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About This Tool

Communities of color and low-income populations in the United States are
disproportionately exposed to environmental hazards. Systemic discriminatory practices in past
urban planning and housing policies have contributed to the development of cities and are
associated with disproportionate environmental burdens in some communities to this day. To
examine this issue, we created a tool for exploring spatial patterns of environmental hazards and
amenities, along with one historical discriminatory practice: redlining. Redlining was a practice
that began in the mid-1930s, when the Federal Home Loan Bank Board asked the Home Owners’
Loan Corporation (HOLC) to create “residential security” maps to indicate the level of security
for mortgage lending in cities across the country. The security level was indicated with grades
ranging from A (best; colored in green) to D (hazardous; colored in red). We created an
interactive online tool to show how present-day environmental indicators vary within cities
according to these past spatial delineations. The tool includes data on environmental hazards
(e.g., pollution and waste sites) from the U.S. Environmental Protection Agency (EPA), ambient
temperature from Oregon State University, tree canopy cover from the Multi-Resolution Land
Characteristics (MRLC) consortium, and proportion of housing in flood plains from New York
University. This tool can help policymakers and community residents understand the links
between historical discriminatory practices and current environmental inequities and identify
neighborhoods within their own cities that are disproportionately burdened and therefore could
be targeted for environmental improvement efforts.

Community Health and Environmental Policy Program

RAND Social and Economic Well-Being is a division of the RAND Corporation that seeks to
actively improve the health and social and economic well-being of populations and communities
throughout the world. This research was conducted in the Community Health and Environmental
Policy Program within RAND Social and Economic Well-Being. The program focuses on such
topics as infrastructure, science and technology, community design, community health
promotion, migration and population dynamics, transportation, energy, and climate and the
environment, as well as other policy concerns that are influenced by the natural and built
environment, technology, and community organizations and institutions that affect well-being.
For more information, email chep@rand.org.
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Appendix. Introduction, Methods, Results, and How to Use the
Tool

Introduction

To examine how systemic discriminatory practices in past urban planning and housing
policies in the United States have contributed to the development of cities and may be associated
with present disproportionate environmental burdens in communities, we created a tool for
exploring spatial patterns of environmental indicators and redlining, a well-documented
historical discriminatory practice. To make these data available to the U.S. public, we developed
an online tool for visualizing the spatial relationships between redlining and exposure to various
environmental indicators. In this appendix, we provide further background on this tool, including
discussions of how neighborhood environments affect population health and well-being, what is
already known about the disproportionate burden of environmental hazards on certain
populations and communities, and how our tool can be used to view these data within the context
of a national reckoning on systemic racism.

Neighborhood Environment and Health and Well-Being

A large and compelling body of evidence reveals the sizable influence that neighborhood
environments can have on health and well-being. Broadly classified as “the physical
environment in which people live, work, and play,” built and natural environments can influence
health and well-being through a variety of mechanisms (Bird et al., 2018, p. 2). Neighborhoods
with a greater mix of land uses and more access to green space have been associated with
increased physical activity and the ability to function independently (Bancroft et al., 2015;
Clarke and George, 2005; Dalton et al., 2016; Nagel et al., 2008). Green space exposure is
thought to improve vascular health through increased physical activity (Markevych et al., 2017)
and mental and emotional well-being through increased opportunities for social engagement,
reductions in stress, and improvements in mood (Berto, 2014; Beyer et al., 2014; Neill, Gerard,
and Arbuthnott, 2019; Nutsford, Pearson, and Kingham, 2013).

In contrast, other neighborhood environmental features, such as environmental pollution,
have far-reaching and detrimental impacts on health and well-being. Worldwide, pollution is the
largest environmental cause of disease and premature death (Landrigan et al., 2018). Air
pollution is known to have both acute and chronic effects on health; has been linked to
respiratory, cardiovascular, and other chronic diseases; and is associated with premature
mortality and reduced life expectancy (Kampa and Castanas, 2008). Water quality can be
impaired through contamination by chemicals, heavy metals, pathogens, and other disease
vectors, leading to increases in communicable and noncommunicable diseases (Boelee et al.,



2019). Exposure to chemical hazards also can result from living near a waste storage or disposal
facility; this type of exposure also has been associated with a wide variety of diseases and
disorders (Fazzo et al., 2017). Furthermore, air pollution is inextricably linked to global climate
change. Fossil fuel combustion—which is a major source of particulate air pollution—produces
greenhouse gases and short-lived climate pollutants, which are responsible for global climate
change (Scovronick et al., 2015).

Although it is a global threat to health and well-being, climate change manifests as impacts
on communities. For example, global climate change is making extreme heat events more
frequent and more intense, but health impacts on populations vary widely within communities
according to features of the built environment, demographics and socioeconomics, and other
neighborhood factors (Madrigano et al., 2015; Uejio et al., 2011). Neighborhoods that lack green
space and have greater amounts of impervious surfaces tend to retain more heat throughout the
day and overnight (Ziter et al., 2019). Similarly, localized flooding can occur after heavy storm
events, when precipitation overwhelms the capacity of the urban drainage system, but which
locations experience flooding and how people are affected can vary significantly within urban
landscapes and might depend on such factors as the amount of impervious surface in a
neighborhood.

Environmental Injustice

Environmental injustice can refer to both the inequitable decisionmaking procedures
underlying the distribution of environmental burdens in communities (i.e., procedural injustice)
and the actual distribution of environmental burdens within communities (i.e., distributive
injustice) (Parris, Hegtvedt, and Johnson, 2021). Distributive environmental injustice, which is
defined as the disproportionate exposure of communities of color and the poor to pollution, has
been recognized as a problem within the United States for many decades (Mohai and Bryant,
1992). In the early 1980s, the siting of a hazardous waste landfill in a predominantly Black
community in North Carolina led the U.S. General Accounting Office to conclude that three of
the four major hazardous waste landfills in the South were located in communities
predominantly composed of Black residents and those living in poverty (U.S. General
Accounting Office, 1983). These events led to a nationwide landmark study, Toxic Wastes and
Race in the United States, conducted by the United Church of Christ’s Commission for Racial
Justice (Commission for Racial Justice, 1987). This report demonstrated a consistent pattern
throughout the United States: Communities that contained hazardous waste facilities had about
double the proportion of marginalized residents (defined in the report as Black Americans,
Hispanic Americans, Asians/Pacific Islanders, and American Indians) than communities that did
not have a hazardous waste facility. Results contained within this report also demonstrated that
race was the single largest predictor of where commercial hazardous waste facilities were
located, even when other socioeconomic characteristics of the community were accounted for.



Ultimately, the conclusion that this consistent pattern could not be attributable to chance alone
led to the characterization of this inequity as environmental racism.

Although these findings have powered a movement for environmental justice that has
resulted in positive change for many communities, disparities in exposure to environmental
hazards persist (Brender, Maantay, and Chakraborty, 2011; Bullard et al., 2008; Tessum et al.,
2021). Black Americans are still exposed to 1.5 times the burden of fine particulate air pollution
of the population overall, not only nationally but also within most states and counties (Mikati et
al., 2018). Black Americans are also 75 percent more likely to live in fenceline communities
(i.e., communities that are next to industrial facilities) than the average American (Fleischman
and Franklin, 2017). More recently, evidence has emerged that environmental injustice is not
limited to exposure to hazardous pollution and industrial facilities. For example, according to the
U.S. Environmental Protection Agency (EPA), marginalized populations (i.e., individuals
identifying as one or more of the following: Black or African American; American Indian or
Alaska Native; Asian; Native Hawaiian or other Pacific Islander; other; and Hispanic or Latino)
are more likely than any other socially vulnerable group to live in areas where the highest levels
of climate change impacts are projected to occur (EPA, 2021). Moreover, because the risks of
climate change are projected to increase and interact with other, traditional environmental
challenges, such as poor air quality, climate change has rapidly emerged as a significant and
pervasive environmental justice challenge.

Recently, Charles Lee, a pioneer in the field of environmental justice, reflected on current
stagnation in environmental justice practice and opportunities to integrate the concepts of
disproportionate impacts into environmental decisionmaking (Lee, 2021). Although more than
25 years have passed since the 1994 issuance of Executive Order No. 12898, Federal Actions to
Address Environmental Justice in Minority Populations and Low-Income Populations, Lee noted
that federal agencies have largely avoided using the term disproportionate impacts in their
policies, programs, and activities, even though such impacts were mandated to be identified and
addressed. Consequently, much of environmental justice practice has existed within the realm of
procedural—not distributive—justice, which primarily consists of increased community
involvement in environmental decisions and actions. Both addressing disproportionate impacts
and promoting meaningful engagement are fundamental to environmental justice practice.
However, given the historical imbalance in effort, which largely has focused only on community
engagement, there is a need to bring renewed attention to identifying, characterizing, and
integrating disproportionate impacts. Furthermore, the importance of upstream drivers of those
disproportionate impacts, including systemic and structural discriminatory factors, is
increasingly recognized; thus, considering these upstream drivers is critical to any discussion of
environmental justice (Gee and Hicken, 2021; Perry et al., 2021).



Structural Racism, Residential Segregation, and Neighborhood Environments

An overwhelming body of evidence on racial disparities in environmental exposures and a
drive toward rigorous science to examine upstream determinants of these disparities compel us to
consider racism and discrimination as an explanation for inequities in environmental exposures.
To address the complex interactions among conditions; policies; and social, natural, and built
environmental systems that result in disproportionate environmental impacts, it is crucial to
consider how these inequalities arise and why they persist (Payne-Sturges, Gee, and Cory-
Slechta, 2021). Racial residential segregation is one of the most—deeply rooted causes of
sustained systemic racial inequality (Massey, 2020; Menendian, Gambhir, and Gailes, 2021).
Although antidiscrimination laws have led to a gradual decline in Black-White segregation, it
remains high in most regions of the United States (Logan, 2014). Furthermore, newly developed
measures of residential segregation, which account for the country’s growing diversity, have
demonstrated that among metropolitan regions in the United States with more than 200,000
residents, 81 percent were more segregated as of 2019 than they were in 1990 (Menendian,
Gambhir, and Gailes, 2021).

Historical federal policy has played a large role in residential segregation and has had an
enduring impact. In the aftermath of the Great Depression, the federal government set out to
evaluate the riskiness of mortgages. This practice began in the mid-1930s, when the Federal
Home Loan Bank Board (FHLBB) asked the Home Owners’ Loan Corporation (HOLC) to
create “residential security maps” of 239 cities indicating the level of security for real-estate
investments. The practice was not banned until the passage of the Fair Housing Act in 1968. On
the maps, the newest areas—those considered desirable for lending purposes—were outlined in
green and classified as “Type A.” These were typically affluent suburbs on the outskirts of cities.
“Type B” neighborhoods, which were outlined in blue, were considered “Still Desirable,”
whereas older “Type C” neighborhoods were labeled “Declining” and outlined in yellow. “Type
D” neighborhoods were outlined in red, labeled “Hazardous,” and considered to have the highest
risk for mortgage support. These neighborhoods tended to be located in older districts in the
center of cities, and a predominance of Black Americans in the residential population was
frequently and explicitly used as a factor in determining these D grades, as was the presence in
the neighborhood of immigrant populations and poor environmental conditions (Rothstein,
2017). Because home equity is the largest portion of most Americans’ wealth portfolios, this
practice of redlining neighborhoods that were deemed risky for mortgage support has
substantially shaped wealth accumulation along racial lines and has greatly contributed to the
racial wealth gap that exists in the United States (Sullivan et al., 2015). This, in turn, has
constrained the ability of members of specific racial groups to move to neighborhoods with
better environmental quality, resulting in entrenched environmental injustice. A recent analysis
indicates that historical HOLC grades are strongly correlated with racial residential segregation
today (Menendian, Gambhir, and Gailes, 2021).



Objectives of This Tool

We developed the Environmental Racism tool to enhance access to information on the unjust
distribution of environmental hazards among the U.S. public. The tool (1) visualizes the spatial
variation in present-day environmental hazards and amenities within metropolitan communities
across the United States and (2) compares this spatial variation to past spatial delineations of a
discriminatory practice (i.e., redlining). The results of this analysis can help policymakers and
community residents understand the links between historical discriminatory practices and current
environmental inequities and identify hot spots of environmental burdens that can be targeted for
environmental improvement efforts.

Methods

Data Sources

To enable users to explore the spatial association between redlining and environmental
indicators, the tool integrates and visualizes data that have been collected from several different
sources. We summarize details regarding these data in the following sections.

Home Owners’ Loan Corporation Redlining Data

Data from the University of Richmond’s Mapping Inequality database (Nelson et al.,
undated) were obtained to represent the spatial extent of historical redlining. Mapping Inequality
is a database that contains digitized versions of the HOLC files from the National Archives. It
was produced by a collaboration among teams from the University of Richmond’s Digital
Scholarship Lab, Virginia Tech, the Digital Curation Innovation Center at the University of
Maryland, and Johns Hopkins University.

Environmental Hazards Data

Data on a variety of environmental hazards were obtained from the EPA’s Environmental
Justice Screening and Mapping Tool (EJSCREEN) database (EPA, undated-a). The purpose of
EJSCREEN is to provide a user-friendly environmental justice screening tool. It was first
released to the public in 2015 and was updated in 2016, 2017, 2018, and 2019. EJSCREEN
provides spatially delineated information on 11 environmental and demographic indicators that
can be used to highlight areas for further review, analysis, and outreach. The following
environmental indicators are included in EJSCREEN: air pollution (concentration of fine
particulate matter [PM] 2.5 microns or less in diameter [PM2 5], ozone concentration, and
National Air Toxics Assessment [NATA] air toxics), traffic proximity and volume, proxy for
lead paint exposure, proximity to waste and hazardous chemical facilities or sites, and proximity
to toxicity-weighted wastewater discharges. Our tool includes all the environmental indicators
except lead paint and ozone. Lead paint was excluded because this indicator is a proxy measure



(percentage of housing units built before 1960) and, although potential exposure to lead is
associated with housing age, older housing alone might not represent any actual risk or exposure
to lead. Ozone was excluded because it has less neighborhood-level variation than PM. All data
were downloaded at the census block group level and aggregated to the census tract level for
further processing. Further details on each indicator can be found in the EJSCREEN technical
documentation (EPA, undated-a).

Two indicators of air pollution are included in the tool. PM2 5 exposure has been associated
with a wide variety of health effects, including premature mortality from cardiovascular disease
and exacerbation of asthma (Feng et al., 2016). PM> 5 is included as the annual average
concentration in micrograms per cubic meter (ug/m?), estimated from a combination of
monitoring data and air quality modeling using a Bayesian space-time downscaling approach
(Berrocal, Gelfand, and Holland, 2010a; Berrocal, Gelfand, and Holland, 2010b; Berrocal,
Gelfand, and Holland, 2012). Data are based on 2016 monitoring and modeling estimates and are
available at the census block group level (EPA, undated-b). Diesel PM is the particulate
component of diesel exhaust. The International Agency for Research on Cancer (IARC)
classifies diesel engine exhaust as carcinogenic to humans, because of evidence that it is linked
to an increased risk of lung cancer (Benbrahim-Tallaa et al., 2012). Diesel PM concentration
levels are obtained from NATA, which uses emissions estimates from the National Emissions
Inventory (NEI). Data for diesel PM are based on NEI estimates for 2014 and are available at the
census block group level.

Proximity to motor vehicle traffic is associated with increased exposure to ambient air
pollution and noise, both of which are associated with a variety of health impacts (Basner et al.,
2014; Matz et al., 2019). Traffic proximity is represented by the number of vehicles per day
within 500 m of a census block centroid, divided by distance in meters, presented as the
population-weighted average of blocks in each block group. Measures of traffic proximity in
EJSCREEN are based on annual average daily traffic (AADT) estimates in the Highway
Performance Monitoring System (HPMS) data set in the U.S. Department of Transportation
(DOT) National Transportation Atlas Database (NTAD). Our tool uses 2017 HPMS data.

Water pollutants can have adverse human health effects when the population is exposed
through recreation or drinking (e.g., through downstream drinking water intake or well intake via
groundwater). The wastewater discharge indicator represents the toxicity-weighted concentration
in stream reach segments within 500 m of a census block centroid, divided by distance in meters,
presented as the population-weighted average of blocks in each block group. These
concentrations are calculated from EPA Risk-Screening Environmental Indicators (RSEI)
modeled toxicity-weighted stream concentrations (EPA, undated-c) and consider pollutant
loadings from the Discharge Monitoring Report Pollutant Loading Tool for toxic chemicals
reported to the Toxics Release Inventory. The data represent year 2017 releases.

Proximity to waste and hazardous chemical facilities or sites is represented by three
indicators in this tool: (1) proximity to National Priorities List (NPL) sites, which are a subset of



Superfund or abandoned hazardous waste sites and are considered at high priority for remedial
action; (2) proximity to active hazardous waste treatment, storage, and disposal facilities
(TSDFs) regulated under the 1976 Resource Conservation and Recovery Act (RCRA); and (3)
proximity to facilities that could be at risk for releasing toxic substances and are therefore
required by the 1986 Emergency Planning and Community Right-to-Know Act (EPCRA) and the
1990 amendments to the Clean Air Act (CAA) to file risk management plans (RMPs). These
facilities are also known as RMP facilities. Chemicals from these facilities might reach nearby
residents in several ways: by volatilization and resulting inhalation, migration to groundwater, or
accidental releases. Each indicator represents the number of sites (sites proposed and listed on
the NPL, commercial TSDFs, and RMP facilities) within 5 km of the average resident in a
census block group, divided by distance, calculated as the population-weighted average of blocks
in each block group.

Ambient Temperature Data

Extreme heat is a significant and growing health hazard that is worsening because of climate
change. In the United States, heat is responsible for more fatalities than any other type of weather
event (Weinberger et al., 2020). In urban environments, heat hot spots, or microclimates, can
exist at a neighborhood level and might vary from block to block (Nazari et al., 2015). Because
stationary weather monitors are unable to capture spatial differences at this scale because of the
sparseness of their networks, researchers have come to rely on other available data sources,
including data derived from satellites and models (Kloog, 2019; Lee et al., 2016). However,
satellite-derived surface temperature data do not necessarily measure air temperature to which a
person is exposed and cannot be used to assess exposure to humidity. Publicly available gridded
climate data are a viable alternative to satellite imagery to estimate high-resolution, spatially
resolved temperature and humidity (Spangler, Weinberger, and Wellenius, 2019).

We obtained gridded temperature data from the Parameter-Elevation Regressions on
Independent Slopes Model (PRISM) (PRISM Climate Group, Oregon State University, 2021).
Data were available representing “30-Year Normals,” or average monthly conditions over the
most recent three full decades (1981-2010). The following four temperature indicators were
obtained at 800-m spatial resolution: monthly dew point temperature, monthly maximum
temperature, monthly mean temperature, and monthly minimum temperature.

Tree Canopy Cover Data

Exposure to trees, particularly in urban areas, can provide numerous health and well-being
benefits; it can reduce air pollution, improve the mood and mental health of residents, promote
physical activity, provide shade and cooling, and encourage social engagement (Turner-Skoff
and Cavender, 2019). A tree canopy cover (TCC) layer was obtained from the Multi-Resolution
Land Characteristics (MRLC) consortium, a group of U.S. federal agencies that coordinates and
produces consistent land cover information at a national scale (Coulston et al., 2012). TCC



represents a layer of tree leaves, needles, branches, and stems that occludes the ground when
viewed from an aerial perspective. The geospatial data values represent the proportion of a 30-m
grid cell (from zero to 100) that is covered by tree canopy. Data are from 2016.

Housing in Floodplain Data

As sea levels rise and extreme precipitation events increase in intensity, duration, and
frequency because of climate change, more and more U.S. residents are dealing with residential
flooding. Flooding might result in immediate and longer-term health impacts, including
drowning, gastroenteritis, and stress and mental health complications because of evacuation and
relocation (Paterson, Wright, and Harris, 2018). We obtained data on the proportion of housing
units in a floodplain from the FloodzoneData.us database produced by New York University’s
Furman Center (Rosoff and Yager, 2017). This database estimates the housing stock and
population in floodplains at the national, state, county, and census tract levels in the United
States by combining U.S. Census Bureau data and National Housing Preservation Database data
with the National Flood Hazard Layer (NFHL), which contains the Federal Emergency
Management Agency’s (FEMA’s) Flood Insurance Rate Maps (FIRMs). Our tool includes two
indicators from this database obtained at the census tract level: (1) the proportion of housing
units in the 100-year floodplain and (2) the proportion of housing units in the combined (100-
and 500-year) floodplain, as defined by FEMA. Data are based on housing unit counts from
American Community Survey 2011-2015 five-year estimates (U.S. Census Bureau, undated).

Data Processing

The spatial extent of the historical HOLC polygons from the Mapping Inequality database
was our common unit of analysis for development of this tool. We chose this unit of analysis so
that the distribution of data shown in the box plots displayed in the tool clearly corresponds to a
historical HOLC category. For environmental indicators averaged over census tracts (i.e.,
environmental hazards and housing units in floodplains), we intersected the HOLC polygons
with contemporary census tract geometries using the R package sf. For each HOLC polygon, we
assigned a value of the environmental indicator using a weighted average method. The value of
the environmental indicator for each overlapping census tract was multiplied by a numerical
weight computed as the proportion of the total HOLC polygon represented by the area of
intersection between the HOLC polygon and the census tract. The proportional values were
summed to determine the weighted average environmental indicator value for each HOLC
polygon. For environmental raster data (i.e., TCC and temperature), values were intersected with
HOLC polygons using the R package exactextractr. Areal weighting was performed for raster
cells that partially intersected with HOLC boundaries to consider only the portion of each cell
that fell within the boundaries. The R package exactextractr performs this areal weighting before
zonal statistics are calculated. Raster cells that were contained entirely within HOLC boundaries



contributed in full to the zonal average of the HOLC polygon. Raster values were averaged
within HOLC polygon boundaries to obtain a zonal average measure for each polygon.

Results
Home Owners’ Loan Corporation Redlining Data

Geospatial data in shapefile format were downloaded for 202 metropolitan areas comprising
41,152 unique neighborhood zones, each with a grade indicating the perceived investment risk of
borrowers from that neighborhood, as determined by the HOLC. Grades are from A to E, where
A represents the most desirable grade and D represents the least desirable grade; E grades were
used for “other” neighborhoods that fell outside the residential real estate market. E grade
neighborhoods (n = 4) were dropped from our analytic file, resulting in a total of 41,148 unique
neighborhood zones. Table A.1 shows the distribution of neighborhoods by grade across all
locations included in the study.

Table A.1. Number of HOLC Polygons by Grade Within Metropolitan Areas

Grade Minimum Maximum Mean * SD
Grade A 1 220 19+ 25
Grade B 3 583 4870
Grade C 2 1,518 88+178
Grade D 2 789 54 + 92

NOTE: N = 202 metropolitan areas, 41,148 unique neighborhood
zones. SD = standard deviation.

Metropolitan areas were located across 38 states. Although metropolitan areas represented all
geographic regions in the continental United States, the majority were located between the
Northeast (n = 60; 30 percent) and Midwest (n = 48; 24 percent). HOLC neighborhoods varied in
size and population, occupying areas with current population counts that are roughly equivalent
to those of census block groups (Table A.2).

Table A.2. Population Count and Density by HOLC Grade, Mean * SD

Population Density

Grade Population (per square km)
Grade A 615 + 900 572 + 2,011
Grade B 799 + 1,166 1,432 £ 4,692
Grade C 920 + 1,285 1,889 + 4,675
Grade D 917 + 1,318 2,305 + 5,832

NOTE: SD = standard deviation.



Environmental Hazards Data

Table A.3 presents the distribution of environmental hazards by grade for all EISCREEN
indicators used in the tool. When data for all environmental hazard indicators are compared for
different HOLC grades for all 202 cities for which redlining data are available, they tend to
reveal a consistent pattern of higher levels of exposure in Grade D neighborhoods compared with
Grade A neighborhoods (Table A.3). However, the observed differences are, in some cases, quite
small, which reflects the significant variability among cities with respect to the relationship
between HOLC grades and environmental hazards. As a result, the tool enables users to explore
these relationships within individual cities.

Table A.3. Environmental Hazard Characteristics (mean * SD) of HOLC Polygons, Overall and by

Grade

All Grade A Grade B Grade C Grade D
Environmental Hazard (N=41,148) (n=3,528) (n=9,518) (n=17,700) (n=10,402)
PMzs (ug/md) 88+13 8.7+13 88+13 89+14 89+1.3
Diesel PM (ug/m?) 0.8+0.5 0.7+0.3 0.7+04 0.8+0.5 09+0.6
Traffic proximity and volume 1,730 £ 1,190 £ 1,450+ 1,770+£2,430 2,110 +2,900
(number/distance [m]) 2,410 1,510 1,930
Toxicity-weighted stream concentrationsat 55+177 1.9+331 27+359 4.0+ 155 12.1 £ 286
stream segments within 500 m / distance
(km)
Proximity to Superfund sites 0.2+0.3 0.2+0.2 0.2+0.3 0.2+0.3 02+04
(number/distance [km])
Proximity to RMP facilities 1.3+14 09+0.9 1.0£1.1 1.2+13 1.7+1.6

(number/distance [km])

Proximity to hazardous waste management 11.1+£30.8 59+291 7.8+229 10.4+23.8 1711443
facilities (number/distance [km])

NOTE: Distance measures are defined as follows: Distance for the traffic proximity indicator is the distance of the
street segment that the vehicle count pertains to; distance for the toxicity-weighted stream concentrations indicator is
the distance of the stream reach segment; distance to Superfund sites, RMP facilities, and hazardous waste
management facilities is interpreted as the distance from the average person within the census block group. SD =
standard deviation.

Ambient Temperature Data

Table A.4 presents the distribution of temperature indicators for the summer (June, July, and
August) included in the tool. Because of missing values in the source data, two HOLC polygons
(Grade B neighborhoods in Los Angeles, California; and Tampa, Florida) do not have
temperature metric values. Like the environmental hazard data, temperature data from U.S. cities
suggest that higher temperatures occur within Grade D neighborhoods compared with the
average temperature across all neighborhoods. However, it should be noted that average
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temperature varies significantly across regions of the United States. Therefore, comparisons
across all cities might not be meaningful, and viewing these data at the individual city level
within the tool is more appropriate.

Table A.4. Temperature Characteristics (mean * SD) of HOLC Polygons, Overall and by Grade

All Grade A Grade B Grade C Grade D
Temperature Metric (N=41,146) (n=3,528) (n=9,516) (n=17,700) (n=10,402)
Average summer monthly dew point 16.3+27 164+3.0 16.1+28 16.1+26 16.5+2.8
temperature (°C)
Average summer monthly maximum 283+26 286+28 283+27 282%24 285+26
temperature (°C)
Average summer monthly mean 229+24 23.0x27 228+25 228+23 232+24
temperature (°C)
Average summer monthly minimum 17.5+26 175+x28 17.3+27 174 +25 179+26

temperature (°C)

NOTE: SD = standard deviation.

Tree Canopy Cover Data

Table A.5 presents the distribution of TCC by HOLC grade included in the tool. Because of
missing values in the source data, two HOLC polygons (Grade B neighborhoods in Los Angeles,
California, and Tampa, Florida) do not have TCC values. Because TCC is a beneficial
environmental metric, the pattern observed in the data (lower TCC within Grade D
neighborhoods compared with Grade A neighborhoods) is consistent with the patterns observed
for the other environmental metrics in the tool.

Table A.5. Tree Canopy Coverage (mean * SD) of HOLC Polygons, Overall and by Grade

All Grade A Grade B Grade C Grade D
(N=41,146) (n=3,528) (n=9,516) (n=17,700) (n=10,402)

TCC (%) 11.3+128 19.0+149 13.9+13.5 10.3+12.1 8.1+11.1

NOTE: SD = standard deviation.

Housing in Floodplain Data

Table A.6 presents the distribution of flood metrics used in the tool. Because of missing
values in the flood source data, 3,798 HOLC polygons (9.2 percent) do not have estimates for the
100-year floodplain and 24,712 HOLC polygons (60.1 percent) do not have estimates for the
combined floodplain. Although there is no clear pattern observed in the proportion of housing
units in the 100-year floodplain, the proportion of housing units in the combined floodplain is
greater in Grade D neighborhoods than in Grade A neighborhoods, which is consistent with other
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environmental metrics in the tool. However, because of a large amount of missing data for this
metric, and because missingness is greater for neighborhoods with B, C, and D grades compared
with A grades, caution should be used in interpreting this result.

Table A.6. Proportion of Housing Units in Floodplain (mean * SD), Overall and by Grade

All Grade A Grade B Grade C Grade D

Flood Metric (N=41,148) (n=3,528) (n=9,518) (n=17,700) (n=10,402)
Proportion of housing
units in 100-year 0.03+0.10 0.03+0.10 0.02+0.09 0.02+0.09 0.03 £0.11
floodplain

Missing (n [%]) 3,798 (9.2) 371 (10.5) 1,014 (10.7) 1,477 (8.3) 936 (9.0)
Proportion of housing
units in combined 0.12+0.23 0.09+0.18 0.11+0.21 0.13+0.24 0.14+£0.24

floodplain

Missing (n [%]) 24,712 (60.1) 1,882 (53.3) 5,658 (59.4) 11,097 (62.7) 6,075 (58.4)

NOTE: SD = standard deviation.

Limitations

The descriptive results visualized through this tool provide evidence for an association
between historical redlining and the distribution of many environmental hazards and amenities in
some metropolitan areas, while they fail to provide evidence for an association in other
metropolitan areas. Evidence for an association does not represent causation, and it is not
intended to. This tool can be used to perform exploratory analyses that can help policymakers
and community residents understand the links between historical discriminatory practices and
current environmental inequities and identify hot spots of environmental burdens that can be
targeted for environmental improvement efforts. Such exploratory analyses can be further tested
with a more rigorous methodology, which might include controlling for other historical structural
factors (e.g., early 20th century demographic, socioeconomic, and neighborhood characteristics)
that might confound the relationship between historical redlining and present-day environmental
metrics. Furthermore, systemic discrimination based on race was not only a characteristic of
HOLC maps. It also was part of a larger body of systems and practices, some of which have been
outlawed, while others have continued throughout the almost century-long period between the
implementation of HOLC maps and the present measurement of environmental indicators. Thus,
the analyses presented in the tool cannot attribute inequitable distributions of environmental
hazards and amenities to the practice of redlining alone.

It also should be noted that the environmental indicators presented in this tool do not
represent an exhaustive list of neighborhood environmental factors whose distribution might
have been influenced by structural discrimination. The selected indicators were chosen because
of their relevance to public health and well-being and because of the availability of public-use
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data sets with appropriate spatial coverage and resolution. In addition, many of the
environmental indicators used in this tool are derived from a combination of measurements and
modeling with inherent uncertainty associated with the estimates. The environmental indicators
also represent different snapshots in time and, therefore, do not necessarily represent the latest
estimates of exposure. As mentioned earlier, this tool can be used to perform exploratory
analyses that can inform a more detailed assessment using more-recent and higher-resolution
data derived from local sources.

How to Use the Tool

Users can select a city of interest from the city selector drop-down menu. Cities are listed in
alphabetical order, first by state and then by city. Next, users can select an environmental metric
of interest from the second drop-down menu. The corresponding map and box plots update
according to the user selections. Within the map, users can toggle between the environmental
metric (grayscale) and HOLC grade maps (color) by clicking the “Environmental Metric” or
“HOLC Grade” buttons (see Figures A.1 and A.2). The “HOLC Grade (Outlines)” button allows
the user to see the outlines of the HOLC grade polygons while other map features remain visible.

Figure A.1. Environmental Racism Tool: Environmental Metric View
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Figure A.2. Environmental Racism Tool: HOLC Grade View
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To view the environmental metric and HOLC grades simultaneously, users can select the
“Environmental Metric” button and add color outlines of the HOLC maps by clicking the
checkbox for each grade (A, B, C, and/or D) that they would like to add to the map (Figures A.3
and A.4).

14



Figure A.3. Environmental Racism Tool: Simultaneous View with A and D Outlines
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Figure A.4. Environmental Racism Tool: Simultaneous View with All HOLC Grade Outlines
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The box plot shown in the tool visualizes the distribution—or spread—of data through a five-
number summary (lower extreme, first quartile, median, third quartile, and upper extreme). The
median is the middle value of the data set and is represented by the line inside the box. The first
quartile (25th percentile) is the middle number between the smallest number and the median and
is represented by the lower edge of the box. The third quartile (75th percentile) is the middle
number between the highest number and the median of the data and is represented by the upper
edge of the box. The interquartile range (IQR) is the difference between the third and first
quartiles (or the middle 50 percent of the data). The lines extending from the box represent the
lower and upper extremes of the data. The lower extreme is calculated by subtracting 1.5 times
the IQR from the first quartile. The upper extreme is calculated by adding 1.5 times the IQR to
the third quartile. Values lower than the lower extreme or higher than the upper extreme are
considered outliers and are represented as dots. The box plots in the tool show how the levels of
the environmental hazard or amenity within each HOLC grade in a selected metropolitan area
compare with each other. Figure A.5 shows an example box plot from the tool.

Figure A.5. Environmental Racism Tool: Distribution of Diesel Particulate Matter in Philadelphia,
Pennsylvania, by HOLC Grade

Diesel Particulate Matter Level in Air (ug/m3) by HOLC grade in
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Conclusion

The Environmental Racism tool is a publicly available, user-friendly means to begin to
explore the connections between a historical discriminatory practice and present-day
environmental injustice. As discussed, it is limited to one discriminatory practice (i.e., redlining)

16



and 14 environmental metrics. Future versions of the tool may be revised to include other
discriminatory practices and environmental indicators as data become available. The tool
visualizes data on redlining and environmental metrics in more than 200 locations in the United
States. It can be used by community residents, advocates, and policymakers to identify hot spots
of environmental burdens that can be targeted for environmental improvement efforts. It can also
be used by other researchers to generate hypotheses that may be tested with additional data and
analyses. For example, longitudinal data on environmental metrics could provide more
information on how patterns have changed over time in different HOLC neighborhoods. Pairing
such data with information on community-level policies might provide some indication of how
environmental conditions in certain neighborhoods can be improved in the future. Within the
context of a national reckoning on systemic racism and the enormous challenge of confronting a
changing climate, it is expected that there will be a wide variety of uses and applications for this
tool.

17



Abbreviations

AADT
CAA
DOT
EJSCREEN
EPA
EPCRA
FEMA
FHLBB
FIRM
HOLC
HPMS
IARC
IQR
MRLC
NATA
NEI
NFHL
NPL
NTAD
PM
PRISM
RCRA
RMP
RSEI
TCC
TSDF

annual average daily traffic

Clean Air Act

U.S. Department of Transportation

Environmental Justice Screening and Mapping Tool
U.S. Environmental Protection Agency

Emergency Planning and Community Right-to-Know Act
Federal Emergency Management Agency

Federal Home Loan Bank Board

Flood Insurance Rate Map

Home Owners’ Loan Corporation

Highway Performance Monitoring System
International Agency for Research on Cancer
interquartile range

Multi-Resolution Land Characteristics

National Air Toxics Assessment

National Emissions Inventory

National Flood Hazard Layer

National Priorities List

National Transportation Atlas Database

particulate matter

Parameter-Elevation Regressions on Independent Slopes Model

Resource Conservation and Recovery Act
risk management plan

Risk-Screening Environmental Indicators
tree canopy cover

treatment, storage, and disposal facility
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