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Abstract:

Behavioral economists maintain that addictions siscaicoholism, smoking and over-eating represent
examples of present-bias in decision making tHandamentally irrational. In this article, we eép

a model of present bias and apparently hyperbadimodnting that is fully consistent with rational
behavior. We construct an experiment to test gpothesis and to determine whether discount rates
differ for individuals who engage in behaviors tbatild endanger their health. Our results shotv tha
discount functions are quasi-hyperbolic in shapd,that obesity and drinking are positively reldted
the discount rate. Anti-obesity policy, therefat@uld be best directed to informing individuald@s
the long-term implications of short-term gratificat, rather than taxing foods directly.

keywords: addiction, discounting, experiments, hyperboliesity, time-inconsistency.
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1. Introduction

Genetic arguments notwithstanding (Shell 2002)sebadividuals appear to make systematically
different food choices relative to others. Underding why this is so is essential to developing a
reasoned policy approach to obesity. Most ofdlemt research on obesity in the economics literatu
relies on the assumption that obese and non-obdseduals alike adhere to tli®mo economicus
assumption, or that of the rational economic degisnaker. Framed in terms of the household
production model of Becker (1965) and Becker angle3t(1977), food consumption decisions that
appear to be excessive over time are nonethelesghhto be rational means of producing “health
outcomes” by making both time allocation and gamfssumption decisions (Cutler, Glaeser and Shaprio
2003; Chou, Grossman and Saffer, 2003; PhilipsdriPaisner, 2003). Indeed, Cawley (1999) uses the
rational addiction model of Becker and Murphy (1@8%how that what appears to be overconsumption
of calories can be consistent with optimal econdreltavior even in a dynamic model of behavior that
would otherwise be considered to be pathological.

An alternative view of individual behavior regamglichoices that have long-term health
implications has emerged in the behavioral ecorehiteature (Thaler, 1981; Ainslie, 1992; Laibson,
1997; Shapiro, 2005). Specifically, if individugcisions are made with a “present bias” or a pete
for immediate gratification, then the future castt®besity are not likely to be appropriately baksh
against the present benefits of consuming fooayoiding the gym. Such behavior is thought toltesu
if preferences areme-inconsstent. Models of rational addiction, on the other hassume individuals
exhibittime-congistent preferences, which means that a decision betvageuming at time+ 2 or time
t + 3 from the perspective of timeloes not change when tie 2 actually arrives. Conversely, time-

inconsistent preferences arise if an individuall@idwhat Loewenstein and Prelec (1992) refestina

! Rational addiction models have been used to axphainy types of seemingly irrational behavior, fraddiction
to cigarettes (Becker, Grossman and Murphy, 198ldphol (Grossman, Chaloupka and Sirtalan, 1998e¥Wand
Sloan, 1995), cocaine (Chaloupka, 1991), caffe®leKalns and Bardsley, 1996), heroin (Brettevikaskn, 1999)
and food (Cawley, 1999; Richards and Patterson/R208ddiction can be rational under a conditiotiezh
“adjacent complementarity”, which stipulates a aoner is more likely to use a product if s/he hasdubat
particular product when last confronted with a ckaimong it and other available alternatives. éelj
complementarity implies that the increment to wtili consumer experiences from consuming moreeoétidictive
good rises in the amount consumed in the pashtartemporal property that allows addicted conssrer
formulate choices in present periods that accoamthie future cost of addiction in relation to therent benefit

received.



“common difference effect,” in which he prefersai®ing $100 today to $101 tomorrow but prefers $101
a year and a day from now to $100 in exactly oae’y&ime-inconsistency can arise if an individual's
discount function is hyperbolic in nature, or ifues at distant future dates are discounted at lates
than near-term values (Ainslie, 1992; Ainslie amgldm, 1992; Loewenstein and Prelec, 1992; Laibson,
1997).

Behavioral evidence suggests that individuals meye hyperbolic discount functions; for
instance it is not uncommon for lab respondentgeight present values over those in the near future
while differentiating little between values at dint points in the more distant futr@&he aim of this
study is to develop an explanation for why disc@ghtedules may appear to be hyperbolic in natnde, a
to apply an experimental framework to determinetiMresubjects with seemingly time-inconsistent
behaviors — drinking or smoking in addition to @atmng — exhibit patterns of present-bias when
evaluating future economic outcomes.

Many researchers argue that present bias maycink driven by some other underlying
mechanism. Becker and Mulligan (1997) derive artttecal model of intertemporal preference in which
discount rates are endogenous in the sense thagpend on “...resources spent imagining theduttr
(P. 734) or investments in better understandinfutioee implications of current behavior. By inineg
more, or achieving better health in the currentexinan agent may better appreciate future revesnds
thereby, discount them less heavily. While Beek&l Mulligan (1997) maintain that their model i$ no
inconsistent with a constant underlying rate ottipneference, Gafni (1995) and Bleichrodt and Gafni
(1996) question the logical basis of constant distmate models, arguing instead that discouns eate
inherently variable. Among empirical studies, Rigbein (2003) presents a series of experiments in
which she shows that choices between pairs of mésaan lead to a pattern of behavior that repetts
exponential and hyperbolic discounting. Harrisad &au (2005), on the other hand, argue that the

appearance of hyperbolic discounting is merelyakalt of experimental procedures that fail to aoto

2 Gruber and Koszegi (2001) show that apparentlyciddi behavior can be explained by consumers’ time-
inconsistent preferences. Thaler (1981) also fthdsthe magnitude of the values offered at difietene periods
can cause similar preference reversals.

3 See Frederick and Loewenstein (2002) for a reviktheexperimental literature on estimating disdaates, and
documentation of the number and variety of studieish that have found evidence of hyperbolic distng.
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for a front-end delay, or pairs of awards thatudelan option that is near in time, but not insta@bus.
Similarly, Andersen, et al. (2008) find that ifkrigversion is appropriately considered, and a ‘et
delay is included in the payoffs, then there ikelgupport for hyperbolic discount functions. \Wieey
include a fixed-cost associated with future rewaB#nhabib, Bisin and Schotter (2007) also reject
hyperbolic discounting. Exploring more deeply itite causes of time inconsistency, Zauberman et al.
(2008) argue that it is instead discrepancies latwedividuals’ perceptions of duration relativehe
actual duration that gives discount functions fiyearance of being hyperbolic. In subjective titmey
argue, discount functions are still exponentialbaiditivity, or the notion that discount ratesgresater
over shorter periods, added together, than ovegelodelays may also explain the appearance of
hyperbolic discounting (Read, 2001). In this resdgave account for a number of potential forms of
present-bias in testing for the effect of healétust on time preference in an experimental setting.

Our experiment, and subsequent data analysiseaigned to test the implications of a simple
model of intertemporal decision making in which #ppearance of hyperbolic discounting emerges as
an expected response to uncertainty. Becaush hiskdtimply greater uncertainty over future outes,
one implication of the model is that obese indialdfand smokers and drinkers) are likely to hayten
discount rates, or discount functions that apjpdae inore hyperbolic, relative to non-obese indisig.
Yaari (1965) demonstrates the equivalence betwsenuht rates and an exogenous “hazard rate” in
repeated gambles. Simply put, if an individuald@S-percent probability of surviving to the sufsent
period of a repeated lottery (a 5 percent hazaej, iatertemporal behavior arises that is equntate
having a 5 percent rate of discount. Heterogemehgzard rates can thus explain variation inadiat
rates among individuals. Clearly, high mortaldyess for obese individuals can lead to relativeii h
discount rates, which can skew consumption towdrelpresent and deter long-term investments in
health. The appearance of hyperbolic discountitigis framework emerge whenever path-dependence
leads to a downward trend in the hazard rate ieated play over time.

The paper begins with a brief review of the emalriesearch on discounting and health
outcomes. In the second section, we develop desgapnomic model of intertemporal decision making
in which obese agents, and others who engagé&yhesith behaviors, are likely to have higheralist
rates than others. A description of the time-valigtation experiment is provided in the thiratsen,

while the empirical approach to estimating discdunttions is explained in the fourth section. The



results of the analysis and conclusions regardiegteferred form of the discount schedule arengive
in a fifth section. In the sixth section, we camt# and draw broader implications for public policy

choices regarding obesity, drinking and smokingaissn programs.

2. Background on Present Bias and Health

A number of recent studies investigate the relahignbetween discount rates and present-bias aftt he
status. We would expect that those in poor healtthose who engage in activities that are likely
shorten their expected life-spans, to have higiseodnt rates. Both due to the expectation okaly e
demise, or because impulsive behavior is a causleenfpoor health (eg., overeating and obesity,
smoking and lung disease, etc.), we expect a stetaigonship between the rate of time preference a
measures of health status over which the respohdsritontrol. Using survey data from a sample of
residents in Durban, South Africa, Chao et al.0{20ind an inverse-U shaped relationship between
discount rates and health — those in very pootthealery good health have high discount ratesivel
to those in only average health. Kirby, et al00@2) conduct a field experiment with members of the
Tsimane’ native tribe in the rain forest of Boliaad find that discount rates are higher for gbeaple,
but lower for the less educated, and more wealfilyey did not find any significant relationship,
however, between the rate of time preference aradthyd8MI or drug use. Read and Read (2004)
similarly find no significant relationship betwethe rate of time preference and health status)sad
very general measures for whether individuals clamed themselves to be in either good or poorthealt
Tu, et al., (2004), however, find a positive relaship between BMI and the rate of discount, inmglyi
that more obese respondents are more likely tmpatient. In this study, we contribute to thisrktture
in that we seek to examine whether risky healtlataers, particular over-eating, are related toesttbj
rate of time preference. Unlike these studies gvew we allow for heterogeneity in discount raied
a specification that admits a number of forms espnt-bias.

Present-bias has important implications policiesigieed to address not only obesity, but
smoking, drinking, gambling, the failure to invdet retirement (Laibson, 1997), environmental
degradation (Karp, 2005) or any one of a numbkmngj-term decisions that seem to result in outcomes

that favor present gratification over long-terntityti In the example at hand — obesity — if indivals



behave according to some form of time-inconsisterdel, then they are likely to make food choices
today a strong present-bias, meaning that theyttevard instant gratification and do not fully ctes

the future costs on equal terms, as the ratiorit@oh model would imply. This distinction betwee
one of these models and addiction results in staliierent policy implications. If an individuég
addicted in an economic sense, then addictioneamieliorated by raising future healthcare cosits th
should reasonably be expected to accrue as asethdtaddiction. If, however, the individualcisints
future costs in non-exponential way, then the reaggsncrease in future costs to prevent addiét@mn
taking place can be prohibitive. Incentives, ia lhtter case, would need to emphasize immediate

rewards.

3. Economic Model of Present-Bias in Decision Makm

Read (2001) shows, both theoretically and with expntal data, that the appearance of hyperbolic
discounting can be attributed to the inherent stibigitly of the discounting process. Namely, disabu
functions, when composed of rates calculated @genents of time, will necessarily show higher rates
of discount than when comparisons are made a¢resstire period. However, he does not show why
this is the case. In this section, we argue tigeippearance of hyperbolic discounting, or amiagrate

of impatience (Read, 2001) is due to the fact ttatconditional probability of “surviving” between
periodt and period+1 increases ihalong the equilibrium path. And, perhaps moredrtgnt to the
hypothesis of this paper, this property is moreljiko hold for individuals with unhealthy livinghits
(overeating, drinking or smoking) than others. fd@son is that relatively unhealthy individuaéslass
likely to survive from period 0 to period 1 thaheits, but face a similar probability of surviviogieriod

21 conditional on survival through the first 20ipds. Because obese individuals are less hedaltmy t
other individuals, this provides them with greatgportunities to improve their health status oweet
(e.g., by taking cholesterol medication). Whileluding the likelihood of future death in an enafi
model of intertemporal choice is not feasible,ithplication of this model is that discount ratedl wi
depend not only on whether an individual is oblesewhether he or she engages in any activitytiagt

influence the probability of death, such as smokinglrinking to excess. In short, we predict that



discount rates for individuals who engage in ris&lgaviors are likely to have higher discount réitas
others, but their discount functions are likehafpear to be hyperbolic in nature.

The model is related to that of Yaari (1965), wemdnstrates the equivalence between discount
factors and expected survival rates when indivgllave uncertain lifespans. The idea is that if
individuals evaluating a future value with stocltastturns do not anticipate being active playeiesilli
future states (i.e., death occurs in a subsetufdistates), the distribution of future returnsuscated.

In Yaari (1965), individuals optimize over futurergvorship states, and an (exogenous) death
probability is isomorphic in this context to a ctamt discount rate. Here, we consider the quiigrala
application of trends in survival rates, which adoagly correspond to trends in the observed rate o
discount. These trends can be driven by expeaalthnoutcomes for consumers, for instance the
reduction in life expectancy due to unhealthy be&aun the current period.

In this model, the appearance of hyperbolic disting is independent of the curvature properties
of the value function, unlike Andersen et al. (2008he hazard rate is uncertain, but, unlike iflaAz
(1999), the hazard rate is a result of a healthraatation process that is subject to random shotks.
individual "dies" whenever the accumulated heatitus falls below a critical level. While Read@2
does not explain why subadditivity causes declirigs of impatience, our model does. Discouasrat
depend on trends in the probability of death awee tvhich, in turn, depends on health behaviore W
find that hyperbolic discounting emerges quite radiyiin the context of a simple repeated, stodbast
game.

Consider an infinitely-lived agent who begins tayptochastic game(s) at time 0 with a finite
initial stock of healthh €[h,, h ]. The agent plays a series of games over tim@talve both positive
and negative payoff states (eg., eating decistimking occasions, etc.). The cumulative outcafne
these games has the capacity to exhaust the agjgatstock of health.

There are two possibilities to consider. EithErtlje value of a future game is state-independent;
or (2) the value of a future game is state-depdndéthe value of a future game is state-indepand
then the expected present value of a series gefgames played at various points in time is sirtigy
discounted sum of the expected value of each g@mehe other hand, if the value of a future gasne i
state-dependent, then the series of realized oetbeiween the current period and the beginnitiggof

future game influences the value of the game. ddse corresponds to the model we examine here in



terms of "solvency constraints” that limit playtiedet to occur only after a series of health realization
that leaves the agent with a level of health thatgast weakly) exceeds some lower boundary, for
instance if the agent is still living at tinhe Suppose the agent is constrained to play gantes ber
health status remains above some exogenous lowedfip>h, .

Define a solvent player to be one that meets tlverscy constraint, >0, where the lower bound
on allowable healthhj has been normalized to zero without loss of geityer Next, consider for
simplicity the case in which the value of each terajpgame is the same to all players regardlebeof
health level. Games have exogenous stakes thitteasame for all agents (although the sequence of
realized health outcomes for each agent will gdlgediffer). In this case, the value of a
contemporaneous game played by a solvent platyeredtis independent of the health level of the player
at timet, a convenient (though not necessary) propertgdaring the results that follofv.Assume
agents receive the same temporal utility level feogiven product at timie but intertemporal utility
levels will differ according to the health statdgle agents. Let, denote the expected value of the
contemporaneous game played by solvent playemmat.t Consider first the case of unconstrained
probability space in which an agent remains solaeatl times and along all possible paths of zedli

outcomes. Define the expected present valuearfesf games in this case by the recursive exguati

V,=m + BV, (1)

wheref, is the discount factor in periddefined for a discount rai&, anadV, is the value function at time
t. lterating (1), the expected present value oséhies of games over an expected lifetime hoxtdn

periods can be expressed as:
T T
V=Y =n|TIIB,- 2)

The value stream (2) is characterized by hyperldgadimounting wheg,,, > B,, for allt > 0, wherea§,..

=B, for allt > 0 under constant discounting.

* As we show below, this does not imply that the gadfia series of games is independerit;ahdeed, the value of
all future games at timest 7, t = 1, 2,..., will depend on the physical level eflth of an agent at tinieand not
just on whether the solvency constraint is bindihgmet.



Now consider the more interesting case in whichessre generated under a solvency constraint.

Let VtS (h) be the expected value of receiving the futanglom health stream when the agent has the

cumulative health df, and is still solvent at tim(i.e.,h, >h,). Then,

s _ s
Vith) =m +e sEh,+lzhL|h,I/t+1(ht+1)’ 3)

whereE

o Hb, is the expectation on the valuels gfin the range abovg ands is a constant discount

rate. Let:

PS.(h) = Prob(h,, > h,|h) = Prob(m,,, > h, - e"h), (4)

t+1

be the probability that the agent is still solvatimet givenh,. Then we know:

s s s s
Eh,+1 > hylh, Viaey) = PryB)E, 3 Via(y.), (5)

WhereE,i I, is the conditional expectation operatorditmmal onh,,; >h,_ Letp,(h) be defined as:

e P -p5 (h),thenPS (h)<1 impliesthap(h)>0. Lei(h)=8+p(h), then (3)can be rewritten
as:

-8/h
VtS(ht) -mte / t)E}i+1|h, Vtil(htu)' (6)

Unlike (2) in the case of no solvency constraithts,recursive representation in (6) cannot be eatluc

8h)

to an "open-loop," or state-independent representat For example, since both and

E11S,+1| h,VtS+1 (h,,)and are functions df, they are correlated whépis random. Thus, givem,,



-8,(h

s .8 s s ) S S
Eht|ht—1Vt (ht) - Ehtlht—lnt * Ehtlht—l[e Eh:+1|htK+1(ht+1)]’ (7)

and the two terms in the square brackets canns¢frated. This observation shows that when the
future discount rate depends on future realizatiointhe health shocks, there does not exist an
"open-loop” representation in the form of (2), etfehis random.

The discount rat&(h,) in (6) is decreasing in, and approaches the intrinsic r&ighenh, is so

high that the solvency probability in (4) goes e .0 Since the future discount rates are randoshde

8,h)

any time trend of the discount rates, we will corethe expected values of with the expectation

taken onh, conditional on the agent being solvent at timme That is, we will compare

-8,(h)

E,;f 18, , 1= 1,2,...,WhereE,f; n, 1S the expectation lof

Now consider the case of constrained probabiligcepn which the solvency of a particular
player at timeé+1 depends on the past realizations of all ganageglat times on the interval ), To
highlight the role of constrained probability spaceletermining the possible origins of discounting

consider an agent who does not discount valuead¢hae at future solvency points. Hence, if wentien

the value of a solvent player at titraes VtS , the (non-discounted) solvency value fundtiaiefined by:

S

vy =m + V. ®)

Starting from time 0, the future probability sp&ceonstrained in the sense that each agent wikkire
solvent at timéonly along certain paths of realized outcomes gih [Gor example, an agent that begins
play with a fixed level of initial healttinf) can sustain a string of consecutive losses isttak of health

of only a limited length, which implies that patissociated with sufficiently long strings of conge®
losses are truncated from the cumulative valueloligion by the solvency constraint. Moreover, the
particular truncation points on the cumulative ealistribution depend on agent-specific charatiesjs

such as the initial health level. For a given agigfinePr(S,,,|S,) to be the conditional probability that



the agent is solvent at tinel given that she is solvent at timé his implies that the expected solvency

value of a game played one period in the futusgeslto the expected value of the game as:

S
I/vt+1 = Pr(St+1|St)I/t+1’ (9)

Given that an agent is solvent at titntine expected solvency value of a game playechat+t1 is the
product of two terms, the conditional probabilitgtthe agent remains solvent after the realizafitme
periodt game and the value of the periedl game. If solvency constraints are non-bindirgoarticular

point in time (i.e., if an agent remains solveteadll possible realizations of the game playeoire t),

then I/,S+1 =V,

.1 - | solvency constraints never bind on alaygy, then the model reduces to a

non-discounted stream of expected values. Suibgfit(®) into (8) and iterating values yields:
s T T
VO = Z 1tt HY; s (10)
t=0 t=0

wherey,=Pr(S,|S, ) is the conditional probability of remainimgvent at timet given solvency at1.

By definition, all active players that begin playtimme zero are solvent, so thgt= 1. Notice the
symmetry between (10) and (2). The expressionglangical given that we interpret the conditional
probability as the discount factor. This illusésithe potential origins of discounting as a camitg
phenomenon; a value earned today is worth morathaqual-magnitude value earned in the future only
to the extent that a positive probability exist ghlay terminates before receiving the future &alu

In terms of the central hypothesis of this pajernbodel provides a set of implications that can
easily be tested. If there exists some probalailtyl that an individuals' consumption behavior in a
given period leads to a decrement in health stttes, it is sensible to weight contemporaneousyutil
more highly than utility earned in future periods.However, when making considerations for
consumption decisions farther in the future, theddmnal probability of surviving to period 30 g
that the individual survives to period 29 approaahatary value. The lower the initial health gsat
moreover, the more dramatic this outcome beconsesmenediate gratification, which provides

contemporaneous utility for certain, is valued nioghly relative to consumption at nearby futureeda

10



while the conditional probability of surviving 3@mods given survival through 29 periods is more
similar for both healthy and obese individuals erBfiore, we expect to observe discount functioais th
appear to be hyperbolic, or show declining impagenvith discount rates that rise in the instarice o

unhealthy behaviors, such as drinking, smokingvereating.

4. Experiment Design

In the current study, we test the implicationshef theoretical model derived above for intertempora
decision making by conducting a time-value eliotaexperiment in a sample of 82 students at Aazon
State University. Although the original samplesisted of 96 students, 14 were rejected as thashcle
did not understand the question to be answeredtherwise submitted unuseable responses. Our
experiment follows Benhabib, Bisin and SchotterO{@0in adopting the Becker-DeGroot-Marschak
(Becker, DeGroot and Marschak 1964, BDM) methagwfrd-time value elicitation. The rules of the
experiment were well explained to the subjectd) etbally and through written instructions, befie
start of the experiment, and practice scenariog weed prior to handing out the reward-time value
elicitation instrument. All subjects were presdmtéh a series of questions designed to asseegtirat
of present-bias in choosing financial rewards afing time periods.

Using a BDM mechanism is intended to ensure tritiafiue elicitatior?. The mechanics of the
BDM procedure were carefully explained to the stisslencluding the fact that it is incentive coniipiat
or in their best interests to report their trueffiecence amounts. Subjects were provided theninee
to respond with their true values during each raofrttie experiment in the following way. We asked
subjects to respond to indifference amounts falifi€rent reward-time pairs (two rounds of 25 qioest
each) as described below. One of the pairs in gaghd was chosen at random to determine the
payment. For example, assume the random rewaedsinrepresents a payment of $10 in four weeks.
The agent’s task is to respond with an amountthatr she is indifferent between receiving todal an

the $10 in four weeks. A random value was thewnitzetween $0 and $10. If the subject’s indiffeeenc

® The incentive compatibility of the BDM mechanisnshzeen questioned by Horowitz (2006), among othérs.
assume that the argument advanced there, thagém'swwillingness-to-pay depends on the distrinuf future
values, is of minor consequence.
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amount, say $8, is more than the random draw whiEkiave to wait four weeks and receive the $10
value. If the indifference amount is less tharrémelom draw, then they are paid their bid immedtjiat
With this mechanism, subjects can ensure thatieegaid immediately by offering $0 and that they a
paid in four weeks by bidding $10. Therefore, thaye an incentive to bid their true indifference
amount to avoid taking the money now if they statalue that is too low (high implicit rate of time
preference) or in the future if they state a vétha is too high (low implicit rate of time prefece).

All indifference amounts, or “bids,” were submittading standard pen-and-paper response
instruments. Each subject’s response was therdezt,dheir payment calculated, and the data stédamit
to a database for further processing. Becauseutiscates are theoretically subject-independent,
monetary rewards are sufficient to elicit discoates. That is, there should not be different distmates
for different items to be received at various pointtime. To test whether our data exhibit aiigmt
“magnitude effect,” we varied the amounts involvethin each round (Thaler, 1981; Green, Myerson
and McFadden, 1997). Namely, the amounts wer@$35000, $10.00, $50 and $100.00 to be received
at various points in the future. Separate questicere asked for each time period: (1) in one @y,
one week, (3) four weeks, (4) six months, andri(®)ne year. The same subjects were asked to bid on
each reward-time pair in the same session. Th&tiqos in the first round were phrased as follows:
“...what amount of money, $x, if paid to you toaeyuld make you indifferent to being paid $y ($1.00,
$5.00, $10.00, $50.00, $100.00) in (one day, orekweur weeks, six months, one year)?...”

In the second round, we test for a “framing” effegtreversing the questions such that the
subjects were asked to state a future amount thdtiwnake them indifferent between that amount and
a fixed amount today: “...what amount of moneyMixild you require to make you indifferent between
receiving $y ($1.00, $5.00, $10.00, $50.0, $100@dyy and $x in (one day, one week, four weeks, si
months, one year)?” The subjects, therefore, difbatiids in order to receive an amount $y todeye
amount of each $x bid is capped for each questisaorae upper bound and the BDM mechanism is
applied as in the first round. Namely, a randoiesg drawn between $0.00 and the upper limi$for
for the chosen payoff reward-time pair (which ismoounicated clearly to all subjects beforehand) and
all indifference amounts less than the random vadug immediately, and more than the random value
result in the fixed amount being paid after thevaht time period for that round. Asking isomogphi

guestions in a different way is important to testthe potential of framing effects that are comnmon
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other experimental time preference studies (Frekldroewenstein, and O’'Donoghue 2002). As in the
first round, we are confident that the subjectsustdod the task, their incentive to respond tulighéind
the fact that they would be paid for doing so.

Rounds one and two are designed to capture baserd<¢ime pair data for the sample
participants that will allow us to fit discount fttions for each individual using an appropriateghaata
estimator. With these data, we are able to testiven their responses fit the exponential, quasi-
hyperbolic or some other functional form and, meeep test whether individuals with differing
socioeconomic, health or behavior attributes aneeroless likely to discount in a way that is diésol

by the quasi-hyperbolic discount function.

5. Econometric Model of Hyperbolic Discounting

There are a number of specifications for a discdumnction, D(y, t), that nest the hyperbolic and
exponential discounting models. The most genétthlese also allow for the inclusion of a fixed4cos
component, risk aversion, and demographic effectither the discount rate, the curvature of the
discount function, or both. With data on only teeard-time pairs and demographic attributes dfieac
respondent, however, it is difficult to identifyt af these effects in a single modelTherefore, we
sacrifice a measure of generality for parsimonyrabdstness in estimation and adopt the generatimod
proposed by Prelec (2004), but allow for risk aeergconstant relative risk aversion, CRRA) as in
Andersen, et al. (2008) and estimate using partal mathods. Because individual-level discount
functions are likely to contain a large amountathimbserved and unobserved heterogeneity, weatstim
this model using a random parameters specificatiomhich the discount rate depends on a set of
demographic and behavioral variables, as wellmsely random effect. In this way, we test whether
observed individual-level attributes have a sigatfit positive or negative impact on discount rafes.
such, our econometric model represents a test bifiotheses developed in Becker and Mulligan (1997

in a rather direct way.

® Benhabib, Bisin and Schotter (2007) specify antnede perhaps the most general empirical modelfibdithat
their nesting parameter is estimated impreciseheiarly all specifications with individual-level mhels. It is not
clear from their data how their data are able &miily the separate fixed- and variable-cost eff¢leht they report.
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In its most general form, therefore, the econometadel is written as:

xhr = yhrD(yat;Sharhaa:B) = yhrt(exp(—Sht“) - B/yhr)q)(zhaeh)a (11)

wherex, is the promised payment for the particular quagto subjech, y, is the subject’s indifference
amount or their bid) is the discount function,is the number of days over which the subject isghe
asked to discount (defined as a proportion of g y&as a vector of subject attributégjs the discount
rater is the risk aversion parameteis a variable-cost component that determines ehétle discount
function is quasi-hyperbolie € 1),p is a fixed-cost component that Benhabib, Bisin@ettbtter (2007)
find to be the primary contributor to the preseasbevident in their data. Among the random

components, the discount rate is assumed to refidtbbserved and unobserved heterogeneity saich th

6,~N (z,,’i‘)h, o), while vande are unobservable random effect;{N(uvh, th)’ Sh”N(He,; Geh) ) ind

is a fixed-cost componehit!f a = 1 the discount function is exponential and. &aslls below 1.0, the
function assumes more of a hyperbolic shape (P28led; Andersen, et al. 2008).

Present bias will arise with this specificatiorgréfore, with lower values af higher values of
B orr, or, of course, higher values of the underlyirsgdunt ratej. In the most general model, we also
allow the agent-specific error terg,to include a vector of demographic and socioeconattributes,
and a log-normally distributed error tern, This panel estimator is unlike Benhabib, Bisid &chotter
(2007), who estimate separate models for eachichidily so index all four parameterstbyin this study,
we are interested in testing for systematic diffees among individuals’ time preference rates as a
function of some observable behaviors or charatiesi Therefore, we assume all parameters are
constant across individuals, except for the raterad preference. In this way, we examine diffegsn
in time-preference rates over individuals, whilecamting for observed and unobserved heterogeneity,

as well as other possible sources of present-bias.

" This factor is also akin to the “...additive comsta” of Becker and Mulligan (1997).

8 Note thatr = 1 implies risk neutrality and the degree of @slersion rises asmoves away from 1.0. This is a
constant relative risk aversion specification (CRR#hich is a common assumption in this literature.
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We estimate the various forms of (11) using sinedlahaximum likelihood (SML), which is
necessary given the random-parameters assumpsoriel above. With this specification, however,
it was not possible to estimate the curvature pat@nm the same SML routine as the other parameter
Consequently, we adopt a grid-search techniqudirahthe value ofx that maximizes the likelihood
function conditional on the optimal estimates efdther parameters. This approach provides conisiste
estimates of the curvature parameter, but doealloot us to recover standard errors dowithout
resorting to bootstrapping techniques (Cameroamddi 2005). For the SML routine, we use a Halto
draw technique in order to speed convergence addHat no gains in performance were obtained for

draw numbers greater than 75 (Train 2003).

6. Results and Discussion

In this section, we summarize the data gathereddhrour time-value elicitation exercise and irmetrp
the results from comparing various forms of theneaaetric model in (11). We conduct a number of
specification tests on several versions of thisehiocorder to test alternative mechanisms thatlesy

to the appearance of present-bias.

Table 1 summarizes the experimental and demogréehiavioral data gathered through the
time-value elicitation exercise. Several featafabe data are apparent from this summary. , First
responses appear to be plausible in both magranaidispersion among agents. Second, their pattern
of variation with time and magnitude is consisteitih other studies. Namely, as in Benhabib, Basid
Schotter (2007), discount rates decrease in theiatnod delay and slightly with the magnitude of the
amount at stake. On the surface, therefore, thieds in this study appear to exhibit a presess:bi
However, because these discount rates are cattwéteout econometric estimation, these results are
not yet conclusive. Third, the sample exhibitssiderable variation in both demographics and benavi
(ie., smoking, drinking and obesity) to uncover gelgtionships that may exist between risky lifiesty
and discount rates.

[Table 1 in here]
In order to control for factors other than puregipreference, however, it is necessary to estimate

the discount function described above. To this €atlle 2 presents results from estimating hyperbol
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and exponential discount functions, without allogvifor risk aversionr(= 1), quasi-hyperbolic
discounting (or variable-cost of discounting; 0) or a fixed-cost of discounting € 0). The primary
purpose of this model is to establish a benchmadodnt rate and to estimate the curvature paramete
in the discount functior. Using the grid-search procedure described alttoerdog-likelihood function
is maximized at value ofi. of 0.704. Therefore, we compare the exponenta layperbolic
specifications, conditional on this estimate, usitigelihood ratio (LR) test with one degree eddom
(in the hyperbolic specification used here, theoegntial is a special case wherel). From the results
in Table 2, we find a chi-square LR statistic of B2, so we reject the exponential specificatidawor
of the hyperbolic. Although estimatesdotannot be interpreted literally as “discount ragessin the
exponential model, it is instructive to comparedbtimates of the mean valueddb get a sense of the
extent of present-bias that may be present. drctse, the value dfor the hyperbolic model is slightly
higher (0.472 > 0.465) than for the exponentiggesting that subjects’ discount rates decline tower
(a property of the hyperbolic function) and areegalty higher than in the exponential model.
[Table 2 in here]

With the random parameters specification, we csm@ét a sense of which personal attributes
correlate with high discount rates. Clearly, tbsuits in Table 2 show that much of the variation i
discount rates among individuals can be explaiyexbberved heterogeneity, both in demographic and
behavioral attributes. Moreover, the pattern f&fat$ is similar between the hyperbolic and exptalen
models. Namely, discount rates tend to be higheolfler males of races other than the four major
classifications considered in our survey. Mardttus, household size and income appear to be
uncorrelated with time preference. This lattenltethe irrelevance of income, appears to beds adth
the predictions of Becker and Mulligan (1997), veiggest that higher wealth is associated with lower
rates of time preference. Income, however, is omyrectly related to wealth so our results are no
entirely contradictory. Of greater interest gitlemobjectives described in the introduction, haveare
the relationships between smoking, drinking, opesit time preference. In both models, discatasr
tend to rise for heavier drinkers and those whaoreme obese. Both of these effects are consistént
our theoretical expectations — that individuals veémgage in risky health behaviors have a greater
probability of not surviving until the next pericsh should discount the future more heavily. Resha

surprisingly, however, smokers have lower discoatas than non-smokers. One explanation for this
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finding is that the estimates are conditional ankilng and obesity. If one is already an obesaker,
then it is possible that these individuals expegean “immortality syndrome” and believe they are
among the few for whom smoking does not seem ta lbealth hazard. Admittedly, however, this
inference is only speculative and we offer thisilitess a puzzle for future research. In the remgin
specifications, we test the robustness of thesinfys regarding the potential profile of preseaisbi

In the next model, we relax the assumption of mesigtrality. Andersen, at al. (2008) find that
controlling for risk aversion causes estimatedalistrates to fall significantly, thus explainiraynge of
the apparent present bias found in previous studieble 3 provides estimates of the two discount
functions while allowing for risk aversion of a atent relative risk aversion (CRRA) form. Compagrin
the risk-averse specifications to their risk-ndutoainterparts in Table 2, again using a LR téstns
that for each discount function (hyperbolic andamgntial), the risk neutral specification is regecin
favor of the CRRA model. Clearly, risk aversion isharacteristic of our experimental data. Cdimigp
for risk aversion, the rate of time preferencesfalleach case, but not as dramatically as in Aedeet
al. (2008). Among the other parameters, the pattiecovariates is very similar to the base-moeséc
so risk aversion is apparently not an inherent ¢faany of the demographic or behavioral segments
described in our survey. It may, however, be #eedhat the present bias is of a form that is not
captured by either our hyperbolic or CRRA forms.
[Table 3 in here]

Quasi-hyperbolic discounting involves discountiadures in future periods at higher rates as if
there were a “variable cost” of discounting — tiseount associated with future rewards rises \ih t
amount of the reward in a linear way. Table 4 sholne SML estimates of the hyperbolic and
exponential discounting functions allowing for rigkersion and quasi-hyperbolic (variable cost)
discounting. Comparing the combined hyperboligasithyperbolic model and the exponential / quasi-
hyperbolic models to the specifications in Taldb8ws a significant improvement in fit. Moreovbe
estimates ot (the variable cost component) are individuallyngigant in both the hyperbolic and

exponential models. Interestingly, when we adgigbiential explanation for present-bias, the eg#oh

® This result is not due our sample containing ondyrell number of smokers as 12.7% of participamiske, nor
due to excessive multicollinearity among the atti#variables as there are no significant corrglaiéh the
tendency to smoke.
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discount rate rises in the hyperbolic model, bl fa the exponential. Some of the behavior that
appeared to be consistent with discount rateadgdiver time, therefore, is more plausibly expldibg
a positive variable cost of discounting. Furtldren we account for quasi-hyperbolic discountirgy th
estimate of falls in each case. This finding suggests thabsing a zero variable cost of discounting
creates a bias away from finding risk aversion,atributing apparently hyperbolic discount funcso
to something else entirely.
[Table 4 in here]

Finally, we consider the most general form of tgpieical model in (1), accounting for both a
variable and fixed cost of discounting. Compatiregjog-likelihood function value of each specifica
in Table 5 with those shown in Table 4 suggestsiigamost comprehensive model is preferred in the
hyperbolic case, but not the exponential. In geetbolic model, a fixed cost of $0.217 is smdéitree
to the size of the values offered in the experimauttis nonetheless statistically significant. i/the
variable cost estimate is the same as in theatestrimodel, note that the valuedaissumes its lowest
value of all the specifications considered. Thglihg suggests that each of the other plausible
explanations for present-bias is as at least partialid and accounts for some of the effect ather
attribute to hyperbolic discounting.
[Table 5 in here]

More importantly, however, the pattern of covagasaobust to this specification. In particular,
both obesity and drinking are positively relatethtmextent of present-bias. This is an imporeslt.
If obesity (and excessive drinking) is associatid iwgher discount rates, then not only are exgilans
based on rational addiction models incorrect, fhoitte directed at modifying behavior that don’tegss
an agent’s need for immediate gratification areljikvasted. Policy prescriptions that follow from
explanations based on the presumption of a ratamtdittion seek to raise the expected cost ofdutur
health problems in order to offset higher curraamdiits from satisfying an addiction. If individisa
discount the future heavily, and even discountraneg to a hyperbolic pattern as suggested hega, th
higher costs expected in the future will be ofidittonsequence. Further, the smoking results
notwithstanding, it is likely that this pattern loéhavior extends to financial decisions, retirement
planning, career preparation and even child-raidthdreme present-bias in each of these casespart

far deeper problems than excessive drinking andgeat
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We also test for whether the results found hereaego a framing effect, or how the questions
in the experiment were phrased. In Table 6, wertdipe results obtained by estimating the mostigén
form of the discount function with data from the@ed set of questions, phrased from a future idstea
of a present-perspective. Again employing theggarch technique to estimate the curvature pagamet
we find a value ofx = 0.153, which represents a significantly gredtsparture from exponential
discounting relative to the present-perspective.cBecause this model provides a better fit taltia
than the exponential model, based on a LR tedindd¢hat framing questions in this way does indeed
cause discount functions to appear to be “morerbgbe.” However, the remaining parameters,
conditional on this estimate @fare broadly consistent with the present-persgestsponses. Of direct
relevance to our objectives, the sign and magnitdidiee obesity effect (as well as the smoking and
drinking effects) on discount rates is very simiathat found using the present-perspective quresti
In the hyperbolic model, estimates of the meaieoé nearly the same as the estimates reportetbla T
5, so we have no reason to believe that framin@lsagnificant effect on the structural parametérs
potential interest to policymakers.

[Table 6 in here]

7. Conclusions and Implications

In this study, we use experimental data to testhenendividuals’ time preference decisions exhibit
present-bias and, if they do, to examine whetheeegtent of bias is related to personal charatiteyis
including demographic attributes as well as pattefribehavior that are often regarded as patha@lbgic
We frame our empirical analysis in a general, tespecification in which we test for the importance
of risk aversion, fixed or variable discounting tspsand hyperbolic discounting in generating the
appearance of present bias. Resolving the enpipiesstion of whether individual agents discount
according to a hyperbolic discount schedule is manb because many of the critical social issues we
face today can be attributed to short-term decisiaking on the part of consumers.

We find that a hyperbolic specification that ina@adboth fixed and variable costs of discounting
and risk aversion provides the best fit to the.d@ar discount function is sufficiently generanest

both the hyperbolic and exponential interpretatanm using nested specification testing methegs;tr
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the exponential in favor of the hyperbolic modeiis is true even after controlling for many otftaetors

that may explain present bias. We also find alsmagnitude effect, meaning that discount ratégal
the size of the reward, but no framing effectsngigg how our time preference questions are phrased
Consequently, we conclude that the subjects ineaperiment discount future costs and benefits
according to a modified hyperbolic process.

Within the context of this hyperbolic model, weceddlow discount rates to vary with a number
of demographic and behavioral traits. Importamilyfind that the more individuals drink, and tighler
their BMI, the higher their personal discount rafidss is consistent with a theoretical model ofdi
preference in which less healthy people have aehilghzard rate during each period. Interestingly,
however, we also find that smokers have genemallgt discount rates, a result that is seeminglyragn
to the drinking and obesity effects. Nonethelégss indeed the case that obesity and disctates are
positively related, then public policy efforts teduce obesity must target more general behaviors
associated with impatience and immediate gratifinaind not the usual nutrition education or fitnes
messages that are currently being developed. Mergaxing foods that are deemed to be unhealthy
is likely to be less effective than expected beeaasing the future costs of fattening foods kas bf
an impact to agents who care little about futusgsco

There are many avenues to extend our researchrerasearch in this area should consider
larger, more diverse samples that include subjeitiisa greater range of behaviors. Second, ingerm
of the time preference experiment, Andersen €@08) argue that much of the evidence for hyperbol
discounting is due, in fact, to the existencefobat end delay. Phrasing the reward-time paichk soiat
no immediate reward is available would allow a té#stheir hypothesis in settings other than their
Norwegian experiment. Finally, more theoreticakeagrch on why individuals may appear to follow
hyperbolic discount functions would be helpful.r@uatly, most of the work in this area is empir@adl
the econometric models not grounded in theory.idaytheoretical models of hyperbolic discounting

that can be tested directly is the next logica &be this research.
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Table 1. Summary of Experimental Data and Respondéttributes

Amount Delay N Units Mean Std. Dev.
$1.00 1 day 82 $ $0.83 $0.24
$5.00 1 day 82 $ $3.91 $1.17
$10.00 1 day 82 $ $8.11 $2.05
$50.00 1 day 82 $ $40.64 $10.45
$100.00 1 day 82 $ $83.53 $20.46
$1.00 7 days 82 $ $0.80 $0.23
$5.00 7 days 82 $ $3.92 $1.07
$10.00 7 days 82 $ $7.93 $2.09
$50.00 7 days 82 $ $39.63 $10.73
$100.00 7 days 82 $ $81.01 $19.90
$1.00 1 month 82 $ $0.79 $0.25
$5.00 1 month 82 $ $3.79 $1.27
$10.00 1 month 82 $ $7.79 $2.47
$50.00 1 month 82 $ $36.89 $12.13
$100.00 1 month 82 $ $77.40 $22.62
$1.00 6 months 82 $ $0.72 $0.31
$5.00 6 months 82 $ $3.56 $1.40
$10.00 6 months 82 $ $7.16 $2.64
$50.00 6 months 82 $ $36.72 $12.30
$100.00 6 months 82 $ $75.10 $24.24
$1.00 1 year 82 $ $0.70 $0.35
$5.00 1 year 82 $ $3.35 $1.59
$10.00 1 year 82 $ $6.72 $2.94
$50.00 1 year 82 $ $33.58 $14.85
$100.00 1 year 82 $ $67.26 $28.81
Age 82 Years 23.51 6.50
% Male 82 % 0.62 0.49
% White 82 % 0.73 0.44
% Black 82 % 0.02 0.15
% Hispanic 82 % 0.09 0.28
% Asian 82 % 0.09 0.28
% Married 82 % 0.13 0.34
Household Size 82 # 1.67 1.20
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Income 82 $/ year $31,737.80 $32,048.90

% Smoke 82 % 0.13 0.34
Drink 82 # [ week 4.96 10.89
BMI 82 Index 25.73 4.98

Notes: BMI is calculated as the ratio of weightKin) divided by the square of height (in cm.). (imical
problems with BMI as a measure of obesity are wadlerstood, but it remains the most accepted mea$ur
overweight or obesity in the general populatioimd-value pairs are drawn from the first set ofgjjoas; the
second set of responses are qualitatively simildrae available from the authors upon request.
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Table 2. Hyperbolic vs Exponential Model Estimates

Hyperbolic Exponential
Random Parameter Estimate
o 0.472* 2.959 0.465* 2.577
Standard Deviation of Random Parameter
c; 0.727* 34.275 0.738* 32.434
Random Parameter Function
Age 0.006* 2.017 0.006 1.634
Gender 0.194* 4.554 0.194* 4.063
White -0.498* -6.525 -0.484* -5.711
Black -0.417* -3.083 -0.348* -2.225
Hispanic -1.071* -10.576 -1.059* -9.464
Asian -0.533* -5.288 -0.486* -4.381
Marital Status -0.022 -0.362 -0.046 -0.661
Household Size 0.011 0.658 0.013 0.672
Income 0.117 1.469 0.741 0.828
Smoke? -0.443* -6.727 -0.469* -6.344
Drink Number 0.021* 10.412 0.022* 10.207
BMI 0.012* 3.035 0.013* 2.878
Standard Deviation of Model
c 0.451* 349.122 0.479* 357.924
LLF -1,280.061 -1,415.873

Notes:5 represents the annualized discount rate. LLFeisaty-likelihood function. Estimation is by simidd
maximum likelihood (Train, 2003). A single astkrisdicates significance at a 5% level.
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Table 3 Hyperbolic and Exponential Models: CRRA Fom

Hyperbolic Exponential
Fixed Parameter Estimate
r 0.953* 294.634 0.956* 279.121
Random Parameter Estimates
é 0.418* 2.622 0.395* 2.202
Standard Deviation of Random Parameter
c; 0.742* 34.089 0.760* 34.300
Random Parameter Function
Age 0.006* 2.084 0.006 1.679
Gender 0.196* 4.647 0.194* 4101
White -0.516* -6.809 -0.508* -6.289
Black -0.441* -3.640 -0.370* -2.719
Hispanic -1.101* -10.829 -1.098* -10.236
Asian -0.559* -5.523 -0.521* -4.880
Marital Status -0.019 -0.312 -0.044 -0.644
Household Size 0.011 0.654 0.013 0.684
Income 0.124 1578 0.849 0.966
Smoke? -0.448* -6.719 -0.482* -6.600
Drink Number 0.022* 10.075 0.023* 11.783
BMI 0.013* 3.086 0.014~ 2.990
Standard Deviation of Model
c 0.447* 333.044 0.474* 340.456
LLF -1,257.327 -1,380.392

Notes:r represents the coefficient of relative risk aversiorepresents the annualized discount rate. LLFeisaty
likelihood function. Estimation is by simulated xiraum likelihood (Train, 2003). A single asterigklicates
significance at a 5% level.
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Table 4. Hyperbolic and Exponential Models: CRRA ad Quasi-Hyperbolic Forms

Hyperbolic Exponential
Fixed Parameter Estimate
T 0.419* 40.622 0.447* 43.519
r 0.872* 241.609 0.863* 224.897
Random Parameter Estimates
é 0.507* 3.553 0.350* 2.239
Standard Deviation of Random Parameter
c; 0.648* 45,927 0.684* 35.130
Random Parameter Function
Age 0.014* 5.089 0.006 1.901
Gender 0.451* 12.134 0.224* 5.550
White -0.484* -71.377 -0.569* -1.727
Black -0.216 -1.657 -0.268 -1.835
Hispanic -1.023* -12.062 -1.073* -11.038
Asian -0.315* -3.563 -0.542* -5.479
Marital Status -0.088 -1.640 0.126* 2.098
Household Size -0.028 -1.873 0.009 0.557
Income 0.456* 6.499 -0.276 -0.350
Smoke? -1.214* -20.865 -0.399* -6.168
Drink Number 0.035* 25.879 0.019* 9.347
BMI 0.021* 5.779 0.006* 1.529
Standard Deviation of Model
c 0.389* 168.357 0.404* 164.334
LLF -976.591 -1053.134

Notes: r represents variable cost to discounting, or tlasigayperbolic parametarrepresents the coefficient of
relative risk aversiorg represents the annualized discount rate. LLFeisaty-likelihood function. Estimation is by
simulated maximum likelihood (Train, 2003). A dimgsterisk indicates significance at a 5% level.
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Table 5. Hyperbolic and Exponential Models: CRRA, kxed and Variable Cost of Discounting

Hyperbolic Exponential
Fixed Parameter Estimate
T 0.419* 40.092 0.447* 43.304
r 0.872* 243.907 0.863* 227.873
B 0.217* 11.907 0.099* 4.710
Random Parameter Estimates
) 0.398* 2.654 0.843* 5.060
Standard Deviation of Random Parameter
G; 0.704* 34.309 0.608* 33.138
Random Parameter Function
Age -0.001 -0.134 0.009* 2.900
Gender 0.451* 11.920 0.233* 5.602
White -0.283* -3.934 -0.527* -6.840
Black -0.131 -0.979 -0.032 -0.222
Hispanic -0.914* -9.636 -0.809* -7.972
Asian -0.361* -3.884 -0.306* -3.141
Marital Status 0.082 1.387 -0.083 -1.382
Household Size 0.057* 3.588 -0.016 -0.945
Income -0.247* -3.431 0.543* 7.038
Smoke? -0.380* -6.399 -1.187* -17.108
Drink Number 0.021* 9.888 0.028* 13.464
BMI 0.015* 4.218 0.035* 9.171
Standard Deviation of Model
c 0.389* 167.915 0.404* 163.818
LLF -965.991 -1,057.476

Notes:p represents a fixed cost of discountinggpresents variable cost, or the quasi-hyperipaliameter;
represents the coefficient of relative risk aversiarepresents the annualized discount rate. LLFeisaty
likelihood function. Estimation is by simulated xiraum likelihood (Train, 2003). A single asterigklicates

significance at a 5% level.
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Table 6. Hyperbolic and Exponential Models: CRRA, kxed and Variable Cost of Discounting,

Framing Effects

Hyperbolic Exponential
Fixed Parameter Estimates
T 0.464* 13.645 0.446* 43.612
r 0.877* 223.081 0.863* 223.901
B 0.195* 30.785 0.139* 7.191
Random Parameter Estimates
) 0.388* 2.585 0.435* 2.674
Standard Deviation of Random Parameter
G; 0.681* 38.462 0.696* 44.159
Random Parameter Function
Age -0.03* -13.243 0.005 1.662
Gender 0.131* 3.983 0.472* 11.515
White 0.537* 10.226 -0.537* -7.152
Black -0.383* -2.977 -0.382* -2.633
Hispanic -0.009 -0.118 -0.997* -10.539
Asian 0.486* 6.232 -0.496* -5.073
Marital Status -0.277* -5.027 0.078 1.302
Household Size -0.092* -5.022 -0.047* -2.701
Income 0.269* 3.458 0.489* 6.383
Smoke? -0.372* -6.386 -1.389* -21.761
Drink Number 0.009* 5.468 0.033* 21.754
BMI 0.055* 14.843 0.035* 8.974
Standard Deviation of Model
c 0.528* 164.022 -0.404* -163.355
LLF -1,556.342 -1,602.261

Notes:p represents a fixed cost of discountinggpresents variable cost, or the quasi-hyperipaliameter;
represents the coefficient of relative risk aversiarepresents the annualized discount rate. LLFeisaty
likelihood function. Estimation is by simulated xiraum likelihood (Train, 2003). A single asterigklicates

significance at a 5% level.
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