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Abstract
SNAP benefits play a vital role in combating food insecurity for millions of
families. Yet, research shows that the once-a-month lumpsum disbursement of
SNAP benefits leaves meaningful deficiencies in recipient households during the
final weeks of their benefit cycle. Given the importance of nutrition for health,
these deficiencies suggest that recipient health might also be affected by the
benefit cycle. Further, the day that households receive benefits changes behaviors
and routines (notably by increased shopping), which may crowd out healthcare
utilization. This project uses quasi-random assignment of SNAP receipt dates that
are linked to administrative data on ER visits to examine whether ER utilization
is affected on receipt date, and on days close to the end of the benefit cycle (when
nutritional deficiencies may peak). We find no overall increase in ER usage at the
end of the benefit month, except among individuals 55 and over. Within this older
population, the share of ER visits that comes from individuals that received
benefits more than 21 days ago is 1.67% larger than would be expected. Notably,
this effect is much larger when the end of the benefit cycle coincides with the end
of the calendar month. This suggests that within this older group, increased food
insecurity leads to increased ER utilization. On the day of SNAP benefit receipt,
we find that the share of ER visitors that received benefits on that day is 3.1%
lower than would be expected. This effect is present across all age groups,
although the magnitude is smallest for young children.
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I.

Introduction

There is an extensive literature documenting the association between food insecurity and health
outcomes. 1 This association exists not only for conditions associated with nutrition, like anemia
or diabetes (Eicher-Miller, et. al. 2009; Seligman, et.al., 2012), but also for conditions like asthma,
mental health, and hypertension (Kirkpatrick, et.al., 2010; Seligman, Laraia and Kushel, 2009).
Further, food insecurity is a barrier to health care utilization (Kushel, et.al., 2006, Berkowitz, et.
al., 2018) and recipients of food benefits generally have lower levels of health care expenditures
(Berkowitz, et. al., 2017).
There are several possible mechanisms that might explain an effect of food insecurity on
health outcomes. First, food insecurity may be associated with non-adherence to costly
medications (Bengle, et. al., 2010; Berkowitz, Seligman and Choudhry, 2014; Knight, et. al., 2016)
or delay of needed medical care (Kushel, et. al., 2006). This has been previously identified as a
problem among older adults that use SNAP (Srinivasan and Pooler, 2018). Second, times of food
insecurity are associated with higher stress levels that could have negative spillovers into health
(Bradley, et. al., 2018; Fiese, et. al., 2016). Finally, food insecurity could negatively affect mental
health and exacerbate undesirable behaviors (de Mores, et. al., 2016; King, 2018; Gassman-Pines
and Bellows, 2016).
The Supplemental Nutrition Assistance Program (SNAP) is the largest safety net program
designed to alleviate hunger. It currently provides benefits to over 40 million individuals. There is
a substantial literature that evaluates how effective the program is at alleviating food insecurity. 2
Additionally, a growing literature documents that benefit receiving households’ consumption and
purchasing behavior changes across the SNAP benefit month (Hastings and Washington, 2010;
Castellari, et. al., 2017; Wilde and Ranney, 2000; Hamrick and Andrews, 2016). Perhaps most
notably, Shapiro (2005) documents a 10-15% decline in caloric consumption between the first and
last week of the benefit month. Relatedly, the likelihood an individual on SNAP is classified as
food insecure is substantially higher at the end of their respective benefit month (Gregory and
Smith, 2018). Taken together, these findings suggest that the benefit cycle might correlate with
cycles of health outcomes. More specifically, as individuals move further from benefit receipt in
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their respective month, their health might deteriorate. There is also the possibility that changes in
their behaviors might lead to increased health care utilization. There is also reason to suspect that
possible effects of food insecurity vary by age across the SNAP benefits cycle. For example, the
very young and the older populations might be more vulnerable to illness exacerbated by food
insecurity. Further, research shows that older populations are more vulnerable to cost-related nonadherence for prescription medications (Breisacher, Gurwitz and Soumerai, 2007) and that schoolaged children use school meals to help smooth consumption (Kuhn, 2018).
In contrast to the mechanism described above, household behavior immediately upon
receipt may be altered in ways that are associated with negative health outcomes. That is, the day
of food stamp receipt might be associated with behavioral responses that are unrelated to food
insecurity. For instance, Phillips, Christenfeld, and Ryan (1999) report an increase in mortality
across nearly all types of death in the first week of the month, which coincides with many transfer
payments as well as income receipts. Evans and Moore (2011 and 2012) investigate this
association more completely and trace the mortality cycle directly to the arrival of income and
general economic activity, with the most pronounced effects among liquidity-constrained
populations. One possible explanation is that income/benefit receipt is associated with increased
drug or alcohol use. Indeed, Dobkin and Puller (2007) show the receipt of disability benefits is
associated with increases in drug-related hospitalizations and mortality. Carr and Packham (2019)
suggest another possible mechanism: increased domestic conflict within families on benefit receipt
date. Thus, if SNAP benefit receipt is associated with increased drug or alcohol use or domestic
conflict, then we might expect an increase in ER utilization on those dates. In contrast to these
findings, Cotti, Gordanier and Ozturk (2016) look specifically at the monthly timing of SNAP
benefits and find a reduction in alcohol-related fatal accidents on the day of benefit receipt,
possibly through altered household behaviors those days. Additionally, and importantly, several
papers (e.g., Hastings and Washington, 2010; Castellari, et. al., 2017; etc.) have shown a notable
increase in grocery shopping on SNAP receipt days, which might alter household schedules and
lead them to delay other household-related activities, including seeking medical care.
In this paper, we investigate the timing of SNAP benefits and emergency room (ER) visits.
We use administrative data on all SNAP recipients under the age of 65 who are also on Medicaid
in South Carolina. For a given day, we calculate several measures of interest. First, we measure
the share of ER visitors within this population that visited the ER more than three weeks after their
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most recent SNAP benefit distribution (e.g., in a more food insecure position), which we call the
long-wait share, and compare this to the share of the total SNAP population that we expect are
actually more than three weeks into their respective SNAP benefit cycle based on the actual SNAP
distribution schedule. We find that, on average, the long-wait share in the ER is no higher than the
long-wait share in the population. However, among SNAP recipients over the age of 55, the longwait share is 1.67% higher and the average number of days since receipt of benefits is also slightly
higher. When we restrict the analysis to recipients whose long-wait periods of their benefits cycles
correspond with days near the end of the calendar month, we find that the effect is much larger.
When we break our long-wait analysis down to specific conditions that have been studied
regarding food insecurity in the previous literature, we find no comprehensive effects on these
specific conditions. However, we do see positive and significant increases in ER visits for both
asthma and incidents of anxiety or depression when the long waits coincide with the end of the
calendar month.
Using a similar approach, we also compute the share of ER patients observed within this
population that received their SNAP benefits each benefit distribution day and compare it to the
share of the SNAP population that received benefits that same day. We find that the share that
received their benefits on the day they visited the ER is 3.1% lower than we would expect by
random chance. A supplemental analysis using data from the American Time Use Survey finds
supportive evidence that day of benefit receipt is associated with less time receiving health care.
When we break our day-of-receipt results out by different conditions, we find a consistent negative
effect associated with the day of receipt. The effect is negative and statistically significant for 20
of the 25 most common conditions. However, we do not find any evidence of an effect for certain
conditions like pregnancy-related complications, which we would not expect to be impacted by
time use allocation decisions. These results are consistent with a large literature that documents
ER use for non-emergency or primary care services. That is to say, certain care may be delayed on
the benefit receipt date.
These results have several public policy implications. First, the cyclical nature of ER visits
suggests there is a public policy interest in helping households smooth consumption. This could
be accomplished by increasing benefits or by possibly splitting benefits into multiple distribution
dates. Although, the latter could exacerbate food insecurity if households face large transportation
costs that make multiple shopping trips costly or if splitting benefits prevents households from
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taking advantage of bulk shopping. Related, our results suggest that the timing of benefits within
the month might also be important. If households receive other benefits or income early in the
month, distribution of SNAP benefits later in the month may have positive effects. Second, these
results highlight that, at least for the older SNAP recipients, there are serious health manifestations
over the benefit cycle month, especially when this coincides with the calendar month. Efforts to
fight hunger might focus on this subgroup as the consequences of food insecurity are more severe.
Lastly, the results highlight the salience of non-urgent use of the ER, which, given the high cost
of care in emergency settings, is an important area to understand.
This paper is organized as follows: the section that follows describes the related literature
and the contribution of this paper, Section III covers important background information and
discusses the data, Section IV discusses the empirical methodology, Section V presents the main
results regarding food scarcity, Section VI presents the results related to the day of receipt, while
Section VII concludes.

II.

Literature Review

This work builds upon the literature that is related to the timing of benefits, food insecurity, and
the timing of health-related events. There are a number of papers that consider the monthly cycle
of food budgets and ER visits for conditions related to diabetes management. Diabetes
management requires a combination of medication and diet control. If individuals face a tradeoff
between medication and diet, then they may be more likely to experience hypoglycemia if their
diet is insufficient or hyperglycemia if they skip medicine to pay for food (Gucciardi, et. al. 2014).
Seligman, et. al. (2014) find that hypoglycemia admission is 27% higher in the last week of the
month compared to the first week among the low-income population, with no such difference
among the high-income population. Basu, Berkowitz, and Seligman (2017) find a similar
relationship and compute the costs associated with the monthly cycle of hypoglycemia. Most
relevant to our work, there is a series of excellent papers linking SNAP timing and ER visits. The
approach taken in these papers is to look at individuals in the ER and ask their likelihood of being
at the ER for a particular condition as a function of the benefit cycle. In the first in this series,
Heflin, Hodges and Meuser (2017) link the actual receipt of SNAP to ER visits for one condition
in particular: hypoglycemia. They find that contrary to the suggestive evidence from previous
studies, conditional on being in the ER, a patient is no more likely to be there for hypoglycemia
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later in the food-stamp month, although the size of the benefit does matter. In the second, Heflin,
et. al (2018) look at SNAP timing and childhood asthma. Again, they find no effect from the timing
of the benefit, but they do find that a large benefit reduces the likelihood of a visit. In a similar
paper, Arteaga, Heflin and Hodges (2018) look at SNAP timing and pregnancy-related ER visits.
Interestingly, in this work they also find an interaction between the timing of benefits within the
calendar month and the SNAP cycle. Finally, Ojinnaka and Heflin (2018) look at SNAP timing
and hypertension visits. They find no relationship between when in the month benefits are
distributed and visits, but again the size of the benefit mattered. Relatedly, there is also a literature
that documents the prevalence of hunger and food security (in general) amongst the population
that visits the ER (Kersey, et. al., 1999; Biros, Hoffman and Resch, 2005).
We extend these literatures by investigating overall ER utilization regardless of condition.
We then extend our main analysis to also measure effects across several specific conditions.
Similar to the 2017 and 2018 Heflin et. al. studies, which investigate hypoglycemia and childhood
asthma, we find no increase when we study all-condition ER utilization late in the benefit month
for the SNAP population on Medicaid as a whole, but we do observe some increase among the
oldest recipients. We also find, consistent with Arteaga, et. al. (2018), that the timing of benefits
within the calendar month might play an important role on ER utilization.
More broadly, this research contributes to a growing literature that studies the timing of
SNAP benefits and its effects on different behaviors that also have a public interest, other than
those health conditions that are specifically linked to nutrition. For example, a pair of papers have
found evidence that benefit cycles are related to cycles in crime. Foley (2011) and Carr and
Packham (2018) find that financially motivated crime rises later in the SNAP benefit month. Cotti,
et. al. (2016) find fewer alcohol-related fatal accidents on SNAP receipt dates. Recent work by
Gassman-Pines and Bellows (2016, 2018) and Cotti, Gordanier and Ozturk (2018) find evidence
that student behavior and performance on end-of-the-year exams is affected by the amount of time
that has elapsed since the household received SNAP benefits. We extend this by showing that
individuals either delay visits to the ER upon receipt or perhaps engage in substitute behavior
making an ER visit less likely upon receipt date.
Lastly, this paper is related to the literature on non-urgent ER usage. There exists a
substantial medical literature on non-urgent ER usage and its associations with demographic and
socioeconomic factors (Carret, Fassa, & Domingues, 2009). In general, non-urgent usage is
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associated with a number of factors including poverty, gender and an absence of chronic conditions
(Carret, Fassa and Kawachi, 2007; Afilalo, et. al., 2004). Perhaps unsurprisingly, non-urgent usage
is more of a problem in the morning and early afternoon (Pereira, et.al., 2001). Within economics,
there is a substantial interest in the effect of insurance status on ER usage. While insurance
increases access to primary care alternatives and allows better management of conditions,
preventing potential ER visits (Miller, 2012; Ayyagari, Shane and Wheby, 2017), it also reduces
out-of-pocket expenditures for ER visits, which could cause increased ER utilization (Anderson,
Dobkin, and Gross, 2014; Taubman, et. al., 2014). Some literature has also considered the
difference between private and public insurance on the ability to obtain a primary care provider
and its effect on ER usage (Lines, et. al., 2019).

III. Background and Data
As part of the 1996 Welfare Reform Act, states must issue food stamp benefits through the
Electronic Benefit Transfer (EBT) system. SNAP recipients are issued an electronic card and
benefits are automatically deposited once a month on a particular date during the month (including
weekends). In addition to some control over eligibility requirements and generosity, states are left
to determine the distribution schedule for participants. While each recipient only receives benefits
on a single day in a month, it is not necessarily the case that every household in the state receives
benefits on the same day of the month. Rather, states may choose to spread the distribution of
benefits to recipients throughout the month. From the start of our data until October of 2012,
South Carolina distributed benefits each day between the 1st and the 10th of the month based upon
the last digit of the recipient household’s case ID. The last digit of the case ID is randomly assigned
by the South Carolina Department of Social Services (DSS), and the distribution of dates in our
data is close to uniform (see Table 1). That said, we cannot explicitly draw any conclusions about
the randomness of the IDs in South Carolina from the IDs present in the ER utilization data as it
could be that the date in the month of treatment has an effect on the propensity to be in the ER
data. However, in separate work, Cotti, Gordanier and Ozturk (2018) demonstrate that the
distribution of case IDs in South Carolina is uniform across the total population of households
treated during the same time period studied here. Hence, we see the expected balance on
observables one would anticipate from random assignment. Beginning October 1st, 2012 all new
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SNAP cases 3 were subject to the new distribution schedule. Under the new schedule, a household
receives their benefits on the date of the month that corresponds to the last digit of their case
number if that digit is even. If it is odd, then they receive benefits 10 days after the last digit of
their case number (for example, if the last digit is 1, then benefits arrive on the 11th). Since
recipients are “grandfathered” into the new schedule, we do not know precisely the share of all
SNAP recipients with each receipt date after October 1st of 2012. As such, our primary analysis
begins in 2000 and ends in September of 2012. 4
To measure the impact of periods of food insecurity on individuals’ health outcomes, we
exploit administratively linked data provided by South Carolina Medicaid and South Carolina
DSS. In constructing the data, the office of Revenue and Fiscal Affairs took the administrative
data on emergency room and urgent care visits for all the individuals that are on Medicaid at least
9 months in that calendar year. They then merged these records with SNAP records. We were then
provided the combined data, which allows us to know, for each ER visit, if the Medicaid recipient
was on SNAP at the time of the visit. Additionally, if the patient was in a SNAP receiving
household, we know the randomly assigned monthly SNAP receipt date. Hence, in addition to
SNAP status, we also compute a variable that tells us the number of days since the last benefit
receipt when a person appears in an ER, which ranges from 0 to 30 days. 5 Thus, in our analysis
we will only be looking at ER records of individuals in months in which they are on both SNAP
and Medicaid, which we will refer to as the population of study. 6 It should also be noted that the
population of study is not the same as the population of all SNAP recipients as some SNAP
recipients will not be on Medicaid. That said, there is extensive overlap between the populations.
Wheaton, Lynch, and Johnson (2016) report the overlap between benefit programs for each state
for the year 2013. In South Carolina, 62.5% of SNAP recipients were also covered by Medicaid.
However, there were some enrollment differences across groups. Specifically, while virtually all
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Any household new to SNAP or any household that had to re-enroll in the program would be considered a new
SNAP case, even if they were previously on SNAP.
4
We are able to perform our analysis in the time period after the transition, if we restrict ourselves to those with even
SNAP ids. The results from this time period are similar, although the magnitudes of the estimated effects are slightly
larger.
5
Sometimes households receive emergency SNAP benefits on days that are not their typical receipt date. We,
unfortunately, do not have data on these distributions. In those cases, we will be incorrectly assuming they have been
treated on their regular distribution date. These instances are uncommon, but will lead to some attenuation bias in our
results.
6
If a family is generally a SNAP recipient, but for administrative reasons has a gap in their benefits, then they will
be excluded from our analysis in those “gap” months.
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SNAP recipient children were also eligible for Medicaid (99.9%) and 72 % of adults that are
parents were Medicaid eligible, among the nonparent adults only around 25% of SNAP recipients
were Medicaid eligible. Therefore, estimates that focus on older population groups in our sample
are likely coming from a poorer and sicker population than all SNAP recipients in that age group. 7
The SC Medicaid data is an event-level data set that includes a rich set of information on
the patients’ demographic characteristics, the reason for Medicaid qualification, about the
conditions for which the patient was admitted and discharged, and information on health care
providers such as their location. For each observation we also observe International Statistical
Classification of Diseases and Related Health Problems codes (commonly known as the ICD
codes), which identify primary and secondary diagnoses. Overall, in its raw form, we have data on
over 7.1 million unique visits to emergency room facilities from the evaluation time period.
Descriptive statistics on basic demographics and the distribution of case IDs are presented in Table
1.
[Table 1]
IV. Methodology
For our main analysis, we ask the following question: Does either the date of benefit receipt or the
number of days since benefit receipt affect ER use? To address these question, we utilize the
distribution of the number of days since SNAP receipt for our population of study (SNAP
recipients on Medicaid) who actually visit the ER on a particular day, compared to the distribution
of days since receipt for all SNAP recipients on that exact same year-month-day in the SNAP
population. 8 Since SNAP distribution dates are randomly assigned, the distribution in the entire
SNAP population is the same as the distribution in our population of study. We use three primary
measures of the distribution: 1) the average number of days since receipt among ER patients, 2)
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It is important to note that the imperfect match between the observed Medicaid-SNAP population and the entire
SNAP population doesn’t impact our identification, because the random assignment of SNAP receipt day is not
impacted by being on Medicaid or not. Hence, the share of the Medicaid-SNAP and Non-Medicaid-SNAP populations
who receive food stamps on any particular SNAP distribution day would be 10% in both cases.
8
We also perform a similar analysis using an individual’s probability to visit the ER, using a 20% subsample of the
individual level ER visit data. In order to allow for regression analysis, we expanded the dataset to include rows for
each day in the entire calendar month in which each SNAP recipient visited the ER, hence providing us all the days
in that month in which each individual wasn’t observed at the ER as well (e.g., non-ER visit days). This provided us
with a large set of individual-level panel data, with over 20 million observations, which allowed us to conduct a
series of fixed effects logit regressions with control variables (e.g., race, age, etc.) to evaluate the robustness of our
estimates. Results were very similar and are presented in Appendix Table 2.
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the share of ER patients that received SNAP benefits more than three weeks prior (long-wait
share) 9, and 3) the share of ER patients that received SNAP benefits on the date of the visit (dayof-receipt share). We denote this as 𝐸𝐸𝐸𝐸𝑗𝑗𝑗𝑗 , where j is the measure computed (long-wait share, dayof-receipt share, average days-since receipt) and t is the day.

Next, we compute these measures for the entire SNAP population (not just the individuals
in the ER on a given day) by using the known distribution schedule and the fact that case IDs are
assigned randomly. Again, since these are assigned randomly, this is the same distribution as our
population of study. We denote this expected share in the entire SNAP population as 𝑃𝑃𝑃𝑃𝑃𝑃𝑗𝑗𝑗𝑗 , where
j indexes the measure and t is the day. The exact values this measure takes are similar from month-

to-month, however, there are slight changes depending on whether the month prior had 28, 29, 30
or 31 days in it. For example, Figure 1 below depicts the values these take for the population of
interest over the month of August, for the year 2005 (following a 31-day month under the old
distribution schedule).
Figure 1: Sample Benefit Month Statistics
August, 2005
30
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Note: Share of Individuals with longer than three weeks since receipt (Long-Wait Share), share of individuals who are
receiving their benefits (day-of-receipt share) and average days since receipt for all SNAP recepients on a given day of
August 2005 is represented. Scale for the shares (captured by bars) is on the first y-axis. Scale for the average of days
since receipt (captured by the solid line) is given on the secondary axis.
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Results are robust to other definitions of what constitutes a long-wait, e.g. more than 25 days, as shown in Appendix
Table 1.
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Then, we form the variable 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗 , as the difference in percentage terms of these measures between
the population of study that appears in the ER and the entire population of study on a given day as
follows,
𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗 =

𝐸𝐸𝐸𝐸𝑗𝑗𝑗𝑗 − 𝑃𝑃𝑃𝑃𝑃𝑃𝑗𝑗𝑗𝑗
𝑃𝑃𝑃𝑃𝑃𝑃𝑗𝑗𝑗𝑗

where, 𝐸𝐸𝐸𝐸𝑗𝑗𝑗𝑗 is the value of measure j for the ER visitors in the population of study on day t and
𝑃𝑃𝑃𝑃𝑃𝑃𝑗𝑗𝑗𝑗 is the value of the measure for the entire population of study on day t.

Since the long-wait share among the ER visitors and the SNAP population will always be

zero from the 10th-21st of each month and the share receiving benefits on that day will only be nonzero 10 days each month, the analysis will only use the days where 𝑃𝑃𝑃𝑃𝑃𝑃𝑗𝑗𝑗𝑗 is non-zero. Our main

analysis will then test whether 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗 is non-zero. When looking at age groups (or conditions) we
perform the same analysis, but compute 𝐸𝐸𝐸𝐸𝑗𝑗𝑗𝑗 as the value of measure j for the ER population in
that age group (or with that condition) on day t.

It is worth noting that the presence of a monthly cycle in the number of SNAP recipients
in the ER is not a problem for identification. For example, if there are more SNAP ER visitors on
the first of the month, it is not a problem for this analysis, because we are computing the share of
SNAP recipients on a given calendar date with a particular treatment date. Anything that causes
a change in the number of ER visits among SNAP recipients will not on its own change the share
with a particular case ID. As such, our results can be interpreted as the effect from the benefit
cycle, independent of any monthly cycle that affects all recipients equally, although the size of the
effect may vary within the monthly cycle.
Before we present our main results, we first graphically show the benefit cycle and ER
visits. Because South Carolina distributes SNAP benefits ten days each month, for any given day
of the benefit month, the share of SNAP households with a given number of days in their SNAP
benefits cycle should equal 10%. So, for a visual comparison, we compute the share of our
population of study actually observed at the ER at each of the possible benefit durations for each
of the ten benefit cycles a household could be on (e.g.; day 0 through day 30). Then we average
the shares observed across the ten different distribution schedules for each of the standardized
number of days since receipt (0 days through 30 days). For example, day 0 in the benefit month is
computed as the average of the share of people receiving benefits on the 1st of the month among
11

the ER visitors on the 1st of the month, the share receiving benefits on the 2nd of the month among
the ER visitors on the 2nd of the month, etc. While 8 days post-receipt is computed as the average
share of people receiving benefits on the 1st of the month among the ER visitors on the 9th of the
month, the share receiving benefits on the 2nd of the month among the ER visitors on the 10th of
the month, etc. Since the distribution across dates is random across the ten distribution days, if
SNAP receipt and the SNAP benefits cycle do not impact ER visit propensity then there should be
no notable difference in the observed ER share for each day and the share we should observe based
on the known SC distribution schedule. Specifically, we should observe on average 0.10 each day.

Observed Share

Figure 2: Emergency Department Use over the Benefit Month for all Recipients

-15 -14 -13 -12 -11 -10 -9 -8 -7 -6 -5 -4 -3 -2 -1 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Days since Benefit Receipt
Expected
Observed
Note: This figure shows the observed share of individuals with a given receipt day by their position in the benefit
cycle normalized around their receipt day (day 0), averaged for all receipients over the whole sample period.

As can be seen in Figure 2, the monthly benefit cycle depicted appears to be relatively flat
around 0.10 on all days during the SNAP benefits cycle, with the striking exception of a large drop
on day 0, which corresponds to the day of actual SNAP receipt for each respective person. In
particular, the difference between the observed share and the expected share (0.10) on the day of
receipt is approximately 5 times larger than the difference on any other day. 10
To further analyze and better understand the effect of food stamp timing on ER usage, we
group our analysis into two sections: one where we look at measures related to periods of greater
food insecurity and ER usage and another at the effect of day of receipt on ER usage.
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We create the same figure for each of our age groups separately in Appendix Figure 1.
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V.

Results of Food Insecurity and ER Utilization

In Panel A of Table 2 we report the results of our main analysis on the effect of periods of greater
food insecurity (measured by long-wait share and days since receipt) on ER utilization. We first
show the expected share in the population of study for both long-waits and days since receipt and
the share in the population of study that appears in the ER on that date. We then show the results
of statistically testing whether 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑗𝑗𝑗𝑗 is in fact zero.

[Table 2]

For both the long-wait share and the days since receipt, the expected values (0.4866 and
14.747, respectively) and the observed values (0.4861 and 14.760) are practically identical. We do
estimate that the average number of days since receipt is statistically different in the observed
group (0.1% larger than expected), but this is a small economic difference. Hence, for the overall
SNAP population studied there is virtually no evidence of the benefits cycle impacting ER visits.
As mentioned in the introduction, there are a number of reasons why the effect of food
insecurity might vary by age. First, the very young and the older population might be more
vulnerable to illness brought on by food insecurity. Second, parents might try to shield the effects
of food insecurity from their children (for example, by skipping meals), and school-aged children
might use school meals to help smooth consumption (Kuhn, 2018). Finally, research has shown
that the older population is more vulnerable to cost-related nonadherence for prescription
medications (Breisacher, Gurwitz and Soumerai, 2007). As a result, in Panel B of Table 2 we
present the analogous estimates broken out by age group. We observe the effect from long-waits
is near zero and insignificant overall and for all age groups, with the exception of those over the
age of 55, who experience a 1.67% increase in the long-wait share. Similarly, we observe an
increase in the average time since receipt in both of the older age groups, albeit smaller than the
long wait effects. These results are consistent with the idea that the health of older individuals may
be more sensitive to increased food insecurity, which other research has shown to be sensitive to
the SNAP benefit cycle for specific conditions.
Next we look at how the measured long wait effects may vary based on when a SNAP
recipient is in a long wait during the calendar month. In particular, as most income and incomerelated transfers occur on or near the beginning of each calendar month, there is an important and
general “income availability” cycle that impacts low-income households and is correlated with the
calendar month cycle. Further, research by Seligman, et. al. (2014) on hypoglycemia and Arteaga,
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Heflin, and Hodges (2018) on pregnancy-related conditions, do find higher ER admissions at the
end of the calendar month for low-income populations, with the latter paper focusing on SNAP
recipients explicitly. When overlaying the South Carolina SNAP distribution schedule (which
stretches into the middle of the calendar month) on top of the broad income/transfer monthly cycle,
which begins at the beginning of the calendar month, we are presented with two distinct groups of
SNAP recipients. Specifically, those whose SNAP payments are largely aligned with other
potential sources of income or transfers (e.g., disability payments, TANF, etc.) and those whose
SNAP payments are received later in the calendar month. This creates an important difference as
to when a SNAP recipient finds themselves in the period of long wait after their SNAP distribution.
This is illustrated in Figure 1, as a notable share of the SNAP population will be in this food scarce
position at the beginning of the calendar month (when other sources of income are more prevalent),
while others are in this position at the end of the calendar month (when other sources of income
are more scarce). Hence, SNAP recipients who are near the end of their SNAP benefit cycle at the
end of the calendar month are likely in a different (more severe) food insecurity position than those
at the beginning of the month, because they are farther from the distribution of other income or
benefits like TANF or disability payments. If food insecurity created by the SNAP benefit cycle
is driving the results presented in Table 2 for the 55-64 age group, we would expect higher effects
for those who are in a long wait at the end of the calendar month. In Table 3 we report the results
of our analysis of long-wait shares only for the long-waits that occur at the end of the calendar
month.
[Table 3]
When we look at these long-wait spells that occur at the end of the month, we do indeed
find a small increase in ER utilization of about 0.5% across all ages. When we look at the effect
by age groups, the older groups are again affected more substantially, with the effect now present
even for the middle-aged adults. Individuals aged 35-54 are about 1% more likely to be in the ER
than expected, while the share of ER visitors that are in long waits amongst the 55-64 group is
2.5% higher than expected. This result is consistent with the fact that SNAP populations smooth
poorly, and suggests that a form of “forced” smoothing created by the uneven distribution of
income-like sources may aid in smoothing.
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In Table 4 we expand our analysis to look at our results in the context of some specific
conditions. First, we look at conditions that have been studied in the context of SNAP timing,
specifically, hypoglycemia (Heflin, Hodges and Mueser, 2016), hypertension (Ojinnaka and
Heflin, 2018), asthma (Heflin, et. al., 2019) and conditions related to pregnancy (Arteaga, Heflin
and Hodges, 2018). 11 We also explore other conditions that are shown to lead to ER admission for
non-adherence to medications, such as heart failure (Roebuck et al, 2011) and mental disorders
(Heaton, Tundia and Luder, 2013 – ICD9 295* 296* 297* 298* and 299*). 12 We further consider
anxiety and depression (300.0* and 311) as they are highly correlated with food insecurity (Leung
et al, 2015; Whitaker et al, 2006)
[Table 4]
As shown in Table 4 and Appendix Table 3, we find no effect overall on any of these
conditions. This is largely consistent with the series of papers on SNAP timing and ER visits for
specific conditions referenced earlier and with the results presented in Panel A of Table 2 on ER
visits in general. However, when this investigation is restricted to the end-of-the-month long waits
(analogous to Table 3), we see an increased share of asthma visits and an increased share of anxiety
and depression visits from those in long waits. Again, this is suggestive that while the overall effect
of being at the end of your SNAP benefit cycle is zero, when these events occur at the end of the
calendar month as well, there may be important effects on the population.

VI. Results on Day of Receipt and ER Utilization
In this section we seek to study how day of SNAP receipt might affect ER usage. In Table 5, we
begin with an analysis analogous to that presented in Table 2, where we first report the observed
proportion of individuals in the ER on their receipt days and the expected proportion. We then test
whether this differs overall and for each subgroup.
[Table 5]

11

Following Heflin et al (2018) we used all relevant ICD-9 diagnosis codes (493*) to indicate ER care for asthma. For
hypoglycemia as in Heflin Hodges and Mueser (2016) we used the protocol established and validated by Ginde et
al.(2008) For pregnancy related conditions we used ICD-9 codes Howard (2009) established (630-679) plus V220,
V221, V230, V270, V271, V272, V273, V274, V275, V276, V277, V279 following Arteaga, Heflin and Hodges
(2018).
12
The results of this analysis using the 25 most common codes can be found in Appendix Table 3.
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Consistent with what is suggested by Figure 2, we see that the effect associated with day
of receipt is immediate, negative, and statistically significant (p-value<0.01), suggesting over a
3.1% decline in the relative share that would be expected. In Panel B we see that relationship
across different age groups is qualitatively similar, although the magnitude of the difference is
increasing monotonically with age. More specifically, we observe that the effect is relatively flat
among adults, while the estimate for children under five is less than half the magnitude of the effect
on the population that is over 55 and is statistically smaller than that of adults. One possible
explanation for this result is that SNAP receipt affects time use patterns that dissuade individuals
from using the ER on that date. In particular, individuals may choose to delay non-urgent care that
they would have otherwise visited the ER for treatment.
Specific Conditions and the Day-of-Receipt Effect
To try to shed some light on this possible mechanism, we select specific conditions that might be
associated with non-urgent care. In previous literature describing the association of non-urgent ER
use, Carret, et. al. (2009) say “the principal diagnoses found in persons that visited the ER
inappropriately varied considerably from study to study.” That said, they do point to some work
suggesting respiratory problems, abdominal and chest pain, and eye and ear problems are nonurgent (Afilalo, et.al., 2004; Sempere-Selva, et. al., 2001). 13 Table 6 reports the percent deviation
of observed from expected for the share of individuals who are on their receipt days for conditions
in these categories, specifically respiratory infections (ICD9 codes 46* including sinusitis,
pharyngitis, common cold etc.), urinary tract infections (599.0), ear infections (382*), chest pain
(786.50), abdominal pain (789.00 ). We also include pregnancy-related complications (630-679,
plus V220, V221, V230, V270, V271, V272, V273, V274, V275, V276, V277, V279), and
fractures (800*-869*) as a check since these likely are not delayed.
[Table 6]

13

NYU Emergency Department Visit Classification algorithm (NYU ED Algorithm) is commonly used in the
literature to capture severity of non-emergency status of the condition. However, this measure is based on hospital
mortality and hospital admissions associated with the condition for the visit. In our context the issue is more about
ability to delay care for the individual and engage in other behavior. For example, a broken bone can be debilitating,
but one may be able to delay care for an ear ache or cough or back pain for a few days. Nonetheless, we also created
a non-emergency indicator using the NYU ED Algorithm (following Gandhi and Sabik (2014) method) and reported
the non-emergency index for the top 25 conditions to capture general non-emergency use of Emergency Departments
(this is not available for injuries and there are also unclassified conditions). An alternative method is to use Evaluation
and Management (E&M) codes (Jeffery et al, 2016), which we did not have access to in our Medicaid data.
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In general, we observe typically negative and statistically significant effects for these
conditions, but there are some notable exceptions. First, as expected, pregnancy-related
complications seem to be unrelated to the day of receipt. Visits for fractures are negative, but
statistically insignificant. For both of these conditions, it is arguably less likely an individual would
delay care, so we would not expect large differences if time use is the driving factor. On the other
hand, admissions for upper respiratory, urinary tract and ear infections, and chest and abdominal
pain (all non-urgent conditions for which people commonly visit ERs according to previous work)
are significantly lower than expected on receipt date. We also report Day of Receipt effects for the
top 25 most common conditions in our data; reported in Appendix Table 4. In this table deviations
from expected SNAP share are most statistically significant for minor injuries (contusions) and
some pain conditions (headaches, but not migraines).

Time Use Analysis
To try to establish some external validity behind the primary Day of Receipt result and the potential
time use story, we perform a supplemental analysis using data from the American Time Use Survey
(ATUS). ATUS has extensive information on the amount of time people spend on number of
activities including seeking and utilizing medical care. It also includes information on the date of
the activity, economic characteristics of the participants’ household (such as SNAP participation),
and the state of the respondent. Hence, we can link the ATUS’s time use measures to SNAP
treatment dates from all 50 US States for individuals living in households receiving SNAP benefits.
That said, the ATUS does have a couple of notable limitations. First, while the data is available
from 2003 – 2017, information about whether or not an ATUS participant’s household is
participating in the food stamp program is only available for six years (2006-2008, 2014-2016).
As a result, there are less than 6,000 observations in the ATUS available from food stamp receiving
households. Second, while we can tell if these households were participating in the food stamp
program during the time of the survey and we know the date of the interview as well as the state
they live in, we do not know their specific receipt date. Hence, we must use the probability that a
recipient would receive benefits on each of the possible receipt days given their state of residence
as our measure of SNAP treatment. Thus, in this supplemental analysis our treatment variables are
measures of the likelihood that survey individuals receiving food stamps were treated on the date
their time use was captured, which ranges from 0 to 1.
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Formally, we estimate the following general fixed effects model of the effect of receiving
SNAP benefits on daily time use habits:
𝑌𝑌𝑖𝑖𝑖𝑖𝑖𝑖 = 𝛽𝛽0 + 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑠𝑠𝑠𝑠 𝛽𝛽𝑀𝑀 + 𝑋𝑋𝑖𝑖𝑖𝑖𝑖𝑖 𝛽𝛽𝑋𝑋 + 𝜏𝜏𝑡𝑡 + 𝛾𝛾𝑠𝑠 + 𝑚𝑚𝑚𝑚 + 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖

(1)

where 𝑌𝑌𝑖𝑖𝑖𝑖𝑖𝑖 is minutes of time used on an activity (i.e.; utilizing medical care services), for

individual i in state s at time t. 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑠𝑠𝑠𝑠 is the propensity that a particular individual in state s is
treated on a given day. 𝑋𝑋𝑖𝑖𝑖𝑖𝑖𝑖 is a vector of household- and individual-level demographic

characteristics, which includes individual or families of indicator variables for household size,
household income, age, marital status, race, employment status, education status, and presence of
minor children (under 18 years old). State-specific fixed effects, denoted by 𝛾𝛾𝑠𝑠 , absorb time-

invariant differences in time-use patterns across states. Metropolitan-specific fixed effects,
denoted by 𝑚𝑚𝑚𝑚 , absorb time-invariant differences in time-use patterns between urban and rural

areas. 𝜏𝜏𝑡𝑡 is a vector of time fixed effects which account for year, month, day of the week, and “pay
day” (defined as the 1st or 15th of each month) trends in time use that are common nationally. 𝛽𝛽0
is a constant coefficient and 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖 is the error term; standard errors are clustered by state.

We begin by estimating the effect on time spent grocery shopping. There exists a great deal

of research that demonstrates a large increase in grocery shopping behavior on the day of food
stamp benefits receipt. Hence, this investigation allows us to test the power of our ATUS food
stamp sample and also verify that the results of this analysis are consistent and intuitive. If we
were to find no effect on time spent grocery shopping, then it would call into question the power
of our treatment variable in this section. However, a large increase of time use on grocery shopping
behavior would, at a minimum, suggest that the model can capture well established time use
patterns for the SNAP population that correspond to SNAP benefit receipt, and lend further
credence to this approach.
[Table 7]
The estimate in Column (1) of Table 7 demonstrates a notable increase in time grocery
shopping on SNAP receipt days. Estimates indicate that food stamp recipients increase their time
allocation to grocery shopping by 16.9 minutes (235% relative to a mean of 5.292 minutes on the
average day in the sample) on days in which food stamps are received. Next, we switch to our
main outcome of interest in this supplemental analysis: time use for medical care services. Results,
shown in Column (2) of Table 7, demonstrate a notable decrease in time engaged in using medical
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care services on SNAP receipt days. Estimates indicate that food stamp recipients reduce their time
allocation to medical care services by 9.4 minutes (178% relative to a mean of 5.3 minutes on the
average day in the sample) on days in which food stamps are received.
The results presented in Table 5 and Figure 2 also demonstrate a notable decline in ER
utilization on SNAP receipt days in South Carolina. The ATUS investigation presented here
demonstrates that we observe similar phenomenon in the ATUS time use data for medical care
services defined more broadly, which suggests that a) SNAP families indeed respond to food stamp
receipt by reducing time engaged in utilizing medical care services, likely in favor of grocery
shopping, and b) that this effect is not isolated to South Carolina, but is likely a national
phenomenon. Given the strong association between benefit receipt date and ER utilization in the
South Carolina data and the corresponding evidence in the ATUS that this response is at least in
part a time use response, it suggests that some of the ER visits are non-urgent in nature.

VII. Discussion, Conclusions, and Policy Implications
In this paper we look at the relationship between the monthly SNAP benefit receipt cycle and ER
visits. We find that, for individuals over the age of 55, there is an increase in ER utilization at the
end of their benefits cycle. This suggests severe food insecurity may be impacting their health in
important ways. Yet, ER utilization does not go up for younger adults at the end of their benefits
cycle. As such older individuals, which already have worse underlying health, may be more
susceptible to the health effects of increased hunger. Alternatively, because they are often on other
medications, it may be that they are foregoing those medications late in the SNAP benefit month
as a result of financial constraints. Overall, this suggests that spreading SNAP distributions
throughout the month (i.e., having multiple disbursements) might help with consumption
smoothing and improve the health outcomes of older recipients.
Second, we find that, relative to what would be expected, recipients are less likely to visit
the ER on the day of their receipt. This day-of-receipt effect seems to be related to patients delaying
treatment for non-urgent conditions. There are no reductions in ER visits for urgent conditions
such as pregnancy and fractures. Further, ER visits for conditions thought to be related to stress
are all significantly lower on the day of receipt. The size of the day-of-receipt effect for non-urgent
conditions is also significantly smaller for children than adults. To the extent that our results are
due to individuals delaying care on their receipt date, especially if this is because they are busier
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that day, the disproportionately small effect among children might not be worrisome. Additionally,
parents might take efforts to shield children from food insecurity even if it exacerbates their own
insecurity. There is also evidence that school meals help smooth consumption among school-aged
children (Kuhn, 2018), and we find supportive evidence of this using ATUS data.
Putting the heterogeneous effects we observe together, it seems that the decline in ER visits
on the day of SNAP benefit receipt is somewhat due to a reallocation of activities, in particular a
shift towards grocery shopping. This finding, however, leads to notable concerns about health
access, health expenditures, and health outcomes. First, that there are impacts on ER visits for nonurgent conditions suggests that a segment of the Medicaid population uses the ER as a form of
primary care. This alone is troubling for many reasons. For instance, information about how to
access primary care might be lacking and/or office-based physicians might not be accepting
Medicaid patients. Next, from a health expenditures standpoint, ER services are an extremely
expensive option for care. So, the indication that a segment of the Medicaid population is using
ER services for non-urgent care suggests the presence of an important cost inefficiency. Further,
from a health outcomes perspective, utilizing the ER for primary care services would suggest a
lack of patient-doctor continuity, which can lead to poorer health outcomes for patients. Hence,
there are several policy-related implications of this study’s findings that are worth serious
consideration and further investigation.

20

References
Afilalo J, Marinovich A, Afilalo M, Colacone A, Leger R, Unger B, et al. Nonurgent emergency
department patient characteristics and barriers to primary care. Acad Emerg Med 2004; 11:130210.
Anderson, M. L., Dobkin, C., & Gross, T. (2014). The effect of health insurance on emergency
department visits: Evidence from an age-based eligibility threshold. Review of Economics and
Statistics, 96(1), 189-195.
Arteaga, I., Heflin, C., & Hodges, L. (2018). SNAP Benefits and Pregnancy-Related Emergency
Room Visits. Population Research and Policy Review, 37(6), 1031-1052.
Ayyagari, P., Shane, D. M., & Wehby, G. L. (2017). The impact of Medicare Part D on emergency
department visits. Health economics, 26(4), 536-544.
Basu, S., Berkowitz, S. A., & Seligman, H. (2017). The monthly cycle of hypoglycemia: an
observational claims-based study of emergency room visits, hospital admissions, and costs in a
commercially insured population. Medical care, 55(7), 639-645.
Bengle, R., Sinnett, S., Johnson, T., Johnson, M. A., Brown, A., & Lee, J. S. (2010). Food
insecurity is associated with cost-related medication non-adherence in community-dwelling, lowincome older adults in Georgia. Journal of Nutrition for the Elderly, 29(2), 170-191.
Berkowitz, S. A., Basu, S., Meigs, J. B., & Seligman, H. K. (2018). Food insecurity and health
care expenditures in the United States, 2011–2013. Health services research, 53(3), 1600-1620.
Berkowitz, S. A., Seligman, H. K., & Choudhry, N. K. (2014). Treat or eat: food insecurity, costrelated medication underuse, and unmet needs. The American journal of medicine, 127(4), 303310.
Berkowitz, S. A., Seligman, H. K., Rigdon, J., Meigs, J. B., & Basu, S. (2017). Supplemental
Nutrition Assistance Program (SNAP) participation and health care expenditures among lowincome adults. JAMA internal medicine, 177(11), 1642-1649.
Biros, M. H., Hoffman, P. L., & Resch, K. (2005). The prevalence and perceived health
consequences of hunger in emergency department patient populations. Academic emergency
medicine, 12(4), 310-317.
Bradley, S., Vitous, C. A., Walsh-Felz, A., & Himmelgreen, D. (2018). Food insecurity and
healthcare decision making among mobile food pantry clients in Tampa Bay. Ecology of food and
nutrition, 57(3), 206-222.
Briesacher, B. A., Gurwitz, J. H., & Soumerai, S. B. (2007). Patients at-risk for cost-related
medication nonadherence: a review of the literature. Journal of general internal medicine, 22(6),
864-871.
21

Carret, M. L. V., Fassa, A. C. G., & Domingues, M. R. (2009). Inappropriate use of emergency
services: a systematic review of prevalence and associated factors. Cadernos de Saúde
Pública, 25, 7-28.
Carret ML, Fassa AG, Kawachi I. Demand for emergency health service: factors associated with
inappropriate use. BMC Health Serv Res 2007; 7:131.
Carr, J. B., and Packham, A. (2018). SNAP Benefits and Crime: Evidence from Changing
Disbursement Schedules. Review of Economics and Statistics, 101(2), 310-325.
Carr, J. B., and Packham, A. (2019). Do Income Shocks Affect Domestic Violence? Working
paper
Castellari, E., Cotti, C., Gordanier, J., and O. Ozturk. (2017). Does the Timing of Food Stamp
Distribution Matter? A Panel-Data Analysis of Monthly Purchasing Patterns of US
Households.”Health Economics, 26(11), 1380-1393.
Cotti, C., Gordanier, J and O Ozturk (2016). Eat (and Drink) Better Tonight: Food Stamp Benefit
Timing and Drunk Driving Fatalities. American Journal of Health Economics, 4(2), 511-534.
Cotti, C., Gordanier, J and O Ozturk (2018). When Does it Count? Food Stamp Timing and
Educational Performance. Economics of Education Review.
de Moraes, C. L., Marques, E. S., Reichenheim, M. E., de Freitas Ferreira, M., & Salles-Costa, R.
(2016). Intimate partner violence, common mental disorders and household food insecurity: an
analysis using path analysis. Public health nutrition, 19(16), 2965-2974.
Dobkin, C. and S. L. Puller.(2007). The Effects of Government Transfers on Monthly Cycles in
Drug Abuse, Hospitalization and Mortality. Journal of Public Economics, 91(11), 2137-2157.
Eicher-Miller, H. A., Mason, A. C., Weaver, C. M., McCabe, G. P., & Boushey, C. J. (2009). Food
insecurity is associated with iron deficiency anemia in US adolescents–. The American journal of
clinical nutrition, 90(5), 1358-1371.
Evans, W. N., and Moore, T. J. (2012). Liquidity, economic activity, and mortality.Review of
Economics and Statistics, 94(2), 400-418.
Evans, W. N., and Moore, T. J. (2011). The short-term mortality consequences of income
receipt. Journal of Public Economics, 95(11), 1410-1424.
Fiese, B. H., Gundersen, C., Koester, B., & Jones, B. (2016). Family chaos and lack of mealtime
planning is associated with food insecurity in low income households. Economics & Human
Biology, 21, 147-155.
Foley, C.F. (2011). Welfare Payments and Crime. The Review of Economics and Statistics,93(1),
97-112.

22

Gandhi SO and L. Sabik (2014) Emergency department visit classification using the NYU
algorithm. The American Journal of Managed Care, 20(4):315-320
Gassman-Pines, A., & Bellows, L. E. (2016, March). The timing of SNAP benefit receipt and
school disciplinary incidents. In Association for Education Finance and Policy Annual
Conference.
Gassman-Pines, A., & Bellows, L. (2018). Food Instability and Academic Achievement: A QuasiExperiment Using SNAP Benefit Timing. American Educational Research Journal,
0002831218761337.
Ginde, A. A., Blanc, P. G., Lieberman, R. M., & Camargo, C. A. (2008). Validation of ICD-9-CM
coding algorithm for improved identification of hypoglycemia visits. BMC endocrine
disorders, 8(1), 4.
Gregory, C., & Smith, T. (2018). Salience, Food Security and SNAP Receipt. Journal of Policy
Analysis and Management.
Gucciardi, E., Vahabi, M., Norris, N., Del Monte, J.P., & Farnum, Cecile. (2014). The Intersection
between Food Insecurity and Diabetes: A Review. Current Nutrition Reports, 3(4), 324-332.
Gundersen, C., Kreider, B., & Pepper, J. (2011). The economics of food insecurity in the United
States. Applied Economic Perspectives and Policy, 33(3), 281-303.
Gundersen, C., & Ziliak, J. P. (2015). Food insecurity and health outcomes. Health Affairs, 34(11),
1830-1839.
Hamrick, K. S., & Andrews, M. (2016). SNAP participants’ eating patterns over the benefit month:
A time use perspective. PloS one, 11(7), e0158422.
Hastings, J. and E. Washington. (2010). “The First of the Month Effect: Consumer Behavior and
Store Responses.” American Economic Journal: Economic Policy, 2, 142-162.
Heaton, P. C., Tundia, N. L., & Luder, H. R. (2013). US emergency departments visits resulting
from poor medication adherence: 2005–07. Journal of the American Pharmacists
Association, 53(5), 513-519.
Heflin, C., Arteaga, I., Hodges, L., Ndashiyme, F., & Rabbit, M. P., (2018). SNAP benefits and
childhood asthma. Social Science and Medicine.
Heflin, C., Hodges, L., & Mueser, P. (2017). Supplemental Nutrition Assistance Progam benefits
and emergency room visits for hypoglycaemia. Public health nutrition, 20(7), 1314-1321.
Howard (2009). Review of Pregnancy Coding Guidelines For The Record Vol. 21 No. 8 P. 31

23

Jeffery, M. M., Bellolio, M. F., Wolfson, J., Abraham, J. M., Dowd, B. E., & Kane, R. L. (2016).
Validation of an algorithm to determine the primary care treatability of emergency department
visits. BMJ open, 6(8), e011739.
Kersey, M. A., Beran, M. S., McGovern, P. G., Biros, M. H., & Lurie, N. (1999). The prevalence
and effects of hunger in an emergency department patient population. Academic emergency
medicine, 6(11), 1109-1114.
King, C. (2018). Food insecurity and child behavior problems in fragile families. Economics &
Human Biology, 28, 14-22.
Kirkpatrick, S. I., McIntyre, L., & Potestio, M. L. (2010). Child hunger and long-term adverse
consequences for health. Archives of pediatrics & adolescent medicine, 164(8), 754-762.
Knight, C. K., Probst, J. C., Liese, A. D., Sercy, E., & Jones, S. J. (2016). Household food
insecurity and medication “scrimping” among US adults with diabetes. Preventive medicine, 83,
41-45.
Kuhn, M. A. (2018). Who Feels the Calorie Crunch and When? The Impact of School Meals on
Cyclical Food Insecurity. Journal of Public Economics, 166, 27-38.
Kushel, M. B., Gupta, R., Gee, L., & Haas, J. S. (2006). Housing instability and food insecurity as
barriers to health care among low‐income Americans. Journal of general internal medicine, 21(1),
71-77.
Leung, C. W., Epel, E. S., Willett, W. C., Rimm, E. B., & Laraia, B. A. (2015). Household food
insecurity is positively associated with depression among low-income supplemental nutrition
assistance program participants and income-eligible nonparticipants. The Journal of
nutrition, 145(3), 622-627.
Lines, L. M., Li, N. C., Mick, E. O., & Ash, A. S. (2019). Emergency Department and Primary
Care Use in Massachusetts 5 Years After Health Reform. Medical care, 57(2), 101-108.
Miller, S. (2012). The effect of insurance on emergency room visits: an analysis of the 2006
Massachusetts health reform. Journal of Public Economics, 96(11-12), 893-908.
Ojinnaka, C. O., and C. Heflin. (2018). Supplemental Nutrition Assistance Program size and
timing and hypertension-related emergency department claims among Medicaid enrollees. Journal
of the American Society of Hypertension, 12(11), e27-e34.
Pereira S, Oliveira-e-Silva A, Quintas M, Almeida J, Marujo C, Pizarro M, et al. (2001)
Appropriateness of emergency department visits in a Portuguese university hospital. Ann Emerg
Med ; 37:580-6

24

Phillips, D. P., Christenfeld, N., & Ryan, N. M. (1999). “An increase in the number of deaths in
the United States in the first week of the month—an association with substance abuse and other
causes of death.” New England Journal of Medicine, 341(2), 93-98.
Roebuck, M. C., Liberman, J. N., Gemmill-Toyama, M., & Brennan, T. A. (2011). Medication
adherence leads to lower health care use and costs despite increased drug spending. Health
affairs, 30(1), 91-99.
Seligman, H. K., Bolger, A. F., Guzman, D., López, A., & Bibbins-Domingo, K. (2014).
Exhaustion of food budgets at month’s end and hospital admissions for hypoglycemia. Health
Affairs, 33(1), 116-123.
Seligman, H. K., Jacobs, E. A., López, A., Tschann, J., & Fernandez, A. (2012). Food insecurity
and glycemic control among low-income patients with type 2 diabetes. Diabetes care, 35(2), 233238.
Seligman, H. K., Laraia, B. A., & Kushel, M. B. (2009). Food insecurity is associated with chronic
disease among low-income NHANES participants. The Journal of nutrition, 140(2), 304-310.
Sempere-Selva T, Peiró S, Sendra-Pina P, Martinez-Espin C, Lopez-Aguilera I. (2001)
Inappropriate use of an accident and emergency department: magnitude, associated factors, and
reasons: an approach with explicit criteria. Ann Emerg Med; 37:568-79.
Shapiro, Jesse M. (2005).“Is There a Daily Discount Rate? Evidence from the Food Stamp
Nutrition Cycle." Journal of Public Economics, 89(2), 303-325.
Srinivasan, M., & Pooler, J. A. (2018). Cost-Related Medication Nonadherence for Older Adults
Participating in SNAP, 2013–2015. American journal of public health, (0), e1-e7.
Taubman, S. L., Allen, H. L., Wright, B. J., Baicker, K., & Finkelstein, A. N. (2014). Medicaid
increases emergency-department use: evidence from Oregon's Health Insurance
Experiment. Science, 343(6168), 263-268.
Wheaton, L., Lynch, V., & Johnson, M. (2016). The Overlap in SNAP and Medicaid/CHIP
Eligibility,
2013. Washington,
DC:
Urban
Institute.
http://www.
urban.
org/research/publication/overlap-snap-andmedicaidchip-eligibility-2013-findings-work-supportstrategies-evaluation, 2100.
Whitaker, R. C., Phillips, S. M., & Orzol, S. M. (2006). Food insecurity and the risks of depression
and anxiety in mothers and behavior problems in their preschool-aged children. Pediatrics, 118(3),
e859-e868.
Wilde, Parke E., and Christine K. Ranney. (2000) “The Monthly Food Stamp Cycle: Shopping
Frequency and Food Intake Decisions in an Endogenous Switching Regression
Framework.” American Journal of Agricultural Economics, 82(1), 200-213.

25

26

Table 1: Descriptive Statistics
Average Age
20.98
Shares by Age Group:
Ages < 5
23.77
Ages 5-17
26.06
Ages 18-34
26.8
Ages 35-54
18.41
Ages 55-64
4.96
Black
White
Female

0.51
0.35
0.65

Shares by Distribution Days
1
2
3
4
5
6
7
8
9
10
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10.05
10.15
9.96
10.13
10.08
9.89
10.03
9.94
9.9
9.86

Table 2: Emergency Room Use over the SNAP Benefit Month
Long Wait
Days Since Receipt
Panel A: All Ages
Expected Share or Days
0.4866
14.747
Observed Share or Days
0.4861
14.760
-0.00003
0.0012***
(𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂 − 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸)
(0.0012)
(0.0003)
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸
Panel B: By Age Group
Ages < 5
Ages 5-17
Ages 18-34
Ages 35-54
Ages 55-64
Number of observations

Long Wait
-0.0008
(0.0023)
-0.0007
(0.0023)
-0.0034
(0.0022)
0.0031
(0.0027)
0.0167***
(0.0058)
2421

Days Since Receipt
0.0002
(0.0007)
0.0012*
(0.0006)
0.0008
(0.0006)
0.0021***
(0.0008)
0.0044***
(0.0015)
4249

Notes: Percent deviation from the expected is reported for each measure by age
group. Long wait is defined as an indicator for the event day being more than 21
days since the day of last SNAP receipt. Days since receipt is a continuous
measure. Standard errors are reported in parenthesis. * and *** indicate
significance at 10% and 1% levels, respectively.
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Table 3: Emergency Department Utilization at the End of the SNAP
Benefit Month: End of the Calendar Month Long Wait by Age Groups
End of the Month
Long Wait
All
0.0048***
(0.0017)
Ages < 5
0.0049
(0.0032)
Ages 5-17
0.0031
(0.0033)
Ages 18-34
-0.0002
(0.0033)
Ages 35-54
0.0101***
(0.0038)
Ages 55-64
0.0245***
(0.0086)
Number of observations
1174
Notes: Percent deviation from the expected is reported for each measure. Long
Waits at the end of the month are individuals with days since receipts over 21
days on the days>21 for the calendar month. Standard errors are reported in
parenthesis. *** indicates significance 1% level.
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Table 4: Emergency Department Utilization at the End of the SNAP Benefit Month for
Commonly Studied Conditions: Any Long Wait and End of the Calendar Month-Long Wait
Long Wait
End of the Month Long Wait
All
Ages 55-64
All
Ages 55-64
Any Condition
-0.00003
0.0167***
0.0048***
0.02446***
(0.0012)
(0.0058)
(0.0017)
(0.0086)
Hypertension

-0.0272
(0.0209)
N=2197

0.0098
0.0401
N=1216

-0.0248
(0.0303)
N=1064

0.0769
(0.0627)
N=570

Asthma

0.0039
(0.0079)
N=2421

0.0596
(0.0455)
N=1105

0.0349***
(0.0114)
N=1174

0.0888
(0.0657)
N=544

Heart Failure

-0.0083
(0.0279)
N=1823

0.0107
(0.0419)
N=1075

-0.0536
(0.0366)
N=866

0.0024
(0.0640)
N=509

Hypoglycemia

0.0135
(0.0623)
N=517

-0.0912
(0.1205)
N=119

-0.0313
(0.0805)
N=241

-0.1466
(0.1603)
N=53

Mental Illness

0.0218
(0.0175)
N=2345

0.0609
(0.0531)
N=751

-0.0023
(0.0239)
N=1135

0.0949
(0.0806)
N=367

Anxiety and Depression

0.0141
(0.0143)
N=2403

0.0389
(0.0492)
N=875

0.0342*
(0.0206)
N=1165

0.1004*
(0.0554)
N=646

Pregnancy Related Complications

-0.0105*
0.0097
(0.0061)
(0.0089)
N=2421
N=1174
Notes: Baseline Long wait measure (days since last receipt>21) is used for the Long Wait indicator.
End of Month Long Wait is defined as an indicator for long waits with days>21 of the calendar month.
Percent deviation from the expected is reported for each measure. Standard errors are given in
parenthesis. * and *** indicate significance at 10% and 1% levels, respectively. N for each condition
is the number of long wait days for which that particular condition is observed.
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Table 5: Emergency Room Use on the Day of SNAP Receipt,
by Age Groups
Day of Receipt
Panel A – All Ages
Expected Share
Observed Share

0.1000
0.0969
-0.0314***
(0.0032)

(𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂 − 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸)
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸

Panel B – By Age Group
Ages < 5

-0.0195***
(0.0065)
Ages 5-17
-0.0295***
(0.0059)
Ages 18-34
-0.0382***
(0.0060)
Ages 35-54
-0.0384***
(0.0074)
Age 55+
-0.0453***
(0.0142)
Number of observations
1385
Notes: Percent deviation of the observed share from the expected
share is reported for each age group. Standard errors are reported
in parenthesis. *** indicates significance at 1% level.
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Table 6: Emergency Department Utilization on the Day of SNAP Receipt
for Select Conditions
Any Condition

-0.0314***
(0.0032)

Acute Upper Respiratory Infections

-0.0189*
(0.0097)
N=1385

Urinary Tract Infections

-0.0444*
(0.0229)
N=1385

Ear Infections

-0.0331**
(0.0152)
N=1385

Chest Pain

-0.0924***
(0.0331)
N=1375

Abdominal Pain

-0.0314
(0.0228)
N=1385

Fractures

-0.0157
(0.0123)
N=1385
(0.0307)

Pregnancy Related Complications

0.0011
(0.0168)
N=1385
Notes: Percent deviation of the observed share from the expected share of ER
patients on their day of receipt is reported for each condition. N for each cell
indicates number of days in which a specific condition is ever recorded on any
of the distribution days. Standard errors are reported in parenthesis. * and ***
indicate significance at 10% and 1% levels, respectively.
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Table 7: Time Use and Day of SNAP Receipt
Time Grocery
Shopping (minutes)

Time Using Medical Care
Services (minutes)

16.88***
-9.40**
(5.28)
(4.46)
7.18
5.27
Average Minutes/Day (all days)
5868
5868
Number of observations
Notes: Sample includes only the SNAP Recipients. Specifications include 1) fixed effects for state, metro, year
(2006-2008, 2014-2016), month, day of the week, and payday; 2) household-level controls for size, presence of
children, and income; and 3) individual controls for age, race, marital status, education status, and employment
status. Standard errors are clustered by state. Robust standard errors in parentheses. ** and *** indicate
significance at 1% and 5% levels, respectively.
Probability of SNAP Receipt
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APPENDIX
Appendix Figure 1: Emergency Room Utilization over the
Benefit Month by Age Groups
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Appendix Table 1: Emergency Room use and SNAP benefit month - Alternative Long
Wait Measures
22 days+
16 days+
(Baseline)
25 days+
27 days+
All
0.00031
-0.00003
-0.00021
-0.00228
(0.0009)
(0.0012)
(0.0015)
(0.0018)
Ages < 5
-0.00045
-0.00077
-0.00063
-0.00373
(0.0017)
(0.0023)
(0.0029)
(0.0035)
Ages 5-17
0.00167
-0.00073
0.00144
-0.00177
(0.0017)
(0.0023)
(0.0029)
(0.0035)
Ages 18-34
-0.00362**
-0.00341
-0.00806***
-0.01233***
(0.0016)
(0.0022)
(0.0027)
(0.0034)
Ages 35-54
0.00322
0.00311
0.00674**
0.00837**
(0.0019)
(0.0027)
(0.0033)
(0.0041)
Ages 55-64
0.00969**
0.01672***
0.01397**
0.01645**
(0.0041)
(0.0058)
(0.0069)
(0.0086)
Number of observations
3413
2421
2000
1724
Notes: Percent deviation from the expected is reported for each measure. Standard errors are
reported in parenthesis. **, *** indicate significance at 5% and 1% levels, respectively.
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Appendix Table 2: Individual Level Panel Data Analysis Using a 20% Random Sample of the Event
Level Data
Odds Ratio
(Std Dev)
Variable
Day of Receipt Indicator

Definition
Number of days since receipt =0

All Ages
0.977***
(0.0074)

Ages 55-64
0.975***
(0.0339)

Long Wait Indicator

Number of days since receipt > 15 days

0.997
(0.0039)
1.000
(0.0040)
1.001
(0.0043)

0.984
(0.0179)
1.013
(0.0184)
1.040**
(0.0203)

Number of days since receipt > 21 days
Number of days since receipt > 24 days

1.000
1.001
(0.0002)
(0.0009)
Number of Observations
20,031,418
1,000,521
Notes:20% of the sample is randomly chosen for the analysis. Given each observed event we expanded the data
for each day of the month to include days when the individual did not go to the ER. Outcome variable in each
model is a dummy indicator for having any emergency department use in a given day. Odds ratios are reported
separately for all individuals and for the oldest age group (Ages 55-64) for variables Days Since Receipt (a
continuous variable) Long Wait (Indicator, alternative definitions based on days since receipt is given on each
column), and Day of Receipt (Indicator, days since receipt=0) Standard Errors are given in parenthesis. **and
*** indicate significance at 5% and 1% levels, respectively.
Days Since Receipt

Number of days since receipt
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Appendix Table 3: Long Wait Statistics for the Top 25 ICD9 Codes Observed in the Data - LONG WAIT
ICD9 Number %
Description
Long Wait
End of Month Long
of claims
Wait
4659
3829
462
78900
7999

163716
130341
81836
65444
64588

5.08
4.04
2.54
2.03
2

Acute uri NOS
Otitis media NOS
Acute pharyngitis
Other symptoms involving abdomen and pelvis
Other unknown and unspecified cause of morbidity and mortality

#
2421
2421
2421
2421
722

5990
7840
5589
4660
7806

63388
63508
50127
44926
41281

1.97
1.97
1.55
1.39
1.28

Other disorders of urethra and urinary tract
Headache
Other and unspecified noninfectious gastroenteritis and colitis
Acute bronchitis
Fever and other physiologic disturbances of temperature regulation

2421 0.0096 0.0087
2421 0.0173 0.0092
2421 -0.0054 0.0107
2401 -0.0235** 0.0113
1647 0.0010 0.0121

49392
78703
7242
920
486
490
78650
78060
34690

40013
39197
35249
34722
33893
31706
31257
30744
29505

1.24
1.22
1.09
1.08
1.05
0.98
0.97
0.95
0.92

64893
84500
49390
8470
7295
78652
Notes:

% diff
-0.0006
-0.0002
0.0088
-0.0070
-0.0088

std
0.0059
0.0063
0.0072
0.0081
0.0518

#
% diff
std
1174 0.0083 0.0088
1174 -0.0056 0.0092
1174 0.0119 0.0105
1174 -0.0007 0.0118
344 0.0947 0.0800
1174 0.0128 0.0128
1174 0.0353*** 0.0134
1174 0.0005 0.0158
1166 0.0022 0.0174
796 -0.0052 0.0164

Asthma, unspecified type, with (acute) exacerbation
2288 0.0053 0.0114
1110 0.0362*
Vomiting alone
2413 -0.0126 0.0122
1170 -0.0108
Lumbago
2407 0.0288** 0.0138
1167 0.0363*
Contusion face/scalp/nck
2416 -0.0004 0.0122
1170 -0.0061
Pneumonia, organism unspecified
2399 0.0261* 0.0135
1166 0.0134
Bronchitis NOS
2396 .013824 0.0143
1166 0.0452**
Chestpain
2408 0.0022 0.0132
1170 0.0012
Fever, unspecified
782 0.0085 0.0126
380 0.0139
Migraine, unspecified, without mention of intractable migraine
2392 0.0144 0.0146
1160 0.0129
without mention of status migrainosus
29777 0.92 Oth curr cond-antepartum
2372 -0.0025 0.0148
1144 0.0047
28478 0.88 Sprain of ankle, unspecified site
2407 -.0183258 0.0139
1166 -0.0052
26591 0.82 Asthma, unspecified type, unspecified
2398 .015434 0.0142
1164 0.0371*
25965 0.81 Sprain of neck
2399 .0103259 0.0150
1163 -0.0089
25552 0.79 Pain in limb
2402 -0.0300** 0.0139
1166 -.0294877
23769 0.74 Painful respiration
2397 0.0244 0.0153
1159 0.0393*
38
% refers to share of ICD9 codes in primary diagnosis in all claims. # refers to number of long wait days with each ICD9 code.

0.0166
0.0177
0.0199
0.0178
0.0175
0.0224
0.0186
0.0183
0.0209
0.0211
0.0211
0.0197
0.0196
0.0191
0.0225

Appendix Table 4: Day of Receipt Statistics for the Top 25 ICD9 Codes Observed in the Data
ICD9 Description

Day of Receipt
#

4659
3829
462
78900
7999
5990
7840
5589
4660
7806
49392
78703
7242
920
486
490
78650
78060
34690

% diff

std err

NYU Algorithm
Non-Emergent Unclassified

Injury

Acute uri NOS
1385 -0.0292* 0.0156
0.82
Otitis media NOS
1385 -0.0326** 0.0157
0.96
Acute pharyngitis
1385 -0.0258 0.0194
0.94
Other symptoms involving abdomen and pelvis
1385 -0.0339 0.0228
0.67
Other unknown and unspecified cause of morbidity and mortality
419
0.1887 0.1445
0.50
Other disorders of urethra and urinary tract
1385 -0.0476** 0.0229
0.76
Headache
1385 -0.0429* 0.0231
0.87
Other and unspecified noninfectious gastroenteritis and colitis
1385 -0.0460* 0.0278
0.84
Acute bronchitis
1,373 -0.0149 0.0319
0.82
Fever and other physiologic disturbances of temperature regulation
944
0.0042 0.0302
0.00
1.00
Asthma, unspecified type, with (acute) exacerbation
1308 -0.0241 0.0304
0.02
Vomiting alone
1380 0.0907** 0.0385
0.82
Lumbago
1378 -0.0486 0.0343
0.89
Contusion face/scalp/nck
1382 -0.0853*** 0.0306
0.00
1.00
Pneumonia, organism unspecified
1369 -0.0269 0.0337
0.33
Bronchitis NOS
1366 -0.1040*** 0.0349
0.82
Chestpain
1375 -0.0961*** 0.0331
0.32
Fever, unspecified
447 -0.0859*** 0.0294
0.00
1.00
Migraine, unspecified, without mention of intractable migraine
1369
0.0177 0.0411
0.87
without mention of status migrainosus
64893 Oth curr cond-antepartum
1363
0.0062 0.0411
1.00
84500 Sprain of ankle, unspecified site
1376 -0.0252 0.0371
0.00
1.00
49390 Asthma, unspecified type, unspecified
1371 -0.0448 0.0378
0.02
8470 Sprain of neck
1374
0.0647 0.0415
0.00
1.00
7295 Pain in limb
1374 -0.0413 0.0393
0.88
78652 Painful respiration
1375 -0.0765** 0.0372
0.82
Notes: See Appendix Table 3 for the frequency and the share of each ICD9 code. Non-emergent is calculated as the sum of two NYU ED Utilization
Algorithm Clasifications, "Non-Emergent" and "Emergent Primary Care Treatable", following Gandhi and Sabik (2014).
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