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Abstract

This dissertation consists of three essays that examine the impact of housing policies and the
surrounding neighborhoods on socioeconomically disadvantaged populations living in public
housing.

In the first chapter, titled “The Spillover Effects of Source of Income Anti-Discrimination
Laws on Public Housing,” I examine whether and to what extent source of income (SOI) anti-
discrimination laws affect the sociodemographic composition of households living in public
housing. SOI laws make it illegal for landlords to discriminate against the source of rent
payment, including housing choice vouchers. Landlord discrimination is a major barrier to
voucher utilization, disproportionately affecting extremely low-income families and racial
minorities among all voucher holders. Thus, improvements in voucher utilization through SOI
laws may affect the pool of applicants and recipients of public housing that operate within the
same local public housing authority service areas. I use nationwide public housing authority level
data and examine the changes in the composition of households living in public housing before
and after SOI laws. I use a difference-in-difference approach, exploiting the variation in the
precise timing that state and local jurisdictions enact SOI laws. I find that SOI laws significantly
reduce the share of extremely poor households and minority residents in public housing, along
with a decline in new entries to public housing. The results suggest potentially positive spillover
effects of SOI laws, alleviating “‘concentration of poverty” in public housing as a consequence of
a policy attempt to improve accessibilities to an alternative housing program.

The second chapter is titled “Are Public Housing Good for Kids After All?” and revisits
the popular belief that public housing residency harms rather than helps children’s development

and academic achievement. Critics charge that public housing projects concentrate poverty and



create neighborhoods with limited opportunities, including low-quality schools. However,
whether the net effect is positive or negative is theoretically ambiguous and likely to depend on
the characteristics of the neighborhood and schools compared to origin neighborhoods. In this
paper, I draw on detailed individual-level longitudinal data on students moving into New York
City public housing and examine their standardized test scores over time. Exploiting plausibly
random variation in the precise timing of entry into public housing, I estimate credibly causal
effects of public housing using both difference-in-differences and event study designs. Further, I
explore the role of schools by estimating the effects on school mobility and the quality of the
school attended. I find credibly causal evidence of positive effects of moving into public
housing, with larger effects over time. Stalled academic performance in the first year of entry
reflects, in part, potentially disruptive effects of residential and school moves. I find
neighborhood matters: impacts are larger for students moving out of low-income neighborhoods
or into higher-income neighborhoods, and these students move to schools with higher average
test scores and lower shares of economically disadvantaged peers.

The final chapter, titled “Does Proximity to Fast Food Cause Childhood Obesity?
Evidence from Public Housing,” examines the causal link between local food environments and
childhood obesity. Using individual-level longitudinal data on students living in New York City
public housing linked to restaurant location data, I exploit the naturally occurring within-
development variation in distance to fast food restaurants to estimate the impact of proximity on
obesity. Since the assignment of households to specific buildings is based upon availability at the
time of assignment to public housing, the distance between student residence and retail food
outlets is plausibly random. The study results suggest that childhood obesity increases with

proximity to fast food, with larger effects for younger children who attend neighborhood schools.
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Essay I
The Spillover Effects of Source of Income Anti-Discrimination Laws on Public Housing

1. Introduction

Public housing was the federal government’s first major housing assistance program for
low-income families. Despite its intention to assist low-income households, public housing has
long been criticized for creating “concentrations of poverty” and placing its residents and
children in neighborhoods with limited opportunities (Massey & Kanaiaupuni, 1993). As a
result, federal housing policies shifted away from public housing to alternative housing
assistance programs (Collinson et al., 2015). Housing choice vouchers are among the preferred
alternative forms of housing assistance, as they provide opportunities for the housing-subsidy
recipients to find rental units in the private market, not limited to those located in high-poverty
neighborhoods. Voucher recipients, however, often face difficulties finding rental units before
their vouchers expire, partly due to high search costs and landlord discriminations. In response to
address the low utilization rates of housing choice vouchers, a set of related statutory
requirements has been enacted at the state and local levels. These include housing counseling
programs, statutes against the source of income discrimination, and small area fair market rents.

While most policy efforts have focused on improving low-income households’ utilization
of housing choice vouchers, little attention has been paid to their spillover effects on public
housing. However, potential recipients of vouchers and public housing are likely to overlap
within a given local jurisdiction. Statutes that aim to improve the utilization of vouchers may not
only change the type of households that successfully lease up using vouchers but also the type of
households that could have been in public housing. Do the statutes help the neediest households

utilize vouchers and transition out from the limited choice of public housing? Despite its decline,



public housing continues to serve more than two million low-income populations nationwide;
thus, it is important to understand the consequences and implications of the emerging state and
local policies that limitedly focus on other housing assistance programs. This paper examines
how the sociodemographic composition of the households living in public housing change before
and after local jurisdictions and states pass the source of income (SOI) anti-discrimination laws.

SOI laws make it illegal for landlords to discriminate against tenants’ source of income to
pay rent, including housing vouchers, and are advocated by fair housing groups to lower the
barriers of voucher utilization in the private housing market. Landlord discrimination is a major
barrier to voucher utilization, disproportionately affecting extremely poor families and racial
minorities among all voucher holders (Finkel & Buron, 2001). While an abundance of studies
documents the role of SOI laws on improving voucher utilization rates, no studies to date have
examined the impact of SOI laws on public housing.

I use nationwide public housing authority (PHA) level data, in years 2009-2018, to
examine the share of low-income households (50% below the local area median income (AMI)),
extremely low-income households (30% below the local AMI), minority households, and
female-headed households with children in public housing. I use a difference-in-difference (DD)
approach, exploiting the variation in SOI law enactment years by PHA, and examine the changes
in the composition of households living in public housing before and after SOI laws.

To preview results, I find statistically significant reductions in the share of
socioeconomically disadvantaged households in public housing for PHAs with SOI laws. More
specifically, I find up to a 4.51 percentage point decrease in the share of extremely low-income
households and a 1.9 percentage point decrease for low-income households in public housing

after passing SOI laws. I also find some evidence of a decrease in the share of minority



households, primarily driven by the decrease in black households. These changes are
accompanied by a relative decline in new entries into public housing (by 2.31 percentage points)
and an increase in the share of low-income, black households using vouchers. The results suggest
positive spillover effects of SOI laws, alleviating concentrations of poverty in public housing.

This paper is organized as follows. I first explain the differences between public housing
and housing choice vouchers. One difference is the barriers that voucher holders face when
searching for housing units in the private market. I explain how SOI laws may address such
difficulties, followed by existing empirical evidence on the effects of the laws on voucher
utilization rates and locational outcomes. In Section 3, I explain the conceptual framework and
hypotheses on how SOI laws may affect households in public housing, along with this paper’s
contribution to the existing literature. Then, I present the PHA-level data, measures, and the
analytic sample in Section 4. In Section 5, I provide the estimating equations for the empirical
strategy. I present my results and a series of robustness checks in Section 6 and conclude with
discussion and policy implications in Section 7.
2. Background
2.1.  Public Housing, Housing Choice Vouchers, and SOI Laws

The Housing Act of 1937 first established local public housing authorities (PHAs) to
develop public housing projects with the goal of providing “decent, safe, and sanitary dwelling
for families of low-income” (p.888). Public housing projects mostly consisted of one or more
concentrated blocks of standardized high-rise and sometimes low-rise apartment buildings (Von
Hoffman, 1996). Tenants in public housing projects would typically pay 30% of their income
towards rent, with some variation across local PHAs, which are well below the market rate. For

cost-saving purposes, city governments commonly built projects in areas already occupied by



poor, minority residents (Schill & Wachter, 1995). For example, out of 33 projects constructed in
Chicago between 1950 and 1970, all but one project was built in neighborhoods that were at least
85% black (Hirsch, 1983). As a place-based program, public housing offers rent subsidies for
units in the public housing projects; in other words, public housing recipients cannot choose
rental units outside the projects. The program recipients, based on the eligibility criteria, also
come from a pool of low-income households that are also predominantly racial minorities. The
design of project-based public housing, as a result, has been often criticized for creating
neighborhoods of “concentrated poverty,” or isolated geographic areas that are
disproportionately poor and racially black.

In the landmark case of Gautreaux in 1976, the Supreme Court ruled that the Chicago
Housing Authority (CHA) and the U.S. Department of Housing and Urban Development (HUD)
discriminated against black tenants by concentrating them in large-scale developments located in
poor, black neighborhoods. As a result, more than 250,000 public housing units were demolished
across the nation, including the projects in Chicago. The Housing and Community Development
Act of 1974 was passed to create the housing voucher program as an alternative to the traditional
projects. Housing voucher recipients also typically pay 30% of their income towards rent like
public housing tenants, and the federal government would subsidize the difference between the
payment and the rent. The main difference between the two programs is that the housing
vouchers are tenant-based, subsidizing the rental units in the private market chosen by the
tenants rather than limiting the subsidized units to those in the projects. The housing voucher
program was often preferred by policymakers as the means to alleviate the concerns around

public housing’s concentration of poverty.!

! For example, families that had to move out of demolished CHA public housing were provided with vouchers to
move to other low-poverty neighborhoods. Later in the 1990s, HUD’s Moving to Opportunity experiment provided



Voucher recipients, however, are not guaranteed to successfully lease up in the private
housing market. The two often-discussed barriers of voucher utilization are high search costs and
landlord discrimination (Weicher, 1990). First, low-income households may not have the time
and resources to find eligible housing units in the private market that meet both program
requirements and personal preferences (DeLuca et al., 2013). While rent cannot exceed the
maximum payment standard set by local PHAs, the rental units should also satisfy the basic
housing quality standards set by the federal government (HUD, 2020).2 Voucher recipients
typically have 60 days to find housing with some variation by local PHAs. A second barrier is
landlord reluctance to accept vouchers. This may relate to landlords’ perception of administrative
burdens, assuming PHAs are slow and bureaucratic and not wanting to comply with inspections
on the housing quality standards. Another reason behind landlord reluctance may be due to
viewing voucher holders as undesirable tenants. Landlord refusal to rent to voucher recipients
may also mask racial discrimination, as voucher programs are disproportionately non-white
compared to the broader population of households in rental units (Galvez, 2011).

Due to high search costs and landlord discrimination, voucher recipients may fail to use
vouchers before they expire. Extremely poor families and minority households may be
disproportionately affected by these barriers, as they may face more discrimination in the private
housing market (Finkel & Buron, 2001). Although only descriptive, an early evaluation shows
that almost half (48 percent) of minorities failed to find housing using vouchers, which is a

significantly higher failure rate compared to 28 percent of white voucher households failing to

housing vouchers to low-income households for the purpose of examining whether moving into low-poverty
neighborhoods improved household outcomes. Descriptive studies show that voucher recipients are less likely to
live in high-poverty neighborhoods than general low-income population and households in public housing (Newman
& Schnare, 1997; Pendall, 2000; Turner, 1998).

2 If rent exceeds the maximum payment standard, tenants have to pay the difference in addition to 30% of their
adjusted income, and some PHAs only allow the rent to exceed the maximum payment standard for a limited
amount of time.



use vouchers (President’s Commission on Housing, 1982). Another consequence is voucher
recipients leasing up in similarly poor-quality neighborhoods instead of moving to lower-poverty
neighborhoods (Jacob, 2004).

Since 1971, an increasing number of states and localities have passed SOI laws to address
discrimination problems, reaching 80 local jurisdictions and 12 states in 2019 (see Figure 1).
These laws make it illegal for landlords to discriminate against voucher recipients solely based
on the source of income, including housing choice vouchers and other welfare assistance. Many
advocates and fair housing groups have been pushing for the passage of SOI laws as a policy
response to address the discrimination against voucher holders (Macdonnell & Kahn, 2005). In
the following sections, I provide existing evidence on whether SOI laws effectively address these
two barriers and how the suggested impact may change the composition of households living in
public housing.

2.2. Literature Review: Empirical Evidence on the Impact of SOI Laws

A body of previous empirical studies focuses on evaluating the effects of SOI laws on (1)
voucher utilization rates and (2) the locational outcomes of voucher recipients. Finkle and Buron
(2001) are the earliest to examine the effects of SOI laws on voucher utilization rates. They use
data from telephone interviews of 2,609 voucher holders across 48 PHAs in 2000. They find that
voucher utilization rates are 12 percentage points higher in SOI jurisdictions. A more recent
study by Freeman (2012) use voucher data from the HUD administrative data (HUD-50058) in
1995-2008 and use a difference-in-differences approach to compare PHAs in jurisdictions with
SOI laws and those in adjacent jurisdictions. He finds that voucher utilization rates are 5 to 12

percentage points higher in SOI jurisdictions.



Another set of studies examines the locational outcomes of voucher holders as a result of
enacting SOI laws. A cross-sectional study by Galvez (2011) uses restricted-use HUD data and
finds that neighborhood poverty rate is 1 percentage point lower for voucher holders in
metropolitan statistical areas with SOI laws. Freeman and Li (2014), using HUD administrative
data (HUD-50058) in 1995-2008 and a difference-in-difference approach, find that neighborhood
poverty rate is 3 percentage points lower for voucher holders in SOI jurisdictions. To summarize,
previous studies find that voucher recipients are less likely to fail at finding landlords that accept
vouchers and more likely to move into low-poverty neighborhoods in the presence of SOI laws.

While previous studies — naturally — focus on voucher outcomes, no studies to date
discuss the impact of SOI laws on public housing. It is, however, critical to understand whether
recent policy attention on the housing voucher program is creating any blind spots for public
housing. Not all eligible households can receive housing vouchers, and despite improved
utilization through SOI laws, not all voucher recipients end up successfully leasing up in the
private market. Public housing remains an important stream of housing assistance for needy
families, currently serving more than 2 million low-income individuals across the nation. This
paper examines whether SOI laws have any unintended consequences on public housing. In the
next section, I discuss how SOI laws might affect the type of households that sort into public
housing due to the changes in voucher utilization rates and locational outcomes within the same
PHA service area.

3. Conceptual Framework: How Might SOI Laws Affect Public Housing?

This section outlines the two sets of hypotheses on how SOI laws may change the type of

households that enter or exit public housing based. Public housing and housing choice voucher

programs are federally funded housing assistance programs that are administered by local public



housing authorities (PHAs).? For example, CHA would receive federal funds to manage and
administer public housing projects located in Chicago and also administer housing choice
vouchers for households in Chicago. Each PHA has its own waiting list, if any, and a systemized
tenant selection process for each program. PHAs in large cities typically have long waiting lists
that easily surpass years of waiting time and sometimes temporarily close the application to
control the volume of applicants. Other PHAs may have substantially shorter waiting lists. As
long as the application is open, eligible households can apply for both programs at the same time
and even apply for one program while receiving the other type of housing assistance.

Figure 2 depicts a household’s application and admission process for public housing and
housing choice vouchers. In this process, vouchers are different from public housing in that
reaching the top of the waiting list does not guarantee admission into the program. If voucher
holders are unable to find landlords willing to accept their vouchers within a given time frame,
they may lose their vouchers before they ever use vouchers to pay the rent.* Based on the
application and admission processes for both programs, I describe how passing SOI laws might
affect households seeking housing assistance in a given PHA service area.

Switching from public housing to vouchers

First, SOI laws may reduce the share of socioeconomically disadvantaged households in
public housing by improving voucher utilization rates. Racial minorities and extremely low-
income households are more likely to face landlord discrimination in the absence of anti-
discrimination laws and may become less likely to “fail to lease up” using vouchers with SOl

laws (see Figure 2). In the short run, the pool of disadvantaged households affected by SOI laws

3 As mentioned above, tenants for both programs typically pay 30% of their adjusted household income towards rent
and the federal government subsidizes the difference between the rent and the payment.
4 As mentioned above, households typically have 60 days to find a unit.



is most likely to come from households that had already applied for the housing choice vouchers.
These households may include those waiting for both programs — vouchers and public housing —
and those already living in public housing but had been waiting for vouchers. As a result,
improved voucher utilization among particularly disadvantaged households may reduce their
likelihood of staying on the waiting list for public housing or continue living in public housing,

thus leading to the first hypothesis:

H1: SOI laws increase voucher utilization rates for disadvantaged households and reduce

the share of disadvantaged households in public housing.

However, as an opposing hypothesis, SOI laws may not improve voucher utilization rates
for racial minorities or extremely low-income households. Furthermore, SOI laws may work in
favor of relatively better-off voucher holders with market readiness. Relatively better-off
households with incomes right below the eligibility threshold may have the ability to take
advantage of SOI laws and become more successful leasing up using vouchers in the private
housing market. In these cases, we may see null effects or increases in the share of disadvantaged
households in public housing as a result of SOI laws.

Crowded out of vouchers into public housing

In the longer run, SOI laws may increase competition for vouchers and crowd out racial
minorities and extremely low-income households to public housing. SOI laws are expected to
improve voucher utilization overall and utilization in “better” neighborhoods. This aspect of SOI
laws may congest the waiting list in two ways. First, improved voucher utilization may
paradoxically lengthen the waiting time for vouchers, as fewer vouchers expire and fewer
households newly receive vouchers. Relatively better-off applicants may have higher tolerance

for longer wait times, as they can afford to stay on the waiting list without having to resort to
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other forms of housing assistance. Second, improved locational outcomes may increase these
better-off households’ willingness to wait. The share of relatively better-off applicants “placed
on the waiting list” for vouchers (in Figure 2) may increase as a result of SOI laws. On the
contrary, worse-off households’ perceived value of vouchers is less likely to depend upon the
potential locational outcomes of vouchers. Instead, they are more likely to stay in public housing
or take up the offer of public housing units instead of taking the chance to wait longer for
vouchers. As a result, socioeconomically disadvantaged households are more likely to be
crowded out from vouchers due to increased competition. This leads to the second hypothesis on

the longer-term effects of SOI laws:

H2: SOI laws increase competition for vouchers, crowd out households with lower
tolerance for the wait time, and increase the share of disadvantaged households in public

housing.

Whether the hypothesized long-term effect exists and how long it would take for the
effect to appear are both empirical questions. If the waiting lists are long, it may take more time
for the overall household composition of public housing to change. The hypothesized effects
may appear faster in PHAs with shorter waiting lists. In later sections, I explain how I stratify the
sample into PHAs with short and long waiting lists to explore heterogeneity in the timing of the
effects and employ an event study approach to examine possible dosage effects of SOI laws over
time. Of course, households may not adjust their waiting behavior in response to SOI laws. As an
opposing hypothesis for H2, there may be null effects of SOI laws on the share of disadvantaged
households in public housing, at least through the mechanism of increased competition for

vouchers.
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4. Data Sources, Measures, and Sample

I use longitudinal PHA-level data from three administrative data sources in years 2009-
2018. First, I use annual PHA- and program-level data from HUD Picture of Subsidized
Households. These data include the household compositions for public housing in each PHA,
such as the percent of households that are poor (income lower than 50% of area median income
(AM)), extremely poor (income lower than 30% of AMI), black, racial minority, and female-
headed with children in public housing. I use these five measures, respectively, as the outcome
variable. I have a set of identical variables for households on housing choice vouchers. Other
annual PHA-level data include the total number of public housing units available, the percent of
public housing units occupied, and the percent of households that newly entered public housing
(move-in). The annual average waiting time (in months) for public housing is also reported but
only for households that newly move into public housing in a given year; therefore, years with
no new public housing entries are missing average waiting time. I instead calculate the aggregate
average waiting time for each PHA (thus not varying across years).’

I link PHA-level data with local jurisdiction- and state-level SOI law status based on the
geographical boundaries of PHA service areas. The Poverty and Race Research Action Council
database (2020) contains each jurisdiction and state’s statute against SOI discrimination, their
enactment year, and whether an enforcement agency is identified by the state or the local
jurisdiction. PHA service areas are not always coterminous with jurisdictions that enact SOI

laws.® In this paper, I spatially match the estimated PHA service areas from the HUD Office of

5 For example, a PHA with an average waiting time of 12 months for every year between 2009 and 2018 would have
an average waiting time of 12 months, and a PHA with an average waiting time of 24 months but for every other
year between 2009 and 2018 (thus missing five years of average waiting time data) would have an average waiting
time of 24 months instead of 12 months.

® Among previous studies that examine the impact of SOI laws on voucher outcomes, no studies to my knowledge
specify how treatment of SOI laws were identified at the PHA level.



12

Policy Development and Research with state and jurisdiction boundaries to identify PHAs with
SOI laws. I consider a PHA to be affected by SOI laws if its service area either: 1) exactly match
the state or locality that enacted SOI laws, 2) is nested within the state or locality that enacted
SOI law, or 3) include smaller localities that enacted SOI law.

This study focuses on 4,020 observations of 402 “Ever SOI” PHAs that were
continuously operating their public housing program in 2009-2018. I restrict the sample to
include PHAs that were ever affected by SOI laws up to date. In our sample, 307 PHAs had SOI
laws before the sample period (“Always SOI”), 48 PHAs cover states or jurisdictions that enact
SOI laws between 2009 and 2018 (“Sometimes SOI”), and 47 PHAs are considered future
recipients of SOI laws (“Future SOI”) that eventually pass SOI laws but after the sample period.
While jurisdictions that enact SOI laws may be systematically different from those that do not, it
is plausible that the precise timing of enactment is exogenous among ever SOI PHAs. Table 1
provides the variable means for Ever SOI and Never SOI PHAs in 2009. Baseline characteristics
suggest that Ever SOI PHAs, on average, provide larger numbers of public housing units.

S. Empirical strategy
5.1. Testing pre-trends

I exploit staggered enactment of SOI laws over time to estimate the effect of SOI on
public housing composition based on the assumption that the precise timing of SOI enactment
year is plausibly random. The event study results in Figures 4-6 show the coefficients for this
study’s main outcome variables by years since PHA’s first exposure to SOI laws, using PHA
fixed effects and year fixed effects. The event study results clearly show that PHAs that enact

SOI laws do not have significant trends in the composition of households in public housing prior



13

to passing SOI laws. This confirms that household characteristics of public housing in pre-SOI
years are determined unrelated to the SOI enactment decisions.
5.2. Estimating equations

I use a difference-in-differences approach based on the assumption that the precise timing
of SOI enactment year is plausibly random. I identify the effects by comparing PHAs across
time, as well as comparing early adopters to late adopters. This paper’s baseline model contains
the following elements:

Yit = Po + P1 SOLi + yXit + 0i + T + €it (1)

where Y represents the set of sociodemographic characteristics of the households living in
public housing in PHA i in year t. I also examine the share of occupied units and the share of
new move-in units to explore the possibilities of whether the estimated effects driven by
households exiting public housing to receive vouchers or changes in the inflow of new
applicants. SOI;; captures the SOI law enactment status. A vector of time-varying PHA
characteristics is included in the equation as Xi.. PHA fixed effects, i, control for underlying
PHA characteristics, and year fixed effects, 1, control for secular trends.

I also examine potential dosage effects, using an event study specification:

Yit = Po + BSOI Yeari + yXit + i + T + &it (2)

where SOI Year;: captures a vector of the years since a PHA’s first exposure to SOI laws. The
event study analyses can shed light on whether the long-term effects of SOI laws, discussed in
the second hypothesis (H2), change the trends observed in the shorter term.

I also interact the average wait time for public housing with SOI;; in model (1) and SOI
Yeari in model (2) to explore whether the length of the waiting list moderates the timing that the

longer-term effects appear. Finally, I also examine the household composition outcomes for the
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housing choice voucher program to further shed light on mechanisms. The estimated impact of
SOI laws on the households in public housing can be explained in relation to the changes in the
households that successfully utilize vouchers after the enactment of SOI laws.

6. Results

Baseline results in Table 2 show the estimated impact of SOI laws on the
sociodemographic composition of public housing households as well as the percent of occupied
units and the percent of households that moved into public housing. The coefficients in columns
1 and 2 suggest statistically significant declines in the share of poor and extremely poor
households by 1.44 and 2.83 percentage points after the enactment of SOI laws. The statistically
significant reduction in the share of new households (see column 7) may explain the decline in
the share of poor and extremely poor households in public housing. In other words, fewer
economically disadvantaged households are entering public housing after the passage of SOI
laws. Appendix Figure A.3. provides a descriptive trend in the increasing share of new public
housing households in PHAs that ever enact SOI laws; however, increasing trends are steeper for
Future SOI and Always SOI groups. These suggest the mechanism behind the decline in the
share of poor and extremely poor households for Sometimes SOI group can be potentially
explained through the relative decline in entries to public housing post-SOI laws.

In Table 3, we examine whether the effects of SOI laws grow or diminish over time. The
estimates in columns 1 and 2 suggest that, except for the initial year, there is a general trend of
the negative estimates growing over time. The decline in the percent of poor and extremely poor
households ranges up to 1.9 and 4.51 percentage points in the fifth year. While not statistically
significant at the conventional level, we see immediate positive changes in the shares of black

households and female-headed households with children, but their shares decline after the second
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year (starting from SOI 3). It is important to note that I hypothesize in the longer term (see H2),
socioeconomically disadvantaged households might be crowded out from the competition for
vouchers, which would increase their share in public housing, as opposed to H1. The estimates
suggest that the hypothesized longer-term effects do not dominate the hypothesized effects of H1
even in later years. In other words, socioeconomically disadvantaged households appear to be
taking advantage of SOI laws to opt out of public housing without any evidence for being
crowded out in the competition for vouchers.

I estimate whether the effects are different by PHA’s length of the waiting list for public
housing. Results in Table 4 columns 1 and 2 suggest that the direction and the statistical
significance of the estimated impact of SOI laws on the share of poor and extremely poor
households are consistent with those in Table 3; the impact does not vary by the PHA’s average
waiting time for public housing. The estimates in column 3, however, suggest that SOI laws
increase the share of black households in public housing but are moderated by the waiting time.
For example, PHAs with no waiting time would experience an increase in the share of black
households in public housing by almost 2.3 percentage points; yet, PHAs with an average
waiting time of more than 24 months would see no effects in the change in black households.
Similarly, PHAs with longer waiting times would experience declines in black households. It is
likely that we observe only the short-term effects of SOI laws (or the hypothesized effects of H1)
for PHAs with longer waiting times. In other words, it takes a shorter time for the long-term
effects to appear in PHAs with short waiting lists. This suggests that black households are —
similar to poor households, extremely poor households — more likely to switch from public
housing to vouchers as a result of SOI laws but are also likely to be crowded out from the

competition for vouchers.
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This trend is more prominent in Table 5. The decline in the share of black households in
public housing is only evident in PHAs with longer wait times. However, the share of black
households significantly increases over time for PHAs with shorter waiting times, suggesting
black households are being crowded out from the competition for vouchers and are more likely
sorting into public housing as a result of SOI laws. Estimates in columns 1 and 2 show that the
waiting time mostly does not moderate the effects of SOI laws for poor and extremely poor
households in public housing.

Results for voucher households are shown in Tables 6 and 7. The estimates suggest that
the share of poor and black households increase after the enactment of SOI laws. Event study
results further suggest that that the positive effects grow over time for the share of poor,
extremely poor, black, and minority households. In other words, these results support the
hypothesized mechanism of H1 that socioeconomically disadvantaged households are more
likely to utilize vouchers in PHAs with SOI laws and rule out H2 that they are crowded out from
the potential increase in competitions for vouchers.

7. Discussions

Fair housing advocates suggest that anti-discrimination laws would help low-income
families find housing in the private market, including households that use housing choice
vouchers to pay rent. A recent body of research has provided evidence that voucher holders are
more likely to successfully find housing — and also find housing in low-poverty neighborhoods —
after the enactment of SOI laws. However, little is known about the spillover effects of SOI laws
on alternative housing assistance programs, such as public housing, that are operated by the same
local PHAs. Enactment of SOI laws and the subsequent effects on vouchers may change the pool

of households in need of public housing in a given locality, changing the sociodemographic
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composition of households living in public housing. This paper aims to provide credibly causal
estimates of the effect of SOI laws on the composition of households living in public housing
and shed light on the potential mechanisms.

I find that SOI laws significantly reduce the share of disadvantaged households in public
housing. Specifically, the shares of poor and extremely poor households in public housing reduce
up to 1.9 and 4.51 percentage points. These reductions in disadvantaged households are coupled
with the increase in poor, extremely poor, and minority households in vouchers, as well as the
reduction in the share of new entries to public housing, suggesting that SOI laws help
socioeconomically disadvantaged households’ transition out from the limited choice of public
housing. This paper provides evidence that will likely assuage critic’s worries, demonstrating
that SOI laws help socioeconomically disadvantaged households benefit from vouchers without

leaving public housing behind in exacerbated concentrations of poverty.
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Tables and Figures

Figure 1. The number of state and local jurisdictions with SOI laws over time, 1971-2019
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Notes: Data from Poverty & Race Research Action Council (2020).

Figure 2. Application process for public housing and housing choice vouchers

Apply for Placed on Receive public Enter
public housing waiting list housing offer public housing

Lease up using
Apply for Plz_iged on Receive voucher vouchers
vouchers waiting list

—)l Fail to lease |

Figure 3. PHA service areas by SOI enactment status, 2009-2019

N

T T ~y |

SOI status
m Always

m Sometimes

1 Never

1 Not covered by PHAs
— County border




Table 1. Summary statistics — variable means by SOI enactment status

Never SOI Total Always Sometimes Future
1) (2) 3) “) (5)
Total units 274.02 580.3 524.73 1007.99 516.92
(498.69)  (1357.76)  (1318.49)  (1753.49)  (1056.30)
Total veon] 548.89 1097.65 966.01 1919.53 1134.82
otalpeopie (1006.86)  (2705.86)  (2534.94)  (3126.82)  (3148.32)
o 87.90 89.41 89.06 92.07 89.04
o poot (8.74) (8.15) (8.73) (5.00) (6.05)
%% extromely noor 63.41 66.82 66.42 72.40 63.95
o extremely poo (14.39) (14.39) (15.06) (9.98) (12.08)
%% black 32.30 34.77 21.34 18.78 37.88
° (35.10) (36.32) (26.46) (24.63) (33.46)
o) minorit 45.41 40.24 36.95 64.70 37.26
o Minotity (36.50) (32.21) (30.82) (30.15) (32.63)
- 36.67 29.09 27.90 37.47 28.55
o

7o female head with children (17.05) (16.51) (16.53) (15.56) (14.86)
o y 94.91 95.32 95.15 95.46 96.25
o oceupte (6.24) (5.78) (6.16) (5.03) (3.33)
%% move in 17.23 13.64 14.56 9.71 11.65
’ (8.57) (9.01) (9.67) (5.20) (5.62)
Average wait time (months) 13.10 11.91 18.40 17.69 25.61
g (27.27) (29.07) (16.08) (16.18) (15.59)

N 17,870 4,020 3,070 470 480
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Figure 4. Event study results for % poor (left) and % extremely poor (right) households
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Figure 5. Event study results for % black (left) and % minority (right) households
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Figure 6. Event study results for % occupied units (left) and % new move-ins (right)
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Table 2. Baseline regression results for public housing households

Dependent poor extremely black minority  female head  occupied move in
variable (%): poor with child
() ) 3) @ (6] (6) 0]
SOl -1.443%**% D Q27*FF*  .(0.242 -0.430 0.372 -0.726 -1.507***
(0.401) (0.515) (0.508) (0.369) (0.922) (0.5806) (0.411)
PHA FX Y Y Y Y Y Y Y
Year FX Y Y Y Y Y Y Y
Constant 91.125%**  68.912%**  21.399%**  38303%**  20502%**  04.224%**  ]2.679%**
onstan (0.353) (0.484) (0.440) (0.359) (0.739) (0.512) (0.384)
R2 0.801 0.869 0.986 0.987 0.944 0.525 0.676
N observations 4,020 4,020 4,020 4,020 4,020 4,020 4,020

Note: Robust standard errors are shown in parentheses (*** p<0.01, ** p<0.05, * p<0.1).

Table 3. Event study results for public housing households

Dependent poor extremely black minority  female head  occupied move in
variable (%): poor with child
() 2 3 “ (O] (O] 0]
SOI 1 -1.697%** D BRSH** 0.059 -0.409 1.655 -0.718 -0.876
(0.614) (0.695) (0.550) (0.455) (1.4006) (0.882) (0.543)
SOI 2 -0.753* -1.716%* 0.071 -0.306 0.642 -0.066 -2.282%**
(0.394) (0.763) (0.868) (0.481) (1.489) (0.692) (0.727)
SOI 3 -0.862%%* -2.361%**  -0.401 -0.797 -1.072 -0.572 -1.617%*
(0.392) (0.730) (0.989) (0.576) (0.778) (0.824) (0.740)
SOI 4 -1.726%**  -3.036%**  -0.914 -0.302 -1.752* -1.526 -1.693%%*
(0.457) (0.741) (0.816) (0.730) (0.960) (1.179) (0.749)
SOI 5+ -1.904%** 4 512%*%*  -0.947 -0.403 -0.974 -1.123 -2.312%%*
(0.525) (0.870) (0.811) (0.598) (1.127) (1.006) (0.643)
PHA FX Y Y Y Y Y Y Y
Year FX Y Y Y Y Y Y Y
Constant 91.471%**  70.161***  21.027***  38371***  30.515%** 94 528***  13.270***
(0.420) (0.699) (0.637) (0.489) (0.874) (0.790) (0.521)
R2 0.801 0.870 0.986 0.987 0.944 0.525 0.676
N observations 4,020 4,020 4,020 4,020 4,020 4,020 4,020

Note: Robust standard errors are shown in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
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Table 4. Regression results interacted with average waiting time for public housing households

Dependent poor extremely black minority  female head  occupied move in
variable (%): poor with child
() ) 3) @ (6] (6) 0]
SOl -2.063%**  -3.900%** 2.308%* -0.281 0.622 0.589 0.624
(0.765) (1.124) (1.184) (0.660) (1.242) (1.078) (0.758)
SOI x Wait fi 0.023 0.040 -0.096%** -0.006 -0.009 -0.049* -0.080%***
X WaltHme 0 020) (0.032) (0.039) (0.016) (0.030) (0.026) (0.022)
PHA FX Y Y Y Y Y Y Y
Year FX Y Y Y Y Y Y Y
Constant 91.283***  69.186***  20.748***  38.355%**  20438*** 03 88Z¥**  ]2.134%**
(0.412) (0.581) (0.529) (0.405) (0.773) (0.605) (0.4206)
R2 0.801 0.869 0.986 0.987 0.944 0.525 0.676
N observations 4,020 4,020 4,020 4,020 4,020 4,020 4,020

Note: Robust standard errors are shown in parentheses (*** p<0.01, ** p<0.05, * p<0.1).



23

Table 5. Event study results interacted with average waiting time for public housing households

Dependent poor extremely black minority  female head  occupied move in
variable (%): poor with child
1) (2) 3) (4) (%) (6) @)
So1 1 2.675%% 4207 1.101 -0.742 1.413 0.136 0.494
(1.007) (1.355) (1.018) (0.773) (1.799) (1.382) (0.928)
SOI 1 x Wait 0.038* 0.051 -0.042 0.013 0.010 -0.034 -0.054%*
X wal (0.020) (0.036) (0.029) (0.017) (0.037) (0.027) (0.023)
So12 -1.690%% 2,757 4.126%%  -0.206 -0.787 1.926 0.201
(0.672) (1.704) (1.904) (0.902) (2.051) (1.437) (1.410)
SO1 2 x Wait 0.034 0.038 -0.146%** 0004 0.050 -0.072% -0.090%*
(0.021) (0.053) (0.046) (0.023) (0.069) (0.037) (0.036)
SO1 3 -0.443 -2.687 3.517* 0.491 -1.991 -0.380 -0.658
(0.795) (1.794) (1.985) (1.410) (1.850) (3.209) (1.602)
SO 3 x Wait -0.014 0.013 -0.144%%% 0016 0.021 -0.074 -0.108%*
xowal (0.026) (0.059) (0.046) (0.028) (0.041) (0.045) (0.031)
so14 -1.067 -2.961* 2.841% 0.491 -1.991 -0.380 -0.658
(0.767) (1.537) (1.692) (1.410) (1.850) (3.209) (1.602)
SO 4 x Wait -0.020 0.003 -0.137%%%  .0.029 0.004 -0.044 -0.044
(0.024) (0.046) (0.046) (0.033) (0.054) (0.084) (0.039)
SOl 5+ D.704%%  7413%E% 4750%% 1.514 2.932 1.151 2.497
(1.051) (2.044) (1.971) (1.237) (2.782) (2.203) (1.567)

. 0.026 0.093* 0.191%%%  _0.061%*  -0.120% -0.077 -0.158%%+
SOLSTxWait ¢ o5 (0.052) (0.050) (0.028) (0.071) (0.052) (0.040)
PHA FX Y Y Y Y Y Y Y
Year FX Y Y Y Y Y Y Y
Constant 91.736%**  TLI121%*%*%  20.149%%*  37.725%%% 09 |37+%% 03 80Q#k* ] 7]9%**

(0.544) (0.986) (0.923) (0.650) (1.304) (1.095) (0.751)
R2 0.801 0.870 0.986 0.987 0.945 0.526 0.677
N observations 4,020 4,020 4,020 4,020 4,020 4,020 4,020

Note: Robust standard errors are shown in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
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Table 6. Regression results for voucher households

Dependent poor extremely black minority  female head
variable (%): poor with child
(@) ) 3) @ 3)
SOI 1.50] *** 0.572 3.183* -0.052 -0.240
(0.501) (0.533) (1.836) (0.566) (0.474)
PHA FX Y Y Y Y Y
Year FX Y Y Y Y Y
05.308%**  75.029***  23.862%**  44.149%** 44 133***
Constant
(0.569) (0.578) (1.430) (0.538) (0.479)
R2 0.336 0.509 0.990 0.972 0.842
N observations 2,850 2,850 2,850 2,850 2,850

Note: Robust standard errors are shown in parentheses (*** p<0.01, ** p<0.05, * p<0.1).

Table 7. Event study results for voucher households

Dependent poor extremely black minority  female head
variable (%): poor with child
(@) ) 3) @ 3)
SOI 1 1.392%* 0.665 3.329 -0.044 -0.605
(0.593) (0.645) (2.027) (0.639) (0.639)
SOI 2 1.630%** 0.522 3.194* -0.620 -0.248
(0.558) (0.782) (1.710) (1.008) (0.558)
SOI 3 1.712%*%*  -0.001 3.765* -0.350 0.639
(0.582) (0.6406) (2.101) (1.237) (0.659)
SOI 4 2.087%** 1.086 5.535%*x* 1.404 0.820
(0.698) (0.832) (2.129) (0.888) (0.767)
SOl 5+ 2.821%** 1.661% 5.825%** 2.098** -0.019
(0.920) (0.975) (2.207) (0.935) (0.857)
PHA FX Y Y Y Y Y
Year FX Y Y Y Y Y
89.432%**  70.081***  19.799*** 42 8OT***  46.473*F**
Constant
(3.624) (3.127) (2.652) (1.756) (2.143)
R2 0.338 0.509 0.990 0.972 0.842
N observations 2,850 2,850 2,850 2,850 2,850

Note: Robust standard errors are shown in parentheses (*** p<0.01, ** p<0.05, * p<0.1).



25

Appendix
Figure A.1. Trends in the share of poor households in public housing by enactment year
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Figure A.2. Trends in the share of extremely poor households in public housing by enactment year
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Figure A.3. Trends in the share of households that move to public housing by enactment year
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Essay 11
Are Public Housing Projects Good for Kids After All?
(Co-authored with Amy Ellen Schwartz)

1. Introduction

Is public housing good for children? Despite the best intentions, the benefits of public
housing — such as improved affordability, better housing units, or greater residential stability —
may be outweighed by detrimental effects of high-poverty neighborhoods, low-quality schools,
neighborhood crime, or other (dis)amenities. Whether the net effect is positive or negative is
theoretically ambiguous and likely to depend on the characteristics of the housing and its
associated schools and neighborhood and their quality compared to origin neighborhoods. While
the limited previous literature is discouraging, much of this work exploits exits from relatively
undesirable public housing — comparing outcomes of children who left to those who remained
(Katz et al., 2001; Jacob, 2004; Sanbonmatsu et al., 2006; Ludwig et al., 2013; Chetty et al.,
2016; Chyn, 2018). Two notable exceptions, Weinhardt (2014) and Carlson et al. (2019), focus
on entries into oversubscribed social housing in England and public housing in Wisconsin,
respectively. While both studies report mostly null effects, limitations in sample size or variation
in the public housing stock may have masked positive (or negative) effects under some
circumstances. Further, they do not control for the independent effects of residential and school
mobility.

In this paper, we draw on detailed individual-level longitudinal data on public school
students in New York City (NYC) to examine the effects of entries into public housing,
including some projects located in gentrifying neighborhoods. Exploiting plausibly random

variation in the precise timing of entry into public housing, we estimate credibly causal effects of
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public housing on academic and weight outcomes using both difference-in-differences and event
study designs. We exploit heterogeneity across the neighborhoods surrounding the 147 public
housing developments and myriad origin residences and leverage data on public schools to
explore the extent to which neighborhoods and schools shape the effects of public housing.

More specifically, we use administrative student-level data from the NYC Department of
Education on NYC public school students, in grades 3-8, between academic years 2009 and
2017. We focus on 35,456 observations and 7,832 students who enter public housing in grades 5,
6, or 7 and thus have at least one year of standardized test scores both before and after moving
into public housing. We use an expanded sample for attendance and weight analyses, adding
students in grades K-2 and 9-12. We begin with a difference-in-differences identification
strategy, using parsimonious models that link test scores and attendance to public housing
residency and student fixed effects. We control for residential and school moves, estimate
separate effects for the first post-move year and subsequent years, and explore heterogeneity
across neighborhood types (both origin and destination), race/ethnicity, and gender. We further
explore school characteristics of students moving into and out of different neighborhoods to
understand the role of public schools. We investigate the empirical support for our identification
assumption of plausibly random variation in the precise timing of student entry; we explore
sociodemographic predictors of timing of entry and find little evidence that student
characteristics are significant predictors of the grade of entry. Event study analyses also reveal
little evidence of significant pre-trends.

To preview the results, we find that moving into public housing has positive and
statistically significant effects on student outcomes, most prominently after the initial adjustment

year. Small changes in test scores in year one are followed by larger improvements in subsequent
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years — both reading and math scores increase by roughly 0.1 standard deviations (sd). Event
studies show smaller immediate changes in test scores post-move with steady improvement over
time. As for heterogeneity, we find positive effects for all subgroups with larger effects for girls
than boys (0.15 vs. 0.06) and for Asians and Whites (0.31 and 0.18 respectively) than Hispanics
or Blacks (0.10 and 0.08 respectively). We find no significant effects for attendance or weight
outcomes overall, but reductions in probability of being obese and overweight for boys.

Further, our results reveal the importance of neighborhoods — we see larger effects among
students moving into higher-income neighborhoods (up to 0.13 increase) than those moving into
lower-income neighborhoods (roughly 0.09 increase) after the first year in public housing. We
also find improvement in attendance rate and reduction in chronic absenteeism for students
moving into higher-income neighborhoods. Results suggest school matters, as moving out of
low-income neighborhoods or into high-income neighborhoods is associated with attending
better schools — with lower shares of economically disadvantaged schoolmates (that is, the share
of students eligible for free and reduced-price lunch) and higher average test scores.

Taken together, our results suggest that differences in the neighborhood and school
contexts of public housing studied in previous research underlie the differences in results. Put
simply, the null effects in previous studies may reflect the poor quality of the schools or
neighborhoods associated with public housing, while our positive effects may be driven by
improvements in schools and neighborhoods. Bottom line, our results refute the popular belief
that public housing per se is bad for kids and call for future work probing the circumstances

under which public housing works to improve academic outcomes for low-income students.
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2. Background and Literature Review
2.1. The Promises and the Problems of Public Housing

Public housing was the federal government’s first major housing assistance program for
low-income households. The Housing Act of 1937 established local housing authorities to
develop public housing projects with the goal of providing “decent, safe, and sanitary dwelling
for families of low-income” (p.888). While federally funded, public housing projects are
administered, managed, and operated by local public housing authorities. Some examples of
local housing authorities include Chicago Housing Authority and NYC Housing Authority
(NYCHA). There are approximately 3,300 public housing authorities nationwide that serve
around 1.2 million households living in public housing projects (HUD, 2020). Each public
housing authority sets the eligibility criteria for public housing based on household income and
has its own waiting list (if any) and tenant selection and assignment process. Households living
in public housing typically pay 30 percent of their adjusted household income towards rent,
which is in most cases well below the market rate.

Despite the best intentions to provide subsidized housing units for needy families, public
housing has long been criticized for its creation of “concentration of poverty” (Massey &
Kanaiaupuni, 1993). Public housing projects, typically consisting of one or more concentrated
blocks of high-rise apartment buildings, were often sited in neighborhoods occupied by poor,
minority residents (Von Hoffman, 1996; Schill & Wachter, 1995). Public housing tenants also
come from low-income and minority households because of the program’s eligibility criteria,
bringing in a large number of poor, minority families to the neighborhood. Critics blamed the
design of public housing projects created isolated geographic areas that are disproportionately

poor and racially Black.
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Concerns about the concentration of poverty in and around public housing motivated
federal housing policies to shift towards alternative housing assistance programs (Collinson et
al., 2015). In the landmark case of Gautreaux in 1976, the Supreme Court ruled that the Chicago
Housing Authority and the U.S. Department of Housing and Urban Development (HUD)
discriminated against Black tenants by concentrating them in large-scale projects located in poor,
Black neighborhoods. In 1992, Congress passed a new public housing funding program, HOPE
VI, to replace public housing projects in distressed neighborhoods across the nation with
privately-owned, mixed-income projects (Schwartz, 2014). Tenants living in public housing
buildings subject to demolition were given vouchers to move out of public housing and into
other rental units in the private market. The housing choice voucher program was first created in
1974 as an alternative to the project-based approach of public housing and allowed tenants to
find rental units in the private housing market. These alternative programs were often viewed by
policymakers as the preferred form of housing assistance as the means to alleviate the concerns
around the concentration of poverty, compared to public housing that limits the choice of
residential locations to poor neighborhoods.”

However, not all eligible households can receive housing choice vouchers.® Waiting lists
for vouchers are long; the average waiting time for vouchers easily exceeds a year, with
substantially longer waits of up to multiple years in large cities (Maney & Crowley, 2000). Even
after many months on the waiting list, households are not guaranteed to successfully find

housing in the private market. Low-income households — most likely under time and resource

7 As another alternative, the government subsidized private developers to ensure low- and moderate-income
households could afford units in private projects. Low-Income Household Tax Credit (LIHTC) program is the most
popular form of privately-owned, mixed-income projects. State allocating agencies would award tax credits to
developers if at least 20 percent of their tenants have incomes below 50 percent of the area median income (AMI) or
at least 40 percent have incomes below 60 percent of AMI.

8 In the case of mixed-income projects, it is mostly moderate-income households that occupy the projects, often not
affordable for low-income households without other forms of subsidy (Desai et al., 2010; O’Regan & Horn, 2013).
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constraints — typically have 60 days to find adequate housing units that meet the federal housing
quality standards and are also below the rent limits. Although prohibited by law in many states
and municipalities to discriminate against the source of income to pay rent, landlords may also
decline to accept vouchers (Galvez, 2011). Low-income households and minorities, in particular,
may further face discrimination by landlords in the private housing market (President’s
Commission on Housing, 1982; Freeman, 2012; Tighe et al., 2017). As a result, a substantial
number of voucher recipients fail every year to successfully utilize their housing vouchers or find
housing in neighborhoods not different from where they used to live.

Public housing, therefore, remains an important stream of housing assistance for low-
income families that may face multiple barriers in obtaining and utilizing housing vouchers. As
of 2020, public housing serves more than 2 million residents and 1 million households in need of
housing assistance across the nation (HUD, 2020). The all-too-common long waiting lists for
most public housing authorities attest the demand remains high. Furthermore, while previous
studies and popular press often focus on the negative effects of poor neighborhoods surrounding
public housing, there is limited causal evidence that public housing of this negative impact on
children. It is crucial to understand the effects of living in public housing and the mechanisms
through which it may further help or harm the residents and their children in need of housing
assistance.

2.2.  How Might Public Housing Affect Student Outcomes?

We identify four key channels through which public housing may affect student
outcomes. First, moving into public housing may have income effects. Subsidized rents for public
housing units, which are well below the market price, may effectively reduce rent burdens and

increase disposable income. Public housing tenants typically pay 30 percent of their adjusted
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income towards rent, with some variation by local housing authorities (HUD, 2020).” Increased
income is likely to improve children’s academic outcomes, especially for low-income
households. Previous studies suggest families in affordable housing are more likely to increase
their expenditure on necessities and enrichment of their children yet experience reduced parental
stress, which are all associated with improvements in children’s cognitive skills, physical, social,
and emotional health (Harkness & Newman, 2005; Newman & Holupka, 2016).

Second, moving into public housing may mean improved housing. That is, public housing
may provide housing units of “decent, safe, and sanitary dwelling.” Improved housing conditions
may include more reliable heat, water, and other utilities, as well as more space and improved
privacy. Early studies, including Currie and Yelowitz (2000), suggest that public housing units
provide better housing conditions, as they should meet federal housing quality standards. Currie
and Yelowitz (2000) use the sex composition of children as an instrument for the relationship
between families’ likelihood of living in public housing and their housing conditions. Families
with two children of the opposite sex are eligible for an extra bedroom than those of the same sex
and are thus more likely to apply for public housing. They find that public housing children are
less likely to live in overcrowded units or high-density complexes and less likely to repeat
grades. However, anecdotal evidence from the popular press suggests otherwise; dilapidated
housing conditions of NYC public housing recently called attention from the popular press and
nearly resulted in a federal takeover of NYCHA (Benfer, 2019; Weiser & Goodman, 2018).

More generally, previous research suggest housing conditions are closely related to children’s

° Voucher recipients typically pay 30 percent of their adjusted income towards rent but must pay any additional
amount if rents are above the payment standard set by local public housing authorities. In case of privately-owned
mixed-income projects, rents are often not affordable for low-income households without other forms of subsidy.
Put differently, public housing may bring larger income effects than other housing assistance programs.
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physical and psychological development and academic performance (Leventhal & Newman,
2010; Coley et al., 2013).

Third, public housing may improve residential stability over time. Unlike families in
private rental housing, public housing tenants are at lower risk of eviction or rent hikes at lease
renewal.!? Students in public housing may be less likely to experience multiple moves to new
schools and communities, which are shown to have disruptive effects on their academic
performance (Newman & Harkness, 2002; Crowley, 2003; Cordes et al., 2016; Cordes et al.,
2019). Improved residential stability provided by public housing may therefore have positive
academic impacts on students.

Finally, there may be neighborhood effects if moving into public housing means different
neighborhoods — either or worse better than the alternative (or counterfactual) neighborhood. A
broad literature documents the importance of neighborhood resources on children’s development
and academic outcomes (Leventhal & Newman, 2010; Chetty et al., 2016; Schwartz et al., 2017).
While early descriptive studies show kids in public housing live in worse neighborhoods than
those of welfare households living elsewhere (Newman and Schnare, 1997), more recent studies
on NYC public housing — the setting of this study — suggest substantial variation in public
housing neighborhoods. Han et al. (2020) document substantial variation in the micro-
neighborhood food environment among students living in NYC public housing, which has
consequences for childhood obesity. Dastrup and Ellen (2016) also find that most NYC public
housing, originally built decades ago in low-income areas, is now surrounded by relatively in
high-income neighborhoods, and Schwartz et al. (2010) do not find NYC public school students

living in public housing attend worse schools than otherwise similar peers living elsewhere.

10 This includes housing voucher recipients who would need to find housing in the private market.
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2.3.  Quasi-Experimental Evidence on the Impacts of Public Housing Exits and Entries

Existing research identifying the causal effect of public housing is limited. Most of these
prior studies leverage exogenous exits from public housing programs driven by the building
demolition or policy shifts towards the housing choice voucher program. The earliest studies
include research on the Gautreaux mobility program, in which selected households living in
Chicago Housing Authority’s inner-city projects received housing vouchers to move to suburban
neighborhoods as part of the Gautreaux litigation in 1976. The demand for the program exceeded
its supply, and program participation was primarily determined by whether the applicant’s
telephone call went through on the registration day. Leveraging this variation, Rosenbaum and
Popkin (1991) and Rosenbaum (1995) find improved academic performance among children
who moved out of public housing located in extremely distressed inner-city neighborhoods and
into private housing (using vouchers) in predominantly White, suburban communities.

Jacob (2004) exploits the exogenous timing of the demolition of public housing buildings
in Chicago to examine the effect of public housing exits. He finds no significant differences in
the test scores between children who move out earlier and those that stay in public housing.
Jacob (2004) suggests that the null effects may be due to students moving to neighborhoods and
schools that closely resemble the public housing neighborhoods they had left. Chyn (2018),
however, examines the longer-run impacts and finds that three years after demolition, displaced
households live in lower-poverty neighborhoods with lower crime rates, which leads to improved
employment and wage outcomes.

The reported gains from the Gautreaux relocation program and lasting concerns about the
concentrated poverty motivated the Moving to Opportunity (MTO) experiment in 1992. The

purpose of MTO, the largest randomized controlled experiment on housing mobility, was to test



37

whether providing housing vouchers would improve the life trajectories of the poorest families in
public housing (Orr et al., 2003). Households with children living in public housing in census
tracts with a poverty rate of at least 40 percent were eligible to participate in the experiment. The
experimental group was randomly chosen to receive vouchers and mobility counseling, along
with a requirement to move out of public housing and into low-poverty neighborhoods while the
control group received no vouchers but could continue to live in public housing. Results are
disappointing. A series of studies find no evidence of test score gains (or any effects on physical
health, including incidences of childhood obesity); however, depending on the subgroup, some
find evidence of mental health gains and reduction in risky behaviors for girls (but not boys) and
longer-term positive effects on college attendance and earnings for children who moved at
younger ages (Katz et al., 2001; Sanbonmatsu et al., 2006; Kling et al., 2007; Ludwig et al.,
2013; Chetty et al., 2016).

To be clear, all of these studies focused on families leaving public housing in very poor,
troubled neighborhoods. Whether results generalize to public housing in better neighborhoods —
perhaps with better schools — is unclear, and the estimated results are most likely underestimated
in previous studies.

Two recent quasi-experimental studies exploit exogenous timing of entry to public
housing, yet they find mostly null effects of public housing on student outcomes. Weinhardt
(2014) exploits plausibly random timing of entry into social housing neighborhoods in
England.!! His identification relies on the long waiting lists that give tenants little control over

the precise timing they move into social housing neighborhoods. He compares two key stage

! Weinhardt (2014) is unable to precisely identify housing subsidy recipients, but instead identifies households
moving into high-density social housing neighborhoods based upon the percentage of households that rent from the
council (local authority), a registered social landlord or housing association and calculates the percentage of
households living in social housing.
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exam test scores of early movers who in between the two exams and late movers or “future
recipients” who move in after the two exams. He finds that earlier movers into social housing
neighborhoods do not experience any detrimental effects on their test scores compared to later
movers. Carlson et al. (2020) also examine the impact of entry into public housing in Wisconsin,
comparing test scores for 841 students who enter public housing to 604 future recipients (and
other welfare recipients). They find that some evidence that public housing leads to declines in
math scores but null effects on reading scores.

While these recent studies represent important contributions, empirical limitations may
have obscured any positive impact of public housing residency. First, neither accounts for the
potentially disruptive effects of residential and/or school mobility, as distinct from moving into
public housing per se. Thus, their estimates of impacts immediately post move may well be
moderated by short term adjustment costs. Second, neither of the studies has sufficient sample
size or variation to explore heterogeneity across student subgroups and/or neighborhoods.
Carlson et al. (2020) have a small public housing sample and do not explore any variation within
public housing sample in terms of demographic subgroups and neighborhoods.!? A large
majority of the students in the Weinhardt (2014) sample were White (more than 80 percent),
while public housing residents in the US include large populations of Blacks, Hispanics and
Asians. The significant discrimination in housing markets suggests impacts may vary across
racial/ethnic groups. As the neighborhood effects literature find differential effects by gender, we
may find further differences in the impact of public housing residency across other student

demographic subgroups.

12 Carlson et al. (2020) do not specify the racial composition of their sample of students living in public housing, but
their overall housing assistance sample (in public housing and on housing choice vouchers) are 40 percent Black and
44 percent White. They find that housing assistance (for the overall sample) benefits black students, while they find
null results for whites. They find no meaningful differences between girls and boys.
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In this paper, we build upon these two papers and exploit plausibly random variation in
the timing of student entry to NYC public housing created by its application process and the
waiting list. We use data on individual-level test scores following students up to four years after
they move into public housing and attendance and weight outcomes for up to eight years. The
rich longitudinal dataset, which includes indicators of school attended, allows us to parse the
potentially disruptive effects of residential and school mobility followed by entry to public
housing. In addition to exploring heterogeneity by racial/ethnic subgroups and gender, we
capture the differences in neighborhoods surrounding public housing projects, including their
school peer characteristics, to probe potential mechanisms. Leveraging variation in student and
neighborhood characteristics and controlling for residential and school moves may help reconcile
findings from previous research.

3. NYC Public Housing and the Waiting List

NYCHA - the setting of our study — is the nation’s largest public housing system. As of
2020, the NYC public housing system contains 169,820 households in 2,252 buildings and 139
projects dispersed across the city’s five boroughs (NYCHA, 2020).!* Roughly over 400,000
residents occupy NYC public housing, of which approximately 26 percent are under age 18.
Large projects located in different parts of the city are likely to provide diverse living and
learning environments for children living in NYC public housing. Dastrup and Ellen (2016)
document that 54 public housing projects in NYC were surrounded by high-income
neighborhoods, while 49 projects were in low-income neighborhoods in 2010. They find other

neighborhood amenities, including public school quality, are correlated with neighborhood

13 The five boroughs include Manhattan, Bronx, Brooklyn, Queens, and Staten Island. The maximum rent for NYC
public housing is 30 percent of the household’s income, with HUD subsidizing the remainder of the rent. The
average NYCHA public housing family’s annual income is $25,502. The average monthly rent is $548, which is
way below the market rate.
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income, which may explain the finding in Schwartz et al. (2010) that public school students in
NYCHA buildings do not systematically attend worse public schools than otherwise similar
peers living elsewhere in the city.

Like most public housing authorities in major cities, NYCHA is oversubscribed and has
its own tenant selection and assignment process, creating extensive uncertainty in the precise
timing that eligible households can apply and receive an offer for public housing. First, NYC
residents have little control over the timing of their application, because NYCHA closes its
waiting list for public housing from time to time to control the volume of the applications it
receives. When applications for public housing open, eligible households that apply are placed
on the waiting list based on their family size, income, needs (e.g., emergencies), and date of
application. Second, applicants have limited control over the timing of receiving offers due to the
long waiting list. As of 2020, 176,646 families are on the waiting list for NYC public housing
(NYCHA, 2020). In the past five years, the average time between “date entered waiting list” and
“admission date” for NYC public housing has been more than 38 months (HUD, 2019).!* Third,
applicants are unlikely to manipulate their timing of entry through waiting and rejecting offers.
When applicants reach the top of the waiting list, they must select one preferred project within
30 days, conditional on containing an anticipated vacancy. NYCHA randomly assigns applicants
to vacant units in the selected project. Applicants can reject the initial offer and can receive up to
two offers, but their application will be closed if they fail to accept or reject the offers within 60

days (NYCHA, 2020).!5 Previous research suggests few households reject the initial offer for

14 Note that this average waiting time does not include the time spent on the waiting list for households that have not
received the offer yet (or those that withdraw from the list) and may underestimate the average waiting time to
receive a public housing offer.

15 In exceptional cases, “emergency” applicants — such as households with children that are homeless, victims of
domestic violence, or intimidated witnesses — may be prioritized in the tenant selection process. The timing of entry
to public housing for these emergency applicants will be also be affected by the limited availability, list closures,
etc. that create randomness in the timing of entry. Emergency applicants are only allowed to select a preferred
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housing assistance programs with long waiting lists, as it may entail a substantial wait for and
uncertainty regarding the availability of another unit (Coley et al., 1997; Rosenbaum, 1995;
DeLuca & Rosenbaum, 2003). NYCHA closing its waiting list from time to time may further
reduce households’ likelihood of rejecting offers, as it would increase their uncertainty around
the chance to create new applications to get back on the waiting list.

We exploit the resulting exogenous variation in the timing of household entry to NYC
public housing to examine the causal impact of public housing residency on student outcomes.
We explore the empirical support for the proposition that the timing and the grade in which
students enter public housing are uncorrelated with pre-determined student characteristics in the
following sections.

4. Data, Measures, and Sample

We use individual-level longitudinal data from the NYC Department of Education on
NYC public school students, grades 3-8, in academic years (AY) 2009-2017. These data include
scores on state tests in English Language Arts and mathematics standardized by grade (z-ELA
and z-Math respectively), attendance, height and weight measures (from an annual
FitnessGram®), student residential and school location, and sociodemographic variables, such as
gender, race/ethnicity, grade, educational program participation (e.g., students with disability and
English language learners), and economically disadvantaged students.!® In addition to the
attendance rate, Attendance, we construct an indicator for chronic absenteeism, ChrncAbsent,
which identifies students absent for ten or more days in an academic year. We calculate body

mass index (BMI) using student height and weight and follow Centers for Disease Control and

borough rather than a particular project but are also allowed to reject the initial offer. The application will be closed
if they reject the second offer.

16 Economically disadvantaged students are defined by whether they were ever eligible for free or reduced-price
lunch (household incomes below 185 percent of the federal poverty level) in AY 2001-2017.
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Prevention guidelines in constructing an indicator for obesity, Obese, if BMI is at or above the
95th percentile for their age and sex and overweight, Overweight, if BMI is at or above the 85th
percentile. Two indicator variable captures school and residential mobility: NewSchool equals 1
in time t if a student attends a different school in t than t-1 and NewAddress equals 1 in time t if
student address differs between t and t-1. We also link our student-level data to longitudinal
school-level data on enrollment, standardized test scores, and demographic characteristics, such
as percentage Black, Hispanic, Asian, White, eligible for free or reduced-price lunch from the
New York State Annual School Report and the School Report Card.

Critically, we identify students living in NYCHA housing using student residential
location and address data for NYCHA buildings. Specifically, an indicator for public housing
residency, PH, equals 1 if student i lives in public housing in t or any previous period — that is,
PH is 1 in the first year a student lives in public housing and all following years.!” We also create
an indicator EntryPH, which equals 1 in the first year a student lives in public housing, and
PostPH, which equals 1 in all subsequent years. In this way, we parse the immediate effects of
moving into public housing — which may include potential disruptive effects of school and
residential mobility — from effects in subsequent years. Similarly, we create a set of pre- and
post-public housing year indicators for our event study specifications.

We identify two neighborhood types surrounding the public housing projects. Following
Dastrup and Ellen (2016) classification of NYC public housing neighborhoods, we define “high-
opportunity” projects as those surrounded by census block groups with average median
household incomes at or above the city median in 2010 and “low-opportunity” projects if below

the median. We assign time-invariant indicator variables for students who move into high-

17 We adopt this “intent-to-treat” definition because household decisions to exit public housing are likely
endogenous. Thus, our impact estimates include the effects in all years post moving into public housing.
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opportunity projects (HighOpp) and for students who move into low-opportunity neighborhoods
(LowOpp). We construct similar indicators based on student “origin” neighborhoods — that is,
their residential neighborhoods in time t-1 when they moved into public housing in time t.
HighOrigin equals 1 for students if their census block group of the origin residence is surrounded
by census block groups with average median household incomes at or above the city median, and
LowOrigin equals 1 for other students.

Since our identification strategy relies upon comparing student outcomes before and after
entering public housing, we focus on three cohorts of students that enter public housing in grades
5, 6, or 7 and have at least one year of standardized test scores before and after entering public
housing. We call these cohorts G5, G6, and G7, respectively (to be concrete, G5 are students
who enter public housing in grade 5). These include 7,832 students with 35,456 pre- and post-
public housing observations in grades 3-8. Our extended sample for attendance and weight
analyses include 40,086 pre- and post-public housing observations of students in grades K-12.

Table 1 provides summary statistics of our analytic sample by public housing entry
cohort in AY 2009, a “pre-treatment” year for all of the students (none live in public housing
yet), by construction. As shown, our three entry cohorts are quite similar in baseline
characteristics. All cohorts are slightly overrepresented by female students (52 to 55 percent
female) and approximately 40 percent are Black and 50 percent Hispanic, with 8 to 9 percent
being Asian and 2 percent White. Virtually all are economically disadvantaged (rounded up to
100 percent) with standardized test scores below NYC average in both reading (ranging between
-0.31 and -0.28) and math (between -0.33 and -0.27). The earlier cohort has higher shares of
chronically absent students (58 percent vs. 52 to 54 percent) but have approximately the same

attendance rate as other cohorts (91 and 92 percent). Roughly one quarter are obese, and 43
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percent are overweight across all cohorts. Time-invariant indicators for neighborhood
characteristics before and after moving into public housing show that around 47 to 48 percent of
these students eventually move into high-opportunity projects and 21 to 22 percent come from
high-income neighborhoods prior to entering public housing. Overall, student characteristics
appear to differ little across entry cohorts prior to entering public housing, and the shares of
students that move into high-opportunity projects are strikingly similar across cohorts.
S. Empirical Strategy
5.1. Regression Models

The centerpiece of our empirical work is a regression model linking student academic
outcomes to PH, our public housing indicator, along with a set of time-varying student
characteristics and student fixed effects to capture any unobserved time-invariant differences
between students:

Yii = Bo + B1PHit + yXit + & + Tt + &t (1)
where Y is the standardized test scores and attendance outcomes for student i in grade t,
including z-ELA, z-Math, Attendance, and ChrnAbsent. Xy is a vector of other time-varying
student characteristics, including disability status and English language learner status. Student
and grade fixed effects are o; and T, respectively. Our coefficient of interest is 1, which
captures the impact of living in public housing. In this formulation, ; will warrant a causal
interpretation if the precise timing of entry public housing is random. We provide empirical
evidence in support of this below.

We parse the first year and subsequent effects with the following:

Yit = Bo + P1EntryPHi + B2PostPHi + yXit + Oi + ¢ + €it (2)
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where 1 captures the first-year effect of living in public housing— including any disruptive
effects of residential and school moves — and 32 captures the effect of living in public housing in
subsequent years. Alternative specifications add controls for NewSchool and NewAddress to
isolate the disruptive effects of school and residential mobility from the effect of living in public
housing after an adjustment period.

We investigate the potential mechanisms underlying the effect of public housing in two
ways, first, by exploring heterogeneity in impacts by neighborhood income and student
demographic characteristics and, second, by exploring intermediary variables, such as school
peer characteristics. To do so, we introduce a series of interaction terms between public housing
variables and neighborhood (or demographic) indicators to estimate separate coefficients for
those moving into low- and high-opportunity neighborhoods, for those moving out of low- and
high-origin neighborhoods, and for different demographic subgroups (by gender, race/ethnicity).
For instance, we estimate separate coefficients for high- and low-opportunity destination
neighborhoods with the following:

Yic = Bo + PBut LowOpp x EntryPHi + B LowOpp x PostPHj 3)

+ Bn1 HighOpp x EntryPH;; + B2 HighOpp x PostPHi + yXit + &i + T + &it
where other models would substitute LowOpp and HighOpp with a set of indicators for origin
neighborhoods (LowOrigin and HighOrigin), for gender (Female and Male), and for
race/ethnicity (4sian, Black, Hispanic, and White) to be interacted with the indicators for public
housing residency (EntryPH and PostPH).

We then probe the intermediary factors driving the differences in the effect of public
housing between high- and low-opportunity neighborhoods (and high- and low-income origin

neighborhoods) by exploring the effects on school characteristics:
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Schoolit = Bo + Bt LowOpp x EntryPHi + B2 LowOpp x PostPHj (4)
+ Bn1 HighOpp x EntryPH;; + B2 HighOpp x PostPHi + yXit + &i + T + &it
where School; s a set of school-level characteristics including enrollment, share of economically
disadvantaged peers, and average z-scores of math and reading exams that student i attends in
grade t. Again, we substitute LowOpp and HighOpp with a set of indicators for origin
neighborhoods, gender, and race/ethnicity.

Finally, we conduct a series of robustness checks. We examine whether our results are
robust to limiting our sample to students who do not exit public housing during our study period.
We explore heterogeneity by entry cohort (G5, G6, and G7) to examine alternative specifications
of our difference-in-differences approach. We use an extended sample of students in grades K-12
for attendance outcomes to examine whether the longer-term results are robust to our baseline
results focusing on students in grades 3-8. We also examine other non-academic student
outcomes, including student obesity outcomes, that we have data for students in grades K-12.
5.2. Timing of Moving into Public Housing: Testing Key Assumptions

As described earlier, the key to a causal interpretation of our impact estimates is that the
precise timing of entering public housing is effectively random — specifically, that the
“assignment” of entry into public housing in grade 5 rather than grade 6 or 7 is effectively
random — and unrelated to outcomes or salient student characteristics. Although a formal test of
this hypothesis is not possible — since salient characteristics may be unobservable — the similarity
of the mean characteristics of cohorts, shown in Table 1, bolsters our confidence in this
assumption. We probe the empirical support for this claim further in two ways. First, we estimate
a linear probability model linking an indicator for “early mover” (G5 rather than G6 or G7) or

“late mover” (in G7 rather than G5 or G6) to student baseline characteristics including
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demographics and test scores in AY 2009.!8 This way, we shed light on the extent to which
baseline characteristics predict the timing of entry. As shown in Table 2, all coefficients are
statistically insignificant with one exception of being black in column 2. However, all measures
of academic performance prior to public housing entry, including standardized test scores and
attendance outcomes, do not predict entry cohort.

Second, we explore the trajectory of student outcomes prior to entry into public housing
using an event study specification of our baseline model. We use event study analyses to gain
insight into whether outcomes were improving (or falling) in the pre-period — suggesting a trend
that might have continued after entry. As shown in Figures 1a and 1b, test scores in previous
years (pre 2 and pre 3-) are statistically indistinguishable from the reference year’s test score (pre
1 or the year prior to entering public housing or pre 1) — with an exception for zMath in pre 2, for
which we cannot reject the null hypothesis that all pre-public housing test scores are
distinguishable from zero in a joint F-test at the 0.1 level. On the contrary, reading and math
scores gradually increase after public housing residency and are statistically distinguishable from
the reference year (see post 2 and post 3+). To summarize, event study analyses show no
statistically significant pre-trends, again, suggesting a causal interpretation of our impact

estimates is warranted.

18 Borough fixed effects are included in the model to reflect the NYC public housing assignment process, in which
households are required to indicate preferred borough on their application to be placed on the waiting list (see
Section 3). Results in Table 2 are robust to the alternative model that does not include borough fixed effects. Main
regression models do not include borough fixed effects, because student fixed effects are likely to absorb borough
fixed effects unless students move across boroughs. We, instead, stratify our sample by borough and re-estimate our
baseline model as a robustness check.
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6. Results
6.1. Moving into Public Housing Improves Student Academic Outcomes

As shown in Table 3, estimates from our parsimonious model suggest living in public
housing increases reading and math scores by 0.03 to 0.04 sd, respectively. Adding controls for
residential and school mobility increases the estimated effects to 0.06 and 0.07 and yields
negative coefficients for NewSchool and NewAddress (-0.03 and -0.02, respectively). Thus, the
naive estimates in the parsimonious model may reflect, in part, the academic adjustment costs of
residential and school mobility. As for attendance, naive estimates suggest a deleterious effect of
public housing — attendance falls by 0.6 percentage points (pp) and chronic absenteeism
increases by 2.7 pp. However, controlling for school and residential mobility suggests no effect
of moving into public housing, per se, although moving to a new school or new address has a
negative effect.

To probe the timing of these effects, we estimate separate effects for the first year and the
subsequent years. As shown in Table 4, we see positive test score effects in the first year of 0.04
(z-ELA) and 0.05 (z-Math), followed by larger effects of 0.10 (z-ELA) and 0.11 (z-Math) in later
years. In this formulation, we see no separate negative effect of residential mobility, although the
negative effect of school mobility remains. While there is no statistically significant effect of
public housing per se on attendance outcomes, the effects of residential and school mobility
remain negative and statistically significant.

Overall, our results in Tables 3 and 4 suggest that moving into public housing yields
considerable improvements in student test scores with larger positive effects in later years and
does not harm, if not benefit, attendance outcomes conditional on residential and school

mobility.
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6.2.  Are Effects Larger for Public Housing in Better Neighborhoods?

Results in Table 5 show that neighborhoods matter. For test score outcomes, public
housing has similarly positive effects in the initial year of around 0.04 for reading and slightly
larger improvement in math for students moving into high-opportunity projects (0.06) than those
in low-opportunity projects (0.04). The differences in test score improvements become larger in
later years between students moving into different public housing neighborhoods, where students
in high-opportunity projects improve reading and math scores by 0.11 and 0.13 and other
students in low-opportunity projects improve by 0.09 and 0.10. These are all statistically
meaningful differences at the 0.1 level. We also find statistically significant improvement in
attendance rates by 0.4 pp and reduction in incidence of chronic absenteeism by 2.1 pp for
students who move into high-opportunity projects after the initial year in public housing. We see
no statistically significant changes in attendance outcomes for students who move into low-
opportunity projects, yet the directions of the coefficients still remain positive for attendance
rates and negative for chronic absenteeism. These results suggest that the positive impact of
moving into public housing on test scores persists regardless of neighborhood, but improvements
in neighborhood quality may enhance the positive impacts and also improve student attendance
outcomes.

As for heterogeneity by origin neighborhood, we find less pronounced differences in the
impact of moving into public housing. In Table 6, in the initial year in public housing, we find
that the improvements in reading (0.04) and math (0.05) scores are substantially similar and
statistically indistinguishable between students from different origin neighborhoods. However, in
later years, students moving from lower-income neighborhoods experience larger increases in

reading scores than students moving from higher-income neighborhoods (0.10 vs. 0.08). Yet
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again, improvements in math scores are not statistically different between students from lower-
income and higher-income neighborhoods in later years (0.11). For attendance outcomes, we
find students from higher-income neighborhoods are likely to experience larger and statistically
significant improvement in attendance rates (by 0.06 pp) and reduction in chronic absenteeism
(by 2.9 pp). Students from lower-income neighborhoods do not experience any statistically
significant changes in attendance outcomes after moving into public housing.!” While we find
generally positive impact of moving into public housing regardless of neighborhood quality, the
magnitude of the effects may depend upon the extent to which moving into public housing
delivers a better or worse neighborhood.
6.3 Heterogeneity by Demographic Subgroups

We explore heterogeneity in impact by other student demographic characteristics. In
Table 7, we find the positive effects on test scores are primarily driven by female students. The
estimated increase in test scores range up to 0.15 sd for female students in their later years in
public housing. Male students do not experience statistically significant increases in reading
scores in their first year in public housing; however, both their reading and math scores appear to
improve after the initial year (by 0.04 and 0.06, respectively). For attendance outcomes, in Table
7 columns 3 and 4, we find the estimated impacts of moving into public housing are not
statistically significant for both boys and girls.

In Table 8, we find that Asian and White students experience larger increases in test
scores following entry to public housing — ranging up to 0.31 increase for Asians and 0.18
increase for Whites. While our analytic sample includes diverse demographic groups of students,

note that 8 percent are Asian and 2 percent are White; the largest positive effects are represented

1% In future work, we plan to explore heterogeneity by changes in neighborhood median income or by whether
students move to a better public housing neighborhood compared to their neighborhood of origin residence.
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by small shares of Asian and White students. However, we still find meaningful improvements in
test scores among Hispanic (up to 0.10) and Black students (up to 0.08) after they move into
public housing. For attendance outcomes, we find generally positive impact except for White
students.

6.4. Probing Mechanisms: Moving to Better Schools

We examine whether the differences in the estimated impact by public housing
neighborhoods are attributable to the quality of public schools that students attend. In Table 9,
we find that school peer characteristics change in different directions depending on the
surrounding neighborhood. Students who move into low-opportunity projects attend schools with
lower school-level standardized test scores than their previous school (around 0.02 to 0.03 sd
reduction for both reading and math), but students who move into high-opportunity projects
attend schools with higher standardized test scores (between 0.02 and 0.03 increase). Regarding
the share of economically disadvantaged peers, although the magnitudes are small (of roughly
1.4 pp differences), we also find that changes are in different directions by the type of public
housing neighborhood, where students moving to high-opportunity neighborhoods experience a
reduction in the share of poor peers at school. School-level enrollment reduce for students in
both types of neighborhoods.

While moving into public housing consistently have positive impacts on student
academic performance regardless of their surrounding neighborhoods, students in higher-income
neighborhoods may benefit more in the transition partly due to the changes in school peer
characteristics and the resulting learning environment.

Similarly, we examine the changes in school peer characteristics for students moving out

of low-income versus high-income neighborhoods in Table 10. We find that students from
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lower-income neighborhoods are likely to move to schools with higher average reading scores of
around 0.02 after their initial year in public housing, but we find no statistically significant
changes in school-level math scores. On the contrary, we find reductions in both school-level
reading and math scores for students moving from higher-income neighborhoods (around 0.04 to
0.05). These changes in peer test scores may explain the larger positive gains in reading scores
for students moving from lower-income neighborhoods yet statistically indistinguishable gains in
math scores found in Table 6. We also find that students moving from lower-income
neighborhoods are likely to attend schools with lower shares of economically disadvantaged
peers (by 0.6 pp), while students moving from higher-income neighborhoods experience increase
in the share of economically disadvantaged peers of around 2 pp after moving into public
housing. Unlike students moving from lower-income neighborhoods, those from higher-income
neighborhoods do not attend smaller schools than before.

We further explore whether school characteristics vary by student demographic
subgroups and find meaningful differences. In Table 11, we find that female and male student
experience different changes in school characteristics after they move into public housing.
Female students attend schools with higher standardized test scores for both reading and math by
0.02 after the initial year they move into public housing, while male students attend schools with
lower scores by 0.02 in the initial year and around 0.01 for reading to 0.02 for math in later
years. These changes in school peer characteristics may explain larger improvements in test
scores and attendance outcomes among female students found in Table 7. In Table 12, we find
that Asian students experience the most dramatic changes in peer characteristics after moving
into public housing; they attend schools with peer test scores that are around 0.05 higher in the

initial year and 0.14 higher for reading and 0.11 for math in later years than their pre-treatment
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years. On the contrary, Hispanic and Black students experience a drop in school-level
standardized test scores by around 0.01 to 0.03 in the initial year but the changes become
statistically insignificant in later years. These may explain positive yet smaller improvements in
student test scores for Hispanic and Black students found in Table 8. Students of different
demographic subgroups may leverage changes in housing and neighborhood in disparate ways,
including the choice of public schools to attend. Our results suggest that the resulting
characteristics of public schools attended by demographic subgroups may be driving the
differences in the magnitude of our estimated impact of moving into public housing.

6.4. Robustness Checks and Other Outcomes

We conduct a series of robustness checks and find that the results are not sensitive to
alternative samples and specifications. First, results are robust to measuring the outcomes
excluding public housing exiters in Table A.1. Our intent-to-treat approach in identifying public
housing residency considers students who exit public housing after their first year to still be
“treated” by public housing. We exclude students who ever leave public housing from our
sample and still find consistently positive and statistically significant impacts of public housing
residency on student academic performance.

Second, we examine whether the effects are different by entry cohort — G5 (Figures A.la
and A.1b), G6 (Figures A.2a and A.2b), and G7 (Figures A.3a and A.3b). Event study results
suggest that if we stratify our analytic sample by students who enter public housing in the same
grade, we still identify no significant pre-trends in their standardized test scores for both reading
and math. We also examine statistically significant and steady improvements in student test
scores across all cohorts. These results suggest that our study results are not sensitive to

alternative difference-in-differences estimations.
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Finally, we extend our sample of students to all K-12 students who entered public
housing in grades 5, 6, or 7 to examine the longer-term impact on student attendance and weight
outcomes. Similar to our results for students in grades 3-8, we find that public housing residency
has no significant impacts on student attendance outcomes (see Table A.2). We also examine
student weight outcomes and find no significant changes in their likelihood of being obese or
overweight. Examining heterogeneity in weight outcomes by sex, we find some evidence of
statistically significant reductions in the probability of being obese and overweight for boys after
their initial year in public housing (see Table A.3).

7. Conclusion and Discussion

Our study provides credibly causal evidence that public housing residency improves
academic outcomes for NYC public school students. In a study observing students a similar
setting in NYC but in voucher households, students were found to perform 0.05 sd better, on
average, in both reading and math scores after receiving vouchers (Schwartz et al., 2019). We
find comparable improvements of around 0.03 to 0.04 sd in student reading and math scores after
moving into public housing. After the initial year in public housing, the year in which students
make residential moves, by definition, and are highly likely to make school moves, we find
student performance in reading and math exams increases by 0.09 and 0.11 sd. Our results
suggest steady improvements over time, with little evidence of significant pre-trends in test
scores. Stalled academic performance on the first year of entry may reflect potentially disruptive
effects of residential and school moves in addition to any benefits of public housing. Residential
and school mobility may play a key role in reconciling previous evidence on the null effects of
moving into public housing from Weinhardt (2014) and Carlson et al. (2020), as they do not

parse out the effects of disruptive moves from the impact of entering to public housing.
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Moreover, our results highlight the importance of context. Our data include diverse
public housing projects, and we find statistically significant and meaningful differences in
impacts in different types of public housing neighborhoods. We find the strongest treatment
effects of around 0.11 and 0.13 sd increase in reading and math scores for students who move
into public housing sited in neighborhoods with higher average household incomes. These results
are not only statistically significant but also substantively important. These results particularly
reconcile findings from previous studies on the Gautreaux relocation program, mass public
housing demolitions in Chicago, and the MTO experiment that focus on exits from extremely
distressed public housing neighborhoods. Public housing, when supported by sufficient
neighborhood resources, may have substantial positive impacts on student academic
performance, given its income effects and potential improvements in housing conditions and
residential stability. However, note that we find positive effects of public housing persist
regardless of neighborhoods.

Our data also include a diverse set of student bodies that may provide more nuanced
evidence on the impact of public housing by student demographic subgroups. We find larger
improvement in test scores for girls (0.15 sd) than boys (0.06 sd). These results are similar to the
findings from the MTO studies that girls benefit more from transitions to low-poverty
neighborhoods relative to boys. For reference, Weinhardt (2014) and Carlson et al. (2020) do not
find any statistically meaningful differences between girls and boys. We also explore
heterogeneity by racial and ethnic groups and find that public housing residency has positive
impacts not only on Black and White students but also on Hispanic and Asian children, who are
little represented in previous literature. Previous studies on public housing mostly focus in

geographic areas with less diverse body of students. For example, public housing kids in Chicago
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included in Jacob (2004) and Chyn (2018) are around 96 percent and 98 percent Black, and the
sample of students in England’s social housing neighborhoods from Weinhardt (2014) is roughly
84 percent White. As an exception, the sample of students on housing assistance in Wisconsin
from Carlson et al. (2020) is 40 percent Black and 44 percent White; however, they do not
specify the demographic breakdown between students on housing choice vouchers and in public
housing and — due to the small public housing sample — are unable to explore heterogeneity by
race. Our sample of NYC public housing children are 41 percent Black and 49 percent Hispanic,
the remaining being 8 percent Asian and 2 percent White.

In summary, our results provide compelling evidence that public housing, unlike popular
beliefs, may improve educational outcomes for low-income students. Public housing serves as an
important source of housing assistance, especially for a particularly disadvantaged subset of
populations that may face multiple barriers in utilizing alternative housing programs. Our study
suggests that moving into public housing may provide low-income children with living
environments beneficial to their academic outcomes when given the time to offset the disruption
in the initial adjustment period. The potential positive effects of living in public housing are
larger for projects located in high-opportunity neighborhoods. Future research includes
understanding the role of differences in housing quality across public housing units to further

understand what we can improve the current public housing system.



Tables and Figure

Table 1. Baseline variable means by grade of entry to public housing, AY 2009.

Entered public housing in:
Grade 5  Grade 6 Grade 7

“GS” “G6” “G7”
@) ) 3)
Student characteristics
Female 0.55 0.52 0.54
Asian 0.08 0.09 0.08
Black 0.42 0.43 0.38
Hispanic 0.48 0.46 0.52
White 0.02 0.02 0.02
Economically disadvantaged 1.00 1.00 1.00
Student with disabilities 0.14 0.13 0.12
English language learner 0.18 0.17 0.19
Grade 3.57 4.36 4.89
Student outcomes
z-ELA -0.28 -0.28 -0.31
z-Math -0.27 -0.33 -0.32
Attendance 0.91 0.92 0.92
ChrnAbsent 0.58 0.52 0.54
Obese 0.27 0.25 0.23
Overweight 0.43 0.43 0.43
Neighborhood characteristics
HighOrigin 0.21 0.22 0.21
HighOpp 0.47 0.48 0.47
N 1,048 1,179 1,443

Notes: By construction, all observations in AY 2009 for this study’s analytic sample are pre-
public housing observations.
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Table 2. Probability of moving into public housing in earlier and later grades, AY 2009.

G5 G7
“early mover” “late mover”
@) 2)
Female 0.013 0.011
(0.014) (0.014)
Asian 0.006 -0.033
(0.027) (0.028)
0.024 -0.036%*
Black (0.015) (0.016)
. -0.071 0.027
White (0.051) (0.053)
. . 0.030 -0.163
Economically disadvantaged (0.104) (0.109)
e 0.019 -0.035
Student with disabilities (0.021) (0.022)
. -0.004 0.031
English language learner (0.019) (0.020)
0.008 -0.011
#-ELA (0.010) (0.010)
0.004 0.005
z-Math (0.009) (0.010)
-0.021 0.196
Attendance (0.132) (0.137)
0.035 -0.006
ChrnAbsent (0.029) (0.020)
0.025 -0.003
Obese (0.021) (0.022)
. 0.002 -0.015
Overweight (0.018) (0.019)
Grade FX Y Y
P-value for joint F-test 0.110 0.021
R2 0.298 0.349
N students (obs) 3,670 3,670

Note: Robust standard errors are shown in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
Hispanic is the reference category for race/ethnicity.
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Figure 1a. Event study results for z-ELA by years since entry to public housing
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Notes: N=36,560. Sample consists of NYC public school students who ever moved
into NYCHA public housing in grades 5, 6, or 7, AY 2009-2017. Reference year is
the year prior to entry (pre 1). Student fixed effects are included in the models.

Figure 1b. Event study results for z-Math by years since entry to public housing
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Notes: N=36,560. Sample consists of NYC public school students who ever moved
into NYCHA public housing in grades 5, 6, or 7, AY 2009-2017. Reference year is
the year prior to entry (pre 1). Student fixed effects are included in the models.



Table 3. Parsimonious regression results for student outcomes
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Dependent z-ELA z-Math Attendance ChrnAbsent
variable: (1) ) 3) 4) 5) (6) (7) (8)
PH 0.028%** 0.060%**  0.041%** 0.070%** -0.006*** 0.002 0.027%** -0.007
(0.010)  (0.013) (0.011)  (0.013) (0.001)  (0.002) (0.007)  (0.009)
NewSchool -0.033%% -0.03] %% -0.007%%* 0.019%%*
eWSERoo (0.009) (0.009) (0.001) (0.006)
NewAdd -0.023%% -0.021 %% -0.006%** 0.030%%*
CWACAress (0.008) (0.008) (0.001) (0.006)
Student FX
% Grade FX Y Y Y Y Y Y Y Y
Time-varying Y Y Y Y Y Y Y Y
characteristics
R2 0727  0.727 0.745 0.745 0.695 0.697 0627  0.628
N obs 35456 35456 35456 35,456 35456 35456 35456 35,456

Note: Robust standard errors are shown in parentheses (*** p<0.01, ** p<0.05, * p<0.1). Time-varying student
characteristics include gender, race/ethnicity, poverty status (eligibility for free and reduced-price lunch), special
education, and limited English proficiency status. Sample consists of NYC public school students who ever moved
into NYCHA public housing in grades 5, 6, or 7, AY 2009-2017.

Table 4. Baseline regression results for student outcomes

Dependent variable: z-ELA z-Math Attendance ChrnAbsent
1) (2) 3) (4)

EntryPH 0.041*** 0.049%** 0.001 -0.004
(0.013) (0.014) (0.002) (0.009)

PostPH 0.097*** 0.110%** 0.002 -0.013
(0.015) (0.016) (0.002) (0.011)

NewSchool -0.034*** -0.033*** -0.007*** 0.020%**
(0.009) (0.009) (0.001) (0.006)

NewAddress 0.002 0.006 -0.005%** 0.026%**
(0.010) (0.010) (0.001) (0.007)

Student FX

& Grade FX Y Y Y Y

T1me-var.ylr'1g v v v v

characteristics

R2 0.727 0.745 0.697 0.628

N obs 35,456 35,456 35,456 35,456

Note: Robust standard errors are shown in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
EntryPH and PostPH are statistically different at the 0.01 level for columns 1 and 2.
See notes in Table 3 for variable and sample descriptions.



Table 5. Regression results for student outcomes by public housing neighborhood

Dependent variable: z-ELA z-Math Attendance ChrnAbsent
1) (2) 3) (4)

EntryPH x LowOpp 0.041*** 0.040** 0.002 -0.004
(0.015) (0.016) (0.002) (0.011)

PostPH x LowOpp 0.088*** 0.095%** 0.001 -0.005
(0.016) (0.018) (0.002) (0.012)

EntryPH x HighOpp 0.041*** 0.061*** 0.001 -0.004
(0.015) (0.016) (0.002) (0.011)

PostPH x HighOpp 0.108*** 0.126%*** 0.004** -0.021*
(0.017) (0.018) (0.002) (0.012)

NewSchool -0.034*** -0.033*** -0.007*** 0.020%**
(0.009) (0.009) (0.001) (0.006)

NewAddress 0.001 0.005 -0.005%** 0.026%**
(0.010) (0.010) (0.001) (0.007)

Student FX

& Grade FX Y Y Y Y

T1me-var.ylr'1g v v v v

characteristics

R2 0.727 0.745 0.697 0.628

N obs 35,456 35,456 35,456 35,456

Note: Robust standard errors are shown in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
PostPH x HighOpp and PostPH x LowOpp are statistically different at the 0.1 level for columns 1-4.
See notes in Table 3 for variable and sample descriptions.



Table 6. Regression results for student outcomes by origin neighborhood

Dependent variable: z-ELA z-Math Attendance ChrnAbsent
1) (2) 3) (4)

EntryPH x LowOrigin 0.041%** 0.049%** 0.001 -0.003
(0.014) (0.015) (0.002) (0.010)

PostPH x LowOrigin 0.103%** 0.111%** 0.002 -0.008
(0.016) (0.017) (0.002) (0.011)

EntryPH x HighOrigin 0.036** 0.051*** 0.002 -0.007
(0.018) (0.018) (0.002) (0.014)

PostPH x HighOrigin 0.076%** 0.106%** 0.006** -0.029%**
(0.019) (0.020) (0.002) (0.014)

NewSchool -0.035%** -0.033*** -0.007*** 0.019%**
(0.009) (0.009) (0.001) (0.006)

NewAddress 0.002 0.006 -0.005%** 0.026%**
(0.010) (0.010) (0.001) (0.007)

Student FX

& Grade FX Y Y Y Y

T1me-var.ylr'1g v v v v

characteristics

R2 0.727 0.745 0.697 0.628

N obs 35,456 35,456 35,456 35,456
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Note: Robust standard errors are shown in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
PostPH x HighOrigin and PostPH x LowOrigin are statistically different at the 0.1 level for columns 1, 3, and 4.
See notes in Table 3 for variable and sample descriptions.



Table 7. Regression results for student outcomes by sex
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Dependent variable: ~ z-ELA z-Math Attendance ChrnAbsent
(@) 2) 3) @

EntryPH x Female 0.067%** 0.067%** 0.001 -0.005
(0.015) (0.015) (0.002) (0.010)

PostPH x Female 0.148%** 0.153%** 0.002 -0.007
(0.016) (0.018) (0.002) (0.012)

EntryPH x Male 0.012 0.030* 0.001 -0.002
(0.015) (0.016) (0.002) (0.011)

PostPH x Male 0.043** 0.064%** 0.003 -0.019
(0.017) (0.018) (0.002) (0.012)

NewSchool -0.036%** -0.034%** -0.007*** 0.020%**
(0.009) (0.009) (0.001) (0.006)

NewAddress 0.002 0.006 -0.005%** 0.026%***
(0.010) (0.010) (0.001) (0.007)

Student FX

& Grade FX Y Y Y Y

T1me-var.ylr'1g v v v v

characteristics

R2 0.728 0.745 0.697 0.628

N obs 35,456 35,456 35,456 35,456

Note: Robust standard errors are shown in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
PostPH x Female and PostPH x Male are statistically different at the 0.01 level for columns 1 and 2.

See notes in Table 3 for variable and sample descriptions.
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Table 8. Regression results for student outcomes by race/ethnicity

Dependent variable: ~ z-ELA z-Math Attendance ChrnAbsent
(@) 2) 3) @
EntryPH x Hispanic 0.039** 0.040** 0.001 -0.003
(0.015) (0.016) (0.002) (0.011)
PostPH x Hispanic 0.091%** 0.095%** 0.002 -0.001
(0.017) (0.018) (0.002) (0.012)
EntryPH x Black 0.018 0.033** -0.000 -0.004
(0.015) (0.016) (0.002) (0.011)
PostPH x Black 0.063%** 0.084%** 0.002 -0.030%*
(0.017) (0.019) (0.002) (0.012)
EntryPH x Asian 0.189%** 0.172%** 0.005** 0.003
(0.033) (0.026) (0.002) (0.014)
PostPH x Asian 0.297%** 0.316%** 0.010%** -0.012
(0.029) (0.029) (0.002) (0.014)
EntryPH x White 0.011 0.126%** 0.006 0.001
(0.045) (0.046) (0.004) (0.034)
PostPH x White 0.162%** 0.178%** -0.005 0.073**
(0.044) (0.044) (0.005) (0.033)
NewSchool -0.033%** -0.032%** -0.007*** 0.020%**
(0.009) (0.009) (0.001) (0.006)
NewAddress 0.000 0.005 -0.005%** 0.025%**
(0.010) (0.010) (0.001) (0.007)
Student FX
& Grade FX Y Y Y Y
T1me-var.ylr'1g v v v v
characteristics
R2 0.727 0.745 0.697 0.628
N obs 36,560 36,560 36,560 36,560

Note: Robust standard errors are shown in parentheses (*** p<0.01, ** p<0.05, * p<0.1).

See notes in Table 3 for variable and sample descriptions.



Table 9. Regression results for school characteristics by public housing neighborhood

Dependent variable: Enrollment % ED z-ELA z-Math
1) (2) 3) (4)
EntryPH x LowOpp -52.646*** 0.888*** -0.025%** -0.029%***
(6.255) (0.256) (0.006) (0.006)
PostPH x LowOpp -57.918%** 0.736** -0.016** -0.019**
(8.572) (0.341) (0.008) (0.009)
EntryPH x HighOpp -45.621*%** -0.264 0.003 -0.004
(6.758) (0.276) (0.006) (0.007)
PostPH x HighOpp -43.123%** -0.787** 0.029%** 0.022%*
(8.867) (0.358) (0.008) (0.009)
Student FX
& Grade FX Y Y Y Y
T1me-var.ylr'1g v v v v
characteristics
R2 0.616 0.615 0.701 0.718
N obs 35,456 35,456 35,456 35,456

Note: Robust standard errors are shown in parentheses (*** p<0.01, ** p<0.05, * p<0.1).

See notes in Table 3 for variable and sample descriptions.

Table 10. Regression results for school characteristics by origin neighborhood

Dependent variable: Enrollment % ED z-ELA z-Math
1) (2) 3) (4)
EntryPH x LowOrigin -63.106%** -0.084 -0.003 -0.009
(5.672) (0.229) (0.005) (0.006)
PostPH x LowOrigin -69.437*%* -0.629* 0.017** 0.013
(8.149) (0.324) (0.007) (0.008)
EntryPH x HighOrigin -3.295 1.849%** -0.044*** -0.046%**
(9.060) (0.386) (0.008) (0.009)
PostPH x HighOrigin 13.213 2.248%** -0.035%** -0.043***
(10.625) (0.4406) (0.010) (0.011)
Student FX
& Grade FX Y Y Y Y
T1me-var.ylr'1g v v v v
characteristics
R2 0.618 0.616 0.701 0.718
N obs 35,456 35,456 35,456 35,456

Note: Robust standard errors are shown in parentheses (*** p<0.01, ** p<0.05, * p<0.1).

See notes in Table 3 for variable and sample descriptions.
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Table 11. Regression results for school characteristics by sex

Dependent variable: Enrollment % ED z-ELA z-Math
) 2 3 “
EntryPH x Female -53.026%** 0.072 -0.003 -0.011
(6.489) (0.265) (0.006) (0.007)
PostPH x Female -61.732%%* -0.044 0.023%* 0.017**
(8.710) (0.348) (0.008) (0.009)
EntryPH x Male -46.216%** 0.648** -0.021%** -0.025%**
(6.487) (0.266) (0.006) (0.007)
PostPH x Male -39.340%** 0.078 -0.014* -0.018**
(8.709) (0.349) (0.008) (0.009)
Student FX
& Grade FX Y Y Y Y
T1me-var.ylr'1g v v v v
characteristics
R2 0.617 0.615 0.701 0.718
N obs 35,456 35,456 35,456 35,456

Note: Robust standard errors are shown in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
See notes in Table 3 for variable and sample descriptions.
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Table 12. Regression results for school characteristics by race/ethnicity

Dependent variable: Enrollment % ED z-ELA z-Math
1) (2) 3) (4)
EntryPH x Hispanic -71.668*** 0.356 -0.011* -0.019%***
(6.613) (0.266) (0.006) (0.007)
PostPH x Hispanic -89.428*** 0.463 -0.009 -0.014*
(8.735) (0.344) (0.008) (0.009)
EntryPH x Black -35.863%** 0.936%** -0.024*** -0.028***
(6.602) (0.274) (0.006) (0.007)
PostPH x Black -36.020%** 0.795%* -0.005 -0.005
(8.808) (0.356) (0.008) (0.009)
EntryPH x Asian 1.640 -3.275%** 0.047%** 0.047%**
(14.836) (0.637) (0.015) (0.015)
PostPH x Asian 62.516%** -7.880%** 0.141%** 0.11]%**
(15.328) (0.638) (0.016) (0.016)
EntryPH x White 11.381 2.522%%* -0.002 -0.022
(31.122) (1.144) (0.024) (0.027)
PostPH x White 107.635%** 5.255%** 0.029 0.039
(31.133) (1.173) (0.025) (0.027)
Student FX
& Grade FX Y Y Y Y
T1me-var.ylr'1g v v v v
characteristics
R2 0.620 0.620 0.702 0.719
N obs 35,456 35,456 35,456 35,456

Note: Robust standard errors are shown in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
See notes in Table 3 for variable and sample descriptions.



Appendix

Table A.1. Regression results for student outcomes without exiters

Dependent variable: z-ELA z-Math Attendance ChrnAbsent
1) (2) 3) (4)

EntryPH 0.041*** 0.049%** 0.001 -0.004
(0.013) (0.014) (0.002) (0.009)

PostPH 0.097*** 0.110%** 0.002 -0.013
(0.015) (0.016) (0.002) (0.011)

NewSchool -0.034*** -0.033*** -0.007*** 0.020%**
(0.009) (0.009) (0.001) (0.006)

NewAddress 0.002 0.006 -0.005%** 0.026%**
(0.010) (0.010) (0.001) (0.007)

Student FX

& Grade FX Y Y Y Y

T1me-var.ylr'1g v v v v

characteristics

R2 0.727 0.727 0.745 0.745

N obs 29,453 29,453 29,453 29,453

Note: Robust standard errors are shown in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
EntryPH and PostPH are statistically different at the 0.01 level for columns 1 and 2.

See notes in Table 3 for variable and sample descriptions.

Table A.2. Regression results for student outcomes (including weight), grades K-12

Dependent variable: Attendance ChrnAbsent Obese Overweight
) 2 3 “
EntryPH 0.001 -0.001 -0.001 -0.004
(0.001) (0.009) (0.007) (0.008)
PostPH 0.002 -0.005 -0.007 -0.004
(0.002) (0.011) (0.008) (0.009)
NewSchool -0.005%** 0.027%** -0.008* -0.003
(0.001) (0.007) (0.005) (0.006)
NewAddress -0.004%** 0.014 -0.004 0.007
(0.001) (0.006) (0.004) (0.005)
Student FX
& Grade FX Y Y Y Y
T1me-var.ylr'1g v v v v
characteristics
R2 0.670 0.600 0.734 0.726
N obs 38,812 38,812 38,812 38,812

Note: Robust standard errors are shown in parentheses (*** p<0.01, ** p<0.05, * p<0.1).

See notes in Table 3 for variable and sample descriptions.
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Table A.3. Regression results for weight outcomes by sex, grades K-12

Dependent variable: ~ Obese Overweight
(@) 2)

EntryPH x Female -0.001 0.001
(0.007) (0.009)

PostPH x Female 0.001 0.014
(0.008) (0.010)

EntryPH x Male -0.000 -0.010
(0.008) (0.009)

PostPH x Male -0.015* -0.024%%*
(0.005) (0.010)

NewSchool -0.008* -0.002
(0.005) (0.0006)

NewAddress 0.004 0.007
(0.004) (0.005)

Student FX

& Grade FX Y Y

T1me-var.ylr'1g v v

characteristics

R2 0.726 0.726

N obs 38,812 38,812

Note: Robust standard errors are shown in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
PostPH x Female and PostPH x Male are statistically different at the 0.01 level for columns 1 and 2.
See notes in Table 3 for variable and sample descriptions.



Figure A.l1a. Event study results for z-ELA, G5
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Notes: N=13,697. Sample consists of NYC public school students who ever moved into
NYCHA public housing in grades 5, AY 2009-2017. Reference year is the year prior to
entry (pre 1). Student fixed effects are included in the models. Joint F-test on pre-entry
years in public housing p=0.330 and on post-entry years in public housing p=0.004.

Figure A.1b. Event study results for z-Math, G5
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Notes: N=13,697. Sample consists of NYC public school students who ever moved into
NYCHA public housing in grades 5, AY 2009-2017. Reference year is the year prior to
entry (pre 1). Student fixed effects are included in the models. Joint F-test on pre-entry
years in public housing p=0.288 and on post-entry years in public housing p=0.000.
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Figure A.2a. Event study results for z-ELA, G6
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Notes: N=12,605. Sample consists of NYC public school students who ever moved into
NYCHA public housing in grades 5, AY 2009-2017. Reference year is the year prior to
entry (pre 1). Student fixed effects are included in the models. Joint F-test on pre-entry
years in public housing p=0.243 and on post-entry years in public housing p=0.000.

Figure A.2b. Event study results for z-Math, G6
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Notes: N=12,605. Sample consists of NYC public school students who ever moved into
NYCHA public housing in grades 5, AY 2009-2017. Reference year is the year prior to
entry (pre 1). Student fixed effects are included in the models. Joint F-test on pre-entry
years in public housing p=0.450 and on post-entry years in public housing p=0.000.
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Figure A.3a. Event study results for z-ELA, G7
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Notes: N=10,258. Sample consists of NYC public school students who ever moved into
NYCHA public housing in grades 5, AY 2009-2017. Reference year is the year prior to
entry (pre 1). Student fixed effects are included in the models. Joint F-test on pre-entry
years in public housing p=0.003 and on post-entry years in public housing p=0.000.

Figure A.3b. Event study results for z-Math, G7
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Notes: N=10,258. Sample consists of NYC public school students who ever moved into
NYCHA public housing in grades 5, AY 2009-2017. Reference year is the year prior to
entry (pre 1). Student fixed effects are included in the models. Joint F-test on pre-entry
years in public housing p=0.363 and on post-entry years in public housing p=0.000.
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Essay II1
Does Proximity to Fast Food Cause Childhood Obesity? Evidence from Public Housing
(Co-authored with Amy Ellen Schwartz and Brian Elbel)
1. Introduction
Does proximity to fast food outlets and “unhealthy” food increase obesity among low-

income children? In the United States, nearly one fifth of low-income children are obese, facing
elevated risks of adult obesity, hypertension, and cardiovascular disease, among other serious
complications that may lead to premature death (Bridger, 2009; Ogden et al., 2018; Sahoo et al.,
2015). One commonly proffered culprit is the high density of fast food and relative scarcity of
“healthy” food outlets in low-income neighborhoods, which facilitate consumption of high-
calorie, low-nutrient food and spur obesity. Despite persuasive evidence of a correlation between
obesity and the food environment in low-income neighborhoods, there is a dearth of credible
evidence on the causal effects of proximity to fast food for two key reasons. First, both
individual weight and residential location are likely to reflect a set of common underlying
individual or family characteristics, such as income or educational attainment, making it difficult
to isolate the effects of proximity to fast food per se. Second, individual-level data linking weight
measures to proximity to fast food are scarce, typically only available for small samples or in
limited detail. In this paper, we leverage the plausibly random within-development location of
families living in public housing — a novel strategy — and use longitudinal individual-level data
on weight, residential location, and neighborhood food outlets for New York City (NYC) public
school students to derive credibly causal estimates of the impact of proximity to fast food on

weight outcomes.
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The key to our identification strategy is the plausibly random within-development
variation in food environment driven by the tenant selection and assignment process of NYC
public housing. First, NYC public housing applicants cannot indicate their preference for precise
residential location in the assignment process. Second, it takes approximately 38 months on
average to get to the top of the waiting list for NYC public housing, and the long wait time
discourages applicants from rejecting offers. Thus the unit assignment within a development
depends upon the vacancies at the time of assignment and generates the plausibly random
variation in proximity to food outlets that we leverage to isolate causal effects of proximity to
fast food on weight outcomes.

We draw on a rich individual-level longitudinal dataset on 143,859 K-12 NYC public
school students who lived in public housing at some point between academic years 2009 and
2016. In addition to socio-demographic characteristics, the data include residential location and
annual height and weight measures. Using data on the locations of food outlets citywide, we then
calculate the distance from each student’s residential location to the nearest fast food restaurant
(and to other food outlets). The large sizes of public housing developments in NYC yield
substantial within-development variation in proximity to food outlets, and we find no statistically
significant evidence of selection.

To preview our results, we find that, indeed, proximity to fast food increases the
probability a child is obese. More specifically, the probability of being obese increases 0.6
percentage points for every 0.1 mile closer a student lives to the nearest fast food restaurant, and
the probability of being overweight (which includes obesity) increases by 1.1 percentage points.
In contrast, we find no evidence that proximity to other types of food outlets — wait-service

restaurants, supermarkets, or corner stores — has any impact on weight outcomes. Stratifying by
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grade level reveals the largest effects are among students in grades 3-8, where the incidence of
obesity increases 1.4 percentage points and the incidence of overweight increases up to 1.9
percentage points for every 0.1 mile closer to the nearest fast food. Effects are even larger among
older elementary and middle school students attending neighborhood schools (located less than a
half-mile from home) who are likely to patronize neighborhood food outlets: the incidence of
obesity increases 1.7 percentage points, and the incidence of overweight increases 2.1 percentage
points for every 0.1 mile closer to the nearest fast food. An average city block is 0.05 mile in
NYC, and these estimates respectively represent a 6 percent and a 4.7 percent increase in the
obesity and overweight rates from a two-block difference in distance to fast food. Effects among
younger students (grades K-2) and older students (grades 9-12) are close to zero and not
statistically significant. Results are robust to alternative measures of the food environment, such
as variables capturing the presence or number of fast food restaurants within different radiuses
from home. In short, we find credibly causal evidence that proximity to fast food increases
obesity and overweight among low-income children, and students in grades 3-8 (typically ages 8-
13) are the most vulnerable. Our results suggest that place-based interventions to limit access to
or consumption of fast food may be effective in reducing the obesity rates among low-income
children in urban areas.

This paper is organized as follows. We first review prior literature and the theoretical
motivation that inform our approach to examine the relationship between proximity to fast food
and childhood obesity. In Section 3, we describe the institutional setting of public housing in
NYC that provides plausibly exogenous variation in student proximity to fast food. Section 4
presents the individual-level weight outcome data, food environment measures, and descriptive

statistics of our sample. Most importantly, we show within-development variation in proximity
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to fast food among students in public housing and test whether the variation in the local food
environment is uncorrelated with student demographic characteristics. In Section 5, we provide
the estimating equations for our empirical strategy. We present results and a series of robustness
checks in Section 6 and conclude with discussion and implications for policy in Section 7.

2. Literature review

2.1. The Link between Obesity and Proximity to Fast Food

A large body of descriptive studies, from a range of settings, provide compelling
evidence on the association between unhealthy food environment and the prevalence of obesity.
National studies linking individual weight outcomes with the food environment data at the
county-level (Mehta & Chang, 2008), zip-code level (Gibson, 2011), and census tract-level
(Chen et al., 2016; Dubowitz et al., 2012) find that higher density of fast food restaurants and
lower density of supermarkets are associated with increased probability of obesity for individuals
in the neighborhood. Studies focusing on southern states also find that individuals in census
tracts with more supermarkets are less likely to be obese, while those in census tracts with more
fast food restaurants and corner stores are more likely to be obese (Morland et al., 2006; Morland
& Everson, 2009).

Studies on children further document that micro-neighborhood food environments are
associated with obesity risks. A school-level analysis by Davis and Carpenter (2009) finds
having a fast food restaurant within a half-mile of school is associated with higher probabilities
of being obese among middle and high school students. A more recent study by Elbel et al.
(2020) examines the weight outcomes of children attending NY C public schools and the

individual-level variation in distance to fast food within census tracts. They find that living more
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than 0.025 mile (about half of a city block) from the nearest fast food restaurant is associated
with lower obesity and overweight risks.

Why might access to fast food affect obesity? Put simply, closer proximity to a fast food
outlet lowers the relative travel cost of purchasing fast food, which may lead to increased fast
food consumption and, in turn, a high-calorie diet. Previous research on consumption decisions,
including McCarthy (1999) and Bellettini and Kempf (2013), suggests longer distance and travel
time increase the opportunity cost and the effective price the consumers pay. The food
environment literature (see Anderson & Matsa, 2011; Cutler et al., 2003; Dunn, 2010) also builds
upon the theory that food purchasing decisions are based on a function of the monetary price of
the meal and other disutility, including the value of forgone time used to access or prepare the
meal. As the distance to fast food decreases, the time and the cost spent on traveling to purchase
fast food decrease, yet the relative time and cost of purchasing groceries and preparing home-
cooked meals increase. Thus, among two individuals (if all else equal but their distances to fast
food), the person living closer to a fast food restaurant is more likely to purchase fast food on a
given day. Athens, Duncan, and Elbel (2016) provide evidence to support the hypothesis that
proximity to fast food outlets and supermarkets are predictors of fast food dining frequency.?’

Residential proximity to fast food, however, may be correlated with weight outcomes
through other avenues. Families with a higher propensity for obesity — say a taste for fast food —
may choose residential locations closer to fast food. More generally, there may be underlying
individual or family characteristics that determine both residential location and propensity for
obesity. While we are unaware of direct evidence on the underlying factors, a variety of existing

studies have documented differences in the demographic characteristics of neighborhoods with

20 Yet a recent empirical study finds that exposing low-income households to the same produces and prices available
to high-income households do not change their demand for healthy groceries (Allcott et al., 2019).
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different food environments. For example, Lewis et al. (2005) and Galvez et al. (2008) find that
neighborhoods with higher density of fast food restaurants are also likely to have higher
concentrations of racial minorities and low-income households (see Berger et al., 2019; Block et
al., 2004; Powell et al., 2007 for more). Studies also document that areas with greater access to
supermarkets are predominantly white (Powell et al., 2007; Richardson et al., 2012). Disparities
in weight outcomes across residential locations may reflect underlying differences in individual-
or household-level characteristics, apart from the effects of the food environment per se. The key
empirical challenge is to isolate the impact of the food environment from these underlying
differences.
2.2.  Quasi-Experimental Evidence

Despite the abundant descriptive evidence linking obesity to fast food availability,
relatively few papers focus on estimating the causal effects. Four key papers use access to
highways as an instrument for fast food locations to identify the causal relationship between food
environment and obesity outcomes. First, Anderson and Matsa (2011) use distance to interstate
highways as an instrument to examine the effect of distance to the nearest fast food restaurant,
focusing on rural areas in 11 states. They employ a two-sample instrumental variable technique,
using ZIP code centroids for restaurant data and telephone area code centroids for obesity data.
They find no significant relationship between distances to the nearest restaurant (both fast food
and full-service) and weight outcomes.

Two other studies by Dunn (2010) and Dunn, Sharkey, and Horel (2012), however, find
detrimental effects of living near fast food restaurants on obesity outcomes for racial minorities
and female populations. Dunn (2010) uses the number of interstate highway exits in each county

as an instrument for county-level variation in the number of fast food restaurants. He categorizes



84

counties into urban, rural, and medium-density counties across the nation and finds that obesity
risks increase with the number of fast food restaurants, specifically among non-whites and
females in medium-density counties. Dunn, Sharkey, and Horel (2012) focus on households in
central Texas and use distance to a major highway — including not only interstates but also Texas
highways — as an instrument to identify the effects of distance to the nearest fast food and the
number of fast food restaurants near home on obesity outcomes. They find that both living closer
to the nearest fast food and having more fast food restaurants within 1 mile and within 3 miles
from home results in a statistically significant increase in the probability of being obese for non-
white residents.

Potential explanations for heterogeneity in the effects of living near fast food across
racial and gender subgroups include differential preferences and travel costs. First, the distance
elasticity of fast food demand may be higher for minority groups due to differences in
preferences. For example, ethnic cuisines differ in key ingredients that may require further travel
to particular food outlets (Bitler & Haider, 2011). Easier access to fast food restaurants increases
the opportunity cost of traveling further distances to purchase products for ethnic cuisines. The
above studies, however, do not provide evidence for the effects of the availability of other food
retails, such as large supermarkets, which is a common data limitation for past studies. Further,
Dunn et al. (2012) explain that the travel cost may be higher for racial minorities because they
are less likely to own vehicles than their white counterparts. If white residents are highly mobile,
their exposure to the food environment near home will only take up a small portion of their total
food environment exposure. Dunn (2010) also provides a potential explanation that females may
respond differently to the presence of fast food due to differences in household responsibilities.

In other words, their opportunity cost for traveling further distances may be higher.
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Alviola, Nayga, Thomsen, and Smartt (2014) use distance to a major highway as an
instrument to examine the causal relationship between school-level food environment and
obesity rates. They examine the number of fast food restaurants near high schools in Arkansas
and find each additional fast food restaurant within a mile from school increases school-level
obesity rates by 1.23 percentage points.

Another notable study by Currie, DellaVigna, Moretti, and Pathania (2010) uses two
different approaches to investigate the impact of proximity to fast food on weight outcomes.
First, they examine school-level obesity rates for fifth, seventh, and ninth graders in California
and compare schools that have any fast food restaurants within a tenth of a mile, a quarter-mile,
and a half-mile from school. Here, the identification assumption is that small differences in
proximity do not correlate to unobservable differences between the groups. They find that having
a fast food restaurant within one tenth of a mile rather than a quarter of a mile from school
increases school-level obesity rates by 1.7 percentage points for ninth graders. They find small
and statistically insignificant effects for fifth and seventh graders. Second, using birth certificate
data in Michigan, New Jersey, and Texas, they examine the impact of living near fast food on
weight gain between pregnancies among women who have at least two children. They find
smaller yet significant effects of having a fast food restaurant within a half-mile of a residence.

Currie et al. (2010) also suggest the difference in the magnitude of the results between
students and mothers is driven by relative travel costs. If traveling the same distance incurs lower
travel costs for adults, students will be more affected by fast food restaurants in the immediate
proximity. Following this logic, travel costs are likely to be lower for older students than
younger students, implying that younger students will be more sensitive to proximity, conditional

on autonomy in food consumption decisions. Put differently, among students old enough to
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purchase their own food, younger students might be more responsive to fast food availability
nearby due to difficulties driving, walking, or using public transportation to travel further
distances for food. However, the two existing studies on children — Alviola et al. (2014) and
Currie et al. (2010) — focus on high school grade students with little attention on younger
children.

Previous studies also do not provide evidence on the causal impact of the residential food
environment on childhood obesity. While past studies on student obesity focus on the school
food environment, many elementary and middle school students are not allowed to leave school
for lunch and are less likely to be affected by the food environment surrounding their school
(Mirtcheva & Powell, 2009). This could potentially explain the null effects of fast food
restaurants around school on obesity outcomes for younger students in Currie et al. (2010). After
school hours, students can substitute home-prepared meals with fast food near home or consume
fast food in addition to home-prepared meals. Especially for younger students, who are more
likely to attend a school close to home, fast food near home may take up a larger part of their
total food environment exposure. Thus, residential food environment has important implications
for student food consumption decisions, and its estimated effects for younger students are likely
to differ from that of older students.

Finally, previous quasi-experimental studies typically lack data on non-restaurant food
outlets that may also affect food consumption decisions and obesity outcomes. In particular,
supermarkets or corner stores may be alternatives to fast food restaurants, and proximity to these
food outlets will shape the cost of purchasing fast food. Furthermore, distance to fast food may
be correlated with distance to corner stores with low-quality food sources and inversely

correlated with distance to high-quality supermarkets, complicating the interpretation of the
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coefficients on fast food. In this study, we have data on individual-level weight outcomes for
school-aged children in all grades and their food environment around home, including distances
to different types of food outlets, which we use to estimate the effects of proximity to fast food
on childhood obesity.

3. Public Housing and Residential Location

We focus on students living in public housing, because the institutional setting of public
housing — and that of NYC public housing, in particular — provides plausibly random variation in
individual proximity to fast food within a development. Public housing is a federally funded
housing assistance program, administered and managed by local housing authorities like the
NYC Housing Authority (NYCHA). A public housing development typically consists of one or
more concentrated blocks of standardized high-rise (and sometimes low-rise) apartment
buildings. NYCHA is the nation’s largest public housing system, containing 2,418 buildings in
149 developments dispersed across the city’s five boroughs — Manhattan, Bronx, Brooklyn,
Queens, and Staten Island (NYCHA, 2019). With roughly 174,000 households living in NYC
public housing, an average NYCHA development has more than 16 buildings and approximately
150 residents per building.

To be clear, public housing is a place-based housing assistance program, in which
program recipients are assigned to specific units that they can either “take or leave.” It differs
from other tenant-based programs like the housing choice vouchers, which allow households to
choose their neighborhoods and housing units in the private market. The assignment process into
NYC public housing units makes it difficult for public housing applicants to choose the precise
residential location of their preference. Furthermore, most inner-city public housing

developments are oversubscribed, requiring local housing authorities to have long waiting lists
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and systemized processes of assigning tenants to public housing units. There is also a long
waiting list to get into NYCHA public housing units. In this section, we describe NYCHA’s
tenant assignment process that provides tenants little control over their choice of specific
buildings, although they can specify some preference over locations.

More specifically, households can list up to two preferred boroughs on the application but
are not permitted to list any preference for individual developments or buildings. After receiving
applications, NYCHA assigns priority codes to eligible households, based on family size,
income, needs (e.g., emergencies), and date of application (NYCHA, 2020). NYCHA then
conducts interviews to place households on its waiting list. While the details of the process differ
by priority code, all households have limited choice of housing units.

Applicants can select one preferred development during the process, conditional on the
development containing an anticipated vacancy.?! A computer matches applicants to vacant units
in the selected development. Applicants can receive up to two offers (i.e., applicants are
permitted to reject the initial offer), but applications will be closed if applicants fail to choose a
development within 30 days or if applicants reject the second offer (NYCHA, 2020).
“Emergency applicants,” while prioritized in the tenant selection process, may only select a
preferred borough rather than a particular development.?? They are matched to vacant units in the
selected borough “without regard to any preference by the applicant for a particular development
in that borough” (NYCHA, 2020). Emergency applicants can also reject their initial offer, but

their application will be closed if they reject the second offer. To summarize, the choice of

2! Development selection should be from one of the two boroughs listed in their initial application form.

22 Emergency applicants are households with children that are either homeless, victims of domestic violence, or
intimidated witnesses, and borough selection should also be from one of the two boroughs listed on their initial
application form.
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development is constrained by anticipated vacancies around the time of the initial offer, and the
choice of particular units or buildings within a development is more explicitly restricted.

A city-wide oversubscription for NYCHA public housing is likely to further discourage
applicants from rejecting offers. From time to time, NYCHA closes its waiting list to control the
volume of the applications it receives. Therefore, rejecting the second offer would increase
households’ uncertainty around whether they can create new applications to get back on the
waiting list. Previous research suggests only a few households turn down the initial set of offers
for housing assistance programs with long waiting lists, since starting over the application may
entail a substantial wait for and uncertainty regarding the availability of another unit (Coley et
al., 1997; Rosenbaum, 1995; DeLuca & Rosenbaum, 2003).23 In the past five years, the average
time between “date entered waiting list” and the “admission date” for NYCHA public housing
has been more than 38 months (HUD, 2019). This process creates random variation in the
precise location of a student’s residence (and the subsequent food environment) within a public
housing development, which we leverage to isolate the causal impact of proximity to fast food on
children.

A small number of previous studies exploit the assignment process in public housing to
identify causal estimates of neighborhood effects on individual outcomes. Two are particularly
relevant. Oreopoulos (2003) focuses on the Toronto public housing program, in which applicants
cannot specify development preferences, to examine the effects of neighborhoods on long-run
labor market outcomes. Goux and Maurin (2007) focus on public housing in France, where

public housing managers have a very limited set of units to offer each year to eligible families, to

23 Drawing on student-level data in England, Weinhardt (2014) finds that precise timing of moving to neighborhoods
with oversubscribed social housing is uncorrelated with any observable individual characteristics, suggesting
households that apply for housing assistance programs with long waiting lists are likely to accept available offers
regardless of their individual taste.
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estimate neighborhood effects on academic success. Thus, both studies leverage the resulting
quasi-random assignment to a particular public housing development and, therefore,
neighborhood to isolate causal estimates of neighborhood effects. We employ a similar
methodology but also exploit the within-development variation in proximity to neighborhood
(dis)amenities. To summarize, we exploit the institutional setting of public housing that assigns
children in different micro-neighborhood food environments to derive credibly causal estimates
of living near fast food restaurants.
4. Data and Sample
4.1. Student-Level Data

Our analyses draw on a rich set of longitudinal, student-level data for NYC public school
students, K-12, in AY 2009-2016. Administrative data from the NYC Department of Education
(NYCDOE) include student residential location, school attended, socio-demographic variables,
such as gender, race/ethnicity, grade, primary language spoken at home, and poverty status,**
educational program participation (e.g., students with disabilities and English language learners),
and critically, student height and weight measures from an annual FitnessGram®. The
FitnessGram® measures provide weight and height of students every year, which we use to
calculate student body mass index (BMI). We follow the Centers for Disease Control and
Prevention guidelines and define students as obese if their BMI is at or above the 95th percentile
of their age and sex group and overweight if their BMI is at or above the 85th percentile. In
addition to the two binary weight outcome variables, we calculate the z-score of the BMI (z-
BMI), standardized by age and sex group, to examine the estimated effects on the weight

distribution for later robustness checks. We link student residential location to data on the

24 Poverty status is defined by whether students were ever eligible for free or reduced-price lunch (household
incomes below 185 percent of the federal poverty level) in AY 2001-2016.
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locations of NYCHA developments to create an identifier for each public housing development,
which we use to derive a set of development fixed effects.

We also link the student-level data to the locations of restaurants and supermarkets. We
follow Elbel et al. (2020) to create four food retail outlet variables derived from two data
sources. Specifically, we use data on NYC restaurants from the NYC Department of Health and
Mental Hygiene, including information on locations and the type of service provided (fast food
or wait-service). We calculate the straight-line distance (in miles) between student residential
location and the nearest fast food restaurant (DistF'F) and the nearest wait-service restaurant
(DistWaitService).>> We then link to data on the locations and characteristics of food stores from
the New York State Department of Agriculture and Markets to calculate distances to the nearest
large supermarket (store greater than 6,000 square feet) and the nearest corner store (less than
2,000 square feet), respectively DistSupermarket and DistCornerStore. While our analyses focus
on these continuous measures of student distance to food outlets, we create a set of binary
variables indicating the presence of each food outlet type within 0.1 mile from home (e.g.,
AnyFF) as an alternate specification. We also create density measures by counting the total
number of food outlets within 0.1 mile and within 0.25 mile from home (e.g., NumFF10 and
NumFF25).

Finally, we calculate the straight-line distance between home and school attended in
miles (DistSch). Using this, we create an indicator variable, SchNear, that identifies those who
attend schools within a half-mile from home. Students in kindergarten, first, and second grade
who travel less than a half-mile for school do not qualify for district-provided school buses in

NYC and are, therefore, more likely to walk to school in the neighborhood. We also create

25 Street network distances were correlated with straight-line distances at more than 90 percent.
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SchFar to identify those who live far away (half-mile or more) from school and are thus eligible
for school buses in the early grades. A second set of variables, SchNear36 and SchFar36, is
similarly defined using a one-mile threshold, which determines school bus eligibility for students
in grades 3-6.2°

4.2. Sample and Descriptive Statistics

Our analysis focuses on the students living in NYCHA public housing developments. The
sample consists of 486,178 observations of K-12 NYC public school students in public housing
for AY 2009-2016. Students missing weight and height data or residential location are not
included in the sample. We further exclude outliers of non-poor students, who comprise less than
2 percent of the students living in public housing. Table 1 provides summary statistics of our
analytic sample in all grades and by grade level. In addition to stratifying by elementary (K-5),
middle (6-8), and high school grades (9-12), we separate students in grades K-2 from those in
grades 3-5 to explore plausible heterogeneity within elementary school grade kids.

Table 1 shows that 23.2 percent of students in our analytic sample are obese and 40.9
percent are overweight. Obesity rates differ across grade levels, where students in grades 3-5 are
more likely to be obese (27 percent) and high school students are less likely to be obese (19.5
percent) than students in other grade levels. A majority of our analytic sample are either Hispanic
(47.4 percent) or black (46.2 percent), and less than 10 percent, across all grade levels, are Asian

or white. Approximately half of the students are female (51.5 percent). Moreover, students in

26 Half-mile and one-mile thresholds are used by the NYCDOE to determine school bus eligibility (NYCDOE,
2020). K-2 students are eligible for school buses when they live further than half a mile from school, and students in
grades 3-6 are eligible when they live more than a mile from school. Students in grades 7-12 are not eligible for
school bus regardless of their distance between home and school; however, students in grades 7-8 living in Staten
Island would be eligible for school buses at 1 mile. For other types of pupil transportation, students are eligible for
half-fare and full-fare MetroCards. Students in grades K-2 are eligible for half-fare if they travel less than 0.5 mile
for school and for full-fare if more than 0.5 mile; students in grades 3-6 are eligible for half-fare if they travel
between 0.5 to 1 mile for school and for full-fare if they travel more than 1 mile; students in grades 7-12 are eligible
for half-fare if they travel between 0.5 to 1.5 mile for school and for full-fare if they travel more than 1.5 mile.
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higher grade levels are likely to travel further distances for school. While less than a quarter of
elementary school students attend schools more than a half-mile from home, almost 90 percent
of high school students attend schools outside a half-mile radius from home. However, there is
less, if any, variation in distances to the nearest food outlets across grade levels. On average,
students live approximately 0.1 mile (around two city blocks in NYC) from the nearest fast food
restaurant regardless of grade level.

Critical to our study is the within-development variation in distances to fast food. To
explore this, we plot the distribution of DistF'F in each of the 139 public housing developments
in Figure 1. In this figure, each line shows the range of student distance to the nearest fast food at
5% and 95% of the distribution in a given development. The first range plot presented in Figure
1, for example, shows that one student would have to travel 0.2 mile (around four city blocks)
further to reach the nearest fast food restaurant from home compared to another student in the
same development. The plotted range of DistF'F within developments suggests the within-
development distance between buildings can span multiple blocks and place children in
substantially different micro-neighborhood food environments. A decomposition of the variation
in DistF'F, in a one-way analysis of variance (ANOVA), indicates that almost half of the
variation (47.8 percent) is within developments and only slightly more (52.2 percent) is between
developments.

4.3. Exploring the Within-Development Variation in Local Food Environments

Before turning to models, we explore the empirical support for the claim that the within-
development variation in distance between residence and fast food is plausibly random. To do so,
we estimate a series of regression models that examine the correlation between distance to the

nearest food outlet and student characteristics, using a set of development and year fixed effects.
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We use DistF'F, DistWaitService, DistSupermarket, and DistCornerStore as the outcome and link
them to a vector of student demographic variables, including gender, race/ethnicity (Asian,
black, or white, using Hispanic as the reference group) and grade level (grades 3-5, grades 6-8,
or grades 9-12, using grades K-2 as the reference group).

The results in Table 2 provide little evidence of a meaningful relationship between
distance to food outlets and student characteristics. The magnitudes of all coefficients are
substantively unimportant, ranging from -0.002 to 0.001, although some are statistically
significant. The coefficient for black, for example, indicates that black students are 0.001 mile,
or five feet, further away from the nearest fast food restaurant than Hispanic students living in
the same development. This represents one fiftieth of a typical city block in NYC. Similarly,
estimates suggest older students (in middle school and high school grades) live 0.001 mile
further from the nearest fast food restaurant than younger kids (grades K-2) in the same
development. These distances are not economically meaningful and bolster our confidence that
the causal interpretation of our estimates is warranted.

S. Empirical Strategy
5.1. Regression Models

As described previously, we exploit the exogenous within-development variation in
distance to fast food and identify the effects of proximity to fast food by comparing weight
outcomes among students living in the same development but in different buildings (thus with
different micro-neighborhood food environments). Our baseline model contains the following
elements:

Yiat = Po + P1 DistFFig + yXidt + 04 + Tt + iae (1)
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where Yiq represents the weight outcome (obese and overweight) of student i in development d
in year t. DistF'Fiq captures student distance to the nearest fast food restaurant in miles. A vector
of student characteristics (shown in Table 1) are included in the equation as Xia, and year fixed
effects, 1, control for secular trends. Finally, 4 are development fixed effects, such that our
coefficient of interest, P1, is identified by the variation in DistFF within developments. An
alternate specification includes and controls for student distance to other food outlets
(DistWaitService, DistSupermarket, and DistCornerStore), which may also affect the relative
travel cost for DistF'F and child weight outcomes.

We first estimate this baseline model on our full analytic sample of students in all grades
(K-12) and then stratify by grade levels to shed light on heterogeneity across grades, as discussed
in earlier sections. We then explore differences in the estimated effects of DistFF between
students who live near enough to school to be in the early grades “walk zone” of a half-mile and
those who live farther away with the following model:

Yida = Po + P1 DistFFxSchNearia + P2 DistFFxSchFariq

+ B3 SchNeariat + yXiat + 8d + Tt + &idt ()

where we fully interact Dis¢tFF with binary indicators of student distance to school, SchNear and
SchFar, to allow the estimated impact of DistFF to vary by student distance to school. Again, we
first estimate this model on the full analytic sample and then stratify by grade level, with and
without controlling for distances to other food outlets. Following previous studies that find
stronger effects of proximity to fast food on obesity outcomes among minorities and women, we
also examine heterogeneity by student race/ethnicity and gender.

We also explore the robustness of our results to alternative specifications and measures.

First, we re-estimate our models using z-BMI, instead of the binary indicators obese and
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overweight. Second, we explore alternative ways of capturing the food environment, substituting
continuous distance measures with binary indicators, such as AnyFF. We also control for the
density of food outlets by within different radiuses from home, including NumFF10 and
NumFF25. Finally, we use alternative measures for distance to school, replacing SchNear and
SchFar with SchNear36 and SchFar36, constructed using a one-mile threshold, and using the
continuous measure of student distance between home and school in miles, DistSch, instead of
the indicator variables.
6. Results
6.1. Impact of Proximity to Fast Food by Grade Level

Baseline results in Table 3 show the estimated impact of proximity to fast food on student
weight outcomes for K-12 students. Consistently negative and statistically significant
coefficients for DistFF suggest that proximity to fast food increases student probability of being
obese and overweight. Indeed, every additional 0.1 mile (or two city blocks) separating the
nearest fast food restaurant from a student’s residence decreases the probability of being obese
by approximately 0.6 percentage points. The effects on overweight range between 0.93 to 1.11
percentage point increases, depending on the inclusion of distances to other food outlets in the
model. We see little evidence that proximity to other food outlets matters. Coefficients on the
distances to other food outlets (see full results in Table A.1) are small and statistically
insignificant.

As described earlier, we estimate the impact of DistFF by student grade level and report
separate coefficients for students in grades K-2, grades 3-5, grades 6-8, and grades 9-12.
Estimates in Table 4 suggest that the baseline effects are largely driven by older elementary

school students (in grades 3-5) and middle school students (in grades 6-8). For every 0.1 mile a
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student lives further away from the nearest fast food, the probability of being obese decreases by
1.39 to 1.42 percentage points and overweight decreases by 1.66 to 1.86 percentage points for
students in grades 3-8 (see Table 4 Columns 2 and 4). To understand the magnitude of the
effects, consider the group mean obesity rate of 27 percent for older elementary school students
and 25.6 percent for middle school students (see Table 1). A 1.39 to 1.42 percentage point
increase translates to approximately a 5.4 percent increase in obesity rate for living two blocks
closer to the nearest fast food.

In contrast, the estimated effects on K-2 students and high school students are smaller in
magnitude and, more importantly, statistically insignificant across all models using different
weight outcomes and controls for distance to other food outlets. Students in grades K-2 may not
be old enough to exercise independent food consumption decisions regardless of fast food
locations near home. High school students, who tend to travel the furthest for school (see Table
1), may have exposure to food environment outside their residential neighborhood and, therefore,
appear to be less sensitive to the micro-neighborhood food environments near home.

6.2. Does School Proximity Matter?

Estimates in Table 5 show that the impact of proximity to fast food near home differs by
distance to school among students in all grade levels, except for K-2 students. Negative
coefficients of DistFF for students attending neighborhood schools (coefficient on
DistFFxSchNear) are always larger in magnitude than the corresponding coefficient for students
attending schools farther away (DistFFxSchFar).?” For example, among students in grade 3-5
(see Table 5 Panel B Columns 1 and 2), the estimated effects of DistF'FxSchNear on obesity is

larger by approximately 0.6 percentage points for every 0.1-mile increase compared to those of

27 For each model in Table 5, we test whether the coefficients for the interaction terms are statistically different from
each other and report the p-value of the joint F-test.
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DistFFxSchFar (-0.144 vs. -0.081 and -0.158 vs. -0.095). The impact of living near fast food on
obesity outcomes is almost 1.78 times larger for students attending schools nearby. We also find
similar patterns for obesity outcomes among middle school students (see Table 5 Panel C). The
impact of living 0.1 mile closer to fast food increases probability of obese by 1.43 to 1.68
percentage points for students attending neighborhood schools, approximately 0.5 percentage
points larger than those attending schools farther away. These estimates imply that every 0.1
mile closer a student lives to fast food translates into approximately a 6 and 7 percent increase in
obesity rates (and a 4.2 and 4.7 percent increase in overweight rates) respectively for older
elementary students and middle school students that attend neighborhood schools.

As for high school students, in Panel D, the coefficient on DistFFxSchNear indicates
statistically significant, negative effects on overweight. The estimates suggest living 0.1 mile
closer to the nearest fast food increases high school students’ probability of being overweight by
approximately 1.3 percentage points, and the effect is statistically different from that of
DistFFxSchFar. Thus, even for high school students, those attending neighborhood schools are
affected by fast food near home. To understand the magnitude of the effects, consider the base
overweight rate of 37 percent for high school students (see Table 1). An increase in the
probability of being overweight by 1.3 percentage points represents a 3.5 percent increase in
overweight rates.

Overall, the detrimental effects of living near fast food are largest among those students
who are most likely to have meaningful autonomy in food decisions and, at the same time, are
likely to spend a significant amount of their free time in their residential neighborhood. Results

are robust to clustering standard errors at the development level (see Table A.2). Although
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standard errors are slightly larger, our key coefficients are still statistically significant at
conventional levels.
6.3. Heterogeneity by Race and Gender and Robustness Checks

In Table 6, our analyses reveal considerable heterogeneity in impact across demographic
groups, consistent with findings from previous research. First, we see negative and statistically
significant effects of DistF'F for black students, with similar evidence for Hispanic students. For
black students, living 0.1 mile closer to fast food increases the probability of being obese by 0.9
to 1.05 percentage points and overweight by 1.08 to 1.17 percentage points. For Hispanic
students the effects on overweight ranges between 0.8 to 1.28 percentage points. We see little
evidence of the effects on weight outcomes among Asian and white students.?® In Table 7, we
report separate results by gender and find that boys are more sensitive to proximity to fast food
near home than girls. While this may reflect greater autonomy granted to boys than girls, other
underlying mechanisms are possible and warrant further research.

The findings from our series of robustness checks suggest the results are not sensitive to
alternative measures and specifications. First, results are robust to measuring weight outcomes
using z-BM], rather than indicators for obese or overweight (see Table A.3). Living 0.1 mile
closer to the nearest fast food increases student BMI by approximately 0.03 standard deviations,
or 4.3 percent of the sample’s mean z-BMI. Second, results are substantively unchanged by
alternative measures of the food environment (see Table A.4). The probability of being obese is
0.6 percentage points higher (and overweight is 0.7 percentage points higher) for students who

travel less than 0.1 mile to the nearest fast food restaurant. Third, results are substantively

28 Note that the differences in effects by race/ethnicity may reflect income differences across racial and ethnic
subgroups within our low-income populations. Unfortunately, our data do not include information on household
income, but future research exploring the heterogeneity across income groups within public housing and the
relationship across racial subgroups is clearly warranted.
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unchanged by including controls for density of the fast food restaurants (see Table A.5). Finally,
we examine whether alternative specifications for distance to school yield similar results. Models
with interaction terms using SchNear36 and SchFar36 (see Table A.7) and DistSch (see Table
A.8) in place of SchNear and SchFar consistently show that students who travel further distances
to school are less likely to be affected by DistFF. We also see in Table A.6 that including
DistSch as a control, instead of interacting DistSch with DistFF, does not change the coefficients
for DistFF. In other words, the moderating effects of attending schools nearby on the
relationship between proximity to fast food near home and weight outcomes are robust to
different specifications for distance to school.
7. Discussion and Policy Implications

A wide range of policymakers, advocates, and “urbanists” blame the ease of access to
unhealthy food outlets and particularly fast food as the culprit for high obesity rates among low
income, minority children. There are, however, few credibly causal empirical findings on the
effects of proximity to fast food on childhood obesity, mainly due to the endogenous nature of
fast food locations and scarcity of the requisite micro-data linking children weight to the food
environment. In this paper, we overcome the two key empirical obstacles using a detailed set of
individual-level data on students living in public housing and exploiting their quasi-random
assignment into micro-neighborhood food environments. Specifically, we use administrative data
on NYC public school students living in public housing and link their weight outcomes and
residential locations with all restaurant locations in NYC. We then leverage the plausibly random
within-development variation in distance between residence and fast food generated by

NYCHA'’s tenant assignment process to derive credibly causal estimates of the effects of living
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near fast food. To our knowledge, this is the first paper to use this particular identification
strategy.

Our results suggest significant deleterious effects of proximity to fast food for student
weight outcomes, with the largest effects among students in grades 3-8 attending neighborhood
schools. Economic theory predicts that individuals with relatively higher travel costs are more
sensitive to fast food availability in close proximity. Currie et al. (2010), for instance, find that
proximity to fast food has larger effects on high school students than pregnant mothers,
providing lower travel costs for adults as a potential explanation. In this paper, we exploit a
detailed set of data on public housing students in all grades, and our results support the theory
that living near fast food has larger impacts on younger students who are likely to have higher
travel costs but old enough to make independent food purchasing decisions. In addition to
heterogeneity across grade levels, students attending neighborhood schools are also likely to face
higher costs traveling outside their residential neighborhood to purchase food, compared to
students who attend schools far from home. We also find that students who travel shorter
distances to school are more sensitive to fast food proximity in their micro-neighborhood
environment. For students in grades 3-8 attending neighborhood schools, the probability of being
obese (overweight) increases up to 1.7 (2.1) percentage points for every one tenth mile
decrement in distance between home and fast food. These are sizable magnitudes, roughly
representing a 12 percent increase in obesity rates (9.4 percent for overweight) for a four-block
reduction in distance to the nearest fast food.

We note two key limitations of our study results. First, the location of fast food
restaurants may be related to the availability of other neighborhood amenities that may affect

student weight outcomes such that our estimates would reflect the combined effects of proximity
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to fast food and proximity to other unobserved amenities. However, it is reassuring — although
not dispositive — that our results are robust to including controls for proximity to other food
outlets. Second, our work focuses on public school children living in NYC public housing, a
population disproportionately black, Hispanic, and urban. Investigating whether and how
proximity to fast food affects higher-income students or those living in lower-density suburban
and rural areas with greater reliance on cars remains for future research.

Our study results are particularly relevant to place-based interventions that attempt to
limit unhealthy food outlets in an urban context to reduce the prevalence of obesity in low-
income, minority neighborhoods. We suggest such interventions might include zoning
regulations that restrict openings of fast food outlets in designated areas of a city. In a different
vein, school policies regarding the quality or price of school lunch or “open-campus” policies
governing student’s ability to exit during school lunch periods might also be relevant. In
summary, our findings suggest fast food locations near residence have sizable impacts on
childhood obesity and warrant the attention of policymakers hoping to identify policy levers to

reduce access to or consumption of fast food among poor, urban children.
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Tables and Figures
Table 1. Mean student characteristics for all students and by grade level
All grades Grades K-2 Grades 3-5 Grades 6-8 Grades 9-12
€)) 2) 3) “) (5)
Weight outcomes
ob 0.232 0.214 0.270 0.256 0.195
ese (0.422) (0.410) (0.444) (0.436) (0.396)
Overweicht 0.409 0.380 0.448 0.445 0.370
& (0.492) (0.485) (0.497) (0.497) (0.483)
Distance to the nearest food outlet and school attended
DisFF 0.099 0.099 0.099 0.100 0.099
¥ (0.056) (0.056) (0.056) (0.057) (0.056)
o 0.212 0.213 0.212 0.215 0.211
DistWaitService (0.168) (0.169) (0.167) (0.172) (0.164)
DistSubermarket 0.187 0.189 0.187 0.188 0.186
stoupermarke (0.145) (0.147) (0.144) (0.146) (0.143)
DistComerStor 0.096 0.096 0.096 0.097 0.096
st-omerstore (0.067) (0.067) (0.067) (0.068) (0.066)
DistSch 1.480 0.613 0.720 1.139 3.053
¢ (2.211) (1.458) (1.542) (1.706) (2.663)
SchNear 0.512 0.817 0.770 0.461 0.111
chne (0.500) (0.387) (0.421) (0.499) (0.314)
0.641 0.893 0.854 0.685 0.235
SchNear36 (0.430) (0.309) (0.353) (0.465) (0.424)
Student characteristics
Femal 0.515 0.508 0.520 0.520 0.513
emaie (0.500) (0.500) (0.500) (0.500) (0.500)
Hisoanic 0.474 0.474 0.475 0.477 0.469
P (0.499) (0.499) (0.499) (0.500) (0.499)
Asian 0.047 0.039 0.041 0.047 0.059
S (0.213) (0.194) (0.199) (0.211) (0.236)
Black 0.462 0.467 0.466 0.461 0.456
(0.499) (0.499) (0.499) (0.499) (0.498)
Whit 0.017 0.020 0.018 0.015 0.015
¢ (0.128) (0.138) (0.131) (0.123) (0.121)
Grad 5.895 1.029 3.993 7.035 10.269
¢ (3.605) (0.808) (0.818) (0.817) (1.093)
R 0.188 0.157 0.201 0.203 0.190
Student with disability (0.391) (0.364) (0.401) (0.402) (0.392)
Enelish laneuase leamer 0.075 0.089 0.084 0.069 0.063
& guag (0.264) (0.284) (0.278) (0.253) (0.244)
N 486,178 111,477 113,070 119,687 141,944

Notes: Standard deviations are shown in parentheses. Sample consists of NYC public school students, ever eligible
for free and reduced-price lunch and living in NYCHA public housing, for AY 2009-2016. All distances are in miles.
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Figure 1. Range of student-level distance to the nearest fast food restaurant by public housing development
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Notes: Each range plot shows student distance to the nearest fast food at the 5% and 95% of the distribution in a given development and the outliers through dots.
Sample consists of NYC public school students, ever eligible for free and reduced-price lunch and living in NYCHA public housing, for AY 2009-2016.
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Table 2. Relationship between student demographic characteristics and proximity to food outlets

Dependent variable: DistFF DistWaitService DistSupermarket DistCornerStore
€)) 2) 3) “)
Fomal -0.000 0.000 -0.000 -0.000
emae (0.000) (0.000) (0.000) (0.000)
Hispanic - - - -
Asian 0.000 -0.001* -0.0027%* 0.000
¥ (0.000) (0.001) (0.001) (0.000)
Black 0.001%** 0.001%* 0.000 0.001%**
¢ (0.000) (0.000) (0.000) (0.000)
Whit -0.000 -0.001 -0.001 -0.000
© (0.001) (0.001) (0.001) (0.001)
Grades K-2 - - - -
Grades 3.5 0.000 0.000 0.000 0.000
e (0.000) (0.000) (0.000) (0.000)
Grades 6.8 0.001%%* -0.000 0.001%%* 0.000*
e (0.000) (0.000) (0.000) (0.000)
0.001%** -0.001 0.001%* 0.000
Grades 9-12 (0.000) (0.000) (0.000) (0.000)
N 486,178 486,178 486,178 486,178
Year FX Y Y Y Y
Development FX Y Y Y Y

Notes: Robust standard errors are shown in parentheses (*** p<0.01, ** p<0.05, * p<0.1).

Each column is a different regression. Sample consists of NYC public school students, ever eligible for

free and reduced-price lunch and living in NYCHA public housing, for AY 2009-2016.



Table 3. Baseline impact of proximity to fast food on weight outcomes, K-12

Dependent variable: Obese Obese Overweight ~ Overweight
)] 2) (€)] “4)
DistFF -0.058%** -0.062%** -0.093%** -0.111%**
¥ (0.016) (0.019) (0.018) (0.022)
N 486,178 486,178 486,178 486,178
Dist. to other food - Y - Y
Student characteristics Y Y Y Y
Year FX Y Y Y Y
Development FX Y Y Y Y

Notes: Robust standard errors are shown in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
Each column is a different regression. Distance to other food include mile-distances to the
nearest wait-service restaurant, supermarket, and corner stores. Student characteristics include
gender, race/ethnicity, grade, primary language spoken at home, special education, and limited
English proficiency status. Sample consists of NYC public school students, ever eligible for
free and reduced-price lunch and living in NYCHA public housing, AY 2009-2016.

Table 4. Baseline impact of proximity to fast food on weight outcomes by grade level

Dependent variable: Obese Obese Overweight ~ Overweight
0] 2) (€)] “4)
Panel A: Grades K-2 only
. 0.000 0.023 -0.050 -0.065
DistFF (0.032) (0.039) (0.037) (0.046)
N 111,477 111,477 111,477 111,477
Panel B: Grades 3-5 only
. -0.129%** -0.142%** -0.149%** -0.166***
DistFF
(0.034) (0.042) (0.038) (0.047)
N 113,070 113,070 113,070 113,070
Panel C: Grades 6-8 only
DistFF -0.115%** -0.139%** -0.153%** -0.186%**
¥ (0.032) (0.040) (0.037) (0.045)
N 119,687 119,687 119,687 119,687
Panel D: Grades 9-12 only
. -0.003 -0.001 -0.039 -0.044
DistFF (0.027) (0.033) (0.033) (0.040)
N 141,944 141,944 141,944 141,944
For all Panels:
Dist. to other food - Y - Y
Student characteristics Y Y Y Y
Year FX Y Y Y Y
Development FX Y Y Y Y

Notes: Robust standard errors are shown in parentheses (*** p<0.01, ** p<0.05, * p<0.1).

Each column in each panel is a different regression. See notes in Table 3 for variable and sample descriptions.
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Table 5. Impact of proximity to fast food on weight outcomes by grade level and
whether a student attends a school within 0.5 mile from home

107

Dependent variable: Obese Obese Overweight  Overweight
(@) 2) 3) “4)
Panel A: Grades K-2 only

. -0.004 0.019 -0.059 -0.074
DistFFxSchNear (0.032) (0.039) (0.038) (0.046)

. 0.017 0.041 -0.014 -0.029
DistFFxSchFar (0.039) (0.045) (0.046) (0.053)
P-value for joint F-test 0.451 0.446 0.179 0.180
N 111,477 111,477 111,477 111,477
Panel B: Grades 3-5 only

. -0.144%** -0.158*** -0.174%** -0.191%%**
DistFFxSchNear (0.035) (0.043) (0.039) (0.047)

. -0.081%** -0.095** -0.073 -0.090*
DistFFxSchFar (0.040) (0.047) (0.045) (0.053)
P-value for joint F-test 0.026 0.026 0.046 0.045
N 113,070 113,070 113,070 113,070
Panel C: Grades 6-8 only

. -0.143%** -0.168*** -0.175%** -0.208%**
DistFFxSchNear (0.036) (0.043) (0.041) (0.048)

. -0.096%*** -0.120%** -0.139%** -0.171%%*
DistFFxSchFar (0.034) (0.041) (0.039) (0.047)
P-value for joint F-test 0.061 0.059 0.203 0.195
N 119,687 119,687 119,687 119,687
Panel D: Grades 9-12 only

. -0.031 -0.029 -0.126** -0.129%*
DistFFxSchNear (0.043) (0.047) (0.052) (0.057)

. -0.001 0.001 -0.032 -0.036
DistFFxSchFar (0.027) (0.034) (0.033) (0.041)
P-value for joint F-test 0.389 0.390 0.031 0.031
N 141,944 141,944 141,944 141,944
For all Panels:

Dist. to other food - Y - Y
Student characteristics Y Y Y Y
Year FX Y Y Y Y
Development FX Y Y Y Y

Notes: Robust standard errors are shown in parentheses (*** p<0.01, ** p<0.05, * p<0.1).

Each column in each panel is a different regression. See notes in Table 3 for variable and sample descriptions.
We test whether the coefficients for DistFFxSchNear and DistFFxSchFar are statistically different from each
other and present the p-value of the joint F-test.
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Table 6. Impact of proximity to fast food on weight outcomes by race/ethnicity

Dependent variable: Obese Obese Overweight ~ Overweight
() @) G) )
Panel A: Asian only
. -0.082 -0.058 -0.014 -0.016
DistFF (0.060) (0.076) (0.080) (0.102)
N 22,912 22,912 22,912 22,912
Panel B: Hispanic only
DistFF -0.016 -0.045 -0.080%** -0.128***
s (0.024) (0.030) (0.028) (0.034)
N 230,252 230,252 230,252 230,252
Panel C: Black only
. -0.105%** -0.090%** -0.117*** -0.108***
DistFF
(0.022) (0.027) (0.026) (0.031)
N 224,794 224,794 224,794 224,794
Panel D: White only
. 0.232%* 0.225 0.064 0.018
DistFF (0.121) (0.146) (0.141) (0.170)
N 8,090 8,090 8,090 8,090
For all Panels:
Dist. to other food - Y - Y
Student characteristics Y Y Y Y
Year FX Y Y Y Y
Development FX Y Y Y Y

Notes: Robust standard errors are shown in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
Each column in each panel is a different regression. See notes in Table 3 for variable and sample descriptions.
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Table 7. Impact of proximity to fast food on weight outcomes by gender

Dependent variable: Obese Obese Overweight ~ Overweight
(@) 2) 3) “)
Panel A: Male only
DistFF -0.113%** -0.112%** -0.108*** -0.116%***
(0.023) (0.028) (0.026) (0.032)
N 235,740 235,740 235,740 235,740
Panel B: Female only
DistFF -0.004 -0.015 -0.074%** -0.104%**
(0.022) (0.026) (0.025) (0.031)
N 250,438 250,438 250,438 250,438
For all Panels:
Dist. to other food - Y - Y
Student characteristics Y Y Y Y
Year FX Y Y Y Y
Development FX Y Y Y Y

Notes: Robust standard errors are shown in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
Each column in each panel is a different regression. See notes in Table 3 for variable and sample descriptions.



Appendix
Table A.1. Full results for the impact of proximity to food outlets on weight outcomes
Dependent variable: Obese Overweight
)] 2)
. -0.062%** -0.111%%*
DistFF (0.019) (0.022)
. . . 0.004 -0.004
DistWaitSerivce (0.008) (0.009)
. -0.000 -0.002
DistSupermarket (0.009) 0.011)
. 0.003 0.036%*
DistCornerStore (0.017) (0.020)
N 486,178 486,178
Student characteristics Y Y
Year FX Y Y
Development FX Y Y

Notes: Robust standard errors are shown in parentheses (*** p<0.01, ** p<0.05, * p<0.1). See notes in Table 3.
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Table A.2. Impact of proximity to fast food on weight outcomes, K-12, clustered standard errors

Dependent variable: Obese Obese Overweight ~ Overweight
)] 2) 3) “4)
DistFF -0.058** -0.062* -0.093*** -0.111%**
S (0.029) (0.033) (0.034) (0.042)
N 486,178 486,178 486,178 486,178
Dist. to other food - Y - Y
Student characteristics Y Y Y Y
Year FX Y Y Y Y
Development FX Y Y Y Y

Notes: Standard errors are clustered at the development level and are shown in parentheses
(*** p<0.01, ** p<0.05, * p<0.1). See notes in Table 3 for variable and sample descriptions.

Table A.3. Impact of proximity to fast food on z-BMI

Dependent variable: z-BMI z-BMI

0] 2
. -0.266%** -0.245%**

DistFF (0.043) (0.053)

N 486,178 486,178
Dist. to other food - Y
Student characteristics Y Y
Year FX Y Y
Development FX Y Y

Notes: Robust standard errors are shown in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
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Table A.4. Impact of proximity to fast food on weight outcomes using binary distance measures

Dependent variable: Obese Obese Overweight ~ Overweight
0] 2) 3) “4)
AnvEF -0.006%** -0.006%** -0.007%** -0.007***
Y (0.002) (0.002) (0.002) (0.002)
N 486,178 486,178 486,178 486,178
Dist. to other food - Y - Y
Student characteristics Y Y Y Y
Year FX Y Y Y Y
Development FX Y Y Y Y

Notes: Robust standard errors are shown in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
Each column is a different regression. See notes in Table 3 for variable and sample descriptions.

Table A.S. Impact of proximity to fast food on weight outcomes, controlling for density measures

Dependent variable: Obese Obese Overweight ~ Overweight
0] 2) 3) “4)
Panel A: Baseline proximity measure controlling for density
. -0.069%** -0.069%** -0.112%** -0.127%**
DistFF
(0.017) (0.021) (0.020) (0.024)
-0.001** -0.001%** -0.001%** -0.001 ***
NumFF10 (0.000) (0.000) (0.000) (0.000)
0.000%* 0.000 0.000%* -0.000
NumFF25 (0.000) (0.000) (0.000) (0.000)
N 486,178 486,178 486,178 486,178
Panel B: Alternative proximity measure controlling for density
AnvEF -0.008*** -0.008%** -0.009%** -0.009***
Y (0.002) (0.002) (0.002) (0.002)
-0.001 *** -0.001%** -0.001** -0.001 ***
NumFF10 (0.000) (0.000) (0.000) (0.000)
0.000** 0.000 0.000%* 0.000
NumFF25 (0.000) (0.000) (0.000) (0.000)
N 486,178 486,178 486,178 486,178
For all Panels:
Dist. to other food - Y - Y
Num. of other food - Y - Y
Student characteristics Y Y Y Y
Year FX Y Y Y Y
Development FX Y Y Y Y

Notes: Robust standard errors are shown in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
Each column in each panel is a different regression. See notes in Table 3 for variable and sample descriptions.



Table A.6. Impact of proximity to fast food on weight outcomes by grade level,

controlling for distance to school

Dependent variable: Obese Obese Overweight ~ Overweight
0] 2 (€)] “4)
Panel A: Grades K-2 only
. 0.001 0.024 -0.049 -0.065
DistFF (0.032) (0.039) (0.037) (0.046)
DistSch -0.001 -0.001 -0.002** -0.002**
S¢ (0.001) (0.001) (0.001) (0.001)
N 111,477 111,477 111,477 111,477
Panel B: Grades 3-5 only
. -0.128%*** -0.142%** -0.149%** -0.166%***
DistFF
(0.034) (0.042) (0.038) (0.047)
DistSch -0.002** -0.002** -0.001 -0.001
(0.001) (0.001) (0.001) (0.001)
N 113,070 113,070 113,070 113,070
Panel C: Grades 6-8 only
DistFF -0.113%** -0.138*** -0.152%** -0.185%%**
s (0.032) (0.040) (0.037) (0.045)
DistSch -0.002%** -0.002%** -0.001* -0.001*
(0.001) (0.001) (0.001) (0.001)
N 119,687 119,687 119,687 119,687
Panel D: Grades 9-12 only
. -0.003 -0.001 -0.039 -0.044
DistFF (0.027) (0.033) (0.033) (0.040)
DistSch 0.000 0.000 0.000 0.000
SS¢ (0.000) (0.000) (0.000) (0.000)
N 141,944 141,944 141,944 141,944
For all Panels:
Dist. to other food - Y - Y
Student characteristics Y Y Y Y
Year FX Y Y Y Y
Development FX Y Y Y Y

Notes: Robust standard errors are shown in parentheses (*** p<0.01, ** p<0.05, * p<0.1).

Each column in each panel is a different regression. See notes in Table 3 for variable and sample descriptions.
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Table A.7. Impact of proximity to fast food on weight outcomes by grade level
and whether a student attends a school within 1 mile from home

Dependent variable: Obese Obese Overweight  Overweight
€)) (2) 3) 4)
Panel A: Grades K-2 only

. 0.003 0.026 -0.047 -0.063
DistFFxSchNear36 (0.032) (0.039) (0.038) (0.046)

. L0.021 0.002 -0.068 -0.083
DistFFxSchFar36 (0.044) (0.049) (0.052) (0.058)
N 111,477 111,477 111,477 111,477
Panel B: Grades 3-5 only

. 01345 L0, 148%% 0.161%%%  0.179%H
DistFFxSchNear36 (0.035) (0.043) (0.039) (0.047)

. L0.103%* L0.116%* -0.088* 20.105*
DistFFxSchFar36 (0.044) (0.050) (0.049) (0.056)
N 113,070 113,070 113,070 113,070
Panel C: Grades 6-8 only

. 01155 L0.139%% L0153 L0.186%*
DistFFxSchNear36 (0.034) (0.041) (0.038) (0.046)

. 01155 L0.139%% L0153 L0185+
DistFFxSchFar36 (0.036) (0.043) (0.041) (0.049)
N 119,687 119,687 119,687 119,687
Panel D: Grades 9-12 only

. -0.039 -0.038 L0.086%* L0.091*
DistFFxSchNear36 (0.033) (0.038) (0.040) (0.047)

. 0.007 0.008 -0.027 20.031
DistFFxSchFar36 (0.028) (0.034) (0.033) (0.041)
N 141,944 141,944 141,944 141,944
For all Panels:

Dist. to other food - Y - Y
Student characteristics Y Y Y Y
Year FX Y Y Y Y
Development FX Y Y Y Y

Notes: Robust standard errors are shown in parentheses (*** p<0.01, ** p<0.05, * p<0.1).

Each column in each panel is a different regression. See notes in Table 3 for variable and sample descriptions.
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Table A.8. Impact of proximity to fast food on weight outcomes by grade level

and distance to school

Dependent variable: Obese Obese Overweight ~ Overweight
€)) (2) 3) “)
Panel A: Grades K-2 only
. -0.002 0.021 -0.059 -0.075
DistFF (0.033) (0.040) (0.039) (0.047)
. . 0.004 0.004 0.016 0.016
DistFFxDistSch (0.012) (0.012) (0.015) (0.015)
DistSch -0.001 -0.001 -0.004* -0.004*
(0.002) (0.002) (0.002) (0.002)
N 111,477 111,477 111,477 111,477
Panel B: Grades 3-5 only
. 0.142%%%  _0.156%%* 0.159%%%  .0.176%%*
DistFF
(0.036) (0.043) (0.040) (0.048)
. . 0.018 0.018 0.013 0.013
DistFFxDistSch (0.013) (0.013) (0.015) (0.015)
DistSch -0.004%* -0.004%* -0.002 -0.002
S¢ (0.002) (0.002) (0.002) (0.002)
N 113,070 113,070 113,070 113,070
Panel C: Grades 6-8 only
DistEF 0.147%%% L0171 %% 20.161%%%  .0.194%%x
S (0.035) (0.042) (0.040) (0.048)
. . 0.027%* 0.027%* 0.007 0.007
DistFFxDistSch 0.011) 0.011) (0.012) (0.012)
DistSch 0.006%%%  -0.006%** -0.002 -0.002
(0.001) (0.001) (0.002) (0.002)
N 119,687 119,687 119,687 119,687
Panel D: Grades 9-12 only
. -0.039 -0.038 -0.080* -0.085*
DistFF (0.034) (0.039) (0.041) (0.048)
. . 0.011* 0.011* 0.012 0.013
DistFFxDistSch (0.007) (0.007) (0.008) (0.008)
. -0.001 -0.001 -0.001 -0.001
DistSch (0.001) (0.001) (0.001) (0.001)
N 141,944 141,944 141,944 141,944
For all Panels:
Dist. to other food - Y - Y
Student characteristics Y Y Y Y
Year FX Y Y Y Y
Development FX Y Y Y Y

Notes: Robust standard errors are shown in parentheses (*** p<0.01, ** p<0.05, * p<0.1).

Each column in each panel is a different regression. See notes in Table 3 for variable and sample descriptions.
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