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Abstract

Individual smoking behavior persists over time, but is thpeated behavior attributed to past
use or individual heterogeneity? Using longitudinal datéeens from all 50 United States from
1988 to 1992, we find a significant causal role for endogen@ijgrmrette consumption even
after controlling extensively for observed and unobsehatdrogeneity. We also find
measurable evidence of different sensitivities to cigaice depending on past use. These two
findings suggest that a cigarette price increase wik laalarger aggregate effect in the long run

than in the short run as more individuals accumutatee price-sensitive non-smoking group.
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|. Introduction

Smoking is one of the primary public health concerritenU.S. Many of the deleterious effects
of smoking are associated with long-term use. This sugtiedtsfforts to alter smoking
behavior, whether to prevent initiation, encourageatéss or reduce relapse, would benefit
from an understanding of smoking dynamics -- the dependsrezerent smoking choices on
past smoking behavior. It is well-known that individealoking behavior is quite persistent.
Individuals who smoked in the past are several timeg tilaly to smoke today relative to
previous non-smokers. For example, using data from the mMddtitducation Longitudinal Study,
75 percent of youth aged 14 to 18 who smoked in the past cordisu®mke at the survey date;
only 10 percent of non-smokers in this group begin smokireyidtrs smoking intensity also
seems to matter: 31 percent of light smokers quit smokimig \ess than 13 percent of heavy
smokers quit. There is also movement toward higher l®@fedlsoking in the future among those

who were moderate or heavy smokers in the past.

In this paper we seek to measure the significance of pegimoking behavior as a causal
contributor to smoking persistence. We refer to this pdggias state dependenc&or example,
previous smoking consumption might alter the currentybli different smoking alternatives, it
might reflect different sensitivities to price, omiight impact health which influences the
expected value of future smoking alternatives. What westatlt dependence is often referred to
as addictiorf. However, it is also possible that smoking persistestems largely from
individual heterogeneityindividual differences, both observed and unobserved, @aaydome
to be prone to smoke and others to abstain. For exahga#h-conscious individuals might

never smoke while present-oriented individuals alwaysksmmibhese two explanations for
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persistent behavior are laid out and formalized in Hegk(@981) and are now standard
terminology in the economics literature. Our godbisletermine the importance of state

dependence for smoking behavior after extensively coinigaibr individual heterogeneity.

Understanding the explanations for smoking persisteasenmportant implications for
public policy. Government taxes continue to be the maicytdol used to lower smoking rates,
and the average state plus federal tax rate has doubleeene1 998 and 2003. The effectiveness
of these tax increases in reducing smoking rates ovdonigerun depends crucially on the
source of smoking persistence. Suppose one’s smokingyhikies alter current choices, and
that smokers are less price sensitive than non-sm@k@ant we document later). Taxes are
quite powerful in this case: by discouraging some indivglfram smoking today, they will
increase the proportion of relatively more price saresion-smokers in the future. This
compositional change produces a multiplier effect asdutxes become more effective at
reducing aggregate smoking rates. Alternatively, suppose sgp&isistence is largely due to
individual heterogeneity. In this case, taxes are not pewerful. Individual factors, rather than

prices, are the primary determinant of current and longsnuwking decisions.

We disentangle the roles of previous smoking behawvidriradividual heterogeneity (that is,
observed and unobserved individual characteristicapoksg decisions using detailed panel
data on U.S. teenagers. The National Education Longai&urvey (NELS) follows a
representative sample of 8th graders in two year waegmning in 1988 and is described in
detail in section Il. There are three reasons whyogas on teenagers and use the NELS data.
First, teens are the focus of many policy discussiNB4$.S is rather unique because it tracks a

wider population than other youth surveys. It includessté®m every state, which allows us to
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utilize price variation in all 50 states, and followbdaal drop-outs. Second, a majority of
smokers first try cigarettes when they are teenagelyauth smoking often persists into
adulthood. While many other surveys have limited infarmmeabout smoking initiation, which
can occur years prior to the first interview and isroftaly known from retrospective self-
reports, we accurately observe when smoking begins idatar This allows us to avoid
potentially serious sample selection problems or thd teeestimate a simplified reduced-form
initial condition equation representing previous smoking Weharhird, studying teens
provides insights into the state dependence of smokingialeidVe take advantage of the
multiple observations per person to account for indivithes¢rogeneity and to determine the
extent to which previous smoking behavior causally influenoe®nt choices. Finding a
significant role for past smoking behavior among teensdvsugigest that smoking, even the

first short duration experience, can rapidly modéhavior.

We describe our empirical methods in section Ill. Wiet)y estimate a set of equations that
capture smoking participation and conditional demand. Tigreeal model allows previous
smokers and non-smokers to have different tastesrfokiag and different price sensitivities.
Tastes are distinguished by observed characteristicsshwiglude time-varying information on
individual demographics, parents, schools, and the comrmuagyvell as by unobserved (to the
econometrician) individual heterogeneity that is tréatea general semi-parametric fashion.
Thus the model allows changes or persistence in behaviie driven by individual
heterogeneity as well as by previous smoking choices. We&hadiscrete factor random effects
methodology introduced by Heckman and Singer (1984) and extendérbby(1999). This
method allows correlation in unobservables acrossipleiequations without imposing a

distributional form and has been used in a wide variegngdirical applications including health
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(Goldman 1995; Cutler 1995), welfare participation (Hoynes 1@9@y care (Blau and Hagy
1998; Hu 1999), disability insurance (Kreider and Riphahn, 2000), andapnagyraluation

(Angeles et al. 1998).

Our estimates are presented in section IV. The redeisnd crucially on two modeling
features: whether individual smoking history is treatedxagenous or endogenous and whether
unobserved individual heterogeneity is omitted or includedfidethat previous smoking
behavior has a causal effect, even after allowing ftersive individual differences. For
example, after controlling for both observed and unoleseneterogeneity, smoking lightly in
8th grade (as opposed to not smoking) doubles the probabittyooking to smoke two years
later, and smoking participation rates are one-fiftin@igour years later. The strong role of
previous use is impressive given that the teens in ourlsdrape been smoking for no more
than a few years. Alternatively, if we do not confaolthe unobserved heterogeneity associated
with persistent behavior, this effect is biased upward &edstates the role of previous smoking
behavior. For example, smoking lightly in 8th grade quaésipérticipation rates two years
later and more than doubles them four years later. ¥¢efimld that previous non-smokers are
more price sensitive than previous smokers with partioipgirice elasticities of -0.48 and
-0.16, respectively. Our preferred results suggest that m#rge both to reduce consumption of
smokers and also to reduce the number of new smokermakliely when previous behavior is
presumed exogenous, prices only affect consumption amarigessn Our modeling extensions
allow us to simulate the long-run effects of policreges as the population composition of
smokers and non-smokers is altered. In total, a doltagase in cigarette prices reduces age 18
smoking participation predictions by a third more wheobserved individual heterogeneity and

behavior modification are taken into account than whew are ignored.
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Our paper contributes to the large economics literatu@garette consumption that is
reviewed in Chaloupka and Warner (2001). To place our methodgsuits in context, we
briefly mention here some of the work upon which our papéds. We focus on papers that
use individual-level panel data, as opposed to aggregatséiies or repeated cross sections,
since multiple observations on individuals allow aegsher to disentangle state dependence
from individual heterogeneity. We first discuss effamtghe relevant literature to incorporate

previous smoking behavior and then the addition of futureucopson and prices.

To account for the endogeneity of past smoking behavimlo@pka (1991) instruments
lagged consumption using several lags of prices and tagesvio-stage approach. The recently
developed estimation strategies that we employ leaidndisant efficiency improvements over
the instrumental variable approach and its potential we#kiment critique® Other research
that explicitly considers previous smoking behavior focasdg on the decisions to start or stop
smoking? DeCicca et al. (2002) also use NELS data to determinienthediate effects of
prices, non-tax policies, and schooling on the singlesition from non-smoking to smoking
among teens. Tauras and Chaloupka (2001) estimate smokiagaresszards, while Douglas
(1998) separately estimates smoking initiation and quittingsid®s. We unify the approaches
in these papers by jointly modeling all decisions (thanhisation, continuation, cessation, and
relapse) and by considering the general impact of previowssiogation, both participation and
intensity, on current smoking decisions. This allowsousiore broadly understand the role of
previous smoking behavior, since we study participation df fmytmer non-smokers and former
smokers. Continuing to follow all individuals, even thoanging their behavior, permits us to
simulate dynamic responses to policy changes. Lali@@§&) has a focus similar to our work.

He separately estimates dynamic participation and donditintensity equations and accounts
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for unobserved heterogeneity. We disaggregate his reghilth rely on household, rather than
individual, data and explain expenditures on all tobacaiaelproducts, rather than

consumption of cigarettes.

In addition to dependence on previous smoking decisions, tliadraodels of smoking
behavior suggest that cigarette consumption today alsodepa future consumption and
future cigarette prices. The rational addiction modeci&r and Murphy, 1988) implies that
individuals respond to future events. Empirical testsiohgational behavior have found that
leads of consumption and leads of price are statiistgignificant predictors of current smoking
behavior: We do not include these future variables in our speddiest The empirical rational
addiction model assumes these variables are known wigcpéresight. We contend that
current behavior is a function of the entire distritaitof future values for all consumption
options and prices, not just those that are obserVldse distributions are a function of
currently available information, potentially including kakys of behavior and prices. Our
empirical strategy controls for all of these lagowever, we cannot test whether future
variables matter in a non-structural framework. Ourigog model does not explicitly estimate
the underlying preference parameters or how individual exjimtseare formed, and so it is
mute about whether there is forward-looking behaVidtence, one may interpret our model as
myopic in the accepted rational addiction framework.B&keve that a true test of both the
addictive nature of smoking behavior and the rationagetsof behavior requires solution of the
individual's forward-looking optimization problem and estiioa of the primitives of the model.

We do not intend to estimate these structural parantetees and reserve that for future work.
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Our work contributes to the smoking demand literatutevmways. First, we provide
empirical evidence of state dependence -- the staligtgignificant effect of endogenous
previous smoking consumption on current smoking decisionghive unified framework that
accounts for unobserved heterogeneity and allows fpoa#ible transitions in behavior.
Second, our work refines long-run simulations of smokirtgals®r because our predictions
reflect the changing composition of smokers and non-srepkad the subsequent differences in
price sensitivities portrayed by these different groupss &pproach improves upon long-run
predictions that ignore the role of previous behaviogspme it is exogenous, or loosely proxy
for it using instruments. Failing to model previous smokingi@es precludes measuring the
compositional changes in the population over time andehsignificantly under-estimates the

long-run price response.

Il. Description of the Data

Despite a great interest in the U.S. in understangliigh smoking behavior, few nationally
representative data sets are available that chrohgleehavior of the same children over
multiple periods of time. The National Education Loadinhal Study of 1988 (NELS) is one
exception. NELS, a continuing study sponsored by the Refartment of Education’s National
Center for Education Statistics, began in 1988 with theifgp@urpose of collecting information
on educational, vocational, and personal developmeahationally representative sample of
8th graders as they transition from middle school it kchool, through high school, and into
postsecondary institutions and the work force. Approxim&)$00 8th graders in more than
1,000 public and private schools in all 50 states participatdetifirst wave of the study. In

addition to the student questionnaires, supplementary gueaties were administered to the
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students’ parents, teachers, and school principals andlprawealth of information on the
early social and academic environment of the studentsugh special agreement with the U.S.
Department of Education, we obtained access to restutde NELS data that include
geographic information. These data, supplemented with steégdrice and tax data (Tobacco
Institute 1997) and measures of inflation, allow us to detesriie appropriate real cigarette

price each individual faces in every year.

The first follow-up, administered in the spring of 1990)udes responses from
approximately 17,500 of the students from the 1988 base yearigw, while the second
follow-up, administered in the spring of 1992, includes approxinai6,500 students from the
original cohor One of the many unique features of the NELS data is/thah who leave high
school prior to graduation continue to be interviewed througthe longitudinal study and are
asked the same questions pertaining to smoking behaviothérefore possible to examine the
smoking behavior of all youth, including those not repmese in other national school-based
surveys such as Monitoring the Future. The NELS dataicoinfarmation on the student’s
background, upbringing, early family environment, early sckoglronment, and other
behaviors. It provides many variables that have been ftmube significant risk factors for
smoking such as school performance, religious afblmtfamily structure and living
arrangement, and parental education. Since parents gegelin the base year and second
follow-up, it is possible to obtain time-varying information family background and
socioeconomic characteristics that the student waatld@ as informed about. In the first and
second follow-up, school principals and teachers contmbe surveyed, making it possible to

control for important school environmental characterssts well.
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We model the behavior of youths who are observed in gaar (1988, 1990, and 1992) of
the survey; we do not model attrition from the full géenWe keep only those youth who were
on grade during the sample period or who were permanentutso(l 2,954 youth). We are
forced to drop 2237 kids for whom smoking behavior is ueotesi. Because prices differ by
state, another 270 are dropped if we cannot identify the istathich they live or go to school,
and 196 are dropped if they do not reside in the same stitetiree wave$ After deleting 18
individuals for whom other important variables are migsour sample consists of three years of

observations on 4755 males and 5478 females (30,699 person-y&aatoss).

Information on smoking behavior is collected in eachevafvithe survey. In each year,
youths are asked, “How many cigarettes do you currentlksnmoa day?” Responses are
limited to the following categories: do not smoke, smoks than one cigarette a day, smoke
one to five cigarettes, smoke about a half pack (6-10), smoke than half a pack but less than
two packs (11-39), and smoke two packs or more (40+). Tlaigeeals that 4.6 percent of
youths reported smoking in the 8th grade (1988), while 22.7 pawjemtted smoking four years
later. The dramatic increase in smoking rates isungirising given that smoking initiation
typically occurs during the late teens. We also forncemrs of the quantity smoked
conditional on being a smok&tTable 1 indicates that smokers appear to be smoking large

guantities over time.

Table 1 also illustrates the pattern of smoking behawer time by conditioning current
smoking choices on past smoking consumptfoFhe probability of quitting if one was a
moderate (6-10 cigarettes/day) or heavy (11+ cigarettgstédagker decreases dramatically as

these youth age. Smokers who continue to smoke alsoaenidrtate to higher levels of
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smoking over time. For example, one-half of previows/fiesmokers who continue to smoke
continue smoking heavily in 1990 while almost three-fourthth@f continue to smoke heavily
in 1992. Additionally, the proportion of non-smoking youtho remain non-smokers is fairly
constant after 1988, and the proportion of light smoKe#s ¢igarettes/day) who quit smoking is

not declining.

The rich set of variables used to explain variationadividual smoking behavior are
summarized in Table 2. These include both stationaryian@dvarying variables describing
characteristics of the student, his family, and hi®sthn general (although not shown in the
table), adolescent smokers are older white youth witleddast scores and socioeconomic status
than non-smokers. They are more likely to have oliidings, to have siblings who dropped out
of school, to have one parent absent from the hontetcareport no religion. Additionally, our
data contain significant variation in youth smokintesaand cigarette prices across states and
within states over time. Smoking rates by state vargugy 10 percentage points in 1988 and by
as much as 17 percentage points by 1992. There is aboutlalameange in real cigarette

prices per pack over the 1988-1992 period, with prices averaging’$1.41.

I1l. Empirical M odéel

The theoretical model of Becker and Murphy (1988) charaetetlze framework on which most
empirical analyses of smoking are based. Recognizing thetdtlynamics of smoking
behavior, they relax the additive separability assumpt@mmmon in demand analyses. In their
rational addition model they suggest that current periititywf smoking alternatives is
influenced by previous smoking behavior implying that the éirder demand equation contains

the lagged smoking decision. Individuals are also forwarkimy and consider the influence of
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today’s smoking choice on future smoking behavior. Heteectirrent period demand equation,
derived from maximization of discounted lifetime utilgybject to per-period budget constraints,
contains expected future smoking consumption.G.eepresent smoking consumption in period
t. Then (presuming a quadratic utility function), the lineamand equation for individuat

timetis

(1) Ci = a0+ o1 Py + a2 Cita + 03C ite1 + aa Pita + 05 P ie1 + 06 Xit + €it

whereP is the period price of cigarettesx; denotes contemporaneous exogenous
characteristics, the-terms are non-linear combinations of underlying structnefierence

parameters, and “*” indicates an expected future value.

The empirical formulation above suggests that lagdesattks of consumption influence
current behavior. Observations on the same individualtowe would allow estimation of the
impact of past smoking decisions on current smoking beh&szause longitudinal data is
often unavailable, in the empirical literature lagged laad prices serve as proxies for lagged
and lead behavior in equation {&)in this context, a statistically significant effeftlagged
prices on current consumption is often taken as evidefstate dependencé. Alternatively,
we investigate the dependence of current smoking decisioaadogenous past smoking
behavior by using observations on the same individualstone and allowing for correlation

through permanent individual unobservables.

While future consumption influences the value of currerksng alternatives in equation
(1), it is theoptimal expectedralue based on currently available information rathen the

actualex postvalue that matters. Optimal future consumption dependbieodistribution of



Gilleskie-Strumpf 13

future unobserved preferences. Similarly, while expectatid future cigarette prices are
important to today’s smoking decision, future prices are&known with perfect foresight,
(especially in our biannual data). Rather, they arecésted as a function of current
information. Gilleskie and Strumpf (2000) incorporate thesgcerns about expectations and
provide an approximation to the individual’s dynamic optideinand to which we now turn.
While the empirical specification is based on forwaroking decision making, it resembles a

myopic model since the expectations process is notasiin

Our specification of current period cigarette consumpson

(2) Cii = yo +71Pst+ 92 Cia + 3 Cit-1Pst + y4 Xit + 05 + 01 + &t

where we include an interaction of previous smokingistaith current prices (in individugs
state of residencs) to allow for different price elasticities among fomsenokers and non-
smokers, and we exclude future consumption and future pfibesspecification also allows for
state and time fixed-effectss(ando;, respectively). We further decompose the error tglinto
two components to reflect permanent individual unobseegadnhd serially-uncorrelated errors.

That is,

(3) gt = pp + Ui

whereu (an unobserved factor) is the permanent unobserirabiedual heterogeneity and
(the factor loading) measures its effect. Analogousig @ould consider an individual fixed
effect,a; = pu whereg; varies by individual. Instead, as discussed in more detaivbeve
consider: to be a random effect estimated by a discrete diswibof mass points. The erraf

is an idiosyncratic, i.i.d. component. The model isadgit because of the testable assumption
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that smoking behavior and price sensitivity today dependearttoking state occupied in the
previous period. To recap, the model has two important iafjdics that are the focus of our
empirical work: previous smoking history influences curssmoking decisions and cigarette

price sensitivity may be different for individuals wilkiferent histories of smoking.

One additional adaptation is needed given the smokirgpowg available in our data. Our
data contains a polychotomous outcome categorizingithdils as non-smokers, light smokers,
moderate smokers, or heavy smokers in each period. Ronsewe discuss below, current
smoking behavior is modeled in two parts: (i) no smokingr®king, and (ii) the quantity of
cigarettes smoked conditional on smoking. Undoubtedly tkererrelation between the error
terms, which reflect unobserved individual differencespaiated with these smoking behaviors.
For example, individuals who heavily discount the futmesy be more likely to smoke and,
conditional on smoking, to smoke more. We allow such paant individual heterogeneity)(
to influence both equations. Assuming that the idiosynccatisponents of the error terms)(
are independently Extreme Value distributed, the smokidgcanditional smoking intensity

probabilities (logit and multinomial logit, respectivebre:

expOy + Py + 0, Ci_g + 93 Cji 1Py + 04 Xjy +0g + 0y + 01)
1+exp@g + Pt + 0, Gy + 03 Gt Pyt + 94 Xjp + 0y + 0y + o1)

(4) P(Ci=0|u) =

exp@o; +/7jPst +172j Cit-1 +173;Cit1Psta +174j Xit + 2 + Otz + 02 1)

P(Cit=] [Cic>0,u) = —

Zexp@oj. +11j:Pst +172:Cit—q + 1737 Cit 1 Pst1 174 Xit + O + Otz + Do)
=

(5)

wherej = 1, ..., Jindicates increasing levels of smoking intensity. TWs-equation

specification is preferred over a single ordered Iowitlel because it allows for different
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sensitivities to prices (and other variables) by smokuigome. More formally, we can reject
the ordered logit assumption of common coefficientegeoutcomes using a likelihood ratio

test. A discussion of alternative model specificatianpresented in subsection VA

The dynamic equations of our empirical model are eggchjointly and are linked by
dependence on the common individual unobservab)e¥\e follow Heckman and Singer
(1984) and Mroz (1999) and treat the unobservables as randestséfiat are integrated out of
the model. That is, we assume a discrete distribatiprand estimate the points of support of

the distribution 41, ..., um Whereuy[1[0,1]), the probability weights on each point of support

M
(04,..., 0m wherez 6., = 1), and the factor loadings in each equation p,,,...,0,, ), with the

L
appropriate normalizations. This procedure addressesithejmogeneity of outcomes arising
from common unobserved factors, but imposes no distrifitmssumption such as joint
normality on the unobserved factors. Mroz shows thesestrong econometric advantages to
using this approach rather than parametric random etfsgtaiques. Also, estimation of the
random effects as described above improves efficieney @wodel of individual fixed effects
which would introduce thousands of additional parametebe testimated. Moreover, individual
fixed effects models yield biased parameter estimates uhlergsare several observations per
individual unit (Hsiao 1986; Nickell 1981). The system of equati®estimated using full

information maximum likelihood techniques.

Several features of our model and data provide statigiieatification in our jointly
estimated system of smoking equations, both participatidrcanditional intensity. Because the
system allows for dependence on previous smoking behawdos @stimated using a panel of

individual observations, lags of the endogenous variables astexplanatory variables. This
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feature provides a major source of identification. Sineeave modeling (estimating) this
endogenous previous behavior, previous exogenous covariatessstigharette prices serve as
implicit instrumental variables for the lagged endogenaumbles. In fact, all exogenous
variables from the previous periods help identify the sysimce they directly influence past,
but not current, behavior. The key is to have sufficientses of variation in each period. While
we use several exogenous time-varying variables, prioes akchieve identification. Put
differently, the behavior of two identical individuala {erms of both their time-invariant and
time-varying individual characteristics) who live in diégat states is identified by the entire

observedhistory of cigarette prices/taxes within each state.

The behaviors are further identified from the rich detowariates, many of which vary over
time. We exclude specific individual and school variabigsarticular equations to more
precisely estimate the separate behaviors. Noticehibs¢ are over-identifying restrictions,
since the earlier dynamic argument is sufficientidentification. In the conditional smoking
intensity equation, age within the cohort and populatiorsithe around the school are omitted.
Using likelihood ratio tests to compare the empiricatgmation of our model to ones that
include these variables, we cannot reject the null hygeththat the coefficients on the variables
are zero. Cigarette availability is the basis of oguarent for excluding these variables. That is,
older teens within a cohort are more likely to have s&te cigarettes through illegal purchases;
they are less likely to be prohibited from buying becausg ldok older. But, conditional on
purchase, age is unlikely to influence the number of cigaretteked. Similarly, population
density is likely related to the number of nearby stegling cigarettes and hence to cigarette
access, but should have little effect on smoking intenghe parameter estimates below are

consistent with these interpretations.
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V. Estimation Results

A. Comparative Results

Before discussing the results from our preferred modektkalicitly captures the dynamic
influences of one’s smoking history, we discuss estisnalb¢ained from typical specifications
found in the literature. We then make several additiortke simple model, some of which have
been included in the relevant literature, which help nad¢wur full model. In each case we
estimate a logit model of smoking participation and ainmthial logit model of conditional
smoking intensity. We use the estimates from eachfg®n to generate behavioral responses
to price changes. In the interest of brevity we on@tfgarameter estimates and summarize the
resulting behavioral changes in Table 3 when cigareitegare increased by $0.25 in all years
of the samplé’ We follow the literature and present price elastisitiad indicate their statistical

significance based on bootstrapped standard errors.

The top left panel of Table 3 displays results frorppéctl model estimated in the literature
that includes few covariates, no observations on drgpaat no state fixed effects (which we
refer to as Model 1). The first column shows therdange reductions in smoking participation
following the price increase with an overall price gty of -0.87. The remaining three
columns of the panel show that, conditional on smokimg price increase noticeably increases
light smoking and reduces moderate and heavy smoking inesngitso, the participation price
elasticity falls over time. The reduced price sensitiot NELS youth as they grow older could
stem from behavioral differences related to the aginggss, some national trend in smoking

behavior, or differences in the composition of smokers.
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We take advantage of the details in NELS and add to Mod#difianal individual, parental,
and school characteristics and include dropouts in tiplsaModel 2). At this point, however,
we do not include variables measuring one’s smoking histtws& additions slightly reduce the
participation response (the elasticity is -0.78) and aszehe shift to light consumption among
smokers. These results indicate that using a richerf sdservable exogenous variables
provides better estimates of the price effect by purgingsbme omitted variable bias. This
issue is a particularly important problem for the olderature that was often based on sparse
sets of covariates, aggregated individual observationstrmspective data that may not include

time-varying information on exogenous characteristics.

Adding state fixed effects to the specification dram#yicdhanges the results (Model 3).
Prices now have a much smaller and statistically miggnt influence on smoking participation
(the elasticity is -0.04) while there is a larger butegalty insignificant response on conditional
smoking behavior. This suggests that there are statéispactors that influence both
individual smoking behavior and cigarette price variatioms is consistent, for example, with
an anti-smoking sentiment that boosts prices by intrgasate cigarette taxes and
independently reduces smoking rates. Failure to model suehsgitific differences incorrectly
attributes the negative effect of anti-smoking sentim@prices. The more negative price
elasticity in Model 2 relative to Model 3 is evidenceaddpurious negative correlation between

prices and smoking propensity.

Finally, we investigate the role of previous smoking behawoincluding exogenous
indicators of previous use and previous intensity (Modé&t While the overall behavioral

change remains roughly the same as Model 3, Model 4 allewis explore how previous
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smoking status influences price sensitivity. This model suggdlest a price increase has a
slightly negative, but statistically insignificant, infliee on previous non-smokers’ participation,
but significantlyincreasegprevious smokers’ participation. It must be emphasizedetier, that
these price sensitivities may be biased since the endogehpitevious use is not modeled. The
estimates could reflect an overestimate of smokimgigtence, since there is no control for
permanent unobserved heterogeneity. For example, tlreegamsitivity of previous non-smokers

will be underestimated if the empirical model oveesaheir likelihood of continuing to abstain.

Our preliminary results are roughly consistent with prevgiudies of teen smoking
behavior'® DeCicca et al. (2002), who also use NELS data, findptiegs and taxes have a
statistically insignificant and sometimes positive effen smoking initiation during high school.
They also find that the price elasticity of smoking ggsttion becomes less negative as the
cohort ages. In contrast, Gruber (2001) finds prices hatatiatically significant negative effect
on smoking participation and that this effect is morekexh for older teens. (Gilleskie and

Strumpf (2000) help reconcile these differences.)

We examined the sensitivity of our results to a vardtchanges in specification and data
construction (and these results are available upon rggE@st, we used state taxes in place of
cigarette prices to control for the simultaneity aEes and aggregate demand for cigarettes. The
simulated behavioral changes are virtually identicasfooking participation and conditional
smoking intensity, though there is a slightly grea¢eiuction in heavy smoking under taxes than
prices. Second, we checked whether the results ar¢igensithe exact timing of prices and
taxes since NELS individuals are surveyed on differerdsddVe considered several monthly

dates for taxes (which are available on a day-by-day)@asisseveral interpolated monthly
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dates and averages for prices (which are surveyed orega®)a $hifting these dates did not alter
the results significantly. Third, we estimated the simgloarticipation and intensity equations
separately by year and by previous smoking status. The pnséigities were similar, and thus
we report results from the model with fewer estimatedrpaters. Fourth, we investigated
whether price has a non-linear effect on smoking dassilt is not possible to reject a null
hypothesis that price squared, and its interactionsp@hious behavior indicators, should be

excluded.

Before proceeding with our preferred method of modelingtitogeneity of previous
smoking behavior, we explored the importance of this gadeity. A standard approach is to
instrument for the endogenous regressor and to perforauankin test. We focus on the
smoking participation logits of Model 4 and use a tw@atarocedure to form predicted
previous smoking behaviéf.Using the specification in Model 4 with a fitted valoe previous
smoking participation, the null of smoking exogeneity banejected at the 99 percent
confidence level. These results suggest that smoking ergibgsnimportant; after
instrumenting, previous behavior plays a smaller rolenaksng decisions. This approach,
however, results in a serious efficiency loss: statheérrors on the smoking history covariates
increase by a factor of five. Intuitively, the twoggaapproach ignores the substantial variation
in previous smoking behavior that is not captured byrisguments. Similarly, we re-estimated
Model 4 with individual fixed effects. While the estimatee comparable, the standard errors

increase by a factor of two.
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Because the standard approaches give imprecise estimatesy turn to results from our
preferred empirical approach that allows for state d#gere and formally models the

unobserved heterogeneity that influences smoking decisimrstime.

B. Resultsfrom the Preferred M odd

Having motivated the importance of including both observedumobserved individual
heterogeneity, allowing for unobserved state differerened,modeling previous behavior, we
now examine results from a model that incorporatesfdhese concerns (Model 5). We begin

by discussing the effect of previous behavior on smoking idesisvhen permanent individual
unobserved heterogeneity is modeled. Because subgroupgitienent price sensitivities, we
continue to interact price with the smoking history &alés and year indicators. We then discuss
differences in the immediate and long-run effects o¥iptes smoking behavior using this

preferred model.

If the smoking history variables reflect part of the pevem unobservable differences
among youth, then the estimated coefficients on thekavioral variables and their price
interactions are biased in Model 4 where previous beha/egsumed to be exogenous. Model 5
controls for these unobserved differences, and thenpeter estimates for all variables are listed
in Table 4?! There are two main differences relative to the piiakmy models. First, the effect
of previous behavior on current smoking decisions is médyator example, Model 4 suggests a
38 percentage point (4.75 times) increase in the predictdxhbility of smoking if an individual
smoked 6-10 cigarettes in the previous period relative to nmitisg) while Model 5 has only an
eight percentage point (0.87 times) increase. These¢asuiias differences can be attributed to

upwardly biased estimates in Model 4. While unobservedrdiftees may drive certain
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individuals to smoke or not smoke in every period, Model drigctly incorporates this effect
into the coefficient on previous behavior. When this endeif of previous smoking behavior
is modeled, smoking history has a smaller, but stillssteally significant, effect on current
behavior. Hence, previous behavior matters and persistanoet be fully explained by

unobserved heterogeneity.

The second major change under endogenous previous behanonease in the estimated
price sensitivity. The top panel of Table 5 indicates @ssitally significant participation price
elasticity of -0.41 compared to essentially no sensitivigasured in Model 4. Elasticities by
year also become more negative (the price elasticit®92 is not statistically different from
zero)* The conditional smoking intensity price elasticitéso change, with noticeably more
negative values for moderate and heavy smoking relatitreetmodel with no heterogeneity.
Modeling the heterogeneity allows us to control for intemsobserved tastes and therefore
better measure price sensitivity. That is, some iddads will smoke or not smoke regardless
of the price. Model 4 does not control for such heteragerand so it estimates that all
individuals are relatively price insensitive. This differens particularly noticeable in the
participation price elasticity of previous non-smokerkich is -0.47 (and statistically

significant) in Model 5 and only -0.05 (and statisticallyigngicant) in Model 4.

We can now predict the behavior of individuals over tifngo routes are possible: we can
use the observed history of individuals each periodnalsie behavior or we can update
behavior each period using simulated outcomes from thigcpicns. The former provides an
estimate of themmediateresponse to price changes (as in Table 3 and the topgfdradile 5),

since previous behavior is not updated to reflect changagsaoking decisions under the new
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prices. The latter provides theng-termresponse and appropriately accounts for changes in past
behavior resulting from price changes over time. Taisutation requires simulating behavior

of the sample in 1988 and updating their smoking histories usengjirnulated behavior.
Subsequently, behavior in 1990 is simulated using simulated 1888ibeand histories are
updated. Finally, we simulate behavior for 1992 using the updgtaties” This updating
procedure leads to different predictions because previousibeh&luences current decisions

as well as current price sensitivity. These changesrefiectlong-runresponses as opposed to

immediateresponses to price changes.

The bottom panel of Table 5 describes the changes in belzand elasticities when we use
the updating procedure. Relative to not updating (top panelaé¢ B3, the participation
elasticity is slightly more negative (-0.46 vs. -0.41)sahis price elasticity in 1990 and 1942.
The greatest changes are among previous smokers who wewa hauch smaller and negative,
but still insignificant, price sensitivity (-0.16 vs. 0.4Zhis difference has an intuitive
explanation. The updating calculation allows endogenowsou®smoking behavior to reflect
past price changes, while the earlier simulation simpsd the observed previous smoking
history. A price increase in the initial periods, whengsensitivity is higher, is particularly
effective at deterring smoking. Some individuals whd fosk up smoking at this time will no
longer do so. This in turn makes them less likely to snokster periods. Thus, the effect of the
updating calculation is reflected most notably in the bemaofiprevious smokers, individuals
who smoked in earlier periods in the data. Previous nwksrs continue not to smoke under
higher prices. We also observe larger negative priceatis#tres in the conditional level of

smoking. In particular, using the updating procedure we obseove movement away from
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heavy and moderate smoking levels when prices increaseal the total price elasticity in our

preferred model is -1.11 compared to -0.51 in Model 4 (seedtoir®).

Despite the role of unobserved heterogeneity in explasnmgking patterns, these
simulations demonstrate that price changes can modifM and influence subsequent
smoking decisions of youth. Prices have a dynamic edfethey prevent smoking today which
in turn makes teens more price sensitive and less likedynoke in future periods. We suspect
that long run price sensitivities will be even largdérew horizons of longer than four years are

considered.

C. Policy Simulations

It is important to see whether our refined estimatesgyimponomically meaningful effects, both
in terms of responses to policy changes as well aothef state dependence. We show the
importance of modeling unobserved individual heterogenaiyaacounting for the behavior
modification associated with previous price changesroylsiting the smoking participation
predictions of Models 3, 4, and 5. While we do not estitti@eolicy-invariant parameters of
the individual's optimization problem, the policies thag simulate exist within the available
data. That is, we simulate price increases thaw#itin the price variation in the data and we

simulate forced previous behavior where all smoking @so@ce observed in the data.

Table 6 displays the proportion of individuals who @medicted to smoke at the
unchanged original prices in the data and under various penhprice increases. The overall
smoking participation rates are larger in Models 3 arfth4 in Model 5 for each price change

simulation. Table 6 also demonstrates the degree of picedinaccuracy of population
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subgroups when previous behavior is not modeled. There akedrdifferences across the three
models for previous smokers and non-smokers. Model 3 sl on observed covariates
other than previous behavior to explain differences betwesse groups. Model 4, on the other
hand, overstates previous smokers’ smoking propensities tsiacoefficient on previous
behavior (assumed exogenous in this model) is strongtglated with unobserved
heterogeneity and is therefore biased. Separated byweaee that the probability of smoking
is overestimated in Models 3 and 4 by as much as sevesnpage points following a $1/pack

increase®

We next illustrate the magnitude and importance of skgpendence in cigarette
consumption. Consider the effect of a one-time cig@atex (or price) increase. This is a
convenient, if unlikely, policy to consider since any g@m smoking behavior in future years
is the result of modified behavior in the year oftédwe increasé® Using our preferred
specification, we simulated a $1 increase in real piit@988, with prices held at their original
1990 and 1992 real levels. Relative to behavior at originafritere is a 2.46 percentage point
drop in smoking participation rates in 1988. This in turnltesn a 0.67 percentage point (four
percent of base) decrease in smoking rates in 1990 and a €c2Btpge point (one percent of
base) decrease in 1992. The decrease in future participaiésis observed among both non-
smokers and smokers. Subsequent movement away from moaeddteavy levels of smoking
among smokers also continues after the one-time 1988d@ase. Despite low smoking rates
among 8th graders (and hence, few individuals for whorsithelated price increase will alter
smoking behavior), the participation changes are lalg#ive to their baseline levels. These

results confirm that price changes have important dynanplications.
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Table 7 shows our final experiment that measures the ffect ef previous behavior (state
dependence) on smoking decisions. As we have argued abeygrameters on the smoking
history variables in Model 5 more precisely measurerifieeince of past smoking behavior
because there are controls for observed and unobdestedgeneity that influence the smoking
decisions over time. The estimates from Model 4 cay rdvide the combined effect of both
past behavior and unobserved preferences. To measure fieet® @fe perform identical
simulations and use the updating procedure to generate snmdtioges for both Models 4
and 5. The simulations force particular types of smokgilgavior in order to demonstrate the
role of state dependence. We first force all individurakhe sample to be non-smokers in 1988.
We then update their history and simulate behavior in 1990292. Similarly, we allow no one
to smoke in 1988 and 1990 and predict behavior in 1992. These exgsrareakin to a
perfectly enforceaninimum age purchase restriction (that is, age 16 and agesgdéctively).
Compared to observed participation, the top panel of Talllewssthat this enforcement could
reduce smoking rates in 1992 by five percentage points (17.76 ahtpaan observed rate of

22.69).

This procedure is repeated forcing all individuals to be elitpet, moderate, or heavy
smokers in 1988 and simulating their behavior in 1990 and 1992. Moatel 5, Table 7 shows
the pure effect of smoking lightly in 1988 as opposed to noksig in 1988 is to increase
participation rates by almost 15 percentage points (29.50 -)1id.6390 and by 4.6 percentage
points in 1992 (26.94 - 22.34). That is, individuals who smoK®88 are two times more likely
to smoke in 1990 and 20 percent more likely to smoke in 1992.riiékes difference in 1992
than 1990 reflects the fact that some individuals, wheverced to smoke in 1988 and who

otherwise would not have, will choose not to smoke in 19@@edsing their probability of
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smoking in 1992. The second simulation shows that ligiatkéng in 1988nd 1990 increases
the probability of smoking participation in 1992 by 17.5 percenpag&s. The table also reports
the simulated participation behavior when individualsfareed to be moderate or heavy

smokers in the early periods.

We report the same simulations using Model 4 to illustfediased estimated effect of
previous behavior. When true state dependence is combinedmnibiserved heterogeneity, the
simulated participation rates are larger and incoriiédet.bottom panel of Table 7 shows that
individuals who smoked lightly in 1988 as opposed to not smokid®88 are 4.4 times more
likely to smoke in 1990 and 2.2 times more likely to smoke in 18#&&king lightly in 1988 and
1990 makes one 4.6 times more likely to smoke in 1992. The résuitdoth models provide
clear evidence that smoking behavior persists. More impibytavhen we purge the estimated
effects of unobserved heterogeneity, there is ssiitable effect of previous behavior. The
Model 5 estimates allow us to measure the impact ofgue\smoking behavior exclusive of

permanent unobserved tastes.

V. Conclusion

This paper highlights the importance of explicitly takintp consideration endogenous smoking
history and unobserved individual heterogeneity when exptaismoking behavior, measuring
price sensitivity, or predicting future smoking responsqwitte changes. By controlling for a
wide range of observed and unobserved individual diffesenvee are able to show that behavior
modification plays an important role in smoking pstesnce. Such state dependence, however, is
overstated when the endogeneity of previous behaviott isomsidered. The paper also

demonstrates that price increases can influence futuewibelby reducing the current number
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of smokers; such increases produce a population witlgyerlaroportion of more price sensitive
non-smokers. We show that ignoring smoking dynamicgoanmisleading estimates of the
aggregate effect of various cigarette price increases.bidsss likely to be more severe over
longer time horizons than the four years consideredihpriee increases continue to expand the

number of non-smokers.

This dynamic framework can address questions of intevgxilicy-makers. For example,
the model can forecast the immediate response of wmblking to cigarette tax increases as
well as predict how youth will be affected in thedamn. We also show how tax changes can
influence current smokers and non-smokers differefitlg. procedures we use can be extended
to longer panels or an older population to obtain bestitmates of long-run effects of tax
increases and to determine the importance of dynamiocagadults (that is, are adult smokers
less price sensitive than adult non-smokers?). Witloree momplete understanding of lifetime
smoking dynamics, we will be able to forecast how ove@tlulation smoking rates will vary in
the short and long run in response to various price ckahgeestigating these extensions will
help inform the current debate regarding the impact of fudigagette taxes and other smoking

policies.
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Endnotes

1 In addition, smoking is initiated at an early age. Aln#296 of current or former adult
smokers start before age 16 and 75% start before age 1®(G20b01). While individuals under
age 18 consume only 2% of the total amount of cigaratteked in a year in the U.S., such teen
smoking has long-term dynamic implications because ysmibking appears to persist into

adulthood (U.S. DHHS 1994).

2We do not use the term addiction, since there are masgjig® sources of state dependent
behavior. In addition to the channels listed in the, gegrsistent smoking behavior might reflect
convex adjustment costs.

30ur panel data also provide recent and relatively accteptets of behavior as opposed to the
retrospective data that Chaloupka employs. Additionadhjle he includes no controls for
(unobserved) state-level heterogeneity, we show hiabmission imparts a significant negative
bias on price effects.

4 Gruber (2001) discusses other recent work on teen smokingidorefdese papers primarily

use cross-sectional analysis.
5 Becker et al. (1994), an important paper that uses aggret@tésdanong the first tests of the

rational addiction model. Chaloupka (1991) is the first ®oragro level data to test this model.

6 Because we do not estimate policy-invariant structuraipeters, we only simulate policies

that exist within the data.
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7 Our approach differs from the empirical rational addittiterature where long-run behavior is
defined as the behavior that would occur in steady dtateXample, Chaloupka 1991). One
difficulty with steady state predictions is that iayntake several years to reach convergence and,
as our results suggest, key variables like price sensitigitywith time. Our approach predicts

behavior along the adjustment trajectory.

8A third follow-up was administered in 1994 but does not contd@rmation on smoking
behavior. A fourth follow-up was administered in the sgrof 2000 but the restricted use file is

unavailable as of summer 2004.

9We do not have a state identifier for several dropoul®9D0. We retain the observation if the
individual resided in the same state observed in 1988 and h8%%%saume that this was their
state of residence in 1990. To be consistent withedssimption, we do not consider the

behavior of any child who moves to a new state after 1988.

10Because the response “smoke less than 1 cigarette @&sdadilable only in 1990, we group
this outcome with “smoke 1 to 5 cigarettes.” Due to thalsnumber of responses in the 40+

category, our top category is defined as “smoke morehaHrma pack.”

11Because very few children younger than age 14 smoke, leepasdt individuals are age 14
or older in 8th grade, and because our data do not indicsitage smoking if initiation occurred

before 8th grade, we assume that no teens in our samplad prior to 8th grade.

12There is noticeable price variation even after colmigofor unobserved state-level
heterogeneity. After regressing prices on state andfixeal effects, the residuals move

considerably with several large states (California, Nevsey, and New York) having ranges in
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excess of 15 cents. Gilleskie and Strumpf (2000) documentitieevariation in prices, as well

as in state tax rates and tax rate changes duringrtipesperiod.

13See DeCicca et al. (1997) and Labeaga and Jones (2003) foriexseRetrospective data
provides a different route for analysis, as in Chaloyak&1), but also presents different issues

of data reliability (Kenkel et al. 2003).

14A significant effect of lagged prices on current behamarht also suggest, however, that
behavior today is a function of future price expectatiwh&h are formed using price histories

(Coppejans et al. 2004).

15 We also explore the endogeneity of an important dfiidedected group: individuals who
drop out of school. We include an equation explainingptbéability of leaving school between
observed waves in the data and estimate it jointlly tiie smoking decisions that include the
endogenous dropout status as an explanatory variablelset@ur approach can be found in

Gilleskie and Strumpf (2000).

16We technically need six individuals (two in each of thildferent states) to achieve

identification in this example, since there are alatesand year fixed effects.

17 Full parameter estimates from each of the modeldiseeiss are available in appendices on

theJournal of Human Resourceseb page.

18In order to investigate price sensitivity variation otmare we include interactions of price
with previous use and year indicators. In unreported spa&iiins, we interact price with the
continuous age variable and found similar price sens@$vguggesting that elasticities differ by

year but not by age within a particular year or grade.
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190verall, the Model 4 estimates give a price elastmitiptal consumption of -0.51. The
predicted total number of cigarettes consumed for angfg®ices is p(smoke}; p(i | smoke) x
(number of cigarettes inJiyvherei is a conditional smoking intensity category. We assigime
following number of cigarettes smoked to these categ@ndich are reported as a range in the
data): 3 for category 1 (1-5 cigarettes), 8 for cate@ai-10 cigarettes), and 15 for category 3

(11+ cigarettes).

20The first stage instruments, or variables includedenfitist stage that are excluded from the
second stage, are the lagged price variables of the prgpgoiog. Note that Chaloupka (1991)

uses this two-stage procedure for modeling the endogeneitgwbus smoking levels.

21Results are reported from a model with two factpjg€presenting unobserved heterogeneity
and three points of support on each factor; four poinssigports on either factor did not provide
significant improvement in the likelihood function. Bese the estimated factor loadingsdre
negative, individuals with unobserved characteristichetight of the each distribution are less
likely to smoke. The estimated points of support are (@38, and 1.00) with estimated
weights of (0.11, 0.51, and 0.36) for one factor (fagjand (0.00, 0.06, and 1.00) with
estimated weights of (0.42, 0.47, and 0.11) for the secotat fdactorb). Note that the
asymmetric distribution exhibited by the second factorthadarge negative factor loadings on

this factor (displayed in Table 4) help explain why soméviddals never smoke.

22The significance of the reported elasticities is oiaé by simulating the behavior of the
sample at numerous random draws of the full set of peteasbased on point estimates and the
estimated variance-covariance matrix. The standardti@viaf then = 100 simulations

approximates the standard error of the calculated statisti
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23Additional details on the updating procedure are availabla the authors.

24By construction, updating has no effect on behavior in 19@8firtst year of the sample,

because previous behavior is unchanged.

25We also performed the simulations in this sectionhenivo-stage model that instruments for
endogenous previous smoking participation (discussed anthefsection IV.A). The results
are similar to those from Model 3. The instrumental véei@pproach relies only on observed
covariate variation; the joint modeling approach we usmiimpreferred Model 5 considers both

observed and unobserved influences.

26Predictions of these future responses are not feagitlleut modeling behavior over time.
Similarly, it is necessary to update behavior in resptmseprice change because predictions
based on actual behavior would indicate no change inriemdpehavior under this temporary

increase.

27We simulate smaller probabilities of future smoking agthose forced to smoke heavily
than those forced to be moderate smokers. Interestinglgee the same behavior in the
observed data displayed in Table 1, and this is alsactedlen the estimated coefficients on

lagged behavior in Table 4.



