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Abstract

Prior research indicates that Supplemental Nutrition Assistance Program (SNAP) benefit redemp-

tion is much higher on benefit disbursement days than any other day of the month, giving rise to

the “SNAP benefit cycle” phenomenon. States can set their own SNAP disbursement schedules, and

given the salience of the disbursement schedule to food shopping behavior among SNAP recipients,

it has been posited that lengthening disbursement schedules (increasing the number of SNAP dis-

bursement days in each month) can reduce costs for SNAP-authorized retailers (less store crowding,

staffing variability, and food stocking issues). However, longer disbursement schedules may limit the

ability to pro-cyclically price with SNAP food demand, and some retailers may find it worthwhile

to “specialize” in serving the SNAP population and siphon off SNAP demand from other retailers,

which may, on net, lead to little changes in SNAP retailer supply. This study empirically evaluates

whether SNAP disbursement schedules impact the supply of SNAP-authorized retailers. A time

use analysis shows that the SNAP population food shops at a much higher rate on disbursement

days, highlighting the potential for lengthened disbursement schedules to alter the incentives for

SNAP retailer authorization. In the retailer analysis, utilizing a difference-in-differences approach

(with traditional two-way fixed effects and robust difference-in-differences estimators) and focusing

attention on “low food access” areas, I find little evidence that lengthening the disbursement sched-

ule impacts the supply of SNAP-authorized retailers. Stronger supply-side incentives and/or higher

SNAP benefit levels may be needed to increase SNAP retailer supply and improve food access for

SNAP beneficiaries.
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“When you have single-day distribution, we’re paying people overtime and then not paying them any-

thing at the end of the month because there’s less business. And there’s less selection. It’s so much more

inefficient. It’s costing the industry millions of dollars in labor costs and, what we’ve experienced, too

– is millions of dollars in the last two years in spoiled food because people abandon their carts and just

say ‘I’m not going to wait in line.’ And everything that was frozen that thaws can’t go back into the

freezer and all that is lost. We have to take it and either destroy it or send it to a hog field or what-

ever. It’s very unfortunate.” - Joe Gilliam, President of the Northwest Grocery Association (Cloud 2012)

1 Introduction

The Supplemental Nutrition Assistance Program (SNAP, formerly known as Food Stamps) is the

largest food assistance program in the United States, transferring $74 billion in benefits across 40 million

beneficiaries in the 2020 fiscal year (Food and Nutrition Service 2021b). Prior research has documented

the effectiveness of SNAP in alleviating food insecurity and improving health and child development

among beneficiaries (Gundersen and Ziliak 2015; Bartfeld et al. 2015; Hoynes et al. 2016), making it

an important part of the social safety net infrastructure in the United States. For SNAP to function

properly, it requires partnerships with authorized food retailers for beneficiaries to redeem their benefits.

However, low-income communities don’t always enjoy adequate access to food (and healthy foods), living

in areas sometimes referred to as “food deserts” (Alwitt and Donley 1997; Moore and Diez Roux 2006;

Powell et al. 2007b; Walker et al. 2010; Bitler and Haider 2011; Rigby et al. 2012). SNAP could be a

more effective program if there is better access to food, as studies document positive associations between

food access (and healthy food) and health outcomes/food security (Rose and Richards 2004; Powell et al.

2007a; Caspi et al. 2012; Bonanno and Li 2015; Cantor et al. 2020).1 To this point, few studies analyze

the impact of SNAP on the food retail environment, with more work needed to understand which policy

levers can be used to improve food access.

Most research on SNAP has focused on the impacts on the SNAP population. A consistent finding

in this literature is the existence of the “SNAP benefit cycle,” a phenomenon that SNAP beneficiaries

are highly responsive to when they receive their benefits each month, in which they quickly spend their

benefits, creating monthly cycles in food demand among the SNAP population. These benefit cycles can

be taxing for SNAP retailers (see the epigraph), with food demand spikes causing surges in customer

traffic that create issues with staffing of employees and stocking of food. Food retail executives have noted

that single or few day disbursement schedules (days in which benefits are issued each month) can place

additional strain and costs on SNAP retailers (Hanna 2016), in which opting for longer disbursement

schedules (spreading benefit disbursement across more days each month) can smooth the peaks in SNAP

food demand and lower costs for SNAP retailers. While the impacts of benefit timing (disbursement

schedules) on SNAP beneficiaries has been extensively explored, it is unknown whether the indirect

costs levied on SNAP retailers by disbursement schedule regimes impact the supply of SNAP-authorized

retailers.

To my knowledge, this study is the first to empirically analyze whether changes to the disbursement

schedule impact food retailers along the margin of SNAP-authorization. Prior studies analyze pricing

responses by food retailers to the disbursement schedule, finding small (Hastings and Washington 2010)

1It is worth noting that better access to food (and more healthful food) is not a panacea for reducing the nutritional
inequality gap between low and high income groups, as consumer preferences play a large role in healthful eating (Allcott
et al. 2019). Allcott et al. (2019) find that roughly 90 percent of the nutrition-income relationship is driven by demand
factors (consumer preferences) and 10 percent is due to supply factors. They also find that 14 percent of the income-related
preference differences for healthy food are explained by nutrition knowledge (years of general education explains another
20 percent).
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or no impact (Goldin et al. 2020) on food prices. Analyzing the broader impacts on retailers (SNAP au-

thorization) is important in understanding how program design can better facilitate a strong partnership

between SNAP and food retailers. Additionally, given the relatively low cost to change the disbursement

schedule, it is worth understanding if lengthened schedules are beneficial or not, especially as six states

continue to distribute benefits over just one day each month (AK, NH, ND, RI, SD, and VT).2

In this study, I focus attention on “low food access” areas (counties with initially low access to SNAP

retailers and with low household vehicle availability), which are arguably the most policy relevant as

they have the most to gain or lose from changes in food access. First, in a time use analysis I show

that the SNAP population food shops at a much higher rate on disbursement days, highlighting the

potential for lengthened disbursement schedules to alter the incentives for SNAP retailer authorization.

Second, utilizing a difference-in-differences research design, implemented via two-way fixed effects and

with methods that are robust to treatment effect heterogeneity, I find little evidence that lengthening

the disbursement schedule impacts the supply of SNAP-authorized retailers. While longer disbursement

schedules may still lower costs for SNAP-authorized retailers (and lower transaction costs for SNAP food

shoppers), stronger supply-side incentives and/or higher benefit levels are likely needed to spur SNAP

retailer entry in “low food access” areas and improve access to food for SNAP beneficiaries.

In the remainder of the paper, I discuss the policy details and related SNAP literature (Section

2), followed by a conceptual discussion of the potential impacts of changing the disbursement schedule

(Section 3), and then outline the data (Section 4) and empirical methods used to address the research

question (Section 5). The results are then discussed (Section 6), followed by concluding remarks (Section

7).

2 Background

Although SNAP is a federal entitlement program, states have considerable leeway in program admin-

istration in terms of eligibility criteria (income and asset exemptions, work requirements, re-certification

period length, etc.), and of relevance to this study, when benefits are disbursed.3 In recent years, states

have been moving from single (or few) day disbursements, to schedules that include more disbursement

days and/or schedules that spread out the disbursement days more evenly throughout the month.4 The

timing of benefits may seem benign, as each SNAP recipient still receives benefits just once a month, yet

many studies find that SNAP recipients’ food shopping behavior is highly responsive to the day that they

receive their benefits and that they exhibit a lack of consumption smoothing across the benefit month

(Wilde and Ranney 2000; Shapiro 2005; Hastings and Washington 2010; Smith et al. 2016; Castellari

et al. 2017; Lee et al. 2019; Goldin et al. 2020). As one example, using data on SNAP redemptions from

Illinois, Carr and Packham (2019) find that redemptions peak on the day benefits are disbursed (12% of

all monthly redemptions), which then falls off precipitously for the remainder of the benefit month. This

phenomenon has become known as the “SNAP benefit cycle,” in which consumption patterns among

the SNAP population seemingly reject the permanent income hypothesis (i.e., food spending is higher

around when benefits are received, even though these benefits are predictable and not transitory).

Much of the extant SNAP research on benefit timing has focused on the responses by SNAP recipients

(Wilde and Ranney 2000; Shapiro 2005; Foley 2011; Damon et al. 2013; Hastings and Washington 2010;

2Illinois’ disbursement schedule change was estimated to cost $294,010, with 74 percent of spending devoted to informing
beneficiaries of the schedule change (Carr and Packham 2019). The change to Idaho’s disbursement schedule was estimated
to cost $550,000 (Cloud 2012).

3The main program features set at the federal level are the income and asset tests (part of the eligibility criteria) and
the benefit levels.

4In states that disburse benefits over multiple days, on which day a recipient receives their benefits is typically determined
by their Social Security Number, SNAP case number, last name, birth year, or birth month (see notes to Table A.1 in
Goldin et al. 2020).
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Smith et al. 2016; Castellari et al. 2017; Cotti et al. 2016, 2020, 2021; Carr and Packham 2019; Lee

et al. 2019). While discussing the main findings of each of these papers is not of direct relevance, they

highlight the existence of the “SNAP benefit cycle” phenomenon, which is tied to the disbursement

schedule and may be a function of insufficient benefit levels, insufficient access or transportation to food

retailers (limiting the ability to make multiple shopping trips throughout the month), not respecting the

fungibility of income, and short-run impatience. The salience of the disbursement schedule to the food

spending patterns of SNAP beneficiaries can therefore impact food retailers as well.

From the retailer perspective, a couple of papers have studied whether the predictability of the

SNAP benefit cycle induces pricing responses by food retailers. Using scanner data from three grocery

stores from a large chain in Nevada (a state that disbursed all SNAP benefits on the first of the month

during the sample period), Hastings and Washington (2010) find that food expenditures among SNAP

households are largest during the first week of the benefit month (food expenditures during fourth week

are 30 percent lower than the first week of the month), and that food prices are three percent higher

in the first week of the benefit month (compared to fourth week). Their findings suggest that stores

pro-cyclically price with SNAP demand, in which SNAP consumers could save money by smoothing

their food demand over the benefit month. In a similar paper, Goldin et al. (2020) utilize a larger panel

of data (Nielsen retail scanner and consumer panel datasets) and also find that SNAP households are

more likely to food shop when they receive their benefits. However, unlike Hastings and Washington

(2010), Goldin et al. (2020) do not find evidence of pro-cyclical food pricing patterns. They suggest that

the lack of a pricing response may be due to adjustment and managerial decision costs that would be

incurred. Additionally, from a cost perspective, Goldin et al. (2020) note that their findings suggest that

“reforms to SNAP issuance schedules can reduce grocery costs associated with surges in customer traffic,

such as long lines or difficulty stocking shelves or staffing stores” (p. 25). This corroborates statements

that have been made by food retail executives, who have claimed that short disbursement schedules are

taxing on retailers (Cloud 2012; Hanna 2016).

Aside from benefit timing, there are a few studies that analyze the impacts of SNAP on the food retail

environment more broadly (through SNAP participation and benefit levels). Leveraging the county-level

roll-out of SNAP (then known as Food Stamps) in the 1960s and 1970s, Bitler et al. (2019) find that

in counties where SNAP was rolled-out earlier, there were more food stores, more food store workers,

and higher food sales. Jones (2019) studies whether changes in SNAP participation impact food retailer

supply, finding that increases in SNAP participation lead to more food retail stores that are likely to

accept SNAP benefits, such as supermarkets, grocery stores, and convenience stores, suggesting that the

increased food demand from SNAP allows some firms to open new stores or maintain profitability for

existing stores (reducing exit). The strongest effects are found in high-poverty counties and for smaller

food retail stores.5 Andrews et al. (2013) analyze whether increases in SNAP benefit levels lead to changes

in where beneficiaries redeem their benefits, as higher benefit levels may enable beneficiaries to incur

more travel costs (such as, traveling to a super store that is further away, rather than redeeming benefits

at a closer convenience store). Accordingly, they find that increases in benefit levels are associated with

a higher share of redemptions at super stores.

As outlined in the literature above, the SNAP disbursement schedule has real impacts on when SNAP

recipients food shop and the operating costs faced by SNAP retailers (Cloud 2012; Hanna 2016; Goldin

et al. 2020). In fact, the USDA recommends that states opt for longer schedules over shorter ones, as a

5Relatedly, Cho and Clark (2020) find that access to SNAP-authorized grocery and convenience stores is greater in areas
with higher SNAP participation rates. In addition, Shannon et al. (2016) find that increases in SNAP participation were
associated with increases in SNAP-authorized retailers (strongest for small retailers) in Georgia during the Great Recession.
In a similar context (Atlanta during the Great Recession), Shannon et al. (2018) find that higher SNAP participation is
associated with increased access to smaller SNAP retail stores, but some evidence of declines in access to larger SNAP
retailers (access as measured by distance to retailers).
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short disbursement schedule “puts an unnecessary strain on SNAP clients and on participating retailers

by causing surges in customer traffic at SNAP-authorized stores” (Food Research & Action Center 2019).

This sentiment is held by retailers as well, encapsulated in congressional testimony on the matter by a

representative from the Food Marketing Institute, stating: “Serving large populations of customers on

one or two days each month raises significant challenges, from keeping our shelves stocked and checkout

lines moving to scheduling associates” (Hanna 2016). Given the salience of the disbursement schedule

to the food shopping behavior among SNAP recipients, and the strain that can be placed on retailers

in states with shorter schedules, it is natural to ask whether staggering benefits throughout the month

can impact SNAP retailer supply (and therefore food access for SNAP participants). The potential

policy implications are meaningful, as improved food access can increase welfare by reducing travel

costs (Feather 2003) and strengthen food security and diet quality among SNAP beneficiaries (Rose and

Richards 2004; Powell et al. 2007a; Caspi et al. 2012; Bonanno and Li 2015; Cantor et al. 2020).6 In the

next section, I discuss the potential impacts of SNAP disbursement schedule changes on SNAP retailer

authorization and food access.

3 Conceptual Framework

As mentioned in the prior section, SNAP retailers in states with short disbursement schedules can be

put under increased strain by the surges in demand among the SNAP population on disbursement days.

Advocates of longer disbursement schedules outline a number of potential benefits over shorter sched-

ules, including: consistent food stocking, better access to a variety of healthy foods for shoppers, more

consistent employee schedules, and attracting retailers to communities where SNAP benefits comprise a

large share of food retail dollars (Food Research & Action Center 2019).

The SNAP-authorization decision in the context of disbursement schedule changes is likely most

relevant for already operating firms (whether SNAP-authorized or not).7,8 For existing firms, if non-

authorized, the decision to be authorized depends on the profits to be gained if SNAP-authorized versus

if not authorized, as well as the fixed costs of being a SNAP-authorized retailer. I assume that a firm can

increase revenues if they become SNAP-authorized, as they can pull some of the demand from SNAP

participants (how much SNAP demand they can capture will depend on consumer preferences and how

many other SNAP-authorized firms operate in the market area that they are competitors with). However,

in a state with a single or few day disbursement schedule, becoming SNAP-authorized likely increases

variable costs as well, due to the store congestion, staffing, and food stocking costs that are driven by

spikes in demand on disbursement days. Therefore, the profits when they are SNAP-authorized may

be less than the profits when they are non-authorized, so the firm decides against SNAP authorization.

When the disbursement schedule is lengthened, I assume that the variable costs associated with being

SNAP-authorized fall (as demand from the SNAP population should be more smooth across the benefit

6An additional benefit of improved access to SNAP retailers is less incidence of child neglect, especially in rural areas
(Bullinger et al. 2021).

7It is possible that disbursement schedule changes could alter incentives for complete market entry (entry in market and
SNAP-authorization) or complete market exit (exiting from SNAP-authorization and the market), although the magnitude
of the effect of disbursement schedule changes is likely not large enough to induce these decisions.

8The process for retailers to become SNAP-authorized involves an application to the USDA (which they have 45 days
to approve or deny). To become authorized, retailers must meet one of two criteria: i) sell three varieties in each of the four
staple food categories (breads/cereals, fruits/vegetables, meat/poultry/seafood, dairy products) and offer perishable foods
in at least two of the categories, or ii) have more than 50 percent of total gross retail sales in staple foods (not including
accessory foods: snacks, desserts, coffee, condiments, and prepared foods) (Food and Nutrition Service 2021c). In terms
of compliance, FNS randomly selects authorized retailers for in-person audits. Violations include trafficking (exchanging
benefits for cash), selling un-authorized items with SNAP benefits, having SNAP benefit redemptions exceed food sales,
and accepting SNAP benefits without being authorized (Food and Nutrition Service 2019c). Violations can entail fines,
temporary disqualifications, or permanent disqualifications from being SNAP-authorized. Store re-authorization occurs
every five years (Metropolitan Law Group 2020).
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month), therefore, the profits from being SNAP-authorized rise (assuming the revenue associated with

being SNAP-authorized is held constant), and may be larger than profits from being non-authorized,

potentially spurring entry into being SNAP-authorized. Alternatively, if firms have market power, a

single or few day disbursement schedule may allow them to increase prices on days where demand from

SNAP participants is likely to be high. When disbursement schedules are lengthened, demand from the

SNAP population is smoothed, and there is likely less scope to price discriminate the SNAP population,

potentially lowering profits. Therefore, profits when SNAP-authorized may fall below profits when non-

authorized (if the decline in revenues exceeds the decline in variable costs) after the schedule change,

so the firm decides to exit from being SNAP-authorized. Lastly, lengthening the disbursement schedule

may entice some retailers to “specialize” towards serving the SNAP population. A longer disbursement

schedule can reduce the peaks of concentrated SNAP demand and spread it more uniformly across the

benefit month, potentially incentivizing firms to cater towards the SNAP population and siphon off

SNAP demand from other retailers. This could lead to increases in SNAP authorization among some

retailers and declines in SNAP authorization among other retailers.

Supermarkets and super stores are less likely to be on the margins of SNAP-authorization and thus

have their SNAP entry/exit decisions to be altered by changes to the disbursement schedule, as Ollinger

et al. (2021) note that most major supermarket and super stores are SNAP-authorized. Whereas, smaller

food retail stores likely earn less profits and are more susceptible to the variable costs induced by serving

the SNAP population (and less likely to benefit from economies of scale than larger retailers).9 Therefore,

the smaller stores are more likely to be the “marginal” SNAP-authorized store to be impacted by changes

to the disbursement schedule. Overall, longer disbursement schedules should serve to reduce variable costs

among SNAP retailers, but with unclear impacts on revenues (and ultimately, profits), it is ambiguous

whether longer disbursement schedules lead to changes in SNAP-authorization in equilibrium.

From the demand perspective, consumers’ choice of a retailer is dependent on food prices, food

availability, food variety, preferences, liquidity constraints, storage constraints, travel costs, transaction

costs (e.g., time waiting in line), and their fixed food budget (Kunreuther 1973; Damon et al. 2013). As

discussed above, changes to the SNAP disbursement schedule could potentially have extensive margin

impacts on food access through changes in SNAP retailer authorization. Additionally, it could lead

to “intensive” margin changes in food access, by enabling stores to better serve the SNAP population

(less demand peaks, so less store congestion and issues with food availability). More SNAP authorized

stores and/or stores that are better suited to serve the SNAP population would be utility-enhancing

for the SNAP population, potentially through more retailer options, lower prices (if more stores induce

price competition), better food availability (less demand peaks that create stocking issues), lower travel

costs (if optimal retailer is now closer) and transaction costs (less store congestion). If disbursement

schedule changes do not have impacts on SNAP retailer authorization, SNAP consumers could still gain

from “intensive” margin changes in food access, through better food availability and lower transaction

costs (travel costs could decline as well, if changes to food availability and transaction costs induce a

switch to a closer retailer). On the other hand, if disbursement schedule changes lead to less SNAP

authorized retailers, SNAP consumers stand to lose from both extensive and intensive margin declines in

food access.10 Once more, the overall impact of lengthening the disbursement schedule on food access is

theoretically ambiguous, and therefore becomes an empirical question. In the next section I describe the

data used in this study (Section 4), followed by the empirical framework (Section 5), then the discussion

of the results (Section 6), and the conclusion (Section 7).

9Smaller food retail stores have also been found to be more responsive to changing SNAP participation (Shannon et al.
2016, 2018; Jones 2019; Cho and Clark 2020).

10It is also possible that the lengthening the disbursement schedule may lower access to carpooling or other transit sharing
options, especially if moving from a single day to multiple day disbursement schedule, as the entire SNAP population no
longer receives their benefits on the same day anymore, and could therefore create frictions with carpooling/transit sharing.
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4 Data

Data on SNAP-authorized retailers and SNAP disbursement schedules are collected from the United

States Department of Agriculture - Food and Nutrition Service (Food and Nutrition Service 2019b,

2021a).11,12 In addition, I collect data on SNAP participation from the Census (United States Census

Bureau 2020). To first lend some perspective on the size of SNAP in recent years, Figure 1 presents

national trends in SNAP retailers and SNAP participation over the 2000 to 2019 period. SNAP par-

ticipation grew steadily from 2000-2005, rose sharply during the Great Recession and its wake, peaked

in 2012, and has declined steadily since.13 The supply of SNAP-authorized retailers closely matches

the trends in SNAP participation (with a bit of a lag), which is to be expected, as more (less) SNAP

participants and benefit dollars allow for more (less) food retail spending to be redeemed (Jones 2019).

In the empirical model (discussed in Section 5), I include the one-year lag of SNAP participation rates

as a control in some specifications to guard against omitted variable bias.

The USDA retailer data include 17 different food retail classifications.14 Following Ollinger et al.

(2021) closely, I combine these categories into “supermarkets” (supermarkets and super stores), “grocery

stores” (small, medium, and large grocery stores), convenience stores, and combination stores (drug

stores and general merchandise stores that sell food; e.g., CVS and Dollar General). Supermarkets are

considered to be the most “healthful” (availability of healthy foods) and low-cost option for consumers

(Ollinger et al. 2021), although they are less likely to be at the margin of SNAP authorization and

be impacted by changing disbursement schedules. In fiscal year 2019 (October 2018-September 2019),

supermarket retailers captured 82.5 percent of all redemptions, combination stores 5.8 percent, conve-

nience stores 5.5 percent, grocery stores 4.6 percent, and all other stores 1.6 percent (Food and Nutrition

Service 2019a).

Disbursement schedules can differ by the number of days that benefits are disbursed as well as the

spread of disbursement days throughout the month. Since retailers likely respond to both features, I

use a policy measure that considers the number of disbursement days separately, and a policy measure

that incorporates both the number of disbursement days and the spread (measured by the median

disbursement day).15 Figure 2 presents a trend graph for each state with a schedule change for i)

the number of disbursement days and ii) the median disbursement day for their SNAP schedule.16

Additionally, Table 1 provides the disbursement schedules for all states in the sample and notes the

dates in which schedule changes occur. During the sample period, 14 states increase the number of

disbursement days in their schedule (including four states going from one to multiple disbursement days;

MT, NV, OK, and VA) and four states increase the median disbursement day without increasing the

number of disbursement days (GA, IN, KY, NC). The average schedule change is an increase of 5.9

11In the retailer data, I observe the dates in which retailers become authorized or un-authorized, but not dates for when
retailers entered or exited the market. As discussed in Section 3, I do not expect disbursement schedules to impact market
entry or exit, thus, not observing dates of market entry/exit is not crucial for the analysis.

12Data on disbursement schedules were also cross-referenced with the policy variation tables in Castellari et al. (2017),
Beatty et al. (2019), and Goldin et al. (2020).

13Ganong and Liebman (2018) find that 66 percent of the increase in SNAP participation during the Great Recession can
be explained by increases in unemployment, 10 percent from work requirement waivers, and eight percent from state-level
expansions in SNAP policy (increased eligibility, reducing costs for applying/re-certifying, etc.). The large increase in
participation due to unemployment speaks to the automatic stabilizer features of SNAP.

14The categories include bakery specialty, combination stores, convenience stores, delivery route, direct marketing farmer,
farmers market, fruit/vegetable specialty, grocery stores (small/medium/large), meat/poultry specialty, military commis-
sary, non-profit food buying co-op, seafood specialty, supermarket, super store, and wholesalers (Food and Nutrition Service
2019a).

15Retailers arguably respond to both the number of disbursement days and the spread, as increasing the number of
disbursement days can lower store congestion, staffing, and stocking costs on any given disbursement day, while increasing
the spread can help lower costs with supply chain management and staffing over the course of the month. The median
disbursement day has been used as a measure of spread in prior studies (Lee et al. 2019; Cotti et al. 2021).

16I normalize the median disbursement day to be measured from the beginning of the month. For example, the three
day disbursement schedules of 1/6/11 and 5/10/15 would both have a median disbursement day of 6. This ensures that
two equally-spread disbursement schedules do not have different values for the median disbursement day.
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disbursements days and increases the median disbursement day by 3.6 days.17

With the goal of this study to analyze whether food access can be impacted by altering the incentives

for food retailers to be SNAP-authorized through disbursement schedule changes, arguably the most

policy-relevant localities are low food access areas. Therefore, I limit the analysis sample to “underserved”

and low-vehicle access counties, which have the most to gain or lose from policies that impact food

retailer access. Specifically, I limit the sample to counties that are i) below the county-level median for

supermarket/super store/large grocery store SNAP retailers per 1,000 SNAP participants (based on 1999

data) and ii) above the county-level median for the share of households without a vehicle available (using

2000 Census data).18 Figure 3 provides a map of the low food access counties included in the analysis

sample, showing that many low food access areas are concentrated in the deep south. Table 2 presents

means for SNAP retailers per capita (per 10,000 county population) for the i) full sample of counties in

the analysis sample, ii) counties from states that have a schedule change during the sample period, and iii)

counties from states that do not have a schedule change during the sample period. Additionally, means

are presented for the county-level SNAP participation rate (lagged by one year) and the county-month

unemployment rate.19 Low food access counties from states with a schedule change have slightly more

SNAP retailers per capita (except for grocery stores), slightly higher unemployment rates and lagged

SNAP participation rates, and come from slightly less urban counties that on average are roughly half

in population size than low food access counties in non-schedule change states (although the variance in

population for counties in non-schedule change states is rather high).

4.1 Time Use Data

To provide motivating evidence for the responsiveness of food shopping behavior to disbursement

schedules among the SNAP population, I gather data from the American Time Use Survey (ATUS;

Hofferth et al. 2020). The ATUS is a nationally representative survey that collects data on time use for

a variety of activities. Conducted since 2003, the ATUS uses the final (eighth) month of the Current

Population Survey (CPS) as its sampling frame, in which one respondent (ages 15+) per household is

randomly selected from a subset of outgoing CPS households to participate (Bureau of Labor Statistics

2021). Selected ATUS survey respondents are typically interviewed two to five months after exiting the

CPS, in which respondents complete a detailed time diary of their activities from 4am on the day prior

to the interview to 4am on the day of the interview. In the ATUS, I measure time use related to grocery

shopping using the “grocery shopping” and “travel related to grocery shopping” activity codes (codes

070101 and 180701, respectively). For the purposes of this analysis, there are two main limitations with

the ATUS: i) not directly observing SNAP recipients and ii) not directly observing a SNAP recipient’s

assigned disbursement day. To address these limitations, firstly, I assign a respondent to be SNAP-

eligible if reported family income is 130% or less of the federal poverty guidelines (the gross income test

for SNAP eligibility).20 Second, for respondents that report time diary data on a disbursement day,

17I drop New Jersey, Ohio, and Pennsylvania from the analysis sample due to having disbursement schedules that can
vary at the county-level, which have proven difficult to locate their county-level schedules over time. New York City counties
(Bronx, Kings, New York, Queens, and Richmond) are also dropped from the sample due to having disbursement schedules
that differ from the state of New York and because they vary from month-to-month. Idaho and Illinois are dropped from
the analysis sample due to having instances of both lengthening and shortening the number of disbursement days in their
disbursement schedules. Lastly, Alaska and Hawaii are dropped from the analysis sample due to having SNAP benefit
levels that are higher than the contiguous 48 states and Washington D.C.

18The USDA’s Food Access Research Atlas uses the distance from the nearest supermarket, super store, or large grocery
store and vehicle availability as measures to determine low food access areas (U.S. Department of Agriculture 2021).

19County unemployment rates are gathered from the Bureau of Labor Statistics - Local Area Unemployment Statistics
data series (https://www.bls.gov/lau/home.htm).

20I only observe income in bins (e.g., $15,000 to $19,999), so I assign income as the midpoint value of the bin. An
additional caveat is that I observe family as opposed to household income in the ATUS, while the gross income test for
SNAP eligibility is based on household income. On average, this means that I likely over-assign SNAP eligibility (as within
the same dwelling, family income likely underestimates household income in some instances).
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following Cotti et al. (2020), I use the probability that it is the respondent’s assigned disbursement day

(1/Total Disbursement Days).

The ATUS conducted an “Eating and Health Module” (ATUS-EHM) in the 2006-2008 and 2014-2016

survey years, which does ask respondents about SNAP receipt.21 SNAP receipt is likely still under-

reported since it is self-reported (Meyer et al. 2020), but it should better capture actual SNAP recipients

than the SNAP eligibility measure that I create for the full ATUS. Hence, estimates from the ATUS-EHM

SNAP recipient sample are less likely to be downward biased due to under-reporting/misclassification

of SNAP receipt. The main drawback of the ATUS-EHM is smaller sample size, with only about 6,000

responses from SNAP recipients over the 2006-2008 and 2014-2016 periods. In the results section,

I present estimates from both the full ATUS (SNAP-eligible) and the ATUS-EHM (SNAP-recipient)

samples.22

5 Empirical Methods

Given the nature of the policy variation (some states adopt schedule changes and others do not), to

identify treatment effects I turn to a difference-in-differences (DD) design. In the canonical DD setup,

there are two units (treatment and control) and two time periods (pre-treatment and post-treatment).

In this setup, under a parallel trends assumption, the difference in mean outcomes from the post to

pre-period for the treatment group, subtracted from the equivalent difference in means for the control

group, identifies the average treatment effect on the treated (ATT). With multiple time periods and

units that adopt the treatment at different times (staggered policy adoption), the standard method to

implement a DD design in the applied economics literature has been to estimate a two-way fixed effects

(TWFE) model. In recent years, a flurry of papers have documented issues with TWFE models under

staggered policy adoption when there are heterogeneous (across time and/or across unit) treatment effects

(Goodman-Bacon 2021; Sun and Abraham 2020; de Chaisemartin and d’Haultfoeuille 2020; Borusyak

et al. 2021; Baker et al. 2021). In this paper, I estimate standard TWFE models as well as an estimator

designed to address the potential problems with TWFE, namely, the Callaway and Sant’Anna estimator

(Callaway and Sant’Anna 2020). Below, I discuss each of these empirical approaches.

I first start with a TWFE model estimated via ordinary least squares:

Ycst = β0 + β1Policyst + θc + τt + γXcst + εcst (1)

where Y refers to SNAP retailers per capita in county c in state s in year-month t. As is standard with

TWFE models, I include county (unit) fixed effects (θc) and year-by-month (time) fixed effects (τt),

relying on within-county variation in disbursement schedule length to identify treatment effects. In some

specifications, I include a time-varying covariate (Xcst) for either the one-year lag of the county-level

SNAP participation rate or the county-by-month unemployment rate (interacted with treatment group

status, allowing for the impact of the covariate to vary by whether the county is from a treatment or

control state). The policy variable (Policyst) refers to either the natural log of the number of disburse-

ment days (Ln[DisbursementDaysst]) or the natural log of the number of disbursement days plus the

median disbursement day (Ln[DisbursementDaysst +MedianDayst]) to incorporate the spread of the

disbursement schedule as well, with the coefficient estimate for β1 capturing the difference-in-differences

estimate.23 Standard errors are clustered at the state-level (Bertrand et al. 2004).

21Respondents are asked whether themselves or a member of the household received SNAP benefits in the past 30 days.
Day of SNAP benefits receipt is not collected for SNAP respondents.

22For comparability, I restrict the ATUS samples to the states that are included in the retailer analysis. Additionally, I
restrict the sample to respondents ages 18+.

23I use the natural log transformation of these measures to capture the relative (instead of absolute) size of increases to
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The main identifying assumption underlying a difference-in-differences design is the parallel trends

assumption. For this assumption to hold, the outcome trends from the pre- to post-period of the control

group must follow the outcome trends of the treatment group if they instead were not treated (the

counterfactual, which is unobserved). This identifying assumption is fundamentally untestable, but

there is a corollary that can be tested: common trends in the outcome in the pre-treatment period.

While common pre-treatment trends is not a sufficient (or necessary) condition for the parallel trends

assumption to hold, it is often regarded as suggestive evidence (Kahn-Lang and Lang 2020). With this

in mind, I estimate an event study model, which allows for inspection of pre-treatment trends, as well

as post-treatment dynamics:

Ycst = β0 +

 5+∑
k=−6+,k 6=−1

δk ×Dk
st

 + θc + τt + γXcst + εcst (2)

where k denotes event-time (years since the policy change) and Dk
st are a set of policy “leads” and “lags”

(set equal to the size of the policy change for time periods that are k periods from the time of the policy

change; set equal to zero otherwise).24 The coefficient estimates for δ−6 to δ−2 provide tests for common

pre-treatment trends and δ0 to δ5 trace out the dynamics of the treatment effects (all relative to the year

prior to the policy change, k = −1). Finding statistically and economically insignificant estimates for

the “leads” (δ−6 to δ−2) is suggestive of the parallel trends assumption holding.

5.1 Robust DD Estimation

In the past few years, the standard TWFE model (used to implement DD designs under staggered

policy adoption settings) has been found to have properties that in certain instances do not deliver unbi-

ased estimates of treatment effects (Sun and Abraham 2020; de Chaisemartin and d’Haultfoeuille 2020;

Borusyak et al. 2021; Baker et al. 2021; Goodman-Bacon 2021). This is primarily due to two reasons: i)

already treated units being used as controls for later treated units (known as “bad comparisons”) and

ii) the variance-of-treatment weighting involved with the overall treatment effect estimate (units that

are treated closer to the middle of the panel receive more weight, as their treatment variance is higher).

Therefore, the static TWFE model will only deliver an unbiased estimate of the average treatment effect

on the treated (ATT; the target estimand of DD designs) if there is no treatment effect heterogeneity

(across units or across time).25 Imposing treatment effect homogeneity is rather restrictive, which has

led to innovation of new estimators that allow for generally unrestricted treatment effect heterogene-

ity and eliminate the two main issues discussed above: “bad comparisons” and variance-of-treatment

weighting (Sun and Abraham 2020; Callaway and Sant’Anna 2020; de Chaisemartin and d’Haultfoeuille

2020; Borusyak et al. 2021).

In order to address the potential issues with the TWFE model that I use, I first re-specify the

the length of the disbursement schedule. To illustrate my interest in relative as opposed to absolute increases, consider the
following example: going from a single to a two day disbursement schedule limits the share of recipients receiving benefits
on any given disbursement day from 100% to 50%, whereas, going from 10 disbursement days to 11 limits the share of
recipients receiving benefits on any given disbursement day from 10% to 9.1%. In thinking about customer surges due to
increased SNAP demand on disbursement days, the relative increase in disbursement schedule length better captures the
magnitude of the schedule change than the absolute increase.

24Since the policy variables of interest are continuous, I do not use the standard 0/1 variables to construct the leads and
lags (Dk

st). Instead, I adopt the generalized version of the event study model described in Schmidheiny and Siegloch (2019),
which allows one to maintain the continuous nature of the policy variables. Additionally, this event study framework allows
for multiple treatment events, of which there are two instances in this sample (Maryland and Delaware). Re-formulating
the policy variables as 0/1 yields a qualitatively similar pattern of results.

25These TWFE results have primarily been derived for binary treatment variables. In new work, Callaway et al. (2021)
show that even stronger assumptions are needed to identify treatment effects with continuous treatment variables. Shortly,
I discuss how I re-specify the policy variables I use to be binary to incorporate the new methods that expunge the issues
associated with TWFE models.
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policy variable as 0/1 (to enable use of the new methods) and then use the Callaway and Sant’Anna

(2020) estimator.26,27 The Callaway and Sant’Anna (2020) estimator (hereafter CS) avoids the issues

with TWFE by i) only allowing for comparisons between treated units and never-treated units (can also

allow for not-yet-treated units) and ii) avoiding variance-of-treatment weighting by using explicit weights

(based on group size) to construct the aggregate treatment effect estimates.28 The CS estimator allows

for pre-treatment covariates (can be time-varying, up to the period immediately prior to treatment), by

utilizing a propensity score model to produce propensity scores that assign higher weight to control units

with similar observables to the treatment units (therefore eliciting treatment and control comparisons

among units with similar observables). In the results section, I present estimates from the CS estimator

that incorporate the lagged SNAP participation rate (or county unemployment rate) covariate, as well as

estimates that do not include covariates. The flexible nature of the CS estimator (described in footnote

28) allows for aggregation of treatment effect estimates in a variety of ways, including: an overall ATT

estimate (much like the “static” estimate from TWFE models), ATTs by treatment-timing group (units

that share the same treatment year), ATTs by calendar time, and ATTs by event-time (i.e., event

study estimates). In the results section, I present both “static” and event study estimates from the CS

estimator, to provide a check against the baseline TWFE estimates.

5.2 Threats to Identification

Abstracting from concerns regarding the appropriate method to implement a difference-in-differences

design, it is worth discussing the potential confounders that could pose threats to identification. The

primary concern pertains to policy endogeneity, which may be an issue as there is evidence that food

retailers have pushed for these policy changes (Hanna 2016) as well as the USDA recommending that

states opt for longer disbursement schedules (Food Research & Action Center 2019). An imperfect

means to test for policy endogeneity is through the event study analysis, in which differential pre-

treatment trends could point to endogenous policy adoption. It is possible that policy adoption (changes

to the disbursement schedule) is a function of growing SNAP participation (which may put increased

strain on retailers), which is why in some models I control for lagged SNAP participation rates, to

strip away spurious associations between policy changes and SNAP-retailer supply that is due to SNAP

26To create less computational burden with the Callaway and Sant’Anna (2020) estimator, I collapse the data to the
county-by-year level. The binary policy variable is set equal to 1 for schedule changes that involve increases in the number
of disbursement days and/or the median disbursement day (zero otherwise). For schedule changes that occur after July in
year t, I set the policy variable to turn on in year t + 1.

27Before proceeding with the Callaway and Sant’Anna estimator, I used the Goodman-Bacon (2021) decomposition
diagnostic to see how much weight the overall TWFE DD estimate places on i) treated vs. never-treated comparisons, ii)
earlier-treated vs. later-treated comparisons, and iii) later-treated vs. earlier-treated comparisons (the “bad” comparisons).
I find that 71 percent of weight is placed on treated vs. never-treated comparisons, which is largely due to having many
never-treated units in the sample (41.3 percent of observations). Even though little weight is placed on “bad comparisons”
(later-treated vs. earlier-treated; 11 percent of weight for aggregate estimate), I turn to the new DD methods to ensure
there are no “bad comparisons” and variance-of-treatment weighting.

28The building block of the CS estimator is the “group-time average treatment effect” or ATT (g, t), with g referring to
“timing-group” (units that share the same treatment date) and t calendar time. Therefore, each ATT (g, t) is simply an
ATT estimate for a specific timing-group in a specific time period. More formally, Callaway and Sant’Anna (2020) show
that each ATT (g, t) can be nonparametrically identified as:

ATT (g, t) = E

 Gg

E [Gg ]
−

pg(X)C

1−pg(X)

E
[

pg(X)C

1−pg(X)

]
 (Yt − Yg−1)


where Gg is a binary indicator for belonging to timing group g, C is an indicator for belonging to a “never-treated” group,
Y refers to the outcome variable, and pg(X) is a propensity score (probability of receiving treatment, conditional on having
covariates X). In essence, each ATT (g, t) is a weighted average of the “long-difference” in the outcome (between time t
and time g − 1, the period immediately prior to treatment), which gives more weight to “never-treated” units that have
similar observables to timing-group g, and less weight to “never-treated” units with dis-similar observables. Estimation
of the ATT (g, t)s can be performed via inverse probability weighting (IPW), outcome regression (OR), or doubly-robust
(DR; combining both IPW and OR) approaches. For the retailer analysis, I make use of the DR estimation approach, as
it enjoys additional robustness against model misspecification (Callaway and Sant’Anna 2020).
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participation. In other specifications, I control for county unemployment rates instead, as they are

a strong predictor of SNAP participation (Ganong and Liebman 2018) and less tied to SNAP policy

heterogeneity.

Lastly, it is worth noting the potential for cross-county spillovers, especially for counties bordering

state lines that have different disbursement schedules (people are not restricted to food shopping in their

county of residence; hence, for retailers near state borders, the disbursement schedule of each state may

be relevant).29 To this point, the empirical methods that I use do not account for potential spatial

spillovers.

5.3 Time Use Analysis

To estimate the responsiveness of SNAP participants to the disbursement schedule, I turn to the

ATUS. I take cues from Cotti et al. (2020) and estimate the following model:

Yist = β0 + β1SNAP Dayst + θs + τt + X′istω + εist (3)

where Yist is either an indicator for any grocery shopping or the total minutes spent grocery shopping

for respondent i in state s at time t. SNAP Dayst is the probability that it is a respondent’s assigned

disbursement day (equal to [1/Total Disbursement Days] if the observation falls on a disbursement day),

with β1 capturing the difference in time spent grocery shopping on disbursement days compared to

non-disbursement days. State fixed effects (θs) are included to account for time-invariant differences in

time use across states. Time fixed effects (τt) are included to account for national trends in time use

(year-by-month fixed effects) and for time use patterns specific to particular days (day-of-week fixed

effects, “pay day” fixed effects [observations on 1st and 15th of the month], and holiday fixed effects).

Additionally, some specifications include covariates for individual and household-level characteristics

(Xist).
30 Estimates are weighted using the ATUS-provided sampling weights and standard errors are

clustered at the state-level. In the results section, estimates are presented for the ATUS sample that

is restricted to SNAP-eligible respondents and for the ATUS-EHM sample that is restricted to SNAP

recipients.

6 Results

In this section, I present estimates from the empirical models described in Section 5 using the data

described in Section 4. To provide some context and motivating evidence for the responsiveness of food

shopping behavior to the disbursement schedule among the SNAP population, I first present descriptive

estimates from the ATUS (Section 6.1). Afterwards, estimates are presented for the impacts of disburse-

ment schedule changes on the supply of SNAP-authorized retailers (Section 6.2), followed by an overall

discussion of the results (Section 6.3).

6.1 Time Use Behavior on Disbursement Days

I start by presenting estimates from equation (3) in Table 3, using the full ATUS (SNAP-eligible)

sample. Estimates are presented for any time spent grocery shopping (Panel I) and total time (in min-

utes) spent grocery shopping (Panel II). Going from the parsimonious (column 1) to the fully-saturated

29If a disbursement schedule change in county i impacts outcomes in county j (a county bordering county i, but in
another state without a disbursement schedule change), that would constitute a violation of the stable unit treatment value
assumption (SUTVA).

30The vector of individual and household characteristics include covariates for age, gender, race/ethnicity, educational
attainment, family income, household size, number of kids in the household, marital status, metropolitan status, and
employment status.
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specification with all the fixed effects and individual/household-level covariates (column 4), I find strong

evidence that grocery shopping behavior is highly responsive to the disbursement schedule among the

SNAP-eligible population. Respondents reporting any time spent grocery shopping is 8.4 to 9.4 percent-

age points (64 to 72 percent relative to the mean) higher on disbursement days than non-disbursement

days. Along the intensive margin, minutes spent grocery shopping is 12.4 to 13.0 minutes (126 to 133

percent) higher on disbursement days compared to non-disbursement days. In Table A.1, estimates are

presented for SNAP recipients in the ATUS-EHM sample, which show even stronger (albeit less precise,

about one-sixth the sample size) responses to the disbursement schedule. Specifically, any time spent

grocery shopping is 27.3 to 31.3 percentage points (195 to 224 percent) higher and total time spent

grocery shopping is 23.2 to 27.5 minutes (218 to 258 percent) higher on disbursement days compared

to non-disbursement days.31 It is not surprising that estimates using the ATUS-EHM (SNAP-recipient)

sample show stronger responses to the disbursement schedule, as SNAP recipiency in the ATUS-EHM

measures SNAP receipt more accurately than the SNAP eligibility that I assign using family income in

the full ATUS. Overall, these estimates echo the findings of other studies that the SNAP population is

highly responsive to when they receive their benefits (Wilde and Ranney 2000; Shapiro 2005; Damon

et al. 2013; Hastings and Washington 2010; Smith et al. 2016; Castellari et al. 2017; Cotti et al. 2016,

2020, 2021; Carr and Packham 2019; Lee et al. 2019), and speaks to the sentiment among food retail

executives about the surges in customer traffic on disbursement days (Cloud 2012; Hanna 2016).32 In

the next section, I discuss the findings from the SNAP retailer analysis, which analyzes whether longer

disbursement schedules (and the smoothing of SNAP demand that they induce) impact the supply of

SNAP-authorized retailers.

6.2 Retailer Response to Disbursement Schedule Changes

Turning to the retailer analysis, I start with estimates from equation (1) by SNAP retailer category

(all, supermarket, grocery store, convenience store, and combination store) in Table 4. In Panel I,

I present estimates that use the Ln[DisbursementDaysst] policy variable, and in Panel II, I present

estimates that use the Ln[DisbursementDaysst + MedianDayst] policy variable. Across food retail

categories, I do not find any statistically significant evidence of changes in disbursement schedule length

impacting the supply of SNAP-authorized retailers per capita. Economically, effect sizes are fairly

small. The largest implied percent change is for convenience stores in Panel I, with the point estimate

implying that doubling the number of disbursement days is associated with a 7.1 percent increase in the

number of SNAP-authorized convenience stores per capita.33 In the Appendix, I present estimates from

a specification that only includes county and year-month fixed effects (Table A.3) and a specification

that includes a covariate for the county unemployment rate interacted with treatment status (Table A.4).

Generally, the estimates are similar to those in Table 4 (statistically insignificant and small in magnitude).

However, in Panel II (Ln[DisbursementDaysst + MedianDayst]) of both Table A.3 and A.4, there is

marginal significance for the aggregate SNAP retailer category (column 1), with the estimates implying

that a doubling of the disbursement schedule length is associated with a 5.6 to 5.8 percent increase

in the number of SNAP-authorized retailers per capita (which appears to operate through increases in

combination and convenience stores).

31In Cotti et al. (2020), they similarly find that time spent grocery shopping is 235 percent higher for SNAP recipients
on disbursement days.

32In Table A.2, I present estimates for time spent grocery shopping (Panel I) and travel related to grocery shopping
(Panel II) for the SNAP-eligible population. The magnitude of the disbursement day effect is similar (in percentage terms
relative to the mean) between time spent grocery shopping and grocery shopping-related travel (slightly larger for travel).

33Given the log transformation of the policy variable, the coefficient estimate divided by the mean of the dependent
variable can be interpreted as an elasticity estimate. Equivalently, dividing the coefficient estimate by the mean of the
dependent variable can be interpreted as the implied percent change in the outcome from a doubling (100 percent increase)
of disbursement schedule length.
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To gauge whether the static estimates presented in Table 4 are masking any dynamics by event-time,

as well as to probe the appropriateness of the parallel trends assumption, I next present event study

estimates from equation (2). The event study estimates are shown in Figure 4, with the left column for the

Ln[DisbursementDaysst] policy variable (Panel A) and the right column for the Ln[DisbursementDaysst

+MedianDayst] policy variable (Panel B). Each row presents the figures by SNAP retailer category. In

the pre-treatment period, there is evidence of pre-existing differential trends in the aggregate SNAP re-

tailer category, which appears to be driven by convenience store SNAP retailers (the largest sub-category,

about 52 percent of all SNAP retailers). For the other retailer categories (supermarket, grocery, and

combination stores), all the “leads” contain zero in the confidence interval and the point estimates are

generally close to zero (some evidence of diverging trends for supermarkets for leads 4 through 6+). In the

post-treatment period, there is little statistically (or economically) significant evidence of disbursement

schedule changes impacting the number of SNAP-authorized retailers per capita. There is some evidence

of a slight short-run (zero to one years after the schedule change) increase in grocery retailers as well as

a slight decline (that grows slowly) in supermarket retailers. Overall, these event study estimates largely

mirror the static estimates from Table 4, that lengthening the disbursement schedule does not seem to

impact the supply of SNAP-authorized retailers per capita. As discussed in Section 3, lengthening the

disbursement schedule serves to reduce variable costs associated with SNAP-authorization, although the

cost reductions may not be large enough to induce changes in SNAP-authorization. Coupled with the

ambiguous impacts on revenue (less scope to pro-cyclically price, some retailers may gain SNAP demand

and other retailers less, etc.), on net, lengthening the disbursement schedule may not be an effective

means to increase SNAP retailer supply, as the estimates here suggest.

6.2.1 Results from the Callaway & Sant’Anna (CS) Estimator

As discussed in Section 5, there are concerns about the ability of TWFE models to identify treatment

effects under staggered policy adoption settings. In this section, I present estimates from the CS esti-

mator, which ensures that there is no bias due to “bad comparisons” or OLS-driven weighting schemes

(TWFE gives more weight to units treated closer to the middle of the panel).

I start with the static difference-in-differences estimates, presented in Table 5. Much like the TWFE

estimates (Table 4), with the CS estimates I do not find statistically or economically significant evidence

of disbursement schedule policy changes impacting the supply of SNAP retailers. The largest (absolute)

effect is for convenience stores, with a lengthening of the disbursement schedule associated with an

additional 0.3 retailers per capita (although statistically insignificant), or a 5.5 percent increase (relative

to the mean). In the Appendix, I show estimates from models without the lagged SNAP participation

rate covariate (Table A.5) and instead including a covariate for the county unemployment rate (Table

A.6). Generally, the estimates are similar to those in Table 5 (statistically insignificant and small in

magnitude). However, in both tables there is a statistically significant decline in supermarket retailers

of roughly 0.07 stores per capita (five percent decline relative to the mean).

I also present event study estimates from the CS estimator in Figure 5.34 Generally, the “leads”

are more closely centered around zero than the TWFE event study estimates in Figure 4. However,

once again, there are some statistically significant (although relatively small in magnitude) “leads” for

the aggregate SNAP retailer category, which appears to be driven by convenience stores. In the post-

treatment period, there is evidence (albeit imprecise) of a growing decline in supermarkets and a growing

increase in combination stores. The five year “lag” suggests a decline of 0.07 supermarkets per capita

34For the CS estimator, the relative period for each “lag” is the year prior to treatment. For the “leads,” the relative
period is the event-year immediately prior. For example, the relative period for the three year lead is four years prior to
treatment. Hence, the event study figures do not have one “omitted group” normalized to zero, like a traditional event
study model.
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(5.1 percent relative to the mean) and an increase of 0.16 combination stores per capita (8.6 percent).35

6.3 Discussion

Overall, in the retailer analysis I find little evidence that lengthening SNAP disbursement schedules

impacts the supply of SNAP-authorized retailers (estimates are generally imprecise and small in magni-

tude). As mentioned in Section 3, lengthening the disbursement schedule can impact multiple margins

for SNAP retailers. Longer schedules can reduce the variable costs with being SNAP-authorized, by

smoothing the peaks in SNAP food demand. However, they may also reduce the ability to pro-cyclically

price with food demand, and some retailers may find it worthwhile to “specialize” in serving the SNAP

population and siphon off SNAP demand from other retailers, which may, on net, lead to little changes

in SNAP authorization (as some retailers may be more likely to be authorized/reduce exit, while other

retailers exit from being SNAP authorized). There is some evidence of differential responses by retailer

type (in the CS analysis), with slight declines in supermarket SNAP retailers per capita and slight in-

creases in combination store SNAP retailers per capita, which on net, likely has little meaningful effect on

food access for SNAP participants. Lastly, a caveat with this county-level analysis is that I cannot rule

out whether there are differential responses by retailers within-county (e.g., there could be improvements

in food access in some parts of the county and declines in others, with no impact on aggregate). This is

an issue that is pertinent to any study that uses area-based measures of food access (Bitler and Haider

2011; Ver Ploeg et al. 2015), which could be improved upon with individual-level data on food access,

although such data are relatively scarce.

7 Conclusion

The “SNAP benefit cycle” phenomenon is well-documented, namely, that SNAP participants spend

down their SNAP benefits quickly after receiving them each month, with anecdotal evidence that this

cycle can be costly for food retailers (Cloud 2012; Hanna 2016; Food Research & Action Center 2019). To

my knowledge, this is the first study to analyze whether the timing of SNAP benefits (the disbursement

schedule) impacts the incentives for food retailers to be SNAP-authorized. Given the relatively low-cost

for states to lengthen their disbursement schedules, it is important to understand whether such policy

changes can impact SNAP retailer supply and access to food for SNAP beneficiaries.

In this study, I focus attention on “low food access” counties, as they have the most to gain or

lose from changes in the supply of SNAP-authorized retailers. In a time use analysis, I find that the

SNAP population food shops at a much higher rate on disbursement days, highlighting the potential

for lengthened disbursement schedules to alter the incentives for SNAP retailer authorization. In the

retailer analysis, using both traditional TWFE and robust DD estimators, I find little evidence that

lengthening SNAP disbursement schedules impacts the supply of SNAP-authorized retailers. This finding

is informative, as advocates of lengthened schedules have proposed that they can induce SNAP retailer

authorization (and thereby improve access to food). At least along the “extensive” margin, I find little

evidence of changes in food access, which suggests that stronger supply-side incentives (such as the

Healthy Food Financing Initiative) and/or higher SNAP benefit levels may be needed to spur food

retailers to become/remain SNAP-authorized to provide adequate food access for SNAP beneficiaries.36

35In unreported results, I disaggregate the combined “Supermarket” retailer category into supermarkets and super stores,
finding that the decline in the combined category is being driven by supermarkets separately. Super stores are actually
observed to have a slight increase in the post-treatment period, although about half the size (in absolute magnitude) of
the decline in supermarket retailers.

36The Healthy Food Financing Initiative (HFFI) is a federal program that seeks to address the lack of access to healthy
foods in low-income communities. In a case study of an HFFI-funded supermarket in a low-income community (categorized
as a “food desert”) in Pittsburgh, PA, Cantor et al. (2020) find that the opening of the supermarket led to improvements
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Even though I do not find much evidence of changes in SNAP retailer supply, SNAP consumers could

still be benefiting from schedule changes. Lengthened disbursement schedules, and the smoothing of

SNAP food demand that they induce, could improve the “intensive” margin of food access, by increasing

food availability (less stocking issues) and reducing transaction costs (less store congestion) for SNAP

food shoppers. However, data constraints limit the ability to directly test these hypotheses.

Lastly, it is worth briefly discussing the rise of online grocery shopping and delivery in recent years,

especially throughout the COVID-19 pandemic. Online grocery sales grew by 54 percent in 2020 and

roughly half of the U.S. population are forecasted to be online grocery shoppers by 2022 (eMarketer

2021). In 2017, the USDA announced the SNAP online purchasing pilot program that allows SNAP

benefits to be redeemed for online grocery shopping at select retailers (U.S. Department of Agriculture

2017), which was first rolled out in New York in April 2019 and Washington at the start of 2020 (Jones

2021). In the midst of the COVID-19 pandemic, the USDA expanded the pilot, which now includes 46

states and D.C. in operation as of December 2020 (Jones 2021). From February to September 2020,

online SNAP redemptions grew from $2.9 million to $196.3 million, although only accounted for 2.4

percent of all SNAP redemptions in September 2020 (Jones 2021). At this time, it is relatively unknown

whether online grocery shopping access for SNAP participants has improved access to food, as well as

whether the disbursement schedule is as salient to both retailers and SNAP participants in the online

grocery sphere.37 Therefore, understanding the impacts of the rise in online grocery shopping on food

access is an important area for future research.

in food security and diet quality among SNAP participants.
37Given the recency of the SNAP online purchasing pilot, there is minimal research on its impacts. Focus group studies

find that SNAP recipients have little interest and experience in online grocery shopping, with the inability to use benefits
to pay for delivery services and lack of control in choosing perishable food items as identified barriers (Martinez et al. 2018;
Rogus et al. 2020). Brandt et al. (2019) find that among the eight initial states included in the SNAP online purchasing
pilot program (AL, IA, MD, NE, NJ, NY, OR, and WA), roughly 90 percent of urban food desert census tracts had online
grocery and delivery services available but rural food desert census tracts had limited availability.
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Figures

Figure 1: National Trends in SNAP Retailers and SNAP Participation, 2000 to 2019
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Notes: National trends in SNAP-authorized retailers and SNAP participation presented over the 2000 to
2019 period. Data are measured in July of each year.
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Figure 2: SNAP Disbursement Schedule Variation Over Time Across States, 2000 to 2019
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Notes: Trends in SNAP disbursement schedule length (number of days/median day that SNAP benefits are issued
each month) presented for the states in the sample with a change to their disbursement schedule over the 2000
to 2019 period.
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Figure 3: “Low Food Access” Counties in the Analysis Sample

Schedule Change
No Schedule Change
Not in sample

Notes: Counties shaded in dark gray (“Schedule Change”) refer to the low food access counties in the
analysis sample from states that change their disbursement schedule during the sample period. Counties shaded
in light gray (“No Schedule Change”) refer to the low food access counties in the analysis sample from states
without a change to their disbursement schedule during the sample period. Counties not in the analysis sample
are left blank/white.
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Figure 4: Impact of Longer Disbursement Schedules on SNAP Retailers per Capita, Event Study
Analysis (via TWFE), 2000 to 2019

Panel A: Days Panel B: Days + Median
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(continued on next page)
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Figure 4: Impact of Longer Disbursement Schedules on SNAP Retailers per Capita, Event Study
Analysis (via TWFE), 2000 to 2019 (continued)

Panel A: Days Panel B: Days + Median

(iv) Convenience Store SNAP Retailers
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(v) Combination Store SNAP Retailers
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Notes: Event study estimates are plotted from the regression outlined in equation (2). Errors bars are 95% confi-
dence intervals. The dependent variable is SNAP retailers per capita (retailer type indicated by row) in a county-month.
All models control for county and year-by-month fixed effects, as well as a control for the lagged SNAP participation
rate interacted with treatment status. Models are estimated via OLS, with standard errors clustered at the state level.
Panel A presents event study estimates derived from the Ln[DisbursementDaysst] policy variable and Panel B from the
Ln[DisbursementDaysst + MedianDayst] policy variable.
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Figure 5: Impact of Longer Disbursement Schedules on SNAP Retailers per Capita, Event Study
Analysis (via Callaway and Sant’Anna estimator), 2000 to 2019
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(ii) Supermarket SNAP Retailers
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(iii) Grocery SNAP Retailers
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(iv) Convenience Store SNAP Retailers
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(v) Combination Store SNAP Retailers
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Notes: Event study estimates plotted from the doubly-robust estimation approach developed by Callaway and
Sant’Anna (2020) (described in footnote 28). Errors bars are 95% confidence intervals. The dependent variable is SNAP
retailers per capita (retailer type indicated by row) in a county-year. The models include a control for the lagged SNAP
participation rate. Standard errors are clustered at the state level.
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Tables

Table 1: SNAP Disbursement Schedules by State, 2000 to 2019

Disbursement Days
State Start of Sample 1st Change 2nd Change 3rd Change
AL 4-18 2013m9: 4-23
AZ 1-13
AR 5,10,15 2005m4: 4,5,8-13
CA 1-10
CO 1-10
CT 1-3
DE 5-11 2013m3: 2-17 2015m3: 2-23
DC 1-10
FL 1-15 2016m4: 1-28
GA 5-14 2012m9: 5-23 (odd)
IN 1-10 2014m2: 5-23 (odd)
IA 1-10
KS 1-10
KY 1-10 2015m9: 1-19 (odd)
LA 1-14
ME 10-14
MD 6-10 2003m12: 6-15 2015m9: 5-19 2015m10: 4-23
MA 1,2,4,5,7,8,10,11,13,14
MI 1-9 2011m1: 3-21 (odd)
MN 4-13
MS 5-19 2017m1: 4-21
MO 1-22
MT 1 2002m4: 2-6
NE 1-5
NV 1 2019m7: 1-10
NH 5
NM 1-20
NY 1-9
NC 3-12 2011m7: 3-21 (odd)
ND 1
OK 1 2011m4: 1,5,10
OR 1-9
RI 1
SC 1-10 2012m9: 1-11,13,15,17,19
SD 10
TN 1-10 2012m10: 1-20
TX 1,3,5-7,9,11-13,15
UT 5,11,15
VT 1
VA 1 2012m10: 1,4,7,9
WA 1-10 2017m2: 1-20
WV 1-9
WI 2,3,5,6,8,9,11,12,14,15
WY 1-4

Notes: SNAP disbursement schedules (calendar days of the month when SNAP benefits are issued) listed by state.
“Start of Sample” refers to the SNAP disbursement schedule in effect at the start of the sample period. “Odd”
refers to odd-numbered calendar days. The remaining columns indicate the dates and corresponding disbursement
schedule for schedule changes that occurred during the sample period.
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Table 2: Descriptive Statistics by Treatment Status, 2000 to 2019

Schedule Change No Schedule Change Full Sample
[Treat] [Control]

All SNAP retailers per capita 10.883 9.558 10.343
(4.181) (4.007) (4.162)

Supermarket SNAP retailers per capita 1.384 1.245 1.328
(0.676) (0.655) (0.671)

Grocery store SNAP retailers per capita 1.082 1.291 1.167
(1.138) (2.001) (1.552)

Convenience store SNAP retailers per capita 5.743 4.757 5.341
(2.995) (2.855) (2.978)

Combination store SNAP retailers per capita 2.026 1.652 1.873
(1.457) (1.279) (1.399)

County SNAP participation rate (lagged one year) 0.190 0.168 0.181
(0.077) (0.078) (0.078)

County unemployment rate 0.074 0.067 0.071
(0.030) (0.030) (0.030)

County population (thousands) 74.496 154.169 106.982
(187.074) (557.052) (385.723)

Urban county (as of 2000 Census) 0.308 0.352 0.326
(0.461) (0.478) (0.469)

N 139,680 96,160 235,840

Notes: Means presented for the counties in the analysis sample over the 2000 to 2019 period (standard deviations in parenthe-
ses). The “Schedule Change” column presents means for counties from states that change their disbursement schedule during
the sample period. The “No Schedule Change” column presents means for counties from states without a change to their
disbursement schedule during the sample period. SNAP retailers per capita are measured as the monthly count of authorized
SNAP retailers (in the relevant category) per 10,000 county population.
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Table 3: Time Spent Grocery Shopping on SNAP Disbursement Days, SNAP-Eligible sample, ATUS,
2003 to 2019

(1) (2) (3) (4)
Panel I: Any Grocery Shopping

SNAP Day 0.094∗∗ 0.092∗ 0.087∗ 0.084∗

(0.046) (0.047) (0.044) (0.045)
Percent change 0.716 0.699 0.667 0.637
DV mean 0.131 0.131 0.131 0.131
N 30,218 30,218 30,218 30,215

Panel II: Grocery Shopping (minutes)
SNAP Day 13.013∗∗∗ 12.825∗∗∗ 12.357∗∗∗ 12.551∗∗∗

(4.050) (4.139) (4.057) (4.152)
Percent change 1.329 1.310 1.262 1.282
DV mean 9.793 9.793 9.793 9.794
N 30,218 30,218 30,218 30,215
Day of Week FE Y Y Y Y
Pay-day/Holiday FE N N Y Y
Year-by-month FE Y Y Y Y
State FE N Y Y Y
Individual/Household covariates N N N Y
∗ Statistically significant at 10% level; ∗∗ at 5% level; ∗∗∗ at 1% level.
Notes: Coefficient estimates are presented from the regression outlined in equation (3) using
data from the American Time Use Survey (ATUS). “Grocery Shopping” refers to time spent
grocery shopping and grocery shopping-related travel (activity codes 070101 and 180701). The
sample is restricted to respondents from SNAP-eligible households. The unit of observation is
a respondent-day. Models are estimated via OLS, weighted using the ATUS-provided sample
weights, with standard errors clustered at the state-level.
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Table 4: Impact of Longer Disbursement Schedules on SNAP Retailers per Capita, TWFE, 2000 to
2019

(1) (2) (3) (4) (5)
All Supermarket Grocery Convenience Combo

Panel I
Ln(Disbursement Days) 0.468 -0.028 -0.003 0.382 0.029

(0.316) (0.034) (0.077) (0.255) (0.112)
Elasticity 0.045 -0.021 -0.003 0.071 0.015
DV mean 10.343 1.328 1.167 5.341 1.873
N 235,840 235,840 235,840 235,840 235,840

Panel II
Ln(Disbursement Days + Median Day) 0.253 -0.015 -0.003 0.203 -0.030

(0.329) (0.028) (0.069) (0.295) (0.069)
Elasticity 0.024 -0.012 -0.003 0.038 -0.016
DV mean 10.343 1.328 1.167 5.341 1.873
N 235,840 235,840 235,840 235,840 235,840
County FE Y Y Y Y Y
Year-by-month FE Y Y Y Y Y
Lag SNAP part. rate*treated state Y Y Y Y Y
∗ Statistically significant at 10% level; ∗∗ at 5% level; ∗∗∗ at 1% level.
Notes: Coefficient estimates are presented from the regression outlined in equation (1). The dependent variable is
SNAP retailers per capita (retailer type indicated by column) in a county-month. All models control for county and
year-by-month fixed effects, as well as a control for the lagged SNAP participation rate interacted with treatment status.
Models are estimated via OLS, with standard errors clustered at the state level.
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Table 5: Impact of Longer Disbursement Schedules on SNAP Retailers per Capita, Callaway &
Sant’Anna Estimator, 2000 to 2019

(1) (2) (3) (4) (5)
All Supermarket Grocery Convenience Combo

ATT 0.263 -0.055 -0.039 0.294 0.112
(0.305) (0.036) (0.061) (0.206) (0.112)

Percent change 0.025 -0.042 -0.034 0.055 0.060
DV mean 10.373 1.329 1.172 5.376 1.863
N 19,820 19,820 19,820 19,820 19,820
Lagged SNAP part. rate Y Y Y Y Y
∗ Statistically significant at 10% level; ∗∗ at 5% level; ∗∗∗ at 1% level.
Notes: Coefficient estimates are presented from the doubly-robust estimation approach developed by
Callaway and Sant’Anna (2020) (described in footnote 28). The dependent variable is SNAP retailers
per capita (retailer type indicated by column) in a county-year. The models include a control for
the lagged SNAP participation rate. Standard errors are clustered at the state level.

31



A Appendix Tables

Table A.1: Time Spent Grocery Shopping on SNAP Disbursement Days, SNAP-Recipient sample,
ATUS-EHM, 2006-2008 and 2014-2016

(1) (2) (3) (4)
Panel I: Any Grocery Shopping

SNAP Day 0.313∗∗ 0.286∗ 0.273∗ 0.277∗

(0.140) (0.149) (0.148) (0.147)
Percent change 2.238 2.040 1.949 1.981
DV mean 0.140 0.140 0.140 0.140
N 4,934 4,934 4,934 4,932

Panel II: Grocery Shopping (minutes)
SNAP Day 27.461∗ 24.894 23.198 24.884∗

(14.389) (15.002) (14.883) (13.756)
Percent change 2.576 2.335 2.176 2.333
DV mean 10.661 10.661 10.661 10.666
N 4,934 4,934 4,934 4,932
Day of Week FE Y Y Y Y
Pay-day/Holiday FE N N Y Y
Year-by-month FE Y Y Y Y
State FE N Y Y Y
Individual/Household covariates N N N Y
∗ Statistically significant at 10% level; ∗∗ at 5% level; ∗∗∗ at 1% level.
Notes: Coefficient estimates are presented from the regression outlined in equation (3)
using data from the American Time Use Survey - Eating and Health Module (ATUS-
EHM). “Grocery Shopping” refers to time spent grocery shopping and grocery shopping-
related travel (activity codes 070101 and 180701). The sample is restricted to respondents
from SNAP-recipient households. The unit of observation is a respondent-day. Models
are estimated via OLS, weighted using the ATUS-EHM-provided sample weights, with
standard errors clustered at the state-level.
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Table A.2: Time Spent Grocery Shopping on SNAP Disbursement Days, SNAP-Eligible sample, ATUS,
2003 to 2019

(1) (2) (3) (4)
Panel I: Grocery Shopping (minutes)

SNAP Day 8.106∗∗∗ 7.880∗∗∗ 7.471∗∗∗ 7.579∗∗∗

(2.468) (2.514) (2.500) (2.501)
Percent change 1.287 1.251 1.186 1.203
DV mean 6.301 6.301 6.301 6.302
N 30,218 30,218 30,218 30,215

Panel II: Grocery Shopping Travel (minutes)
SNAP Day 4.907∗∗ 4.945∗∗ 4.885∗∗ 4.972∗∗

(2.029) (2.075) (2.064) (2.103)
Percent change 1.405 1.416 1.399 1.424
DV mean 3.492 3.492 3.492 3.492
N 30,218 30,218 30,218 30,215
Day of Week FE Y Y Y Y
Pay-day/Holiday FE N N Y Y
Year-by-month FE Y Y Y Y
State FE N Y Y Y
Individual/Household covariates N N N Y
∗ Statistically significant at 10% level; ∗∗ at 5% level; ∗∗∗ at 1% level.
Notes: Coefficient estimates are presented from the regression outlined in equation (3) using
data from the American Time Use Survey (ATUS). “Grocery Shopping” refers to time spent
grocery shopping (activity code 070101) and “Grocery Shopping Travel” refers to grocery
shopping-related travel (activity code 180701). The sample is restricted to respondents from
SNAP-eligible households. The unit of observation is a respondent-day. Models are estimated
via OLS, weighted using the ATUS-provided sample weights, with standard errors clustered at
the state-level.
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Table A.3: Impact of Longer Disbursement Schedules on SNAP Retailers per Capita, Parsimonious
Specification, TWFE, 2000 to 2019

(1) (2) (3) (4) (5)
All Supermarket Grocery Convenience Combo

Panel I
Ln(Disbursement Days) 0.350 -0.053 -0.053 0.335 0.079

(0.434) (0.036) (0.070) (0.356) (0.126)
Elasticity 0.034 -0.040 -0.045 0.063 0.042
DV mean 10.343 1.328 1.167 5.341 1.873
N 235,840 235,840 235,840 235,840 235,840

Panel II
Ln(Disbursement Days + Median Day) 0.575∗ -0.042 -0.036 0.455 0.132

(0.324) (0.034) (0.069) (0.285) (0.106)
Elasticity 0.056 -0.032 -0.031 0.085 0.070
DV mean 10.343 1.328 1.167 5.341 1.873
N 235,840 235,840 235,840 235,840 235,840
County FE Y Y Y Y Y
Year-by-month FE Y Y Y Y Y
∗ Statistically significant at 10% level; ∗∗ at 5% level; ∗∗∗ at 1% level.
Notes: Coefficient estimates are presented from the regression outlined in equation (1). The dependent variable is
SNAP retailers per capita (retailer type indicated by column) in a county-month. All models control for county and
year-by-month fixed effects. Models are estimated via OLS, with standard errors clustered at the state level.

34



Table A.4: Impact of Longer Disbursement Schedules on SNAP Retailers per Capita, Controlling for
County Unemployment Rate, TWFE, 2000 to 2019

(1) (2) (3) (4) (5)
All Supermarket Grocery Convenience Combo

Panel I
Ln(Disbursement Days) 0.337 -0.051 -0.053 0.310 0.085

(0.446) (0.035) (0.070) (0.367) (0.128)
Elasticity 0.033 -0.039 -0.045 0.058 0.045
DV mean 10.343 1.328 1.167 5.341 1.873
N 235,790 235,790 235,790 235,790 235,790

Panel II
Ln(Disbursement Days + Median Day) 0.605∗ -0.041 -0.040 0.465 0.149

(0.337) (0.033) (0.070) (0.291) (0.113)
Elasticity 0.058 -0.031 -0.034 0.087 0.080
DV mean 10.343 1.328 1.167 5.341 1.873
N 235,790 235,790 235,790 235,790 235,790
County FE Y Y Y Y Y
Year-by-month FE Y Y Y Y Y
Unemployment rate*treated state Y Y Y Y Y
∗ Statistically significant at 10% level; ∗∗ at 5% level; ∗∗∗ at 1% level.
Notes: Coefficient estimates are presented from the regression outlined in equation (1). The dependent variable is
SNAP retailers per capita (retailer type indicated by column) in a county-month. All models control for county and
year-by-month fixed effects, as well as a control for the county unemployment rate interacted with treatment status.
Models are estimated via OLS, with standard errors clustered at the state level.
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Table A.5: Impact of Longer Disbursement Schedules on SNAP Retailers per Capita, Callaway &
Sant’Anna Estimator, Parsimonious Specification, 2000 to 2019

(1) (2) (3) (4) (5)
All Supermarket Grocery Convenience Combo

ATT 0.158 -0.067∗∗ -0.076 0.190 0.124
(0.308) (0.034) (0.058) (0.218) (0.119)

Percent change 0.015 -0.050 -0.065 0.035 0.066
DV mean 10.373 1.329 1.172 5.376 1.863
N 19,820 19,820 19,820 19,820 19,820
∗ Statistically significant at 10% level; ∗∗ at 5% level; ∗∗∗ at 1% level.
Notes: Coefficient estimates are presented from the doubly-robust estimation approach devel-
oped by Callaway and Sant’Anna (2020) (described in footnote 28). The dependent variable
is SNAP retailers per capita (retailer type indicated by column) in a county-year. Standard
errors are clustered at the state level.
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Table A.6: Impact of Longer Disbursement Schedules on SNAP Retailers per Capita, Callaway &
Sant’Anna Estimator, Controlling for County Unemployment Rate, 2000 to 2019

(1) (2) (3) (4) (5)
All Supermarket Grocery Convenience Combo

ATT 0.158 -0.067∗∗ -0.070 0.207 0.117
(0.310) (0.032) (0.058) (0.215) (0.119)

Percent change 0.015 -0.051 -0.059 0.039 0.063
DV mean 10.373 1.329 1.172 5.376 1.863
N 19,820 19,820 19,820 19,820 19,820
Unemployment rate Y Y Y Y Y
∗ Statistically significant at 10% level; ∗∗ at 5% level; ∗∗∗ at 1% level.
Notes: Coefficient estimates are presented from the doubly-robust estimation approach developed
by Callaway and Sant’Anna (2020) (described in footnote 28). The dependent variable is SNAP
retailers per capita (retailer type indicated by column) in a county-year. The models include a
control for the county unemployment rate. Standard errors are clustered at the state level.
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