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Abstract

We evaluate the effect of the nationwide transition in the Special Supplemental Nutrition Program for
Women, Infants, and Children (WIC) from paper vouchers to Electronic Benefit Transfer (EBT) cards on
the decisions of stores to be authorized to accept WIC benefits. We combine novel administrative data from
The Integrity Profile (data on stores participating in WIC and their WIC reimbursements) and the Store
Tracking and Redemptions System (data on SNAP-authorized vendors) with new nationwide policy data
on WIC EBT implementation. Using a staggered adoption difference-in-differences approach, we find that
the transition had heterogeneous and occasionally unanticipated effects across states. The number of WIC
authorized independent vendors declined following WIC EBT implementation. We find no significant effect
of WIC EBT implementation on WIC redemptions and no significant evidence of spillovers on to SNAP
retailer authorization or redemptions. Treatment effects on authorized WIC vendors are more negative for
early adopters, which may be due to learning effects or improvements in technology. Past experience with
EBT implementation by financial services providers (private firms hired by states to implement WIC EBT)

reduces the magnitude of negative effects of EBT implementation on store participation in WIC.
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1 Introduction

The Special Supplemental Nutrition Program for Women, Infants, and Children (WIC) provides specific
nutritious foods to low-income, nutritionally at-risk infants; children under 5; and pregnant, postpartum,
and breastfeeding women. The WIC program touches almost half of the population, with 46% of infants
obtaining WIC benefits in 2020. Benefits are exchanged (redeemed) for specific foods at WIC-authorized
stores, with nearly 46,000 stores authorized to redeem benefits in 2012, according to the US Department
of Agriculture (USDA). Stores that participate in WIC play a crucial rule in making it possible for WIC
recipients to use their WIC benefits, which expire at the end of each month. Between 2002 and 2022, WIC
underwent a transformative change, transitioning from issuing benefits in the form of paper vouchers to
loading benefits onto an Electronic Benefits Transfer (EBT) card.

In this paper, we evaluate the effects of the WIC EBT transition on retailers. We ask: Does the probability
of a store being WIC-authorized, and thus able to provide WIC-specific foods to recipients in exchange for
benefits, change in response to the transition from paper vouchers to electronic WIC benefits? Do WIC
benefit redemptions (the dollar amount of benefits used) increase or decrease after this transition? Is there
heterogeneity in the effects by retailer characteristics, adoption timing, or the private firm implementing the
EBT system? We answer these questions with previously-unused USDA administrative data on the number
of WIC-authorized vendors and total redemptions at the ZIP code level, and use a differences in differences
approach, contrasting experiences before and after redemptions in locations implementing EBT with those

same changes over time in places who have not yet adopted.

WIC benefits consist of a quantity voucher (food instrument or FI) that participants can redeem for a bun-
dle of pre-specified items (and since 2009, a set dollar amount of fruits and vegetables) at WIC-authorized
retailers. This differs from SNAP, which provides a fixed dollar amount of EBT benefits that recipients
can redeem for a wide range of foods, trading off price and quantityE Vendors apply to their state’s WIC
programs, and must meet a set of federal and state-specific criteria to be approved to participate. Vendors
must periodically reapply to continue in the program. States determine if retailers are eligible to participate

in WIC and are also responsible for monitoring and enforcing program regulations.

A priori, the effects of WIC EBT implementation on food retailer behavior and WIC redemptions are am-
biguous. Effects may vary across store types and states using different approaches to implementing the EBT
program. Becoming WIC authorized can be costly for stores; vendors incur both fixed and ongoing costs.
Beyond the direct costs associated with certification, stores must update Point-of-Sale (POS) technology
to accept benefits and workers must be trained on the use of WIC FIs. Fixed implementation costs may
lead smaller retailers to exit. WIC authorization also entails ongoing costs. Vendors must stock minimum
types and quantities of WIC foodsﬂ To the extent that EBT makes it harder for stores to commit fraud
(e.g. by charging WIC recipients higher prices than non-recipients, or by making pricing monitoring easier
for states), it may raise the marginal cost of WIC participation and reduce the incentive to become autho-

rized. Overall, technology costs and ease of fraud enforcement may reduce profits from being WIC authorized.

On the other hand, there are also reasons to think that EBT implementation might increase the intensity

ISince 2009, the WIC benefit has also included a cash-value voucher/benefit for a set amount of fruits or vegetables without
any added salt or sugar. These cash-value vouchers for fruits and vegetables are similar to SNAP benefits.
2An example of stocking requirements from California can be found at |California Department of Public Health (2020)!


https://www.cdph.ca.gov/Programs/CFH/DWICSN/CDPH Document Library/Grocers/AuthorizedVendors/StockingRequirementCertification.pdf

of program use for recipients and/or make it more profitable for stores to participate. Because the bulk of
the food benefit is for a specific quantity of food, WIC participants are not price sensitive when redeeming
most of their benefits. This creates opportunities for firms to mark up products, potentially leading to
higher profits (Saitone et al., |2015)). WIC participation can expand stores’ customer base and sales (Wallace
et al.l [2020). It may also increase the share of benefits redeemed by making it easier for participants to use
their benefits more flexibly across the month (Hanks et al., |2018)). WIC EBT may increase enrollment by
reducing the stigma associated with participation — stigma has been posited to reduce program enrollment
since Moffitt’s seminal paper (Moffitt], [1983).

We also consider spillover effects onto the participation of stores and spending by individuals in the SNAP
program. WIC EBT implementation aligns WIC benefit technology more closely with SNAP benefit tech-
nology. Given that in many states WIC vendors are required to be SNAP authorized, modifications in WIC
vendor policy could plausibly affect SNAP outcomes, especially for recipients enrolled in both programs.
Despite the central role retailers play in administering WIC, work examining the supply side of WIC is
limited, and this paper seeks to address this gap.

We find that, on average, WIC EBT implementation decreased the probability that stores would be WIC
authorized, with the declines driven entirely by independent stores that are not part of larger chains. In
contrast, we find no significant effect of the implementation on the probability of being WIC authorized for
chain stores. We also find no evidence of an effect on the average amount of WIC redemptions in a ZIP code,
which we take as a proxy for WIC participation or redemption intensity. This suggests that on average, this
change in vendor authorization did not hurt recipients. Finally, we find no effect on SNAP authorization or

redemption, suggesting no spillovers from WIC EBT on to SNAP outcomes.

EBT adoption varied across locations and time. This allows us to leverage changes in locations that did not
yet adopt WIC EBT as a counterfactual for changes in places that adopt WIC EBT before and after adop-
tion. Of course, a recent literature (surveyed in Roth et al. 2023 |de Chaisemartin and D’Haultfoeuille, [2023)
suggests such models may be biased if there is heterogeneity over time of implementation and across locations
in the average treatment effects. To address this, we examine each adoption separately, as advocated by a
number of authors, using (Callaway and Sant’Anna) (2021). By decomposing the results into group-by-time
adoption sets (county-by-year-of-adoption specific treatment effects), our evidence suggests that counties
adopting WIC EBT earlier saw decreases in the number of authorized WIC retailers. These challenges
stemmed from factors such as technological constraints, (lack of) prior experience by EBT processors or
firms, or other factors discussed above that related to firms’ costs and benefits from authorization—fixed
costs, reduced fraud opportunities, or increased monitoring (Crespo-Bellido et al., [2024; |Ayala et al.l |2012;
Wallace et al., 2020).

The rollout of WIC EBT spanned a long, 21-year period. Our findings point to a potential “learning-by-
doing” effect for EBT processors. Our analysis suggests that as processors gained experience with setting
up the back-end systems for EBT, the vendors’ experience became increasingly positive. This indicates
potential learning effects across states and/or within processors. Additionally, point-of-sale (POS) systems

might have become more efficient, affordable, and widespread, potentially facilitating the transition to EBT.

We make several contributions to the existing literature. First, we fill an important gap in our understanding



of how private actors matter for means-tested programs. These actors are not limited to food retailers -
Frisvold and Price| (2019) and |Fletcher and Frisvold| (2017) note that schools are an important component
of the food environment for children. In this paper, we examine the intersection of the effects of WIC policy

changes and WIC retailer and participant program entry and exit.

Second, we contribute to existing research on WIC and SNAP EBT transitions. These studies have often
been limited to a single state (e.g., Meckel| (2020) for WIC EBT, [Shiferaw]| (2020) for SNAP EBT), or focus
on SNAP (Ohl 2024). We expand on earlier work by focusing on county-level WIC rollout across the US.
This allows us to capture a national perspective, which may be important given variation in the food retail
environment over time and a wide assortment of state-specific WIC policies. For example, Texas, which
serves as the backdrop for important research (Meckel|2020), distinguishes itself from other states with early
EBT implementation and a set of distinctive policies, like the “least expensive brand” rules, differentiating

it from most other states.

Third, we use previously untapped store-level administrative data. This novel approach combines adminis-
trative records on both WIC- and SNAP-authorized vendors and on WIC and SNAP redemptions, providing
insights into local responses to changes in state WIC disbursement policy. This contrasts with previous work
on WIC vendors that focused on individual states or data that uses self-reported WIC participation (e.g.
Rossin-Slater] (2013])).

Fourth, we integrate advancements in the econometric literature, particularly concerning difference-in-
differences approaches (Roth et all |2023). This allows us to account for treatment effect heterogeneity

based on the timing and location of policy changes (Callaway and Sant’Annaj, [2021]).

Finally, our work offers insight for policymakers who are concerned about the potential costs and benefits of
policy changes and, more broadly, of WIC. Our finding that WIC EBT adversely affects WIC authorization
of independent WIC retailers suggests potential trade-offs between reducing program costs—given that WIC
EBT is in part a fraud reduction program (Meckel, 2020) and larger stores tend to mark up WIC products
less than smaller stores (Saitone et al., |2015)—and maintaining or increasing participants’ access to WIC
vendors (Meckel, |2020; [Meckel et al.,[2021; |Ambrozek, |2022). Our work suggests that despite EBT-associated
declines in the number of WIC authorized stores, there is no change in WIC redemptions. Next, we discuss
the program and relevant work on WIC. Then we touch on the rollout of WIC EBT, our data, methods, and
results. We then discuss takeaways from our findings and conclude.

2 Background

2.1 The WIC Program

The WIC program is important for low-income pregnant and postpartum women and children under 5. In
FY2022, WIC served 6.3 million individuals, including children, infants, and both pregnant and postpartum
women. To put this into perspective, about half of all US-born infants benefited from WIC that year. This
involved the federal government spending $5.1 billion on WIC food, delivered through over 45,000 autho-

rized retailers (and additional payments from rebates from private firms). WIC is the third largest domestic



food assistance program when measured by total spendingﬁ These benefits represent both an economically
meaningful share of food-at-home spending and an important source of nutrition for low-income families

with young children.

In addition to providing a package of nutritious foods to supplement diets, WIC ensures that participants
receive referrals to other safety net and local programs, nutrition education, and breastfeeding support. The
food benefits (food packages) from WIC enable the purchase of food such as infant formula, fruits and veg-
etables, whole grains, and milk. These foods are chosen because they are dense in nutrients of concern (those
insufficiently consumed in the target populations), with nutrients such as iron, protein, calcium, vitamin D,
and vitamin A, among others. Evidence suggests that WIC participation shifts participants’ purchasing

decisions towards these nutritious foods (Frisvold et al., 2020]).

Participants apply for WIC at WIC clinics and, once enrolled, redeem their benefits at private vendors
(stores). Vendors are a critical link in the WIC benefit delivery system as benefits issued by the government
are converted to food at authorized retailers. If there are no nearby vendors it becomes costly for recipients
to use their benefits. Vendors also must “check out” recipients, and their behavior can impact the recipient

experience. Despite their self-evident importance, WIC vendors are understudied.

2.2 Relevant Literature

Our paper is closest in spirit to [Meckel (2020), who uses Texas’” WIC EBT rollout to evaluate how program
take-up, birth outcomes, and prices for WIC goods paid by non-recipients respond to WIC EBT implemen-
tation. Meckel considers implementation effects with a focus on the goal of fraud reduction—one of the
reasons the federal government introduced WIC EBT. Specifically, EBT technology makes fraud—in the
form of price discrimination between WIC and non-WIC customers—more difficult. With paper vouchers,

stores could potentially charge different, higher prices to price-inelastic WIC participants.

The switch to WIC EBT may make it less profitable for authorized vendors to participate in WIC and
some may choose to leave the program after EBT implementation. In addition, vendors may find the EBT
system burdensome, especially if the new equipment or training results in significant one-time fixed costs.
Meckel| (2020)) finds relatively large negative effects on WIC authorization for independent vendors in Texas
(0.11 stores lost per county, 10.7% of the sample mean). The effect is negative but small and statistically

insignificant for chain stores.

Other works by Hanks et al.| (2018) and |Li (2020)) find increases in redemptions as larger retailers, and
concomitant reductions in redemptions at small and medium WIC vendors. Qualitative work documents
declines in participation by smaller vendors in some states but increases in larger vendors in others (Phillips
et al., [2014). Taken as a whole, prior work on a subset of states suggests that WIC EBT shifts redemptions
from independent stores to chain stores, and that some independent stores become unauthorized. Thus, the
net effect on WIC redemptions and access to the program among recipients is a priori ambiguous: There
may be no total effect on redemptions or potentially a negative effect, or if, recipients switched to larger
stores, there could even be increasesﬁ We discuss this in greater detail in Section

3WIC spending makes up 0.5% of $1.05 trillion total FY22 spending on food at home. For perspective, the largest US food
assistance program (SNAP) provides benefits equal to 10.9% of US food-at-home spending.

4Unfortunately, given confidentiality concerns, we cannot distinguish redemptions at chain stores from redemptions at
independent stores, although we do examine the number of WIC-authorized stores.



We consider potential mechanisms for treatment effect heterogeneity over time. We estimate results on
processor-specific positive trends in treatment effects. A model of firm-specific learning by doing could
explain the growth in output (probability of vendor authorization) and technology efficiency we observe
(Parentel [1994; Pérez and Poncel [2015). States may also be learning socially from each other about steps to
improve the efficiency of adoption and reduce disruption costs (Conley and Udry, [2010; [Foster and Rosen-
zweig), (1995)).

Before the transition to EBT for WIC, which began in 2002, the SNAP program (formerly known as Food
Stamps) had already largely completed a switch from paper vouchers to EBT. Research on the SNAP EBT
transition has mostly focused on participants’ responses and documents an increase in participation after
EBT implementation (Klerman and Danielson, 2011; [Lovett and Xue, 2017} |Shiferaw, 2020; Kuhn, 2021)).
One exception is |Oh| (2024)), who finds that SNAP EBT lead to a decline in authorization among conve-
nience stores. While results for SNAP may help form priors on the effects of WIC EBT, important program

differences mean that effects observed for the earlier SNAP rollout may not extend to WIC.

3 Data

The ideal dataset for answering our research question would include the set of all authorized WIC vendors
and information on their WIC redemptions and store and recipient characteristics, as well as similar store
characteristics for the set of potential WIC vendors. This would span both time and place, accompanied by
data on the timing of policy variation. While our data come closer to this ideal than the data used by other
related papers, there are some differences between these ideal data and ours. First, to protect confidential
information about vendors, the USDA does not release vendor-level administrative redemption data to the
publicE| Second, we lack comprehensive data on the existence of all firms that could possibly participate
in WIC, although we do have data on the universe of SNAP-participating stores. Nevertheless, to the best
of our knowledge, we are the first to document this important link between WIC EBT and administrative

program data using national data.

3.1 WIC EBT Rollout

WIC EBT was primarily rolled out at the county level within 50 states and the District of Columbia over 20
yearsﬁ We observe the vast majority of this rollout - starting in F'Y 2005 - but miss some of the final adopters
in our vendor and redemption data since our sample ends in 2018 (the last states adopted in 2022). We hand
collect data on this rollout and augment them with administrative data on the universe of WIC-authorized
retailers collected annually by the USDA’s Food and Nutrition Service (USDA FNS), which administers
WIC at the federal level. This dataset includes administrative data on WIC redemptions, aggregated to the
ZIP code level and redacted where necessary to preserve vendor confidentiality. As a result, we have data

on about 20% of total redemptions.

5§246.26(e)
6 Although state WIC agencies determined the rollout’s geography and timing, we model this by using counties as the common
unit of geography.



We also consider spillover effects onto SNAP. To this end, we use administrative data on SNAP authorized
retailers and SNAP redemptions by county (redacted where necessary to preserve vendor confidentiality).
These data represent an important improvement over prior work due to our national focus and the use of

administrative rather than scanner data, which likely do not include all WIC related expenditures.

In terms of the WIC EBT rollout, we document the implementation timing for every state and the District
of Columbia. For each county, we record the date on which EBT implementation occurred, as reported in
publicly available documents from state WIC agencies or USDA FNSE] We model rollout with staggered
permanent adoption so that counties begin implementation at different times and only ever move from not
treated to treated. This precludes complications like multiple events within a county, which only occurred
in Nevada, so that we drop Nevada from our analysis (see additional discussion below). For some counties,
the state agency reports a range of implementation dates — for instance, May 2, 2018 to August 2, 2018 for
Kearny County, Kansas. In this case, we use the implementation’s start date in our analyses, conservatively
treating a county as treated if it has any WIC EBT implementation in the fiscal year. This methodology
allows us to construct a binary treatment indicator that only turns on once and stays on once turned on, satis-

fying the structure required for the|Callaway and Sant’Anna(2021]) approach we describe further in Section

Figure [1] shows the first fiscal year of WIC EBT implementation by county. From this figure, we note that
any state in which not all counties has implemented WIC before FY 2005, but some counties introduced
WIC EBT by FY 2018, will be part of our panel of treated states at some point. We observe 1,821 counties
across 28 states (with 2,006 counties total) implementing WIC EBT between FY 2005 and FY 2018. We
exclude Mississippi, Nevada, and Vermont from our sample entirely. We exclude Mississippi and Vermont
because their pre-EBT benefit delivery system was different from other states’ﬁ We exclude Nevada because
they implemented EBT early, reverted to paper vouchers for a time, then re-implemented EBT by the
end of 2009. We do not have reliable timing on the initial implementation, time of the roll back to paper
vouchers, or re-implementation of EBT. States that do not implement WIC EBT before FY 2019 will always
be comparison units that remain untreated for each treatment group. In this always untreated group, there
are 1,210 counties across 18 states plus the District of Columbia. One state - Wyoming - adopts WIC EBT

entirely before our window.

"Indian Tribal Organizations are not explicitly included in our analysis.
8 Mississippi used a pick up system from centralized locations; Vermont used home delivery.



Figure 1: WIC EBT Rollout by Fiscal Year
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Figure shows first year of EBT implementation by county. Data collected by authors.

WIC EBT Year of First Implementation

One concern with staggered adoption approaches where timing may be endogenous is that both observed

and unobserved factors can determine treatment timing as well as the treatment’s effect on outcomes of

interest. This overlap can confound the estimated effect of the treatment (Hoynes and Schanzenbach, 2009).

Of course, in our setting, states not counties are choosing where to rollout EBT, but nonetheless there is a
concern about how they select the first and last counties in which to roll out WIC EBT. To see whether there
is evidence that states systematically selected places to start or end the rollout, we examine the relationship
between WIC EBT implementation timing and various observable factors related to categorical eligibility
or income thresholds for WIC eligibility as well as SES in the beginning of our sample. We regress the
year of WIC EBT implementation in a county on 2005 levels of county population (measured in natural
logarithms), the share of the county population under age 5, the share of the population with income less
than 185% of the federal poverty level, the interaction of these two population shares, the share of the Black
population, the share of the Hispanic population, the share that report SNAP participation, the share that
report receiving cash welfare, median income, and geographic factors including region and rural/urban clas-

sification. The income, poverty, and safety net statistics come from the American Community Survey via

the Census API (Walker and Herman), |2023[)E| We use population age, race, and ethnicity statistics from the
US Census Bureau’s 2000-2010 County Intercensal Estimates (U.S. Census Bureau, [2023) and rural/urban
classifications from the 2013 NCHS Urban-Rural Classification Scheme for Counties (National Center for|

?Some of these controls are only publicly available for counties with a population greater than 65,000, which reduces our set
of counties from more than 3,000 to fewer than 800. We thus show results both with and without these income statistics.




[Health Statistics| [2013)). We report the results both with and without state fixed effects. Results in the

model without state fixed effects can be interpreted as the average change in WIC EBT implementation

timing across all counties in all states associated with a particular factor, holding others constant. In the
model without fixed effects, results represent within state associations with timing — answering the question:

once a state is implementing WIC EBT, is the county order associated with demographics?

Table [I] shows the determinants of WIC EBT implementation timing by county within state. Columns 1
and 3 control for the demographic breakdown of counties. Additionally, column 1 factors in income, SNAP
participation, and median income for large states. Columns 2 and 4 add state fixed effects. We see that in
models (1) and (3)—which exclude state fixed effects and include variation across states—locations with a
larger share of individuals under age five (the age-eligible population of infants and children) tend to imple-
ment WIC EBT later, although this relationship is noisier in the subsample of large counties than in the set
of all counties. That said, states with a higher Hispanic share of the population tend to implement earlier,
while states with a higher Black share implement later.



Table 1: Estimates of Location Characteristics on WIC EBT Timing

Dependent variable: WIC EBT Year

Subsample:
Population > 65,000 All counties
(1) (2) 3) (4)
Log population —0.026 0.014 —0.126 0.018**
(0.319) (0.031) (0.255) (0.009)
Share < 5 70.476 —5.381 68.362*** —0.628
(83.452) (5.357) (21.952) (1.504)
Share < 185% FPL 8.564 —0.826
(17.895) (1.367)
(Share < 5) x (Share < 185% FPL) —51.929 27.318
(231.231) (18.400)
Share Black 8.358*** 0.057 8.452%** 0.175
(3.061) (0.166) (2.575) (0.148)
Share Hispanic —11.709*** 0.261 —13.719*** 0.177
(4.389) (0.448) (2.784) (0.169)
Share SNAP —5.925 —1.192*
(10.586) (0.621)
Share cash aid —2.446 —1.379
(22.086) (1.254)
Median income 0.00003 0.00000
(0.00003) (0.00000)
Northeast 3.807** 2.283*
(1.580) (1.287)
South —0.391 —2.262
(1.687) (1.576)
West 3.550** 0.698
(1.702) (1.455)
Constant 2,008.543*** 2,018.991*** 2,014.333*** 2,018.842***
(6.231) (0.803) (2.238) (0.100)
State FE No Yes No Yes
Adj. R? 0.25 0.99 0.3 0.99
N 775 775 3142 3142

*p<0.1; **p<0.05; ***p<0.01

Columns 1 and 3 do not include state fixed effects, while columns 2 and 4 do. The table includes
indicators for urban-rural divides: large metro, large fringe metro, medium metro, small metro,

micropolitan, and non-core. All of these are insignificant at the 5% level. Heteroskedasticy-robust
standard errors are clustered at the state level.
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Key to our research design, the models including economic and demographic explanatory variables only ex-
plain a small portion of the variation in the year of WIC EBT implementation. We find that across all states,
models that include both other demographic controls and these socio-economic variables explain less than
a third of the variation in implementation timing (column 3). Most of the variation in timing is explained
by state-specific time-invariant factors (adding them drives the adjusted R? to 0.99). We view this as a
promising indication for our approach. It suggests that within a state, the timing of the implementation is
not driven by observable factors that could be confounding estimates of the policy change’s effect on WIC
vendor authorization or WIC redemptions. Given our DD approach, our main models include county fixed
effects, ensuring that any county-specific time-invariant drivers of adoptions are controlled forE The results
from Table [1| support the assumption we make that store outcomes and redemptions without EBT do not

depend on the timing of WIC EBT adoption. We now turn to the effects of EBT adoption on other outcomes.

3.2 Outcome Variables
3.2.1 WIC-Authorized Retailers

We use restricted-access data on the universe of WIC-authorized retailers from the TIP administrative data
provided by USDA’s Food and Nutrition Service (FNS). For FY 2005-2018, we observe vendors’ names,
address information, and type, as well as an indicator that the vendor is authorized in that year. We assign
vendors to treatment timing by fiscal year, based on the date when the county in which they are located

began implementing the relevant policyﬂ

Figure [2] shows that in FY 2005 at the start of our sample, with the exception of Mississippi and Ver-
mont(which use an alternative delivery system)B the distribution of stores approximately follows patterns
of population density. This indicates that WIC stores are located where we expect them to be given the

eligible population.

10That said, state fixed effects do explain a large share of the variation in WIC EBT implementation timing (the adjusted
R? is 0.99). This suggests the presence of unobservable state-specific factors, such as bureaucratic effectiveness, that determine
the timing of implementation. This could threaten our analysis if, in the absence of WIC EBT, the year-to-year changes in
vendor authorization in early adopting states were different than changes in vendor authorization in late-adopting states. We
will assume that outcomes will change in parallel between a given state and all the states that adopt WIC EBT after it. When
interpreting our findings, we will be careful to consider how patterns in state-specific factors could moderate our treatment
effects.

We drop vendors listed as home food delivery contractors and direct distribution centers, since they generally do not
transition to EBT or represent participants’ differences in the retailer experience after the package change. Mississippi and
Vermont, the states with entirely non-retail WIC food distribution before WIC EBT, switched to retailer-based distribution
when they implemented EBT. Together, these two vendor types represent 640 out of 527,707 (0.12%) raw observations of
authorized vendors.

12Mississippi and some parts of Chicago use direct distribution, while Vermont used home delivery up to 2016. We drop
Mississippi and Vermont for our empirical analysis.
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Figure 2: Location of FY 2005 WIC-Authorized Food Retailers

L

Figure shows location of WIC authorized food retailers are the start of the TIP vendor daté in FY 2005. Data provided by
USDA FNS. Visualization by the authors.

3.2.2 Redemption Data

We also use ZIP-code-level annual WIC redemption data from TIP for FY 2009-2018. These data come
from USDA FNS and are reported for ZIP codes with at least 10 or more WIC-authorized VendorSE For
each ZIP code in each year in our data, we observe the sum of all WIC redemptions made within that ZIP

code in that year.

Table [2 shows the share of total WIC redemptions in the US (column 1) and the share of total food cost in
the US observed in our redacted sample of large ZIP codes (those with at least 10 WIC vendors redeeming
benefits in any year, column 2). The table also shows the number of ZIP codes in the TIP data that exist in
our redacted redemption sample (column 3) and the number that do not (column 4). We can only observe
the share of national food cost from FY 2009 onward given the limitation of publicly available data on
rebates received in F'Y 2005-2008. In general, while we only observe a relatively small share of ZIP codes,

they account for about 30% of all WIC redemptions over our sample period.

13We remind the reader that for confidentiality reasons, USDA FNS suppresses ZIP codes with fewer than 10 authorized
vendors.
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Table 2: Share of WIC Redemptions and Share of ZIP Codes Observed in The Data

Fiscal Observed WIC Observed WIC Redemptions Redemptions
Year redemption shares  redemption shares available suppressed
of national food cost Z1Ps Z1Ps
2005 . 0.301 577 15,486
2006 . 0.274 549 15,358
2007 . 0.266 534 15,336
2008 . 0.266 530 15,246
2009 0.202 0.289 566 15,131
2010 0.204 0.280 565 15,194
2011 0.228 0.288 634 15,033
2012 0.216 0.292 616 14,870
2013 0.219 0.310 619 14,746
2014 0.208 0.295 596 14,561
2015 0.198 0.284 561 14,382
2016 0.189 0.270 527 14,135
2017 0.181 0.268 509 14,254
2018 0.167 0.253 456 14,175

Notes: The observed WIC redemption share is calculated as the ratio of WIC redemptions in our data to the sum of food cost
and rebates received as recorded in FNS WIC data tables. We can only obtain rebate data for F'Y 2009-2018 via the Wayback
Machine. In general, rebates are about one-fourth to one-half of food cost, meaning that the unobserved ratio of WIC
redemptions in our sample to total redemptions is about 66%-80% of the always observed ratio of WIC redemptions in our
sample to food cost. The ratio of WIC redemptions to total national food costs is thus an upper bound on the share of WIC
redemptions in our sample since food cost includes rebates on infant formula, while redemptions do not. Matched ZIP codes
have non-missing redemptions from our restricted-use TIP data and at least one authorized store. Unmatched ZIP codes have
missing redemptions in restricted-use TIP data and at least one authorized store.

To protect the privacy and confidentiality of WIC participants and WIC vendors, the USDA does not share
any information on participant characteristics at redeeeming stores or the type of food instruments (indi-
vidual foods) redeemed. The data are at the most detailed geography publicly available, limiting our ability
to examine heterogeneity in WIC EBT implementation on subpopulations of WIC participants. That said,

our data are the most detailed (and only) national administrative data available for use by researchers.

No exact one-to-one mapping exists between ZIP codes and counties since a few ZIP codes cross county
borders. To address this, we use a ZIP-code-to-county crosswalk from the Department of Housing and Ur-
ban Development by decade. When necessary, we assign ZIP codes to treatment dates based on the earliest
possible implementation date for the policy in the ZIP code, using the treatment timings for all the counties
contained in the ZIP code. However this issue is not substantive and is unlikely to affect our results. Poten-
tial mismeasurement of true treatment timing through this assignment procedure affects 24 ZIP codes and
144 retailers.

3.3 SNAP Store Tracking and Redemptions System Data

We also use SNAP Store Tracking and Redemptions System data, obtained from USDA FNS by request,
to estimate spillover effects on SNAP-authorized vendors and redemptions from WIC EBT implementation.

These administrative data come from the USDA on vendors and redemptions in the SNAP program.
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SNAP Vendor Data. We observe SNAP-authorized vendors from FY 2005 to 2018. The data for each
SNAP-authorized vendor include the vendor’s authorization start date, authorization end date, store type,
and store address (including ZIP code, state, and county). We use authorization start and end dates to infer
whether SNAP vendors are actively authorized in a fiscal year, harmonizing the SNAP vendor data with the
WIC vendor data, which are reported only at the fiscal year level.

SNAP Redemption Data. We observe county-level SNAP redemptions for each month from FY 2005
to 2018. To ensure consistency with the WIC data, we aggregate the SNAP redemption data annually. The
county-level measurement of redemptions makes these data easily mappable to the treatment-timing data.
The data are suppressed for counties with fewer than three SNAP retailers in a given month, though this
likely does not have a significant impact on our analysis. The data are reported in dollars, which we divide

by a million, reporting all results as effects in millions of dollars.

4 Methodology

To estimate the effect of the WIC EBT transition on authorized WIC vendors, we compare annual changes
in the probability of authorization for any individual retailer in counties that have implemented WIC EBT
to those in counties that have not yet implemented it. Using this difference-in-differences approach, we
can estimate average effects across all counties treated in our sample period as well as treatment effects for
specific groups of counties treated in the same fiscal year. This enables us to extend previous work on WIC
EBT implementation, assessing national-level effects and contrasting our treatment group-specific finding
with results from prior papers. Moreover, this approach aids in identifying the factors driving variations in
treatment effects across states and allows us to examine how average effects spanning multiple states measure

up against group-specific treatment effects.

We start with a standard two-way fixed effects (TWFE) approach to estimating average treatment effects
in a difference-in-difference framework. In this case, unit fixed effects absorb firm- or geography-specific
characteristics that reflect any baseline differences in the outcome of interest across units, and they do not
change over time. The fiscal year fixed effect captures common patterns across units over time. After ac-

counting for these unit- and year-specific effects, 7 represents the average effect of WIC EBT implementation.

The estimating equation for the TWFE specification is
Yit = Bo+ai + v + 7 X EBTit + €51, (1)

where y is the outcome of interest—either store authorization (a binary indicator that the store is WIC or
SNAP authorized in that year) or redemptions (measured in hundred thousand dollars for WIC redemptions
and million dollars for SNAP redemptions). «; is the unit fixed effect vector for the level of analysis of the
outcome: store fixed effects for authorization outcomes, ZIP code fixed effects for WIC redemptions, and
county fixed effects for SNAP redemptions. 7; represents a vector of fiscal year fixed effects. 7, the coefficient
on the WIC EBT indicator, represents the average effect of WIC EBT implementation per unit. FBT;; is

an indicator that unit 7 experiences any WIC EBT implementation in fiscal year t.

A recent and growing literature documents potential biases resulting from the TWFE approach to estimat-

ing average treatment effects. When estimating differences-in-differences using TWFE with ordinary least
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squares (OLS) across multiple units and treatment times, OLS implicitly compares both newly treated units
with not-yet-treated units and newly treated units with those previously treated. The former comparison
aligns well from the perspective of the difference-in-differences framework, where the counterfactual comes
from untreated potential outcomes. However, to provide an unbiased estimate, the latter comparison requires

an assumption that all units experience the same treatment effect.

The challenges of correctly estimating a parameter of interest (the average treatment effect) in a TWFE
model using OLS with treatment effect heterogeneity are described in more detail in a recent and grow-
ing literature including |Goodman-Bacon| (2021)), |de Chaisemartin and D’Haultfceuille| (2020)), Imai and Kim
(2021)), |Callaway and Sant’Annal(2021)), and |Sun and Abraham|(2021)). We account for these known possible
problems with difference-in-differences research designs estimated using TWFE by implementing the method
of |Callaway and Sant’Anna (2021)).

We construct treatment-group-by-year specific estimates of the treatment effect for each of the policies
following the procedure outlined in |Callaway and Sant’Anna, (2021)IE| These individual average treatment
effects on the treated (ATTs) for treatment group g at in fiscal year ¢ using the not-yet-treated groups as a

comparison and without additional controls are
ATTQJ = E[Yt - Yg—l‘Gg = 1] - E[Yt - Yg—1|Gg =0,Dy = OL (2)

where ¢t € {2006, ...,2018} is the fiscal year of interest to compare, g is the period of the first treatment,
with g legt, G4 is an indicator of the first treatment occurring at time g and zero otherwise, and D; is an

indicator for treatment at time ¢.

For WIC EBT, treatment groups are defined by the fiscal year of treatment. They can include stores or ZIP
codes from multiple states if counties in those states implement WIC EBT in the same year. For instance,
Crawford County in Michigan and Bowie County in Texas both had WIC EBT implementation start dates
in July 2008, and so the effects of EBT on vendors from both states will contribute to ATT estimates for
FY 2008. Texas’ main implementation phase spanned from FY 2006 to 2009, so its counties will contribute
to the treated group when computing ATT estimates for the FY 2006, 2007, 2008, and 2009 subsamples,
while Michigan counties will only contribute to the treatment group for estimates for FY 2008 and 2009. To
address the possibility that unobserved shocks to vendor authorization and WIC redemptions are correlated

within states, we cluster our standard errors at the state level.

The estimating procedure requires several assumptions laid out in |Callaway and Sant’Annal (2021). We
satisfy both parts of their Assumption 1, the irreversibility of treatment assumption. The first part of the
assumption is that no county is treated in the first period of the sample. Counties that are treated in all
periods of the sample, such as very early adopters like Wyoming and parts of Texas, are not included in our
samples and thus do not contribute to estimates of the treatment effects. The second part of the assumption
is that once counties have entered the treatment (have begun WIC EBT implementation), they do not switch
back to paper VouchersE A second, important assumption, is random sampling, is satisfied by our panel

data structure. Another assumption imposes limited anticipation effects (that is, that stores and recipients

1We use Stata/MP 17 for Unix to estimate the models using the csdid package, version 1.6, by [Rios-Avila et al.| (2021]).
15To satisfy this, we omit the relatively small state of Nevada, which was a very early implementer but redesigned and
reimplemented its system before statewide rollout in 2009.
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did not change their behavior because of the imminent switch to WIC EBT). Thus, we assume that before
WIC EBT was implemented, vendors’ authorization status and county redemption levels are equivalent to
those which would have occurred in a counterfactual world without WIC EBT implementation. Finally, we
impose an unconditional parallel trends assumption. We assume that for any set of two years {t, s}, the
expectation of the change in the outcome between ¢ — 1 and ¢ is the same between any treatment group
g < t and all units that are not treated before s > ¢. This assumption is analogous to the parallel trends
assumption in a static difference-in-difference estimation approach. While not directly testable, as this as-
sumption concerns unobservable counterfactuals, one can bound estimate sensitivity to potential violations
of the assumption using the approach in Rambachan and Roth (2023)E

The Callaway and Sant’Anna method provides estimates of the average effect of the policy in each treatment
group in each fiscal year over the relevant window. We compare treated counties to not-yet-treated counties,
avoiding potential negative weighting issues induced by comparing later-treated units to units treated earlier
in the sample (Gibbons et al., [2019). To construct average treatment effects across treatment groups, we
construct three different aggregations. The first is an aggregation across all treated groups and all time
periods, which weights treatment group-by-year ATTs up by the group size and duration of treatment, as
noted in equation

Seq Srnons 1{t > g} ATT, P (G = g|G < 2018)

ATT = 2018 —
>_geg 2t=2006 L{t 2 9} P (G = g|G < 2018)

3)

where G is the fiscal year in which a unit first becomes treated and G is the set of all treatment groups in our
sample. These estimates and their respective confidence intervals — computed using the analytical standard
errors from the doubly robust estimator of the varience-covariance matrix — appear as solid horizontal lines
and shaded areas in figures [3] and

The second aggregation is by event time, showing dynamic effects by years relative to treatment timing

across treatment groups. For any event time e, this aggregation is

ATT, = 1{g+e <2018} ATT, ;.. P (G = g|G + e < 2018) (4)
geg

With this aggregation, we model effects over time since WIC EBT adoption. We set a four-year window
on either side of implementation to examine treatment effect dynamics over time. This would represent a
balanced event window for implementation that occurs between 2012 and 2014. Early implementation years
will be missing from average estimates of early pre-periods, while later implementation years will be missing
from average estimates of later pre-periods. We show these event time results in figures 5] [0} [0} and [I0] as

well as the pre- and post-EBT average effects.

The last aggregation is across fiscal years ¢ for treatment groups g*, to obtain an ATTy-.

2018
Zt:g* ATTg*vt
T—-g*+1

16The last assumption of the approach is that the generalized propensity score used to weight estimates when combining
them into average treatment effects is almost surely bounded away from one. This implies there is some non-zero probability
that each unit will not be treated, conditional on covariates. This is a form of an overlap assumption, restricting units with the
same set of covariates to potentially overlap each other in the treatment space.
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We show these results in figures [7] and [8] This aggregation allows us to examine heterogeneity in treatment
effects of subgroups of interest such as store chain/independent status or EBT processor groups (see Section
for a discussion). We estimate effects for subsamples of our overall data. For instance, to estimate the effect
of WIC EBT implementation on independent stores’ probability of authorization, we subset the sample to
include only independent stores and then estimate the |Callaway and Sant’Annal (2021)) model on this subset.
We take a similar approach to estimate processor-specific effects, restricting the sample to specific counties.
For this analysis, we select a subset that includes all counties that share a processor, combined with all
counties that were treated after 2018. This method yields a version of a treatment group-specific effect that

we can use to provide results by processor.

We generally consider authorization at the individual store level and ZIP-code level redemptions. The admin-
istrative records we use for vendor authorization analysis—the TTP data—do not include a USDA-assigned
identifier for each vendor. We therefore use vendor names and addresses to construct a unique identifier for
name/address combinations and treat this identifier as a vendor-level identiﬁerm Our vendor authorization
data make assumptions about how vendors are defined (with name and address) and may be mismeasured
if, for instance, a store’s name changes without a disruption to authorization. Redemptions (at the ZIP code
level) are likely measured more precisely than the WIC vendor authorization since we use publicly available
administrative data from USDA FNS for redemptions. However, the redemption data only cover ZIP codes
that FNS deems sufficiently large to avoid being able to identify redemptions from single-stores. This means
that our results may not be generalizable to all locations given that they represent areas with more WIC

retailers that are likely urban or peri-urban.

5 Results

5.1 Two Way Fixed Effects Results

We start with standard two way fixed effects estimates as a baseline for comparison to the existing literature.
Table [3| shows that, using the standard TWFE approach to difference-in-differences estimation, WIC EBT
implementation has no statistically significant average effect on the probability of WIC or SNAP autho-
rization for either chain or independent retailers. Results within the subgroups of chain and independent
retailers are also statistically insignificant, with negative signs. We note that the magnitude of the estimate
for the independent subgroup is notably larger than that for the chain subgroup. A negative estimate implies
that WIC EBT implementation reduced the probability that any given vendor at that time was authorized
after EBT. For the SNAP authorization outcome, in contrast, all the estimates of the effect of WIC EBT
implementation on SNAP retailer authorization are imprecisely estimated and statistically insignificant but
positive. The estimated magnitude for independent stores is, again, larger than for chain stores. Positive
point estimates here indicate that WIC EBT implementation increased the likelihood of a store being SNAP
authorized, plausibly through spillovers by harmonizing the technologies used across programs.

171t is possible that there is measurement error in our definition of these identifier variables, which would affect our estimated
changes within-vendor for authorization status. This mismeasurement would not affect our estimates on counts of authorized
stores by area.
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Table 3: WIC EBT Effects on WIC and SNAP Vendor Authorization: TWFE Estimates

WIC authorization SNAP authorization
(1) (2) (3) (4) (5) (6)
All Chain Indep. All Chain Indep.
WIC EBT -0.019 -0.016 -0.059 0.024 0.013 0.020
[-0.059,0.022] [-0.040,0.009] [-0.126,0.009] [-0.002,0.050] [-0.007,0.034] [-0.005,0.045]
FY FE Yes Yes Yes Yes Yes Yes
N 1274168 842324 431844 6241396 3848250 2393146

95% confidence intervals in brackets
* p <0.05, ** p<0.01, *** p <0.001

Table [4] uses the TWFE approach to estimate the effect of WIC EBT implementation on redemptions of
WIC and SNAP benefits. In the table, WIC redemptions are measured in hundreds of thousands of dollars
and SNAP benefits are measured in millions of dollars. The results indicate no statistically significant or
economically important effects. As with the store-level results above, finding no significant effect on average
could indicate that the true effect of the implementation on both WIC and SNAP redemptions is zero. This
would imply that WIC EBT implementation had no negative effects on access to WIC or value of benefits
obtained by participants.

One reason we may be finding null effects is that using TWFE and OLS to estimate average treatment
effects of the implementation’s staggered adoption results in biased estimates due to comparisons between
treated and already-treated units when there is heterogeneity across time in the average treatment effect
(Callaway and Sant’Annal 2021} |de Chaisemartin and D’Haultfoeuille, [2020; (Goodman-Bacon, 2021} |Gibbons
et al., [2019). Alternately, in the case of the WIC and SNAP redemption outcomes, we cannot identify the
treatment effect because of censoring in the reporting of WIC and SNAP redemptions for ZIP codes and
counties that have an insufficient number of stores. While we cannot address the issue that arises from
censoring, we can address the first concern of treatment effect heterogeneity. To do this, we estimate the
model from |Callaway and Sant’Annal (2021)) to determine the treatment-group-specific average treatment

effects on the treated. The results using this method are our preferred estimates.

Table 4: WIC EBT Effects on WIC and SNAP Redemptions: TWFE Estimates

Redemptions
(1) (2)
WIC SNAP
WIC EBT -0.035 -0.232
[-0.973,0.904] [-1.708,1.244]
FY FE Yes Yes
N 7839 51340

95% confidence intervals in brackets
*p <0.05 ** p<0.01, *** p <0.001

5.2 Callaway and Sant’Anna Results

Next, we turn to the |Callaway and Sant’Annal (2021)) results. Figure [3|shows ATTs for the probability that

a store is WIC authorized, based on the initial year of WIC EBT implementation for the county containing

18



the store. The black dots show individual estimates of ATT,, where g is the fiscal year WIC EBT was first
implemented. The black bars show 95% confidence intervals resulting from the analytical standard error
computation outlined in |Callaway and Sant’Annal (2021)) and implemented using the package csdid in Stata
(Rios-Avila et al. 2021)). The light gray horizontal line shows a weighted average ATT across all groups,
while the gray shaded area shows a 95% confidence interval for the entire sample estimated using the same
package. Across all stores and all years of implementation, the average effect of the implementation on

authorization is approximately zero (—0.01, or —1 percentage point) and not statistically significant.

Figure 3: Effect of WIC EBT Implementation on Vendor Authorization, by Year of First EBT Implementa-
tion
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ATT estimate across all groups is -0.01 with a 95% confidence interval of (-0.025, 0.006).

There is, however, a fairly clear difference in the ATT, between early and late implementing states. Early-
implementing states experienced much more negative effects on vendor authorization relative to later-
implementing states. For example, counties in Texas that implemented WIC EBT relatively early (in FY
2006)—as well as one county in Michigan which implemented at the same time—experienced an 8 percentage
point average decrease in the probability of store authorization, eight times larger than the overall sample

average treatment effect on the treated (approximately —0.08 compared to —0.01).

5.2.1 Differences in Effects for Independent and Chain Stores

We also observe that the heterogeneity by time of first implementation is larger for independent stores, which
have only one location, relative to chain stores, which, by definition, have multiple ones. These results are in
Figure [4] just below, with the chain store results on the left and the independent store results on the right.
Again, dots represent individual ATTs, bars represent 95% confidence intervals around ATTs, and solid
horizontal lines represent the overall ATT and its 95% confidence interval (also shaded). For independent

stores, the treatment group-specific ATT ;s show an increasing trend and have more negative estimates in the
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early years that are significantly different from group average treatment effects in later periods. Across all
treatment groups for independent stores, there is a statistically significant 3.7% decline in the probability of
WIC authorization after the implementation. Chain stores also show an increasing trend in their treatment
group-specific ATTs, with more negative effects for early adopters. The magnitude of the chain store point
estimates are uniformly smaller compared to those for independent stores for all subsamples except FY
2011. This means that in Kentucky — the only state to implement WIC EBT in FY 2011 — chain stores
experienced a larger percentage point reduction in the probability of being WIC authorized after WIC EBT
implementation relative to independent stores, perhaps due to state-specific implementation procedures or
interactions with existing state policies and vendor authorization patterns. The average effect, weighted by
group size and propensity to be treated, across all chain stores is statistically and economically insignificant.
We find no significant effect of WIC EBT implementation on the probability of authorization for chain
stores. The more negative and slightly noisy point estimate in the full sample shown in Figure 3| (which does
not distinguish between chain and independent stores) is a combination of this larger magnitude effect for

independent stores and a more precise zero for chain stores.

Figure 4: Effect of WIC EBT Implementation on Vendor Authorization, by Year of First EBT Implementa-
tion
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ATT estimate for the chain subsample is -0.004 with a 95% confidence interval of (-0.014, 0.006)
ATT estimate for the independent subsample is -0.037 with a 95% confidence interval of
(-0.063, -0.011).

In the event-study framework, where we restrict to event years four years before and after EBT implementa-
tionE we find small average effects of WIC EBT implementation on the number of WIC authorized retailers.
Figure [5 shows no significant change in the probability that a vendor is WIC authorized in the four years
following the implementation. Each black dot represents an event study type estimate showing the average
effect of the implementation on the probability that a WIC vendor is authorized in a given year relative to

18We can observe up to eight years before and after WIC EBT implementation. We show a smaller event window here as the
very late event years are driven by a small subset of early adopters, as shown in the treatment group-specific estimates.
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the implementation. Ninety-five percent confidence intervals constructed using the [Callaway and Sant’Anna
(2021) procedure are shown as black bars around these point estimates. The year of the implementation is
shown in red, with a zero effect indicated by the black dashed horizontal line. In the pre-periods, there is

no measured effect of the implementation on authorization probability.

Figure 5: Effect of WIC EBT Implementation on Store-Level WIC Authorization
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ATT estimate for the post period shown here is -0.009 with a 95% confidence interval of
(-0.036, 0.017).

The figure also shows that the point estimates of the effects of the WIC EBT implementation on vendor
authorization are negative in the post periods but statistically insignificant. The point estimates show no
trend, remaining persistently small through the last estimated post period. The average treatment effect on
the treated for all vendors, indicated by the light gray horizontal line, is —0.009, indicating that the probabil-
ity of a vendor being WIC authorized decreased by 0.9 percentage points, on average, in the seven years after
the implementation. These effects are relatively imprecisely estimated. We note that a symmetric positive
effect—a 0.9 percentage point increase in the probability of authorization—falls within the 95% confidence

interval for the effect size, covered by the gray shaded area.

While we estimate a negative ATT,,,; of WIC EBT implementation on authorization on average, these ef-
fects are not statistically significant. This is in line with estimates from the treatment group-specific model,
where we find no significant effect of EBT implementation on the probability of authorization across stores.
However, truncating the event years to exclude post periods more than four years after the implementation
will downplay the representation of very early adopting counties with more negative treatment effects for
independent vendors, as shown in Figure [§] We highlight this nuance before delving into the event study

type results presented in Figure [6]
The average effect in Figure [5] masks heterogeneity between independent stores, which have a single outlet,
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and chain stores, which have multiple ones. Figure [6] shows event-year-specific estimates and average effects
for chain stores, represented by green circles, and independent stores, represented by orange triangles. The
effect of WIC EBT implementation on the probability of authorization for chain stores is more precisely
estimated than the full sample ATT, with a 95% confidence interval spanning —0.023 to 0.017. This effect
is not statistically different from zero. We conclude that there is no statistically or economically meaningful
relationship between the implementation and the probability that a chain-affiliated WIC vendor remains

authorized.

Figure 6: Effect of WIC EBT Implementation on Store-Level WIC Authorization, by Chain Status
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ATT estimate for the chain subsample in the post period is -0.003 with a 95% confidence
interval of (-0.023, 0.017).

ATT estimate for the independent subsample in the post period is -0.037 with a 95% confidence
interval of (-0.073, -0.001).

For independent stores, the effect of WIC EBT implementation on the probability of authorization is nega-
tive. On average, in the four years following the initial implementation of WIC EBT, there is a statistically
significant decrease of 3.7 percentage points in the probability that an independent store is WIC authorized,
with a 95% confidence internal from -7.3 to -0.1 percentage point decrease in the probability of WIC autho-
rization for retailers in the four years after WIC EBT implementation. This indicates that while there is
no significant effect of EBT implementation on the overall average probability of vendor authorization, the

overall average effect masks significant negative effects in the population of independent stores.

There are two broad patterns potentially at play here. First, WIC EBT implementation was broadly mar-
keted by policymakers and WIC state agencies as a strategy to reduce fraud. As discussed by Meckel| (2020)),
the transition to EBT could make detecting fraudulent WIC redemptions less costly for states and hiding
fraud more costly for stores, relative to using paper Fls. As fraud becomes more costly, the returns to fraud
decrease. If stores are remaining authorized to engage in fraud, the transition to EBT will decrease au-

thorization. Generally speaking, more small and independent stores engage in fraud relative to chain stores
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(Gleason et al. [2013). This pattern of fraud could explain why we find a significant decrease in authorization

post-implementation among independent vendors but not chain vendors.

Another broad pattern that could explain these heterogeneous effects is non-fraud costs related to EBT
implementation or higher costs for stores due to states’ ability to better set maximum reimbursements.
Regarding fixed costs of transitioning, anecdotally, the transition from paper FIs to EBT caused short- to
medium-run technical challenges for state agencies, participants, and vendors; which likely incurred costs
for vendors. After implementation, authorized vendors were also required to have a POS system that could
run the EBT software and to have a staff member available at all times who was trained on the software.
This type of ongoing cost is more likely to bind for an independent relative to a chain vendor. Further,
chain vendors anecdotally report maintaining WIC authorization as a matter of corporate policy regardless
of costs. We can provide some evidence for whether the disruption caused by the implementation contributes
to the magnitude of authorization effects by looking at whether treatment effects are more negative when
the firms that work with states to implement EBT have less experience. We assume the transition to EBT is
smoother when firms have previous experience, meaning they should experience fewer disruptions and costs
during implementation. It is also possible that access to these electronic redemption data makes it easier for

states to adjust maximum reimbursements allowed.

Interestingly, we also find that in both the full sample and the subsamples by chain status, the ATT estimate
shifts downward for later event years. For data covering 2004-2018, post-event years two, three, and four
represent places that implemented WIC EBT at least before 2014. This indicates that some mechanism is
causing earlier adopters of WIC EBT to have more negative effects on authorization, especially for indepen-
dent stores. We consider two possible mechanisms: one, the evolution of point of sale systems over time;

and two, learning-by-doing among WIC EBT processors.

Technology was evolving over the period in which states implemented WIC EBT. The first implementation
dates we analyze occurred before the widespread adoption of smartphonesﬁ at which point vendors—
particularly independent ones—would have needed costly separate POS systems, and to learn how to use
them, in order to implement WIC EBT. Currently in some states, WIC vendors can use a Square extension
and a mobile application to accept WIC benefits, drastically reducing the barriers to entry for WIC autho-
rization. Interviews with WIC vendor staff indicate that staff may not be aware of existing training materials
and experience confusion about authorized products when checking out customers (Wallace et al.| [2020)).
With more intuitive POS technology, barriers at check out are lower. This could account for EBT treatment
effects being more negative early in the adoption period. Figure [3|shows the evolution of average treatment
effects by the year of first implementation of WIC EBT in states. More negative effects on the left-hand side
indicate that vendors in counties that adopted WIC EBT earlier in our sample are less likely to be WIC
authorized after the implementation relative to counties that adopted EBT at a later stage (particularly
after 2012).

One possible mechanism is that there are learning effects for states and for the private firms that contract
with states to construct the backend systems to implement WIC EBT in the POS system and interact
with state data systems. Figure [7|shows the estimated average effects of the WIC EBT implementation on

the probability of authorization for the three major financial services companies or processors that imple-

19WIC EBT implementation in FY2006 and 2007 would have been complete before the release of the iPhone, a common
marker of the beginning of universal smartphone adoption.
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mented WIC EBT over our sample period: Solutran, FIS/CDP, and Conduent. Each panel shows that as
a processor gains experience implementing WIC EBT in states, the average effect of the implementation on
vendors becomes more positive. We measure experience by the order of implementation, and we assume that
the processor has gained experience with each additional state that it contracts with to implement WIC EBT.

Considering heterogeneity by chain and independent status, the association between processor implemen-
tation order and the magnitude and direction of the implementation effect on authorization holds for both
chain (Figure and independent (Figure vendors. The point estimates for independent stores lie uni-
formly below the estimates for chain stores in all cases. We caution against inferring too much from these
results, but consider that they provide a possible mechanism for our findings and suggest a direction for

further research.

Figure 7: Effect of WIC EBT Implementation on WIC Vendor Authorization, by Processor
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Graph shows ATT estimates for individual states, grouped by the processor that implemented

WIC EBT in the state.
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Figure 8: Effect of WIC EBT Implementation on WIC Vendor Authorization, by Processor and Chain Status
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5.3 Did These Changes Affect WIC Participant Access?

Of course, changes in the number of stores participating in the WIC program may or may not mean changes
in access for participants. Ideally, we would measure the costs and benefits of WIC EBT adoption and
determine the welfare effects of this policy. Unfortunately, we lack the data to do so since deterred fraud
is hard to measure. However, our unique administrative data allow us to consider whether the reduction in

independent stores lead to declines in WIC spending, our best proxy for participant welfare.

Authorization is a measure of WIC shopping accessibility for participants, but we also consider WIC re-
demptions from our administrative data as an outcome that measures the intensive margin of program
participation. Prior work shows that reduced authorization of WIC vendors, especially small and indepen-
dent ones, lead to decreases in participation in WIC (Meckel, 2020; |Meckel et al., 2021)@ Thus, we examine
how WIC redemptions change in response to national WIC EBT implementation. WIC redemptions measure
the combination of the intensity with which participants are using benefits and the number of participants.
If decreasing probabilities of authorization for independent vendors corresponded with WIC participants
leaving the program or using their benefits less intensely, we would expect to see a decrease in WIC redemp-

tions.

As shown in Figure @ WIC redemptions (measured in hundreds of thousands of dollars per ZIP code) do not
significantly change in the years after WIC EBT implementation. While the point estimate for the average
effect of EBT on redemptions is negative, at $61,600 lower redemptions per year per ZIP code, the effect is

20We also confirm an outcome from Meckel (2020), that independent stores in Texas were less likely to be authorized after
WIC EBT implementation, and that the number of independent stores in ZIP codes in Texas decreased after WIC EBT.
However, our yearly data cannot entirely replicate the month-level dynamics. We have data for a larger set of years than
reported in Meckel and results become less robust if we extend the set of years used for estimation beyond FY 2007—-2010.
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not precisely estimated. Additionally, a symmetric positive effect of equal magnitude on redemptions falls
within the 95% confidence interval. We conclude that any change in access that resulted from WIC EBT
implementation is not large enough to offset the potential positive effects of it, including 1) being able to
redeem foods from one food instrument on multiple occasions, 2) less difficult transactions, and 3) reduced

stigma.

Figure 9: Effect of WIC EBT Implementation on WIC Redemptions, by ZIP Code
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ATT estimate for the post period shown here is -0.616 with a 95% confidence interval of (-3.036, 1.804).

5.4 Effects on SNAP Authorization and Redemptions

Another potential effect of WIC EBT implementation is the greater harmonization of technological require-
ments for both SNAP and WIC authorization after the adoption of WIC EBT. In all states, SNAP had
adopted EBT technology to redeem benefits before the implementation of WIC EBT. This means that prior
to WIC EBT, SNAP authorization required a POS system that could handle EBT, while WIC did not. While
the backend software on POS systems to manage WIC EBT and SNAP EBT are different, the checkout pro-
cedure looks more similar between SNAP and WIC after WIC EBT. In many states, SNAP authorization is
a requirement for WIC vendor authorization. For instance, Minnesota and California both require vendors
to be SNAP authorized or have pending SNAP retailer applications, although their respective neighbors
Wisconsin and Nevada do not have this requirement. In areas where SNAP authorization is a requirement,
the transition to EBT may have been smoother given stores’ previous experience with EBT (Crespo-Bellido
et al.l |2024; [Vogel and O’Connor}, [1998)).

Harmonization between technologies and prior EBT experience suggest that WIC EBT implementation may

lead to increases in the number of SNAP authorized retailers and value of SNAP redemptions. On the

other hand, our previous results on WIC authorization show decreases in the number of WIC authorized
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independent stores after WIC EBT implementation. If these stores were maintaining SNAP authorization
in order to have WIC authorization — due to state rules requiring SNAP authorization to be a WIC vendor
as mentioned above — then losing WIC authorized retailers may lead to decreases in the number of SNAP
authorized retailers. FEz ante, then, the effect of WIC EBT on SNAP authorization and redemptions is
ambiguous. Figures and show these results. We find no statistically significant effects of the WIC
EBT implementation on SNAP authorization or SNAP redemptions. It is possible that the two mechanisms
we propose above have opposite effects, leading to a net null effect.

Figure 10: Spillover Effects of WIC EBT Implementation on SNAP Outcomes
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6 Discussion and Conclusion

We have comprehensively examined the response of WIC vendors to the implementation of an important
policy change in WIC—the transition from paper vouchers to EBT. Transitioning to EBT was a large policy
change in WIC that stakeholders expected to improve the experience of participants by reducing stigma and
increasing flexibility when obtaining supplemental foods. Policymakers also expected that it would decrease
fraud among vendors. For vendors authorized to redeem WIC food benefits, WIC EBT implementation rep-
resented a substantial technological transition, requiring additional POS equipment, software, and training.
If EBT increased demand for WIC while potentially increasing costs, the net effect on vendors is unclear ex

ante.

We find that WIC EBT implementation led to a small, statistically significant, and economically meaningful
decrease in the number of WIC-authorized independent vendors but no significant change in the number
of WIC-authorized chain vendors. The results for independent vendors suggests that participant access to
authorized food retailers may be declining in response to implementation of WIC EBT. Examining changes
in the dollar value of benefits redeemed (standardized across ZIP codes) shows no significant change in

redemptions, on average, across ZIP codes, with WIC EBT adoption. This suggests that the amount of sup-
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plemental foods obtained by participants in the ZIP codes for which we have data do not change significantly
after WIC EBT implementation. Consequently, if the amount of food benefits redeemed is not changing,
then participants have substituted to use alternate authorized WIC vendors when some vendors lose their

authorization after the implementation or any declines in use at some stores are offset by increases at others.

We examine one potential mechanism for the decline in authorized vendors after EBT implementation: ven-
dor’s interactions with the processor implementing EBT. Three firms—Conduent, FIS/CDP, and Solutran—
implemented EBT in most states that transitioned through 2015. We find evidence to support the hypothesis
that each of these firms changed their implementation of WIC EBT in ways that lead to fewer vendors leav-
ing the WIC program as they had more experience with the implementation process. The average effect
of the implementation of WIC EBT on vendors became more positive as the processors accumulate more
experience implementing EBT. Thus, processors may learn from previous implementations and incorporate
that learning to improve subsequent implementations. Technological improvement over time may have made
the WIC EBT transition smoother for all stores.

Considering the potential harmonization of redemption technologies between WIC and SNAP after WIC
EBT, as well as existing regulations in some states requiring SNAP authorization for WIC vendors, we
examine whether WIC EBT implementation has spillover effects on to the probability of retailers’ SNAP
authorization and the value of SNAP redemptions. We note that there are mechanisms working in opposite
directions from WIC EBT implementation on to SNAP outcomes, so that the expected sign of the effect
is uncertain ex ante. Linking WIC EBT implementation to SNAP administrative data on retailers and
redemptions, we find no significant effects of WIC EBT implementation on either SNAP outcome. The null
results suggest that positive spillovers from making WIC redemption technology closer to SNAP redemption
technology are offset by negative spillovers from declining probability of authorization for independent WIC

authorized retailers.

Overall, we find that WIC EBT implementation led to a decrease in the number of non-chain WIC-authorized
food retailers. However, our results on WIC redemptions and SNAP-authorized retailers suggest that the
estimated change in authorization does not affect WIC participants’ ability to obtain supplemental foods
or spill over on to SNAP access. While EBT results in fewer independent WIC authorized retailers, these

changes in the set of authorized retailers on average do not change WIC or SNAP redemptions.
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A Tables and Figures

The following figures show results from the approach outlined in [Cengiz et al| (2019) for a main set of

outcomes.

Figure 11

Store level authorization eWIC treatment group estimates

w |

& auth

ST

°P b . v ¢ @

B P ot g g P
Treatment year

Azw awaraga TE |5 - 021,
Averaga TE walghted by group slzals - 0155,

b e &

& auth (chains)
0

w

i
'S

& auth (indeps.)

G g @O et g gt e
Treatment year

Azw averaga TE |s - 020,

Awveraga TE walghied oy group sizals - 0072,
Chan siores anly.

0

-5

¢ NM O M O ATX ONV
ONA ®KY OFL = WY
+MA WOH VA = OK
A 0R ¢ WI

=3
#‘.
[ ]
-
=2
+
ol

‘S I {Q: f‘ul A{E’; A\.b: J.,‘-'::
W @ e @ et e
Treatment year

Aaw averaga TE |5 - (345,

Awveraga TE walghied oy group sizals - 0502,
Indepandan sies anly.

Estimated on balanced panels that exclude already treated units. Treatment is any eWIC in the county/FY.
All models include store and FY FE. Standard errors clustered at the store level.

Decreases in authorization are largest for independent stores, with a weighted average treatment effect of

-6% for independent stores compared to -0.8% for chain stores. This pattern holds for most of the treatment

groups.
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Figure 12: Average store level changes in authorization as a result of WIC EBT
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This graph plots average TEs, weighted by group size across large treatment groups for 2ach sutcome.
Standard errors obtained through bootstrap procedure (s=1000).

Bootstrap samples stratified by treatment group and clustered at the store level.

Underlying TE estimated on balanced panels that exclude already treated units.

Treatment is any @WIC in the county/FY. All models include store and FY FE.

Aggregated up to the ZIP level, we find a decrease of 0.06 stores per ZIP overall after WIC EBT implemen-
tation. Decomposing this effect into chain and independent stores, we find that most of the decrease (0.041
out of 0.06 stores per ZIP) is attributable to decreases in independent stores. Chain stores account for the

remaining decrease of 0.02 stores per ZIP.
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Figure 13

ZIP level authorization eWIC treatment group estimates

L

& auth
-

% SNM O M ATX ONY
+ ‘ " ®oNA ®KY OFL + MA
L + {7 MOH *VA x*OK 2OR
. " =WV o WI

& auth [chains)
0
*
E

B i R R R

Aaw ATE |5 - 076 WATE |2 - 06

=g
-
——
?e
G auth (indeps.)
0
L 3
»
_E_

B P o " 0® e ®

g @ g g e 0®

Aaw ATE |5 - 04 WATE |5 - 02 Aaw ATE |5 - 037 WATE I - 041.

Cummmansxraamy. Cummlnmmnsmmy.
Estimated on balanced panels that exclude already treated units. Treatment is any eWIC in the ZIP/FY.
All models include ZIP and FY FE. Standard errors clustered at the Z1P level.

Figure 14: Average ZIP level changes in authorization after WIC EBT
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This graph plots average TEs, weighted by group size across large treatment groups for each outcome.
Standard errors obtained through bootstrap procedure (s=1000).

Bootstrap samples stratified by treatment group and clustered at the ZIP level.

Underlying TE estimated on balanced panels that exclude already treated units.

Treatment is any eWIC in the ZIP/FY. All models include ZIP and FY FE.
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Figure 15

ZIP level authorization (SDs) eWIC treatment group estimates
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Estimated on balanced panels that exclude already treated wnits. Treatment is any eWIC in the ZIP/FY.
All models include ZIP and FY FE. Standard errors clustered at the ZIP level.

Figure 16: Average ZIP level SD changes in authorization as a result of WIC EBT
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Figure 17

ZIP level redemption (SDs) eWIC treatment group estimates
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The following graphs estimate spillover effects from WIC EBT implementation onto SNAP retailer autho-

rization using the |Cengiz et al| (2019) approach.
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Figure 18

ZIP level SNAP auth. eWIC treatment group estimates
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WATE of eWIC on SNAP stores per ZIP
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Includes all Z1Ps with both a SNAP store and a WIC store.

This graph plots average TEs, weighted by group size across large treatment groups for each cutcome.
Standard errors obtained through bootstrap procedure (s=1000).

Bootstrap samples stratified by treatment group and clustered at the Z1P lsvel.

Lnderlying TE estimated on balanced panels that exclude already treated units.

Treatment is any eWIC in the ZIP/FY. All models include Z1P and FY FE.
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Figure 20

O pr. SNAP authorization eWIC treatment group estimates
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Figure 21

WATE of eWIC on pr SNAP authorization

All SNAIF‘ stores Chain SNIAF‘ stores IndependentISNAF stores

Includes all stores with a WIC store also in the ZIP.

This graph plots average TEs, weighted by group size across large treatment groups for each cutcome.
Standard errors obtained through bootstrap procedure (s=1000).

Bootstrap samples stratified by treatment group and clustered at the store level.

Lnderlying TE estimated on balanced panels that exclude already treated units.

Treatment is any eWIC in the ZIP/FY. All models include STARS 1D and FY FE.
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