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Abstract

We investigate the impact of a large, universal cash transfer on prescription uti-
lization. Our identification strategy leverages the Alaksa Permanent Fund Dividend
(PFD), which is distributed annually in October and comprises 6% of the average
household’s annual income. We study the impact of the PFD on the use of prescrip-
tion medications using a within-Alaska comparison group and difference-in-differences
design. Using the IBM MarketScan Commercial Claims and Encounters Prescription
Drug Database, we observe prescriptions for 50,568 commercially-insured individuals
who filled prescriptions between 2013 and 2019. We find no effects of the PFD on
prescription use overall, by sex and age, or by type and cost of prescription. These
findings are useful for understanding the effects of universal cash transfers among in-
dividuals with employer-based health insurance.
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1 Introduction

In 2021, half of Americans reported delaying or foregoing health care due cost reasons (Kear-

ney et al., 2021). Significant efforts have been devoted to addressing cost-related barriers

to care, including improving price transparency, subsidizing care, mandating free preventive

care, insurance reform, alternative payment models, billing reform, and antitrust efforts.

These policies mainly aim to reduce the price of health care; however, an additional policy

option to improve affordability is to relax consumer budget constraints. Households with-

out liquid assets to pay for deductibles, co-payments, and other out-of-pocket costs may be

especially likely to delay or forego care.

The idea of relaxing consumers’ budget constraints, specifically through cash transfers

or basic income, has gained popularity in high income countries as a potential solution to

a variety of societal problems including inequality, poor labor market outcomes, insufficient

social safety nets, and stigma surrounding government assistance programs (Hoynes and

Rothstein, 2019). As of this writing, there are 104 in-progress or recently completed basic

income experiments in the United States and Canada (Stanford Basic Income Lab, 2022).

In the United States, large federal programs including the earned Income Tax Credit, Sup-

plemental Security Income, and Social Security already provide cash payments targeted at

populations that are likely to be income constrained. There is growing evidence of the effects

of cash transfers in developed countries on outcomes such as employment (Akee et al., 2010;

Bibler et al., 2020; Barr et al., 2022; Jones and Marinescu, 2022; Gennetian et al., 2022),

consumption (Hsieh, 2003; Kueng, 2015; Amorim, 2021; Gennetian et al., 2022), education

(Akee et al., 2013, 2018; Barr et al., 2022), criminal activity (Akee et al., 2013; Watson et al.,

2019a), health (Costello, Erkanli, Copeland, and Angold, Costello et al.; Akee et al., 2013;

Chung et al., 2016; Yoo et al., 2022; Troller-Renfree et al., 2022; Jaroszewicz et al., 2022), and

health care utilization (Dobkin and Puller, 2007; Forget, 2013; Gross and Tobacman, 2014;

Holmes et al., 2018; Lyngse, 2020; Gross et al., 2022; Jaroszewicz et al., 2022).1 Although

1For recent reviews of the cash transfer and universal basic income literature in developed countries, see
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this literature provides robust evidence for the specific cash transfer programs, populations,

and outcomes studied; cash transfers are increasingly being proposed for broader population

groups for which evidence is scarce.2

In this paper, we study the effect of a large cash transfer on health care consumption in a

population of commercially insured individuals. Each October, all Alaska residents receive a

payment from the Alaska Permanent Fund Dividend (PFD). The magnitude of the payment

is large at approximately $1,500 per household member and comprises 6% of the average

family’s annual income. It is both universal (i.e., given to nearly everyone)3 and uncondi-

tional (i.e., no restrictions on how the funds are used). As the population receiving cash

transfers expands, it is important to study commercially insured individuals because 55%

of the United States population receives health insurance coverage from an employer. The

effect of cash transfers on prescription use in this group has not been examined. Moreover,

cost-related barriers to care are a problem for this group as 47% of commercially-insured

individuals report difficulty affording medical care (Kearney et al., 2021).

We study the impact of the PFD on a particular type of medical care - prescription

drugs. Prescriptions are of particular interest because patients generally have more control

over their use of medication than other medical services. Prescription medication is an

essential component of medical care, used in cases of immediate need for treating acute

conditions as well as for long-term management of chronic diseases. Affordability problems

also exist for prescription drugs. Approximately 1 in 4 Americans report having difficulty

Marinescu (2017), Hoynes and Rothstein (2019), and Gibson et al. (2020).
2Recent examples of broad-based cash transfers include the 2022 California Middle Class Tax Refund

provided $200 to $350 to individuals with incomes below $250,000 with the goal of easing inflationary pressure
on household finances. In 2020 and 2021, the United States federal government provided three rounds of
COVID-19 stimulus payments totaling $1,000, $600, and $1,400 per adult, with additional payments given
for children with an income-based phase out above $75,000 per individual. In 2021, targeted programs
including the Child Tax Credit and the Earned Income Tax Credit were temporarily expanded such that
more families were eligible and the amount of the benefits increased.

3Eligibility criteria for the PFD includes having lived in Alaska the entire year prior to the dividend year.
Children born or adopted during the prior year are eligible for the full dividend. Individuals are ineligible
if during the prior year they were sentenced as a result of a conviction of a felony, incarcerated as a result
of a conviction of a felony, incarcerated as a result of a conviction of a misdemeanor if convicted of a prior
felony after 12/31/96, incarcerated as a result of a conviction of a misdemeanor and were convicted of two
or more prior misdemeanors after 12/31/96.
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affording their prescription medication (Kearney et al., 2021).

We use the 2013 to 2019 MarketScan Research Outpatient Prescription Drug Database,

which contains the universe of prescriptions for a subset of Alaska residents with employer-

based health insurance. The sample contains 770,238 days of prescription fills by 50,568

individuals. We obtain plausibly causal estimates of the PFD by comparing prescriptions re-

ceived around the date of the October distribution to prescriptions received at other times of

the year. Our identification strategy leverages the fact that the dividend is always disbursed

on the first Thursday of October to create a within-Alaska comparison group. We compare

changes in prescriptions in the 14-day window on either side of the October PFD distribution

to changes in prescriptions in the 14-day window on either side of the first Thursday of other

months of the year in a difference-in-differences design.

We find no effects of the PFD on the total number of prescriptions filled. In hetero-

geneity analyses, we find no change in prescriptions by age, gender, spending quartile, or by

propensity to skip prescription refills. We also test for changes in medications used to treat

acute conditions and first prescriptions, which may measure the result of behavioral changes

such as alcohol and drug consumption after receipt of the PFD. We find no change in the

number of first or acute condition prescriptions. Likewise, we find no chance in prescriptions

for treatment of chronic conditions and refills, which would indicate whether patients are

delaying drugs required to manage an ongoing health concern. Lastly, we examine whether

results vary by measures of cost for a prescription (i.e., generic, branded, out-of-pocket costs)

and find no changes.

We contribute to the relatively small literature on the effects cash transfers on health

care consumption. Past research finds that liquidity increases are associated with increases

visits to medical providers (Holmes et al., 2018), hospitalizations (Dobkin and Puller, 2007;

Forget, 2013; Gross and Tobacman, 2014; Holmes et al., 2018), and prescriptions (Lyngse,

2020; Gross et al., 2022); however, increases in liquidity are not always associated with

changes in health care consumption. Using a randomized-control trial design, Jaroszewicz
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et al. (2022) finds no impact of payments to individuals in poverty on health expenditures. To

our knowledge, we contribute the first estimates of a universal cash transfer on prescription

use in commercially insured individuals. Previous studies of prescription use have focused

on targeted or non-universal transfers (Gross et al., 2022; Lyngse, 2020). In a population of

Medicare Part D enrollees, Gross et al. (2022) find that on the day that Social Security checks

are received, prescriptions increase 6% to 12%. Using data on Danish welfare recipients,

Lyngse (2020) finds that the propensity to fill a prescription increases by 52% on transfer

income paydays. We study a universal, annual transfer and can rule out effects larger than

1.16% in the week of the Alaska PFD and 1.91% in the week after.

Our study highlights the fact that takeaways from means-tested programs that typically

go to the most disadvantaged may not apply to universal cash transfers. While Gross et al.

(2022) and Lyngse (2020) find large effects of cash transfers on prescriptions, this paper finds

no effects. The differences stem from the population receiving the payment and the type of

payment received. We study a commercially insured population. Gross et al. (2022) focuses

on the elderly population, which has a high demand for prescriptions and fixed income

while Lyngse (2020) studies a low-income population. Second, we study a universal, annual

cash transfer while Gross et al. (2022) studies a monthly transfer targeted at the elderly and

Lyngse (2020) studies a monthly means-tested transfer. Our findings are useful for informing

new cash transfers or expansions of existing programs to the privately insured population,

cash transfers of a universal or near-universal nature, and for informing how the frequency

of cash transfers (e.g., monthly versus annual).

We also add to the literature on the effects of the Alaska PFD, of which there is limited

evidence of the on health-related outcomes. Evans and Moore (2011) find that the Alaska

PFD temporarily increases then decreases mortality. Using police report data, Watson et al.

(2019b) find increases in requested medical assists and substance abuse crime incidents. As

the longest-running universal cash transfer in the United States, the PFD is a useful natural

experiment for learning about the potential effects of future cash transfer programs.
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The paper proceeds as follows. Section 2 provides background on related literature and

the PFD, Section 3 includes a description of the data, Section 4 contains the regression

specifications, Section 5 presents results, and Section 6 concludes.

2 Background

2.1 Liquidity and Healthcare Consumption

In the standard life-cycle/permanent income model, household consumption is not affected

by anticipated changes in income because households consider lifetime income when making

consumption decisions. To the degree that household are able to use financial instruments

to transfer income across periods, the model predicts that household consumption will re-

main unchanged when income rises or falls in an anticipated manner. However, empirical

research has shown that individuals often respond to expected changes in liquidity, behav-

ior which is coined “excess sensitivity of consumption” due to its inconsistency with the

life-cycle/permanent income hypothesis.

Gross and Tobacman (2014) describe how increased liquidity may impact consumption of

medical care either directly or indirectly and test for excess sensitivity of medical care. First,

cash transfers may directly increase demand for care if liquidity constraints prevented the

consumer from obtaining care. Additionally, cash transfers may directly reduce the overall

demand for care by increasing the demand for preventive care, which may reduce demand

for other types of care (e.g., hospitalizations). Second, the indirect pathway causes changes

in demand for medical care through changes in other consumption. For example, increases

in liquidity may indirectly increase demand for medical care by increasing alcohol or drug-

related medical events. In their empirical analysis, Gross and Tobacman (2014) examine the

effects of the arrival of the 2008 stimulus payments on hospitalizations. They find that the

payments raised the probability of an adult emergency department visit over the following 23

weeks by an average of 1.1%, a finding inconsistent with the permanent income hypothesis.
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The increase in emergency department visits is driven by urgent medical conditions such

as drug and alcohol-related visits. They find little impact on avoidable hospitalizations or

emergency visits for non-urgent conditions. Thus, the authors find empirical support for the

indirect but not direct path of liquidity affecting demand for medical care.

Other research supports the indirect pathway between liquidity, health care consumption,

and health. Dobkin and Puller (2007) document increases in drug-related hospital admissions

and increases in in-hospital mortality during the first five days of the month. The increases

are driven by recipients of Supplemental Security Income and disability insurance who receive

monthly transfer checks. Evans and Moore (2011) study mortality changes after the receipt

of various types of government transfers, finding that mortality is higher immediately after

Social Security check receipt and military paydays. Additionally, they examine mortality

effects in a broader population beyond the elderly and military personnel using the 2001

stimulus payments and the Alaska PFD, finding that these payments are followed by a

temporary increase in mortality that is partially offset by a subsequent decrease.

Akee et al. (2010), Akee et al. (2013), and Akee et al. (2018) study the impact of universal

cash transfers given to adult Eastern Cherokee tribal members in North Carolina after the

opening of a casino. This cash transfer is similar to the Alaska PFD in that it is universal

and all recipients receive the same amount. They find that the introduction of cash transfers

improved educational attainment and criminal outcomes (Akee et al., 2010), improved emo-

tional and behavioral outcomes (Akee et al., 2013), and increased body mass index (Akee

et al., 2018) relative to a non-Eastern Cherokee comparison group.

The industry report by Holmes et al. (2018) is closely related to this study because their

sample includes working-age individuals and they study an annual cash infusion from tax

returns. Once a tax return is filed, the amount of the return is nearly perfectly anticipated

but there is a lag until the actual payment is received. Using a sample of 20 to 64 year-olds

with JP Morgan Chase accounts, Holmes et al. (2018) find that spending on health care

increases 60% in the week after a tax refund is deposited. The increase appears to be due to
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liquidity constraints because the increased spending on health care predominantly consists

of debit card and not credit card transactions. The increase also occurs once the cash is

received, not in the prior days when the amount of the return is known but the refund

has not arrived. The authors study when and where services are received to determine

if patients are deferring care until cash arrives or paying for previously incurred medical

expenses. They find evidence of both - payments for in-person medical visits increase as well

as remote payments, which they infer are for previously received care. Moreover, there is a

clear income gradient in responsiveness to the liquidity increase. Account holders with the

lowest checking account balances increased their health care spending by much more than

account holders with the highest balances. Although they are not able to identify spending on

prescription medication specifically, they find that purchases of health care goods from drug

stores, medical equipment suppliers, orthopedic goods suppliers, prosthetic device suppliers,

and hearing aid providers increases 22% in the week after receiving a tax return. It is worth

noting that baseline daily spending on these items is less than $0.25 per person; thus the

increase is small in absolute dollar terms. No standard errors are provided to determine the

significance level of the estimated increase but the authors do report that only 1% of tax

refund-triggered additional healthcare spending was used on goods, indicating that a tiny

portion refunds were used to purchase pharmaceuticals or other healthcare goods.

Two additional studies examine the effects of cash transfers on prescription use. Gross

et al. (2022) and Lyngse (2020) examine the effects of transfers targeted at the elderly and

low-income population on prescription use and find evidence of excess sensitivity. Gross

et al. (2022) study the distribution of monthly Social Security checks among Medicare Part

D enrollees. They find that when Social Security checks are distributed, prescription fills

increase by 6 to 12 percent. Lyngse (2020) also examines a related question by evaluating

whether welfare recipients in Denmark are delaying medical due to liquidity constraints.

He finds that on transfer income payday, recipients have a 52% increase in the propensity

to fill a prescription. By separating prophylaxis drugs used to treat chronic conditions,
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where the patient can anticipate the need to fill the prescription (e.g. cholesterol-lowering

statins), he finds an increase of up to 99% increase on payday. Even for drugs used to treat

acute conditions, where timely treatment is essential, he finds a 22% increase on payday for

antibiotics and a 5-8% decrease in the four days preceding payday. Lastly, by exploiting the

difference in day the doctor write the prescription and the day the patient fills it, he shows

that the key operating mechanism for postponing antibiotic treatment is being liquidity-

constrained.

Randomized-control trials provide robust evidence on the effects of cash transfers on

health care use for enrolled participants, but external validity may be limited and no studies

to date examine prescription use specifically. Jaroszewicz et al. (2022) randomized over 5,000

low-income individuals to either receive a one-time payment of $500, $2,000, or $0 (control

group). They find that the cash transfer increased short-term digital payments and debit

payments, but does not increase health expenditures. The study also finds that cash transfer

recipients self-report worse financial, psychological and health outcomes. The authors note

that this finding could be due to study attrition or the fact that the cash transfer increased

the salience of the gap between participants’ needs and resources.

2.2 Alaska Permanent Fund Dividend

The Alaska Permanent Fund was established in 1976 to hold proceeds from the sale of

Alaska’s oil. The intention behind creating a permanent fund was to prevent the significant

earnings from being used for day-to-day government operations and to create a perpetual

stream of income for the state. Proceeds from oil sales are deposited into the fund, which

includes diversified investments in stocks, bonds, and real estate. Due to its diversified

nature, fund performance is independent of local economic conditions.

Beginning with a $1,000 dividend in 1982, the fund has made annual distributions to

Alaska residents. With few exceptions, all residents who have lived in the state for the past

year and intend to continue living in Alaska are eligible to receive a dividend. Until 2015,
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each year’s distribution was calculated using a formula based on income and expenses of

the fund for the past five years and each person receives the same amount regardless of age,

income, etc. In 2015, Alaska’s state budget faced large financial shortfalls due to declines in

the price of oil and the distribution amount was reduced so that the excess proceeds could

fund governmental operations. Since then, the legislature has determined an approved each

year’s amount. Table 5 includes the dates and amounts of the PFD during the period of

this study. The PFD is disbursed on the first Thursday of October and ranges between $900

and $2,072 during the our sample window. During the seven year period of 2013 to 2019, an

Alaska resident would have received $10,184 from the PFD. Importantly, the PFD is salient

throughout the year for Alaskans because they must register by March 31st each year and

the PFD makes the news as the legislature debates the amount.

Research on the effects of the PFD remains fairly limited, but has examined a variety

of outcomes. As with any unconditional cash transfer, a primary question is the effect on

labor supply. Bibler et al. (2020) find that in the short-run, the PFD has heterogeneous

effects on employment by gender. Men are more likely to be employed on the extensive

margin but do not change hours worked. Women, on the other hand, reduce hours worked

but do not change extensive margin labor market participation. On net, the authors find

that the PFD causes a 0.7% contraction of the labor market on an annual basis. Using

annual Current Population Survey data, Feinberg and Kuhn (2018) estimate separate labor

supply elasticities for men and women. Estimates range from -0.15 to -0.1 for men and -0.9

to -0.18 for women. Jones and Marinescu (2022) quantify the long-term effects of the PFD

on Alaska’s labor market using a synthetic control design and find that overall employment

is unaffected and part time work increases by 17%. They attribute their results to a general

equilibrium effect of cash stimulating the local economy.

Research on how residents use the cash finds mixed effects on spending. Hsieh (2003)

finds no evidence that household spending reacts to the PFD payments using Consumer

Expenditure Survey data between 1980 and 2001. In contrast, Kueng (2018) uses 2010 to
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2014 transaction-level data from a personal finance website and finds an average marginal

propensity to consume of 25% of each PFD dollar on nondurables and services. Importantly,

he documents that the lack of findings in Hsieh (2003) is due to measurement error in the

income variable. Kueng (2018) shows that the marginal propensity to consume is increas-

ing with income, with households in the bottom quintile consuming 10% of the PFD and

households in the top quintile consuming 70%.

Other studies on the effects of the PFD have found that it reduces poverty (Berman,

2018), increases income inequality (Kozminski and Baek, 2017), increases birth weight and

APGAR scores (Chung et al., 2016), has no impact on childhood obesity (Watson et al.,

2019b), reduces property crime (Watson et al., 2019a), and increases substance abuse crime

incidents (Watson et al., 2019b). Watson et al. (2019a) also find that medical assist incidents

are increasing in the size of the PFD. These increases in substance abuse and medical assist

incidents are consistent with the indirect pathway for the PFD affecting demand for medical

care.

3 Data

We use the IBM MarketScan Research Outpatient Prescription Drug Database containing

individual-level, de-identified healthcare claims from privately insured individuals in Alaska.

This data has the advantage of allowing the researcher to observe detailed information on the

entirety of an individual’s outpatient prescriptions paid for by insurance including national

drug code, days supply, generic status, refill status, chronic versus acute condition indication,

coinsurance, and copayment.

We aggregate the prescription-level data to the individual-day level such that each ob-

servation is a count of prescriptions for an individual on a given day for days in which

a prescription is filled. The sample includes 770,238 individual prescription-days between

2013 and 2019 for 50,568 commercially-insured individuals. Our identification strategy com-
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pares prescription counts on and around the PFD distribution date (the first Thursday in

October) to prescription counts on and around the first Thursday of other months of the

year. We study a 14 day window on either side of the first Thursday of each month and drop

prescriptions filled outside of the that window.

Panel (a) in Figure 1 shows daily prescriptions counts for 2013 to 2019. Fewer prescrip-

tions are filled on Saturday and Sunday, creating the lower band of dots in the figure. Black

dots indicate prescription counts on the PFD distribution dates. There is no observable in-

crease in prescriptions on PFD distribution days and in fact, the black dots are low relative

to surrounding days between 2013 and 2016 and in 2019. The visual break in the prescription

counts in 2017, 2018 and 2019 is due to changes in the number of firms included in the IBM

MarketScan data.

Panel (b) in Figure 1 shows average weekly prescriptions across the calendar year. The

vertical red line indicates the first week in October when the PFD is distributed. Weekly

prescriptions vary throughout the year, with large dips during holiday weeks. In the weeks

immediately following the PFD, the weekly variance of the time series decreases substantially.

In both Figures 1(a) and 1(b), the raw data do not provide evidence of an increase in

prescriptions from the PFD.

4 Methodology

We use an event study design that compares prescriptions in the 14 days before and after

the first Thursday of October (day of the PFD distribution) to prescriptions in the 14 days

before and after the first Thursday of other months of the year. The approach is similar to

Stephens (2003) and Evans and Moore (2011) who study the mortality effects of the monthly

arrival of Social Security checks, with the difference that our model has 11 months with no

transfer income arrival.
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ln(Rxid) = α0 +
13∑

d=−14

γdDayd +
13∑

d=−14

βdDayd ∗ PFDd

+ηXi + τd + δd + ωd + εid

(1)

where ln(Rxid) is the natural log of the count prescriptions for individual i on day d. The

variables Dayd take a value of 1 if day d is in the dth day before or after the first Thursday

of the month. Day is interacted with an indicator for being within 14 days of the PFD

distribution (PFDd) to capture marginal differences in prescriptions from the PFD distri-

bution in October relative to other months. The vector Xi includes controls for individual

characteristics of sex and dummies for age in years. The model controls for holidays and

includes fixed effects for year (τd), month (δd), and day of the month in ωd (e.g., 1st, 2nd,

3rd,...31st) because consumers may time prescriptions to occur on or near the same date

each month.

The previous model estimating daily changes in prescriptions may be noisy or fail to

detect small changes in utilization that occur over several days. Thus, we also estimate a

different version of model 1 that tests for changes at the weekly level:

ln(Rxid) = α0 +
1∑

d=−2

γdWeekd +
1∑

d=−2

βdWeekd ∗ PFDd

+γXi + τd + δd + ωd + εid

(2)

where βd gives the average change in daily prescriptions during the two weeks prior and

two weeks after the PFD distribution. In equation 2, d = −2 equals 1 during the 8 to 14

days prior to the distribution, d = −1 in the 1 to 7 days before the distribution, d = 0

on the day of the distribution and the subsequent six days, and d = 1 during days 7 to 13

post-distribution. All other variables are defined as described above.

In both models, the coefficients of interest are the βd’s which give the change in prescrip-

tions in the days surrounding the distribution relative to the same days in other months

after controlling for age, sex, year, month, holiday, and day of month fixed effects. Causal

13

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=4243356

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

wed



interpretation of our estimates relies on the assumption that nothing else is changing each

October that would affect prescriptions besides the PFD. Day of week effects are automati-

cally differenced out by aligning event time in treated and control months such that d = 0

is always the first Thursday of the month. Standard errors are clustered at the individual

level.

5 Results

Figure 2 presents the event study figures from estimating daily changes in prescriptions using

equation 1.4 Panel (a) of Figure 2 shows the change in total prescriptions in the 14 days

before and after the PFD distribution, relative to other months. Overall, there does not

appear to be an effect of the PFD on prescription utilization as most daily estimates are

not statistically different than zero. In the 12th, 4th, and 3rd day prior to the distribution,

prescription counts fall. There are not offsetting increases in days following the PFD.

The remaining panels of Figure 2 show estimates for males, females, and by the age of

the prescription recipient (i.e., 0 to 18, 19 to 39, and 40 to 65). In Panel (b), daily estimates

for males are not statistically significant. In Panel (c), there is a reduction in prescriptions

on the day of and two days after the PFD for women. Estimates for children in Panel (c)

have wider confidence intervals due to lower numbers of prescriptions in this age group, but

do indicate decrease in prescriptions in day 9 after the PFD. Estimates for adults in Panels

(e) and (f) indicate no effects of the distribution on prescriptions.

The daily estimates in Figure 2 are noisy; therefore, we present estimates of average daily

changes in prescriptions per week using equation 2 in Table 1. The table shows estimates

for changes in prescriptions in the second week before the distribution, the week of the

distribution, and the week after the distribution. The omitted week is the 7 days prior to

the distribution. There are no statistically significant changes in prescriptions around the

time of the distribution. The coefficient of -0.0015 implies that in the 7 days following the

4Tables corresponding to daily event studies can be found in the Appendix.
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distribution, daily prescriptions fall by 0.13%, but the 95% confidence interval ranges from

-1.42% to 1.16%. Thus, we can rule out relatively small changes in prescriptions in the week

of the PFD. In the week after the PFD, the 95% confidence interval ranges from -1.11%

to 1.91%, again allowing us to rule out relatively small changes in prescriptions. Columns

(2) to (6) of Table 1 show no statistically significant impact of the PFD on average weekly

prescriptions for any of the sub-groups we evaluate.

As costs are a major factor in delaying prescriptions, we examine whether the PFD affects

prescription cost and study heterogeneity across groups more and less likely to have cost-

related barriers. First, we run separate regressions for individuals whose annual prescription

spending is in the 0 to 24th percentile, 25 to 75th percentile, and 76 to 100th percentile of

the sample. Results are located in panels (a) to (c) of Figure 3 and columns (1) to (3) of

Table 2. We find no evidence that the PFD affects prescriptions for any of these groups.

Next, we categorize individuals by the most days that they have gone without refilling a

prescription that was past due.5. Individuals who wait longer to refill prescriptions may be

most liquidity constrained and therefore fill a prescription when the PFD arrives. We find

no evidence of changes in prescriptions based on the number of days without a refill.6

In Figure 4 and Table 3, we present estimates by type of condition treated. Drugs used

to treat chronic conditions are included in Panel (a). Drugs that are refills, which would be

applicable to treating chronic or ongoing conditions are included in Panel (c). The PFD has

no impact on these categories of prescriptions. Changes in these types of prescriptions would

be consistent with the PFD directly affecting prescription demand. Changes in acute or

first-time prescriptions would be consistent with an indirect pathway for the PFD affecting

prescription demand. Estimates for prescriptions treating acute conditions and single-fill

prescriptions in Panels (b) and (e) show no consistent pattern of impact from the PFD,

5The data include information on the days supply for each prescription. Accounting for the number of
days a previous prescription was intended for, we calculate the number of days a person is past due for a
prescription refill. For each individual, we take the maximum number of days past due on a refill to create
the categories in Table 2

6We have varied the categorical definitions in Table 2 and the results are materially unchanged.
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although there are some daily estimates that are different than zero. Overall, we find no

evidence that the PFD is differentially affecting chronic vs. acute medication, supporting

neither the direct or indirect pathway for demand shifts from the PFD.

The income from the PFD may allow patients to spend more per prescription, which

we explore in Figure 5 and Table 9. We find no evidence of patients shifting towards more

expensive branded drugs and away from generic. We also find no evidence of a change in

out-of-pocket spending.

6 Conclusion

We examine the behavioral responses of individuals who have employer based health insur-

ance to a cash transfer using the world’s only continuous universal income program, Alaska’s

Permanent Fund Dividend, using prescription claims data. Our findings provide a number

of insights on the impact of cash transfers on insured individuals. We show that the recipi-

ent population is unresponsive to an unconditional and anticipated income receipt across a

variety of categories. We observe no changes in the utilization of prescription of drugs either

in anticipation of the PFD or immediately after receiving it. These results are important as

the effect of cash transfers on the healthcare consumption of employer-sponsored insurance

recipients -who represent more than 55% of the population- had not been previously inves-

tigated and conclusions about how cash transfers may affect healthcare consumption have

been based on either targeted populations or means tested distributions. Gross et al. (2022)

and Lyngse (2020), for example, study the effects of age-based and means-tested cash trans-

fers on prescriptions, and both evidence find evidence of excess sensitivity in consumption

when liquidity increases. Our findings are more similar to Holmes et al. (2018), who also

study an annual transfer and a broader population that includes working age individuals.

Although Holmes et al. (2018) finds a 22% increase in a category of spending that includes

prescriptions and other goods, the absolute dollar value of the change is very small and only
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1% of tax return induced spending goes towards medical goods. As we show, findings from

programs targeted at the disadvantaged may not transfer to broader population groups.

These differences in behavioral responses between ESI recipients and previously studied

populations are consistent with two theoretical possibilities. First, commercially insured

individuals may not be liquidity constrained with respect to prescription purchases. Second,

our findings are consistent with the life-cycle/permanent income hypothesis that predicts

minimal changes in consumption upon the arrival of anticipated income. In the context of the

PFD, Alaskans are well-aware of the guaranteed October distribution and it is psychologically

salient throughout the year because Alaskans must register to receive the payment by March

31st. These factors may make consumers more likely to consumption smooth.

From a policy perspective, these differences underscore the importance of target pop-

ulation and program structure in affecting consumer responses to liquidity changes. This

is particularly important in the healthcare context because cost barriers cause a significant

share of the privately insured population to delay or forego care, potentially generating an

inefficient outcome that results in higher costs and worse health in the long-term.

17

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=4243356

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

wed



References

Akee, R., W. Copeland, E. J. Costello, and E. Simeonova (2018, 3). How does household

income affect child personality traits and behaviors?

Akee, R., E. Simeonova, W. Copeland, A. Angold, and E. J. Costello (2013, 4). Young

adult obesity and household income: Effects of unconditional cash transfers. American

Economic Journal: Applied Economics 5, 1–28.

Akee, R. K., W. E. Copeland, G. Keeler, A. Angold, and E. J. Costello (2010, 1). Parents’

incomes and children’s outcomes: A quasi-experiment using transfer payments from casino

profits. American Economic Journal: Applied Economics 2, 86–115.

Amorim, M. (2021, 10). Socioeconomic disparities in parental spending after universal cash

transfers: The case of the alaska dividend. Social Forces .

Barr, A., J. Eggleston, U. S. C. Bureau, A. A. Smith, K. Bird, C. Avery, S. Lalumia,

M. Gudgeon, B. Sacerdote, A. Roberts, D. Wu, H. Hoynes, and L. Katz (2022). Investing

in infants: The lasting effects of cash transfers to new families.

Berman, M. (2018, 6). Resource rents, universal basic income, and poverty among alaska’s

indigenous peoples. World Development 106, 161–172.

Bibler, A., M. Guettabi, and M. Reimer (2020). Universal cash transfers and labor market

outcomes.

Chung, W., H. Ha, and B. Kim (2016). Money transfer and birth weight: Evidence from the

alaska permanent fund dividend: Money transfer and birth weight. Economic Inquiry 54.

Costello, E. J., A. Erkanli, W. Copeland, and A. Angold. Association of family income

supplements in adolescence with development of psychiatric and substance use disorders

in adulthood among an american indian population.

18

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=4243356

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

wed



Dobkin, C. and S. L. Puller (2007, 12). The effects of government transfers on monthly cycles

in drug abuse, hospitalization and mortality. Journal of Public Economics 91, 2137–2157.

Evans, W. N. and T. J. Moore (2011, 12). The short-term mortality consequences of income

receipt. Journal of Public Economics 95, 1410–1424.

Feinberg, R. and D. Kuhn (2018). Guaranteed non-labor income and labor supply: The effect

of the alaska permanent fund dividend. BE Journal of Economic Analysis and Policy Vol.

18.

Forget, E. L. (2013, 12). New questions, new data, old interventions: The health effects of

a guaranteed annual income. Preventive Medicine 57, 925–928.

Gennetian, L. A., G. Dungan, N. A. Fox, K. Magnuson, S. Halpern-Meekin, K. G. Noble, and

H. Yoshikawa (2022, 8). Unconditional cash and family investments in infants: Evidence

from a large-scale cash transfer experiment in the u.s.

Gibson, M., W. Hearty, and P. Craig (2020). Scoping review the public health effects of

interventions similar to basic income: a scoping review.

Gross, T., T. Layton, and D. Prinz (2022). The liquidity sensitivity of healthcare consump-

tion: Evidence from social security payments. American Economic Review: Insights .

Gross, T. and J. Tobacman (2014). Dangerous liquidity and the demand for health care:

Evidence from the 2008 stimulus payments.

Holmes, N., S. Rao, A. Flaschner, K. Benoit, C. Legacki, C. Hacker, J. Spiegelman, and

G. Stern (2018). Deferred care: How tax refunds enable healthcare spending.

Hoynes, H. and J. Rothstein (2019). Universal basic income in the united states and advanced

countries.

Hsieh, C.-T. (2003). Do consumers react to anticipated income changes? evidence from the

alaska permanent fund. The American Economic Review 93, 397–405.

19

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=4243356

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

wed



Jaroszewicz, A., J. M. Jachimowicz, O. P. Hauser, and J. Jamison (2022). How effective is

(more) money? randomizing unconditional cash transfer amounts in the us.

Jones, D. and I. E. Marinescu (2022, 2). The labor market impacts of universal and per-

manent cash transfers: Evidence from the alaska permanent fund. American Economic

Journal: Economic Policy 14.

Kearney, A., L. Hamel, M. Stokes, and M. Brodie (2021, 12). Americans’ challenges with

health care costs.

Kozminski, K. and J. Baek (2017, 6). Can an oil-rich economy reduce its income inequality?

empirical evidence from alaska’s permanent fund dividend. Energy Economics 65, 98–104.

Kueng, L. (2015). Explaining consumption excess sensitivity with near-rationality: Evidence

from large predetermined payments. National Bureau of Economic Research.

Kueng, L. (2018, 11). Excess sensitivity of high-income consumers. The Quarterly Journal

of Economics 133, 1693–1751.

Lyngse, F. P. (2020). Liquidity constraints and demand for healthcare: Evidence from danish

welfare recipients.

Marinescu, I. (2017). No strings attached: The behavioral effects of u.s. unconditional cash

transfer programs.

Stanford Basic Income Lab (2022). Global map of basic income experiments.

Stephens, M. (2003). “3rd of tha month”: Do social security recipients smooth consumption

between checks? The American Economic Review 93, 406–422.

Troller-Renfree, S. V., M. A. Costanzo, G. J. Duncan, K. Magnuson, L. A. Gennetian,

H. Yoshikawa, S. Halpern-Meekin, N. A. Fox, K. G. Noble, M. Farah, and J. Luby (2022).

The impact of a poverty reduction intervention on infant brain activity. Proceedings of the

National Academy of Sciences 119.

20

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=4243356

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

wed



Watson, B., M. Guettabi, and M. Reimer (2019a, 4). Universal cash and crime. The Review

of Economics and Statistics , 1–45.

Watson, B., M. Guettabi, and M. Reimer (2019b). Universal cash transfers reduce childhood

obesity rates.

Yoo, P. Y., G. J. Duncan, K. Magnuson, N. A. Fox, H. Yoshikawa, S. Halpern-Meekin, and

K. G. Noble (2022, 12). Unconditional cash transfers and maternal substance use: findings

from a randomized control trial of low-income mothers with infants in the u.s. BMC Public

Health 22.

21

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=4243356

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

wed



Figures

Figure 1: Descriptive Figures

(a) Total Daily Prescriptions

(b) Weekly Prescriptions
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Figure 2: Event Studies of Prescriptions Overall and By Group

(a) Total (b) Males

(c) Females (d) 0 to 18

(e) 19 to 39 (f) 40 to 65
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Figure 3: Event Studies of Prescriptions By Past Use

(a) 0-24th Percentile of Spending (b) 25-75th Percentile of Spending

(c) 76-100th Percentile of Spending (d) 0-30 Days without Refill

(e) 31+ Days without Refill
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Figure 4: Event Studies of Prescriptions by Type of Condition Treated

(a) Chronic Only (b) Acute Only

(c) Chronic or Acute (d) Refill

(e) Single Fill
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Figure 5: Event Studies of Prescriptions by Cost Measures

(a) Branded (b) Generic

(c) Out of Pocket Cost
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Tables

Table 1: Event Study of Weekly Prescriptions Overall and by Group

(1) (2) (3) (4) (5) (6)
Total Males Females Age 0 to 18 Age 19 to 39 Age 40 to 65

Week -2 0.0062 0.0074 0.0054 0.0005 0.0031 0.0086
(0.0056) (0.0093) (0.0070) (0.0152) (0.0098) (0.0074)

Week 0 -0.0013 0.0140 -0.0104 -0.0003 -0.0118 0.0037
(0.0066) (0.0109) (0.0082) (0.0168) (0.0113) (0.0089)

Week 1 0.0038 0.0212 -0.0067 -0.0087 -0.0046 0.0097
(0.0078) (0.0130) (0.0097) (0.0199) (0.0137) (0.0104)

N 706012 271633 434379 63613 199571 442828
Adj. R2 0.010 0.010 0.009 0.007 0.005 0.002
Mean 1.4525 1.4912 1.4284 1.2774 1.3755 1.5124

Note: The table shows output from event study regressions. The dependent variable
is the natural log of daily prescription counts for the group listed in the column head-
ing. Coefficients for the week 8 to 14 days prior to the distribution, the week of the
distribution (days 0 to 6), and the week after the distribution (days 7 to 13) are shown.
The omitted week is the week prior to the distribution. Controls include age, sex, day
of month, month, year, and holiday fixed effects. Standard errors are clustered at the
individual level.
* p < 0.10, ** p < 0.05, and *** p < 0.01.
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Table 2: Event Study of Weekly Prescriptions by Past Use

Percentile of Rx Spending Most Days Without Refill
(1) (2) (3) (4) (5)

0 to 24 25 to 75 76 to 100 0 to 30 31+

Week -2 -0.0108 0.0107 0.0090 -0.0014 0.0108
(0.0136) (0.0086) (0.0083) (0.0083) (0.0074)

Week 1 0.0179 -0.0067 -0.0002 0.0069 -0.0044
(0.0154) (0.0101) (0.0098) (0.0098) (0.0086)

Week 2 0.0048 -0.0054 0.0106 0.0076 0.0019
(0.0186) (0.0121) (0.0116) (0.0115) (0.0103)

N 70207 251711 384094 255085 450927
Adj. R2 0.030 0.008 0.005 0.015 0.006
Mean 1.2574 1.3713 1.5414 1.3470 1.5122

Note: The table shows output from event study regressions. The depen-
dent variable is the natural log of daily prescription counts for the group
listed in the column heading. Coefficients for the week 8 to 14 days prior
to the distribution, the week of the distribution (days 0 to 6), and the week
after the distribution (days 7 to 13) are shown. The omitted week is the
week prior to the distribution. Controls include age, sex, day of month,
month, year, and holiday fixed effects. Standard errors are clustered at
the individual level.
* p < 0.10, ** p < 0.05, and *** p < 0.01.
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Table 3: Event Study of Weekly Prescriptions by Intended Use

(1) (2) (3) (4) (5)
Chronic Only Acute Only Chronic or Acute Refill First Prescription

Week -2 0.0086 0.0070 -0.0044 0.0067 0.0043
(0.0069) (0.0069) (0.0062) (0.0081) (0.0068)

Week 0 -0.0089 0.0026 0.0033 0.0060 -0.0027
(0.0085) (0.0081) (0.0072) (0.0098) (0.0078)

Week 1 -0.0081 0.0038 0.0006 -0.0114 0.0075
(0.0102) (0.0095) (0.0086) (0.0115) (0.0094)

N 316261 246993 244283 300801 432809
Adj. R2 0.044 0.005 0.002 0.025 0.006
Mean 0.5831 0.4318 0.4050 0.5835 0.8690

Note: The table shows output from event study regressions. The dependent variable is the
natural log of daily prescription counts for the group listed in the column heading. Coeffi-
cients for the week 8 to 14 days prior to the distribution, the week of the distribution (days
0 to 6), and the week after the distribution (days 7 to 13) are shown. The omitted week is
the week prior to the distribution. Controls include age, sex, day of month, month, year,
and holiday fixed effects. Standard errors are clustered at the individual level.
* p < 0.10, ** p < 0.05, and *** p < 0.01.
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Table 4: Event Study of Weekly Prescription Cost Measures

(1) (2) (3)
OOP Cost Branded Generic

Week -2 0.0179 -0.0040 0.0055
(0.0207) (0.0063) (0.0060)

Week 1 -0.0295 0.0030 -0.0020
(0.0247) (0.0076) (0.0071)

Week 2 -0.0292 0.0069 -0.0003
(0.0296) (0.0086) (0.0084)

N 533044 126136 569994
adj. R2 0.013 0.007 0.011
Mean 26.6746 0.1953 1.1372

Note: The table shows output from event
study regressions. The dependent variable is
the natural log of daily prescription counts
for the group listed in the column heading.
Coefficients for the week 8 to 14 days prior
to the distribution, the week of the distribu-
tion (days 0 to 6), and the week after the
distribution (days 7 to 13) are shown. The
omitted week is the week prior to the dis-
tribution. Controls include age, sex, day of
month, month, year, and holiday fixed ef-
fects. Standard errors are clustered at the
individual level.
* p < 0.10, ** p < 0.05, and *** p < 0.01.
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Appendix

Table 5: PFD Distribution Details

Year Date Day Recipients Amount Total Dispersed (Billions) Share Dispersed First Day
2013 3-Oct Thursday 631,470 $900 $568 81.23%
2014 2-Oct Thursday 670,053 $1,884 $1,189 82.21%
2015 1-Oct Thursday 641,561 $2,072 $1,329 83.64%
2016 6-Oct Thursday 638,178 $1,022 $652 84.17%
2017 5-Oct Thursday 633,005 $1,100 $696 84.17%
2018 4-Oct Thursday 639,247 $1,600 $1,022 85.22%
2019 3-Oct Thursday 633,243 $1,606 $1,016 87.13%
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Table 6: Event Study of Daily Prescriptions Overall and by Group

(1) (2) (3) (4) (5) (6)
Total Males Females Age 0 to 18 Age 19 to 39 Age 40 to 65

Day -14 0.0055 0.0094 0.0029 -0.0243 0.0151 0.0052
(0.0100) (0.0167) (0.0124) (0.0247) (0.0169) (0.0136)

Day -13 0.0010 0.0155 -0.0075 -0.0011 0.0190 -0.0071
(0.0096) (0.0164) (0.0117) (0.0276) (0.0163) (0.0128)

Day -12 -0.0289∗ -0.0370 -0.0234 -0.0487∗ -0.0150 -0.0315∗

(0.0116) (0.0192) (0.0146) (0.0238) (0.0209) (0.0155)
Day -11 -0.0074 0.0186 -0.0226 -0.0041 -0.0113 -0.0063

(0.0128) (0.0234) (0.0151) (0.0324) (0.0214) (0.0174)
Day -10 0.0051 0.0074 0.0029 0.0147 -0.0023 0.0065

(0.0090) (0.0151) (0.0112) (0.0259) (0.0154) (0.0120)
Day -9 0.0078 0.0032 0.0108 0.0210 0.0029 0.0084

(0.0094) (0.0152) (0.0119) (0.0246) (0.0153) (0.0128)
Day -8 -0.0164 -0.0082 -0.0221∗ -0.0120 -0.0156 -0.0172

(0.0091) (0.0153) (0.0113) (0.0253) (0.0153) (0.0123)
Day -7 0.0059 0.0077 0.0041 0.0111 0.0095 0.0032

(0.0097) (0.0157) (0.0123) (0.0263) (0.0172) (0.0128)
Day -6 0.0172 0.0211 0.0147 -0.0452∗ 0.0257 0.0210

(0.0098) (0.0161) (0.0123) (0.0225) (0.0169) (0.0131)
Day -5 -0.0082 -0.0062 -0.0095 0.0221 0.0076 -0.0183

(0.0123) (0.0209) (0.0152) (0.0296) (0.0221) (0.0162)
Day -4 -0.0261∗ -0.0361 -0.0193 -0.0074 -0.0489∗ -0.0190

(0.0131) (0.0216) (0.0163) (0.0383) (0.0222) (0.0172)
Day -3 -0.0173∗ -0.0185 -0.0165 -0.0042 -0.0174 -0.0195

(0.0084) (0.0137) (0.0105) (0.0214) (0.0147) (0.0111)
Day -2 -0.0053 -0.0009 -0.0081 -0.0214 0.0021 -0.0071

(0.0092) (0.0155) (0.0114) (0.0237) (0.0155) (0.0124)
Day 0 -0.0147 0.0050 -0.0266∗ -0.0446 -0.0079 -0.0133

(0.0096) (0.0159) (0.0121) (0.0232) (0.0173) (0.0127)
Day 1 -0.0003 0.0007 -0.0006 0.0129 -0.0138 0.0043

(0.0095) (0.0164) (0.0117) (0.0283) (0.0161) (0.0128)
Day 2 -0.0153 0.0047 -0.0278∗ -0.0162 -0.0264 -0.0102

(0.0118) (0.0209) (0.0140) (0.0277) (0.0205) (0.0158)
Day 3 0.0034 -0.0040 0.0090 0.0460 -0.0352 0.0128

(0.0134) (0.0224) (0.0166) (0.0416) (0.0229) (0.0174)
Day 4 -0.0022 0.0112 -0.0107 0.0239 -0.0150 -0.0007

(0.0090) (0.0150) (0.0113) (0.0232) (0.0152) (0.0123)
Day 5 -0.0127 -0.0258 -0.0053 -0.0544∗ -0.0063 -0.0098

(0.0092) (0.0148) (0.0117) (0.0238) (0.0154) (0.0124)
Day 6 -0.0001 0.0091 -0.0057 0.0047 -0.0051 0.0011

(0.0093) (0.0156) (0.0116) (0.0260) (0.0155) (0.0125)
Day 7 -0.0062 -0.0118 -0.0024 0.0034 0.0066 -0.0140

(0.0093) (0.0150) (0.0119) (0.0235) (0.0165) (0.0125)
Day 8 0.0100 -0.0047 0.0194 0.0506 -0.0062 0.0111

(0.0099) (0.0164) (0.0124) (0.0277) (0.0172) (0.0133)
Day 9 0.0132 0.0133 0.0127 -0.0892∗∗∗ -0.0024 0.0311

(0.0124) (0.0202) (0.0158) (0.0243) (0.0215) (0.0165)
Day 10 -0.0053 -0.0291 0.0089 -0.0346 -0.0166 0.0037

(0.0127) (0.0205) (0.0163) (0.0320) (0.0210) (0.0174)
Day 11 -0.0099 -0.0095 -0.0103 -0.0310 -0.0068 -0.0084

(0.0092) (0.0153) (0.0115) (0.0230) (0.0164) (0.0122)
Day 12 0.0051 0.0278 -0.0100 -0.0452∗ -0.0087 0.0189

(0.0097) (0.0167) (0.0117) (0.0203) (0.0162) (0.0133)
Day 13 -0.0102 -0.0135 -0.0086 -0.0243 0.0008 -0.0134

(0.0094) (0.0155) (0.0119) (0.0240) (0.0164) (0.0127)

N 706012 271633 434379 63613 199571 442828
adj. R2 0.011 0.011 0.010 0.009 0.006 0.003
Mean 1.4525 1.4912 1.4284 1.2774 1.3755 1.5124

Note: The table shows output from event study regressions. The dependent variable is the
natural log of daily prescription counts for the group listed in the column heading. Leads and
lags of 14 days prior to and 14 days after the PFD are included. The omitted day is the day
prior to the distribution. Controls include age, sex, day of month, month, year, and holiday
fixed effects. Standard errors are clustered at the individual level.
* p < 0.10, ** p < 0.05, and *** p < 0.01.

32

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=4243356

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

wed



Table 7: Event Study of Daily Prescriptions by Past Use

Percentile of Rx Spending Most Days Without Refill
(1) (2) (3) (4) (5)

0 to 24 25 to 75 76 to 100 0 to 30 31+

Day -14 -0.0154 -0.0042 0.0141 -0.0087 0.0109
(0.0208) (0.0149) (0.0147) (0.0143) (0.0132)

Day -13 0.0163 0.0132 -0.0086 -0.0105 0.0076
(0.0250) (0.0149) (0.0139) (0.0139) (0.0126)

Day -12 -0.0377 -0.0160 -0.0303 -0.0078 -0.0394∗∗

(0.0249) (0.0180) (0.0173) (0.0178) (0.0151)
Day -11 -0.0996∗∗∗ 0.0069 0.0068 -0.0208 0.0012

(0.0215) (0.0204) (0.0191) (0.0184) (0.0170)
Day -10 -0.0063 0.0188 0.0022 0.0039 0.0048

(0.0214) (0.0140) (0.0133) (0.0134) (0.0118)
Day -9 -0.0019 -0.0039 0.0225 0.0060 0.0110

(0.0217) (0.0134) (0.0142) (0.0132) (0.0126)
Day -8 -0.0175 0.0109 -0.0300∗ -0.0226 -0.0119

(0.0216) (0.0145) (0.0132) (0.0130) (0.0122)
Day -7 -0.0145 -0.0015 0.0154 -0.0017 0.0099

(0.0244) (0.0145) (0.0142) (0.0143) (0.0127)
Day -6 -0.0068 0.0264 0.0196 0.0195 0.0173

(0.0220) (0.0146) (0.0148) (0.0143) (0.0130)
Day -5 0.0114 -0.0154 -0.0072 -0.0189 -0.0050

(0.0301) (0.0181) (0.0182) (0.0173) (0.0163)
Day -4 -0.0080 -0.0374 -0.0228 -0.0449∗ -0.0148

(0.0316) (0.0198) (0.0191) (0.0184) (0.0175)
Day -3 -0.0269 -0.0225 -0.0120 -0.0347∗∗ -0.0098

(0.0199) (0.0128) (0.0124) (0.0121) (0.0110)
Day -2 -0.0273 -0.0013 -0.0057 0.0019 -0.0105

(0.0199) (0.0137) (0.0135) (0.0135) (0.0120)
Day 0 -0.0199 -0.0279 -0.0066 -0.0142 -0.0156

(0.0227) (0.0144) (0.0142) (0.0141) (0.0127)
Day 1 0.0196 0.0027 -0.0052 0.0116 -0.0064

(0.0233) (0.0142) (0.0144) (0.0140) (0.0127)
Day 2 -0.0215 -0.0021 -0.0197 0.0079 -0.0286

(0.0262) (0.0192) (0.0174) (0.0180) (0.0156)
Day 3 -0.0057 -0.0015 0.0092 -0.0169 0.0136

(0.0271) (0.0208) (0.0199) (0.0192) (0.0178)
Day 4 0.0469∗ -0.0075 -0.0092 0.0015 -0.0048

(0.0239) (0.0141) (0.0131) (0.0133) (0.0117)
Day 5 0.0058 -0.0083 -0.0197 -0.0042 -0.0172

(0.0229) (0.0143) (0.0135) (0.0135) (0.0121)
Day 6 0.0247 -0.0044 -0.0017 -0.0026 0.0024

(0.0232) (0.0140) (0.0138) (0.0136) (0.0124)
Day 7 0.0035 -0.0144 -0.0040 0.0060 -0.0146

(0.0235) (0.0144) (0.0136) (0.0145) (0.0120)
Day 8 -0.0084 0.0214 0.0044 0.0267 -0.0007

(0.0235) (0.0153) (0.0146) (0.0150) (0.0130)
Day 9 0.0033 -0.0208 0.0357 -0.0128 0.0289

(0.0302) (0.0184) (0.0182) (0.0176) (0.0168)
Day 10 0.0042 -0.0008 -0.0101 0.0052 -0.0117

(0.0307) (0.0200) (0.0187) (0.0191) (0.0168)
Day 11 0.0080 -0.0083 -0.0129 -0.0181 -0.0048

(0.0220) (0.0137) (0.0138) (0.0133) (0.0123)
Day 12 0.0421 -0.0182 0.0129 -0.0063 0.0128

(0.0232) (0.0141) (0.0145) (0.0134) (0.0132)
Day 13 0.0041 -0.0074 -0.0178 -0.0089 -0.0115

(0.0236) (0.0145) (0.0137) (0.0141) (0.0123)

N 70207 251711 384094 255044 450968
Adj. R2 0.031 0.008 0.006 0.015 0.007
Mean 1.2574 1.3713 1.5414 1.3471 1.5122

Note: The table shows output from event study regressions. The dependent
variable is the natural log of daily prescription counts for the group listed in
the column heading. Leads and lags of 14 days prior to and 14 days after the
PFD are included. The omitted day is the day prior to the distribution. Con-
trols include age, sex, day of month, month, year, and holiday fixed effects.
Standard errors are clustered at the individual level.
* p < 0.10, ** p < 0.05, and *** p < 0.01.33
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Table 8: Event Study of Daily Prescriptions by Type of Condition Treated

(1) (2) (3) (4) (5)
Chronic Only Acute Only Chronic or Acute Refill First Prescription

Day -14 0.0050 0.0058 0.0127 -0.0153 0.0097
(0.0130) (0.0115) (0.0113) (0.0148) (0.0115)

Day -13 0.0087 -0.0176 0.0017 0.0128 -0.0075
(0.0122) (0.0110) (0.0108) (0.0141) (0.0116)

Day -12 -0.0306∗ -0.0117 -0.0040 -0.0150 -0.0323∗

(0.0142) (0.0149) (0.0133) (0.0151) (0.0161)
Day -11 0.0057 -0.0071 -0.0074 -0.0020 -0.0227

(0.0166) (0.0164) (0.0133) (0.0159) (0.0188)
Day -10 0.0157 -0.0006 -0.0083 -0.0037 0.0076

(0.0116) (0.0108) (0.0099) (0.0133) (0.0107)
Day -9 0.0044 0.0217 -0.0219∗ -0.0014 0.0074

(0.0117) (0.0120) (0.0092) (0.0137) (0.0110)
Day -8 -0.0194 0.0099 -0.0273∗∗ -0.0133 -0.0124

(0.0113) (0.0114) (0.0094) (0.0135) (0.0110)
Day -7 0.0140 -0.0047 -0.0067 0.0015 0.0040

(0.0125) (0.0111) (0.0101) (0.0143) (0.0115)
Day -6 0.0074 0.0002 0.0056 0.0125 0.0091

(0.0123) (0.0110) (0.0108) (0.0147) (0.0114)
Day -5 -0.0101 -0.0113 0.0022 0.0078 -0.0370∗

(0.0154) (0.0150) (0.0126) (0.0169) (0.0151)
Day -4 0.0065 -0.0105 -0.0065 -0.0186 -0.0311

(0.0179) (0.0169) (0.0156) (0.0158) (0.0199)
Day -3 -0.0173 -0.0178 -0.0076 -0.0157 -0.0206∗

(0.0101) (0.0105) (0.0092) (0.0122) (0.0100)
Day -2 0.0012 -0.0054 -0.0141 0.0111 -0.0041

(0.0115) (0.0106) (0.0098) (0.0138) (0.0108)
Day 0 -0.0021 -0.0031 -0.0030 -0.0091 -0.0043

(0.0129) (0.0120) (0.0102) (0.0144) (0.0115)
Day 1 -0.0106 0.0079 0.0001 0.0068 0.0036

(0.0123) (0.0116) (0.0106) (0.0151) (0.0111)
Day 2 -0.0098 -0.0287 0.0060 -0.0013 -0.0151

(0.0156) (0.0147) (0.0135) (0.0156) (0.0165)
Day 3 0.0014 -0.0203 0.0310 0.0217 -0.0308

(0.0159) (0.0167) (0.0165) (0.0170) (0.0187)
Day 4 -0.0106 0.0198 0.0053 0.0057 -0.0034

(0.0108) (0.0118) (0.0098) (0.0133) (0.0107)
Day 5 -0.0033 -0.0042 -0.0151 0.0165 -0.0201

(0.0119) (0.0109) (0.0097) (0.0148) (0.0106)
Day 6 -0.0017 -0.0148 0.0099 0.0043 0.0023

(0.0120) (0.0112) (0.0099) (0.0141) (0.0110)
Day 7 -0.0116 -0.0010 0.0085 -0.0192 0.0068

(0.0117) (0.0118) (0.0107) (0.0133) (0.0114)
Day 8 -0.0038 0.0092 0.0014 -0.0126 0.0273∗

(0.0123) (0.0121) (0.0107) (0.0144) (0.0120)
Day 9 0.0161 -0.0045 -0.0094 0.0234 -0.0059

(0.0159) (0.0150) (0.0133) (0.0160) (0.0166)
Day 10 -0.0071 -0.0056 -0.0018 -0.0078 -0.0037

(0.0160) (0.0178) (0.0140) (0.0157) (0.0189)
Day 11 -0.0095 -0.0005 -0.0050 -0.0169 0.0043

(0.0113) (0.0110) (0.0105) (0.0130) (0.0111)
Day 12 0.0165 -0.0057 -0.0069 0.0101 -0.0003

(0.0129) (0.0113) (0.0102) (0.0146) (0.0114)
Day 13 -0.0225 0.0008 -0.0005 -0.0126 -0.0162

(0.0119) (0.0114) (0.0106) (0.0140) (0.0111)

N 316261 246993 244283 300801 432809
adj. R2 0.044 0.006 0.003 0.025 0.006
Mean 0.5831 0.4318 0.4050 0.5835 0.8690

Note: The table shows output from event study regressions. The dependent variable is the nat-
ural log of daily prescription counts for the group listed in the column heading. Leads and lags
of 14 days prior to and 14 days after the PFD are included. The omitted day is the day prior to
the distribution. Controls include age, sex, day of month, month, year, and holiday fixed effects.
Standard errors are clustered at the individual level.
* p < 0.10, ** p < 0.05, and *** p < 0.01.
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Table 9: Event Study of Daily Prescription Cost Measures

(1) (2) (3)
OOP Cost Branded Generic

Day -14 -0.0600 -0.0093 0.0022
(0.0339) (0.0094) (0.0107)

Day -13 -0.0071 0.0063 0.0029
(0.0350) (0.0114) (0.0103)

Day -12 -0.0286 -0.0029 -0.0159
(0.0449) (0.0129) (0.0130)

Day -11 0.0094 0.0156 -0.0026
(0.0511) (0.0152) (0.0142)

Day -10 0.0368 0.0019 0.0065
(0.0325) (0.0098) (0.0096)

Day -9 -0.0251 0.0014 0.0006
(0.0334) (0.0091) (0.0098)

Day -8 -0.0159 0.0068 -0.0121
(0.0341) (0.0104) (0.0099)

Day -7 0.0068 0.0100 0.0038
(0.0348) (0.0105) (0.0104)

Day -6 -0.0244 0.0155 0.0186
(0.0362) (0.0109) (0.0105)

Day -5 -0.0402 -0.0046 -0.0087
(0.0473) (0.0137) (0.0137)

Day -4 -0.0735 0.0139 -0.0141
(0.0518) (0.0178) (0.0145)

Day -3 0.0080 -0.0053 -0.0201∗

(0.0309) (0.0094) (0.0089)
Day -2 -0.0361 0.0124 0.0002

(0.0325) (0.0112) (0.0096)
Day 0 -0.0434 -0.0056 -0.0174

(0.0353) (0.0107) (0.0103)
Day 1 0.0241 0.0120 -0.0054

(0.0339) (0.0106) (0.0103)
Day 2 -0.1107∗ 0.0040 -0.0258∗

(0.0484) (0.0141) (0.0126)
Day 3 0.0645 0.0210 0.0196

(0.0497) (0.0153) (0.0153)
Day 4 -0.0310 -0.0063 0.0012

(0.0318) (0.0095) (0.0098)
Day 5 -0.0525 0.0206 -0.0116

(0.0348) (0.0112) (0.0099)
Day 6 0.0250 -0.0002 0.0062

(0.0338) (0.0102) (0.0100)
Day 7 -0.0345 0.0161 -0.0073

(0.0329) (0.0114) (0.0100)
Day 8 -0.0098 0.0282∗ -0.0037

(0.0360) (0.0128) (0.0104)
Day 9 0.0470 -0.0023 0.0230

(0.0468) (0.0140) (0.0136)
Day 10 0.0111 -0.0170 -0.0127

(0.0518) (0.0119) (0.0139)
Day 11 -0.0109 0.0119 -0.0147

(0.0331) (0.0108) (0.0097)
Day 12 0.0557 0.0008 0.0015

(0.0344) (0.0106) (0.0104)
Day 13 -0.0256 -0.0143 0.0010

(0.0334) (0.0100) (0.0102)

N 533044 126136 569994
adj. R2 0.014 0.007 0.012
Mean 26.6746 0.1953 1.1372

Note: The table shows output from event study
regressions. The dependent variable is the natu-
ral log of daily prescription counts for the group
listed in the column heading. Leads and lags of
14 days prior to and 14 days after the PFD are
included. The omitted day is the day prior to
the distribution. Controls include age, sex, day
of month, month, year, and holiday fixed effects.
Standard errors are clustered at the individual
level.
* p < 0.10, ** p < 0.05, and *** p < 0.01.
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