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Abstract

Housing is a key social determinant of health, but programs that create affordable housing may
unintentionally concentrate residents in neighborhoods with unhealthy exposures, such as air pollution.
This article examines whether neighborhoods with Low-Income Housing Tax Credit (LIHTC) properties
have higher levels of industrial air pollution than comparable neighborhoods without LIHTC properties.
The findings indicate that, within a given metropolitan area, more polluted neighborhoods are more
likely to contain LIHTC propetties (odds ratio [OR] 1.08 for 10-percentile-point increase in industrial
air pollution). However, that relationship is no longer significant after accounting for neighborhood racial
composition and socioeconomic status and is reversed when accounting for housing market characteristics
(OR 0.95 for 10-percentile-point increase in industrial air pollution in fully adjusted model). These results
provide the first estimates of the association between LIHTC properties and industrial air pollution at

the national level and suggest that the disproportionate burden of air pollution exposure among LIHTC
residents may be mediated by neighborhood conditions such as poverty and rental market quality.
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Introduction

Living in safe and affordable housing is increasingly recognized as foundational for health and well-
being (Taylor, 2018). Beyond the housing unit itself, neighborhoods can have a strong influence on
long-term health outcomes by shaping access to economic and educational opportunities, as well
as exposure to potential harms, such as crime or pollution (Diez Roux and Mair, 2010). Federal
programs can provide residents with stable and affordable housing; however, those programs may
unintentionally concentrate residents in neighborhoods with fewer resources or more harmful
exposures. Thus, characterizing the neighborhoods in which these programs are built is important
to fully understand their potential relationship to resident well-being.

The Low-Income Housing Tax Credit (LIHTC) is the nation’s largest affordable housing program.
Although previous studies of LIHTC have found that properties tend to be located in lower-
income neighborhoods compared with renter households overall—and in predominantly minority
neighborhoods and those with poorer schools (Ellen and Horn, 2018a; Horn and O'Regan, 2011;
McClure and Johnson, 2015)—Tless is known about other features of LIHTC neighborhoods that
may affect the health and well-being of their residents. Outdoor air pollution, specifically, has
important health consequences, including increased prevalence of asthma exacerbations and
incidence of heart disease, cancer, and stroke (Sun and Zhu, 2019). Few studies have examined the
relationship between air pollution and the location of LIHTC properties.

The aim is to build on previous work by examining the association between industrial air pollution
and the location of LIHTC properties. Industrial air pollution, rather than pollution from mobile
sources such as cars or trucks, can be immediately linked to a physical location, such as a
manufacturing plant. Although the distribution of pollution in the area around a point source is
complex and not necessarily related to linear distance from the source (Chakraborty, Maantay, and
Brender, 2011), policymakers and LIHTC developers may find that identifying point sources rather
than mobile sources is easier for purposes of considering them in funding allocations. In addition,
this study seeks to account for neighborhood-level characteristics, such as poverty level and racial
or ethnic composition, that have been associated with the location of LIHTC properties.

Low-Income Housing Tax Credit

Administered through the Internal Revenue Service, LIHTC is the largest program designed to
finance affordable housing in the United States. LIHTC awards tax credits to housing developers
who build or renovate affordable housing, and it has produced more than 3 million units of
affordable housing since its inception in 1986 (HUD, n.d.). Typically, these properties require

that residents earn less than 50 to 60 percent of the Area Median Income. Some properties accept
residents who exceed those income limits, although many residents fall well below them (O'Regan
and Horn, 2013). Most properties are for general occupancy, but some have “target populations,”
such as families, senior residents, or formerly homeless individuals.

The location of LIHTC properties in each state is shaped by Qualified Allocation Plans (QAPs).
QAPs are documents that provide guidance in how LIHTC funds should be allocated. States
typically have more applications for funding than available funds, so, to prioritize applications,
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QAPs specify how points should be awarded for certain aspects of the development plan.
Although some federal requirements are in place for QAPs, such as preferences for developing

in high-poverty areas, states have considerable ability to customize and revise the QAPs to meet
their own policy goals (Ellen and Horn, 2018b). For example, states may award more points

to properties in low-income census tracts to promote revitalization. Alternatively, states may
incentivize development in “high-opportunity” areas, such as high-income neighborhoods or

areas near schools, jobs, or public transportation. LIHTC funding can also be used to revitalize
existing housing and can be combined with other funding streams, such as the HOPE 1V, Rental
Assistance Demonstration (RAD), or Choice Neighborhoods. States recertify QAPs regularly, so
priorities may change over time on the basis of the needs and interests of the state housing agency
and other stakeholders. Recent initiatives across several states have attempted to prioritize LIHTC
development in areas that may offer more opportunities for low-income residents (Ellen and Horn,
2018b). Various mechanisms within QAPs that incentivize developments in high-opportunity
areas can effectively decrease new LIHTC development in low-income and predominantly minority
neighborhoods (Ellen and Horn, 2018b).

Many states have used QAPs as mechanisms to promote the health of LIHTC residents, including
environmental building standards that promote energy efficiency, avoidance of toxic materials, and
lead abatement (Shi, Baum, and Pollack, 2020). QAPs may also incentivize proposals with co-
located services, such as health screenings, nutrition counseling, or case management (Shi, Baum,
and Pollack, 2020). Finally, QAPs may award additional points for proposals located near health-
promoting services, such as community health centers, grocery stores, or parks (Shi, Baum, and
Pollack, 2020). Developers recognize the inherent challenges and tradeoffs in these approaches,
however; for example, building a property farther from a busy highway may decrease traffic emission
exposure but also decrease the visibility of advertising about the property (Shi, Baum, and Pollack,
2020). Overall, more research is needed on how LIHTC developments can promote health beyond
housing affordability alone; those data could come in the form of Health Impact Assessments to
characterize the health benefits of LIHTC across sectors (Shi, Samuels, and Pollack, 2017).

Extensive literature has characterized the demographics of neighborhoods where LIHTC properties
are located. LIHTC properties tend to be built in areas with higher poverty rates and greater
unemployment, compared with renter households nationwide (McClure and Johnson, 2015).
LIHTC properties are also constructed in areas with a higher proportion of Black residents (Horn
and O'Regan, 2011). Although most units are in metropolitan areas and central cities, LIHTC
properties are also increasingly being built in suburban areas (McClure, 2006).

LIHTC properties tend to be in areas with fewer resources than areas where rental properties are
located overall. LTHTC households are more likely to live in neighborhoods with poor labor market
engagement and worse school quality (Ellen, Horn, and Kuai, 2018). LIHTC neighborhoods,
compared with other, similar neighborhoods, have poorer sidewalk completeness, which is a
measure of walkability (Woo, Yu, and Lee, 2019). Compared with rental housing overall, LIHTC
properties experience better transit access and affordability (Ellen, Horn, and Kuai, 2018);
however, less is known about other aspects of neighborhood quality, especially those that may have
an impact on health.
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Air Pollution

One important feature of neighborhood quality is air pollution. Air pollution includes many
different types of chemicals, often classified into criteria air pollutants and hazardous air pollutants.
Criteria air pollutants—including PM2.5 (particulate matter with diameter < 2.5 microns),

lead, carbon monoxide, and ozone—are present in larger quantities in the environment and are
closely regulated by national emissions standards (EPA, 2021a). Hazardous air pollutants include
hundreds of chemicals that have more serious health effects per “dose” but are present in smaller
quantities overall (EPA, 2021b).

Air pollution has an important role in disease nationally. Outdoor air pollution has been linked
with a host of adverse health outcomes, including asthma, chronic obstructive pulmonary disease
(COPD), cancer, stroke, and heart disease (Adamkiewicz, Liddie, and Gaffin, 2020; Kampa and
Castanas, 2008; Schraufnagel et al., 2019). In particular, PM2.5 has been widely studied as a key
correlate of adverse health outcomes, including heart disease, stroke, and respiratory illness, and is
a significant contributor to mortality worldwide (Bu et al., 2021; Rajagopalan, Al-Kindi, and Brook,
2018). Other types of air pollution beyond PM2.5 are also known to damage health. Exposure

to hazardous air pollutants has been associated with a wide variety of acute and chronic health
effects, including asthma, cancer, neurological disease, and cardiovascular dysfunction (Cicalese
etal., 2017; Hill et al., 2021; Malek et al., 2015; Moore and Hotchkiss, 2016). Hazardous air
pollutants have also been linked to children’s educational outcomes, including reduced executive
function, poorer early cognitive ability, and lower standardized test scores (Gatzke-Kopp et al.,
2021; Grineski, Collins, and Adkins, 2020; Lett, Stingone, and Claudio, 2017). These effects on
health and well-being persist even after controlling for race and socioeconomic status, suggesting
that air pollution is independently associated with adverse outcomes rather than simply a correlate
of neighborhood disadvantage.

Both criteria and hazardous air pollutants are generated from multiple sources. Industrial sites,
such as factories, refineries, and power plants, produce a large component of outdoor air pollution,
especially hazardous air pollutants. Other sources of air pollution include mobile sources, such as
cars and trucks, and natural sources, such as forest fires (EPA, 2021d).

Recent studies suggest that industrial air pollution causes adverse health outcomes independent
of other pollution sources and should be examined on its own (Persico, Figlio, and Roth, 2016;
Persico and Venator, 2021). Much of this research has focused on proximity to Toxics Release
Inventory (TRI) facilities. TRI sites are industrial pollution sites which release chemicals known to
cause adverse health or environmental impact and have been mandated to report annual emissions
data to the U.S. Environmental Protection Agency (EPA; 2021f). Geographic proximity to a TRI
facility during gestation correlates with a higher rate of children dropping out of high school and
with lower family income over a lifetime (Persico, Figlio, and Roth, 2016). In schools closer to TRI
sites, children perform significantly worse on math and reading tests than the general population,
even when accounting for race, gender, and socioeconomic status (Persico and Venator, 2021).
Cognitive disabilities are also more common among populations who were closer to TRI sites
during gestation (Persico, Figlio, and Roth, 2016).
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Industrial air pollution, compared with that from other sources, is particularly salient to the
residents of neighborhoods near these sites. Residents who live near an industrial site report

a higher perception of pollution risk compared with those who live near sources of vehicular
pollution (Chakraborty et al., 2017). Much environmental activism has centered around closure
or decontamination of industrial sites (Allen et al., 2019; Bratspies, 2020; Knezevich and Condon,
2020). In addition, neighborhoods with TRI sites can become “corrosive communities” with
decreased civic engagement and low public trust in government (Brown, 2022; Freudenburg and
Jones, 1991).

Air pollution exposure—whether from industrial or other sources—disproportionately affects
low-income communities and communities of color (Jones et al., 2014). Historically, Black
homebuyers and renters were limited to lower quality neighborhoods by discriminatory policies,
such as redlining and exclusionary zoning (Pietila, 2010). As a result of those discriminatory
policies, Black Americans are more likely to live in more polluted cities overall and in more
polluted neighborhoods within cities (Ash and Fetter, 2004). Areas that received the worst
redlining “grade” currently experience a significantly higher burden of air pollution, as well as
other environmental hazards, including extreme heat and toxic waste sites (Lane et al., 2022).
Present-day residential racial segregation is linked to disparities in both criteria and hazardous
air pollutants, which may contribute to well-described disparities in morbidity and mortality
(Morello-Frosch and Lopez, 2006).

These disparities are particularly apparent in the distribution of industrial air pollution. Facilities
that produce air pollution and other environmental hazards are more likely to have been built in
low-income and majority-minority areas (Zwickl, Ash, and Boyce, 2014). Industrial air pollution
also tends to be higher in cities with greater residential racial segregation (Ard, 2016). Although
industrial air pollution has declined nationwide over the last several decades, racial inequities

in pollution exposure persist (Salazar et al., 2019). Even in states with stronger environmental
protection policies, the disproportionate burden of industrial air pollution on residents of color has
not significantly decreased over the past several decades (Bullock, Ard, and Saalman, 2018).

Air Pollution and Public Housing

Limited literature exists to describe the burden of air pollution among recipients of housing
assistance programs. Most studies focus on indoor air pollution, especially that from secondhand
smoke, given recent legislation banning smoking in public housing developments (Anastasiou et
al., 2020; Galiatsatos et al., 2020). Relatively few studies examine outdoor air pollution exposure
among federally assisted households, however. Recent attention has focused on the proximity of
public housing developments to Superfund sites or hazardous waste sites in need of remediation.
Reports from EPA and the U.S. Department of Housing and Urban Development (HUD) estimate
that approximately 77,000 federally assisted households are living within 1 mile of the most
polluted Superfund sites (Coffey et al., 2020). These figures provide a conservative estimate of the
burden of environmental contamination on federally assisted households, as this number does not
include all hazardous waste sites or other housing programs. Extensive organizing by community
members and advocacy organizations has shone a spotlight on the health hazards of living near
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these toxic waste sites, as well as poor coordination between federal, state, and local agencies
responsible for housing, pollution, and health (Coffey et al., 2020).

Other analyses examine the location of public housing in relationship to major roadways. In New
York State, a significant proportion of public housing developments are in close proximity to major
roadways, which may confer greater risk for morbidity and mortality due, in part, to air pollution
from mobile sources (Krisko, 2021). Almost 2 percent of public housing developments in the state
are in census tracts where PM2.5-related mortality is twice the state average (Krisko, 2021).

Previous Work on LIHTC and Air Pollution

Air pollution is an important but understudied aspect of the neighborhood environment where
LIHTC properties are located. One key study describing air pollution exposure among LIHTC
properties is that of Ellen, Horn, and Kuai (2018). In that study, Ellen and colleagues used a
sample of 12 states for which they were able to obtain individual-level data on LIHTC households.
The study included all LIHTC units built up until 2011 or 2012, depending on the quality of
state-level data. The sample was constructed with each observation representing either an LIHTC
unit or a rental unit. Then, the authors used multiple measures of neighborhood opportunity
from the HUD Affirmatively Furthering Fair Housing dataset, including the HUD environmental
health index, as dependent variables to describe differences in the neighborhood conditions of
LIHTC units compared with other rental units. The authors found that LIHTC units were in
neighborhoods with higher poverty rates, worse schools, and lower labor engagement. LIHTC units
were also found in neighborhoods with poorer environmental quality, although the magnitude of
this difference (1 percentile point) was lower than the difference in other percentile-based indices.
By contrast, LIHTC units were found in neighborhoods with a greater percentage of tenants

using public transportation and more affordable transportation for low-income residents. Using
tenant-level data, the authors also found that, compared with non-poor LIHTC tenants, low-
income LIHTC households lived in neighborhoods with greater air pollution. Similarly, Black and
Hispanic LIHTC households lived in neighborhoods with greater air pollution than White LIHTC
households, even after controlling for household poverty status. Notably, their regressions included
fixed effects for the metropolitan statistical area (MSA) but no other neighborhood-level covariates.
Thus, the primary findings represent average differences within an MSA and do not account for
possible confounders, such as neighborhood poverty level, racial segregation, or other factors that
may influence LTHTC siting decisions and the burden of air pollution.

In another analysis focusing on traffic exposure, transit access, and walkability, LTHTC properties
were compared with housing choice voucher units in Orange County, California (Houston, Basolo,
and Yang, 2013). Compared with voucher units, LIHTC properties were more likely to be found
in neighborhoods with commercial, transportation, utilities, or vacant land use and less likely to
be found in residential areas. When adjusted for block group demographics and land use, LIHTC
properties were less likely than voucher units to be found in high-traffic areas and were thus

less exposed to vehicular air pollution. That relationship was not significant when adjusting for
walkability and transit characteristics of the neighborhood, however. Similar to trends described
above in the characteristics of LIHTC neighborhoods, the findings from Ellen, Horn, and Kuai
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(2018) and Houston, Basolo, and Yang (2013) suggest that LIHTC units may experience more air
pollution than rental units overall but less than voucher units.

Present Study

This study compares industrial air pollution exposure in neighborhoods with LIHTC properties
with neighborhoods without LIHTC properties, although how neighborhood conditions may

be contributing to this relationship is unclear. Given racial and economic disparities in both the
location of LIHTC properties and the distribution of industrial air pollution, it is hypothesized that
neighborhoods with LIHTC properties will be exposed to a higher level of industrial air pollution
than neighborhoods without LIHTC. Finally, it is hypothesized that these disparities will persist
even after controlling for neighborhood characteristics.

Methods

LIHTC

A publicly available database of LIHTC properties built from 1986 to 2018 was obtained from HUD.
Available data include property address, coordinates, and census tract, as well as number of rental
units. Properties that were listed as “no longer monitored” by the LIHTC program (~15 percent)
were retained because they may still be low-income properties (Ellen, Horn, and Kuai, 2018).

The initial dataset was restricted to 48,278 properties in the 50 states and Washington, D.C.
Properties that could be successfully geocoded were retained (n=46,296). Entries corresponding
to multiple buildings within the same property were merged into one observation, and duplicate
entries were removed, leaving 43,044 properties. Properties were dropped if they were put into
service after 2018 or contained 0 or missing units (n=314). For properties with missing year
put into service (n=3,306), the value was replaced with the year that funds were allocated plus

1 year, representing the average difference between the year put in service and the year funds
were allocated among properties that had both values. Properties missing both the year put in
service and the year of funding allocation were dropped (n=1,733). Properties were categorized
by year put into service into three time periods: early years (1987-1999), housing bubble era
(2000-2007), and crash and recovery period (2008-2018), following the approach of McClure
and Schwartz (2021).

Census tracts were designated as having no LIHTC units or least one LTHTC unit. Tracts that could
not contain LIHTC properties were removed, including tracts that completely cover bodies of water
(n=317); other nonhabitable areas, such as airports (n=423); and tracts with no inhabitants (n=47).
Tracts were also removed if they did not contain any multifamily units, defined as a building
containing two or more housing units, based on the 2014-2018 American Community Survey
5-year estimates (n=4,709, or 6.5 percent of all remaining tracts). Finally, following the approach
of Ellen, Horn, and Kuai (2018), the dataset was restricted to those tracts with greater than 200
inhabitants located in metropolitan areas, as defined by the U.S. Census Bureau 2018 metropolitan
divisions (U.S. Census Bureau, 2021).
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The final dataset includes 56,379 tracts overall and 16,406 tracts containing LIHTC properties.
These metropolitan LIHTC tracts include 32,332 properties and 2.6 million units, or ~67 percent
of the entire LIHTC stock.

Industrial Air Pollution

Industrial air pollution was described using the 2018 Risk-Screening Environmental Indicators
(RSEI) data (EPA, 2021e). RSEI compiles information reported annually to the Environmental
Protection Agency on the release of more than 700 toxic substances, including all hazardous air
pollutants, from Toxics Release Inventory (TRI) sites (EPA, 2021f). The RSEI score incorporates
dispersion variables such as height of pollutant emission and wind direction to model the pollutant
exposure “dose” in the area surrounding each release site. It then adds a “toxicity weight” to each
compound released, which represents its relative effect on human health in terms of cancer and
non-cancer health outcomes. The RSEI geographic microdata then construct a “toxicity-weighted
concentration,” which accounts for both dose and toxicity weight and allows a comparison across
geographic areas. These toxicity-weighted concentrations are then scaled on a national percentile in
which all census tracts are ranked from 0 to 100 in order of toxicity-weighted concentration, with
higher numbers reflecting higher levels of harmful toxic exposures.

The RSEI measure was chosen for several reasons. First, RSEI describes aggregate exposure to
hundreds of toxic chemicals rather than focusing on individual pollutants. Those data more
accurately model exposure to air pollution than does the simple linear distance to a point source
(Chakraborty, Maantay, and Brender, 2011). Second, although the RSEI measure does not model
the precise health impact of air pollution (for example, number of excess cancer cases per year),

it serves as a screening tool that can describe general trends in burden of air pollution exposure.
Third, RSEI models are released yearly, which allows for up-to-date estimates of local sources of
air pollution. Area-level measures in the RSEI model are designed to be compared with each other
across space and across time (EPA, 2021e). Fourth, the geographic microdata, including toxicity-
weighted concentration, are available at the census tract level and can be easily merged with other
census-tract level datasets. Finally, the releases relate to specific physical sites, which are identified
in the EPA database. State LIHTC allocation agencies and LIHTC developers could locate those sites
through the EasyRSEI dashboard and by their RSEI score to help make decisions about where to
incentivize and propose new LIHTC properties (EPA, 2020).

Sensitivity analyses that compare this approach to that of Ellen, Horn, and Kuai (2018) use the
HUD Affirmatively Furthering Fair Housing (AFFH) environmental health index (HUD PD&R,
2020). This index is constructed from the National Air Toxics Assessment (NATA), another
commonly used environmental health index, which models the health risks from hazardous air
pollutants (EPA, 2021c¢). These data model health risk from TRI industrial sites, as well as from
mobile sources, such as cars and trucks. An important consideration is that NATA estimates may
include different chemicals across years and are thus not intended to be compared across time
periods. NATA estimates are also not intended to be compared across geographic areas but rather
as a screening tool to highlight areas that may require further study. Higher values on the HUD
AFFH environmental health index correspond to better air quality, to compare with other AFFH
indices in which higher scores represent better neighborhood conditions, such as improved school
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quality or higher employment. For ease of comparison with the RSEI percentile, the HUD AFFH
environmental health index was inverted so that higher scores on both indices represent increasing
burden of air pollution. Ellen, Horn, and Kuai (2018) use the 2012 AFFH index, which uses data
from the 2005 NATA release. Models were run with the 2012 AFFH index as well as the more
recent 2018 index, based on the 2014 NATA release (HUD, 2020).

Neighborhood Characteristics

Census tract level variables were obtained from the American Community Survey 5-year estimates
from 2014 through 2018 for all census tracts in the 50 states and Washington, D.C. Data were
retrieved from the IPUMS National Historical Geographic Information System (Manson et

al., 2020). Included are several groups of variables known to be associated with both LIHTC
location and air pollution exposure. Those factors include data related to the housing market
(median rent, percent renter occupancy, percent of rental units left vacant), factors related

to socioeconomic status (percent unemployed and percent below federal poverty level), and
demographic characteristics (percent Black residents and percent Hispanic residents). Population
density and urbanicity are also included. Urbanicity was described using Rural-Urban Commuting
Area (RUCA) codes, which categorize tracts on the basis of population density, urbanization,

and commuting patterns within metropolitan areas (U.S. Department of Agriculture, Economic
Research Service, 2020). Tracts were categorized as urban, suburban, large rural, or small rural
(Washington State Department of Health, 2016).

Analysis Methods

The analysis began by describing differences between census tracts that contain LIHTC properties
and census tracts that do not, using one-way analysis of variance or Chi? tests. Next, several logistic
regression models were estimated in which the RSEI toxicity-weighted concentration nationally
ranked percentile was the independent variable and the presence of any LIHTC property was

the dependent variable. Each regression model included a fixed effect for the MSA in which each
tract is located. For MSAs that cover multiple states, a fixed effect was used, which referred to the
combination of MSA and state that applied to a given census tract. For adjusted models, covariates
were added to the model by category of covariates (urbanicity, housing market characteristics,
socioeconomic status, race and ethnicity). Thus, these models describe the independent association
of industrial air pollution with the presence of LIHTC in a tract while controlling for variables that
may be associated both with LIHTC location and burden of air pollution. The regression equation
is shown below:

Log 0dds(LIHTC) = f, + By * RSEl; + 3, * X; + 0; + ¢;

In this equation, LIHTC; is an indicator variable for the presence or absence of at least one LIHTC
unit in census tract i. RSEI; is the inverted nationally ranked percentile of the RSEI industrial

air pollution toxicity-weighted concentration for a given census tract. f is the intercept. §;

is the regression coefficient; when exponentiated, this variable represents the odds ratio for

each 10-percentile-point increase in the RSEI industrial air pollution score. f8; is a vector of
estimated coefficients, and X; is an array of tract-level variables. gj is the state or MSA fixed
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effect. & represents standard errors clustered by MSA. Results are presented as odds ratios, or the
exponentiated forms of the coefficients in this equation.

In secondary analyses, separate unadjusted and fully adjusted regressions were run, in which

the dependent variable was the presence of LIHTC units built in each of the three time periods
(1987-1999, 2000-2007, 2008-2018). Separate regression models for each state and Washington,
D.C., were run, to explore whether the relationship between industrial air pollution and the
presence of LIHTC units differed across jurisdictions. For the final secondary analysis, the sample
was restricted to those tracts that contain at least one LIHTC unit. This analysis used a linear
regression model in which the dependent variable was the number of LIHTC units in the tract,
and the independent variables were the RSEI percentile and covariates as described above. In this
analysis, the dependent variable (number of LIHTC units) was highly positively skewed, so tracts
with greater than 1,000 units were “top coded” (n=125, or 0.7 percent of all LIHTC tracts).

A series of sensitivity analyses were performed to explicitly compare the findings with those of
Ellen, Horn, and Kuai (2018), which describes the differences in neighborhood conditions between
LIHTC units and rental units in 12 states. First, the sample was limited to the LIHTC units that had
been built in those 12 states in or before 2012. Next, a primary regression was performed (odds of
LIHTC properties in the tract versus air pollution index) using four separate models, each using a
different air pollution index as the independent variable: (1) the HUD environmental health index
from 2012, as used by Ellen and colleagues; (2) an updated HUD environmental health index from
2018; (3) the RSEI index from 2012; and (4) the RSEI index from 2018 as used in the rest of this
analysis. Then, the four models were estimated in the main sample, which includes all 50 states
and all LIHTC units through 2018. The correlation coefficients between these four air pollution
measures are also presented.

Finally, two other sensitivity analyses were included to test several assumptions in the modeling.
Included first is a regression in which the independent variable is the RSEI measure categorized
into quartiles, which allows a test of the assumption that the relationship between air pollution and
the odds of LIHTC is linear. Second, a comparison was made between regressions in which the
sample excludes tracts without multifamily units (the main cohort) versus regressions that include
those tracts.

Results

LIHTC properties were found in 29 percent of metropolitan census tracts (exhibit 1). About one-
fourth of LIHTC tracts had 50 units or less, whereas another one-fourth contained more than
200 units. Tracts with LIHTC properties differed in several key characteristics from tracts without
LIHTC properties. Compared with non-LIHTC tracts, LTIHTC tracts had higher proportions of
Black residents (22.6 percent versus 12.3 percent, p<0.001) and Hispanic residents (20.1 percent
versus 17.7 percent, p<0.001). Socioeconomic disadvantage was greater in LIHTC tracts, with an
average poverty rate of 20.4 percent. LIHTC tracts were more densely populated and had greater
proportions of renters (50.8 percent versus 35.7 percent, p<0.001). On a national level, LIHTC
tracts in metropolitan areas experienced 1.7 percentile points higher industrial air pollution than
non-LIHTC tracts (55.6 versus 53.9, p<0.001).
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Exhibit 1
N
Bivariate Analysis of Census Tract Characteristics by Presence of LIHTC Properties
Census Tracts With Census Tracts Without
LIHTC Properties LIHTC Properties
N (%) or Mean (SD) N (%) or Mean (SD)
Total 16,406 (100%) 39,973 (100%)
Number of LIHTC Units per Tract
1to0 50 4,437 (27.0%) ---
51 to 100 3,839 (23.4%) ---
101 to 200 4,103 (25.0%) ---
201+ 4,027 (24.6%)
Population Density, in People per Mi? 7,886 (16,028) 6,270 (12,297)
Urbanicity
Urban 14,060 (85.7%) 34,792 (87.1%)
Suburban 1,299 (7.9%) 3,873 (9.7%)
Large Rural 590 (3.6%) 735 (1.8%)
Small Rural 457 (2.8%) 552 (1.4%)
Median Rent, in $ 1,007 (372) 1,228 (485)
% Renter Occupied 50.8 (22.6) 35.7 (22.4)
% Vacancy 11.2 (8.5) 10.1 (9.4)
% Unemployment 7.7 (5.5) 5.9 (4.1)
% Below Poverty 20.7 (13.4) 13.0 (10.9)
% Black 22.6 (27.5) 12.3 (20.0)
% Hispanic 20.1(23.8) 17.7 (21.8)
RSEI Industrial Air Pollution Percentile 55.6 (27.9) 53.9 (27.9)

LIHTC = Low-Income Housing Tax Credit. RSEl = Risk-Screening Environmental Indicators.

Notes: Includes all metropolitan tracts nationwide with >200 residents and multifamily housing. Sample includes metrapolitan tracts nationwide with >200
residents and multifamily housing. All differences significant at p <0.01.

Sources: 2014-2018 American Community Survey 5-year estimates; LIHTC HUD User database; U.S. Department of Agriculture Economic Research Service
Rural-Urban Community Area Codes; U.S. Environmental Protection Agency, Risk-Screening Environmental Indicators (RSEI) 2018 Mode!

Industrial air pollution was associated with the presence of LIHTC in a tract (exhibit 2). In

the initial model, a 10-percentile-point increase in industrial air pollution was associated with
8-percent higher odds of LIHTC properties being located in that tract (OR 1.08, 95 percent CI
[1.04, 1.12])." This relationship was similar in the model that then adjusted for population density
and urbanicity (OR 1.05, 95 percent CI [1.02, 1.09]). However, in the model that adjusted for
housing market characteristics—including median rent, proportion of renters, and proportion of
vacant properties—the relationship between industrial air pollution and the presence of LIHTC
in a tract was inverted: a 10-percentile-point increase in industrial air pollution was significantly
associated with lower odds of LIHTC properties being located in a tract (OR 0.96, 95 percent CI
[0.93, 0.98]). The industrial air pollution percentile was not significantly associated with LIHTC
in models that controlled for socioeconomic status or for those that accounted for area-level race
and ethnicity. In the fully adjusted model, similar to the model adjusted only for housing market
characteristics, a 10-percentile-point increase in industrial air pollution was associated with

! CI = confidence interval. OR = odds ratio.
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5-percent lower odds of LIHTC properties being located in a tract, all else being equal (OR 0.95,
95 percent CI [0x.93, 0.98]).

Exhibit 2

Logistic Regression for Odds of LIHTC in a Tract Associated with a 10-Point Increase in RSEI
Industrial Air Pollution Percentile

Housing Socioeconomic  Race &

Unadjusted  Urbanicity Market Status Ethnicity Full Model
OR OR OR OR OR OR
95%Cl)  (95%Cl)  (95% Cl) (95% ClI) ©95%Cl)  (95% Cl)
RSEl Industrial Air 4 g 1.05%* 096 0.99 0.97 0.95*

Pollution Percentile

(10-point inerease) 104 112 (1.02,1.00) (093,098  (0.96,1.02  (0.93,101) (0.93,0.98)

Population Density, . 1.00™* . — — 10U
in 100 Persons/Mi? (1.00, 1.00) (1.00, 1.00)
Urbanicity
(ref: Urban) - Ref. o o - Fet
0.77** 1.22*
- Suburban === (0.69, 0.87) - T - (1.05, 1.41)
1.99** 2.01
- Large Rural --- (1.67, 2.19) - T - (1.71,2.37)
1.95%** 2.15*
- Small Rural (1.66, 2.29) (1.78, 2.59)
Median Rent, 0.85" 0.89"*
in $100 (0.82, 0.88) (0.86, 0.92)
1.03** 1.03"
0, N — _— —_— _—
7 Renters (1.03, 1.03) (1.02,1.03)
1.00 0.98"*
0, LY — _— _— _—
% Vacant (0.99, 1.00) (0.98, 0.99)
1.02% 1.01
0, LY — — —_— —_—
% Unemployment (1.01, 1.03) (1.00, 1.02)
1.06*** 1.01*
0, LY — — _— _—
% Below Poverty (1.05, 1.06) (1.00, 1.01)
1.03* 1.01**
0, A — — —_— —_—
% Black (1.03,1.03) (1.01, 1.02)
. . 1.02*** 1.00
0, A — — _— _—
% Hispanic (1.02,1.03)  (1.00, 1.01)
Number of Tracts 56,361 56,357 55,729 56,358 56,360 55,726

Cl = confidence interval. OR = odds ratio. RSEl = Risk-Screening Environmental Indicators.
*p<0.05 "p<001. " p<0.001.

Notes: Sample includes metropolitan tracts nationwide with >200 residents and multifamily housing. All models include MSA fixed effects. /\ signifies change in
odds ratio, ceteris paribus, associated with a 1-point increase in the independent variable from its mean.

Sources: 2014-2018 American Community Survey 5-year estimates; LIHTC HUD User database; U.S. Department of Agriculture Economic Research Service
Rural-Urban Community Area Codes; U.S. Environmental Protection Agency, Risk-Screening Environmental Indicators (RSEl) 2018 Model

Several tract-level characteristics were also associated with the odds of LIHTC in the tract (exhibit
2). In fully adjusted models, suburban and rural tracts were more likely to contain LIHTC
properties compared with urban tracts. Tracts with lower rents and a greater proportion of renters
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were more likely to contain LIHTC, whereas tracts with higher vacancy rates were less likely to
contain LIHTC. Tracts with higher poverty rates and a greater proportion of Black residents were
more likely to contain LIHTC properties, all else equal.

The point estimates of the relationship between present-day industrial air pollution and the

odds of LIHTC development was relatively consistent across three periods in the history of the
LIHTC program (exhibit 3). Similar to trends noted above for all LIHTC properties, tracts with
higher industrial air pollution had higher odds of LIHTC development in the 2000-2007 and
2008-2018 periods. In addition, in models fully adjusted for neighborhood covariates, higher
industrial air pollution was associated with lower odds of LTHTC development in the 1987-1999
and 2000-2007 periods.

Exhibit 3

I
Logistic Regression for Odds of LIHTC Built in One of Three Periods Associated with a 10-Point
Increase in RSEI Industrial Air Pollution Percentile

Unadjusted Adjusted

1987-1999  2000-2007 2008-2018 | 1987-1999  2000-2007 2008-2018

OR OR OR OR OR OR
(95% CI) (95% Cl) (95% Cl) (95% Cl) (95% Cl) (95% CI)

RSEI Industrial Air
Pollution Percentile
(10-point increase)

1.05 1.09% 1.08** 0.95* 0.96* 0.97
(1.00,1.10)  (1.04,1.14)  (1.04,1.13)  (0.92,0.99) (0.93,1.00)  (0.94, 1.00)

Number of Tracts 56,138 56,206 56,138 55,505 55,572 55,505

Cl = confidence interval. OR = odds ratio. RSEI = Risk-Screening Environmental Indicators.

“p<0.05 *p<001. **p<0.001.

Notes: Sample includes metropolitan tracts nationwide with >200 residents and multifamily housing. All models include MSA fixed effects. Adjusted models are
controlled for population density, urbanicity, median rent, % renter, % vacant, % unemployment, % below poverty, % Black residents, and % Hispanic residents.
Sources: 2014-2018 American Community Survey 5-year estimates; LIHTC HUD User database; U.S. Department of Agriculture Economic Research Service
Rural-Urban Community Area Codes; U.S. Environmental Protection Agency, Risk-Screening Environmental Indicators (RSEI) 2018 Model

Similar trends were seen when analyzing by individual states (exhibit A1). In general, most states
had higher odds of LIHTC among more polluted tracts, and this relationship tended to be attenuated
or reversed in adjusted models. In two states (NV and WA), however, LIHTC properties were more
likely to be found in more polluted tracts, even when adjusting for neighborhood covariates.

Industrial air pollution was also associated with the number of LIHTC units among those tracts
that contain at least one LIHTC unit (exhibit A2). A 10-percentile-point increase in industrial
air pollution was associated with an increase of nearly 10 LIHTC units within a given MSA (beta
9.7, 95 percent CI [7.0, 12.5]). That relationship was no longer significant when accounting for
neighborhood covariates, however (beta -0.6, 95 percent CI [-3.1, 0.8]).

In sensitivity analyses, similar trends to the main findings described above were observed when
using the 2012 12-state sample from Ellen, Horn, and Kuai (2018) (exhibit 4); that is, higher levels
of air pollution—using either the HUD environmental health index or RSEI industrial air pollution
percentile from 2012 or 2018—were associated with increased odds of LIHTC in unadjusted
models. As above, the direction of those relationships was reversed in the fully adjusted models.
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Results using the full national sample and the four measures of pollution were similar to those
found using the 12-state sample. Correlations across all four indices were positive and significant;
correlations were stronger between 2012 and 2018 versions of the same index than correlations
between the HUD index and the RSEI percentile (exhibit A3).

Exhibit 4

|
Logistic Regression for Odds of LIHTC in a Tract Associated with a 10-Point Increase in
Air Pollution Percentile

12-State Sample, 2012 Full National Sample, 2018
Unadjusted Adjusted Unadjusted Adjusted
OR OR OR OR
(95% CI) (95% CI) (95% CI) (95% Cl)
) 1.06* 0.95* 1.08* 0.96*
RSEI Percentile 2012 (1.01, 1.12) (0.92, 0.99) (1.03, 1.13) (0.93,0.98)
) 1.07* 0.94* 1.08 0.95"
N
e e (1.08, 1.12) (0.90, 0.97) (1.04, 1.12) (0.93, 0.98)
116" 0.93* 1,15 0.92
AN
HUD Index 2012 (1.10, 1.23) (0.89, 0.97) (1.11, 1.18) (0.89, 0.94)
119" 0.97 1.18" 0.95"
LAl G R (1.12, 1.26) (0.93, 1.01) (1.14,1.22) (0.91, 0.98)
Number of Tracts 27,372 27,083 56,354 55,722

Cl = confidence interval. OR = odds ratio. RSEI = Risk-Screening Environmental Indicators.
A Index used in current analysis.

AN Index used in Ellen, Horn, and Kuai (2018).

“p<0.05 *p<001. " p<0.001.

Notes: Sample includes metropolitan tracts with >200 residents and multifamily housing. Outcome is presence of LIHTC units built in 2012 or earlier (12-state
sample) or presence of LIHTC units built in 2018 or earlier (full national sample). All models include MSA fixed effects. Adjusted models are controlled for
population density, urbanicity, median rent, % renter, % vacant, % unemployment, % below poverty, % Black residents, and % Hispanic residents.

Sources: 2014-2018 American Community Survey 5-year estimates; LIHTC HUD User database; U.S. Department of Agriculture Economic Research Service
Rural-Urban Community Area Codes; U.S. Environmental Protection Agency, Risk-Screening Environmental Indiicators (RSEI) Model

Analyses that categorized industrial air pollution in quartiles revealed similar results (exhibit A4).
The odds of LIHTC increased monotonically with higher quartiles of industrial air pollution (OR
1.47, 95 percent CI [1.20, 1.80] for most polluted quartile, compared with least polluted quartile) in
unadjusted models. In adjusted models, the effect size of the relationship with LIHTC also increased
with increasing air pollution quartile. In other words, tracts with the highest burden of industrial air
pollution had the lowest odds of LIHTC, when controlling for neighborhood characteristics. Finally,
analyses that retained tracts without multifamily construction revealed similar results to the main
findings that include only tracts with multifamily construction (exhibit A5).

Discussion

The findings indicate that, within a given metropolitan area, LIHTC properties are more likely
to be found in tracts with poorer air quality. Although the specific health impact of this excess
industrial air pollution burden is not known, a small difference between LIHTC and non-LIHTC
neighborhoods could have important health implications when applied across millions of LIHTC
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residents nationwide. Indeed, small reductions in average PM2.5 levels have been associated with
communitywide decreases in asthma exacerbation rates and cardiovascular mortality (Rajagopalan,
Al-Kindi, and Brook, 2018; Simeonova et al., 2021). These findings add to the growing body of
literature that describes the qualities of LIHTC neighborhoods and the complex relationships that
exist among neighborhood features.

This finding aligns with previous work that suggested that LIHTC units are exposed to more air
pollution than rental units overall within the same MSA (Ellen, Horn, and Kuai, 2018). Previous
studies, however, presented associations that do not account for neighborhood-level covariates
such as renter population, median rent, or neighborhood demographics, which may be associated
with both air pollution burden and LIHTC development. The adjusted analysis in this study
indicates that the direction of the relationship between air pollution and LIHTC location reverses
when adjusting for those important covariates. This reversal of association between adjusted and
unadjusted models was consistent even when applying the current model to the 12-state sample
used in previous work and with different environmental health indices from multiple years.

In particular, housing market factors—including median rent, vacancy, and proportion of
renters—may drive many LIHTC siting decisions, based on property values and rental demand,

and those forces may have the undesired effect of locating LIHTC developments in more polluted
neighborhoods overall. When local variations in housing markets are considered, LIHTC residents
may experience somewhat better air quality when compared with residents of similar neighborhoods.

The findings from this study also show that, among neighborhoods with LIHTC, more polluted
tracts were found to have higher numbers of LIHTC developments; however, that relationship was
no longer significant when controlling for neighborhood covariates. Thus, LIHTC units may be
more concentrated in polluted neighborhoods within a given MSA, but that circumstance may be
due to other factors, such as neighborhood poverty level or housing market factors, which may
promote larger or multiple developments within a given area. These findings suggest that, on
balance, the burden of air pollution is disproportionate in areas in which LIHTC residents reside.

Consistent with previous research, this study found that LIHTC properties are more likely to be
found in neighborhoods with a greater degree of poverty and unemployment (Ellen, Horn, and
Kuai, 2018). LIHTC properties were in areas with lower median rents and higher concentrations of
renters, which reflects the demand for low-cost rental properties in those areas. LIHTC properties
were also more likely to be found in tracts with a higher proportion of Black residents, even after
controlling for other neighborhood factors, such as socioeconomic status and housing market
characteristics. The combination of higher exposure to industrial air pollution and higher proportion
of Black residents in a neighborhood should motivate investigation into structural forces, such as
housing segregation and environmental racism, which produce both poor quality housing and
environmental harms in neighborhoods with low-income residents and people of color.

The spatial distribution of LIHTC should be considered in the context of complex funding
priorities in Qualified Allocation Plans (QAPs). Although recent policy shifts are expanding the
development of LIHTC properties in higher-income and suburban areas, multiple federal and
state priorities over the program’ history have concentrated properties in urban low-income
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neighborhoods. Other well-intentioned incentives within QAPs may also increase air pollution
exposure, such as incentives awarded for locating LIHTC near employment or transit centers.

The excess pollution risk experienced by workers of color living near industrial centers generally
exceeds the excess employment benefit, however (Ash and Boyce, 2018), so developers should
carefully evaluate those opposing forces when considering where to locate new properties.
Developers must choose between maximizing the number of households that can be assisted by
their properties and offering fewer units in areas where building is more expensive. When choosing
between similar neighborhoods, developers likely prioritize areas that may be more appealing to
potential tenants or that may face less resistance to development from local stakeholders. Many
developers may choose to use LIHTC funds to modernize existing public housing developments.
Because those properties are also more likely to be located in disadvantaged neighborhoods,
developers may tend to concentrate LTHTC developments in areas with higher pollution exposure.
Overall, many complex tradeoffs exist in deciding where LIHTC developments are built, and policy
priorities that provide value in one area (transit access, proximity to community health centers,
renovation of distressed housing) may bring about unintended or unavoidable consequences
(neighborhood poverty, segregation, or air pollution exposure). Indeed, the definition of a

“healthy neighborhood” is complex and may vary on the basis of the priorities and perceptions of
its residents. In qualitative interviews with LIHTC tenants, residents recognize benefits (such as
proximity to work, school, and cultural groups) and limitations (such as crime and pollution) of
living in a neighborhood that may be considered impoverished or disadvantaged and often view
their neighborhood more positively than objective measures of neighborhood quality might suggest
(Reid, 2019). The current work suggests that developers and officials must consider air quality in
relation to the range of factors when making decisions about where to prioritize housing credits.

These findings should be interpreted in the context of several limitations. Although this dataset is
the most accurate source of LIHTC property data available, the data are reported to HUD by the
programs and thus may be inaccurate or incomplete. This analysis describes average trends within
MSAs; given that certain states have more expressly focused on building LTHTC in low-poverty
areas, important variation likely exists between states or MSAs in the characteristics of LIHTC
neighborhoods. State and local policymakers should consider how LIHTC and air pollution may be
related in their specific jurisdiction. This analysis is not able to describe the timing of the placement
of LIHTC developments compared with the timing of industrial development, although it attempts
to demonstrate the relationship between phases of LIHTC development and present-day industrial
air pollution. Industrial development may come before or after LIHTC construction, so this

analysis shows the present results of decades of LIHTC siting decisions. For example, a new LIHTC
property could be built near an existing industrial site, or a new industrial site could be built near
an existing LIHTC property. In both situations, LIHTC residents are exposed to pollution, but the
two scenarios would require different sets of policy solutions. For example, QAP disincentives could
discourage building in areas with a high burden of pollution, whereas community organization

and empowerment of LIHTC residents could prevent the construction of new pollution facilities in
vulnerable neighborhoods. This analysis is unable to describe specific health consequences using
these percentile-based environmental health indices, as it does not contain an inherent cutoff over
which an area is considered “unsafe.” The analyses do not account for spatial autocorrelation in the
distribution of air pollution, LIHTC siting, or other neighborhood covariates, which are likely to
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be spatially dependent. Finally, this analysis does not include other important sources of pollution,
such as traffic; the impact of industrial versus vehicular air pollution on LIHTC may be different
given explicit priorities in some QAPs to locate LIHTC properties either away from highways or near
transportation hubs. However, there were similar results when using the HUD AFFH environmental
health index (based on the NATA index), which includes mobile sources of pollution, such as cars
and trucks, in addition to stationary industrial sources.

Conclusions and Policy Recommendations

Overall, the findings of this study emphasize the importance of considering place when developing
affordable housing. Local policymakers should consider how to use QAPs to prioritize building
LIHTC properties in neighborhoods that promote the well-being of their residents. Recent
initiatives to shift LIHTC development to high-opportunity neighborhoods show promise in
locating LIHTC properties in lower poverty areas, which may carry an added benefit of decreasing
air pollution exposure. Given the findings of this study, there are several suggested avenues for
minimizing air pollution exposure while balancing the complex tradeoffs inherent in decision-
making around LIHTC siting.

State QAPs can incentivize (or mandate) developers to provide a comprehensive summary of
neighborhood conditions in areas where new properties are proposed. Notably, developments
funded by HUD must comply with certain environmental justice standards and produce
environmental assessments before receiving funding (Haberle, 2017). Those requirements do not
necessarily apply to LIHTC properties, however, which are administered through the Department
of the Treasury (Joint Center for Housing Studies of Harvard University, 2009). Although state
LIHTC funding authorities often require such assessments, those environmental assessments or
remediation efforts could be strengthened by mandatory enforcement, as in HUD programs.

Harmful exposures to pollution, however, should be considered alongside neighborhood

assets, including access to schools, jobs, green space, healthy food, social support, and other
opportunities. Some states, such as California, have expanded their emphasis on describing and
incentivizing developments in high-opportunity neighborhoods (Reid, 2019). Beyond describing
neighborhood conditions, states can also commission Health Impact Assessments to characterize
the health benefits or risks of developing in a particular area. QAPs can use these data to explicitly
prioritize development in health-promoting neighborhoods, recognizing that tradeoffs and
balances among different factors may exist (for example, locating close to transportation hubs
versus less dense neighborhoods). Finally, given that households living in LIHTC properties may
experience less industrial air pollution compared with other, similar neighborhoods, more research
is needed to understand the specific mechanisms within QAPs that produce this benefit. Much of
that analysis will be most meaningful if conducted at a state or local level to understand how the
national findings apply to the housing markets and policy landscapes in each jurisdiction.

In addition to housing agencies, other stakeholders can take steps to reduce pollution exposure
among LIHTC residents. Although the implications of those findings for the siting of new
industrial facilities is beyond the scope of this current study, policies can be considered which
limit the development of polluting facilities in close proximity to existing LIHTC properties or
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other federally assisted housing. Enhanced coordination between HUD, LIHTC, and EPA can
ensure that local housing agencies (and their tenants) are informed about environmental concerns
(Coffey et al., 2020). Overall, governmental agencies, advocacy organizations, and community
members should work in concert to limit the disproportionate burden of air pollution and other
environmental harms on federally assisted households.

Appendix

Exhibit A1

Logistic Regression for Odds of LIHTC in a Tract Associated with a 10-Point Increase in RSEI
Industrial Air Pollution Percentile (1 of 2)

State Unadjusted Adjusted Number of Tracts
OR OR

AK 1.41™ 0.99 92
AL 0.97 0.99 734
AR 1.06 0.84* 365
AZ 111 0.98 1,163
CA 1.02 0.88™** 7,236
CO 1.13 1.09 938
CT 1.16 0.87 738
DC 0.79 1.11 175
DE 1.20 0.84*** 190
FL 1.12* 0.96 3,721
GA 0.99 1.01 1,326
HI 1.28™* 0.93 258
IA 1.07 0.89 433
ID 0.98 0.94 190
IL 1.05 0.92 2,562
IN 115" 1.04 1,057
KS 0.90* 0.90 437
KY 1.03 0.93 578
LA 0.91* 0.88 841
MA 1.01 0.90* 1,400
MD 1.14* 0.91* 1,190
ME 1.30"* 1.08 183
Ml 1.04 0.92 1,991
MN 1.03 0.93 920
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Exhibit A1

|
Logistic Regression for Odds of LIHTC in a Tract Associated with a 10-Point Increase in RSEI
Industrial Air Pollution Percentile (2 of 2)

State Unadjusted Adjusted Number of Tracts
MO 1.10™ 0.86 942
MS 1.01 0.97 261
MT 1.26 1.03 81
NC 1.13* 1.00 1,493
ND 1.81™ 1.40 74
NE 1.24 0.93 289
NH 1.91 1.33 165
NJ 1.07* 0.93* 1,864
NM 1.20 0.77 272
NV 1.22* 1.10* 549
NY 1.26 0.97 4,270
OH 1.12 0.99 2,277
OK 0.88* 1.02 592
OR 1.05 0.94 627
PA 1.13* 1.00 2,700
RI 1.08 1.12 237
SC 0.96 1.00 785
SD 1.59** 1.13 82
TN 1.14* 1.04 1,027
TX 1.06 0.98 4,017
uT 0.91* 0.93 476
VA 1.20"* 0.95 1,377
VT 0.19 0.028 37
WA 1.23™* 117" 1,181
Wi 1.04 0.85* 993
WV 0.96 1.01 286
Wy 2.37* 1.20 33

Cl = confidence interval. OR = odds ratio.

*p<0.05 *p<0.01.**p<0.001.

Notes: Sample includes metropolitan tracts with >200 residents and multifamily housing. All models include MSA fixed effects. Adjusted models are controlled
for population density, urbanicity, median rent, % renter, % vacant, % unemployment, % below poverty, % Black residents, % Hispanic residents.

Sources: 2014-2018 American Community Survey 5-year estimates; LIHTC HUD User database; U.S. Department of Agriculture Economic Research Service
Rural-Urban Community Area Codes; U.S. Environmental Protection Agency, Risk-Screening Environmental Indicators (RSEl) 2018 Model
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Exhibit A2

|
Linear Regression for Number of LIHTC Units in a Tract Associated with a 10-Point Increase in
RSEI Industrial Air Pollution Percentile

Unadjusted Full Model
Beta Beta
(95% Cl) (95% Cl)
RSEI Industrial Air Pollution Percentile 9.7 -0.6
(10-point increase) (7.0,12.5) Bl L
. I . -0.02
2 _—
Population Density, in 100 Persons/mi (-0.07, 0.03)
Urbanicity (ref: Urban) --- Ref.
-22.2"
- Suburban T (-31.1,-13.3)
-10.8
- Large Rural T (-23.3, 1.64)
-23.3"
- Small Rural - (-36.0, -10.5)
. . 2.2
Median Rent, in $100 - (-4.7,0.3)
2,27
0, A _—
% Renters (1.9, 2.5)
0 grr
0, N _—
% Vacant (-3.5,-2.3)
-0.9*
0, A _—
% Unemployment (-1.6,-0.2)
0.4
o, LY o
% Below Poverty (-0.1, 0.8)
0.5
0, A _—
% Black (0.3,0.8)
_ ) -0.5*
0, A _—
% Hispanic (-0.9, -0.2)
Number of Tracts 16,406 16,357

Cl = confidence interval. RSEIl = Risk-Screening Environmental Indicators.

\ signifies change in odds ratio, ceteris paribus, associated with a 1-point increase in the independent variable from its mean.

“p<0.05 *p<001. **p<0.001.

Notes: Sample includes metropolitan tracts nationwide with >200 residents and multifamily housing that contains at least one LIHTC property. All models include
MSA fixed effects. Betas correspond to the change in number of LIHTC units in a tract per change in independent variable.

Sources: 2014-2018 American Community Survey 5-year estimates; LIHTC HUD User database; U.S. Department of Agriculture Economic Research Service
Rural-Urban Community Area Codes; U.S. Environmental Protection Agency, Risk-Screening Environmental Indicators (RSEI) 2018 Mode!
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Exhibit A3
.|
Correlation Coefficients Between Air Pollution Percentile Indices
i = HUD Index HUD Index
Percentile Percentile 2012 2018
2012 2018
RSEI Percentile 2012 -- -- -- --
RSEI Percentile 2018 0.85* == = ==
HUD Index 2012 0.25* 0.20** -
HUD Index 2018 0.36* 0.32** 0.66"** -

RSEI = Risk-Screening Environmental Indicators.

**p<0.001.

Notes: Higher scores on each air pollution index indicates higher burden of air pollution. HUD index used here is inverted from original form, so that higher values
correspond to higher pollution. Sample includes metropolitan tracts with >200 residents and multifamily housing.

Sources: HUD, Affirmatively Furthering Fair Housing (AFFH) Opportunity Indices; U.S. Environmental Protection Agency, Risk-Screening Environmental Indicators
(RSEI) 2018 Model

Exhibit A4

I
Logistic Regression for Odds of LIHTC in a Tract Associated with Increasing Quartiles of
Risk-Screening Environmental Indicators (RSEI) Industrial Air Pollution Percentile

Unadjusted Full Model
RSEI Industrial Air Pollution Percentile (QS%RCI) (95?;0')
Quartile 1 (0-25%) Ref. Ref.
Quartile 2 (25-50%) a o T?T40) (0.8%,916 10)
Quartile 3 (50-75%) (0.917',210 48) (0.70 1'??;99)
Quartile 4 (75-100%) R 12(;”1 T;O) (0.257,70*.*93)
p-Value for Trend <0.001 -0.007
Number of Tracts 56,361 55,726

Cl = confidence interval. RSEl = Risk-Screening Environmental Indicators. OR = odds ratio.

“p<0.05 *p<001. **p<0.001.

Notes: Sample includes metropolitan tracts nationwide with >200 residents and multifamily housing. All models include MSA fixed effects. Adjusted models are
controlled for population density, urbanicity, median rent, % renter, % vacant, % unemployment, % below poverty, % Black residents, % Hispanic residents.
Sources: 2014-2018 American Community Survey 5-year estimates; LIHTC HUD User database, U.S. Department of Agriculture Economic Research Service
Rural-Urban Community Area Codes; U.S. Environmental Protection Agency, Risk-Screening Environmental Indicators (RSEI) 2018 Model
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Exhibit A5

Logistic Regression for Odds of LIHTC in a Tract, Given a 10-Point Increase in RSEI Industrial
Air Pollution Percentile

Unadjusted Unadjusted Full Model Full Model
(all metro tracts) (multifamily only) (all metro tracts) (multifamily only)
OR OR OR OR
(95% ClI) (95% ClI) (95% ClI) (95% ClI)
RSEI Industrial Air . . - -
Pollution Percentile 2)51 01 14) R .102?81 12) (0.859%.98) (0.859%.98)
(10-point increase) ’ ’ ’ ’
Population Density, . . 1.00 1.000
in 100 Persons/Mi2 (1.00, 1.00) (0.999, 1.001)
Urbanicity
(ref: Urban) o o Ref. Ref.
1.08 1.20%
- ShlauiED (0.94, 1.25) (1.05, 1.41)
- Large Rural --- --- 1.96 201
(1.67, 2.30) (1.71,2.37)
1.99*** 2.15"+
= Sl s (1.66, 2.39) (1.78, 2.50)
Median Rent, . . 0.88*** 0.89**
in $100 (0.85, 0.92) (0.86, 0.92)
1.03** 1.03**
0, N _— —_—
o R (1.02, 1.03) (1.02, 1.03)
0.98"* 0.98"*
0, N _— J—
% Vacant (0.98, 0.99) (0.98, 0.99)
1.01 1.01
0, N _— _—
o L e (1.00, 1.01) (1.00, 1.02)
1.01* 1,01
0, N _— _—
% Below Poverty (1.00, 1.01) (1.00, 1.01)
1.01* 1,01
0, A _— _—
% Black (1.01, 1.02) (1.01, 1.02)
L 1.00 1.00
0, A _— J—
% Hispanic (1.00, 1.01) (1.00, 1.01)
Number of Tracts 60,220 56,361 59,157 55,726

Cl = confidence interval. RSEl = Risk-Screening Environmental Indicators. OR = odds ratio.

“p<0.05 % p<0.01. **p < 0.001.

A\ signifies change in odds ratio, ceteris paribus, associated with a 1-point increase in the independent variable from its mean.
Notes: Sample includes metropolitan tracts with >200 residents and multifamily housing. All models include MSA fixed effects.

Sources: 2014-2018 American Community Survey 5-year estimates; LIHTC HUD User database; U.S. Department of Agriculture Economic Research Service
Rural-Urban Community Area Codes; U.S. Environmental Protection Agency, Risk-Screening Environmental Indicators (RSEl) 2018 Model
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