates endogeneity issues that could arise due to unobserved variables [115].
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All the above demographic data were collected from American Community Survey (2019

ACS 5-year Estimates) [116]. For data cleaning, we removed 46 block groups with 0 population,

604 block groups without median house income data, 1 block group without education data, 1

block group without unemployment rate, and 4 block groups without Gini index. After cleaning,

there remain 15,154 block groups and the statistical summary of the variables can be found in

Table 3.3

3.2.3 Global regression model: The Ordinary Least Squares (OLS) model

The equation for the OLS model can be written as:

yi = β0 + βxi + εi (3.1)

where yi is the dependent variable log RSEI score in block group i, β0 is the intercept; xi

is the vector of selected explanatory variables, β is the vector of regression coefficients, εi is a

random error term.

3.2.4 Local regression model: The MGWR model

The equation for the MGWR model can be written as:

yi =
∑
j

βij(ui, vi)Xij + εi, i = 1, 2, ..., N (3.2)

where yi is the dependent variable log RSEI score in block group i, betaij(ui, vi)Xij refers

to the differential bandwidth at the feature space; Xij is the value of the j − th regression
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Table 3.3: Statistical Summary of the variables (N = 15,154 block groups)

min max range median mean SE.mean std.dev coef.var

Dependent variable
Log RSEI score 0.00 17.20 17.20 0.00 0.24 0.01 1.38 5.75
Independent variables
Race/Ethnicity
BLACK 0.00 100.00 100.00 4.40 11.54 0.14 17.20 1.49
ASIAN 0.00 87.51 87.51 0.32 3.73 0.06 7.69 2.06
OTHERS 0.00 90.17 90.17 5.93 9.07 0.08 10.11 1.12
HISPANIC 0.00 100.00 100.00 29.98 38.79 0.24 30.09 0.78
Income
INCOME 4484 250000 245516 56563 65600 302 37186 0.57
GINI 0.10 0.84 0.73 0.39 0.39 0.00 0.08 0.21
Housing
OWNER 0.00 100.00 100.00 69.14 63.43 0.21 26.41 0.42
VACANT 0.00 92.03 92.03 9.15 11.52 0.09 10.91 0.95
Education
NHSD 0.00 86.51 86.51 13.63 18.03 0.13 15.63 0.87
Occupation
UNEMP 0.00 58.74 58.74 3.99 5.26 0.04 5.28 1.00
Other variables
POP 0.06 27721.04 27720.99 1168.11 1558.19 14.76 1816.63 1.17

SE.mean means standard error of the mean; std.dev means standard deviation; coef.var means the
coefficient of variation.
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parameter; εi refers to the regression error.

To get the bandwidth that represents the optimum number of nearest neighbors in the

GWR, the adaptive kernel is used to find the optimum bandwidth automatically using the chosen

statistical criteria [101,102]. By allowing multiple bandwidths in the MGWR, the model accounts

for an optimal number of neighbors for each parameter estimate, thus allowing better predictions

for the response variables, theoretically. The MGWR recasts the GWR as a generalized additive

model (GAM) and uses a back fitting algorithm, an iterative process of calibrating a series of

GWR models based on the models’ partial residuals until the MGWR model converges to a

solution [101]. The calculation is based on iterations of optimum bandwidth for each parameter

estimate.

There are five specifications for five models according to different combinations of explanatory

variables. Specification 1 (Model 1) only includes population density, race and ethnicity; Specification

2 (Model 2) includes population density, race, ethnicity, income and Gini; Specification 3 (Model

3) includes population density, race, ethnicity and socioeconomic indicators except for income;

Specification 4 (Model 4) includes all indicators (exclude NHSD after collinearity test, see

Appendix A); Specification 5 (Model 5) includes all indicators (exclude NHSD after collinearity

test, see Appendix A) and income square.

3.3 Results and Discussion

Results from all MGWR models are firstly summarized in order to provide the model fit,

significance, and bandwidth of all models in one table (Table 3.4). Results from OLS models

are also provided in table A.1, which include estimated parameters, model fit, and significance,
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as a comparison to spatial nonstationary results of MGWR models. More detailed statistical

summaries and maps of parameter estimates for all MGWR models are presented in Appendix.

For model performance, Local models have higher R2 values, lower Akaike information criterion

(AIC), and corrected Akaike information criterion (AICc). than global models. For example, the

R2 in local models are more than 0.2 in all five specifications, while being less than 0.02 in global

models. These sharp contrasts indicate very limited explanatory power of the OLS models. The

values of AIC in local models are around 50000 for all specifications, while the values in global

models are more than 52600. It means that the local models outperform global models. Except

for poor model fit for the OLS model, Moran’s I analysis and Monto Carlo simulation (Appendix)

showed that the RSEI score values are strongly clustered, which means that a global model may

cause bias in results due to the omission of spatial characteristics. The high spatial concentration

of parameter estimates shown in Figure 3.2 - 3.4 also highlighted the preference for local models.
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Among the MGWR models, Model 4 has the highest R2 values and lowest AIC, indicating

that it is the most parsimonious model. Local R2 values in Model 4, also in other models, showed

local variations across Texas. Western, southeastern and central Texas have higher R2 than other

parts of the state (see Figure 3.1), indicating decent prediction power of the models in these

areas. On the contrary, the local R2 values were low in northern Texas, indicating poor prediction

power of the models across these areas. Calibrating a MGWR model produces a vector of

optimal bandwidths (“Bandwidth” in Table 3.4, indicating the total number of nearest neighbors)

that describe the spatial scale at which each process in the model varies [117]. According to

the optimal bandwidths of each variable, the relationships between dependent and independent

variables for all the models can be explained at the global (for this paper, the state scale),

regional (sub-state), and local scales. A global scale means that the bandwidth is large enough

to include most block groups in the state when process the relationships between the response

variable and explanation covariates for each location, and thus the corresponding results are

statistically consistent across the entire study area. In all models, the parameter estimates for

BLACK and ASIAN are significant at the global scale with bandwidths indicating that most

block groups are included in each local subset. In model 2, the parameter estimates for INCOME

are significant at the regional scale with bandwidths implying the relevance of several thousand

nearest neighboring block groups. Similarly, the parameter estimates for VACANT in models

3, 4 and 5, for NHSD in model 3, as well as for UNEMP in model 5, are also significant at the

regional scale. In all models, the parameter estimates for HISPANIC and POP are significant

at the local scale, meaning their relationships with the dependent variable vary locally and the

spatial heterogeneity is large. The parameter estimates for OTHERS, INCOME2, and GINI are

not significant in any models.
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Figure 3.1: Maps of Local R2 for all MGWR models.
Note: Blocks without color have no data.

In order to assess the presence of local collinearity in spatial regression models, it is

necessary to analyze the local condition numbers for each model, as presented in Table 3.5. The

local condition number is a metric that measures the degree of collinearity or multicollinearity

among the independent variables in a spatial regression model. Specifically, it is computed as the

ratio of the largest eigenvalue to the smallest eigenvalue of the design matrix for each observation.

A high local condition number suggests that the independent variables are highly correlated

in a specific location, which can result in unstable estimates of the regression coefficients. A

commonly used rule of thumb for the local condition number is that values greater than 30

indicate that the collinearity between independent variables is becoming problematic and may

result in unstable coefficients [117]. From Table 3.5, the summary shows that the local condition
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numbers do not exceed the rule-of-thumb 30, meaning there is no local multicollinearity.

Table 3.5: Statistical summary of the local condition numbers of each model specification

Model 1 Model 2 Model 3 Model 4 Model 5

Min. 1.264 1.457 1.813 1.87 2.272
1st Qu. 1.543 1.738 2.426 2.151 3.951
Median 1.709 1.899 2.589 2.314 6.224
Mean 2.075 2.609 2.788 2.474 5.719
3rd Qu. 2.239 2.201 2.97 2.55 7.003
Max. 4.929 22.206 5.201 4.915 8.906

Although Table 3.4 provides the average parameters for each explanatory variable, regional

variations of relationships can be hidden for parameter estimates at the regional and local scales.

Further analysis needs to be done to determine the relationships between racial/ethnic, socio-

economic indicators, and toxic risk, and how the relationships vary over space, as presented in

Figure 3.2 - 3.4. In Figure 3.2 - 3.4, we used sequential color scales to represent parameter

estimate values, with warm colors (mainly in red) representing significantly positive, cool colors

(mainly in blue) representing significantly negative, and blank representing insignificant parameters

or no data.

Figure 3.2 shows that racial minorities, including BLACK and ASIAN, have significant

positive associations with toxic risk at the global (state) scale. These positive associations suggest

that densely concentrated racial minority groups are more likely to be exposed to toxic risk in

Texas. The coefficients of the BLACK under Model 4 range from 0.028 to 0.036 with a mean

value of 0.031. It means that holding all other variables constant, with every one percentage-

point increase in the share of the Black population within the block group, the toxic risk would

increase by approximately 3.15%. For ASIAN, holding all other variables constant, with every

percentage-point increase in the share of Asian, the toxic risk will increase by 2.84% (since the
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parameter mean is 0.028 in Model 4).

Figure 3.2: Local coefficients of racial disparity (BLACK and ASIAN) in toxic chemical risk
(from Model 4).

Note: Blocks without color have insignificant coefficients or no data.

Figure 3.2 reveals an important result that even though we used local modeling techniques

to analyze the spatially varying relationships between variables, their relationships are consistent

over the entire State of Texas. This result resonates with the global model result (see Table A.1)

and those in environmental inequality literature using global models [81, 82, 87, 89], indicating

that the minority racial groups are more likely to experience the negative environmental outcomes.

Three complementary explanations have been put forward to analyze these observed environmental

inequalities: rational choice, sociopolitical, and racial discrimination [118]. Areas with predominantly

minority communities often have cheaper land values, which attract industry actors to establish

polluting facilities because it would be an economically rational choice for them. Sociopolitical

reasons take minority communities as the “path of least resistance” because they have fewer

resources and political clout to oppose the siting of unwanted facilities, resulting in industries

located in those communities [119]. Racial discrimination indicates that minority communities
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are intentionally targeted for environmental hazards because of beliefs in racial superiority and/or

an intention to protect whites from environmental harm [118, 120].

Figure 3.3: Local coefficients of (a) INCOME (from Model 2), (b) VACANT (from Model 3), (c)
NHSD (from Model 3), and (d) UNEMP (from Model 5) in toxic chemical risk.

Note: Blocks without color have insignificant coefficients or no data.

Unlike racial minorities, Figure 3.3 presents that the statistical associations between toxic

risk and socio-economic variables are not uniform across Texas, showing regional patterns of

spatial heterogeneity. From Figure 3.3 it can be seen that INCOME has a significant negative

association with toxic risk around Dallas-Fort Worth-Arlington Metropolitan Statistical Area. It

means that people with low household income are more geospatially concentrated in these areas

with high exposure to toxic chemical risk. In more detail, low-income communities living in
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block groups around the urbanized area in Dallas [121] experience higher toxic risk than their

counterparts in rural areas nearby (Figure 3.3). Low-income neighborhoods and communities,

similar to racial minorities, are also disproportionately targeted as pollution facilities sites by

industries following the path of least resistance. Although previous studies like Chakraborty

et al. [13] and Zou et al. [14] using global models showed the same relationships, our result

recommends the need for regional-level research in environmental inequality to determine the

zooming-in locations with the disproportionate distribution of toxic risk.

Other socio-economic indicators tend to have positive relationships with toxic risk. For

example, there are positive relationships between NHSD or UNEMP and toxic risk in the eastern

area of Texas. Block groups with lower education attainment (in our study, high percentages

of adults without high school diplomas) are more likely to experience toxic risk, especially

in areas around the northeastern area of Texas. High unemployment rates in block groups

are also associated with a high level of toxic risk. VACANT has a regional pattern of spatial

heterogeneity. There is a negative relationship between VACANT and toxic risk around the city

of Beaumont, while a positive relationship is around the city of Corpus Christi and Houston. This

result demonstrates how particular explanatory variables can contribute diversely to toxic risk in

different parts of Texas, thus emphasizing the limitation of the global model and the preference

for using local models like MGWR to take local processes into consideration.
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Figure 3.4: Local coefficients of POP and HISPANIC (from Model 5) in toxic chemical risk.
Note: Blocks without color have insignificant coefficients or no data.

Figure 3.4 indicates that the parameter estimates surfaces for population density (POP) tend

to exhibit local patterns of spatial heterogeneity. Population density has a negative relationship

with toxic risk across northern and eastern Texas; while for western, central, and southern Texas,

the relationship is not significant. The absolute values of parameter estimates in eastern Texas

are larger (up to -1.2 to -1) than in other regions like northern Texas (less than -0.4). Population

density is a commonly used control variable in environmental justice analysis [13, 91]. Previous

research about the effects of population density on negative environmental outcomes, for example,

air and water pollutants, toxic materials, and greenhouse gases, have generated contradictory

results. For example, Borck and Schrauth [122], Naidu et al. [82] and Chakraborty et al. [13]

showed that higher population density tends to associate with more air pollution, environmental

risk, and health risk. However, Li et al. [87] found that excess emissions are negatively correlated

with population density. Gilbert and Chakraborty [91] indicated a significantly positive influence

of population density on cancer risk in Tampa, and an opposite effect in Jacksonville, meaning

that the relationships are different in different areas. The unequal distribution of the relationship
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across Texas in our study, together with the contradictory results from previous studies, emphasizes

the need to conduct detailed spatial analysis in determining the relationship between population

density and toxic risk across geographical locations.

According to the United States Census Bureau, Hispanic or Latino are officially the nation’s

largest minority group, accounting for 18.4% of the USA’s total population in 2019, whereas

this share is up to 39.3% in Texas. Unlike racial minorities like Black and Asian people, which

experience consistent relationships with the toxic risk over the entire State of Texas, the relationships

between the ethnic minorities Hispanic or Latino and the toxic risk are not stationary across

Texas. Instead, the pattern of the relationship varies locally and is only significant in certain areas,

such as eastern Texas. The percentage of Hispanic or Latino has a positive relationship with toxic

risk in eastern Texas, with the parameter ranging from 0.1 to 0.35. The estimates around the major

town of Beaumont are larger than other surrounding areas. This may be partly because Hispanics

are often segregated or constrained to rent homes in neighborhoods that are disproportionately

exposed to multiple types of environmental externalities and pollution [13, 123].

3.4 Conclusions and policy implementations

To summarize, this study analyzed the spatial non-stationarity in the associations between

toxic chemical risk and community characteristics including socioeconomic status, race/ethnicity,

and population density across census block groups in Texas, USA, in 2017. It employed the

Multi-scale Geographically Weighted Regression (MGWR) technique to investigate whether the

direction and extent of the associations vary spatially at different geographical scales in the state.

The results showed that vulnerable racial minorities, measured as the percentages of Black or
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Asian population in a census block group, have significant positive relationships with toxic risk

and the relationships keep stationary across the state, which means that racial minorities are

exposed to high toxic chemical risk wherever they locate in Texas. Unlike racial minorities,

the statistical associations between toxic risk and socio-economic variables are not stationary

across the state, showing regional patterns of spatial variation. Income has a significant negative

association with toxic risk around Dallas-Fort Worth-Arlington Metropolitan Statistical Area,

meaning that low-income communities are more geospatially concentrated in these areas with

high exposure to toxic chemical risk. The share of the population without high school diplomas

and the unemployment rate both have positive relationships with toxic risk in the eastern area of

Texas. This means that people with low socioeconomic status are more geospatially concentrated

in eastern areas with high exposure to toxic chemical risk. There is a negative relationship

between the percentage of vacant housing and toxic risk around the city of Beaumont, while

this relationship is positive around the city of Corpus Christi and Houston. The relationship

between toxic risk and the population share of ethnic minority Hispanic/Latino varies locally and

is only significantly positive in eastern areas of Texas. Population density has a locally varying

relationship with toxic risk and the relationship is significantly negative in northern and eastern

Texas.

The findings of this study may provide evidence that supports the environmental justice

movement [91]. The movement was started by people of color to address the inequity in the

distribution of environmental protection, including exposure to toxic chemical hazards by various

communities. Vulnerable minorities, especially African Americans, Asians, and Hispanics/Latinos

were disproportionately affected by toxic chemical hazards in Texas, the riskiest state in the USA

according to the rank of the RSEI risk-screening score in 2019. Our findings further highlight the
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importance of identifying the spatial patterns for addressing environmental inequality in Texas.

This more spatially explicit analysis might be extended to other states with high-level of toxic

chemical risk.

The results of this study may provide useful information for identifying hotspots with

disproportionate toxic risk and thus facilitating better-targeted hazard risk management. In other

words, with the detailed zooming-in information on the distribution of disproportionate toxic

risk across geographical locations and diverse communities, the policymakers such as the Texas

Environmental Agency and Texas Department of State Health Services may better identify the

combinations of the most vulnerable locations and communities for targeted monitoring and

mitigation, thus more effectively reducing the disproportionate impacts of toxic chemical hazards

on most vulnerable communities and improving environmental health and well-being of all residents.

For example, our finding indicates that racial minorities are exposed to highly toxic chemical risk

wherever they locate in Texas, thus, it might be more useful to implement a state-wide policy in

order to manage racial injustice regarding toxic exposure. On the other hand, a more local-level

policy would be more useful when it comes to managing the toxic exposure of income inequality.

Although the EJScreen tool can also provide highlighted areas with higher environmental injustice,

it lacks information on the statistical relationships between toxic chemical hazards and racial/ethnic

and socioeconomic indicators. This paper provided information on how the direction and extent

of the associations between hazards and socioeconomic indicators vary spatially at different

geographical scales, which may provide policymakers with evidence to tackle real-world situations

at various scales, ranging from census-block neighborhoods to the state level.

Furthermore, the geographically specific findings of this study may imply that a broader

constellation of actors at the county, town, and village levels needs to be involved in environmental
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justice planning or engagement, in addition to a few agencies at the State level or in big cities. The

detailed presentation and reasoning of the spatial patterns for environmental inequality provided

science-based information and academic support that may empower the community stakeholders

in their push to achieve environmental justice at the local level. This spatial-explicit information

might help emergency managers and urban planners to identify which part of their community is

more vulnerable to technological hazards, and further help them to better prepare for, respond to,

and recover from actual damage and casualties resulting from the hazardous substance events.

The MGWR model exhibits several limitations that require further investigation. Notably,

the lack of interpretability represents a primary challenge for this model owing to the different

metrics of bandwidth utilized [102]. Specifically, the inclusion of certain Minkowski metrics,

such as the timelike dimension, poses difficulties in the intuitive interpretation of estimated

bandwidths regarding spatial scale using standard concepts like distance, nearest neighbors, or

travel time. MGWR performed multiple regression models at different spatial scales, which can

be computationally intensive and time-consuming, especially when dealing with large datasets.

This limitation presents a notable impediment when researchers require multiple iterations of

model simulations or assessments of parameter sensitivity [124]. Despite the aforementioned

drawbacks, the MGWR model integrates various spatial scales, encompassing global, regional,

and local scales, within a single computational framework. As such, it remains a valuable tool

for elucidating spatial dynamics relevant to the practice of environmental movement.
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Chapter 4: Is pollution inequality improved or worsen over time? Spatiotemporal

heterogeneity of the impact of racial disparities and socioeconomic

development on toxic risk

4.1 Introduction

“Empirical research is now catching up with the reality: that America is segregated and

so is pollution” [125]. Racial segregation in the United States is a pervasive and persistent

issue that has shaped American society since its founding [126, 127]. It refers to the systematic

separation and exclusion of individuals from different racial and ethnic backgrounds in various

aspects of social life, including housing, education, employment, and public facilities. This

discriminatory practice was institutionalized through a series of laws, policies, and customs that

were designed to reinforce racial hierarchies and maintain white supremacy. The origins of racial

segregation in the United States can be traced back to the colonial period and the dispossession

of Native Americans and the enslavement of Africans [127]. The rise of Jim Crow laws in the

late 19th and early 20th centuries formalized segregationist practices, including the establishment

of separate but unequal public schools, transportation, and other public accommodations [128].

Redlining is another significant aspect of racial segregation in the United States that played a

role in exacerbating racial disparities in housing and wealth. In the 1930s, the Home Owners’
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Loan Corporation (HOLC), a federal agency, evaluated neighborhoods in approximately 250

American cities using a four-grade scale, ranging from ”Best” to ”Hazardous” (grades A to D),

which were then depicted on a series of maps. Neighborhoods inhabited by African American,

Asian American, Latinx, or immigrant populations were significantly more likely to receive

unfavorable grades of D or C [129]. The discriminatory practices of redlining have had such

far-reaching effects that their impact continues to persist to this day. Numerous studies have

demonstrated that specific racial/ethnic or socioeconomic groups encounter an inequitable burden

of the negative environmental consequences of industrial activity [14, 24, 82, 83, 85, 98]. For

example, ethnic minorities, such as African American, Asian American, and Hispanic groups,

encounter a disproportionate exposure to pollution [13,14,84]. Also, people of low socioeconomic

status, such as low-income groups and low-educated groups, are often disproportionately exposed

to pollution [17, 31, 85, 90].

However, much of the research has focused on cross-sectional data and lacked temporal

analysis. In recent decades, there have been substantial reductions in various pollutants, such

as Nitrogen Dioxide, PM2.5, PM10 (particulate matter with aerodynamic diameter ≤ 10m ),

Carbon Monoxide, Lead, and others, as reported by the United States Environmental Protection

Agency [130]. As depicted in Figure 1.5, the RSEI score and the corresponding pounds released

exhibited an overall declining temporal trend from 2007 to 2019. The total RSEI score from

2007 to 2019 demonstrated a decline of approximately 65%, mostly attributed to air releases.

Income inequality, which has been a long-lasting problem in the US, has been widening over

decades. As reported by the Center on Budget and Policy Priorities, income inequality in Texas

has shown a consistent deterioration trend from the 1970s to the mid-2000s. Notably, from the

late 1990s to the mid-2000s, the average income of the poorest households declined by 10%,
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while the average income of the wealthiest households increased by 10.7% [131]. Given the

evolving patterns of pollutants and socioeconomic segregation, an intriguing question would be

to investigate the temporal variations in environmental inequalities.

Many researchers have conducted studies on the persistence of environmental inequality

over the long term across various countries. For example, using multivariable linear regression,

Kirby-McGregor et al. [132] examined whether the reduction in ambient PM2.5 concentrations

from 2001 to 2016 in Canada was equitable across communities with distinct sociodemographic

characteristics, accounting for geographical boundary modifications. Their results indicated

that communities with lower education and income experienced smaller absolute decreases in

PM2.5. Rüttenauer and Best (2021) [133] investigated the sociodemographic changes before

and after the establishment of new highly polluting industrial facilities in Germany from 2008

to 2017, revealing that the average income within the area decreased after the establishment of

new facilities. Similarly, Padilla et al. (2014) [134] analyzed the spatial and temporal relationship

between ambient air nitrogen dioxide concentrations and socioeconomic and demographic factors

in four French metropolitan areas during 2002-2005 and 2006-2009. The study found that areas

characterized by higher socioeconomic status were associated with elevated mean levels of NO2

in Paris, whereas in Lille and Marseille, areas with greater levels of deprivation exhibited the

highest levels of exposure to NO2. Ma et al. (2019) [135] explored socio-spatial and temporal

inequalities in air pollution in Beijing, China from 2000 to 2010. Their study demonstrated

that environmental injustice increased over time for migrant populations and the elderly, who

experienced a disproportionate and increasing burden of deteriorating air quality, and highlighted

the spatial and temporal variations in environmental inequality.

Within the context of the United States, numerous researchers employ statistical analyses
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to measure exposure disparities among various racial, ethnic, and income groups. One common

approach involves estimating population-weighted means for different groups over time. For

example, Clark et al. [136] utilized this method to calculate outdoor NO2 exposure levels across

race-ethnicity, socioeconomic characteristics, and geographic location for the contiguous United

States in 2000 and 2010. Their findings indicated that absolute NO2 exposure disparities by race-

ethnicity decreased from 2000 to 2010. However, relative NO2 exposure disparities persisted, as

nonwhite individuals exhibited higher concentrations of NO2 than their white counterparts in

2010. In a study conducted by Rosofsky et al. [137], longitudinal air pollution inequality was

quantified using population-weighted PM2.5 and NO2 concentrations in Massachusetts between

2003 and 2010. The results indicated that relative air pollution inequalities exhibited a slight

increase over time. Despite this, annual-average population-weighted PM2.5 and NO2 concentrations

remained highest for urban non-Hispanic black populations and urban Hispanic populations,

respectively. Liu et al. [138] measured exposure disparities among racial/ethnic groups and

by income for multiple spatial units and years regarding air pollution. The findings indicated

that although absolute and relative exposure disparities between racial/ethnic groups decreased

over time, minority groups still exhibited the highest national average exposure levels. Jbaily

et al. [139] calculated the population-weighted PM2.5 concentration in racial/ethnic and income

groups at the US zip code level between 2000 to 2016. The findings revealed that regions with

higher-than-average white and Native American populations consistently experienced average

PM2.5 levels that were lower than areas with higher-than-average Black, Asian, and Hispanic

or Latino populations, which contradicts previous studies. Furthermore, areas with low-income

populations exhibited higher average PM2.5 levels than areas with high-income groups for the

years 2004-2016. Previous studies have utilized estimated population-weighted mean concentration
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to demonstrate the longitudinal trend of pollution inequality. This approach has allowed for

the identification of disparities among racial, ethnic, and income groups across different regions

and years. However, relying on estimated data introduces a degree of uncertainty and potential

inaccuracies. Moreover, these studies have neglected to examine the correlations between racial/ethnic

and socioeconomic characteristics and pollution, which is crucial for understanding the underlying

mechanisms driving these disparities.

Regression models are very useful tools to investigate the associations between various

socioeconomic indicators and pollution levels. By using regression models, researchers can

analyze the impact of socioeconomic factors on pollution, and identify potential areas for targeted

interventions to reduce pollution and related health disparities. For example, Ard [83] conducted

a nationwide investigation using spatially specified multilevel models to examine the relationship

between industrial toxins and race and social class. The findings demonstrated that between

1995 and 2004, exposure to air toxins declined for all groups. However, African-Americans

continued to experience higher levels of exposure compared to Whites and Hispanics. Kravitz-

Wirtz et al. [86] employed multilevel repeated measures models to investigate the association

between race/ethnicity and exposure to air pollutants over time. Their findings were consistent

with previous research, showing that although air pollution levels declined nationally over time,

racial and ethnic disparities in exposure to NO2, PM2.5, and PM10 persisted. Specifically,

their results indicated that, on average, Blacks and Latinos were more likely to be exposed to

higher levels of these pollutants compared to Whites. Li et al. [87] conducted a study in Texas

to investigate the correlations between excess emissions and demographic indicators from 2000

to 2012 using a logit and a conditional OLS modeling approach. Their findings suggest that

the geographical distribution of excess emissions is not random with respect to neighborhoods’
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racial, ethnic, and socioeconomic attributes. Specifically, the study found a positive association

between excess emissions and the percentage of the Black population. Colmer et al. [140] utilized

a standard OLS model to investigate the pollution disparities in the United States by combining

PM2.5 concentration data from 1981 to 2016 with demographic data from 65000 US census

tracts. The study revealed that absolute disparities in pollution exposure have declined over time,

but relative disparities persist. Bravo et al. [141] utilized spatial and temporal data from 2002-

2016 to assess the variability and trends in PM2.5 and O3 concentrations across North Carolina,

USA, and their associations with community characteristics. The findings revealed that while

pollutant concentrations declined over time, exposure disparities increased for communities that

were racially and educationally isolated. Additionally, tracts with higher urbanicity and lower

educational isolation had higher PM2.5 levels. Ard and Smiley [35] employed multilevel models

to examine the association between industrial facilities and economic conditions, as well as

poverty segregation during the period of 1980 to 2009. Their findings indicated that counties

characterized by higher levels of economic and racial segregation had a significantly higher

density of industrial facilities. Collins et al. [142] used a multivariable generalized estimating

equation to quantify PM2.5 exposure disparities of racial minorities from 2012 to 2016. The

results confirmed associations between increased minority composition and greater exposure to

long-term and short-term PM2.5 measures. Kodros et al. (2022) [143] conducted a study to

investigate the relationship between racial residential segregation and trace metals in PM2.5 from

2010 to 2019. The findings indicate that individuals residing in racially segregated communities

are exposed to a form of fine particulate matter containing over three times higher mass proportions

of known toxic and carcinogenic metals. Ma et al. (2022) assessed PM2.5-attributable CVD

(cardiovascular disease) deaths in different racial/ethnic groups from 2001 to 2016. The findings
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revealed that Non-Hispanic Black individuals had the highest burden of PM2.5-attributable CVD

mortality. Although the gap between racial/ethnic minorities and non-Hispanic White people

narrowed over time, the disparity remains substantial. Currie et al. (2023) employed quantile

regression to decompose the primary drivers of convergence in black-white pollution exposure

differences related to PM2.5 from 2000 to 2015. The results demonstrated that areas with more

significant Black populations experienced more substantial declines in PM2.5, contributing to the

reduction in the exposure disparity between Black and White individuals.

Those researchers, however, used the global model to analyze the spatiotemporal heterogeneity

of the impact of socioeconomic development on toxic risk. Specifically, they conducted regressions

between socioeconomic characteristics and pollution at each geographic unit, while assuming

spatial stationarity in the relationships between explanatory and dependent variables. According

to Tobler’s first law of geography: everything is related to everything else. But near things are

more related than distant things [144]. Thus, incorporating the concept of spatial dependence is

essential when investigating the spatial heterogeneity of environmental inequality [144]. Local

models, such as the Geographical Weighted Regression (GWR) model, enable the estimation of

parameters specific to each location, thereby incorporating the geographic context. While the

GWR model captures the geographic context, it does not incorporate the temporal dimension.

Temporal data is a valuable resource for investigating the dynamics of the underlying spatial

processes and for forecasting relevant variables. This is particularly relevant in research domains

such as the diffusion of contagious diseases, the spread of air or water pollution, and the expansion

of urban sprawl [33]. To address this limitation, Huang et al. [33] and Fotheringham et al.

[34] proposed a temporal extension of GWR, namely, the geographical and temporal weighted

regression (GTWR) model, which allows for spatiotemporal modeling from a local perspective.
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The GTWR model incorporated spatial and temporal weighting functions that account for the

heterogeneity of data across space and time. These weighting functions allow the model to

estimate coefficients that vary across different spatial and temporal contexts, providing a more

nuanced understanding of the relationships between variables.

Moreover, previous research mainly focused on air pollution, such as PM2.5, PM10, NO2,

O3, etc. Increasing concerns regarding the adverse effects of toxic chemicals on the environment

and human health have garnered considerable attention, particularly in the aftermath of the 2023

Ohio train derailment. This incident resulted in the release of toxic chemicals, including vinyl

chloride and butyl acrylate, into the air, soil, and water, thereby highlighting the potential risks

associated with toxic chemical releases. The release of toxic chemicals presents a significant

environmental concern, with the potential to cause widespread and far-reaching implications

for both human health and ecological systems [2, 6, 7]. The sources of these chemicals are

diverse, encompassing industrial processes, transportation, and agricultural practices, among

other activities. When these chemicals are released into the environment, they can contaminate

multiple domains, including the air, water, soil, and food, potentially leading to a range of

adverse human health outcomes, such as respiratory complications, cancer, and neurotoxicity

[2]. Furthermore, these toxic releases can disrupt the ecological balance, adversely affecting

biodiversity and ecosystem services [67].

To the best of my knowledge, no study has yet examined the correlation between socioeconomic

indicators and toxic risk in the United States utilizing a local model that incorporates a temporal

dimension. The exploration of spatiotemporal heterogeneity in the influence of socioeconomic

development on toxic risk may uncover variations across regions, enabling local authorities to

tailor regulations accordingly. Furthermore, investigating the trends in pollution inequality may
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assist in identifying the primary impact factors over time and therefore facilitate the development

of effective solutions to mitigate this issue. In this paper, we aim to answer if pollution inequality

across regions improved over time, that is if racial minorities and low socioeconomic entities

suffered more from the toxic risk as time goes by. Taking Houston, Texas, a racially and

ethnically diverse city with a history of segregation and discrimination, as an example, the

objective of this paper, therefore, is to analyze the spatiotemporal heterogeneity of the impact

of racial disparities and socioeconomic development on toxic risk in Houston using geographical

and temporal weighted regression (GTWR) model to answer the question of whether pollution

inequality improved or worsen. We then compare the differences between regions with “redlining”

and no “redlining” areas, as well as the differences between redlining grades (A, B, C, and D).

4.2 Methods and data

4.2.1 Study area

The prevalence of pollution inequality persists throughout the United States, particularly

in Houston, Texas. Houston is the fourth most populous city in the nation, with an estimated

population of 2,304,580 in 2020 (trailing only New York, Los Angeles, and Chicago), and is

the largest in the southern U.S. and Texas [116]. Comprising a land area of 640.4 square miles

(1,659 km2) [116], more than twice of Singapore (280 square miles), Houston is the ninth-most

expansive city in the United States (including consolidated city-counties).

Houston is characterized by its expansive and diverse population, as well as a legacy of

segregation and discrimination. Despite attempts at emancipation in 1863 [145] and desegregation

efforts in 1964 [146], redlining (see Figure 4.1) and other systemic factors have resulted in
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persistent disparities in the city. In this figure, residential areas designated as green and blue were

considered ”Best” and ”Still Desirable” and were predominantly occupied by white residents.

Conversely, yellow neighborhoods were classified as “Definitely Declining”, while red areas

were deemed ”Hazardous”, and predominantly inhabited by Black populations. The practice

of redlining legally prevented Black families from accessing fair housing mortgages for decades.

Houston, Texas exhibits pronounced racial and ethnic disparities in exposure to pollution, with

racial and ethnic minority communities experiencing higher levels than non-minority populations.

For example, as of 2019, the Harrisburg/Manchester neighborhood hosts 21 industrial and toxic

waste facilities, including generators of hazardous waste and waste treatment and disposal facilities,

situated within a three-mile radius. Notably, the Hispanic population comprises 90% of the

residents in the Harrisburg/Manchester area, exacerbating concerns of environmental injustice.
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Figure 4.1: Redlining map in Houston, Texas
Source: https://dsl.richmond.edu/panorama/redlining/loc=12/29.746/-95.444city=houston-tx

4.2.2 GTWR model

The general route to estimate local parameters in the Geographical and temporal weighted

regression (GTWR) model can be found in Figure 4.2. First, a traditional GWR model can be

specified using the following equation:

yi = β0(ui, vi) +
∑
k

βk(ui, vi)xik + εi (4.1)

where i is the index of a spatial point, yi is the dependent variable in local i, xik is the
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k − th independent variable in local i, and εi is the error term. βk(ui, vi) is the estimated k − th

parameter in local i, which can vary across space to measure spatial nonstationary relationships.

If using the matrix, the estimated parameters can be denoted as:

β̂(ui, vi) = (XTW (ui, vi)X)−1XTW (ui, vi)y (4.2)

where W is a diagonal matrix representing the geographical weights of each observation

of the i− th point.

After specifying a GWR model using the input data in equation 4.1, an optimal spatial

bandwidth needs to be specified for each time period based on goodness-of-fit criteria such as

cross-validation (CV) or Akaike information criterion (AIC). The determination of the optimal

temporal bandwidth is based on CV or AIC, following the selection of the optimal spatial bandwidth.

Once both spatial and temporal bandwidths are determined, the next step is to construct a spatiotemporal

weight matrix. Detailed information about the structure of the spatiotemporal weight matrix and

bandwidth optimization can be found in [33] and [34].

The GTWR model can be expressed as:

Yi = β0(ui, vi, ti) +
∑
k

βk(ui, vi, ti)Xik + εi (4.3)

Similarly, the estimation of βk(ui, vi, ti) can be expressed as:

β̂(ui, vi, ti) = (XTW (ui, vi, ti)X)−1XTW (ui, vi, ti)Y (4.4)

where W (ui, vi, ti) = diag(αi1, αi2, ..., αin) and n is the number of observations. α(1 <=
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j <= j) are space-time distance functions of (u, v, t) corresponding to the weights when calibrating

a weighted regression adjacent to observation point i.

Figure 4.2: Scheme of geographical and temporal weighted regression (GTWR) model
Source: Fotheringham et al. (2015) [34]

4.2.3 Data

The independent variable is the toxic risk, which can be calculated using Risk-Screening

Environmental Indicators (RSEI) Model. The RSEI scores for the years 2011-2017 are obtained

from the U.S. Environmental Protection Agency website [147]. The dependent variables encompass

population, race, and ethnicity data, including population density, percent of Black, percent of

Asian, percent of other races, and percent of Hispanic/Latino, as well as economic data, such

as median income. Other socioeconomic data, including percent of owner-occupied housing,

83



percent of vacant housing, percentage of houses with mortgages, percentage of adults without

a high school diploma, and percent of unemployment, are also considered, see Table 4.1. The

aforementioned data are obtained from the American Community Survey 5-Year Data from 2009-

2013 to 2015-2019 [148]. It is important to note that the race/ethnicity data and socioeconomic

data are available at the block group level, while the RSEI score data are available at the facility

level. The statistical summary of all the variables can be shown in Table 4.2.

The figures from 4.3 to 4.5 portray the spatial distributions of the Risk-Screening Environmental

Indicators (RSEI) score in Houston, Texas, for the years 2011, 2014, and 2017. The figure

indicates that the RSEI scores are primarily concentrated in the eastern and western regions of

Houston, as well as along the Buffalo Bayou River in 2011. The distribution pattern of the RSEI

scores in 2014 indicates a decrease in the eastern and northeastern regions. Between 2014 and

2017, the RSEI scores in the western region declined while those in the northern region increased.

Figure 4.3: Spatial distribution of the RSEI score in 2011
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Figure 4.4: Spatial distribution of the RSEI score in 2014

Figure 4.5: Spatial distribution of the RSEI score in 2017

To reconcile the RSEI score data acquired from EPA with the race/ethnicity and socioeconomic

data obtained from ACS, we executed a series of steps. Initially, we extracted the 12-digit

GEOID (Geographic Identifiers) from the ACS table to represent each census block group. As

the RSEI score data were obtained at the level of TRI facilities, it was indispensable to aggregate
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Table 4.1: Variable names, units, and detailed description

Variable Abbreviation Unit Description

Log RSEI RSEI Natural logarithm of (1+ RSEI score)
Pop dens Pop population per km2 Population density
Black Pc Black % The percentage of Black or African

American population
Asian Pc Asian % The percentage of Asian population
Others Pc Other % The percentage of other races
Hispanic Pc Hisp % The percentage of Hispanic or Latino
Median household income k income thousand dollars Median household income
Unemploy Pc Unemp % The percentage of unemployment, which

is measured by the percent of the labor
force that are unemployed

Vacant Pc Vac % The percentage of vacant housing
Owner Pc Own % The percentage of owner-occupied

housing
Mortgage Pc mort % The percent of housing units with a

mortgage
Not High Pc NH % The percentage of adults without high

school diploma (for population 25 years
and over)

the information to the census block group level. We utilized ArcGIS Map to merge the TRI

facility-level data to the block group level based on the GEOID of each block group. The block

group shapefile of the City of Houston was retrieved from the United States Census Bureau

TIGER (Topologically Integrated Geographic Encoding and Referencing)/Line Shapefiles: Block

Groups [149] and the COHGIS (The City of Houston Geographic Information System) Open

Data Portal [150].
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4.3 Results and Discussion

4.3.1 Analysis of estimation results

Based on Equation 4.3, we estimate the correlation between racial and ethnic composition,

socioeconomic indicators, and toxic chemical risk. The estimates reveal that the optimal bandwidth

amounts to 1345, which determines the size of the local neighborhood surrounding each point in

space and time for which the regression model is computed. For the assessment of the model’s

goodness of fit, the results indicate that the AICc value reaches 53559.6, whereas the R2 and R2

Adjusted values amount to 0.1615 and 0.1609, respectively. The Spatio-temporal Distance Ratio

(STDR) stands at 0.2688, implying that the spatial and temporal scales of the data are relatively

minor compared to the variability observed in the response variable. This finding suggests that

the GTWR model may prove suitable for the data, as it can capture the local spatial and temporal

patterns present in the data.

To assess the significance of the association between each independent variable and the

dependent variable, a t-test was conducted and detailed in Appendix B. The findings indicate

that the explanatory variables that have a statistically significant relationship with the outcome

variable at a significance level of 0.5 are as follows: Intercept, Pop dens, Black Pc, Asian Pc,

Other Pc, Hisp Pc, Unemployment, Owner Pc, and Not High Pc. A multicollinearity assessment

was performed to ascertain the presence of a significant degree of inter-correlation among the

predictor variables (see Appendix B). The examination of the variance inflation factor (VIF)

values indicated that all variables demonstrated VIF values below 10, thus indicating the absence

of highly correlated predictor variables.
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Figure 4.6: Temporal variation of the parameter coefficients

The present study presents a graphical analysis of the temporal variation of parameter

estimates obtained through the Geographically and Temporally Weighted Regression (GTWR)

model for the years 2011-2017. Specifically, Figure 4.6 displays the average trend of these

parameter estimates over the aforementioned period, whereas Figure 4.7 illustrates the time series

change trend of all the GTWR estimation coefficients.

Figure 4.6 reveals that population density exhibits a negative association with toxic risk,

as evidenced by the negative relationship between the two variables. Moreover, the estimates

suggest that the magnitude of this relationship increased between 2011 and 2017. Similarly,

the percentage of adults without a high school diploma, used as an education indicator, is also

found to be negatively related to toxic risk during the study period. However, the temporal trend

of the parameter estimates indicates that the magnitude of this relationship declined from 2011

to 2014, followed by an increase from 2014 to 2017. The housing indicator, specifically the
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percentage of owner-occupied housing, exhibits an average negative association with toxic risk.

The study findings indicate that the percentage of minorities, which includes Asian, Black or

African American, and other ethnic groups, shows an average positive correlation with toxic

risk. Specifically, the parameter estimates for Asian Pc and Others Pc demonstrate a consistent

decreasing trend between 2011 and 2017. The estimates for the variable Black Pc demonstrate

an increasing trend from 2011 to 2014, followed by a stable pattern from 2014 to 2017. Regarding

the ethnicity indicator, the percentage of Hispanic or Latino individuals demonstrates a decreasing

positive association with toxic risk from 2011 to 2015. However, the average parameter estimates

have been increasing since 2016.

Figure 4.7 presents the GTWR regression coefficients for the years 2011 to 2017, representing

the complete time series rather than just the average temporal trend. From this figure, it is

apparent that although the average parameter estimates for variables Not High Pc and Owner Pc

indicated negative relationships with toxic risk (as depicted in Figure 4.6), the relationships

become mixed when considering all coefficients. A similar pattern of mixed results is observed

for the relationship between unemployment and toxic risk, with average coefficients indicating

a positive association. Furthermore, the variables Black Pc and Other Pc exhibit mixed results

from 2011 to 2014. These mixing outcomes indicate the presence of spatial-temporal heterogeneity

in the distribution of coefficient estimates and emphasize the significance of conducting spatial-

temporal analyses to provide targeted guidelines for reducing toxic risk. In the next section, a

detailed analysis of spatiotemporal heterogeneity in the influence of socioeconomic development

and racial/ethnic composition on toxic risk is conducted to uncover the variations across regions

during the study period.
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Figure 4.7: Time series change trend of GTWR regression coefficients
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4.3.2 Spatiotemporal heterogeneity distribution of coefficients

This section presents an in-depth spatiotemporal investigation into the associations between

racial/ethnic and socioeconomic characteristics and toxic risk. The spatial distributions of each

indicator from 2011 to 2017 are displayed in Appendix B. Within this section, we have specifically

chosen to showcase the spatiotemporal trends of each explanatory variable by focusing on the

results from 2011, 2014, and 2017.

Regarding the relationship between racial minorities and toxic risk, the results of the percentage

of Black or African American are shown in Figure 4.8 and B.4. The geographical results indicate

that for eastern Houston and part of western Houston, the percentage of the Black population

tends to have a negative relationship with toxic risk, which indicates that the block groups with a

high percentage of Black or African American people are less likely to be exposed to toxic risk.

For the majority of other areas of Houston, the percentage of the Black population tends to have

positive associations, suggesting that densely concentrated racial minority groups are more likely

to be exposed to toxic risk.

Notable temporal findings indicate that the coefficient estimates exhibit an upward trend

for most regions of Houston, Texas, between 2011 and 2014, followed by a decline from 2014

to 2017. This trend is particularly evident in the northwestern region of Houston. As illustrated

in Figure 4.8a, the coefficient estimates range from 0 to 0.03. A coefficient of 0.03 implies that,

while controlling for all other variables, a one percentage point increase in the share of the Black

population within the block group results in an approximate 3% increase in toxic risk. In 2014, the

coefficient estimates range from 0.02 to 0.05 (see Figure 4.8b), which means that while holding

all other variables constant, a one percentage point increase in the share of the Black population
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results in a 2% to 5% increase in toxic risk. From 2014 to 2017, the coefficient estimates declined

for the majority of Houston (see Figure 4.8c).

For the redlining areas in Houston, we can see that there are mixing positive and negative

associations between the percentage of Black or African Americans and toxic risk. Specifically,

in 2011 and 2017, areas designated as ”Hazardous” tend to have positive coefficients, indicating

a positive relationship between the percentage of Black or African Americans and toxic risk.

However, in 2014, these areas tend to have negative coefficients, suggesting a negative relationship

between the two variables. The same pattern is observed in the ”Best” areas, which are characterized

by the least risks for lenders and insurers. These findings suggest that the relationship between

race and toxic risk may be complex in areas with redlining history. Further research is needed to

better understand the underlying factors driving these patterns and their implications for environmental

justice.

A possible mechanism for temporal environmental justice is Neighborhood Change, that

is, the racial composition of neighborhoods. The Classical Invasion-Succession Model [151] is

a theoretical framework used to describe the process of neighborhood change over time based

on the concept of ecological succession. The process starts with Black residents moving into

predominantly White neighborhoods, which can create tensions and conflicts. However, over

time, the minority group becomes more established and builds social networks and institutions,

leading to a gradual replacement of the existing White population. Therefore, the white population

has been gradually shifting to more urban and hence more polluted areas [152]. Another explanation

would suggest that areas with a higher proportion of African Americans may have experienced

larger reductions in pollution levels over time compared to other areas. Currie et al. (2023) [153]

proposed that the Clean Air Act (CAA) has probably had a considerable impact in lessening the

93



differences in air pollution exposure between different racial groups. The authors argued that the

law’s deliberate focus on cleaning up the most heavily polluted areas, where African Americans

were more likely to reside, has been instrumental in achieving this. As a result, despite not

being explicitly designed for this purpose, the CAA has played a role in reducing environmental

disparities among racial groups in the United States.

With respect to other racial minorities, such as Asians and other ethnic groups, the findings

are depicted in Figures 4.9 and 4.10. In the eastern and southeastern regions, the percentage

of Asians exhibits a negative association with toxic risk in 2011, 2014, and 2017, which is

comparable to the results observed for the percentage of the Black population. This suggests

that block groups with a higher proportion of Asians tend to encounter a lower level of toxic

risk. Conversely, in most other regions, the percentage of Asians is inversely related to toxic risk,

indicating that block groups with a higher percentage of Asians are exposed to greater levels of

toxic risk. Notably, the observed coefficients for the percentage of Asians demonstrate a declining

trend from 2011 to 2017, which suggests evidence of environmental justice improvement in

Houston.

Other racial minority groups, including American Indian and Alaska Native, Native Hawaiian

and Other Pacific Islander, and other groups, exhibit positive associations with toxic risk in

2011 and 2014. However, in 2017, negative associations are evident between the percentage

of Other racial minorities and toxic risk for the majority of Houston, except for the northeastern

areas. Notably, within the redlining area, block groups with a higher percentage of Other racial

minorities tend to be exposed to elevated levels of toxic risk from 2011 to 2017.
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(a) 2011

(b) 2014

(c) 2017

Figure 4.8: The spatiotemporal distribution of regression coefficient estimates of Black Pc
Note: Green boundary means ”Best”, blue boundary means ”Still Desirable”, yellow boundary means

”Definitely Declining”, and Red boundary means ”Hazardous”
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(a) 2011

(b) 2014

(c) 2017

Figure 4.9: The spatiotemporal distribution of regression coefficient estimates of Asian Pc
Note: Green boundary means ”Best”, blue boundary means ”Still Desirable”, yellow boundary means

”Definitely Declining”, and Red boundary means ”Hazardous”
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(a) 2011

(b) 2014

(c) 2017

Figure 4.10: The spatiotemporal distribution of regression coefficient estimates of Others Pc
Note: Green boundary means ”Best”, blue boundary means ”Still Desirable”, yellow boundary means

”Definitely Declining”, and Red boundary means ”Hazardous”
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The coefficient estimates for the ethnic composition are presented in Figure 4.11. As

depicted in the figure, the percentage of Hispanic or Latino individuals is positively associated

with toxic risk across the majority of areas, with the exception of the area surrounding Aldine,

Houston. This indicates that block groups with a higher proportion of Hispanic or Latino individuals

in the vicinity of Aldine, Houston, are exposed to lower levels of toxic risk. However, in the

majority of other areas, block groups with a higher percentage of Hispanic or Latino individuals

are exposed to greater levels of toxic risk. Notably, within redlining areas, the percentage of

Hispanic or Latino individuals shows a positive association with toxic risk from 2011 to 2014,

regardless of the assigned color codes. The coefficient estimates for the percentage of Hispanic

or Latino individuals within the redlining areas ranged from 0 to 0.02. Holding all other variables

constant, a 1% increase in the proportion of Hispanic or Latino individuals within the redlining

areas would result in a maximum increase in the toxic risk of about 2%, based on the coefficient

estimates obtained.

Between 2011 and 2014, the coefficient estimates in the northwestern region exhibit an

increasing trend. Specifically, in 2014, the coefficients for the percentage of Hispanic or Latino

individuals in the northwestern region ranged from 0.02 to 0.06. This indicates that with other

variables held constant, a 1% increase in the percentage of Hispanic or Latino individuals would

lead to an increase in toxic risk ranging from 2% to 6%. However, between 2014 and 2017,

the coefficient estimates in the northwestern region demonstrate a decreasing trend. In 2017,

the coefficients for the percentage of Hispanic or Latino individuals ranged from 0 to 0.03.

Therefore, holding all other variables constant, a 1% increase in the proportion of Hispanic or

Latino individuals would lead to a maximum increase in the toxic risk of 3%.
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(a) 2011

(b) 2014

(c) 2017

Figure 4.11: The spatiotemporal distribution of regression coefficient estimates of Hispanic Pc
Note: Green boundary means ”Best”, blue boundary means ”Still Desirable”, yellow boundary means

”Definitely Declining”, and Red boundary means ”Hazardous”
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An additional significant finding is that population density exhibits a consistently negative

association with toxic risk across the entirety of Houston, including the redlining areas. From

Figure4.12, we can see that the coefficient estimates of the population density ranged from -

0.081 to 0 during the period 2011 to 2017. This finding suggests that block groups characterized

by high population density are generally associated with a lower level of toxic risk exposure.

More specifically, the coefficient estimates for the northern, northeastern, and eastern regions are

comparatively smaller than those for other regions. This indicates that when controlling for all

other variables, a one-unit increase in population density is associated with a greater reduction in

toxic risk in these regions compared to other regions.

The results coincide with the previous Chapter and also with previous studies. In environmental

justice analysis, population density is frequently used as a control variable. For example, Li et

al. [87] reported a negative correlation between excess emissions and population density. Gilbert

and Chakraborty [91] also found a negative association between population density and cancer

risk in Jacksonville, but an opposite effect in Tampa, indicating the relationship varies across

different areas.

The inverse correlation between population density and toxic chemical risk can be attributed

to several factors. Firstly, areas with high population densities tend to have less industrial

activity, resulting in fewer sources of toxic chemical exposure [154]. Secondly, areas with high

population densities often have more robust environmental regulations, limiting the use of toxic

chemicals [155, 156]. Lastly, waste management systems tend to be better in areas with high

population densities, reducing the risk of exposure to toxic chemicals [157]. The above factors

collectively contribute to the negative relationship between population density and toxic chemical

risk, underscoring the need for effective environmental regulation and management.
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(a) 2011

(b) 2014

(c) 2017

Figure 4.12: The spatiotemporal distribution of regression coefficient estimates of Pop Dens
Note: Green boundary means ”Best”, blue boundary means ”Still Desirable”, yellow boundary means

”Definitely Declining”, and Red boundary means ”Hazardous”
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Figure 4.13 through 4.15 present the coefficient estimates that demonstrate the associations

between toxic risk and various socioeconomic characteristics, such as the percentage of unemployment,

the percentage of owner-occupied housing, and the percentage of adults without high school

diplomas.

While the average coefficient estimates for the percentage of unemployment appear to

be positive between 2011 and 2017, as depicted in Figure 4.6, the spatiotemporal distribution

of these estimates reveals both positive and negative associations across regions and over time

(Figure 4.13). A noteworthy observation is that in the eastern region, particularly along the

Buffalo Bayou river, the percentage of unemployment demonstrates a positive relationship with

toxic risk in 2011, 2014, and 2017. The coefficient estimates for the percentage of unemployment

in these areas reached 0.08, indicating that when controlling for all other variables, a one-

percentage-point increase in unemployment within a block group is associated with an up to

8.33% increase in toxic risk. The figures for 2011 and 2014 (Figures 4.13a and 4.13b) demonstrate

that in central Houston, there are negative associations between the percentage of unemployment

and toxic risk, indicating that block groups with a high percentage of unemployment are generally

associated with low levels of toxic risk. Additionally, the figure for 2017 (Figure 4.13c) shows

that negative associations exist between the percentage of unemployment and toxic risk in the

southern, southwestern, and northern regions. In the redlining areas, on the other hand, the

associations between the percentage of unemployment and toxic risk are positive, meaning that

high levels of unemployment within block groups in these areas are generally associated with

higher levels of toxic risk.
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(a) 2011

(b) 2014

(c) 2017

Figure 4.13: The spatiotemporal distribution of regression coefficient estimates of Unemploy Pc
Note: Green boundary means ”Best”, blue boundary means ”Still Desirable”, yellow boundary means

”Definitely Declining”, and Red boundary means ”Hazardous”

103



In terms of the percentage of owner-occupied housing (see Figure 4.14), the findings

indicate that in both 2011 and 2014, the distribution of spatial coefficient estimates follows a

comparable trend. Specifically, in the eastern, southeastern, and northwestern regions, there

exists an inverse correlation between the percentage of owner-occupied housing and the prevalence

of toxic risk (Figures 4.14a and 4.14b). This suggests that block groups with a greater concentration

of owner-occupied housing tend to be associated with lower exposure to toxic risk. In contrast,

positive associations are observed between the percentage of owner-occupied housing and toxic

risk in other geographical areas. In 2017, a negative association was found between the proportion

of owner-occupied housing and toxic risk in the northeastern, northeastern, and southeastern

regions, while predominantly positive relationships were observed in redlining areas (Figure

4.14c).

Regarding the education variable, which pertains to the percentage of adults without high

school diplomas, the findings demonstrate a heterogeneous pattern of associations with toxic risk,

encompassing both positive and negative relationships Figure 4.15. Spanning from 2011 to 2017,

the percentage of adults without high school diplomas exhibits negative correlations with toxic

risk in the northwestern, northeastern, and eastern areas of Houston. Conversely, predominantly

positive associations are observed between the education variable and toxic risk in the northern,

central, and southwestern regions of Houston. In redlining areas, particularly those block groups

designated with the color code red, a tendency is observed for a positive correlation between the

percentage of adults without high school diplomas and toxic risk. This indicates that in these

areas, block groups with a higher concentration of adults without high school diplomas tend to

exhibit greater exposure to toxic risk.
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(a) 2011

(b) 2014

(c) 2017

Figure 4.14: The spatiotemporal distribution of regression coefficient estimates of Owner Pc
Note: Green boundary means ”Best”, blue boundary means ”Still Desirable”, yellow boundary means

”Definitely Declining”, and Red boundary means ”Hazardous”
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(a) 2011

(b) 2014

(c) 2017

Figure 4.15: The spatiotemporal distribution of regression coefficient estimates of Not High Pc
Note: Green boundary means ”Best”, blue boundary means ”Still Desirable”, yellow boundary means

”Definitely Declining”, and Red boundary means ”Hazardous”
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4.4 Conclusions and policy recommendations

The chapter utilized the Geographical and Temporal Weighted Regression (GTWR) model

to examine the spatiotemporal variability in the associations between indicators of race/ethnicity

and socioeconomic status with toxic risk. This model is capable of simultaneously accounting

for spatial autocorrelation across regions and temporal decay effects. The findings indicate

that, with the exception of the eastern and western regions of Houston, the proportion of Black

residents tends to be positively associated with toxic risk, implying that densely populated racial

minority communities are at higher risk of exposure to harmful pollutants. Temporally, the

coefficient estimates display an increasing trend in most areas of Houston, Texas, between 2011

and 2014, followed by a decrease from 2014 to 2017. Furthermore, the proportion of Asian

residents exhibits a notable reduction in the coefficient estimates from 2011 to 2017, indicating

the environmental justice improvement in Houston. The results also suggest that the proportion

of individuals identifying as Hispanic or Latino is positively correlated with toxic risk in most

areas, including redlining areas, with the notable exception of the region surrounding Aldine,

Houston spanning from 2011 to 2017. Regarding the socioeconomic indicators, population

density demonstrates a consistently negative association with toxic risk throughout Houston,

encompassing the redlining areas. Conversely, other variables such as employment, education,

and housing tend to exhibit a combination of positive and negative associations with toxic risk.

This study focused on the block group level environmental inequality. The results provided

important information on the spatiotemporal heterogeneity of the various relationships between

racial/ethnic and socioeconomic characteristics and environmental negative outcomes. The findings

of this study might provide information on policy interventions aimed at improving environmental
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conditions in disadvantaged communities to be developed and implemented. These interventions

could address environmental inequality and social injustice by taking into account the complex

and multifaceted relationships between race, ethnicity, socioeconomic status, and the incidence

of adverse environmental outcomes at the block group level. To achieve this goal, collaboration

and cooperation between local organizations, such as the Texas Environmental Justice Advocacy

Service, and the Texas Commission on Environmental Quality, as well as public officials and

industry stakeholders might be important. A concerted effort might be required to identify and

prioritize the needs of communities and develop policies that are tailored to address their unique

circumstances. By taking a holistic approach and working together, the whole city may promote

environmental justice, reduce inequality, and improve the health and well-being of communities

that are most vulnerable to environmental harm.

The results of this study could provide valuable insights into enriching the practice of

Pollution prevention (P2), which refers to any practice that reduces, eliminates, or prevents the

creation of pollution and its release into the natural environment [158]. This chapter has offered

comprehensive information regarding the quantitative assessment of the correlations between

racial/ethnic and socioeconomic determinants and toxic chemical exposure risk. The findings of

this study could augment the quantitative perspectives of the Pollution Prevention (P2) Environmental

Justice Facility Mapping Tool. This information could add quantitative perspectives to the P2

Environmental Justice Facility Mapping Tool, a TRI program that is designed to detect and

delineate underserved communities with environmental justice (EJ) concerns based on a demographic

index. By incorporating the quantitative measures of the relationships between toxic chemical

exposure risk and race/ethnicity and socioeconomic status, the P2 tool can provide a more nuanced

understanding of the environmental injustices that may be pervasive in underserved communities.
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This could allow policymakers and stakeholders to implement more effective and targeted measures

to mitigate and prevent environmental harm in these communities.

The temporal trend of environmental justice development over time represents another vital

perspective provided by this study. This perspective underscores the dynamic and complex nature

of the relationships between environmental justice over time. By analyzing the temporal trends

of environmental justice development, policymakers may identify the causes and consequences

of environmental injustice and design interventions that are tailored to address the evolving needs

of vulnerable communities over time. Furthermore, this perspective can inform the development

of more comprehensive and effective policies that account for the intricate interplay between

environmental justice and the temporal dynamics of social, economic, and political factors that

shape the environmental landscape. For example, the emergence of racial environmental justice

disparities could potentially result from the demographic shifts occurring within neighborhoods

with varying racial compositions. Therefore, it might be helpful that government officials remain

cognizant of these dynamic trends to facilitate the development of appropriate guidelines that

reflect the current context.

Although the GTWR model can help provide information on the temporal and spatial

effects of racial/ethnic and socioeconomic on toxic risk, there are several limitations that need

further studies. Lack of interpretation is one main limitation of the GTWR model. The bandwidth

for the GTWR model encompasses both the spatial and temporal dimensions, making it more

challenging to interpret intuitively than a single spatial bandwidth, such as distance or the number

of neighborhoods. Furthermore, although spatiotemporal matrix weights have been integrated

into the GTWR model to enhance the fitting effect, the heterogeneous variable weights have not

been adequately considered. This disregard for the potential disparity between each variable
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and its corresponding spatiotemporal variation ultimately impacts the model’s overall fitting

effect [159]. To mitigate the impact of high collinearity among explanatory variables on the

model’s operation and subsequent analysis results, several variables were excluded prior to model

deployment. However, this exclusion can potentially restrict the pool of candidate explanatory

variables and introduce bias to the analysis results [160].
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Chapter 5: Conclusions

5.1 Summary of major findings and synthesis of contributions

The study of distributive environmental justice examines whether particular racial/ethnic or

socioeconomic groups bear a disproportionate burden of negative environmental consequences.

This has raised increasing concerns among various stakeholders, including the central government,

local government, industrial facilities, and residents. Toxic chemical releases have adverse impacts

not only on climate change but also on ecosystems and human health. Analyzing the interregional

transfer of toxic chemical releases can yield information on the distribution of responsibility

for pollution reduction in a more equitable and just manner, while also taking into account

the consumers of these toxic chemicals. Moreover, comprehending the spatial heterogeneity

of the relationship between environmental hazards and socioeconomic indices is crucial for

understanding the resulting health outcomes at different spatial scales and locations. This, in

turn, enables policymakers to develop targeted interventions at the local level that focus on

vulnerable groups. By exploring spatiotemporal heterogeneity in the influence of socioeconomic

development on toxic risk, it may be possible to uncover variations across regions and over time,

thereby facilitating the development of effective solutions for pollution reduction.

Although the existing literature on this topic is expanding, this dissertation aims to address

the gaps in current research by examining the variations in environmental inequality across
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spatial scales and from both consumption- and production-based perspectives. Previous research

mainly focused on TCR in the US from the production perspective, analyzing pollution exposure

across regions and demographic groups, and there has been an absence of research analyzing the

toxic chemical release transfer embodied in interregional trade and disproportionate exposure of

consumption-based TCR faced by different income groups across states in the US. In Chapter

2, we aim to bridge these gaps by first evaluating regional consumption-based assessments of

pollution inequalities and the outsourcing of embodied TCR across states in the US. We then

proceed to estimate the TCR footprint of various income groups at the state level. Furthermore,

while there is ample evidence documenting racial-ethnic and socioeconomic disparities in exposure

to environmental hazards in the United States, there has been a dearth of research investigating

whether the relationship between negative environmental outcomes and racial, ethnic, or socioeconomic

indicators remains consistent across various spatial scales within the US. Chapter 3 filled this

gap by utilizing the MGWR model to examine the spatial non-stationarity in the associations

between toxic chemical hazard risk and community characteristics, such as race/ethnicity and

socioeconomic status, at the census block group level for the year 2017. To the best of my

knowledge, no prior study has investigated the relationship between socioeconomic indicators

and toxic risk in the United States using a localized model that incorporates a temporal dimension.

Therefore, Chapter 4 employed the geographical and temporal weighted regression (GTWR)

model to examine the spatiotemporal heterogeneity of the impact of racial disparities and socioeconomic

development on toxic risk in Houston to answer the question of whether pollution inequality has

improved or worsened over time.

The findings of Chapter 2 indicate that the production of TCR is unevenly distributed across

regions in the US, with particular concentration in certain central and southern states, as well as
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the Great Lakes Region. Examples of these states include Texas, Indiana, Ohio, among others.

This disparity can be partially explained by the primary sectors present in each region. In contrast,

the distribution of consumption-based TCR is relatively more equal across regions in the US. The

coastal states primarily serve as net importers of embodied TCR, suggesting that they should bear

a greater responsibility for reducing TCR under the consumption-based principle as opposed to

the production-based principle. Household final demand across all income groups is responsible

for the largest portion of embodied TCR, and the consumption of the top 35% of households

alone contributes to over 50% of the total TCR in the US. This set of data can provide valuable

insight for the government and other stakeholders in developing mitigation policies and actions

that address both production-based and consumption-based perspectives.

Chapter 3 finds that vulnerable racial minorities, as measured by the percentage of the

Black or Asian population in a census block group, exhibit a consistent positive correlation

with toxic risk across Texas, suggesting that regardless of location, these groups face a high

level of exposure to toxic chemicals. In contrast, the relationship between toxic risk and socio-

economic variables is not constant throughout the state, displaying regional variations in spatial

patterns. Specifically, income is significantly negatively associated with toxic risk in the Dallas-

Fort Worth-Arlington Metropolitan Statistical Area, indicating that low-income communities

are concentrated in areas with higher exposure to toxic chemical risk. The proportion of the

population without high school diplomas and the unemployment rate both exhibit positive relationships

with toxic risk in the eastern region of Texas, indicating that low socio-economic status groups

are concentrated in areas with higher exposure to toxic chemicals in that region. The percentage

of vacant housing has a negative association with toxic risk around the city of Beaumont but

is positively correlated with toxic risk around the cities of Corpus Christi and Houston. The
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relationship between toxic risk and the population share of Hispanic/Latino minorities varies

across the state and is only significantly positive in the eastern areas of Texas. Finally, population

density has a locally varying relationship with toxic risk, with a significantly negative correlation

observed in the northern and eastern regions of Texas.

Chapter 4 findings reveal that, except for the eastern and western regions of Houston, the

density of Black residents tends to be positively correlated with toxic risk, indicating that densely

populated communities of racial minorities are at higher risk of exposure to harmful pollutants.

Temporally, the coefficient estimates indicate an increasing trend in most areas of Houston,

Texas, between 2011 and 2014, followed by a decrease from 2014 to 2017. Furthermore, the

density of Asian residents exhibits a notable decline in the coefficient estimates from 2011 to

2017, suggesting an improvement in environmental justice in Houston. The results also suggest

that the density of individuals identifying as Hispanic or Latino is positively associated with

toxic risk in most areas, including redlining areas, with the exception of the region surrounding

Aldine, Houston spanning from 2011 to 2017. In terms of socioeconomic indicators, population

density consistently demonstrates a negative association with toxic risk throughout Houston,

encompassing the redlining areas. However, other variables such as employment, education,

and housing tend to exhibit a mix of positive and negative associations with toxic risk.

5.2 Limitations and future studies

This dissertation solely concentrated on the disparities in environmental inequity across

temporal dimensions and spatial magnitudes. Starting from the 1900s, the climate justice and

energy justice movements garnered increasing recognition, owing to their more expansive objective
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of facilitating a just transition. Just transition is a transition away from the fossil-fuel economy

to a new economy that provides “dignified, productive, and ecologically sustainable livelihoods;

democratic governance; and ecological resilience” [161]. In order to realize a just transition,

it is essential to acquire a holistic comprehension of the disparities in environmental justice,

climate justice, and energy justice across both spatial and temporal dimensions. In future studies,

endeavors should adopt a more comprehensive approach to inform policy initiatives aimed at

mitigating inequitable environmental and climate impacts experienced by disadvantaged communities

with low socioeconomic status and communities of color. Additionally, such studies should

advocate for the equitable provision of clean and affordable energy access for all.

For Chapter 2, there are some limitations that should be addressed in future studies. First,

the toxic release inventory only includes the number of TCR but does not include concentration

information of chemical substances in air, water, and land. In future studies, the concentration

of the toxic chemicals should be estimated in order to achieve more accurate results. Second,

TRI does not include all industrial sectors and does not include all facilities in these sectors.

TRI only includes large facilities in manufacturing, metal mining, electric power generation,

chemical manufacturing, and hazardous waste treatment that meet TRI reporting criteria. Third,

this paper does not study the temporal dimensions of pollution inequality. When years of MRIO

tables are available, the analysis of embodied TCR trends over time can be conducted and the

decomposition analysis can be proposed to investigate the driving forces of changes.

Chapter 3 could be strengthened by addressing some limitations. First, this chapter only

used the RSEI score as a measure of toxic risk, which may present a certain extent of uncertainty.

RSEI incorporates information from EPA’s TRI database, which tracks certain toxic chemical

releases and waste management activities at federal facilities and larger industrial facilities across
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the United States and its territories [112]. Other exposures, for example, exposure to transportation

and occupational exposure, are needed to be considered in future studies. Second, this chapter

conducted a cross-sectional spatial analysis only on the relationships between toxic chemical

risks and the distributions of socioeconomic status, and racial and ethnic minorities, further

research needs to be done for the spatial-temporal features of environmental inequality across

varying geographical scales. Furthermore, there might be an endogeneity problem due to the

reverse causality between income and environmental degradation [114]. One way to address this

issue is by employing instrumental variables that are correlated with the income variable but not

the error term. This enables the estimation of the causal effect of the income variable on the

environmental variable with greater consistency. Finally, this chapter used toxic risk data from

the RSEI model, which contains the toxic chemical releases, the chemical’s toxicity, and human

exposure. However, toxic chemical releases have adverse impacts on people’s health, from acute

poisonings and events to chronic effects like cancer and non-cancer potential [2, 7]. The health

impacts of toxic chemical releases need to be considered in future analyses of environmental

inequality studies.

While Chapter 4 provides valuable insights into the spatial and temporal analysis of environmental

justice studies, there are several limitations that should be addressed in future research. One

limitation of this chapter is that it only considers data from the years 2011 to 2017, due to

data availability constraints. To extend the study period and investigate more recent trends in

environmental justice, it would be necessary to analyze data from additional years. Additionally,

the global COVID-19 pandemic has significantly impacted economic and social activities, which

may have important implications for environmental injustice. Examining the effects of the pandemic

on environmental justice would provide valuable insights and perspectives for future research.
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Secondly, the present chapter only examines the associations between racial, ethnic, and socioeconomic

attributes and toxic risk, without delving into the underlying mechanisms driving the temporal

changes in such disparities. To address this gap, future research should adopt a causal approach,

such as employing a difference-in-differences (DiD) model, to investigate the determinants that

contribute to the reduction or exacerbation of pollution gaps between groups differentiated by

race or socioeconomic status over time. Another limitation of this chapter is that it focuses on

only one city, Houston, Texas, which may limit the generalizability of the findings. In future

research, it would be beneficial to conduct studies in multiple cities with redlining practices to

analyze the spatial and temporal heterogeneity of environmental inequality. By doing so, more

precise guidelines for reducing toxic risk could be developed. What’s more, the release of toxic

chemicals has significant implications for human health [2, 67]. Future research should address

the health consequences of such releases, through examination of their spatial and temporal

effects on diverse demographic groups. Policymakers can use this analysis to develop targeted

and adaptable guidelines.
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Appendix A: Appendix for Chapter 3

A.1 The OLS model results
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A.2 Testing regression assumptions

A.2.1 Distribution of the dependent variable

We plotted the distribution of the dependent variable in both the original and logged formats.

Figure A.1: Distribution of dependent variable

The dependent variable is highly skewed (Figure A.1, left), so in our paper, we used logged

format (Figure A.1, right), which is roughly bell-shaped.

A.2.2 Linear relationship

In Figure A.2, the first plot “Residuals vs Fitted” is used to check the assumptions of

linearity. If the residuals are spread equally around a horizontal line without distinct patterns (red

line is approximately horizontal at zero), that is a good indication of having a linear relationship .

In this figure, the residuals are spread equally around the red line, indicating a linear relationship.
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Figure A.2: Regression diagnostics plots

Also, we could use crPlots function from car package in R to plot partial-residual plots.

Evaluate Nonlinearity

component + residual plot aka partial-residual plots

library(car)

crPlots(simple model)
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Figure A.3: Partial-residual plots

The blue line shows the expected residuals if the relationship between the predictor and

response variable was linear. The pink line shows the actual residuals . The two lines of all the

figures are similar, which means linear relationships.

A.2.3 Normality of residuals

In Figure A.2 “Residual vs. Fitted”, because the residuals are close to zero and the trend

line is relatively flat (first plot), we can assume that the residuals follow normal distribution.

Figure A.2 “Normal Q-Q” is used to check the normality of residuals assumption. If the majority

of the residuals follow the straight dashed line, then the assumption is fulfilled. In our Figure,

most of the points are located on the diagonal line, showing the normality of residuals.
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Also, a histogram of residuals is plotted to show the distribution of residuals.

Figure A.4: Histogram of residuals

The histogram is close to bell-shaped and not radically skewed, and it is centered to zero,

indicating a normal distribution of residuals.

A.2.4 Testing the Homoscedasticity Assumption

Figure A.2 “Scale-Location” is used to check the homoscedasticity of residuals (equal

variance of residuals). If the residuals are spread randomly and the see a horizontal line with

equally (randomly) spread points, then the assumption is fulfilled. In this figure, the residuals are

spread randomly along the horizontal line, indicating the homoscedasticity of residuals.

We also performed a Breusch-Pagan Test using bptest function from lmtest package.

load lmtest library

library(lmtest)

lmtest::bptest(simple model)
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studentized Breusch-Pagan test

data: simple model

BP = 8.3262, df = 12, p-value = 0.7591

The test statistic is 8.3262 and the corresponding p-value is 0.7591. Since the p-value is

not less than 0.05, we fail to reject the null hypothesis. We do not have sufficient evidence to say

that heteroscedasticity is present in the regression model.

A.2.5 Multicollinearity

In order to conduct multicollinearity test, we need to first assume there is no multicollinearity,

and fit the linear model as follow:

Figure A.5: Lineal model results assuming no multicollinearity
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From Figure A.5, the R-square is 0.1634, and F-value is high enough implying that all

the explanatory variables together significantly explain Log RSEI score. However, 6 of the total

variables are not significant.

To check the multicollinearity problem, we first used pair-wise correlation to test it. First

look at the pair-wise correlation among the explanatory variables (Figure A.6). The correlation

matrix shows that the pair-wise correlation among all the explanatory variables are not very

high, except for the pairs INCOME-INCOME2 (0.946, structural multicollinearity), NHSD-

HISPANIC (0.702, data multicollinearity), and NHSD-INCOME (0.535, data multicollinearity).

Figure A.6: Pair-wise correlation

Again, by looking at the partial correlation coefficient matrix among the variables (Figure

A.7), it’s also clear that the partial correlation between INCOME-INCOME2, NHSD-HISPANIC,
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and NHSD-INCOME are quite high.

Figure A.7: Partial correlation coefficient matrix

The pair-wise correlation has shown the basic results of multicollinearity and indicated

that the possible source if multicollinearity might be INCOME-INCOME2, NHSD-HISPANIC,

and NHSD-INCOME relationships. However, pair-wise correlation between the explanatory

variables may be considered as the sufficient, but not the necessary condition for the multicollinearity.

Next, we used Farrar – Glauber Test (F-G test) to deal with the problem of multicollinearity

(https://datascienceplus.com/multicollinearity-in-r/). For overall diagnostic checking, the results

can be seen as follow:

Figure A.8: Overall diagnostic checking results

The value of the determinant is very small (0.0065) and the Chi-Square is very high (Figure

A.8), indicating that the detection of collinearity by the overall test.
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Besides, for individual diagnostic checking, the results can be seen as follow:

Figure A.9: Individual diagnostic checking results

The degree of freedom is (12, 15144), the theoretical value of F at 5% level of significance

is 1.75. The F-statistic for the variable INCOME and INCOME2 is very high (16.9283 and

12.3520), followed by NHSD (2.5320) and HISPANIC (2.5164) (Figure A.9).

Finally, in order to exam the pattern of multicollinearity, we conducted t-test for correlation

coefficient.
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Figure A.10: T-test for correlation coefficient results
Note: n=15154, gp=11, method=”Pearson”.

Again, the high partial correlation between “INCOME-INCOME2”, “NHSD-HISPANIC”,

and “NHSD-INCOME” are found to be highly statistically significant (Figure A.10).

For remedial measure: exclude INCOME2 and NHSD.

A.2.6 Moran’s I analysis for dependent variable

Hypothesis: the RSEI score values are randomly distributed across block groups following

a completely random process. There are two methods for testing this hypothesis: an analytical

method and a Monte Carlo method.

Analytical method

To run the Moran’s I analysis using the analytical method, we used the moran.test function.

moran.test(map and data$Log RSEI score,lw, alternative=”less”)

Moran I test under randomisation
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data: map and data$Log RSEI score

weights: lw

Moran I statistic standard deviate = 22.247, p-value < 2.2e-16

alternative hypothesis: greater

sample estimates:

Moran I statistic Expectation Variance

1.024675e-01 -6.325111e-05 2.124033e-05

P value is less than 2.2e-16, therefore, we reject the null, meaning the RSEI score values

are strongly clustered.

Monto Carlo Method

The analytical approach to Moran’s I analysis benefits from being fast. But it may be

sensitive to irregularly distributed polygons. A safer approach to hypothesis testing is to run an

MC simulation using the moran.mc() function.

MC< −moran.mc(map and data$Log RSEI score, lw, nsim=999, alternative=”greater”)

MC

Monte-Carlo simulation of Moran I

data: map and data$Log RSEI score

weights: lw

number of simulations + 1: 1000

statistic = 0.10247, observed rank = 1000, p-value = 0.001

alternative hypothesis: greater
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The MC simulation generates a very small p-value, 0.001.

Plot the Null distribution (note that this is a density plot instead of a histogram)

plot(MC)

Figure A.11: Monto-Carlo simulation of Moran’s I

Our observed statistic, 0.10247, falls way to the right of the distribution suggesting that

the RSEI score values are clustered (a positive Moran’s I value suggests clustering whereas a

negative Moran’s I value suggests dispersion).

A.2.7 Statistical tests for MGWR results

We used Monte Carlo simulation of Moran’s I to determine if there is spatial non-stationary

of MGWR’s coefficients. Our observed statistics falls way to the right of the distribution suggesting
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that the coefficient values are clustered.

Figure A.12: Monto-Carlo simulation of Moran’s I for Model 1 coefficients
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Figure A.13: Monto-Carlo simulation of Moran’s I for Model 2 coefficients
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Figure A.14: Monto-Carlo simulation of Moran’s I for Model 3 coefficients
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Figure A.15: Monto-Carlo simulation of Moran’s I for Model 4 coefficients
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Figure A.16: Monto-Carlo simulation of Moran’s I for Model 5 coefficients
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A.3 Parameter estimates for all models

Figure A.17: parameter estimates for model 1
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Figure A.18: parameter estimates for model 2
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Figure A.19: parameter estimates for model 3
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Figure A.20: parameter estimates for model 4
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Figure A.21: parameter estimates for model 5

140



Appendix B: Appendix for Chapter 4

B.1 Statistical test

B.1.1 t-test for significance

We used the t-test to evaluate whether each predictor in the model has a significant relationship

with the outcome variable. The R code is shown below:

model < −lm(RSEI ∼ Pop+Black+Asian+Other+Hisp+ income+Unemp+V ac+

Own+mort+NH, data = data)

coef test < −coef(summary(model))[, ”Pr(> |t|)”]

coef test

significant predictors < −names(coef test[coef test < 0.5])

significant predictors

The code produced a list of names of the predictor variables that are significantly related to

the outcome variable. These are the predictor variables whose p-values are less than the chosen

significance level (0.5): Intercept, Pop, Black, Asian, Other, Hisp, Unemp, Own, and NH.
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B.1.2 Test for multicollinearity

This test evaluates whether there is a high degree of correlation among the predictor variables

in the model, which can lead to inaccurate regression coefficients. One popular test for this is the

variance inflation factor (VIF).

Variables Pop Black Asian Other Hisp Unemp Own NH
VIF 1.1848 2.1621 1.6796 1.2431 5.9174 1.1636 1.2806 3.6353

As a general rule of thumb, VIF values above 10 are considered very high and indicate

that multicollinearity is a severe problem in the regression model. In this case, All the remaining

variables have VIF values less than 10, which suggests that there are no highly correlated predictor

variables.

B.1.3 Regression diagnostics tests

In Figure B.1, specifically in the ”Residual vs. Fitted” plot, the proximity of residuals to

zero and the relatively flat trend line suggests that the residuals conform to a normal distribution.

To verify the normality assumption, Figure B.1’s ”Normal Q-Q” plot is employed. The validity

of the normality assumption is established when the bulk of the residuals aligns along the solid

diagonal line. As illustrated in our figure, the majority of the residuals are positioned on this line,

confirming the normality of residuals.

142



Figure B.1: Regression diagnostics plots

In Figure B.1, the ”Residuals vs. Fitted” plot can be utilized to assess the assumption of

linearity. In this figure, the residuals are spread equally around the red line, thereby corroborating

the presence of a linear relationship. Furthermore, in Figure B.2, the blue line represents the

anticipated residuals under the assumption of a linear relationship between the predictor and

response variable. Meanwhile, the pink line represents the actual residuals. The similarity
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between the two lines in all the figures suggests a linear relationship.

Figure B.2: Test of Linearity

In Figure B.1, the ”Scale-Location” plot is employed to verify the homoscedasticity assumption.

The presence of a horizontal line with uniformly distributed (randomly spread) points signifies

that the residuals are homoscedastic. As observed in this figure, the residuals are randomly

scattered along the horizontal line, indicating the homoscedasticity of residuals.
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B.2 All results

Figure B.3: The spatiotemporal distribution of regression coefficient estimates of population
density 2011-2017
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Figure B.4: The spatiotemporal distribution of regression coefficient estimates of Black Pc 2011-
2017
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Figure B.5: The spatiotemporal distribution of regression coefficient estimates of Asian Pc 2011-
2017
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Figure B.6: The spatiotemporal distribution of regression coefficient estimates of Others Pc
2011-2017
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Figure B.7: The spatiotemporal distribution of regression coefficient estimates of Hispanic Pc
2011-2017
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Figure B.8: The spatiotemporal distribution of regression coefficient estimates of employment
2011-2017
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Figure B.9: The spatiotemporal distribution of regression coefficient estimates of housing 2011-
2017
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Figure B.10: The spatiotemporal distribution of regression coefficient estimates of education
2011-2017
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