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Insurance is typically viewed as a mechanism for transferring re-
sources from good to bad states. Insurance, however, may also
transfer resources from high-liquidity periods to low-liquidity pe-
riods. We test for this type of transfer from health insurance by
studying the distribution of Social Security checks among Medicare
recipients. When Social Security checks are distributed, prescrip-
tion fills increase by 6–12 percent among recipients who pay small
copayments. We find no such pattern among recipients who face
no copayments. The results demonstrate that more-complete in-
surance allows recipients to consume healthcare when they need it
rather than only when they have cash.

There exists broad agreement among economists that health insurance ought to
involve some form of cost sharing: copayments, coinsurance rates, or deductibles.
Theory suggests that cost sharing can limit moral hazard (Zeckhauser, 1970), and
empirical evidence confirms that cost sharing reduces spending (Manning et al.,
1987; Aron-Dine, Einav and Finkelstein, 2013; Shigeoka, 2014; Brot-Goldberg
et al., 2017). Indeed, motivated by that evidence, high-deductible health insur-
ance plans have become increasingly common in the United States. Over only ten
years, the share of firms offering such plans increased from 4 percent to nearly 30
percent (Kaiser Family Foundation, 2018).

Those cost-sharing mechanisms may introduce a particular challenge for low-
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income consumers. A large literature suggests that many low-income households
wait to consume until their income arrives. Olafsson and Pagel (2018), for in-
stance, find that low-income consumers purchase 70 percent more goods on days
when they receive their paychecks. That finding is consistent with many other
studies: consumption responds to both predictable and unanticipated changes in
income.1 One might call such a pattern “liquidity sensitivity:” consumers often
delay many of their purchases until their income arrives.

Liquidity sensitivity may be especially problematic in the context of healthcare.
In healthcare, consumers are advised to purchase treatments at a time determined
by medical necessity, not determined by the arrival of their income. And yet, a
third of Americans report that in the past year they “skipped filling a prescrip-
tion due to its cost” (Goetz, 2018). That pattern is not entirely driven by the
uninsured. Among Americans who report being in poor health but are covered by
health insurance, 15 percent report that in the past year they “delayed medical
care due to cost.”2

There exists, however, little credible evidence of liquidity sensitivity in health-
care. And yet, such evidence could have implications for how economists view
the benefits of health insurance. Typically, the benefits of health insurance are
seen as coming from a transfer of resources from healthy (low-marginal utility)
to sick (high-marginal utility) states. However, evidence of liquidity sensitivity
would suggest another benefit of health insurance: more-generous coverage al-
lows consumers to avoid having to delay their healthcare until the receipt of their
income. With generous coverage, recipients can consume healthcare when they
need it, rather than waiting for their income to arrive.3 In other words, health
insurance also facilitates transfers of resources from liquid (low-marginal utility)
to illiquid (high-marginal utility) periods.

In this paper, we provide empirical evidence of liquidity sensitivity in healthcare
consumption.4 Specifically, we estimate how the prescription fills of Medicare
recipients are affected by income receipt. To do so, we leverage the distribution
of Social Security checks. Since 1997, Social Security recipients have received
their monthly checks on a pre-determined schedule based on the day of the month
that they were born. This system allows researchers to compare Social Security
recipients who just received their checks to recipients who are quasi-randomly
assigned to receive their checks a week or two later.5 We compare the prescription-
drug purchases of each Medicare recipient around the day they receive their checks

1See the work of Parker (1999), Souleles (1999), Stephens (2003), Johnson, Parker and Souleles (2006),
Agarwal, Liu and Souleles (2007), Parker et al. (2013), Agarwal and Qian (2014), Gross and Tobacman
(2014), Baugh and Wang (2018), and Gross, Notowidigdo and Wang (2020).

2Authors’ calculations based on the 2017 National Health Interview Survey.
3Ericson and Sydnor (2018) and Malani and Jaffe (2018) develop theoretical models of this.
4We use the phrase “liquidity sensitivity” throughout the paper, rather than referring to liquidity

constraints. We do so because the results indicate that drug consumption is “sensitive” to liquidity, but
they do not prove the existence of a binding constraint—behavioral frictions related to mental accounting
could also explain the results.

5Stephens (2003), Evans and Moore (2011), Leary and Wang (2016), and Baugh and Wang (2018)
use the distribution of Social Security checks to study outcomes other than healthcare consumption.
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to the healthcare consumption of two control groups. First, we study similar
Medicare recipients who receive their checks on a different date. Second, we
study Medicare recipients who are enrolled in a program that fully subsidizes
their copayments. These comparisons allow us to isolate the effect of receiving
Social Security checks on the consumption of Medicare-covered drugs.

The results, first and foremost, reject the hypothesis that the receipt of income
has no effect on healthcare consumption. Prescription drug fills for low-income
Medicare Part D recipients increase by over 10 percent on the day they receive
their Social Security checks. We observe that effect overall, for all drugs, and
also for drugs for which short-term non-adherence can have important health
consequences: blood thinners, insulin, and anti-seizure medications. We also
observe this effect for a recipient’s first fill of a drug, not just for refills, implying
that recipients are not only delaying purchases but also consumption. By contrast,
when recipients enroll in a different part of the program that provides zero out-
of-pocket prices, their fills exhibit no such increase on the day they receive their
checks. Further, a particular feature of the Social Security check-distribution
schedule provides an additional source of variation: two-thirds of checks arrive
28 days after the previous check, and the remaining one-third of checks arrive
35 days after the previous check. We find a larger increase in prescriptions filled
when checks arrive after 35 days rather than after 28 days. We also find a clear
gradient in the size of the effect by income: Medicare recipients who live in the
lowest-income ZIP Codes increase their prescription fills when they receive their
Social Security checks by roughly five times more than those living in the highest-
income ZIP Codes.

These results provide clear evidence that healthcare consumption is sensitive
to liquidity among low-income households. Importantly, this liquidity sensitivity
exists despite these households facing only nominal copayments of $2 to $6 per
prescription. This raises questions about the precise mechanism behind the re-
sults. The results rule out one potential mechanism: a “bus fare” effect where
there are fixed costs of “shopping” that induce consumers to do all of their shop-
ping when they receive their Social Security checks. Such behavior would mean
that recipients would pick up their prescriptions on days when they buy other
goods and services. If that were the mechanism behind the results, however, we
would expect to see a similar increase in prescription fills among recipients not
facing copayments. And yet, we see no change in prescription fills on Social Se-
curity paydays for recipients who face no copayments. That indicates that the
liquidity sensitivity we document among recipients facing nominal copayments is
due specifically to those copayments.

This leaves two possible explanations for the results. First, recipients could
face real liquidity constraints. Liquidity-sensitive recipients may have so little
cash in the days just prior to the receipt of their Social Security checks that it is
impossible for them to pay $2 to $6 in copayments until their checks are deposited.
On the other hand, the sensitivity of healthcare consumption to income may be
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due to psychological frictions. For instance, recipients may maintain a “mental
account” dedicated to healthcare costs, and then they may act as though they are
liquidity-constrained even if they hold cash on hand, but in other mental accounts
(Thaler, 1985, 1999). The results do not allow us to differentiate between these
two explanations, and both may be relevant, though for different recipients.

Ultimately, we view these results as an “existence proof” of liquidity effects
in healthcare consumption. Liquidity-related frictions may exist even in the ab-
sence of the treatment effects we document. Suppose that some consumers are so
liquidity-constrained that the receipt of their Social Security check does not pro-
vide sufficient liquidity to purchase drugs. Such consumers would not purchase
drugs prescribed to them in the days leading up to Social Security check receipt
or in the days after receipt. Instead, they may only purchase drugs when they re-
ceive larger income transfers or when their consumption commitments drop such
that Social Security checks provide sufficient liquidity for them to purchase drugs.
For such recipients, we would not observe an effect of Social Security checks, even
though they are liquidity constrained. This paper’s results may thus be viewed
as “sufficient” but not “necessary” evidence of liquidity effects.

Importantly, it is unclear what these results imply for Medicare recipients’ wel-
fare. The estimates demonstrate that some Medicare recipients delay healthcare
consumption until their Social Security check arrives. The associated welfare
costs could be either trivial or enormous. For instance, delaying the consumption
of a statin once for a day or two has little effect on health or, presumably, utility.
Alternatively, the cumulative health effects of delaying statins for several days
each month may be much larger. At the extreme, delaying the consumption of
a blood thinner could, in some cases, lead to a fatal blood clot.6 Further, the
true welfare effects depend on how these consumers value their health, and the
degree to which they value the risk of an injury to their health. That valuation
we, of course, do not observe. In that sense, the evidence of liquidity sensitivity
we report here is insufficient to assess welfare consequences.

This paper contributes to several areas of research. First, we are aware of only
one study that documents liquidity sensitivity in healthcare: a concurrent working
paper by Lyngse (2020). That study uses data from Denmark and a similar, but
distinct, identification strategy as we employ to come to similar overall conclusions
for a younger population.7 Second, this paper contributes to a growing literature
on insurance as a mechanism to transfer resources across time and not just across
states of the world. Most closely related to this paper, Ericson and Sydnor (2018)
and Malani and Jaffe (2018) explore theoretical models of health insurance and
liquidity constraints. Also related, Casaburi and Willis (2018) show the impor-
tance of intertemporal transfers for take-up of crop insurance in Kenya. A related

6In addition, some liquidity-sensitive recipients may forgo scripts entirely when they receive the
prescriptions prior to receiving their Social Security checks. In that case, the welfare consequences could
also be large.

7In addition, in a white paper for the JP Morgan Chase Institute, Farrell, Greig and Hamoudi (2018)
document how tax refunds affect healthcare spending.
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issue is the “access motive” for health insurance: the idea that health insurance
not only protects against financial risks but also makes otherwise-unaffordable
healthcare accessible (de Meza, 1983; Nyman, 1999). Third, our results also
contribute to a growing literature on insurance’s role in correcting consumption
distortions caused by behavioral biases. For instance, Baicker, Mullainathan and
Schwartzstein (2015) discuss optimal cost-sharing mechanisms when healthcare
consumption is shaped by behavioral biases, similar to the liquidity-related fric-
tions we document. Fourth, this paper contributes to a line of research that
studies the demand-response of healthcare consumption to insurance coverage.8

Specifically, we identify a potential mechanism for the observed demand-response
to insurance coverage: the implicit relaxation of liquidity-related frictions. Fifth,
this paper contributes to research on the optimal design of social insurance pro-
grams. Most of the previous studies on liquidity and social insurance focus on
unemployment insurance (Chetty and Finkelstein, 2013). This paper provides
evidence that liquidity-related issues also exist in the context of health insurance.
Finally, this paper contributes to a large body of research that documents the
relationship between the timing of income and consumption.9 In particular, pre-
vious studies have focused on food consumption for recipients of the Supplemental
Nutrition Assistance Program over the pay cycle (Shapiro, 2005; Beatty et al.,
2019). We contribute to this literature by exploring this relationship between
consumption and income in the context of healthcare.

I. Background

A. Data

To study prescription drug consumption, we use data on a 20-percent sample of
recipients enrolled in Medicare Part D, a federal program which provides insur-
ance for prescription drugs to elderly and disabled Americans. In Medicare Part
D, recipients choose among private plans, but the federal government provides
subsidies for premiums and cost sharing for low-income households via the Low
Income Subsidy (LIS) program.

We rely on several datasets for our analysis: the Medicare Beneficiary Sum-
mary File (100 percent) and the Medicare Part D Event File (20 percent). Those
datasets cover the years 2006 through 2015. We observe recipients’ exact dates of
birth in the Beneficiary Summary File which allows us to determine when recip-
ients likely receive their Social Security checks. We also observe each recipient’s
ZIP Code, as well as whether they enroll in Medicare Parts A, B, C, and D.
Importantly, we observe, for each month, whether they receive premium and co-

8Einav and Finkelstein (2018) provide a review of this literature.
9See the work of Stephens (2003), Leary and Wang (2016), Baugh and Wang (2018), Berniell (2019),

Johnson, Parker and Souleles (2006); Agarwal, Liu and Souleles (2007); Bertrand and Morse (2009);
Mastrobuoni and Weinberg (2009); Agarwal and Qian (2014); Baugh, Ben-David and Park (2014); Car-
valho, Meier and Wang (2016); Baker and Yannelis (2017); Zhang (2017); Vellekoop (2018); Gelman et al.
(2020).
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payment subsidies via the Medicare Part D Low Income Subsidy (LIS) program,
as well as which tier of the program they are in and thus the extent of those
subsidies.

B. The LIS Program

The LIS program subsidizes premiums and copayments to varying degrees. We
divide recipients into three main categories. First, there are recipients who face
no copayments. That group consists of individuals enrolled in both Medicare and
Medicaid. These individuals receive full premium subsidies and are not required
to pay a copayment when filling a prescription. We call this group the “no-
copay group.” Second, there are recipients who face subsidized copayments. These
recipients are sufficiently low income to qualify for subsidized copayments, but not
Medicaid. This group actually consists of two separate categories. Some recipients
are sufficiently low income to face heavily subsidized copayments: about $2 for
generic drugs and about $6 for branded drugs. Other recipients have slightly
higher incomes and so receive smaller subsidies. For simplicity, we combine all
recipients receiving partial copayment subsidies into one group we refer to as
the “subsidized-copay” group.10 Finally, third, there are all other recipients not
enrolled in the LIS program, who face full copayments. We call this last group
the “full-copay group.”11

Table 1 presents summary statistics for these three groups. The no-copay group
fills slightly more prescriptions than the groups paying copayments. That differ-
ence may reflect a demand response to the lower out-of-pocket prices. But, of
course, the difference could be driven by variation in health status across these
groups, other differences in recipients’ characteristics, or some combination of
factors. The difference in out-of-pocket prices across the groups paying some
copayments is clear in the table, with the average annual out-of-pocket spend-
ing equal to approximately $183 in the subsidized-copay group, and $551 in the
full-copay group.

[Table 1 approximately here.]

Two other patterns in Table 1 are noteworthy. First, we observe substantially
more people in the full-copay group versus the other groups: over 3.7 million
people in 2015 in the full-copay group, versus well under a million in the other two

10Appendix Figure A5 presents the main results for those two sub-groups separately.
11There exists an additional group of recipients who pay zero copays and zero premiums. This group

consists of Medicaid-Medicare-enrolled individuals who are institutionalized. We exclude from the sample
recipients in this group, since they are institutionalized and thus have limited discretion over the timing
of their prescription-drug fills.
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groups, combined. In the paper’s empirical results, this leads to much narrower
confidence intervals for estimates based on the full-copay group than for estimates
based on the other groups.

Second, note that the average copayment faced by those in the subsidized-copay
group is remarkably low: an average of $4.45 per script. The 99th percentile of the
out-of-pocket-cost distribution is only $25.67, and more than 90 percent of fills
cost less than $9. Appendix Figure A8 presents a histogram of these copayments,
revealing that beneficiaries in this group generally pay around $2 for generic drugs
and around $6 for branded drugs, with these amounts varying slightly year-to-
year. The small magnitude of the out-of-pocket costs these recipients face is
important in interpreting some of the results below. Even though these recipients
face relatively small out-of-pocket costs, some still seem to wait until their Social
Security payday to fill their prescriptions.

C. Social Security Payments

Since 1997, Social Security benefits have been distributed to recipients accord-
ing to a schedule that is based on recipients’ dates of birth. Recipients with
birthdays on the 1st through the 10th of the month receive their checks on the
second Wednesday of each month; recipients with birthdays on the 11th through
20th of the month receive their checks on the third Wednesday of each month;
and recipients with birthdays on the 21st through 31st of the month receive their
checks on the fourth Wednesday of each month. The only deviations occur when
federal holidays fall on Wednesdays. In those rare cases, payments are made one
day early.

Two-thirds of checks arrive 28 days after the previous check, but one-third
of checks arrive 35 days after the previous check. Checks would always arrive
after 28 days were all months to have precisely 28 days. The irregular structure
of the calendar leads to occasional five-week gaps between the second, third, or
fourth Wednesday of one month and the corresponding Wednesday of the next
month. For example, in 2015 recipients received their paychecks after five weeks
in January, May, August, and October.

The schedule differs for individuals who began receiving benefits prior to 1997
and for those who are eligible for both Supplemental Security Income (SSI) and
Social Security. Those who are eligible for both Social Security and SSI and those
who began receiving their benefits prior to May 1997 are paid on the third of the
month. Those eligible for SSI separately receive their SSI payments on the first of
the month. We eliminate from the sample Medicare recipients who are old enough
to be paid on the pre-1997 payment schedule. The payment of SSI benefits likely
only affects a minority of recipients who are in the no-copayment group.

Since March of 2013, all Social Security recipients have been required to receive
their benefits electronically, via direct deposit. Even before that law went into
effect, most recipients relied on direct deposit. In early 2012, 94 percent of Social
Security checks were distributed via direct deposit (O’Carroll, 2012). The funds
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flow electronically from the Social Security Administration to recipients’ banks.
Banks then make the funds available to recipients on their scheduled paydays.
However, there exists one complication. Some banks provide funds to recipients
when the bank receives the funds, often the day before payday, rather than on
the official payday itself.12 As a result, there exists some measurement error in
the day payments are received, providing a possible explanation for why we find
some response to Social Security paychecks the day before payments are supposed
to be distributed.

II. The Liquidity Sensitivity of Prescription Drug Fills

A. Main Results

To measure the liquidity sensitivity of prescription drug fills, we compare pre-
scription fills for groups of Part D recipients who just received their Social Secu-
rity checks to those who have not yet received theirs. We begin with a regression
specification meant to assess the overall change in prescription fills when Social
Security checks are distributed. The regression compares utilization across 31
birthday groups, with each group defined by the day of month of the Medicare
recipient’s birthday.13 Denote the drug consumption on calendar-day t by birth-
day group g ∈ {1, 2, . . . , 31} as Ytg. We assign each birthday group an event time
for each calendar day, with event time, τ , ranging from −5 to 5, relative to the
group’s nearest check date. We then estimate the event-study regression:

(1) Ytg = αt + αg +

5∑
τ=−5

βτ · Iτtg + εtg.

Here, Iτtg is an indicator function equal to one if calendar-day t is τ days away
from the date of Social Security check receipt for those in birthday group g. The
variable αg represents a fixed effect for each of the 31 “birthday groups” and αt
represent fixed effects for every calendar date in the sample.

Figure 1 presents estimates of the βτ ’s for the subsidized-copayment group
when the outcome of interest is the logarithm of the number of scripts filled.
The point estimates suggest a statistically significant effect of Social Security
checks. The number of prescriptions filled begins increasing on day −1, hits a
maximum on payday, and then declines. The magnitude of the day-zero esti-
mate, β0, suggests an 11-percent increase in scripts.14 As a point of comparison,

12We verified this phenomenon in discussions with experts at the Consumer Financial Protection
Bureau.

13The day of the month in which each recipient was born is the level of variation: the SSA matched
those 31 groups to dates on which to distribute checks. And so we cluster the standard errors on those
31 groups (Abadie et al., 2017).

14Prescription fills also increase the day before Social Security checks are distributed. We believe that
occurs because some banks provide recipients with the funds when the bank receives them, rather than
on the official payday.
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the figure presents the same exercise for the no-copayment group. The circular-
shaped markers in Figure 1 plot the regression coefficients for those recipients.
For that group, there is no differential change in prescriptions filled when checks
are distributed. Importantly, these recipients still receive Social Security checks
on the same schedule—the key difference is that they are not required to pay
copayments.

[Figure 1 approximately here.]

B. Purchases versus Consumption

Figure 1 provides clear evidence that drug purchases are sensitive to liquidity:
prescription-drug fills increase by roughly 11 percent when Medicare recipients in
the subsidized-copay group receive their Social Security checks. A natural, imme-
diate question is whether that pattern suggests a change in actual consumption
resulting in real utility consequences, or whether it merely reflects the re-timing
of purchases. Figure 2 presents several pieces of evidence that suggest that the
increase in fills is a matter of not just the timing of purchases, but of actual
consumption.

[Figure 2 approximately here.]

The first panel of Figure 2 presents the same event-study estimates as above,
but when the sample is restricted to a recipient’s first prescription fill of a drug.15

We observe an increase in first fills when Social Security checks arrive that is
smaller than the increase in all fills, but still statistically and clinically significant.
Importantly, upon first filling a drug, recipients cannot possibly access a stockpile
of pills from previous fills of the drug. Therefore, this pattern suggests a change
in actual consumption, not solely a re-timing of purchases.

The next panel of Figure 2 presents event-study estimates when the sample
is restricted to acute drugs.16 We find a statistically significant effect of Social

15First scripts are defined as prescriptions filled in a therapeutic class that had no fills in the last six
months for a given recipient. For this analysis, we restrict the data to begin on June 1, 2006.

16We define a drug as “acute” if the median number of fills of the drug in a year among people with
at least one fill of the drug is less than or equal to 2 (Einav, Finkelstein and Schrimpf, 2015).
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Security checks on fills of those drugs, taken only occasionally for acute conditions.
That result further suggests that Social Security checks affect drug consumption
and not just the timing of purchases—recipients are less likely to enjoy access to a
stockpile of pills for acute drugs. Further, consumption of these drugs is plausibly
non-trivial to re-time.

Finally, the last panel of Figure 2 presents event-study estimates solely for
Social Security checks that arrive 35 days after the previous check. The plot
exhibits a larger increase in prescription fills after receipt of those Social Security
checks.17 That pattern suggests that the increase in fills is not simply driven
by recipients following a “refill every 28 days” strategy or some other routine.18

Together, these results suggest that the payday effect we present in Figure 1 is
not solely driven by the re-timing of purchases but also reflects a re-timing of
consumption.

C. Heterogeneity

Figure 3 plots estimates of β0 from equation (1) when the logarithm of total fills
is the outcome of interest. The first panel of the figure plots those estimates for
each of three groups: those who face no copayments, those who face subsidized
copayments, and those who face full copayments. For the group that does not
pay copayments, we estimate a precise zero effect: the confidence interval rules
out increases in fills larger than 0.4 percent. The effects for the other two groups
are both economically and statistically significant: we estimate an increase in
prescription fills of 11.3 percent for the subsidized-copay group and an increase
of 6.1 percent for the full-copay group.

[Figure 3 approximately here.]

The panel also presents effects across the two different waiting-period lengths:
checks that arrive after a 28-day wait and checks that arrive after a 35-day wait.
We observe a larger increase in prescription-drug fills when it has been longer
since recipients’ received their last check.

A remaining question involves treatment-effect heterogeneity. To explore het-
erogeneity, the second panel of Figure 3 provides estimates for other strata in the
data, focusing on the subsidized-copay group.19 The first two rows of the sec-
ond panel of Figure 3 demonstrate that, on Social Security paydays, fills increase

17The increase in scripts filled on Social Security check day after 35-day waits is 12.4 log points versus
10.6 log points for 28-day waits, a roughly 17-percent difference.

18A “refill every 28 days” strategy would result in the increase in fills occurring on “day minus seven”
for Social Security checks that arrive 35 days after the previous check, rather than on “day zero” where
we observe it.

19Appendix A presents similar results for the full-copayment group.
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more for drugs with large out-of-pocket costs than for drugs with low out-of-
pocket costs.20 The next two rows present estimates that stratify drug purchases
by whether the purchase is a recipient’s first fill of the drug, or whether it is a re-
fill. And the two rows after that present estimates for acute drugs versus chronic
drugs. As is clear in Figure 2, the results here indicate a statistically significant
effect for all types of prescription fills: first fills, refills, acute drugs, and chronic
drugs.

The remaining rows in Figure 3 present estimates of the effect of Social Security
checks on prescription fills for particular drugs. We interviewed a panel of physi-
cians and asked for examples of common drugs that lead to severe, short-term
consequences if patients do not adhere to their prescriptions. The physicians sug-
gested the following drugs: blood thinners (Warfarin and Plavix); antiretrovirals
(HIV); anti-psychotics; anti-seizure medications; anti-biotics; insulin; statins; and
inhaler-based medications. We add to this list one more class of drugs, opioid
pain-killers. Opioids are an interesting case study, because delaying consump-
tion of opioids leads to the recurrence of pain and thus may be extremely salient
to patients. Overall, Figure 3 suggests some heterogeneity across these drugs.
Blood thinners, insulins, statins, and inhalers exhibit the largest effects. Those
effects are troubling to physicians: these drugs tend to be seen as high value by
physicians and important for the health of the patient.

Finally, Figure 4 investigates the role of socioeconomic status. The figure di-
vides the full-copay group by ventiles of income and plots estimates of β0 from
equation (1). As a proxy for household income, we link every ZIP Code of resi-
dence in the data to the median household income as measured by the 2006–2010
American Community Survey. The figure suggests a clear gradient, with larger
effects of Social Security checks for recipients living in lower-income ZIP Codes.
The payday effect for the lowest-income ventile (just under 10 percent) is five
times as large as the payday effect for the highest-income ventile (roughly 2 per-
cent).

[Figure 4 approximately here.]

Appendix B studies recipients who transition across copayment groups in order
to measure how the elimination of copayments changes inter-temporal consump-
tion patterns. Those results indicate that the transition onto the no-copay group
eliminates liquidity effects.

These results indicate a high level of sensitivity to liquidity across many Medi-
care recipients and drugs. The effects do not seem to be driven solely by healthy

20For each drug, we calculate the average out-of-pocket cost for all Medicare recipients. We then
categorize a drug as expensive if the average out-of-pocket cost is above the mean of this variable.
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recipients or by low-value drugs. Instead, we estimate significant effects for medi-
cally vulnerable recipients and for drugs for which non-adherence can have severe
short-term consequences. Such recipients seem to be delaying or forgoing filling
prescriptions until they receive their Social Security checks.

III. Discussion

This paper offers two key results. First, the prescription drug fills of Medicare
recipients increase on the day they receive their Social Security checks, even when
the out-of-pocket payment for those drugs is just $2 to $6. Second, that pattern
disappears when recipients transition onto a program that fully subsidizes out-of-
pocket costs.

There are three potential explanations for the increase in prescription fills when
Social Security checks are distributed. First, recipients may wait until their Social
Security checks arrive to do all of their shopping. For instance, if Social Security
beneficiaries have to pay a fare for the bus to travel to retailers, then they may
wait until their check arrives so that they only have to pay that fare once. That
hypothesis, however, is easy to reject: recipients in the no-copayment group still
receive Social Security checks but do not increase their drug fills on payday.

An alternative hypothesis is that Medicare recipients face real liquidity con-
straints. Such a possibility is consistent with the empirical effects we document.
For instance, we find larger effects for more-expensive drugs and in lower-income
ZIP Codes. However, recipients in the subsidized-copayment group face copay-
ments of only $2 for generic drugs, and thus it is surprising that liquidity con-
straints prevent that small of a purchase.

Third, the liquidity sensitivity we observe may be driven by behavioral biases.
In particular, Medicare recipients may delay filling their prescriptions based on
a type of mental accounting (Thaler, 1985). They may not be truly liquidity
constrained, so much as that the mental account that they devote to medical
expenses may be empty. Unlike liquidity constraints, mental accounting does
not imply large financial costs to accessing the cash necessary for copayments;
rather, it implies large psychological costs. Ultimately, we cannot reject either
liquidity constraints or mental accounting as the mechanism driving the income-
timing effects we document. It is possible that both mechanisms are empirically
relevant, though for different recipients.

Regardless of whether liquidity constraints or mental accounting drive the ef-
fects we document, the results suggest a benefit of insurance that is often not
discussed. Typically, insurance is viewed as providing risk protection at the ex-
pense of moral hazard. Generous insurance also provides an additional benefit:
it allows healthcare consumption to be less liquidity sensitive. That benefit can
be seen in the results above. Recipients who pay $2 to $6 per prescription forgo
or delay filling prescriptions until they receive their social security checks, but
recipients whose copayments are eliminated (i.e. who have full insurance) do not
engage in such intertemporal substitution. In other words, when consumers are
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provided with more-generous insurance, their healthcare consumption becomes
less dependent on the timing of their income.

Ericson and Sydnor (2018) study how rational consumers choose health insur-
ance plans when they are liquidity constrained. Liquidity-constrained households
value plans that require premiums to be paid at short intervals rather than in
lump sums. That preference is driven not by risk aversion but due to the financing
role of insurance. Our results, along with the concurrent results of Lyngse (2020),
provide the first empirical evidence—of which we are aware—for that financing
role.

The paper’s findings thus suggest an interaction between a person’s finances
and their response to copayments. Many policies affect a person’s finances: the
offering of additional credit, changes in how often Social Security checks are sent,
“nudges” to overcome psychological frictions, and so on. This paper suggests that
those policies would affect the healthcare utilization of low-income households and
thus matter for the design of health insurance programs for those households. This
paper does not provide guidance as to the welfare-importance of that interaction
between finances and utilization, it only demonstrates that the interaction exists.

The results also speak to the nature of what health insurance offers its bene-
ficiaries. Typically, economists view health insurance as allowing consumers to
transfer resources across states of the world. This paper suggests an additional
benefit of health insurance: more-generous coverage allows consumers to avoid
having to delay their healthcare until the receipt of their income. With gener-
ous coverage, recipients can consume healthcare when they need it, rather than
waiting for their income to arrive.

In that sense, this paper relates to the work of Casaburi and Willis (2018), who
emphasize the inter-temporal transfers facilitated by insurance. Those authors
point out that, typically, consumers pay a premium for insurance early on, and
only enjoy benefits at a later date. As a result, health insurance not only transfers
resources across states of the world but also across time. Similarly, our results
suggest that generous health insurance coverage shifts the timing of healthcare
consumption. It allows for transfers from high-liquidity (low marginal utility) pe-
riods to low-liquidity (high marginal utility) periods. Generous health insurance
may thus improve welfare in two ways, by transferring resources across both time
and states.

That said, this paper’s results do not provide guidance regarding the extent
to which these intertemporal transfers matter for welfare. Future research is
necessary to determine the importance of liquidity sensitivity for welfare. And,
more importantly, future research is necessary to understand the corresponding
implications for policy: how should health insurance plans be structured for low-
income, liquidity-sensitive beneficiaries?
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Table 1—: Summary Statistics

No Subsidized Full
Copay Copay Copay

Number of beneficiaries
in 20% sample in 2006 213,080 20,305 479,900

Number of beneficiaries
in 20% sample in 2015 678,447 143,779 3,788,347

Mean total scripts
per year 52.48 44.08 29.11

Mean out-of-pocket
spending per year $0 $183.38 $550.67

Mean out-of-pocket
spending per script $0 $4.45 $20.19

Mean share filling
a script each day 0.064 0.058 0.047

Share male 0.367 0.392 0.447

Average age 70.35 70.31 70.71

Average number of
chronic conditions 4.40 3.99 3.64

Share white 0.578 0.694 0.883
Note: This table presents summary statistics for the copay groups used in the analysis below.
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Figure 1. : The Effect of Social Security Checks on Total Scripts

No-copay group

Subsidized-copay group

0.00

0.05

0.10

0.15

-5 -4 -3 -2 -1 0 1 2 3 4 5
Days since check-distribution

Event-study estimate

Note: This figure plots estimates of equation (1), event-study estimates of the logarithm of total scripts
filled for each event-time day relative to check receipt for the no-copay group and the subsidized-copay
group. The vertical lines across each marker plot 95-percent confidence intervals based on standard errors
that are clustered at the level of the birthday group.
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Figure 2. : The Effect of Social Security Checks on Total Scripts

(a) First Scripts
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(b) Acute Drugs
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(c) 35-Day Waits
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Note: These figures plot estimates of equation (1): event-study estimates of the logarithm of total scripts
filled for each event-time day relative to check receipt for the no-copay group and the subsidized-copay
group. The vertical lines across each marker plot 95-percent confidence intervals based on standard errors
that are clustered at the level of birthday group. Panel (a) restricts the sample to first scripts, panel
(b) restricts the sample to acute drugs, and panel (c) restricts the sample to Social Security checks that
arrive 35 days after the previous check.
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Figure 3. : Heterogeneity in The Change in Scripts Filled on Social Security
Payday

(a) Effects of Social Security Checks by Copayment Group and Length of Wait
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(b) Effects of Social Security Checks across Types of Drugs
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Note: These figures plot estimates of β0 from equation (1): the event-study coefficient for check-
distribution day when the outcome is the logarithm of the total scripts filled. The first panel stratifies the
sample by copay group (no-copay group, subsidized-copay group, and full-copay group) and days since
the last check (28-day wait and 35-day wait). The second panel stratifies the sample by characteristics of
the drugs purchased. The horizontal lines along each marker plot 95-percent confidence intervals based
on standard errors that are clustered at the level of the birthday group.
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Figure 4. : Heterogeneous Effects By Income

0.02

0.04

0.06

0.08

0.10

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
Median income ventile

Increase in scripts on check-distribution day

Note: This figure plots estimates of β0 from equation (1): the estimated event-study coefficient on check-
distribution day for the logarithm of total scripts filled, by ventile of median income for each recipient’s
ZIP Code of residence. The sample is restricted to the full-copay group. The vertical lines through each
marker plot 95-percent confidence intervals based on standard errors that are clustered at the level of
the birthday group.


