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Did Kicking the Habit Make Us Fat? The Impact of Smoking on the
Likelihood of Being Overweight and Obese

Abstract

Two of the most pronounced health trends in the United States in the past several decades have
been the precipitous decline in cigarette smoking and the striking increase in the proportions of the
population that are overweight or obese. Nonetheless, reldively little research in the social sciences
examines the potential link between the two developments, d espite that obvious possibility given their
dramatic, concurrent nature. Further, the prevailing theo retical explanations for the obesity epidemic in
the economics literature, which quite sensibly focus essetially on caloric intake and energy expenditure,
assign little role to the decline in smoking. However, the notion that declining cigarette smoking was a
signi cant causal contributor to the obesity epidemic is co nsistent with these other explanations and can
even reinforce them. We estimate the causal e ect of smoking on the probabilities of being obese and
overweight using a exible semi-nonparametric instrument al variables, random e ects strategy. We nd
that smoking signi cantly reduces the probability of these outcomes, and that failure to control for the
endogeneity of smoking leads to underestimation of the impact of smoking on the probability of being
obese or overweight. Our results contribute to a small but gr owing body of research that suggests that
the largely successful campaign to reduce smoking in the Unied States may have played a signi cant

role in the emergence of the obesity epidemic.
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1 Introduction

The past three decades have withessed two dramatic behavial shifts with potentially enormous
implications for the health of the American people. First, smoking, in terms of both prevalence (the
proportion of Americans who smoke) and intensity (e.g. oveall per capita cigarette consumption)
has declined dramatically, reversing trends that had prevaed essentially from the beginning of the
20th century. Second, an established, gradual upward trenah obesity prevalence by all appearances
suddenly accelerated sometime around 1980: after risingdm roughly 10 percent in the early 1960s
to around 15 percent during the late 1970s, obesity prevalete went on to increase to roughly 30
percent by the turn of the 21st century. This manuscript congders the potential in uence of the
former development on the latter one.

Given the dramatic, essentially concurrent nature of thesetwo health-related developments,
there would seem at rst glance to be a reasonable basis for specting a potential linkage between
them. Moreover, a fairly substantial biomedical literatur e suggests physiological channels by which
smoking should in uence body weight. Nonetheless, the rel@onship between falling smoking and
rising obesity has received surprisingly little research #iention from health economists. The limited
number of empirical inquiries to date o er little consensusregarding the possible nature or strength
of the in uence of cigarette smoking on body weight.

Smoking has received even less attention in theoretical exanations of the obesity epidemic.
The most prominent theories o ered by economists focus on daric intake and energy expenditure.
Thus, they appeal ultimately to changes to the American lifestyle that have been rather gradual
in nature and hence seem unlikely to explain by themselves ausiden acceleration of the sort
evident from around 1980 onward. Despite the dramatic, conarrent fall in cigarette consumption,
the implicit assumption of these models seems to be that smokg could not plausibly explain an
increase in obesity prevalence of the magnitude witnessed irecent decades.

In this manuscript, we suggest a way of reconciling these priling theoretical explanations of
the obesity epidemic with the possibility that the decline in smoking in recent decades may indeed
have been a critical contributing factor. We hypothesize that the comparatively high (and generally
gradually rising) smoking rates in the decades preceding BD may have served to attenuate the

overweight and obesity consequences of more gradual, inenental shifts in caloric intake and energy



expenditure to which these theories appeal. Our core argume is thus that rapidly declining

smoking rates after 1980 may have generated a rather violenshift as Americans' body weights
\caught up” to the level which would have prevailed had high and rising cigarette consumption not
previously attenuated the consequences of slowly rising taric intake and falling energy expenditure.
Finally, we o er further empirical evidence regarding the link between smoking and body weight.
Our empirical approach does not represent a dramatic methodlogical break with earlier work on
the subject and will certainly not resolve the debate, but should help to expand the rather limited
knowledge base regarding this crucial relationship.

The organization of this manuscript is as follows. The next ction o ers a review of trends
in obesity prevalence and smoking in American society in thelast several decades, reviews the
empirical and theoretical literature regarding the potential link between declining smoking and
rapidly rising obesity rates, and attempts to reconcile thevarious strands of theoretical thought on
this subject. Section 3 presents empirical evidence regamdg the link between smoking and body

weight at the individual level. Section 4 concludes.

2 Smoking and Obesity: Theory and Evidence

2.1 Trends in Obesity: Empirical Patterns and Theoretical E xplanations

Time series information regarding the population-level pevalence of overweight and obesity in
the United States is surprisingly spotty. For the most part our understanding is based on peri-
odic snapshots formed from national health interview survgs which have occurred with varying
frequency over time, though comprehensive monitoring of tle prevalence of obesity and overweight
has become far more routine in recent years. Nonetheless, alatively coherent picture, presented
in Figure 1,2 makes clear that gradual increases in obesity prevalencedm the early 1960s suddenly

accelerated around 1980. Indeed, the presentation of the ges on the horizontal axis of Figure 1,

!Following convention, we de ne obesity and overweight usin g Body Mass Index (BMI), which is simply a ratio
of weight in kilograms to height in meters squared. The Centers for Disease Control and Prevention (CDC) de nes
merely overweight to be a BMI greater of 25 or more but less than 30, and obesity as a BMI of 30 or more. (When
we refer to overweight, as opposed to merely overweight we mean simply a BMI exceeding 25; such an individual
could be either merely overweight or obese.)

2The data behind Figure 1 come from a variety of sources that appear to be widely relied upon by researchers.
In particular, the obesity prevalence gures are based on th e various National Health and Nutrition Examination
Surveys (including the National Health Examination Survey , Cycle | for the early 1960s) and the 2007 OECD Health
Data database.



with more compact spacing for the rst two decades when obserations were less frequent but the
average annual increase in obesity was likely far more modesprobably visually understates the
dramatic magnitude of the acceleration in obesity prevalere.

Although Figure 1 shows the prevalence of obesity for the ouall population, the course for
most population sub-groups (e.g. adults over 18) was simila It is also worth noting that the
proportion of Americans merely overweight (but not obese) emained roughly constant at around
30 to 35 percent between the early 1960s and the turn of the 2isentury. Presumably the number
of merely overweight Americans who became obese was matchég the number of normal weight
Americans who became merely overweight.

The precipitous rise in obesity prevalence and the overall pportion of Americans with a BMI
of 25 or more has inspired a variety of theoretical explanatbns. Two approaches, respectively
focusing particularly on energy expenditure and overall coric intake, have attracted particular
attention in the economics literature. Both emphasize the ble of technological change, as the
United States has evolved from an agrarian to a post-industial consumer society. Philipson and
Posner (1999) place special emphasis on the shift to more sewtary, less physically taxing jobs
that have resulted in a decline in caloric expenditure. Cuter and Shapiro (2003), on the other
hand, argue that declining food preparation costs, as a shifhas occurred from time-consuming
home cooking toward more centralized preparation, have atlwed Americans to consume more food
and hence increase their caloric intake. These are compeilj explanations with solid foundations
in established developments in American life in the latter half of the 20th century and arguably do
capture the central forces behind the upward trend in the oveall proportion of Americans with a
BMI of 25 or more.

At the same time, Figure 1 suggests the likely presence of o#fr, mediating forces in this process.
In particular, both theoretical approaches are rooted in raher gradual, incremental changes to
American life which certainly would seem to portend increaing body mass, but presumably in
the same gradual fashion. However, as we have seen, the préace of obesity appears to have
risen dramatically faster from 1980 onward. Against this, there has on balance been essentially

no discernable correspondingly sudden, dramatic change ithe evolution of the causal factors to

3The actual story is obviously more complex, as some Americans actually lost weight while others gained dramat-
ically, but this statement probably captures the essence of the situation in some over-riding sense.



which these theories appeal.

In Figure 2 we illustrate this point with reference to the focus on changing caloric intake. Cutler
and Shapiro emphasize the importance of changing nutritioal patterns in driving the steadily rising
body mass of Americans. The sub- gures presented in Figure plot obesity prevalence against four
nutritional indicators (per capita intake of sugars, fats and fruits and overall caloric intake) from
1960 to 2004* To be sure, all four evolved in a fashion that provides generdy consistent prima
facie evidence for the food intake argument. Their comparativelysmooth evolution over time does
not, however, suggest an obvious explanation for the suddeacceleration in the upward trend in

obesity prevalence evident from around 1980.

2.2 Trends in Smoking Prevalence

One health-related indicator that did shift abruptly aroun d 1980 was tobacco consumption (par-
ticularly cigarette smoking, the main tobacco delivery medanism in the 20th century). To begin
with, annual per capita cigarette consumption rose dramatcally from 35 to 2,645 from the turn of
the 20th century to 1960, where Figure 3 picks up the story> Per capita cigarette consumption
then more or less rose gradually to around 2,800 by the late T®s. Thereafter, it began to decline
sharply through the 1980s and 1990s, reaching around 1,550garettes per capita at the turn of
the 21st century. This was re ected by a steep decline in cigeette smoking prevalence from 37.4
percent in 1970 to 20.9 percent in 2004,

Plotting cigarette smoking and obesity prevalence togethe(as in Figure 4) reveals the essentially
concurrent shifts to the trends in the two. Similar patterns are observed, in Figure 5, in some other
OECD countries, including Australia, Finland and the Netherlands. In all three nations, the two
indicators appear to have followed remarkably inter-related courses: declines in smoking are often
closely matched by increases in the percentage obese. To bers, however, there are examples

where this kind of casual empiricism fails to reveal this patern (e.g. Japan, in the Southeast

4The nutritional data in Figure 2 is drawn from the 2007 OECD He alth Data database. While the data behind
Figure 2 may be even shakier and more sporadic than that behind gure 1, clear patterns are nonetheless apparent.

5The source for these statistics and Figure 3 is the Tax Burden on Tobacco, which primarily presents overall
annual cigarette consumption per capita. However, the time series for other, perhaps more speci ¢ measures such as
smoking per adult over age 18 follow a very similar pattern. F igure 3 presents per capita cigarette consumption for
the years for which we observe obesity prevalence in Figuresl and 2.

5This data comes from the Centers for Disease Control and Prevention. For further information on smoking
prevalence, readers should refer to: http://www.cdc.gov/ tobacco/data _statistics/index.htm



corner of Figure 5).

The cross-national trends presented in Figure 5 compare olsity rates and tobacco consumption,
which admittedly might not be the main story in other OECD cou ntries, where rates of obesity
are generally lower than in the United States. Indeed, the poportion of society merely overweight
has remained relatively stable in the United States in recehdecades while the real action, so to
speak, has involved the obesity rate. The reverse is true in mny other OECD countries, where the
epidemic has been primarily in growth of the proportion merdy overweight. For the four nations
presented in Figure 5, we thus plot tobacco consumption agaist the prevalence of overweight in

Figure 6. A pattern between the two similar to that in Figure 5 emerges.

2.3 Previous Literature on the Link Between Smoking and Body Mass

Despite the policy urgency of the obesity epidemic and strog prima facie aggregate time series
evidence for a possible link between smoking and body masshe health economics literature has
produced relatively few empirical studies of the causal impct of the former on the latter, and still
less consensus regarding the magnitude and direction of thirelationship. In perhaps the rst word
on the subject in health economics of which we are aware, Choet al. (2004) explored the relation-
ship as part of a broad investigation of the determinants of desity. Applying numerous estimation
methods to a sample from the Behavioral Risk Factors Survelance System (BRFSS), the authors
pursued a reduced-form model of obesity that related it to sgeral key potential determinants (such
as prices, education, and occupation type) and recovered agsitive relationship between obesity
and cigarette prices. This implies that smoking indeed lowes the probability of obesity, assuming
the theoretically anticipated relationship between smoking and cigarette prices’

Chou et al. (2004) was followed by two studies which togethepo er little endorsement of its key
nding. First, Gruber and Frakes (2006) outlined and then addressed in their own estimations some
possible weakness&sof Chou et al. (2004). They found a negative relationship betveen obesity
and cigarette taxes. This should, by Gruber and Frakes readyadmission, be interpreted with care

for two reasons: their sample appears unusual in certain rggects and, more importantly, a positive

"Which is probably a safe thing to do, in light of the large lite rature on the price sensitivity of cigarette demand;
see Chaloupka and Warner (2000) for a thorough review.

8These include a potential endogeneity problem arising from Chou et al.'s reliance on cigarette prices rather than
taxes and the reliance of Chou et al. on quadratic time trends.



causal relationship between smoking and obesity runs coust to the implications of essentially the
entire biomedical literature on the subject. Second, Rashd (2006) explored the relationship using
a more structural approach and a sample from the National Helih and Nutrition Examination
Survey (NHANES), and recovered a positive but insigni cant e ect of smoking on obesity. This
branch of the literature thus provides three compelling pagers that reach very di erent conclusions
about the same essential causal relationship.

Perhaps unsurprisingly, this relationship has received smewhat more attention in the main-
stream public health literature, but with essentially no more degree of consensus emerging. Albanes
et al. (1987), a comparatively early contribution, found smoking to be associated with lower body
mass. A more recent contribution is provided by Flegal (2007, who essentially attempts to es-
timate the trajectory of obesity prevalence had smoking notdeclined, and nds it hardly altered
from what actually did occur. While the public health branch of this literature is fairly large, a
reasonable criticism that could be applied to virtually all work in it is that it fails to address the
potential endogeneity of cigarette smoking.

A slightly dierent vein of inquiry considers the e ect of qu itting smoking on body mass.
The US Surgeon General, for instance, found that quitters gamed four pounds on average (US
Department of Health and Human Services, 1996) while many other studies (e.g. Pisinger and
Jorgensen 2007 for a recent example) place the gure closentl0 pounds. However, some (e.g.
Caan et al., 1996, Froom et al., 1999, Mizuoue et al., 1998) ha found that these gains level o
with of the passage of time from the cessation event; a few emereported that some of the gained
weight was eventually lost. Recognizing the selectivity inplications of quitting, Eisenberg (2006)
applied an instrumental variables estimation approach to data from smoking cessation trials and
found a substantial body mass increase ve years after cesan: quitters and non-quitters di ered
in weight by an average of 21.4 pounds, a gure that is about tw to four times the weight gain
estimated by most previous studies. Thus, while this literdure has produced a certain degree of
consensus that smoking cessation is associated with weiglgiain, the extent or sustainability of
those gains remains far from resolved.

The biomedical literature has, by contrast, provided a geneally greater degree of consensus

9See, for instance, Williamson et al. 1991 for another example of a study along these lines



regarding the relationship between smoking and body mass pmore speci cally, between nicotine®
and the mediating factors behind body mass:! Perhaps most importantly, nicotine consumption
is associated with increased energy expenditure (Hofstettr et al., 1986; Dallosso and James 1984;
Collins et al., 1994; Mo att and Owens 1991, etc.). It may also act as an appetite suppressant
(Jessen et al., 2005; Perkins et al., 1991). While there havensurprisingly been some studies
that di er in subtle but important ways from this convention al wisdom 2 and there remain areas
where understanding is limited 12 it seems fair to conclude that the balance of biomedical evidnce
suggests that nicotine acts to speed metabolism and suppresppetite. Both have clear implications
for body mass.

The empirical literature regarding this potentially criti cal causal relationship thus provides a
mixed range of results, but a few points are worth emphasizig. First, taken as a whole the results
have been somewhat lopsided in the sense that nearly all of ¢h ndings of a signi cant relationship
carry the implication that smoking lowers body mass. Few stuies nd a signi cant relationship in
the opposite direction, even implicitly. Second, outside 6 the limited body of work by economists
and that work in the biomedical tradition which can be viewed as essentially experimental in nature,
few studies address the endogeneity of smoking. Finally, thugh many studies have, to be sure,
recovered no signi cant relationship, those that have are s ciently numerous that a signi cant
link between smoking and obesity cannot be ignored as a scigre possibility. In many instances
the link has been found to be quite strong, implying that decining smoking rates may have made

a potentially important contribution to the obesity epidem ic.

2.4 Smoking and the Prevailing Theoretical Explanations of Obesity

Though the prevailing explanations in the economics literdure for the increasing proportions of
Americans obese and overweight would seem to focus rather elasively on long-term technological
and lifestyle-related change that a ected caloric intake and energy expenditure, cigarette smoking

may plausibly have served as a sort of critical mediating fator in the health production process

10 As Dr. Je rey Wigand famously explained on Sixty Minutes, from a biochemical standpoint cigarettes are, rst
and foremost, nicotine delivery devices.

1 Chiolero et al. (2008) provide an excellent and timely overa ll review.

2For example, Perkins et al. 1992 found that those administered nicotine actually ate more than those who
received a placebo.

BFor instance, Ciolero et al. (2008) point out that the long te rm metabolic e ects of nicotine remain poorly
understood.



underlying the essential relationships to which these thedes appeal. Speci cally, the increase in
smoking levels through the late Seventies may have attenu&d the gradual increases in body mass
that would have occurred, given gradually rising caloric irntake and falling energy expenditure, in
its absence. The sudden removal of such a moderating factoroald have then caused a sudden
increase in body mass as it \caught up” with its fundamentally appropriate nicotine-free level.

This idea is fairly simple and we begin with a generalized grphical representation in Figure
7 of theoretically hypothetical evolving trends in body mass and lifestyle at the population level.
Suppose that lifestyle (L) is measured in such a fashion that it is thus rising over time** Moreover,
assume that this upward trend would suggest that indicators associated with body mass (e.g.
average BMI, prevalence of obese and overweight, etc.) shimllikewise be rising over time. To
x ideas, in Figure 7 the representative indicator of body mass is the percent obese®).'® The
interpretation of this gure is thus that there is a time-tre nd to lifestyles L that we take as given'®
that is driving a steady increase in the obesity rate O. Thus far, this is fairly straightforward.
For instance, as net caloric intake (representing, roughly gross caloric intake less daily energy
expenditure) rises so too should body mass;eteris paribus

Now suppose for simplicity that there are only six potential levels of cigarette smoking con-
sumption, represented byS; for j = 1,::6, whereS; and Sg represent, respectively, the highest and
lowest cigarette smoking intensity levels. Holding constat the trend in L introduced above, Figure
8 presents the obesity prevalence-lifestyle relationshifor each level of cigarette smoking by the line
denoted by O(S = §j) for j =1;:; 6.7 Put simply, for any given level of lifestyle L, lower smoking
implies lower obesity. Mathematically, a pattern such as that in Figure 8 could be represented by
the following linear relationship between obesity ©), cigarette smoking consumption (represented

generically by S), and lifestyle (L):
O= o+ 1 L+ o L S+ 3 S

where 1> 0, 2< 0, 3< 0. Once again, this is a fairly straightforward expression:taken as a

14 Applying this to the American experience in recent decades, one could view L as hence representing, in some
rough fashion, net caloric intake per day.

Swithout any loss of generality, it could be re-cast in terms o f other outcomes, such as the percent overweight.

16 Explaining the forces shaping the trend in L over time is beyond the scope of this manuscript. Refer to Philipson
and Posner 1999, Cutler and Shapiro 2003 and others for excdent discussions of the forces shapingL.

" Henceforth, for visual simplicity, the L axis is omitted.
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whole, the social science and biomedical literature suggtsthat, on balance, it is likely that ceteris
paribus smoking lowers body mass. Very few studies nd the oppositenearly all that conclude
that this inverse relationship does not exist simply nd no statistically signi cant relationship at
all. The debate, it is reasonable to say, is really about the sength of the relationship between the
two.

The consequences of a change in smoking consumption levelspsome interval of time is shown
in Figure 9. If we allow smoking consumption levels to decrese fromS; to Sg, there is a movement
away from obesity prevalence trajectoryO(S = S;) toward that given by O(S = Sg). This would
imply a sudden acceleration in the increase in the obesity ri@ as it not only rose due to the ongoing
secular trend in L but, more importantly, \caught up" with the obesity trend li ne it should be on
at the new lower smoking levelSg. An analogous possibility can emerge as cigarette smokingses,
as shown in Figure 10: increasing cigarette consumption redts in an attenuation of the increases
in obesity prevalence below what otherwise would have prevked, given evolving lifestylesL.

These two theoretical stories are broadly consistent with gents in the post-WWII United States:
despite a gradual, fairly steady trend toward lifestyles that would portend rising body mass, the
obesity rate rose comparatively slowly until roughly 1980. In the context of Figure 10, the obesity
consequences of steadily more sedentary, higher calorietake lifestyles were partly attenuated by
high and generally gradually rising cigarette consumption Then, around 1980, cigarette consump-
tion began to fall dramatically, leading to a rapid increasein the obesity rate as it \caught up"
with the levels that would have prevailed in the absence of tle high, gradually increasing cigarette
consumption levels witnessed before that time (as shown in igure 9).

This theoretical approach to the link between smoking and olesity does not necessarily rely on
a particularly strong relationship between the two. Rather, in principal it requires simply some
signi cant inverse relationship of reasonable magnitude. It is plausible that even a modest link
between the two could allow the gap between the obesity predance O that should prevail, given
lifestyles L and low cigarette consumption Sg, and those that actually would prevail under high
cigarette consumption Sy, to grow large with su cient time. This would open the possib ility of a
very steep adjustment in obesity prevalenceO in response to a precipitous fall in smoking fromS;
to Se.

In reality, the link between smoking and obesity at the population level would re ect not only

11



direct exposure by cigarette smokers but also secondhand prsure by non-smokers. A large lit-
erature nds secondhand smoke exposure to be deleterious @xss a variety of channels of health
(see Glymour et al. 2008 for a very recent example) due esseally to the same biomedical mech-
anisms behind the direct e ects that smokers experience. ltseems reasonable that a similar sort
of externality should apply in the case of body mass® In the period after 1980, overall cigarette
smoke exposure, so de ned, arguably actually fell even morsteeply than cigarette consumption
itself. For instance, recent decades have witnessed incrgiagly stringent restrictions on smoking
in the workplace and public spaces that likely served to redae secondhand smoke exposure even
more quickly than might have been expected before those redations were instituted. Finally, an
obvious implication of this logic is that the growth in the ob esity rate should eventually begin to
slacken as further reductions in cigarette smoking become ore modest!®.

The argument presented in this section is not novel, in any sese. In e ect, it simply restates the
assertion of one camp: that the decline in smoking contribuéd to the increase in overweight and
obesity experienced over the past three decades. Howevet,appeals to a subtle interplay between
gradually evolving lifestyles and smoking rates. By appeahg to the notion that the rapid increase
in obesity and overweight prevalence that occurred after 180 re ected a sharp adjustment between
fundamental obesity trajectories implied by di erent cigarette consumption levels, this approach is
somewhat logically akin to certain models of speculative dses (e.g. Salant and Henderson 1978,
Krugman 1979) that focus on an ever-growing gap between a comodity or currency's actual price

and fundamental value as the impetus for a sudden, abrupt adjstment in price.

3 The Causal Link Between Smoking and Obesity and Overweight

An Empirical Investigation

The story presented in the last section relies on a preliminey assumption: that there is indeed a
signi cant casual link between smoking and obesity. As the eview of empirical work on the subject

makes clear, this is at present far from established (partialarly in the health economics literature),

18 Extending this argument, the rise in childhood obesity evid ent in recent decades may be due in part to a reduction
in secondhand smoke exposure, particularly in the home.

19As seems likely to be the case as the group of remaining smokes is likely more committed to the habit and,
frankly, smoking levels become so low that the scope for further dramatic reductions is mathematically reduced

12



though the results to date do hint at essentially a one-sidedbet regarding the possible direction
of this link. Of course, simply establishing a signi cant inverse relationship between smoking and
obesity is not su cient to substantiate fully the theory pre sented in the last section?® Nonetheless,
for present purposes, the focus will be on the simply estimang the direct causal e ect of cigarette

smoking on the probability of being overweight and obese.

3.1 Empirical Model

We seek to estimate the causal impact of smoking on the probalities of being overweight and
obese (through separate estimations focused solely on thegbability of being overweight and that
of being obese). An obvious challenge is the likely endogeite of smoking as a predictor of either
the probability of being overweight or of being obese. To addess this possibility we jointly estimate
equations determining the probabilities of smoking and of keing overweight or obese in a fashion
that permits us to integrate out with respect to confounding unobservables.

Let Si; be an indicator of smoking such that

8
2 1. if individual i currently smokes at time t;

Sit =
0; otherwise.
Let O be an indicator that an individual's BMI is greater than or equal to some threshold (25 in
the case of estimations focused on the probability of beingwverweight, 30 in the case of estimations

focused on obesity). Speci cally, letO;; be de ned as follows:

8
2 1; if individual i achieves or exceeds the threshold BMI at time;

Oit =
0; otherwise.
Finally, let X, be a series of socioeconomic and demographic characteregtiof individual i at time

t and Zj; be a vector of variables that in uence Pr(Si; = 1) but not Pr( Oy = 1) (i.e., Z;y are

instruments for smoking).

201t s merely necessary. su ciency would require establishing its magnitude in the fullest sense (including by
way of the interplay with the sort of lifestyle-related fact ors to which the theories of Cutler and Shapiro 2003 and
Philipson and Posner 1999 appeal), a task beyond the scope ofthis manuscript.

13



Behind the discrete outcomesO and S are the latent variable processes

_ o, O
Op= o+ 1 Xit+ 2 Sg+ j+ i

and

_ s, s
Si= ot 1 Xig+ 2 Zig+ g+ i

where the s and s are unobserved. We assume that thes are independently and identically
distributed but the s are correlated (and hence create a channel of confoundinghabservables
which might render S an endogenous determinant ofO). We thus introduce an error component
structure, with one part independent across equations (the s) and another correlated across them
(the s).21

Assuming that in each instance the s are the di erence of two Type-I Extreme Value distributed
random variables gives rise to logit choice probabilities ér each of the discrete outcomes@®;; and

Sit) and the following contribution to the likelihood function for individual i at time t:22

0 o 1 oy
exp ot 1 Xigt 2 Sipt

Lic Xit:Zit) it it 1+exp o+ 1 Xi+ 2 Sp+ I(t)

! ) 0 1s
1 POou e ot 1 Xat 2 Zut f

1+exp o+ 1 Xig+ 2 Sp+ Q l+exp o+ 1 Xig+ 2 Zig+ §

|
1 1 Si

l+exp o+ 1 Xig+ 2 Zig+ §}

2L An alternative approach would be to assume that the errors £ and $, where

o_ o0 o

it = ittt
and

S _ S S.

it = it T it

follow a joint normal distribution (in other words, eschew t he error components structure and assume that the
stochastic portion of the indirect utility functions follo w a joint normal distribution). This would give rise to the
bi-variate probit model.

220nce one recognizes the correlation of the s, the likelihood function can no longer be regarded as sepaable for
purposes of obtaining consistent estimates of the e ect of smoking on either the probability of being overweight or
obese. However, once can still estimateO and S equations in isolation. Both will give some idea of the e cie ncy
consequences of joint estimation, while the former provides a potentially biased and inconsistent estimate of the
causal e ect smoking on O which can serve as a baseline against which to consider the cosistent estimates obtained
through our joint estimation strategy.
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Regardless of the assumption made regarding the distributin of the errors , one would still confront
the conditional likelihood L (Xit;Zij 9; §) under the error components approach. The challenge
is then to recover consistent estimates of the conditional @tribution of Pr( Oy = 1jXj; Sit) given
the presence of the confounding unobservables® and $ (or, in other words, to recover the
unconditional likelihood L (X ; Zit)).

The usual estimation strategy involves imposing some paramtric assumption regarding the
joint distribution of the errors  (joint normality is a typical choice) and estimating by means such
as Monte Carlo integration. The drawback to this approach (as well as to the bivariate probit
model discussed in an earlier footnote) is the adoption of a gtentially strong and typically un-
testable assumption regarding the distribution of a critical component of the errors (the confounding
elements ). We take an alternative approach by adopting a exible, non-parametric discrete
approach joint distribution of the s motivated by Heckman and Singer (1984%3 This basic
strategy has been analyzed in the context of multi-equationsystems (where the challenge is to
model the joint distribution of unobservables) by Mroz (1999). In particular, Mroz (1999) found
that the Heckman and Singer (1984) strategy performed far bter than more parametric approaches
to the joint distribution of the unobservables.

Under this approach, individual i's unconditional contribution to the likelihood function a t time

t would be

where
« = Pr O_ 0. S_ S

and we assume that there areK points of support to the discrete joint distribution of the u nob-

servables . A standard and necessary normalization is

0=0

B Heckman and Singer (1984) advocated estimation of a discrete approximation to the distribution of a persistent
unobservable in a hazard model (rather than a more parametri ¢ assumption regarding the distribution of that unob-
served heterogeneity, which they nd can lead to poor estimation performance) in order to address a potential source
of confounding that would otherwise lead to a biased estimate of the time-shape of the hazard model.
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and

Ll @]
I
o

The probabilities are parameterized through the logistic unction as follows:

_exp( k)
1+ [Sexp( )

fork =2;::::K and
— D 1
1- ™
1+ K, exp( )

The s are thus estimated along with the other parameters of the mdel.

In practice K is determined by an iterative process. First, estimate the nodel with 1 point of
support. Then add points of support one at a time and re-estimate until the likelihood function
fails to improve from the last estimation.?* Under this approach, the data is thus allowed to
determine fully the joint distribution (i.e., the number of mass points, as well as their locations and
probabilities).

One issue that has not been addressed yet is the longitudinahature of the PSID: there are
individuals in the data set who appear as observations morefian once over time. Suppose individual
i is observedT; times, where

1 T 4
Then, an individual's total contribution to the likelihood function is given by

¥ X

Li= k Lie XisZid £= & 7= R

t=1 k=1
To account for the likely non-independence of an individuals observations over time, we compute
Huber-White-type standard errors assuming clustering at te individual level. A richer approach
to the modeling of the error terms might have yielded some, pobably limited information at the

margin, but at the cost of either unsatisfactory behavioral assumptions or potentially considerably

greater computation complexity, possibly reducing the acaracy (from, for instance, a mean-squared

24 gpeci cally, we pursue the rough rule of adding points of sup port until the likelihood fails to improve by at least
the number parameters added to the model through the additio n of another point of support (which would be three
in this model). We did continue estimation beyond that point , if only to insure the stability of the results under this
stopping criteria.
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error standpoint) of estimates of the parameter of interest?®
Finally, our primary parameter of interest will be the margi nal e ect of smoking on the proba-

bilities of being obese or overweight:

Pr(Oix =1jSi =1;Xit;Zit) Pr(Oi =1jS¢ =0;Xit;Zit)

We compute this for each observation in our sample and then ngort the average of these marginal

e ects across them. Standard errors for this marginal e ectare recovered via the Delta method?®

3.2 Data Source and Sample

Our estimation sample is drawn from the Panel Study of IncomeDynamics (PSID), a longitudinal,
nationally representative survey of American families andindividuals (men, women, and children).
The study began in 1968, when 4,800 families were selectedr fmterview. Following the baseline
panel in 1968, the PSID was conducted annually until 1997. Hbow-ups have been collected bienni-
ally since then. The PSID routinely gathers detailed information on respondents' family structure,
employment and matrital histories, and income and wealth. Iformation on the height and weight
of the heads of PSID families and their spouses has been calted since 1999, allowing their BMIs
to be calculated for four years: 1999, 2001, 2003, and 2005. éXlassify respondents as overweight
or obese if their BMIs achieved the commonly accepted threstids of 25 or more and 30 or more,
respectively. We de ne a respondent as a smoker if they repdrcurrently smoking a positive number
of cigarettes per day as of the time of interview.

Cigarette prices were obtained fromThe Tax Burden on Tobacco (Orzechowski and Walker,

2005). We match each respondent with the average price of a ph of cigarettes (including generic

BFor instance, another possible way of addressing this would have been to specify the overall contribution of
individual i as
X Yi
Li = K Li Xi;Zi) 2= & 2= &
k=1 t=1
This is tantamount to specifying the confounding unobserva ble as xed over time, an approach that we reject since
it seems behaviorally unreasonable: individuals in our sample transitioned into or out of being overweight/obese or
currently smoking, suggesting that the confounding unobservables may not have been constant over time. Another
approach would have been to model xed and time-varying elem ents of the unobservables. A potential di culty with
this is the limited number of observations (at most 4) per ind ividual, rendering it potentially challenging in practice
to identify separately time-varying and xed unobservable s (in principal, they are identi ed by the longitudinality o f
our sample).
26 |denti cation tests involving the retail price of smoking, a continuous variable, are obtained by simulating a one
percent increase in it, with the standard errors similarly o btained via the Delta method.
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brands) in their state of residence at the time of interview. These prices are de ated to 1982-1984
prices using the Consumer Price Index (CPI) from the Bureau & Labor Statistics. Other tobacco
control-related policy variables were also merged into thesample by state and year. These included
indicators of smoking prohibitions in government or private sector workplaces, and restaurants
using information readily available from CDC data on clean indoor air regulations.

Descriptive statistics for the sample are reported in Table2. It consists of 30,584 individual-
year observations. Approximately 25 percent of the sampled obese, a gure somewhat lower
than the rate (of 30 percent) found by the 2003-4 National Hedth and Nutrition Examination
Survey (NHANES). Thus this sample is, like that used by Grube and Frakes (2006), somewhat
atypical, but there is no reason to believe that this will necessarily preclude estimates that are at
least internally consistent.?’ 62 percent are overweight. Around 22 percent of the sample ports
currently smoking. Finally, blacks are over-represented &t 27 percent), around 75 percent of the

sample has less than a college education, and the average agfethe sample is around 41 years.

3.3 Results

We begin with the e ect of smoking on the probability of being obese, estimation results for
which are in Tables 2 and 3. In a pattern that will be repeated for modeling of the probability of

being overweight, Table 2 provides the parameter estimatesor logit models of smoking and obesity.
Results in the left-hand columns are drawn from separately stimated models of smoking and obesity
(thus o ering no control for the potential endogeneity of smoking in the obesity equation) and

those on the right from a jointly estimated model of the two (t hat thus controls for the endogeneity
of smoking in the obesity equation using the Heckman and Singr 1984 discrete approximation
approach described earlier). At the bottom of Table 2 are two estimates of the marginal e ect

of smoking on the probability of being obese: on the left, tha from the obesity model estimated
in isolation and, on the right, that from the joint-estimati on model controlling for confounding
unobserved heterogeneity. Finally, Table 3 provides the démated mass points and probability

weights for the distribution of the confounding unobservales.

Beginning with the single equation estimates with no contrds for the possible endogeneity of

2" Moreover, we would expect there to be some di erence in most indicators computed from the two samples, since
the PSID is a longitudinal sample originally representativ e of its target population in 1968, while NHANES is a fresh
probability sample broadly representative of the American population at the time that it was gathered.
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smoking, many of the explanatory variables in both the smokhg and obesity equation proved
signi cant, a nding that is perhaps not particularly surpr ising given that many of these variables
often prove signi cant in models of obesity and smoking. Sub naive (ie without recognition of the
endogeneity of smoking) estimation of the obesity equatioryielded a marginal e ect of smoking on
the probability of being obese of -0.083, which was signi cat at the 1 percent level.

Turning to the results from joint estimation of the obesity and smoking equations (in the last
three columns of Table 2), the same general pattern of statiscal signi cance to the estimated
parameters of the logit models persisted, if on a somewhat mre tenuous basis. The instrument in
this model, cigarette prices, was a signi cant predictor ofthe probability of smoking with a marginal
e ect of cigarette prices on the probability of smoking that had a t-statistic of -2.58928 Crucially,
the marginal e ect of smoking on the probability of obesity more than doubled in magnitude under
joint estimation with control for confounding unobserved heterogeneity, to a statistically signi cant
-.174 (though the standard error suggested less precisiom iestimation than had been the case
with the obesity equation estimated in isolation, with no control for the endogeneity of smoking).
Controlling for the endogeneity of smoking thus led to a far sronger marginal e ect of smoking on
the probability of obesity. This is an intuitively reasonable nding. For instance, those who smoke
may on balance have generally lower health preferences, léiag to underestimation of the e ect of
smoking on the probability of obesity from simple single eqation models.

The estimated heterogeneity distribution parameters in Table 3. Estimation was stopped at
6 mass points (as per the stopping criteria described earli®. In virtually every variation on this

model considered (e.g. the various identi cation tests) the likelihood improvement criterion led to

BThis is a test of one important criteria for an instrument: \  rst-stage" explanatory power (in this context, the
ability of cigarette prices to predict the probability of sm oking). The other is \second-stage" exogeneity (ie whether
cigarette prices are not a signi cant predictor of the proba bility of obesity, once one has controlled for the endogeneity
of smoking in the obesity equation), which we tested by joint ly estimating the smoking and obesity equations with
the unobserved heterogeneity controls, which provide identi cation by non-linearity as a basis for over-identi cati  on,
and the cigarette price variable in both the smoking and obesity equations. Cigarette prices proved to be insigni cant
in the obesity equation (for instance, the t-statistic for t he marginal e ect of cigarette prices on the probability of
being obese is -0.305). Given Gruber and Frakes (2006) concen with using prices rather than taxes, we re-estimated
the full set of models with cigarette taxes. The same essental pattern of results emerged, though estimation proved
slightly more challenging (an experience that we attribute to the fact that taxes generally had less \ rst-stage" power
than prices). It is not clear to us that taxes should be less endogenous than prices: taxes in part re ect voter
sentiment, and as such may be correlated with unobservablesin the smoking demand equation. At the same time,
price variation may re ect many supply-side related shifte rs, such as state-level retail operating costs. In any case,
cigarette prices have an established track record as instruments for smoking in many contexts (see, to cite one recent
example, Auld 2005). We did not use the other tobacco control policy variables as instruments because they did
not consistently pass over-identi cation tests of \second stage" exogeneity, perhaps due to the degree to which they
re ect voter sentiment.
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stopping with either 5 or 6 mass points. The mass points themslves reveal the presence of extremely
strong unobservables from an explanatory power standpoint For instance, the second mass point
indicates that roughly 13.5 percent of the sample belongs tan unobserved subgroup who essentially
are never obese but do have a somewhat greater than normal telency to smoke. These large mass
points also suggest the source of ongoing di culties estiméing this model with STATA's mvprobit
command, which would not converge beyond the third signi cant decimal place for parameter
estimates, regardless of the number of draws employed. From the estimated distribution of the
unobserved heterogeneity presented in Table 3, it is clearhat joint-normality was a poor t to
the data. Though this is a pronounced distribution to the unobserved heterogeneity, it is one with
which are fairly con dent since its' basic contours emergedvery quickly as mass points were added
and persisted across the various speci cations of this modeahat we considered.

We now turn to the results from estimation of the e ect of smoking on the probability of being
overweight (i.e. BMI  25), presented in Tables 4 and 5. In general, estimation of tase models
proved slightly easier than those concerned with obesity. Br the most part this re ected the
more subtle estimated joint distribution of the confounding unobservables. The single equation
logit results (i.e. separate estimation) in Table 4 reveal astatistically signi cant marginal e ect
of smoking on the probability of being overweight of -.112. With joint estimation of the smoking
and overweight equations with control for confounding unotserved heterogeneity, that gure once
again grew in magnitude, to a statistically signi cant -.178.3° In other words, essentially the same
pattern emerged as did with obesity: single equation estimaon of the overweight equation with
no control for the endogeneity of smoking appears to have ledo underestimation of the e ect of
smoking on the probability of being overweight. Table 5 provdes the estimated joint distribution
of the unobserved heterogeneity, which in this instance hads points of support. Once again,
this distribution had some pronounced mass points, though owhere near to the degree seen in
the case of obesity (perhaps this is unsurprising, since a noh larger proportion of the sample

was overweight). Moreover, the probabilities for these mas points were generally far more evenly

2 Nonetheless, the estimated marginal e ects under mvprobit were consistent with those reported herein.

%01n terms of the validity of the price instrument, the margina | e ect of cigarette prices on the probability of smoking
had a t-statistic of -1.998. An over-identi cation test sim ilar to that described in an earlier footnote concerning the
obesity results yielded a marginal e ect of cigarette price s on the probability of being overweight with a t-statistic
of -.2. Finally, substitution of cigarette taxes for cigare tte prices yielded essentially the same results, though \r st
stage" explanatory power was again lower (i.e. taxes were less powerful predictors of the probability of smoking than
prices).
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balanced than had been the case with the obesity equatiof!

It would be fair to say that we are slightly more con dent in th e overweight than obesity
results: key relationships were generally estimated with amewhat more precision, the heterogeneity
distribution was less pronounced (rendering estimation conputationally more straightforward), etc.

However, both sets of models yielded a remarkably similar ath persistent pattern of results:

Even in the absence of endogeneity controls, smoking had aggii cant, negative e ect on the

probability of being obese and overweight;

That e ect roughly doubled with endogeneity controls invol ving joint estimation under a

exible instrumental variables, random e ects approach;

Cigarette prices exhibited \rst-stage" explanatory power and \second-stage" exogeneity,
which, combined with the consistently stable pattern of reailts obtained, suggests adequate

identi cation.

Of course, the last point is always debatable. It would have keen preferable if one of the tobacco
control policy variables had exhibited both \ rst-stage” p ower and \second-stage" exogeneity, al-
lowing for richer evidence of identi cation. Unfortunatel y, as is always the case with these sorts of
models, the chips fell where they did. Nonetheless, the re$is as a whole are at the least strongly
suggestive of a possibly signi cant link between cigarettesmoking and the probabilities of obesity

and overweight.

4 Conclusion

The empirical results presented in this manuscript should grve to stoke further the debate regarding
this critical relationship. They suggest that smoking doesindeed lower the probability of being
overweight or obese, and that failure to control for the potential endogeneity of smoking can lead
to substantial underestimation of causal e ect of smoking o these outcomes. In the context of

the health economics literature, in some sense the game isetil at this point, with Chou et al.

SlWe suspected at rst that the mass point probabilities were s imply failing to move o of their initial values
and responded with every computational remedy used in the past of which we are aware. However, the same basic
pattern to the estimated probabilities emerged repeatedly , and hence we conclude that this is simply the result. The
generally more evenly balanced probabilities and less promunced mass point values may simply re ect the fact that
a far larger proportion of the sample has a BMI of 25 or more tha n a BMI of 30 or more.

21



(2004) and the present manuscript nding a signi cant inver se relationship between smoking and
body mass (or key threshold indicators of it) and Rashad (208) and Gruber and Frakes (2006)
recovering no signi cant link. Further research into this question is clearly warranted.

Even in the absence of other, contradictory voices, the empical work in this manuscript would
certainly not resolve the question of a link between declinig cigarette smoking and the surging
proportions of Americans who are overweight and obese. To lgn with, there is always scope for
methodological improvement. For instance, our preferred mstrument (cigarette prices) may have
passed over-identi cation tests with the present sample anl speci cations, but this is admittedly
not an uncontroversial instrument (e.g. Gruber and Frakes D06) regardless of present performance.
In any case, richer identi cation is certainly always preferable and as we develop extensions to the
present work we will try to broaden the instrument set. The behavioral pathway considered in
this manuscript is also a rather simple one. Future work may nore explicitly consider dynamic
pathways (allowing examination not only of more complex pahways, but also exploitation of some
of the identi cation sources such models can provide), as weas the possibility of reverse causality
(the subject of its own growing literature; see Cawley et al.2004 a,b).

Nonetheless, the background discussion in this manuscriptertainly renders the basic results
presented herein plausible on some basic level. For instaacthey are in line with many of others on
the basic subject from the public health and biomedical literature. Moreover, an approach to the
obesity and overweight epidemics that assigns a signi cantrole to declining smoking rates would
not necessarily displace the present mainstream approachyhich has focused on caloric intake and
expenditure. Indeed, introducing cigarette smoking to thestory can render these explanations more
compelling by identifying a mediating factor in the health production process that explains why
generally linear trends to caloric intake and energy expeniure have resulted in such a non-linear

course for obesity prevalence.
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Figure 1: The Evolution of Obesity Prevalence in the United States, 1%0-2004
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Figure 2: Trends in Obesity and Various Nutritional Indicators in the United States, 1960-2004
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Figure 4: The Evolution of Obesity and Smoking Prevalence in the United States, 1960-2004

27




Percent Obese Tobacco Consumption PercentObese Tobacco Consumption
(BMI>30) (Grams/capita) (BMI>30) (Grams/capita)
25 3000 16 1800
Mg Tobacco
~ 14 Consumptio 1600
i 2500 “N - ~
Tobacco
2 Consumption ~ ~— \~- - 1400
~ 12
2000 1200
15 10
1000
— — — — 1500 8 Percent Obese
PercentObese 800
10
6
1000 600
4
5 400
500
2 200
b + * L 0 0
1980 1983 1989 1995 1999 1978 1983 1988 1993 1908 2003
Year Year
(a) Australia (b) Finland
PercentObese Tobacco Consumption PercentObese Tobacco Consumption
(BMI>30) (grams/capita) (BMI>30) (Grams/capita)
10
3 Tobacco 3500
Consumption — ——
97 4000 —_——— Y —— ~—
Y \ 55 / 3000
BT = Tobacco 3500
\ Consumption
74 P 2500
N—_— N 3000 2
6
A 2000
N - T T~ 2500 Percent Obese
5 15
2000 1500
L PercentObese
1500 1
3+ 1000
1000
24
83 500
1 500
0 | | ; ; 0 g 9
1979 1980 1981 1982 1985 1986 1987 1988 1989 1990 1991 1992 1993 1994 1995
1981 1986 1991 1996 2001
Year Year

(c) Netherlands

(d) Japan

Figure 5: Smoking and Obesity Trends: Select Other OECD Nations

28




(a) Australia (b) Finland

(c) Netherlands (d) Japan

Figure 6: Smoking and Overweight Trends: Select Other OECD Nations
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Figure 8: The Evolution of Obesity Prevalence for Various Smoking Leels

Figure 9: The Evolution of Obesity Prevalence as Smoking Levels FALL
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Figure 10: The Evolution of Obesity Prevalence as Smoking Levels RISE
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Table 1: Summary Statistics

Standard
Variable Mean Deviation
Obese (%) 24.310 42.896
Overweight (%) 61.676 48.618
Smoke (%) 22.097 41.490
Male (%) 50.477 49.998
Married (%) 69.729 45,943
Age 41.550 11.345
Black (%) 27.831 44.817
Hispanic (%) 4.761 21.293
Education:
Less than 12 years (%) 14.593 35.304
12 years (%) 33.308 47.132
>12 and< 16 (%) 26.494 44.131
16 years (%) 25.604  43.645
Annual Income (in 10,000 of $s)  3.658 5.156
Year:
1999 (%) 24.597 43.067
2001 (%) 25.611 43.649
2003 (%) 25.311 43.479
2005 (%) 24.480 42.997
Cig Price (in $s) 1.946 0.317
Smoking Regulations
Government (%) 25.026 43.317
Private (%) 44.418 49.688
Restaurant (%) 55.891 49.652
Number of observations 30,584
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Table 2: E ect of Smoking on Obesity Risk: Coe cient Estimat es

Joint Estimation

Separate With Unobserved

Variable Estimation Heterogeneity
Correction

Equation:Obese
Constant -2.343 (0.229) *** -3.507 (0.958) ***
Male 0.177 (0.045) ** 0.802 (0.253) ***
Marital -0.142 (0.044) ** -0.505 (0.208) **
Age 5.403 (1.084) ** 1599 (4.058) ***
Age Squared (/100) -5.323 (1.210) ** -16.21 (4.497) ***
Black 0.618 (0.048) ** 1.642 (0.381) ***
Hispanic 0.063 (0.102) 0.049 (0.355)
High School -0.142 (0.065) ** -0.515 (0.273) *
Some College -0.202 (0.069) *** -0.764 (0.294) ***
College Plus -0.745 (0.081) *** -1.821 (0.346) ***
Wage -0.200 (0.089) ** -0.916 (0.301) ***
2001 0.134 (0.026) ** 0.352 (0.087) ***
2003 0.270 (0.028) ** 0.667 (0.116) ***
2005 0.383 (0.030) ** 0.992 (0.161) ***
Smoke -0.507 (0.053) *** -3.571 (1.989) *
Equation: Smoke
Constant -0.899 (0.294) *** -1.734 (0.782) **
Male 0.359 (0.049) ** 0.873 (0.254) ***
Marital -0.681 (0.045) *** -1.423 (0.311) ***
Age 8.093 (1.306) ** 18.81 (3.807) ***
Age Squared (/100) -10.50 (1.514) *** -24.10 (4.588) ***
Black -0.387 (0.055) *** -0.906 (0.205) ***
Hispanic -1.371 (0.127) *** -3.168 (0.668) ***
High School -0.693 (0.062) *** -1.214 (0.229) ***
Some College -1.103 (0.069) *** -2.128 (0.388) ***
College Plus -1.931 (0.087) *** -4271 (0.809) ***
Wage -0.590 (0.108) *** -2.008 (0.503) ***
2001 0.050 (0.028) * 0.152 (0.061) **
2003 0.085 (0.036) ** 0.218 (0.077) ***
2005 0.030 (0.037) 0.091 (0.070)
Cig Price -0.140 (0.085) * -0.448 (0.188) **
Government 0.046 (0.056) 0.120 (0.107)
Private -0.150 (0.061) ** -0.329 (0.123) ***
Restaurant 0.052 (0.063) 0.186 (0.123)
Marginal e ect of
Smoking on -.083 (0.008) ***  -174 (0.047) ***
Pr(Obese)

Note: Standard errors in parentheses.
**x % and *. signi cance at 1, 5, and 10 percent levels, respectively.
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Table 3: Heterogeneity Parameters from Regression of Smakg on Obesity Risk

Probability = Obesity =~ Smoking
Point of Support Weight Equation  Equation

1 0.220 0.000 0.000

2 0.135  -280.603 3.979
( xed) (0.715)

3 0.422  -358.460  -0.800
( xed) (1.314)

4 0.066 270.880 1.454  *
( xed) (0.718)

5 0.048 3.311 23477 ***
(2.183) (4.872)

6 0.109 0.520 -16.246

(2.885) (288.5)
Note: Standard errors in parentheses.

**x % and *. signi cance at 1, 5, and 10 percent levels, respectively.
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Table 4: E ect of Smoking on Overweight Risk

. Coe cient Esti mates

Joint Estimation

Separate With Unobserved

Variable Estimation Heterogeneity
Correction

Equation:Overweight
Constant -1.798 (0.207) ***  -9.984 (1.942) ***
Male 0.959 (0.040) *** 5.258 (1.182) ***
Marital -0.051 (0.042) -0.536 (0.237) **
Age 7.445 (0.969) *** 34986 (5.683) ***
Age squared (/100) -6.659 (1.092) *** -30.915 (5.459) ***
Black 0.757 (0.048) *** 4,493 (1.035)
Hispanic 0.452 (0.091) *** 2.073 (0.635) ***
High School -0.123 (0.063) ** -1.440 (0.433) ***
Some College -0.236 (0.066) ***  -2.104 (0.551) ***
College Plus -0.696 (0.069) ***  -4.051 (0.800) ***
Wage 0.059 (0.047) -0.178 (0.106) *
2001 0.120 (0.022) *** 0.482 (0.122) ***
2003 0.214 (0.025) *** 0.835 (0.192)
2005 0.322 (0.027) *** 1.368 (0.259) ***
Smoke -0.517 (0.046) ***  -4.298 (0.993) ***
Equation: Smoke
Constant -0.899 (0.295) ***  -1.966 (0.429) ***
Male 0.359 (0.048) *** 0.475 (0.070) ***
Marital -0.681 (0.031) *** -0.806 (0.062) ***
Age 8.093 (1.317) ** 11.013 (1.748) ***
Age squared (/100) -10.504 (1.528) *** -14.090 (2.048) ***
Black -0.387 (0.055) ***  -0.505 (0.076) ***
Hispanic -1.371  (0.127) **  -1.751 (0.179) ***
High School -0.693 (0.063) ***  -0.792 (0.078) ***
Some College -1.103 (0.069) ***  -1.282 (0.089) ***
College Plus -1.931 (0.086) *** -2.449 (0.137) ***
Wage -0.590 (0.109) *** -1.021 (0.181) ***
2001 0.050 (0.027) * 0.088 (0.037) **
2003 0.085 (0.036) ** 0.132 (0.047) **
2005 0.030 (0.036) 0.078 (0.047) *
Cig Price -0.140 (0.084) * -0.227 (0.114) **
Government 0.046 (0.056) 0.063 (0.077)
Private -0.150 (0.060) ** -0.221 (0.080) ***
Restaurant 0.052 (0.062) 0.110 (0.081)
Marginal e ect of
Smoking on -0.112 (0.010) ***  -0.178 (0.042) ***
Pr(Overweight)

Note: Standard errors in parentheses
**x **% and *. signi cance at 1, 5, and 10 percent levels, respectively.
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Table 5: Heterogeneity Parameters from Regression of Smakg on Overweight Risk

Probability = Overweight  Smoking

Point of Support Weight Equation Equation
1 0.248 0.000 0.000
2 0.257 4161 ** -0.013
(0.957) (0.384)

3 0.225 -48.338  *** 1259 @
(13.508) (0.232)

4 0.234 23.481 ** 1481
(7.617) (0.256)

5 0.036 6.383  ***  16.102 ***
(1.354) (2.199)

Note: Standard errors in parentheses.
**x % and *. signi cance at 1, 5, and 10 percent levels, respectively.
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