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Abstract

Understanding the Effects of Access to the U.S. Social Safety Net

by

Leah Shiferaw

Doctor of Philosophy in Economics

University of California, Berkeley

Professor Hilary Hoynes, Chair

This dissertation studies various ways in which federally funded social safety net programs
impact low-income households. Over 38 million people in the US live in poverty, and the fed-
eral government dedicates nearly one-sixth of its annual budget towards programs designed
to reduce the negative consequences of poverty. In this dissertation, I use various empirical
techniques and policy settings to explore the causal impact of increasing access to federal
assistance benefits on outcomes for those in need.

In Chapter 1, I study how reducing the costs of participation in the Supplemental Nutrition
Assistance Program (SNAP, previously called Food Stamps) influences program participa-
tion and downstream measures of infant health. Incomplete take-up is common in many
transfer programs: more than 7 million individuals who were eligible for SNAP benefits in
2017 did not participate in the program. An understanding of the causes and downstream
consequences of incomplete take-up is necessary in order to understand whether low take-up
of public programs is limiting their effectiveness in reducing economic disparities. In this
chapter, I use a unique setting to shed light on the role that participation costs play in
determining food assistance take-up, and quantify the effects of increasing take-up on infant
health at birth. I do this by studying a reform that made it easier to receive and use food
assistance benefits in the US: the adoption of the Electronic Benefit Transfer (EBT) debit
card for SNAP benefit disbursement.

Prior to the adoption of EBT, SNAP benefits were distributed via food stamp coupons.
Thus, the switch to EBT reduced both the time that it took to receive benefits each month
and the visibility (or stigma) associated with using benefits at the grocery store. I use
the staggered county level rollout of the EBT card in California between 2002 and 2004 to
estimate event study regressions of its effect. I find that EBT adoption led to a large and
persistent increase in caseloads and applications for the program, as well as higher retailer
participation in high poverty neighborhoods. I document that this rise in food stamp benefit
take-up led to a meaningful increase in average birth weight for births most likely impacted
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by the policy, with effects concentrated in the bottom half of the birth weight distribution.
These estimates provide new evidence that reducing the barriers to participation in food
assistance programs can lead to potentially large gains in health for disadvantaged children.

The adverse consequences of childhood poverty are extensive and long-lasting, suggesting
an important role for government policies that have direct impacts on early-life outcomes.
There is a large literature on the incentive effects of cash tax and transfer programs in the
US, yet less is known about how these programs impact the children of recipients. In Chapter
2, I estimate the causal effect of unconditional means-tested cash assistance on outcomes for
low-income children by studying the first federally funded cash welfare program in the US:
Aid to Dependent Children (ADC), a means-tested program implemented as part of the
Social Security Act of 1935.

Using newly digitized data on the full population of the US in 1940, I leverage discontinuities
in ADC benefit generosity across state borders to estimate the effects of cash assistance within
contiguous county pairs. I find that a one standard deviation increase in the maximum ADC
benefit was associated with a 2.5 percentage point increase in the probability of school
enrollment for disadvantaged children, reductions in overcrowded living arrangements, and
evidence of substitutions away from work towards schooling for older children. Consistent
with the existing literature on the labor supply disincentives of unconditional transfers, I also
find that higher benefit generosity is associated with reductions in maternal labor supply.

In Chapter 3, I study the effect of geographic access to authorized retailers in the Sup-
plemental Nutrition Assistance Program (SNAP). When determining the optimal design of
means-tested transfer programs, policymakers must consider the features of policy design
that may unintentionally serve as barriers to limit the effectiveness of the program. Some
barriers, such as those discussed in Chapter 1, may prevent eligible people from participating
in the program, while others, like those I explore in Chapter 3, may impact how households
use their benefits. Given the substantial geographic variation in access to grocery stores au-
thorized to accept SNAP benefits, it is important to understand whether policies to maximize
the number of retailers authorized to accept SNAP benefits are needed.

Using a difference-in-differences design, I estimate the effect of a food retailer gaining SNAP
authorization in a zip code on household grocery spending behavior. I find that when
a small grocer or convenience store gains authorization to accept SNAP benefits, eligible
households in the area shift some of their food expenditures away from supermarkets and
supercenters and towards these smaller SNAP retailers. I find mixed evidence of the impact
of SNAP retailer access on the healthfulness of food purchases. Lastly, I examine whether
increased access to a SNAP authorized retailer has any effect on intra-month cyclicality in
food spending. I find that access to a new SNAP supermarket or super center does reduce
the severity of this “SNAP cycle” in food expenditures, with less evidence of any impact for
smaller stores. These results suggests that there could be gains to incentivizing increased
retailer participation in SNAP.
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Chapter 1

Food Assistance Take-Up and Infant
Health: Evidence from EBT

1.1 Introduction
The Supplemental Nutrition Assistance Program (SNAP), previously the Food Stamp Pro-
gram,1 is a central component of the modern safety net available to low-income families
in the U.S.. Throughout the decline of traditional cash assistance and movement towards
in-work tax credits and transfers, SNAP has remained an essential source of income support,
currently lifting more children out of deep poverty than any other federal means-tested pro-
gram (Hoynes and Schanzenbach, 2016, 2018; National Academies of Sciences, Engineering
and Medicine, 2019).2 Yet despite its centrality in the safety net, take-up of program bene-
fits has been persistently incomplete. Almost half of the individuals estimated to be eligible
for the program in 2001 were not enrolled, and although participation has risen over time,
there are still over 7 million people annually who are eligible to enroll in SNAP and do not
participate (Vigil, 2019; Cunnyngham, 2018). If the costs of enrollment or participation are
preventing individuals in need from receiving benefits, this could be limiting the program’s
effectiveness in reducing economic disparities.

In this paper, I investigate the role that participation costs play in the take-up of food
assistance benefits, and quantify the health effects of increasing take-up among eligible non-
participants. I do this by studying the adoption of the Electronic Benefit Transfer (EBT)
card for food stamp benefit disbursement, a large-scale reform to the program that reduced
the costs associated with using benefits. I exploit the staggered county-level rollout of EBT
in California between 2002 and 2004 as a natural experiment to first establish the magnitude
and potential mechanisms behind the effect of EBT on food stamp program participation.
I then estimate the impact of EBT adoption on measures of infant health at birth in order

1The name of the program was changed to SNAP in 2008, after the reform studied here. For this reason
I will also refer to the program as the Food Stamp Program (FSP), or food stamps.

2Deep poverty is defined as having a family income below one half of the federal poverty line.
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to understand whether increasing take-up has an impact on downstream outcomes. Infant
health at birth is strongly linked to socioeconomic status and can have long-term effects into
adulthood (Almond et al., 2018; Almond and Currie, 2011a,b); thus, policies that improve
outcomes at birth can play an important role in reducing economic disparities (Currie, 2011).

Causal identification of the effects of food stamps using standard quasi-experimental
methods has been a challenge in the literature. Historically, Food Stamp Program rules and
benefit amounts have been set federally with few major reforms, which limits the scope for
using policy variation to estimate causal effects (Hoynes and Schanzenbach, 2016; Bitler,
2015). The introduction of EBT therefore provides a unique setting with which to study
the program that allows for an examination of the causes and consequences of incomplete
take-up. EBT reduced the costs of participating in food stamps, without any associated
change in eligibility. Prior to the adoption of EBT, food stamp recipients would receive
the value of their monthly benefits in the form of paper food stamp coupons that could
be redeemed for food items at participating retailers. After EBT was introduced, benefits
would be automatically deposited on participants’ EBT cards and spent using a standard
card reader at grocery stores. Thus, it represented a simplification in the process of receiving
and using food stamp benefits, and a reduction in the visibility of benefit use that may have
reduced the salience of stigma.

Previous estimates of the impact of EBT have used variation across states in the tim-
ing of EBT adoption, yet there is no clear consensus regarding its effects on food stamp
participation.3 This is likely due to two factors. First, national studies of EBT that use
survey-reported program participation may have difficulty detecting participation responses
due to substantial underreporting of food stamp participation in major surveys (Meyer et al.,
2018). Second, many states adopted EBT during or just after welfare reform, which makes
it difficult to disentangle the impacts of EBT from coincident policy changes in these states.
To overcome these challenges, I use within-state variation in the timing of EBT adoption in
California, a state that switched to EBT substantially later than most of the U.S., avoiding
the potentially confounding effects of welfare reform or other policy changes.4

My empirical strategy relies on the exogenous rollout of the EBT card across counties in
California. I verify that variation in the timing of EBT adoption was not correlated with
observable characteristics of counties or county welfare departments, and that there were no
coincident policy changes at the county level that could bias my estimates. As a falsification
test, I additionally verify that EBT did not have an effect on time-varying county economic
indicators, a major determinant of food stamp program participation. This setting allows

3Prior cross-state studies of EBT include Wilde et al. (2000); Currie and Grogger (2001); Kornfeld (2002);
Ziliak et al. (2003); Kabbani and Wilde (2003); Kaushal and Gao (2011) and Klerman and Danielson (2011).
I discuss how these estimates relate to my results in Section 1.6.

4As far as I am aware, only one other study examines the effects of EBT within California. Lovett
and Xue (2017) estimate the effect of EBT in California on food insecurity using the California Health
Interview Survey. They find that EBT did not have any significant effect on survey-reported food insecurity
by 20 months after adoption, but find evidence of a transitory increase in food insecurity in the two months
immediately after the switch.
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me to leverage the variation in timing of EBT to estimate event study regressions, comparing
counties before and after EBT adoption using counties that adopted at different times as
controls.

In the first part of the paper, I study the relationship between EBT and food stamp pro-
gram participation. I use county-level administrative participation data from the California
Department of Social Services (CDSS), and find that by 2 years after EBT adoption, av-
erage county food stamp participation rose by 19% (95% confidence interval: 7.9%-29.4%),
with an associated 13% increase in applications to the program. I also find evidence of
improvements in retention, proxied by reductions in failed recertifications. The increase in
program participation was primarily concentrated among households who were not receiving
cash assistance, a group that has lower take-up rates and is likely less attached to the safety
net than their counterparts who receive both food stamps and cash welfare. I find no effect
of EBT on the share of applications denied, suggesting no significant change in applications
coming from those ineligible for the program.

To explore the mechanisms behind the effects of EBT on food stamp participation, I first
work to disentangle the relative importance of reduced time costs associated with receiving
benefits and the reduction in treatment stigma. Prior to EBT, counties in California largely
disbursed coupons entirely by mail or entirely in person. I find that food stamp partici-
pation responses are similar in magnitude for counties of both issuance types, suggesting
that the time cost of receiving benefits may not be the primary driver of the increase in
food stamp take-up after EBT. I then investigate potential supply-side impacts of EBT by
testing whether the rollout led to any changes in participation for food stamp authorized
retailers. Using administrative data on the location and dates of entry and exit of autho-
rized retailers, I find that EBT led to an increase in the number of small and medium-sized
grocery stores that accepted food stamp benefits in high poverty zip codes, with no change
in the participation of supermarkets or superstores. This is consistent with the hypothesis
that EBT reduced the costs of participating for retailers through automatic redemptions and
potentially increased access to authorized grocery stores in high poverty areas.

After establishing the magnitude of the participation response to EBT, I then test
whether EBT led to any downstream effects on infant health at birth using data on the
universe of live births in California between 2000 and 2006. Understanding the downstream
consequences of increased take-up among non-participants is important in order to be able
to fully quantify the benefits of increasing access to the program. For the main analysis of
infant health, I restrict the births sample to focus on births to mothers most likely impacted
by EBT. I construct this “high-probability” sample using a data-driven approach, taking the
available demographics from the births data to the March CPS to predict the probability
that a mother lives in a household receiving food stamps and not cash assistance (the group
whose participation responded the most to the adoption of EBT). This allows me to isolate
an intent-to-treat causal effect for births to mothers most likely induced to participate in
food stamps after EBT, and to construct a plausible placebo group of mothers using the same
method. I verify that this measure is uncovering meaningful variation in likelihood that a
birth was impacted by EBT by using the full sample of births to show that the estimated
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impact of EBT on birth weight has a positive relationship with the predicted probability
measure across demographic subgroups.

I find that the increase in food stamps participation resulting from the adoption of
EBT led to a 24 gram (0.7% over the mean) increase in average birth weight for this high-
probability group. Exploring the impact of EBT on the distribution of birth weight, I find
that the effect is concentrated in the bottom half of the birth weight distribution, with large
but imprecisely estimated effects below the low birth weight cutoff of 2500 grams. I find sug-
gestive evidence of reductions in infant mortality, suggesting large gains for disadvantaged
children resulting from increasing food stamp participation among eligible non-participants.
I then use these estimates of the effect of EBT on infant birth weight to quantify the dollar
benefits of these effects in terms of short-run hospital costs and long-run improvements in
earnings.

These findings contribute to two distinct strands of the literature on means-tested trans-
fers. First, by investigating the role of participation costs in determining program take-up,
I contribute to a recently expanding literature that aims to understand the causes of incom-
plete take-up of public programs. Candidate explanations in the literature typically fall into
one of three categories: incomplete information regarding eligibility or benefits, transaction
costs associated with enrollment and application, and stigma. Many studies have exam-
ined the impacts of information and application assistance on program take-up (see Currie
(2006) for a review of the literature). Several recent estimates indicate that policies or in-
terventions to reduce transaction costs or information frictions associated with applying are
associated with meaningful improvements in take-up for a variety of social programs (Herd
and Moynihan, 2019; Bergman et al., 2019; Deshpande and Li, 2019).

Evidence suggests that these barriers are quantitatively important for determining food
assistance take-up as well. For example, Finkelstein and Notowidigdo (2019) find that pro-
viding information about eligibility increased elderly take-up of SNAP by about 83 percent
over the control group, with information and application assistance increasing take-up by 200
percent. Other studies of food stamps have also established the importance of enrollment
and recertification costs in determining program participation (Homonoff and Somerville,
2019; Ganong and Liebman, 2018; Gray, 2018; Kabbani and Wilde, 2003). However, less
is known about how the costs of using benefits impact program participation. Analyzing
the effects of EBT sheds light on this dimension, which has implications for the optimal
provision of in-kind transfers such as food stamps.

Second, by estimating the impact of increasing food stamp take-up on infant health, I
contribute to the literature on the health effects of nutrition assistance in the U.S. (see Hoynes
and Schanzenbach (2016), Bitler (2015) and Meyerhoefer and Yang (2011) for reviews).
Existing quasi-experimental estimates of the impacts of the Food Stamp Program have used
the introduction of the program in the 1960s and 1970s (Bailey et al., 2019; Hoynes et al.,
2016; Almond et al., 2011a) or expansions in eligibility to legal immigrants (East, 2018)
to identify the causal effect of food stamp benefits. These estimates have confirmed the
importance of the program in improving short and long-run health, education, and economic
self-sufficiency among low-income individuals. However, the average recipient of food stamps
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in these contexts is potentially quite different than the marginal individual who enters the
program due to a reduction in the costs of participating. Thus, by estimating the impact
of increasing food stamp take-up among already eligible households, this paper provides
estimates of the benefits of food stamps in a quasi-experimental context that can inform our
understanding of contemporary policy surrounding incomplete take-up.

Along this vein, my paper is similar in spirit to those by Rossin-Slater (2013) and Aizer
(2007), which study the effect of changes in take-up of WIC and Medicaid benefits, respec-
tively, on health outcomes for marginal participants. Rossin-Slater (2013) studies the effect
of zip-code level WIC clinic access on infant health, and finds that access to a WIC clinic in-
creases the likelihood of participating in WIC by 6 percent, and increases average infant birth
weight by 0.8% for disadvantaged mothers. Aizer (2007) finds that application assistance
and advertising for Medicaid services in California led to increases in Medicaid enrollment
for Asian and Hispanic children and an associated decline in avoidable hospitalizations. In
this paper, I show new evidence that the adoption of EBT reduced barriers to participation
in the Food Stamp Program and improved infant health.

The rest of the paper is structured as follows. Section 1.2 provides an overview of the Food
Stamp Program and EBT, and Section 1.3 summarizes the channels through which EBT may
be expected to affect take-up and infant health. In Section 1.4 I describe the data sources
used and Section 1.5 describes the rollout of EBT in California and my empirical strategy.
In Section 1.6 I present estimates of the effect of EBT on Food Stamp Program participation
and potential mechanisms for this effect, and in Section 1.7 I present the results for infant
health, interpret the magnitudes of these effects and discuss the implications. Section 1.8
concludes.

1.2 Background
SNAP is currently the largest means-tested nutrition assistance program in the U.S., and
has been found to remove more children from deep poverty than any other tax or transfer
program (National Academies of Sciences, Engineering and Medicine, 2019). In contrast
to most other safety net programs, SNAP is near-universally available to all low-income
individuals. A SNAP household, defined as a group of people living and purchasing food
together, must earn less than 130% of the federal poverty line to be eligible, have a net income
(household income minus deductions) no larger than the 100% of the poverty line, and assets
that do not exceed $2,250.5 Initial applicants undergo an interview, provide documentation
of their eligibility, and after initial eligibility is determined, the household must typically be
recertified every 6 to 12 months. The benefit a household receives is equal to the federal
maximum SNAP benefit minus 30 percent of the household’s net income. For context, the

5States that have implemented Broad Based Categorical Eligibility (BBCE) have raised or eliminated
asset tests. California, for example, has essentially eliminated asset tests for all eligible households since
2014.
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average monthly benefit in 2018 was $253, and the federal maximum for a family of three is
$505 in fiscal year 2019.

As an entitlement program, meaning federal expenditures are not capped and caseloads
can expand with need, the program serves as an essential safety net for low income Americans.
Despite this, participation rates, defined as the share of eligible individuals or households
that participate in the program, vary significantly over time, demographics, and geography.
For example, the elderly have consistently participated at low rates, with elderly SNAP par-
ticipation in 2016 estimated to be 45 percent compared to a participation rate of 85 percent
for the total population of eligibles (Cunnyngham, 2018). There is substantial heterogeneity
across states as well, with California consistently ranking among the lowest with an estimated
72 percent of eligible Californians participating in 2016 (Cunnyngham, 2019).

Take-up of program benefits has varied significantly over time. Overall participation
rates were at a low in the aftermath of 1996 welfare reform, with only half of all eligible
households participating in the Food Stamp Program in 2001. This prompted the federal
government to provide states with various policy options in order to reduce barriers to par-
ticipation in the program, including the establishment of call centers and online applications,
simplified income reporting, longer recertification intervals, and changes to asset and income
requirements (expanding categorical eligibility).6 Several papers work to disentangle the rel-
ative importance of these policy measures compared to economic conditions in determining
changes in food stamp caseloads (Ganong and Liebman, 2018; Ziliak, 2015; Klerman and
Danielson, 2011; Mulligan, 2012; Mabli and Ferrerosa, 2010). Evidence suggests that eco-
nomic conditions during the Great Recession had a large effect on caseloads, with policies
playing an important role in the period prior to 2008.

Until the 1990’s, food stamp benefits were universally disbursed in a booklet of coupons
(“stamps”) each with a certain dollar denomination (see Figure 1.1). Depending on the state
or county, recipients could receive their coupons each month either at the county welfare
office, a qualified agent such as a post office or banks, or by mail, and use the coupons at
any food stamp authorized retailer to purchase eligible items.7 In order to be authorized to
accept food stamp benefits, retailers must satisfy one of two conditions: either stock at least
three out of four varieties of staple foods (bread, meat, fruit and dairy), or have more than
50 percent of sales in staple foods.

The EBT system was introduced in a demonstration project in Maryland in 1989, and
gradually adopted by a few states throughout the 1990s. In 1996, the federal welfare reform
bill mandated that EBT be adopted by all states by 2002. States typically began EBT imple-
mentation upon establishing a statewide agreement with a financial technology contractor.
California became the last state to fully implement EBT statewide, completing the rollout
in 2004.8 Section 1.5 describes the rollout of EBT in California in further detail.

6 California began to implement most of these policies in 2007 (after the EBT rollout), adopting broad-
based categorical eligibility in 2009.

7 Typically any food item excluding prepared foods intended for immediate consumption, vitamins,
non-food items, alcohol and tobacco

8 California received a waiver to extend the deadline to implement EBT in the state due to complexities
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EBT works like a standard debit card: once a household is approved to participate in
SNAP, the primary account holder receives an EBT card and an associated PIN.9 On their
benefit disbursement date each month (in California, this is staggered within the first 10
days of the month), benefits are loaded onto the account and can be used with any standard
point-of-sale (POS) terminal at a retailer. In California, all retailers authorized to take food
stamp benefits could opt to receive “EBT only” equipment for no cost until at least 2008.10

The EBT card in California, shown in Figure 1.1, looks like a standard debit card, with the
words “Golden State Advantage” written across the front.

1.3 Expected Effects of EBT
EBT and Food Stamp Participation Hypothesized causes of incomplete take-up in
public programs can be grouped into three broad categories: incomplete information about
eligibility or benefits, costs associated with applying or certifying eligibility for the program,
and costs associated with participating in the program, a dimension that is especially relevant
for the provision of in-kind benefits. All potential channels of the effect of EBT on food stamp
program participation operate through the last mechanism: reductions in the costs of using
benefits.

First, EBT reduced the time cost of receiving benefits each month. The switch to an au-
tomatic deposit of monthly benefits significantly reduced the time it took to receive benefits,
particularly for households that would need to pick up coupons in person. Evidence from
the initial EBT demonstration in Maryland suggests a 62% reduction in the average time
and out of pocket costs associated with receiving benefits after EBT, both due to the time
it took to pick up benefits each month, and costs associated with coupons lost in the mail
(Kirlin, 1994). In the analysis of EBT and participation in Section 1.6, I exploit variation in
the method of coupon disbursement across counties to test the relative importance of this
mechanism in determining participation responses to EBT.

Second, by reducing the visibility of benefit use at the grocery store, the transition
to EBT represented a reduction in the salience of “treatment” stigma: the concern of be-
ing treated negatively by others due to food stamp participation (Stuber and Schlesinger,
2006).11 Bartlett et al. (2004) find that among surveyed eligible non-participants, 44 percent
of those who would not apply even if they were eligible for food stamp benefits mentioned
stigma as a contributing factor. Much of the early discourse surrounding EBT highlighted
stigma as major channel for its effects. For example, from Pear (2004): “Frederick Henry, 35,
of West Palm Beach, Fla., said the electronic benefit system ‘gives you a lot more privacy

involved with the implementation process and obtaining a contract with an EBT vendor.
9Account holders are also eligible to receive an additional EBT card with another PIN for an Authorized

Representative
10Source: California EBT Project
11Treatment stigma contrasts with “identity” or personal stigma, which occurs when an individual inter-

nalizes negative stereotypes that others may hold about participants of means-tested programs. This form
of stigma is unlikely to be impacted by EBT.



CHAPTER 1. FOOD ASSISTANCE TAKE-UP AND INFANT HEALTH: EVIDENCE
FROM EBT 8

in purchasing merchandise.’ By contrast, he said, ‘it was sometimes embarrassing’ to use
paper coupons. ‘It would lower your self-esteem. People would hiss at you and look at you
funny because you were holding up the line.’ ”

Manchester and Mumford (2012) decompose the relative contribution of time and stigma
costs in take-up decisions for food assistance, and find that social stigma costs are four
times larger than time costs in the take-up decision. Schanzenbach (2009) conducts an
experiment with low-income food stamp eligible households using a treatment playing up
the lack of stigma associated with the EBT card in contrast to food stamp coupons, and
finds participants were much more likely to respond to outreach if materials emphasized this
fact.

Lastly, EBT may have changed access to authorized retailers if it changed the propensity
of grocery stores to accept food stamp benefits. EBT likely reduced the costs of participating
for grocery stores by reducing the time and labor costs associated with redeeming benefits (an
automatic deposit instead of taking coupons to the bank), as well as reducing effort associated
with handling coupons and sorting eligible and ineligible items.12 Survey evidence suggests
that retailers generally prefer EBT to food stamp coupons: 80% of retailers surveyed in the
Maryland demonstration preferred EBT to paper (Kirlin, 1994). Additionally, in contrast
to other states in which smaller retailers without card readers may have been deterred from
participating after EBT, California provided free EBT-only card readers for any retailer
authorized to participate until at least 2008. 13

EBT and Infant Health How might EBT influence infant health? In light of the mech-
anisms outlined above, I consider the adoption of EBT as representing an increase in access
to the Food Stamp Program. Thus, the primary channel through which I expect EBT to
impact infant health is through changes in the take-up of food assistance benefits. Exist-
ing theoretical and empirical evidence on consumption responses to food assistance benefits
suggests that almost all food stamp recipients are infra-marginal: the value of their monthly
food stamp benefits are less than they would otherwise spend on eligible food items (Hastings
and Shapiro, 2018; Hoynes and Schanzenbach, 2009).14 Therefore an increase in take-up of
food stamp benefits in this context can be thought of as an increase in resources available
to the marginal program entrant, which could operate through improvements in nutrition.

12Sorting items was likely still required for some EBT retailers, depending on whether they used an online
or offline point-of-sale system

13There is evidence that redemptions at food stamp-authorized farmers markets declined after EBT,
as these markets are unlikely to have consistent access to electricity in order to operate a point-of-sale
system (Oliveira et al., 2018; Briggs et al., 2010). However, for standard brick-and-mortar stores there are
no additional explicit costs of participating for retailers with EBT compared to food stamp coupons. For
example, banks cannot charge retailers to electronically deposit EBT payments, and retailers do not have to
pay card fees nor sales tax on food stamp purchases with EBT (USDA, 2003).

14There is less consensus regarding whether recipients spend more on food with food stamp benefits than
they would with the equivalent amount of cash. Estimates of the marginal propensity to consume food
(MPCF) out of food stamp benefits range between 0.1 and 0.6, compared to an MPCF out of cash of about
0.1.
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Specifically, the literature on the effects of prenatal conditions has come to a consensus that
relatively mild nutritional deprivation, particularly during the 3rd trimester of pregnancy,
can seriously impair fetal development (Almond et al., 2018).

There are two additional channels through which EBT could potentially impact infant
health. First, mothers who apply to participate in food stamps during or prior to pregnancy
may be referred to other public programs that offer assistance. In particular, Medicaid and
WIC (Supplemental Nutrition Assistance for Women, Infants and Children) have income
eligibility thresholds that are higher than SNAP, and are particularly relevant programs for
low-income women giving birth. I can directly test whether EBT impacted Medicaid partic-
ipation in my sample, but cannot observe participation in WIC.15 I discuss the implications
of this for interpreting my results in Section 1.7.

Lastly, EBT could have led to changes in spending behavior among mothers who were
already participating in food stamps. For example Kuhn (2018) finds evidence that EBT
adoption nationwide may have reduced the severity of intra-month consumption cycles for
food stamp participants with children, and Eck (2018) finds that the transition to EBT was
associated with increases in the marginal propensity to consume food out of food stamp
benefits. I cannot test these mechanisms directly in this setting due to data constraints, but
find that these mechanisms are likely not the primary driver of my estimated infant health
results given the dynamics of the estimated coefficients in Section 1.7.

1.4 Data
I use administrative data on Food Stamp Program participation and applications from the
California Department of Social Services (CDSS) along with the universe of California birth
certificate records from the California Department of Public Health (CDPH) to study the
impacts of EBT. I supplement these data with a rich set of county and zip-code level data
from various sources.

Food Stamp Program Data

FSP Caseloads I compile monthly administrative counts by county from CDSS to con-
struct measures of FSP participation. As California’s FSP is administered by counties, data
on program participation is held by the individual counties; the county welfare departments
are required to submit monthly reports to CDSS containing information on FSP caseloads,
applications, certifications, and benefit issuances. I obtained these records for fiscal years
2000 through 2007. I limit the analysis to the years before 2008 to avoid the potential con-
founding effects of the Great Recession and associated changes to SNAP policy during that
time, as well as California food stamp policy changes that were enacted differentially within
the state during these years including Broad Based Categorical Eligibility (which expanded
eligibility by changing income and asset requirements), the adoption of phone interviews in

15Sub-state level data on WIC participation in California is not available for this time period.



CHAPTER 1. FOOD ASSISTANCE TAKE-UP AND INFANT HEALTH: EVIDENCE
FROM EBT 10

lieu of face-to-face interviews for certifications and re-certifications, and the introduction of
online applications (USDA ERS, 2018). For the main participation results, I collapse these
data to the county-quarter level and construct a panel of California county-level food stamp
program characteristics (N=1,705 county-quarter observations).

These data include information on caseload “stocks”: counts of persons and households
participating in FSP by case type (cash and non-cash assistance households), the value of
benefit issuances, and the number of food stamp issuances by method (by mail or over the
counter) for the years prior to EBT. I also have data on caseload “flow” variables detailing
applications and recertifications received, approved and denied, by caseload type. Lastly, I
compile annual breakdowns of program recipients by race and ethnicity by county from an
annual CDSS report.

County Welfare Departments In order to measure differences across county welfare
departments in the provision of food stamp benefits, I compile data on county welfare de-
partment practices and outreach from the annual Food Stamp Operations and Access Survey
conducted by CDSS. From these surveys, I can observe various measures of county outreach
activities conducted in a given year. These are county-reported, and include information
such as whether a county outstations eligibility workers, provides FSP educational materi-
als, or maintains a FSP hotline, as well as the number of welfare offices in the county, office
hours, and the number of sites available for program certification.

Food Stamp Authorized Stores In order to measure the impacts of EBT on grocery
access, I use administrative data on the universe of food stamp authorized stores obtained via
Freedom of Information Act (FOIA) request to the US Department of Agriculture (USDA).
These data contain the store name and exact address, type of store, date of food stamp
authorization and date of de-authorization for stores that were authorized to accept food
stamp benefits at any point between fiscal year 1995 and 2010. I use these data to construct a
zip code by month panel containing the number of food stamp authorized stores by store type
(as defined by the USDA). I merge these data with additional zip-code level data including
zip code poverty from the 2000 Census, and annual zip code establishment counts by NAICS
code from the Census Zip Code Business Patterns (ZBP) data. I match each zip code to a
county based on the HUD USPS Zip code to county crosswalk files, assigning zip codes that
cross county borders to the county with the largest share of zip code population.

Additional County Controls To account for time-varying county characteristics that
influence Food Stamp caseloads, I link the food stamp program data to various data sources
including monthly county unemployment rate estimates from the Bureau of Labor Statis-
tics, quarterly employment variables from the Quarterly Census of Employment and Wages
(QCEW), annual county population estimates from SEER,16 and real per capita annual eco-

16These are modifications of the Census bureau intercensal population estimates, available here:
https://seer.cancer.gov/popdata/
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nomic transfers constructed from the BLS Regional Economic Information Systems (REIS).

Infant Health

For the analysis of infant health at birth, I use restricted-use birth certificate records from
the California Department of Public Health. These records, called the Birth Cohort files,
contain the universe of all births in the state of California and are linked to death records for
infants who died in the first year of life.17 The data contain birth outcomes including infant
birth weight, gestation length, complications of labor and cause of death for applicable cases.

In addition to these measures of infant health, the Birth Cohort records contain the
exact date of birth, zip code and county of residence of the mother, parental demographics
including age, education, and race and ethnicity, as well as information about the use of
prenatal care and the health insurance payer of birth, allowing me to construct a measure
of Medicaid participation. The maternal residence data allow me to link each birth to the
correct EBT implementation date and county food stamp characteristics. To supplement
the birth record data, I use the Annual Social and Economic Supplement of the Current
Population Survey (March CPS), which provides survey reported food stamp, cash welfare,
and other public program participation, along with demographics that allow me to construct
an analysis sample of births most likely to be impacted by EBT adoption. I describe the
construction of this sample in more detail in Section 1.7.

1.5 Empirical Strategy
I exploit variation in the timing of EBT rollout across counties in California to estimate the
impact of EBT adoption on measures of program participation and infant health.

Rollout of EBT in California The exact timing of county EBT implementation in Cal-
ifornia was determined centrally by the state, with each county assigned an implementation
date by early 2001 and rollout ending by spring of 2004. Implementation dates were selected
by the California EBT Project as follows: the state was divided into 5 implementation re-
gions, each with a regional implementation team. The timing of EBT implementation within
the region was assigned in a staggered fashion so that a given region’s implementation team
would have capacity manage rollout within their region.18 This led to some geographic clus-
tering of EBT timing, but no systematic relationship between county characteristics and
the timing of EBT (as shown below). The use of timing variation to identify causal effects
relies on the assumption that EBT timing is not related to county-level trends; I test the

17These data also contain death records for fetal deaths occurring after the 20th week of gestation. Fetal
death records do not include induced abortions, and differ from infant deaths in that a child must be born
alive in order to be classified as an infant death.

18Source: Public Records Act request to the California Office of Systems Integration.
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exogeneity of EBT timing below, but it is additionally comforting that EBT adoption timing
was not explicitly assigned based on county characteristics.

The map in Figure 1.2 shows the geographic variation in the timing of EBT implemen-
tation within the state, while Appendix Figure A.1 shows the variation in timing of EBT
adoption within implementation regions. Three counties in California are excluded from
the analysis due to data constraints: San Bernardino and San Diego were part of an initial
state pilot program for EBT in 1997, and Los Angeles county rolled out EBT over several
months.19

In California, EBT adoption was not coincident with any changes to eligibility, appli-
cation or certification procedures, nor with the schedule of benefit disbursement.20 During
implementation, counties were responsible for issuing EBT cards, converting prior food stamp
benefits to EBT, and issuing all new benefits using the electronic system. Using a subsample
of counties for which I have data on the share of issuances by EBT, I verify in Figure A.2
that counties fully transitioned all issuances to EBT on their assigned implementation date.
As the figure shows, the share of benefits issued with paper coupons dropped to nearly 0
immediately in the month of EBT adoption.

Identifying Equations I use the EBT rollout across counties to estimate event study
regressions of the form:

Yct =
m∑

k=m

βk1{Kct = k}+ αc + γt + δXct + εct (1.1)

where Yct is a county-level outcome (e.g. log number of food stamp households) for
county c in quarter t, αc are county fixed effects, γt are calendar time fixed effects, and Xct

is a vector of potential county time-varying control variables. In the baseline specification
I include time-varying controls for county unemployment rates from the Bureau of Labor
Statistics. I present alternative estimates including additional controls for the annual value of
county regional transfers from the REIS, alternative employment controls from the QCEW,
linear trends in county characteristics from the 2000 Census, and county-specific linear time
trends. The key parameters of interest are the βk coefficients on 1{Kct = k}, a set of
indicators equal to 1 if county c is k quarters away from the EBT change, and 0 otherwise.
m indicates that EBT adoption occurredm or more periods in the past, andm indicates that
adoption occurred m or more periods in the future. I cluster standard errors at the county-
level, and weight regressions by county population for county-level participation outcomes.

I estimate analogous regressions for individual-level birth outcomes as follows:
19LA county implemented EBT across districts within the county between August 2003 and March 2004.

As I do not currently have data on food stamp participation below the county level, I cannot assign a
“treatment” date for LA county.

20Source: FSP Operations and Access Surveys, CA EBT Project "County Readiness Guide"
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Yict =
m∑

k=m

βk1{Kict = k}+ αc + γt + δXct + ηZict + εitc (1.2)

where Yict is an outcome (e.g. average birth weight) for birth i in quarter t and maternal
county of residence c. I again include county and calendar-time fixed effects, time-varying
control variables Xct, as well as a vector of individual-level demographic covariates in Zict
(infant gender, parity and indicators for maternal education, age and race). For the births
data, I define Kict relative to the beginning of the 3rd trimester of the pregnancy (proxied
by the beginning of the quarter, or 90 days, before birth).21

The event study specification allows for a flexible analysis of the dynamics of the EBT
effect over time from what is essentially a differences-in-differences design with variation in
treatment timing. The βk coefficients estimate the causal effect of being k quarters away
from the adoption to EBT relative to the omitted category, k = −1. I bin the event-time
indicators at the endpoints (m, m), where m=9 quarters, to allow for a balanced sample
of counties to be used to identify the effects between 8 quarters before and 8 quarters after
EBT adoption. Because there is no pure “control” group of counties in my sample (counties
that did not adopt EBT), linear calendar time trends cannot be identified separately from
the dynamic treatment effects unless the endpoints are binned in this way (Borusyak and
Jaravel, 2017; McCrary, 2007).

I present estimated coefficients graphically for the full set of leads and lags, and report
4th quarter and 8th quarter effects in tables for reference in lieu of a “post-event” difference-
in-difference coefficient in order to avoid concerns of negative weighting.22 I report the full
set of leads and lags for each set of outcomes in the appendix.

Identifying Assumption The key assumption of this model is that the timing of EBT
introduction is uncorrelated with endogenous trends across counties. The centralized assign-
ment of EBT implementation dates described above provides some support to the assump-
tion that county welfare departments did not select into EBT adoption based on endogenous
county characteristics. However, it could still be the case that the state EBT implemen-
tation team chose timing based on county caseloads or other characteristics that may be
endogenous to participation.

21 This choice was motivated by evidence in the literature that nutritional changes in-utero have the most
impact on birth weight during the 3rd trimester; see (Almond et al., 2018) for a review of the economics
literature, and Rush et al. (1980) for a review of the medical literature. This means that event-time coeffi-
cients for k=0, 1 and 2 represent “partially exposed” pregnancies, while all births at event-time k=3 onward
were to mothers living in counties that had EBT throughout the duration of the pregnancy.

22A recent literature has explicitly focused on issues dealing with the estimation of difference-in-difference
(DID) estimation in settings with variation in treatment timing. A key finding from these studies is that
the single DID coefficient recovers a variance-weighted average treatment effect with some negative weights
(i.e. overweighting short-run effects and weighting longer run effects negatively) if the treatment effect varies
over time (Goodman-Bacon, 2019; Abraham and Sun, 2018; Athey and Imbens, 2018; Borusyak and Jaravel,
2017).
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In Table 1.1, I show estimates from regressions of the quarter of EBT adoption on various
pre-EBT county characteristics. Coefficient estimates are small in magnitude and insignif-
icant for a range of county welfare department characteristics including the total value of
benefits, caseloads, and measures of caseload composition, as well as county demographics
from the 2000 Census, including average measures of poverty, urban population, and edu-
cation. It is worth noting, however, that later adopting counties did tend to have smaller
populations on average (in particular, the last group to adopt EBT in mid-2004 was a group
of sparsely populated counties). All results in the paper are robust to the inclusion of linear
trends in pre-EBT county characteristics including: the percent of the county with less than
a high school degree, percent of county that is urban, and percent of county that is Black or
Hispanic.

I show in Appendix Figure A.4 that measures of county welfare office outreach are not
correlated with timing of EBT adoption, and I provide falsification tests showing that time-
varying measures of labor market conditions (an important determinant of caseload varia-
tion) are not impacted by EBT in Appendix Table A.6. If there were a shock to the labor
market coincident to timing of EBT adoption, or if county FSP caseloads were experienc-
ing differential growth in response to prior economic shocks (for example, residual effects of
the 2001 recession), one would expect to see a significant impact of EBT adoption on em-
ployment or the unemployment rate. As shown in Table A.6, the adoption of EBT had no
significant effect on any employment outcomes.23 I control for unemployment in the baseline
specification for precision, as several studies have found strong and persistent impacts of
unemployment on SNAP participation (Ganong and Liebman, 2018; Ziliak et al., 2003), but
estimates are extremely robust to not including these controls. Lastly, flat pre-event trends
plotted for each set of outcomes provide evidence of the validity of the design.

1.6 Results: EBT and Program Take-Up

Main Results

Participation Figure 1.3 plots the estimated βk event study coefficients of the effect of
EBT on the log number of food stamp households over time from equation 1.1. I find
that caseloads (participating households) rose by 19% by 8 quarters after EBT relative to
the quarter prior to adoption. This is equivalent to a 3.6 percentage point increase in the
number of food stamp participants per population below 125% of the federal poverty line.24

23Along with measures of unemployment, I include a Food Stamp-specific measure that is driven by local
economic conditions. Able-Bodied Adults without Dependents (ABAWDs) are individuals 18-49 without
dependents, and are subject to time limits for Food Stamp Participation unless they work or participate in
workfare; Counties or smaller areas can receive a waiver for this time limit if economic conditions (a high
unemployment rate or insufficient jobs) warrant this. I show that the share of ABAWDs in a county exempt
from this requirement has no significant relationship with EBT adoption.

24See Appendix Table A.5 for estimates in levels. There is large variation in the size of counties in
California; because of this, I weight all regressions by county population and my preferred participation
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To provide context, the state-wide estimate of the individual participation for California
in 2001, the year before EBT rollout, was 54% (Castner and Schirm, 2004). Note that
the estimated effect of EBT on program participation prior to implementation is flat and
statistically indistinguishable from zero, showing no evidence of pre-trends before the switch
to EBT.

As shown in the dashed line in Figure 1.3, I find that the log number of applications to the
Food Stamp program experienced a similar increase after EBT, rising by 13% by 8 quarters
after adoption. This finding that caseloads and applications increased gradually as opposed
to jumping up immediately is consistent with information diffusion occurring among eligible
non-participants regarding the benefits (or existence) of EBT.25 Consistent with this theory,
I find that the participation response is larger in counties with a higher concentration of
food stamp participants prior to EBT, although this difference is not statistically significant
(Appendix Table A.7).26

Next, I test whether there was any change in the retention of food stamp households after
EBT. I proxy for retention using the share of cases that fail recertification. Recipients of
food stamp benefits must recertify eligibility every 3, 6 or 12 months. This process requires
paperwork, an interview, and verification of income and assets. Evidence suggests that
up to half of cases that fail to re-certify will successfully re-apply to the program within 3
months, the majority within one month of recertification failure (Mills et al., 2014; Homonoff
and Somerville, 2019; Gray, 2018).27 In event study estimates plotted in Figure 1.4, I find
that the adoption of EBT led to a reduction in the share of “failed” recertifications by 3.5
percentage points, which is a 16.7% reduction over the pre-EBT mean of 21 percent. This
implies that the rise in food stamp participation from EBT is due to a combination of higher
applications to the program and a likely increase in retention of food stamp participants.
It is conceivable that the lead-up to and adoption of EBT could have reduced the drop off
of eligible households at recertification as the lower participation costs associated with with
the program after EBT became more salient.28 In levels, this retention response represents
a fairly small fraction of the caseload increase after EBT however; I estimate approximately
7% of the caseload increase is due to the re-certification response, with the remaining 93%

measure is the log number of cases instead of estimated per capita caseloads.
25Evidence suggests that the switch from food stamps to EBT was likely not salient among the general

population for up to years after the change. For example, Schanzenbach (2009) finds that many low-income
tax filers at California H&R Block between 2007 and 2008 were still under the impression that Food Stamp
benefits were paid using coupons.

26Several papers find evidence of the importance of networks in determining program participation more
generally, including Dahl et al. (2014); Chetty et al. (2013); Bertrand et al. (2000)

27Existing statistics regarding failed recertification among likely-eligible cases are calculated from program
data in 2011 and onward; although these rates do not necessarily apply to California during the time period
I study, it is likely that this type of churn was also commonplace during the early 2000s

28This change in the failure rate of recertifications could also reflect a change in the marginal entrant’s
“propensity to fail recertification” if the hassles of recertification were less prohibitive to new entrants after
EBT. However, due to a lack of individual-level data on caseloads, I cannot disentangle these effects.
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due to the increase in applications.29

Composition of Recipients The primary measure of caseload composition available in
the administrative data is a breakdown of caseloads by whether or not the household is
also receiving cash assistance. These are defined in the data as food stamp households in
which all members are also receiving cash assistance benefits from TANF (called Cal-Works
in California).30 They make up over half of the food stamp caseload in California at this
time. These cash assistance households are categorically eligible for Food Stamp benefits
(therefore participate at higher rates), and already participating in a means-tested program.
For these reasons, we would expect these households to be less likely to respond to EBT
than households without cash assistance.

In Figure 1.5, I estimate equation 1.1 separately by cash assistance receipt, and find that
the increase in participation is almost entirely driven by non-cash households. Additionally,
as a robustness check, I verify that EBT did not have any impact on overall TANF caseloads
in Appendix Figure A.3. The requirements to participate in TANF are more restrictive than
Food Stamps, requiring at least one dependent child and lower income limits, and the average
Food Stamp recipient with cash benefits is “needier” on observables (see Appendix Table
A.10). However, it is also likely the case that high-need individuals for whom transaction
costs of enrolling and participating in public assistance programs are high may be more likely
to not participate in either Food Stamps or TANF.31

Table 1.3 presents corresponding coefficient estimates of the impact of EBT on the share
of food stamp non-cash caseloads, as well as additional measures of caseload and applicant
composition. I find no change in the share of applications that were denied after EBT,
indicating that the increase in applications after EBT was not driven by applications from
those ineligible for the program. I also find no change in an aggregate measure of the average
benefit amount per household (calculated as the total value of benefit issuances per county
divided by the number of food stamp households), which can serve as a proxy measure of
caseload composition, as a households’ benefit amount is determined by the total amount of
income and by household size.

Robustness In Appendix Table A.4, I show that estimates of the effect of EBT on partic-
ipation are robust to a variety of alternative controls. Estimates are essentially unchanged

29I estimate this by calculating the cumulative magnitude of the impact of EBT on the number of appli-
cations and number of failed certifications over the 8 quarter event window.

30Supplemental Security Income (SSI) is another form of cash assistance available to the aged, blind, and
disabled. However, in California, SSI recipients were ineligible for food stamp benefits at this time due to the
SSI-cash out policy, in which SSI recipients would receive an additional $10 in cash instead of food stamp
benefits.

31This appears to be the case for TANF eligible non-participants. Estimated cash assistance take-up in
2000 was 47% and at least half of adults who were eligible but not participating had incomes below poverty,
with over 20% of eligible nonparticipants having incomes below 50% of poverty (Falk, 2016; Government
Accountability Office, 2010)
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after excluding the control for county unemployment rate (column 1), or controlling for log
employment using the Quarterly Census of Employment and Wages (QCEW) instead of
county unemployment rate estimates (column 6).32 Estimates controlling for annual mea-
sures of real per capita transfer spending from the Bureau of Economic Analysis’ Regional
Economic Information System (REIS)33 in column 3 are slightly higher than the baseline
estimates, as are estimates that allow for a linear trend in county characteristics from the
2000 census.34

Another common specification check for the event study design is to include unit-specific
linear time trends to verify that the results are not being driven by spurious trends in out-
comes that are coincident with event timing. I present these estimates as a robustness check
in column 7 of Appendix Table A.4. The estimated participation effects are generally robust
to the inclusion of county specific trends, although the coefficients are slightly attenuated. It
is also worth noting that a number of recent papers have raised caution about the interpre-
tation of unit-specific time trends in event study designs without a pure “control” group, as
they lead to under-identification of the dynamics of treatment in the presence of time fixed
effects (Borusyak and Jaravel, 2017; Meer and West, 2016).

Mechanisms

Disentangling Time Costs and Stigma Prior to EBT, recipients could receive their
monthly booklet of food stamp coupons either in person or by mail. In California, most
counties disbursed coupons almost entirely using one method; panel (a) of Figure 1.6 plots
the distribution of the county share of issuances by mail prior to EBT adoption. Thus, I
can use this unique variation across counties to explore the relative importance of the “time
cost” mechanism. It is likely that the reduction in time to receive benefits after EBT would
be larger in counties that required that coupons be picked up in person, relative to counties
that would mail coupons.

To investigate this mechanism, I assign counties with greater than 70% of their pre-
EBT issuances via mail as “mail” counties, and counties with less than 30% of issuances by
mail as “in-person” counties.35 I then estimate equation 1.1 separately for these two groups
of counties. It is important to note that the pre-EBT issuance method is not correlated
with EBT adoption timing (see Table 1.1), and there are counties of each delivery type in
every EBT timing group. I plot the results of this exercise in panel (b) of Figure 1.6. The
participation response is indeed slightly higher for “in-person” counties, but the difference in

32BLS estimates of county-month unemployment have been known to exhibit substantial measurement
error, so controlling for QCEW employment serves as an alternative measure of local economic conditions

33I include the county’s real per capita value of annual transfers for Medicaid, Supplemental Security
Income, General Assistance, and EITC benefits

34Characteristics include: the percent of the county with less than a high school degree, percent of county
that is urban, and percent of county that is Black or Hispanic

35This excludes 4 counties: Mendocino, Lassen, Placer and Sonoma, which had 40-60% of pre-EBT
issuances by mail, indicating that households could likely choose which method they would prefer.
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estimated coefficients between the two groups is quite small and statistically insignificant.
This suggests that stigma may play a larger role than time costs, assuming the salience of
stigma is similar in mail and in-person counties.

Retailer Response There is substantial variation across California in zip code level access
to food stamp authorized stores, particularly for low-income individuals. Appendix Figure
A.5 displays the geographic variation in the number of food stamp authorized grocery stores,
both by the population below poverty and as a share of total grocery stores. If distance to
an authorized store contributed as an added cost of participating for food stamp eligible
households, then an increase in store participation could have plausibly contributed to the
rise in participation after EBT.

I group authorized stores into two broad types based on USDA definitions: supermar-
kets, superstores and large groceries and small to medium grocery stores.36 I do this for two
reasons: (i) the costs of participating in food stamps are less prohibitive for larger super-
markets than for smaller stores, making supermarkets and superstores generally more likely
to accept food stamp benefits than smaller groceries, and (ii) supermarkets and superstores
are less likely to locate in high poverty areas (Allcott et al., 2019; Bitler and Haider, 2011).
I plot store counts by zip code median income for the two groups of store types in Appendix
Figure A.6. Panel (a) verifies the that supermarkets are less likely to locate in low income
zip codes in California, and in panel (b) I show that low-income zip codes tend to have
more food stamp authorized stores of either type than zip codes with higher median income,
but supermarkets are typically more likely to participate in food stamps. These two facts
together show that there are a substantial fraction of smaller groceries that are located in
high poverty zip codes but do not participate, and that this is not the case for supermarkets
and superstores.

To test whether EBT had an impact on the number of food stamp authorized grocery
stores, I estimate an analogous zip-code by month specification of equation 1.1 in which the
dependent variable is the number of stores per capita, separately by store type and zip-code
poverty.37 Regressions are weighted by zip code population, and standard errors are clustered
at the county level. Event study coefficients are plotted in Figure 1.7, with corresponding
coefficients in Table 1.4. As we would expect given the stylized facts presented above, I find
that supermarkets and superstores do not change their participation in food stamps after
the adoption of EBT, regardless of zip-code poverty. In contrast, I find that the number
of small to medium food stamp authorized grocery stores per capita increased by between

36USDA store type classifications are based on various store characteristics such as size, inventory, and
annual sales. I do not have detailed definitions of these classifications as they are considered confidential by
USDA. I exclude convenience stores and specialty stores from this analysis, as approximately 90% of food
stamp benefits are spent at grocery stores and less than 1% of recipients purchase most of their groceries at
convenience stores (Castner and Henke, 2011; Mabli, 2014), but present results for these types in Appendix
Table A.9.

37 I define high-poverty zips as zip codes with above-median family poverty as measured in the 2000
Census.
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1.5-3% by 8 quarters after EBT adoption, with the response concentrated primarily in high
poverty zip codes.

One would not expect EBT to have influenced the overall number of grocery stores in a zip
code, given that the number of new food stamp participants resulting from EBT represents
less than 1 percent of the population in the average county. I verify using establishment
counts from Zip Code Business Patterns that EBT did not have any impact on the number
of grocery stores per zip code (Appendix Table A.8), so the store response can be thought
of as an increase in retailer “take-up,” not as a change in the overall retail environment in a
given zip code.

I cannot directly measure the fraction of households that increased their participation in
food stamps due only to this retailer response.38 However, there is existing evidence that
zip-code level access to retailers does impact benefit take-up in other contexts. For example,
in a study of WIC vendor fraud and EBT, Meckel (2019) finds that a 10.68% reduction in
WIC store participation among independent grocers led to a 5.16% reduction in program
take-up among pregnant women.

Participation Magnitudes in Context

Relation to other studies of EBT I find that EBT increased the number of food stamp
households by about 19% in California (95% confidence interval: 7.9%-29.4%). Prior esti-
mates of the impact of EBT on food stamp caseloads use state variation in the timing of
EBT adoption, and have drawn mixed conclusions. Several papers find positive and signif-
icant effects of EBT on program participation, estimating that EBT increased overall food
stamp participation by between 2.5 percent and 6 percent (Currie and Grogger, 2001; Ko-
rnfeld, 2002; Kabbani and Wilde, 2003; Ratcliffe et al., 2008; Klerman and Danielson, 2011;
Kaushal and Gao, 2011). In contrast, Wilde et al. (2000), Ziliak et al. (2003), and Bednar
(2011) find no impact of EBT on participation.

California adopted EBT after the analysis period for most of these studies, which may
contribute to the difference between my estimates of EBT impacts and others in the liter-
ature.39 Adopting EBT in the early 1990s meant adopting payment technology that was
not the norm (e.g. only 14% of retailers in Maryland had point-of-sale machines prior to
EBT(Kirlin, 1994)), and many states dealt with issues with EBT equipment during and
after implementation that did not seem to be as much of an issue in the California rollout.
Second, the economic and policy context in which California adopted EBT was likely very
different than for other states during the 1990s; welfare reform vastly changed the landscape
of public assistance, and many states adopted EBT during the strong economy of the late
1990s. Lastly, California has persistently experienced lower food stamp participation than
other states. Thus, one can think of the rollout of EBT in California as providing a quasi-
experimental setting with which to analyze the impact of improving access to benefits along

38I also cannot rule out that the store response was due to an increase in demand.
39Klerman and Danielson (2011) examine the impact of EBT during the years 1990 to 2009, finding a

2.5% increase in overall caseloads, and a 13% increase in the number of non-cash caseloads.
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various dimensions on program participation, but not necessarily a representative estimate
of the historical impact of EBT adoption in other states.

Relation to barriers in other contexts How does my estimate of the effect of EBT
relate to existing estimates of barriers to program participation in the literature? Taking
confidence intervals into account, my estimate of the impact of EBT on participation is
similar in magnitude to estimated effects of enrollment or participation costs in other quasi-
experimental contexts. Deshpande and Li (2019) estimate that closing Social Security field
offices reduce disability receipt by 15 to 18 percent for SSDI and SSI adults, while Rossin-
Slater (2013) finds that zip code level access to a WIC clinic increases benefit take-up by
6 percent among pregnant women. Estimates of the impact of SNAP policies to simplify
the application and certification process (recertification lengths, call centers, and phone
interviews for recertification) on program participation in Ganong and Liebman (2018) range
between 7 and 12%.40

Thus, the adoption of EBT in California served as a meaningful reduction in participation
costs, through reduced treatment stigma and increased access to authorized stores, that led
to an increase in program participation of a similar magnitude to policies aimed at reducing
enrollment hassles in other contexts.

1.7 Results: EBT and Infant Health
After establishing the effect of EBT adoption on food stamp participation in California, I
now estimate the effects of this increased food stamp take-up on infant health.

Sample Construction

I link the individual birth-cohort records described in Section 1.4 to county-level data on
EBT timing and county controls using maternal county of residence. I restrict the full sample
of births to those that are singleton births, born after at least 26 weeks of gestation, with
non-missing maternal county of residence. This leaves me with a total of 2,574,816 births
in the sample counties.41 I additionally focus my main results on a sample of births most
likely to be impacted by the rollout of EBT, which I call the "high-probability" sample. I
define this sample using data from the March Current Population Survey (CPS) to predict
the probability that a mother with demographic characteristics that I can observe in the
births data lives in a household receiving food stamps and not cash assistance. This allows
me to use the information gleaned from the analysis of the administrative participation data,

40Targeted experimental interventions providing high intensity application assistance, automatic enroll-
ment, or information find estimated impacts of between 29% and 200% (Finkelstein and Notowidigdo, 2019;
Bhargava and Manoli, 2015; Bettinger et al., 2012; Madrian and Shea, 2001).

41As with the participation analysis, I exclude San Diego, San Bernardino and Los Angeles county.
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mainly the fact that the strongest participation response was among “no-cash” food stamp
households, to motivate the analysis of infant health.

Specifically, I use the 2000-2006 March CPS and restrict to a sample of women ages 18-45
living in California (N=24,520). I estimate a linear probability model predicting whether
the woman lives in a household that receives food stamp benefits and not cash assistance
using a set of demographic predictors available in the births data.42 These are indicators
for maternal age (< 20, 20− 24, 25− 34, 35+), education (high school degree, some college,
college degree or more), race/ethnicity (Black, Hispanic, White, Asian or other), and number
of children (1,2,3 or more).43 I then apply this estimated model to the births data to
predict the probability that a mother is impacted by EBT using her observable demographic
characteristics. This allows me to use this predicted probability measure to isolate a high-
probability group containing births in the top 25% of predicted probability, as well as a
placebo group containing births in the bottom 25% of predicted probability.

Table 1.5 presents summary statistics for all births, and for the high probability and
placebo groups. As one would expect, the births with the highest probability of being
impacted by EBT are more disadvantaged on observables than the average birth: more
likely to pay for the birth using Medicaid, less likely to be college educated and with worse
birth outcomes on average. Using an analogous predicted probability measure in the CPS, I
estimate that 49 percent of the high probability sample are predicted to live in a household
that receives food stamps, compared to 0.7 percent of the placebo group.

Main results

I begin by presenting results on the effect of EBT for the high probability sample. Table
1.6 reports results from estimating equation 1.2 on all infant health outcomes, with the full
set of corresponding event-time coefficient estimates are presented in Appendix Table A.11.
In column (1), I find that EBT increased average birth weight in the high probability group
by 24.3 grams (or 0.7%) by 8 quarters after adoption. I find no effect of EBT on measures
of gestation length or the probability of being born pre-term, indicating that the increase in
birth weight is due to growth in-utero, as opposed to changes in the length of gestation.

Figure 1.8 plots the corresponding event study estimates for the birth weight result.44

The treatment effect dynamics are similar to the food stamp participation response to EBT
42 I use all women of childbearing age instead of only mothers to maintain a large enough sample size;

predictions are largely robust to limiting the prediction sample to women with at least one child, or women
with a child under age 5.

43There is evidence that program participation in both Food Stamps and cash programs are underreported
in the CPS (Meyer et al., 2018). Because I am not using the CPS to predict participation rates, this only
a concern to the extent that underreporting is correlated with the demographics used in the prediction.
There is as of yet no clear picture of the relationship between observable demographics and the propensity
to misreport in the CPS. Meyer et al. (2018) find that misreporting in the CPS is correlated with whether
a household has an elderly adult or is a single adult without children, but the direction of the effect varies
depending on the state.

44Event study figures for the other infant health outcomes are plotted in Appendix Figure A.11.
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discussed in Section 1.6; the impact of EBT on average birth weight prior to adoption was
relatively flat and statistically insignificant, and after EBT adoption average birth weights
gradually began to rise. In Figure A.7, I show the corresponding event study coefficients for
the “placebo” group, births in the bottom 25% of predicted probability of being affected. In
contrast to the high-probability group, average birth weights for this sample do not increase
after EBT, and instead fluctuate around 0 and are uniformly statistically insignificant.

In Figure 1.9 I use the full sample of births to plot the relationship between the estimated
effect size and the predicted probability of treatment for a range of demographic subgroups
(including the high-probability and placebo samples). The x-axis of this figure shows the
average predicted probability of being on food stamps and not cash assistance for the given
subgroup, and the y-axis plots the scaled birth weight effect (the % change in average birth
weight over the mean birth weight for that subgroup by 8 quarters after EBT). Green shaded
circles are coefficients that are statistically significant at the 10 percent level, and gray hollow
circles are not statistically significant.

This scatterplot serves as additional validation that the predicted probability of being
a “no-cash” food stamp household is uncovering meaningful variation across demographic
groups in the likelihood that a birth was impacted by EBT. The relationship between the
predicted probability and estimated treatment effect is linear and positive: subgroups with
larger predicted probabilities indeed have higher estimated effects on birth weight, and groups
with the smallest predicted probabilities have lower and statistically insignificant estimated
effects. The high-probability births, those with the highest predicted probability of being
affected, are among those with the highest estimated treatment effect. The groups in the
bottom left quadrant of the figure can serve as additional placebo groups; for example,
births to mothers with a college degree or more and those who paid for the birth using
private insurance have a small and statistically insignificant estimated effects, and are also
unlikely to be affected by EBT (and unlikely to be eligible for benefits).

Distribution of Birth Weight Changes in infant birth weight have been shown to be
most meaningful at the lower end of the birth weight distribution (Almond et al., 2018).
To investigate the impact of EBT on the distribution of birth weight, I first estimate the
impact of EBT on the fraction of births below a series of thresholds (from 1500g to 4500g in
increments of 50), which essentially traces out the impact of EBT on the CDF of birth weight.
To provide a more formal estimate of the impact of EBT on the birth weight distribution,
I also estimate the impact of EBT on the quantiles of the birth weight distribution (the
Unconditional Quantile Partial Effect, or UQPE), using the recentered influence function
(RIF) regression approach from Firpo et al. (2009).45

45The unconditional quantile partial effect measures the effect of treatment on quantiles of the distribution,
controlling for covariates. In contrast to the standard Quantile Partial Effect, the UQPE does not define
the quantiles conditional on covariates. I estimate the UQPE by first estimating equation 1.2 for a series of
indicators for having birth weight below the birth weight cutoff associated with the quantiles of birth weight
in the sample. The UQPE is calculated by dividing the coefficient from this regression by the negative of
the density of births at the given quantile.
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Figure 1.10 plots the results of this exercise for the high probability group (results for all
births are available in Appendix Figure A.10). I present all coefficients as percent changes
for ease of interpretation. The results from both sets of regressions suggest that the impact
of EBT is concentrated in the bottom half of the birth weight distribution, with little to
no impact estimated for birth weights above the 60th percentile (about 3500 grams). The
magnitude of the birth weight effect is relatively constant at around 0.7% for birth weights
below the 60th percentile (as plotted in the dashed line in panel (b)).

Estimates of the effect of EBT on the incidence of low birth weight (<2500 grams) and
very low birth weight (<1500 grams) are noisy (seen in panel (a)), but have large point
estimates particularly for cutoffs below 2500 grams. Prior studies of low birth weight have
found evidence of substantial “heaping” at diagnostic thresholds such as 1500g and 2500g,
and that this heaping primarily occurs at hospitals in low-income areas (Almond et al., 2010;
Barreca et al., 2011; Almond et al., 2011b). Manipulation of reported birth weight at this
exact threshold could explain the pattern of estimated coefficients around the 2500 gram
cutoff in Panel (a) of Figure 1.10.

Mortality Columns 4-6 of Table 1.6 present results for measures of infant and fetal mor-
tality. I find no impact of EBT on the incidence of fetal death; there is no statistically
significant effect for any post-EBT coefficients, and estimated event study coefficients are
uniformly flat.46 However, I find a large but imprecisely estimated effect of EBT on infant
mortality, as shown in Figure 1.11. Reported in Table 1.6 column (5), estimates of the im-
pact of EBT on neonatal mortality are of similar magnitude, but not statistically significant.
Given the large standard errors and volatility in the dynamics of the estimated event time
coefficients shown in Figure 1.11, I interpret the magnitude of this effect with caution. How-
ever, a decrease in infant mortality could be leading to negative selection in the composition
of live births (leading more “marginal” babies to survive) which could be contributing to the
large standard errors on the estimates of the effect of EBT on birth weight thresholds below
2500. I discuss the interpretation of these infant health effects further in Section 1.7.

Robustness Appendix Tables A.13 and A.14 verify that all of the above estimates are
robust to alternative sets of controls, including county-specific linear time trends and linear
trends in 2000 census characteristics, with corresponding event study coefficient estimates
for average birth weight in Appendix Figure A.8. This alleviates concerns that the estimated
effects on infant health are being driven by unobserved differences across EBT timing groups
that may be confounding the results. However, the estimated impacts on infant health could
still be biased if there were any changes to the demographic composition of births after EBT.
If this were the case we might be concerned about unobservable confounders as well.

Table 1.7 uses the full sample of births to verify that there was no impact of EBT on
the demographic composition of births. All estimated coefficients are insignificant and small
in magnitude, indicating that demographic changes in the composition of births are not

46See panel c of Appendix Figure A.11.



CHAPTER 1. FOOD ASSISTANCE TAKE-UP AND INFANT HEALTH: EVIDENCE
FROM EBT 24

driving (or attenuating) the estimated effects. Next, I verify that there were no changes in
fertility after EBT. I collapse the data into county-quarter cells, and estimate an event study
regression with the log number of births in a given county as the outcome variable, weighting
by the average pre-EBT number of births in the county. The results from this exercise are
presented in column (7) of Table 1.7, showing that there was no change in fertility after
EBT. Lastly, in Appendix Table A.12 I show that there were no changes in the demographic
composition of the high-probability group after EBT as an additional robustness check.

Interpreting Effects on Infant Health

These results suggest that the adoption of EBT in California raised infant birth weight by
approximately 24.3 grams (0.7 percent over the sample mean) for the group with the highest
probability of being impacted, and approximately 7.9 grams (0.2 percent over the sample
mean) for all births. As I do not observe actual food stamp participation in the data, these
are intent-to-treat (ITT) estimates. How do these ITT estimates translate into a treatment
on the treated (TOT) effect of the impact of food stamp participation? In other words, what
do these magnitudes imply for quantifying the effect of increasing food stamp take-up on
birth weight?

A few caveats are in order before I discuss the magnitude of the TOT effect. First,
although this section discusses the impacts of EBT on infant health using an instrumental
variables framework, I believe the exclusion restriction required for a causal interpretation in
the IV framework may be too restrictive in this context. As discussed in Section 1.3, there
are other potential channels through which EBT could impact infant health. For example,
increases in food stamp participation among women prior to or during pregnancy resulting
from EBT may have also led to referrals to other programs. I can verify that EBT did not
lead to any changes in the probability of Medicaid coverage (Table 1.7), nor in the probability
that prenatal care was covered by Medicaid conditional on the birth being a Medicaid birth.47

However, I do not observe participation in the Supplemental Nutrition Program for
Women, Infants, and Children (WIC), which provides quantity vouchers for nutritious foods
and nutrition and health education services . If women enroll in food stamps prior to or
during a pregnancy due to EBT, and are referred to (and enroll in) WIC as well, then my
estimates of the impact of EBT on infant health could be due to the combined effect of
food stamp benefits and referrals to other programs.48 However, it is also likely that the
marginal participant in food stamps resulting from EBT is one for whom the transaction
costs of participating prior to EBT were a salient barrier. Given the complexity associated
with enrolling in WIC and using WIC benefits (EBT has yet to be adopted for WIC in
California), it is possible that these entrants would not enroll in WIC even if referred.

47In other words, no evidence that low-income women were enrolling in Medicaid earlier in the pregnancy.
See Appendix Table A.16.

48WIC is administered by local non-profits, and funded through the California Department of Public
Health and not CDSS, the state agency responsible for the food stamp program. This means it is unlikely
that WIC experienced any coincident expansions or changes to administration when EBT was rolled out.
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In the aggregate, the share of Food Stamp participants enrolled in WIC has remained
quite steady over time despite large fluctuations in food stamp caseloads and participation
rates. The annual share of food stamp households receiving WIC benefits has hovered
between 15 and 21% for the years 1993-2010 (Moffitt, 2015), and the share of WIC recipients
with income from food stamps has been relatively steady as well, moving between 40 percent
in 1992 to 37 percent in 2012 (Hoynes and Schanzenbach, 2016). In contrast to food stamps,
WIC provides targeted services to pregnant and postpartum women in addition to food
vouchers. In Appendix Table A.15, I show that overall prenatal care use did not change
after the adoption of EBT, but there is a suggestive rise in the use of prenatal care in the
first trimester. Although noisy, this finding could be consistent with spillovers between new
food stamp participation and WIC services.

Additionally, EBT could have led to changes grocery spending or within-month benefit
cycles for women who were already participating in food stamps (“always takers”) as discussed
in Section 1.3. However, if this were the main driver of improvements in average birth weight,
we would expect the treatment effect to occur immediately after EBT adoption (i.e. a jump
up in average birth weight at the time of the event), since these participants transitioned to
the EBT card automatically (see Appendix Figure A.2). Given how closely the dynamics
of the event study coefficients for birth weight mirror those for food stamp participation,
gradually increasing over event time at a similar rate, it is unlikely that changes in nutrition
among existing food stamp participants would be the primary driver of these estimated
infant health impacts.

With these caveats in mind, I now estimate the magnitude of TOT effect of increasing
food stamps take-up on birth weight, both to provide context for the magnitudes and to
facilitate a comparison of my estimates to the existing literature.

Calculating TOT My estimates of the impact of EBT on food stamp participation in
Section 1.6 are measures for the overall food stamp caseload, so I must make some assump-
tions in order to calculate the magnitude of this increase for a new mother in the births data.
I perform back-of-the-envelope calculations to construct this in two ways.

First, I can estimate the percentage point increase in food stamp participation for all
births under the assumption that new mothers increase their food stamp participation at
the same rate as the overall population of eligibles. Using representative microdata on
national food stamp cases from the SNAP Quality Control (QC) files for 2000 to 2006, I
estimate that approximately 28% of food stamp participants live in a household with a child
under 5. I multiply the first stage estimated change in food stamp participants by this share
and scale by a measure of the total number of births in a given county to obtain an estimate
of the percentage point increase in food stamp participation among recent mothers of 3.67
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percentage points.49,50 Scaling the estimated percent change in birth weight for all births
(0.2 percent) by this estimated first stage for that population, I obtain a TOT effect of a 5.5
percent increase in average birth weight.

Alternatively, I can use the high-probability group along with estimates from the March
CPS to identify the first-stage effect for that population. Again assuming that these mothers
increase their food stamp participation in response to EBT at the same rate as the general
population, I can apply the percent increase in food stamp participation estimated in Table
1.2 to a baseline participation rate for this sample as estimated in the CPS, adjusting for
underreporting using the food stamp reporting rates given in Meyer et al. (2015).51 Using
this method I obtain a TOT effect of similar magnitude: a 4 percent increase in birth weight.

To facilitate a comparison to existing estimates the literature, I convert this estimated
TOT into a per dollar impact. Assuming women induced to participate in food stamps after
EBT received the average monthly food stamp benefit for the full 9 months of pregnancy
($228 per month),52 these TOT impacts convert to between a 1.9% and 2.7% increase in
birth weight per $1,000 of food stamp benefits.

It is important to note that my estimates differ from the prior literature of the effects
of transfers on infant health in that I cannot estimate precisely the magnitude of the effect
of EBT on the incidence of low birth weight, as discussed above. However, the TOT per
$1,000 of food stamp benefits that I estimate for average birth weight aligns closely with the
magnitude of estimated reductions in low birth weight (LBW) in the literature, but is larger
than the average birth weight impacts estimated in these studies.

For example, Almond et al. (2011a) estimate that the historical introduction of the food
stamp program led to a TOT impact of 0.4 to 0.7% higher average birth weight per $1,000,
and a 2 to 4% reduction in LBW. Hoynes et al. (2011) estimate that the introduction of WIC
led to a TOT impact of between 0.7% and 1.1% increase in birth weight, and a 10 to 20%
decrease in LBW. Hoynes et al. (2015) find that $1,000 in EITC benefits leads to a 1 to 3%
reduction in LBW. Lastly, my 0.7 % intent-to-treat estimate of EBT on average birth weight

49I calculate the numerator by multiplying the estimated average increase in food stamp participants in
levels from column (2) of Appendix Table A.5 (4,177) by 0.28. This gives me an estimated increase in food
stamp participation of 4,177*0.28=1,186 for recent mothers. To scale by the appropriate county total, I
divide this by the average 5 year total number of births per county to proxy for the total number of mothers
with children age 0-5.

50These approximations are likely over-estimating both the numerator and the denominator of this cal-
culation; I am over-estimating the total number of recent-mothers, since I am double-counting mothers with
multiple births, and over-estimating the share of food stamp participants who are recent mothers, since I
cannot observe which female member of the food stamp unit is a mother in the QC files. However, for
context, this magnitude is similar to the first-stage effect of zip-code access to WIC clinics among pregnant
women in Rossin-Slater (2013), which is 4 percentage points.

51I construct an analogous high-probability sample in the March CPS using the same predicted probability
threshold used to define the high-probability group in the births data, for the years 2000-2001 (pre-EBT).

52This is calculated from the 2000-2006 QC files as the average monthly food stamp benefit for a household
with at least one child under age 5, converted to 2009 dollars to facilitate a comparison with the existing
literature.
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aligns very closely with the 0.8 % increase in average birth weight for disadvantaged births
resulting from zip-code level access to a WIC clinic as estimated in Rossin-Slater (2013).

As a final benchmark, we can compare these estimates to the impact of other important
in-utero factors on average birth weight. Maternal smoking during pregnancy is identified as
a leading modifiable factor (along with nutritional intake) that determines growth in-utero
(Kramer, 1987a,b). Almond et al. (2005) estimate that smoking during pregnancy reduces
average birth weight by about 200 grams or around 5 percent over the mean.

Cost Implications Another way to put the infant health results into context is by quan-
tifying the dollar benefit of improvements in average birth weight.53 Substantial evidence
exists that improving birth weight at the lower tail of the distribution can lead to poten-
tially large cost savings, both in terms of short-term hospital costs and improvements in
long-run earnings and health. Using existing estimates of the association between changes
in birth weight and costs, I can quantify some dimensions of the benefit resulting from this
increase in average birth weight. For this exercise I use the intent-to-treat estimate for the
high-probability group, as this is likely the most accurate measure of the realized impact of
EBT in California.

Almond et al. (2005) quantify the excess hospital cost savings associated with each ad-
ditional gram of birth weight. They estimate that an additional gram of birth weight is
associated with a $4.93 reduction in hospital charges in their pooled model, which aligns
closely with alternative estimates in the public health literature. This implies that EBT
reduced excess hospital charges for each birth by approximately $119 on average for the
high-probability sample. Black et al. (2007) estimate an elasticity of adult earnings with
respect to birth weight of 0.12. Using the average increase in birth weight of 0.7% for the
high probability sample, this implies an average earnings gain of 0.084% resulting from EBT.

1.8 Conclusion
In-kind assistance programs represent a major component of the US social safety net, yet ad-
ministrative burdens and barriers to participation reduce the effectiveness of these programs
in a variety of contexts (Bergman et al., 2019; Herd and Moynihan, 2019; Currie, 2006).
In this paper, I provide new evidence that reducing frictions associated with using in-kind
food assistance benefits leads to increases in program participation among those likely less
attached to the social safety net, and translates to potentially large gains in infant health.

I use the staggered rollout of the EBT card for California’s Food Stamp Program to study
the effects of the switch from coupons to the debit card. The adoption of EBT represented
a simplification of the benefit disbursement system as well as a reduction in the visibility of
benefit use, which may have reduced concerns of treatment stigma. I find that food stamp
program participation in California increased by 19% by two years after adoption, driven by

53Although the dollar value of reductions in infant mortality is quite large, because I do not have a precise
estimate of the magnitude of the mortality impact of EBT I do not include infant mortality in this exercise.
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both increases in applications to the program and increased retention of existing participants.
Evidence on mechanisms suggests that a reduction in treatment stigma and increases high-
poverty neighborhood access to authorized retailers may have driven this effect.

I estimate that this increase in food stamp participation was associated with a 0.7%
increase in average birth weight for births most likely effected by EBT, with these effects
concentrated in the bottom half of the birth weight distribution. These improvements in
health have important implications for quantifying the benefits of current policies to pro-
mote take-up among eligible households. Increases in birth weight in the lower end of the
distribution have been causally linked to long-run improvements in health and economic
outcomes. The magnitude of the estimated improvement in birth weight alone implies an
average earnings gain of 0.084% in adulthood, and existing estimates of the long-run effects of
cash and near-cash programs such as food stamps indicate potential for large improvements
in educational attainment, income, and life expectancy, likely in part due to improvements
in the in-utero environment (Bailey et al., 2019; Hoynes et al., 2016; Aizer et al., 2016).
All of this evidence together implies potentially large long-run gains in health and economic
outcomes as a result of policies that give rise to higher food stamp participation.

In this chapter, I have shown that the EBT reform to the Food Stamp Program increased
access and participation rates for eligible households who may have not participated in
the past due to concerns of treatment stigma or other transaction costs associated with
receiving and using paper coupons at the grocery store. I show that this increase in access
to food stamp benefits leads to quite large improvements in infant health at birth. This
chapter contributes to the large literature showing the impacts of access to food and nutrition
assistance on the health and well-being of low-income families. Being able to quantify these
effects is important in order to understand the extent to which the modern safety net is
achieving its goal of alleviating poverty in the US. In the next chapter, I study the impacts
of another component of the social safety net: unconditional cash assistance. I use a unique
historical setting that allows me to estimate the effects of a cash assistance program in the
U.S. on measures of well-being for children in disadvantaged households.
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1.9 Figures and Tables

Figure 1.1: Food Stamp Disbursement Methods

(a) Food Stamp Booklet

(b) California EBT Card

Source: California EBT Project Office
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Figure 1.2: EBT Implementation

(a) Cumulative Percent of Counties with EBT (Population Weighted)

(b) County Implementation Dates

Note: 3 counties (shaded in gray) are excluded from the analysis due to
data constraints: San Bernardino and San Diego counties piloted the EBT
program in California in 1997, and Los Angeles county rolled out the EBT
program across several months.

Panel (a) plots the fraction of population in in the analysis sample (excluding
the 3 counties above) over time that were living in a county with EBT.
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Figure 1.3: Effect of EBT on Log Number of Food Stamp Households and Applications

Notes: This figure plots the effect of EBT adoption on the log number of food stamp households
(solid line) and the log number of applications to the program (dashed line). 95 percent confidence
interval for the log(households) estimates are plotted in the shaded region. Regressions control for
the time-varying county unemployment rate, county fixed effects and quarter-year fixed effects.
Standard errors clustered at the county level, and regressions are weighted by county population.
The sample consists of California counties excluding Los Angeles, San Bernardino, San Diego
(N=1,705 county-quarter observations).
Corresponding regression coefficients and standard errors can be found in Appendix Table A.2.
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Figure 1.4: Effect of EBT on Share of Failed Certifications

Notes: This figure plots the effect of EBT adoption on the share of failed recertifica-
tions, which serves as a proxy for retention among program participants. The average
share of failed recertifications prior to EBT was 0.21. The shaded region represents the
95 percent confidence interval for the estimated coefficients. Regressions control for
the time-varying county unemployment rate, county fixed effects and quarter-year fixed
effects. Standard errors are clustered at county level, and regressions are weighted by
county population. The sample consists of California counties excluding Los Angeles,
San Bernardino, San Diego (N=1,705 county-quarter observations). Corresponding
regression coefficients and standard errors can be found in Appendix Table A.2.
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Figure 1.5: Effect of EBT on Participation by Recipient Type

Notes: This figure plots the effect of EBT adoption on the log number of food stamp
households separately by household type: cash (dashed line) and non-cash (solid).
The shaded region represents the 95 percent confidence interval for the estimated co-
efficients in the non-cash regression. Regressions control for the time-varying county
unemployment rate, county fixed effects and quarter-year fixed effects. Standard er-
rors clustered at county level, and regressions are weighted by county population. The
sample consists of California counties excluding Los Angeles, San Bernardino, San
Diego (N=1,705 county-quarter observations). Corresponding regression coefficients
and standard errors can be found in Appendix Table A.3.
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Figure 1.6: Heterogeneity by pre-EBT Issuance Method

(a) Pre-EBT Share by Mail

(b) Impact of EBT on Log(Households) by Pre-EBT Issuance Type

Notes: Panel (a): Histogram of the share of pre-EBT food stamp issuances disbursed
by mail across counties. Panel (b): effect of EBT adoption on the log number of
households separately by pre-EBT issuance type. Counties with more than 70% of
pre-EBT issuances by mail are classified as mail counties, and those with less than
30% of issuances by mail are classified as in-person counties. This excludes 4 counties
in the middle of the distribution. Regressions control for the time-varying county
unemployment rate, county fixed effects and quarter-year fixed effects. Standard errors
clustered at county level, and regressions are weighted by county population.
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Figure 1.7: Effect of EBT on Authorized Retailers per capita, by Zip-Code Poverty

(a) Supermarkets/Superstores

(b) Small and Medium Grocery Stores

Notes: Figures plot estimated effect of EBT adoption on the zip-code number of food
stamp authorized supermarkets, superstores and large grocers (panel a) and small and
medium grocery stores (panel b) per 10,000 zip-code residents, separately for above-
and below-median poverty zip codes. Store type classifications are constructed as
determined by USDA. Regressions control for the time-varying county unemployment
rate, county fixed effects and quarter-year fixed effects. Standard errors clustered at
county level, and regressions are weighted by zip code population. Corresponding
coefficient estimates and standard errors are presented in Table 1.4.
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Figure 1.8: Effect of EBT on Average Birth Weight

Notes: This figure plots event study estimates of the effect of EBT adoption on av-
erage birth weight in grams.The shaded region represents the 95 percent confidence
interval for the estimated coefficients. Sample consists of births in the high-probability
sample as defined in Section 1.7. Average birth weight prior to EBT for this sample
was 3,376.7 grams.
Regression controls for time-varying county unemployment, county and quarter-year
fixed effects, and a set of indicators for maternal demographics (age, education, race,
parity, and infant gender). Standard errors clustered at the county level. Correspond-
ing regression coefficients and standard errors can be found in Appendix Table A.11.
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Figure 1.9: Effect of EBT by Demographic Subgroup

Notes: This figure presents the estimated 8 quarter effect (β8 from the baseline spec-
ification of equation 1.2) for the indicated subgroup. The y-axis is the estimated effect
on birth weight scaled by the pre-EBT average birth weight for the given group. The
x-axis is the average predicted probability (as defined in Section 1.7) for that group.
Solid shaded coefficients are significant at the 10 percent level. Line represents the
estimated linear fit of the plotted coefficients weighted by the size of each subgroup.
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Figure 1.10: Effect of EBT on Birth Weight Distribution: High Probability Group

(a) Share of Births < Threshold

(b) Unconditional Quantile Partial Effects (RIF Regressions)

Notes: Panel (a): Figure reports the scaled β8 coefficient (solid line) and 95 percent confidence
interval (shaded area) from the baseline specification of equation 1.2 for 60 separate regressions
in which the outcome is an indicator for whether the birth is below the cutoff indicated on the
x-axis (cutoffs are between 1500 and 4500 in increments of 50 grams). Coefficients are scaled by
the proportion of births below a given cutoff, and therefore represent percent changes.

Panel (b): Solid green line reports the estimated coefficients and 95 percent confidence interval
(shaded area) of the recentered influence function (RIF) linear approximation of the impact of
EBT on the quantiles of the birth weight distribution, scaled by the birth weight cutoff for each
quantile. Thus, each coefficient represents the percent increase in birth weight at a given quantile.
The associated birth weight cutoff for each quantile is shown on the second x-axis. The dashed
line represents the average treatment effect for this group as a percent of average birth weight.
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Figure 1.11: Effect of EBT on Infant Mortality

Notes: This figure plots the effect of EBT adoption on an indicator for infant mor-
tality for the high-probability sample. Average infant mortality prior to EBT for this
sample was 0.0059. Regressions control for time-varying county unemployment, county,
quarter-year fixed effects, and a set of indicators for maternal demographics (age, edu-
cation, race, parity, and infant gender). Standard errors clustered at the county level.
Corresponding regression coefficients and standard errors can be found in Appendix
Table A.11.
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Table 1.1: Determinants of EBT Start Date

(1) (2)
County Characteristics Program Characteristics

2000 Census Food Stamp Admin. Data

Unempl. Rate (BLS) -0.059 Households -0.020
(0.097) (0.035)

Labor Force Participation 0.045 Persons -0.0051
(0.054) (0.012)

Median HH Income 0.023 Applications -0.14
(0.020) (0.27)

Family Poverty Rate -0.063 Value of Benefits -0.00061
(0.050) (0.0015)

Indiv. Poverty Rate -0.057 % Issuances by Mail 0.0073
(0.042) (0.0066)

Log Population -0.17 % Applications Denied 0.27
(0.28) (3.04)

% Urban 0.00067 % Failed Recertifications 0.020
(0.016) (0.033)

% Female 0.062 Avg Persons per Household -0.32
(0.15) (0.76)

Median Age 0.081 % ABAWD 0.040
(0.054) (0.030)

% White (Non-Hispanic) 0.014 % Non-Public Assistance -0.031
(0.018) (0.019)

% HHs with Children -0.012 % Black Cases 0.025
(0.047) (0.019)

% Bachelor’s Degree 0.034 % Hispanic Cases -0.019
(0.042) (0.013)

% Asian-Pacific Islander Cases -0.0053
(0.038)

% Non-Hispanic White Cases 0.0028
(0.012)

Notes: Coefficients are from separate regressions of the quarter of EBT adoption (outcome)
on row variable for sample counties (N=55). Data in column (1) come from the 2000 Census
and the Bureau of Labor Statistics (BLS), and data in column (2) are from county food stamp
program administrative counts.
* p<0.10, ** p<0.05, ***p<0.01.
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Table 1.2: Impact of EBT on Food Stamp Participation

(1) (2) (3) (4)
Households Persons Applications Failed Recertif..

(log) (log) (log) (share)

4 quarter effect 0.10*** 0.089*** 0.067** -0.017***
(0.028) (0.025) (0.031) (0.0075)

8 quarter effect 0.19*** 0.17*** 0.13** -0.032***
(0.055) (0.052) (0.048) (0.0082)

Observations 1,705 1,705 1,705 1,705
Pre-Event Mean 7.71 8.64 5.83 0.21

Notes: This table presents the β4 and β8 coefficients from regressions of the effect
of EBT adoption on measures of food stamp participation. Corresponding regression
coefficients for the full set of leads and lags can be found in Appendix Table A.2.
Regressions control for the time-varying county unemployment rate, county fixed effects
and quarter-year fixed effects. Standard errors clustered at the county level, and
regressions are weighted by county population.
* p<0.10, ** p<0.05, ***p<0.01.

Table 1.3: Impact of EBT on Food Stamp Caseload Composition

(1) (2) (3)
Share Non-Cash Applications Denied Avg Benefit

per Household

4 quarter effect -0.0065 0.00043 0.10
(0.026) (0.0056) (5.47)

8 quarter effect 0.046*** -0.0058 1.02
(0.017) (0.0090) (9.01)

Observations 1,705 1,705 1,705
Pre-Event Mean 0.52 0.20 215.7

Notes: This table presents the β4 and β8 coefficients from regressions of the effect
of EBT adoption on measures of food stamp recipient composition. Corresponding
regression coefficients for the full set of leads and lags can be found in Appendix Table
A.3. Regressions control for the time-varying county unemployment rate, county fixed
effects and quarter-year fixed effects. Standard errors clustered at the county level,
and regressions are weighted by county population.
* p<0.10, ** p<0.05, ***p<0.01.
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Table 1.4: Impact of EBT on per capita Food Stamp Authorized Stores

Supermarkets/Superstores Small-Medium Grocers
(1) (2) (3) (4) (5) (6)
All High-Pov Low-Pov All High-Pov Low-Pov

4 quarter effect -0.0027 -0.0016 -0.0013 0.030*** 0.057** 0.0096
(0.0085) (0.012) (0.017) (0.011) (0.024) (0.010)

8 quarter effect -0.0043 -0.0047 -0.017 0.015 0.032 0.0048
(0.016) (0.022) (0.028) (0.020) (0.042) (0.015)

Observations 124865 62730 62135 124865 62730 62135
Pre-Event Mean 1.42 1.27 1.57 0.98 1.56 0.36
Coeff/Mean -0.0030 -0.0037 -0.011 0.015 0.021 0.013

Notes: This table presents the β4 and β8 event study coefficients from regressions of
the effect of EBT adoption on the zip code number of food stamp authorized stores per
10,000 residents, by type. “Coeff/Mean” reports the 8 quarter effect divided by the pre-
EBT mean of the outcome variable. High-Poverty zip codes are defined as zip codes with
above-median family poverty as measured in the 2000 Census. Regressions are weighted
by zip code population, and standard errors are clustered at the county level. Store type
categories come from USDA definitions.
* p<0.10, ** p<0.05, ***p<0.01.
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Table 1.5: Summary Statistics: California Birth Data

All Births High Impact Sample Placebo Sample

Mean SD Mean SD Mean SD

On Medicaid 0.412 0.492 0.989 0.104 0.038 0.191
Mother’s Education:
<HS 0.280 0.449 0.373 0.484 0.049 0.215
HS Diploma 0.275 0.446 0.403 0.490 0.119 0.324
Some College 0.205 0.404 0.224 0.417 0.083 0.276
College+ 0.240 0.427 0.000 0.004 0.749 0.434

Mother’s Race/Ethnicity:
White 0.353 0.478 0.199 0.399 0.548 0.498
Black 0.051 0.219 0.101 0.302 0.029 0.168
Hispanic 0.459 0.498 0.580 0.494 0.188 0.391
Asian-Pacific Islander 0.127 0.333 0.096 0.295 0.228 0.419

Mother’s Age:
<20 0.098 0.297 0.046 0.209 0.098 0.297
20-24 0.235 0.424 0.270 0.444 0.104 0.305
25-34 0.505 0.500 0.614 0.487 0.507 0.500
35-44 0.160 0.367 0.069 0.254 0.289 0.453

Total live births 2.091 1.266 2.734 1.593 1.541 0.805

Any Prenatal Care 0.994 0.080 0.991 0.096 0.996 0.0625
Prenatal Care in 1st Trimester 0.833 0.373 0.756 0.430 0.907 0.291
Child is Female 0.488 0.500 0.490 0.500 0.487 0.500
Birth Weight (grams) 3373.20 552.73 3361.21 564.98 3372.43 545.42
Low BW (<2500g) 0.049 0.216 0.054 0.225 0.048 0.214
Very Low BW (<1500g) 0.009 0.093 0.010 0.098 0.008 0.090
Gestation (weeks) 39.028 2.515 38.965 2.711 39.062 2.309
Preterm (<37 weeks) 0.087 0.282 0.101 0.301 0.076 0.266
Infant Mortality 0.005 0.068 0.006 0.075 0.004 0.061

Observations 2,574,816 598,975 730,225

Notes: All births sample is restricted to singleton births during 2000-2006 to mothers living in
California. Predicted probability (P̂ r) is constructed as described in Section 1.7. High Impact
Sample is the top quartile of P̂ r, and Placebo sample is the bottom quartile.
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Chapter 2

Public Assistance and Child Well-Being:
Evidence from the Aid to Dependent
Children Program

2.1 Introduction
The Census Bureau estimates that in 2018, 11 million children (nearly 15 percent of all
children in the US) were living in poverty (Fox, 2019). Existing research has established that
the adverse consequences of childhood poverty are extensive and long-lasting (Almond et al.,
2018; Almond and Currie, 2011a), suggesting an important role for government programs that
have direct impacts on early-life outcomes for vulnerable groups. Since the 1996 transition
away from traditional cash welfare, the majority of US antipoverty assistance has come
in the form of work-contingent tax credits and in-kind transfers such as food stamps and
Medicaid. Evidence suggests that a safety net solely consisting of in-work assistance may
lead to higher rates of deep poverty among children, and may not act as an effective safety net
against income shocks, particularly for the most disadvantaged (Hoynes and Schanzenbach,
2018; Bitler et al., 2017; Hoynes et al., 2012). However, existing research on the impacts of
unconditional transfers in the US (primarily AFDC, which was phased out as part of 1996
welfare reform) has focused largely on estimating labor supply disincentives, and very little
research has been done to understand how unconditional cash transfers in the US impact
outcomes for children.

In this chapter, I estimate the effects of the first federal government-sponsored welfare
program in the US, Aid to Dependent Children (ADC) on a variety of measures of child well-
being. ADC was a means-tested cash transfer program targeted towards children in single-
parent families and created as part of the 1935 Social Security Act.1 I use the recently released
full-count 1940 Census of Population, which provides detailed microdata for the entire United

1ADC was renamed Aid to Families with Dependent Children (AFDC) in 1962, and later substantially
restructured during the 1996 welfare reform and renamed TANF.
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States population, to estimate the effects of ADC benefit generosity on measures of child
schooling, labor, and living arrangements. The provision of ADC benefits was left to the
states, which created substantial heterogeneity in the generosity of program policy across
states. This geographic variation allows me to isolate the causal impact of the program by
comparing observably similar households who live in close proximity to one another, but
are exogenously exposed to different levels of ADC benefit generosity. I match contiguous
county-pairs on either side of state borders, and compare outcomes for children with similar
observables who are exposed to different maximum benefit amounts.

My estimates suggest that for children living in households most likely to be eligible for
ADC benefits, a one standard deviation increase in state maximum benefit levels raises the
probability of school enrollment among children by 2.5 percentage points, or approximately
3.5 percent over the mean. I find that for older children (ages 14-18), ADC leads to a
shift towards schooling and away from work, with a one standard deviation increase in
benefits leading to sizable reduction in employment of about 5 percent over the mean. As
overcrowding was common among those in poverty at this time, I estimate the impacts of
access to ADC cash assistance on the living arrangements. I find that ADC was associated
with reductions in average household size, and in the probability that a child lived with
additional relatives. Lastly, consistent with the existing literature on the labor supply effects
of unconditional transfers, I find evidence of a reduction in maternal labor supply of about 2
percentage points. Overall, these findings show that access to more generous unconditional
cash assistance improves a variety of measures of well-being for children in disadvantaged
homes.

Studying the effects of cash transfers in the US through a historical lens provides a
unique insight into the impacts of government assistance. The early 20th century provides
a interesting historical backdrop in which to study antipoverty policy; the US was at the
height of the expansion of public education by 1940 (Goldin and Katz, 2008), and while
inequality was declining across the country, the gains from this movement were distributed
unevenly both geographically and across demographic groups. This feature of antipoverty
policy has persisted to modern times; for example, state-level variation in TANF (the current
cash assistance program) is quite strongly correlated with state ADC benefit generosity in
1940.2 Additionally, estimating the causal effects of means-tested programs from a historical
perspective allows for the analysis of cash transfers in a simpler policy environment, without
the confounding impacts of multiple program participation. Contemporary recipients of cash
assistance are also eligible to receive many other safety net programs including Medicaid,
housing assistance, and food stamps (SNAP) that were all launched during the Great Society
era of the mid-1960s. In contrast, ADC was the only major public assistance program
targeted to families with children at the time (Fishback et al., 2010).

This paper contributes to various strands of the literature studying government transfers.
First, I contribute to the historical literature that studies social insurance and public assis-

2See Appendix Figure B.3, which shows the correlation between state TANF maximum benefits in 2016
and ADC maximums in 1940.
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tance programs from the New Deal era. Many of these papers study the Old Age Assistance
(OAA) program, the predecessor to Social Security. Most recently, Fetter and Lockwood
(2018) estimate the labor supply effects of OAA using the full-count 1940 Census, and find
large reduced-form effects of OAA on labor supply, concluding that social security through
OAA may have accounted for up to half of the decline in late-life work that occurred dur-
ing the 20th century. Moehling (2007) studied the relationship between AFDC and family
structure from 1940 to 2000, and found no effect of the early ADC program on rates of sin-
gle motherhood. In a recent paper, Aizer et al. (2016) use administrative records from the
Mothers’ Pension program (1910-1934) in a subset of states to examine the long-run effects
of cash transfers on the children of recipients. They find that male children of accepted
families experienced longer lifespans, obtained one-third more years of schooling and had
higher income in adulthood than the children of rejected applicants. In this paper, I provide
unique insight into the impact of government assistance for poor children by studying the
ADC program, a broadly available, federally funded cash assistance program that reached a
substantial portion of the country’s disadvantaged children.

This paper also contributes to the broader literature on the effects of cash assistance
receipt in the US. Much of this literature has focused on quantifying the incentives associated
with AFDC. A wide range of research has examined the impacts of AFDC and TANF on
labor supply, fertility, marriage decisions, and family structure (Moffitt (2003) provides a
comprehensive review of this literature), finding evidence of reduced labor supply in response
to AFDC benefits, and modest evidence of impacts of AFDC on marriage rates and fertility.
In comparison, a much smaller component of this literature has examined the potential
benefits of US cash transfer programs for the children of recipients (Currie, 2012).

Levine and Zimmerman (2005) examine the impacts of AFDC receipt on children’s test
scores, and find no effect of welfare receipt after controlling for parental educational achieve-
ment. Currie and Cole (1993) examine the effects of AFDC on infant health using sibling
fixed effects, and find little to no impact on birth weight. Cash assistance in the modern
safety net (post-1996) consists mostly of in-work tax credits such as the Earned income Tax
Credit (EITC) and Child Tax Credit (CTC). A growing literature has studied the impact of
the EITC on child health (Hoynes et al., 2015), and educational outcomes (Dahl and Lochner,
2012; Chetty et al., 2011; Bastian and Michelmore, 2018; Manoli and Turner, 2014), finding
large positive effects of the EITC on child academic achievement and educational attainment.
Although the EITC serves as a major source of income support for low income families to-
day, it is difficult to isolate the effects of the EITC’s income support from the labor supply
effects of the program when studying downstream outcomes. This paper contributes to this
literature on US income support by studying the effects of the unconditional ADC program
on several measures of child well-being.

The rest of the chapter proceeds as follows. Section 2.2 describes the background of ADC,
and outlines the potential mechanisms through which ADC is expected to impact child well-
being. Section 2.3 describes the census data and additional data sources. In Section 2.4
I describe my empirical strategy for identifying the causal effect of ADC benefits, and in
Section 2.5 present the results. Section 2.6 concludes.
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2.2 Aid to Dependent Children: Background and
Expected Effects

Background and Features of ADC

Aid to Dependent Children (ADC) was the first federally-funded welfare program for low-
income families in the US. ADC was created under Title IV of the 1935 Social Security
Act, enacted as a replacement for the decentralized and selective Mother’s Pension programs
that had previously been provided at local governments’ discretion. Mothers’ Pension (MP)
programs were generally underfunded and targeted to a select population; recipients were
almost exclusively white, widowed, and living in urban areas (Bell, 1965; Moehling, 2014).
82% of MP recipients in 1932 were widows, and despite the higher prevalence of both poverty
and single motherhood in the black population at the time, only 3 percent of mothers’ pension
recipients were black (Bell, 1965).

Due to the introduction of ADC in 1935, the number of low-income children receiving
income support in the US increased fourfold, from approximately 200,000 children in families
receiving Mothers’ Pension benefits in 1934 to over 800,000 children on ADC in 1940. This
was largely due to expansions in the provision of benefits within states; all but 6 states made
some form of Mothers’ Pension payment in 1934 (Bucklin, 1939). In order to qualify for
federal funding assistance, a state was required to make ADC benefits available in all juris-
dictions within the state and administered by a single state agency. The federal government
provided matching grants, paying one-third of payments up to $18 for the first dependent
child and $12 for each additional dependent child in the home.3

The autonomy given to states to determine eligibility and benefit amounts led to discrim-
inatory criteria that caused black recipients to be under-represented in the recipient pool in
many states. Bell (1965) noted that “suitable home” requirements, illegitimacy exclusions,
and seasonal employment policies all led to the disproportionate exclusion of minorities from
ADC participation, particularly in the South. For example, the introduction of the suitable
home requirement in Louisiana in 1960 led one-fourth of the ADC recipients in the state to
lose benefits (95 percent of children removed from the welfare rolls were black). Figure B.1
maps a measure of the minority representation in ADC caseloads by state (the non-white
ADC caseload share, normalized by the non-white share of the state population).

Eligibility for ADC benefits was limited to “dependent” children aged 16 or less, defined
as those “deprived of the support or care of one natural [biological] parent by reason of death,
disability or absence from the home.” Children were required to be living with a relative in
order to qualify for benefits. The program was means-tested, with income cutoffs determined
by the benefit formula as outlined below. Benefits were determined by the subtraction of
income from needs, with minimal deductions for income allowed. This resulted in a nominal
benefit reduction rate of 100%. This high marginal tax rate was a persistent feature of the
ADC/AFDC program until its end in 1996.

3The federal share was increased from one-third to one-half in January, 1940.
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There were a total of 818,115 children in families receiving benefits in the month of April
1940, approximately 20% of all children in single-mother households in the 1940 Census.
However, ADC participation rates varied significantly across states; the number of ADC
children per state as a share of children in single-mother households ranged from 1% to
40%. See Figure 2.2 for a map of state participation rates. The primary reason for the
“dependence” of the child was the absence of a father due to death. 85% of recipients were
white, and the average family receiving benefits had 2.5 children. The average age of a child
receiving ADC benefits was 9.6, and the median age of his or her mother was between 35
and 39.4

Like many transfer programs today, ADC was federally funded but administered by the
states. Autonomy was given to the states to set the maximum benefit (the “guarantee”),
leading to significant heterogeneity in benefit payments across states. Table 2.1 presents
summary statistics for state ADC programs. Only 21 states had specified a legislated benefit
maximum by 1940; however, the state distribution of maximum payments to families of a
given composition were published in the Social Security Board’s Public Assistance Report,
1940. The 90th percentile maximum payment to a family of four, plotted in Figure 2.1a,
ranged between $17.5 and $87.5 per month.5 This means maximum benefits could be quite
generous: the median household income for a family with children in 1940 was approximately
$75 per month. This variation in benefit generosity is similar to that of AFDC at the
onset of welfare reform: state maximum benefits ranged from $336 to $2,034 in 1996 (US
Department of Health and Human Services, 1998), with median household income about
$2,900 per month.

Expected Effects of ADC on Child Outcomes

The receipt of cash transfer payments can affect child outcomes through a variety of channels
including income, maternal labor supply, fertility, and marriage decisions. ADC benefits
provide an income floor, leading to an increase in resources for very poor families. As
formalized in Becker and Tomes (1986, 1979), one can consider a model of the household
in which parents choose the level of human capital investments in their children. In this
framework, poor parents facing credit constraints will optimize at lower levels of consumption
and human capital investment than their unconstrained counterparts. Thus, an increase in
income from public assistance, by relaxing these constraints, can improve health and human
capital for children in these families.

ADC benefits could also influence child outcomes through maternal employment effects.
Given the high marginal tax rate on earnings imposed by ADC, static labor supply models
unambiguously predict a reduction in labor supply on both the extensive and intensive
margins. In fact, one of the primary goals of the Aid to Dependent Children program,
and Mothers’ Pension programs before it, was to allow single mothers to stay home with

4Source: Social Security Board: Social Data on Recipients of Public Assistance Accepted in 1938-1939
5This is equivalent to $305 to $1,541 per month in 2017 dollars.
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their children to provide a nurturing home environment for the child. However, evidence
on the direct effects of maternal employment on child outcomes, particularly for low-income
children, is mixed (Ruhm, 2004). The reduction in maternal employment could increase
the time spent with children, which could in turn improve child development. However,
contemporary evidence has found that center-based child care leads to an improvement in
child outcomes over at-home care for children in low-income families (Kline and Walters,
2016), implying that the employment effects of this program could potentially lead to worse
outcomes for the children. However, existing estimates of the magnitude of the labor supply
disincentive effects suggest that these potential negative effects for the children are likely
small relative to impacts on child outcomes. Thus, given the balance of existing evidence, I
expect that access to ADC may improve measures of child well-being.

2.3 Data

1940 Full-Count Census

In order to estimate the effects of ADC on child well-being, I use the complete count data
from the 1940 Census of Population, digitized by Ancestry.com and the Minnesota Population
Center (Ruggles et al., 2015). These data provide basic demographic characteristics including
race, place of birth, county of residence, and migration status for individuals in nearly every
household in the United States.6 This was the first Census to ask detailed questions regarding
educational attainment, employment status, and income for every individual enumerated.
The size of these data enable the statistical power to examine schooling and work outcomes
for a variety of subgroups, and the geographic information available for each respondent is
key to the contiguous border county empirical design that I outline below.

I limit the analysis sample to children in the 48 contiguous states who were living with a
single mother at the time of the 1940 Census, in households with at least one child aged 16
or younger.7 I additionally restrict to children with the highest likelihood of participation:
those in households in which the mother had less than an 8th grade education. I call this the
“disadvantaged” sample; since the 1940 Census data allows for only a snapshot of information
on income and marital status at a given point in time, this works to restrict the analysis
sample to a demographic group that is most likely to have been consistently eligible to receive
ADC benefits. The completion of 8th grade served as a meaningful threshold for educational
attainment in the early 20th century; due to the lack of access to secondary schooling across
much of the US at the time, the completion of schooling at the local common or grammar
school was a meaningful achievement.8

6 The US Census Bureau estimates that the undercount for 1940 was approximately 5.4% overall, but
significantly higher for black households at 8%.

7ADC benefits were paid only on behalf of children who were 16 years of age or younger. I keep children
aged 17 and 18 in the sample in order to examine outcomes for older siblings in households receiving benefits.

8In 1940, 67% of adults aged 25 and older had completed 8th grade; this share varied substantially across
states, ranging from 35% in South Carolina to 84% in Oregon (Goldin and Katz, 2008)
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County and State Characteristics

I augment the Census microdata with a rich set of county and state-level characteristics. I
construct county-level characteristics from the 1930 and 1940 Decennial Censuses of Popu-
lation and Housing and the 1937 Census of Unemployment. These data include the log of
county population in 1940, the 1940 nonwhite population share, the fraction living in an
urban area, the median years of schooling for women aged 25 and older, the homeownership
rate, various measures of living standards, median home values, the 1937 unemployment
rate, as well as county-level school enrollment rates and female marriage rates in 1930 (to
capture pre-ADC baseline characteristics).

In order to account for differences in state-level policies that may impact outcomes for
children, I include a measure of the required years of schooling in the state by birth cohort.
This measure was constructed by Stephens Jr and Yang (2014) based on the coding by Ace-
moglu and Angrist (2000) of state compulsory schooling and child labor laws; this measure
captures the number of years a child was required by law to be in school, accounting for any
legal exceptions due to child labor laws or other state policies. I also include measures of
state level school quality from Card and Krueger (1992), which they compiled from issues
of the Biennial Survey of Education. Each of the three measures – the pupil/teacher ratio,
school term length, and relative teacher wage–varies by state and year of birth. To construct
a single measure for each state-year of birth cohort, each of the three measures is averaged
over the years in which that cohort was of school-age.9

State and county-level data on the Aid to Dependent Children program are taken from
various reports published by the US Social Security Board. State by month data on caseloads
and payments to public assistance programs are from the Public Assistance Report, 1940.
This report also contains information on the distribution of payments to recipients by family
size, which is the primary source of my measure of benefit generosity (see below for further
discussion). County-level caseload numbers and payment amounts were taken from Trends
in Public Assistance, 1936-1939.

Measuring ADC Benefit Generosity

The standard measure of policy generosity in the AFDC literature is to the legislated monthly
maximum benefit (guarantee) in a state paid to a family of a given composition. As noted in
Section 2, only 21 states had a legislated maximum ADC benefit by 1940; for the remaining
states, the effective maximum was set administratively by the state. In light of this, the
maximum benefit measure I use is the 90th percentile payment paid to a family of four in
April, 1940, compiled from the Social Security Board Public Assistance Report, 1940. I use
the 90th percentile instead of the maximum due to the presence of outliers in the distribution
of payments (Moehling, 2007).

9I assign the school quality measure to children based on their year of birth and current state of residence.
Approximately 14% of the children in the sample were born in a different state than the one in which they
currently reside. However, only 4% of children in the sample were living in a different state in 1935.
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There were 4 states (Connecticut, Iowa, Illinois, and South Dakota) that were conducting
state ADC programs without federal approval in 1940. Because they had not been approved
for federal matching grants, these states were not required to publish data on monthly
payment amounts. I therefore do not have a measure of the maximum monthly benefit paid
in these states for 1940. Instead, I proxy for 1940 maximum benefits using the published
maximum in 1934, inflation adjusted to 1940-dollars10. There are an additional 4 states
(Nevada, Kentucky, Mississippi and Texas) in which there were no substantial ADC benefits
paid, and did not have published Mothers’ Pension maximums in 1934. For these four states,
I set the maximum benefit measure to 0. I keep all 8 of these states in my primary analysis,
and include a variable indicating that these states did not have a federally approved program
in all regressions. I also estimate all results excluding these states as additional robustness.

Proxy for ADC Participation Although the 1940 Census did not ask specifically about
the receipt of public assistance payments, enumerators did ask each individual aged 14 or
older whether they received more than $50 in income other than wages or salaries in 1939.
According to instructions given to enumerators, non-wage income includes (among other
things): cash relief (Old Age Assistance, Aid to Dependent Children, Aid to the Blind),
business profits, income from roomers or boarders, in-kind income (food, supplies, housing,
etc.), and commodities consumed from the individual’s own business.

Though the receipt of non-wage income in these data could potentially be due to a variety
of sources, this measure can serve as a proxy for ADC benefit receipt. Figure B.2 shows
the correlation between the share of single-mother households receiving ADC payments and
those reporting non-wage income, by county. I show that an increase in benefit generosity is
associated with an increase in the share of single mothers reporting non-wage income. This
is not true for single-mothers with high education, nor for two-parent households, providing
some evidence that the non-wage income measure is capturing differences in ADC benefit
receipt. Having a proxy for benefit receipt allows me to estimate “participation rates” in
order to convert the intent-to-treat (ITT) estimates into treatment on the treated (TOT)
effects.

2.4 Empirical Strategy
I investigate the impact of transfers on child outcomes by exploiting the variation in ADC
policy across states and matching individuals residing in contiguous counties on either side
of a state border. This limits comparisons to families who are more likely to face similar
local economic conditions and cultural norms, but are exposed to different state ADC policy.
This type of spatial discontinuity methodology has been employed in minimum-wage studies
by Dube et al. (2010) and others.

10Maximum benefits for state mother’s pension programs in 1934 were published as part of a report by
the Committee on Economic Security in preparation for the Social Security Act: https://www.ssa.gov/
history/reports/ces/cesbookc13.html

https://www.ssa.gov/history/reports/ces/cesbookc13.html
https://www.ssa.gov/history/reports/ces/cesbookc13.html
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In order to leverage this cross-border variation in ADC benefit generosity, I restrict the
census data sample to consist of households residing in the 933 counties in the US that
lie on a state border with an ADC maximum benefit difference (this yields 701 county-
pairs). See Figure 2.1b for a map of these border counties; the color gradient represents
the magnitude of the difference in monthly maximum benefits within county-pairs for each
state border segment. The median monthly benefit difference within a county pair was
$14 (in 1940 dollars). Table 2.2 presents summary statistics for children in these counties.
Disadvantaged children in border counties are similar on observables to those in rest of the
country, suggesting that inference drawn from this sample can reasonably generalize to the
population as a whole.

In order to estimate the impact of ADC on child outcomes, I estimate reduced-form
regressions of the form:

Yisc = β log(MaxBen)s + Γ′Xics + Λ′Zcs + δp(c) + εisc (2.1)

where Yisc indexes an outcome (school attendance, child labor, living arrangements) for
child i living in county c and state s. log(MaxBen)s is the log of the 90th percentile payment
to a family of four in April 1940,11 δp(c) are county-pair fixed effects,12 Xics is a vector of
demographic characteristics (race, birth cohort fixed effects, gender, family size, maternal
age and education, urban/rural status, farm status, and migration history), and Zcs is a
vector of county and state controls.13 Standard errors are clustered at the state level.

Thus β captures the impact of the exogenous, policy driven component of state ADC
generosity; this allows me to estimate the impact of ADC benefits without also capturing
differences across states in levels of need or family composition. Since the Census data is
capturing a snapshot of information about households at a given point in time, one important
drawback of this design is that I cannot measure any differences over time in exposure to
or receipt of ADC benefits. The estimates of β from equation 2.1 are intent-to-treat (ITT),
estimates, which I can scale by an approximation of the ADC participation rate for the sample
in order to recover a treatment on the treated (TOT) effect. I estimate that approximately
40% of children in the “disadvantaged” analysis sample participate in ADC, so all estimates
of β can be divided by 0.40 to recover the TOT.

The identifying assumption in this model is that after conditioning on demographic and
local area characteristics, differences in benefit generosity within county-pairs are as good as
random. To assess the validity of this assumption, and of the controls included in Xics and
Zcs, I estimate the extent to which ADC benefit generosity can predict differences in these
individual and county-level controls. As seen in Tables 2.3 and 2.4, once the comparison is
limited to within border county-pairs, both demographic and county-level characteristics are

11Because some states had no substantial ADC benefits by 1940, I take the log of (1 +MaxBen)
12The border county sample only includes counties on a state border in which there is a difference in the

state maximum benefit amount; see Figure 2.1b for a map of these counties.
13As described in Section 2.3, these controls include measures of state compulsory schooling requirements,

state level school quality measures, and various county demographic characteristics.
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fairly balanced between high- and low- ADC benefit counties.14 However, this does not hold
true in the unmatched sample of all counties in the US, which further motivates the use of
this border county design.

2.5 Results
Table 2.5 presents estimates of the effect of ADC on schooling and child employment for
the all-county and border county samples. The first panel of Table 2.5 shows that ADC
benefit generosity is associated with an increase in the probability of school enrollment for
school-age children, with a statistically significant coefficient of 0.023 in the border county
specification (column 6). Estimates on the full sample in columns 1 and 2 are less precise,
but are of similar magnitude to the analogous specifications on the border sample. However,
the inclusion of controls for state level school quality and compulsory schooling laws (column
3) reduce the magnitude and statistical significance of the impact in the full sample. This is
evidence of the substantial differences across states that motivates the within border county-
pair comparison. This relationship between the full and border sample specifications remains
fairly consistent across the outcomes examined; the remainder of this discussion will therefore
focus on estimates from the preferred specification on the border sample with county-pair
fixed effects and the full set of controls.

The magnitude of the effect of ADC generosity on school attendance implies that a one
standard deviation increase in state maximum ADC benefits (an increase of about 1.1 log
points, or $20 dollars per month) was associated with an increase in school enrollment of
2.5 percentage points. Scaling by the ADC participation rate for this sample, this yields a
treatment on the treated estimate of 6.33 percentage points. Compared to a base enrollment
rate of 72.5%, this implies that receiving ADC benefits raises the probability of enrollment
by 8% (TOT effect) or 3.5 % (ITT).

In the third panel of Table 2.5, I show the effects on the probability of employment for
children ages 14 to 18. An increase in ADC benefit generosity is associated with a statistically
significant decrease in the probability of employment for older children. The coefficient of
-0.015 indicates that a one standard deviation increase in monthly ADC benefit generosity is
associated with a 1.65 percentage point decrease in employment (ITT), compared to a mean
of 32.5 percent. This suggests that ADC may have lead to a substitution towards schooling
and away from work for older children in disadvantaged homes.

Table 2.6 shows that children in states with higher ADC maximums are likely to have
fewer non-immediate family members living in the household, and are less likely to be living
within another family member’s household. These outcomes can serve as a measure of well-
being, as household overcrowding was common for poor families at the time, and could have
impacts on the health and well-being of children. These effects, however, are quite small in
magnitude.

14The median years of schooling for adult women is slightly lower for border counties in states with more
generous ADC benefits, as is the non-white share of the county population
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These results suggest positive impacts of ADC benefits on schooling, as well as reductions
in the probability of employment for older children; however, it is important to understand
whether these impacts vary subgroups. As seen in Table 2.7, the impacts of ADC benefit
generosity on school attendance are slightly larger for girls, and the magnitude of the effects
decreases with age. The large effect on school attendance for children in middle grades (ages
11-14) is in line with the fact that many states gave exceptions to compulsory schooling
laws for low-income families. The children on the margin of attending school at that age
are likely those from more disadvantaged families, and therefore those with the highest
probability of participation in ADC. These results are consistent with the literature showing
the importance of resources in early childhood on development(Almond and Currie, 2011a),
and indicate that the effects of income vary depending on the child’s age. The heterogeneity
by gender is also in line with recent evidence that boys and girls respond differently to the
quantity and quality of inputs received in childhood (Bertrand and Pan, 2013; Figlio et al.,
2016).

Figure 2.3 displays coefficient estimates from estimates of equation 2.1 run separately
by age group and race. I find that the impacts of ADC generosity on school enrollment for
black children are smaller than for their white counterparts. This is likely due to differences
in access to both ADC benefits and schools for black children. There is substantial evidence
of racial discrimination in the provision of ADC benefits (Bell, 1965), which is also reflected
in the existing ADC participation data by race (see Figure B.1).

ADC benefit receipt is also associated with a reduction in the probability of maternal
employment, seen in Table 2.8. The magnitude of these coefficients imply that a one standard
deviation increase in monthly benefit generosity is associated with a 1.98 percentage point
drop in the probability of maternal employment, relative to a mean of 31%. Scaling by the
ADC participation rate of this sample, this amounts to a treatment-on-the-treated estimate
of a 4.95 percentage point reduction in the maternal employment rate.

Robustness

I include county-pair fixed effects in these models to address spatial heterogeneity that may
bias estimates of the impact of benefit generosity on child outcomes. Local labor market
conditions, informal institutions, and cultural norms towards welfare or education are all
likely to vary smoothly across state boundaries, motivating this research design. However,
there remain a variety of factors that may bias these results.

One concern is the presence of other state-level policies or characteristics that are corre-
lated with the generosity of welfare benefits and may influence outcomes for children. ADC
was jointly financed by states and the federal government, by federal matching grants up to
1/3 of a specified amount. This means that states with more generous ADC payments were
likely also those with larger state budgets (or preferences for redistribution) and therefore
more generous provision of other public goods such as public health spending, infrastructure
investments, and public education. I account for observable differences in policies across
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states using the measures of state level school quality, compulsory schooling and child labor
laws, and various measures of county level economic conditions.

However, it is important to note that the provision of public education was, and still is,
notably decentralized.15 The substantial heterogeneity in school financing and administra-
tion at the local level means that it is likely that children even within the same county may
not have had access to the same school district or school resources. This is particularly true
for black and white children attending segregated schools in the south. To address this con-
cern, I account for various features of local (county) resources that are likely to be correlated
with local school funding and quality. These include measures of living standards at the
county level (share of dwellings with electricity, running water, in need of repairs), as well
as the median home value in the county–schools at this time were funded almost exclusively
through local property taxes.

In Table 2.4, I show that county-level median home values are uncorrelated with state
level ADC generosity once comparisons are limited within contiguous county pairs. The
same holds true for the other measures of county-level economic well-being. Children living
in a state with more generous ADC benefits are not significantly more or less likely to live in
a county with better local resources. This provides some evidence that discontinuities across
state borders in resources or wealth would not be driving the results.

As a falsification test, I estimate impacts of ADC generosity for children in families
who are unlikely to qualify for ADC benefits. If unobserved differences within county pairs
across state borders were driving these results, we would expect to see a positive impact of
ADC benefit generosity on outcomes for all children, not just those who were eligible for
ADC. Table 2.9 shows estimates for households in which the household head has completed
high school. For children in both single-mother and two parent households in which the
household head has a high school degree, I find no statistically significant effects of ADC
benefit generosity on school attendance, nor on the probability that a household has reported
non-wage income greater than $50 (used here as a proxy for welfare benefit receipt).

Lastly, one might be concerned that large differences in welfare generosity across states
may induce families to migrate across state borders in order to take advantage of higher
welfare benefits. Families that migrate may be positively selected, which could lead to
overestimates of the true effect of ADC generosity. This concern is particularly relevant
for families in contiguous border counties. However, only 4% of children in my data were
living in a different state 5 years prior. I show in Table 2.3 that state ADC generosity
(log(MaxBen)s) is not a significant predictor of migration status (defined here as living in
a different state in 1935). Therefore a child living in a state with high benefits in 1940 is no
more likely to have migrated than his or her counterpart living on the low-benefit side of the
state border.

15Although the US was in the midst of the era of school consolidation at the time of the 1940 Census,
there were still approximately 117,108 local school districts across the US at the time (compared to about
15,000 today). The vast majority of these districts contained only primary and common schools, with about
21% containing a secondary school as of 1932.
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2.6 Conclusion
In this chapter, I show that unconditional cash transfers can lead to meaningful improvements
in measures of child well being. I use discontinuities in benefit generosity across state borders
to estimate the impact of ADC benefits on schooling, employment and living arrangements
for children who are likely eligible to receive benefits. I find that a one standard deviation
increase in the maximum monthly ADC benefit (equivalent to an increase of about $20 per
month in 1940 dollars) meaningfully increased school enrollment, decreased labor among
older children, and improved measures of overcrowding for children in disadvantaged homes.
These results add to the large literature studying the employment incentives of AFDC by
estimating the positive impacts of unconditional cash assistance on the children of recipients.

Thus far, in Chapters 1 and 2 I have shown that increasing program participation and
benefit generosity, respectively, can lead to large improvements in health and educational
outcomes for the children of recipients of social safety net programs. These results show the
importance of reducing barriers to participation in nutrition and cash assistance programs.
In Chapter 3, I study the importance of supply-side factors in determining the effectiveness
of in-kind benefit provision. When benefits are provided in-kind as opposed to a direct cash
payment as studied in Chapter 2, policymakers must take into account the various incentives
faced by both participants and vendors. For food stamps (SNAP), it is important to under-
stand whether access to authorized retailers can influence the effectiveness of the program
for recipients. Thus, in the next chapter, I use increases in SNAP retailer authorization
to study how geographic access to SNAP stores influences food spending behavior among
SNAP households.
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2.7 Figures and Tables

Figure 2.1: ADC Benefit Variation Across States, 1940

(a) 90th Percentile Monthly Payment to Family of 4, 1940 Dollars

(b) Magnitude of Maximum Monthly Benefit Difference within Border County Pairs
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Figure 2.2: ADC Participation Rates by State

Note: Figure shows the number of ADC child recipients as a share of
children in single-mother households in 1940
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Figure 2.3: Log(Maximum Benefit) and Child School Enrollment, by Age and Race

Note: Figure shows estimates of β in equation 2.1, estimated separately by
age and race groups. Asian, Pacific Islanders and Native American children
were excluded from these regressions. Standard errors are clustered at the
state level.
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Table 2.2: Summary Statistics, Children in Single-Mother Households

All Counties
All Children Disadv.

(1) (2)
Demographics
Male 0.50 0.50
Age 10.70 10.93
Nonwhite 0.22 0.35
Number of Siblings 1.63 1.98
Siblings over age 16 0.34 0.39
Migrant 0.04 0.02
Urban 0.55 0.47
Farm status 0.22 0.29

Parental Characteristics
Mother’s Age 38.29 39.49
Mother’s Years of Schooling 7.48 4.49
Mother Employed in 1940 0.32 0.31
Mother wage/salary income, 1939 487.80 309.80
≥ $50 in non-wage/salary income, 1939 0.34 0.33
Mother is widowed 0.36 0.41
Observations 4,847,368 2,110,696

Border Counties
All Children Disadv.

(3) (4)

0.50 0.50
10.67 10.94
0.22 0.34
1.63 1.94
0.34 0.38
0.04 0.03
0.56 0.49
0.22 0.29

38.23 39.43
7.36 4.55
0.33 0.31
489.59 334.60
0.35 0.34
0.37 0.42

3,714,062 1,655,389

Notes: This table reports sample means for each row variable. The "All Children" sample consists
of children born in the US who do not live with a single mother, and live in a household with at
least 1 child under age 16. The "Disadvantaged" sample consists of the subset of these children
whose mother had less than an 8th grade education. Means for wage/salary income do not include
zeros, and are reported in 1940 dollars.
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Table 2.3: Covariate Balance, Individual Demographics

Male

Age

Nonwhite

Number of Siblings

Siblings over age 16

Migrant

Urban

Farm status

Mother’s Age

Observations

(1)
All Counties
-0.0016∗∗
(0.00062)
0.28∗∗∗
(0.10)
-0.051
(0.039)
-0.037∗
(0.019)
0.021∗∗∗
(0.0060)
0.0029∗∗
(0.0013)
0.064∗
(0.035)
-0.067∗∗
(0.033)
0.76∗∗∗
(0.25)

2,110,696

(2)
Border Counties

0.00069
(0.00060)
0.011
(0.012)
-0.0067
(0.0041)
-0.0069
(0.010)
-0.0022∗
(0.0011)
0.0036
(0.0057)
0.0035
(0.0083)
-0.0011
(0.0065)
-0.030
(0.030)

1,655,389

Each cell in this table is from a separate regressions
of the row variable on log(state ADC maximum), for
children in the “disadvantaged” samples. Standard
errors (in parentheses) are clustered at the state level,
and border sample regressions include county-pair fixed
effects.

* p<0.10, ** p<0.05, ***p<0.01.
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Table 2.4: Covariate Balance, County Characteristics

(1)
All Counties

County-level Characteristics
Unemployment Rate, 1937 0.0041∗∗∗

(0.00087)
Log(Population), 1940 0.21∗∗∗

(0.057)
Minority Population Share, 1940 -0.015

(0.017)
Median Years of Schooling, Women Age 25+, 1940 0.018

(0.077)
Urban Population Share, 1940 0.034∗∗

(0.013)
Home ownership Rate, 1940 0.0016

(0.0083)
Share of Dwellings Not Needing Major Repairs, 1940 0.016∗∗

(0.0065)
Share of Dwellings with Running Water, 1940 0.050∗∗∗

(0.017)
Share of Dwellings with Electric Lights, 1940 0.056∗∗∗

(0.014)
Log(Median Home Value), 1940 .077∗∗∗

(.021)
Share of Children in School, 1930 0.0088∗∗

(0.0042)
Fraction of Women Married, 1930 -0.0069∗∗∗

(0.0018)

(2)
Border Counties

0.000024
(0.00050)
0.051
(0.036)
-0.0050∗
(0.0025)
-0.094∗∗
(0.035)
0.0034
(0.0081)
0.00089
(0.0031)
0.0041
(0.0053)
0.0013
(0.0057)
0.0037
(0.0053)
-.0030
(.014)
0.0013
(0.0012)
-0.00068
(0.0014)

This table reports balance coefficients from regressions of the row variable on state-level
log(ADC maximum). Standard errors (in parentheses) clustered at the state level, and border
sample regressions include county-pair fixed effects.

* p<0.10, ** p<0.05, ***p<0.01.
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Table 2.5: Impacts of ADC on Schooling and Child Labor

(1) (2) (3)

School Attendance
Log(Maximum Benefit) 0.026∗∗ 0.021∗ 0.016

(0.013) (0.011) (0.011)

Mean of Dependent Variable 0.729
Observations 1,708,457 1,708,457 1,708,457

8th Grade Completion
Log(Maximum Benefit) 0.048∗∗∗ 0.048∗∗∗ 0.010

(0.008) (0.008) (0.007)

Mean of Dependent Variable 0.459
Observations 818,179 818,179 818,179

Employed in 1940
Log(Maximum Benefit) -0.009∗ -0.009∗ -0.004

(0.005) (0.005) (0.005)

Mean of Dependent Variable 0.321
Observations 818,179 818,179 818,179

Sample Full Full Full
Year of Birth Fixed Effects Yes Yes Yes
County Controls No Yes Yes
State Education Controls No No Yes

(4) (5) (6)

0.023∗∗∗ 0.025∗∗∗ 0.023∗∗∗
(0.0069) (0.0063) (0.0064)

0.725
1,339,492 1,339,199 1,339,179

0.002 0.002 0.011
(0.002) (0.002) (0.07)

0.465
643,675 643,675 643,675

-0.012∗∗∗ -0.012∗∗∗ -0.015∗∗∗
(0.002) (0.002) (0.003)

0.325
643,675 643,675 643,675

Border Border Border
Yes Yes Yes
No Yes Yes
No No Yes

Each parameter is from a separate regression of the outcome variable on log(Maximum Benefit).
Sample: "Dependent" children born to mothers with less than 8th grade education. Sample for school
attendance regressions is limited to school-aged children, ages 6-18. Sample for 8th grade completion and
child labor regressions is limited to children aged 14 or older.

Standard errors (in parentheses) are clustered at the state level.
* p<0.10, ** p<0.05, ***p<0.01.
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Table 2.8: Maternal Labor Supply

(1) (2)

Non-Wage Income
Log(Maximum Benefit) 0.021∗∗∗ 0.021∗∗

(0.0092) (0.0066)
Employed, 1940
Log(Maximum Benefit) -0.015∗∗∗ -0.0088∗∗

(0.0051) (0.0040)
In the Labor Force, 1940
Log(Maximum Benefit) -0.017∗∗∗ -0.011∗∗

(0.0045) (0.0042)
Observations 475,644 475,644
Sample Full Full
County Controls No Yes

(3) (4)

0.022∗∗∗ 0.022∗∗∗
(0.0034) (0.0035)

-0.016∗∗∗ -0.018∗∗∗
(0.0037) (0.0037)

-0.017∗∗∗ -0.018∗∗∗
(0.0035) (0.0034)
366,932 366,932
Border Border
No Yes

Sample: Single mothers with less than 8th grade education. Border sam-
ple includes only families living in contiguous counties on state borders
with an ADC maximum differential; regressions include border county-
pair fixed effects. Standard errors (in parentheses) are clustered at the
state level. * p<0.10, ** p<0.05, ***p<0.01.
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Table 2.9: Placebo: High Education Households

Single-Mother HH
(1) (2)

Pr(Non-Wage Income>$50):
Log(Maximum Benefit) 0.002 0.005

(0.003) (0.003)

Observations 330,979 330,979
Sample Border Border
State/County Controls No Yes

School Attendance:
Log(Maximum Benefit) 0.001 0.004

(0.003) (0.003)

Observations 511,708 511,708
Sample Border Border
State/County Controls No Yes

Two Parent HH
(3) (4)

0.0049 0.0077
(0.0045) (0.0046)

2,874,621 2,874,621
Border Border
No Yes

0.0027 0.0020
(0.0059) (0.0046)

4,451,308 4,451,308
Border Border
No Yes

Samples: Columns 1-2: Children in single-mother households, born to moth-
ers who have completed high school (“high education” mothers). Columns
3-4 are children in two parent households, who would not be eligible for ADC
benefits. Border sample includes only families living in contiguous counties
on state borders with a difference in ADC benefit generosity.

Standard errors (in parentheses) are clustered at the state level.
* p<0.10, ** p<0.05, ***p<0.01.
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Chapter 3

SNAP Retailer Access and Food
Purchasing Behavior

3.1 Introduction
The Supplemental Nutrition Assistance Program (SNAP, formerly known as Food Stamps)
is the largest federally funded food and nutrition assistance program. It provides nearly 1 in
7 Americans with monthly benefits on a debit card (EBT) that can be used at authorized
retailers to purchase food for consumption at home. With 14.3 million households in the
US (11 percent of the population) suffering from food insecurity in 2018 (Coleman-Jensen
et al., 2019), the stated goals of SNAP are to supplement the food budget of low income
households in order to enable adequate nutrition and reduce food insecurity and hunger.

However, as an in-kind transfer program, achieving these goals involves understanding the
incentives faced by both benefit recipients and authorized retailers. In recent years, Congress
and the United States Department of Agriculture (USDA) have gone back and forth in re-
vising the eligibility criteria for authorizing food retailers to accept SNAP benefits, citing
multiple trade-offs involved in optimizing the design of the program (Oliveira et al., 2018).1
On the one hand, maximizing retailer participation in SNAP achieves the goal of broadening
geographic access to food retailers for SNAP benefit recipients; however, policymakers ad-
ditionally aim to maintain program integrity (reducing retailer fraud) and maximize SNAP
recipient access to nutritious foods, which both require imposing restrictions on which stores
can become authorized retailers. Although a large literature exists that aims to understand
how disparities in access to food retailers impacts low income households (Bitler and Haider,
2011; Allcott et al., 2019), we know relatively little about the role that access to SNAP
retailers plays in maximizing the effectiveness of SNAP in improving nutrition.

In this paper, I provide new evidence of the effects of access to SNAP authorized retailers
on the food shopping behavior of SNAP-eligible households. I use a nationally-representative

1The debate involved the number of product varieties of staple foods that a store must be required to
stock in order to become SNAP authorized. I discuss this further in Section 3.2.
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panel of household shopping transactions, the Nielsen Homescan Consumer Panel,2 along
with administrative data on SNAP retailer authorization from the USDA Store Tracking
and Redemption System (STARS), to estimate the impacts of geographic access to a newly
SNAP-authorized store. In order to isolate the impact of SNAP retailers, I use a difference in
differences design that looks at household shopping patterns before and after a food retailer
gains SNAP authorization in their zip code.

I estimate the impacts of SNAP retailer authorization for three store type groupings: (i)
supermarkets, supercenters and large grocery stores (collectively referred to as “supermar-
kets”); (ii) small and medium grocery stores (“small grocers”), and (iii) convenience stores.
Examining the effects of geographic access to these store types separately helps to shed light
on the specific trade-offs that policymakers face in designing SNAP retailer eligibility criteria.
Supermarkets have a wider product selection, lower prices, and more nutritious food options
than smaller groceries and convenience stores. However, supermarkets are also significantly
less likely to locate in high poverty zip codes than other food retailers (Allcott et al., 2019;
Bitler and Haider, 2011), and make up less than 20 percent of SNAP authorized retailers
(Castner and Henke, 2011). Despite this, many SNAP households travel long distances to
redeem SNAP benefits at supermarkets, with approximately 88 percent of SNAP benefit
redemptions occurring at these retailers.3

I find that the authorization of a new SNAP retailer of any kind in a household’s zip
code is associated with an increase in the share of household expenditures on SNAP-eligible
items. I also find that the entry of a new SNAP convenience store or small grocery leads to
an increase in the share of household expenditures at these types of retailers, indicating that
zip-code level access to these smaller SNAP stores does have an impact on where eligible
households choose to shop.

I find mixed evidence on how retailer access impacts the healthfulness of household pur-
chases. I do not have data on the nutrition content of household purchases; instead, I
estimate the effects of SNAP store access on the share of household expenditures on fresh
fruits, vegetables, and sugar-sweetened beverages. I find a small but statistically significant
reduction in spending on fresh fruit and vegetables after a SNAP retailer entry of any type.
However, I also find a reduction in spending on sugar-sweetened beverages, which are the
largest source of added sugars in the average American diet and are associated with a vari-
ety of chronic health conditions including diabetes and heart disease (Imamura et al., 2015;
Ludwig, 2002). This mixed evidence suggests that further research is warranted in order to
better understand how these changes in SNAP access impact the healthfulness of purchases.

Next, I assess whether increased access to a SNAP retailer has any impact on within-
2Researcher’s own analyses calculated (or derived) based in part on data from The Nielsen Company

(US), LLC and marketing databases provided through the Nielsen Datasets at the Kilts Center for Marketing
Data Center at The University of Chicago Booth School of Business. The conclusions drawn from the Nielsen
data are those of the researcher and do not reflect the views of Nielsen. Nielsen is not responsible for, had
no role in, and was not involved in analyzing and preparing the results reported herein.

3As do the majority of overall food expenditures: both low and high-income Americans do their primary
grocery shopping at supermarkets and supercenters.



CHAPTER 3. SNAP RETAILER ACCESS AND FOOD PURCHASING BEHAVIOR 73

month cycles in household food spending. Previous research has highlighted the existence of
a "SNAP cycle", a within-month decline in nutritional intake and food expenditures in the
weeks after SNAP benefit distribution (Shapiro, 2005; Castner and Henke, 2011; Hastings and
Washington, 2010), that has been shown to also influence downstream outcomes including
hospitalizations for nutrition-related health conditions, test scores, and crime (Basu et al.,
2017; Gassman-Pines and Bellows, 2018; Carr and Packham, 2019). If improving geographic
access to SNAP retailers can moderate the severity of the monthly SNAP cycle in caloric or
nutritional intake, this has implications for optimal SNAP retailer policy.

I find that the intra-month “SNAP cycle” in household food expenditures becomes less
severe after a supermarket gains SNAP authorization in a zip code, with households who
receive SNAP benefits early in the month spending more in the later weeks of the month. I
find suggestive evidence that a new SNAP convenience store or small grocer also ameliorates
the SNAP cycle, but to a lesser extent. Given that the vast majority of SNAP benefits are
spent at supermarkets, stronger impacts for SNAP supermarket entry make sense. I provide
evidence that these estimated effects are not being driven by any pre-trends in household
expenditures, making it unlikely that the effects of new SNAP authorization are due to
endogenous household demand. I also show that these estimated effects are not being driven
by the SNAP benefit increase that occurred as part of the 2009 American Recovery and
Reinvestment Act (ARRA).

This paper contributes to the body of literature that studies the relationship between
the design of means-tested transfer programs and the effectiveness of these programs in
alleviating the consequences of poverty. As outlined in Herd and Moynihan (2019), the design
of many government programs involve burdens that limit access to the program for eligible
participants. For example, Bergman et al. (2019) find that providing customized assistance
in housing assistance substantially increases the effectiveness of housing voucher programs.
Or, in contrast, Meckel (2019) finds that switching to EBT card disbursement for the WIC
program reduces retailer participation and in turn reduces WIC program participation among
low-income women. Many papers in this literature focus on the impacts of policy design
on the take-up of benefits among eligible people (Currie, 2006); in this paper, I work to
understand whether access to retailers impacts how benefits are spent.

This paper also contributes to the broader literature on the effects of SNAP on food
spending and consumption (see Hoynes and Schanzenbach (2016) for a review of the litera-
ture). The existing literature finds that participation in SNAP is associated with increases
in food spending, although it has yet to reach a consensus on whether spending on food out
of SNAP benefits is higher than it would be out of the equivalent amount of cash (Hoynes
and Schanzenbach, 2009; Hastings and Shapiro, 2018). A wide range of papers estimates the
causal effect of SNAP participation on food insecurity, finding a range of positive, negative
and inconclusive estimates (Gregory et al., 2015). Hastings et al. (2019) use retail scanner
data in order to estimate the effect of participating in SNAP on the healthfulness of house-
hold food purchases, and find a very small negative effect of SNAP on household nutrient
intake. Studies of SNAP and consumption find that receiving benefits provides important
protection against consumption volatility (Gundersen and Ziliak, 2003).
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Lastly, I contribute to the literature that works to understand the impacts of food retail
access in the US. A large literature has examined the existence and policy implications of
“food deserts,” or areas with limited local supply of nutritious foods (Bitler and Haider,
2011). Many of these papers have studied the impacts of proximity to large supermarkets or
supercenters on the healthfulness of food purchases (see for example Volpe et al. (2013) and
Hwang and Park (2016)). Allcott et al. (2019) conduct a comprehensive analysis of the causes
of this nutritional inequality and find that increasing low-income access to supermarkets
has minimal impacts on the healthfulness of food purchases. By studying the impacts of
geographic access to SNAP retailers, I shed light on the extent to which retailer access
impacts the effectiveness of SNAP in supplementing low-income household’s food budgets.

The chapter is organized as follows. Section 3.2 describes the SNAP program and retailer
eligibility policies, and Section 3.3 describes the SNAP retailer data and Nielsen Homescan
Panel. I describe my empirical strategy in Section 3.4, and present the effects of SNAP
retailer access on food spending behavior in Section 3.5. Section 3.6 concludes.

3.2 Institutional Background
SNAP is the second-largest means-tested transfer program in the US, providing low income
households with an EBT debit card that allows them to purchase foods at SNAP-authorized
retailers. In contrast to all other major transfer programs in the country, SNAP is universally
available to all households who are income-eligible, reducing hunger and food insecurity
among all types of individuals in need including children, elderly, and unemployed adults.
Over 40 million individuals received SNAP benefits in the average month in 2018, and the
program was estimated to have lifted over 8 million people out of poverty in 2015 (Wheaton
and Tran, 2018).

A SNAP household, defined as a group of people living and purchasing food together,
must earn less than 130% of the federal poverty threshold to be eligible, have a net income
(household income minus deductions) no larger than the 100% of the poverty line, and assets
that do not exceed $2,250. The benefit a household receives is equal to the federal maximum
SNAP benefit minus 30 percent of the household’s net income. The average monthly benefit
in 2018 was $253, and the federal maximum for a family of three was $505 in fiscal year 2019.
SNAP households can spend these benefits on any eligible food item, which includes almost
all food sold at grocery stores intended for at-home consumption. This excludes, however,
hot pre-prepared foods, alcohol, and non-food items such as paper goods or cleaning supplies.

In addition to its importance in reducing poverty and hunger among low-income house-
holds, SNAP also serves as a nontrivial portion of expenditures at grocery retailers in the US.
SNAP benefit redemptions have accounted for between 8 and 11 percent of all US spending
on food at home over the past 10 years (USDA FNS, 2018; USDA ERS, 2020). In order to be
authorized to accept SNAP benefits, stores must satisfy a set of requirements that have been
jointly established by the United States Department of Agriculture (USDA) and Congress.
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Since 1994, a store has been deemed eligible to accept SNAP benefits if it satisfies one
of two conditions: a “staple food sales” requirement (typically satisfied by standard super-
markets and grocery stores), or a “staple food stock” requirement (typically the method
through which convenience stores gain authorization). The stock criterion requires that a
minimum variety of staple foods (vegetables or fruits; dairy products; meat, poultry or fish;
and breads or cereals) be stocked in the store. The sales criterion requires that retailers have
more than 50 percent of their sales be from these staple foods (USDA FNS, n.d.). In order
to be authorized, a retailer must submit an application to the USDA, who verify eligibility
and categorize the retailer into a store type based on their size and stock of staple items.
Stores must be re-authorized to accept benefits every 5 years.

These retailer eligibility criteria have been a topic of recent debate among policymakers,
who have outlined various tradeoffs in determining retailer eligibility. In the 2014 Farm Bill,
lawmakers revised the staple food stock requirements to increase the number of required vari-
eties of staple foods that retailers must stock in order to become SNAP eligible. Lawmakers
cited a desire to balance the program’s goals of improving program integrity (minimizing
retailer fraud), ensuring SNAP participants have access to healthy food, and to encourage
stores to increase the variety and quantity of nutritious foods available to SNAP partici-
pants (Bolen et al., 2014). However, a proposed USDA rule in 2016 attempted to further
increase these requirements to an extent that would severely threaten the ability of small
retailers to accept SNAP benefits, by requiring retailers to stock at least 168 unique staple
food products. In response, 47 senators objected to this proposal in a 2016 letter to the
USDA, stating that increasing retailer requirements would reduce access to healthy food for
SNAP recipients who face various obstacles in access to redeeming SNAP benefits already
(US Senate, 2016). These objections led to a revision of the rule, reducing the depth of stock
requirements, and an explicit mention in the law that USDA will consider participants need
for access to retailers in their store eligibility determination process (USDA FNS, 2016).

3.3 Data

Nielsen Homescan Consumer Panel

I use the nationally representative Nielsen Homescan Consumer Panel for the years 2004
through 2010 to measure household expenditures and shopping behavior. During these
years, the Nielsen panel consists of 125,114 unique households from across the country. These
households use in-home scanners to continuously report quantities, prices and product codes
for all purchases, from any retail outlet, intended for at-home consumption. In addition
to detailed shopping trip and transaction data, households report demographic information
including zip code of residence, household income, household composition, education, race
and employment status. I convert the reported annual household income to 2010 dollars
using the Bureau of Labor Statistics (BLS) Consumer Price Index.

I infer SNAP eligibility based on reported household income and composition by applying
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the SNAP gross income test, which requires household income to be less than 130 percent
of the annual federal poverty guideline.4 This serves as a proxy for SNAP eligibility, as
additional information on household assets is required in order to accurately determine eligi-
bility. This leaves me with a sample of 17,628 SNAP-eligible households in the Nielsen data
(about 14 percent of the full sample). About 66 percent of these SNAP eligible households
experienced a new SNAP store entry in their zip code of residence between 2004 and 2010.
Table 3.1 presents descriptive statistics for these SNAP eligible Nielsen households.

Using the Nielsen household transaction data, I construct a quarterly panel of house-
hold expenditures. I exclude all trips to non-food retailers (defined based on Nielsen retail
channel types), and identify broad categories of expenditure types based on UPC codes and
the associated product characteristics. This allows me to measure a household’s quarterly
expenditures by food store type and the SNAP-eligibility of items, as well as identify the
share expenditures on nutritious foods such as fresh fruits and vegetables.5 In order to mea-
sure the effects of SNAP store access on within-month expenditure cycles, I also construct a
weekly panel of household food expenditures.

USDA Retailer Data

In order to identify whether and when a household experiences a SNAP store authorization
in their zip code of residence,6 I use administrative data on the universe of authorized stores
from the USDA Store Redemption and Tracking System (STARS), obtained via Freedom of
Information Act (FOIA) request to the USDA. These data contain the store name and exact
address, type of store, date of food stamp authorization and date of de-authorization for
stores that were authorized to accept SNAP benefits at any point between 2004 and 2010,
over 400,000 unique stores.

I use these data to identify the timing of SNAP retailer authorization for three broad
store types: supermarkets and large grocers (including super centers and club stores such as
Sam’s Club, Walmart or Target), small to medium grocers,7 and convenience stores. In order
to avoid double-counting a store in the data if it experiences new ownership or a change in

4These guidelines vary annually, so I apply the annual eligibility threshold based on nominal, not real,
household income.

5Most Nielsen households only report transaction information for packaged products with UPC codes.
This excludes non-packaged bulk items such as fresh produce. Prior research suggests however that packaged
products that are included in the full Nielsen sample make up a majority of households’ caloric intake of
produce, and that this does not vary across household income levels (Allcott et al., 2019)

6Due to data limitations, I must use the zip code as the geographic entity within which “access” to a
SNAP store is measured. Existing research on grocery shopping behavior suggests that the ideal level of
geographic access likely much smaller - both SNAP participants and nonparticipants live about 3.5 miles on
average from their primary grocery store (Ver Ploeg et al., 2015). However, this means that measuring the
impact of a new SNAP store in a given zip code will likely lead to an underestimate of the effect of SNAP
retailer access.

7Defined by the USDA as a retailer containing a less comprehensive selection of goods than a larger
grocery store or supermarket, but still primarily stocking food items
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name, I identify unique stores in the STARS data based on the exact street address and store
type. I define a SNAP “entry” as occurring if a store receives SNAP authorization and has not
appeared in the STARS database for the 9 years prior to the entry date; this excludes stores
that experienced gaps in authorization or stores with multiple spells of authorization in the
data.8 To understand the relationship between SNAP authorized retailers and the general
food retail environment, I merge these data with annual zip code establishment counts by
NAICS code from the Census Zip Code Business Patterns (ZBP).

Throughout the paper, I use the terms SNAP store "entry" and "authorization" inter-
changeably to refer to the new authorization of a SNAP retailer. Due to data limitations,
I cannot observe whether a newly authorized SNAP retailer is a new entry into the retail
market, or whether it was a previously existing store that has newly been authorized to
accept SNAP benefits. However, using zip-code level establishment counts from the annual
Census Zip Code Business Pattern (ZBP) data, I can examine aggregate zip-code level trends
between SNAP store authorization and overall retail entry by store type. As seen in Figure
3.3, aggregate fluctuations in the number of food retail establishments over time are not
correlated with trends in SNAP retailer authorization. Additionally, existing research using
commercially available data on the exact dates of entry of all large food retailers finds that
there were less than 7,000 new supermarket entries (including superstores and club stores)
total between 2004 and 2016 (Allcott et al., 2019), which makes up less than half of the new
SNAP authorizations for supermarkets that I observe in the STARS data during the period
from 2004 to 2010. This suggests that the majority of the SNAP “entries” that I measure
are in fact new SNAP authorizations in stores that were already present in a given zip code.

3.4 Empirical Strategy
In order to understand the impact of geographic access to a SNAP authorized store on food
shopping behavior, I use a difference-in-differences framework that takes advantage of varia-
tion in the timing of SNAP retailer authorizations across zip codes in the US. Between 2004
and 2010, there were 12,586 supermarkets that gained authorization to accept SNAP ben-
efits, 11,878 small-medium groceries, and 38,883 new SNAP authorized convenience stores.
As shown in Figure 3.2, these entries occurred fairly uniformly over time, particularly for
supermarkets and small-medium grocery stores.9

Quarterly Household Expenditures I first use the entry of a new SNAP retailer to
estimate the impact of access to SNAP retailers on quarterly household expenditures. Defin-

8This restriction excludes approximately 20 percent of store authorizations that occurred between 2004
and 2010, the majority of which were for stores with multiple short-term breaks in authorization.

9As seen in panel (c) of Figure 3.2, the number of quarterly new convenience store authorizations increased
substantially after the second quarter of 2009. This spike in authorizations for convenience stores may be
related to the ARRA benefit expansions that occurred beginning in April 2009. I discuss this further in
Section 3.5.
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ing StoreCountzq as the count of new SNAP retailers of a given store type (supermarket,
small grocer, or convenience store) in zip code z and quarter-year q, my primary estimating
equation takes the form:

Yizq = β(StoreCountzq) + αz + γqs(z) + δXiq + εizq (3.1)

for a given outcome Y for household i living in zip code z in quarter-year q. I account
for zip-level time-invariant differences by including zip code fixed effects αz, as well as time-
varying state-level trends with γqs(z), which are state by quarter fixed effects. Xiq are a set
of household-level control variables that may vary over time: the log of household income,
household size, employment status, weekly hours of employment, marital status, age, race
and log years of education.10 I include "never-treated" Nielsen households, i.e. SNAP
eligible households living in zip codes that did not experience any changes in access to SNAP
authorized retailers and for whom StoreCountzq is 0, as controls in these regressions.11 I
cluster standard errors at the zip-code level.

The coefficient β uncovers the causal impact of SNAP store access if the timing of store
SNAP authorization is unrelated to endogenous trends in the outcomes, conditional on
time-invariant zip code characteristics (αz), household characteristics Xiq and time-varying
statel-level shocks (γqs(z)). In order to assess the validity of this identifying assumption, I
first estimate analogous event study specifications for all outcomes by running the following
regressions:

Yizq =
∑
τ

βτ (Treatedz ∗Dτ
izq) + αz + γqs(z) + δXiq + εizq (3.2)

where Treatedz is an indicator for whether a zip code z experienced any new SNAP store
entries, and Dτ

izq is an indicator representing the time τ in quarters relative to the entry of
the first new SNAP store in a household’s zip code, with the omitted period being 1 quarter
prior to store entry (τ = −1). I estimate these event study regressions for an event window
from 4 quarters before the first SNAP store entry to 8 quarters after, with any observations
from more than 4 quarters before or 8 quarters after binned with the endpoints. Because
some Nielsen households experience more than one SNAP store entry in their zip code during
the sample period, estimates from 3.1 recover a slightly different treatment effect than the βτ
coefficients from the event study, which only consider the first new SNAP store “event”. The
event study estimates only consider the first SNAP store entry in order to avoid bias in both
pre- and post-period event dummies that would stem from repeating household observations
for households experiencing more than one SNAP store entry (Sandler and Sandler, 2014).

10The Nielsen Homescan data reports these demographics for the household head. For households with
two reported household heads, I use the average value of the age, education and work hours reported for the
two household heads.

11Approximately 10,000 of the 17,628 SNAP eligible Nielsen households experienced a SNAP store entry
in their zip code. See Table 3.1 for summary statistics for these two groups; “treated” and “untreated” SNAP
eligible households are similar on observables.
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However, plotting these βτ coefficients graphically can shed light on whether there are any
endogenous trends in household expenditures prior to the first entry of a SNAP store in the
zip code of residence that may threaten the validity of the research design.

Within-Month Cyclicality in Spending After investigating the effects of increased ac-
cess to SNAP stores on quarterly household food expenditures, I then explore how improv-
ing access to SNAP retailers impacts within-month food spending cycles. First, I provide a
descriptive analysis of the within-month food expenditure cycle for all SNAP eligible house-
holds. Using household by week expenditure data, I estimate the following specification

Yizqw =
4∑

w=2

(λwWeekw) + αz + γqs(z) + δXiq + εizqw (3.3)

where Y is the log of total food expenditures for household i living in zip code z during
week w and quarter-year q, and Weekw is series of indicators for the week of the month,
with the first week as the omitted indicator. Thus the λw coefficient estimates the average
weekly household food expenditures in week w relative to the first week of the month.

Because SNAP monthly benefits are administered on different days of the month de-
pending on state SNAP distribution policy, I estimate these weekly expenditure regressions
separately as follows. I divide the full sample into four mutually exclusive groups: (i) states
in which all SNAP benefits are disbursed on the 1st day of the month (7 states), (ii) states in
which benefit disbursement is staggered across the 1st week (8 states), (iii) states with stag-
gered disbursement across the first two weeks of the month (25 states), and (iv) states with
staggered disbursements across three or more weeks in the month (10 states).12 We would
expect the within-month expenditure cycle to be strongest for Nielsen households living in
states that disburse benefits at the beginning of the month. I exclude households living in a
state that changed its SNAP disbursement policy within 8 quarters before or after a SNAP
retailer entry occurred.

Next, after establishing the magnitude of this within-month “SNAP cycle” in food ex-
penditures, I estimate the impact of increased access to SNAP retailers on the severity of
this cycle. My primary specification for this analysis takes the form:

Yizqw =
4∑

w=2

[βw(Weekw ∗ Storecountzq) + λwWeekw] + αz + γqs(z) + δXiq + εizqw (3.4)

where Y is the log of total food expenditures for household i living in zip code z during
week w and quarter-year q. As in equation 3.1, StoreCountzq represents the count of new
SNAP store entries in zip code z as of quarter-year q, and Weekw is series of indicators for
the week of the month, with the first week as the omitted indicator. Thus the βw coefficient

12State SNAP distribution schedules are available from the USDA Economic Research Service’s SNAP
Distribution Schedule Database.
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estimates the effect of SNAP store entry on average weekly household expenditures relative
to the first week of the month. I again estimate this regression separately by state SNAP
distribution policy.

3.5 Results

Quarterly Household Expenditures

Tables 3.2, 3.3 and 3.4 present estimates of β from equation 3.1 for new SNAP supermarkets,
small grocers and convenience stores, respectively. For each of the SNAP store types, column
1 presents the effect of a new SNAP store authorization on the share of a household’s
quarterly expenditures spent at a retailer of that type. This allows us to better understand
whether the entry of a new SNAP store actually changes where SNAP eligible households
do their shopping.

As presented in Table 3.2, when a supermarket gains SNAP authorization in a zip code,
there is no statistically significant impact on the share of household spending at supermarkets
more generally. Given the existing evidence suggesting that the majority of households (both
high and low income) do their main food shopping at supermarkets, supercenters and large
grocery stores, this is to be expected (Ver Ploeg et al., 2015).13

However, the SNAP authorization of smaller groceries and convenience stores does have
a statistically significant impact on the share of quarterly expenditures at these store types
(see Table 3.3 and 3.4). This suggests that SNAP eligible households are diverting some of
their shopping (approximately 4.5 percent after the entry of a small grocery and 1.4 percent
for convenience stores) towards the newly SNAP authorized retailers. As we would expect,
the magnitude of this effect is smaller for convenience stores, which have a relatively limited
selection of SNAP-eligible (food) items.

Next, I examine whether the entry of a new SNAP authorized store impacts the com-
position of quarterly household purchases. Column (2) presents the impacts of SNAP store
entry on the share of household expenditures on SNAP ineligible items. SNAP benefits may
be spent on any food items for consumption at home, except for hot prepared foods that
are fit for immediate consumption.14 For all three SNAP store types, I find that new store
entry leads to a small but statistically significant reduction in SNAP ineligible expenditure
shares of about 0.2 percent. This small shift toward spending more on SNAP-eligible food
could imply either that households are spending more of their SNAP benefits than they were
before, or that increased access to SNAP retailers impacts a household’s marginal propensity
to consume food out of SNAP benefits.

13In addition, prior research studying the effect of supermarket and supercenter entry on consumer shop-
ping behavior finds that new supermarket entries simply divert sales from other supermarkets.

14Examples of SNAP ineligible items sold at food retailers in the Nielsen data include a hot rotisserie
chicken, cleaning supplies, beer or wine, and paper goods.
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One of the policy goals of SNAP is to improve access to nutritious foods for low-income
households. Thus, it is important for the optimal design of the program to understand
whether increasing access to SNAP authorized retailers impacts the nutrient content of
SNAP household food purchases. I do not currently have access to comprehensive nutrition
content data by UPC code that would allow me to measure the nutrient intake of the Nielsen
households. However, expenditure shares serve as an informative proxy. Columns (3), (4)
and (5) provide estimates of the impact on the share of expenditures spent on fresh fruit,
fresh vegetables and sugar-sweetened beverages after SNAP retailer entry.

I find that new SNAP retail entry leads to a very small but statistically significant
reduction in expenditures on fresh fruits and vegetables, as well as a reduction in the share
spent on sugar-sweetened beverages. Although these impacts are statistically significant,
magnitudes are small (less than a 1 percent reduction in expenditures for all store types)
and the direction of the effects are not consistent- a reduction in sugar-sweetened beverage
consumption is presumably better for household nutrition,15 yet reductions in fresh produce
consumption is not. This suggests that a more comprehensive analysis of the nutrient intake
of these households after SNAP store entry is needed.16

Robustness As outlined in Section 3.4, the difference-in-differences estimates presented
above are valid only if the timing of new SNAP store entry is unrelated to endogenous trends.
In order to assess the potential of pre-trends in outcomes, I estimate the event study analog
presented in equation 3.2 for all outcomes. These event study estimates only consider the
first SNAP store entry in a zip code in order to avoid the bias that would stem from repeating
household observations for households experiencing more than one SNAP store entry. The
drawback of this approach is that the estimates of the post-event dummies become much
noisier.

Figure 3.4 presents event study estimates of the effect of SNAP store access on share
of expenditures by retail store type. We might think that retailers apply to become SNAP
authorized in response to demand changes in a zip-code; examining the share of household
expenditures at the various store types before and after SNAP retailer authorization allows
me to test if this could bias the estimates presented above.17. Pre-event dummies are gen-
erally flat and statistically insignificant, suggesting that SNAP store authorization does not
occur differentially in response to changes in SNAP household demand. However, there is
evidence of a slight pre-trend (though not statistically significant) for small grocer entry.

An additional threat to the validity of this design is the existence of coincident policy
shocks that impact both SNAP retailer authorization and SNAP household grocery shopping

15Sugary drinks are the single largest source of added sugars in the US diet, and are associated with
increases in various chronic conditions including diabetes and heart disease (Imamura et al., 2015; Ludwig,
2002)

16Using retail scanner data and SNAP administrative data, Hastings et al. (2019) find that entry in to
the SNAP program has small and inconsistently-signed impacts on the nutrient content of foods purchased
at home.

17See Appendix Figures C.2, C.3 and C.4 for event study results for all outcomes.
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behavior. As described in Section 3.2, SNAP policy regarding retailer authorization was
stable from 1994 until the 2014 Farm Bill, so there were no direct changes to SNAP retailer
policy during the period studied in this paper. However, the advent of the 2008 Great
Recession led to a sizable, but temporary, increase in SNAP household benefits through the
2009 American Recovery and Reinvestment Act (ARRA). From April 2009 until November
2013, the monthly maximum household SNAP benefit was increased by 13.6 percent. If this
benefit increase impacted household expenditure patterns and demand for SNAP authorized
stores, the above estimates could be confounded by this policy.18 In order to verify that the
results presented above are not driven by these benefit increases, I estimate results excluding
the post-ARRA period (beginning in the second quarter of 2009), shown in appendix Table
C.1. Reassuringly, results excluding SNAP store entries after the first quarter of 2009 appear
to be largely similar in magnitude, although are estimated with less precision due to the
smaller sample size.

Within-Month Expenditure Cycles

There is an established line of empirical research that demonstrating that just after receiving
their monthly SNAP benefits, recipients spend more money on food, and consume more and
healthier food, compared to later in the month (Shapiro, 2005; Hastings and Washington,
2010; Castner and Henke, 2011). This within-month variation in expenditures has been
shown to be linked to intra-month variation in downstream outcomes including hospitaliza-
tions for nutrition-related conditions, test scores and school performance, and crime rates
(Basu et al., 2017; Gassman-Pines and Bellows, 2018; Carr and Packham, 2019).

In Table 3.5, I estimate the magnitude of the within-month food expenditure cycle for
SNAP-eligible Nielsen households between 2004 and 2010. As shown in column (1), SNAP
households in states that disburse all benefits on the first day of the month have the strongest
within-month cycle in food expenditures: expenditures in week 2 are almost 6 percent lower
than in week 1, and by the 4th week of the month weekly household expenditures drop by
37 percent. This cyclicality is present and statistically significant at the 1 percent level for
SNAP-eligible households in all states, as shown in columns (2) through (4). The magnitude
of this within-month cycle is consistent with the prior literature; Hastings and Washington
(2010) find that food expenditures decline by 30 percent in week 4 relative to week 1 for
SNAP and TANF recipients in Nevada, and Shapiro (2005) finds a 20 percent reduction in
spending in week 4 relative to week 1 using national survey data.

Next, using the authorization of a new SNAP retailer as a source of quasi-exogenous
variation in retail supply, I estimate the impact of improving access to SNAP retailers on the
severity of this “SNAP cycle”. Tables 3.6, 3.7 and 3.8 present estimates of βw from equation
3.4 for new SNAP supermarkets, small grocers, and convenience stores, respectively. Across
all three store types, there is suggestive evidence that access to a new SNAP store increases

18Existing research shows that the ARRA SNAP benefit increase led to increases in benefit redemptions
at superstores (Andrews et al., 2013), as well as increases in overall food spending on food at home (Beatty
and Tuttle, 2015).
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food expenditures in the last 3 weeks of the month relative to the first week. As we would
expect, these impacts are largest for households that receive their benefits in the first one or
two weeks of the month (columns (1), (2), and (3)).

These estimated effects are small, but are largest for new SNAP supermarkets. Access
to a new SNAP supermarket in the zip code of residence raises average household food
expenditures in the 4th week of the month by 0.1 percent relative to the 1st week in states
with SNAP distribution in the first week of the month (Table 3.6 Columns (1) and (2)).
Using estimates from Table 3.5 as a benchmark, this implies about a .3 percent increase in
expenditures in the 4th week of the month after a SNAP store entry relative to before. I
find less evidence of a consistent impact of smaller SNAP grocery or convenience store entry
on the within-month food expenditure cycle.

3.6 Conclusion
Using nationally representative household scanner data, in this chapter I estimate the impact
of increasing access to SNAP authorized stores on food spending behavior among low-income
households. I use a difference in differences strategy that leverages variation in the timing
of new SNAP store authorization, and find that access to a new SNAP retailer in a zip
code leads to reductions in the share of household expenditures on SNAP ineligible items,
small reductions in spending on both fresh produce and sugar-sweetened beverages, and a
reduction in the severity of the intra-month SNAP expenditure cycle, particularly for SNAP
supermarket entries.

These estimates imply that local access to a SNAP authorized retailer does have a mean-
ingful impact on how SNAP participants purchase food, and that these effects differ by the
type of retailer. This means that there could be gains to incentivizing retailer participation
in SNAP, although the precise impacts of increased store participation in SNAP on nutri-
tional intake of SNAP households requires further study. Given the existing prior evidence
of the negative impacts of within-month cyclicality in food spending among SNAP house-
holds, these results suggest that supply-side incentives may have an important role to play
in mitigating the severity of the “SNAP cycle” in food spending and consumption.

By studying the impacts of EBT, benefit generosity in cash welfare, and retailer access
in SNAP, this dissertation has shown that increasing access to the U.S. social safety net has
the potential to greatly improve outcomes for eligible households in a variety of contexts.
Being able to quantify the impacts of access to the social safety net has important implica-
tions for designing optimal policy. In Chapter 1, I show that reducing burdens associated
with participating in SNAP can have large effects on participation and downstream health
outcomes for eligible non-participants. This adds to a growing literature on the causes and
consequences of incomplete take-up by quantifying the downstream impacts of policy re-
forms that increase take-up. In Chapter 2, I corroborate the existing prior evidence showing
that providing an unconditional cash transfer can reduce labor market participation among
recipients; I additionally provide novel evidence that receiving these benefits also leads to
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meaningful improvements in outcomes for the children of recipients. Given the wealth of
evidence of the importance of early-life conditions on long-term well-being, these results
suggest that non-work-contingent cash assistance can play an important role in improving
outcomes. Lastly, the results in Chapter 3 highlight the importance of geographic access
to SNAP authorized food stores. By estimating the impact of a new SNAP store opening
on SNAP household food expenditure patterns, I provide novel evidence that supply side
considerations may have a meaningful impact on the effectiveness of SNAP.
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3.7 Figures and Tables

Figure 3.1: SNAP Retailer New Authorizations by Zip Code, 2004-2010

Notes: Figure plots the number of new SNAP retail authorizations of any kind oc-
curring in a given zip code between 2004 and 2010. Count does not include stores
that became re-authorized after a period of non-participation. Source: USDA Store
Tracking and Redemption System data through 2010.
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Figure 3.2: Timing of SNAP Authorized Retailer Entry

(a) Supermarket (b) Small-Medium Grocer

(c) Convenience Store

Notes: Figures plot the number of new SNAP retail authorizations in a given quarter for each SNAP retailer
type. “Supermarkets” include all super centers, supermarkets, and large grocers as defined by USDA. Stores
that were re-authorized after a period of inactivity are not included as “new” authorizations.
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Figure 3.3: Trends in SNAP Authorization relative to Universe of Retailers, by Type

(a) Supermarket (b) Small-Medium Grocer

(c) Convenience Store

Notes: Figures plot the number SNAP authorized retailers (left axis) against the total number of retailers
of a given type as measured in the establishment counts from the Census Zip Code Business Patterns (ZBP).
SNAP store types correspond with USDA definitions, while ZBP store types are determined by NAICS codes
that correspond most closely to the USDA definitions.



CHAPTER 3. SNAP RETAILER ACCESS AND FOOD PURCHASING BEHAVIOR 88

Figure 3.4: Event Study Estimates: Share of Household Expenditures by SNAP Store Type

(a) Supermarket Entry: Share Expenditures at
Supermarket

(b) Small Grocer Entry: Share Expenditures at
Non-Chain Grocery Stores

(c) Convenience Store Entry: Share Expenditures at Convenience Stores

Notes: This figure plots the estimates of the effect of the first new SNAP store authorization (“entry”) of a
given store type in a zip code on the share of household quarterly expenditures spent at that retailer type.
Sample is restricted to Nielsen Homescan households with reported household income less than 130 percent
of the federal poverty guideline (“SNAP eligible” based on the gross income test), N=17,628.
SNAP store types are determined by the USDA classifications; Nielsen store types are determined based on
Nielsen defined retail channel types that best correspond with defined SNAP store types. Figures present
the 95 percent confidence intervals for the corresponding event-time coefficients. All regressions control
for zip code fixed effects, quarter-year by state fixed effects, and a vector of household characteristics (log
household income, household size, employment status, weekly work hours, marital status, age indicators,
race indicators, and log years of education). Standard errors clustered at the zip code level.



CHAPTER 3. SNAP RETAILER ACCESS AND FOOD PURCHASING BEHAVIOR 89

Table 3.1: Descriptive Statistics: Nielsen Households

SNAP Eligible All Nielsen

Any Entry No Entries

Years of Education 13.46 13.39 14.38
Household Income (Thousands) 22.81 20.43 62.12
Household Size 2.51 2.85 2.54
White 0.79 0.86 0.83
Black 0.13 0.07 0.09
Employed (%) 0.42 0.43 0.65
Weekly Work Hours 14.36 14.83 24.29
Married 0.42 0.49 0.63
Age 55.40 51.65 53.04

Observations 11,671 5,957 125,114

Notes: Source: Nielsen Homescan Consumer Panel years 2004-2010. SNAP
eligibility is imputed based on annual household income and family size,
according to the SNAP gross income limit (130% of the Federal Poverty
Guideline). Nielsen household characteristics are reported for the household
head. If a household reports demographics for two household heads, I take
the average of the values for both heads. Reported household income across
panel years is converted to 2010 dollars using the Bureau of Labor Statistics
Consumer Price Index for urban consumers.
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Table 3.2: Effect of New SNAP Supermarket Authorization on Expenditure Shares

(1) (2) (3) (4) (5)
Supermarket SNAP-Inel. Fresh Fruit Fresh Veg. SSBs

StoreCount 0.0018 -0.00044 -0.00017** -0.00022*** -0.00030**
(0.0012) (0.00039) (0.000073) (0.000080) (0.00012)

Observations 269109 269109 269109 269109 269109
Pre-Event Mean 0.69 0.21 0.011 0.020 0.032
Coeff/Mean 0.0026 -0.0021 -0.0155 -0.0110 -0.0094

Notes: This table presents β coefficients from equation 3.1 for SNAP eligible households.
Regressions estimate the effect of a new SNAP authorized supermarket on the share of house-
hold expenditures spent on a given product type (columns (2)-(5)) or store type (column
(1)). StoreCount is defined as the number of new SNAP authorized supermarkets in a given
zip code. “Supermarkets” include all large grocery stores, super centers and supermarkets.
“Coeff/Mean” reports the estimated effect (β) divided by the pre-event mean of the outcome
variable. All regressions control for zip code fixed effects, quarter-year by state fixed effects,
and a vector of household characteristics (log household income, household size, employment
status, weekly work hours, marital status, age indicators, race indicators, and log years of
education). Standard errors clustered at the zip code level.
* p<0.10, ** p<0.05, ***p<0.01.
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Table 3.3: Effect of New SNAP Small Grocery Authorization on Expenditure Shares

(1) (2) (3) (4) (5)
Non-Chain SNAP-Inel. Fresh Fruit Fresh Veg. SSBs

StoreCount 0.0027*** -0.00043* -0.00011** -0.00017*** -0.00015*
(0.0010) (0.00026) (0.000043) (0.000050) (0.000086)

Observations 269109 269109 269109 269109 269109
Pre-Event Mean 0.06 0.21 0.011 0.020 0.034
Coeff/Mean 0.045 -0.0020 -0.0155 -0.0110 -0.0088

Notes: This table presents the β coefficients from equation 3.1 for SNAP eligible house-
holds. Regressions estimate the effect of a new SNAP authorized Small or Medium grocery
store on the share of household expenditures spent on a given product type (columns (2)-
(5)) or store type (column (1)). StoreCount is defined as the number of new SNAP
authorized small or medium grocery stores in a given zip code. “Coeff/Mean” reports the
estimated effect (β) divided by the pre-event mean of the outcome variable. All regres-
sions control for zip code fixed effects, quarter-year by state fixed effects, and a vector
of household characteristics (log household income, household size, employment status,
weekly work hours, marital status, age indicators, race indicators, and log years of educa-
tion). Standard errors are clustered at the zip code level.
* p<0.10, ** p<0.05, ***p<0.01.
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Table 3.4: Effect of New SNAP Convenience Store Authorization on Expenditure Shares

(1) (2) (3) (4) (5)
Convenience SNAP-Inel. Fresh Fruit Fresh Veg. SSBs

StoreCount 0.0015*** -0.00040*** -0.000086*** -0.00012*** -0.00012***
(0.00024) (0.00012) (0.000021) (0.000022) (0.000040)

Observations 269109 269109 269109 269109 269109
Pre-Event Mean 0.105 0.21 0.011 0.020 0.033
Coeff/Mean 0.014 -0.0019 -0.0078 -0.0060 -0.0036

Notes: This table presents the β coefficients from equation 3.1 for SNAP eligible households.
Regressions estimate the effect of a new SNAP authorized convenience store on the share of
household expenditures spent on a given product type (columns (2)-(5)) or store type (column
(1)). StoreCount is defined as the number of new SNAP authorized convenience stores in a
given zip code. “Coeff/Mean” reports the estimated effect (β) divided by the pre-event mean
of the outcome variable. All regressions control for zip code fixed effects, quarter-year by state
fixed effects, and a vector of household characteristics (log household income, household size,
employment status, weekly work hours, marital status, age indicators, race indicators, and log
years of education). Standard errors are clustered at the zip code level.
* p<0.10, ** p<0.05, ***p<0.01.
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Table 3.5: Within-Month Expenditure Cycle, SNAP Eligible House-
holds

(1) (2) (3) (4)
SNAP Distr. 1st Day 1st week 1st two weeks Throughout
Rule Month

Week2 -0.056*** -0.035*** -0.046*** -0.020***
(0.0089) (0.0089) (0.0026) (0.0033)

Week3 -0.094*** -0.058*** -0.084*** -0.054***
(0.010) (0.0098) (0.0031) (0.0039)

Week4 -0.37*** -0.33*** -0.35*** -0.31***
(0.012) (0.013) (0.0035) (0.0045)

Observations 109956 102660 1452491 764225

Notes: This table presents the λw coefficients from equation 3.3 for
SNAP eligible households. Outcome variable is the log of weekly house-
hold expenditures at all food retailers. Regressions estimate the share
of household expenditures in the indicated week of the month relative
to the first week. Regressions are estimated separately based on the
SNAP distribution policy in the household’s state of residence (denoted
in column header). All regressions control for zip code fixed effects,
quarter-year by state fixed effects, and a vector of household character-
istics (log household income, household size, employment status, weekly
work hours, marital status, age indicators, race indicators, and log years
of education). Standard errors are clustered at the zip code level.
* p<0.10, ** p<0.05, ***p<0.01.
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Table 3.6: Effect of New SNAP Supermarket on Monthly Expenditure Cycle

(1) (2) (3) (4)
SNAP Distribution Rule 1st Day 1st week 1st two weeks Throughout Month

StoreCount*Week2 0.00049 0.000068 -0.0000035 0.00029**
(0.00048) (0.00048) (0.000077) (0.00012)

StoreCount*Week3 0.00052 0.0011** 0.00029*** -0.000068
(0.00056) (0.00055) (0.000088) (0.00014)

StoreCount*Week4 0.0011* 0.0012* 0.00043*** 0.00021
(0.00059) (0.00061) (0.00011) (0.00017)

Observations 109956 102660 1452491 764225

Notes: This table presents the βw coefficients from equation 3.4 for SNAP eligible house-
holds. Outcome variable is the log of weekly household expenditures at all food retailers.
Regressions estimate the effect of a new SNAP authorized supermarket on the share of
household expenditures in a given week of the month, relative to the first week. Store-
Count is defined as the number of new SNAP authorized convenience stores in a given zip
code. Regressions are estimated separately based on the SNAP distribution policy in the
household’s state of residence (denoted in column header). All regressions control for week
fixed effects, zip code fixed effects, quarter-year by state fixed effects, and a vector of house-
hold characteristics (log household income, household size, employment status, weekly work
hours, marital status, age indicators, race indicators, and log years of education). Standard
errors are clustered at the zip code level.
* p<0.10, ** p<0.05, ***p<0.01.
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Table 3.7: Effect of New SNAP Small-Medium Grocery Authorization on Monthly Expen-
diture Cycle

(1) (2) (3) (4)
SNAP Distribution Rule 1st Day 1st week 1st two weeks Throughout Month

StoreCount*Week2 -0.00024 0.00047*** 0.00015** 0.000070
(0.00050) (0.00016) (0.000067) (0.000073)

StoreCount*Week3 -0.00083 0.00032* 0.00016** 0.000025
(0.00077) (0.00018) (0.000067) (0.000083)

StoreCount*Week4 0.00019 0.00029 0.00018*** 0.000028
(0.00066) (0.00026) (0.000068) (0.000083)

Observations 109956 102660 1452491 764225

Notes: This table presents the βw coefficients from equation 3.4 for SNAP eligible households.
Outcome variable is the log of weekly household expenditures at all food retailers. Regressions
estimate the effect of a new SNAP authorized small-medium grocery store on the share of
household expenditures in a given week of the month, relative to the first week. StoreCount
is defined as the number of new SNAP authorized convenience stores in a given zip code.
Regressions are estimated separately based on the SNAP distribution policy in the household’s
state of residence (denoted in column header). “Coeff/Mean” reports the estimated effect (β)
divided by the pre-event mean of the outcome variable. All regressions control for week fixed
effects, zip code fixed effects, quarter-year by state fixed effects, and a vector of household
characteristics (log household income, household size, employment status, weekly work hours,
marital status, age indicators, race indicators, and log years of education). Standard errors
are clustered at the zip code level.
* p<0.10, ** p<0.05, ***p<0.01.
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Table 3.8: Effect of New SNAP Convenience Store Authorization on Monthly Expendi-
ture Cycle

(1) (2) (3) (4)
SNAP Distribution Rule 1st Day 1st week 1st two weeks Throughout Month

StoreCount*Week2 0.000020 0.00027* 0.00000080 0.000074*
(0.00021) (0.00014) (0.000026) (0.000044)

StoreCount*Week3 -0.00030 0.00034 0.000024 0.000040
(0.00020) (0.00026) (0.000023) (0.000037)

StoreCount*Week4 0.00026 0.00022 0.000048 0.000012
(0.00022) (0.00021) (0.000029) (0.000040)

Observations 109956 102660 1452491 764225

Notes: This table presents the βw coefficients from equation 3.4 for SNAP eligible house-
holds. Outcome variable is the log of weekly household expenditures at all food retailers.
Regressions estimate the effect of a new SNAP authorized convenience store on the share
of household expenditures in a given week of the month, relative to the first week. Store-
Count is defined as the number of new SNAP authorized convenience stores in a given zip
code. Regressions are estimated separately based on the SNAP distribution policy in the
household’s state of residence (denoted in column header). “Coeff/Mean” reports the es-
timated effect (β) divided by the pre-event mean of the outcome variable. All regressions
control for week fixed effects, zip code fixed effects, quarter-year by state fixed effects, and
a vector of household characteristics (log household income, household size, employment
status, weekly work hours, marital status, age indicators, race indicators, and log years of
education). Standard errors are clustered at the zip code level.
* p<0.10, ** p<0.05, ***p<0.01.
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Appendix A

Appendix to Chapter 1

A.1 Appendix to Take-Up Results

Figure A.1: County Implementation Dates, by Region

Notes: Implementation regions and dates obtained from the California EBT Project.
Regions are implementation regions as defined by the California Office of Systems
Integration during EBT rollout. Figure excludes San Bernardino, San Diego and Los
Angeles County (Region 1).
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Figure A.2: Share of Issuances by EBT, in Event time

Notes: CDSS started reporting EBT issuances separately in November 2003; this
figure plots the share of benefit issuances by EBT for counties that adopted EBT
during or after this date (18 counties).
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Figure A.3: EBT and Cash Welfare Caseloads(Cal-Works)

Notes: Figure plots the estimated βk coefficients from Equation 1.1 for the estimated
impact of EBT on Cal-Works (TANF) caseloads. Regression controls for time-varying
county unemployment, county fixed effects and quarter-year fixed effects. Standard
errors clustered at the county level.
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Figure A.4: EBT Rollout Timing and County Welfare Office Outreach

(a) Outstationed Eligibility Workers
(β = −.006 (SE = .039))

(b) Log(Number of Certification Sites)
(β = .038 (SE = .0719))

(c) Outreach Hotline (β = −.064
(SE = .0435))

Notes: Figures plot the correlation between the given annual outreach measure by
county and the time relative to EBT adoption (in years), weighted by county popu-
lation. Year 0 denotes the year that a given county adopted EBT. Data are annual
county-reported measures of outreach taken from the CDSS Food Stamp Program Op-
eration and Access Report for fiscal years 2001-2004. Sample consists of California
counties excluding San Bernardino, San Diego, and Los Angeles.
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Figure A.5: Geographic Variation in Food Stamp Authorized Grocery Stores, 2000

(a) Zip Code Number of Stores per 1,000 Households in Poverty

(b) Food Stamp Authorized Store “Participation Rates”

Notes: Data for food stamp authorized stores come from the USDA STARS database.
Food stamp authorized grocery stores are defined as all supermarket, superstore, and
small, medium and large grocery stores as defined by USDA (excluding convenience
stores and specialty stores). In panel (b), participation rates are defined as the zip
code number of food stamp authorized grocery stores divided by the zip code number
of grocery stores identified in the Census Zip Code Business Patterns (ZBP) data.
Some geographic mismatch may be due to incomplete correspondence between USPS
zip code and Census Zip Code Tabulation Areas.
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Figure A.6: Store Counts by Zip Code Median Income: Food Stamp Stores and All Stores

(a) ZBP Establishments

(b) Food Stamp Authorized Stores

Notes: Store counts are annual averages across years 2000 and 2001. Data for food stamp authorized stores
come from the USDA STARS database, with store types as defined by USDA. I identify grocery stores in
the Zip Code Business Patterns based on NAICS codes.
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Tables

Table A.1: Summary Statistics: County Food Stamp Caseloads, 2000

Mean SD

Households 5827 7699
Persons 16619 23509
Monthly Applications 760 968
Cash Assistance HHs 3336 5026
Non-Cash Assistance HHs 2490 2911
Avg Benefit Amount per HH 193.9 27.7
Avg Persons per Household 2.6 0.3
% Applications Denied 21.5 7.1
% Terminated Recertifications 20.1 10.6
% Able-Bodied Adults without Dependents 6.6 8.0
Race/Ethnicity:

% Asian-Pacific Islander 5.5 7.5
% Black 7.4 10.8
% Hispanic 27.0 22.6
% Non-Hispanic White 55.5 27.0
% Other 4.7 9.4

Notes: CDSS administrative counts for all sample counties (N=55). Ex-
cluding San Bernardino, San Diego and Los Angeles county.
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Table A.2: All Coefficients: Participation Results

(1) (2) (3) (4)
βk Households Persons Applications Failed Recertif.

(log) (log) (log) (share)

<-9 0.021 0.039 0.012 0.0045
(0.066) (0.069) (0.042) (0.011)

-8 0.028 0.044 0.016 0.0021
(0.049) (0.056) (0.038) (0.010)

-7 0.020 0.037 -0.0033 0.0046
(0.037) (0.043) (0.030) (0.0094)

-6 0.011 0.023 -0.012 0.0054
(0.028) (0.032) (0.023) (0.0074)

-5 0.0018 0.014 -0.012 0.0087
(0.019) (0.023) (0.018) (0.0069)

-4 0.0018 0.0100 0.018 0.0023
(0.016) (0.019) (0.017) (0.0055)

-3 -0.000024 0.0025 0.014 0.0035
(0.012) (0.013) (0.016) (0.0040)

-2 -0.0017 0.00077 0.0082 0.0012
(0.0076) (0.0083) (0.0100) (0.0033)

0 0.0095 0.0067 0.029** 0.0089
(0.0084) (0.0097) (0.013) (0.014)

1 0.046*** 0.032** 0.046** -0.0094
(0.013) (0.013) (0.018) (0.0063)

2 0.062*** 0.052*** 0.025 -0.013*
(0.018) (0.017) (0.021) (0.0069)

3 0.075*** 0.061*** 0.012 -0.013
(0.023) (0.020) (0.029) (0.0093)

4 0.10*** 0.089*** 0.067** -0.017**
(0.028) (0.025) (0.031) (0.0075)

5 0.12*** 0.11*** 0.093*** -0.022**
(0.036) (0.032) (0.033) (0.0093)

6 0.14*** 0.13*** 0.058 -0.017
(0.044) (0.040) (0.061) (0.012)

7 0.16*** 0.14*** 0.054 -0.028***
(0.051) (0.047) (0.067) (0.0093)

8 0.19*** 0.17*** 0.13** -0.032***
(0.055) (0.052) (0.048) (0.0082)

9+ 0.20*** 0.18*** 0.15*** -0.025**
(0.065) (0.062) (0.046) (0.010)

Observations 1705 1705 1705 1705
Pre-Event Mean 7.71 8.64 5.83 0.21

This table presents event study coefficients from regressions of the effect
of EBT adoption on measures of food stamp participation. Regressions
control for the time-varying county unemployment rate, county fixed ef-
fects and quarter-year fixed effects. Standard errors clustered at the
county level, and regressions are weighted by county population.
* p<0.10, ** p<0.05, ***p<0.01.
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Table A.3: All Coefficients: Caseload Composition

(1) (2) (3)
Share Non-Cash Applications Denied Avg Benefit

per Household

< -9 -0.038 -0.0084 5.29
(0.059) (0.049) (11.2)

-8 -0.028 -0.011 5.29
(0.045) (0.042) (8.29)

-7 -0.022 -0.011 5.43
(0.040) (0.037) (7.03)

-6 -0.010 -0.0082 3.30
(0.033) (0.032) (5.87)

-5 -0.0054 -0.0039 2.66
(0.027) (0.027) (4.65)

-4 -0.0059 -0.0071 0.92
(0.020) (0.020) (3.77)

-3 -0.000074 -0.0071 0.54
(0.013) (0.013) (2.35)

-2 0.0034 -0.0034 0.74
(0.0073) (0.0075) (1.60)

0 -0.00029 -0.0048 -1.39
(0.0062) (0.0068) (2.41)

1 -0.0060 -0.00084 -1.22
(0.014) (0.012) (3.60)

2 -0.015 0.00035 -0.60
(0.023) (0.018) (4.02)

3 -0.017 0.0011 0.96
(0.027) (0.023) (4.50)

4 -0.0065 0.00043 0.10
(0.026) (0.0056) (5.47)

5 0.012 -0.018 2.57
(0.046) (0.037) (6.47)

6 0.035** -0.020 4.99
(0.015) (0.044) (6.78)

7 0.037** -0.010 4.91
(0.015) (0.047) (7.65)

8 0.046*** -0.0058 1.02
(0.017) (0.0090) (9.01)

9+ 0.036** -0.0078 1.12
(0.018) (0.053) (10.5)

Observations 1705 1705 1705
Pre-Event Mean 0.52 0.20 215.7

Notes: This table presents event study coefficients from regressions of the effect
of EBT adoption on measures of food stamp recipient composition. Regressions
control for the time-varying county unemployment rate, county fixed effects
and quarter-year fixed effects. Standard errors clustered at the county level,
and regressions are weighted by county population.
* p<0.10, ** p<0.05, ***p<0.01.
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Table A.4: Robustness: Participation Effect

(1) (2) (3) (4) (5) (6) (7)

Log Households
4 quarter effect 0.10*** 0.10*** 0.14*** 0.21*** 0.22*** 0.12*** 0.068***

(0.029) (0.028) (0.029) (0.059) (0.074) (0.023) (0.014)
8 quarter effect 0.19*** 0.19*** 0.25*** 0.35*** 0.40*** 0.21*** 0.12***

(0.054) (0.055) (0.052) (0.11) (0.14) (0.045) (0.012)
N 1705 1705 1705 1705 1705 1705 1705
Pre-Event Mean 7.71 7.71 7.71 7.71 7.71 7.71 7.71

Log Applications
4 quarter effect 0.073** 0.067** 0.071** 0.13** 0.22*** 0.085*** 0.025

(0.033) (0.031) (0.033) (0.064) (0.069) (0.028) (0.030)
8 quarter effect 0.13** 0.13** 0.15** 0.26** 0.40*** 0.14*** 0.13***

(0.052) (0.048) (0.060) (0.11) (0.11) (0.043) (0.040)
N 1705 1705 1705 1705 1705 1705 1705
Pre-Event Mean 5.83 5.83 5.83 5.83 5.83 5.83 5.83

Share Failed Recertifications
4 quarter effect -0.018** -0.017** -0.016** -0.026* -0.021* -0.016** -0.021***

(0.0074) (0.0075) (0.0072) (0.013) (0.010) (0.0074) (0.0061)
8 quarter effect -0.032*** -0.032*** -0.032** -0.053** -0.042** -0.029*** -0.034***

(0.0081) (0.0082) (0.012) (0.024) (0.017) (0.0083) (0.0064)
N 1705 1705 1705 1705 1705 1705 1705
Pre-Event Mean 0.21 0.21 0.21 0.21 0.21 0.21 0.21

Quarter-Year FE X X X X X X X
County FE X X X X X X X
BLS Unemployment Rate X X X
REIS Transfers X X
2000 County Chars*Time X X
QCEW Employment Controls X
County Linear Trend X

Notes: The baseline (preferred) specification is presented in column (2). REIS transfers are defined as the county’s
real per capita value of annual transfers for Medicaid, Supplemental Security Income, General Assistance, and EITC
benefits. 2000 county characteristics are the percent of the county with less than a high school degree, percent of county
that is urban, and percent of county that is Black or Hispanic taken from the 2000 census. All regressions weighted by
county population, and standard errors are clustered at the county level.
* p<0.10, ** p<0.05, ***p<0.01.
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Table A.6: Falsification Test: Effect of EBT on Economic Indicators

(1) (2) (3)
Unemployment Rate Log(Empl) Share ABAWDs Exempt

from Work Req.

4 quarter effect 0.16 -0.00016 0.085
(0.25) (0.011) (0.10)

8 quarter effect -0.031 -0.012 -0.0090
(0.29) (0.023) (0.046)

Observations 1,705 1,705 1,705
Pre-Event Mean 7.54 10.8 0.11

Notes: Table reports the β4 and β8 coefficients from equation (1.1), estimating the
effect of EBT on time-varying economic indicators. Regressions control for county
fixed effects and quarter-year fixed effects. Standard errors clustered at the county
level, and regressions are weighted by county population.
* p<0.10, ** p<0.05, ***p<0.01.

Table A.7: Participation Response by Baseline Food Stamp Concentration

Log Households Share Non-Cash Share Failed Certifications
(1) (2) (3) (4) (5) (6)

Low FSP High FSP Low FSP High FSP Low FSP High FSP

4 quarter effect 0.082** 0.096*** 0.032 0.0039 -0.028** -0.0037
(0.036) (0.021) (0.021) (0.042) (0.011) (0.022)

8 quarter effect 0.15** 0.25*** 0.051** 0.15*** -0.047*** -0.057**
(0.068) (0.037) (0.024) (0.019) (0.0095) (0.022)

N 899 806 899 806 899 806
Pre-Event Mean 7.62 7.81 0.50 0.54 0.10 0.13

Notes: Low FSP is defined as a county with below median food stamp households per capita, and
High FSP as above-median food stamp households per capita. Regressions control for the time-
varying county unemployment rate, county fixed effects and quarter-year fixed effects. Standard
errors clustered at the county level, and regressions are weighted by county population.
* p<0.10, ** p<0.05, ***p<0.01.
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Table A.8: Impact of EBT on Zip Code Grocery Establishments, by Type

(1) (2) (3)
Any Grocery Small Grocery Supermarket/Superstore

4 quarter effect 0.00043 0.0035 -0.022
(0.027) (0.027) (0.034)

8 quarter effect -0.028 -0.024 -0.046
(0.033) (0.037) (0.055)

Observations 124865 124865 124865
Pre-Event Mean 4.83 4.24 2.10
Coeff/Mean -0.0059 -0.0057 -0.022

Notes: Data are from Census Zip Code Business Patterns (ZBP). Outcome variable
is the number of stores of a given type per 10,000 zip code residents. Store types
are defined using NAICS codes in ZBP data. “Any grocery” includes groceries of
any size, supermarkets and superstores. “Small grocery” is defined as a grocery with
less than 50 employees, and “Supermarket” includes superstores, supercenters, and
groceries with more than 50 employees. Regressions control for the time-varying county
unemployment rate, county fixed effects and quarter-year fixed effects. Standard errors
clustered at the county level, and regressions are weighted by zip code population.
* p<0.10, ** p<0.05, ***p<0.01

Table A.9: Impact of EBT on Food Stamp Authorized
Stores per capita, Non-Grocery

(1) (2) (3)
All High-Poverty Low-Poverty

4 quarter effect -0.0030 0.0059 -0.033
(0.020) (0.037) (0.20)

8 quarter effect -0.16 -0.15 -0.070
(0.39) (0.54) (0.19)

Observations 124865 62730 62135
Pre-Event Mean 9.58 8.87 10.3
Coeff/Mean -0.017 -0.017 -0.0068

Notes: See notes to Table 1.4. Non-grocery stores include
convenience stores and specialty stores. Regressions are
weighted by zip code population, and standard errors are
clustered at the county level. Store type categories come
from USDA definitions.
* p<0.10, ** p<0.05, ***p<0.01
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Table A.10: Summary Statistics: Cash and Non-Cash Households

FSP + No Cash FSP+ Cash All FSP Cases

Monthly Benfit Amount 171.9 237.1 186.6
Earned Income 276.2 107.1 238.1
Unearned Income 371.9 516.5 403.5
Any Children 0.457 0.775 0.529

Number of Children 2.20 2.13 2.18
Number of Children Ages 0-4 0.73 0.76 0.74

Years of Education 8.43 7.84 8.29

Observations 257,314 74,996 332,310

Notes: Source: Food Stamp Quality Control Database, 2000-2006
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A.2 Appendix to Infant Health Analysis

Figures

Figure A.7: Placebo Test: Estimates by Quartile of P̂ r

Notes: This figure presents a placebo check for the effect of EBT adoption on average birth
weight, by plotting coefficients for births in the top quartile of predicted probability of treatment
(green line) against those in the bottom quartile (gray dashed line). Gray shaded region represents
95 percent confidence interval for the bottom quartile coefficient estimates. Regressions control for
time-varying county unemployment, county and quarter-year fixed effects, and a set of indicators
for maternal demographics (age, education, race, parity, and infant gender). Standard errors
clustered at the county level.
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Figure A.8: Robustness: EBT and Average Birth Weight, High-Probability Group

Notes: See notes to Figure 1.8. All regressions include quarter-year and county fixed
effects and a set of indicators for maternal demographics (age, education, race, parity,
and infant gender), and cluster standard errors at county level. Green solid line plots
baseline specification, which also controls for time-varying county unemployment . 2000
county characteristics are the percent of the county with less than a high school degree,
percent of county that is urban, and percent of county that is Black or Hispanic, taken
from the 2000 census. All regressions weighted by county population, and standard
errors are clustered at the county level. Corresponding regression coefficients and
standard errors can be found in Appendix Table A.13.
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Figure A.9: EBT and Average Birth Weight, Alternative Sample Definitions

Notes: See notes to Figure 1.8. This figure plots estimated coefficients using baseline
specification of equation 1.2 for the high-probability group (solid line) against alter-
native definitions of the sample. These are constructed by using the March CPS and
available demographics to predict the probability that a woman lives in a household
that satisfies the indicated conditions (receives food stamps and no cash assistance,
receives any food stamps regardless of cash assistance status, or is eligible for food
stamps as proxied by having household income ≤ 130% FPL). Demographics used for
prediction are: indicators for maternal age (< 20, 20−24, 25−34, 35+), education (high
school degree, some college, college degree or more), race/ethnicity (Black, Hispanic,
White, Asian or other), and number of children (1,2,3 or more). Each group is limited
to the top 25% of the respective predicted probability in the births data.
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Figure A.10: Effect of EBT on Birth Weight Distribution: All Births

(a) Share of Births < Threshold

(b) Unconditional Quantile Partial Effects (RIF Regressions)

Notes: Panel (a): Figure reports the scaled β8 coefficient (solid line) and 95 percent
confidence interval (shaded area) from the baseline specification of equation 1.2 for 60
separate regressions, where the outcome is an indicator for whether the birth is below
the cutoff indicated on the x-axis (cutoffs are between 1500 and 4500 in increments of
50 grams). Coefficients are scaled by the proportion of births below a given cutoff,
and therefore represent percent changes.

Panel (b): Solid line reports the estimated recentered influence function (RIF) linear
approximation of the impact of EBT on the quantiles of the birth weight distribution,
scaled by the birth weight cutoff for each quantile. Thus, each coefficient represents
the percent increase in birth weight at a given quantile. The associated birth weight
cutoff for each quantile is shown on the second x-axis. The dashed line represents the
average treatment effect as a percent of average birth weight.
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Figure A.11: Effect of EBT on Additional Infant Health Outcomes

(a) Preterm Birth

(b) Neonatal Death (c) Fetal Death

Notes: This figure plots estimated event study coefficients effect of EBT adoption on additional infant health
outcomes The shaded region represents the 95 percent confidence interval for the estimated coefficients.
Regressions control for time-varying county unemployment, county and quarter-year fixed effects, and a set
of indicators for maternal demographics (age, education, race, parity, and infant gender). Standard errors
clustered at the county level. Sample consists of births in the high-probability sample as defined in Section
1.7. Corresponding regression coefficients and standard errors can be found in Appendix Table A.11.
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Tables

Table A.11: Event Study Coefficients, Infant Health Outcomes

(1) (2) (3) (4) (5) (6)
Birth Weight Gestation Preterm Infant Death Neonatal Death Fetal Death

(grams) Length (Days) (<37 weeks) (1st year) (<28 days) (>20 weeks gest.)

<-9 1.29 0.40 -0.013* -0.00086 0.000013 -0.00011
(7.82) (0.28) (0.0069) (0.00080) (0.00045) (0.00094)

-8 -3.24 0.039 -0.0062 0.00061 0.00084 0.00041
(8.36) (0.31) (0.0066) (0.00089) (0.00056) (0.00082)

-7 -2.83 0.11 -0.0075 0.00080 0.0010** 0.00070
(8.89) (0.37) (0.0070) (0.00068) (0.00047) (0.00075)

-6 2.06 -0.028 -0.0051 0.00090 0.00012 0.0000093
(6.73) (0.34) (0.0062) (0.00096) (0.00039) (0.00083)

-5 8.25 0.36 -0.0067 -0.00076 -0.00014 0.00049
(7.62) (0.30) (0.0054) (0.00081) (0.00047) (0.00069)

-4 -2.18 0.43 -0.0072 0.00038 0.000079 0.00049
(6.97) (0.31) (0.0049) (0.00077) (0.00055) (0.00078)

-3 7.29 0.20 -0.0031 -0.00052 -0.00057 0.00050
(6.67) (0.26) (0.0032) (0.00063) (0.00047) (0.00057)

-2 5.97 0.15 -0.0016 0.00040 0.00035 -0.000094
(5.53) (0.18) (0.0034) (0.00075) (0.00060) (0.00067)

0 4.15 -0.042 0.00016 0.000078 -0.00048 0.0013
(6.50) (0.22) (0.0036) (0.00076) (0.00047) (0.00080)

1 4.06 -0.075 0.0042 -0.0011* -0.00077* -0.00026
(6.99) (0.25) (0.0034) (0.00066) (0.00039) (0.0010)

2 9.99 -0.100 0.0033 -0.00083 -0.00038 0.00026
(7.27) (0.23) (0.0033) (0.00087) (0.00039) (0.00082)

3 13.3* 0.12 0.0013 -0.0018* -0.00084* 0.00082
(7.09) (0.17) (0.0036) (0.00093) (0.00045) (0.00083)

4 14.1** -0.26 -0.00015 -0.0019** -0.00040 0.00065
(5.75) (0.56) (0.0048) (0.00072) (0.00051) (0.00096)

5 12.4* 0.34 -0.00092 -0.00097 -0.00012 0.00064
(6.81) (0.23) (0.0049) (0.00088) (0.00041) (0.00095)

6 22.5*** 0.43 0.0026 -0.00047 -0.00011 0.00038
(6.36) (0.40) (0.0092) (0.00076) (0.00044) (0.00077)

7 15.8* 0.44 0.0025 -0.0011 -0.00082* 0.00028
(8.05) (0.44) (0.0052) (0.00082) (0.00046) (0.00078)

8 24.3*** 0.61 -0.00081 -0.0020** -0.00050 -0.00011
(7.81) (0.95) (0.0083) (0.00079) (0.00049) (0.00076)

9+ 27.7*** 0.20 0.0020 -0.00082 -0.00042 0.00068
(7.59) (0.36) (0.010) (0.00079) (0.00052) (0.00078)

Obs. 597847 597847 597847 597847 597847 600585
Mean 3376.7 276.8 0.097 0.0059 0.0015 0.0049

Notes: This table presents event study coefficients from regressions of the effect of EBT adoption on measures of
infant health at birth for the high probability sample. Regressions control for the time-varying county unemploy-
ment rate, county fixed effects, quarter-year fixed effects. and a set of indicators for maternal demographics (age,
education, race, parity, and infant gender). Standard errors clustered at the county level. * p<0.10, ** p<0.05,
***p<0.01.
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Table A.13: Robustness, Infant Health Outcomes I

(1) (2) (3) (4) (5) (6)

Birth Weight (grams)
4 quarter effect 9.71 10.0* 15.2** 14.1** 13.5** 14.4**

(5.99) (5.96) (5.76) (5.75) (5.75) (5.62)
8 quarter effect 16.8** 16.0** 25.4*** 24.3*** 21.6*** 22.0**

(7.72) (7.29) (7.94) (7.81) (7.81) (8.52)
N 597847 597847 597847 597847 597847 597847
Pre-Event Mean 3376.7 3376.7 3376.7 3376.7 3376.7 3376.7
Coeff/Mean 0.0050 0.0047 0.0075 0.0072 0.0064 0.0065

Gestation Length (days)
4 quarter effect -0.63 -0.61 -0.27 -0.26 -0.26 -0.17

(0.60) (0.60) (0.56) (0.56) (0.56) (0.54)
8 quarter effect 0.16 0.19 0.60 0.61 0.58 0.73

(0.98) (0.98) (0.95) (0.95) (0.98) (1.05)
N 597847 597847 597847 597847 597847 597847
Pre-Event Mean 276.8 276.8 276.8 276.8 276.8 276.8
Coeff/Mean 0.00059 0.00069 0.0022 0.0022 0.0021 0.0026

Preterm (<37 weeks)
4 quarter effect -0.0018 -0.0021 -0.00057 -0.00015 0.00015 -0.00074

(0.0039) (0.0039) (0.0047) (0.0048) (0.0044) (0.0051)
8 quarter effect -0.0036 -0.0037 -0.0012 -0.00081 0.0013 -0.00010

(0.0066) (0.0064) (0.0082) (0.0083) (0.0066) (0.0079)
N 597847 597847 597847 597847 597847 597847
Pre-Event Mean 0.097 0.097 0.097 0.097 0.097 0.097
Coeff/Mean -0.037 -0.038 -0.013 -0.0084 0.013 -0.0010

Quarter-Year FE X X X X X X
County FE X X X X X X
Demographic Controls X X X X X
2000 County Chars*Time X X
County Unemployment Rate X X
REIS Transfers X
County Linear Trend X

Notes: Column 4 presents estimates for the preferred specification, which includes county and
quarter-year fixed effects, demographic controls, and time-varying unemployment. Demographic
controls are a set of indicators for maternal age, education, race, parity, and infant gender. REIS
transfers are defined as the county’s real per capita value of annual transfers for Medicaid, Supple-
mental Security Income, General Assistance, and EITC benefits. 2000 county characteristics are
the percent of the county with less than a high school degree, percent of county that is urban, and
percent of county that is Black or Hispanic taken from the 2000 census. All regressions weighted
by county population, and standard errors are clustered at the county level.
* p<0.10, ** p<0.05, ***p<0.01.
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Table A.14: Robustness, Infant Health Outcomes II

(1) (2) (3) (4) (5) (6)

Infant Mortality (1st year)
4 quarter effect -0.0016** -0.0017** -0.0019*** -0.0019** -0.0019*** -0.0020***

(0.00077) (0.00074) (0.00072) (0.00072) (0.00071) (0.00071)
8 quarter effect -0.0016** -0.0018** -0.0020** -0.0020** -0.0022*** -0.0026***

(0.00082) (0.00083) (0.00079) (0.00079) (0.00076) (0.00085)
N 598980 597852 597852 597852 597563 559948
Pre-Event Mean 0.0059 0.0059 0.0059 0.0059 0.0059 0.0059
Coeff/Mean -0.28 -0.30 -0.34 -0.34 -0.37 -0.44

Fetal Death (>20 weeks gest)
4 quarter effect 0.00049 0.00063 0.00060 0.00065 0.00057 0.00063

(0.00093) (0.00099) (0.00095) (0.00096) (0.00097) (0.00098)
8 quarter effect -0.00025 -0.00020 -0.00015 -0.00011 -0.00024 0.000057

(0.00077) (0.00082) (0.00074) (0.00076) (0.00078) (0.00077)
N 602234 600585 600585 600585 600296 562453
Pre-Event Mean 0.0049 0.0049 0.0049 0.0049 0.0049 0.0049
Coeff/Mean -0.051 -0.041 -0.031 -0.022 -0.049 0.012

Quarter-Year FE X X X X X X
County FE X X X X X X
Demographic Controls X X X X X
2000 County Chars*Time X X
County Unemployment Rate X X
REIS Transfers X
County Linear Trend X

Notes: Column 4 presents estimates for the preferred specification, which includes county and quarter-year fixed
effects, demographic controls, and time-varying unemployment. Demographic controls are a set of indicators for
maternal age, education, race, parity, and infant gender. REIS transfers are defined as the county’s real per capita
value of annual transfers for Medicaid, Supplemental Security Income, General Assistance, and EITC benefits. 2000
county characteristics are the percent of the county with less than a high school degree, percent of county that is
urban, and percent of county that is Black or Hispanic taken from the 2000 census. All regressions weighted by
county population, and standard errors are clustered at the county level.
* p<0.10, ** p<0.05, ***p<0.01.
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Table A.15: EBT and Maternal Health and Behaviors

(1) (2) (3) (4)
Any Prenatal Care Pregnancy Induced Gestational

Prenatal Care in First Trimester Hypertension Diabetes

4 quarter effect 0.00063 0.032* -0.00023 -0.0010
(0.0015) (0.017) (0.0031) (0.0042)

8 quarter effect 0.0015 0.031 -0.0038 -0.0029
(0.0014) (0.020) (0.0034) (0.0037)

Observations 597847 597847 597847 597847
Pre-Event Mean 0.99 0.74 0.020 0.027
Coeff/Mean 0.0015 0.041 -0.19 -0.11

Notes: This table presents estimates of the impact of EBT on maternal prenatal care use and
nutrition-related pregnancy complications. Sample is the high-probability sample of births as
defined in Section 1.7. Regressions control for the time-varying county unemployment rate,
county fixed effects, quarter-year fixed effects and maternal demographic controls. Standard
errors clustered at the county level.
* p<0.10, ** p<0.05, ***p<0.01.

Table A.16: Probability of Medicaid Covered Prenatal
Care, Medicaid Births

(1) (2)
All Births High Probability Births

4 quarter effect 0.0043 0.0051
(0.0066) (0.0061)

8 quarter effect 0.0083 0.0090
(0.0060) (0.0054)

Observations 1024778 587707
Pre-Event Mean 0.98 1.00
Coeff/Mean 0.0085 0.0090

Notes: This table presents estimates of the impact of
EBT on the probability that a birth covered by Medicaid
received prenatal care covered by Medicaid. Regressions
control for the time-varying county unemployment rate,
county fixed effects, quarter-year fixed effects and mater-
nal demographic controls. Standard errors clustered at the
county level.
* p<0.10, ** p<0.05, ***p<0.01.
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Appendix B

Appendix to Chapter 2

Figure B.1: Minority Representation in ADC Caseloads

Note: Map shows the ADC non-white caseload share divided by the minority
share of state population. ADC caseload data by race are for the year 1938.
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Table B.1: Robustness: Excluding States without Federal Approval

(1) (2) (3)

School Attendance
Log(Maximum Benefit) 0.034∗∗∗ 0.029∗∗∗ 0.029∗∗

(0.011) (0.0088) (0.011)
Observations 865,496 865,496 865,496

Child Employed, 1940
Log(Maximum Benefit) -0.042∗∗ -0.033∗∗ -0.031∗

(0.019) (0.013) (0.016)
Observations 415,022 415,022 415,022

Number of Others in Household
Log(Maximum Benefit) -0.035 -0.065 -0.015

(0.064) (0.050) (0.060)
Observations 1,072,297 1,072,297 1,072,297

Living with Relatives
Log(Maximum Benefit) -0.000020 -0.0043 -0.0099

(0.010) (0.0083) (0.010)
Observations 1,072,297 1,072,297 1,072,297

Non-Wage Income
Log(Maximum Benefit) 0.066∗ 0.066∗∗ 0.067∗∗∗

(0.034) (0.026) (0.019)
Observations 492,693 492,693 492,693

Mother Employed, 1940
Log(Maximum Benefit) -0.053∗∗∗ -0.043∗∗ -0.043∗∗

(0.019) (0.016) (0.016)
Observations 540,087 540,087 540,087
Sample Border Border Border
Year of Birth Fixed Effects Yes Yes Yes
County Controls No Yes Yes
State Controls No No Yes

Sample: Children in single-mother households, born to mothers who
did not complete 8th grade. Excluded: Households residing on a state-
border that included one of the following states: Connecticut, Iowa,
Illinois, South Dakota, Nevada, Kentucky, Mississippi and Texas. Bor-
der sample includes only families living in contiguous counties on state
borders with a difference in ADC benefit generosity. Standard errors
(in parentheses) are clustered at the state level.
* p<0.10, ** p<0.05, ***p<0.01.
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Figure B.2: Non-Wage Income as a Measure of ADC Recipiency

Note: Figure plots the share of single-mother households receiving non-wage
income in 1939 against the county-level ADC recipiency rates (caseloads as a
share of single-mother households) in December, 1939.
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Figure B.3: State Variation in maximum TANF vs maximum ADC Benefits
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Appendix C

Appendix to Chapter 3

Figure C.1: Growth in SNAP Authorized Retailers, 2004-2010

Notes: Figure plots the annual number SNAP authorized retailers of a given type.
Supermarkets also include SNAP authorized super centers and large grocery stores.



APPENDIX C. APPENDIX TO CHAPTER 3 137

Figure C.2: Supermarket Entry Event Studies: Share of Expenditures by Product Type

(a) SNAP Ineligible (b) Fresh Fruits

(c) Fresh Vegetables (d) Sugar-Sweetened Beverages

Notes: This figure plots the estimates of the effect of the first new SNAP authorization (“entry”)
of a supermarket in a zip code on the share of household quarterly expenditures spent on a given
product type. Sample is restricted to Nielsen Homescan households with reported household
income less than 130 percent of the federal poverty guideline (“SNAP eligible” based on the gross
income test).
Figures present the 95 percent confidence intervals for the corresponding event-time coefficients.
All regressions control for zip code fixed effects, quarter-year by state fixed effects, and a vector
of household characteristics (log household income, household size, employment status, weekly
work hours, marital status, age indicators, race indicators, and log years of education). Standard
errors clustered at the zip code level.
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Figure C.3: Small Grocery Entry Event Studies: Share of Expenditures by Product Type

(a) SNAP-ineligible (b) Fresh Fruits

(c) Fresh Vegetables (d) Sugar Sweetened Beverages

Notes: This figure plots the estimates of the effect of the first new SNAP authorization (“entry”)
of a small-medium grocery store in a zip code on the share of household quarterly expenditures
spent on a given product type. Sample is restricted to Nielsen Homescan households with reported
household income less than 130 percent of the federal poverty guideline (“SNAP eligible” based
on the gross income test).
Figures present the 95 percent confidence intervals for the corresponding event-time coefficients.
All regressions control for zip code fixed effects, quarter-year by state fixed effects, and a vector
of household characteristics (log household income, household size, employment status, weekly
work hours, marital status, age indicators, race indicators, and log years of education). Standard
errors clustered at the zip code level.
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Figure C.4: Convenience Store Entry Event Studies: Share of Expenditures by Product Type

(a) SNAP-Ineligible (b) Fresh Fruits

(c) Fresh Vegetables (d) Sugar Sweetened Beverages

Notes: This figure plots the estimates of the effect of the first new SNAP authorization (“entry”)
of a convenience store in a zip code on the share of household quarterly expenditures spent on a
given product type. Sample is restricted to Nielsen Homescan households with reported household
income less than 130 percent of the federal poverty guideline (“SNAP eligible” based on the gross
income test).
Figures present the 95 percent confidence intervals for the corresponding event-time coefficients.
All regressions control for zip code fixed effects, quarter-year by state fixed effects, and a vector
of household characteristics (log household income, household size, employment status, weekly
work hours, marital status, age indicators, race indicators, and log years of education). Standard
errors clustered at the zip code level.
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Table C.1: Effect of New SNAP Store on Expenditure Shares: Excluding ARRA Years

Panel A: Supermarket Entry

(1) (2) (3) (4) (5)
Supermarket SNAP-Inel. Fresh Fruit Fresh Veg. SSB

StoreCount 0.0012 -0.00046 -0.00011 -0.000087 -0.00022
(0.0018) (0.00049) (0.000075) (0.000094) (0.00016)

Observations 163566 163566 163566 163566 163566

Panel B: Small Grocer Entry

(1) (2) (3) (4) (5)
Non-Chain SNAP-Inel. Fresh Fruit Fresh Veg. SSB

StoreCount 0.0045*** -0.00018 -0.00012** -0.00019*** -0.000080
(0.0017) (0.00032) (0.000046) (0.000058) (0.000098)

Observations 163566 163566 163566 163566 163566

Panel C: Convenience Store Entry

(1) (2) (3) (4) (5)
Convenience SNAP-Inel. Fresh Fruit Fresh Veg. SSB

StoreCount 0.0019*** -0.00018 -0.000053** -0.00013*** -0.00014***
(0.00036) (0.00016) (0.000025) (0.000027) (0.000053)

Observations 163566 163566 163566 163566 163566

Notes: This table presents the β coefficients from equation 3.1 for SNAP eligible house-
holds, excluding data from 2009q2 onward to omit any confounding effects of the 2009
ARRA SNAP benefit increase. Regressions estimate the effect of a new SNAP authorized
store on the share of household expenditures spent on a given product type (columns
(2)-(5)) or store type (column (1)). StoreCount is defined as the number of new SNAP
authorized convenience stores in a given zip code. “Coeff/Mean” reports the estimated
effect (β) divided by the pre-event mean of the outcome variable. All regressions control
for zip code fixed effects, quarter-year by state fixed effects, and a vector of household
characteristics (log household income, household size, employment status, weekly work
hours, marital status, age indicators, race indicators, and log years of education). Stan-
dard errors are clustered at the zip code level.
* p<0.10, ** p<0.05, ***p<0.01.
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