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Abstract

Combining detailed county-to-county migration data with Toxic Release In-
ventory data, and fine-scale PMs 5 concentration levels, we investigate the rela-
tionship between internal migration, income of migrant and non-migrant house-
holds and county-level differences in environmental quality. We show that house-
holds moving to “cleaner” counties are relatively “richer”— a result consistent
with a sorting by income in the spirit of Tiebout (1956). An implication of this
finding is that internal migration could contribute to the persistence of dispari-
ties in pollution exposure at the county-level.
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1 Introduction

Inequalities in exposure to pollution among income groups are a source of major public
concern as they seem to persist over time (Colmer et al., 2020} Jbaily et al. |2022).
From the perspective of environmental justice, the question is then whether households
self-select by income across areas with different levels of environmental quality. An
ancillary question is “Are these correlations between income and pollution the result
of firms’ strategic decisions based on local demographic characteristics?” This paper
explores the first question using internal migration data from the United States (US)E]
We analyze whether out-moving households’ destination choices are consistent with a
sorting by income across levels of pollution.

The idea that internal migration could, at least partially, create the income-pollution
correlations reported in the literature can be theoretically motivated by Tiebout
(1956)’s canonical sorting model. Households “vote with their feet” and sort across
areas that provide their optimal bundle of private goods, housing, and neighborhood
characteristics. If environmental quality is an amenity that is valued by households,
but these households differ in terms of their income, a location choice model in the
spirit of Tiebout (1956) predicts a stratification of local areas by income, where poorer
households end up in more polluted areas.

To explore this mechanism empirically, we use detailed county-to-county migra-
tion data from 2010 to 2014 provided by the US Internal Revenue Service (IRS). We
combine this dataset with county-level pollution and demographic data for the home
and destination counties. An interesting feature of the IRS dataset is that we observe
the income of moving and non-moving households. To the best of our knowledge,
this is the first study that directly identifies a sorting by income across areas with
different levels of environmental quality using county-to-county migration data. The

IRS county-to-county migration data series provides a comprehensive view of internal

De Silva et al. (2016 and De Silva et al.| (2021) examine the second question and find evidence
that firms choose both their location and waste management expenditures based on local demographic
characteristics.



migration patterns within the US. It captures information from 95% to 98% of all
tax filers, making it the most extensive data source available for tracking population
movements between counties.

Our outcome of interest is the relative income of households moving from a home
county h to a destination county d. It is defined for each home and destination county
pair (h,d) as the ratio of the average income of households moving from h to d to the
average income of households staying in h. Using a linear specification with county-pair
fixed effects, we estimate the relationship between the relative income of out-migrant
households and environmental quality at their chosen destination. If households self-
select across locations as predicted by Tiebout’s sorting model, we expect out-moving
households from county h to sort by income with lower-income households from h
moving to the more polluted destinations among the set of destinations of county h,
while higher-income households choose less polluted areas.

To measure environmental quality in a county, we consider two indicators of lo-
cal pollution: PMj, 5 concentrations (Meng et al., 2019) and the number of facilities
reporting to the Environmental Protection Agency (EPA)’s Toxic Release Inventory
(TRI). PMs,5 is known to have adverse health effect and is considered as a good
general measure of air pollution. The chemicals covered by the TRI Program are
typically local and were chosen because they pose a threat to the environment and
human health. The data about toxic waste management is easily accessible on the
EPA website, where households can obtain information about polluting facilities in
their home and potential destination countiesf

In all our specifications, we use a wide range of econometric controls that could
affect households’ decision to move to a particular county (e.g. employment oppor-
tunities, amenities, and other demographic characteristics). Destination choices are
based on the comparison between the home area and the possible destinations, and

the attributes of a destination county might be viewed differently by individuals living

2In addition, local newspapers regularly report on the toxic waste releases of local polluting firms
(Campay, 2018)).



in different home counties. For this reason, all the county-level attributes are ex-
pressed as the difference between the values for the home and destination counties. To
address concerns regarding the endogeneity of local air pollution levels, we adopt an
instrumental variable (IV) approach, following prior research (Bento et al., 2015; |Lang),
2015). This approach exploits changes in PMs 5 concentrations driven by a county’s
designation of non-attainment or re-attainment status by the EPA under the Clean
Air Act Amendments (CAAA).

Consistent with the existence of a sorting by income, we find that on average,
households that move to a county with a lower PMs, 5 concentration, or less TRI
reporting facilities, are relatively richer. We check for the robustness of our results by
looking at various sub-samples of our data. We restrict our analysis to within-state or
out-of-state migration, we exclude large and sparsely populated counties, etc. Overall,
our findings suggest that household self-selection across destinations could play a role
in the persistence of inequalities in exposure to pollution at the county-level.

With our specification, we observe the destinations households chose, but we do
not observe what they could have selected from (their choice set). In the Appendix, we
provide additional insights to address this concern by examining a destination model
with home and destination counties characteristics. This allows us to study internal
migration patterns and the trade-offs between moving costs, job opportunities, and
other amenities faced by US households.

We contribute to the literature in several ways. We first add to the growing lit-
erature studying destination choices of internal migrants. Using the IRS data, Curtis
et al. (2015) and DeWaard et al.| (2016) investigate migrant destinations after Hurri-
cane Katrina, while [Frey| (2009) and Molloy et al.| (2011)) explore more generally the
possible explanations to the US migration slowdown. |Davies et al. (2001)) use repeated
cross-sections of the IRS data to study the relationship between interstate migration,

relative economic opportunities, and cost of movingﬂ The novelty of our paper lies

3A few studies use direct measures of internal migration in other countries than the US. |[Hatton
and Tani| (2005]) derive a measure of internal migration from the records of the British National Health
Services, while Beine and Coulombe| (2018) use internal migration data derived by Statistics Canada



in the combination of migration patterns at the county level with measures of local
environmental quality. This allows us to study how households sort across destination
counties based on their income.

The heterogeneity in the responses to changes in location characteristics among
different types of migrants has received limited attention in the internal migration lit-
erature. Recent exceptions are Baum-Snow and Hartley (2020), |Aydemir and Duman
(2021) and [Chen et al| (2022)[f [Chen et al| (2022) is of particular interest for our
paper, as they find different effects of air pollution on net internal migration flows in
China across gender, education and occupation. Besides the fact that we focus on an
alternative household attribute (income), our study differs in the identification strat-
egy. Instead of estimating our destination choice model for different income groups, we
explore the existence of a sorting by income by regressing a direct measure of relative
income of out-moving households on differences in local pollution.

Research focusing on residential mobility and local environmental quality com-
monly uses changes in aggregate demographic characteristics and difference-in-difference
(or similar) approaches to investigate whether households locally or regionally sort by
income (Been and Guptaj |1997; Kahn 2000; |Cameron and McConnaha/[2006)). How-
ever, studies have shown that these approaches might be problematic. Building on a
standard sorting model, Banzhaf and Walsh| (2008) illustrate that the predictions of
difference-in-difference models regarding the effect of changes in local environmental
quality on average income are ambiguous, except for “large” changes[| More funda-
mentally, Depro et al.| (2015) note that these approaches do not allow to identify the

impact of local pollution on residential mobility because this impact depends on the

from income tax reports. Both studies focus on the impact of immigration on internal migration.

4Aydemir and Duman| (2021)) examine how the role of migrant networks at destination differs
across migrant types (in terms of skills, age at migration, and reason of migration), while [Baum-Snow
and Hartley| (2020) document that the trade-offs between local amenities and economic opportunities
vary substantially across households with different socioeconomic characteristics.

5Using a two-community example, they demonstrate that improvements in the environmental
quality of the most polluted area give rise to in-migration from the poorest households of the other
community, leading to an increase in average income in both communities. Only large improvements
(i.e improvements that reverse the ordering of communities in terms of local pollution) produce non-
ambiguous predictions.



characteristics of the home and destination areas. Without information about the
destination county, we don’t know whether households who changed residence, moved
to a more (or less) polluted area compared to the home county.

In our paper, we overcome this issue by relying on the IRS migration data, which
is very detailed and refers directly to the yearly flows of in- and out-migrants in a
given county. An alternative approach based on the structural estimation of house-
holds’ willingness to pay is proposed in |Depro et al.| (2015) or Freeman et al.| (2019)).
While their analyses concentrate on specific communities within Los Angeles County
or selected cities in China, benefiting from detailed data, our study encompasses all
counties in the contiguous US. One exception is (Close and Phaneufl (2017) who also
use the IRS county-to-county migration data to estimate residents’ marginal willing-
ness to pay to avoid air pollution. However, our analysis diverges as we specifically

examine the interplay between migrants’ income and local environmental quality.

2 Conceptual Framework

The motivation for our analysis is based on Tiebout’s (1956) canonical model of resi-
dential sorting, which has inspired more recent general equilibrium models of location
choice (e.g. Banzhaf and Walsh 2008). In these models, there is a set of possible
locations that differ in terms of their level of public goods or amenities and households
have to choose where to live subject to a budget constraint. Because households prefer
neighborhoods with “better amenities”, the housing demand in those areas is higher,
leading to higher housing prices. Households are therefore facing a trade-off between
consumption and local amenities. In particular, a low-income household might not be
willing to pay as much as a high-income household to live in a high-amenity neighbor-
hood, as they have to prioritize necessary goods, such as everyday clothing or food. At
equilibrium, if households differ only in terms of their income, they will sort by income
across locations with different levels of amenities. If the local amenity of interest is

environmental quality, Tiebout’s result implies that poorer households end up in more



polluted areas, while richer households can afford areas with better environmental
quality.

To examine whether the observed correlations between income and pollution could
be, at least partially, attributed to households self-sorting across locations by income,
we rely on internal migration data and explore the relationship between destination
choices and income of households changing residence in a given year. Consider the set
of households who decided to move from their home area h in year ¢t and the set of
associated destinations d € {1, ..., N} that differ in their level of environmental quality.
If these households choose where to move subject to a budget constraint, a residential
sorting model in the spirit of Tiebout (1956) predicts that out-migrant households sort
by income level from the most polluted to the least polluted destinations in {1, ..., N'}.
Out-migrant households with an average income higher than the average income of
households staying in area h move to locations that are less polluted than their home
area and we expect the least polluted destinations to attract the households with the
highest income (relative to the income of households in k). Similarly, out-migrant
households with an average income lower than the average income of households stay-

ing in h move to more polluted destinations.

This motivates the following empirical specification:

Relative Incomegp; = V1AE—pi—1 + 2AXq_hi—1 + 0gn + Tt + €dnt (1)

where our dependent variable is the relative income of out-migrant households and
is defined for each pair of home and destination locations (h,d) as the ratio of the
average income of households moving from h (where they were living in year t — 1) to

d to the average income of households staying in county h in year ¢:

4 average household income of out-migrants
Relative Incomegp =
d,h,t

average household income of non-migrants

The vector AE;_p; = E4; — Ep, contains our pollution measures and indicates how

polluted a destination d (E,;) is, relative to the level of pollution in the home area
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(Ent). AXgpt = Xat — Xpy includes a set of control variables (differences between
destination and home characteristics). This specification captures the idea that des-
tination choices are based on the comparison between the home area and the possible
destinations. The location-pair fixed effects, a4, account for the unobservable time-
invariant heterogeneity among pairs of locations. 7; represents the year fixed effects
and €4+ is the error term. In equation , AE; py and AXy_p ¢ are adjusted for a
one-year lag to capture the environmental and socio-economic conditions prevalent in
the home and destination areas during the year preceding households move to their
new residence in area d.

The coefficient of interest is 7,. Given the characteristics of a home area h, it cap-
tures how the relative income of out-moving households is associated with differences
in pollution across destinations. A sorting by income across destinations is consistent
with 77 < 0: when the level of pollution at destination decreases relative to the home
area, the income of households who choose that destination increases (relative to the

income of households staying back).

3 Data and preliminary evidence

We compile a comprehensive county-level data file on local pollution and migration
for the lower 48 states in North America. We supplement this data file with county-
level demographic data. We provide descriptive statistics in Table 1. We have data
for 3,109 counties over a five-year sample period, which gives us 15,545 county-year
observations. 37% of counties are categorized as metropolitan counties and 42.5% are
defined as urban countiesﬁ Finally, about 7% of the counties are coastal counties

(excluding the Great Lakes).

5To define metropolitan (metro), urban and rural counties, we use the 2013 rural-urban continuum
codes provided by the US Department of Agriculture’s Economic Research Service. Counties are
divided as either metro or non-metro counties (2013 Office of Management and Budget). Metro
counties are then distinguished by the population size of their metro area, and non-metropolitan
(non-metro) counties by their degree of urbanization and adjacency to a metro area.



3.1 Migration data

We gather county-to-county migration data from the IRS data files for the 3,109 coun-
ties located in the contiguous US between 2010 and 2014. The IRS uses individual
federal tax returns between two tax years and identifies migrants and non-migrants in
a county[] A snapshot of this data, where the home county is Autauga in Alabama
(State code = 1 and County code = 1), is provided in Table Al (Appendix A). For
example, we observe that 10 households move to Shelby County in Tennessee from
Autauga in Alabama and, on average, they have the highest level of income—they earn
about 2.17 times more than non-migrants in Autauga County. By contrast, the aver-
age income of households moving to Clayton County in Georgia is 86% lower than the
average income of non-migrants in Autauga.

As shown in Table 1, around 1,800 households move out of a county every year
and household net migration is slightly positivef| The average relative income is 0.717
indicating that the income of households moving from a home county h to a different
county was on average 28% lower than the income of households staying in county h.
In Figure 1, we present the average net migration for all US counties between 2010
and 2014. Counties with positive net migration are blue and those with negative net
migration are red. We observe that many households move to Florida, the suburbs
of Dallas, Houston, and San Antonio/Austin areas, while many seem to move out of
Northeast counties.

In terms of destination choices, 2,968 counties sent households to at least one other
county in the US in 2010, with an average of 25 different destinations per county.
Finally, every year, the proportion of out-moving households relocating to a different
state is about 30%.

The IRS dataset is considered as an attractive data source to conduct migration

"Note that the income reported in this dataset reflects the income earned during the year preceding
the filing year. Depending on the exact date at which a household moved from one county to the
other, this income may include income earned both in the home and destination county.

8Net migration in a county in a given year is defined as the difference between the total number of
households that move in that county from all the other counties (in-migration) and the total number
of households that move out (out-migration).



research in the US (Frey, 2009; Molloy et al., |2011} |Curtis et al., 2015). Because
this dataset is based on administrative records, it is available annually and relatively
comprehensive (it covers 95-98% of the US tax filers and their dependents). There
is one main limitation of this dataset. Even though the overwhelming majority of
householders file tax returns, some categories of the population are most likely to be
underrepresented in the data, namely the undocumented populations, the elderly, and
college students (Gross, [2003; DeWaard et al., [2016)). Hauer and Byars| (2019) provide
a comparison of the three main sources of migration data in the US (i.e. the Decennial
Census long form, the American Community Survey, and the IRS data). They note
that, despite the limitation in terms population coverage, the IRS dataset is the largest
migration data source for count flows between counties (e.g. the ACS data contains
about 2% of the observations in the IRS data) and is more appropriate for researchers

interested in annual comparisons of migration patterns/’

3.2 Pollution measures

For each county, we construct two measures that capture different aspects of local

environmental quality.

PM, s data

PM, 5 is an ambient fine particulate matter with a diameter that is generally 2.5
micrometers and smaller. PMs 5 can remain airborne for long periods and travel hun-
dreds of miles. Concentration in a given location consists of both locally emitted P M s
(due to industrial activity or traffic congestion), but also pollution released elsewhere
that is transported by the wind. Particulate Matters are a widely used measure of
local environmental quality (Deryugina et al.|2019; Chen et al.|2022; Greenstone and
Hanna| [2014). It is well established that ambient PM; 5 has adverse effects on the

human respiratory system, especially for children, and increases the mortality risk.

9Hauer and Byars| (2019) explain that this data exists in multiple files making its analysis rather
cumbersome. This has probably hindered the widespread adoption of this valuable resource for US
migration scholarship.
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This paper takes advantage of the availability of recent and fine-scale annual P M, 5
concentration estimates compiled by [Meng et al. (2019).|ﬂ The annual ambient PM, s
concentration data is available at a 0.01 degree by 0.01 degree resolution. We therefore
map the concentration estimates to US counties boundaries.E The average PMs 5

concentration at the county level is 7.63ug/m? over our sample period.

TRI data
The TRI is a US database established by law that requires private and government fa-
cilities to report annually their waste management and pollution prevention activities.
The reporting requirements are detailed in Section 313 of the EPCRA (Emergency
Planning and Community Right to Know Act). A plant has to report to the TRI
if that plant belongs to a North American Industry Classification System (NAICS)
code, identified by the EPA’s TRI Program, and manufactures, processes or uses des-
ignated hazardous or toxic chemicals above a reporting threshold set by the EPA. In
addition, these plants must have at least 10 full-time employees. The facilities subject
to mandatory reporting are denoted as TRI reporting facilities or TRI reporters.
The TRI Program covers hundreds of chemicals that are known to pose a threat
to human health and the environment, including lower birth weight or higher infant
mortality rates (Currie and Schmieder|2009; |Agarwal et al.|[2010; Currie et al.|[2015)).
The EPA website provides plant-level waste management information on quantities
of toxic waste recycled, combusted for energy recovery, treated, released (to the air,
water, and land) or otherwise disposed of, both on- and off-site for each chemical.
The EPA has also developed a toxicity-weighted index, which gives the total plant-
level environmental releases (on-site and off-site) across all media and all chemicals

(in pounds).

10These estimates were obtained from chemical transport modeling, satellite remote sensing, and
ground-based measurements.

' Note that these estimates of PM, 5 concentration provide a better measure of the county-level
concentrations than air pollution data from the EPA’s Air Quality System database. This database
provides hourly data at the pollution-monitor level for pollutants that are regulated by the Clean
Air Act. A county’s pollution-monitor readings may not adequately measure the average pollution
exposure for county residents due to the sparse placement of monitors within counties (Deryugina
et al.} 2019).
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We construct our TRI-related measure in two different ways: (1) the number of
TRI reporting facilities in a county, and (2) county-level total on-site tozic releases.ﬁ
Note that we exclude off-site releases as they correspond to toxic chemicals transferred
to a receiving facility (for disposal), which may not necessarily be located in the same
county. Given the self-reported nature of TRI releases, the number of TRI reporting
facilities in a county is our preferred measure of pollution.

Even though preliminary data on plant-level waste management practices is avail-
able with a one-year lag on the EPA website, the final TRI National Analysis is released
by the EPA with a lag of two years. For example, the TRI data available to potential
migrant households in 2010 provide information about toxic chemicals released in 2008.
For this reason, we use the number of TRI reporting facilities and total toxic releases
on-site lagged by two years in all our estimations. On average, there are about 7 TRI
reporting facilities in a county and about 960,000 pounds of toxic releases (on-site and
off-site) per county. 21.3% of counties, did not have any TRI reporting facility over
the sample period (about half of them were metro or urban counties). These numbers
are relatively stable overtime.

Compared to PMs 5, which can travel thousands of miles, the chemicals covered
by the TRI Program are very local pollutants and a county might be too large to
represent the population closely exposed to polluting activities.H However, our focus
is not on the actual health impact of toxic chemicals but rather on household reactions’
to an increase in the number of polluting facilities in their area. The publication of
TRI data might play a role in their migration decisions even if they are not directly

affected by the presence of a TRI facilityE

12Not all TRI reporting plants necessarily report chemical releases, as they might be managing their
toxic waste in a different way. We provide an example of TRI reporters and total releases in Table A2.
The facilities with TRI plant IDs 36067TNNCMP100JE and 3606 WSHRMN'74CUN reported releases
for all the years shown in the sample while the plant with TRI plant ID 36066TWBCL17JES did not
have any releases in 2010 and 2011, but still reported to the TRI Program. In our dataset, they all
appear as TRI reporting facilities for the entire sample period.

13Using individual level data, Currie et al| (2015) show that the openings or closings of toxic
plants (i.e. plants reporting a release to the TRI Program) have an impact on birth outcomes within
a 1-mile radius of the plant location. Other studies (Currie and Schmieder} 2009; |Agarwal et al.,
2010) identify health effects of TRI chemicals at the county level

Some studies using hedonic methods (Currie et al., 2015; Mastromonacol, [2015) have found that
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Since the first public announcement in June 1989, the TRI data has received con-
tinuous media attention. [Hamilton| (2005) shows that public concerns about toxic pol-
lution can spillover to adjacent areas through media reports. Saha and Mohr| (2013)
document that many of the newspaper articles released shortly after the publication
of EPA data reported toxic releases from the largest polluters in relatively large areas

(States, Counties, or Metropolitan areas).

3.3 Other factors affecting migration decisions

Based on the determinants identified in the migration literature, we consider 3 cate-
gories of control variables (AX,_5.) that affect county-to-county migration patterns
and might also lead to a sorting by income: (1) factors related to income and em-
ployment opportunities, (2) other local amenities, and (3) social and demographic
characteristics.

The significant expenses associated with changing residence, including moving
costs, have been recognized as key factors influencing migration patterns within the
migration literature. While the distance between counties serves as a standard mea-
sure of such costs, in our model, we capture this factor through the incorporation of

county-pair fixed effects.

3.3.1 Income and employment opportunities

Previous research (Davies et al., 2001 [Hatton and Tani, |2005; Beine and Coulombe,
2018) find that differences in earnings, local economic or labor market conditions are
correlated with households’ decision to change residence. The Unemployment rate
at the county level is compiled from the US Department of Commerce, Bureau of

Economic Analysis, while the annual household median income comes from the Small

the information provided by the TRI affects the housing market within one or two miles of the plant
location only, but Bayer et al.| (2009) show that costs associated with re-location might cause hedonic
methods (which typically assume that individuals are free to move) to underestimate households
willingness-to-pay for air quality.
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Area Income and Poverty Estimates Program (US Census Bureau)[?| Over our sample
period, the median household income is about $45,000, while the unemployment rate
is about 8%.

We also collect data from the Quarterly Census of Employment and Wages (QCEW)
provided by the Bureau of Labor Statistics (BLS). The county business patterns re-
port the number of establishments and employment by industry. To account for the
size of the economy in the county or the employment opportunities (without capturing
activities related to TRI chemicals), we consider the number of non-TRI reporting es-
tablishments, which are all the establishments that are not in a NAICS code identified
by the TRI Program. To address the concern that our measures of local pollution
capture the industrial composition of a county, we control for the Number of manu-
facturing establishments, defined as the number of establishments in the NAICS codes

31-33.

3.3.2 Other amenities and county demographic characteristics

Counties with desirable recreational amenities might be more attractive to moving
households. Using the county business patterns from the BLS, we compute the county-
level number of amenity establishments as the number of establishments in NAICS 71
(Arts, Entertainment, and Recreation), and NAICS 72 (Accommodation and Food
Services). We account for Metro, urban, and rural moving patterns within a county
pair using a dummy variable to identify movements from a Metro or urban county to
a rural county.

As suggested by some studies (McCormick, 1997; Hatton and Tani, 2005)), house
prices could be an important driver of destination choices. House prices could also
capitalize the value of local amenities. In our empirical analysis, we use the house
price index from the Federal Housing Finance Agency, which captures the evolution

of house prices within an area.E] We expect areas with a higher index (i.e. that

15The SAIPE are available for all counties, starting in 2011. For 2009 and 2010, we linearly
extrapolate the county median income based on the data from 2011-2014.
16We use 2008 as a base year.
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have experienced a larger increase in house prices relative to the base year) to attract
relatively richer households.

Internal migration and destination choices are also affected by demographic char-
acteristics, e.g. age and level of education (Baum-Snow and Hartley, 2020), presence
of minorities (Boustan) 2010)), or population density (Davies et al., QOOI)E] In our em-
pirical specification, we include the following county-level demographic characteristics:
college ratio (American Community Survey), estimated county population, median age
and Black and Hispanic population ratios (US Census Bureau, Population Division).@
Over our sample period, the average county has around 100,000 inhabitants, and the

average Black and Hispanic ratios are both around 9%.

3.4 Preliminary evidence of disparities in destination choices

Figures 2-4 illustrate the large inter-county variations in pollution over our sample
period. Darker red indicates a higher level of pollution (PMs; 5 concentration, number
of TRI reporters normalized by each county’s total number of establishments or toxic
releases), while non-polluting counties are in white. TRI reporters (and toxic releases)
are present in counties all across the US (other than in the middle of the country).
This is very different from Figure 2, in which the highest PM,; 5 concentrations are
all located in the Fast part of the country. This suggests that the TRI and PM,;
pollution measures capture different aspects of pollution. Over our sample period, the
correlation between PM, 5 and the number of TRI reporting facilities is 0.120.

A prerequisite for identifying a sorting by income using migration data is that there

is enough variation in out-migrant income and county-level pollution across destina-

"Davies et al. (2001) document that in the context of state-to-state migration, individuals are
more likely to move to more populated areas and provide two interpretations for this result: (1)
these areas are perceived as offering better economic opportunities, and (2) search costs are lower as
information about available opportunities in those areas is usually more easily accessible.

18The college ratio is defined as the proportion of the population (older than 25 years old) with a
college degree. The Black (respectively Hispanic) population ratio is defined as the Black (respectively
Hispanic) population divided by the total county population. The Black (respectively Hispanic) pop-
ulation are the individuals who indicated “Black or African American alone” (respectively “Hispanic
alone”) as the response to the question “What is this person’s race?” in the US Census.
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tions chosen by households from a given home county. Table 2 provides descriptive
statistics by year for home counties with at least two destinations. In 2010, the average
home county has a relative income range of 0.99. In other words, given our definition
of relative income (see section 2), the difference in income between the richest and the
poorest out-migrant households is on average equivalent to the home county median
income. For the average home county in 2010, the range of PM,5 concentrations
at destination is 3.53j.g/m3. This corresponds to approximately 1/3 of the range of

PM,; 5 concentrations across all counties in 2010.

4 Instrumental Variables for PM, ;

The evolution of air pollution levels over time is potentially endogenous due to the
presence of omitted variables that could be correlated with both local air pollution
and households’ decisions to relocate. To address this concern, an important body
of literature (Chay and Greenstone, |2005; Bento et al., [2015; |Lang, [2015; |Isen et al.,
2017) uses EPA non-attainment designations after the enactment of the CAAA as an

instrument to measure changes in air pollution.

4.1 The Clean Air Act Amendments (CAAA)

In response to the adverse health impacts of consistently elevated concentrations of
major air pollutants, the US Congress enacted the Clean Air Act of 1970. Major
amendments were subsequently added in 1977 and 1990. A pivotal component of the
1970 Clean Air Act is the establishment of federal air quality standards, known as
the National Ambient Air Quality Standards (NAAQS), for key air pollutants. This
legislation mandates the EPA to designate each county as either in attainment or non-
attainment status for each pollutant, contingent upon whether the relevant standard
is exceeded.

A county’s designation as out of attainment has important implications due to

stringent regulations imposed by the CAAA on polluting entities within non-attainment
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areas. Specifically, states and counties are obligated to devise a State Implementa-
tion Plan (SIP) for EPA approval, outlining strategies to mitigate pollution levels in
non-attainment counties and establish plant-specific regulations for each significant
pollution source.

In 1987, the EPA began regulating particulates less than 10 micrometers in diam-
eter (PMyg), for which the negative health effects were deemed particularly severe.lr_g]
Designation of non-attainment areas for PMjy occurred in 1990. In July 1997, EPA
promulgated new standards for PM, ;5 specifically and federal designation of attain-
ment status began in 2005 (based on 2001 through 2003 air quality monitoring data),
with a subsequent revision in 2006 and re-designation starting in 2009 (based on con-
centrations from 2006 to 2008). After consistently meeting the EPA’s standard for
a pollutant for three consecutive years, a county can apply for designation as a “re-
attainment county”. However, if the county fails to maintain this standard at any

point, it is re-designated as a non-attainment county.

4.2 Attainment status as an instrument

We focus on changes in county’s attainment designation for particulate matter emis-
sions to identify exogenous changes in air pollution. We extract county-level attain-
ment status data for the six key pollutants covered by the 1990 CAAA from the “Green
Book Non-attainment Areas” available on the EPA’s Website.@ In 2009 (beginning
of the re-designation following the revision of PM, 5 standards), 265 counties in our
sample were in non-attainment status for PMs 5. 89 counties changed status over our
sample period.

The model outlined in section 2, i.e. equation , is based on disparities in charac-

teristics among county pairs. Our primary instrument for the difference between desti-

19The 1970 Clean Air Act authorized the EPA to enforce a NAAQS for total suspended particles
(particles less than 100 micrometers in diameter).

20The legal framework permits counties to be categorized as “partial attainment”, wherein only
specific geographic regions within the county are designated as non-attainment. For analytical pur-
poses, we treat these partially attaining counties as non-attainment counties, as they remain subject
to regulatory measures.
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nation and home county PM, 5 concentrations is therefore the divergence in attainment
status for particulate matters (APM NonAttainment,_p: = PM NonAttainmentq, -
PM NonAttainmenty;). Rather than employing a simple binary indicator capturing
whether a county is in attainment or not, we adopt a more nuanced approach reflecting
the persistence of non-attainment status and its potentially heterogeneous impact on
air quality improvements. For each county k in our sample (k = h, d), the variable PM
NonAttainmenty,;, spans values from 0 to 3. It is equal to zero if county k is designated
in attainment in year ¢. Values from 1 to 3 indicate the frequency of non-attainment
designation up to year ¢ (based on the 1987, 1997 and 2006 standards).

Moreover, we consider an over-identified model by adding a second instrument,
A Attainment Countyq_pn, = Attainment Countyy, — Attainment Countyy,,, where
the dummy variable Attainment Countyy, indicates whether a county k (k = h,d)
is designated as a non-attainment county for any pollutant covered by the CAAA in

year t. Formally, the first-stage regression in this two-stage least squares estimator is:

ALog(PMss)a—nt = 1 APM NonAttainmenty_p + PaAAttainment Countyg—p:

+ B3AXg_pt + Qan + T + Vi

(2)

The other controls (AX) are the same as in our baseline model . This for-
mulation is consistent with |Aufthammer et al. (2009) who examine how a county’s
designation in year t affects PM; concentrations in year ¢ at different monitors lo-
cated in this county. It reflects the fact that non-designations in year ¢ are based on
monitoring data from the past three years (see also Lang 2015)@ In the second stage,
we use the predicted differences in PMy 5 concentrations from equation ({2)) in place of
the actual values in equation (|1)).

Differences in attainment status of destination and home counties serve as a valid

21 As a robustness check, we also run our models including APM N onAttainmentq_p, t—1 instead of
APM NonAttainmentq—_p+ in equation . The coefficients estimated in the second stage regression
are virtually identical to those shown in Table 3.
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instrument. Prior research confirms that county-level non-attainment status is corre-
lated with subsequent air pollution levels within a county (Auffhammer et al., |2009;
Lang, 2015)). Moreover, conditional on other observable home and destination coun-
ties characteristics, differences in non-attainment status affect migration decisions only
through their impact on local air pollution. One issue would be if efforts aimed at
reducing pollution to maintain attainment (e.g., limiting manufacturing activity) in-
dependently affect location choices. However, we believe that with our extensive set of
control variables (including, for example, the number of manufacturing establishments,

or the unemployment rate), we effectively control for such possible channels.

5 Results

Based on the conceptual framework outlined in section 2, we explore the existence of a
sorting by income across US counties by estimating how the relative income of house-
holds moving from county h to county d covaries with differences in environmental
quality between home and destination counties (coefficient v; in equation (I])). For a
given year, we can only compute the relative income of a county pair (h,d) if some
households move from h to d. Therefore, we don’t have a balanced panel.

With our specification, we observe the destinations households selected, but we
don’t observe their original choice set. To gain insights into the factors influencing
households’ destination choices, we analyze, in Appendix B, the correlation between
household migration flows and the characteristics of both the origin and destination
counties. We find that disparities in local air pollution levels (PMsy5) are strongly
associated with the patterns of migration between counties. In other words, alongside
employment opportunities (proxied by the difference in unemployment rates between
origin and destination) and moving costs (proxied by the distance between two coun-
ties), environmental quality seems to play a role in households’ selection of destination.
However, this analysis does not allow us to identify sorting by income, as households

moving to different locations might have heterogeneous attributes.
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In Table A3, we provide summary statistics for the regression variables in equation
(1). The average relative income for a county pair (h,d) is lower than 1, suggesting
that households moving to a different county have a lower income than households
staying back. At the same time, the difference in the number of TRI reporting plants
between the destination county and home county is slightly positive. On average, the
destination counties have more TRI reporting facilities than the home counties.

The estimation results of equation , with county-pair fixed effects and time
effects, for all US counties are presented in Table 3.@ In all specifications, we cluster
standard errors at county-pair level. For completeness, Columns 1 and 2 report the
results from OLS specifications. Columns 3 and 4 show the results when A Log of PM s 5
is instrumented using differences in counties attainment status (APM NonAttainment
and A Attainment County). For these specifications, first-stage results, the Hansen J-
statistic and relevant F'-statistics are reported. In Columns 1 and 3, the TRI-related
measure is the number of TRI reporting facilities, while Columns 2 and 4 show the
results when the TRI-related measure is the county-level total toxic releases on site.

For the variables ALog number of TRI reportersq_p; and ALog total releases on
siteq_nyt, a zero may have two different significations. First, it is possible that the
destination and home counties’” TRI reporting plants or total releases are the same.
Second, it is possible that both counties have no TRI reporting facilities or no toxic
releases. To identify this condition, we include a dummy when both counties do not
have any TRI reporters and a dummy when both counties do not have any toxic
releases.

In all specifications, the coefficients of our pollution measures have the expected
sign. When the county-level PMs 5 concentration (or the number of TRI reporting
facilities) increases in the destination county compared to the home county, the rela-
tive income of households moving to that county decreases. In the IV specifications

(Columns 3 and 4), both the TRI-related measures and PM, 5 levels are statistically

22We estimate equation for various subsets of our control variables and results (available upon
request) remain qualitatively unchanged.
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significant at a level of 1%. Our results are therefore consistent with a sorting by
income across destinations with different levels of environmental quality: households
that move to “cleaner” counties are relatively “richer”. In Columns 3 and 4, first-stage
results confirm that our instruments are highly correlated with PMs 5 concentration
levels. Moreover, the F-Statistic suggests that weak instruments are not an issue,
while the p-value associated with the Hansen J-statistic implies that we cannot re-
ject that the choice of instruments are valid. It is also interesting to note that the
IV estimates of the PMy 5 coefficients are much larger (in absolute terms) than OLS
estimates.

Beyond these variables of particular interest to us, estimates in Table 3 reveal
that households also sort across locations with different economic opportunities. Des-
tinations where the median income and the level of economic activity (measured by
the number of non-TRI establishments) are higher or the unemployment rate is lower
(relative to the home county) attract on average relatively richer households.

Wealthier households also tend to prefer less populated areas (everything else being
equal). As expected, there is a positive (but only statistically significant at a level
of 10%) association between the relative household income of out-migrants and the
difference in house price index, i.e. households moving to counties where property
values have increased more (relative to the base year) are “richer”. Finally, differences
in Hispanic population ratio between the home and destination counties are strongly
correlated with the relative household income of out-migrants. Destination counties
with a larger proportion of Hispanic residents (compared to the home county) attract

relatively poorer households.

5.1 Robustness checks

In this section, we explore the robustness of the relationship between differences in
pollution measures and relative income of out-migrants. All the results are reported in

Tables A4 and A5 and are obtained by estimating equation using the IV estimator
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with county-pair fixed effects and time effects.

5.1.1 Within-state and out-of-state migration

The 2019 Current Population survey documents that the primary motivation for mov-
ing varies by type of movers. In particular, long-distance moves are primarily moti-
vated by employment opportunities, while shorter-distance moves are mostly associ-
ated with housing-related reasons.

Table A4 (panel A) reports the estimates of the main variables of interest for
the within-state sample in column 2 (home and destination counties belong to the
same state) and out-of-state samples in column 3 (column 1 shows the results for all
contiguous counties and is the same as column 3 in Table 3). The results for the other
explanatory variables are available upon request. The PMj, 5 concentrations and TRI-
related measures have the expected sign. However, the coefficient associated with the

number of TRI reporters is statistically insignificant for interstate migration.

5.1.2 Personal Income

Next, we use relative individual income (instead of household income) as our depen-
dent variable in equation . The personal income of out-migrants (respectively non-
migrants) is obtained by dividing the aggregate income of out-migrants (respectively
non-migrants) by the number of individuals moving out (respectively staying back).
The sign and magnitude of the coefficients associated with differences in PMsy 5 con-
centrations (Table A4, panel B) are similar to those obtained using relative household

income in Table 3 and panel A of Table A4.

5.1.3 Sub-samples of counties

To address the concern that counties are relatively large areas in which pollution or
income might vary significantly, we estimate equation for different sub-samples of
our data. First, we restrict our sample to (1) county-to-county migration within metro

counties (which are typically smaller), (2) county-to-county migration within urban
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and metro counties, or (3) county-to-county migration from urban/metro counties to
any type of county. Results are reported in Table A5 (columns 1-3). Second, we
exclude from our sample the 10% largest counties in terms of land area (column 4).
Finally, in columns 5 and 6, we split our sample of counties into two groups based
on their population density. % In sparsely populated counties, residential options are
likely limited to a few small towns. As a result, individuals may have fewer choices
about where to live to avoid pollution. In contrast, densely populated counties offer
households greater flexibility to relocate within the county. Our results for PMs 5

remain qualitatively the same for all sub-samples of counties.

5.1.4 Crime rate

The crime rate is another type of amenity known to affect migration decisions, we do
not include this variable in our main analysis as the FBI crime rate in per capita terms
is missing for around one third of our observations, mostly rural counties. Note that
our results (available upon request) remain qualitatively unchanged when we estimate

our model with crime rate as an additional control.

6 Conclusion

This study introduces a novel method for examining the presence of income-based
sorting across locations with diverse environmental qualities. Our empirical approach
integrates detailed county-to-county IRS migration data, fine-scale PMs 5 concentra-
tions data, and TRI data to explore the relationship between pollution levels and the
migration patterns of US households from 2010 to 2014. Our findings suggest that des-
tination counties with lower pollution levels than the migrants’ home counties attract
wealthier households. From the perspective of Environmental Justice, this outcome is

consistent with households self-selecting based on income across areas with different

Z3We rank all the counties according to their population density in 2010 (first year of our sample)
and counties in the top decile are categorized as high density counties (column 6 of Table A5). The
results for the other lower-density counties are shown in column 5.
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levels of environmental quality. Furthermore, our research contributes to the exist-
ing literature on internal migration by emphasizing how socioeconomic characteristics
shape households’ responses to differences in destination attributes.

Given the growing political attention to inequalities in pollution exposure, our
findings hold relevance for informing environmental policies. In particular, our re-
sults illustrate that addressing environmental justice issues requires not only refining
air-quality standards and TRI reporting but also addressing income disparities, as
households “vote with their feet”.

However, this study has its limitations. Firstly, beyond income, a fundamental
issue underlying the Environmental Justice movement is the correlation between race
and pollution exposure. It would be interesting to apply the methodology proposed in
this paper to investigate how differences in local environmental quality influence the
racial /ethnic composition (as defined and collected by the US Census) of migration
flows between different counties. Unfortunately, the lack of such information in the
IRS data does not allow us to perform this analysis.

A second potential limitation of our study is the necessity to aggregate pollution
data at the county level due to the availability of IRS data only at that level. As
highlighted by Banzhaf et al,| (2019), this aggregation may hide within-county varia-
tions in pollution exposure and give rise to the “ecological fallacy”. However, these
authors note that the ecological fallacy generally tends to mask environmental injus-
tices in coarser data, suggesting that our results could be interpreted as conservative
lower bounds. An ideal future extension would involve combining county-level mi-
gration data with detailed individual data to better capture household-specific and
within-county pollution variations.

Finally, in our sample, we only observe household income when households relocate
from one location to another. The original choice set remains unobserved. While
the destination choice model in Appendix B partially addresses this concern, fully
characterizing and modeling the complete choice set would extend beyond the scope

of this paper. Despite these limitations, our work underscores the importance of
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considering socioeconomic factors in addressing environmental inequalities.
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32



Tables

Table 1: Regression variables by County

Variable Mean Standard deviation
Dependent Variables

Average number of households moved out 1,808.554 5,860.543
Average net migration of households 0.000 915.4711
Average relative income of out-migrants 0.717 0.235
Independent Variables

Number of TRI reporters 7.037 17.613
Toxic releases (in pounds) 816,776.2 4,844,581.0
PM, 5 concentration (pg/m?3)® 7.635 2.271
Black population ratio 0.092 0.146
Hispanic population ratio 0.087 0.134
Household income ($) 44,824.770 11,506.13
House price index (base year 2008) 93.381 9.574
Number of non-TRI reporting establishments 2,358.818 8,036.332
Number of manufacturing establishments 95.664 346.044
Number of amenity establishments 247.853 892.528
Population 100,303.000 320,708.600
Unemployment rate 0.085 0.031
Median age 40.753 5.164
College ratio 0.050 0.054
Metro County 0.373 0.484
Urban County 0.425 0.494
Coastal County 0.072 0.259
Instrumental Variables

PM NonAttainment 0.107 0.399
Attainment County 0.090 0.286

This dataset contains 15,545 county-year observations.

“PMj 5 is an ambient fine particulate matter with aerodynamic diameter less than 2.5um.

PMs 5 concentration is defined as the mass per cubic meter of air of particles with a size

(diameter) generally less than 2.5 micrometers (um).
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Table 3: Relative income of out-migrant households—all contiguous Counties in the USA

Variables (o eome oot )
OLS N
0 ) B @
A Log number of TRI reportersq_p, ¢—2 -0.015%** -0.008***
(0.002) (0.002)
Both d and h counties have no TRI reportersg_p, ;o -0.009 -0.010
(0.015) (0.016)
A Log total releases on siteq—p,t—2 -0.002%** -0.002%**
(0.000) (0.000)
Both d and h counties have no releasesg_p, t—2 0.008 0.008
(0.014) (0.014)
A Log of PM2.5q_p,4—1 -0.012  -0.016%*  -0.246%**  -0.237H**
(0.008)  (0.008)  (0.029)  (0.030)
A Black population ratiog_p,¢—1 -0.130%**  _0.131%*%*  0.056** 0.047*
(0.011)  (0.012)  (0.024)  (0.025)
A Hispanic population ratiog—_p ¢—1 -0.063***  -0.062*¥**  -0.082%**  _0.087***
(0.010)  (0.010)  (0.011)  (0.011)
A Log of household incomeg_p, ;—1 0.216%HFF  0.217FF*  0.251%**  (.248%**
(0.007)  (0.007)  (0.008)  (0.008)
A Log of house price indexg_p ¢—1 -0.074%%*%  _0.070%** 0.027* 0.026*
(0.014)  (0.014)  (0.015)  (0.015)
A Log number of non-TRI reporting 0.172%FF  0.182%F*  0.162***  0.167***
establishmentsg_p, ¢—1 (0.009) (0.010) (0.009) (0.010)
A Log number of manufacturing plantsq_p, ¢—1 -0.027%**  _0.040%*%*%  -0.029%**  _0.035***
(0.003)  (0.003)  (0.003)  (0.003)
A Log number of amenity establishmentsg_p, s—1 -0.034***  _0.036***  -0.056%**  -0.056***
(0.005)  (0.006)  (0.006)  (0.006)
A Log of populationg_p ;1 -0.100%**  _0.104**%*  -0.066***  -0.068***
(0.007)  (0.007)  (0.007)  (0.008)
A Unemployment rateq_p,¢—1 -0.350%F%  _0.338%F*  _(0.247FF* (), 248%**
(0.070)  (0.070)  (0.070)  (0.070)
A Log of median ageq_p ¢—1 0.107%%F  0.109%*F*  0.123%**  (.120%**
(0.012)  (0.012)  (0.012)  (0.012)
A College ratiog—p -1 -0.059* -0.059** 0.055% 0.043
(0.031)  (0.030)  (0.033)  (0.033)
Metro/Urban to Rural County -0.009  -0.027***  -0.014*  -0.031***
(0.008)  (0.008)  (0.008)  (0.008)
Year effects Yes Yes Yes Yes
Home county - destination county pair effects Yes Yes Yes Yes
Observations 364,944 364,944 364,944 364,944
R-squared 0.230 0.230
Hansen J-statistic (P-value) 0.615 0.617
Kleibergen-Paap Wald F'-statistic 972.2 872.0
First stage instruments for A Log of PM2.54_pt—1
A PM NonAttainmentg_p, ;1 0.060%**  0.056%**
(0.001)  (0.001)
A Attainment Countyg—p¢—1 -0.005%**  -0.005%**
(0.002)  (0.002)

Robust standard errors clustered by county pairs are in parentheses.
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Table A.3: Regression variables for

relative income estimation

Variable Mean Standard deviation
Dependent Variables

Relative household income of migrantsg ¢ 0.761 0.765
Relative personal income of migrantsg p ¢ 0.909 0.934
Independent Variables

A Number of TRI reporters—p t—2 0.170 88.111
Both d and h counties have no TRI reportersq_p t—2 0.005 0.067
A Log total releases on siteq_p,t—2 25,011.50 1.36e+07
Both d and h counties have no releasesq_p 2 0.008 0.088
A PM2.5g_p 11 -0.021 2.076
A Black population ratiog_p¢—1 0.0003 0.154
A Hispanic population ratiog_p ¢—1 0.002 0.171
A Household incomeg_p 1 12.481 17,528.89
A House price indexq_p¢—1 -0.097 11.731
A Number of non-TRI establishmentsg_p, ;1 248.295 42,037.71
A Number of manufacturing establishmentsg_p, ;1 0.548 1,937.02
A Number of amenity establishmentsg_p, ;1 24.661 4,868.752
A Populationg_p ;1 9,367.465 1,694,359
A Unemployment rateq_p -1 -0.0004 0.027
A Median aged—ht—1 0.024 5.943
A College ratiog_p ¢ 1 0.00001 0.054
Metro/Urban to Rural County 0.018 0.133
Instrumental Variables

A PM NonAttainmentg_p, ;1 -0.007 0.875
A Attainment Countyg_p¢—1 0.383 0.486

These summary statistics are based on the data sample between years 2010-2014 used

to estimate equation (1). The sample has 364,944 observations. Azq_p = Tqt — Th

is the difference between the value of the local attribute x at destination d and its value

in the home county h in year .
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Table A.4: Within State and Out of State

Panel A: Relative income of out-migrant households

. Household income of out—migrants
Variables : :
Household income of non—migrants dht

US Within State Out of State

0 @) ()
A Log number of TRI reportersq_p, ;2 -0.008*** -0.010%** -0.004
(0.002) (0.002) (0.003)
Both d and h counties have no TRI reportersq_p, ;o -0.010 -0.001 -0.194%*
(0.016) (0.015) (0.092)
A Log of PM2.5q_pt—1 -0.246%*** -0.084** -0.198%**
(0.029) (0.037) (0.031)
Year effects Yes Yes Yes
Home - destination county effects Yes Yes Yes
Observations 364,944 154,321 210,623
Hansen J-statistic (P-value) 0.615 0.238 0.185
Kleibergen-Paap Wald F'-statistic 972.2 258.9 934.6
First stage instruments for A Log of PM2.5q_pt—1
A PM NonAttainmentq_p, —1 0.060*** 0.048*** 0.071%**
(0.001) (0.002) (0.002)
A Attainment Countyg—_p¢—1 -0.005%** -0.001 -0.015%**
(0.002) (0.001) (0.004)

Panel B: Relative personal income of out-migrants

Variables Personal income of out—migrants
Personal income of non—migrants dhit

US Within State Out of State

0 @) )
A Log number of TRI reportersg_p ¢—2 -0.026%** -0.020%** -0.024%**
(0.002) (0.002) (0.004)
Both d and h counties have no TRI reportersq_p, ;o -0.008 0.002 -0.262**
(0.017) (0.016) (0.123)
A Log of PM2.54_p, 11 -0.238%*** -0.036 -0.199%**
(0.034) (0.048) (0.037)
Year effects Yes Yes Yes
Home - destination county effects Yes Yes Yes
Observations 364,922 154,308 210,614
Hansen J-statistic (P-value) 0.411 0.582 0.168
Kleibergen-Paap Wald F'-statistic 972.3 258.9 934.7
First stage instruments for A Log of PM2.55_pt—1
A PM NonAttainmentg_p, ¢—1 0.060%** 0.048*** 0.071%**
(0.001) (0.002) (0.002)
A Attainment Countyg—p ¢t—1 -0.005*** -0.001 -0.015%**
(0.002) (0.001) (0.004)

Robust standard errors clustered by county pairs are in parentheses. *** p < 0.01, ** p < 0.05, and * p < 0.1. In
all specifications we control for Black and Hispanic population ratios, median household income, house price index,
population, unemployment rate, number of non-TRI establishments, number of manufacturing establishments, number
of amenity establishments, median age, college ratio and Metro/Urban to Rural county dummy.
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Appendix B: Households location decisions

In this section, we investigate how US households choose where to move given the
trade-offs between moving costs, job opportunities, and environmental and other

amenities.

Net migration patterns

The structure of the IRS data allows us to calculate the net migration for a given
county for a given year. Net migration in a county in a given year is defined as the
difference between the total number of households that move in that county from all
the other counties (in-migration) and the total number of households that move out
(out-migration). A snapshot of the dataset used to estimate the net migration model is
presented in Table B.1. If we consider the same example as in the main text (Autauga
County in Alabama), we obtain that, for 2013, net migration is positive while, for
2014, it is negative.

We explore how the year-to-year changes in net migration covary with lagged pol-

lution measures and demographic characteristics in the home county h:

in — migration
In - - = BEh,t—l + X/h —17 +ap + 14+ €Eht (3)
out — migration ht ’

We denote E as the vector containing our two pollution measures at the county
level. X are county demographics. « and 7 are county/state and time fixed ef-
fects. € is the error term. We estimate this empirical model using a simple linear
regression, where PM NonAttainment and Attainment County are used to instrument
PM, 5 concentration levels in the home county. We have 3,109 counties over the period
2010-2014.

We present our county-level net migration results in Table B.2. In columns 1 and
3, we use the log number of TRI reporters, while in column 2 and 4, we use the log of

total toxic releases (in pounds). Columns 1 and 2 include state and time fixed effects,
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while columns 3 and 4 show the estimation results with county and time fixed effects.

In column (1), the coefficients associated with the number of TRI reporters and
PM, 5 concentration in a county are negative and statistically significant. Once we
allow for county fixed effects, the coefficients of all our pollution measures become
insignificant. However, the IV estimates with county fixed effects have to be inter-
preted with caution as the first-stage F-statistics is significantly lower than the ones
in columns (1) and (2), with state fixed effects. Finally, a higher unemployment rate
in county h is associated with a lower net migration in county h.

Using net migration patterns and changes in local environmental quality does not
allow us to identify a sorting by income across US counties. Net migration can be
zero or minimal if a similar number of people move into and out of a county, but the
households moving into or out of the county may have very different characteristics and
come from counties with very different levels of pollution (see |Depro et al.|2015). To
address this issue, we formulate a destination choice model that exploits information
regarding both the origin and destination counties, enabling us to explore internal

migration patterns within the US.

Destination choice model

We consider the destination choice of a household i, located in county h, who has
to decide where to move among NN possible destination counties. In our model, we
assume that a household migration decision is based on the comparison of home and
destination attributes (defined in section 3 of the paper). We express the indirect

utility from destination d for household i as follows:

Viant = AEq i+ AXy pi+ Dan + €ians

where AE,_; contains our measures of environmental quality, while AX,_, ; includes
other characteristics of county d (relative to county h) that might attract migrants

(e.g. differences in unemployment rates, wages, number of amenity establishments,
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house price index). Dy, includes the proxy for moving costs. The disturbance term
€i.d.h¢ 15 independent and identically distributed.

In a utility-maximization framework, household i will choose to move to county
d at time t if their indirect utility associated with moving to county d is larger than
the indirect utility they could obtain by moving to any other county k, i.e. V;gp: >
Vignt for all k # d, and d,k € {1,..., N}. In order to have closed form expressions
for a household’s choice probabilities, we assume that ¢; 4, follows a Type 1 extreme
value distribution. We also assume that each household knows their private costs and
expected utility. This asymmetric information assumption enables us to convert the
discrete actions of households into continuous location choice probabilities. Using the
results of McFadden (1973)), we model household i’s choice of destination location (d

- county) using a conditional Logit model:

Pr(Vian: = max Viknt) =Pr(miane = 1AEg_nt, AXa_nt, Dan)
_ exp[AEq_nt + AXg_ni + Dan]
fovzl exp[AEy_nt + AXj_pt + Dip)

where m; 45 equals 1 if a household 7, living in county h chooses location d and 0
otherwise. By modeling a household migration choice as a function of the difference
between home and destination characteristics, we assume that households moving to
the same destination county but from different home counties are treated differently.
In that respect, the home county characteristics can be interpreted as the average
characteristics of households from county h.

Our summary statistics in Table 1 indicate that about 1,800 households move
from one county to another each year. Given that each household has 3,108 different
counties to choose from, we have, on average, about 5.6 million observations for a given
county in a given year. As we consider the 3,109 counties in the lower 48 states, the
number of observations is about 17.4 billion for a given year or 87 billion for the whole
sample period (five years). With the large number of observations in this dataset,

estimating the location choice model using the conditional Logit technique becomes
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computationally intensive and challenging. We overcome this issue by adopting an
approach similar to the one used by |Rosenthal and Strange| (2004)), De Silva et al.
(2016) and De Silva et al.| (2021) when studying firm location decisions. Due to the
volume of data, they aggregate firm entry by location to obtain the number of firms
entering each area in a given year, and they estimate their models using a Poisson
pseudo-maximum likelihood (PPML) estimator, with year fixed effects. De Silva et al.
(2016)) also show that, when studying entry decisions of firms reporting releases to the
TRI, the results (in terms of sign and significance of the coefficients) of the conditional
Logit and PPML estimations are very similar.

We therefore aggregate household movements from a home county to a destination
county. For each of the 3,109 counties in a given year, there will be 3,108 choices of
destination counties. This gives us 9,662,772 (3,109 x 3,108) county-to-county obser-
vations per year. Since we have five years, our aggregated sample size is 48,313,860
observations. Let Hgp,; denote the total number of households moving from county A to

county d at time t. We estimate the following specification using the PPML method:@

EHan | AEg_nt, AXg_ny, Dan] = exp[S1AEs_ps + BoAX gy + BsDan + 7] (4)

where 7; is a time effect. Dy, includes the proxy for moving costs. We use geo-
graphical distance, as a proxy for the costs associated with moving from one county
to another. We define geographical distance between two counties as the distance be-
tween the home and destination counties centroids. As moving to a different state is
associated with additional costs (e.g. transferring a vehicle insurance and registration
documentation, applying for a new driving license...), we include a dummy variable

Out of State that takes the value 1 for interstate migration.

24The PPML estimator corrects for both under- and over-dispersion. |Gourieroux et al. (1984)
showed that PPML is consistent and an asymptotically normal estimator can be obtained without
specifying the probability density function of disturbances representing a specification error in the
parameter of the Poisson distribution. Further, [Silva and Tenreyro| (2011]) showed that, even if the
conditional variance is not proportional to the conditional mean, the PPML will still be consistent
and is generally well-behaved when the proportion of zeros is large.
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In this estimation, we maintain the integrity of the original conditional Logit
setup. Initially, our interest lies in analyzing the cross-sectional variation of location
choices within a given year, while accounting for household unobservable heterogeneity
through household fixed effects. Given that households tend to move infrequently, each
household is likely to feature only once during our five-year period. Consequently, a
conditional Logit model is estimated by incorporating fixed effects by year exclusively.
Similarly, in our final PPML specification, we introduce time fixed effects to capture
cross-sectional variations across destination counties.

Note that we are unable to use our IV approach or incorporate county-pair fixed
effects into equation . Despite having 48 million observations, the variable Hgp, ; is
strictly positive for only 0.79% of our dataset, resulting in estimation issues.ﬁ With
only five observations per county pair and a substantial number of county pairs ex-
hibiting zeros over the five-year period, there is insufficient temporal variation within
county pairs.

As our models do not allow for county fixed effects, we are able to include an
additional measure of environmental quality: the number of listed Superfund sites
within a county in a given year@ We also account for Metro, urban, and rural moving
patterns using dummies to identify households moving within Metro counties, urban
to Metro counties, Metro to urban counties, rural to Metro counties, Metro to rural
counties, urban to rural counties. Further we control for moving patterns among
coastal and non-coastal counties using dummies to identify households moving from
coastal to coastal counties, to a coastal county from a non-coastal county, and to a
non-coastal county from a coastal county.

Table B.3 summarizes our results for the destination choice model estimated for

all contiguous US states. Specifications differ in terms of the pollution measures in-

2599.21% of our 48,313,860 observations are zeros.

26We use the number of Superfund sites on the National Priority List (NPL), provided by the EPA.
The NPL is the list of sites of national priority among the known releases or threatened releases of
hazardous substances, pollutants, or contaminants throughout the United States and its territories.
As for the TRI-related measures, we include a dummy when both counties do not have any Superfund
sites.
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cluded in the regressions. The coefficients of two of our pollution measures (i.e. PMs5
and Superfund sites) have the expected sign and are statistically significant. When the
concentration of PM, 5 or the number of Superfund sites at destination increases, com-
pared to the home levels, less households will migrate to that county. The parameter
estimated in column (3) shows that a 1% increase in the difference of PMs 5 concen-
trations between home and destination counties is associated with an 11% decrease
in the number of households moving between these home and destination counties.
The coefficient of our TRI-related pollution measures are not significant, but results
in columns (1), (3) and (4) show that households are about twice less likely to move
between counties that do not have any TRI reporters (or toxic releases), than between
county pairs where one of the counties has at least one TRI reporting facility.

Households tend to avoid counties with higher unemployment rates. In addition,
counties with more manufacturing establishments (relative to the home county) ap-
pear to be less attractive. Among the amenity variables included in the model, the
coefficient of the house price index is statistically significant (at 10% level): households
are more likely to move to places where house prices have increased less relative to the
base year. In terms of demographic characteristics, our estimates reveal that if the
proportion of individuals with a college degree in the home county increases compared
to the proportion in the destination county (i.e. A College ratiog_p 1 decreases), we
observe more households moving from county h to county d. This is consistent with
prior evidence that more-educated individuals are more likely to move.

Finally, moving costs are strongly associated with household decisions to move to
a particular destination county. Households do not seem to move out of state and,

they don’t move too far as the coefficient of the distance variable is negative 7|

2TWe re-estimate our models with different subsets of control variables and the main results (avail-
able upon request) are qualitatively the same.
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Table B.2: Regression results for net migration in contiguous counties

Variables Log <%) "
(1) (2) (3) (4)
Log number of TRI reportersy, ;o -0.019%* 0.009
(0.008) (0.030)
Log of total toxic release ;o -0.001 0.002
(0.001) (0.004)
Log of PM2.55, ¢ 1 -0.405%*  -0.434** -0.077 -0.084
(0.168) (0.172) (0.709) (0.703)
Black ratiop, ;1 -0.086 -0.090 2.289 2.290
(0.066)  (0.067)  (2.370) (2.369)
Hispanic ratiop ;1 -0.200%**  -0.210%** -1.668 -1.659
(0.071) (0.072) (2.693) (2.686)
Log of household incomep, ;1 0.216%*%%  (0.219*** -0.256 -0.256
(0.043)  (0.043)  (0.157) (0.157)
Log of house price indexp, ;1 -0.120* -0.119* 0.020 0.022
(0.069) (0.070) (0.212) (0.213)
Log number of non-TRI reporting -0.186%#*  -0.184%** 0.047 0.048
establishmentsy, ;1 (0.042) (0.042) (0.223) (0.223)
Log number of manufacturing plantsp, ;1 0.031%* 0.024 -0.050 -0.051
(0.018)  (0.017)  (0.075) (0.075)
Log number of amenity establishmentsy, ;1 0.029 0.026 0.093 0.093
(0.026) (0.026) (0.095) (0.095)
Log of populationy, ;1 0.191%F%  0.191%*** 0.403 0.408
(0.035)  (0.035)  (0.399) (0.400)
Unemployment ratep, ;1 -0.354 -0.305 -1.491%** -1.491%%*
(0.340) (0.342) (0.574) (0.574)
Log of median agep, ;1 0.214%*F%  0.218%** -1.229 -1.225
(0.062)  (0.063)  (0.763) (0.764)
College ratio 0.068 0.052 0.106 0.106
(0.142)  (0.142)  (0.205) (0.205)
Year effects Yes Yes Yes Yes
State effetcs Yes Yes
County effects Yes Yes
Observations 15,545 15,545 15,545 15,545
Hansen J-statistic (P-value) 0.257 0.217 0.378 0.376
Kleibergen-Paap Wald F-statistic 18.73 19.05 7.034 7.171

Robust standard errors clustered by home county are in parentheses. *** p<C 0.01, ** p<0.05, * p< 0.1

Log of PMs 5 is instrumented using PM NonAttainment and Attainment County.

All columns include indicators for Metro, Urban, and coastal county effects.
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Table B.3: Location choice results for out migration patterns—all contiguous counties

Variables Number of households moving from h to d
M @) @) @
A Log number of TRI reportersq_p ;o 0.005 0.006
(0.007) (0.007)
Both d and h counties have no TRI reportersq_p o  -2.128%** -2.128%**
(0.042) (0.042)
A Log total releases on siteq—p,t—2 0.001
(0.001)
Both d and h counties have no releasesq_p, ;—2 -1.889%**
(0.029)
A Log of PM2.54_p+—1 -0.113** -0.114%* -0.113%*
(0.053) (0.053) (0.053)
A Log number of superfundsg_p 11 -0.030%** -0.030%** -0.032%** -0.031°F%*
(0.010) (0.010) (0.010) (0.010)
Both d and h counties have no superfundsg_p ¢—1 -1.282%** -1.3217%%%* -1.282%** -1.268***
(0.017) (0.017) (0.017) (0.017)
A Black ratiog_p ¢—1 -0.077** -0.045 -0.047 -0.046
(0.037) (0.040) (0.040) (0.040)
A Hispanic ratiog—pt—1 -0.026 -0.040 -0.038 -0.037
(0.102) (0.101) (0.102) (0.102)
A Log of household incomeq_p ¢—1 0.023 0.033 0.033 0.032
(0.032) (0.032) (0.032) (0.032)
A Log of house priceq—p t—1 -0.155%* -0.137* -0.139* -0.140*
(0.076) (0.073) (0.073) (0.074)
A Log number of non-TRI reporting 0.037 0.038 0.044 0.042
establishmentsq_p, ¢ —1 (0.035) (0.034) (0.034) (0.035)
A Log number of manufacturing plantsg_p t—1 -0.031%* -0.026** -0.031%* -0.027**
(0.013) (0.011) (0.013) (0.012)
A Log number of amenity establishmentsg_p, ;1 -0.019 -0.026 -0.028 -0.029
(0.019) (0.019) (0.020) (0.020)
A Log of populationg_p ;1 0.019 0.026 0.022 0.023
(0.024) (0.025) (0.025) (0.025)
A Unemployment rateq_p, ;1 -0.626%* -0.478* -0.473* -0.483*
(0.257) (0.274) (0.275) (0.275)
A Median ageq_p ¢—1 0.045 0.027 0.029 0.029
(0.043) (0.044) (0.045) (0.044)
A College ratiog—_p -1 -0.395%** -0.364%** -0.372%** -0.370%**
(0.139) (0.137) (0.140) (0.140)
Log distance between counties d and h -1.359%%* -1.359%%* -1.359%%* -1.358%%%*
(0.009) (0.009) (0.009) (0.009)
Out of state -1.699*** -1.694%** -1.699%** -1.701%**
(0.018) (0.018) (0.018) (0.018)
MSA, urban, and rural controls Yes Yes Yes Yes
Coastal and non-coastal county controls Yes Yes Yes Yes
Time effects Yes Yes Yes Yes
Observations 48,313,860 48,313,860 48,313,860 48,313,860

Loglikelihood -6.240e+07  -6.260e+07 -6.240e+07  -6.230e+07
Robust standard errors are in parentheses, *** p <0.01, ** p <0.05, * p <0.1
We also account for Metro, urban, and rural moving patterns using dummies to identify moving within Metro

counties, urban to Metro counties, Metro to urban counties, rural to Metro counties, Metro to rural counties,
urban to rural counties. Further we control for moving patterns among coastal and non-coastal counties using
dummies to identify household moving from coastal to coastal counties, to a coastal county from a non-coastal
county, and to a non-coastal county from a coastal county.
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