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Abstract
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I ntroduction

A minority of families in the US have active saygplans. According to the 2007
Survey of Consumer Finances, only 42 percent ofli@srsave money on a regular basis.
Given this low savings rate, it is no surprise iha recent online survey from
CareerBuilders.com, 61 percent of respondents rélpatrthey “always or usually live
paycheck to paycheck to make ends méeEven some higher-income families operate this
way: in this survey, 30 percent of households withual income over $100,000 report living
paycheck to paycheck. This problem is not uniguin¢ United States: a survey of 3,000
workers in the United Kingdom suggests that theay® employee paid monthly is “broke”
23 days after payday.

The lack of liquidity between paydays has been detnated to alter behavior among
consumers. In particular, econometric evidencgesitg consumers tend to reduce spending
before income receipt and increase purchasesaftgtincome receipt. Stephens (2003)
found that seniors increase their consumptionnoéisensitive purchases, like perishable
food and eating at restaurants, after the recéipboial Security checks. Using data for the
United Kingdom, Stephens (2006) found a similarease in consumption after the receipt
of paychecks. This bunching effect is particulgmgnounced for those on federal income
transfer programs and those with lower incomes.oAgnFood Stamp recipients, Shapiro

(2005) found a drop in daily caloric consumptiorlof15 percent from when food stamps

! hitp://www.federalreserve.gov/pubs/bulletin/2009/pcf09.pdf Of the other respondents, 6 percent report
usually spending more than they earn, 16 perc@atrt¢hat their spending and income are aboutdnges and
37 percent report only saving whatever income tsspent at the end of the year.

2 http://msn.careerbuilder.com/Article/MSN-2061-Saarand-Promotions-Majority-of-Workers-Live-
Paycheck-to-Paycheck/

® http://www.thesun.co.uk/sol/lhomepage/news/290204& are-broke-before-payday.html?OTC-
RSS&ATTR=News
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are paid to just before they are next due. LikewMastrobuoni and Weinberg (2009) found
food consumption declined between Social Secuagnents among seniors with a high
fraction of income coming from Social Security.

In the retail industry, the link between incomeeipt and spending is often referred
to as the “paycheck cycle,” where “... strapped comesns are showing a tendency to make
their largest purchases when their salaries fostein and to cut back as that money runs
out.” In a recent interview with Reuters, Tom Schoetive Chief Financial Officer for
Wal-Mart, notes that “Many of our customers recdovad stamps, welfare, other forms of
government assistance. On the first of the morehr BT [electronic bank cards] would be
charged, and we can see literally real-time oneeclbck strikes midnight and EBT cards are
charged, you can see our results start to tick iaycheck receipt is also met with some
supply responseHastings and Washington (2008) use store scanmiadd find both
grocery prices and the amount of goods purchaseddses at the start of the month.

While the link between income receipt and consuspending has received some
attention, there has been little research to exglaisdarea of inquiry beyond consumption
behavior. To that end, in this paper we documiegit inortality increases immediately after
income receipt. We use various versions of thetiglel Cause of Death (MCOD) data, a
census of all deaths in the United States, to exaithie income receipt/short-run mortality
link. Taking our cue from research that tests jgtexhs about the life-cycle/permanent

income hypothesis using known dates of income pgcee examine three cases of income

4 http://online.wsj.com/article/SB123535246479645 hiS|
5 http://blogs.reuters.com/shop-talk/2009/08/13/30wrtes-with-wal-marts-cfo/
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receipt from that literature as well as two nevisBsWe examine the mortality
consequences of (1) the receipt of Social Secpégyments on the®of each month, (2)
changes in the Social Security payment scheduaddoased on beneficiaries’ dates of birth,
(3) the receipt of military wages on th& dnd 1%' day of each month, (4) the 2001 federal
tax rebates, and (5) the annual Alaska Permanert &widend payments.

In all cases, we find that mortality increasesratte receipt of income. Seniors who
enrolled in Social Security prior to May 1997 tygllg received their Social Security checks
on the & of the month. For this group, mortality declifjiest before paycheck receipt, and
is highest the day after checks are received.tlfeme who enrolled in Social Security after
April 1997, benefits are paid on either the secaimidgd or fourth Wednesday of the month,
depending on beneficiaries’ birth dates. Among troup, mortality is highest on the days
checks arrive. Similar results are found in caegtvith a large military presence, with
mortality among 17-64 year olds increasing by ned? percent the day after mid-month
paychecks arrive, while over the same period tieen® change in mortality in counties with
little military presence. During the week the 2@84 rebate checks arrived, mortality among
25-64 year olds increased by 2.5 percent. Duhegrteek that direct deposits of Permanent

Fund dividends are made, mortality among urbanl&as increases by 13 percent.

® The life cycle-permanent income hypothesis (LC/FAkthe standard model for inter-temporal choice in
modern macroeconomics. A key implication of thedelas that predictable and certain changes inrmeo
should have no effect on consumption once theyrocOwer the past 15 years, authors have used high-
frequency survey data on consumption and exacs @dit@come receipt to test this prediction. Tho&eur
tests have been used in this way: Stephens (26@8&)ired the receipt of Social Security checks ete-
1997 period; Johnson, Parker and Souleles (20GGhimed the 2001 tax rebates; and Hsieh (2003) deresi
consumption after the receipt of Alaska PermanendFdividend payments.
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These results are qualitatively large. In simoladiusing cross-sectional estimates of
the impact of income on mortality, the change iitydaortality produced by the payday
effect is equivalent to a 2.6 percent drop in inedor the elderly and a more than 10 percent
drop in income for everyone in counties with a éangjlitary presence.

A close reading of the existing medical literatauggests consumption does increase
mortality, which is why we observe a link betweaoame receipt and mortality. While this
is most obvious in cases like traffic fatalitiesirce increased travel increases the likelihood
of an accident — other causes of death also hall@la@imented links to consumption. For
example, as discussed in the next section, mayyers for heart attacks are activity-related.
If income payments increase economic activity, g expect a higher incidence of heart
attacks to result. Likewise, Ruhm (2000) shows thartality is pro-cyclical, suggesting a
deadly aspect to increased economic activity. I§inas we show below, movements in
aggregate mortality and in goods purchases arelgloslated.

Our work helps illuminate and broaden two literatur The first is a group of papers
that document an increase in substance abuseer@hatdality following payments to
welfare recipients. Sometimes called the “full \etd” hypothesis, this literature shows
convincingly that problems associated with substaatmuse increase after federal transfer
program payments arrive. Our work demonstratetstiies‘full wallets” effect is broader
than currently understood. The effect of inconeeig on mortality is not limited to
recipients of federal transfer programs or to deatliolving substance abuse.

Second, the results described below run countiretéarge literature on income and
health (Kitigawa and Hauser, 1973; Deaton, 20@Bhile this research has established a
persistent positive correlation between incomelagalth outcomes, it has failed to identify
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the causal nature of the relationship. The fadtoaslead one to have a high income or
socioeconomic status (e.g. intelligence, discoat#s) may also improve health outcomes.
In fact, another literature has established thgatiee health shocks reduce earnings and
increase health care spendingyggesting that the direction of causation mayfrom health
to income. Given the possibility of reverse calosaéind the lack of an obvious causal
pathway from income to health, Deaton (2003, p.) Iites that “...much of the economics
literature has been skeptical abany causal link from income to health, and instead $etod
emphasize causality in the opposite direction...”

In recent years, authors have tested whether smmoenic status causally affects
health by using exogenous variation in eductand incomé. While the former group of
studies has consistently found that education ingsdealth, there are conflicting results
among studies examining the role of income. Osults below may be instructive for this
literature. First, some of the longer-term ganosf an exogenous increase in income may
be negated by the short-run phenomenon we detéas. may explain why consistent results
have been hard to find. Second, these short-festefmay impact the efficacy of cash
transfers, which some authors — despite the misgsvoutlined by Deaton — have suggested
as a way of reducing health inequalities betweearire levels. For example, a 1998 United
Kingdom Government report recommended an increasash benefits as a direct way to

improve health outcomes in the lowest income grdfips number of scholars who have

" For example, see Bound, 1989, Haveman et al.,,Ebespecially Smith, 1999.
8 For example, authors have examined whether heatttomes are altered by increases in educationaexe
by policies such as compulsory schooling (Llerasably 2005), an increase in access to colleges ié€Camd
Moretti, 2003) and the Vietnam Draft (de WalqueQ20Grimand and Parent, 2007).
® Such work exploits variation in income producedshygh factors as winning the lottery (Lindahl, 2005
German reunification (Fritjers, Hasken-DeNew andel8ls, 2005), receiving an inheritance (Meer, Mitad
Rosen, 2003), South African pensions (Case, 208dchanges in Social Security (Snyder and Evar3)20
10 http://www.archive.official-documents.co.uk/docurtidoh/ih/ih.htm
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attempted to empirically measure the link betwesmogconomic status and health have
expressed similar sentimerits Our results suggest that the negative short-omsequences
of these transfers must be considered in such atvaihs.

In the next section, we outline the existing litara from a variety of disciplines that
suggests income receipt and mortality may be relat¢he short run. In Section Ill, we
examine how regular payments to Social Securitypreats and military personnel affect
short-term mortality. In both cases we find matyak much higher immediately after the
receipt of income than beforehand, and that theseases are not just among deaths related
to substance abuse.

To examine whether increases in mortality also otmliowing less regular income
payments, in Section IV we consider the mortalffg@s of the one-time receipt of 2001 tax
stimulus checks and the annual receipt of AlaskanBeent Fund dividends. The
populations in these examples broaden the phenamssywnd the elderly and active duty
military. In both cases, there is a short-ternr@ase in mortality that is partially offset by a
subsequent decrease in deaths, suggesting thatsdaheeimmediate effect reflects short-
term mortality displacement: that is, mortality een hastened for people who would have

died soon anyway. In section V, we discuss thdigagons of our work.

. Consumption and Mortality in the Short-Run
There has been limited research linking changesariality to consumption. The

largest and most direct literature is that surrangavhat is called the “full wallets”

™ Marmot (2002, p. 43) notes that redistribution Womprove overall health by “relieving the fatetbe poor
more than it hurt the rich." Wilkinson (in Gly aMiliband, 1994) argues, “[tlhe health evidencegegjs that
narrowing the gap in relative standards is now nmohe important to the quality of life in the demeéd
world than further economic growth.”
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hypothesis, which suggests that the receipt offmeeencourages drug and alcohol abuse in
some populations. Papers by Verhuel et al. (19Rd%enheck et al. 2000, Maynard and Cox
(2000), Halpern and Mechem (2001), Riddell and Bild@006), and Li et al. (2007) have
found such a relationship. In the most detailedsto date, Dobkin and Puller (2007) use
administrative records from California to show thaspital admissions and within-hospital
mortality increases among Supplemental Securitgrirerecipients immediately after they
are paid. These increases are particularly procedifor substance abuse-related cases.
There are reasons to think that the relationshiwdx®n consumption and mortality is
broader than just that produced by substance alft@@e causes of death are obviously
related to people’s levels of activity. For exaehe more one drives the higher the risks of
an accident; in fact, the elasticity of motor védimortality rates with respect to per capita
vehicle miles of travel is close to offe There are also other causes of death with extensi
empirical evidence that an increase in activitygenarily raises mortality risks, with the
most detailed evidence being for heart attacksstMotivities seem to increase the short-
term risk of a heart attack, including exerciset{ffman et al., 1993; Albert et al., 2000),
sexual activity (Moller et al., 2001), eating aig meal (Lipovetsky et al., 2004), the busy
Christmas holiday season (Phillips et al., 200Ztynning to work on Mondays (Witte et al.,
2005; Willich et al., 1994), and shoveling snowafklin et al., 1996; Heppell et al., 1991).
As we indicate below, much of the short-term magtalonsequences of income

receipt are concentrated in external causes geggents, murders, etc.) and heart

12 Using data from the Fatal Accident Reporting Systee calculate the total motor vehicle fatalitjera
(deaths per 100,000 people) at the state/year leweall states and the District of Columbia for75%o 1997.
We regressed the natural log of this variable atesind year effects and the natural log of peitzaphicle
miles of travel, a variable that can be construdtenh data in the National Highway Traffic Safety
Administration’s annuaHighway Statisticpublication. The coefficient (standard error)tbis final variable is
0.78 (0.06).
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attacks/disease, results consistent with the egiditerature outlined above. When we
suggest a link between consumption and mortalieyave not limiting the discussion to the
act of consuminger sebut, rather, all activity associated with consumpt Receiving a
paycheck may, for example, encourage people ta seevie that day, which by construction
increases activity (and maybe the risk of a hettatk) and exposes the consumer to the
hazards of driving in traffic.

As already mentioned, recent studies find peopdmdmore immediately after they
receive an income payment, even when it was cestainrexpected. Amongst seniors, for
example, Stephens (2003) finds Social Securityprets consume more immediately after
they are paid, while Mastrobuoni and Weinberg (300®I seniors’ caloric intake is highest
after they receive their Social Security checkse@iwhat is known about the relationship
between income payments and consumption, a brosedlbralationship between
consumption and mortality is likely to result islaort-term increase in mortality following
income payments.

There are two patterns in aggregate mortality ithditate there may be a reduced-
form relationship between income receipt and mitytaFirst, mortality is pro-cyclical:
aggregate mortality increases in a boom and decima recession. Second, there is a
within-month mortality cycle where daily mortalitpunts decline below the average in the
last few days of a calendar month before increagbaye the average for the first few days
of the month. This pattern could be connectedi¢orine payments, which disproportionately
occur at the start of the month: in addition toefed transfer programs, TANF benefits and

monthly wages are commonly paid at the start ohtbath (Evans and Moore, 2009).



The pro-cyclic nature of mortality can be seeniguFe 1a, where we compare the
unemployment rate and the natural logarithm oftioetality rate for the United States from
1973 to 20053 This is an updated version of a figure that fgpeared in Ruhm (2000);
both series are de-trended using a linear trendtencesiduals are normalized by dividing
them by their standard deviation. The figure shawsrong inverse relationship between
unemployment and mortalitp£-0.49). Ruhm (2000) found that this basic relaiop
remains in regressions of state-level mortalitgsain unemployment rates, state and year
effects, as well as some demographic covariatesila® relationships between mortality and
measures of economic activity have been documdatestveral OECD countries
(Gerdtham and Johannesson, 2005; Neumayer, 2005 Gaanados, 2004), health habits
(Ruhm, 2003) and health outcomes (Ruhm, 2005) ellsas a wide variety of causes of
death including heart disease, and murder (Ruh@0)2@otor vehicle fatalities (Evans and
Graham, 1988) and infant health (Dehejia and Lidtasey, 2004).

While, to date, authors have not provided an exilan for the pro-cyclic nature of
mortality, a likely intervening factor is the chasgin activity that occur over a business
cycle. In Figure 1b, we present the de-trendedremchalized unemployment rate from
Figure 1a with a similarly de-trended and normalipéot of the natural log of real per capita
goods purchasés. Not surprisingly, spending declines in recessimms the correlation
coefficient between these two numbers is stronglyative. More interesting, however, is

Figure 1c which shows that the de-trended and niamethnatural log of goods spending

13 The mortality date is from the Multiple Cause afdth (MCOD) file of the National Center for Health
Statistics, and is explained in the next sectibhe annual average unemployment rate is from the&uof
Labor Statistics.
4 For ease of interpretation, throughout the papegenerally take the natural log of dependent b
!> spending on durable and nondurable goods in étitics is from the National Income and Product Asts,
and is deflated using the GDP deflator.
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(from Figure 1b) and the de-trended and normalimgdral log of all-cause mortality follow
similar patternsg=0.21). The pattern is stronger for some deathgoates than others, and
also when we focus on nondurable goods. In Figidreve plot the de-trended, normalized
series for the natural log of external causes,(aagidents, homicides, suicides) against a
similar series for the natural log of per capitaadile goods consumption. The patterns are
very similar 0=0.69).

A second pattern in aggregate mortality is the mithonth cycle, which is shown in
Figure 2a for deaths in the United States betw®&3 And 2005. Days are arranged in
relation to the ¥ of the calendar month, and average daily mortaifyis shown for the
fourteen days prior to thé'land the first fourteen days of the month, withp@8cent
confidence intervals also showh .Starting about twelve days before tfie daily deaths
decline slowing, and fall to 0.8 percent below agerthe day before thé' af the month.
Deaths then increase on th&dE the month to 0.6 percent above the daily averakhe
peak-to-trough represents about a 1.4 percenteifée in daily mortality rates.

This pattern was first identified by Phillips, Cétenfeld and Ryan (1999), who noted
that the within-month mortality cycle is particdlapronounced for external causes and
speculated that the payment of government tranatdie beginning of each month resulted
in higher levels of substance abuse and increasetility. Evans and Moore (2009)
separate deaths possibly caused by substancefatnsether deaths and show that, while
substance abuse deaths display the largest withimtincycle, they account for a minority of

the overall pattern. They also establish thatatiein month mortality cycle is broad based,

' We use the delta method to construct the variahtieeaisk ratio. The variance of daily deathsasculated
as follows. Let Nbe the number of people alive at the start oftdapd the probability of death that day equal
p.. Since this is a set of Bernoulli trials, expéotieaths (i is E[d] = Ny, and the variance of deaths is
V[d{=Np(1-p) = 6% A consistent estimate ofis d/N, The risk of death on any single day is extrenhly,
such that 1-pis functionally one. Therefore an estimate ofiwhgance of daily deaths is simply d
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appearing for many causes of death, including eaterauses, heart disease, heart attack,
and stroke, but not cancer. The within-month cygl@so evident for both sexes and for all
age groups, races, marital status groups, and gonigroups. The within-month cycle is
mirrored by a similar cycle in activity. Using dadata on a number of different activities
and purchases, Evans and Moore (2009) documerathaities such as going to the mall,
visiting retail establishments, purchasing lotticiets, going to the movies, and the
amounts spent on food and non-food retail purchakstiow the same pattern, namely, that
activity declines toward the end of the month agfsbunds after the™of the month.

It is plausible that a short-term consumption-mastaelationship accounts for much
of the within-month mortality cycle. In Figure 2k plot, in relation to the®lof the month,
the normalized mean residuals of a regression wheraatural log of the daily mortality
counts is regressed against dummy variables foditferent days of the week, synthetic
months that begin fourteen days before thefleach month and synthetic years that begin
fourteen days before thé' of January,” as well as special days throughout the year, aach
New Year's Day and Christma$. The synthetic months and years are similar teghsed
in Stephens (2003). They are constructed to cbfar@hanges across seasons and time
while avoiding a mechanical jump from the last dagne calendar month to the first day of

the next month.

" For example, month 1 goes from Decembét tb8January 17, month 2 goes from January™1® February
14" in non-leap years (and to February'1% leap years), and so on.
18 We include unique dummies for a long list of raating special days, including for Januaf{ahnd 29 the
Friday through Monday associated with the all fatlbolidays occurring on Mondays (Presidents’ CMgitin
Luther King Jr Day since 1986, Memorial Day, Lal@y, Columbus Day), Super Bowl Sunday and the
Monday afterwards, Holy Thursday through EasterdaynJuly &', Veteran's Day, the Monday through
Sunday of Thanksgiving, a dummy for all days frdra tay after Thanksgiving though New Year’s Evaspl
single day dummies for December"#rough December 81 We also reduce the number of homicides on
September 11, 2001 by 2,902 deaths, which accotdiagCenter for Disease Control report was thebmirrof
deaths on that date due to the terrorist attduks.//www.cdc.gov/mmwr/preview/mmwrhtml/mm51SPaéh
11




The within-month cycle remains apparent in thid,plath the mean of the residuals
prior to the ¥ generally below zero and the residuals from thaldove zero. Alongside
those residuals, we plot the normalized residulaleeosame regression when the dependent
variable is the natural log of the average dailgrgpng by participants in the Diary Survey
component of the Consumer Expenditure Survey (CEX)e CEX is produced by the
Bureau of Labor Statistics, and for the Diary Syrgemponent households provide detailed
information about their purchases over a 14-dajoderWe use data from 1986 and 1988 to
2005. Prior to 1986, detailed information on exgiaure items were not included in the
public use micro-data files, and in 1987 the Di@tyvey was not conducted throughout the
year!® Dollar values are converted to 2005 dollars usiiegCPI-U, with each day in a
synthetic month deflated by the CPI-U value in vahiice £' of the calendar month falfS.

We drop purchases of more than $200, as well as@atg for housing, insurance and
utilities, as these expenditures that may occuttaigs not entirely of a household’s choosing
(e.g., renters may have a lease specifying thatrepaid on the®lof the month). As can be
seen in Figure 2b, expenditures during most ofabeweek of the calendar month are below
the daily average, before there is a large incremspending which peaks on th& df the
calendar month. Changes in mortality are not agpsnd generally lag these changes in
consumption, but there is enough similarity in pla¢terns to suggest there might be a

connection between short-term consumption and ggtgemortality.

19 Stephens (2003) uses these data, and providesdetaiés about how they are collected and cleayetid
Bureau of Labor Statistics. Like him, we remove$eholds that only have purchases recorded onfifstir
day of a diary week, as if all dates of purchagenaissing the first day of a diary week is assigagthe date of
purchase for every item in that week.
0 For example, the synthetic month around M&y2D05 begins 14 days before this date (Aprif)lahd ends
14 days before Juné'{May 17"). Purchases on these days are all deflated byl&#ye2005 CPI-U figure.
This is again to avoid mechanical shifts in resisad the 1 of the calendar month.
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The primary challenge in moving beyond these cati@ts is that the mortality data
contains no direct information about decedentsdime or consumption behavior. There are
some demographic variables, however, and our ifigatton strategies throughout the paper
use these variables to identify groups of decedentwhom we have some information as to
when they were likely to have been paid. We argsimng consumption information for these
decedents but, as we detail before each test, hination of previous studies and anecdotal
evidence suggest that such groups do consume rterd¢leey are paid. This, in addition to
separating the role of substance abuse from otheses of death, allows us to begin to

explore the short-term link between income, congionpand mortality.

[11.  TheShort-Term Mortality Consequences of Regular Income Payments
a. Monthly Social Security Payments

Prior to May 1997, all Social Security recipiergseived checks on th& ®f each
month, or the previous work day when ti&féll on a weekend or on Labor Day. Stephens
(2003) used the structure of these payments ardfiaah the CEX to demonstrate that
Social Security recipients spend more on a vanégoods immediately after their check
arrived, including on food at home, food away frbame, and “instantaneous consumption,”
which consisted of food away from home, sportirgsfeadmissions to entertainment and
sporting events, and video rentals.

Given the connection between these types of spgratid the mortality risks and
triggers discussed in the previous section, ibssible that the mortality of Social Security
recipients is higher immediately after they aredgaan beforehand. We initially use thé™3
of the month” schedule and mortality data from pt@1997 to investigate this possibility.
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The mortality data we use in this and subsequestd e various versions of the
Multiple Cause of Death (MCOD) data fiftt. The MCOD contains a unique record for each
death in the United States. Data are compiledditgs and reported to the National Center
for Health Statistics (NCHS), which disseminatesdata. Each file contains information
about the decedent, including age, gender, raaeepif residence, place of death, and cause
of death. Exact date of death was reported oni@uBk files from 1973 to 1988, but was
removed from later public-use files. We obtainechpssion from the NCHS to use
restricted-use MCOD files containing exact datedezth from 1989 to 2006 at their
Research Data Center.

We used the information on decedents’ age and ebedietof death in the 1973 to
1996 MCOD files to construct daily counts of degegdeaged 65 and over, a group consisting
almost entirely of Social Security recipieAtsThe Social Security Administration reports
that benefits were paid to 32.7 million adults agédand older in 2008 which is 93.5
percent of the population in this age group in2860 Census.

To comprehensively analyze the relationship betv&aial Security payments and
daily mortality, we construct ‘synthetic’ monthsathbegin 14 days prior to the day of Social
Security payment and last until 15 days beforente payment? These synthetic months

can be anywhere from 28 to 34 days in length, eg depend on the day when the checks are

L Information about the MCOD is http://www.cdc.gov/nchs/products/elec_prods/suthjeattmed.htm
22\Workers can claim reduced retirement benefit2arfd receive full benefits at between 65 and &8syef
age, depending on their cohort. Song and Manch@€87) report that from 1998 to 2005, half of tabc
Security beneficiaries enrolled at age 62 and amlbgnrolled by age 65. Therefore, we restriat attention
to decedents aged 65 years or more.
% Social Security Administration Office of ResearElvaluation and StatisticAnnual Statistical Supplement
of the Social Security Bulletin, 200&/ashington, DC: SSA, December 2001.
24 For example, January 3, 1995 is a Tuesday, sfirsheynthetic month of the year is Decembef 280the
previous year through to January 19, 1995; monthisthen January 3though February 28 and so on.
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distributed and the number of days in the méntihus we divide each month into five
groups:Payweek(-2)s the seven days beginning 14 days before payadgading on the
eighth day before paydaayweek(-1}s the seven days prior to payd&gyweek(1)s the
seven days after payday (including payd&gyweek(2)s the period from eight to 14 days
after the paycheck arrives; aRdyweek(3)s the extraneous days before the next synthetic
month starts.

The largest movement in the within-month mortatiygle occurs just before Social
Security payments are made, so it is necessamyrioat explicitly for the within-month
cycle. Therefore, we createekly dummy variables in reference to tfieot the calendar
month, wheraVeek(-2)equals one if the day is eight to 14 days befloeestart of the
calendar monthyeek(-1)equals one if the day is one to seven days befierstart of the
month; Week(1)andWeek(2)equal one for the®ito 7" and &' to 14" days in the calendar
month, respectively; and/eek(5)s all the extra days before the™day prior to the start of
the next calendar month. As checks not paid er8ftare almost always paid on Frid&ys,
we also need to control for day-of-the-week effects

To isolate the mortality impact of receiving a Sd&ecurity check from other
factors, we estimate the following econometric modet Yqmy be counts of deaths for ddy
in synthetic montim and synthetic yegr. Days are organized in relation to Social Segurit
payments, sd=-1 is the day before paydays1 is payday, and so od;ranges from -14 to

202" The econometric model is of the form:

25 When February'3falls on a weekday, the second synthetic monthefyear will only contain 28 days.
When the 3 of the month falls on a Sunday in a month withdays, as it does in July 1994, the checks are
distributed on Julyland the month spans from Jund'1@ July 19", making the synthetic month 33 days.
% The lone exception is that when Janudfyis3a Sunday, checks are distributed on ThursdeyeBber 31.
2" Years also follow this structure, so when bothaeuary and December payments are made or’tbetBe
month, the year will begin on Decembef"2thd will go through until December ".6f the following year.
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wherePayweek(wandWeek(warethe dummy variables defined as aboweekday(j)s
one of six dummy variables for the different dafshe week, an®pecial(j)is one of]
dummy variables that capture special days througtheuyear, which are already detailed in
footnote 18. The variables, andvy capture synthetic month and year effésmdsdmyis an
idiosyncratic error term. In this equation, theerence period for thBayweeldummies is
PayWeek(-1and the reference period fdfeekdummies isSVeek(-1) The reference
weekday is Saturday. We estimate standard erllosgiag for arbitrary correlation within
each unique synthetic month, e.g., we allow foradation in errors for month 1 of 1995,
month 2 of 1995, etc.

The results for equation (1) for decedents 65 dderdrom 1973 to 1996 are
reported in the first column of Table 1. In thesfifour rows of the table, we report results
for the calendar weeks in relation to tiieof the month. There is a within-month mortality
cycle, with deaths declining the week before tiiard then rising afterwards. Daily death
rates are about three-tenths of a percent highéeifirst week of the month compared to the
previous seven days, with a p-value for the testtie null hypothesis is zero of less than

0.05. In the next four rows, we show that SocedBity payments have an effect of a

% \We have estimated all models with synthetic mosethr effectsumy, instead of separate synthetic month and
year effects. Results with this alterative speation are virtually identical to results from timere
parsimonious specification.
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similar magnitude to the within-month cycle. Desaé#ine about one half of a percent higher
in the seven days after check receipt compareuktprteceding seven da¥s.

Deaths are also one half a percent higher two wieekse paymentRayweek(-2)
and two weeks after paymeiayweek(2)*® The results suggest a fall in mortality in the
last few days before seniors are paid; the incradmsn they are paid is a return to ‘normal’
mortality. That is consistent with seniors deciegisheir level of activity as they run of out
money, rather than ‘splurging’ when they get pdidits with some of the consumption
behavior among seniors reported in Stephens (2@83¥ell as in Mastrobuoni and
Weinberg (2009) with respect to caloric intake.cthumn (2), we consider results for
seniors aged 65 to 69. We focus on this groupworreasons. First, as we outline below,
the sample used to examine the new Social Seq@aitsnent schedule will only include
those aged 65 to 69, so this will be a comparatdegy Second, Evans and Moore (2009)
demonstrate that the within-month mortality cyclsimilar in scope to the effect we analyze
here — is more pronounced for younger groups, saiéenefit from focusing on a
younger group of Social Security recipients hdreline with this, we find income receipt
has a greater absolute impact on mortality onythisiger group than on seniors as whole,
with the coefficient olPayweek(1)ncreasing to three-quarters of a percent. Itss worth
noting that the coefficient dAayweek(1)s higher than the oth&ayweelcoefficients,
suggesting that in this group income receipt malebding to a spike in mortality above
‘normal’ levels, and may reflect more ‘splurginghmvior among this group than seniors as

a whole.

% To provide a frame of reference, Stephens (2008)s that the probability of any spending among all
seniors is 1.6 percent higher in the first weekradhecks arrive compared to the previous seves.day
39 While this is also true fdPayweek(3)it is difficult to interpret thaVeek(3)andPayweek(3koefficients in
any regressions. Because the length of these duwangbles varies across months, they have a strong
seasonal component that is not necessarily coatrédir with other covariates.
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There is also a set of decedents in this age guwpshould NOT be impacted by the
“3" of the month” schedule, which allows us to seett¥eour results are spuriously
correlated with some other effect. Starting in M&y1997, the timing of monthly payments
for new recipients depended on their birth dafBsose with a birth date from thé&'fio the
10" are now paid on the second Wednesday of each ithote with a birth date from the
11" to the 28 are paid on the third Wednesday; and those wiitita date from the Zito
the 3f'are paid on the fourth Wednesday. Those alreaeiving payments on th& &f
the month continued to receive checks as they bfatds™ As a falsification exercise, we
estimate the “8 of the month” model on decedents who are on thepesy/ment schedule.

The sample we construct for this test uses deatlang 65 to 69 year olds as
recorded in the MCOD files for 2005 and 2006, thestwrecent year data is available. We
identified decedents on the new payment scheduhg tise period-cohort diagram shown as
Figure 3. The vertical axis represents year-dhlzohorts and the horizontal axis identifies
the calendar year, so data elements representoat’sodige in a particular year. Eligible
beneficiaries can begin claiming benefits at agea®# are represented by the shaded boxes
in the table. Because nearly all beneficiariesicl8ocial Security by age 65, everyone
below the solid line is most likely claiming bersfi Age groups in the darkest grey all
turned 65 prior to May of 1997, so this group &irtling under the old system. The medium
gray color represents people who could have emratiSocial Security under either system.
The lightest gray group all turned 62 after 199 therefore are all claiming under the new

system. To ensure we have a sample of decedadtsm#er the new system, we use those

31 hitp://www.ssa.gov/pubs/2007calendar.htm
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aged 65 to 69 who died in the 2005 and 2006 cateyeta, which are the groups outlined by
the dotted connected lines on the right side ofjtia@h.

In column (3) of Table 1 we show the results fas tjroup. The coefficient on
Payweek(1)s statistically insignificant and negative. Thek of precision for this result is
not due to small sample sizes, for in column (4yegort results for the old payment system
using only two years worth of data (1995-1996)tfe@ same 65 to 69 age range and find a
statistically significant two percent increase aily mortality duringPayweek(1).

It is no surprise that the payweek and week effectssomewhat muted in this
sample, given that tHeayweelkandWeekvariables overlap in similar ways each month.
Payweek(1nost commonly covers th&'3o the &' of the month, and the&/eek(1)variable
always covers the*1to the 7' of the month, so theayweek(1oefficient is strongly
influenced by differences between titeahd 29 compared to the"8and 9" of the month.

We are better able to isolate the within-montheffeom the payweek effect for Social
Security recipients on the new schedule, a groupamsider next.

We examine the payday/mortality relationship inplost-May 1997 system using
data on 65 to 69 year olds in 2005 and 2006. &keicted-use MCOD data identifies the
decedent’s exact date of birth, which allows upléxe them into three groups: birth dates
from the £'to the 18 of the month (paid on the second Wednesday ofnitreth); birth
dates from the to the 28 (paid on the third Wednesday); and from th& @ithe 3%

(paid on the fourth Wednesday). For this samp&allow the dependent variable to vary

across days, months, years and birthday grdgparid estimate an equation of the form:
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The variablesVeek(w), Special(j), Weekdayy, andec are defined as before. In this model,
we add effects for the birthday-based groupsandPayweek(wyariables are now centered
on the second, third, or fourth Wednesday of thatmadepending on the group. Synthetic
months are uniquely defined for each birth dateigri). Because pay dates are now fixed
on Wednesdays, there are either 28 or 35 daysmsanthetic month. If the receipt of
income alters short-term mortality, then the mdastalycle patterns should have shifted to
different parts of the month for Social Securityeiciaries enrolling after May 1997.

Results from equation (2) for 65 to 69 year old2005 and 2006 are reported in the
first column of Table 2. There is a pronouncechimitmonth mortality cycle, with a
statistically significant 1.4 percent value on Week(1)yariable. There is also a large pay
effect: the coefficient oRayweek(1)s a statistically significant 1.1 percent.

A shortcoming of this test is that not all recigieare paid based on their own birth
date. A person who claims Social Security benefiider their spouse’s earnings would
actually receive the check based on their spouselsdate. Consequently, there is some
measurement error across the three birth date groapople who never married should be
claiming benefits under their own birth date, seatumn (2) of Table 2 we report results for
never-married seniors aged 65 to 69 in the 20032808 MCOD files. There is a much
larger increase in the payday effect on mortalithe coefficient oiPayweek(1)s now 2.75
percent, although it is a much smaller group anthe@-score is only 1.56, meaning the

results are statistically significant at a p-vatde@bout 0.12.
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The final two columns of the table contain the tssaof two placebo tests. First, we
re-estimate the model from equation (2) by imposhegnew payment schedule on decedents
aged 65 to 69 in 1995 and 1996, who would have badhe old payment system. The
Payweek(1yariable should be small and statistically indligaint in this case, and it is.
Second, we estimate the same model for decedeadis58gto 59 in 2005 and 2006, a group
not enrolled in Social Security. As expected, we ho impact orPayweek(1) In both
columns (3) and (4), we document large and stedilyi significant within-month cycles.

As we noted above, the work linking mortality tedme payments has to date
primarily focused on the impact on deaths relateslibstance abuse. In this section, we
estimate models for causes both related and uadetatsubstance abuse. Causes of death in
the MCOD files are defined using the Internatio@kdssification of Disease (ICD) codes.
Three different ICD versions are used during th@oplewve consider: ICD-8 (1973-8), ICD-9
(1979-98), and ICD-10 (1999-2006). The codes tsedentify substance abuse vary across
versions, so for the “3of the month” analysis we use ICD-9 data from 1872996. The
primary aim of this analysis is to see whetherititzeease in deaths following income receipt
can be solely explained by substance abuse, sorwea ¢he side of defining too many deaths
as substance abuse-related, rather than too fewh @eath has an underlying cause as well
as up to 19 other causes, and we define a substénse death as one in which any of the
causes has an ICD-9 code associated with substhose. The list of causes defined as
substance abuse come from Phillips et al. (199@)stundies of the economic costs of

substance abuse in the United States (Harwood, 4198I8), Australia (Collins and Lapsley,
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2002), and Canada (Single et al., 1989)WVe classify approximately one percent of deaths
among seniors in 1979 to 1996 as substance abatesde

Column (1) of Table 3 contains estimates for equefl) for all causes of death
among seniors during the ICD-9 reporting period®79-1996. These results are similar to
those in Table 1. We report results for substamese in column (2), and find a pronounced
within-month mortality cycle — th&/eek(1)coefficient is 1.90 percent, with a p-value of
0.11. There is also a large coefficient (standardr) on thPayweek(1yariable of 0.0367
(0.0112). In column (3) we re-estimate the modah@ non-substance abuse deaths. These
deaths represent 99 percent of all deaths frormuol{i), so it is no surprise that the results
in columns (1) and (3) are virtually identical. eltesults in columns (2) and (3) indicate
that, compared to the week prior to payday, thezeahout 117 extra substance-abuse related
deaths each year compared to 1,236 extra deathsioa-substance abuse causes. Even
with some under-reporting of substance abuse catlsese results suggest that the effect of
income on mortality extends well beyond substareese, and in fact that substance abuse
deaths are responsible for a minority of the agapegattern.

In the final three columns of Table 3, we use HGIN-8 and ICD-9 to create a few
broad underlying cause-of-death categories. Fdn eause, we estimate equation (1) for
decedents 65 and older for the entire 1973-1996¢2&t In column (4), we present results
for external causes of death (e.g., accidents, ensyduicides, motor vehicle crashes), and
find both a large within-month effect (coefficieamid standard error dWeek(1)s 0.0257

(0.0059)) and a large payweek effect (coefficiamd atandard error drayweek(1)s 0.0410

2 A complete list of these codes is provided in apeslix that is available from the authors.
% The NCHS recoded ICD-8 and ICD-9 deaths into 3deuying causes. Our external causes group censist
of deaths with codes 33 to 36. Heart attacks éamytocardial infarctions) have an underlying caafsgeath
code of 410 in both ICD-8 and ICD-9. The cancdegary was created using a cause of death recodieiged
by the National Cancer Institute (availabléntip://seer.cancer.gov/codrecode/1969+_ d091720fdeiihtm).
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(0.0057)). In column (5), we present results fearh attacks, a cause often associated with a
short time from onset to death. The pay week coeffts are slightly larger for heart attacks
than for all deaths (as reported in column (1) a@bl€ 1). Finally, in column (6), we report
results for cancer — a cause of death we can véesomething of a placebo test, because we
suspect cancer deaths are less affected by adtiatymost other causes. We do not find
either a pay week or within-month cycle for canearthe results fdPayweek(1and

Week(1)demonstrate.

b. The Military Payment Schedule

Military personnel are paid on th& &nd the 15 of each month, or on the previous
business day when these dates fall on a weekeagablic holiday*® In this section, we
examine whether mortality spikes on or immediatdtgr these dates.

Between 1973 and 1990 there were anywhere fromtd.225 million military
personnel in the US, before falling to 1.38 millior2001 and then increasing slightly
thereafter> Active duty military are predominantly male (cemtly 85 percent), young
(approximately one half are under 25 years of agd)healthy (Segal and Segal, 2004).
Newspaper accounts suggest that many military paedspend more than average on and
immediately after payday. The phenomenon appedre tvidespread, with large payday-
generated increases spending at bars, restaurar@s)as, malls and hairdressers reported

near bases in Connecticlitdawaii>” North Carolina&® South Carolin¥ and Virginia®®

34 We can date this policy as early as 19#fps://www.usna.com/SSLPage.aspx?pid=64atino older
veteran or military expert we spoke with could rember a time when wages were not paid on these atesd
% Authors’ calculations from various issues of Statistical Abstract of the United States

% carbone, Gerald M. "Dive! Dive! Groton Fears Lo§8ase, The Providence JournaProvidence RI, Feb
28, 1995, p.A01.
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In this section, we compare mortality patternsanrgies with and without a high
proportion of their population on active militarytg. Soldiers normally reside on or near
the base to which they are attached, and thess basenevenly distributed throughout the
country. Since both the size of the military aaddvlocations were fairly uniform over the
1973 to 1988 period, and since the public-use MGi@D contain exact dates of death
during this time, we focus on these years.

We identified counties with more than 15 percentheir population aged 17 to 64
who were military personnel in the 1970, 1980 a@80lCensuses using Census Summary
File 3 data set§:**** There are 21 counties that meet this critetfdn.1990 there were
roughly 326,000 people aged 17 to 64 in these tamyf countiespf which about one
guarter were in the military. Given that militgggrsonnel have a large number of
dependents and bases typically employ many cislizaid on the same sched{fi¢he
proportion of the population affected by the mijtpayment schedule in these areas would
have been much higher than 25 percent. We contipam@ortality patterns for people from

this group of counties with a comparison samplpedple from 2,772 “nonmilitary” counties

%" Song, Jaymes. "Many Businesses that Rely on &atbe Military Struggle to Survive with Recent Mas
Deployments,'Honolulu Star-Bulletin Honolulu HI, June 21, 2004.
3 Foster, J. Kyle. "Retail BoostThe Fayetteville ObserveFayetteville NC, May 7, 2001, Local & State
Section. Mullen, Rodger. "It Must be Paydaiiie Fayetteville ObserveFayetteville NC, March 11, 1990,
Lifestyle Section.
39 Crombo, Chuck. "Base Echoes with Sounds of Silgridee StateColumbia SC, March 16, 2003, p.Al.
0 Snead Fulk, Sande. "Lifeblood of a Local Econowyyisory Committee Studies Base's Impagte
Richmond Times-DispatcRichmond VA, May 22, 2002, p.4.
“1 Enlistment in the military can occur at age 17rgesith parental consent, and at age 18 years ufitho
*2 These data are taken from the National HistoBmdgraphic Information System.
3 Counties that changed boundaries between 197Q98@were merged prior to this exercise (changesiar
http://wonder.cdc.gov/WONDER/help/Census1970-20004H). There were many changes to Alaska’'s
county-equivalent geographic boundaries over taifop, so we did not use Alaskan deaths in thityaiza
*4 The States (Counties) in our sample are: AL (Dd&(Chattahoochee, Liberty), ID (Elmore), KS (Gear
Riley), KY (Christian, Hardin), LA (Vernon), MO (Faski), NE (Sarpy), NC (Cumberland, Onslow), OK
(Comanche, Jackson), SC (Beaufort), TN (Montgomér}() (Bell, Coryell, VA (Norfolk City), WA (Island)
“> Data from various issues of tBeatistical Abstract of the United Statedicate that during our analysis
period, about one million civilians were employethaally by the military.
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that have less than one percent military amongtsadgled 17 to 64 in the 1970, 1980 and
1990 Censuses.

While the widespread nature of the within-month taldtly cycle may mean military
and non-military counties exhibit a similar timeiss in mortality counts around th& af
the month, we expect a much greater frequency yftEeck distributions around the™.5
military counties compared to non-military countiecause the predominant payment
frequency outside the military is weekly or biwgefi

In Figure 4, we use data from the 1973-1988 MCODPuatustruct daily mortality
counts for our sample for the seven days beforeaéted military paychecks are distributed.
The solid line in the graph represents the dailytaiity risk for military counties and the
dotted line is for non-military counties. The veat lines from each point represent the 95
percent confidence interval for the daily mortahisk.

The two groups show similar pattern around the fiessyday of the month. There is a
within-month mortality cycle for both military ambnmilitary counties, with deaths
declining before checks arrive and rebounding afheds (perhaps accentuated by weekend
days disproportionately coming after payments)e d@ay after military paychecks arrive is
the peak mortality day for both groups in this tweek cycle. Compared to the day before
payment Payday -], deaths the day after paymeRagday 2 are 9.3 percent higher in
military counties and 6.4 percent higher in nontaily counties. For all days throughout this
two-week period, we cannot reject the null thahbgrioups have the same mortality risks.

The pattern is more pronounced for military counaeound the arrival of the second

paycheck. The day prior to the second wage payrttesre is a drop in daily mortality of

“® Data from the 1996-2004 Diary Survey Record of@fX indicate that only 9.6 percent of workers m¢po
their last pay check as being paid monthly, whiley&®.5 percent report being paid twice-monthly.
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5.6 percent in the military counties compared ighercent in nonmilitary counties.
Likewise, mortality is 9.6 percent higher in mitgacounties on the day after the second
paycheck of the month arrives, while the comparsmmties show a 1.8 percent excess
mortality on this day. For the day after the secpaycheck is distributed, we can reject the
null hypothesis that the mortality rates are thee@ the military and nonmilitary counties.

To formally test whether military and nonmilitargunties exhibit different mortality
patterns around thé'and 1%' of the month, we estimate a model similar to eignafl). A
key difference is that, because daily mortalityrasun the military counties are small and
occasionally zero, we use a negative binomial mtigslallows for integer values and
estimate it by maximum likelihood (Hausman, Haldl&riliches, 1984). Let ¥my be daily
mortality counts for group(for military and nonmilitary counties) on daymonthm and
yeary. LetXigmybe vector that captures the exogenous variableguation (1). Within the
negative binomial model, Effy | Xiamy ] = dexp(Xamy B), Whereos is a parameter that
captures whether the data exhibits over-dispef€idBy definition,aln E[Yidmy | Xiamy ]/0
Xiamy = P SO the parameters in this model are interpretedasiy to those in equation (1).

In constructing the data set, the “synthetic” msrdhe 28-day periods that include

the seven days before and after the two militagckh are distributed each month, and begin

471t can be demonstrated that the variance of cdartte negative binomial model is Vag¥, | Xigmy |= 52
[1+(1/5)]exp(Xiamy B), SO the variance to mean ratio in this modél4d. Whens>0 the variance grows faster
than the mean and the data exhibit over-dispersiohwher5=0 the negative binomial collapses to a Poisson
model which, by construction, restricts the var@ata equal the mean.
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seven days before the first payment each m&hthhen the ¥ or the 15 of the month are
on a weekend or a public holiday, wages are paithemlosest prior working day.

The exact specification for equati¥amy is of the form:

6 M
(3) Xidmylg =B, + ZWeekday )jdmyyj + z Specidl )ijy¢ it
i=1 j=1

7 7
> Military ,, Periodl,, Paydays, .+ > Military,, Perio® . Paydays, .

d=-7 d=-7
d#-1 d#-1

7 7
> Nonmilitaryy,, PeriodL,,, Paydays, ,++> Nonnitary

d=-7 d=-7
d#-1 d#-1

Periodl,, B,+ Military,, B+ (Periodl , J(Military , )8 + 4 FV ,

Period2,,, Paydaygs, .+

idmy

whereWeekday, Speciadnd the synthetic month and year effects are défasebefore. We
control for differences across groups witduanmy for counts in military areabl{litary),
across pay periods with a dummy for the first pagiqul Periodl), and also interact these
two variables. The variablé%aydayare a series of 13 dummy variables defined fostwen
days before and seven days after wage paymentptdec®ayday(-1) which is the day
before checks are distributed. We &tithmilitary andPeriod2dummies, and estimate four
vectors of coefficients on the payday variable® each for military and nonmilitary
counties around the first pay period of the mogithdandfing respectively), and similar
values for the second pay perigt(szandfzng). We examine whether the daily mortality
patterns differ across the two groups by testimghll hypothesis ki Bjnd = Bjma for all

Payday(d)

“8 Days outside of the 28-day pay periods are drojimed the analysis. The two pay periods in eachtimdo
not overlap, except when Presidents Day falls eri8 of February and the seven days after the previous
wage payment overlaps with the seven days befisg@#yment. The 28 days around these two payn(28its
January—18 February) is removed when this happens in 19821868.
9 The relevant public holidays that alter paymentthis section are New Year’s Day, Presidents Dafpor
Day and Martin Luther King Day (since 1986).
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The maximum likelihood results for the negativedmmal model are reported in
Table 4. Columns (1) and (2) present the coefiisi®on the payday dummies for the first
pay period, for military counties and non-militamgunties respectively. Standard errors
allow for arbitrary correlation across observatianthin the same 28-day synthetic month.
Column (3) reports the p-value on the -2 log-likebd test statistic for the null hypothesis
that military and non-military coefficients for anpicular day are equal. The final three
columns repeat the same set of results for thegyaydar the 1% of the month.

The results in Table 4 correspond with the visvaence in Figure 4. In the first
pay period, deaths are lowest in both sets of ¢esitite day before paychecks arrive and
highest the day after paychecks arrive, with destr®asing by a statistically insignificant
4.7 percent in military counties and a statisticalfnificant 2.1 percent in nonmilitary
counties.

The differences are clearer in the second pay geridnere is a large decline in
mortality the day before the mid-month check asiwremilitary counties, as evidenced by
the large positive coefficients before and aRayday(-1) Mortality is 6.3 percent higher
the day checks arrive compared to the day befexal{ge of 0.085). The corresponding
numbers folPayday(2)andPayday(3)are 11.8 percent (p-value < 0.001) and 5.6 peigent
value of 0.125), respectively. In contrast, in marary counties, the coefficients on these
same three dummy variables are smaller than fouhseof a percent. Férayday(1)and
Payday(2) we can reject the null at the 0.05 level thatabefficients are the same across

military and nonmilitary counties, while the p-valfor this test offayday(3)is 0.11%°

* The results move in the expected direction ashemge the criteria for what constitutes a militeoyinty. If
we only include as treated counties as those wther&action of adults aged 17 to 64 must exceepezfent,
average daily mortality falls to about 7 which shibimcrease standard errors (because we increase th
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We suspect the large difference in results betvieerirst and second payday of the
month for military personnel to be due to a combaraof factors. As we noted above, most
households have large re-occurring bills due afithef the month, so much of the paycheck
paid near the®*lof the month will go towards these items. Thisamethe second paycheck
of the month might have a larger discretionary congmt. Non-military counties will not
display this pattern around the™6f the month since so few outside the military @ael on
a twice-monthly basis.

As in the previous section, we identify deathsteglaand unrelated to substance
abuse using the same procedure. Between 19799%&8q dpproximately 10 percent of
deaths among those aged 17 to 64 are defined atasub abuse deaths. There were 9.9
deaths per day in military counties during thisigasrwith 8.8 deaths per day unrelated to
substance abuse. In a negative binomial moddleohbn-substance abuse deaths, the
coefficients (standard errors) &ayday(1throughPayday(3)for the paycheck near the"15
of the month for military counties are 0.0537 (@04 0.0818 (0.0437) and 0.0675 (0.0433),
respectively. The z-scores Bayday(2)and(3) are 1.87 and 1.54 respectively. The same
set of coefficients for non-military counties a@e0055 (0.0044), 0.0045 (0.0044), and
0.0013 (00047), and the p-values on the testdleadaily effects are the same across the

two groups for the three days are 0.18, 0.08, ab8. OWhile we still see large increases in

variability of daily deaths) but the coefficientsosild increase (as the counties have a higheidraof treated
people). This is close to what we find. The cieedhts (standard errors) [p values on test of kiylifor
Payday 1, 2 and 3 in the second payday among ryititaunties in this new sample are: 0.0840 (0.0439
[0.025], 0.1104 (0.0394) [0.006], and 0.0587 (0D4P.160]. If we reduce the required fractioragdiults in
the military to 10 percent, the number of countiss, the average daily deaths are now 16.2, mgatandard
errors should fall as the day to day variance @tlleates declines but coefficients also decresaseea
impacted fraction of the population falls. Thisisactly what we find. The coefficients (standarbrs) [p
values on test of equality] for Payday 1, 2 and #ée second payday among military counties inribis
sample are: 0.0638 (0.0288) [0.010], 0.0672 ()2®.015], and 0.0559 (0.0287) [0.041].
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non-substance abuse deaths, the accuracy of eavlateshas decreased and the tests

identifying differences across groups are impretise

V. TheMortality Consequences of One-time and I nfrequent | ncome Receipt

In this section, we consider the short-term mdstatnpact of one-time and
infrequent income receipt. Specifically, we coesitivo cases: the 2001 Tax Rebates and
the annual Alaska Permanent Fund payments. Bdthest cases have been considered by
authors in the literature on excess sensitivifjnese two situations broaden the empirical
work in this paper along three dimensions. Firese income changes can be considered
exogenous increases in income (wealth), unlikewlecases in the previous section. The
mortality impact of these payments could generatg different patterns. Second, these
groups extend the phenomenon beyond the elderlymditdry personnel. Third, the
infrequent nature of the payments will allow usl&termine whether increases represent
“short-term mortality displacement” where the dsaththe frail were hastened by a few

days, a phenomenon routinely referred to as “héingg's(Zeger et al., 1999).

a. The 2001 Tax Rebates

The Economic Growth and Tax Relief Reconciliation’Aatas signed into law on
June 7, 2001 and included a reduction in the teexona the lowest income bracket from 15 to
10 percent. This tax change was applied retroalgtior income earned in 2001 and, as an

advance payment on the tax cut, households weteedmtes based on their 2000 tax returns

*1 Given the smaller sample size and the small numbeeaths per day for substance abuse deaths ofidine
coefficients on th&ayday(dvariables were statistically significant.
*2 http://www.gpo.gov/fdsys/pka/PLAW-107publ16/pdf/PWA107publl6.pdf
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in the summer and fall of 2001. Approximately ttnirds of all households in the United
States received a rebate check. The maximum efatsingle and married taxpayers were
$300 and $600, respectively. Johnson, ParkerSanikles (2006) estimate households
received about $500 on average, or about one ges€emedian annual family income.

Rebate checks were mailed over a ten-week peridalaeck distribution dates were
based on the second-to-last digit of the Socialugcnumber (SSN) of the person filing the
taxes>> The first checks were sent on Monday, July 23axpayers whose second-to-last
SSN digit was a zerd. Table 5 shows the exact distribution dates otkbdy SSN. The
Treasury Department sent letters to taxpayers avMegks before checks arrived to inform
them of the size and date of their check (JohnBarker and Souleles, 2006).

This tax rebate is a powerful quasi-experimentésting the mortality consequences
of income receipt, as the second-to-last digihef $SN is effectively randomly assigriéd.
Johnson, Parker and Souleles (2006) use this mactlata from a special module in the CEX
to show that consumption of nondurable goods irs@@an the months after the arrival of
checks, with food away from home being the main ponent that was affected. In contrast
to these results, Shapiro and Slemrod (2003) feumihority of households planned to

spend their rebate.

%3 For married taxpayers filing jointly, the first 8al Security number on the return determined mgitiate.
** Households who filed their year 2000 tax retuta fmay have been sent their rebates after the éekw
period shown in Table 5. According to Slemrodle{E997) 92 percent of taxpayers typically file @nbefore
the normal April 15 deadline, so the vast majooityrouseholds would have received their checksraaog to
the schedule outlined in Table 5.
% The last four digits of the SSN are assigned setiplly within a geographic area, so are effecgwaindom.
The second-to-last digit mailing system was in fawisen because it was felt the random assignatamte it a
fair way to allocate the checks (Johnson, ParkdrSouleles, 2006).
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We use the check distribution schedule to exartnaehort-run consequences of the
rebates on mortality. For this project, the NCHSged the second-to-last digit of a
decedent’s SSN from the National Death Index (Rtxt) the 2000-2002 MCOD data files.

The econometric model for this event is straightimd. Leti =0 to 9 index groups
of people based on the second-to-last digit of t88IN. Let index one of 30 7-day periods
during 2001, with the first period beginning on Mialy May 14 and the last beginning on
December 8. This 30-week period starts ten weeks prior fifst check being distributed
and ends ten weeks after the last check was ey be the deaths for groupn weekt
and |[etREBATE1be a dummy variable that equals one for the weekugjrreceived a
check. The estimating equation is then

(4) In(Y,)=a + REBATHE, S, +17 +V, +§&,
whereu; are fixed week effects; are fixed group effects, anglis a random error term. The
group effects identify persistent differences ireklg mortality counts that vary across
groups, but since the second-to-last digit of a &Sfdndomly assigned there should be little
difference in mortality rates across groups. Tleekveffects capture the differences that are
common to all groups but vary across weeks. Famgye, the 9/11 terrorist attacks
occurred during Week 18 in our analysis. The Qsrfta Disease Control estimates that
there were 2,902 deaths associated with SepteniBemhich is roughly twenty percent of
weekly deaths during this peridtl. There also appears to be a drop in mortalithénteeks
just after September T1as individuals stayed home and reduced their traiiee week

effects will capture these cyclic changes in mastalo long as the deaths associated with

5 The NDI is an index of death record informatiosidaeed to assist medical and health researcherswahb
to ascertain whether subjects in their studies lie®, and includes each decedent’'s SSN. Morerirdton
about the NDI can be found watvw.cdc.gov/nchs/ndi.htm
*7 http://www.cdc.gov/mmwr/preview/mmwrhtml/mm51SPaénh
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September 11 are equally distributed across tH&SIN0 groups. The coefficient gais the
key variable of interest and it identifies the shon impact of the rebates on mortality.

There are two caveats to equation (4). First, tatpaying units with taxable income
in 2000 received a tax rebate in 2001. The cadefitoong; represents a reduced-form effect
and not the impact of actually receiving a chetkerefore, a key to the analysis is to reduce
the sample to people likely to have received a¢late. We do this by restricting the
sample to those aged 25 to 64, who are much nialy lio have paid taxes than other age
groups>® Second, for married couples filing jointly, thebate check was sent according to
the SSN of the first name on the IRS 1040 formis Torm does not record the sex of the
taxpayers so we have no idea whether husband eswaire more likely to be listed as the
first taxpayer. Although both partners in a mageiare presumably treated by the additional
income, the mailing of the check was based on &i¢ & only one of them. Because people
not sent a check but treated with a rebate throlgin spouse should be randomly distributed
across the different groups, this should systeralibias our results towards zero. Later,
we reduce the sample to unmarried taxpayers, gguwere we should be better able to
identify rebate recipients.

The results for equation (4) are reported in T&l&he SSN groups experience a
statistically significant 2.7 percent increase iortality in the week the checks arrive. There
is a large p-value on the test that all the graxgdf effects are zero, adding empirical support
to the assumption that the second-to-last digihefSSN is randomly assigned. Overall, the

results suggest a large short-term increase inafitgrimmediately after income receipt.

*8 The IPUMS-CPS project (King et al., 2004) hascital estimates of taxable income to March Current
Population Survey (CPS) data. Using data fron20@1 March CPS (2000 tax year), their estimategesig
that 52 percent of people aged 25-64 were in hadslthat paid federal income taxes but this sanmslxer
for people aged 65 and older was 26 percent.
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Although we would prefer to estimate standard srfiom equation (4) that allow for
correlation in residuals within each group, MontlG estimates suggest that these
Huber/White-type procedures perform poorly whenrtheber of groups is small
(Wooldridge, 2003). The residuals from columndfiYable 6 regressed on a one-period lag
generate an estimate of the AR(1) coefficient @&aa error) of 0.0085 (0.0584), suggesting
that autocorrelation is not a problem in this case.

In column (2) of Table 6, we aREBATE2, REBATE3ANdREBATE4 which are
dummies for the second, third and fourth week dfterchecks arrive, respectivety,
examine whether the increase in mortality in tihgt fiveek represents mortality
displacement. If there is significant short-tenspthcement, then we should find that the
sum of the coefficients in subsequent weeks shioelldegative and close in magnitude to the
estimate foREBATEL. Notice that in the third week after the checksvarthere is a large
drop in mortality that is similar in magnitude teetcoefficient oREBATE1 Adding the
REBATE1throughREBATEZXoefficients in column (2) produces an estimatezhge
(standard error) in mortality of -0.0151 (0.0194%ye cannot reject the null of no aggregate
change in mortality over the first three weeksrafteecks arrive.

We define substance abuse-related deaths usinGb&0 codes in a similar way as
in the previous two sections, and allocate eightex@ of deaths in this sample to substance
abuse, which represents 85 deaths per group pécve@olumn (3) of Table 6 contains the
results for substance abuse deaths, and only tiegine coefficient olREBATE4approaches

statistical significance. Column (4) contains ré&stdr deaths not related to substance abuse,

¥ The list of ICD-10 codes comes from the Austrabamy (Collins and Lapsley, 2002) and updatefef t

United States (available http://www.ncjrs.gov/ondcppubs/publications/pdf/feomic_costs.pdfand Canadian

studies (available dittp://www.ccsa.ca/Eng/Priorities/Research/Cost@Riages/default.aspxised already.
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and the results are nearly identical to the resattall deaths in column (2), showing once
again a relatively minor role for substance abughé aggregate relationship.

In the final two columns of Table 3, we re-estimidte model eliminating all data
after week 17, which are observations after theeeper 1Y attacks. The results are
gualitatively similar to those obtained in the ffitwo columns.

As noted above, we can more accurately identify véoeives the check by
restricting the sample to never-married, widowedorted and separated taxpay®rs.

Among non-married adults aged 25 to 64, the IPUMSBdW CPS data estimates that 67
percent paid taxes in 2000. Restricting the sartgptke unmarried generates similar results,
with a coefficient (standard error) ®EBATE1of 0.0280 (0.0134).

While reducing the sample to specific causes oftdpeoduces few statistically
significant coefficients due to the increased vas@associated with disaggregated causes of
death, results suggest causes related to activitycyansumption levels drive the aggregate
pattern®® Importantly, we find no impact of the rebatessingle-cause cancer deaths
(coefficient and standard error REBATEIof 0.0010 (0.0268)) and no effect when we
estimate two placebo regressions using the sanm@dgeand group definitions as 2001, but
re-estimated using 2000 and 2002 MCOD data. Th#icents (standard error) on

REBATE1n these two models are 0.0094 (0.0102) and -0.Q@04.02), respectively.

b. Dividend Payments from the Alaska Permanent Fund

% The exception would be people who became divorsepiarated or widowed since filing their year 2600
return, which should be a small number of people.
®1 The coefficients (standard errors) REBATElandREBATEZor regressions using weekly counts for
particular causes (ICD-10 codes) are as followiserLdisease and cirrhosis (K70, K73-4), 0.0718405) and
-0.0675 (0.0633); heart attacks (121), 0.0356 (00)2nd -0.0376 (0.0269); and traffic accidentsléc88 in
the NCHS 39-cause recode), 0.0399 (0.0411), arabq@030).
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The Alaska Permanent Fund was established in X®iftvést income received by the
State of Alaska from the sale of oil, gas, and othmerals for the long-term benefit of
current and future Alaskans. The fund has grognicantly over time, and had assets
worth approximately $35.9 billion at the end of 2898 financial yeat> Since 1982, an
annual dividend has been paid to Alaskans fromnb@me generated by fund investments
during the previous five years. The amount pagllbeen between $331 in 1984 and $2,069
in 2008 (when a one-off additional payment of $0,%@&s also made).

Alaska residents who have lived in the state fdeast one year are eligible for the
dividend, and the same amount is paid to everyauardless of their length of residency,
age, or incomé& Individuals must apply each year to receive tiveldnd, and at least 88
percent of Alaskans have received the dividend gaah Table 7 contains the dividend
amounts and the percentage of the population recgikkem in recent years.

Hsieh (2003) uses variation in the size of divicehy family size and over time to
test whether nondurable consumption changes ionsgpto dividend payments. Using the
CEX from the 1984 to 2001, he finds no evidenceskbolds react to these payments — even
though household consumption is sensitive to inctareefunds — which leads him to
conclude that households adhere to the LC/PIHali@d and predictable payments (like the
Alaska dividend), but not for small and less preahite payments (like income tax refunds).

In recent years, however, the dividend paymente Ih@en concentrated in early October and

%2 From the 2008 Annual Report of the Alaska PermaRand Corporation. Available at:
http://www.apfc.org/home/Content/reportspublicatisaportArchive.cfm
%3 Residency requirements have been the same si8€e Minor changes occurred in earlier years.
Historical information is available dtttps://www.pfd.state.ak.us/historical/index.aspx
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anecdotal evidence of increased spending aftedelivs arrive suggests activity-induced
changes in mortality are possible as a resultefilidend®*

We explore the short-term relationship betweennme@ayments and mortality for
recent years. Payments were initially made entiglcheck, mailed at a rate of 50,000 per
week. Payment by direct deposit was introduce®®3. Approximately 30 percent of
recipients initially received their dividend thisaw which grew to two-thirds of recipients by
2001 and three-quarters by 2006. Direct deposttsrade on only one or two dates, and
since at least 2000, over 90 percent of paper cheeke processed and mailed in a single
batch shortly after the payment of direct deposiise exact dates that direct deposits were
paid, as well as the dates checks were issuedharen in Table 7 for the years 2000 to
2006. We use the timing of direct deposits frofd@€hrough 2006 to investigate whether
dividend payments change mortality patterns amolagk&ans. We focus on this period
because of the popularity of direct deposit andctbee proximity between the receipt of
direct deposits and paper cheks.

The primary data for this analysis are from the MiCK@stricted-use files from 2000
through 2006, which include decedents’ state dtiezxe. We create separate weekly
counts of deaths for Alaskans and residents ofdkieof the United States for periods that

include the direct dividend payments and severaksafterward&® The econometric

* See for example: Chambers, Mike. “Alaska PermaRent dividend is $1,850.28The Associated Press
State & Local News, September 19, 2001; Egan, ThjdFringe Benefits from Oil Give Alaska a Big
Payday,"The New York Time®ctober 9, 1996, p. Al; Pemberton, Mary. “Alaskarepare to spend annual
windfall,” The Associated PresState & Regional News, October 3, 2003.
% Since 1998, the estates of Alaskans who appliethéodividend in March but died prior to its paymhe
around October have received the full amount. @#his time period therefore also allows us to auéany
bequest-related “death elasticity” of the sort sjgd by Kopczuk and Slemrod (2003).
% Alaska has a disproportionate number of aircnadt fishing accidents (Baker et al., 1992). Fatalifrom
these events can be significant relative to thebarmof deaths in Alaska in any single wedlo decrease the
variation in weekly deaths from disasters and wetkted deaths, in both the Alaskan and non-Alagkanps
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model here is a simple difference-in-differencecHpmation, with the data for the rest of the
U.S. providing an estimate of the time path thatidd@ccur in the absence of the dividend
intervention. Letv denote twelve seven-day periods that begin ondayss’ with the first
period each year beginning fifteen days after Labay (the first Monday in Septembé&f).
Let In(yswy be the natural log of the deaths for s&feith s=1 for Alaska ois=0 for all other
states) in weelv and year. Dividend(1)is a dummy that equals one the first week after
dividend payments are made and zero otherwiseAtaskais a dummy variable for the
state of interest. The model we estimate is:

(5)  In(Y,,,)=a + Dividend(l),, Alaskgs, + Alask@,+v ,+¢

wherevyy is a fixed effect that varies by weekand yeay, andeswy is a random error. The
Alaskadummy variable controls for persistent differencesiortality counts between
Alaska and the rest of the United States. Thedfixeek/year effects capture differences
common to both groups, but which vary over timée parametef; captures the short-run
impact of the dividend payments on mortality. Aghe previous section, we examine
whether estimated mortality effects for the wedkrgbayments are made are the result of
harvesting by includinglaska Dividend(2)to Alaska*Dividend(4)n subsequent models.
The results for equation (5) are reported in T&bldn the first two columns, we
report results for models using all Alaskan deatinscolumn (1), we only include
Alaska Dividend(1) in column (2), we includ@laska*Dividend(2}o Alaska*Dividend(4)

as well. The results for the Alaska Permanent Raha story similar to the one told by the

we remove deaths with an Underlying Cause-of-D8&B1Recode of 400 (Water transport accidents) ar 40
(Air and space transport accidents).
®7 All direct deposits during 2000 to 2006 were madéTuesdays, Wednesdays or Thursdays.
% We select the post-Labor day period for this asialpecause daily mortality counts in the end ofusi and
the first two weeks of September were incredibliatite and did not match the trends in mortalityiots for
residents from other states.
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results for the 2001 tax rebate. In column (1),see an increase in deaths of 6.7 percent for
the week checks are received, but the result istatistically significant. The results in
column (2) suggest substantial harvesting, withcthefficients orAlaska*Dividend(2and

(3) being -2.6 percent and -9.5 percent, respectivEhys final number has a t-statistic of
1.77, which is statistically significant at the @ércent level.

With about one-fifth of the land mass as the caarttal United States but only
670,000 residents, Alaska is the most sparselylptgulistate. A large fraction of residents
live in remote areas and have limited access tintieenet, banking services, the postal
service, eté? In conversations with representatives of the KdaBermanent Fund, they
indicated that a much larger fraction of the dimgposit recipients live in the urban areas of
Alaska. In columns (3) and (4) of Table 8, weniesbur attention to residents in the
boroughs that contain Anchorage (260,283 residar2800 Census), Fairbanks (30,224) and
Juneau (30,711), the only cities in Alaska with enttran 10,000 resident%.In this model,
we keep the same comparison group of non-Alasksidemrts, as nearly everyone in the
United States lives in a county with a town of mtive&n 10,000 people.

In this urban sample, there is a 12 percent inereamortality — an extra four deaths
— the week direct deposit occurs. The p-valuehandtatistic is less than 0.10. As in both
column (2) and the case of the 2001 tax rebatesewe drop in mortality the third week
after dividends are paid, suggesting a large fvaabf these deaths represent short-term

mortality displacement. In this instance, howetee,increase in mortality may not entirely

% Data from the 2000 Census indicates 16.5 peraenirl areas with fewer than 1,000 people or irdafined
place.
0 Alaska is organized into boroughs, which are egjeint to counties and form the basis for the Fédera
Information Processing System (FIPS) codes intdie s The restricted-use MCOD data identifiesRHeS
code of residence for all decedents over this peréod.

39



be harvesting. The sum of the coefficients overfitst three weeks after checks arrive is
0.068, and over the first four weeks is 0.149,@ltfh neither sum is statistically significant.
As with the previous tests, the results are nategtdue to substance abuse. Using
the same ICD-10 coding as in the tax rebate seatterattribute 8 percent of deaths among
Alaskans to substance abuse. The impact of thed@mt Fund payments on non-substance
abuse deaths, reported in columns (5) and (6)misas to the corresponding values for
deaths in columns (3) and (4).The coefficient oividend(1)is 0.1304 and its t-statistic is
1.62, so the p-value for the test that this cordfitis zero is 0.11. In this case, the sum of

the coefficients olividends(1xhrough(3) is 0.116,.

V. Discussion

As we outline above, a number of authors have dected a paycheck cycle where
consumption increases after the receipt of incofrfeese results have been interpreted as
being consistent with liquidity problems and hyp#itdiscounting, and at odds with the
life-cycle/permanent income hypothesis. In thipgrawe document a similar phenomenon
in health: mortality increases immediately aftex teceipt of income. The effect is broad-
based, occurring for a wide variety of paymentshoes (transfer payments, paychecks, one-
time cash bonuses, and annual residency-baseddds(, a range of causes of death
(substance abuse deaths, external causes, anctiaeks), and a range of populations (the
elderly, tax payers, residents of Alaska, and pebping near military bases).

Changing levels of consumption/activity is the malsiusible mechanism through

which income receipt affects mortality. The fingsnfor particular causes of death are

" There are too few substance abuse-related deafklaska to estimate the impact of dividend payraemt
these deaths.
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consistent with this: we observe such relationsfopsauses of death connected to short-
term consumption — like heart attacks and traffici@ents — but not for cancer deaths, where
no such connection exists.

Three alternative reasons for such a relationsi@praprobable. First, the change to
the Social Security payment schedule and the sireictf the 2001 tax rebates allow us to
rule out within-month or seasonal factors that cma with income receipt. Second, the
criteria for receiving these payments should nabenage people to improperly record dates
of death for financial gain. Payments to SocialuBgy beneficiaries cease the calendar
month after death, so a person who dies in Julpisxpected to get a check in August.
Therefore, the only incentive is to change thergmof checks at the end of the month, not in
the middle of the month when checks actually arfiwdilitary paychecks are paid for
income that has already been earned so misrepal#iath dates cannot change that value.
Likewise, a deceased applicant's Permanent Fundiedids go to their estate and the tax
rebates were based on tax returns from the preywars Third, there is a literature
suggesting that some patients tend to die rigkt afilestone dates are reached (e.g.,
birthdates, anniversaries, holidays, etc.). Wiiie possible that income recipients wanted
to hang on for one more check, the large spikeontatity for external causes and heart
attacks and the lack of any effect for cancers omshter to this argument.

Before discussing some implications, it is impott@ stress that we cannot say
anything about whether people are maximizing tbein welfare. Non-smoothing
consumption behavior is consistent with a numbaertility maximization models, including

hyperbolic discounting (Shapiro, 2005). Moreowecreased mortality does not necessarily

2 \www.ssa.gov/pubs/10008.html
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reflect contemporaneous poor health: those whoathsibhave been hastened by a few days
may have been in poor health already, and extemales of death are largely unconnected
to short-term variation in a person's health.

Although the percentage change in daily mortdfibyn any particular event above
may seem small, relative to general movements inaiiy, however, these results are
substantial. For example, mortality for 65 toy@@r olds increases by 1.1 percent the week
after Social Security checks arrived in 2005 and&20There are 471 deaths per day among
this group, so paycheck receipt increases mortayit$6.3 deaths per week or a total of 435
additional deaths per year. In 2005 there werdZ30 people aged 65 to 69, so the death
rate increased by 7.86E-5 (435/5,532,900) the vaftek paycheck receipt throughout an
entire year. To demonstrate the significance igfiticrease, we select a sample of 15,774
adults aged 65 to 69 using data from the 1987-N#tbnal Health Interview Surveys
Multiple Cause of Death (NHIS/MCOD) data fii&.We regress a dummy variable that
equals one if a person died within 365 days ofrti&l interview on the natural log of
family income, a dummy for gender, a set of ra¢efieity indicators, three indicators for
education, six indicators for marital status, arabmplete set of age and year-of-survey
effects. The coefficient (standard error) on Iédamnily income in this regression is -
0.00297 (0.00151). Assuming that this representaugal relationship, these results suggest
that in order to produce an increase in the maytedite by 7.86E-5, income in this group
would have to decrease by 2.65 percent, whichughly equal to removing the average

annual cost-of-living adjustment made to Socialfsieg payments over the past decade.

"3 This file provides mortality information for Natial Health Interview Survey respondents by matching
surveys to the National Death Index. A more dethdescription of this data set and the sampléedgound
in Snyder and Evans (2006).
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The results are even more dramatic in the casdlidéum pay. Among those aged
17-64, there are 10.1 deaths per day in militatnties during our period of analysis. In the
three days following the second payday, deathease by 6.3, 11.8 and 5.6 percent
respectively. This represents an increase of @adhs after the second pay period of each
month, or about 28.7 additional deaths per yeavera population of 326,000 people in
those counties in 1990, this is an aggregate isergathe one-year mortality rate of 8.8E-5.
Using the same NHIS/MCOD data above but restridiiregattention to people aged 17-64, a
linear probability model with a dummy for one-y@aortality as the outcome of interest
produces a coefficient (standard error) on theam(fy income) variable of -0.00084
(0.00014). Assuming this estimate representsdisal estimate of income on mortality, this
value indicates that to raise one-year mortalitggdy 8.8E-5 would require a 10.4 percent
drop in income (8.8E-5/-8.4E-4).

These results have implications for research orsdlce@economic determinants of
health. As we noted in the introduction, the atghwho have attempted to determine
whether there is a causal impact of income on héwlte generated inconsistent results. The
short-term mortality impact of income receipt sugggewo things about this literature. First,
authors must measure the impact of income frontithe of receipt, because there are
immediate consequences which may be very diffdrent those in the long-term. Second,
the short-term mortality effect of income receigkas it more difficult to use exogenous
variation in income to identify a causal link beemancome and health. This increases the
size of the sample or of the income shock requineithd a statistically precise

income/health relationship.
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The results outlined above also suggest a potangahanism for the pro-cyclic
nature of mortality that is outlined in Ruhm (200Q)he estimates in Ruhm and subsequent
papers isolate a contemporaneous correlation batmeetality and measures of the business
cycle; yet to date, little has been offered to axpthe pathways producing this result.
However, if activity rises over the business cytthen the short-term mortality effects of
income receipt may provide just such an explanatittrmay also account for much of the
within-month mortality cycle.

There are potential policy consequences flowingiftbese results. First, the
heightened mortality associated with income recmiigiht suggest that emergency rooms,
hospitals, police, and fire departments shouldsidjtaffing levels in accordance with
predictable high- and low-mortality days. Our séaof the Internet has so far not provided
any anecdotal evidence that such adjustments glesast. Finally, we noted in the
introduction that some health researchers haveestigd that a way to reduce inequality in
health outcomes across socioeconomic groups isng\sincrease income transfers to low
income groups. The results in this paper inditaae any long-term health benefits of such a
policy are mitigated by these short-term mortdliztuations.

Although our work may answer some questions, we @sate many interesting
guestions as well. First, although it is temptiogonclude that greater pay frequency may
mitigate some of the damage associated with paydatality, it is not clear from our results
that this is the case. The fact that the spikeemors’ mortality moved when paycheck
payment dates were altered suggests that the p#gd#ys the cause. However, the
experience in the military gives us pause as teffextiveness of higher frequency
payments. In that case, we found a large incrieas®rtality associated with the paycheck
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distributed near midmonth. Our conjecture is Hiate large bills such as rent/mortgage and
car payments are bunched near the first of the Imdeds money from that paycheck is left
over for discretionary items. In contrast, the mashth check has less competition for
resources and hence the larger mortality effdttnortality is linked to having a full wallet,
then increasing the number of days with money énpibicket may increase aggregate
mortality. This is a subject for further researchhe shift in some states to twice-monthly
TANF payments may provide a source of variatiordémtify this effect.

Second, given the structure of the multiple cads#eath data and the nature of our
guasi-experiments, we have not been able to exatimeneariation in the size of the
paycheck cycle response in response to payment size

Third, it is not clear how much of the increasetdlity is mortality displacement. In
the case of the 2001 tax cuts, we found a largeuatraf displacement but in the case of the
Alaska permanent fund payments, there was much TBsis could be a function of the type
of deaths in these two groups. The 2001 samplgsiamy heart attacks so it is easy to see
how this could generate harvesting: a person pt@aeheart attack in a few days is probably
prone to a heart attack today as well. In contrdsiska has a high number of external
causes and it is less likely that an accidentdbatirs today would have occurred in the
future. ldentifying the amount of mortality disptament will clarify the impact of income

receipt on life expectancy.
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Figure 1: Time Series of De-trended and StandaddiResiduals, Unemployment Rates, In(Mortality Rassd In(Real per Capita
Expenditures)
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Table 1
Estimates of Log of Daily Mortality Counts Equation
In Relation to “¥' of the Month” Social Security Payment Schedule thred
1% of the Calendar Month

Aged 65+ Aged 65-69 Aged 65-69 Aged 65-69

1973-96 1973-96 2005-06 1995-96
1) (2) 3) (4)
Week(-2) -0.0003 0.0017 0.0154 0.0028
(0.0017) (0.0023) (0.0070) (0.0068)
Week (1) 0.0027 0.0048 0.0155 0.0044
(0.0014) (0.0021) (0.0085) (0.0055)
Week (2) 0.0020 0.0053 0.0219 0.0134
(0.0018) (0.0026) (0.0095) (0.0103)
Week (3) 0.0005 0.0022 0.0262 0.0094
(0.0021) (0.0031) (0.0093) (0.0091)
Payweek(-2) 0.0041 0.0033 -0.0122 0.0105
(0.0016) (0.0022) (0.0083) (0.0078)
Payweek (1) 0.0046 0.0074 -0.0109 0.0207
(0.0015) (0.0023) (0.0091) (0.0071)
Payweek (2) 0.0051 0.0049 -0.0209 0.0041
(0.0020) (0.0029) (0.0127) (0.0092)
Payweek (3) 0.0050 0.0040 -0.0109 -0.0002
(0.0029) (0.0034) (0.0115) (0.0083)
R° 0.921 0.570 0.577 0.664
Mean Daily Deaths 3,946 584 472 553
Observations 8,766 8,766 730 731

The reference periods avéeek(-1)andPayweek(-1) Week(3)andPayweek(3are not complete seven-
day weeks, as they represent the days outsideBthay periods centered, respectively, on theflthe
calendar month and each day Social Security is fdied numbers in parentheses are standard errors
that allow for an arbitrary correlation in the egavithin a particular synthetic month/year grogséd

on the Social Security payment schedule. Otheamates in the model include a complete set of
synthetic month and year effects based on the B8erurity payment schedule, weekday effects, and a
complete set of dummies for special days througtimuyear described in footnote 12.
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Estimates of Log of Daily Mortality Counts Equation

Table 2

In Relation to the Post-1997 Social Security Paynsahedule and the
1% of the Calendar Month

Aged 65-69  Aged 65-69 Aged 65-69 Aged 50-59
All Decedents Singles All Decedents All Decedents
2005-06 2005-06 1995-96 2005-2006
1) (2) 3) (4)
Week(-2) 0.0052 -0.0130 0.0077 -0.0058
(0.0061) (0.0219) (0.0055) (0.0058)
Week (1) 0.0138 0.0187 0.0201 0.0172
(0.0061) (0.0190) (0.0047) (0.0048)
Week (2) 0.0086 0.0241 0.0194 0.0081
(0.0057) (0.0180) (0.0068) (0.0058)
Week (3) 0.0149 0.0233 0.0088 -0.0097
(0.0066) (0.0286) (0.0082) (0.0057)
Payweek(-2) 0.0071 -0.0013 0.0010 -0.0056
(0.0041) (0.0231) (0.0054) (0.0042)
Payweek (1) 0.0111 0.0275 0.0001 -0.0033
(0.0035) (0.0176) (0.0042) (0.0028)
Payweek (2) 0.0023 0.0033 -0.0043 -0.0053
(0.0057) (0.0232) (0.0050) (0.0065)
Payweek (3) -0.0188 -0.0605 -0.0147 -0.0029
(0.0110) (0.0296) (0.0100) (0.0060)
Born I'to 10" -0.0239 -0.0190 -0.0220 -0.0254
(0.0058) (0.0116) (0.0056) (0.0039)
Born 11" to 24" -0.0308 -0.0480 -0.0356 -0.0271
(0.0049) (0.0148) (0.0048) (0.0031)
R’ 0.303 0.080 0.394 0.242
Mean Daily Deaths 157 12.0 185 215
Observations 2,190 2,190 2,193 2,190

The reference periods avéeek(-1)andPayweek(-1) Week(3)andPayweek(3are not complete seven-
day weeks as they represent the days outside thayBeriods centered, respectively, on tHeflthe
calendar month and each day Social Security is. pagtedents are divided into three groups: those
born on the $to 10", 11" to 20", and 2% to 31 of the month.The numbers in parentheses are
standard errors that allow for an arbitrary cotrefain the errors within a particular synthetic
month/year group based on the Social Security paysehedule. Other covariates in the model include
a complete set of synthetic month and year effeat®d on the Social Security payment schedule,
weekday effects, a complete set of dummies forigpdays throughout the year described in footnote
12, and dummies for observations for decedents inditre first two periods in the month.

54



Table 3
Estimates of Log of Daily Mortality Counts Equation
In Relation to “¥' of the Month” Social Security Payments and tfieflthe Calendar Month
By Involvement of Substance Abuse and Cause ofiDéaged 65 Years and Over

Non-
All Substance Substance External Heart All
Deaths Abuse Abuse Causes Cond. Cancers
1979-96 1979-96 1979-96 1973-96 1973-96 1973-96
1) (2) 3) (4) (5) (6)
Week(-2) 0.0001 0.0111 -0.0002 0.0077 -0.0020 0.0015
(0.0018) (0.0111) (0.0019) (0.0061) (0.0024) (0.0024)
Week (1) 0.0043 0.0190 0.0041 0.0257 0.0030 0.0006
(0.0015) (0.0111) (0.0015) (0.0059) (0.0022) (0.0023)
Week (2) 0.0034 0.0164 0.0033 0.0128 0.0002 0.0052
(0.0018) (0.0129) (0.0018) (0.0072) (0.0026) (0.0027)
Week (3) 0.0016  0.0068 0.0016 0.0041 -0.0017 0.0051
(0.0023) (0.0143) (0.0023) (0.0077) (0.0031) (0.0030)
Payweek(-2) 0.0039 0.0086 0.0039 0.0268 0.0042 0.0026
(0.0018) (0.0109) (0.0018) (0.0061) (0.0023) (0.0023)
Payweek (1) 0.0038 0.0367 0.0036 0.0410 0.0048 0.0009
(0.0016) (0.0112) (0.0016) (0.0057) (0.0023) (0.0022)
Payweek (2) 0.0045 0.0099 0.0044 0.0322 0.0063 0.0004
(0.0022) (0.0137) (0.0022) (0.0070) (0.0028) (0.0028)
Payweek (3) 0.0038 0.0119 0.0037 0.0275 0.0052 0.0044
(0.0034) (0.0131) (0.0034) (0.0074) (0.0038) (0.0030)
R* 0.901 0.370 0.900 0.395 0.847 0.961
Mean Daily Deaths 4,124 36 4,088 89 1,008 802
Observations 6,575 6,575 6,575 8,766 8,766 8,766

The reference periods avéeek(-1)andPayweek(-1) Week(3)andPayweek(3are not complete seven-
day weeks as they represent the days outside tdayBeriods centered, respectively, on theflthe
calendar month and each day Social Security is pagtedents are divided into three groups: those
born on the Tto 10", 11" to 20", and 2% to 3% of the month.The numbers in parentheses are
standard errors that allow for an arbitrary cottrefain the errors within a particular synthetic
month/year group based on the Social Security paysehedule. Other covariates in the model include
a complete set of synthetic month and year effeat®d on the Social Security payment schedule,
weekday effects, a complete set of dummies foriapdays throughout the year described in footnote
12, and dummies for observations for decedents ibdtre first two periods in the month.
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Table 4
Maximum Likelihood Estimates of Daily Mortality Nagive Binomial Equation
Counties With and Without a High Military Presendged 17 to 64, 1973 to 1988
Payday near the'bf the Month Payday near the 5f the Month

Non- P-value on Non- P-value on
Military Military Test: Military ~ Military Test:
Counties Counties Coefficients Counties Counties Coefficients
(1) (2) 1) =(2) (4) (5) (4) = (5)

Payday -7 0.0111 0.0092 0.950 0.0251 0.0057 0.562
(0.0326) (0.0038) (0.0388) (0.0031)

Payday -6 -0.0275  0.0113 0.0113 0.0664 0.0036 0.055
(0.0344) (0.0037) (0.0352) (0.0035)

Payday -5 0.0099 0.0100 0.854 0.0481 0.0060 0.202
(0.0316) (0.0037) (0.0375) (0.0035)

Payday -4 0.0074 0.0080 0.999 0.0597 0.0027 0.083
(0.0345) (0.0034) (0.0365) (0.0037)

Payday -3 0.0123 0.0067 0.862 0.0288 0.0041 0.458
(0.0322) (0.0036) (0.0342) (0.0037)

Payday -2 0.0332 0.0067 0.419 0.0675 0.0000 0.040
(0.0328) (0.0036) (0.0377) (0.0035)

Payday 1 0.0081 0.0141 0.854 0.0630 -0.0039 0.043
(0.0315) (0.0030) (0.0367) (0.0033)

Payday 2 0.0467 0.0214 0.436 0.1178 0.0037 <0.001
(0.0314) (0.0038) (0.0342) (0.0035)

Payday 3 0.0205 0.0243 0.906 0.0556 0.0029 0.110
(0.0338) (0.0038) (0.0363) (0.0035)

Payday 4 0.0313 0.0240 0.823 0.0247 0.0012 0.478
(0.0314) (0.0037) (0.0367) (0.0035)

Payday 5 0.0473 0.0241 0.477 0.0273  -0.0006 0.400
(0.0334) (0.0038) (0.0367) (0.0036)

Payday 6 -0.0263 0.0233 0.137 0.0091 0.0001 0.786
(0.0358) (0.0037) (0.0379) (0.0036)

Payday 7 0.0267 0.0274 0.999 -0.0008 -0.0048 0.906
(0.0347) (0.0035) (0.0357) (0.0036)

There are 10,584 observations. Military countiad bver 15 percent of 17 to 64 year old resideihts w
were active military personnel in the 1970, 198@] 4990 Censuses while non-military counties had
less than one percent of the 17 to 64 year oldeess in the military in 1970, 1980 and 1990. Aagy
daily deaths in all military and in all non-militacounties are 10.1 and 1235.7, respectively. Narsb
in parentheses are standard errors that allowmfarhitrary correlation across observations witnin
synthetic month/year group based on military payse®ther covariates include a complete set of
synthetic month and year effects, weekday effelttsymies for special days described in footnoteal?2,
dummy for observations from counties with a highitarly presence, an indicator for the first pay
period, and an interaction between the militaryretgand pay period indicators.
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Table 5
When 2001 Tax Rebates Were Distributed

Last 2 digits of Checks distributed Last 2 digits of SS Checks distributed

SS# during the week of # during the week of

00-09 July 23 50-59 August 27

10-19 July 30 60-69 September 3

20-29 August 6 70-79 September 10

30-39 August 13 80-89 September 17

40-49 August 20 90-99 September 24
Table 6

Estimates of Log of Weekly Mortality Counts Equatio
Aged 25 to 64 Years, 30-Week Period, Summer and2ball

All 30 Weeks of Data Without Data After
Week 17
Non-
All All Substance substance All All
Deaths deaths abuse Abuse deaths deaths
Independent
Variable 1) (2) (3) (4) (5) (6)
Rebatel 0.0269 0.0227 0.0057 0.0243 0.0241  0.0180
(0.0097) (0.0098) (0.0387) (0.0105) (0.0111) (0.0109)
Rebate2 -0.0157 -0.0135 -0.0161 -0.0360
(0.0098) (0.0392) (0.0105) (0.0119)
Rebate3 -0.0221 -0.0182 -0.0233 -0.0281
(0.0098) (0.0392) (0.0105) (0.0131)
Rebate4 -0.0085 -0.0678 -0.0029 0.0165
(0.0098) (0.0387) (0.0105) (0.0147)
P-value on Test, 0.813 0.806 0.937 0.829 0.752 0.581
Group Effects =0
R? 0.715 0.723 0.157 0.724 0.183 0.256
Mean Weekly Deaths 1,014 1,014 85 929 993 993
per Group
Observations 300 300 300 300 170 170

Standard errors are in parenthesis. The otheried®a in the model are week fixed effects and &oci
Security number group fixed effects.
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Table 7
Timing and Size of Alaska Permanent Fund Divideagn®Rents
% Pop. Amount % Paid by Date/Day Date/Day % Checks
Pop. of Receiving of Payment Direct of Direct 1% Batch of Issued in

Year Alaska Payment Deposit Deposit  Checks Issued 1st Batch
2000 627,533 93% $1,963.86 64% 10/4,W 10/5,Th 92.2%
2001 632,241 93% $1,850.28 66% 10/10,W 10/17,W 93.6%
2002 640,544 92% $1,540.76  70% 10/9,W 10/16,W 93.3%
2003 647,747 92% $1,107.56  72% 10/8,W 10/15,W 93.5%
2004 656,834 91% $919.84 72% 10/12,Tu 10/19,Tu 92.1%
2005 663,253 90% $845.76  73% 10/12,W 10/21,F 90.9%
2006 670,053 88% $1,106.96 76%  10/4W & 11/14,Tu 97.8%
10/19,Th

Source: Annual Reports of the Alaska Permanent Rindiend Division, 2000 to 2008

Table 8
Estimates of Log of Weekly Mortality Counts Equatio
Alaskans Compared to Residents in the Rest of 2880 to 2006
Urban Areas,

Independent All Deaths Urban Areas Without Substance Abuse
Variable (1) (2) (3) (4) (5) (6)
Alaska*Dividend(1)  0.0671 0.0608 0.1220 0.1273 0.1206 0.1304
(0.0534) (0.0545) (0.0722) (0.0732) (0.0789) (0.0803)
Alaska*Dividend(2) -0.0264 0.0250 0.0445
(0.0545) (0.0732) (0.0803)
Alaska*Dividend(3) -0.0949 -0.0843 -0.0589
(0.0545) (0.0732) (0.0803)
Alaska*Dividend(4) 0.0212 0.0810 0.0921
(0.0545) (0.0732) (0.0803)
R’ 0.9996 0.9996 0.9994 0.9994 0.9993 0.9994
Mean Weekly 59.8 59.8 32.6 32.6 30.0 30.0

Deaths in Alaska
Standard errors are in parenthesis. There areli$&vations in each regression. The averagesieath
per week in the rest of the United States is 45,88% average number of non-substance abuse deaths
per week in the rest of the United States is 44,50€ other covariates in the model are fixed week-
year effects and a dummy variable for weekly magtalounts in Alaska.
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