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Abstract 
 

Monthly welfare programs such as the Supplemental Nutrition Assistance Program 
(SNAP) produce consistent cycles of expenditure and consumption amongst recipients.  Food 
insecurity, health status, crime, poor behavior and test scores track these cycles. This paper 
leverages new data from the USDA –the FoodAPS survey—to better understand these cycles in 
three ways.  First, I find that expenditure and consumption cycles are correlated within 
households–a fact not previously established.  Second, I study diet quality over the benefit 
month, and find that it worsens, potentially compounding the harmful consequences of cyclical 
food insecurity.  Third, I find that kids bear less of the burden of the consumption cycle than 
adults, and that much of this difference may be driven by school-meal programs.  This finding 
suggests large potential gains in child welfare from expanding summer meal programs. 
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1.  Introduction 

 

While a sizable literature has documented beneficial effects of the Supplemental Nutrition 

Assistance Program (SNAP) on nutritional, health and economic outcomes, less well-known is 

the fact that households who participate in the program still experience high levels of food 

insecurity.1  In a 2011 and 2012 sample, roughly 61% of SNAP households were food insecure, 

31% had very low food security, and 25% of households had food-insecure children (Mabli et 

al.2013).2  This is in part because they exhibit within-month expenditure and consumption cycles 

(i.e. the end of month ‘calorie crunch’) that produce a variety of harmful effects.3 Existing 

research on the calorie crunch, however, leaves at least three important questions unanswered.  

First, while sharp expenditure declines over the benefit month are often taken as hallmarks of 

consumption declines, we do not have evidence on whether these two phenomena are actually 

related.  Second, we have very little evidence on whether diet quality adjusts in a way that 

exacerbates or mitigates changes in diet quantity.  Third, we do not have evidence on who, 

within a household, bears the burden of the calorie crunch.   

This paper uses a relatively new data source, the USDA’s FoodAPS (U.S. Department of 

Agriculture National Household Food Acquisition and Purchase Survey), to address these gaps. 

What makes the FoodAPS unique are its simultaneous seven-day expenditure and individual-

specific meal-consumption diaries for each participating household.  In the past, researchers 

looking to analyze benefit-month dynamics using diary data have been forced to pick either 

expenditure or consumption as the outcome of interest. 

My main findings are established in the paper’s three main sections.  In Section 3 I estimate 

the calorie crunch in terms of both expenditure and consumption, and then determine whether 

                                                             
1 See Bhattacharya and Currie (2001) and Hoynes and Schanzenbach (2009) on food insecurity.  See Devaney and 
Moffitt (1991) on nutritional intake.  See Currie and Cole (1991), Currie and Moretti (2008), Almond et al. (2011) 
and Kreider et al. (2012) on child health.  See Hoynes et al. 2016 on long-run outcomes. 
2A household is food insecure if there are reports of “reduced quality, variety, or desirability of diet,” and has very 
low food security if there are “multiple indications of disrupted eating patterns and reduced food intake” (USDA, 
2016). 
3 Foley (2011) shows that crime increases over the benefit month in areas with highly time-concentrated 
disbursements of welfare (including SNAP), and Carr and Packham (2018) link the SNAP cycle directly to grocery 
store theft rates.  Seligman et al. (2014) find that hospital admissions for hypoglycemia are more common at the end 
of the month in low-income communities, and Gennetian et al. (2015) show that incidents resulting in school 
disciplinary actions for middle and high-school students in SNAP households in Chicago increase by 51% between 
the first and the last week of the benefit month.  Cotti et al. (2017) show that standardized test scores decrease for 
children in SNAP households at the end of the benefit month. 
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those cycles are cross-sectionally correlated at the household level.  Given past work using 

expenditure (Hastings and Washington 2010, Castner and Henke 2011, Smith et al. 2016, Goldin 

et al. 2016, Kuhn 2018) and consumption (Wilde and Ranney 2000, Shapiro 2005, Todd 2015), 

verifying the expenditure-consumption relationship is important.  This is especially true given 

work by Aguiar and Hurst (2005), who find that people smooth consumption, but not 

expenditure, across a predictable income change. On the other hand, they find that neither is 

smoothed across an unpredictable income change.  Given that the SNAP disbursement cycle is 

highly predictable, the expenditure-consumption relationship should be suspect in this domain.   

I find strong downward trends for both expenditure on food and consumption of food over 

the benefit month in the FoodAPS data.  The meals-consumed consumption estimates indicate a 

loss of roughly six meals per individual, per benefit-month, relative to the counterfactual of 

constant meal consumption at the level established on the first day of the benefit month.  

Expenditure and consumption estimates are both robust to using SNAP-eligible non-participants 

and near-eligible non-participants as a control group.  Importantly for this entire literature, I find 

that expenditure and consumption cycles, measured at the household level, are correlated.   

Section 4 of the paper examines the incidence of consumption cycles within households.  Do 

children suffer the worst or do adults and/or school meal programs shelter them?  Do mothers or 

fathers feel the greatest impacts of food shortfall?  These questions are crucial for gauging the 

welfare consequences of the SNAP benefit cycle.  The results will also be important for 

assessing the importance of school meal programs for the calorie crunch: there are no estimates 

to date of how school meals interact with the SNAP consumption cycle.  On the other side of that 

same coin, the results will speak to the potential value of summer meal programs that mimic 

school meal programs; only a small number of kids participating in school meal programs 

receive summer meals from the USDA’s Summer Food Service Program (SFSP, Hayes et al. 

2016).  Existing literature on the National School Lunch Program (NSLP) and School Breakfast 

Program (SBP) is focused on overall impacts, and is silent on how they relate to cyclical food 

insecurity.4  The bulk of recent economics research on school meals relates to the impact of 

                                                             
4 Gleason and Suitor (2003) show that the National School Lunch Program (NSLP) improves nutritional intake, but 
also increases dietary fat consumption.  Schanzenbach (2009) links the NSLP to increased childhood obesity, but 
Gundersen et al. (2012) estimate an overall positive impact of the NSLP on health.  Bhattacharya et al. (2006) show 
improvements in nutritional intake and overall diet quality for School Breakfast Program (SBP) participants.   
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expanding SBP access with universally-free and in-classroom programs.5  I evaluate the impact 

of school meals using a ‘difference-in-difference-in-trends’ design, where I examine the 

differential impact that school being open or closed has for school-meal redeemers and non-

redeemers on the benefit-month trend in consumption.  I include month fixed effects in these 

specifications to account for the correlation between the school calendar and season.   

  I find that adults experience a more severe calorie crunch than kids.  However, for 

schoolchildren participating in school meal programs, this is only true during the school year.  

During the summer, there is almost no difference in consumption trends between these kids and 

adults.  The same is not true for schoolchildren who do not fully redeem their school meals.  This 

suggests that school meal programs may play a valuable role in smoothing consumption, but that 

there are substantial potential gains from expanding summer meal programs.  I find that this 

impact spills over into the household budget: school meal programs reduce the cycle in dinner 

consumption for schoolchildren and overall meal consumption for adults in their household.  

Men and women experience similar consumption cycles regardless of whether they are parents.   

In Section 5, I use the detailed nutrition information on expenditures in the FoodAPS to 

estimate the change in diet quality over the course of the SNAP benefit month.  The FoodAPS is 

specially designed to allow researchers to construct the Healthy Eating Index (HEI), a formal 

measure of diet quality, from its expenditure data.  As resources dwindle, households may be 

forced to purchase more calorie-dense foods for energy and to stay satiated.  These foods are 

likely to be low in nutritional content, which could be a mechanism through which many of the 

harmful side effects of the calorie crunch manifest.  For example, two of the most notable side 

effects of the calorie crunch for children are poor behavior and lower test scores (Gennetian et al. 

2015 and Cotti et al. 2017, respectively).  Both of these manifest while school is in session, yet I 

find that school meal programs help mitigate the increase in missed meals over the benefit 

month.  Because the overall household continues to experience a calorie crunch when school is 

in session, reduced diet quality for the kids might be a key pathway to behavioral outcomes. 

I find that diet quality, as measured by the HEI, decreases over the benefit month.  This 

replicates the finding of Todd (2015), using single-day consumption data from the National 

                                                             
5 There is mixed evidence as to whether such programs improve learning, behavior and health outcomes (Ribar and 
Haldeman (2013; Leos-Urbel et al. 2013; Dotter, 2013; Imberman and Kugler, 2014; Schanzenbach and Zaki, 
2015). 
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Health and Nutrition Examination Survey (NHANES).  The decrease in HEI over the benefit 

month is present even when total expenditures are held fixed: grocery trips are not just getting 

smaller over the benefit month, but they are changing composition.  This appears to result from a 

disappearance of fruit and healthy fats from diets, which are replaced by refined grains.     

Beyond the literatures on SNAP and school meals, this paper is relevant to the broader 

discussion of interactions between social insurance programs in public economics.  The vast 

majority of this work is dedicated to understanding the impact of changes to one program on 

participation in others.6  This paper is somewhat different in that I estimate how regular changes 

in participation in the school meal programs through school breaks affects the user experience 

and effectiveness of SNAP, as measured by the calorie crunch.  For many purposes, it is useful to 

represent program participation as a binary variable.  In other cases, however, the day-to-day and 

month-to-month experience of participants can be highly variable. The yearly Earned Income 

Tax Credit (EITC) is a perfect non-SNAP example: being ‘on’ EITC means something very 

different in April than it does in October.  Researchers should expect spillovers between 

programs to shift accordingly. 

 

2. Data and Methodology 

2.1 FoodAPS Diary Data 

 

The USDA’s National Household Food Acquisition and Purchase Survey (FoodAPS) 

surveyed 4,826 U.S. households between April 2012 and January 2013.  Among these 

households, 1,581 were SNAP participants, 1,312 were eligible non-participants or near-eligible 

non-participants with incomes less than 185% of the poverty threshold and 1,933 had incomes 

greater than 185% of the poverty threshold.  My primary analysis is restricted to households 

receiving SNAP benefits, but I also use both eligible and near-eligible non-participants as a 

control group in some specifications.   

                                                             
6 See, for example, Ziliak et al. (2000) on the impact of welfare on SNAP, Duggan and Kearney (2007) on the 
impact of Supplemental Security Income (SSI) on Medicaid, Duggan et al. (2008) on the impact of Social Security 
on Disability Insurance (DI),  Staubli (2011) on the impact of DI on Unemployment Insurance (UI) and sick leave, 
Baicker et al. (2014) on the impact of Medicaid on SNAP, welfare, SSI, and DI, Lindner and Nichols (2014) on the 
impacts of welfare, SNAP, UI, and worker’s compensation on DI and SSI, and Mueller et al. (2016) on the impact 
of UI on DI. 
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What makes the FoodAPS unique amongst the data that have been used to estimate the 

calorie crunch is its collection of week-long diaries of both expenditure and consumption.7  

Households reported their overall expenditures on all food items, for consumption at home and 

away from home.  Each individual’s meal consumption is reported on each day of the diary.  On 

three of the seven diary days, survey representatives verified their expenditures by phone.  

During the initial in-person interview prior to the diary, the primary respondent (the “primary 

food shopper or meal planner”) was trained to use a barcode scanner and the various recording 

books distributed to the household.  Households earned incentives for completing the survey.8 

During the final in-person interview after the diary, the interviewer reviewed all the materials for 

completeness.  The clear incentives, close monitoring, and short duration of the study should 

help limit underreporting, although an independent assessment of the FoodAPS found some 

evidence that underreporting remains (Yan and Maitland, 2016).  

 

2.2 SNAP Benefit Arrival 

 

It is crucial to understand the timing of the FoodAPS survey and its implications for the 

sample construction.  The in-depth interview occurred before the households completed either 

their expenditure or meal diaries.  Call the initial interview date day zero.  Days one to seven 

following the initial interview were diary days.  On day zero, households reported the calendar 

date on which they last received SNAP benefits.  A total of 1,609 households reported a past 

SNAP disbursement.  No expenditures were logged in the diaries of 95 of those households.  Of 

the 1,609 households reporting a SNAP disbursement, 123 do not match to meal diaries and 44 

households match to blank meal diaries for all members. I keep only those households which 

                                                             
7 Previously used data include: Continuing Survey of Food Intake by Individuals --three-day consumption diaries 
from 1989-1991 (Wilde and Ranney, 2000; Shapiro 20005);  Nationwide Food Consumption Survey --seven-day 
consumption diary from 1987-1988; grocery store scanner data --26-month expenditure panel from 2006-2008 
(Hastings and Washington, 2010);  USDA administrative expenditure data from 2009 (Castner and Henke, 2011);  
NHANES --two-day consumption diaries from 2002-present (Todd, 2015 uses only one dietary intake day);  Nielsen 
–continuous expenditure panels for households and retailers (Goldin et al. 2016); Consumer Expenditure Survey --
14-day expenditure diaries from 1994-2003 (Kuhn, 2018).   
8 These incentives are large and clear relative to the reward points available to Nielsen Homescan participants.  
Primary-respondents received $100 at the end of the survey period for having remained in the survey, $10 gift cards 
for initiating each of the three check-in calls during the diary, additional $10 gift cards for each 11-14-year-old that 
tracked their food expenses, and additional $20 gift cards for each household member 15 or older that tracked their 
food expenses.  All incentives were distributed after the survey period. 
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match to non-empty expenditure and consumption diaries. Of the matched households, 133 either 

reported or were confirmed to no longer be in SNAP.9  Eighty percent of the remaining 

household-days fall within a 30-day window following a feasible reported date of 

disbursement.10  Figure 1 shows the distribution of SNAP disbursement calendar dates in the 

sample. 

Note: sample consists of all SNAP households with non-empty meal and expenditure diaries, and either a feasible 
last reported SNAP date or an infeasible/missing report with a feasible administrative date of last disbursement. 

 
Figure 1: Distribution of SNAP Receipt Days 

 

For households with missing last disbursement reports or infeasible last disbursement dates, I 

turn to administrative data that the USDA has matched to households in the sample.11   I use only 

administrative disbursements with feasible dates that occurred no later than the first day of the 

corresponding diary.  This restores 101 households to the estimating sample.  Because rates of 

                                                             
9 An advantage of using the FoodAPS to study SNAP households is this verification procedure; Meyer et al. (2015) 
find a high frequency of errors in SNAP receipt reporting in the American Community Survey, Current Population 
Survey, and the Survey of Income and Program Participation. 
10 No disbursements arrive on the 24th or later.  Additionally, this 30 day-window adjusted down to a 29-day widnow 
when SNAP was last disbursed in a month with 30 days, a 28-day window for months with 29 days and a 27-day 
window for months with 28 days. 
11 This follows the USDA’s approach of prioritizing reports over the administrative data due to match uncertainty. 
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program churn are high due to recertification requirements (Mills et al. 2014), there is 

considerable movement in and out of SNAP each month.  Benefit timing effects are identified 

precisely based on the day of benefit disbursement, so I do not impute a more recent date of 

SNAP disbursement than households report. This leaves a final sample of 1,130 SNAP 

households with 7,107 household-days and 22,132 household-member-days, ranging from one to 

30 days since the household’s most recent disbursement.  I present results in the Appendix for a 

larger sample that includes imputed disbursements during the FoodAPS diary.12  However, I 

show in the Section 2.6 that there are big differences between the non-imputed and imputed 

samples.  Unless otherwise stated, all tables, statistics and figures refer to the non-imputed 

sample. 

 

2.3 Expenditure Data and Model 

 

 Expenditure data are collected at the item-transaction level in the FoodAPS.  To construct 

daily household expenditure, I aggregate all food expenditures on a given diary day.  This 

includes groceries for at home consumption and meals purchased away from home (unless 

specified otherwise).  While SNAP funds cannot be used for many of these purchases, the goal is 

to capture total food expenditure regardless of budget source.   

 Following Shapiro (2005) and Kuhn (2018), I estimate consumption and expenditure as 

functions of days since benefit disbursement (DSD).  Each U.S. state has its own SNAP 

disbursement schedule, with most states spreading its disbursements out over the beginning of 

the month.  As shown in Figure 1, among SNAP households in the FoodAPS, there is a large 

spike on the first day of the month followed by a steady rate over the next ten days, with a 

decrease afterwards.  No state disburses SNAP after the 23rd of the month.  Given the bunching 

at the beginning of the month, it is generally true that SNAP disbursement is correlated with 

                                                             
12 I perform the imputation as follows: imagine that a household reports a last benefit receipt of April 17th, 2012 
during their initial interview on May 15th, 2012.  May 16th, 2012, the first day of the diary, is 29 days since receipt.  
The second day of the diary is 30 days since receipt, which gets reset to 0 days since receipt since it does not 
contradict the report during the May 15 interview.  There would thus be six imputed observations of zero to five 
days since benefit receipt from May 17th to May 22nd, assuming that benefits arrived on the same calendar day each 
month.  New York is the only potential exception to this rule, since Sundays and holidays are excluded from 
disbursement. 



9 
 

other early-month financial events like bills and other income sources.  For this reason, I will 

always include week-of-calendar month fixed effects when estimating benefit-month trends.13   

Figure 2, shows mean expenditures over the benefit month.  All food, food for at-home 

consumption and SNAP spending track one another closely.  The gap between SNAP spending 

and other spending grows over the course of the month, as SNAP resources are exhausted.  The 

rate of decline is greatest at the beginning of the month.  Therefore, I allow for an exponential 

decay of mean expenditures using Poisson regression.  The expenditure models are of the form 

!(#$,&|	)*)$,&, +$,&) = 	./0(1$ + 	3)*)$,& + 	+$,&4 Γ) , (1) 

where #$,& is household h’s expenditure on food on diary day t, 1 is the intercept term, )*)$,& is 

the number of days since SNAP disbursement for household h on diary day t, and +$,& is a vector 

of days-since-disbursement control variables, including week of calendar month fixed effects, a 

weekend indicator variable and an indicator variable for diary days on which a survey 

representative called to confirm reporting.14  Standard errors are always clustered at the 

household level.   

 

                                                             
13 I will also take a novel approach that uses the average expenditure of the sample of eligible non-participants and 
near-eligible non-participants to identify expenditure and consumption trends that are specific to SNAP participants.   
14 These are also indexed by h because the mapping from t to days since SNAP receipt depends on the household.  
The first week of the calendar month is the excluded week from the fixed effects. 
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Notes: sample is limited to households with non-imputed last disbursement date. 

 
Figure 2: Expenditure Trends 

 

2.4 Consumption Data and Model 

 

Consumption data are collected at the individual level on each diary day.  Breakfast, lunch, 

dinner and three snacks (am, pm and evening) can be reported as either consumed or not 

consumed.  My primary measure of daily consumption is the sum of the breakfast, lunch and 

dinner indicators.  I prefer the daily aggregate to any meal in particular because calories are 

relatively substitutable within a day.  Previous work establishes that total calories consumed 

declines over the SNAP benefit month (Wilde and Ranney (2000), Shapiro (2005), Todd (2015)).  

This means that a decline in meal consumption does not just represent a consolidation of food 

intake into fewer meals, holding calories fixed.        

The consumption models are slightly different than expenditure because the data are 

individual-specific, and because a linear model should fit mean consumption well based on 

Figure 3.  Figure 3 shows mean breakfast, lunch and dinner consumption over the benefit month 
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(see Figure 4, Panel B for the sum of these measures).  Thus, the consumption models are of the 

form:  

67,$,& = 	1$ + 	3)*)$,& + 	+$,&4 Γ +	87,$,& , (2) 

where 67,$,& is the number of meals (out of breakfast, lunch and dinner) that individual i, in 

household h consumes on diary day t.  Standard errors are always clustered at the household 

level.   

 
Notes: sample is limited to households with non-imputed last disbursement date. 

 
Figure 3: Consumption Trends 

 

2.5 Fixed Effects 

 

The intercept terms are indexed by household because specification error can lead to a 

violation of the validity of pooled panel regression in this case.  This is because the independent 

variable of interest is a simple function of the time variable, yet not every value of that time 

variable is observed for each individual.  Imagine that the true shape of consumption trends was 

an exponential decay; the linear estimate from households in the last week of the benefit month 

would require a different intercept than the linear estimate from households at the end of the 
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benefit month.  In this way, )*)$,& can be correlated with 1$ for reasons that have nothing to do 

with household-specific characteristics.  Despite the fact that linearity (exponential decay) 

appears to be a good assumption for mean consumption (expenditure) data in Figure 3 (Figure 2), 

I show in Appendix Table A1 that the difference in estimates of 3 is meaningful between a 

pooled model and a model with individual or household fixed effects.15   

Switching to individual and household fixed effects is not necessary to fix this problem, 

however.  The bias from this specification error is purely a function of when, during the benefit 

month, a particular household is observed.  Thus, fixed effects for the range of a diary, based on 

the its first day-since-disbursement, serve the same purpose more efficiently.  Replacing 

individual/household fixed effects with diary-range fixed effects has no effect on the estimate of 

3, but substantially reduces the standard error of the constant term.  This is shown in columns (2) 

and (3) of Appendix Table A1.  I proceed by using diary-range fixed effects in all 

specifications.16  

   

 2.6 Imputed Data 

 

There are both imputed and non-imputed observations of expenditure and consumption on 

days one to six after benefit disbursement.  Thus, I can examine the degree of correspondence 

between the two sources.  Figure 4 shows both correspondences, with expenditure in Panel A 

and consumption in Panel B.  The spike in expenditure on the day of disbursement in the 

imputed data is notable, but consistent with households reacting immediately to a constraint 

being relaxed.  Consumption is clearly too low at the beginning of the benefit month on days 

from imputed disbursement relative to days from non-imputed disbursement.   

                                                             
15 These fixed effects should be implemented in a way that does not pool data within households with diaries that 
extend from one benefit month into another, based on the same specification error argument.  This is not an issue in 
the non-imputed data I use in Appendix Table A1, because no non-imputed diary spans two benefit months.  If the 
imputed data are used, a household diary that spans two benefit months should be split to allow for separate level 
coefficients when using individual or household fixed effects. 
16 This slightly changes the interpretation of 3: it is the average daily decline in consumption or expenditure over a 
seven-day window, relative to the level at the beginning of that seven-day window, not necessarily relative to the 
level on day-zero. 
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Notes: imputation of SNAP disbursement during the diary assumes constant calendar day receipt across months. 

 
Figure 4: Expenditure and Consumption Data by Imputation  

 

I test for differences between the two types of data in Table 1, looking only at days with 

observations from both sources.  I regress food expenditure and meals consumed on an indicator 

variable for imputed disbursement date, with fixed effects for days-since-disbursement.  I find 

that household expenditures are about $7.22 lower per-day (p = 0.01), and that individuals 

consume about 0.14 fewer meals per-day (p = 0.11) when days since disbursement is imputed.  

This is consistent with some imputed disbursements failing to occur.  Given these differences 

and the literature on program churn, I prefer the non-imputed sample.  As such, I proceed with 

using only the non-imputed data, and leave the imputed data for the Appendix.17 

 

 

 

 

                                                             
17 An important difference between the samples is that the imputed data capture the day of disbursement, while the 
non-imputed data do not.  As such, I also include estimates in the Appendix when I exclude day zero, but use the 
imputed sample, and when I exclude the entire first week of the benefit month, such that there is no distinction 
between the samples. 
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Table 1: Imputed versus Non-imputed Data on Days 1-6 of Benefit Month 
Dependent variable:  Expenditure Consumption 
 (1) (2) 
Imputed 
 

-7.354*** 
(2.655) 

-0.137 
(0.085) 

Mean DV 
 

22.571 
(1.191) 

2.282 
(0.038) 

DSD Fixed Effects Y Y 
Clusters 472 472 
Observations 1,620 5,165 

***: p < 0.01, **: p < 0.05, *: p < 0.10.  Standard errors clustered at the household level.  Sample is limited to non-
imputed DSD.  DSD = 1 is the excluded day from the set of fixed effects.  All models are linear. 
 

3. Expenditure and Consumption Cycles in the FoodAPS 

 

In this section, I establish the existence of expenditure and consumption cycles in the 

FoodAPS.  I then determine the relationship between the two types of cycles.   

 

3.1 Expenditure Cycles 

 

There are substantive and statistically significant expenditure cycles in the FoodAPS data.  

Figure 3 shows the days-since-disbursement trends for all food expenditures, food for at-home 

consumption expenditures and SNAP expenditures.  Table 2 presents estimates of equation (1).  

Average total food expenditures fall from roughly $45 to $19  from the day after benefits arrive 

to the last day of the benefit month in a 31-day cycle (the median decreases from $36 to $3).  

The Poisson model in column (1) of Table 2 produces an average marginal effect of a $2.07 

decrease per-day.  Food for home consumption and SNAP expenditures decline strongly as well, 

shown in columns (2) and (3).  Consistent with Figure 2, these marginal effects decline over the 

course of the month.18 The effects of the benefit cycle operate on both the intensive and 

extensive margins, but the extensive margin effects are concentrated in the first few days of the 

benefit month.  89% of households report expenditures greater than $1 on the day after benefits 

arrive.  This falls to 61% a week after benefit arrival and 56% by the end of the benefit month.  

The Probit model in column (4) of Table 2 produces an average marginal effect of a 3.6% per-

                                                             
18 -$18.32 per day when DSD = 0, -$8.16 when DSD = 7, -$3.63 when DSD = 14, -$1.62 when DSD = 21, and -
$0.72 when DSD = 28.   
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day decline in the probability of purchasing food over the benefit-month.  These estimates are 

similar to those from Kuhn (2018), which are estimated using the Consumer Expenditure Survey.  

Appendix Table A2 presents versions of the estimates in Table 2, column (1) with sampling 

weights, diary weights to give exactly equal weight to each part of the benefit month, including 

the imputed data, including only the imputed data after day zero, and with the first week of the 

benefit month excluded, such that there are no imputed data.  Results are very similar with 

weights and with the imputed data, excluding day zero.  Including day zero produces a larger 

decline estimate due to the spike in spending on that day, and excluding the first week produces a 

slightly smaller decline estimate. 

 

Table 2: Household Expenditure Cycles – Marginal Effects 
Model:  Poisson Probit 
Dependent variable: All Food Food for Home SNAP Any Expense? 
 (1) (2) (3) (4) 
DSD 
 

-2.074*** 
(0.236) 

-1.626*** 
(0.217) 

-1.057*** 
(0.155) 

-0.036*** 
(0.003) 

Mean DV 
 

17.940 
(0.480) 

12.787 
(0.384) 

5.749 
(0.272) 

0.556 
(0.008) 

Level controls: Diary-range FE, 
Week of month FE, Survey rep 
call, Weekend 

Y Y Y Y 

Clusters 1,130 1,130 1,130 1,130 
Observations 7,107 7,107 7,107 7,107 

***: p < 0.01, **: p < 0.05, *: p < 0.10.  Marginal effects for DSD are the average across the sample.  Sample is 
limited to non-imputed DSD. 
  

To assess the robustness of the identification of SNAP as the underlying cause of this 

cycle, I take a unique approach that uses non-SNAP households in the FoodAPS.  I replace the 

dependent variable in equation (1) with the ratio of the expenditures of SNAP households to the 

average expenditures of non-SNAP households on the same calendar day.  I do this for non-

participants earning less than 100% of the poverty threshold, for non-participants earnings 

between 100% and 185% of the poverty threshold, and both groups combined.  Given that food 

benefit cycles are not perfectly randomly distributed with respect to other income and benefit 

receipts (see Figure 1), this procedure helps corroborate that the cyclical patterns of expenditure 

observed in this literature are truly driven by the SNAP cycle.  Barring upward-sloping calendar-

month cycles in expenditure for either control group (which a large literature on non-SNAP 
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expenditure and consumption cycles suggests is unlikely, see, e.g. Stephens (2003, 2006)), this 

procedure can only produce a more conservative estimate of the SNAP cycle than a procedure 

without a control group.  For each non-SNAP control group, I find a large, statistically 

significant expenditure cycle.  Results are in Appendix Table A3.19   

 

3.2 Consumption Cycles 

   

Using one-day dietary intake data from National Health and Nutrition Examination 

Survey (NHANES), Todd (2015) finds that the number of “eating occasions” declines by 

roughly 0.02 meals per-person, per-day over the benefit month, prior to a boost in SNAP benefits 

from the 2009 fiscal stimulus package.  With the stimulus in place, there is no decline.  While the 

FoodAPS sample period (2012-2013) is subject to the stimulus, some of the extra benefit value 

had been eroded by inflation by 2012.  Figures 3 and 4 (Panel B), show a clear downward trend 

in meal consumption over the benefit month in the FoodAPS.  Table 3, column (1) presents 

estimates of equation (2).  I find a decline of 0.012 meals per-individual, per-day over the benefit 

month.  Columns (2)-(4) use a Probit model to examine the likelihood of eating breakfast, lunch 

and dinner separately.  The breakfast decline is twice the size of the lunch or dinner declines.  

However, when I re-estimate columns (2)-(4) simultaneously to account for correlated errors, 

and test coefficients across models, the differences are not statistically significant.  The daily 

decline in number of meals eaten is an intuitive metric for interpreting the regression results, but 

it may not properly convey the big picture.  Using the estimate of a decline of 0.012 meals per 

day, this adds up to 0.37 (S.E. = 0.12) fewer meals on day 30 of the benefit month, relative to 

day zero, and thus 5.67 (S.E. = 1.79) fewer meals consumed over the course of the month, 

relative to constant consumption at the day zero level.   

 

 

 

 

                                                             
19 The ideal control group has identical non-SNAP income timing to SNAP participants.  Eligible non-participants 
are probably a better fit than near-eligible households along this dimension.  On the other hand, SNAP participants 
may have selected into the program in part because of extreme variance in consumption due to their management of 
other income sources.  Thus, this procedure only produces a more conservative estimate, not a lower bound. 
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Table 3: Individual Consumption Cycles 
Model: OLS Probit (marginal effects) 
Dependent variable: # Meals Breakfast Lunch Dinner 
 (1) (2) (3) (4) 
DSD -0.012*** 

(0.004) 
-0.006*** 

(0.002) 
-0.003 
(0.002) 

-0.003* 
(0.002) 

Mean DV 2.250 
(0.022) 

0.665 
(0.010) 

0.741 
(0.009) 

0.843 
(0.008) 

Level controls: Diary-range FE, Week of 
month FE, Survey rep call, Weekend 

Y Y Y Y 

Clusters 1,130 1,130 1,130 1,130 
Observations 22,132 22,132 22,132 22,132 

***: p < 0.01, **: p < 0.05, *: p < 0.10. Standard errors clustered at the household level.   Marginal effects for DSD 
are the average across the sample, and the constant is estimated using the diary-range fixed effect from DSD = 1 to 
DSD = 7, the closest range to DSD = 0 in the non-imputed sample.  Sample is limited to non-imputed DSD.   

 

Appendix Table A4 presents alternative specifications, including a Tobit to adjust for 

censoring at 3 meals (estimates are nearly identical to Table 3), an estimate of the snack cycle 

(large and significant decline over the benefit month), and an estimate of the cycle in days 

without any meals (large and significant increase over the benefit month).  Unlike expenditure, 

the marginal effect of DSD on the likelihood of going without a meal is strongly increasing over 

the benefit-month.20 I also present results using sampling weights, diary weights, and with the 

imputed data.  Results are very similar, and notably with sampling weights, my estimate of the 

decline in the number of meals exactly matches Todd’s (2015) estimate of the pre-stimulus 

decline in eating occasions per-person, per-day.   

As with expenditure, I use non-participants as a control group for SNAP recipients on the 

same calendar day.  The specifications of interest are linear in this case, so I consider the 

difference, rather than the ratio, of meals consumed.  Results are presented in Appendix Table 

A5.  In column (2), I find that the consumption cycle is weaker when below-poverty level non-

participants are differenced out.  However, the difference between that estimate and the estimate 

in column (3), where above-poverty non-participants are used as the control group, is not 

statistically significant at conventional levels. 

 

3.3 Correlated Cycles 

                                                             
20 0.001 meals per day when DSD = 0, 0.003 meals per day when DSD = 7, 0.008 meals per day when DSD = 14, 
0.014 meals per day when DSD = 21, and 0.021 meals per day when DSD = 28. 



18 
 

 

With simultaneous expenditure and consumption reports from the same household I can 

use the FoodAPS to determine whether food expenditure cycles correspond to consumption 

cycles, as is commonly assumed.  Given the availability of non-perishable food items, 

sophisticated household planners could shop once a month and still maintain a smooth 

consumption profile, so this correspondence is not guaranteed to exist.  If it is not the case that 

the two cycles correspond, frequently observed extreme expenditure responses to anticipated 

income should be less of a concern than the literature has taken them to be.  To do this, I estimate 

benefit-month trend coefficients separately for every household in the sample for both food 

expenditure and meal consumption, and then calculate the correlation between these estimated 

trends.  The expenditure data are at the household level, so I aggregate meal consumption data to 

the same level.  Given only seven observations per household, I estimate each model without 

control variables.  Using estimates from all 912 households with a full seven-day diary of non-

imputed data, I obtain a correlation coefficient of 9 = 0.06 (p = 0.08).  For many households, 

there is insufficient variation to successfully estimate either expenditure or consumption trends.  

Dropping the exact zero estimates from these households improves the correlation to 9 = 0.08 (p 

= 0.05, 683 households).  As expected, there is a positive relationship between expenditure and 

consumption trends within households.  The magnitude should be interpreted with substantial 

caution: the sampling error that comes from estimating a month-long trend using seven days of 

data, and noise from estimating a two-parameter model with seven data points, should strongly 

bias the correlation towards zero.   

 

4. Incidence of Consumption Cycles 

 

This section is devoted to decomposing the consumption impacts of the calorie crunch within 

a household.  I focus on kids versus adults for a variety of reasons.  Most notably, school meal 

programs provide dependable meals to kids regardless of where their household is in the benefit 

month.  Therefore, one might expect schoolchildren to be sheltered.  Also, recent work on SNAP 

shows long-run benefits of childhood exposure (Hoynes et al. 2016).   

 

4.1 Kids vs. Adults 



19 
 

 

Do kids and adults on SNAP experience difference consumption cycles?   I estimate 

equation (2) augmented by an indicator variable for age > 17 and its interaction with DSD.  I 

exclude all individuals 65 or older from the sample.  Results are presented in column (1) of Table 

4.  The per-day decline in meals consumed is twice as large for adults, compared to kids (p = 

0.029).  In column (2) of Table 4, I remove households with adult children and grandchildren of 

the survey respondent from the sample and obtain similar results.  While these results are only 

intended to be correlational, it is worth noting that there is a combination of within-household 

and between-household variation being used.  The average adult and average child come from 

different types of households.  I present results from only households with at least one child and 

fewer than three adults in column (3), and from only households with exactly two kids and two 

adults (the largest group of adults-by-kids) in column (4).  While the estimates still use across-

household variation, they limit or eliminate across-household-structure variation that could 

separately influence the magnitude of consumption cycles.21  The estimates in column (3) are 

nearly identical to those in columns (1) and (2).  In column (4), the qualitative pattern remains, 

with slightly smaller magnitudes and much larger standard errors due to the small sample.   

In Appendix Table A6, I present a variety of alternative specifications corresponding to 

column (1) of Table 4.  These include sampling and diary weights, with some or all of the 

imputed data, excluding the first week of the benefit month, with controls for SNAP 

disbursement amount and household size (as an alternative to limiting the sample to a fixed 

structure), and a Tobit model.  The point estimates are very similar to those in Table 4.   

 

 

 

 

 

 

 

                                                             
21 Using only within-household variation requires household fixed effects and their interaction with DSD, which 
yields very limited power given only seven observations per household.  Implementing this procedure for all 
households without adult children produces a negative, but statistically insignificant coefficient on the interaction 
between the adult indicator and DSD. 
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Table 4: Individual Consumption Cycles – Kids versus Adults < 65 
Household type: All No adult 

kids in HH 
< 3 adults in HH, 

> 0 kids in HH, no 
adult kids in HH  

2 adults in HH, 2 
kids in HH, no 

adults kids in HH 
 (1) (2) (3) (4) 
DSD -0.007 

(0.004) 
-0.008 
(0.005) 

-0.007 
(0.006) 

-0.006 
(0.012) 

DSD X Adult -0.008** 
(0.003) 

-0.010** 
(0.004) 

-0.008** 
(0.004) 

-0.006 
(0.007) 

Mean DV 2.260 
(0.022) 

2.291 
(0.025) 

2.378 
(0.031) 

2.395 
(0.055) 

Level controls: Adult, 
Diary-range FE, Week of 
month FE, Survey rep 
call, Weekend 

Y Y Y Y 

Clusters 1,073 842 439 97 
Observations 20,189 14,972 10,324 2,398 

***: p < 0.01, **: p < 0.05, *: p < 0.10.  Standard errors clustered at the household level.  Sample is limited to non-
imputed DSD, and individuals under 65 years of age.  All models are linear. 
 

4.1.1 A Possible Explanation: School Meal Programs 

 

In this section, I explore whether school meal programs explain some of the difference in 

SNAP consumption cycles between schoolchildren and adults.  I use variation in whether school 

is open at the time of the meal diary, combined with school-meal redemption behavior –which is 

reported even for students on break-- to estimate the causal impact of school meals on 

consumption trends over the benefit month.22  In other words, I estimate a difference-in-

difference-in-trends version of equation (2), where the explanatory variable of interest is the 

triple interaction between school being open, a student redeeming school meals when they are 

available, and DSD.23   

 Roughly 36% of school-aged kids in the sample are on break during the meal diary.  To 

avoid confounding a school calendar effect with seasonal differences, I include month fixed 

effects interacted with DSD.  If all schools were on the same calendar, the within-month 

                                                             
22 The school open question is asked prospectively for the ten-day period following the initial interview, which 
includes the entire diary week.  Some variation here comes from whether a child’s school offers SBP meals: 
according to Schanzenbach and Zaki (2015), about three-quarters of U.S. children attend an SBP school. 
23 Gundersen et al. (2012) offer an extensive discussion on biases associated with estimating the impact of school 
meal programs on health outcomes using eligibility variation.  However, within a sample of SNAP recipients, there 
is essentially no variation in school meal eligibility, thus identification comes from a combination of endogenous 
redemption and school program variation, interacted with school opening and closing.       
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identifying variation would come from the opening or closing of school (mostly for summer and 

winter breaks).  However, due to differences in school calendars, identifying variation also 

comes from different schools being either open or closed at the same time.  Table A7 in the 

Appendix shows that SNAP disbursement sizes, household size, income and WIC status do not 

differ significantly by (household average) school break status, while labor supply marginally 

does.24  Perhaps due to childcare needs, households decrease their labor supply when school is 

out.  Income is somewhat higher when school is in session, but not significantly so.  To control 

for these patterns, I present versions of all school meal results with controls for labor supply, 

income, and their interactions with DSD. 25 I also present specifications without these controls to 

capture an overall effect of school opening or closing. 

Even within my sample of SNAP households, only 47% of schoolchildren get breakfast 

every day from a school program, while 83% get lunch every day from a school program.  Most 

of this variation comes from redemption behavior because SNAP eligibility and free 

breakfast/lunch eligibility have the same income threshold of 130% of the federal poverty 

level.26  Clearly there is endogeneity associated with the redemption of school meals.  However, 

for this difference-in-difference-in-trends to represent a causal effect of school meals on the 

calorie crunch, I only need the impact of school status on consumption cycles, apart from that of 

school meals, to be equal for full-redeemers and others.  To be clear, the consumption cycle need 

not be the same for redeemers and non-redeemers, and school can have a different impact on the 

level of consumption for redeemers and non-redeemers, but I assume that but for the impact of 

school meals, school opening or closing should have the same impact on the consumption cycles 

of redeemers and non-redeemers.27 Table A7 in the Appendix shows that while redemption 

                                                             
24 I include the month fixed effects in the balance checks to match the variation I use in the main estimation.   
25 I use the sum of reported monthly income across each individual in the household, measured in thousands of 
dollars, and the sum of indicators for whether an individual reported working during the week prior to the survey.  
These control variables are added as interaction terms with because the estimates of interest are the coefficients on 
terms that are interacted with DSD.  In other words, the concern is that that income and labor supply are correlated 
with the trend in consumption over the benefit month.   
26 There is a small fraction of reports that say a child’s school does not serve breakfast (12%) or lunch (3%).  13% 
(9%) of students partially redeem breakfast (lunch).  I pool partial redeemers with non-redeemers to maintain close 
to a 50-50 split of the sample for breakfast program participation.  Estimates are not sensitive to the exclusion of 
partial redeemers. 
27 There’s a sense in which a strong selection into school meals is exactly what I am testing here.  Students with the 
worst consumption cycles during summer could be exactly those who select into full redemption of school meals 
when school opens in order to mitigate their cycle.  An example of a violation of this assumption is if the costs of 
attending school are more impactful for families of meal redeemers, but they only matter at the end of the benefit 
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behavior is correlated with income as expected, there is no differential correlation depending on 

school session –these key observables provide some support for a parallel trends assumption as 

school opens or closes. 

Figure 5 shows consumption trends for schoolchildren that receive all school meals (five 

breakfasts and five lunches per week) when school is open and closed.  Consumption in the 

figure is measured as the residual average daily meal consumption after a regression of meals on 

week of month fixed effects, month fixed effects, and the interaction of DSD with month fixed 

effects (June is the excluded month).  The data are noisy, however, when school is out the trend 

is steadily downward over the course of the benefit month.  When school is in session, 

consumption is relatively flat over most of the benefit month.   

In Table 5, I estimate the effect of school being in session for kids receiving all school 

meals as a difference from the effect of school being in session for kids not receiving all school 

meals (but still participating in SNAP).  The variation in meal redemption largely comes from 

breakfast redemption, and the results are thus robust to using breakfast redemption only.  Even 

columns include the income and labor supply control variables, and odd columns do not.  

Columns (1)-(4) show that school status and meal redemption on their own have little impact on 

the calorie crunch.  However, columns (5) and (6) indicate that jointly, they are very important.  

Students redeeming all school meals experience a much more severe calorie crunch when school 

is out: the per-day decline is nearly three-times greater in magnitude.  This is not a causal 

estimate.  Rather, it is consistent with the intuition that redemption is endogenous based on need.  

That gap is eliminated when school is open.   

Table 6 re-casts these estimates in terms of the overall estimated calorie crunch for each 

group in the diff-in-diff specification.  This table shows that estimated impact of school status 

purely within the full-redemption group –rather than relative to the non-redeemer group—is also 

large and statistically significant.  Non-redeemers actually experience slightly more severe 

consumption declines with school is in session.  This difference is not statistically significant in 

the specification with income and labor supply controls, however.  Overall, full-redeemers on 

school break are the clear outliers in Table 6.  For this group, the impact of school opening is to 

reduce the severity of the calorie crunch by nearly three-quarters.   

                                                             
month.  In this case, we would expect the estimate of the impact of school meals on the calorie crunch to be biased 
downwards.   
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Notes: sample is limited to households with non-imputed last disbursement date.  Consumption is regressed on week 
of month fixed effects, month fixed effects, and month fixed effects interacted with DSD, and the average residuals 
are plotted by DSD and school status for kids receiving all school meals. 

 
Figure 5: Consumption Trends by School Status for Kids Receiving All School Meals  
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Table 5: Individual Consumption Cycles - School-age Kids by School and Meal Redemption Status 
 (1) (2) (3) (4) (5) (6) 
DSD -0.024** 

(0.011) 
-0.024* 
(0.013) 

-0.019* 
(0.011) 

-0.019 
(0.013) 

-0.005 
(0.012) 

-0.007 
(0.013) 

DSD X School open 0.004 
(0.010) 

0.008 
(0.011) 

  -0.020 
(0.012) 

-0.014 
(0.013) 

DSD X Receive all school meals   -0.007 
(0.007) 

-0.008 
(0.008) 

-0.038*** 
(0.013) 

-0.036*** 
(0.012) 

DSD X School open X Receive all school meals     0.049*** 
(0.015) 

0.045*** 
(0.015) 

DSD X Income ($1000s)  0.005* 
(0.003) 

 0.005* 
(0.003) 

 0.005** 
(0.003) 

DSD X HH Workers  -0.009* 
(0.005) 

 -0.009* 
(0.005) 

 -0.010* 
(0.005) 

DSD X Month FE Y Y Y Y Y Y 
Mean DV 2.447 

(0.036) 
2.447 

(0.036) 
2.447 

(0.036) 
2.447 

(0.036) 
2.447 

(0.036) 
2.447 

(0.036) 
Level controls: Diary-range FE, Month FE, Diary-
day FE, Week of Month FE, Weekend, All interacted 
variables 

Y Y Y Y Y Y 

Clusters (households) 509 509 509 509 509 509 
Observations 5,778 5,778 5,778 5,778 5,778 5,778 

***: p < 0.01, **: p < 0.05, *: p < 0.10.  Standard errors clustered at the household level.  Sample is limited to non-imputed DSD.  June is the excluded month 
from the set of fixed effects interacted with DSD.  All models are linear. 
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Table 6: Overall Consumption Cycles by Group, from Table 5, Column (6) 
Panel A: Income and Labor Supply Fixed at Zero 

 School Closed School Open Difference 
Non- or partial-recipient of school meals -0.007 

(0.013) 
-0.021 
(0.016) 

p = 0.26 

Full recipient of school meals -0.043*** 
(0.014) 

-0.012 
(0.015) 

p = 0.02 

Difference p < 0.01 p = 0.31 DID: p < 0.01 
Panel B: Income and Labor Supply at Group-specific Means 

Non- or partial-recipient of school meals -0.007 
(0.012) 

-0.019 
(0.014) 

p = 0.31 

Full recipient of school meals -0.043*** 
(0.014) 

-0.011 
(0.014) 

p = 0.02 

Difference p < 0.01 p = 0.32 DID: p < 0.01 
***: p < 0.01, **: p < 0.05, *: p < 0.10.  
 

Table A8 in the Appendix presents a variety of alternative specifications of the estimates 

in Table 5: weighted regressions, using the imputed data, excluding partial redeemers and 

summer meal program recipients, with only breakfast variation, and with a Tobit model.  Results 

are qualitatively consistent across specifications, with some fluctuation in magnitudes.  The 

Tobit model appears to fit the data particularly poorly in this case, with implausibly large 

coefficients.28  With sampling weights, the impact of school meals is its smallest, but still large: 

they mitigate just under 40% of the calorie crunch for full redeemers, although the estimate is not 

statistically significant. 

I also estimate specifications with meal-specific dependent variables.  In specifications 

with breakfast and lunch indicators as dependent variables, I use redemption of the 

corresponding meal as an explanatory variable.  The lunch results should thus be interpreted with 

some caution given the limited variation in lunch redemption.  I use dinner as a dependent 

variable to examine whether school meal provision can spill over to other consumption, 

presumably by loosening financial constraints.  Lastly, I estimate a specification with an 

indicator variable for no meal consumption in a day as the dependent variable.  Results from 

these alternative-dependent variable specifications are in Table 7.  The qualitative patterns from 

                                                             
28 The high frequency of reports of three meals per day, even well away from DSD = 0, means that a Tobit model 
adjusting for censoring over-predicts the frequency of latent consumption of (many) more than three meals in a day.  
Treating an observation of three meals as true data leads to much more realistic results, and is thus my preferred 
specification.  Simply put, reports of three meals in a day are, in all likelihood, not masking more consumption.   
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Table 5 are consistent with the meal-specific estimates in Table 7, including the dinner estimates.  

This suggests that there are strong spillovers from alleviating the need for parents to provide 

breakfast and lunch during the school week.  Column (4) shows that the likelihood of going an 

entire day without a meal is significantly increasing over the course of the month benefit month 

for all kids in the sample.  When school is out, this increase nearly twice as fast for kids who 

fully use school meal programs, but when school is in session, there is no difference across the 

groups.  Estimates using the imputed data are in Appendix Table A9.   
 

Table 7: Individual Meal Consumption Cycles - School-age Kids by School and Meal 
Redemption Status, Probit Model Marginal Effects 

Meal: Breakfast Lunch Dinner No Meals 
Meal redemption variable: Breakfast Lunch Breakfast and Lunch 
 (1) (2) (3) (4) 
DSD 
 

-0.003 
(0.005) 

0.012 
(0.008) 

-0.002 
(0.005) 

0.010*** 
(0.004) 

DSD X School open 
 

-0.008 
(0.006) 

-0.022** 
(0.009) 

-0.003 
(0.004) 

0.001 
(0.003) 

DSD X Redeem all meal variable 
 

-0.011* 
(0.005) 

-0.026*** 
(0.008) 

-0.015*** 
(0.004) 

0.008*** 
(0.003) 

DSD X School open X Redeem all meal 
variable 

0.015** 
(0.006) 

0.030*** 
(0.009) 

0.018*** 
(0.005) 

-0.009** 
(0.004) 

DSD X Income ($1000s) 
 

0.003** 
(0.001) 

0.001 
(0.001) 

0.002* 
(0.001) 

-0.001 
(0.001) 

DSD X HH Workers 
 

-0.004* 
(0.002) 

-0.002 
(0.002) 

-0.003* 
(0.002) 

0.003** 
(0.001) 

DSD X Month FE 
 

Y Y Y Y 

Mean DV 0.773 
(0.015) 

0.812 
(0.014) 

0.862 
(0.013) 

0.066 
(0.009) 

Level controls: Diary-range FE, Month 
FE, Diary-day FE, Week of Month FE, 
All interacted variables, Weekend 

Y Y Y Y 

Clusters (households) 509 513 509 477 
Observations 5,778 5,802 5,778 5,552 

***: p < 0.01, **: p < 0.05, *: p < 0.10. Standard errors clustered at the household level.   Marginal effects for DSD 
are the average across the sample.  Sample is limited to non-imputed DSD.  Observation counts are slightly lower 
than in Table 5, and vary across columns due to a small number of individual meal diaries that feature no variance in 
a given consumption outcome. 
   

The dinner results in column (3) of Table 7, combined with the slightly weaker 

differences by age within households of the same type, observed in Table 4, indicate that school 

meals may provide indirect benefits by adding slack to the household budget constraint.  Do 
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adults in SNAP households experience a benefit when their children get free meals in school?  I 

add adults in households with school-aged children to the estimation sample for the impact of 

school meals.  For every household, I create a variable equal to the mean of the school-open 

variable across the set of school-aged kids.  This is equal to zero or one for 98% of the sample 

with school-aged children.  I do the same with meal redemption.  This is equal to zero or one for 

90% of the sample with school-aged children.  Using this variable, I re-estimate the difference-

in-difference-in-trends specification, adding another level of differencing between kids and 

adults.  Estimates are in Table 8, columns (1) and (2).  I use the regression coefficients from 

column (2) to present overall consumption trends by group in Table 9.  I perform a similar 

exercise, pooling across all household members that are not school kids –kids too young for 

school, kids not in school for a variety of reasons (home-school, dropout, disability, other), and 

seniors—to maintain a larger sample.  Results are presented in columns (3) and (4) of Table 8.29 

Corresponding estimates that include the imputed data are in Appendix Table A10. 

The results suggest that adults benefit when their kids begin receiving school meals, but 

by a lesser magnitude than kids themselves.  The diff-in-diff effect of school meals on the 

decline in consumption over the benefit month for adults is marginally statistically significant (p 

= 0.07).  Although it is just about half the size of the effect for kids, this difference is not 

statistically significant (p = 0.18). 30  Within full-redeeming households, the single difference of 

school being open is statistically significant for kids (p = 0.02) but not for adults (p = 0.14), 

although the kids vs. adults diff-in-diff within this group is not statistically significant (p = 0.31).  

Overall, this is consistent with an indirect effect of school meals that operates through the 

household budget, and is weaker than the direct effect. 

 

 

 

 

 

 

                                                             
29 While the point estimates for this specification are similar and more precise than in columns (1) and (2) because 
of the larger sample, this control group is very heterogeneous, and is thus not my preferred test of this hypothesis.   
30 With all non-school aged kids in the control group, I can reject the hypothesis that the effect of school meals are 
the same across groups (p = 0.04 from column (4)). 
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Table 8: Individual Consumption Cycles - School-age Kids vs. Others by School and 
Meal Redemption Status 

Control group: Adults < 65 All non-schoolchildren 
 (1) (2) (3) (4) 
DSD 
 

0.004 
(0.011) 

0.003 
(0.012) 

0.006 
(0.011) 

0.003 
(0.012) 

DSD X Control -0.003 
(0.009) 

-0.002 
(0.009) 

-0.009 
(0.009) 

-0.008 
(0.009) 

DSD X HH School open mean -0.021 
(0.013) 

-0.019 
(0.013) 

-0.024* 
(0.013) 

-0.021 
(0.013) 

DSD X HH School open mean X Control 0.011 
(0.011) 

0.010 
(0.011) 

0.019* 
(0.011) 

0.018* 
(0.011) 

DSD X HH Receive all school meals 
mean  

-0.042*** 
(0.014) 

-0.042*** 
(0.014) 

-0.042*** 
(0.014) 

-0.041*** 
(0.014) 

DSD X HH Receive all school meals 
mean X Control 

0.005 
(0.013) 

0.006 
(0.013) 

0.018 
(0.012) 

0.017 
(0.012) 

DSD X HH School open mean X HH 
Receive all school meals mean 

0.054*** 
(0.017) 

0.053*** 
(0.018) 

0.054*** 
(0.018) 

0.052*** 
(0.018) 

DSD X HH School open mean X HH 
Receive all school meals mean X Control 

-0.024 
(0.017) 

-0.024 
(0.017) 

-0.035** 
(0.017) 

-0.034** 
(0.016) 

DSD X Income ($1000s) 
 

 0.003 
(0.002) 

 0.004 
(0.002) 

DSD X HH Workers 
 

 -0.006 
(0.004) 

 -0.005 
(0.004) 

DSD X Month FE 
 

Y Y Y Y 

Mean DV 
 

2.290 
(0.030) 

2.290 
(0.030) 

2.329 
(0.028) 

2.329 
(0.028) 

Level controls: Diary-range FE, Month 
FE, Diary-day FE, Week of Month FE, 
All interacted variables, Weekend 

Y Y Y Y 

Clusters (households) 509 509 509 509 
Observations 11,771 11,771 13,297 13,297 

***: p < 0.01, **: p < 0.05, *: p < 0.10.  Standard errors clustered at the household level.  Sample is limited to non-
imputed DSD.  June is the excluded month from the set of fixed effects interacted with DSD.  School open and meal 
redemption are defined at the household level as the mean across all schoolchildren.  Thus, the sample is limited to 
households with schoolchildren. 
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Table 9: Overall Consumption Cycles by Group, from Table 8, Column (2) 
 School Closed School Open Difference 
 School kids Adults School kids Adults School kids Adults 
Non- or partial-
recipient of 
school meals HH 

0.003 
(0.012) 

< 0.001 
(0.011) 

-0.016 
(0.014) 

-0.008 
(0.014) 

p = 0.15 p = 0.48 

Full recipient of 
school meals HH 

-0.039*** 
(0.012) 

-0.035*** 
(0.012) 

-0.005 
(0.013) 

-0.015 
(0.014) 

p = 0.02 p = 0.14 

Difference p < 0.01 p < 0.01 p = 0.30 p = 0.53 DID 
p < 0.01   p = 0.07 

***: p < 0.01, **: p < 0.05, *: p < 0.10.  Income and labor supply held fixed at zero. 
 

4.1.2 Other Explanations 

 

There are a variety of alternative and non-exclusive explanations for why adults and kids 

experience difference consumption trends over the SNAP benefit month.  I briefly discuss two 

commonly-suggested explanations here.  The first is sheltering.  However, the estimates in Table 

8 suggest that when school is out of session, adults do not exhibit consumption declines that are 

significantly different from kids.  This suggests that a general sheltering motive is not sufficient 

to explain why kids experience less severe consumption declines over the benefit month on 

average.  Another possibility is that the Women, Infants and Children (WIC) program could lead 

to the differences between kids and adults.  Kids up to five years old, and pregnant, postpartum 

or breastfeeding women in households with gross income under 185% of the poverty level are 

eligible.  About 20% of SNAP households in the sample have someone receiving WIC benefits 

at the time of the survey.  In Appendix Table A11, I present estimates of kid vs. adult differences 

in consumption cycles with all WIC households excluded.  The differences I identify in the full 

sample remain.31 

 

4.2 Gender Differences 

 

Existing work on household bargaining and gender-specific preferences (e.g. Lundberg et al. 

1997), suggests that there may be gender differences in the incidence of cyclical food insecurity.  

                                                             
31 The magnitude of the calorie crunch for kids in this sample is considerably larger than in the sample including 
WIC households.  WIC participation is endogenous, and eligibility is based on household structure, but this 
observation suggests that future work examining the causal impact of WIC on the calorie crunch may be warranted. 
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When resources get tight at the end of the month, perhaps men make physical or financial threats 

to maintain their consumption levels, or perhaps women, who often have direct control over the 

SNAP resources through a secure EBT card, are able maintain higher consumption.  Another 

possibility is that moms are more likely than dads to cut back in order keep young children fed.  I 

again estimate equation (2), adding gender and its interaction with days since benefit 

disbursement.  Results are in Appendix Table A12 for all individuals, adults only, adults in 

gender-diverse households, and adults in gender-diverse households with kids.  I find no 

evidence of any gender differences in consumption cycles in either sample. 

 

5.  Consumption Quality 

 

Given that consumption in the FoodAPS is measured using meal indicators, changes in the 

number of daily meals over the benefit month may not tell the whole story.  This section 

investigates whether the nature of food purchasing, in terms of nutritional quality, also changes 

over the month among FoodAPS households.  Changes in the amount and quality of food within 

a meal over the benefit month would matter for the interpretation of the preceding results.  For 

example, if a household’s diet shifts towards less healthy, more energy-dense foods over the 

course of the month, this could mitigate the hunger consequences of declining meal 

consumption, but exacerbate the health consequences. 

First, I study some simple statistics related to calories, expenditures and meals over the 

benefit month.  Then, I use the 2015 version of the Healthy Eating Index (HEI) to more formally 

examine changes in nutritional quality.32  In both cases, I collapse the data to the household 

level.  I do this to abstract from extensive margin changes in the likelihood of shopping over the 

benefit month, and to bring consumption and expenditure closer together.  Days since SNAP 

disbursement is measured as the minimum value within a household diary.  To control for the 

non-SNAP calendar, I take the mean calendar month, round it to the nearest integer and add 

corresponding fixed effects.  Results are presented in Table 10. 

 

 

                                                             
32 The HEI-2015 is a collaboration between the USDA and the National Cancer Institute, used to determine 
adherence with the 2015-2020 Dietary Guidelines for Americans (NCI 2018). 
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Table 10: Cycles in Expenditure Composition 
Dependent variable: $/meal kCal/person HEI-2015 
 (1) (2) (3) (4) 
DSD (minimum within diary) -0.075* 

(0.040) 
-44.329*** 

(5.734) 
-0.179*** 

(0.045) 
-0.157*** 

(0.046) 
Total food expenditure     0.008** 

(0.003) 
Mean DV 
 

4.693 
(0.427) 

1448.14 
(41.537) 

46.640 
(0.345) 

46.640 
(0.345) 

Week of month (mean within diary) FE Y Y Y Y 
Observations 1,122 1,130 1,098 1,098 

***: p < 0.01, **: p < 0.05, *: p < 0.10.  Robust standard errors.  Some households lack expenditures in the non-
imputed portion of their diary, and thus are missing in column (1).  Grams and calories feed into nearly all HEI-2015 
components, and missing values lead to additional missing households in columns (3) and (4).  All models are 
linear. 

 

Starting with cost as a measure of meal quality, I find that total food expenditures per meal 

consumed fall over the course of the month.  At the beginning of the benefit month, SNAP 

households spend roughly $6.16 per meal, and this declines by a marginally significant $0.07 

per-day (p = 0.063).  By the end of the benefit month, each meal is worth about $3.92, a 36% 

decrease.  Calories purchased per-capita strongly declines over the benefit month, from about 

2200 calories per-day to 900 calories per-day (p < 0.01).  This indicates either that households 

cannot substitute in such a way that maintains constant energy intake, or that they do so using 

non-perishable consumption items that are likely less nutritious.   

The nutrient module of the FoodAPS was designed specifically to allow researchers to 

construct the HEI from both the grocery-expenditure data and the eating-out data.  The HEI-2015 

is constructed from 13 components of diet, with a point allocation based for each.  I briefly 

discuss the components later, but for complete details, see NCI (2018).  The maximum points 

from each component sum to 100, which would indicate full compliance with the 2015-2020 

Dietary Guidelines for Americans.  Todd (2015) estimates an average HEI-2010 of 44.8 in a 

sample of SNAP adults, which is well below the national average of 59 (Schap, 2016).  Average 

HEI-2015 in my sample is 46.64.  Aggregating expenditure diaries to the household level 

dramatically reduces noise in the HEI because it is designed as a measure of consumption 

quality; the majority of food group purchases on any given day is zero, but this is not true at the 

weekly level.  Residual HEI-2015, after removing calendar-week variation, is shown in Figure 6.  

There is a gradual decline over most of the month, with a steep decline at the end.  From Table 
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10, I estimate that the HEI-2015 declines about 5.4 points over the course of the benefit month (p 

< 0.01).  HEI-2015 declines even when total expenditures are held fixed, which suggests that 

HEI declines not just because less food is purchased, but because purchase composition is 

changing.33   

 

 
Figure 6: Residual HEI-2015 Scores over the Benefit Month 

 

 In Appendix Table A13, I present trend over the benefit month estimates separately for 

each of the 13 individual components of the HEI-2015.  A higher score corresponds to a better 

diet in every category, rather than more consumption in each category.  I find that HEI-2015 

scores in every category worsen over the benefit month, except for ‘Added Sugars’.  Using a 

                                                             
33 50 of the 100 available HEI-2015 points are from sufficiency components that would decrease in response to an 
across-the-board proportional reduction in spending.  40 of the points are from moderation components that would 
increase in response to an across-the-board proportional reduction in spending.  The remaining 10 points are from a 
ratio that would remain unchanged.  Therefore, a decline in expenditure would be expected to mildly reduce the 
HEI-2015 score on its own.  Controlling for total expenditure holds this fixed, but produces a biased estimate of the 
DSD coefficient because it is an endogenous control variable. I would expect households with higher expenditure at 
the end of the month to be better planners and also eat healthier.  This would bias the estimate of the DSD 
coefficient towards zero.  
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Bonferroni adjustment to each hypothesis test to account for the 13 models, declining 

consumption of ‘Whole Fruit’ (all fruit except for juice) and poorer ‘Fatty Acids’ consumption (a 

decrease in the ratio of unsaturated to saturated fat) are the largest factors I can significantly 

identify in the overall decline of the HEI.34  There is also a sizeable increase in ‘Refined Grains’ 

consumption, and thus a worsening of its HEI score, although the estimate is statistically 

significant using the Bonferroni adjustment. 

 

6. Discussion and Conclusion 

 

The FoodAPS data offer a first look at simultaneous expenditure and consumption profiles 

for SNAP households.  I find that expenditure and consumption patterns over the benefit month 

are correlated within households, which brings together two groups of papers –expenditure-based 

and consumption-based-- in the literature.  The main results of the paper are that for school-aged 

kids who use school-meal programs, when school is out, they experience severe consumption 

declines over the benefit month.  However, when school is in session, they are protected from 

such declines.  Furthermore, there is evidence that the benefits of school meal provision also 

accrue to adults in the household.  To give context to reduced meal consumption over the benefit 

month, I also explore the within-benefit-month trend in the quality of diet.  Using a formal 

measure of diet quality, the HEI-2015, I find a marked decrease over the benefit month.  These 

diet quality changes may exacerbate the health consequences of limited consumption at the end 

of the month, but they are likely techniques to avoid being hungry.   

There are at least two important takeaways from the finding that school meals help mitigate 

the calorie crunch.  First, it suggests that the negative school outcomes that have been shown to 

increase over the benefit month are likely to be more substantial, if as yet unobserved, during 

school break.  High-stakes college entrance exams taken when school is closed may exhibit more 

severe cycles than those taken when school is in session.35 Bad behavior that results in detention 

during school might result in legal trouble when school is out.  Future work on the impacts of 

benefit cycles should specifically target school breaks.  Additionally, other mechanisms for the 

                                                             
34 Given that there is not a significant decline in ‘Saturated Fats’ on its own, poorer ‘Fatty Acids’ consumption 
comes from a decrease in the consumption of healthy, unsaturated fats, like seafood, nuts, olives, and seeds.  
35 Given that the importance of these exams is likely recognized by parents, one might expect this to manifest only 
for the neediest households. 
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impacts of the benefit cycle during school, such as stress in the home and decreased nutritional 

quality, should be considered as well as hunger.  Indeed, Anderson et al. (2017) find that making 

school lunches healthier increases kids’ test scores. 

The second takeaway is that policy makers should expect substantial reductions in the benefit 

cycle and its associated harms from expanding summer meal programs.  Only a small number of 

kids participating in school meal programs receive summer meals from the USDA’s Summer 

Food Service Program (SFSP, Hayes et al. 2016).  This may be because the SFSP’s availability 

is spotty.  They contract with non-profit organizations, often camps, to provide meals.  Getting a 

meal means finding a local provider.  Thus, rural areas are especially underserved.  One 

proposed policy from the Food Research & Action Center recommends a summer EBT card for 

families with school-meal-eligible kids.  My findings suggest that the benefits of such a policy 

would likely accrue to the entire household rather than just the school-age kids.   
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A. Appendix for Online Publication 

 

Table A1: Expenditure and Consumption Cycles by Specification 
Panel A: Expenditure 

Model: Pooled OLS Household FE Diary-range FE 
 (1) (2) (3) 
DSD -0.228*** 

(0.063) 
-2.000*** 

(0.225) 
-1.999*** 

(0.224) 
Mean DV 17.940 

(0.480) 
17.940 
(0.480) 

17.940 
(0.480) 

Clusters 1,130 1,130 1,130 
Observations 7,107 7,107 7,107 

Panel B: Consumption 
Model: Pooled OLS Individual FE Diary-range FE 
 (1) (2) (3) 
DSD -0.009*** 

(0.003) 
-0.015*** 

(0.004) 
-0.015*** 

(0.004) 
Mean DV 2.250 

(0.022) 
2.250 

(0.022) 
2.250 

(0.022) 
Clusters 1,130 1,130 1,130 
Observations 22,132 22,132 22,132 

***: p < 0.01, **: p < 0.05, *: p < 0.10.  Standard errors clustered at the household level.  All models are linear. 
 

 

Table A2: Household Expenditure Cycles, Alternative Specifications, Poisson Marginal 
Effects 

Weights: Sampling Diary None 
Sample:  Non-imputed All data All data, 

DSD > 0 
All data, 
DSD > 6 

 (1) (2) (3) (4) (5) 
DSD 
 

-1.875*** 
(0.343) 

-2.105*** 
(0.253) 

-3.159*** 
(0.275) 

-2.186*** 
(0.238) 

-1.984*** 
(0.258) 

Mean DV 
 

17.027 
(0.706) 

17.984 
(0.500) 

20.294 
(0.514) 

18.368 
(0.474) 

17.285 
(0.497) 

Level controls: Diary-range 
FE, Week of month FE, 
Survey rep call, weekend 

Y Y Y Y Y 

Clusters 1,130 1,130 1,166 1,166 1,130 
Observations 7,107 7,107 8,162 7,908 6,288 

***: p < 0.01, **: p < 0.05, *: p < 0.10.  Marginal effects for DSD are the average across the sample.  Standard 
errors clustered at the household level.   
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Table A3: SNAP Household Expenditure as a Fraction of non-SNAP Household 
Expenditure Cycles – Poisson Marginal Effects 

Control Sample: < 185% of 
poverty threshold 

< 100% of 
poverty threshold 

∈ (100%, 185%) of 
poverty threshold 

 (1) (2) (3) 
DSD -0.123*** 

(0.016) 
-0.259*** 

(0.046) 
-0.136*** 

(0.019) 
Mean DV 1.077 

(0.032) 
1.977 

(0.090) 
1.146 

(0.036) 
Level controls: Diary-range 
FE, Week of month FE, 
Survey rep call, weekend 

Y Y Y 

Clusters 1,130 1,097 1,130 
Observations 7,039 6,655 7,026 

***: p < 0.01, **: p < 0.05, *: p < 0.10.  Standard errors clustered at the household level.  Marginal effects for DSD 
are the average across the sample.  Sample is limited to non-imputed DSD.  Observations are dropped relative to the 
SNAP sample if there are no observed households in the control group on a specific calendar day.   
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Table A4: Individual Consumption Cycles, Alternative Specifications 
Model: OLS Tobit Probit (marginal effects) 
Weights: Sampling Diary None 
Sample: Non-imputed All data All data, 

DSD > 0 
DSD > 6 Non-imputed 

Dependent variable: # Meals Any Snack No Meals 
 (1) (2) (3) (4) (5) (6) (7) (8) 

DSD -0.018*** 
(0.005) 

-0.013*** 
(0.004) 

-0.008** 
(0.004) 

-0.009** 
(0.004) 

-0.014*** 
(0.005) 

-0.015** 
(0.007) 

-0.009*** 
(0.001) 

0.008*** 
(0.001) 

Mean DV 2.196 
(0.033) 

2.245 
(0.022) 

2.244 
(0.021) 

2.246 
(0.021) 

2.236 
(0.023) 

2.250 
(0.022) 

0.907 
(0.006) 

0.059 
(0.005) 

Level controls: Diary-
range FE, Week of month 
FE, Survey rep call, 
weekend 

Y Y Y Y Y Y Y Y 

Clusters 1,130 1,130 1,166 1,166 1,130 1,130 1,130 1,130 
Observations 22,132 22,132 25,543 24,730 19,565 22,132 22,132 22,132 

***: p < 0.01, **: p < 0.05, *: p < 0.10.  Standard errors clustered at the household level.  Sampling weights provided at the household level in the FoodAPS.  
Diary weights adjust for unequal sampling within the benefit month induced by excluding imputed observations.  The Tobit model allows for censoring at three 
meals in a day.  Marginal effects for DSD are the average across the sample.  Any snack is an indicator for whether morning, afternoon, or evening snack is 
reported.  No meals is an indicator for whether breakfast, lunch and dinner are all missed. 
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Table A5: SNAP Individual Consumption as a Difference from non-SNAP Individual 
Consumption Cycles 

Control Sample: < 185% of 
poverty threshold 

< 100% of 
poverty threshold 

∈ (100%, 185%) of 
poverty threshold 

 (1) (2) (3) 
DSD -0.012*** 

(0.004) 
-0.006 
(0.005) 

-0.012*** 
(0.004) 

Mean DV 0.013 
(0.022) 

0.119 
(0.024) 

-0.026 
(0.022) 

Level controls: Diary-range 
FE, Week of month FE, 
Survey rep call, weekend 

Y Y Y 

Clusters 1,130 1,113 1,130 
Observations 22,092 22,269 22,078 

***: p < 0.01, **: p < 0.05, *: p < 0.10.  Standard errors clustered at the household level.  Sample is limited to non-
imputed DSD.  Observations are dropped relative to the SNAP sample if there are no observed households in the 
control group on a specific calendar day.  All models are linear. 
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Table A6: Individual Consumption Cycles – Kids versus Adults < 65, Alternative Specifications 
Model: OLS Tobit 
Weights: Sampling Diary None 
Sample: Non-imputed All data All data,  

DSD > 0 
DSD > 6 Non-imputed 

 (1) (2) (3) (6) (5) (6) (7) (8) 
DSD -0.009 

(0.006) 
-0.007* 
(0.004) 

-0.005 
(0.004) 

-0.005 
(0.004) 

-0.006 
(0.005) 

-0.008 
(0.007) 

-0.008 
(0.008) 

-0.009 
(0.009) 

DSD X Adult -0.008 
(0.006) 

-0.007** 
(0.003) 

-0.006** 
(0.002) 

-0.007*** 
(0.003) 

-0.013*** 
(0.004) 

-0.008** 
(0.004) 

-0.007** 
(0.004) 

-0.009 
(0.008) 

DSD X SNAP amount 
($100s) 

     < 0.001 
(0.001) 

< 0.001 
( 0.001) 

 

DSD X S Household size 
(minus 1) 

      < 0.001 
(0.002) 

 

Level controls: Diary-
range FE, Week of month 
FE, Survey rep call, 
weekend, All interacted 
variables 

Y Y Y Y Y Y Y Y 

Clusters 1,073 1,073 1,109 1,109 1,073 1,017 1,017 1,073 
Observations 20,189 20,189 23,345 22,608 17,806 18,950 18,950 20,189 

***: p < 0.01, **: p < 0.05, *: p < 0.10.  Standard errors clustered at the household level.  Sampling weights provided at the household level in the FoodAPS.  
Diary weights adjust for unequal sampling within the benefit month induced by excluding imputed observations.  The Tobit model allows for censoring at three 
meals in a day.  SNAP disbursement sizes are missing for a subset of SNAP households. 
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Table A7: Household Characteristics by School and Meal Redemption Status 
Variable: SNAP 

($100s) 
HH Size Income 

($1000s) 
Workers WIC 

 (1) (2) (3) (4) (5) 
School open 
 

-0.331 
(0.355) 

0.145 
(0.264) 

0.297 
(0.256) 

0.236* 
(0.140) 

-0.036 
(0.076) 

Redeem all school 
meals 

0.162 
(0.314) 

0.203 
(0.267) 

-0.410* 
(0.217) 

-0.175 
(0.137) 

-0.011 
(0.069) 

School open X Redeem 
all school meals 

0.274 
(0.400) 

0.006 
(0.326) 

0.089 
(0.302) 

0.105 
(0.169) 

0.039 
(0.085) 

Mean DV 3.838 
(0.089) 

4.465 
(0.071) 

1.922 
(0.071) 

0.911 
(0.037) 

0.222 
(0.018) 

Month FE Y Y Y Y Y 
Observations 501 527 527 527 527 

***: p < 0.01, **: p < 0.05, *: p < 0.10.  Robust standard errors.  Household size includes all residents except guests.  
Income is a sum of monthly reported income across all household members.  Workers is the number of individuals 
“working at a job or business” the week before the initial survey.  WIC is an indicator for anyone in the household 
receiving benefits.  June is the excluded month from the set of month fixed effects.  All models are linear. 
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Table A8: Individual Consumption Cycles - School-age Kids by School and Meal Redemption Status, Alternative 
Specifications 

Model: OLS Tobit 
Weights: Sampling Diary None 
Meal redemption variable:  Breakfast and lunch Breakfast Breakfast 

and lunch 
Sample: Non-imputed All data All data,  

DSD > 0 
DSD > 6 No partial 

redeemers 
Non-imputed 

 (1) (2) (3) (6) (5) (6) (7) (8) 
DSD -0.013 

(0.017) 
-0.002 
(0.013) 

-0.010 
(0.011) 

-0.011 
(0.011) 

-0.005 
(0.014) 

-0.007 
(0.017) 

-0.007 
(0.013) 

0.009 
(0.036) 

DSD X School open 
 

0.004 
(0.016) 

-0.015 
(0.013) 

0.002 
(0.010) 

> - 0.001 
(0.010) 

-0.001 
(0.013) 

-0.026 
(0.016) 

-0.016 
(0.013) 

-0.046 
(0.036) 

DSD X Redeem all meal 
variable 

-0.031* 
(0.016) 

-0.038*** 
(0.013) 

-0.019** 
(0.010) 

-0.022** 
(0.010) 

-0.041*** 
(0.012) 

-0.033** 
(0.016) 

-0.037*** 
(0.012) 

-0.105*** 
(0.036) 

DSD X School open X 
Redeem all meal variable 

0.016 
(0.020) 

0.045*** 
(0.015) 

0.025** 
(0.011) 

0.031** 
(0.012) 

0.052*** 
(0.016) 

0.041** 
(0.019) 

0.049*** 
(0.015) 

0.135*** 
(0.043) 

DSD X Income ($1000s) 
 

0.001 
(0.002) 

0.005* 
(0.003) 

0.004* 
(0.002) 

0.004* 
(0.002) 

0.004 
(0.003) 

0.004 
(0.003) 

0.005** 
(0.003) 

0.015* 
(0.008) 

DSD X HH Workers 
 

-0.008 
(0.007) 

-0.010* 
(0.005) 

-0.007* 
(0.004) 

-0.007* 
(0.004) 

-0.015*** 
(0.006) 

-0.008 
(0.006) 

-0.010* 
(0.005) 

-0.029** 
(0.014) 

DSD X Month FE Y Y Y Y Y Y Y Y 
Level controls: Diary-range 
FE, Week of month FE, 
Survey rep call, weekend, 
All interacted variables 

Y Y Y Y Y Y Y Y 

Clusters 509 509 527 527 509 408 509 509 
Observations 5,778 5,778 6,699 6,494 5,028 4,417 5,778 5,778 

***: p < 0.01, **: p < 0.05, *: p < 0.10.  Standard errors clustered at the household level.  Sampling weights provided at the household level in the FoodAPS.  
Diary weights adjust for unequal sampling within the benefit month induced by excluding imputed observations.  Partial redeemers are defined as individuals 
redeeming between one and four school meals per-week when school is open, or receiving meals from summer meal programs on summer break.  The Tobit 
model allows for censoring at three meals in a day.  June is the excluded month from the set of month fixed effects interacted with DSD. 
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Table A9: Individual Meal Consumption Cycles - School-age Kids by School and Meal 
Redemption Status, Probit Model Marginal Effects, All Data 

Meal: Breakfast Lunch Dinner No Meals 
Meal redemption variable: Breakfast Lunch Breakfast and lunch 
 (1) (2) (3) (4) 
DSD 
 

-0.005 
(0.004) 

0.003 
(0.007) 

-0.002 
(0.004) 

0.012*** 
(0.003) 

DSD X School open 
 

0.001 
(0.004) 

-0.011* 
(0.007) 

0.002 
(0.003) 

-0.002 
(0.002) 

DSD X Redeem all meal variable 
 

-0.005 
(0.004) 

-0.013** 
(0.006) 

-0.008** 
(0.003) 

0.006** 
(0.002) 

DSD X School open X Redeem all meal 
variable 

0.007 
(0.005) 

0.017** 
(0.007) 

0.008** 
(0.004) 

-0.005* 
(0.003) 

DSD X Income ($1000s) 
 

0.002** 
(0.001) 

0.001 
(0.001) 

0.002** 
(0.001) 

-0.002*** 
(0.001) 

DSD X HH Workers 
 

-0.003 
(0.002) 

-0.002 
(0.002) 

-0.002 
(0.001) 

0.002* 
(0.001) 

DSD X Month FE 
 

Y Y Y Y 

Level controls: Diary-range FE, Month 
FE, Diary-day FE, Week of Month FE, 
All interacted variables, Weekend 

Y Y Y Y 

Clusters (households) 527 532 527 513 
Observations 6,699 6,755 6,699 6,473 

***: p < 0.01, **: p < 0.05, *: p < 0.10. Standard errors clustered at the household level.   Marginal effects for DSD 
are the average across the sample.  Observation counts are slightly lower than in Table 5, and vary across columns 
due to a small number of individual meal diaries that feature no variance in a given consumption outcome.  June is 
the excluded month from the set of month fixed effects interacted with DSD. 
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Table A10: Individual Consumption Cycles - School-age Kids vs. Others by Household 
School and Meal Redemption Status, All Data 

Control group: Adults < 65 All non-school kids 
 (1) (2) (3) (4) 
DSD 
 

-0.001 
(0.009) 

-0.002 
(0.010) 

-0.001 
(0.009) 

-0.003 
(0.010) 

DSD X Control -0.001 
(0.006) 

< 0.001 
(0.006) 

-0.005 
(0.006) 

-0.004 
(0.006) 

DSD X HH School open mean -0.003 
(0.010) 

< 0.001 
(0.011) 

-0.003 
(0.010) 

< 0.001 
(0.010) 

DSD X HH School open mean X Control 0.001 
(0.008) 

0.001 
(0.008) 

0.006 
(0.008) 

0.005 
(0.008) 

DSD X HH Receive all school meals 
mean  

-0.023** 
(0.011) 

-0.022** 
(0.011) 

-0.023** 
(0.011) 

-0.022** 
(0.011) 

DSD X HH Receive all school meals 
mean X Control 

0.002 
(0.009) 

0.001 
(0.009) 

0.010 
(0.009) 

0.009 
(0.009) 

DSD X HH School open mean X HH 
Receive all school meals mean 

0.034** 
(0.013) 

0.031** 
(0.013) 

0.034** 
(0.013) 

0.031** 
(0.013) 

DSD X HH School open mean X HH 
Receive all school meals mean X Control 

-0.010 
(0.012) 

-0.010 
(0.012) 

-0.018 
(0.012) 

-0.016 
(0.012) 

DSD X Income ($1000s) 
 

 0.002 
(0.001) 

 0.002 
(0.001) 

DSD X HH Workers 
 

 -0.003 
(0.003) 

 -0.003 
(0.003) 

DSD X Month FE 
 

Y Y Y Y 

Level controls: Diary-range FE, Month 
FE, Diary-day FE, Week of Month FE, 
All interacted variables, Weekend 

Y Y Y Y 

Clusters (households) 527 527 527 527 
Observations 13,678 13,678 15,442 15,442 

***: p < 0.01, **: p < 0.05, *: p < 0.10.  Standard errors clustered at the household level.  June is the excluded 
month from the set of fixed effects interacted with DSD.  School open and meal redemption are defined at the 
household level as the mean across all schoolchildren.  Thus, the sample is limited to households with 
schoolchildren.  All models are linear. 
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Table A11: Individual Consumption Cycles – Kids versus Adults < 65, WIC Households 
Excluded 

Household type: All All < 3 adults in HH, 
> 0 kids in HH  

2 adults in HH, 
2 kids in HH 

 (1) (2) (3) (4) 
DSD -0.013** 

(0.006) 
-0.014** 
(0.006) 

-0.017** 
(0.007) 

-0.008 
(0.015) 

DSD X Adult -0.009** 
(0.004) 

-0.011** 
(0.005) 

-0.009* 
(0.005) 

-0.012 
(0.008) 

Adult children or grand-
children in HH? 

Y N N N 

Level controls: Adult, Diary-
range FE, Week of month FE, 
Survey rep call, Weekend 

Y Y Y Y 

Clusters 852 671 303 64 
Observations 14,483 10,795 6,773 1,605 

***: p < 0.01, **: p < 0.05, *: p < 0.10.  Standard errors clustered at the household level.  Sample is limited to non-
imputed DSD, and individuals under 65 years of age.  Households are excluded if any member receives WIC 
benefits.  All models are linear. 
 
 

Table A12: Table 5: Individual Consumption Cycles – Adults by Gender 
Sample restriction: None Adults < 

65, not 
adult child 

Adults of 
both genders 
in HH, not 
adult child 

Adults of both 
genders and 
kids in HH, 

not adult child 
 (1) (2) (3) (4) 
DSD -0.012*** 

(0.004) 
-0.013** 
(0.005) 

-0.012** 
(0.006) 

-0.010 
(0.007) 

DSD X Female < 0.001 
(0.003) 

0.001 
(0.004) 

0.001 
(0.004) 

< 0.001 
(0.004) 

Level controls: Female, Diary-
range FE, Week of month FE, 
Survey rep call, Weekend 

Y Y Y Y 

Clusters 1,130 1,038 472 338 
Observations 21,424 10,298 6,420 4,575 

***: p < 0.01, **: p < 0.05, *: p < 0.10.  Standard errors clustered at the household level.  Sample is limited to non-
imputed DSD.  All models are linear. 
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Table A13: Cycles in Expenditure Composition, Individual Components of HEI-2015 
Component (maximum score) Regression Coefficient on DSD (Standard Error) 

Total Fruits (juice included) -0.015** (0.007) 
Whole Fruits (no juice) -0.022*** (0.008) †† 
Total Vegetables -0.014** (0.006) 
Greens and Beans -0.007 (0.006) 
Whole Grains -0.019** (0.009) 
Dairy -0.004 (0.013) 
Total Protein Foods -0.012* (0.007) 
Seafood and Plant Proteins -0.014** (0.007) 
Fatty Acids -0.068*** (0.013)† 
Refined Grains -0.028* (0.015) 
Sodium -0.005 (0.015) 
Added Sugars  0.002 (0.015) 
Saturated Fats -0.004 (0.013) 

***: p < 0.01, **: p < 0.05, *: p < 0.10.  †††: 13*p < 0.01, ††:13*p < 0.05, †: 13*p < 0.10.  Robust standard errors.  
Sample is limited to non-imputed DSD and aggregated to the household level.  1,098 households are in the sample.  
All regressions feature week of month fixed effects.  All models are linear. 
 


