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1. Introduction

In many countries, consumption of addictive goodshsas alcohol, marijuana,
and tobacco is restricted or prohibited, partidyléor adolescents. Parents often worry
that addictive consumption at early ages may imphildren’s health and cognitive
development, and may decrease their motivationttema@ school via peer effects or
prohibitions at their school, resulting in lowerbda productivity and thus lower
incomes throughout their lives. Over the last tweratles, many economists have
analyzed the causal effects of addictive consumptio educational outcomes (e.g.
Cook and Moore, 1993; Bragt al, 2000; Registeet al, 2001; Dee and Evans, 2003;
McCaffrey et al, 2009). The present paper extends these effgriavestigating the
effects of youth smoking in a developing countrptext’

Unlike other abusive goods, such as alcohol andumag, the detrimental effects
of smoking on learning abilities are less publidizA large number of clinical studies,
however, have clearly shown the negative impactiadtine on the brain development
and cognitive abilities of adolescent smokers, \ehmsins are particularly vulnerable
to the neurotoxic effects of nicotine (Trawthal, 2000; Jacobseet al, 2005). The
negative effect of smoking is more severe the eatlie age of the onset of smoking
(Knott et al, 1999; Counotteet al, 2009). Adolescents who are daily smokers are
found to have impairments in their working memaapd they perform poorer in
various tests of cognitive abilities than their smoking counterparts, irrespective of
the recency of smoking. In addition, abstinence bame a much greater adverse
impact on teens than on adults (Jacoleteal., 2005). Moreover, youth smoking may
also affect learning through its effects on healtidl nutrition. Cigarette smoking can
cause serious health problems among children aedsteincluding coughing,
respiratory illnesses, reduced physical fitnesgrdang growth and function, and
worse overall health (USDHHS, 1994). Because sngpldan interfere with the

absorption of such vital nutrients as folate andmin B-12 (Gabriekt al, 2006), it

1 Approximately 80% of the world’s smoking populatilives in developing countries, with China alone
accounting for more than 30%. Nonetheless, mosteéxisting literature studies youth smoking amloissance use
in developed countries. Teenagers in developingtci@s face rates of return to education, workiptiams, and
social attitudes towards smoking that are substiintifferent from those in developed countrieeeTapparent
shortage of such studies in developing countrieméof the main motivations for this study.
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increases the risk of nutrition deficiency and ai@mvhich are known to lead to
reduced learning (Glewwet al, 2001)?

In addition to the biological effect, smoking mdgareduce students’ motivation
to go to school and their study efforts. For exemm China, smoking is strictly
prohibited in school, as required by law. HoweVeecause there is no law that
specifies a legal minimum age for smokiogtside of schoplstudents have more
freedom to smoke away from the school campus. Tiwereaddicted teenage smokers
may have a stronger incentive to skip classes op drut of school than their
non-smoking counterparts. Lastly, poor academidopmance due to the biological
effect can aggravate students’ motivation to leara, reduced interest in studying,
reduced expected returns to education, and lowpeaations from their parents
regarding their future academic performance.

In contrast to the extensive clinical studies désed above, little effort has been
made to test whether the causal effects foundoar&tories hold in observational data,
and whether smoking indeed affeatslucational outcomes rather than learning
abilities measured in a laboratory setting. On the one htrednegative effects of
smoking may be worse in real life than in labonarOnce teenagers start smoking,
they may join a circle of peers who are less médiwao study, which may lead to a
substantial reduction in their educational effol®n the other hand, the negative
effects of smoking on teenagers’ learning abilitiessy not be large enough to reduce
their school performance significantly. Moreoveuntan laboratory experiments are
usually conducted with the subjects who volunteeparticipate, and the smoking
status of the subjects is often predetermined. &beg, findings based on comparisons
of the outcomes of smokers and non-smokers whantedu for these studies are likely
to suffer from bias due to self-selection of papants.

Health and education are two important forms of &angapital, and both are

2 Some smokers may believe smokieghanceslearning, at least for a short period. Clinicalidies appear
inconclusive about this effect. Some studies hawd that nicotine can reverse abstinence-induestings in
attention, memory and motor response to the ldwefisre abstinence for nicotine-dependent indivislieleishman
et al, 1994). However, such enhancing effects usualyplen within a short period immediate after smoking
the symptoms such as craving, anxiety, irritatfatigue, headache, difficulty in concentration caeur as early as
30 minutes following smoking (Hendricket al, 2006). Some previous studies have also obseshed-term
positive effects of nicotine on sustained attentiord motor response for individuals who are noticidd to
nicotine (Fouldset al, 1996). However, other studies have found nuleyKampet al, 2005) or negative effects
(Poltavski and Petros, 2005) of nicotine among Inathdeprived smokers and non-smokers.
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endogenous. In recent years, a sizable econontesatlire has investigated the
interrelationship between these two choice vargb@n one hand, economists have
long argued that healthy children learn more, amekhused several different methods
to empirically identify this causal relationshipdeGlewweet al, 2001; Dinget al,
2009). On the other hand, others have investigathéther there is a causal
relationship in the other direction, focusing ore titmpact of education on health
outcomes. Such efforts are complicated by the exé& of unobservable “third
variables” such as preferences and abilities, whichy influence both decisions
simultaneously (e.g. Farrell and Fuchs, 1982). Témslogenous interrelationship
between health and education complicates our effortlentify the causal effect of
youth smoking on educational outcomes.

This paper uses an instrumental variable (IV) apgioto investigate the
educational impacts of youth smoking, utilizing aldtom the Gansu Survey of
Children and Families. We explore the effects afitiosmoking on two educational
outcome variables: (1) “educational achievement$ mmeasured by students’
standardized test scores; and (2) “educationahatent”, as measured by total years
of schooling. We exploit cross-sectional exogeneasation in alcohol vendors and
food prices to instrument the smoking decision. G8CF data are less likely to suffer
from bias due to omitted “third variables”, becatisey contain rich information on
various household and community characteristicswalf as school and teacher
attributes, which were rarely available in previstisdies. Furthermore, the GSCF data
contain information on smoking intensity, as meaduby the amount of cigarettes
smoked per day over the previous month. Since vpeaxthat regular smoking has
more adverse effects on learning than experimestabking, the information on
smoking intensity should help to identify more aetely the impact of youth smoking
on educational outcomes. Because smoking interssitgnsored at zero, however, we
need to correct for both censoring and endoger@dyg of the smoking intensity
variable. For this, we employ a two-step IV estionah the spirit of Heckman (1978)
and Vella (1993): we first estimate a Tobit modeklee smoking decision, and then
estimate the second stage regression using thef@@dmoking intensity.

The results provide support for a negative impattyouth smoking on

educational achievement, particularly for the lesgn of mathematics. After
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accounting for endogeneity, smoking one additi@gdrette per day for daily smokers
aged 13-17 will lower their scores on the math examapproximately 0.1 standard
deviations. On the other hand, we find little effef youth smoking on reading
(Chinese) test scores. Moreover, we find no evideot a causal effect of youth
smoking on either total years of schooling or diogpout. Yet we do find strong
empirical support for the (differential) effects péarental smoking. Children whose
fathers smoke are significantly more likely to smpénd to smoke more.

To our knowledge, few studies have used obsenaltidata to investigate the
causal effect of smoking on educational outcomesvéver, a number of studies have
used approaches similar to ours to investigatetieets of drinking and marijuana use
on educational attainment. Cook and Moore (199@dusoss-state variation in the
minimum legal drinking age (MLDA), while Dee and d&hs (2003) exploited time
variation in the MLDA as instrumental variables d¢ontrol for the endogeneity of
youth drinking. Brayet al. (2000) and Registegt al (2001) studied the impact of
marijuana use on educational attainment in higloalshin the U.S., using earlier use
of marijuana and the residence in a decriminaligede at age 14, respectively, to
instrument marijuana use. McCaffreyal (2009) used a two-step estimation approach
to investigate the effects of marijuana use in gsad-10 on dropout in grades 9 and
10.

In China, there is no law that specifies the mimmiegal smoking age. Instead,
we explore the exogenous variation in the supplglodhol and the price of food, both
of which may influence the consumption of cigarett€éhese aggregate-level factors
are unlikely to be correlated with individual-levahobservables that affect both
smoking and education decisions, especially aftartrolling for the grade fixed
effects, school fixed effects and major regionalrelsteristics, such as wage rates and
school availability. The validity of our instrumeanhtvariables is also supported by
various statistical tests.

The rest of the paper is organized as follows.i8e@& presents a dynamic model
of consumer’s smoking and schooling decisions & gpirit of Becker and Murphy
(1988). In Section 3, our identification and estima strategies are discussed. Section
4 discusses the data and provides background iat@mon youth smoking in China.

Section 5 reports our results, and Section 6 coeslu
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2. Theoretical modd

We model consumers' intertemporal smoking ashdca&tional decisions in the
spirit of the rational addiction model of BeckerdaMurphy (1988) to translate the
finding of recent clinical studies that smoking negatively affects cognitive and
learning abilities- into behavioral relationships that may be ideatifand estimated in
observational data.

A consumer's preferences in each period arenatefover a numeraire
consumption goodx, and smokings. Following Becker and Murphy, it is assumed
that the addictive good contributes to an addictive stock, that also enters the
consumer's utility. The one-period utility is thgisen by u(x;, s¢, A¢).

Past consumption of cigarettes can influenceeati and future consumption
decisions through: (a) its effect on the marginaity of consumings, and (b) its effect
on current and future utility due to adverse healtinsequences or discomfort
associated with addiction. More specifically, weswameu,, > 0, which implies the
marginal utility of smoking is higher iA is high, andy, < 0, which means the
marginal utility of addiction is negative.

The addictive stock in periodl depends on the amount of smoking and the

addictive stock in periot

Ary1 = f(st,Ar) (1)

The more one smokes during this period, or the maeshas smoked in the past, the
more addicted one is to tobacco in the next perisd:f;, f, > 0. Moreover, the
addictive stock "depreciates” over timé¢he longer one abstains, the less addicted one
IS.

In addition, we extend the Becker-Murphy motteincorporate the consumer's
educational decisions. The educational achievelfnemnowledge and skills attained)
at the beginning of period1, E;.;, depends on the educational inputs in petjog,

and educational achievement at the beginning abgér E;:



Eii1 = Yh(e, Ep) (2)

where ¥ > 0 is a parameter that describes productivity of etiocal inputs
conditional onE;, andh is an education production function witfy, hy > 0. We
emphasize here that, according to the finding ofiadl studies, the learning
productivity v is endogenous and indeetl) / dA < 0, but we assume that the
consumer is unaware of this negative impact of sngp&n learning. This assumption
is plausible because the effects of smoking on itwgrabilities are seldom publicized,
particularly in developing countries.

The educational input; includes time and labor devoted to studying ad asl
material inputs. It is assumed that the consumendowed with a constant amount of
time in each time period, which is allocated betweeing to school and working.
That is, if e, increases, the time allocated to working will dase and, therefore,
income falls in that period. We thus assume thebnme I, in each period decreases
with educational inpute, and increases with educational achievemgént As in
Becker and Murphy (1988) and Becker, Grossman,Mumgbhy (1994), the consumer
lives infinitely and any effects &f or A on the consumers' length of life or other types
of uncertainty are ignored.

Given this setup, the consumer chooses an aptioonsumption path

{x¢, St et}zo, maximizing the discounted sum of utilities:

Yoo 0 uxe sp Ar) (3a)
subject to (1) and (2), and the intertemporal budgastraint:
X + peSy + weep + (1 +1r)Bi_q < I(et, Er) + W, + By, (3b)

where o is the consumer's time preferengg, is the price of cigarettesy; is the
price of educational inputs,is the interest rate (assumed constant, as indBekd
Murphy) and B; is intertemporal borrowing. For simplicity, assuthato=1/(1+r). In

earlier periods (e.g. teenage years), the consunmsyr obtain positive non-labor
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income W, > 0, which is assumed to be exogenous. This budganbalcondition is
consistent with the idea that some families ply to cover educational costs, living
expenses, and basic leisure expenditures untitreml mature and attain sufficient
skills to earn adequate incomes. Yet other pooili@sndo not pay for these costs, and
therefore their children may start working at arlyeage, before acquiring a high level
of education.

Given certain regularity conditiohs the maximization problem (3) can be
reformulated as a recursive dynamic programmingblpro (Stokey, Lucas, and
Prescott, 1989):

v(A,E,B) = maxy g pr[u(x,s,A) + 8 v(A',E',B")] (@)

where primes indicate variables’ values in the meettod. Substituting the constraints,

we can rewrite (4) in terms of current period deciariables:

v(A,E,B) = max,s{u(x,s,A) + 6v[f(s,A),Yh(e,E),x + ps + we
+(1+7r)B—1I(e,E) — W]} (5)

The first-order conditions are:

O =uU,+0vp =0 (6a)
Qs = Us — PUy, +O6V,4f; =0 (6b)
Yo = (6vg/u)Yh, —w+1, =0. (6¢)

Equation (6a) is the standard condition that thegmal utility of other consumption in
each period equals the marginal utility (or shad@iue) of money. Equation (6b)
implies that the optimal cigarette consumption éegighe marginal utility of cigarette
consumption with the current price of cigaretteailiplied by the shadow value of

money) plus the discounted marginal effect on futukility from increased addiction.

3 These conditions include (a)is concave ix ands for every feasiblé, (b) f andh are bounded, real-valued
functions ofs ande, respectively, for every feasilbdeandE, and (c)lim, ZZO 8tu(xy, s, A;) exists for every

feasible sequence di;, s;, et};zo- Condition (c) holds if, f, h, andl are bounded and non-empty valued.
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Similarly, equation (6c) implies that the optimadueational input in each period
equates the discounted marginal gain in futurenmestreams from education with the
costs of education.

The current period optimal decisions are thucfions of state variabl€s, E, B)

and exogenous parameters of the model:

S: = Q)S(Ati EtJBt;th W, Wt' l/J, 5,u,f, h, I) (7a)
e; = Qc(Ap, Et, Be; Doy We, Wi, ¥, 6,u, f, b, 1) (7b)

The objective of this study lies in identifying theffects of smoking in the
observational behavioral data. According to thenicll studies,dy/dA <0 and
dA/ds > 0, which together implydy/ds < 0. The question then is, how a decrease
in y due to smoking translates into educational inmjtsand E;,,. The following
proposition shows that itly/dA < 0, an increase in smoking decreases bgthand
E{,; conditional on educational achievemdrjtup to periodt. The poof appears in

the Appendix.

Effects of Smoking on Education: Suppose that the value function v of the recursive
dynamic programming version of the model (1)-(33tsexis twice-differentiable, and is
concave in endogenous arguments. Then conditianadacational achievement up to
period t, Ef, both the demand for education inpeft and educational achievement
E{,, decrease with a decrease yn Because smoking decreasgsan increase in

smoking has negative effects on both educatiortsrgnud educational achievement.

A few caveats are in order. First, the effdcsrmoking on educational outcomes,
dE{,,/ds{ < 0, might arise either directly from reduced learnatglity or indirectly
from reduced demand for educational inputs, or .bdthus strictly speaking, the
identified effect of smoking is a behavioral rebaiship, not the structural (clinical)
relationshipdy/dA < 0. Second, this model implicitly assumes that thdividual
makes decisions without information @h)/dA < 0. That is, the individual observes

v, but is not aware of the effect of smokingwanOnce fully informed of this negative



effect, the individual's demand for cigarettes wiodécrease because it would add to
the (marginal) costs of smoking in Eq. (6b).

In the empirical specificatiorf; is approximated by test scores in y¢and
Yt _,er by years of schooling up to yearThe obvious endogeneity arises because
common factors affect both smoking (and A7) and educational inpu¢; (and E}).

The next section will discuss the identificatioragggies to address this problem.

3. Econometric Mod€

This study attempts to identify empirically the sal effect of smoking on
educational outcomes for teenagers, while takirtg #ccount the endogeneity of
smoking choices. We focus on two types of educaticoutcomes; educational

achievement and educational attainment.

3.1. Educational achievement (test scares)

To analyze the effect of smoking on educationaliea@ment, we explore the
cross-sectional variation in students’ standardeeates on Chinese and Mathematics
tests. Standardized test scores are commonly usedneasures of educational
achievement in a given year. Singeés a function ofs*, we can rewrite equation (2) as
Ef,1 = o(sf,ef, Ef). Substituting (7b) and linearly approximating tleguation, we

obtain:

Ei = X{B1+YS; + &5 (8)

where S is observed smoking behavior, aixd denotes a vector of covariates,
including the constant term, that can influencerneg outcomes, such as academic
inputs, years of schooling, and learning efficiency

There are three empirical challenges to estimagimpgation (8). The first is the
endogeneity of the smoking variable; S is likely be correlated withe; due to

unobserved “third variables”. For example, a “rébak” child may take up smoking



and drop out of school. Secondly, OLS estimate=qagtion (8) may also suffer from a
downward bias because of measurement errors irsiieking behavior variable.
Though there is no legal smoking age, smoking uaderof 18 is strictly forbidden in
China. Teenagers thus tend to under-report thenksrg status. The reporting errors
are likely to be more serious when parents or dchothorities are present when the
survey is administeretl.Lastly, the smoking variable may suffer from a sming
problem. This study considers two smoking variabl@s whether one hagver
smoked; (ii) the amount of cigarettes smoked pgridahe most recent month. We
anticipate that the latter offers more informatweziation in smoking behavior, and
thus it is our preferred variable. However, thisialale equals zero for non-smokers
and for light smokers who may have not smoked ety enough to report smoking
within the most recent month. All of these probleras lead to inconsistency of OLS
estimates.

To address endogeneity and measurement error, oy ad instrumental variable
(IV) approach, using the number of registered alt®endors and a food price index
as the exogenous instruments. Teenagers’ demaruigkmettes is mainly determined
by their total budget, or pocket money. The suppiyalcohol and food prices are
expected to affect the household consumption obhalc and foods, resulting in a
change in the household expenditures and the bugetable for children’s pocket
money. We do not use the overall price index bexdiusaptures the prices of some
educational inputs and can directly affect educati@outcomes.

In order to qualify for a valid IV, the availabyitof alcohol and the food price
index should not be correlated with the unobseesbhffecting educational
achievement. Thaggregate-levetross-sectional variation in the food price indexi
the alcohol supply are unlikely to be correlatedthwthe individual-level or
household-levelunobservables. Of course, there remains some wgoratgout the
potential correlation between our IVs and tdoenmunity-levelinobservables that may

affect educational achievement, such as unobsengablool/teacher quality and some

4 For example, the GSCF survey collected data on ysmtiking behaviors in two ways. The first was biras
groups of teenagers to complete a questionnaineyamausly in a closed room without school officiatsfamily
members present, while the second way used a sthhdasehold survey questionnaire implementedeat th
teenager’s home, in which anonymity is not guaeaht&hese two different survey protocols generatssiclerably
different rates of smoking among teenagers ageti71&bout 12% using the former versus only 7% usiiedatter.
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aspects of community environment. To address thme@rn, we control for the grade
fixed effects, school fixed effects and some mammmunity characteristics such as
the availability of schools and the average wagesran each village. Note that there is
still variation in our IVs within school, becaushkildren from different communities
may attend the same school.

To account for the large number of zero observationthe cigarettes per day
variable (or the discrete nature of the ever-smakadble) in conjunction with the IV
strategy, we employ a two-step estimation stratégy.the ever-smoked variable, we
first estimate a probit model against all of theogenous variables, including the
excluded IVs. We then substitute the predicted sngpkprobability into the
second-stage linear model for test scores. Thisstep estimation provides consistent
estimates and thus is recommended when the binadogenous variable is
determined by a continuous latent variable thassge a threshold (Heckman, 1978).
Yet, the two-step estimation is known to yield k@sovariance estimates. Hence, we
estimate the standard errors in the second stageoatstrapping.

Because we have a large number of zero observatigdhe amount of cigarettes
smoked per day in the most recent month, our pedesmoking variable, we use a
Tobit specification in which the observedis determined by the latent demand for

cigarettesS™:

S; =S ifS{ > 0; = 0 otherwise 9
S = ZB, + &5 10}

We assume that the error terms are normally diged with zero means, variances

og,» Og, and covariances, .,. Since some of the variables ¥, such as family

2

background and personality, may also affect youatblsng behaviors, the vector gf
also includes all the explanatory variables X7 in addition to the excluded
instrumental variables that affect only the smokaggision Following Vella (1993),
we first estimate a Tobit model in equation (10)ngsall the instruments. The
predicted amount of smoking is then used in themgctage linear model of test

scores. As suggested by Vella (1993), we can a8mate the effect on test scores of
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latent smokingS* as follows:

E(S{1S) = LZ{By + (1 — ID{Z{B2 — 5, $i(1 — EI31)_1}- (11)

where Ez and G.,are the Tobit maximum likelihood estimates apequals 1 ifS;
IS uncensored, and zero if otherwise. The PDF &rdAaDF of the standard normal
distribution, ¢; and ®;, are evaluated aZ{PB, /5, .

To control for heterogeneity in learning abe and educational inputs, we
include, as exogenous variables, parental educatimh smoking status, personal
characteristics, and household income and landsag3arental education and smoking
may reflect the innate ability of children and pedet preferences for children's
education. Parents with higher education are mi&sdylto help their children with
schoolwork. Parental smoking may expose childresettondhand smoke on a regular
basis, which can have serious health effects oldrei, such as low birth weight,
respiratory problems, and cognitive impairmentsuséhold income is an indicator of
resources allocated to children’s education (eécher parents can spend more on their
children's schooling). Household land assets arth k@ measure of household
economic resources and an indicator of the houdeatexd for child labor. Total years
of schooling in the previous time period is alsatcolled for; however, since years of
schooling may be correlated with some unobservedhas, the age variable is used
instead to approximate years of schoofing.

3.2 Years of schooling

Our model predicts that if youth smoking decreafes expected returns to
education, it should also reduce the demand focaehn. Children (and parents) may
be unaware of the detrimental cognitive effect @fith smoking (and hence, the effect
on the education returns). However, they may stiBerve the signal from their lower

school performance that they have the low retusredtucation.

5 More than 99% of the children in the sample usedtfe test score regressions were currently emratischool.
Therefore, their ages can be used to approximateytbars of schooling.
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To estimate equation (7b), we estimate a twgestensored ordered probit model,
with total years of schooling as the dependentaldei The censored ordered probit
specification is used because: (1) observed yeaclodoling, which is a categorical
variable, reflects a continuous latent demand thrcation; (2) our sample includes
children who are currently enrolled in school, fenom the final years of schooling
have yet to be observed. Thus their observed y#asshooling are "right-censored"
and provide only a lower bound of their final yeafschooling. Failure to account for
this censoring would yield parameter estimates thad both inconsistent and
inefficient (see, for example, Vella, 1993; Glewaed Jacoby, 1994; and Zhao and
Glewwe, 2010).

Let y; = Yi_,el; denote the latent continuous demand for educdtimpats
and lety; be the observed years of schooling ifdh child. Following Glewwe and

Jacoby (1994)y; and y; are related to each other as follows:

yi =XiB3+8S; + 1y (12)
yi=j,if 1 <y; <6 forj=1,..,m (13)

where the elements @ are coefficients associated with all covariateX jrandm is
the highest level ofy;. Again, the smoking variabl§ is endogenous. As in
Subsection 3.1, we use two alternative measuresnaiking behavior. When the
current amount of smoking per day is used, the rebdevariableS is related to the
latent demand for smoking* as in the system (9) and (10).

Assuming thatn, is i.i.d. and follows the standard normal distribution, the
probability that y;=j is Pr(y; =jIX;) = ®(6; — X{B3 — 8S;) — ®(6;_, —
XiB3—36S;) where @ is the standard normal CDF. If persiois currently enrolled in
yearj, all we know is that her final years of schoolwmtj be greater than or equal tp
Hence, the probability of observingyears of schooling should b@r (y; = j|X;) =
1-®(6;_, —X{B3—8S;). Let ;=1 if y;=j and I;=0 otherwise.
Furthermore, letd; =1 if y; is censored andi; =0 otherwise. Then the log

likelihood given the sample size N can be expressed
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InL(B3,8,0) =YL, X2 I {In[P(6; — X{B3 — 551)1_di — (6, — XiB3 — 8S;)]
(14)

If S were exogenous and uncensored, maximizing theealmmrlikelihood function
yields the consistent and efficient estimategBgf &, and 6.

However, we have the same empirical challengessasigbed in Subsection 3.1.
To address them, we adopt an IV approach baseldeotwb-step estimation procedure
employed in Rivers and Vuong (1988). We call thelel@ two-stage censored ordered
probit model (2SCOP hereafter). As in Subsectidh e procedure involves two
steps: the first stage estimates a Tobit modelpadicts the exogenous variation in
smoking choice by instrumental variables, whichthen substituted for S in the
log-likelihood function (14); and we then estimgiarameters using the standard
maximume-likelihood procedure. Again, the local daaility of alcohol vendors and
the food price index are used as IVs to correcefatogeneity and measurement error

bias.
4. Data and background

The first wave of the Gansu Survey of Famil@sd Children (GSCF) was
conducted in the year 2000. Data were collectechfa random sample of 2,000
children in rural areas of Gansu province who waged 9-13 years in that year. The
sample was drawn from 20 counties that were rang@mlected from all the major
regions in Gansu. Within each of the counties, ¢0ildren were randomly selected
from the rural areas of those counties, yieldirgample of 1,078 boys and 922 girls.
Comprehensive data were collected through interwiefthe sampled children, as well
as interviews of their parents, teachers and sghraatipals.

In 2004, the same children were interviewed adafrthe original 2,000 children,
131 were not re-interviewed because of the follgwieasons: 108 children moved out
of the county, 8 children died, 4 children werei@agsly ill, 2 children’s parents were
divorced, 1 household refused to be interviewed,&for unknown reasons. Moreover,

24 observations were dropped due to the difficuitynatching data from the school
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survey and the household survey. Therefore, oudyseample consists of 1845
teenagers aged 13-17 in 2004. Tests were not astenied to the 204 sample children
who had dropped out of school by 2004, which catisesample size for the analysis
of educational achievement to decrease to 164hoAgh the GSCF was conducted in
both 2000 and 2004, the first wave of the GSCFmditd ask questions about youth
smoking, so this study mainly uses the 2004 GSQO®, dathough some baseline
characteristics are used from 2000 GSCF.

One of the main educational outcomes of interegdigcational achievement, as
measured by scores on academic tests of math amegehskills, the two major
subjects taught in primary and secondary school€hma. More specifically, the
GSCF collected comprehensive information on scafetests administered by the
school from the homeroom teacher of each samplil.&hi Homeroom teachers
usually have accurate records of previous testescof the students in his or her
homeroom class.

The test score variables used in our analysisteeatverages of the final exam
scores in the last two semesters for math and &&irie China, end of semester exams
are usually given in the middle of January (endatif semester) and the end of June
(end of spring semester). As the GSCF surveys w@rducted in the July of 2004, the
test scores of the two most recent semesters ase fhom the exams given in January
and June of 2004. There are two major reasons vehyse the averaged scores: (1) the
majority of teen smokers started smoking well aheaithese exams and, therefore,
their performance during these exams is likelyawgehbeen affected by their smoking;
(2) averaged scores should reduce random errdheitest scores. Because the exams
are usually different across grades, we standaftiizeiest scores by the means and
standard deviations of each grade level to makeedsiescores comparable. Table 1
provides a comparison of the educational performarsfcsmokers and non-smokers.
Comparing the mean test scores at different pakesrfor both math and Chinese
scores., at most of the percentiles, the mean atdizeéd test scores of smokers are

clearly lower than those of non-smokers, for bathjacts.

6 In China, students are usually assigned to a home room class and stay in the same home room class
until they graduate. A homeroom teacher is in charge of the administrative activities of a home room
class, including keeping records of the students’ profile, taking attendance, supervising students’
overall performance, helping to solve students’ problem, etc.
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The other educational outcome investigatethimstudy is educational attainment,
measured by total years of schooling. As discugse&Ection 3, since the children in
the sample are teenagers, we observe the totad péachooling only for those who
have already left school. In our sample, 185 hdidsiehool by 2004; their average
years of schooling is 6.7 years. These childreelé-reported reasons for leaving
school include unwillingness to attend school, ricial difficulty and academic
difficulty. For those currently enrolled in schotiie highest grades they will attain will
be equal or greater than their grade attained @4 28s the survey was conducted right
after the end of the 2004 school year. On avetthgetotal years of schooling is 7.2 for
those currently enrolled. Surprisingly, Table 1 whothat the average years of
schooling of smokers is slightly higher than thlihon-smokers. This may be due to
measurement errors in smoking variables for drapdBécause some dropouts live at
home, their smoking behaviors could be under-regobecause their interviews were
conducted at their homes, where anonymity was n@rapteed (as opposed to
interviews conducted at schools, where questioasairere completed without adults
present).

Table 2 presents descriptive statistics for the kayables used in the analysis.
On average, 12% of the GSCF sample have smokeshsit bnce. Among those who
have smoked at least once, only 7 started to smaft&edropping out school. To avoid
reverse causality, e.g. teenagers smoke due tor ledugcational attainment, these 7
observations are excluded from the analysis. AB&&t of ever-smokers report having
smoked a positive amount of cigarettes per dayénprevious month. Of these, the
average daily number of cigarettes smoked wasApproximately 40% of smoking
teenagers reported that they smoked in their faehduses, 31% smoked in school,
28% smoked at home, with about 20% smoking in pubti at social events.Note
that, although smoking is forbidden in school, matydents still secretly smoke in
school at the risk of being caught and penalizedsdlyool authorities. The typical
penalties for students who smoke include a verlaining, a serious warning or a
demerit recording. In more serious cases, the stadmay be placed on probation,
asked to withdraw or expelled from the school. Huggests that many smoking teens

7 These percentages do not add up to 100% becausplentésponses were permitted.
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experience cravings for cigarettes that are toongtrto resist, even during school
hours.

The counts of registered vendors of alcohol areutaled based on registration
records from the online database of China's Departraf Commerce. Unfortunately,
these data are available for only about 40% ofGBEF sampfé Note, however, that
there are no systematic differences between thelsanwith and without data on
alcohol vendors, which suggests little concern alsample selection bias due to
missing information on alcohol vendors. To furtlvenfirm this, regression analyses
are shown for both the full sample and the subsarfgil which the alcohol vendor
information is available. This issue is discussedmore detail when the results are
discussed below.

The proportion of fathers who smoked is 77%, 82%téens who smoked and
76% for those who did not. The rate of smoking aghenothers is very small
compared to that of fathers. In fact, only 7 outtled 1845 mothers report that they
have ever smoked. This is consistent with the loewg@lence of female smoking in
many developing countries. The female smoking iadightly greater for teenagers,
though. Approximately 4.5% of ever-smokers are femanhile the other 95.5% are
male.

As household incomes are usually measured withtaotl errors, we use
household expenditures as a more reliable indicdtbouseholds’ economic resources.
However, there are still some concerns about emadtebias when using household
expenditures as a regressor. For example, schopbdts may contribute to household
expenditures. Since very few of the sample childrad dropped out of school (and
none reported that they were working) by the yd#i02(when they were 9-13 years
old), we use household per capita expenditures d002to measure household

economic resources.

8 The online database of China’s Department of Commerce is still under construction. Since some
counties in Gansu haven’t yet joined the database, information on registered alcohol venders in those
counties is missing.
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5. Results

5.1 Determinants of youth smoking

The results of the first stage regressions arertegppon Table 3. As discussed in
Section 3, we report results for two measures oftty@moking: (i) whether one has
ever smoked @ver-smoking henceforth); and (ii) the number of cigaretteso&ed
per day in the past monthc{frrent smoking intensity The estimates of a probit
regression for the first and a Tobit regressiortliersecond are reported in columns (1)
and (2), respectively. All the regressions contoolall available covariates, distances
to the closest lower and upper secondary schomsdedixed effects, and school fixed
effects. The robust standard errors are reportparientheses.

The number of alcohol vendors and the food pridexnare negatively associated
with both measures of youth smoking, and are st at the 1% level. The negative
correlation implies that the increase in the supgilyalcohol and higher food prices
may induce parents to spend more on alcohol andisfaand cut back on other things,
such as pocket money for children, some of whomlavepend it on cigarettes. The
estimated marginal effects are generally largertfa “current smoking intensity”
regression than thever-smoking”. For exampl€gE[S|S > 0])/dvender = —0.006
and0E[S = 1])/ dvender = —0.001, which implies that participation in smoking is
often experimental and is less responsive to tesagduced budget.

Since our estimation hinges critically on the vig§iaf our 1Vs, we conducted a
likelihood ratio test for the explanatory powerandr 1Vs, following Kan (2007). Under
the null hypothesis that the IVs have no explaryap@wer to predict smoking, the test
statistic follows a Chi-squared distribution withdegrees of freedom whekeis the
number of excluded instruments and follows Famlistribution if divided byk. The
calculatedr-statistic should be close to or greater than 1thkyStaiger-Stock (1997)
criterion. Since the Chi-squared statistic from libg likelihood ratio test is 23.77 for
the “ever-smoking” regression and 17.13 for therfent smoking intensity”, the
F-statistics are 11.9 and 8.6, respectively, indicathat there is little reason to worry
about the weak instruments problem.

We also find that parental smoking has a signiticaipact on children's smoking
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behavior: teenagers whose fathers smoke are nialy io smoke, and smoke more
per day if they smoke. If a father smokes, the abdliy that his child also smokes is

4% higher than those of non-smoking fathers. Moeeolis child smokes 0.23 more

cigarettes per day than his counterparts. Unfot&ipasince very few mothers report

that they smoked in the GSCF sample, we cannomati the effect of mothers'

smoking on children’s smoking choices. A possibdplanation of the effect of fathers’

smoking is that living in a household where a pasemokes makes it much easier for a
teenager to obtain access to cigarettes. Morechddren learn from their parents —

observing their own parents smoke may make thenerestimate the adverse health
consequences of smoking.

Interestingly, although not significant, wedithat father’s education is positively
associated with youth smoking, while mothers’ etiocahas a negative coefficient in
both regressions. These results are pretty consistalifferent specifications that are
not reported in Table 3, which reflects the faattimothers may have more say in
children’s education in China. In fact, accordiogthe GSCF data, the probability for
children to report that they have been informedh& harmfulness of smoking by
parents is significantly higher if their motherdueation level is higher, which
indicates that improving mothers’ education mayehavpreventive effect on youth
smoking.

Furthermore, household economic resources hegative effects on youth
smoking, suggesting that youth smoking is an infegood. Although children from
richer families are subject to looser budget camsts, they may be better informed of
the harmfulness of smoking, as they may have motess to information resources
such as the internet.

Lastly, age and sex are important predictons Hoth measures of smoking
behavior. Boys are much more likely to smoke, andsmoke more. Among all
ever-smokers, only 4.5% are girls. In general, gshoking rate increases with age,
even after controlling for the grade fixed effec@hildren who are older significantly
are significantly more likely to have ever smokédrt younger children. The rate of
smoking increases from 6.4% for youth aged 13 t6%Sor youth aged 17.
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5.2 Youth smoking and educational outcames

Table 4 presents estimates of the effect of youtiokéing on educational
achievement, as measured by standardized testssmomnath and Chinese (averaged
over two semesters, using tests conducted in Jaramt June of 2004).The top
panel presents estimates of the effect of smokmgnath scores, while the bottom
panel provides estimates for Chinese scores. Segeessions were estimated for each
subject: columns 1-3 examine the effect on educatiachievement ofver-smoking
columns 4-7 investigate the effectafrrent smoking intensityAs discussed in Section
3, to correct for endogeneity and measurement dxias, we estimate the effect of
smoking using a two-step estimation procedure,gudie number of alcohol vendors
and the food price index as instrumental varialBexause the information on alcohol
vendors is missing for part of the sample, IV regiens can be estimated only for the
subsample that has that information. For compayi€its regressions are shown for
both the full and the partial sampfeThe IV estimates are reported in columns 3, 6,
and 7, respectively, for each of the measures afksrg!' The two regressions in
columns 6 and 7 correspond to the IV regressionsguthe predicted observed
smoking intensity variable (column 6) and the pecesti latent smoking intensity
variable (column 7). The standard errors for alb4step IV estimations are obtained
by bootstrapping, using 300 replications. All resggiens include all the control
variables reported in Table 3 as well as gradedfedéects and school fixed effects.

In both the OLS and the two-step IV regressi@wer-smoking status does not
have a significant impact on students’ academidopmance on either Math or
Chinese tests. The estimated coefficients do stigdespite their lack of statistical
significance, that smoking has a negative impacdi contrast, the estimated
coefficient of current smoking intensity is sigodntly negative for Math in the
two-step IV regressions. Although the OLS estimatiesurrent smoking intensity are

also significant for Chinese test scores, the amefits are insignificant in the two-step

° Regressions that use only the January scores pit@nlune scores give similar, though slightlyg lesecise,
results.

10 1n general, the magnitude, sign, and statisticaliicance of the estimates for the two measufe@ath
smoking do not differ significantly between thel fahd the partial samples.

11 We also estimate the regressions for the full sanysieg only food price index as the IV. The resalte
similar but less robust, which is mainly becausd the food price index alone appears a weak V.
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IV regressions. According to the IV estimates, simgkone additional cigarette per
day decreases the test scores on math by appreyntatll7 standard deviations.
Since the average teenager who smokes is smolbngjdarettes per day, smoking can
have a large effect on math test scores: approgign@t4 standard deviations of a test
score. Comparing the IV estimates and those ofth®, the magnitude of the impacts
of smoking intensity increases for math, while kcreases for Chinese, after
controlling for endogeneity and measurement ernas.b

These findings are consistent with expectationsdi8sussed in Section 4, most
ever-smokers are experimental smokers — about 73#em did not smoke in the last
month before the interview. Experimental smokersidbsmoke on a regular basis and
thus are not addicted to cigarettes. Similarly,ul#d % of the current-smokers do not
smoke more than 1 cigarette per day. Some of tres&ers may well be experimental
smokers. We interpret the insignificance of thetipgmation of smoking as suggesting
that experimental smoking does not lead to regsiaoking, that is to addiction to
cigarettes. Therefore, it does not substantiafigcafeither the amount of effort devoted
to study or the cognitive learning ability.

That the magnitude of the estimated coefficianteases for math but decreases
for Chinese after controlling for the endogeneitgsbimplies that the measurement
error bias dominates the omitted variable biasMath while the opposite is true for
Chinese. We conjecture that the difference ishjike come from the extent of the
omitted variable bias, since the extent of the mmeamsent error bias is likely to be
similar for Math and Chinese.

Why does smoking affect the learning of matl &@hinese differently? There
are several possible reasons. For example, thaidgaof math and Chinese may
require a different set of cognitive abilities winiare biologically affected by nicotine
differently. Another possibility is that learning these two subjects may demand
different amounts of effort and study time. In parar, Chinese is the students’ native
language. The learning of one’s native languagesisally influenced by many other
factors that are not likely to be interfered by &mg, e.g. interest in reading Chinese
novels.

The Vs easily pass standard overidentificatiests for the current smoking

intensity regressions, but not for the ever-smokiegression. The problem is that
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there is something in the ever-smoking regressioor éerm that is correlated with the
IVs, but it is not in the error term in the othegression. Since the smoking intensity
regression passes the overidentification test hadvieak instrument test, as discussed

in Section 5.1, it offers the most reliable estieat
5.3 Years of schooling

Table 5 presents the results of a censored orgeadiit (COP) that estimates the
impact of youth smoking on educational attainmest,measured by total years of
schooling. As in Subsection 5.2, there are sevgressions: columns 1-3 examine the
effect on educational achievement efer-smoking regressions 4-7 investigate the
effect ofcurrent smoking intensitfestimates are shown for both the full and theiglar
sample, for comparisoff. The same IVs are used, namely, the count of alcoho
vendors and the food price index. All the regrassimclude school fixed effects and
the same set of control variables as in the edutatiachievement specification.

Although our Vs pass the overidentificatioste the estimated coefficients of
youth smoking are insignificant for all specificats. There are several possible
reasons for this result. First, the smoking vagabimay be subject to substantial
sample selection bias in the years of schoolingesesgons, because a large number of
dropouts could not be interviewed about their smgkibehaviors and, when
interviewed, the dropouts are likely to under-réemmoking because anonymity was
less likely. Since dropouts tend to under-reportolang behaviors, we may be
observing a spurious “positive effect” — a largetipm of the children who drop out
are reported as non-smokers. With the two-stepsiihation, much of this spurious
effect seems to disappear — the estimated coeftgien youth smoking generally turn
negative. However, the spurious effect might nottepletely removed. Second, we
can observe the total years of schooling for orl%olof our sample and the rest 90%
are right-censored, which implies a lack of praxisin the left-hand side variable for
90% of observations. Third, youth smoking may haseerse impacts on learning (i.e.

its effect on test scores) but may have only mimgracts on years of education. Lastly,

2. A comparison of the estimates based on the folpéa and the partial sample confirms that thetittis reason
to worry about sample selection bias.
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we lack dynamic data on smoking behavior over tiAgdiscussed in the theoretical
model, years of schooling is the result of accutedladucational input decisions over
time. Without detailed information on the exactitimand intensity of smoking over
time, we may not be able to capture the real etiegbuth smoking on the demand for

education at each time period.

6. Conclusions

The detrimental effects of smoking on health hagerbboth well documented
and well publicized during the past several decadsoking is estimated to be
responsible for 5.4 million global deaths annugiyHO, 2008). Over 80% of these
deaths occur in developing countries. There aretadn@e billion smokers in the world,
of whom more than 80% live in developing countragsl about 3% live in China.
While adult smoking rates have slowly decreasediemeloped countries since the
early 1990's, the rate of youth smoking has stgaddreased in developing countries
(Chaloupkeet al,, 2000).

This study has investigated the effects of gaumoking on educational outcomes.
Using a rich dataset from China, this study haswshithat youth smoking has adverse
impacts on educational achievement. Smoking onareite per day at ages 13-17 is
estimated to reduce test scores in math exams bytalhl standard deviations.
Interestingly, students’ learning of Chinese issledfected by youth smoking. A
possible reason for the smaller effect of smokingl@arning Chinese may be that
students generally need more time and effort ttnl@aathematics than to learn their
native language. Moreover, the learning of Chireas® mathematics may also involve
a different set of biological cognitive abilitiegshich may be affected by smoking
differently.

Our results also indicate substantial parestfi@cts on youth smoking. Parental
smoking is one of the most important determinaiiteenage smoking. This finding
implies that a policy intervention targeted at péaé smoking may be a cost-effective
solution that kills “two birds with one stone” — may improve the health and

education of both parents and children.
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Reduced learning per year during adolescence isyportant addition to the real
cost of smoking, in terms of productivity loss graksible lower life cycle welfare and
income due to less educational achievement caugegobth smoking. Previous
studies have considered the medical costs of sgalansed diseases, financial costs
of smoking-caused morbidity and mortality, propelbgs in smoking-caused fire,
long-term special education care for low-birth-weigabies of smoking mothers, and
expenditures on tobacco prevention and controtsaf®&it al, 2004). The present study
argues that there is an additional cost to consider

There are two caveats to the results of thudystFirst, the loss in learning could
be underestimated since smoking may plausibly feditional adverse impacts on
learning at the college level. In particular, snmgkimay not have a large impact on a
decision to go to a college, but may affect theliquaf colleges to which students
who smoke are admitted. Second, since many childrenr sample are still in school,
we do not observe total years of schooling for th€hough we use censored ordered
probit to control for this issue, the censored dzda reduce the efficiency of our
estimates. On the other hand, a sample consistaiglynof adults with completed
years of schooling would suffer from substantiasm@porting of smoking behaviors in
their adolescence period. To address both of tlweseerns, future research may

investigate the effect of youth smoking on highaalgraduates' college admissions.
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Appendix: Proof of the Effect of Smoking on Educational Outcomes

Implicitly differentiate the system of equatso(6) with respect toy and e;. By
the implicit function theorem, we have:

det DPxx  Pxs (pxll)
d_(ilj = —% Psx  Pss (psw
Pex Pes (Petp

where A is the determinant of the Hessian of the objediivetion (5) and is0 since
the objective function is concave in endogenousraents.

DPxx  Pxs Qoxt,b s
DPsx  Pss  Psy| = _%he ['U-;zcg — UyxUsgs — 5vAuxxfss] =0
Pex  Pes (pell) *

By concavity of the utility functionu,,uss — u2, = 0. For the production function of
addictive stock,f;s >0 as a person gets more addicted to smoking when the
consumption of cigarettes is higher. Becadéey/u,)h, is the marginal benefit of
educational input which is positive, the term ie thrackets is non-positive. Thus we
have de;/dy > 0. Furthermore, educational achieveméiit, also increases witi
conditional onE;:

dEgyq|  _ * de;
av Iy, = h(ef,E;) + h, a0 > 0.
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Table 1. Comparison of Educational Performance of Smokersand Non-Smokers

Smokers Non-smokers
Obs. Mean Obs. Mean

Standardized math scores below 5th percentile 11 49-2. 72 -2.42
Standardized math scores below 10th percentile 26 98-1. 140 -2.04
Standardized math scores below 25th percentile 57 44-1. 353 -1.35
Standardized math scores below 50th percentile 111 .83-0 709 -0.77
Standardized math scores below 75th percentile 155 .49-0 1,077 -0.36
Standardized math scores below 90th percentile 181 .29-0 1,298 -0.14
Standardized math scores below 95th percentile 192 .19-0 1,367 -0.07
Standardized math scores for all 202 -0.11 1,439 0.02
Standardized Chinese scores below 5th percentile 132.42 70 -2.42
Standardized Chinese scores below 10th percentile 241.95 141 -1.93
Standardized Chinese scores below 25th percentile 641.29 347 -1.28
Standardized Chinese scores below 50th percentile 2 11-0.86 706 -0.77
Standardized Chinese scores below 75th percentile 5 15-0.52 1,077 -0.37
Standardized Chinese scores below 90th percentile 5 18-0.28 1,288 -0.16
Standardized Chinese scores below 95th percentile 8 19-0.18 1,359 -0.08
Standardized Chinese scores for all 202 -0.13 1439 2 0.0
Total years of schooling 222 7.77 1,622 7.07
Dropout (1=yes) 222 0.08 1,623 0.10
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Table 2: Descriptive Statistics of Key Variables (2004)

Standardized scores on Mathematics
Standardized scores on Chinese
Total years of schooling

Ever smoked (1=yes)

If ever smoked:
Age started smoking
Currently smokes (1=yes)

Cigarettes smoked per day last month
Usually smokes at home (1=yes)
Usually smokes at school (1=yes)
Usually smokes at friends' places (1=yes)
Usually smokes at social occasions (1=yes)
Usually smokes at public (1=yes)
Age
Sex (1=male)
Father's years of schooling
Mother's years of schooling
Father smoking (1=yes)
Mother smoking (1=yes)
Household expenditures p.c. in 2000 (yuan)
Log of household land assets G)nu
Distance from junior high school (km)
Distance from senior high school (km)
Average wage rate (yuan)
Counts of registered vendors of alcohol
Fiid price index

Obs. Mean S.D. Min Max
1,641 0.0 1.0 -45 4 2.
1,641 0.0 1.0 -5.1 2.4

1,844 7.2 1.8 0 12
1845 0.12 0.33 0 1
224  11.3 3.4 5 17
224 025 043 0 1
224 3.5 3.1 0 30
224 0.28 0.27 0 1
224 031 0.27 0 1
224 0.40.39 0 1
224 7 0.10.17 0 1
224 020 0.21 0 1

1845 14.6 1.2 13 17

1845 0.53 0.50 0 1
1,845 7.0 3.6 0 15
1,845 4.3 3.5 0 13

1845 0.77 0.42 0 1
1845 0.00 0.06 0 1
1,845 31,42982 130 13,876

1,839 2.0 0.8 -1.6 4.4
1,845 3.7 4.2 0 30
1845 120 127 3 0 80
1,735 184 6.7 8 50

716  21.6 30 0 99
1,788 113.4 2.7 108 118

Note: 1. Calculated for only those who reportedaifive amount of cigarettes smoked per day irpthet one month.

2.1 mu = 667 square meters
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Table 3: First Stage Estimation of Smoking Choices

Current smoking

Ever smoked, pr06i€ intenstty, tobit
Instrumental variables
Counts of registered vendors of alcohol -0.014Q@)0 *** -0.056 (0.017) ***
Food price index -0.143 (0.028) *** -0.494 (0.148) ***
Other explanatory variables
Age 0.185 (0.083) ** 0.585 (0.428)
Sex(1=male) 1.820 (0.277) *** 7.960 (1.287) ***
Father smoking (1=ye33) 0.466 (0.206) ** 2.150 (0.953) **
Father's years of schooling 0.006 (0.024) 0.046 @).11
Mother's years of schooling -0.008 (0.024) -0.032106)
Log of household expenditures p.c. in 2000 -0.27353) * -1.764 (0.709) **
Log of household land assets -0.194 (0.164) -0.248/9)
Average wage rates (yuan) -0.016 (0.016) -0.050 .07
Distances to the closest upper secondary  -0.008 (0.006) -0.017 (0.029)
Distances to the closest lower secondary ¢ -0.051 (0.030) * -0.058 (0.131)
Grade fixed effects Yes Yes
School fixed effects Yes Yes
Obs. 636 674
Log likelihood -176 -375
Weak instruments tést 23.77 17.13
[0.000] [0.000]

Note: 1.* Significant at 10% level, ** significamt 5% level, *** significant at 1% level
2. Robust standard errors are included in the pheses and p-values are included in square brackets
3. Mothers' smoking status is automatically droppedause only four mothers in the GSCF sample sa
4 Log likelihood ratio tests against the explamafmower of excluded IVs.
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Table 4: Effects of Youth Smoking on Educational Achievement

Ever-smoket” Current smoking intensity
oLSs 2-Step OoLS 2-step (corr. for censoring)
Full Partial Full Partial Observed Latent
Math -0.143 -0.193 -0.314 -0.081* -0.081* -0.117*  -0.68***
(0.089) (0.137) (0.373)  (0.034) (0.037) (0.060) (0.027)
Grade fixed effects Yes Yes Yes Yes Yes Yes Yes
School fixed effects Yes Yes Yes Yes Yes Yes Yes
Obs. 1535 605 605 1535 641 641 641
R-squared 0.14 0.14 0.13 0.08 0.15 0.17 0.16
Overidentification tedt 9.89 0.010
[0.002] [0.918
Chinese -0.098 -0.091 -0.086 -0.102 *  -0.096 **  -0.073 120
(0.092) (0.144) (0.383) (0.031) (0.037) (0.087) (0.062)
Grade fixed effects Yes Yes Yes Yes Yes Yes Yes
School fixed effects Yes Yes Yes Yes Yes Yes Yes
Obs. 1535 605 605 1535 641 641 641
R-squared 0.15 0.14 0.14 0.08 0.16 0.15 0.15
Overidentification tedt 17.15 2.174
[0.000] [0.140]

Note: 1. * Significant at 10% level, ** significamt 5% level, *** significant at 1% level
2. Robust standard errors are includetiénparentheses for OLS, bootstrapped standarndemre inclueded in the parentheses for 2-
values are included in square b
3. All the regressions include all tixplanatory variables other than the 1Vs in thetfatage estimation.
4. Overidentification tests obtaineddssuming the first stage estimation as linear.

Table5: Effects of Youth Smoking on Educational Attainment

Ever-smoket>> Current smoking intensity
COP COP 2SCOP
. 2SCOP -
Full Partial Full Partial Observed Latent
Years of schooling 0.350 0.473 -0.547 0.009 0.020 -0.269.025
(0.213) (0.406) (0.974) 0.057 (0.066) (0.441) (0.125)
School availability Yes Yes Yes Yes Yes Yes Yes
School fixed effects Yes Yes Yes Yes Yes Yes Yes
Obs. 1745 643 643 1745 672 672 672
Log likelihood -514 -123 -121 -511.00 -127 -123 -120
Overidentification test 0.18 0.32
[0.558] [0.850]

Note: 1. * Significant at 10% level, ** significarat 5% level, *** significant at 1% level
2. Robust standard errors are includetié parentheses and p-values are included inesquackets.
3. Each regression has controlled fathal explanatory variables in the first stagereation.
4. Likelihood ratio test of the statistlisignificance of excluded Vs in the years dicaing equation.
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