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Abstract

Previous research has shown that the way transfer income is disbursed can affect what

households purchase with it. In this paper, I provide strong evidence that disbursement tech-

nique can affect the timing of purchases as well. I examine the Supplemental Nutrition As-

sistance Program (SNAP), which switched on a state-by-state basis from cash-similar food

coupons to Electronic Benefit Transfer (EBT) –a secure debit card– over the period from 1993-

2004. I find that EBT mitigated the boom-and-bust cycles in food spending that are attributed

to SNAP, but only for households with children. Based on additional tests of the data, this

result is somewhat consistent with recent work in behavioral economics on the relationship be-

tween preference aggregation and discounting, whereas I find little evidence in favor of stigma,

security and salience as mechanisms.
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1 Introduction
My food stamps are depleted after maybe two and a half weeks. That’s when our
cupboards become bare and there isn’t anything left in the deep freezer. I start to
worry about where our next meal is coming from.

–Tiffany, mother of three (Narula et al. 2013, p. 20)

Many households receiving food assistance do not smooth their expenditure and consump-

tion between disbursement dates. In the U.S., food spending and calories consumed jump upon

SNAP (Supplemental Nutrition Assistance Program) disbursement and then decay over the course

of the month. This is often called the ‘calorie crunch,’ and it is well documented (Wilde and

Ranney, 2000; Shapiro, 2005; Hastings and Washington, 2010; Castner and Henke, 2011; Todd,

2015; Smith et al., 2016; Kuhn, 2018). Thus, the average consumption of a participating household

masks important cyclicality in food insecurity.1 For example, a cross-section of SNAP households

in 2011 and 2012 found that 61% were food-insecure at the time of the survey (Mabli et al., 2013).

In this paper, I study the impact of the introduction of Electronic Benefit Transfer (EBT) on the

calorie crunch, and the primary finding is that EBT mitigated the calorie crunch for households

with children.

Food insecurity has wide-ranging negative impacts on health and behavior.2 These impacts are

particularly important for children because childhood health has long-run consequences. Currie

(2009) reviews the literature showing that food insecurity negatively affects child health, and that

child health negatively affects economic outcomes in adulthood. She summarizes, “I show that
1Food insecurity is defined as experiencing “reduced quality, variety, or desirability of diet,” as estimated
from a standard series of questions (http://www.ers.usda.gov/topics/food-nutrition-assistance/food-security-in-the-
us/definitions-of-food-security).

2Food insecurity is associated with low birth weight deliveries (Borders et al., 2007), preterm births and retarded fetal
growth (King, 2003), childhood obesity (Dubois et al., 2006), and various chronic cardiovascular diseases in adults
(Seligman et al., 2010). These are only select examples: Ziliak and Gundersen (2016) reports a wide variety of
studies, across disciplines, linking food insecurity to both child and adult health. Food insecurity has important be-
havioral correlates among children as well: for example, academic ability (Winicki and Jemison, 2003) and classroom
disruptions (Alaimo et al., 2001; Howard, 2011).
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there is now strong evidence of both links, suggesting that health could play a role in the intergen-

erational transmission of economic status.” Policy designed to combat food insecurity (SNAP) has

positive long-run impacts consistent with this body of work (Hoynes et al., 2016).3

The existence of this developmental pathway means that the pass-through of government food

assistance from adult recipients to child dependents is a critical determinant of the benefits the

assistance provides. Previous work focuses on how recipient identity affects what households buy

with transfer income. For example, Lundberg et al. (1997) finds that shifting child allowance trans-

fers to women in the U.K. increased household expenses on women’s and children’s clothing.4 The

robust calorie crunch among SNAP participants suggests that the determinants of when households

spend their benefits –specifically, how effectively they are smoothed over time– may also be impor-

tant. The goal of this paper is to study to what extent the method of benefit disbursement affects the

calorie crunch. Using Consumer Expenditure Survey (CES) diary data, I find that EBT mitigated

the calorie crunch for households with children. This result is notable for two main reasons. First,

EBT is an under-studied, large-scale policy change with relevance for the continued digitization of

the safety net (I describe the specifics of EBT in the following paragraph). Its impact on spending

dynamics is informative for the optimal design of income and transfer disbursements. Second,

recent work suggests a direct relationship between intra-household bargaining and present-biased

discounting (Jackson and Yariv, 2015), which Shapiro (2005) suggests is at the root of the calorie

crunch.5 I argue that the introduction of EBT offers a test of this relationship.

3Economists have highlighted the program’s impact on food insecurity (Bhattacharya and Currie 2000, Hoynes and
Schanzenbach 2009), many types of nutritional intake (Devaney and Moffitt, 1991), and child health (Almond,
Hoynes, and Schanzenbach 2011, Currie and Cole 1991, Currie and Moretti 2008). For a more comprehensive
review of food assistance programs generally, see Currie (2003).

4Especially in the low-income and developing context, a number of studies indicate different expenditures behaviors,
depending on income recipient gender. Examples include Browning et al. (1994), Browning and Chiappori (1999),
Duflo (2003), Bobonis (2009), Attanasio and Lechene (2014), Attanasio et al. (2012) and Wang (2014).

5Jackson and Yariv (2015) prove the “necessity of dynamic inconsistency” –if a group consists of members with
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EBT is the current disbursement technique for multiple transfer programs in the U.S., but it

was first introduced as a replacement for cash-similar SNAP coupons (literal ‘food stamps’). Two

issues with SNAP prior to the implementation of EBT were the stigma associated with identifi-

able coupons and potential for fraud through re-sale. EBT cards addressed both of these issues.

They work and look like standard debit cards, with a Personal Identification Number (PIN) re-

quired for use. PINs can be changed with minimal transaction cost. Benefits are loaded onto the

cardholder’s account on a monthly frequency, but the calendar day of monthly disbursement varies

across households.6 A household’s card is issued to the primary benefit recipient.7 Most states put

names on the card, and in Massachusetts, Missouri and New York (on a voluntary basis) the cards

feature a photo of the primary recipient.8 Therefore, one of the most important changes wrought

by EBT was a shift towards clear delineation of the benefits as subject to one individual’s discre-

tion. During the roughly 10-year rollout period from 1994 to 2003, about 22 million Americans

experienced this change, slightly over half of which were children.9

While there is a literature that examines the impact of EBT on SNAP enrollment, there is

surprisingly little other work on such a large program overhaul.10 One reason that economists may

varying time preferences, non-dictatorial aggregation of those preferences will result in group behavior consistent
with present bias. Jackson and Yariv (2014), and Schaner (2016, 2015) find evidence consistent with this in laboratory
and field experiments. Also, Hertzberg (2018) shows that identical time-consistent discounters with at least partially
separate consumption streams face a dynamic common pool problem that makes the group appear to be discounting
hyperbolically (a specific type of present bias).

6This variation is both across-state and within-state.
7The primary recipient is the individual that fills out an application (in most states, this can now be done online, but
it can still be done by mail or in person) and participates in the follow-up interview (either by phone or in person).
Second cards can be obtained with the permission of the primary recipient.

8New York cards also feature name, gender, birthdate and a signature. The exact rules for EBT cards and their usage
vary from state to state.

9This is average participation during the rollout (https://www.fns.usda.gov/pd/supplemental-nutrition-
assistance-program-snap) combined with USDA reports on the characteristics of participants (e.g.
https://www.fns.usda.gov/snap/characteristics-food-stamp-households-fiscal-year-2004).

10Results from this literature are mixed: Atasoy et al. (2010) find a decrease in enrollment, Currie and Grogger (2001),
Kornfeld (2002), Kabbani and Wilde (2003), Danielson and Klerman (2006) and Kaushal and Gao (2011) find
and increase and Ziliak et al. (2000), McKernan and Ratcliffe (2003) and Bednar (2011) find no impact. Beyond
examining SNAP participation, Wright et al. (2017) find that the implementation of EBT in Missouri had a negative
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have overlooked EBT is that it represented no change to the budget constraint or food preferences

that enter an individual utility maximization problem. However, there are a number of reasons to

expect that EBT could have affected SNAP use. If EBT changed the ownership of benefits within

the household –shifting bargaining power away from kids and non-primary-recipient adults– it

could have changed how differing food and time preferences across individuals within a household

are aggregated and expressed. Other notable potential mechanisms for EBT to affect the calorie

crunch include stigma, security and salience. If EBT reduced stigma from using SNAP, the fixed

costs of going shopping were likely reduced. If EBT made benefits more secure, saving them

likely became less risky. And if EBT made benefit arrival less salient, households likely became

less sensitive to the SNAP cycle.

To study the impact of EBT on the calorie crunch, I use 1994-2003 Consumer Expenditure

Survey (CES) diary data to observe two weeks of a household’s food expenditures. I then lever-

age the staggered rollout of the (mostly) mandatory EBT program across states in a generalized

difference-in-difference-in-trends design, where the diff-in-diff design is implemented within a

model of spending trends over the benefit month. The data and methodology are explained in

Section 2, and the main results are presented in Section 3. I find that before EBT, households

with children experienced a more extreme calorie crunch than households without children. EBT

eliminated this difference by causing a large reallocation of spending from the first week of the

benefit month to later weeks among households with children.11 For example, for a single parent

household with two children, food expenditure during a shopping trip in the second, third, or fourth

week of the benefit month nearly doubled when EBT was implemented (up $22 from a baseline

impact on crime rates.
11This is consistent with Todd (2015), who finds that in more recent data with EBT fully implemented, households

with and without children experience similar diet cycles.
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of $29), and was much lower in the first week ($27 from a baseline of $80).12 Results are robust

to the inclusion of state and year fixed effects, state-specific linear time trends, and an event-study

style approach that focuses on a smaller window around each state’s EBT implementation. A wide

range of robustness tests are offered in Section 3.2, and a demonstration of consumption calorie

crunch heterogeneity in the pre-EBT period is in Section 3.3.

I offer tests of competing mechanisms for the impact of EBT in Section 4. Stigma, reduced

risk of theft and imperfect salience of benefit disbursement all imply that EBT should have impacts

of the timing and number of shopping trips that household take over the benefit month. However,

all of the effects I identify operate on the intensive margin of how much is purchased conditional

on shopping, and there is no evidence of an effect of EBT on shopping behavior. Present-biased

discounting that is mitigated by consolidated property rights explains the data better (although by

no means perfectly). Consistent with EBT as a re-allocation of property rights to a more patient,

responsible, female adult, I find that the effect of EBT was slightly larger in households with male

adults, and there is suggestive evidence that EBT reduced purchases of junk food, and increased

purchases of vegetables. I use a structural estimation to cast the impact of EBT as a shock to

households’ effective quasi-hyperbolic discount factors (β as popularized by Laibson (1997), and

used in the subsequent literature). β is the ‘extra’ discount factor that is applied to future utility

whenever an intertemporal tradeoff features the possibility of immediate utility. For households

with kids, EBT raised β from 0.81 to 0.90, whereas it was essentially unchanged for households

without kids (0.87 to 0.85). Inconsistent with this mechanism is the fact that while I find the largest

interactive effect of EBT with primary-school-aged children, the effect for even younger children

12All amounts in 2017 $. The probability of shopping is higher during week one (and is not impacted by EBT) which
balances the budget.
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remains large, yet the effect for teenagers is small.

There is substantial value in reducing the magnitude of the calorie crunch. Kuhn (2018) shows

that expenditure cycles and consumption cycles within SNAP households are related, suggesting

that EBT could have reduced variance in food consumption. Behavior also responds to the calorie

crunch: as the benefit month goes on and resources dry up, Carr and Packham (2018) find that

theft increases in the last week of the SNAP month, Gennetian et al. (2016) find that children

are more likely to misbehave in school, and Cotti et al. (2017) find that children’s test scores are

lower. Other transfer programs create cycles in drug use (Dobkin and Puller, 2007), domestic

violence (Hsu, 2017), and crime (Foley, 2011). Especially for cash welfare programs like the

Earned Income Tax Credit (EITC) –which is very large and disbursed once a year– this research

suggests that policy makers need to consider to whom transfers are addressed and how the recipient

will access it. Whether a household’s most responsible decision maker has clear property rights

over transfer income will influence both the nature and timing of transfer spending.

2 Data and Methodology

2.1 CES Data

The Consumer Expenditure Survey (CES) diaries are published by the U.S. Bureau of Labor Statis-

tics. These are self-reported expenditure logs that cover 14 consecutive days for each participating

household. They are collected every year, all throughout the year, and consist of two back-to-back,

week-long logs formatted to keep item-specific records of all purchases. The diaries are linked to a

broader, one-time survey of households. Item-level data are coded with a Universal Classification

Code (UCC), which identifies expenditures on narrow food categories. Purchases are not coded as
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individual-specific.

The usable set of CES diaries for SNAP-recipient households ranges from 1994 to 2003. Prior

to and following this period, the CES did not ask for the exact date of the most recent SNAP dis-

bursement. Household i is observed over 14 consecutive diary days, j. j is transformed into a

variable that indicates the number of days since the last SNAP disbursement, t, with t = 0 on the

exact date of reported arrival. For example, if t = 0 corresponds to j = 1 for a particular house-

hold, all 14 days of the diary are used as the first two weeks of expenditures. Panel A of Figure

1 shows the time path of mean household SNAP-eligible food expenditure (measured in 2017 $)

of the course of the benefit month. There is large spike on the day of disbursement, however, the

fitted value plots show that the calorie crunch is robust to excluding that point. Average food ex-

penditures on the day of SNAP disbursement (t = 0) are $35.87 ($82.66, conditional on shopping,

with 44% of households shopping). After four weeks, expenditures decline to $9.26 on average

($29.08, conditional on shopping, with 33% of households shopping).13 As shown in Figure 1,

the decline from day zero to day one of the benefit month is very large. After that, expenditures

decline more slowly and steadily over the course of the month.

I do not use data after the fourth week of the benefit month (past t = 28). As shown in Figure

1, there is a spike there that may correspond to other income at the beginning of a new calendar

or benefit month.14 Also, I do not use diary observations that fall outside of the SNAP period

corresponding to the reported disbursement because of uncertainty over whether the implied next

disbursement will occur. Recent data from the USDA indicate that “churning” in and out of SNAP

13If households shop weekly, budgeting for four trips a month with a small gap to bridge at the end, a better comparison
for day zero of the month is day 21. On this day, average expenditures are $9.63 ($31.34 conditional on shopping,
with 31% of households shopping.

14While most states vary the day of disbursement across individuals, there is often bunching of the potential dates near
the beginning of the month. Also, if the day of last SNAP disbursement is reported with some noise, this spike could
be due to a new disbursement.
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Figure 1: Food Expenditure Cycles in the CES

is very common: across six states in a study, 17-28% of households exited and re-entered within a

four month period, with about a third of those households only leaving for one month (Mills et al.

2014). So long as j = 1 corresponds to 0 ≤ t ≤ 14, all 14 diary days are potential shopping days.

Overall, there are 17,665 household-days in the sample.15 At least $1 of SNAP-eligible purchases

are made on 32% of these days. I call these days ‘shopping’ days. Panel B in Figure 1 shows the

time path of log SNAP-eligible for expenditures on shopping days only. The large spike on day

zero remains, but the calorie crunch is robust to excluding that point.

15I remove households with incomplete information on size or children, missing SNAP benefit amount, SNAP benefit
amount reported under $10, and unit size larger than twelve members from this baseline.
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2.2 Methodology

2.2.1 Expenditure Trend Estimation

My baseline fixed-effect specification for estimating expenditure trends, without any heterogeneity

or policy impact, is

eit = αi + γ1t+ YitΘ1 + εit , (1)

where eit are the total SNAP-eligible food expenditures of household i on days since SNAP receipt

t, in 2017 dollars.16 Yit are other characteristics of the day in question to be controlled for: a

weekend indicator variable, a week of calendar month variable and a week of diary variable.17 eit

is constructed as the sum of all SNAP-eligible expenditures on a given diary day (all non-prepared

food and beverage expenditures, besides alcohol).

I consider eit, eit on shopping days only (intensive margin), and the likelihood of eit ≥ 1

(extensive margin).18 Examining the margin by which EBT impacts heterogeneity in expenditure

patterns will help shed light on the mechanism behind the effects in Section 4.

Table 1 presents estimates of γ1 from equation (1). Pooled across all households, average

SNAP-eligible food expenditures decline roughly $2.73 per day over the benefit month. Limited

16A notable difference between this specification and that of Shapiro (2005) is the use of a fixed effect. This is enabled
by the long household diaries in the CES offering 14 observations per household. The advantage is that fixed effects
offer some robustness against specification error in this case. Because αi represents household expenditures on day
zero of the benefit month for all households in an OLS/Random Effects model, it is an out-of-sample projection for
households observed late in the month. Specification error could produce systematically bad projections and thus a
correlation between t and αi, which necessitates the fixed-effects model.

17These variables are also indexed by i because the mapping from t to calendar day varies across households.
18Angrist and Pischke (2009) caution against using conditional-on-positive models to evaluate treatment effects be-

cause selection into positive values that is correlated with treatment will bias the estimates. I am able to examine
that selection directly using the extensive margin estimates. In addition, using a conditional-on-positive model is
less problematic in a fixed-effects panel framework because the diary captures the same households at different
times of the month. In the language of Angrist and Pischke (2009) on the analysis of experimental treatments
using conditional-on-positive models, rather than calculating E[y1,i|y1,i > 0] − E[y0,i|y0,i > 0], I calculate
E[y1,i− y0,i|y1,i > 0, y0,i > 0] (p. 99). In general, while OLS is an inconsistent estimator of the latent-determinant
γ when the mass at eit = 0 is the result of a latent process with censoring (Wooldridge 2002, p.524), it is a consistent
estimator of the conditional expectation of eit, when the zeros are genuine data (Angrist and Pischke 2009, p.96).
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Table 1: Food Expenditure Cycle Estimates

Dep. Var.: eit eit per capita eit per SNAP $ ln(eit) 1(eit ≥ 1)

Sample: All ei,t ≥ 1 All ei,t ≥ 1 All ei,t ≥ 1 ei,t ≥ 1 All

(1) (2) (3) (4) (5) (6) (7) (8)

t -2.73∗∗∗ -2.72∗∗∗ -0.97∗∗∗ -0.80∗∗∗ -0.02∗∗∗ -0.02∗∗∗ -0.06∗∗∗ -0.03∗∗∗

(0.18) (0.37) (0.08) (0.10) (0.00) (0.00) (0.01) (0.00)

Weekend 0.20 2.12 0.05 0.88∗ -0.01 0.01 0.03 -0.02∗∗

(0.65) (1.29) (0.23) (0.50) (0.01) (0.02) (0.03) (0.01)

Week of month -0.91∗∗ -1.35∗ -0.30∗∗ -0.35 0.00 -0.01 -0.03 -0.01
(0.35) (0.73) (0.13) (0.22) (0.00) (0.01) (0.02) (0.01)

Diary week 16.49∗∗∗ 13.98∗∗∗ 5.82∗∗∗ 4.12∗∗∗ 0.13∗∗∗ 0.10∗∗∗ 0.35∗∗∗ 0.20∗∗∗

(1.35) (2.77) (0.62) (0.87) (0.01) (0.03) (0.07) (0.02)

Mean Dep. Var. 11.73 37.00 4.06 12.79 0.08 0.26 2.88 0.32
[34.45] [53.04] [12.51] [19.55] [0.39] [0.66] [1.23] [0.47]

Clusters 41 41 41 41 41 41 41 41

N 17,665 5,595 17,665 5,595 17,665 5,595 5,595 17,665
∗∗∗ ⇒ p < 0.01, ∗∗ ⇒ p < 0.05, ∗ ⇒ p < 0.10. Standard errors in parentheses are clustered at the state level. All specifications feature
household fixed effects.

to shopping days only, the estimate is very similar: $2.72 per day. Per-capita, I find a decline of

$0.97 per day per person ($0.80 limited to shopping days only). As a fraction of SNAP benefits, I

find a decline of 2.0% per day (1.8% limited to shopping days only). A ln(ei,t) model on shopping

days only indicates a decline of 6.2% per day.

2.2.2 Policy Impact Estimation

In 1989 Maryland was the first state to begin implementing EBT statewide, with completion in

April of 1993.19 A number of states implemented the program voluntarily until 1996, when a

federal welfare reform bill mandated the full implementation of EBT across the U.S. by October

of 2002.20 It took the median state just over one year to fully implement the program after the

initial pilot. I use the month of statewide completion as the policy change date. The results are

19http://www.fns.usda.gov/ebt/electronic-benefits-transfer-ebt-status-report-state
20A number of states were unable to comply until 2003, and California and Guam did not complete implementation

until 2004 (http://www.fns.usda.gov/snap/short-history-snap).
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robust to the exclusion of the rollout period from the sample.

Variables, such as the completion of EBT, that don’t vary within a household’s diary are added

as interaction terms with t. I refer to these as Xi, and they include # of adults (minus one) and the

number of children (under 18). I also use SNAP benefit amount and gross annual income (both in

2017 $) as control variables to try and account for any mechanical relationship between household

composition and the expenditure trend.

To consider a heterogeneous policy effect, I add an indicator for whether EBT rollout has been

completed in a household’s state, EBTi as a triple interaction with both t, and all Xi variables.

The main specification is

eit = αi + γ1t+ γ2(t · EBTi) + YitΘ1 + (t ·Xi)Θ2 + (t · EBTi ·Xi)Θ3 + εit . (2)

In some specifications, I use year fixed effects, state fixed effects, state-specific linear time trends,

and year fixed effects interacted with Xi, all interacted with t. In the absence of the fixed effects,

γ1 is an estimate of the per-day change in food expenditures for a single individual with $200

in SNAP benefits, and a gross annual income of $20,000, prior to EBT. Θ2 contains coefficients

that represent the conditional correlations of the fixed household characteristics with the per-day

change in food expenditures. γ2 is the general effect of EBT on the expenditure trend and Θ3

contains the heterogeneous EBT effect coefficients. The error term, εit is clustered at the state

level, with 41 states in the sample.

While the specifications all include a household fixed effect, the identification of the policy

impact relies on across-household differences in within-household time trends. Therefore, stability

of the sample composition across the EBT implementation is important. A critical feature of this
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Table 2: Year of EBT Completion for States in Sample

Year States Month, Respectively

1993 Maryland 4

1995 Texas, South Carolina 11, 12

1996 Utah 4

Welfare Reform Bill Passed - EBT Mandated

1997 Kansas, Connecticut, Massachusetts, Alabama, Illinois, Louisiana 3, 10, 10, 11, 11, 12

1998 Oklahoma, Colorado, Idaho, Arkansas, Missouri, Oregon, Alaska,
Hawaii, Pennsylvania, District of Columbia, Florida, Minnesota, Ver-
mont, Georgia

1, 2, 2, 4, 5, 5, 6, 8, 9, 10,
10, 10, 10, 11

1999 New Hampshire, New Jersey, North Carolina, Arizona, Tennessee, Ohio,
Kentucky, Washington

1, 6, 6, 8, 8, 10, 11, 11

2000 Wisconsin 10

2001 New York, Michigan 2, 7

2002 Indiana, Nevada, Virginia, Nebraska 3, 7, 7, 9

EBT Implementation Deadline

2003 Iowa 10

2004 California 6
Source: http://www.fns.usda.gov/ebt/electronic-benefits-transfer-ebt-status-report-state

policy change for causal identification is that EBT rollout occurred at different times in different

states over roughly a ten-year period (see Table 2 for the schedule). Thus, my estimates compare

households within the same state over time and households at the same time across states (in the

models without a state times t fixed-effect).

The broad welfare reform legislation that passed in 1996 is a specific event of concern. EBT

was implemented at different times over a range of years, but the policy variable only ever turns on

over time. Thus, there should be some correlation between the EBT indicator and the impacts of

reform. If SNAP households after welfare reform are very different from pre-reform households,

or if EBT itself induces differential SNAP selection, the sample will not be balanced across the

policy change. Given the year fixed effects, state fixed effects and state-specific linear time trends,

selection effects that sharply coincide with EBT are of primary concern. Table 3 shows the balance

of household observables across the implementation of EBT, with and without year fixed effects,
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Table 3: Household Characteristics and EBT Status

Dep. Var.: SNAP ben. HH Size # kids # female Median # earners Gross ann. # HS Deg.(’17 $) adults adult age inc. (’17 $)
(1) (2) (3) (4) (5) (6) (7) (8)

Panel A: Unconditional Means

EBT -8.53 -0.05 -0.10 0.01 0.31 0.08 32.84 0.29∗∗∗

(11.51) (0.21) (0.17) (0.03) (1.23) (0.06) (1,410.29) (0.06)

Panel B: Means with Year Fixed Effects

EBT 16.80 -0.02 -0.12 0.04 -0.27 0.11 -148.45 0.01
(27.70) (0.47) (0.34) (0.07) (1.88) (0.13) (2,020.38) (0.05)

Panel C: Means with Year and State Fixed Effects, and State-specific Linear Time Trends

EBT 3.10 -0.15 -0.17 0.06 0.05 -0.07 1,105.51 0.02
(25.25) (0.27) (0.24) (0.07) (2.07) (0.11) (2,665.56) (0.13)

Mean Dep. Var. 268.86 3.34 1.62 1.14 40.74 0.62 20,244.39 0.87
[191.03] [2.01] [1.67] [0.61] [15.47] [0.81] [21,096.21] [0.91]

Clusters 41 41 41 41 41 41 41 41

N 1,578 1,578 1,578 1,578 1,575 1,578 1,578 1,578
∗∗∗ ⇒ p < 0.01, ∗∗ ⇒ p < 0.05, ∗ ⇒ p < 0.10. Estimates are from OLS regressions of the dependent variable on EBT completion status.
Standard errors in parentheses are clustered at the state level. All specifications in Panel B feature year fixed effects, with 1994 as the excluded year.
All specifications in Panel C feature year fixed effects, with 1994 as the excluded year, state fixed effects with California as the excluded state, and
state-specific linear time trends.

state fixed effects and state-specific linear time trends. Adding year fixed effects eliminates the

significant difference in educational attainment I find across the policy change.

Other aspects of SNAP and the safety net should also be constant for proper sample bal-

ance. Figure 2 shows that SNAP caseloads (Panel A), Temporary Assistance for Needy Fami-

lies (TANF) caseloads (Panel B) and the average SNAP disbursement calendar day (Panel C) are

smooth through the completion of EBT.21 Carr and Packham (2018) find effects of recent changes

to disbursement dates on theft, possibly due to increased consumption smoothing. Therefore, it is

important that disbursement dates don’t change along with the implementation of EBT. Notably,

TANF caseloads are steadily declining over time, which was a primary impact of welfare reform.22

21TANF data are from the U.S. Department of Health and Human Services Office of Family Assistance:
https://www.acf.hhs.gov/ofa/programs/tanf/data-reports

22Some states also used EBT cards for TANF disbursements, so it is important that nothing sudden happens with
TANF caseloads around EBT implementation.
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Figure 2: Welfare Program Characteristics through EBT Implementation

Year fixed effects and state-specific linear time trends will help to capture this change.

3 Results

3.1 Main Estimates

Table 4 shows results from estimating equation (2) with a variety of specifications of control vari-

ables, fixed effects and time trends. The sample is limited to shopping days only. For space, only

coefficients of direct interest are presented, with the full set of estimates in Appendix Table A1.

While the number of adults is not a strong predictor of how the calorie crunch reacts to EBT, the

number of children in the household is. Prior to EBT, an additional child is correlated with a 38%

larger decline in expenditures on shopping days over the benefit month (from column (4)). The

implementation of EBT fully counteracts this correlation. For a household with one adult and two

children, EBT flattens the slope of the calorie crunch from $3.61 per day to $2.26 per day (esti-
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Table 4: Impact of EBT on Food Expenditure Cycles, Shopping Days Only

Mean Dep. Var.: 37.00 [53.04] (1) (2) (3) (4) (5) (6)

t -2.88∗∗∗ -1.59∗∗∗ -1.42∗∗ -2.05∗∗ -2.05∗∗ -2.64∗∗∗

(0.39) (0.42) (0.55) (0.77) (0.80) (0.81)

t X EBT 0.41 -0.70∗ -0.61 -0.45 -1.12 -1.06
(0.28) (0.37) (0.57) (0.71) (0.68) (0.76)

t X # kids -0.70∗∗∗ -0.78∗∗∗ -0.78∗∗∗ -0.77∗∗∗ -0.74∗∗∗

(0.17) (0.19) (0.19) (0.21) (0.22)

t X # kids X EBT 0.62∗∗∗ 0.85∗∗∗ 0.90∗∗∗ 0.90∗∗∗ 1.10∗∗∗

(0.19) (0.26) (0.27) (0.30) (0.34)

t X # adults - 1 -0.19 -0.13 -0.24 -0.29
(0.42) (0.41) (0.40) (0.42)

t X # adults - 1 X EBT -0.28 -0.41 -0.44 -0.37
(0.47) (0.46) (0.48) (0.49)

Impact of EBT (single parent, 2 kids) 0.41 0.54∗∗ 1.08∗∗∗ 1.35∗∗∗ 0.68 1.14
(0.28) (0.26) (0.37) (0.43) (0.64) (0.89)

Impact of EBT (dual parent, 2 kids) 0.41 0.54∗∗ 0.80∗ 0.93∗∗ 0.24 0.76
(0.28) (0.26) (0.42) (0.43) (0.64) (0.86)

Date Controls Y Y Y Y Y Y

SNAP, Income Controls N N Y Y Y Y

Year FE X t N N N Y Y Y

State FE X t N N N N Y Y

State-Year Time Trend X t N N N N N Y

Clusters 41 41 41 41 41 41

N 5,595 5,595 5,595 5,595 5,595 5,595
∗∗∗ ⇒ p < 0.01, ∗∗ ⇒ p < 0.05, ∗ ⇒ p < 0.10. Standard errors in parentheses are clustered at the state level. The sample is limited to
the first four weeks of the benefit month, households with twelve or fewer members, and a reported SNAP disbursement of at least $10. All
specifications feature household fixed effects. 1994 is the excluded year and California is the excluded state. A weekend indicator, week of
month trend and diary week indicator are included as day-specific controls in all specifications. SNAP benefit amount and household income
interacted with t, and their triple interactions withEBT are included as controls in columns (3)-(6). Full results available in Appendix Table
A1.

mates from column (4), all else held equal). Put into a more tangible metric, for such a household,

EBT increases the amount spent in a shopping trip at the beginning of week four of the benefit

month by $28.

Specifications with alternative dependent variables are presented in the Appendix: household

per-capita expenditures in Appendix Table A2, per-SNAP $ expenditures in Appendix Table A3

and log expenditures in Appendix Table A4. The positive, precise coefficient on the interaction
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of EBT and the number of children is robust across all models, while the corresponding negative

pre-EBT coefficient is less so. I return to this issue using consumption data in Section 3.3.

In Table 4 there is a substantial but imprecise negative homogeneous effect of EBT on the calo-

rie crunch in columns (2)-(6). It is not robust to alternative specifications of the dependent variable;

EBT actually has a positive level impact in the case of expenditures per SNAP $. Nonetheless, the

correct interpretation of the results in Table 4 is that a notable positive impact of EBT was ex-

perienced mainly for households with two or more children. For the average household (3.32

members, 1.62 children), the impact of EBT is to flatten the slope of calorie crunch by $0.72 per

day (p = 0.04, 21% of the pre-EBT slope).23

To offer additional clarity on the differential effect of EBT, I estimate a homogeneous impact

of EBT within relevant household types. Table 5 shows estimates of expenditure cycles before

and after EBT for all household, household without kids and households with successively more

kids. Households without kids experience a negative and statistically insignificant impact of EBT

(p = 0.49), whereas the effect for households with any number of kids is positive and statistically

insignificant (p = 0.16). More children in the household matter: the effect grows rapidly (and

becomes statistically significant) along with the number of children in the household, as does the

severity of the pre-EBT consumption cycle.

Figure 3 presents a non-parametric comparison of the impact of EBT on single adults versus

single parents with two children. In Panel A the moderate calorie crunch for single adults is the

same before and with EBT. The level effects of EBT are not statistically significant. In Panel B,

the very pronounced calorie crunch for single parents with two children before EBT is replaced

23Estimates from column (4) of Table 4. When calculating this estimate, it is important to recall that one is subtracted
from the household size variable in the regressions.
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Table 5: Impact of EBT on Food
Expenditure Cycles by # of Kids, Shopping Days Only

Household type: All k = 0 k > 0 k > 1 k > 2 k > 3
(1) (2) (3) (4) (5) (6)

t -3.12∗∗∗ -1.93∗ -3.49∗∗∗ -4.02∗∗∗ -5.77∗∗∗ -8.16∗∗∗

(0.64) (0.96) (0.82) (0.93) (1.29) (2.26)

t X EBT 0.58 -0.42 0.69 1.34∗∗ 2.18∗∗ 4.74∗∗

(0.36) (0.61) (0.44) (0.60) (0.83) (1.87)

Mean Dep. Var. 37.00 29.48 39.96 43.12 48.26 52.67
[53.04] [37.00] [57.87] [62.21] [67.30] [72.02]

Date Controls Y Y Y Y Y Y

SNAP, Income Controls Y Y Y Y Y Y

Year FE X t Y Y Y Y Y Y

Clusters 41 40 41 41 38 30

N 5,595 1,578 4,017 2,952 1,684 825
∗∗∗ ⇒ p < 0.01, ∗∗ ⇒ p < 0.05, ∗ ⇒ p < 0.10. Standard errors in parentheses are clustered at the state level. The
sample is limited to the first four weeks of the benefit month, households with twelve or fewer members, and a reported
SNAP disbursement of at least $10. All specifications feature household fixed effects. 1994 is the excluded year. A weekend
indicator, week of month trend, diary week indicator, and SNAP benefit amount and household income interacted with t are
included as controls. Full results available in Appendix Table A5.

with steady spending for the first two weeks of the benefit month and then a smaller decline. For

this type of household, the level effect of EBT is positive and marginally statistically significant

(p = 0.06) over weeks 2-4 of the benefit month. It is negative and not significant at conventional

levels (p = 0.13) in the first week.24

Appendix Tables A6 and A7 present results for the extensive margin impact of EBT on food

shopping and the total effect on expenditures. There is no evidence that EBT affected anything but

the time trend in the intensive margin –the amount purchased conditional on shopping. Appendix

Table A8 disaggregates the number of children into the number by age group: pre-school age (0-5)

primary/middle school age (6-12) and teenagers (13-17). Qualitatively, there are similar patterns

for each group. However, the effects appear most strongly for primary/middle school age children.

24Estimates are obtained from random effects regressions (because EBT , as opposed to t X EBT , does not vary
within households) of food expenditure, conditional on shopping, on EBT, limited to the relevant benefit week and
household type. There are no control variables in this specification; it is meant as a direct test of the data in the figure
as a contrast with the more structured approach I take elsewhere.
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Figure 3: Impact of EBT on Food Expenditure by Week of Benefit Month, Shopping Days Only

Appendix Table A9 shows that the heterogeneous impact of EBT is slightly larger in magnitude

when the data from during EBT rollout are excluded.

3.2 Robustness

An important concern with the analysis of any state-by-state program implementation is whether

states selected in based on conditions related to the variables of interest. I argue that this study is

not at high risk for this problem. First and foremost, the implementation of EBT was mandated

by the federal government as a part of the 1996 welfare reform legislation. As shown in Table

2, the majority of states in the sample implemented EBT after that mandate was passed. Bednar

(2011) shows that implementation dates for both voluntary and mandatory adopters cannot be

predicted using 1990 state characteristics. Second, I observe nearly every state both before and

after the implementation of EBT. I re-estimate the main specifications in Table 4 with all voluntary
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adoption states excluded, and states I only observe with or without EBT excluded. This removes

the voluntary adopters of Maryland, Texas, South Carolina and Utah, and the late adopters of Iowa

and California.25 Results are presented in Appendix Table A10 and are similar to those in Table 4:

the main result is not driven by states that voluntarily adopted EBT.

The most substantial threat to identification is the changing nature of households enrolled in

SNAP over time. As a part of its 1993 budget, Congress authorized the Mickey Leland Childhood

Hunger Relief Act. Its main impact was to expand SNAP by adding and increasing deductions that

households could use to determine eligibility.26 As a result, the period prior to the 1996 welfare

reform act is a period of relative program generosity with large enrollment. The Personal Respon-

sibility and Work Opportunities Reconciliation Act of 1996 introduced new restrictions. A time

limit of three months of benefits within any three-year period was imposed for able-bodied adults

without dependents (ABAWDs) with less than 20 hours per week of work, and states were given

more power to disqualify SNAP recipients based on disqualification from other assistance pro-

grams.27 These changes to the program came during a time of falling enrollment due to economic

factors. From a high of 27.5 million households in 1994, enrollment fell to 17.2 million house-

holds in 2000.28 However, almost immediately following the passage of welfare reform, Congress

25Arkansas and Idaho also removed from this sample, but due to small samples that all happen to fall before EBT (in
the case of Arkansas) or after implementation (in the case of Idaho).

26Most notably, the cap on deductions for excess (above half of income) shelter expenses was scheduled for gradual
elimination, Earned Income Tax Credit receipts in the previous year were made deductible, the age limit for the
deduction of students’ income was raised to 21, child support payments were made deductible, and certain vehicles
were excluded from the asset test. https://www.govtrack.us/congress/bills/103/hr529

27Other reductions in benefits/eligibility included: reducing the cost of living adjustments for benefits, freezing the
growth some important deductions (including the shelter deduction cap), and removing legal immigrants from el-
igibility (https://www.govtrack.us/congress/bills/104/hr3734). School meal programs and the Women, Infants and
Children (WIC) program were not altered by welfare reform, although WIC eligibility is tied to SNAP eligibil-
ity. The use of EBT for WIC did not begin long after the sample period with the exception of Wyoming in 2002
(http://www.fns.usda.gov/wic/wic-ebt-activities). Some changes were made to these programs in the William F.
Goodling Child Nutrition Reauthorization Act of 1998, which made more federal money available for after-school
program meals and snacks (Martin and Oakley, 2008).

28http://www.fns.usda.gov/pd/supplemental-nutrition-assistance-program-snap
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began to undo some of its changes. By 1998, states were allowed to exempt 15% of the excluded

underemployed ABAWDs.29 The 2001 agriculture appropriations bill increased the shelter deduc-

tion cap and pegged it to inflation moving forward. The Food Security and Rural Investment Act

of 2002 offered an expanded standard deduction for larger households and indexed it to inflation,

in addition to restoring eligibility for some non-citizen households.30 Enrollment grew to 21.3

million in 2003 at the end of my sample period.

With so many changes occurring throughout the sample period, and a range of EBT imple-

mentation dates, it is hard to simply characterize which compositional shifts are most strongly

correlated with EBT.31 However, the 1996 welfare reform that mandated EBT is by far the most

notable policy change during the sample, and there is work on the impact of welfare reform on

SNAP caseloads. Both Wallace and Blank (1999) and Ziliak et al. (2000) find that falling enroll-

ment in the period after welfare reform was most substantially driven by strong economic growth

rather than legislative changes. Ziliak et al. (2000) conclude that “the major policy changes affect-

ing the Food Stamp Program (that is, introduction of EBT and ABAWD waivers) did not appear to

have major effects on the food stamp caseload.” (p. 636).

Regardless of the source of compositional shifts, the large, non-linear fluctuations in SNAP

enrollment over the sample demand caution. While the estimates of the heterogeneous impact

of EBT in the previous section survive year and state fixed effects, and state specific linear time

trends, state-specific non-linearities in the unobservable characteristics of participating households

could be problematic. I take an event-study approach in Figure 4 that puts no restrictions on the

shape of time trends. The the t coefficient, and the t X # children coefficient appear on the vertical

29http://www.fns.usda.gov/snap/short-history-snap
30https://www.govtrack.us/congress/bills/107/hr2646
31This is further complicated by the fact that states implemented other aspects of welfare reform at different points in

time, not coincident with EBT.
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axes. Panels A and B show a five-year window before the month of EBT inception and after

EBT completion, with data pooled over twelve month periods. Panels C and D zoom in to show

a 2.5-year window, with data pooled over six month periods. In each time period I regress food

shopping expenditures on days since benefit disbursement and its interaction with the number of

children in the household.32 Panels A and C present the t coefficients from these regressions, and

Panels B and D present the t X # children coefficients. I also show the 95% confidence intervals,

and the coefficients from regressions pooled across the periods after EBT completion, during the

median EBT rollout time of roughly one year, and prior to the start of median EBT rollout.33 The

change in the correlation between the number of children and the calorie crunch begins during

EBT implementation and then holds steady in the post period. Isolating the closest pre- and post-

periods, the change from 24-12 months prior to EBT to the first twelve months with EBT completed

in Panel B is statistically significant (p = 0.04), while change from from 18-12 months prior to

EBT to the first six months with EBT completed in Panel D is not (p = 0.14). The t coefficient is

noisy, especially in the six-month period data in Panel C. However, there are no clear or significant

changes that coincide with EBT rollout or completion. Neither the change from 24-12 months

prior to EBT to the first twelve months with EBT completed in Panel A, nor the change from from

18-12 months prior to EBT to the first six months with EBT completed in Panel C, is statistically

significant (p = 0.32, and p = 0.27, respectively).

While the estimates in Figure 4 come from a sparse specification, I take a second event-study

style approach based on the main specifications presented in Table 4. I include interaction terms

32These regressions contain household fixed effects, and control variables for the interaction between household size
and the expenditure trend, a weekend indicator, a week of month trend and a diary week variable. Standard errors
are clustered at the state level.

33Because the programs were rolled out starting with operational pilots and then expanded, many households were
using the new technology well prior to the date of reported statewide completion.
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Figure 4: Event Study Analysis of the Impact of EBT

between t, year fixed effects, and the number of children in the household. This yields exclusively

within-year estimates of the heterogeneous impact of the calorie crunch, which offer additional

robustness to heterogeneous impacts of welfare reform. The estimates of both the pre-EBT hetero-

geneity and the heterogeneous impact of EBT by the number of children are slightly larger (as are

the imprecise negative level impacts of EBT) when these terms are included. Results are presented

in Appendix Table A11.

One relevant policy change occurred over the same time time horizon, staggered state-by-

state: the expansion of SNAP-Ed. SNAP-Ed, the nutrition education component of SNAP, was

first funded in 1992 on a voluntary basis.34 Some of the trainings and information they provide

34http://www.ers.usda.gov/topics/food-nutrition-assistance/supplemental-nutrition-assistance-program-
(snap)/nutrition-education.aspx
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involves budgeting, with an emphasis on setting specific weekly goals for food.35 By 2004, all

states had some form of SNAP-Ed program. With that caution in mind, I estimate the specification

from column (4) of Table 4 with controls for the existence or size of state-level SNAP-Ed programs

and their interactions with the number of children in a household.36 Results from are presented in

Appendix Table A12. There is no evidence that the implementation of SNAP-Ed programs, rather

than the implementation of EBT, explains the heterogeneous change in the calorie crunch I identify.

3.3 Consumption

Even if EBT changed expenditure patterns for some households, that does not necessarily im-

ply that consumption patterns changed as well. For example, Aguiar and Hurst (2005) find that

households smooth consumption, but not expenditure, through the anticipated income change at

retirement. On the other hand, Kuhn (2018) finds that SNAP households’ consumption and ex-

penditure calorie crunches are correlated. There are a number of reasons why I argue that EBT

likely had a heterogeneous impact on consumption in addition to expenditures. First, when I limit

my sample to include expenditures on perishable foods only, I find similar results (see Appendix

Table A13).37 Second, previous literature has identified both consumption and expenditure cycles

amongst SNAP participants. Third, I use the 1989-1991 Continuing Survey of Food Intake by

Individuals (CSFII) to show that prior to EBT, the heterogeneity in the consumption calorie crunch

matches the heterogeneity in the expenditure calorie crunch identified in Section 3.2.38

I modify equations (1) and (2) slightly to estimate the consumption calorie crunch. I replace

35https://snaped.fns.usda.gov/resource-library/handouts-and-web-sites/meal-planning-shopping-and-budgeting
36Data are available from the USDA SNAP-Ed Connection program: https://snaped.fns.usda.gov/administration/funding-

allocations.
37I classify fresh fruits and vegetables, non-frozen dairy items and non-frozen meat/seafood as perishables.
38The 1994-1996, 1998 wave of the CSFII did not record the date of SNAP arrival, and the survey was then discontin-

ued. This means I cannot estimate the impact of EBT with these data.
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eit with cit, a household’s total caloric consumption on day since SNAP disbursement t. Because

the CSFII only offers 3 days of observation for a household (as opposed to 14 in the CES), purely

within-household estimates of the time trend access a very limited fraction of the variance in t.

I therefore adopt a random-effects specification, and add day-of-month fixed effects, following

Shapiro (2005). Household size, SNAP benefit amount, household income, and their interactions

with t remain as control variables. I add household Women, Infants and Children (WIC) supple-

mental SNAP participation and the number of children getting free or reduced-price school meals

as control variables.

The sample construction is similar to that in the CES, with a couple exceptions. While the

data contain a report of the overall household size, not all members contribute diaries, and there is

limited information on the characteristics of those who do not. Therefore, I restrict my attention

to households with a consistent number of diaries each day and the same age profile across survey

days. Additionally, there are some households with a consistent number of diaries each day, but

that contain days with a reported zero for caloric intake. I exclude these observations. I follow the

convention of only including observations that occur in the four weeks following a reported SNAP

disbursement and avoid inferring the the date of other disbursements. This leaves me with 757

households and 1864 household-days. Results for the coefficients of interest are presented in Table

6 for both the level and log of household caloric consumption. The full list of coefficient estimates

is in Appendix Table A14.

Columns (1) and (4) show a significant calorie crunch for all households pooled: a decline of

roughly 31 kCal, or 0.7%, per-day. By the end of the fourth week of the benefit month, caloric con-

sumption is more than 800 kCal lower than on day zero, which is between one-third and one-half
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Table 6: Pre-EBT Consumption Trend Heterogeneity

Dep. Var.: kCal ln(kCal)

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

t -15.458 -2.937 -2.659 -0.004 0.000 0.001
(13.159) (9.065) (10.535) (0.004) (0.004) (0.004)

# kids 1827.375∗∗∗ 1374.574∗∗∗ 0.477∗∗∗ 0.402∗∗∗

(124.452) (159.632) (0.028) (0.037)

t X # kids -10.991∗ -10.768 -0.004∗∗ -0.005∗∗

(6.640) (9.699) (0.002) (0.002)

# adults - 1 1616.584∗∗∗ 0.447∗∗∗

(219.809) (0.052)

t X # adults - 1 0.662 -0.002
(14.499) (0.003)

Mean Dep. Var. 4,110.957 4,110.957 4,110.957 8.032 8.032 8.032
[3,067.321] [3,067.321] [3,067.321] [0.805] [0.805] [0.805]

Date Controls Y Y Y Y Y Y

SNAP, Inc., WIC, FRP Controls N N Y N N Y

Clusters 757 757 757 757 757 757

N 1,864 1,864 1,864 1,864 1,864 1,864
∗∗∗ ⇒ p < 0.01, ∗∗ ⇒ p < 0.05, ∗ ⇒ p < 0.10. Standard errors in parentheses are clustered at the household level. All specifications feature
household random effects, a weekend indicator, a diary day trend, and day-of-month fixed effects with the first of the month excluded. The sample
is limited to the first four weeks of the benefit month, households with twelve or fewer members, and a reported SNAP disbursement of at least $10.
Columns (3) and (6) feature controls for SNAP benefit amount, household income, WIC participation, and free/reduced price school breakfast and
lunch participation and all of their interactions with t. Full results available in Appendix Table A14.

of the USDA-recommended daily caloric intake for a typical adult.39 The cumulative size of the

calorie crunch over the entire benefit month, measured as a difference from day-of-disbursement-

consumption, is thus very large.40 This pooled estimate masks heterogeneity by the number of

children in the household. In fact, the un-interacted t coefficient estimates in columns (2), (3), (5)

and (6) are not significantly different from zero. As in the CES prior to EBT, having more children

predicts a more severe calorie crunch. In column (6), the sum of the household size and number of

children coefficients is significantly from zero (p = 0.04), although this is not true in the equivalent

level specification in column (3) (p = 0.17).

39https://www.cnpp.usda.gov/USDAFoodPatterns
40Because these estimates are linear fitted values, bingeing behavior on day zero is not solely responsible for the large

magnitudes.
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One final piece of evidence that expenditure changes over the course of the benefit month

are unplanned and suboptimal is that households’ reports of food security also show evidence

of a decline over the course of the benefit month. I use an ordered-logit specification to model

responses to a food-sufficiency question in the CSFII.41 The likelihood of reporting “enough of the

kind of foods we want to eat” falls by 0.6 percentage points per day (p = 0.01). The likelihood of

reporting “enough but not always what we want to eat”, “sometimes not enough to eat” and “often

not enough to eat” grow by 0.3, 0.2 and 0.1 percentage points per day, respectively (p = 0.01, 0.01

and 0.02, respectively).

4 Potential Explanations

4.1 Household Bargaining and Discounting

Shapiro (2005) posits that the calorie crunch may be a result of present-biased time preferences:

households over-consume in the present, justifying that action in the moment with a plan to cut

back in the near future. They fail to execute that plan, and over-consume again (Laibson, 1997;

O’Donoghue and Rabin, 1999). Recent theoretical work on group discounting by Hertzberg (2018)

and Jackson and Yariv (2015) indicates that preference aggregation can cause present-biased be-

havior, even when no group members are present biased themselves.42 In general, whenever mem-

bers of the group have at least partially independent consumption streams or different discount

41There is only one observation per household, on the first day of the survey. I include a weekend indicator variable
and day-of-month fixed effects. Standard errors are heteroskedasticity robust. The coefficient estimates from the
regression represent the impact of the regressors on a latent variable that determines food security reports. The
coefficient on t is 0.03 (S.E. = 0.01) and the coefficient on the weekend indicator variable is -0.10 (S.E. = 0.17).
Estimates presented in the text are marginal effects of t on the probability of each outcome.

42Others, including Bernheim (1999), Gollier and Zeckhauser (2005), Jamison and Jamison (2011) and Zuber (2011)
allude to similar effects of preference aggregation. Jackson and Yariv (2014) find laboratory evidence of this, and
Schaner (2015, 2016) finds evidence using lab-in-the-field experiments with savings accounts in Kenya. Shapiro
(2005) argues that the month-long benefit cycle is too short for any significant decay of consumption over time to be
explained by high exponential discount rates. With that view, the entire calorie crunch is attributable to present-bias.
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rates, non-dictatorial preference aggregation leads to Collective Present Bias (CPB). One impli-

cation of CPB is that changing the property rights and/or bargaining process within a household

changes that household’s discounting behavior. If EBT unified control over SNAP benefits within

households, it could have had two effects on discounting: 1) discounting would become more

representative of the primary recipient’s preferences, and 2) CPB should diminish.

There are a number of ways that the implementation of EBT may have strengthened the prop-

erty rights of the primary SNAP recipient. First, with EBT, the primary recipient controls access

to benefits with a PIN. The PIN can be changed quickly at their request.43 Second, benefits arrive

silently to the primary recipient’s card each month, rather than in the mail. Third, the primary

recipient’s information is featured on the EBT card.

None of these changes should matter for a single-individual household, which is consistent with

the estimates in Table 4. Also, the effect should not be the strongest for very young children, which

is consistent with the estimates in Appendix Table A8. However, I would expect these changes to

matter for multiple-adult households, which is inconsistent with both the estimates in Table 4,

and the fact that the effect is quite weak for teenagers (Appendix Table A8). One explanation

for this could be that the presence of additional adults in the household has the potential to either

reinforce or conflict with the preferences of the primary decision maker. Therefore, I use a gender-

based test of the impact of EBT on bargaining power. At the end of my sample period in 2003,

just over two-thirds of adult participants were women (Cunnyngham and Brown, 2003). Work

in labor economics on non-unitary household behavior has focused on gender as an indicator for

separate consumption streams and preference disagreement. A well known example is Lundberg

et al. (1997), who observe that shifting child allowance transfers to women in the U.K. increased

43Additional EBT cards for a household need to be authorized by the primary recipient.
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Table 7: Impact of EBT on Food Expenditure Cycle by Household Type, Shopping Days Only

HH Type: 1 Female Adult > 1 Female Adults

All Households Kids in Household All Households Kids in Household

Male Adults N Y N Y N Y N Y
(1) (2) (3) (4) (5) (6) (7) (8)

t -3.62∗∗∗ -2.76∗∗ -3.69∗∗∗ -2.88∗ -3.61∗∗∗ -2.26∗∗ -3.65∗∗∗ -2.47∗

(0.81) (1.27) (0.96) (1.42) (0.54) (1.07) (0.74) (1.31)

t X EBT 0.76 1.36 0.41 1.98∗ 0.65∗ 1.71∗ 0.54 2.47∗∗∗

(0.62) (0.96) (0.69) (0.98) (0.37) (0.96) (0.52) (0.81)

Mean Dep. Var. 34.58 39.85 36.99 42.51 34.89 40.27 37.40 42.94
[51.06] [56.59] [56.00] [60.88] [50.23] [56.99] [54.73] [61.28]

Date Controls Y Y Y Y Y Y Y Y

SNAP, Income Controls Y Y Y Y Y Y Y Y

Year FE X t Y Y Y Y Y Y Y Y

Clusters 40 39 39 38 40 39 39 38

N 2,205 1,671 1,622 1,257 2,719 1,803 2,038 1,367
∗∗∗ ⇒ p < 0.01, ∗∗ ⇒ p < 0.05, ∗ ⇒ p < 0.10. Standard errors in parentheses are clustered at the state level. The sample is limited to the first
four weeks of the benefit month, households with twelve or fewer members, and a reported SNAP disbursement of at least $10. All specifications
feature household fixed effects. 1994 is the excluded year. A weekend indicator, week of month trend, diary week indicator, and SNAP benefit
amount and household income interacted with t are included as controls. Full results available in Appendix Table A15.

household expenses on women’s and children’s clothing. In Table 7, I consider the impact of

EBT on the calorie crunch separately by whether there are men in the household. Odd-numbered

columns feature only households with no male adults. Even-numbered columns feature households

with an equal number of female and male adults. Within each group, the beneficial impact of EBT

on the calorie crunch is larger when there are male adults in the house. The presence of kids in the

household amplifies this difference, suggesting that disagreements regarding spending on children

–giving in to their demands, perhaps– may be central to the impact of EBT on bargaining within

multi-adult households.

If EBT matters for property rights and bargaining power within the household, it should also

impact the types of items purchased. For example, EBT should decrease (increase) purchases of

indulgent (repugnant) food for children. This is due to either their preferences being minimized or
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Table 8: Impact of EBT on Goods Purchased

Vegetable Expenditures Sweets Expenditures

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

EBT -0.038 -0.078 -0.164 0.045 0.072 -0.068
(0.060) (0.077) (0.124) (0.064) (0.078) (0.091)

HH size - 1 0.238∗∗∗ 0.162∗∗∗ 0.159∗∗∗ 0.077∗∗∗ 0.019 0.019
(0.049) (0.044) (0.044) (0.025) (0.037) (0.039)

HH size - 1 X EBT -0.074 -0.036 -0.027 0.032 0.032 0.031
(0.049) (0.052) (0.052) (0.044) (0.053) (0.052)

# kids -0.129∗∗ -0.051 -0.049 0.077∗∗ 0.136∗∗ 0.129∗∗

(0.056) (0.054) (0.058) (0.038) (0.052) (0.052)

# kids X EBT 0.096 0.073 0.063 -0.083 -0.118 -0.108
(0.060) (0.067) (0.068) (0.062) (0.074) (0.073)

Mean Dep. Var. 0.27 0.27 0.27 0.58 0.58 0.58
[1.45] [1.45] [1.45] [2.59] [2.59] [2.59]

Date Controls Y Y Y Y Y Y

SNAP, Income Controls N Y Y N Y Y

Year FE N N Y N N Y

Clusters 41 41 41 41 41 41

N 17,665 17,665 17,665 17,665 17,665 17,665
∗∗∗ ⇒ p < 0.01, ∗∗ ⇒ p < 0.05, ∗ ⇒ p < 0.10. Standard errors in parentheses beneath the estimates are clustered at the
state level. The sample is limited to the first four weeks of the benefit month, households with twelve or fewer members, and a
reported SNAP disbursement of at least $10. 1994 is the excluded year. A weekend indicator, week of month trend and diary
week indicator are included as day-specific controls in all specifications. SNAP benefit amount and household income, and
their interactions with EBT are included as controls in columns (2), (3), (5), and (6). Vegetables consists of fresh, frozen,
canned, and and dried vegetables and legumes, as well as fresh, canned and frozen vegetable juices. Full results available in
Appendix Table A16.

the preferences of sympathetic adults other than the primary recipient being minimized. In Table

8 I report regressions of vegetable and sweet purchases on the number of children in a household,

EBT status, and their interaction. Vegetable expenditures consist of fresh, frozen, dried and canned

vegetables, tomatoes and beans, and sweet expenditures consist of cookies, ice cream and candy.

There is weak evidence that EBT counteracted the negative correlation between the number of

kids and purchases of vegetables, and the positive correlation between the number of kids and the

purchases of sweets.

If present bias is at the heart of the impact of EBT, I can measure the impact of EBT in terms
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of the quasi-hyperbolic discounting parameter, β. β is defined is the multiplicative discount factor

applied to future utility only when it is being compared to present utility, as opposed to when future

consumption is compared to other future consumption. If individuals fail to anticipate the impact of

β < 1 on future decisions, they can exhibit exhibit extreme short-horizon discounting. Any β < 1

can be problematic for decision making, because it manifests every time an intertemporal choice

is made. For example, if β = 0.96, as estimated by Shapiro (2005) using caloric consumption

data, then every eat now/save for later decision over the course of the benefit month is subject

to 4% extra discounting relative to that same decision made between two future dates. Repeated

applications of that 4% –justified by the failure to anticipate its future applications– compounds

over the course of the benefit month.

I follow the model and assumptions of Shapiro (2005) closely, using the rate of decay of ex-

penditures to identify β. Details are in Appendix A.1. For a household with no kids prior to EBT, I

estimate β = 0.87 (S.E. = 0.02). With EBT, the estimate for this group is very similar: β = 0.85

(S.E. = 0.02). On the other hand, for households with kids prior to EBT, I estimate β = 0.81

(S.E. = 0.01), and EBT increases the estimate of β to 0.90 (S.E. = 0.01). Therefore, if the impact

of EBT is attributed entirely to a change in the present bias that households express, the magnitude

of that shift is large, but well within the range of plausible β estimates found in the literature.44

4.2 Stigma and Security

Reduced stigma and reduced risk of benefit theft are natural candidates as they relate directly to ex-

plicit goals of the EBT. However, the nature of the observed changes in expenditure patterns is not

44See Shapiro (2005), Frederick et al. (2002), Laibson, Repetto, and Tobacman (2003, 2007), Augenblick et al. (2013)
and Imas et al. (2018) for consumption-based and observational data estimates.
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consistent with either mechanism as the driver of the heterogeneous effect of EBT. These mech-

anisms predict changes to the extensive margin of shopping behavior over the benefit month. If

there is stigma associated with using visually identifiable food coupons, SNAP users with coupons

should try to minimize the number of SNAP-financed shopping trips they take each month. EBT

allows them to spread expenditures out more evenly over more trips over the course of the month.

Concerns about safely storing food coupons produces a similar incentive –spend them quickly af-

ter they arrive– that EBT mitigates. And perhaps households with more children experience more

stigma or more concern about benefit theft.

The impact of EBT on the daily likelihood of SNAP-eligible spending is presented in Table

9. Coefficients of direct interest are presented, with the full estimates in Appendix Table A6. I

estimate models identical to those in Table 4 with an indicator variable for eit ≥ 1 as the dependent

variable. The likelihood of shopping does decline over the course of the month. However, EBT has

no homogeneous impact on shopping behavior over the month, nor do I find any heterogeneous

impact of EBT according to the number of children in the household. Additionally, EBT does not

significantly reduce the fraction of households with children that quickly exhaust their benefits.

This is important to test because households may always shop the same number of times each

month, but based on stigma or theft concerns, choose to use all benefits during the first shopping

trip. Appendix Table A17 shows an estimate of the heterogeneous impact of EBT on the fraction of

households that have spent more on SNAP-eligible food (cumulatively) than their reported benefit

amount for each day of the first week of the month. EBT appears to have no impact, heterogeneous

or otherwise, on benefit exhaustion very early in the month.45

45To keep the sample constant for this exercise, I limit it to households I observe on every day of the first week of the
benefit month.
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Table 9: Impact of EBT on Food Expenditure Cycles, Likelihood of Shopping

Mean Dep. Var.: 0.317 [0.465] (1) (2) (3) (4) (5) (6)

t -0.033∗∗∗ -0.033∗∗∗ -0.035∗∗∗ -0.032∗∗∗ -0.032∗∗∗ -0.034∗∗∗

(0.002) (0.003) (0.004) (0.004) (0.004) (0.004)

t X EBT 0.001 0.000 0.002 0.005 0.005 0.007
(0.002) (0.002) (0.003) (0.004) (0.004) (0.005)

t X # kids -0.000 0.001 0.001 0.001 0.002∗

(0.001) (0.001) (0.001) (0.001) (0.001)

t X # kids X EBT 0.000 -0.001 -0.001 -0.001 -0.001
(0.001) (0.002) (0.002) (0.002) (0.002)

t X # adults - 1 0.001 0.001 0.001 0.001
(0.001) (0.001) (0.001) (0.001)

t X # adults - 1 X EBT -0.001 -0.001 -0.001 -0.000
(0.002) (0.002) (0.002) (0.003)

Date Controls Y Y Y Y Y Y

SNAP, Income Controls N N Y Y Y Y

Year FE X t N N N Y Y Y

State FE X t N N N N Y Y

State-Year Time Trend X t N N N N N Y

Clusters 41 41 41 41 41 41

N 17,665 17,665 17,665 17,665 17,665 17,665
∗∗∗ ⇒ p < 0.01, ∗∗ ⇒ p < 0.05, ∗ ⇒ p < 0.10. Standard errors in parentheses are clustered at the state level. The sample is limited
to the first four weeks of the benefit month, households with twelve or fewer members, and a reported SNAP disbursement of at least $10.
All specifications feature household fixed effects. 1994 is the excluded year and California is the excluded state. A weekend indicator, week
of month trend and diary week indicator are included as day-specific controls in all specifications. SNAP benefit amount and household
income interacted with t, and their triple interactions with EBT as well are included as controls in columns (3)-(6). Full results available in
Appendix Table A6.

There are other reasons to be skeptical of these two explanations. Theoretically, heterogeneity

in stigma and theft concerns could vary in either direction with the number of children in a house-

hold. Researchers have taken SNAP participation as one measure of stigma, but the literature on

the impact of EBT on participation shows no clear effects (see Section 2.3). Currie and Grogger

(2001) estimate a heterogeneous impact of EBT on participation and find enrollment gains only

for rural households and married couples with no children. This suggests that having more chil-

dren makes a household more deserving of assistance and less susceptible to stigma. Also, reports

of theft are very rare. A 1995 report from the Government Accounting Office stated that “losses
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to the [Food Stamp] Program due to counterfeiting of food stamp coupons and mail theft are not

significant.” 0.4% of the value of mailed benefits in 1993 was reported lost or stolen from the mail.

In that year, only 79 criminal investigations were opened into the matter (Robinson et al., 1995).

4.3 Imperfect Salience of Benefit Arrival

Sahm et al. (2012) hypothesize that the reduced visibility of stimulus payments delivered as re-

duced withholdings led to a lower propensity to consume than equivalent payments delivered as

a one-time check in the mail. Perhaps EBT made the moment of benefit arrival less salient, and

led to a lower immediate propensity to consume. This might be more likely in households with

kids because of the time and attention demands of parenting. There are a couple pieces of evi-

dence against a general lack of salience. The first is anecdotal: midnight queues at grocery stores

for SNAP disbursements are common according to Maestri and Baertlein (2009). In Maestri and

Baertlein (2009), the CFO of Wal-Mart is quoted as saying, “Once the clock strikes midnight and

EBT cards are charged, you can see our results start to tick up.” Additionally, even though benefits

roll over across months, benefit exhaustion is rapid and near universal. J.P. Morgan (which admin-

istered EBT in 20 states at the time of the article) reports that 85% of SNAP funds are depleted

within three days of disbursement (Maestri and Baertlein, 2009). Finally, I find no evidence that

EBT changes the likelihood of shopping on the first day of the benefit month, or that it does so in

a way that depends on the number of children in a household. I regress a shopping indicator vari-

able on an EBT indicator, the interaction between EBT and kids, with year and state fixed effects,

state-specific linear time trends, and control variables for the weekend, week of month and week

of diary. Results for coefficients of interest are presented in Table 10, with full results in Appendix
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Table 10: Impact of EBT on Shopping
Likelihood at the Beginning of the Benefit Month

Sample Rest.: t = 0 t < 2

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

EBT 0.06 0.00 0.02 -0.01 -0.06 -0.07
(0.08) (0.09) (0.09) (0.04) (0.05) (0.05)

# kids 0.02 0.01 0.02 0.03∗∗∗ 0.02∗ 0.02∗

(0.02) (0.03) (0.03) (0.01) (0.01) (0.01)

# kids X EBT 0.01 0.03 0.01 -0.01 0.00 -0.00
(0.03) (0.04) (0.04) (0.02) (0.02) (0.02)

# adults - 1 0.03 0.00 -0.00 0.03 0.03 0.03
(0.03) (0.03) (0.03) (0.02) (0.02) (0.02)

# adults - 1 X EBT -0.04 0.02 0.03 -0.02 0.04 0.04
(0.05) (0.06) (0.06) (0.04) (0.05) (0.05)

Mean Dep. Var. 0.44 0.44 0.44 0.40 0.40 0.40
[0.50] [0.50] [0.50] [0.49] [0.49] [0.49]

Date Controls Y Y Y Y Y Y

SNAP, Income Controls N Y Y N Y Y

Year FE N N Y N N Y

Clusters 38 38 38 39 39 39

N 438 438 438 915 915 915
∗∗∗ ⇒ p < 0.01, ∗∗ ⇒ p < 0.05, ∗ ⇒ p < 0.10. Standard errors in parentheses are clustered at the state
level. The sample is limited to the first day of the benefit month in columns (1)-(3), and the first two days of the
benefit month in columns (4)-(6). It is also limited to households with twelve or fewer members, and a reported
SNAP disbursement of at least $10. A weekend indicator, week of month trend and diary week indicator are
included as day-specific controls in all specifications. SNAP benefit amount and household income, and their
interactions with EBT are included as controls in columns (2), (3), (5), and (6). Full results available in
Appendix Table A18.

Table A18. The coefficient on EBT is generally positive and is never statistically different from

zero across specifications. The coefficient on the interaction between EBT and the number of chil-

dren is very close to zero. For the primary recipient at least, it appears unlikely that SNAP reduced

the salience of benefit arrival.

On the other hand, EBT may have made benefit arrival less salient only for people other than

the primary recipient. In this way, reduced benefit salience to non-decision-making individuals

can be thought of as a part of the bargaining mechanism. Quiet benefit arrival may allow the

decision maker more flexibility to make a budgeting plan before going shopping. This could have
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big benefits specifically for households with children, where the SNAP decision-maker likely faces

substantial childcare stress. Mullainathan and Shafir (2013) argue that the time costs of being in

poverty impede cognitive function and planning. As put by Shafir, “When so many moments of

the day require your full attention, there’s very little of it left to worry about things that are not

right in front of your eyes. ... You don’t anticipate things that are going to happen tomorrow.”

(Starecheski, 2014).

5 Conclusion

Failures to smooth monthly expenditures on food and caloric consumption were more severe for

SNAP households with children prior to EBT. The main finding of this paper is that EBT smoothed

the expenditure profiles of those households. With 61% of SNAP households food insecure in the

cross-section (Mabli et al., 2013), but few of them likely to be food insecure when benefits have

arrived, it is clear that the calorie crunch plays a major role in food insecurity in the U.S. Because

food insecurity is a critical determinant of maternal and natal health, hospitalization, general health

status and obesity, the welfare gains to be had from reducing or eliminating the calorie crunch are

substantial.

From an economic principles point of view, diminishing marginal utility implies that there were

direct, positive welfare consequences of EBT if consumption was re-allocated along with expen-

diture. I perform a simple calibration exercise to determine for a single-parent with two children,

how much larger would the pre-EBT food budget need to be to make up for the additional variance

in expenditures?46 The procedure implies a welfare gain from purely the smoothing impact of EBT

46I take mean shopping trip expenditures for the first four weeks of the benefit month before EBT ($61, $29, $19,
$18) and with EBT ($44, $45, $28, $24) and adjust them to sum to one in each policy period (these come from
Panel B of Figure 3). I assume no discounting, and square-root utility over expenditures.47 I equate utility with EBT
to utility before EBT, where each pre-EBT expenditure amount is multiplied by a common factor. Solving for the
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that is equivalent to increasing food expenditures in each pre-EBT weekly shopping trip by 5%.

Another source of welfare gains from EBT are the indirect consequences of smoother con-

sumption. Crime and education outcomes are both related to the SNAP cycle (Gennetian et al.,

2016; Carr and Packham, 2018; Cotti et al., 2017). Smoothing spending more effectively across

the month, as EBT did for many households, could reduce the incidence of negative outcomes

associated specifically with variance in consumption. For example, in states with two TANF dis-

bursements per month, there is no spike in domestic violence upon benefit arrival (Hsu, 2017).

Also, Missouri experienced an overall decrease in crime when it implemented EBT (Wright et al.,

2017).

Why did EBT have this effect? I find limited evidence to support stigma, theft reduction, or

imperfect salience as mechanisms underlying the effect of EBT. Though not definitive, I find some

support for the bargaining and discounting mechanism that motivated this investigation. There

is no impact of EBT for single-individual households, and a stronger impact in households with

male adults. Some measures of revealed preferences over goods –sweets and vegetables– move in

response to EBT, although these estimates are not precise.

Even after the implementation of EBT, there remains a significant, homogeneous calorie crunch

as measured by food expenditure in the CES. Todd (2015) and Kuhn (2018) show that this remains

true for consumption in the EBT era. Other interventions are necessary if policy makers wish

to further mitigate the calorie crunch and its consequences. Todd (2015) shows that increased

benefit amounts from the American Recovery and Reinvestment Act reduced the severity of the

calorie crunch. Parsons and Van Wesep (2013) suggest increasing disbursement frequency as a

common factor yields 1.05. Assuming log utility instead, which is consistent with Shapiro (2005) if all purchases
are consumed in the week following the shopping trip, increases the common factor to 1.21 and thus the gain from
smoothing is equivalent to a 21% increase in the pre-EBT budget.
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cost-neutral fix for volatile consumption. This paper suggests that efforts to empower primary

recipients may also be an effective cost-neutral approach.

Current research on the choices of SNAP participants often focuses on subsides, taxes, restrict-

ing choice, or changing preferences through marketing. While these approaches all have merits,

subsides and marketing can be costly, and taxes and choice restrictions are politically difficult.

Interventions based on a model of present bias –collective or otherwise– in food choice are po-

tentially more feasible alternatives: perhaps many shoppers know they’d like to save more and

eat healthier, but have difficulty implementing that choice (see, for example Sadoff et al. (2018)).

In general, the relationship between income-disbursement technique and income use/transfer pro-

gram efficacy is not well-studied despite a rapidly expanding set of digital financial tools that offer

new ways to receive and manage money. Future work should examine the interaction between dis-

bursement method and household structure for other types of income, and evaluate the potential for

new digital financial tools to improve targeted disbursement. There may be free (or at least cheap

and politically neutral) lunches available to policy makers looking to improve nutrition choices.
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A Appendix for Online Publication

A.1 Structural Estimation

I follow Shapiro (2005) and perform a calibration of a quasi-hyperbolic model of time prefer-

ences in order to assess whether the data generate present-bias estimates in line with the literature,

whether the magnitudes of the parametrically-measured heterogeneity in present-bias and EBT

effects are meaningful. First, I make a series of assumptions on the structure of the utility maxi-

mization problem. Consider a household whose budget for food is endowed every month and is

isolated from all other purchases (the budget represents both SNAP receipt and outside income

that will be used for food). The budget is exactly exhausted by the end of the four weeks following

receipt and prices do not change. Households derive utility from the log of expenditures on food.

The advantage to this setup is that observed expenditures translate directly into value of food con-

sumed and log utility captures the fact that consuming no food is extraordinarily undesirable, but

marginal utility decreases very quickly such that gourmet food is not worth starving for.

All the simplifying assumptions allow me to use the hyperbolic Euler equation from Harris and

Laibson (2001),

ct+1

ct
= βδc′(xt+1) + δ(1− c′(xt+1)) , (3)

where consumption levels, ct are expressed as functions of the current wealth stock, xt, and β and

δ are the present-bias parameter and exponential discount factor from the quasi-hyperbolic model
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of discounting. Shapiro (2005) shows that this can be expressed as a recursive equation,

αt =


αt+1

αt+1+(δ(1−(1−β)αt+1))
if t < T

1 if t = T

, (4)

where T represents the last period and αt is the fraction of wealth spent on consumption in period

t. I use non-linear least squares to estimate the recursion.48

As with Shapiro (2005), I assume δ = 1 over such a short time horizon. Because the estimation

depends on a well-defined, positive recursion, I use the predicted values from a fixed-effects Pois-

son model of expenditures over the food-stamp month to generate complete and positive monthly

profiles of expenditures relative to day zero (household income and SNAP benefit amount inter-

acted with t and both t and EBT are included as control variables). I do not condition this sample

on non-zero expenditures because the predicted values are meant to approximate consumption. By

# of kids ×EBT cell, I collapse to the median expenditure prediction across control variables.

Expenditures on day 29 are assumed the fully exhaust the food budget, and the αt variables are

constructed recursively. I then estimate equation (4) on days zero to 28 of the benefit month,

separately by EBT status and whether there are kids in the household.

48I transform β to Φ(β) to ensure β ∈ (0, 1).
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A.2 Supplementary Tables

Table A1: Impact of EBT on Food Expenditure Cycles, Shopping Days Only

Mean Dep. Var.: 37.00 [53.04] (1) (2) (3) (4) (5) (6)

t -2.88∗∗∗ -1.59∗∗∗ -1.42∗∗ -2.05∗∗ -2.05∗∗ -2.64∗∗∗

(0.39) (0.42) (0.55) (0.77) (0.80) (0.81)

t X EBT 0.41 -0.70∗ -0.61 -0.45 -1.12 -1.06
(0.28) (0.37) (0.57) (0.71) (0.68) (0.76)

t X # kids -0.70∗∗∗ -0.78∗∗∗ -0.78∗∗∗ -0.77∗∗∗ -0.74∗∗∗

(0.17) (0.19) (0.19) (0.21) (0.22)

t X # kids X EBT 0.62∗∗∗ 0.85∗∗∗ 0.90∗∗∗ 0.90∗∗∗ 1.10∗∗∗

(0.19) (0.26) (0.27) (0.30) (0.34)

t X # adults - 1 -0.19 -0.13 -0.24 -0.29
(0.42) (0.41) (0.40) (0.42)

t X # adults - 1 X EBT -0.28 -0.41 -0.44 -0.37
(0.47) (0.46) (0.48) (0.49)

t X SNAP benefit (100s ‘17 $) 0.09 0.13 0.14 0.15
(0.24) (0.24) (0.24) (0.24)

t X SNAP benefit X EBT -0.26 -0.32 -0.35 -0.52
(0.30) (0.29) (0.31) (0.34)

t X income (1000s ‘17 $) 0.02 0.02 0.02 0.02
(0.02) (0.02) (0.02) (0.02)

t X income X EBT -0.02 -0.01 -0.01 -0.02
(0.02) (0.02) (0.02) (0.02)

Weekend 2.11 2.25∗ 2.31∗ 2.27∗ 2.09 1.98
(1.30) (1.27) (1.29) (1.33) (1.36) (1.39)

Week of month -1.37∗ -1.50∗ -1.50∗ -1.64∗∗ -1.26∗ -1.32∗

(0.73) (0.75) (0.76) (0.78) (0.71) (0.75)

Diary week 13.95∗∗∗ 13.93∗∗∗ 13.88∗∗∗ 13.98∗∗∗ 14.18∗∗∗ 14.20∗∗∗

(2.76) (2.77) (2.78) (2.79) (2.80) (2.84)

Year FE X t N N N Y Y Y

State FE X t N N N N Y Y

State-Year Time Trend X t N N N N N Y

Clusters 41 41 41 41 41 41

N 5,595 5,595 5,595 5,595 5,595 5,595
∗∗∗ ⇒ p < 0.01, ∗∗ ⇒ p < 0.05, ∗ ⇒ p < 0.10. Standard errors in parentheses are clustered at the state level. The sample is
limited to the first four weeks of the benefit month, households with twelve or fewer members, and a reported SNAP disbursement of
at least $10. All specifications feature household fixed effects. 1994 is the excluded year and California is the excluded state. SNAP
benefits are measured in hundreds of 2017 dollars, as a difference from $200. Household income is gross annual, and measured in
thousands of 2017 dollars, as a difference from $20,000. One household with negative income is adjusted to $0.
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Table A2: Impact of EBT on Food
Expenditure per Capita Cycles, Shopping Days Only

Mean Dep. Var.: 12.79 [19.55] (1) (2) (3) (4) (5) (6)

t -0.86∗∗∗ -0.87∗∗∗ -0.92∗∗∗ -1.15∗∗∗ -1.29∗∗∗ -1.37∗∗∗

(0.12) (0.15) (0.17) (0.27) (0.25) (0.20)

t X EBT 0.15 0.08 0.14 0.08 -0.09 -0.07
(0.10) (0.20) (0.25) (0.23) (0.28) (0.30)

t X # kids 0.00 -0.03 -0.04 -0.02 -0.02
(0.04) (0.04) (0.04) (0.03) (0.04)

t X # kids X EBT 0.04 0.11∗ 0.13∗ 0.11 0.17∗∗

(0.06) (0.06) (0.07) (0.07) (0.07)

t X # adults - 1 0.09 0.12 0.09 0.08
(0.07) (0.07) (0.08) (0.07)

t X # adults - 1 X EBT -0.15 -0.20 -0.22∗ -0.19
(0.12) (0.12) (0.12) (0.11)

t X SNAP benefit (100s ‘17 $) 0.04 0.06 0.06 0.06
(0.05) (0.05) (0.05) (0.05)

t X SNAP benefit X EBT -0.08 -0.10 -0.09 -0.12∗

(0.06) (0.06) (0.06) (0.07)

t X income (1000s ‘17 $) 0.00 0.00 0.00 0.00
(0.00) (0.00) (0.00) (0.00)

t X income X EBT -0.00 -0.00 -0.00 -0.00
(0.00) (0.00) (0.00) (0.00)

Weekend 0.88∗ 0.88∗ 0.87∗ 0.86∗ 0.82 0.80
(0.50) (0.49) (0.50) (0.50) (0.50) (0.51)

Week of month -0.36 -0.36 -0.35 -0.44∗ -0.33 -0.36
(0.22) (0.22) (0.21) (0.22) (0.21) (0.22)

Diary week 4.11∗∗∗ 4.13∗∗∗ 4.14∗∗∗ 4.16∗∗∗ 4.22∗∗∗ 4.24∗∗∗

(0.87) (0.86) (0.86) (0.86) (0.88) (0.90)

Year FE X t N N N Y Y Y

State FE X t N N N N Y Y

State-Year Time Trend X t N N N N N Y

Clusters 41 41 41 41 41 41

N 5,595 5,595 5,595 5,595 5,595 5,595
∗∗∗ ⇒ p < 0.01, ∗∗ ⇒ p < 0.05, ∗ ⇒ p < 0.10. Standard errors in parentheses are clustered at the state level. The sample is
limited to the first four weeks of the benefit month, households with twelve or fewer members, and a reported SNAP disbursement of
at least $10. All specifications feature household fixed effects. 1994 is the excluded year and California is the excluded state. SNAP
benefits are measured in hundreds of 2017 dollars, as a difference from $200. Household income is gross annual, and measured in
thousands of 2017 dollars, as a difference from $20,000. One household with negative income is adjusted to $0.
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Table A3: Impact of EBT on Food Expenditure per SNAP $, Shopping Days Only

Mean Dep. Var.: 0.261 [0.655] (1) (2) (3) (4) (5) (6)

t -0.067∗∗∗ -0.056∗∗∗ -0.062∗∗∗ -0.067∗∗∗ -0.072∗∗∗ -0.068∗∗∗

(0.010) (0.010) (0.010) (0.015) (0.015) (0.012)

t X EBT 0.012∗ 0.004 0.016 0.011 -0.005 -0.008
(0.007) (0.013) (0.014) (0.016) (0.018) (0.020)

t X # kids -0.006∗ -0.009∗∗ -0.010∗∗∗ -0.010∗∗ -0.008∗∗

(0.003) (0.004) (0.003) (0.004) (0.004)

t X # kids X EBT 0.005 0.009 0.010∗ 0.010∗ 0.011∗∗

(0.004) (0.005) (0.005) (0.005) (0.005)

t X # adults - 1 0.011∗ 0.012∗ 0.010 0.009
(0.006) (0.007) (0.007) (0.007)

t X # adults - 1 X EBT -0.020∗∗ -0.022∗∗ -0.023∗∗ -0.020∗

(0.010) (0.010) (0.010) (0.010)

t X SNAP benefit (100s ‘17 $) 0.004 0.005 0.006 0.005
(0.004) (0.004) (0.004) (0.004)

t X SNAP benefit X EBT -0.004 -0.004 -0.005 -0.006
(0.005) (0.005) (0.005) (0.006)

t X income (1000s ‘17 $) 0.000 0.000 0.000 0.000
(0.000) (0.000) (0.000) (0.000)

t X income X EBT -0.000 -0.000 -0.000 -0.000
(0.000) (0.000) (0.000) (0.000)

Weekend 0.033 0.034 0.033 0.033 0.027 0.027
(0.032) (0.032) (0.032) (0.033) (0.034) (0.034)

Week of month -0.034 -0.035 -0.035 -0.039∗ -0.033 -0.032
(0.020) (0.021) (0.022) (0.022) (0.021) (0.021)

Diary week 0.348∗∗∗ 0.347∗∗∗ 0.348∗∗∗ 0.349∗∗∗ 0.353∗∗∗ 0.353∗∗∗

(0.067) (0.067) (0.067) (0.067) (0.068) (0.068)

Year FE X t N N N Y Y Y

State FE X t N N N N Y Y

State-Year Time Trend X t N N N N N Y

Clusters 41 41 41 41 41 41

N 5,595 5,595 5,595 5,595 5,595 5,595
∗∗∗ ⇒ p < 0.01, ∗∗ ⇒ p < 0.05, ∗ ⇒ p < 0.10. Standard errors in parentheses are clustered at the state level. The sample is limited to
the first four weeks of the benefit month, households with twelve or fewer members, and a reported SNAP disbursement of at least $10. All
specifications feature household fixed effects. 1994 is the excluded year and California is the excluded state. SNAP benefits are measured
in hundreds of 2017 dollars, as a difference from $200. Household income is gross annual, and measured in thousands of 2017 dollars, as a
difference from $20,000. One household with negative income is adjusted to $0.
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Table A4: Impact of EBT on Log Food Expenditure Cycles, Shopping Days Only

Mean Dep. Var.: 2.879 [1.231] (1) (2) (3) (4) (5) (6)

t -0.067∗∗∗ -0.056∗∗∗ -0.062∗∗∗ -0.067∗∗∗ -0.072∗∗∗ -0.068∗∗∗

(0.010) (0.010) (0.010) (0.015) (0.015) (0.012)

t X EBT 0.012∗ 0.004 0.016 0.011 -0.005 -0.008
(0.007) (0.013) (0.014) (0.016) (0.018) (0.020)

t X # kids -0.006∗ -0.009∗∗ -0.010∗∗∗ -0.010∗∗ -0.008∗∗

(0.003) (0.004) (0.003) (0.004) (0.004)

t X # kids X EBT 0.005 0.009 0.010∗ 0.010∗ 0.011∗∗

(0.004) (0.005) (0.005) (0.005) (0.005)

t X # adults - 1 0.011∗ 0.012∗ 0.010 0.009
(0.006) (0.007) (0.007) (0.007)

t X # adults - 1 X EBT -0.020∗∗ -0.022∗∗ -0.023∗∗ -0.020∗

(0.010) (0.010) (0.010) (0.010)

t X SNAP benefit (100s ‘17 $) 0.004 0.005 0.006 0.005
(0.004) (0.004) (0.004) (0.004)

t X SNAP benefit X EBT -0.004 -0.004 -0.005 -0.006
(0.005) (0.005) (0.005) (0.006)

t X income (1000s ‘17 $) 0.000 0.000 0.000 0.000
(0.000) (0.000) (0.000) (0.000)

t X income X EBT -0.000 -0.000 -0.000 -0.000
(0.000) (0.000) (0.000) (0.000)

Weekend 0.033 0.034 0.033 0.033 0.027 0.027
(0.032) (0.032) (0.032) (0.033) (0.034) (0.034)

Week of month -0.034 -0.035 -0.035 -0.039∗ -0.033 -0.032
(0.020) (0.021) (0.022) (0.022) (0.021) (0.021)

Diary week 0.348∗∗∗ 0.347∗∗∗ 0.348∗∗∗ 0.349∗∗∗ 0.353∗∗∗ 0.353∗∗∗

(0.067) (0.067) (0.067) (0.067) (0.068) (0.068)

Year FE X t N N N Y Y Y

State FE X t N N N N Y Y

State-Year Time Trend X t N N N N N Y

Clusters 41 41 41 41 41 41

N 5,595 5,595 5,595 5,595 5,595 5,595
∗∗∗ ⇒ p < 0.01, ∗∗ ⇒ p < 0.05, ∗ ⇒ p < 0.10. Standard errors in parentheses are clustered at the state level. The sample is limited to
the first four weeks of the benefit month, households with twelve or fewer members, and a reported SNAP disbursement of at least $10. All
specifications feature household fixed effects. 1994 is the excluded year and California is the excluded state. SNAP benefits are measured
in hundreds of 2017 dollars, as a difference from $200. Household income is gross annual, and measured in thousands of 2017 dollars, as a
difference from $20,000. One household with negative income is adjusted to $0.
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Table A5: Impact of EBT on Food
Expenditure Cycles by # of Kids, Shopping Days Only

Household type: All k = 0 k > 0 k > 1 k > 2 k > 3
(1) (2) (3) (4) (5) (6)

t -3.12∗∗∗ -1.93∗ -3.49∗∗∗ -4.02∗∗∗ -5.77∗∗∗ -8.16∗∗∗

(0.64) (0.96) (0.82) (0.93) (1.29) (2.26)

t X EBT 0.58 -0.42 0.69 1.34∗∗ 2.18∗∗ 4.74∗∗

(0.36) (0.61) (0.44) (0.60) (0.83) (1.87)

t X SNAP benefit (100s ‘17 $) -0.23 -0.05 -0.19 -0.20 -0.20 -0.03
(0.15) (0.22) (0.18) (0.19) (0.25) (0.43)

t X income (1000s ‘17 $) 0.01 0.00 0.01 0.00 0.01 0.01
(0.01) (0.01) (0.01) (0.02) (0.02) (0.04)

Weekend 2.09 3.30∗ 1.81 2.42 3.57 2.95
(1.35) (1.91) (1.61) (1.93) (2.91) (3.52)

Week of month -1.50∗ -1.62∗ -1.59 -1.90 -3.15 -2.92
(0.77) (0.94) (0.95) (1.21) (2.03) (3.10)

Diary week 13.97∗∗∗ 12.44∗∗∗ 14.53∗∗∗ 17.73∗∗∗ 23.50∗∗∗ 29.63∗∗∗

(2.78) (3.60) (3.38) (4.36) (6.13) (8.78)

Mean Dep. Var. 37.00 29.48 39.96 43.12 48.26 52.67
[53.04] [37.00] [57.87] [62.21] [67.30] [72.02]

Year FE X t Y Y Y Y Y Y

Clusters 41 40 41 41 38 30

N 5,595 1,578 4017 2952 1684 825
∗∗∗ ⇒ p < 0.01, ∗∗ ⇒ p < 0.05, ∗ ⇒ p < 0.10. Standard errors in parentheses are clustered at the state level. The sample is
limited to the first four weeks of the benefit month, households with twelve or fewer members, and a reported SNAP disbursement of
at least $10. All specifications feature household fixed effects. 1994 is the excluded year. SNAP benefits are measured in hundreds
of 2017 dollars, as a difference from $200. Household income is gross annual, and measured in thousands of 2017 dollars, as a
difference from $20,000. One household with negative income is adjusted to $0.
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Table A6: Impact of EBT on Food Expenditure Cycles, Likelihood of Shopping

Mean Dep. Var.: 0.317 [0.465] (1) (2) (3) (4) (5) (6)

t -0.033∗∗∗ -0.033∗∗∗ -0.035∗∗∗ -0.032∗∗∗ -0.032∗∗∗ -0.034∗∗∗

(0.002) (0.003) (0.004) (0.004) (0.004) (0.004)

t X EBT 0.001 0.000 0.002 0.005 0.005 0.007
(0.002) (0.002) (0.003) (0.004) (0.004) (0.005)

t X # kids -0.000 0.001 0.001 0.001 0.002∗

(0.001) (0.001) (0.001) (0.001) (0.001)

t X # kids X EBT 0.000 -0.001 -0.001 -0.001 -0.001
(0.001) (0.002) (0.002) (0.002) (0.002)

t X # adults - 1 0.001 0.001 0.001 0.001
(0.001) (0.001) (0.001) (0.001)

t X # adults - 1 X EBT -0.001 -0.001 -0.001 -0.000
(0.002) (0.002) (0.002) (0.003)

t X SNAP benefit (100s ‘17 $) -0.002∗ -0.002∗∗ -0.002∗∗ -0.002∗∗

(0.001) (0.001) (0.001) (0.001)

t X SNAP benefit X EBT 0.002 0.002 0.002 0.002
(0.001) (0.001) (0.001) (0.001)

t X income (1000s ‘17 $) 0.000 0.000 -0.000 -0.000
(0.000) (0.000) (0.000) (0.000)

t X income X EBT 0.000 0.000 0.000 0.000
(0.000) (0.000) (0.000) (0.000)

Weekend -0.018∗∗ -0.018∗∗ -0.018∗∗ -0.018∗∗ -0.018∗∗ -0.018∗∗

(0.008) (0.008) (0.008) (0.008) (0.008) (0.008)

Week of month -0.006 -0.006 -0.006 -0.006 -0.006 -0.006
(0.006) (0.006) (0.006) (0.006) (0.006) (0.006)

Diary week 0.206∗∗∗ 0.206∗∗∗ 0.206∗∗∗ 0.206∗∗∗ 0.206∗∗∗ 0.206∗∗∗

(0.017) (0.017) (0.017) (0.017) (0.017) (0.017)

Year FE X t N N N Y Y Y

State FE X t N N N N Y Y

State-Year Time Trend X t N N N N N Y

Clusters 41 41 41 41 41 41

N 17,665 17,665 17,665 17,665 17,665 17,665
∗∗∗ ⇒ p < 0.01, ∗∗ ⇒ p < 0.05, ∗ ⇒ p < 0.10. Standard errors in parentheses are clustered at the state level. The sample is limited to
the first four weeks of the benefit month, households with twelve or fewer members, and a reported SNAP disbursement of at least $10. All
specifications feature household fixed effects. 1994 is the excluded year and California is the excluded state. SNAP benefits are measured
in hundreds of 2017 dollars, as a difference from $200. Household income is gross annual, and measured in thousands of 2017 dollars, as a
difference from $20,000. One household with negative income is adjusted to $0.
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Table A7: Impact of EBT on Food Expenditure Cycles, Total Effect

Mean Dep. Var.: 11.73 [34.45] (1) (2) (3) (4) (5) (6)

t -2.77∗∗∗ -2.29∗∗∗ -2.21∗∗∗ -2.35∗∗∗ -2.17∗∗∗ -2.49∗∗∗

(0.19) (0.20) (0.22) (0.30) (0.38) (0.32)

t X EBT 0.10 -0.08 0.01 0.19 0.16 0.22
(0.10) (0.13) (0.21) (0.26) (0.25) (0.27)

t X # kids -0.29∗∗∗ -0.25∗∗∗ -0.25∗∗∗ -0.26∗∗∗ -0.25∗∗∗

(0.07) (0.07) (0.07) (0.08) (0.09)

t X # kids X EBT 0.10 0.11 0.12 0.11 0.10
(0.10) (0.13) (0.14) (0.15) (0.15)

t X # adults - 1 -0.15 -0.14 -0.19 -0.22
(0.15) (0.14) (0.13) (0.14)

t X # adults - 1 X EBT -0.17 -0.18 -0.16 -0.08
(0.20) (0.19) (0.20) (0.20)

t X SNAP benefit (100s ‘17 $) -0.06 -0.05 -0.05 -0.05
(0.09) (0.09) (0.10) (0.10)

t X SNAP benefit X EBT 0.01 -0.01 -0.01 -0.03
(0.15) (0.15) (0.16) (0.17)

t X income (1000s ‘17 $) 0.01 0.01 0.01 0.01
(0.01) (0.01) (0.01) (0.01)

t X income X EBT -0.00 -0.00 -0.00 -0.00
(0.01) (0.01) (0.01) (0.01)

Weekend 0.19 0.20 0.20 0.21 0.20 0.19
(0.65) (0.65) (0.65) (0.66) (0.65) (0.66)

Week of month -0.90∗∗ -0.89∗∗ -0.90∗∗ -0.90∗∗ -0.85∗∗ -0.84∗∗

(0.35) (0.36) (0.37) (0.37) (0.37) (0.38)

Diary week 16.47∗∗∗ 16.47∗∗∗ 16.46∗∗∗ 16.47∗∗∗ 16.48∗∗∗ 16.48∗∗∗

(1.35) (1.35) (1.35) (1.35) (1.35) (1.35)

Year FE X t N N N Y Y Y

State FE X t N N N N Y Y

State-Year Time Trend X t N N N N N Y

Clusters 41 41 41 41 41 41

N 17,665 17,665 17,665 17,665 17,665 17,665
∗∗∗ ⇒ p < 0.01, ∗∗ ⇒ p < 0.05. Standard errors in parentheses are clustered at the state level. The sample is limited to the
first four weeks of the benefit month, households with twelve or fewer members, and a reported SNAP disbursement of at least $10.
All specifications feature household fixed effects. 1994 is the excluded year and California is the excluded state. SNAP benefits are
measured in hundreds of 2017 dollars, as a difference from $200. Household income is gross annual, and measured in thousands of
2017 dollars, as a difference from $20,000. One household with negative income is adjusted to $0.
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Table A8: Impact of EBT on Food
Expenditure Cycles, Shopping Days Only, Child Age Groups

Mean Dep. Var.: 37.00 [53.04] (1) (2) (3) (4) (5)

t -1.58∗∗∗ -1.40∗∗ -2.02∗∗ -2.05∗∗ -2.53∗∗∗

(0.42) (0.55) (0.77) (0.82) (0.83)

t X EBT -0.66∗ -0.61 -0.44 -1.11 -1.09
(0.39) (0.58) (0.68) (0.69) (0.78)

t X # kids under 6 -0.71∗∗ -0.83∗∗∗ -0.82∗∗∗ -0.78∗∗ -0.87∗∗∗

(0.27) (0.29) (0.28) (0.30) (0.32)

t X # kids 6-12 -0.80∗∗ -0.88∗∗∗ -0.85∗∗∗ -0.88∗∗ -0.74∗∗

(0.35) (0.31) (0.31) (0.33) (0.35)

t X # kids 13-17 -0.52 -0.60 -0.66 -0.59 -0.59
(0.36) (0.41) (0.40) (0.43) (0.45)

t X # kids under 6 X EBT 0.57 0.86∗ 0.86∗∗ 0.76 1.14∗∗

(0.42) (0.43) (0.42) (0.48) (0.54)

t X # kids 6-12 X EBT 0.94∗∗ 1.08∗∗∗ 1.09∗∗∗ 1.21∗∗∗ 1.26∗∗∗

(0.39) (0.37) (0.36) (0.36) (0.41)

t X # kids 13-17 X EBT 0.08 0.36 0.51 0.39 0.66
(0.51) (0.54) (0.52) (0.56) (0.62)

t X # adults - 1 -0.19 -0.13 -0.24 -0.30
(0.43) (0.42) (0.42) (0.42)

t X # adults - 1 X EBT -0.25 -0.38 -0.39 -0.33
(0.49) (0.47) (0.49) (0.50)

t X SNAP benefit (100s ‘17 $) 0.10 0.14 0.15 0.16
(0.23) (0.23) (0.23) (0.23)

t X SNAP benefit X EBT -0.25 -0.30 -0.32 -0.50
(0.27) (0.26) (0.28) (0.31)

t X income (1000s ‘17 $) 0.02 0.02 0.02 0.02
(0.02) (0.02) (0.02) (0.02)

t X income X EBT -0.02 -0.01 -0.01 -0.02
(0.02) (0.02) (0.02) (0.02)

Weekend 2.24∗ 2.31∗ 2.26∗ 2.08 1.97
(1.25) (1.27) (1.31) (1.34) (1.38)

Week of month -1.49∗∗ -1.49∗∗ -1.62∗∗ -1.24∗ -1.30∗

(0.74) (0.73) (0.76) (0.69) (0.73)

Diary week 13.92∗∗∗ 13.87∗∗∗ 13.97∗∗∗ 14.18∗∗∗ 14.19∗∗∗

(2.78) (2.78) (2.80) (2.81) (2.85)

Year FE X t N N Y Y Y

State FE X t N N N Y Y

State-Year Time Trend X t N N N N Y

Clusters 41 41 41 41 41

N 5,595 5,595 5,595 5,595 5,595
∗∗∗ ⇒ p < 0.01, ∗∗ ⇒ p < 0.05, ∗ ⇒ p < 0.10. Standard errors in parentheses are clustered at the state level. The
sample is limited to the first four weeks of the benefit month, households with twelve or fewer members, and a reported
SNAP disbursement of at least $10. All specifications feature household fixed effects. 1994 is the excluded year and
California is the excluded state. SNAP benefits are measured in hundreds of 2017 dollars, as a difference from $200.
Household income is gross annual, and measured in thousands of 2017 dollars, as a difference from $20,000. One
household with negative income is adjusted to $0.
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Table A9: Impact of EBT on Food Expenditure
Cycles, EBT Rollout Period Excluded, Shopping Days Only

Mean Dep. Var.: 36.53 [52.46] (1) (2) (3) (4) (5) (6)

t -2.87∗∗∗ -1.34∗∗∗ -1.34∗∗ -1.83∗∗ -1.71∗ -2.48∗∗∗

(0.44) (0.48) (0.60) (0.86) (0.88) (0.90)

t X EBT 0.55∗ -0.78∗ -0.43 -0.04 -0.86 -0.11
(0.32) (0.44) (0.62) (0.80) (1.00) (1.23)

t X # kids -0.81∗∗∗ -0.81∗∗∗ -0.81∗∗∗ -0.84∗∗∗ -0.80∗∗∗

(0.19) (0.22) (0.23) (0.24) (0.26)

t X # kids X EBT 0.71∗∗∗ 0.85∗∗∗ 0.93∗∗∗ 0.98∗∗∗ 1.11∗∗∗

(0.24) (0.29) (0.31) (0.32) (0.36)

t X # adults - 1 -0.06 0.00 -0.12 -0.08
(0.46) (0.45) (0.45) (0.48)

t X # adults - 1 X EBT -0.50 -0.65 -0.61 -0.69
(0.54) (0.54) (0.56) (0.57)

t X SNAP benefit (100s ‘17 $) -0.03 0.01 0.04 0.05
(0.29) (0.29) (0.30) (0.30)

t X SNAP benefit X EBT -0.15 -0.22 -0.25 -0.39
(0.35) (0.35) (0.36) (0.39)

t X income (1000s ‘17 $) 0.02 0.02 0.02 0.02
(0.02) (0.02) (0.02) (0.02)

t X income X EBT -0.01 -0.01 -0.01 -0.01
(0.02) (0.02) (0.03) (0.03)

Weekend 1.41 1.48 1.56 1.54 1.37 1.18
(1.46) (1.40) (1.42) (1.46) (1.50) (1.51)

Week of month -1.34∗ -1.12 -1.16 -1.28 -0.98 -1.11
(0.70) (0.75) (0.75) (0.79) (0.80) (0.84)

Diary week 13.23∗∗∗ 13.08∗∗∗ 13.05∗∗∗ 13.16∗∗∗ 13.39∗∗∗ 13.41∗∗∗

(3.26) (3.23) (3.23) (3.24) (3.31) (3.35)

Year FE X t N N N Y Y Y

State FE X t N N N N Y Y

State-Year Time Trend X t N N N N N Y

Clusters 41 41 41 41 41 41

N 4,779 4,779 4,779 4,779 4,779 4,779
∗∗∗ ⇒ p < 0.01, ∗∗ ⇒ p < 0.05, ∗ ⇒ p < 0.10. Standard errors in parentheses are clustered at the state level. The sample is
limited to the first four weeks of the benefit month, households with twelve or fewer members, and a reported SNAP disbursement of
at least $10. All specifications feature household fixed effects. 1994 is the excluded year and California is the excluded state. SNAP
benefits are measured in hundreds of 2017 dollars, as a difference from $200. Household income is gross annual, and measured in
thousands of 2017 dollars, as a difference from $20,000. One household with negative income is adjusted to $0.
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Table A10: Impact of EBT on Food Expenditure Cycles for
Mandatory Adopting States with Observed Policy Change, Shopping Days Only

Mean Dep. Var.: 37.39 [53.98] (1) (2) (3) (4) (5) (6)

t -3.14∗∗∗ -1.93∗∗∗ -1.79∗∗ -2.46∗∗ 1.36 0.80
(0.47) (0.50) (0.68) (1.01) (1.72) (2.18)

t X EBT 0.22 -0.72 -0.54 -0.26 -0.14 -0.18
(0.35) (0.45) (0.72) (0.84) (0.90) (1.01)

t X # kids -0.76∗∗∗ -0.72∗∗ -0.74∗∗∗ -0.70∗∗ -0.66∗∗

(0.21) (0.27) (0.25) (0.26) (0.28)

t X # kids X EBT 0.63∗∗ 0.92∗∗∗ 0.94∗∗∗ 0.98∗∗∗ 1.25∗∗∗

(0.27) (0.33) (0.33) (0.33) (0.36)

t X # adults - 1 -0.21 -0.18 -0.15 -0.09
(0.54) (0.53) (0.53) (0.53)

t X # adults - 1 X EBT -0.53 -0.54 -0.68 -0.76
(0.67) (0.67) (0.71) (0.72)

t X SNAP benefit (100s ‘17 $) -0.05 0.01 0.01 0.03
(0.26) (0.25) (0.27) (0.27)

t X SNAP benefit X EBT -0.40 -0.46 -0.50 -0.72∗∗

(0.29) (0.31) (0.30) (0.32)

t X income (1000s ‘17 $) 0.01 0.01 0.00 0.00
(0.01) (0.01) (0.01) (0.01)

t X income X EBT -0.00 -0.00 0.00 -0.00
(0.02) (0.02) (0.02) (0.02)

Weekend 2.47 2.53 2.56 2.56 2.35 2.14
(1.67) (1.65) (1.67) (1.68) (1.72) (1.79)

Week of month -1.35 -1.56 -1.56 -1.74 -1.42 -1.51
(0.96) (0.92) (0.95) (1.06) (0.97) (1.00)

Diary week 16.55∗∗∗ 16.51∗∗∗ 16.43∗∗∗ 16.53∗∗∗ 16.77∗∗∗ 16.81∗∗∗

(3.57) (3.59) (3.59) (3.60) (3.60) (3.64)

Year FE X t N N N Y Y Y

State FE X t N N N N Y Y

State-Year Time Trend X t N N N N N Y

Clusters 33 33 33 33 33 33

N 4,080 4,080 4,080 4,080 4,080 4,080
∗∗∗ ⇒ p < 0.01, ∗∗ ⇒ p < 0.05, ∗ ⇒ p < 0.10. Standard errors in parentheses are clustered at the state level. The sample is limited to the first
four weeks of the benefit month, households with twelve or fewer members, and a reported SNAP disbursement of at least $10. All specifications
feature household fixed effects. 1994 is the excluded year and New York is the excluded state. SNAP benefits are measured in hundreds of 2017
dollars, as a difference from $200. Household income is gross annual, and measured in thousands of 2017 dollars, as a difference from $20,000.
One household with negative income is adjusted to $0.

57



Table A11: Impact of EBT on Food Expenditure
Cycles with Children-Year Fixed Effects, Shopping Days Only

Mean Dep. Var.: 37.00 [53.04] (1) (2) (3)

t -1.24 -1.05 -1.81
(0.94) (1.04) (1.08)

t X EBT -0.97 -1.41∗ -1.50∗

(0.74) (0.78) (0.83)

t X # kids -1.27∗∗∗ -1.30∗∗∗ -1.18∗∗

(0.41) (0.45) (0.45)

t X # kids X EBT 1.20∗∗∗ 1.08∗∗ 1.32∗∗

(0.42) (0.49) (0.53)

t X # adults - 1 -0.11 -0.25 -0.31
(0.38) (0.39) (0.42)

t X # adults - 1 X EBT -0.44 -0.41 -0.32
(0.48) (0.49) (0.51)

t X SNAP benefit (100s ‘17 $) 0.19 0.21 0.20
(0.21) (0.21) (0.22)

t X SNAP benefit X EBT -0.42 -0.44 -0.61
(0.30) (0.33) (0.37)

t X income (1000s ‘17 $) 0.02 0.02 0.02
(0.02) (0.02) (0.02)

t X income X EBT -0.01 -0.01 -0.02
(0.02) (0.02) (0.02)

Weekend 2.33∗ 2.16 2.03
(1.31) (1.34) (1.39)

Week of month -1.57∗ -1.19 -1.24∗

(0.78) (0.71) (0.74)

Diary week 14.06∗∗∗ 14.26∗∗∗ 14.29∗∗∗

(2.81) (2.82) (2.86)

# children X Year FE X t Y Y Y

Year FE X t Y Y Y

State FE X t N Y Y

State-Year Time Trend X t N N Y

Clusters 41 41 41

N 5,595 5,595 5,595
∗∗∗ ⇒ p < 0.01, ∗∗ ⇒ p < 0.05, ∗ ⇒ p < 0.10. Standard errors in parentheses are clustered
at the state level. The sample is limited to the first four weeks of the benefit month, households with
twelve or fewer members, and a reported SNAP disbursement of at least $10. All specifications feature
household fixed effects. 1994 is the excluded year and California is the excluded state. SNAP benefits
are measured in hundreds of 2017 dollars, as a difference from $200. Household income is gross annual,
and measured in thousands of 2017 dollars, as a difference from $20,000. One household with negative
income is adjusted to $0.
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Table A12: Impact of EBT on Food Expenditure Cycles, Shopping Days Only, with SNAP-Ed

Mean Dep. Var.: 37.00 [53.04] (1) (2) (3) (4) (5) (6)

t -1.41∗∗ -1.32∗∗ -1.82∗∗ -1.49∗∗∗ -1.39∗∗ -1.88∗∗

(0.53) (0.62) (0.75) (0.53) (0.62) (0.76)

t X EBT -0.64∗ -0.54 -0.34 -0.68∗ -0.58 -0.34
(0.35) (0.57) (0.69) (0.34) (0.57) (0.69)

t X # kids -0.87∗∗∗ -0.91∗∗∗ -0.92∗∗∗ -0.84∗∗∗ -0.89∗∗∗ -0.89∗∗∗

(0.31) (0.31) (0.30) (0.30) (0.30) (0.30)

t X # kids X EBT 0.54∗∗ 0.77∗∗∗ 0.82∗∗∗ 0.55∗∗∗ 0.79∗∗∗ 0.83∗∗∗

(0.21) (0.27) (0.27) (0.20) (0.26) (0.27)

t X Any SNAP-Ed -0.27 -0.18 -0.39
(0.37) (0.39) (0.48)

t X Any SNAP-Ed X # kids 0.27 0.22 0.22
(0.34) (0.33) (0.33)

t X SNAP-Ed Funding (ln($′17 + 1)) -0.01 -0.00 -0.01
(0.02) (0.03) (0.03)

t X SNAP-Ed Funding X # kids 0.02 0.01 0.01
(0.02) (0.02) (0.02)

t X # adults - 1 -0.16 -0.11 -0.16 -0.11
(0.41) (0.40) (0.41) (0.40)

t X # adults - 1 X EBT -0.31 -0.42 -0.31 -0.42
(0.47) (0.46) (0.47) (0.46)

t X SNAP benefit (100s ‘17 $) 0.09 0.13 0.09 0.13
(0.25) (0.24) (0.25) (0.24)

t X SNAP benefit X EBT -0.24 -0.30 -0.25 -0.31
(0.29) (0.28) (0.29) (0.28)

t X income (1000s ‘17 $) 0.02 0.02 0.02 0.02
(0.02) (0.02) (0.02) (0.02)

t X income X EBT -0.01 -0.01 -0.01 -0.01
(0.02) (0.02) (0.02) (0.02)

Weekend 2.22∗ 2.28∗ 2.26∗ 2.22∗ 2.28∗ 2.26∗

(1.26) (1.28) (1.32) (1.27) (1.29) (1.32)

Week of month -1.59∗∗ -1.57∗ -1.69∗∗ -1.59∗∗ -1.57∗ -1.68∗∗

(0.77) (0.78) (0.81) (0.77) (0.78) (0.80)

Diary week 13.93∗∗∗ 13.87∗∗∗ 13.98∗∗∗ 13.91∗∗∗ 13.86∗∗∗ 13.97∗∗∗

(2.78) (2.79) (2.80) (2.79) (2.79) (2.80)

Year FE X t N N Y N N Y

Clusters 41 41 41 41 41 41

N 5,595 5,595 5,595 5,595 5,595 5,595
∗∗ ⇒ p < 0.05, ∗ ⇒ p < 0.10. Standard errors in parentheses beneath the estimates, are clustered at the state level. The sample is limited
to the first four weeks of the benefit month, households with twelve or fewer members, and a reported SNAP disbursement of at least $10. All
specifications feature household fixed effects. 1994 is the excluded year. SNAP benefits are measured in hundreds of 2017 dollars, as a difference
from $200. Household income is gross annual, and measured in thousands of 2017 dollars, as a difference from $20,000. One household with
negative income is adjusted to $0.
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Table A13: Impact of EBT on Perishable
Food Expenditure Cycles, Shopping Days Only

Mean Dep. Var.: 18.83 [29.49] (1) (2) (3) (4) (5) (6)

t -1.46∗∗∗ -0.82∗∗∗ -0.79∗∗ -1.05∗∗∗ -1.33∗∗∗ -1.46∗∗∗

(0.24) (0.27) (0.31) (0.37) (0.44) (0.48)

t X EBT 0.14 -0.33 -0.24 -0.12 -0.48 -0.50
(0.18) (0.23) (0.34) (0.40) (0.42) (0.46)

t X # kids -0.34∗∗∗ -0.44∗∗ -0.44∗∗ -0.42∗∗ -0.42∗∗

(0.11) (0.17) (0.17) (0.18) (0.20)

t X # kids X EBT 0.27∗∗ 0.46∗∗ 0.50∗∗ 0.46∗∗ 0.57∗∗

(0.13) (0.20) (0.20) (0.22) (0.23)

t X # adults - 1 0.03 0.06 -0.00 -0.03
(0.16) (0.15) (0.15) (0.16)

t X # adults - 1 X EBT -0.28 -0.36∗ -0.37∗ -0.35
(0.21) (0.21) (0.21) (0.22)

t X SNAP benefit (100s ‘17 $) 0.12 0.14 0.14 0.15
(0.15) (0.14) (0.15) (0.15)

t X SNAP benefit X EBT -0.23 -0.26 -0.26 -0.36∗

(0.19) (0.18) (0.19) (0.21)

t X income (1000s ‘17 $) 0.01 0.01 0.01 0.01
(0.01) (0.01) (0.01) (0.01)

t X income X EBT -0.01 -0.01 -0.01 -0.01
(0.01) (0.01) (0.01) (0.01)

Weekend 0.73 0.79 0.81 0.79 0.60 0.57
(0.78) (0.74) (0.74) (0.77) (0.79) (0.80)

Week of month -0.82∗∗∗ -0.89∗∗∗ -0.87∗∗∗ -0.92∗∗∗ -0.65∗∗ -0.67∗∗

(0.29) (0.30) (0.31) (0.32) (0.30) (0.30)

Diary week 7.33∗∗∗ 7.31∗∗∗ 7.29∗∗∗ 7.35∗∗∗ 7.48∗∗∗ 7.54∗∗∗

(1.67) (1.68) (1.67) (1.68) (1.70) (1.72)

Year FE X t N N N Y Y Y

State FE X t N N N N Y Y

State-Year Time Trend X t N N N N N Y

Clusters 41 41 41 41 41 41

N 5,595 5,595 5,595 5,595 5,595 5,595
∗∗∗ ⇒ p < 0.01, ∗∗ ⇒ p < 0.05, ∗ ⇒ p < 0.10. Standard errors in parentheses are clustered at the state level. The sample is
limited to the first four weeks of the benefit month, households with twelve or fewer members, and a reported SNAP disbursement of
at least $10. All specifications feature household fixed effects. 1994 is the excluded year and California is the excluded state. SNAP
benefits are measured in hundreds of 2017 dollars, as a difference from $200. Household income is gross annual, and measured in
thousands of 2017 dollars, as a difference from $20,000. One household with negative income is adjusted to $0. Perishables include
fresh fruits and vegetables, non-frozen dairy items and non-frozen meat/seafood.
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Table A14: Pre-EBT Consumption Trend Heterogeneity

Dep. Var.: kCal ln(kCal)

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

t -15.458 -2.937 -2.659 -0.004 0.000 0.001
(13.159) (9.065) (10.535) (0.004) (0.004) (0.004)

# kids 1827.375∗∗∗ 1374.574∗∗∗ 0.477∗∗∗ 0.402∗∗∗

(124.452) (159.632) (0.028) (0.037)

t X # kids -10.991∗ -10.768 -0.004∗∗ -0.005∗∗

(6.640) (9.699) (0.002) (0.002)

# adults - 1 1616.584∗∗∗ 0.447∗∗∗

(219.809) (0.052)

t X # adults - 1 0.662 -0.002
(14.499) (0.003)

SNAP benefit (100s ‘17 $) 33.293 -0.003
(64.040) (0.020)

t X SNAP benefit 2.782 0.002
(4.208) (0.001)

t X income (1000s ‘17 $) 26.029∗ 0.001
(15.318) (0.004)

t X income -0.272 0.000
(1.019) (0.000)

WIC participant 104.325 -0.003
(346.097) (0.076)

t X WIC participant -0.600 0.008∗

(20.596) (0.005)

# FRP breakfasts -230.294 -0.072
(324.108) (0.057)

t X # FRP breakfasts 19.261 0.005
(17.137) (0.003)

# FRP lunches 601.217∗∗ 0.110∗

(261.241) (0.059)

t X # FRP lunches -10.761 -0.003
(15.634) (0.003)

Weekend -194.933∗∗ -167.044∗∗ -145.025∗∗ -0.038∗ -0.030 -0.025
(78.779) (72.704) (70.302) (0.021) (0.020) (0.020)

Diary day - 1 -129.933∗∗∗ -124.046∗∗∗ -132.515∗∗∗ -0.026∗∗∗ -0.024∗∗∗ -0.025∗∗∗

(37.583) (36.054) (35.299) (0.009) (0.009) (0.009)

Mean Dep. Var. 4,110.957 4,110.957 4,110.957 8.032 8.032 8.032
[3,067.321] [3,067.321] [3,067.321] [0.805] [0.805] [0.805]

Day of Month FE Y Y Y Y Y Y

Clusters 757 757 757 757 757 757

N 1,864 1,864 1,864 1,864 1,864 1,864
∗∗∗ ⇒ p < 0.01, ∗∗ ⇒ p < 0.05, ∗ ⇒ p < 0.10. Standard errors in parentheses are clustered at the household level. All specifications
feature household random effects. The sample is limited to the first four weeks of the benefit month, households with twelve or fewer members,
and a reported SNAP disbursement of at least $10. SNAP benefits are measured in hundreds of 2017 dollars, as a difference from $200. Household
income is gross annual, and measured in thousands of 2017 dollars, as a difference from $20,000.
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Table A15: Impact of EBT on Food Expenditure Cycle by Household Type, Shopping Days Only

1 Female Adult > 1 Female Adults

All Households Kids in Household All Households Kids in Household

Male Adults? N Y N Y N Y N Y
(1) (2) (3) (4) (5) (6) (7) (8)

t -3.62∗∗∗ -2.76∗∗ -3.69∗∗∗ -2.88∗ -3.61∗∗∗ -2.26∗∗ -3.65∗∗∗ -2.47∗

(0.81) (1.27) (0.96) (1.42) (0.54) (1.07) (0.74) (1.31)

t X EBT 0.76 1.36 0.41 1.98∗ 0.65∗ 1.71∗ 0.54 2.47∗∗∗

(0.62) (0.96) (0.69) (0.98) (0.37) (0.96) (0.52) (0.81)

t X SNAP benefit (100s ‘17 $) 0.16 -0.71∗∗∗ 0.29 -0.79∗∗∗ 0.05 -0.67∗∗ 0.13 -0.72∗∗

(0.15) (0.22) (0.19) (0.27) (0.11) (0.25) (0.14) (0.29)

t X income (1000s ‘17 $) -0.02 0.00 -0.01 0.01 0.01 -0.00 0.02 -0.00
(0.03) (0.03) (0.04) (0.03) (0.02) (0.02) (0.03) (0.02)

Weekend 3.31∗ -3.70 2.27 -3.46 2.66 -2.24 2.42 -2.31
(1.96) (3.07) (2.53) (3.91) (2.11) (2.82) (2.49) (3.35)

Week of month -2.44∗∗ -0.67 -2.74∗∗ -0.56 -2.17∗∗ -0.52 -2.40∗∗ -0.45
(0.99) (1.46) (1.20) (1.76) (0.81) (1.23) (1.03) (1.50)

Diary week 12.11∗∗∗ 13.13∗∗∗ 12.73∗∗∗ 13.23∗∗ 12.75∗∗∗ 12.50∗∗∗ 13.92∗∗∗ 12.67∗∗

(3.06) (4.47) (3.22) (4.97) (2.99) (4.42) (3.74) (4.78)

Mean Dep. Var. 34.58 39.85 36.99 42.51 34.89 40.27 37.40 42.94
[51.06] [56.59] [56.00] [60.88] [50.23] [56.99] [54.73] [61.28]

Year FE X t Y Y Y Y Y Y Y Y

Clusters 40 39 39 38 40 39 39 38

N 2,205 1,671 1,622 1,257 2,719 1,803 2,038 1,367
∗∗∗ ⇒ p < 0.01, ∗∗ ⇒ p < 0.05, ∗ ⇒ p < 0.10. Standard errors in parentheses are clustered at the household level. The sample is limited to the first four
weeks of the benefit month, households with twelve or fewer members, and a reported SNAP disbursement of at least $10. All specifications feature household
fixed effects. 1994 is the excluded year. SNAP benefits are measured in hundreds of 2017 dollars, as a difference from $200. Household income is gross annual,
and measured in thousands of 2017 dollars, as a difference from $20,000. One household with negative income is adjusted to $0.
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Table A16: Impact of EBT on Goods Purchased

Vegetable Expenditures Sweets Expenditures

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

EBT -0.038 -0.078 -0.164 0.045 0.072 -0.068
(0.060) (0.077) (0.124) (0.064) (0.078) (0.091)

HH size - 1 0.238∗∗∗ 0.162∗∗∗ 0.159∗∗∗ 0.077∗∗∗ 0.019 0.019
(0.049) (0.044) (0.044) (0.025) (0.037) (0.039)

HH size - 1 X EBT -0.074 -0.036 -0.027 0.032 0.032 0.031
(0.049) (0.052) (0.052) (0.044) (0.053) (0.052)

# kids -0.129∗∗ -0.051 -0.049 0.077∗∗ 0.136∗∗ 0.129∗∗

(0.056) (0.054) (0.058) (0.038) (0.052) (0.052)

# kids X EBT 0.096 0.073 0.063 -0.083 -0.118 -0.108
(0.060) (0.067) (0.068) (0.062) (0.074) (0.073)

SNAP benefit (100s ‘17 $) -0.016 -0.016 -0.011 -0.002
(0.033) (0.035) (0.021) (0.022)

SNAP benefit X EBT -0.016 -0.014 0.049 0.040
(0.036) (0.037) (0.031) (0.033)

Income (1000s ‘17 $) 0.007∗∗∗ 0.007∗∗∗ 0.005∗∗ 0.005∗

(0.001) (0.001) (0.003) (0.003)

Income X EBT -0.003 -0.003 -0.000 -0.000
(0.002) (0.002) (0.003) (0.003)

Weekend -0.006 -0.006 -0.006 0.038 0.038 0.039
(0.038) (0.038) (0.038) (0.041) (0.040) (0.040)

Week of month -0.099∗∗∗ -0.100∗∗∗ -0.099∗∗∗ -0.081∗∗∗ -0.083∗∗∗ -0.081∗∗∗

(0.017) (0.018) (0.017) (0.022) (0.022) (0.021)

Diary week -0.017 -0.019 -0.020 0.025 0.026 0.025
(0.030) (0.030) (0.030) (0.033) (0.033) (0.033)

Mean Dep. Var. 0.70 0.70 0.70 0.58 0.58 0.58
[2.68] [2.68] [2.68] [2.59] [2.59] [2.59]

Year FE N N Y N N Y

Clusters 41 41 41 41 41 41

N 17,665 17,665 17,665 17,665 17,665 17,665
∗∗∗ ⇒ p < 0.01, ∗∗ ⇒ p < 0.05, ∗ ⇒ p < 0.10. Standard errors in parentheses beneath the estimates, are clustered at the state
level. The sample is limited to the first four weeks of the benefit month, households with twelve or fewer members, and a reported
SNAP disbursement of at least $10. 1994 is the excluded year. Odd-numbered columns use expenditures at the shopping-trip level,
and even-numbered columns use observations aggregated to the household level. SNAP benefits are measured in hundreds of 2017
dollars, as a difference from $200. Household income is gross annual, and measured in thousands of 2017 dollars, as a difference
from $20,000. One household with negative income is adjusted to $0. Vegetables consists of fresh, frozen, canned, and and dried
vegetables and legumes, as well as fresh, canned and frozen vegetable juices. Sweets consist of cookies, ice cream and candy.
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Table A17: Impact of EBT on SNAP Benefit Exhaustion, First Week of Benefit Month

Day of SNAP Mth: 0 1 2 3 4 5 6

EBT 0.064 0.059 0.068 0.053 0.039 0.044 -0.000
(0.048) (0.057) (0.058) (0.065) (0.067) (0.062) (0.071)

# kids 0.010 0.013 0.012 0.005 0.020 0.033∗∗ 0.020
(0.012) (0.016) (0.016) (0.015) (0.012) (0.014) (0.014)

# kids X EBT -0.010 -0.016 -0.013 0.009 -0.001 -0.022 -0.008
(0.015) (0.018) (0.019) (0.023) (0.026) (0.023) (0.025)

# adults - 1 -0.018∗ -0.017 0.005 0.003 -0.001 0.017 0.015
(0.009) (0.018) (0.026) (0.026) (0.030) (0.028) (0.033)

# adults - 1 X EBT -0.011 -0.016 -0.056 -0.052 -0.016 -0.020 0.008
(0.018) (0.026) (0.036) (0.038) (0.053) (0.046) (0.052)

SNAP benefit (100s ‘17 $) -0.013 -0.032∗∗ -0.045∗∗∗ -0.045∗∗∗ -0.060∗∗∗ -0.070∗∗∗ -0.074∗∗∗

(0.011) (0.014) (0.013) (0.014) (0.014) (0.015) (0.015)

SNAP benefit X EBT -0.001 0.015 0.024 0.000 -0.007 0.007 0.001
(0.014) (0.018) (0.018) (0.019) (0.022) (0.021) (0.023)

Income (1000s ‘17 $) 0.000 0.000 0.002 0.002 0.001 0.001 0.001
(0.000) (0.001) (0.002) (0.002) (0.002) (0.002) (0.002)

Income X EBT -0.000 -0.000 -0.001 -0.001 -0.000 0.001 -0.000
(0.001) (0.001) (0.002) (0.002) (0.003) (0.002) (0.003)

Weekend -0.011 0.034 0.029 -0.030 -0.010 -0.016 0.026
(0.019) (0.033) (0.038) (0.034) (0.045) (0.032) (0.043)

Week of month -0.007 -0.008 -0.025 -0.000 -0.012 -0.025 -0.028
(0.009) (0.014) (0.016) (0.025) (0.025) (0.026) (0.024)

Diary week 0.006 0.020 -0.008 -0.037 0.009 0.055 0.010
(0.028) (0.034) (0.029) (0.035) (0.036) (0.047) (0.053)

Mean Dep. Var. 0.024 0.046 0.067 0.086 0.122 0.144 0.165
[0.155] [0.210] [0.251] [0.280] [0.328] [0.351] [0.372]

Year FE Y Y Y Y Y Y Y

Clusters 38 38 38 38 38 38 38

N 327 327 327 327 327 327 327
∗∗∗ ⇒ p < 0.01, ∗∗ ⇒ p < 0.05, ∗ ⇒ p < 0.10. Standard errors in parentheses beneath the estimates are clustered at the state level. The
sample is limited to households observed for every day of the first week of a benefit month, households with twelve or fewer members, and a
reported SNAP disbursement of at least $10. 1994 is the excluded year. SNAP benefits are measured in hundreds of 2017 dollars, as a difference
from $200. Household income is gross annual, and measured in thousands of 2017 dollars, as a difference from $20,000. One household with
negative income is adjusted to $0.
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Table A18: Impact of EBT on Shopping
Likelihood at the Beginning on the Benefit Month

Sample: t = 0 t < 2

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

EBT 0.06 0.00 0.02 -0.01 -0.06 -0.07
(0.08) (0.09) (0.09) (0.04) (0.05) (0.05)

# kids 0.02 0.01 0.02 0.03∗∗∗ 0.02∗ 0.02∗

(0.02) (0.03) (0.03) (0.01) (0.01) (0.01)

# kids X EBT 0.01 0.03 0.01 -0.01 0.00 -0.00
(0.03) (0.04) (0.04) (0.02) (0.02) (0.02)

# adults - 1 0.03 0.00 -0.00 0.03 0.03 0.03
(0.03) (0.03) (0.03) (0.02) (0.02) (0.02)

# adults - 1 X EBT -0.04 0.02 0.03 -0.02 0.04 0.04
(0.05) (0.06) (0.06) (0.04) (0.05) (0.05)

SNAP benefit (100s ‘17 $) 0.00 0.00 0.01 0.01
(0.02) (0.02) (0.02) (0.02)

SNAP benefit X EBT -0.00 -0.00 -0.02 -0.02
(0.03) (0.03) (0.02) (0.02)

Income (1000s ‘17 $) 0.00∗ 0.00∗ -0.00 0.00
(0.00) (0.00) (0.00) (0.00)

Income X EBT -0.01∗ -0.01∗ -0.00∗∗ -0.00∗∗

(0.00) (0.00) (0.00) (0.00)

Weekend -0.11∗∗ -0.11∗∗ -0.12∗∗ -0.02 -0.02 -0.02
(0.05) (0.05) (0.05) (0.04) (0.03) (0.03)

Week of month -0.03 -0.03 -0.02 -0.03 -0.03 -0.02
(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

Diary week 0.15∗∗∗ 0.15∗∗∗ 0.15∗∗∗ 0.12∗∗∗ 0.12∗∗∗ 0.12∗∗∗

(0.05) (0.05) (0.05) (0.04) (0.04) (0.04)

Mean Dep. Var. 0.44 0.44 0.44 0.40 0.40 0.40
[0.50] [0.50] [0.50] [0.49] [0.49] [0.49]

Date Controls Y Y Y Y Y Y

SNAP, Income Controls N Y Y N Y Y

Year FE N N Y N N Y

Clusters 38 38 38 39 39 39

N 438 438 438 915 915 915
∗∗∗ ⇒ p < 0.01, ∗∗ ⇒ p < 0.05, ∗ ⇒ p < 0.10. Standard errors in parentheses beneath the estimates, are
clustered at the state level. The sample is limited to the first day of the benefit month in columns (1)-(3), and the
first two days of the benefit month in columns (4)-(6). It is also limited to households with twelve or fewer members,
and a reported SNAP disbursement of at least $10. SNAP benefits are measured in hundreds of 2017 dollars, as a
difference from $200. Household income is gross annual, and measured in thousands of 2017 dollars, as a difference
from $20,000.
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