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Abstract

Researchers typically examine peer effects by ofithe peer group broadly (all classmates,
schoolmates, neighbors) because of the lack afidgkip information in many data sources as
well as to enable the use of plausibly exogenougtan in peer group composition across
cohorts in the same school. This paper estimategffiects of friend’s health behaviors on own
health behaviors for adolescents. A causal effédtiend’s health behaviors is identified by
comparing similar individuals who have the samenfship opportunities because they attend
the same school and make the same friendship chaicder the assumption that the friendship
choice reveals information about an individual’observables. We combine this identification
strategy with a cross-cohort, within school desgrthat the model is identified based on across
grade differences in the clustering of health barawvithin specific friendship options. This
strategy allows us to separate the effect of frselnehavior on own behavior from the effect of
friends observables attributes on behavior, a lspeet of the reflection problem. We use a
partial equilibrium model of friendship formation order to derive the conditions under which
our identification strategy will provide consisteggtimates, and the key assumption required for
our strategy to be feasible is supported by theigeap patterns of across cohort variation that
we observe in our data. Our results suggest thendship network effects are important in
determining adolescent tobacco and alcohol useafgubver-estimated in specifications that do
not fully take into account the endogeneity ofridship selection by 15-25%.
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| ntroduction

Individuals in modern societies are socially coneeécin a multitude of ways. For
example, the social networking website Facebook.t@$ increased its membership by 100
million users during 2009, and now there are o\ &illion users worldwide. Individuals use
their social networks to receive and send infororatas well as establish, update, and enforce
social norms of behavior. Both information acquisitas well as the impacts of social norms
within social networks could have large effects the health behaviors of individuals,
particularly adolescents, who are particularly oesive to peer pressure (Brown et al. 1997).
This heightening of peer influence also takes plhweng the developmental stage when many
of the most costly health outcomes and behaviasiratiated. Our analysis will use detailed
information on individual’s health related behagi@nd friendship networks from the National
Longitudinal Study of Adolescent Health (Add Healtbh examine the role of social interactions
in these behaviors.

Many studies of social interactions find evidenée&lastering of outcomes or behaviors
above and beyond the clustering that might haven bexpected based on individuals’
observables, including studies of crime (Glaesace&lote and Scheinkman 1996), employment
(Topa 1999, Bayer, Ross, and Topa 2008), welfaageig¢Bertrand, Luttmer, and Mullainathan
2000), pre-natal care (Aizer and Currie 2004), ymath health behaviors (Weinberg 2008). We
also observe unexpectedly high levels of clustedndealth behavior within grades of students
at the same school in our data. Specifically, if ek within schools, very little variation
remains across grades in student composition mst@f racial or socio-economic variables, but
we observe substantial across grade variationaitthbehaviors for student populations that are
nearly identical. The purpose of this paper is t&ednine whether the within friendship
clustering of health behaviors that lies underndla¢hclustering in specific grades is consistent
with the influence of friendship networks.

Our test for whether the social interactions betwiends influences health behavior is
built on the idea that individuals who make the sdnendship choices are likely to be more
similar overall than might be indicated by theirsebvables. Specifically, we examine a partial
equilibrium model of friendship formation and uke tmodel to illustrate the effect of controlling
for fixed effects associated with clusters of okagonally equivalent individuals who face the

same friendship opportunity set and make the sameadship choices. We show that if



individual students face a shock in terms of expwsa health behaviors, then as the number of
friends becomes large the unobservables of indalgdun the same friendship choice cluster will
be identical and so a cluster fixed effect will @ a non-parametric control function for
unobservable attributes that influence friendsbipration and might affect health behavibis.
future versions of the paper, we intend to dematetthe properties of this identification
strategy in the case of a small number of friergisgumonte carlo simulations.

In order to develop our empirical model of heal@hévior, we will rely on several
empirical features of adolescent friendship networKirst, a large literature suggests that
individuals exhibit strong racial, gender, and pgeferences when choosing their friends—Ilikes
choose likes (Mayer and Puller 2008, Weinberg 20@&#cond, data from the Add Health
suggests that most friendships occur within gragdsch is important for our use of cross-
cohort variation in our identification strategy.nkily, as discussed above, individual grades
within schools are quite homogenous over racial soado-economic composition. Specifically,
we will estimate models of youth drinking and snmakin high school that control for the share
of same sex-same school-same grade friends whoietthis behavior and fixed effects based on
clusters of individuals who have the same racejietly, and maternal educational attainment
(individual observables), same school (same frieipdspportunity set over observables), and
same number of friends overall and for each raaral maternal education subgroup (same
friendship choices). In our preferred specificatiae will randomly choose one individual from
each grade per cluster so that the model estinageexplicitly identified based on variation
across cohorts within a school.

This approach is similar to earlier analyses byelmald Krueger (2002) and Fu and Ross
(2010) who use fixed effects for individuals whe &quivalent on key attributes and then have
the same outcome or make the same choice as aereétren control in order to minimize bias
from unobservables. However, our analysis has dvardage over these earlier studies because
the identification strategy contains a clear sowftexogenous variation that can create cluster-
associated social interactions, namely differemcexposure to health behaviors associated with
belonging to a particular cohort or grade of stugleRurther, our friendship formation model

demonstrates the importance of having such a safir®eogenous variation for identification.

! Later in the paper, we will demonstrate that tHeesl effects satisfy Blundell and Dias’s (200@idition of a
control function under these assumptions.



This strategy can be illustrated by the followitgught exercise: consider & grader
and 10" grader who attend the same high school. As we shalgtail below, these students face
very similar friendship opportunities with respet racial, gender, and socioeconomic
composition of their same-grade classmates, andhgre is substantial clustering of health
behaviors into specific cohorts within schools. $hii we compare two students who choose
similar “types” of friends based on race, materrlucation, and other demographic
characteristics, there will exist substantial di#feces in health behaviors between the across
cohort friendship opportunities, and those diffeemin friends’ health behaviors is arguably
quasi-random. The key is that the age differenteédmn the 9 grader and the fograder (who
attend the same high school and have the samegmeés for “types” of friends) has effectively
randomized these two students into their actuah@iship network.

As discussed above, under relatively straightfodnassumptions concerning friendship
formation, the inclusion of fixed effects for fridgship choices provides a control function as the
number of friends becomes large and will yield cstesit estimates of the spillover effects of
friend’s behavior. Further, we expect that our @mg simulations will demonstrate that even
when the number of friendships is reasonably sifnaitb to five) the reduction in bias can be
substantial if friend choices are matched on midtipttributes. Most significantly, these
assumptions allow us to separate the influencendvidual behavior of friend’s behaviors from
the influence of the observable attributes of thioeads (the reflection problem) because those
comparisons are made between individuals who hbsergationally equivalent sets of friends.

We find evidence that this strategy produces smdhetwork effect” estimates than
more standard models; however we still find rolmwtience of network effects on smoking and
drinking behavior of adolescents. Further, we fthdt peer health behaviors are statistically
insignificant predictors of predetermined studemt family attributes and the estimated
coefficients in these models are much smaller tban estimates of the effect on health
behaviors.

Background Literature

A large body of research across multiple disci@ihas shown very strong correlations in
health behaviors for individuals who are socialiyeected. One reason there has been so much
research and policy interest in exploring how neksaffect health behaviors and outcomes is

the potentially large set of health interventiomsl @olicies that could be proposed to leverage



social influences on health behaviors. While thenpse of using social networks to affect health
is compelling, so too are the empirical issues riahiein detecting causal effects of social
networks using observational data.

Four difficulties with estimating the causal effeadf social networks on health are
particularly important (Manski 1993). First, indilials self-select into their social network;
smokers befriend smokers. Second, individuals enghme social network are simultaneously
affected by their shared environment; common exmogua smoking ban likely reduces tobacco
use among all members of a social network. Thirds difficult to separate the influence of an
individual’'s behavior and an individual’s attribaten determining the health behaviors of his or
her friend. Fourth, social influences are likelcipgocal, which leads to simultaneity bias.
Unfortunately, failure to overcome these empiriddficulties casts considerable doubt on the
current knowledge base linking the health behavemrsong individuals in the same social
network. Each of these biases can lead a resedwivarorrectly infer that social networks have
a causal influence on behavior. Thus, policiesndéel to utilize social networks to enhance
interventions to reduce unhealthy behaviors coeldibable to affect change if social networks
do not actually have causal effects. Providing enad of the causal mechanisms and the likely
effects of policies is essential to be able to prhpleverage social network effects on health
behaviors.

There have been two directions that researcherns taen in estimating peer effects on
health behaviors: [1] focus on broadly defined pgeups, such as all classmates in a school, in
order to either (a) exploit cross-cohort populati@niatiorf in classmate composition (Bifulco et
al. 2011, Fletcher 2010, 2008, Trogdon et al. 2Q@dburg 2006, Clark and Loheac 2007)
and/or (b) use instrumental variable strategiesvéllcet al. 2005, Gaviria and Raphael 28)0dr
[2] focus on narrowly defined peer groups, sucmasiinated friends, where the issues with
endogeneity are thornier and the estimates ardyliless credible (Troddon et al. 2008,
Christakis and Fowler 2007, 2008, Renna et al. R0@8this paper, we seek to combine the
more credible research designs from the first diteee with the more credible peer group
definitions of the second literature.

% See also the similar literature estimating pefaces in education outcomes (Hoxby 2000, Lavy ackl@&ser
2008, Hanushek et al. 2003)

% Instruments used in these analyses are oftenigoabte, such as census poverty measures. Flg@bie0)
provides suggestive evidence that these instrunagatsvalid and proposes alternatives. Trodgal.€2008) and
Fletcher (2010) use a combination of fixed effeatd instruments.



Since we focus on friendship networks as the d@fimiof peer group in this paper, it is
necessary to outline what other researchers hawe geviously and how our strategy adds to
the literature in this area. There have been temesminations of the effects of social networks
on obesity and smoking in the medical literaturéar{€akis and Fowler 2007, 2008), where
“friends” are measured by the names respondentsder@s potential contact sources for future
survey waves. In order to control for endogeneftyriendships, Christakis and Fowler assume
that including lags of the outcome for both thepoeslent and his/her friend is sufficient, and
further they do not control for common environméraators. Cohen-Cole and Fletcher (2008a)
show that adding controls for environmental factelisminates any detectable social network
effects for obesity, and Cohen-Cole and Fletch€08b) show more generally that these
parsimonious models will produce social networkeet$ even in outcomes where none are
expected to exist, such as for height.

Renna et al. (2008) and Trodgon et al. (2008) falsos on estimating social contagion in
obesity and control for endogeneity of friendshigpart by using school fixed effects. However,
since substantial friendship sorting occurs witBohools, school fixed effects likely do not
provide a full solution to the endogeneity of fideselection, unless students select friends
randomly within schools. In fact, our estimatedha influence of friends behavior using school
fixed effects are notably larger than estimatesqusiiendship cluster fixed effects suggesting
that school fixed effects may not be sufficientcamtrol for endogeneity. In addition, Renna et
al. (2008) and Trodgon et al. (2008) use instrusidat friends’ weight, including friends’
parents’ obesity. Trodgon et al. also uses frieddigh weight. It is unclear whether these
instruments are adequate, though, as they arevattderor correlated with observables at the
time of friendship selection.

Calvo-Armengol et al. (in press) and Patachini &mhou (2010) have extended the
literature by using a network fixed effects apptoan their examination of peer effect in
education outcomes. Adolescents are assumed tset@moong mutually exclusive networks of
friends. Within these networks, their best friefldased on friendship nominations) are used as
the peer exposure and their model of behavior otsntor network fixed effects. The maintained
assumption with this approach is that adolescemti®genously choose a friendship group, but

within that group, actual “best friends” are randoan assumption that is verified for



observables. Patachini and Zenou (2010) also useotlicomes of friends’ friends (once
removed in the network) as instruments.

All of these studies rely on information about thdividual and their friends in order to
identify the effect of friend’s behavior. Whethdentification is based on controlling for lagged
outcomes, instrumenting for friends attributes ontolling for network fixed effects, all of
these studies use variation across individuals agoin the same social environment and so
reasonably may have contributed to that variatimaugh their own choices. In the next section,
we develop a simple model of friendship formatiowl @emonstrate circumstances under which
consistent estimates of the effect of friends’ tledehavior on own health behavior can be
uncovered, and show that identification requireseaagenous shock in exposure to potential
friends who exhibit certain health related behauiéiollowing the literature on peer effects, we
propose that across cohort variation within schame provide this exogenous variation in
exposure to health behaviors and demonstrate amalbyri that health behaviors vary
substantially more across cohorts than studentbat#s, like race or parental education,
evidence consistent with our identification strgteg

| dentification Strateqy

In this paper, we seek to estimate the causal teffet friends’ health behaviors by
overcoming the many empirical obstacles we outiibeve, including selection into networks,
unobserved determinants of behaviors, and the gat@rmination of outcomes within a network.
The intuition behind our approach is that we seekfdrm comparison groups based on
information in the data that describes the friemusiptionsof students as well as the students’
choicesof friends (given these options) following the mise that individuals who make similar
decisions or have similar outcomes when facingstrae set of options likely are very similar on
both observable and unobservable attributes. Thgnbieg of this section illustrates this
intuition, the next two subsections derive fornesults, and in a future draft, the final subsection
will present Monte Carlo results to illustrate howr identification strategy works in practice.

We begin with a slight modification to the relaliestraightforward linear-in-means
model of social interactions (Manski, 1993; Moff2001; Brock and Durlauf, 2001) by
restricting social interactions to arise from a satbof individuals “friends” within a social

environment (or school s) and dividing the unobabl® into two components: an unobservable



that also affects friendship choiee and an orthogonal unobservable error that doesmtet the

friendship choice model 4 Specifically, we consider the following empiricabdel:
1 1
His:ﬁo+(_ZHjsJﬁl-'-(_ijJﬂ2+xiﬂ3+€is+:uis (1)
N it i 00
where H _ indicates a particular health behavior, such as twbaonsumption, of individualin

a broad social environment or scheplX; contains the individual's observable attributgsis
the number of friends of personQ;; defines the set of individudls friends ins, and H  and

X s indicate the health behavior and observable attribofténdividuals withirf) .

As Manski (1993) demonstrates, even without the coroglatin social networks that are

caused by sorting into and within networks based pabservables, e.g:s orthogonal to

(i in]' this model is intrinsically unidentified. By this weean that there is insufficient
ni jDQis

information in the regression to estimate uniquely plarameters of interesp( in particular).

This occurs because group member characteristicsniigtit explain the health of group

membersg and so act as instruments for health behavior canma@xbluded from the second

stage regression for the health behaviors bécause these attributes may just as reasonably

directly influence’s behaviors (the reflection problerj.

* An alternative specification might involve a siaglnobservables each for determining health behavid
friendship outcomes. The specification is equatijns equivalent to such a model with the impositof one
restriction. We start with a model where the coniteasnobservables in equation (1) and a friend&rimation

model, ,Uis and &, are correlated, and then we can defligas ,Uis - E[/’JiS | £.] where we assume that the
Bl | £.] = a, + a,&, so that the composite errgf_ depends upon the uncorrelated disturbanggsand &

and @, is simply initialized to one in the health behauwodel and generality is maintained by allowiéig to

enter the friendship formation model in a generahner.

® For example, if one observes clustering of critirhavior among friends whose parents have lessation,
even after controlling for all possible individuatd environmental factors that might explain suaktering
available in the data, we still cannot conclusivédyermine whether the clustering is caused bedsagag friends
whose parents have less education contributesroned behavior or individuals whose parents hassleducation
are more likely to engage in criminal behavior andh criminal behavior influences the behaviorefindividual’'s
friends. See Brock and Durlauf (2001, 2006) foereanethodological progress on this problem.

® As noted by Sacerdote (2001) and Bayer and R@&8f2when social network effects are determingukirt by
unobservable characteristics, even random assigreaanot solve this identification problem. Whiendom
assignment breaks the correlation between thethkealiavioli‘s peers ands unobservable characteristics, the
coefficient estimate on the behavior of peersdsmposite of both the direct effect of peer’s bétwsvand the
effect of peers’ unobservable characteristics.



Our identification strategy is to sort students intastérsc based on comparing similar
students who faced similar friendship options and nsiadar friendship choices. This sorting
is based on both observable (to the researcher) andgemable characteristics. Following the
standard selection argument: if two individuals maimilar choices and differ on observables,
then they are expected to differ on unobservables, #s(Meckman,1976). Similarly, if two
individuals are the same on observables and makéasiahioices, they are expected to be quite
similar on unobservables. Therefore, as argued by DaleKaueger (2002) and Fu and Ross
(2010), the inclusion of fixed effects for such clustersusth assure that we are comparing
students who are similar on both observables andsemehbles, which breaks or weakens the
correlation between peers’ behaviors and a studentssaneable characteristics. Further, since
all students in a cluster should have similar okeales characteristics, the inclusion of the fixed
effect also captures the observables associated weitbttidents’ peers while allowing the effect
of behavioral differences within a cluster to identifie effect of friend behavior on individual
behavior. This feature of the approach solves the rerapproblem outlined above and isolates
the causal effect of student behaviors on the behadictheir friends from the effect of
observable friends’ attributes.

Specifically, define a cluster of individuatsn the same school who are observationally
equivalent onX; and choose observationally equivalent friends basedo This structure
implies that the individual and friendship group obabtes are the same within a cluster so that
the contribution of the variables that determine chlsste individual's health behavior are
constant within cluster or

1 1

{n_l j%sxj }32 +X,8; = {n_l j%‘:sxj }32 + X, 55 (2)

for all i,kOc. Further, we assume that the models that define smieover friendships on

health behaviors and on observable attributes depentbtonically on the same observable
vector of attributes$; and the same single index unobservahleThis assumption is central to
our identification strategy. Without monotonicity, riple values of the unobservable might be
consistent with the same friendship choices for obsienally equivalent individuals. With

monotonicity, individuals who face the same friendsbgtions based on the available social

network €) and make the same choices should have similaresabm the unobservable that



influences health behavior because if they differdzstntially on the unobservable they would
likely have made different friendship choices.

Specifically, we can defing; as a cluster fixed effect where based on the disqussio
the preceeding paragraph

0. = f, +[i > ijﬁz + X, B, +E, =, +[i > Xl.],[?2 + X, Bs + &, (3)

Ny oo, N G0,

Further, based on the constructionofas an idiosyncratic disturbanc&]u, |p.]=0 and
substituting equation (2) into equation (1) yields

Hics=[i_j§H,-jﬁl+pc+(Ms—ﬁc> @)
where (i, — f.) represents the deviation of the right hand side exipress equation (3) from
the average of this expression for all individualslusterc, f. .

The two critical assumptions for equation (4) to yietbiased estimates are [1] that the

systematic choices of friends i, over X; are sufficiently dense to eliminate within cluster

deviations ine from the right hand side of equation (4) and [2] tharehexists some
unobservables that affect friendship formation over hdmdtiavior, e.g. the friendship behavior

of friends, but does not directly influence either hebkhavior or friendship formation ove,
e.g. the exogenous attributes of friends. The first agBamis required to assure thit,, — 77, )

no longer contains information abogt, which influences friendship formation over health

behavior by construction, and the second assumpioaquired so that an additional source of

variation in (i ijsj remains after eliminating variation ifs. The first assumption is
ni jDQis

supported by balancing tests we perform below, wherefingk little evidence of bias from
sorting into friendship. The second assumption relieswr finding of substantial across cohort
variation in exposure to health behaviors and litdgation in the demographic composition of a
school across cohorts. These assumptions and our gsdioncerning the proposed across
cohort estimator are formalized in the next section.

Naturally, the approach of using friendship cluster fieffécts as a solution to many of

the empirical issues in estimating social network atferequires stronger assumptions than



random assignment or even traditional cohort basedestuaf peer effects, but this strategy
provides a significant payoff by potentially providiagtimates of the effect of peer behaviors on
individual behaviors that are not contaminated by diect influence of peer observable
characteristics, which is not accomplished by eithedoan assignment or traditional across
cohort variation studies.

Partial Equilibrium Model of Friendship Formation

We begin this subsection by repeating equation (1)

Hyo = By + HB+ X By + X\ By + € + U (5)
where we defineH, and X, asni D H and = DX, , respectively, restrictingfis to only

i jDQiS i jDQis

take on the values of 1 (healthy) or 0 (unhealtimg >§ to only take on the values 1 (good) or O
(bad) where the good type is defined agnostically astype that is more likely to exhibit
healthy behavior, and without loss of generality assuhatf,, £, andf; are non-negative.
Further, we assume that is an idiosyncratic error so that

Assumption 1:E[ 4 | Hﬂs,)? X,]1=0

Now we define the likelihood of observing a speciialh behavioH;s and typeX; for a

selected friend by the following general set of funcion

Pris[X; = x, H; = h|X;, &5, Tis, j € Ki| = foxn (Xi, €15, Tis) (6)

whererms is an additional unobservable that does not entgatean (5), but influences friendship
formation. The functiorisy, is defined over the four combinations of the outcomes<fandH
and can vary across schodssince the social environment varies across schddis. four
probabilities must sum to one for a given school for aale of the functions’ arguments
because they are probabilities.

We assume that the probabilities of having a friend ishad good type and who exhibits
healthy behavior are not directly influenced by own Ithedehavior (Assumption 2), are

monotonic in the individual’s unobservable attributest influence health behavior (Assumption

" See discussion in footnote 6.
8 See Brock and Durlauf (2001, 2006) for an altéweatentification approach for the reflection ptern that
applies when behavior is discrete.



3), and that additional unobservable attributes ettistt have a monotonic influence on
friendship formation concerning health behavior, but haveinfluence on either own health
behavior or friendship formation over other friendship attebu(Assumption 4). While the
unobservables might be correlated wihsome variance must remain of the unobservables that
do not enter health behavior after conditioningX@nThese assumptions can be summarized as

follows

Assumption Zafs11 = 0,510 _ (g Wso1 _ (§ Wfsoo _
0H 0H 0H

afs11 4 s1o afs1o >0 andafsn 9fso1 > 0°

Assumption 3:—— e

Assumption 4: === afs“ = agm >0, agj‘;l = —% > 0, andVar[7z, | X;]# 0

While Assumption 3 will be maintained throughout, widl examine the implications of relaxing
Assumption 2 in the next subsection by allowing dwealth behavior to influence friendship
formation over friends’ health behavior. Assumption 4lésigned to capture the across cohort
variation described in our identification strategy. O@imtained assumption is that membership
in a cohort is based on age and so exogenous aomaliton school, and so is not directly
associated with own health behavior, except of cotiremugh the well-known age-gradient in
unhealthy behaviors such as smoking and drinkinghEurtcohort membership creates a shock
to the health behavior composition of potential friendisle leaving the exogenous attributes of
potential friends relatively unchanged. In a later saben, we will also relax the assumption
that the shock in exposure to friends’ health behavasr o impact on friendship choice over
exogenous attributes in order to understand the prepeastiwithin cluster estimates that are not

restricted to rely on across cohort variation.

° The assumption of a positive relationship betwgeod type and the individual’s friendship formatjmopensity
Yis IS made without loss of generality because onaeagrse the relationship by designating healtthabi®r as
unhealthy. However, once this assumption is mduesign of the relationship betwegnand having friends who
exhibit healthy behavior is meaningful. If thisagbnship is positive, then one’s type has the seffeet on health
behavior composition of friendships as it has ompgosition of friends over type, and this assumptannot be
undone by reversal because the definition of wiidividual type means is nailed down fyand the coefficient of
one org in equation (5)



Based on equations (5) and (6), the probability of adriexhibiting healthy behavior
depends upon the individual’s own observable and semwhble attributes that also directly
influence own health behavior, the resulting corretetiwill bias OLS estimates @f In order to
characterize the bias from OLS estimation of equatioro(1(b), we write the expectation of
equation (5) as

E[H, |Hi, X, X,1= By + Ho B+ X B + X By + ElE | Hig, Xis, X @)

and substitutethe linear projectionsafon the conditioning variablegg + H. g + X . + X, @,
%into equation (5). This yields

E[H, [H,, X, X;1=(Bo + @)+ Ho (B, + @) + X (B + @) + X (B + @) 8)

Definition 1: Based on this linear projection, we defihe bias in the estimated coefficient on

H. as

_ Covgg Hys —E[H, | X X,]] of*
Var[ﬁis - E[ﬁis I )Zis' X|]]

Now having characterized the bias associated wehhS estimate of our parameter of
interest, we define a clusteras all students in a school are of the same types Ha same

number of friends, and make the same friendship choiastygpe.

Definition 2: A cluster c in school s is defined so thatXs = Xk N = ng and
El D> X, -1 Y X, foralli andk in clusterc and their exist no individuals outside of
Ny joa N joay

cluster c wheréis = Xis, m = 0y and—~ > X = E D> X

Ny oo, N joo,

9 This assumption is typically imposed when exangrpnoblems associated with errors-in-variables linear
model, Even without imposing any linearity assuimpsi one can interpret the estimatef af the best linear
predictor ofH conditional onH )Zis, X, ande;s, and g, is the relative bias in those estimates if ongnisble to
condition ongjs.

" This arises from the standard omitted variableméda for a regressor that is orthogonal to alkotfegressors
and othogonality is obtained using a conditioninguanent where = a,Z + a,X + u can be rewritten as the
following conditional regressiop = a,(Z — E[Z|X]) + ¢, E[Z|X] + a,X + u.

is?



In terms of the health behavior equation, a clustedfii@ect will take on the following

value
Jc = I?cﬁl + )Zisﬁz + XilB3 + Ec + ﬁc (10)

whereH., £, and 7z, are the means dfi_, ¢ andy within the clustec.

is?

After controlling for cluster fixed effects in equation () health behavior model takes
the following form:

His :(ﬁis _ﬁc)ﬁl+5c +(£is _Ec)+(:uis _/'_Ic) (11)
The bias associated with the estimated coefficiantth, — H) in this model is

_ Covs, —&,,(H, ~H.) - El(H, ~H,)13,]] _ Coue, —&,,(H, ~H,)]

“ Varl(H, - H.) - E[(H, —H.)|.]] Var[(H, —H,)]

(12)

Note that the expectation of the within cluster deeiain H, is zero because all observable
information that influences the composition of friendshealth behavior, i.e. observed attributes

(X)) or proxies for unobservable factorgig for g;5) are the same for all individuals in a cluster.

Our first important result is that the bias in equatibB) limits to zero as the number of

friends becomes large.

Theorem 1. Under Assumptions 1 through 4 plus Defimitid and 2, the bias arising from
estimating the cluster fixed effects model in equafii) limits to zero as; becomes large for

alli in the sample.

Proof: First, the probability of a friend being of gooddygan be written as

Pris|X; = 1] = faan(Xi, €15, is) + fir0 (X, €15 Tis) = 15 (X0, &i5) (13)
where the derivative gf¥ is positive. As the number of friends becomes large,
limni_)oo Xis = st (Xi; gis) (14)

because as the number of draws goes to infinity thpirexal frequency must equal the
probability.
Since all individuals in clustar have the same observable tyfg and the same fraction

of good type friendsX;, equation (14) implies that



X (Xis, €i5) = 5 (Xisr &) foralli,kOc (15)
when the number of friends is large.

However, equation (16) can only holdif = & for all i andk in the cluster, and so from
equation (12)
im

M

00 CO\{gis _gci(l:lis - qc)] _ O
im,  Vaf(H,-H)

N

lim, . & _! (16)

because the within cluster variation&rimits to zero while the within cluster variance i

contains variation associated wittand so is strictly positive.#

As the number of friends becomes large, the clustexdfigffect serves as a non-
parametric control function for the endogeneity of hedléhavior. Specifically, using our

notation, Blundell and Dias (2009) formally define a tcohfunction ¢ for equation (5) as

(.. 44,) O(H,, X, X,)|d,, and conditional o@ OLS will yield consistent estimates £f For
largen;, observations in the same cluster do not vary e,\/e?t‘iS or Xi, anduis; is assumed to be

an idiosyncratic disturbance.

Second, even when the number of friends is small, arestiow that the inclusion of
cluster fixed effects reduces the bias in estimateékseoéffect of friend’s health behavior on own
health behavior with the imposition of a couple otliidnal assumptions. First, we create a
linear projection ofH

H, = A, + X A + XA, +V, (17)

such thatv, =V(X,,X,,&,,77,) We assume that the conditional expectatiol:gfs zero and

Is? Is?
that the conditional variance Wf; is less than or equal to the variancé/gf

Assumption 5:E[V, | X, X,] =0 andVar[V, | 3,] < Var[V,].

is?

The first part of Assumption 5 implies that

E[H, | X, X1 = A + XA + XA, (18)

is?



This restriction is essentially is a law of large nensbstyle assumption where we assume that

the average of this residual is zero over repeateczagigins ofH,, and X, for a givenX;. This

assumption would be standard )'?is did not depend uposs. While we cannot verify this

assumption in the data, we can examine whetherabssimption holds in the monte carlo
assumptions under the substantially weaker assumfitadrX; is uncorrelated withis and .

The second half of Assumption 5 is something thatbmatheoretically violated in principle, but
in practice we expect that variances will declineraftenditioning on additional information. We

can also directly verify this assumption in our data.

Theorem 2: Under Assumptions 1 through 5 plus Defingid and 2, the bias arising from
estimating the cluster fixed effects model in equafibh) has the same sign and is smaller than

the bias that arises for the OLS model described iatequ(5).
Proof: Using equation (17), the bias from the cohoddirffect model in equation (12) reduces
to

- CO\{gis _Ec’(ﬁis B |:c)] - CO\{gis _Ecivis _\7(:]
var{(H, - H)] varV, -V,]

o (19)

whereV. is the cohort mean &f;.

The variance of the mean of a set of correlated vagaislea well known expression

vav.] =—tvaiv,] - Leogy, v, i kO = (20)
m m
wherem is the number of individual in i's cluster. Similarly,
-1 m -1 .
Co\V,,V ] =—VarV,] - CoV., Vs li,kc] (21)
m m

so that the denominator of equation (19) takes the form

varV, -V,] = [1—%](Var[vis] ~Co\V,,V,, li kO cl) (22)

Turning to the numerator of equation (19), the threeveagle covariance terms are

CoJe,,V.], CofV,,£] andCoz,,V,] , which take the following form as illustrated for

Is?



IS IS IS

Cove, V1= cove. v.]- M Leoge, v li.kOd (23)
m m
Using all three covariance terms,

Is?

CO\{gis - gc ’\/is _\7c] = (1_ %j(CO\{E \/IS] - CO\{gis ’Vks | I ’ k O C]) (24)

and Equation (19) can be rewritten using equationsg@a)24) as
- _ (Covg, V] -CoVs,, Y, ik Oc)

- Is? Is? : (25)
(varlV,] - CovV,. .V, li.k O c])
Next, using equations (17) and (18) the OLS bias uaggn (9) reduces to
- CO\'{EiS1 His B E[His I Xis’ X|]] = CO\{‘sis’\/is] (26)

Var[H_ - E[H, | X,., X,]] var(V,]
Note that the first terms in the numerator and denomiriatequation (25) are the same as the
numerator and denominator in equation (26). EquationwWibpe smaller than equation (26) if
the relative or percentage reduction in the first numetaton caused by the second numerator

term in equation (25) is smaller than the equivalentctdn in the denominator or if

CoV&,,V, |i,kOc] S CoV,,V, |i,kOc] (272
CO\{gis ’\/is] Var[\/is]
Without additional loss of generality, we can creatmear projection o¥s oneis
\/is = 50 + ‘gisgl +Uis (28)

whereU,, =U (X, X,,&,,7T,) andCoV&,,U,, ]

Is? Is? Is?

Further,Co\&,,U  |i,k Oc Jand CofU

Is?

U, |i,kOc] both also equal zero because the

is?
all sources of a linear relationship between thes within cohort has been eliminatedy
depends omys, but any linear dependence withh and Xis has been eliminated frokd through
the linear projections and selection into clustersdud depend upon or correlate withdue to

Assumption 3 and so does not contribute to the canees.

12 This condition holds regardless of the sign oftbeariances. For example, if the covariancesémilmerator of
equation (27) are both negative, they imply andase in both the numerator and denominator anblitisds
reduced if the numerator in equation (26) increéseless. This requires that the right hand sidecpfation (27) be
larger magntidue, which is then smaller in valuedase the terms of negative.



Using equation (28) and the above results, we caritesaquation (27) as
Coé&,, & i, kOC] S Coé&,, & i, kO]

Is? Is?

Var[ gis]

. (29)
Varle ]+ ?Var[U ]

1
The variance oUjs is unambiguously positive because of the variatesoeaiated withris So this

condition holds as long a@o\j&,, &, |i,kc ig positive.

Is?

From equation (7) and Assumption 1, we know that ttodaility of having good type
friends £;¥ increases monotonically withs and so the expected value i{fs must also increase

monotonically withes.™®> Therefore, we can express the fraction of good type friesds:
monotonic function of;s and a stochastic variable of unknown form

Xis = g (Xi, €45, Vi5) (30)
Since the two individuals in the same cluster h&eesame fraction of good type friené(%s and

are of the same type themselvgs

93Xy €15, Vis) = g3 (X, €k Vies) (31)
wherevis is an idiosyncratic error term so thgte;, vis] = 0.

The implicit function theorem and monotonicity asstioypallows us to rewrite (31) as

&is = g5 (Xi,Vis, 95 (Xies ks Uks)) = 9 (Eks) X, Vis, Vks) (32)
where g;1 is the partial inverse ofX with respect to theis argument and is monotonically
increasing in the third argumengZ, for personk, and sinces, only enters the equation once
and is inside of two monotonic functiogscan be defined as a monotonic functioregf. The
covariance can now be rewritten as

Coeg, & i, kOc] =Cog(Ees X, Uy, Upe), & |1, k] >0 (33)
which is unambiguously positive due to the monatiyiof §.

In order to sign the cohort fixed effects bias in equea(l5) relative to the OLS bias in
equation (26), we substitute equation (28) in the matoes of the bias expressions. For OLS,
the expression reduces to

$varfe]

sign(@) = sigr( Var[v_]

J = sign(¢y) (34)

which takes the same signé&sFor the cohort fixed effects model,

13 The following argument also holds for a monotolycdecreasing function.



& (varle,1-CoVe,, & i,k Ocl)
(Var[v,1-Co\V, .V, |i,kOc])

which will take the same sign &s if both the terms in the numerator and denominator are

sign(¢f) = sig{ j = sign(¢,) (35)

unambiguously positive. The positive numerator @edominator hold due to Assumption 5
combined with the fact that a covariance of two relateaws from a distribution cannot exceed
the variance of this distribution. Specifically,

Var[V ] 2VarVg | 9.] 2 CoV,,V, |i,k ] (36)

Simultaneity of Health Behavior and Friendship 8aytModel

In this section, we extend the friendship formation fiamcso that friendship formation
over health behavior depends upon one’s own healttavilers creating true simultaneity
between one’s own health choices and the selecfidriemds based on their health choices.
Specifically, we relax Assumption 1 so that own Heddehavior influences the likelihood of
having friends who exhibit a health behavior, but @b allow own health behavior to affect
friendship formation over the observable attributes. So

Pris[X]' = X, H] = thilXi' Eis,ﬂ'is,j € Kl] = fsxh(HiJXir Eis) T[l's) (36)
with
Assumption 6:2511 = %o, g gpgZos - s 5, g

Therefore, the idiosyncratic erra does not have a conditional expectation of zero usscét
influences the health behavior of frienlslalvs1 through one’s own health behavior, and the bias in

the coefficient on friend’s health behaviors contaisgeond term. Specifically,

E[His | ﬁ X X ] ﬁ + HISIBl + Xlslgz + XltIBS + E[gls +fu|s | HIS’ XI] (37)

is?

E[:u|s | H|s’ is ? X, ] ¢ + ﬁi5¢1 (38)

E[H, [H, X, X, 1= (B + @ +80) +Ho (B + B +8) + X (B, + @) +
X (B + @)

(39)



where using the expansion in equation (17) the nes/tbian may be expressed as

&, = CoM 4, H~is - E[ﬁis | )Zis' Xill _ Cov i, Vil
" VarH, —E[H, | X, X1l VarlV,]

(40)

Definition 3: The reduced form effect of friend’s health bebaon own health behavior is
defined asf{1+¢1). This value includes both the direct effect of friendéslth behavior and the

additional multiplier effect because own health betwawifluences friend’s health behavior.

Taking the expectation of the cluster fixed effects etdaa equation (11) yields
E[His | |:[is - |:cia_c] = (l:[is _ﬁc)ﬁl +5c + E[(Eis _gc)l |:[is - |:cia_c] +
El(4, ~ 7)1 H, ~H,,3,]

The form of the bias in the estimated coefficient @h, - H.) that is associated with the

(41)

expectation overe, —£,) has been previously defined in equation (12). Agawiating the
expansion in equation (17), the bias associatedtivittexpectation ovefu, — 1, ) is

¢c - CO\{luis _/ch’(ﬁis - |:c) _~E[(ﬁis - |qc) | 50]] = CO\{luis _ﬁc’vis _\7(:]
' Var[(H, - H,) - E[(H, - H,)|5,]] varV, -V]

(42)

Theorem 3. Under Assumptions 1 and 3 through 6 pkfinlions 1, 2 and 3, the cluster fixed
effects model estimate of the effect of friends’ healthalidr limits to the reduced form

estimate f§;+¢1) asn; becomes large for allin the sample.

Proof: By equation (39), the expectation of the esenuditthe effect of friends’ health behavior
in the cluster fixed effects model {#, + ¢ +¢@; , and Theorem 1 establishes tlgit limits to

zero with the number of friends.

Following the derivations in equations (20) through) @&cept foru instead ot yields

(CoM 44 Vie] = CoM s Ve i,k D)
(Var[v,]1-Co\V,,V,. |i,kOc])

is?

ﬂc:

(43)

However, membership in the cluster ¢ only depends ukgnand iis and so provides no

information concerning the expectation of eithgr or V. since y is orthogonal to these



variables by assumption ang, is orthogonal by construction. Therefore the covarigeo®s
between andk are zero,

c _ CO\'{:uis'Vis] —
0= (44)

and

”mn.ﬂm(,gl-i'(qc+¢1c):|imnﬁoo(:81+ﬂc +o)=B +o #

Generalizing the Shock to Friendship Composition

In this section, we relax Assumption (4) concerrtimg shock to friendship composition
over health behavior so that this shock affects frieipdsompaosition over both health behavior
and attributes. Assumption (2) is primarily supportesbyacross cohort identification strategy,
and may be violated in models that are identifiedwthin cohort variation in friendship
choices. In that context, this extension is considefor two reasons: 1. To illustrate that
Assumption (4) is crucial for our identification stratemyyd 2. To illustrate the potential bias in
models that we estimate below that exploit wittohart variation.

One possible alternative is to redefine the set of fonstthat describe the likelihood of
observing a specific health behavidg and typeX; as

Pris[X; = x, Hj = h|X;, &5, i, J € Ki| = foxn(Xi, Vis = &5 + @ g, i) (6)
And replace assumptions (3) and (4) with

afle afsll

L ' + 9fs01 0, 0fs11 _ _ 9fs10 >0 andafsm _ _ 0fs01 >0

ay ady om on ar om

Assumption 7:625;1 +

which retains our monotonicity assumption in the eftéattributes on friendship, but now over
a linear combination afs andmis. As the number of friends becomes large,

lim,,  Xis = f*(X; &5+ amg) (45)
and

X Xis, 85 + amis) = fX (Xis, exs + amys) foralli,kOc (46)
where c is defined based on constggtandX;, as in Definition 1. This implies that

gis + am; = g, + amy,, foralli,kOc 47



Further, equation (47) implies that

&is — & = a(ms — Tc) (48)
whereé, andi, are the cohort means f andm;s.

Now as in Theorem 2, we expang; from equation (17) in terms of the relevant
disturbances as

Vie =60 + 8.6+ 1.6, +U, (49)
And using equation (48)

Vi =V, = (5, ~£)6, + (71, =716, + (U, ~U,) = (6, ~£.)(6, ~ ¢, /@) (50)
whereU, is the cohort mean dfis.

The bias from the cohort fixed effect model as showaguation (19) can be rewritten

using equation(50) as

(qc — CO\{gis _gc 7\/is _\7(:] — (Cl + CZ /a)\/ar[gis _Ec] (51)
Var[\/is _\7c] (Cl + CZ /a)\/ar[gis _gc] +Var[Gis _Uc]
The same substitution into the OLS bias expressian &quation (28) yields
- CO\'{Eis’Vis] - Clvar[gis] (52)

Var[V,] ¢Varle,] +Var[U~is]

because the unconditional covariance between is zero.

In general, Theorem 1 will not hold for arbitrary vaduef the underlying parameters
because the presencempfallows within cohort variation im;s to remain even as the number of
friends becomes large. Further, the sign of the biasdiieey from the OLS bias. If for example
OLS estimates overstate the effect of friends’ healtrabier (¢, > 0), the cluster fixed effect
estimates under Assumption 5 may understate the ef8pxcifically, if effects ofmis on
friendship formation over attributes)(differs in sign from the effects afs on friends’ health
behavior ,), theng, + ¢, /a is opposite sign of;,. This would arise if the direct effect af
on friendship formation on health behavior was oppogitesign and dominated the effect
throughy. Finally, based on Theorem 2, the sign of the OL& @noster FE estimates are the
same whem;s does not enter friendship formation over attributes smdur non-cohort cluster
FE estimates that contain within cohort variation meyduce estimates that lie below (relative
to the OLS estimates) our cohort cluster FE estimates.
Performance of Estimator with Small Number of Fden



In the next draft of this paper, we will conduct Moi@arlo simulations of the partial
equilibrium friendship model in order to quantify the gnaude of the reduction in bias for
analyses where individuals have relatively small bera of friends, the fraction of friendship
type and behavior are both based on a more traditfodéstributed stochastic functions,
friendship type is characterized by several attribwaad, individual type-friendship clusters are

small potentially leading to incidental parametegsbi

Friendship Data
In order to accomplish our research goals, we use theawailable national dataset

containing rich friendship network information as well hsalth behaviors, the National
Longitudinal Study of Adolescent Health (Add Healtfihe Add Health is a school-based,
longitudinal study of the health-related behaviorsadblescents and their outcomes in young
adulthood. In short, the study contains an in-sclyp@stionnaire administered to a nationally
representative sample of students in grades 7 thrb2gh 1994-95 and three in-home surveys
that focus on a subsample of students in 1995 (Wavantl) approximately one year (Wave 2)
and then six years later (Wave 3). The fourth wave ostineey should be available for analysis
later this year. The study began by using a clustsaeapling design to ensure that the 80 high
schools and 52 middle schools selected were regegsenof US schools with respect to region
of country, urbanicity, size, type, and ethnicityigitlle high schools included an 11th grade and
enrolled more than 30 students. More than 70 percettteobriginally sampled high schools
participated. Each school that declined to partieipeds replaced by a school within the stratum.

For this paper, we focus on the In-School data codlactiwhich utilized a self-
administered instrument to more than 90,000 studentgades 7 through 12 in a 45- to 60-
minute class period between September 1994 and A§85.1The questionnaire focused on
topics including socio-demographic characteristicanilia background, health status, risk
behaviors, and friendship nominations. In particulacheatudent respondent was asked to
identify up to 10 friends (5 males, 5 females) from tlehosl's roster. Based on these
nominations, social networks within each school banconstructed and characterized, linking
the health behaviors of socially connected individual

Of the nearly 90,000 students in the schools origimaltveyed, several reductions in the
sample size were made in order to construct the sisadample. First, nearly 4,500 students did

not have individual identification numbers assigniéarly 12,000 students did not nominate



any friends and 5,000 individuals nominated friends wieoe not able to be linked with other
respondents due to nominations based on incomphétemation (“nicknames” rather than
names, or the nominated friend did not appear on tlieHehth school roster, etc.) These issues
reduced the sample to approximately 66,000 respondentlis paper, our main focus is on
individuals with same-sex/same-grade level friendsclvineduces the sample to approximately
58,000 student¥: One reason to focus on same-sex friends is that romratattonships may be
nominated as “friends”. In addition, most previousdgs of friendship networks also limit the
network definition to same-sex friends. We limit our gs&l to same-grade friends in order to
use cross-cohort (grade) variation in friendship opporeméind choices, as we describe below.
While our main focus is on same-sex friendship netwonks,also present some evidence of
opposite sex friendship networks to examine potehgdbrogeneity of effects and extend the
literature in this direction. In order to retain samgilee, we impute missing covariates, such as
maternal education, and control for missingness, budaveot impute missing outcomes.

Table 1 presents descriptive statistics of the armlysmple and shows that
approximately 34% of the sample reports smoking and B4%he sample reports drinking
alcohol. The average adolescent nominates 2.4 samérignds. In Table 2 we present the
distribution of friends’ health behaviors in the dataeRdship networks include considerable
variation, including individuals who have no smokuiinking friends through individuals who
have all smoking/drinking friends. Appendix Table pfesents an analysis of the correlates
associated with individuals being dropped from theda for these reason discussed above, as
well as additional sources of selection arising fromeimpirical specification discussed below.
Briefly, race, gender, family structure, and missingnessother variables predicts sample
selection in to the original 66,000 observationsame extent, however health behaviors are not
robust important predictors. In regards to same-sex/saategfriendship nominations, the
likelihood of making such nominations increases tadgrand is smaller for more advantaged
students. We find that the proportion of smokers ingttaele (potential friends) is not related to
these nomination patterns, however, individuals vdtmking grademates are slightly more
likely to nominate same-grade/same-gender friends (aoit increase in grademates drinking

is associated with a 1 percentage point increatigeiprobability).

14 Of the 66,000 students, 4,300 do not nominatesanye grade friends and 4,100 do not nominate ang-sa
grade/same-gender friends (that is, they nomirateeggrade friends but no same-grade/same geneedsii



Evidence of Variation in Friendship Options

As we demonstrate above, identification of the effedtiehd’s health behavior requires
a shock in exposure to potential friends with spetiéalth behaviors. In our empirical analysis,
we control for fixed effects associated with similar stud who make the same friendship
choices on student attributes, but because theyngelw different cohorts of the same school
draw groups of friends who systematically exhibit diffgrimealth behavior. That is, the dataset
contains multiple cohorts within each surveyed highosl, which allows us to combine our
friendship type fixed effects with the use of cross-cqhwithin-school variation and in doing so
are able to compare students who face similar fridpdsptions (are in the same school) and
make similar friendship choices. This extension relieavily on the assumption that individuals
who attend the same school, but different grades, éssentially the same “types” of friendship
options.

To what extent do students in the same schooldawciar friendship options? Using the
Add Health data, we show below in Table 3 that aiimg for school and grade effects can
predict over 95% of the variation in racial compositafnpotential friends (classmates) in the
data. Likewise, controlling for school and grade pred83% of the variation in peers’ maternal
education level and 96% of the variation in classnratvity. These findings suggest that
students in different grades but who attend the sameo$ have very similar friendship options
based on race and family background of peers.

In addition, there is substantially more variatiorrogs cohort, within schools in
unhealthy behaviors. Using the same regression asatys data show that we only predict 77%
of peer smoking rates, 76% of exercise rates, and 81%eofdrinking rates. Thus, these results
suggest that there is substantial variation in ex@oso health behaviors of potential friends
(classmates) even within school, while at the same the friendship options based on race,
maternal education, and nativity is nearly identical students across grades within the same
school. We use these features of our data to makear@uops within schools of students who
face similar environments in terms of friendship opporiesitand make similar friendship
choices over attributes, but have different friendshipcauats over health behavior and

unhealthy behavior outcomes.



Empirical Specification

Our friendship clusters are based on students in the sahool choosing sets of friends
with very similar demographic attributes. As thereeigsdence that adolescents have strong
preferences to befriend classmates based on age, ganderace (Mayer and Puller 2008;
Weinberg 2008), we create our “individual type-friendstyipe clusters” by focusing primarily
on those attributes. Given a limited sample, therdaarly a trade-off between how restrictive
we make our definitions of observationally similar iduals and of same friendship types. We
begin by placing the most weight on obtaining vepecific “friendship-type” clusters. The
reason behind this focus in that most of our demogcaphriables are binary and so after
controlling for individual-type on those variables véttfe information is left that can be used in
our specification tests in order to examine whether p#eibutes can explain predetermined
student attributes. For example, we examine whether gigributes can explain student race or
ethnicity in a model that only controls for within sch friendship types. However, we also
examine model specifications that include the sttideace (white, black, Hispanic, and Asian)
and whether their mother is a college graduate in thation of individual type-friendship type
clusters, and then for years of maternal education wetestnwhether peer within cluster
variation can explain a student’'s own maternal edogati

The friendship clusters are based on the following erogs characteristics of chosen
friends, including (1) race (black vs. Hispanic vs. ehits. Asian vs. other) (2) maternal
education (no college vs. some college vs. collegelugate) (3) family structure (living with
mother vs. not living with mother) and (4) nativity (nvativs. foreign born). Specifically, the
number of friends chosen from each characteristic is ustiekicluster. Importantly, our clusters
are quite flexibly created, such that an individuabvehooses five black friends is in a different
cluster than an individual who chooses four black fri€idn yet another refinement of our
cluster approach, in some analyses we also incluattedevels-pairs within the clusters, so that
7" and &' graders are compared to each other (dHtid¥ and 11712") in order to move closer

to the thought experiment described in the introduactio

1> As an example, friendship cluster 15 could beted:hased on nominating four friends such thanftiA is
white, has a college educated mother, lives wishnither, and is native born; friend B is whites hamother with
some college, lives with his mother ,and is nakigen; friend C is white, has a college educatedhemtives with
his mother, and is foreign born; friend D is blakks a college educated mother, lives with motiad,is native
born. Cluster 16 could be identical except thevittlial nominated four white friends instead of thiehite friends
and one black friend; Cluster 17 could be identicalluster 15 except all the nominated friendsreatéve born.



In our final model, as discussed above, we restrict cmmparisons to students in
different grades who are observationally equivalenXamnd chose the same friendship set on
the X’s. These students are unable to form the same owm-drethdships and so one student
could not intentionally select away friends in th@mparison group’s friendship set. In order to
accomplish this, we randomly choose only one studeetch grade from each friendship type
cluster so that the estimated effect of peer behavionatabe identified off of within grade
variation. In these estimates, the substantial difieee in health behavior across cohorts provide
the shock to the health behavior of potential sameegfadnds that identifies the effect of
friends on health behavidt.

The rich structure of friendship type clusters, as oudlinbove, will create singleton
clusters of students—those students who have uniquenasual” friendship preferences. These
singleton clusters will, implicitly, not contribute tthe identification of the network effects
estimates, as there will be no within-cluster variatiorexploit. Our appendix 3A on sample
attrition also examines the significance of excluditng variation associated with these
observations from our estimates of the effects of friendkhhbahaviors. While we find some
evidence that attrition on this dimension varies withservable attributes, the estimated
relationship between smoking and drinking status pladement in a single cluster is fairly
small. In addition, we repeat the substantive aralygesented below for subsamples excluding
observations associated with singleton clusters lagid ¢xclusion has no effect on the pattern of

estimates observed.

18 As discussed, an illustration of our combined methogy is that we can compare two students whadittise
same high school and each selected five Africanrfaar, male friends in their same grade. This iattis that
these two students faced similar friendship cho&rebalso selected similar friends, given thesécelso The
difference between these two individuals who sesimwe very similar preferences for friends is thae

individual is in the 9 grade (and thus select§ grade friends) and the second student is fhgtade in the same
school (and thus selects" @rade friends). We therefore leverage the fadtahe has determined whether each
student is in § or 10" grade in this specific school, and we argue thiat“quasi-experiment” allows us to use the

9" grader as a counterfactual to thd' feader when examining whether health behaviofsierids (H st ) Impacts

own-health behavior outcome$i(, ). Thus, we use these two students as the coudtieafdfor what would have

happened had they been in a different grade isdh&e school, and thus had a different set of faewk argue that
this comparison technique addresses two of ther@apdifficulties with estimating causal socialtwerk effects:
selection of network members (friends) and unolestoausal factors. We address these difficultiesdmparison
individuals in the same environment (same schaad)who, but for their assignments to different gréelels,
would have chosen the same friends (randomizatsedon age).



Evidence of Friendship Selection

We can patrtially test the validity of our approachdxamining whether students seem to
be sorting into specific friendship patterns within oueridship clusters. Specifically, we test
whether a student’s own observable attributes correlatethe attributes of their friends within
student clusters. Following the logic of Altonji, Eld and Tabor (2005), if individuals do not
sort on observables into friendships within clusterns, very unlikely that they have sorted based
on unobservable characteristics. For example, if we fimdevidence of additional correlation
between an individual’'s own parental education d®dgarental education of their friends after
conditioning on the average level of correlation for salidents in this cluster, which might
include broader educational categories, then it iskelyl that students are sorting based on
unobservable characteristics like the parents’ involvemth the students’ education or the
parents’ educational and academic expectations gimzse unobservable characteristics are
likely correlated with parental education. Similar ghastic tests have been used elsewhere
(Bayer, Ross and Topa 2008; Bifulco, Fletcher and R0%4).

In Table 4, we present evidence from these diagntessis. Each set of rows examines
the correlation between a different “outcome” (individlealel characteristic) and friend’s
characteristics. Columns add controls from left to ridtite first column and row shows the
correlation between whether an individual is of Hispasthnicity (vs non-Hispanic) and the
average of his or her friends’ maternal education le¢0l93). Column 2 controls for school
fixed effects and reduces the coefficient by 1/3, bet ¢stimated effect is still sizable and
statistically significant. Column 3 controls for schdml cluster fixed effects and reduces the
coefficient to 1/18 the size of the baseline regression, and ColumreMisisimilar estimates
after adding grade-pairs to the clusters so th&"7 910", and 11712" graders are compared.
Column 6 adds individual characteristics to the @udefinition, including race and whether the
student’s mother graduated from college, and Columrnifh&®s the Column 6 model selecting
one observation per cohort per cluster and weightingteasi back up to their original size for
comparability to Column 6, though the model is ragntified for these two columns for this

outcome (student race). Similar results arise for whetleeinttividual is white in Row 2’

" The estimated effects in OLS for explaining whete individual is black is small relative to tharsdard error in
our cluster fixed effect estimates and so a cotaxttral based on whether the student is blacksinfmrmative.



In Row 3, we examine the correlation between own-matesducation and the average
maternal education of friends. Here, the correlationqute high—0.33—in the baseline
specifications. Again, the inclusion of school fixdteets leads to only a moderate reduction in
the coefficient estimate. However, when we add scKoduster fixed effects in column 3, the
coefficient estimate is reduced by more than two-thitus, is still statistically significant.
Finally, we include individual characteristics in Quoin 5 in the clusters definitions, and the
correlation between own and friends’ maternal educatitie fa 0.01 and is not statistically
significant. The one observation per cohort sampleltes Column 6 indicate a slight increase
in the magnitude of the estimates as compared tan@olb, but the effects are still statistically
insignificant and substantially smaller than thereates in the school fixed effects model.

In a second set of balancing tests (Table 4B), we maitine correlations between
individual characteristics and friends’ health behaviarerder to further assess our ability to
control for observables and unobservables in our estimatrategy. In the first row, we show
that maternal education is highly associated wignfiis’ drinking behaviors. However, when we
control for clustering, the coefficient is reduced by 098f6 and is no longer statistically
significant. In row 2, we find similar evidence from tberrelation between maternal education
and friends’ smoking behaviors. In row 3, we find thalividuals with highly educated mothers
are more likely to have friends with caring mothers. Ho&r, as we add cluster fixed effects in
the final column, this correlation is reduced over 8884 is no longer statistically significant.
This result is a strong test of the adequacy of outalsisas maternal caring might be a typically
unobserved characteristic that researchers would wormyoiscompletely captured in our
clusters'® In two of the three cases, the effect size increasesmwe shift to the one per cohort
sample, but as before the estimated effects arersiinificant and small relative to the school
fixed effect estimates. These findings are suggestivéerge that our cluster controls are
significantly reducing endogeneity bias associateth wtudents choosing their friends both

overall and when compared to school fixed effect models

18 Of course, we will control for maternal caringdar results, so any residual correlations in unnizgges
between the respondent and his friends will beohétese controls and the cluster fixed effects



Results

Same-Sex Friends

Table 5 presents estimates for adolescent smoking vdaene-sex/same-grade friends
are used to define the friendship network. In Columnthg, baseline results suggest that
increasing the share of friends who smoke by 10 peageroints would increase own-smoking
by nearly 3.9 percentage points. In Column 2, weoiolsome of the previous literature and
control for high school fixed effects; however this ondgluces the coefficient from 0.388 to
0.368 for friends’ smoking. In Column 3 we do not useost fixed effects, but instead use our
friendship cluster fixed effects. As discussed abovecreate cluster fixed effects based on
several aspects of the respondent’s friendship noromagiatterns, including (a) number of
nominations (b) race of nominated friends (white vs. blacKispanic vs. Asian vs. other race),
maternal education of nominated friends (college gr&duat non college graduate), whether
friend is native born, and whether friend lives with iés/mother. With the inclusion of cluster
fixed effects, the coefficient estimate mirrors that ofgbleool fixed effects results (column 1 vs.
column 3) declining from 0.39 to 0.37 and little redoctin the estimates is observed. However,
when we control for school X cluster fixed effects in colu4 and so control for same
friendship choices given the same friendship opportusgty we observe a substantially larger
decline in the estimated to 0.31. The last thre@roak limit comparisons to adjacent grades
(7/8, 9/10, 11/12), incorporate same observables imtoctuster definitions and restrict the
sample to one observation per cohort in turn. All oséhestimates fall between 0.30 and 0.32

Overall, we see approximately a 25% reduction in thseline estimate with our
inclusion of individual-friendship type fixed effects, atids reduction is substantially more than
the reduction associated with controlling for schookdixeffects. However, these changes are
very small relative to the declines in estimates sgrie same model specifications for our
balancing tests where the declines are typicallyhenorder of 75 to 90 percent. As discussed
above, as we control for richer cluster definitions, gs@nple size used to identify the
coefficients is reduced due to “singleton clusters” Alppendix Table 5A, we show that the
change in composition is not the explanation for osults by estimating the baseline results in
Table 5 using the non-singleton sample across columns

Table 6 examines drinking behaviors. Baseline resnltsolumn 1 suggest that a 10

percentage point increase in friends’ drinking is assediaith a 3.3 percentage point increase



in own-drinking. Like the results for smoking, schoolefikeffects (added in column 2) reduce
this association by a modest amount to 3.0. Ugiegsame cluster definition as in smoking, the
results using friendship-cluster fixed effects (but ndiost fixed effects) in column 3 the
coefficient is reduced slightly, suggesting that insheg friends’ drinking by 10 points will
increase own drinking by 3.2 percentage points. Asrbewhen we control for school X cluster
fixed effects in column 4, our estimated effect fall2tb percentage points. The restriction of
comparisons of adjacent grades and the inclusion aWithéhl attributes into the cluster
definitions have little impact on our estimates resgltin a 2.4 percentage point effect.
However, in the case of drinking, the estimated effiectthe one per cohort sample is
substantially larger at 2.8 percentage points. Therefour best estimate of causal effects is
only about 15 percent below the OLS estimates arte dquiose to the school fixed effect
estimates.

In Table 7, we examine gender and racial differemcake effects of same-sex friends.
Results for both smoking and drinking suggest thatbdmeline social network effects are 1/3
higher for females than males. Interestingly, thedgergap shrinks by about 1/2 once controls
are added for all of our cluster specifications. Thisigggstive evidence that rather than females
being more susceptible to peer pressure/social netefiekcts, there is higher selection into
friendships for females than males based on healthvloeba For the racially stratified results,
we find evidence of larger social network effects for tedi—the differentials are largely
unaffected after we include our cluster fixed effects, evifidr blacks we find no statistically
significant effects on either drinking or smoking and Kbspanics the effects for drinking are
statistically insignificant. These findings are catant with earlier work by Fletcher (2010) that
finds larger peers effects on smoking for white in a trawiti cohort based study.

Opposite Sex Friends

We next extend our analysis to focus on opposite-serds. The effects are likely a
combination of the influence of opposite sex friendsval as romantic partners, but represent a
contribution to the literature because most studiesisoon same-sex friends. The results in
Table 8 suggest smaller influences from opposite-sexds—a 10 point increase in friends’
smoking is associated with a 2.3 percentage poorease in the likelihood of own-smoking.
While this effect falls after controlling for “friendshigges and options”, the effect is stable at

2.3 percentage points for the one per cohort samplélalite 9, we estimate that the effect of



increasing friends’ drinking by 10 points is associatétth an increase of 2.1 percentage points
in own-drinking. The effect is reduced by over 25% fa tine per cohort sample with cluster

controls. In Table 10, we examine the effects by gerahd race. We find no evidence of

differential effects by gender. The results by race sstgglarger friendship network effects for

white students and again little evidence of effectdbfack students after including controls. The
shift to the one per cohort sample has little effecthe estimates, but all results are statistically
insignificant due to the larger standard errors asstiadmbining smaller opposite-sex effects
with the use of subsamples and the reduced sanzgénsihe one per cohort sample.

Empirical Extension

Although not included in this draft, we plan on extieng the methods in this paper in
several directions. We intend to test for non-linessitn these effects and well as whether these
effect are heterogeous across schools in systematic Welgswould also like to look at more of
the social dynamics of drinking and smoking. Wd exlamine whether effects vary with age or
by the self-reported duration of use among the indafid friends. Similarly to the mechanism
analyses in Lavy and Schlosser’s (2007) traditionabdagtudy, we plan to examine whether the
drinking or smoking of friends also related to othernaloattitudes about discipline, achievement
or risk taking. Finally, we intend to extend our asa& to examine educational outcomes, such
as test scores and educational attainment.

One methodological extension concerns how we oldaromparison within school,
across cohorts. Rather than removing school fixed efiéata general mean differencing, which
compares all student outcomes in a school based average baseline for the school, we will
calculate unigue means for differencing from studefarination in each grade where the mean
is based on all students in a friendship cluster @én@atnot in that particular grade. Further, this
differences process also addresses a bias that aribesdireffects models with a small numbers
of students in each cluster. As noted in previousarebe(Bayer, Ross, and Topa 2008), leaving
an individual in their own cluster for mean differergitreates a positive correlation between the
fixed effect and the individual’s idiosyncratic error, bditopping the individual creates a
negative correlation because the cluster mean is mgefoa random sample. By differencing
based on students in a cluster from other gradesmtan is based on a random sample of

students from those grades and yet is not correlaidtiae student’s idiosyncratic error. Our



initial investigations of this alternative model seggresults that are very close to the estimates
from our one per cohort sample with somewhat more prgastimated standard errors.
Conclusions

While researchers typically examine peer effects by ohefithe peer group broadly, this
paper focuses attention on actual friends and implesmemniew research design to study the
effects of friend’s health behaviors on own health belavimr adolescents. The main idea is to
combine a cross-cohort, within school design with i@satfor friendship options through high
school fixed effects and friendship choices throughueof “friendship type” fixed effects. We
show that in the Add Health data used in this paffegre is evidence that our design is
successful in narrowing down relevant comparison groypgdntrolling for the friendship
choices and friendship options of adolescents. Otialirestimates also suggest that all results
are robust to the restriction of sample to one studentlpster per cohort, which assures that the
model is only identified based on comparisons of sitedacross clusters.

Further, we use a model of friendship formation to ingas#i the circumstances under
which our identification strategy will provide consistestimates. We find that our approach can
be applied under quite general circumstances. For deamyr model allows for a very general
non-linear process of friendship selection, allows for ¢aticn between observable attributes
and unobservables that affect friendship formation, almdvalfor a simultaneity between own
health behavior and friendship choice over health hehas long as we are interested in an
estimate of the effect of friends behavior that incluftesiback effects. The key assumptions
required to apply this identifications strategy are thabbservable determinants of health
behavior have a monotonic affect on the patterns of fsigipdformation and that individuals
experience some type of shock in exposure to healtlbor of potential friends that does not
directly enter own health behavior. This shock asstirassome variation remains in friends’
health behavior even after eliminating variation acmods/iduals in friendship outcomes. In our
application, this “treatment” is the variation acrasshorts in the exposure to friends’ health
behavior. Our empirical analysis is very supportivehig aissumption in that we find very small
variation in the demographic attributes of studentoszc cohorts in the same school, but
substantially larger variation in health behavior.

Overall, our results suggest that friendship network effact important in determining

adolescent tobacco and alcohol use but are overastinin specifications that do not fully take



into account the endogeneity of friendship selectipri®-25%, and we also find evidence that
gender differences in social network effects are expllalme selection bias. We present new
evidence of the effects of opposite sex friends ontheléhaviors and also find racial

differences in friendship network effects.
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Table 1
Descriptive Statistics
Add Health
Analysis Sample From In School Survey: Same Grade/Same Sex Friends

Variable Obs Mean Std Dev  Min Max

Smoke 62811 0.35 0.48 0 1
Drink 62674 0.54 0.50 0 1
Get Drunk 62307 0.30 0.46 0 1
Exercise 59991 2.28 1.20 0 4
Any Exercise 59991 0.95 0.22 0 1
Male 65495 0.47 0.50 0 1
White 65855 0.59 0.49 0 1
Hispanic 65855 0.14 0.35 0 1
Black 65855 0.18 0.38 0 1
Asian 65855 0.06 0.23 0 1
Live with Mom 64675 0.93 0.26 0 1
Maternal Years of Education 65855 13.41 2.33 0 18
Maternal Caring Scale 65855 4.78 0.61 1 5
Native Born 64164 0.92 0.28 0 1
Grade =7 65456 0.14 0.35 0 1
Grade =8 65456 0.14 0.35 0 1
Grade =9 65456 0.21 0.41 0 1
Grade = 10 65456 0.19 0.40 0 1
Grade =11 65456 0.17 0.37 0 1
Grade = 12 65456 0.15 0.36 0 1
Missing 65855 0.43 0.49 0 1
Number of Nominations 65855 241 1.53 0 5
Proportion White 57278 0.60 0.43 0 1
Proportion Black 57278 0.17 0.35 0 1
Proportion Hispanic 57278 0.13 0.29 0 1
Proportion Asian 57278 0.06 0.19 0 1
Proportion Other Race 57278 0.04 0.14 0 1
Proportion Mom Less High School 45427 0.15 0.28 0 1
Proportion Mom Some College 45427 0.18 0.28 0 1
Proportion of Mom College Grad 65855 0.35 0.31 0 1
Proportion Native 55509 0.92 0.22 0 1
Proportion Live with Mom 55794 0.93 0.18 0 1




Table 2
Distribution of Health Behaviors in Friendship Networks

% Smoke Freq. Percent Cum. % Drink Freq. Percent Cum.
Same Sex Friends
0.00 22,994 4251 4251 0.00 12,509 23.18 23.18
0.10 0.10
0.20 1,534 2.84 45.34 0.20 931 1.73 24.91
0.30 7,270 13.44 58.78 0.30 5,542 10.27 35.18
0.40 1,154 2.13 60.91 0.40 1,064 1.97 37.15
0.50 7,146 13.21 74.12 0.50 7,713 14.3 51.45
0.60 770 1.42 75.55 0.60 1,135 2.1 53.55
0.70 2651 4.9 80.45 0.70 3,774 6.99 60.55
0.80 1,748 3.23 83.68 0.80 3,440 6.38 66.92
0.90 0.90
1.00 8,830 16.32 100 1.00 17,847 33.08 100
Total 54,097 100 Total 53,955 100
% Smoke  Freq. Percent Cum. % Drink Freq. Percent Cum.
Opposite Sex Friends
0.00 15,965 43.48 43.48 0.00 8,516 23.26 23.26
0.10 0.10
0.20 590 1.61 45.11 0.20 328 0.9 24.16
0.30 3,940 10.73 55.84 0.30 2,646 7.23 31.39
0.40 512 1.39 57.23 0.40 434 1.19 32.57
0.50 4,920 13.4 70.63 0.50 5,141 14.04 46.61
0.60 371 1.01 71.64 0.60 481 1.31 47.92
0.70 1653 45 76.15 0.70 2,360 6.44 54.37
0.80 859 2.34 78.49 0.80 1,643 4.49 58.86
0.90 0.90
1.00 7,896 21.51 100 1.00 15,063 41.14 100
Total 36,706 100 Total 36,612 100




Table 3
Variation in Friendship Options

Peer Variable R-squared
% Maternal College Graduate 92.5%
% Black 97.2%
% Hispanic 97.4%
% White

% Asian 93.8%
% Native Born 96.1%
Mean Maternal Caring Scale 55.1%
% Smoke Cigarettes 76.5%
% Drink Alcohol 80.9%
% Exercise 75.8%

Notes: The results reported indicate the R-squared from a
regression of a complete set of school-level and grade-level
dummy variables on the grade-level measure of peer
characteristics or peer health behaviors

N~65,000



Table 4

Balancing Tests of Friendship Sorting

Outcome Hispanic Hispanic Hispanic Hispanic Hispanic Hispanic
Specification oLs OLS oLs OLS oLs oLs
School-GradePair- School-GradePair- School-GradePair-
Fixed Effects None School School-Cluster Cluster Cluster-X One Per Cluster-X
Friends' Maternal Education -0.032%** -0.022%*** -0.003 -0.003
(0.006) (0.005) (0.002) (0.003)
Observations 65456 65456 65456 65456
R-squared 0.027 0.306 0.696 0.725
Outcome White White White White White White
Specification oLS oLS oLS oLS oLS oLS
School-GradePair- School-GradePair- School-GradePair-
Fixed Effects None School School-Cluster Cluster Cluster-X One Per Cluster-X
Friends' Maternal Education 0.026*** 0.019%*** 0.002 0.002
(0.007) (0.004) (0.002) (0.003)
Observations 65495 65456 65456 65456
R-squared 0.003 0.009 0.570 0.752
Maternal Maternal Maternal Maternal
Outcome Education Education Education Maternal Education Education Maternal Education
Specification oLs OLS oLs OLS oLs oLs
School-GradePair- School-GradePair- School-GradePair-
Fixed Effects None School School-Cluster Cluster Cluster-X One Per Cluster-X
Friends' Maternal Education 0.331%** 0.197*** 0.024 0.007 -0.010 0.018
(0.026) (0.021) (0.020) (0.014) (0.017) (0.072)
Observations 65456 65456 65456 65456 65456 49511
R-squared 0.061 0.123 0.530 0.586 0.869 0.975

Each set of rows and each column displays coefficients from separate regressions. All regressions control for grade-level fixed effects.




Balancing Tests of Friendship Sorting (Health Behaviors)

Table 4B

Maternal Maternal Maternal Maternal Maternal Maternal
Outcome Education Education Education Education Education Education
Specification oLS oLS oLS oLS oLS oLS
School-GradePair-  School-GradePair- School-GradePair-
Fixed Effects None School School-Cluster Cluster Cluster-X One Per Cluster-X
Friends' Drinking -0.239%** -0.280%*** -0.179%*** -0.064 -0.059 -0.004
(0.057) (0.033) (0.046) (0.048) (0.066) (0.203)
Observations 53895 53895 53895 53895 54027 43797
R-squared 0.002 0.112 0.603 0.665 0.915 0.980
Maternal Maternal Maternal Maternal Maternal Maternal
Outcome Education Education Education Education Education Education
Specification oLS oLS oLS oLS oLS oLS
School-GradePair-  School-GradePair- School-GradePair-
Fixed Effects None School School-Cluster Cluster Cluster-X One Per Cluster-X
Friends' Smoking -0.303*** -0.337%** -0.234%*** -0.091* -0.031 -0.050
(0.074) (0.048) (0.059) (0.046) (0.072) (0.217)
Observations 54027 54027 54027 54027 53564 43895
R-squared 0.003 0.113 0.602 0.665 0.939 0.981
Maternal Maternal Maternal Maternal Maternal Maternal
Outcome Education Education Education Education Education Education
Specification oLs oLs OoLS oLs OLS oLs
School-GradePair-  School-GradePair- School-GradePair-
Fixed Effects None School School-Cluster Cluster Cluster-X One Per Cluster-X
Friends' Maternal Caring 0.216*** 0.157*** 0.082** 0.079** 0.039 0.053
(0.034) (0.023) (0.041) (0.035) (0.047) (0.137)
Observations 51017 51017 50289 51017 50289 41009
R-squared 0.002 0.112 0.601 0.602 0.938 0.980

Each set of rows and each column displays coefficients from separate regressions. All regressions control for grade-level fixed effects.




Table 5

Friendship Network Effects on Smoking

Outcome Smoke Smoke Smoke Smoke Smoke Smoke Smoke
Specification oLS oLSs OLS OLS oLSs oLS OLS
Same Sex/ Same Sex/ Same Sex/ Same Sex/ Same Sex/ Same Sex/ Same Sex/
Friends Same Grade Same Grade Same Grade Same Grade Same Grade Same Grade Same Grade
School- School-GradePair- School-GradePair-
Fixed Effects None School Cluster School-Cluster GradePair-Cluster Cluster-X One Per Cluster-X
% Smoke 0.385*** 0.366*** 0.368*** 0.308*** 0.297*** 0.295*** 0.315***
(0.010) (0.011) (0.012) (0.019) (0.022) (0.028) (0.031)
Age 0.035*** 0.034*** 0.033*** 0.035*** 0.036*** 0.039*** 0.036**
(0.004) (0.004) (0.005) (0.008) (0.010) (0.015) (0.015)
Male -0.010** -0.014%*= -0.017%*= -0.012 -0.010 -0.016 -0.002
(0.005) (0.005) (0.006) (0.010) (0.013) (0.020) (0.018)
Hispanic -0.024** 0.001 -0.002 -0.003 -0.010 -0.006
(0.011) (0.009) (0.011) (0.022) (0.028) (0.040)
Black -0.093*** -0.108*** -0.093*** -0.088*** -0.092%** -0.054
(0.008) (0.009) (0.013) (0.028) (0.033) (0.048)
Asian -0.081*** -0.080*** -0.056*** -0.089*** -0.098*** -0.072
(0.009) (0.011) (0.012) (0.025) (0.028) (0.068)
Live with Mom -0.066*** -0.065*** -0.072%** -0.077*** -0.072%** -0.072 -0.073*
(0.009) (0.009) (0.009) (0.019) (0.024) (0.061) (0.037)
Maternal Education -0.004*** -0.005*** -0.003*** -0.006*** -0.006** -0.003 -0.006*
(0.001) (0.001) (0.001) (0.002) (0.002) (0.006) (0.004)
Maternal Caring Index -0.071*** -0.071%** -0.070%** -0.070*** -0.074%*= -0.073*** -0.082***
(0.003) (0.004) (0.004) (0.007) (0.009) (0.015) (0.013)
Native Born 0.067*** 0.059*** 0.050*** 0.054** 0.056** 0.043 0.047
(0.014) (0.010) (0.014) (0.024) (0.023) (0.045) (0.034)
Observations 50249 50249 50249 50249 50249 50249 40427
R-squared 0.140 0.147 0.248 0.581 0.651 0.772 0.775

Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

Additional Controls: Grade dummies, Constant, Missing Indicator




Table 6
Friendship Network Effects on Drinking

Outcome Drink Drink Drink Drink Drink Drink Drink
Specification OLS oLS oLS OLS OLS OLS oLSs
Same Sex/ Same Sex/ Same Sex/ Same Sex/ Same Sex/ Same Sex/ Same Sex/
Friends Same Grade Same Grade Same Grade Same Grade Same Grade Same Grade Same Grade
School-GradePair-  School-GradePair- School-GradePair-
Fixed Effects None School Cluster School-Cluster Cluster Cluster-X One Per Cluster-X
% Drink 0.329*** 0.302*** 0.316*** 0.253*** 0.239*** 0.235*** 0.284***
(0.011) (0.011) (0.013) (0.019) (0.022) (0.033) (0.089)
Age 0.032*** 0.031*** 0.034*** 0.032*** 0.033*** 0.033* 0.025
(0.004) (0.004) (0.005) (0.009) (0.011) (0.015) (0.057)
Male 0.005 0.002 0.003 0.007 0.006 0.009 0.022
(0.004) (0.004) (0.005) (0.010) (0.012) (0.020) (0.066)
Hispanic 0.018* 0.026*** 0.033*** 0.044* 0.044
(0.010) (0.008) (0.011) (0.023) (0.027)
Black -0.039%** -0.051*** -0.070*** -0.074*** -0.072**
(0.010) (0.011) (0.015) (0.028) (0.028)
Asian -0.101%** -0.118*** -0.078*** -0.081*** -0.078**
(0.011) (0.012) (0.014) (0.026) (0.032)
Live with Mom -0.066*** -0.065*** -0.071*** -0.069*** -0.075%** -0.050 -0.091
(0.009) (0.009) (0.009) (0.018) (0.021) (0.076) (0.250)
Maternal Education -0.004*** -0.006*** -0.004** -0.006*** -0.006** 0.005 0.006
(0.001) (0.001) (0.001) (0.002) (0.002) (0.010) (0.022)
Maternal Caring Index -0.064*** -0.064*** -0.064*** -0.063*** -0.062*** -0.065*** -0.069
(0.004) (0.003) (0.004) (0.007) (0.009) (0.014) (0.057)
Native Born 0.086*** 0.084*** 0.070*** 0.079*** 0.083*** 0.077 0.118
(0.014) (0.013) (0.012) (0.022) (0.028) (0.052) (0.209)
Observations 49656 49656 49656 49656 49656 49656 40570
R-squared 0.153 0.163 0.270 0.609 0.674 0.807 0.942

Robust standard errors in parentheses

. ¥¥* pn<0.01, ** p<0.05, * p<0.1.

Additional Controls: Grade dummies, Constant, Missing Indicator




Table 7

Racial and Gender Differences for Same-Sex Friendship Networks

Outcome Smoke Smoke  Smoke Smoke Smoke Smoke Smoke

Specification oLS oLS oLS oLS oLS oLS oLS

Fixed School- School-GradePair-  School-GradePair- School-GradePair-

Effects None School  Cluster Cluster Cluster Cluster-X One PerCluster-X

Females

% Smoke 0.428** 0.403*** 0.403*** 0.312*** 0.292*** 0.288*** 0.322***
(0.013) (0.014) (0.016) (0.031) (0.036) (0.054) (0.057)

Males

% Smoke 0.330*** (0.305*** (0.313*** 0.267*** 0.257*** 0.253*** 0.269***
(0.014) (0.014) (0.015) (0.030) (0.037) (0.057) (0.057)

White

% Smoke 0.432%** 0.413*** 0.417*** 0.354*** 0.343%** 0.338*** 0.372%**
(0.010) (0.011) (0.011) (0.019) (0.024) (0.022) (0.038)

Black

% Smoke 0.189*** (0.148*** 0.160*** 0.074 0.072 0.058 0.131
(0.022) (0.023) (0.023) (0.052) (0.068) (0.102) (0.126)

Hispanic

% Smoke 0.321** (.288*** (0.280*** 0.249%** 0.238*** 0.244*** 0.244**
(0.014) (0.013) (0.017) (0.039) (0.051) (0.084) (0.115)

Outcome Drink Drink Drink Drink Drink Drink Drink

Specification oLS oLS oLS oLS oLS oLS oLS

Fixed School- School-GradePair-  School-GradePair- School-GradePair-

Effects None School  Cluster Cluster Cluster Cluster-X One PerCluster-X

Females

% Drink 0.365*** (0.335*** (.348*** 0.268*** 0.239*** 0.219*** 0.267***
(0.013) (0.013) (0.015) (0.024) (0.030) (0.048) (0.052)

Males

% Drink 0.283*** (0.250*** 0.267*** 0.213%** 0.204*** 0.206*** 0.225%**
(0.015) (0.016) (0.017) (0.031) (0.034) (0.050) (0.066)

White

% Drink 0.384*** (0.353*** (.373*** 0.311%*= 0.292%** 0.284*** 0.339%**
(0.011) (0.011) (0.012) (0.019) (0.023) (0.029) (0.046)

Black

% Drink 0.198** 0.167*** 0.181*** 0.138*** 0.130*** 0.159** 0.145
(0.016) (0.017) (0.017) (0.035) (0.045) (0.062) (0.096)

Hispanic

% Drink 0.232*** 0.206*** 0.177*** 0.129%=** 0.113* 0.111 0.125
(0.019) (0.020) (0.026) (0.046) (0.062) (0.080) (0.136)

Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1




Table 8
Friendship Networks Effects of Smoking: Opposite Sex Friends

Outcome Smoke Smoke Smoke Smoke Smoke Smoke
Specification oLS oLS OLS OLS OLS oLSs
Opp Sex/ Opp Sex/ Opp Sex/ Opp Sex/ Opp Sex/ Opp Sex/
Friends Same Grade Same Grade Same Grade Same Grade Same Grade Same Grade
School- School-GradePair- School-GradePair-
Fixed Effects None School Cluster GradePair-Cluster Cluster-X One Per Cluster-X
% Smoke 0.228*** 0.203*** 0.228*** 0.202*** 0.214%** 0.233
(0.010) (0.010) (0.011) (0.022) (0.037) (0.168)
Age 0.040*** 0.037*** 0.038*** 0.029** 0.028 0.029
(0.005) (0.005) (0.006) (0.014) (0.021) (0.102)
Male -0.014 -0.014 -0.023** -0.009 -0.023 -0.043
(0.010) (0.009) (0.011) (0.020) (0.033) (0.121)
Hispanic -0.039** -0.004 -0.021 -0.021
(0.016) (0.013) (0.014) (0.030)
Black -0.109%** -0.127%** -0.095*** -0.120%**
(0.010) (0.011) (0.014) (0.034)
Asian -0.089*** -0.092*** -0.048*** -0.070
(0.014) (0.016) -0.017 (0.046)
Live with Mom -0.053*** -0.053*** -0.063*** -0.037 -0.054 -0.075
(0.012) (0.012) (0.014) (0.032) (0.099) (0.499)
Maternal Education -0.006*** -0.007*** -0.005*** -0.009*** -0.004 -0.001
(0.001) (0.001) (0.001) (0.003) (0.009) (0.053)
Maternal Caring Index -0.077*** -0.078*** -0.075*** -0.073*** -0.075%*** -0.065
(0.004) (0.004) (0.005) (0.010) (0.017) (0.109)
Native Born 0.077*** 0.066*** 0.062*** 0.054 0.047 0.048
(0.019) (0.015) (0.020) (0.035) (0.066) (0.319)
Observations 33807 33807 33807 33807 33807 26346
R-squared 0.083 0.096 0.225 0.663 0.796 0.957

Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1




Table 9
Friendship Networks Effects of Drinking: Opposite Sex Friends

Outcome Drink Drink Drink Drink Drink Drink Drink
Specification oLS oLS OLS OLS OLS oLSs OLS
Opp Sex/ Opp Sex/ Opp Sex/ Opp Sex/ Opp Sex/ Opp Sex/ Opp Sex/
Friends Same Grade Same Grade Same Grade Same Grade Same Grade Same Grade Same Grade
School- School-GradePair-  School-GradePair-
Fixed Effects None School Cluster School-Cluster GradePair-Cluster Cluster-X Cluster-X
% Drink 0.211%** 0.180*** 0.213*** 0.183*** 0.170*** 0.168*** 0.156
(0.011) (0.010) (0.013) (0.020) (0.024) (0.040) (0.183)
Age 0.039*** 0.035*** 0.038*** 0.032*** 0.030** 0.025 -0.000
(0.006) (0.006) (0.006) (0.012) (0.013) (0.022) (0.104)
Male 0.017** 0.017** 0.012 0.011 0.011 0.010 0.016
(0.007) (0.007) (0.008) (0.013) (0.016) (0.026) (0.125)
Hispanic 0.017 0.020** 0.021 0.038 0.034
(0.013) (0.010) (0.014) (0.025) (0.034)
Black -0.049%** -0.070%** -0.061*** -0.056** -0.067*
(0.012) (0.012) (0.014) (0.028) (0.034)
Asian -0.113*** -0.139%** -0.072%*= -0.072** -0.079*
(0.014) (0.014) (0.015) (0.035) (0.043)
Live with Mom -0.069*** -0.070%** -0.085*** -0.091*** -0.090*** -0.154* -0.117
(0.011) (0.010) (0.012) (0.024) (0.030) (0.089) (0.478)
Maternal Education -0.006*** -0.009*** -0.006*** -0.008*** -0.008*** 0.000 -0.003
(0.002) (0.001) (0.002) (0.003) (0.003) (0.010) (0.065)
Maternal Caring Index -0.063*** -0.063*** -0.062*** -0.060*** -0.058*** -0.059*** -0.066
(0.004) (0.004) (0.005) (0.009) (0.011) (0.019) (0.109)
Native Born 0.113*** 0.112%** 0.117%** 0.129*** 0.140*** 0.143** 0.161
(0.020) (0.018) (0.021) (0.031) (0.038) (0.066) (0.337)
Observations 33702 33702 33702 33702 33702 33702 26259
R-squared 0.114 0.132 0.264 0.627 0.691 0.816 0.961

Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1




Racial and Gender Differences for Opposite-Sex Friendship Networks

Table 10

Outcome Smoke Smoke Smoke Smoke Smoke Smoke
Specification oLS oLS oLS oLS oLS oLS
School- School-GradePair- School-GradePair-

Fixed Effects None School  Cluster GradePair-Cluster Cluster-X One Per Cluster

Females

% Smoke 0.233*** (0.214*** (.231*** 0.225*** 0.227*** 0.223
(0.012) (0.012) (0.013) (0.029) (0.062) (0.365)

Males

% Smoke 0.224***  (0,212*** (.228*** 0.230*** 0.257*** 0.199
(0.012) (0.012) (0.014) (0.037) (0.066) (0.528)

White

% Smoke 0.258*** (0.234*** (.257*** 0.231%** 0.246%** 0.238
(0.011) (0.011) (0.012) (0.029) (0.041) (0.168)

Black

% Smoke 0.102*** 0.062*** (Q.111*** 0.065 0.071 0.156
(0.016) (0.017) (0.022) (0.067) (0.076) (0.573)

Hispanic

% Smoke 0.187*** (0.155*** (.173*** 0.179** 0.200* 0.303
(0.021) (0.020) (0.028) (0.082) (0.111) (0.698)

QOutcome Drink Drink Drink Drink Drink Drink

Specification oLS oLS oLS oLS oLS oLS

School-GradePair- School-GradePair- School-GradePair-

Fixed Effects None School  Cluster Cluster Cluster-X One Per Cluster

Females

% Drink 0.211** 0.191*** (0.214*** 0.172%** 0.168** 0.107
(0.012) (0.011) (0.014) (0.036) (0.073) (0.488)

Males

% Drink 0.211** 0.181*** (0.219*** 0.188*** 0.210%** 0.254
(0.015) (0.014) (0.016) (0.036) (0.064) (0.633)

White

% Drink 0.251*** (0.212*** (.254*** 0.212*** 0.202*** 0.189
(0.013) (0.012) (0.013) (0.026) (0.042) (0.207)

Black

% Drink 0.105*** 0.076*** 0.101*** 0.045 0.045 0.026
(0.021) (0.021) (0.027) (0.053) (0.069) (0.551)

Hispanic

% Drink 0.167*** 0.154*** (.159*** 0.119* 0.143* 0.131
(0.022) (0.023) (0.034) (0.050) (0.068) (0.580)

Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1




Appendix Tables

Table 1A
Predictors of Dropped Sample
No Friend No Found Any No Same No Same Grade/
QOutcome Means No ID  Nominations Nominations Drop Grade Gender Friends
Means 0.047 0.14 0.2 0.24 0.065 0.129
Fixed Effects School School School School School School
Age 15 0.005*** 0.026*** 0.016*** 0.040*** [ 0.032*** 0.024**=*
(0.001) (0.003) (0.002) (0.003) (0.002) (0.002)
Male 0.502  0.007*** 0.072*** 0.016*** 0.083*** [ 0.030*** 0.007***
(0.001) (0.005) (0.002) (0.006) (0.003) (0.002)
Hispanic 0.155 0.004 0.014** 0.002 0.020*** -0.006 -0.001
(0.003) (0.006) (0.004) (0.007) (0.006) (0.004)
Black 0.19 0.007*** 0.037*** 0.027*** 0.060*** [ 0.017*** 0.013**=*
(0.002) (0.006) (0.005) (0.007) (0.005) (0.004)
Asian 0.056 -0.003 0.002 0.001 0.004 -0.038*** -0.017***
(0.004) (0.009) (0.009) (0.013) (0.008) (0.005)
Native Born 0.9 -0.003 -0.023*** -0.027*** 0.042*** -0.007 -0.018***
(0.003) (0.005) (0.006) (0.007) (0.008) (0.006)
Live with Mom 0.92 0.037*** 0.292*** 0.059*** 0.306*** [ 0.152*** 0.067***
(0.011) (0.019) (0.017) (0.023) (0.008) (0.006)
Mom Education 13.36 -0.000 -0.001* -0.001 0.002*** [ -0.001** -0.001***
(0.000) (0.001) (0.000) (0.001) (0.000) (0.000)
Mom Care 4,76 -0.002* -0.009*** -0.005*** 0.013** [ -0.006*** -0.006***
(0.001) (0.002) (0.002) (0.002) (0.002) (0.002)
Smoke 0.36 0.005** 0.007** 0.011*** 0.017** [ 0.024*** 0.013***
(0.002) (0.003) (0.002) (0.003) (0.003) (0.002)
Drink 0.55 0.000 -0.020%** -0.001 0.017*** 0.001 -0.004
(0.001) (0.003) (0.002) (0.003) (0.003) (0.002)
% Black 0.19 -0.010 -0.110 0.015 -0.097 -0.046 -0.043
(0.031) (0.084) (0.051) (0.107) (0.036) (0.035)
% Hispanic 0.16 0.036 0.089 0.067 0.162* -0.065 -0.039
(0.070) (0.084) (0.054) (0.097) (0.049) (0.049)
% Mom Grad 0.32 0.040 -0.064 -0.032 -0.062 0.002 -0.035
(0.035) (0.052) (0.032) (0.065) (0.042) (0.036)
% Smoke 0.36 0.060 0.042 0.011 0.072 -0.092** -0.061*
(0.042) (0.055) (0.037) (0.074) (0.039) (0.032)
% Drink 0.55 -0.000 -0.089 0.012 -0.047 0.103*** 0.058
(0.027) (0.056) (0.039) (0.066) (0.039) (0.038)
Constant -0.081** -0.458*** -0.161*** 0.542** [ -0.576*** -0.317%**
(0.032) (0.049) (0.040) (0.060) (0.039) (0.039)
Observations 88995 84789 73363 88995 59470 59470
R-squared 0.173 0.188 0.210 0.245 0.246 0.122

Notes: Grade fixed effects controls and missing indicators are now shown. “No ID” is a binary variable indicating
whether the respondent received an identification number in the survey. “No Friend Nominations” is a binary
variable indicating whether the respondent made zero friend nominations. “No Found Nominations” is a binary




variable indicating whether the respondent nominated friends who were not able to be matched within sample
(such as friends outside of school).



Table 2A
Descriptive Statistics by Race

Obs Mean Std. Obs Mean Std. Obs Mean Std.
Smoke 37592 0.39 0.49 10938 0.25 0.43 8331 0.34 0.47
Drink 37512 0.56 0.50 10910 0.51 0.50 8314 0.57 0.50
Get Drunk 37365 0.33 0.47 10793 0.22 0.42 8239 0.30 0.46
Exercise 36493 2.38 1.17 10239 2.07 1.24 7606 2.13 1.21
Any Exercise 36493 0.96 0.19 10239 0.91 0.29 7606 0.93 0.26
Male 38476 0.48 0.50 11745 0.41 0.49 9096 0.47 0.50
White 38619 1.00 0.00 11808 0.00 0.00 9162 0.00 0.00
Hispanic 38619 0.00 0.00 11808 0.00 0.00 9162 1.00 0.00
Black 38619 0.00 0.00 11808 1.00 0.00 9162 0.00 0.00
Asian 38619 0.00 0.00 11808 0.00 0.00 9162 0.00 0.00
Live with Mom 38334 0.94 0.23 11470 0.90 0.30 8897 0.92 0.27
Maternal Years of Education 38619 13.61 2.22 11808 13.47 2.12 9162 12.30 2.63
Maternal Caring Scale 38619 4,78 0.59 11808 4.79 0.60 9162 4,77 0.63
Native Born 37813 0.98 0.14 11496 0.96 0.19 8836 0.72 0.45
Grade =7 38472 0.14 0.34 11729 0.16 0.36 9089 0.13 0.34
Grade =8 38472 0.14 0.34 11729 0.16 0.37 9089 0.12 0.32
Grade =9 38472 0.21 0.41 11729 0.20 0.40 9089 0.22 0.41
Grade = 10 38472 0.20 0.40 11729 0.18 0.39 9089 0.21 0.41
Grade =11 38472 0.17 0.38 11729 0.16 0.36 9089 0.17 0.37
Grade =12 38472 0.15 0.36 11729 0.14 0.34 9089 0.15 0.36
Missing 38619 0.35 0.48 11808 0.51 0.50 9162 0.57 0.49
Number of Nominations 38619 2.58 1.52 11808 2.18 1.52 9162 2.03 1.49
Proportion White 34543 0.84 0.27 9844 0.09 0.24 7504 0.27 0.39
Proportion Black 34543 0.03 0.13 9844 0.81 0.33 7504 0.07 0.20
Proportion Hispanic 34543 0.06 0.18 9844 0.05 0.17 7504 0.58 0.44
Proportion Asian 34543 0.03 0.12 9844 0.02 0.10 7504 0.05 0.18
Proportion Other Race 34543 0.04 0.13 9844 0.04 0.14 7504 0.04 0.14
Proportion Mom Less High School 28837 0.12 0.25 7260 0.14 0.28 5266 0.33 0.40
Proportion Mom Some College 28837 0.18 0.27 7260 0.21 0.32 5266 0.14 0.27
Proportion of Mom College Grad 38619 0.36 0.31 11808 0.33 0.29 9162 0.28 0.27
Proportion Native 33645 0.97 0.13 9455 0.96 0.16 7204 0.76 0.37
Proportion Live with Mom 33945 0.94 0.16 9379 0.91 0.21 7218 0.93 0.20




Table 3A

Predictors of “Unusual Type” —Single Cluster Membership

Single Single Single Single Single
QOutcome Cluster Cluster Cluster Cluster Cluster
Cluster Friend Xs X, School X,S,Own Xs X,S Cohort X,S,X, Cohort
Mean of dependent variable 0.06 0.32 0.37 0.44 0.53
Fixed Effects School School School School School
Age -0.007*** -0.033*** -0.035*** -0.036*** -0.042%**
(0.002) (0.004) (0.004) (0.004) (0.004)
Male 0.006** -0.005 -0.014** -0.015%** -0.017%*=
(0.003) (0.006) (0.006) (0.006) (0.006)
Hispanic 0.020*** 0.014 0.013 0.044*** 0.078***
(0.005) (0.011) (0.012) (0.016) (0.021)
Black 0.015** 0.029 0.030 0.041 0.043
(0.007) (0.021) (0.023) (0.025) (0.026)
Asian 0.079*** 0.091*** 0.097*** 0.132*** 0.192***
(0.012) (0.018) (0.018) (0.025) (0.027)
Native Born -0.013** 0.000 0.006 0.005 0.006
(0.006) (0.010) (0.009) (0.010) (0.0112)
Live with Mom -0.007* -0.049*** -0.069*** -0.153*** -0.162***
(0.004) (0.008) (0.009) (0.0112) (0.012)
Mom Educatoin -0.000 -0.000 -0.000 0.012%*=* 0.013**=*
(0.000) (0.001) (0.001) (0.002) (0.002)
Mom Care 0.000 0.000 0.002 0.003 0.003
(0.001) (0.003) (0.003) (0.003) (0.003)
Smoke -0.009*** -0.030*** -0.033*** -0.030*** -0.031***
(0.002) (0.005) (0.005) (0.005) (0.005)
Drink -0.003 -0.006 -0.007 -0.004 -0.001
(0.003) (0.005) (0.004) (0.005) (0.005)
% Black 0.012 -0.023 -0.094 -0.090 -0.151*
(0.028) (0.055) (0.072) (0.064) (0.085)
% Hispanic 0.035 0.097 0.049 0.077 -0.051
(0.050) (0.087) (0.094) (0.087) (0.097)
% Mom College Grad 0.042 -0.081 -0.099 -0.038 -0.085
(0.038) (0.069) (0.084) (0.070) (0.078)
% Smoke 0.024 0.037 -0.001 0.064 0.040
(0.028) (0.058) (0.067) (0.074) (0.076)
% Drink -0.058** -0.125*** -0.109** -0.144%*= -0.099*
(0.028) (0.044) (0.053) (0.054) (0.057)
Constant 0.207*** 0.972*** 1.084*** 1.040%** 1.242%**
(0.042) (0.063) (0.070) (0.070) (0.071)
Observations 59470 59470 59470 59470 59470
R-squared 0.068 0.087 0.078 0.096 0.092

Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. Grade fixed effects not shown.




Table 5A
Analysis of the Change in Composition of the Sample Due to Singleton Clusters

Outcome Smoke Smoke Smoke Smoke Smoke Smoke Smoke
Group None School Cluster School/Cluster School-Cluster School-Cluster-GradePair School-Cluster-GradePair-Xs
% Smoke 0.385*** 0.366*** 0.368*** 0.348*** 0.308*** 0.297*** 0.295***

(0.010) (0.011) (0.012) (0.012) (0.019) (0.022) (0.028)
Observations 50959 50959 50959 50959 50959 50959 50959
R-squared 0.135 0.143 0.245 0.252 0.580 0.649 0.761
Outcome Smoke Smoke Smoke Smoke Smoke Smoke Smoke
Group None School Cluster School/Cluster School-Cluster School-Cluster-GradePair School-Cluster-GradePair-Xs
% Smoke 0.385*** 0.366*** 0.383*** 0.363*** 0.364*** 0.358*** 0.357***

(0.010) (0.012) (0.011) (0.0112) (0.0112) (0.012) (0.0112)
Observations 50249 50249 46842 46842 32032 28557 20120
R-squared 0.140 0.147 0.140 0.148 0.140 0.139 0.142
Outcome Smoke Smoke Smoke Smoke Smoke Smoke Smoke
Group None School Cluster School/Cluster School-Cluster School-Cluster-GradePair School-Cluster-GradePair-Xs
% Smoke 0.385*** (0.357*** 0.357*** 0.323*** 0.299*** 0.291*** 0.295***

(0.010) (0.011) (0.011) (0.012) (0.016) (0.018) (0.018)
Observations 50249 20120 20120 20120 20120 20120 20120
R-squared 0.140 0.142 0.142 0.190 0.352 0.403 0.449
Outcome Drink  Drink  Drink Drink Drink Drink Drink
Group None School Cluster School/Cluster School-Cluster School-Cluster-GradePair School-Cluster-GradePair-Xs
% Drink 0.329*** 0.302*** 0.315*** 0.286*** 0.253*** 0.240*** 0.235***

(0.011) (0.011) (0.013) (0.013) (0.019) (0.022) (0.029)
Observations 50019 50019 50019 50019 50019 50019 50019
R-squared 0.153 0.163 0.270 0.280 0.608 0.673 0.790
Outcome Drink Drink Drink Drink Drink Drink Drink
Group None School Cluster School/Cluster School-Cluster School-Cluster-GradePair School-Cluster-GradePair-Xs
% Drink 0.329*** 0.302*** 0.324*** 0.297*** 0.308*** 0.304*** 0.296***

(0.011) (0.011) (0.012) (0.012) (0.013) (0.013) (0.013)
Observations 50019 50019 46616 46616 31878 28421 20021
R-squared 0.153 0.163 0.153 0.164 0.146 0.147 0.143
Outcome Drink  Drink  Drink Drink Drink Drink Drink
Group None School Cluster School/Cluster School-Cluster School-Cluster-GradePair School-Cluster-GradePair-Xs
% Drink 0.329*** (0.296*** 0.296*** 0.257*** 0.233*** 0.225*** 0.235***

(0.011) (0.013) (0.013) (0.014) (0.018) (0.018) (0.019)
Observations 50019 20021 20021 20021 20021 20021 20021
R-squared 0.153 0.143 0.143 0.199 0.365 0.413 0.467

Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
Each column and row is from a separate regression. The first row of each set repeats the results from
Table 5 (6). The second row reproduces the Column 1 results with the non-singleton samples. The third
row presents results of each specification with the final column’s sample



	Marcassa_2011_divorce-law-rate.pdf
	Introduction
	Empirical evidence
	The model
	Environment
	Married couples
	Divorced Agents
	Partial Equilibrium

	Calibration of the baseline economy (the Seventies)
	Moment conditions for the simulated method of moments

	Baseline Experiment
	What drives these quantitative predictions?
	Implications on Allocations
	Welfare Analysis

	Conclusions
	Numerical solution and Algorithm
	Data
	References




