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Abstract 
 
This paper estimates the effects of friends’ health behaviors, smoking and drinking, on own 
health behaviors for adolescents while controlling for the effects of correlated unobservables 
between those friends. Specifically, the effect of friends’ health behaviors is identified by 
comparing similar individuals who have the same friendship opportunities because they attend 
the same school and make similar friendship choices, under the assumption that the friendship 
choice reveals information about an individual’s unobservables. We combine this identification 
strategy with a cross-cohort, within school design so that the model is identified based on across 
grade differences in the clustering of health behaviors within specific friendship patterns. Finally, 
we use the estimated information on correlated unobservables to examine longitudinal data on 
the on-set of health behaviors, where the opportunity for reverse causality should be minimal. 
Our estimates for both behavior and on-set are very robust to bias from correlated unobservables.  
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Extended Abstract 
 
Researchers typically examine peer effects by defining the peer group broadly (all classmates, 
schoolmates, neighbors) because of the lack of friendship information in many data sources as 
well as recently to enable the use of plausibly exogenous variation in peer group composition 
across cohorts in the same school. A classic concern when examining the effects of peers or 
friends who are chosen by the student is that those choices were made because the friends shared 
similar unobservables. This paper estimates the effects of friends’ health behaviors on own 
health behaviors for adolescents while insulating these estimates from the effects of correlated 
unobservables. Specifically, the effect of friends’ health behaviors is identified by comparing 
similar individuals who have the same friendship opportunities because they attend the same 
school and make similar friendship choices, under the assumption that the friendship choice 
reveals information about an individual’s unobservables. We combine this identification strategy 
with a cross-cohort, within school design so that the model is identified based on across grade 
differences in the clustering of health behaviors within specific friendship patterns. This strategy 
also allows us to separate the effect of friends’ behavior on own behavior from the effect of 
friends’ observable attributes on behavior, a key aspect of the reflection problem. We use a 
partial equilibrium model of friendship formation in order to derive the conditions under which 
our identification strategy will provide consistent estimates, and a key assumption required for 
our strategy to be feasible is supported by the empirical patterns of across cohort variation that 
we observe in our data. Finally, we use the estimated information on correlated unobservables to 
examine longitudinal data on the on-set of health behaviors where the opportunity for reverse 
causality should be minimal. Our preferred estimates suggest that estimates in specifications that 
do not fully take into account correlated unobservables appear to be overstated by no more than 
10% in terms of the cross-sectional incidence and no more than 20% in models of the on-set of 
smoking or drinking.  



Introduction 

Individuals in modern societies are socially connected in a multitude of ways. For 

example, the social networking website Facebook.com has increased its membership by 100 

million users during 2009, and now there are over 800 million users worldwide. Individuals use 

their social networks to receive and send information as well as establish, update, and enforce 

social norms of behavior. Both information acquisition as well as the impacts of social norms 

within social networks could have large effects on the health behaviors of individuals, 

particularly adolescents, who are particularly responsive to peer pressure (Brown et al. 1997). 

This heightening of peer influence also takes place during the developmental stage when many 

of the most costly health outcomes and behaviors are initiated. Our analysis will use detailed 

information on individual’s health related behaviors and friendship networks from the National 

Longitudinal Study of Adolescent Health (Add Health) to examine the role of social interactions 

in these behaviors.  

Many studies of social interactions find evidence of clustering of outcomes or behaviors 

above and beyond the clustering that might have been expected based on individuals’ 

observables, including studies of crime (Glaeser, Sacerdote and Scheinkman 1996), employment 

(Topa 1999, Bayer, Ross, and Topa 2008), welfare usage (Bertrand, Luttmer, and Mullainathan 

2000), pre-natal care (Aizer and Currie 2004), and youth health behaviors (Weinberg 2008).1 We 

also observe unexpectedly high levels of clustering on health behavior within grades of students 

at the same school in our data. Specifically, if we look within schools, very little variation 

remains across grades in student composition in terms of racial or socio-economic variables, but 

we observe substantial across grade variation in health behaviors for student populations that are 

nearly identical. The purpose of this paper is to examine whether the within friendship clustering 

of health behaviors that lies underneath the clustering in specific grades is consistent with the 

influence of friendship networks. 

Specifically, the primary purpose of our analysis is to examine the impact of friends’ 

health behaviors on a student’s own behavior while controlling for the likelihood that these 

students are friends because they have similar unobservabes. Our controls for correlated 

unobservables are built on the idea that individuals who make the same friendship choices are 

likely to be more similar overall than might be indicated by their observables. Specifically, we 

                                                      
1 See Ross (2011), Durlauf (2004) and Ioannides and Loury (2004) for relevant literature reviews. 



examine a partial equilibrium model of friendship formation and use the model to illustrate the 

effect of controlling for fixed effects associated with clusters of observationally equivalent 

individuals who face the same friendship opportunity set and make the same friendship choices. 

We show that if individual students face a shock in terms of exposure to health behaviors, then as 

the number of friendship choices becomes large the unobservables of individuals in the same 

friendship choice cluster will converge to the same value and so a cluster fixed effect will act as 

a non-parametric control for unobservable attributes that influence friendship formation and 

might affect health behaviors. Significantly, this structure also allows us to separate the influence 

of friends’ behaviors on individual behavior from the influence of the observable attributes of 

those friends, a key part of the reflection problem, because the within friendship cluster 

comparisons are made between individuals who have observationally equivalent sets of friends 

and so have similar contextual effects, at least based on observables.  

Our identification strategy relies on several empirical features of adolescent friendship 

networks. First, a large literature suggests that individuals exhibit strong racial, gender, and age 

preferences when choosing their friends—likes choose likes (Mayer and Puller 2008, Weinberg 

2008). Second, data from the Add Health suggests that most friendships occur within grades, 

which is important for our use of cross-cohort variation in our identification strategy. Finally, as 

discussed above, individual grades within schools are quite homogenous over racial and socio-

economic composition. Specifically, we will estimate models of youth drinking and smoking in 

high school that control for the share of same sex-same school-same grade friends who exhibit 

this behavior and fixed effects based on clusters of individuals who have the same race, 

ethnicity, and maternal educational attainment (individual observables), same school (same 

friendship opportunity set over observables), and same number of friends overall and for each 

racial, maternal education, and other demographic subgroups (similar friendship choices). In our 

preferred specification, we will randomly choose one individual from each grade per cluster so 

that the model estimates are explicitly identified based on variation across cohorts within a 

school.  

This approach is similar to earlier analyses by Dale and Krueger (2002) and Fu and Ross 

(2010) who use fixed effects for individuals who are equivalent on key attributes and then have 

the same outcome or make the same choice as a reduced form control in order to minimize bias 

from unobservables. However, our analysis has the advantage over these earlier studies because 



the identification strategy contains a clear source of exogenous variation that can create within 

cluster differences in environment, namely differences in exposure to health behaviors associated 

with belonging to a particular cohort or grade of students. Further, our friendship formation 

model demonstrates the importance of having such a source of exogenous variation for 

identification.  

This strategy can be illustrated by the following thought exercise: consider a 9th grader 

and 10th grader who attend the same high school. As we show in detail below, these students face 

very similar friendship opportunities with respect to racial, gender, and socioeconomic 

composition of their same-grade classmates, and yet there is substantial clustering of health 

behaviors into specific cohorts within schools. Thus, if we compare two students who choose 

similar “types” of friends based on race, maternal education, and other demographic 

characteristics, there will exist substantial differences in health behaviors between the across 

cohort friendship opportunities, and those differences in friends’ health behaviors is arguably 

quasi-random. The key is that the age difference between the 9th grader and the 10th grader (who 

attend the same high school and have the same preferences for “types” of friends) has effectively 

randomized these two students into their actual friendship network.  

We find evidence that this strategy produces somewhat smaller (no more than 10% 

smaller) “network effect” estimates than the more standard school fixed effect models, and after 

controlling for correlated unobservables we still find very robust evidence of network effects on 

the smoking and drinking behavior of adolescents. Further, we find that peer health behaviors are 

statistically insignificant and not strong predictors of predetermined student or family attributes. 

We also find no evidence that peer behavior affects student behavior for our placebo variable, 

chest pain, while specifications that do not use our controls do show “peer effects” in chest pain. 

In addition, we demonstrate that the effect of controlling for friendship choices on estimates of 

the influence of friends is quite similar across subsamples of students with different numbers of 

friends. We find no evidence of falling causal estimates of friends’ behaviors as we increase the 

number of friends, suggesting that the large number of friendship demographics included in the 

construction of the fixed effect are sufficient to control for individual unobservables even with a 

small number of actual friends.  

Finally, while our fixed effect estimator insulates us from bias from correlated 

unobservables, neither the fixed effects nor our counterfactuals address concerns about reverse 



causation where for example individuals who smoke choose friends who smoke. In a second 

analysis, we show how our controls for correlated unobservables from the cross-sectional 

analysis can be combined with longitudinal data to examine the effect of friends’ smoking or 

drinking behavior at baseline on the onset of smoking or drinking prior to follow-up interviews 

one year later. As in cross-sectional analyses, we find robust evidence that having friends who 

smoke or drink contributes to the onset of smoking or drinking behavior, and the inclusion of our 

controls for unobservable student attributes that affect friendship choice have little impact on 

those estimates.    

Background Literature 

A large body of research across multiple disciplines has shown very strong correlations in 

health behaviors for individuals who are socially connected. One reason there has been so much 

research and policy interest in exploring how networks affect health behaviors and outcomes is 

the potentially large set of health interventions and policies that could be proposed to leverage 

social influences on health behaviors. While the promise of using social networks to affect health 

is compelling, so too are the empirical issues inherent in detecting causal effects of social 

networks using observational data.  

The estimation of the causal effects of social networks on health related behaviors is 

particularly challenging (Manski 1993). First, individuals who are friends share common 

unobservables because they chose each other as friends, because they self-select into the same 

social network, and because individuals in the same social network are simultaneously affected 

by their shared environment. Second, it is difficult to separate the influence of an individual’s 

behavior and an individual’s attributes in determining the health behaviors of his or her friends. 

Third, individuals may select their friends or peers based on the behavior of those peers, rather 

than adapting their behavior to the behavior of friends whom they have already selected. 

Unfortunately, failure to overcome these empirical difficulties casts considerable doubt on the 

current knowledge base linking the health behaviors among individuals in the same social 

network. Each of these biases can lead a researcher to incorrectly infer that social networks have 

a causal influence on behavior. Thus, policies intended to utilize social networks to enhance 

interventions to reduce unhealthy behaviors could be unable to affect change if social networks 

do not actually have causal effects. Providing evidence of the causal mechanisms and the likely 



effects of policies is essential to be able to properly leverage social network effects on health 

behaviors. 

There have been two directions that researchers have taken in estimating peer effects on 

health behaviors: [1] focus on broadly defined peer groups, such as all classmates in a school, in 

order to either (a) exploit cross-cohort population variation2 in classmate composition (Bifulco et 

al. 2011, Fletcher 2010, in press, Trogdon et al. 2008, Lundburg 2006, Clark and Loheac 2007) 

and/or (b) use instrumental variable strategies (Powell et al. 2005, Gaviria and Raphael 20013) or 

[2] focus on narrowly defined peer groups, such as nominated friends, where the issues with 

endogeneity are thornier and the estimates are likely less credible (Trogdon et al. 2008, 

Christakis and Fowler 2007, 2008, Renna et al. 2008, Halliday and Kwak 2008, 2009). In this 

paper, we seek to combine the more credible research designs from the first literature with the 

more credible peer group definitions of the second literature.  

Since we focus on friendship networks as the definition of peer group in this paper, it is 

necessary to outline what other researchers have done previously and how our strategy adds to 

the literature in this area4. Renna et al. (2008), Trodgon et al. (2008) and Halliday and Kwak 

(2009) focus on estimating social contagion in obesity and control for endogeneity of friendship 

in part by using school fixed effects. However, since substantial friendship sorting occurs within 

schools, school fixed effects likely do not provide a full solution to the endogeneity of friend 

selection, unless students select friends randomly within schools. In fact, our estimates show 

positive “peer effects” in chest pain when we only control for school fixed effects, suggesting 

that school fixed effects may not be sufficient to control for endogeneity. In addition, Renna et 

al. (2008), Trodgon et al. (2008) and Halliday and Kwak (2008) use instruments for friends’ 

outcomes, including friends’ parents’ outcomes or attributes.. It is unclear whether these 

                                                      
2 See also the similar literature estimating peer effects in education outcomes (Angrist and Lang 2004, Friesen and 
Krauth 2011, Gould, Lavy, and Paserman 2009, Hoxby 2000, Lavy, Paserman, and Schlosser In Press, Lavy and 
Schlosser 2011, Hanushek et al. 2003) 
3 Instruments used in these analyses are often questionable, such as census poverty measures. Fletcher (2010) 
provides suggestive evidence that these instruments are invalid and proposes alternatives. Trodgon et al. (2008) and 
Fletcher (2010) use a combination of fixed effects and instruments. 
4 There have been recent examinations of the effects of social networks on obesity and smoking in the medical 
literature (Christakis and Fowler 2007, 2008), where “friends” are measured by the names respondents provide as 
potential contact sources for future survey waves. In order to control for endogeneity of friendships, Christakis and 
Fowler assume that including lags of the outcome for both the respondent and his/her friend is sufficient, and further 
they do not control for common environmental factors. Cohen-Cole and Fletcher (2008a) show that adding controls 
for environmental factors eliminates any detectable social network effects for obesity, and Cohen-Cole and Fletcher 
(2008b) show more generally that these parsimonious models will produce social network effects even in outcomes 
where none are expected to exist, such as for height. 



instruments are adequate, though, as they are observable or correlated with observables at the 

time of friendship selection.  

Calvó-Armengol et al. (2009) and Patachini and Zenou (2010) have extended the 

literature by using a network fixed effects approach in their examination of peer effect in 

education outcomes. Adolescents are assumed to choose among mutually exclusive networks of 

friends. Within these networks, their best friends (based on friendship nominations) are used as 

the peer exposure and their model of behavior controls for network fixed effects. The maintained 

assumption with this approach is that adolescents endogenously choose a friendship group, but 

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

observables. However, in many cases, social networks are sufficiently dense that a large fraction 

of a school’s students are contained in the largest network, raising questions about the practical 

differences between school and network fixed effects. Patachini and Zenou (2010) also use the 

outcomes of friends’ friends (once removed in the network) as instruments. 

All of these studies rely on information about the individual and their friends in order to 

identify the effect of friend’s behavior. Whether identification is based on controlling for lagged 

outcomes, instrumenting for friends attributes or controlling for network fixed effects, all of 

these studies use variation across individuals who are in the same social environment and so 

reasonably may have contributed to that variation through their own choices. In the next section, 

we develop a simple model of friendship formation and demonstrate circumstances under which 

consistent estimates of the effect of friends’ health behavior on own health behavior can be 

uncovered, and show that identification in the presense of correlated unobservables requires an 

exogenous shock in exposure to potential friends who exhibit certain behaviors. Following the 

literature on peer effects, we propose that across cohort variation within schools can provide this 

exogenous variation in exposure to health behaviors and demonstrate empirically that health 

behaviors vary substantially more across cohorts than student attributes, like race or parental 

education, evidence consistent with our identification strategy.  

 Identification Strategy 

In this paper, we seek to estimate the effect of friends’ health behaviors while 

overcoming several of the key empirical obstacles that we outlined above. The primary focus of 

our analysis is to address selection into friendships and other social relationships based on a 

students unobservables, but our fixed effect strategy also addresses reflection, at least on 



observables, in that students in the same cluster have friends with the same observables.  In 

addition, in our follow-up analysis, we examine the on-set of health behaviors where reverse 

causality is unlikely to be a concern.  

The intuition behind our approach is that we seek to form comparison groups based on 

information in the data that describes the friendship options of students as well as the students’ 

choices of friends (given these options) following the premise that individuals who make similar 

decisions or have similar outcomes when facing the same set of options likely are very similar on 

both observable and unobservable attributes. The beginning of this section illustrates this 

intuition, the next two subsections derive formal results. 

We begin with a slight modification to the relatively straightforward linear-in-means 

model of social interactions (Case and Katz 1991, Manski, 1993; Moffit, 2001; Brock and 

Durlauf, 2001) by restricting social interactions to arise from a subset of individuals “friends” 

within a social environment (or school s) and dividing the unobservable into two components: an 

unobservable that also affects friendship choice iε  and an orthogonal unobservable error that 

does not enter the friendship choice model iµ .
5 Specifically, we consider the following empirical 

model:  
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where isH  indicates a particular health behavior, such as tobacco consumption, of individual i in 

a broad social environment or school s, iX  contains the individual’s observable attributes, ni is 

the number of friends of person i or more generally the number of friendship choices, isΩ  

defines the set of individual i’ s friends in s, jsH  and jsX  indicate the health behavior and 

observable attributes of individuals within isΩ , and sβ  is a school fixed effect.  

                                                      
5 An alternative specification might involve a single unobservables each for determining health behavior and 
friendship outcomes. The specification is equation (1) is equivalent to such a model with the imposition of one 
restriction. We start with a model where the composite unobservables in equation (1) and a friendship formation 

model, isµ~  and isε , are correlated, and then we can define isµ as ]|~[~
isisis E εµµ −  where we assume that the

isisisE εααεµ 10]|~[ +=  so that the composite error isµ~ depends upon the uncorrelated disturbances isµ  and isε  

and 1α  is simply initialized to one in the health behavior model and generality is maintained by allowing isε  to 

enter the friendship formation model in a general manner.   



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

caused by sorting into and within networks based on unobservables, e.g. εis orthogonal to 
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, this model is intrinsically unidentified.6 This occurs because group member 

characteristics that might explain the health of group members j and so act as instruments for 

health behavior cannot be excluded from the second stage regression for the health behaviors of i 

because these attributes may just as reasonably directly influence i’s behaviors (the reflection 

problem).7 8 

Our identification strategy is to sort students into clusters c based on comparing similar 

students who faced similar friendship options and made similar friendship choices. This sorting 

is based on both observable (to the researcher) and unobservable characteristics. Following the 

standard selection argument: if two individuals make similar choices and differ on observables, 

then they are expected to differ on unobservables, as well (Heckman, 1976). Similarly, if two 

individuals are the same on observables and make similar choices, they are expected to be quite 

similar on unobservables (Altonji, Elder, and Taber 2005). Therefore, as argued by Dale and 

Krueger (2002) and Fu and Ross (2010), the inclusion of fixed effects for such clusters should 

assure that we are comparing students who are similar on both observables and unobservables, 

which weakens the correlation between peers’ behaviors and a student’s unobservable 

characteristics. Further, since all students in a cluster should have similar observable 

characteristics, the inclusion of the fixed effect also captures the observables associated with the 

students’ peers while allowing the effect of behavioral differences within a cluster to identify the 

effect of friends’ behavior on individual behavior. This feature of the approach solves the 

                                                      
6 By this we mean that there is insufficient information in the regression to estimate uniquely the parameters of 

interest ( 1β  in particular). 
7 For example, if one observes clustering of criminal behavior among friends whose parents have less education, 
even after controlling for all possible individual and environmental factors that might explain such clustering 
available in the data, we still cannot conclusively determine whether the clustering is caused because having friends 
whose parents have less education contributes to criminal behavior or individuals whose parents have less education 
are more likely to engage in criminal behavior and such criminal behavior influences the behavior of the individual’s 
friends. See Brock and Durlauf (2001, 2006) for recent methodological progress on this problem. 
8 As noted by Sacerdote (2001) and Bayer and Ross (2008), when social network effects are determined in part by 
unobservable characteristics, even random assignment cannot solve this identification problem. While random 
assignment breaks the correlation between the health behavior i‘s peers and i’s unobservable characteristics, the 
coefficient estimate on the behavior of peers is a composite of both the direct effect of peer’s behaviors and the 
effect of peers’ unobservable characteristics.  



empirical problem outlined above and isolates the causal effect of student behaviors on the 

behavior of their friends from the effect of observable friends’ attributes.  

Specifically, define a cluster of individuals c in the same school who are observationally 

equivalent on Xi and choose observationally equivalent friends based on Xj. This structure 

implies that the individual and friendship group observables are the same within a cluster so that 

the contribution of the variables that determine clusters to individual’s health behavior are 

constant within cluster or  
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for all cki ∈, . Further, we assume that the models that define selection over friendships on 

health behaviors and on observable attributes depend monotonically on the same observable 

vector of attributes Xi and the same single index unobservable εis. This assumption is central to 

our identification strategy. Without monotonicity, multiple values of the unobservable might be 

consistent with the observed friendship choices for observationally equivalent individuals. With 

monotonicity, at least on the unobservable, individuals who face the same friendship options 

based on the available social network (s) and make the same choices should have similar values 

on their unobservable because if they differed substantially on the unobservable they would 

likely have made different friendship choices.  

 Specifically, we can define ρc as a cluster fixed effect where based on the discussion in 

the preceeding paragraph  
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(3)  

Further, based on the construction of µ as an idiosyncratic disturbance, 0]|[ =
icisE ρµ  and 

substituting equation (2) into equation (1) yields  
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where )( cis µµ �−  represents the deviation of the right hand side expression in equation (3) from 

the average of this expression for all individuals in cluster c, cµ . 



 Next, in order to understand the circumstances when our fixed effect estimator will yield 

consistent estimates of the effects of friendship networks, we develop a partial equilibrium model 

of friendship formation and use the friendship model to examine the properties of the  

specification in equation (4)   

Partial Equilibrium Model of Friendship Formation 

We begin this subsection by repeating equation (1)  
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, respectively, restricting His to only 

take on the values of 1 (healthy) or 0 (unhealthy) and Xi to only take on the values 1 (good) or 0 

(bad) where the good type is defined agnostically as the type that is more likely to exhibit 

healthy behavior, and without loss of generality assume that β2 and β3 are non-negative.9 Further, 

we assume that µis is an idiosyncratic error so that  

Assumption 1: 0],
~

,
~

|[ =iisisis XXHE µ  

 Now we define the likelihood of observing a specific health behavior His and type Xi for a 

selected friend by the following general set of functions 

 ������� � 	, �� � �|��, ���, ���, � � Κ�� � �������, ���, ����    (6) 
 
where πis is an additional unobservable that does not enter equation (5), but influences friendship 

formation over health behaviors. The function fsxh is defined over the four combinations of the 

outcomes for X and H and can vary across schools s since the social environment varies across 

schools. The four probabilities must sum to one for a given school for any value of the functions’ 

arguments because they are probabilities.  

We assume that the probabilities of having a friend who is of good type and who exhibits 

healthy behavior are not directly influenced by own health behavior (Assumption 2), are 

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

3), and that additional unobservable attributes exist that have a monotonic influence on 

friendship formation concerning health behavior, but have no influence on either own health 

behavior or friendship formation over other friendship attributes (Assumption 4). While the 
                                                      
9 See Brock and Durlauf (2001, 2006) for an alternative identification approach for the reflection problem that 
applies when behavior is discrete.  



unobservables might be correlated with Xi, some variance must remain in the friend’s health 

behabvior unobservable term that does not enter own health behavior after conditioning on Xi. 

These assumptions can be summarized as follows 
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While Assumption 3 will be maintained throughout, we will examine the implications of relaxing 

Assumption 2 in the next subsection by allowing own health behavior to influence friendship 

formation over friends’ health behavior. Assumption 4 is designed to capture the across cohort 

variation described in our identification strategy. Our maintained assumption is that membership 

in a cohort is based on age and so exogenous conditional on school, and so is not directly 

associated with own health behavior, except of course through the well-known age-gradient in 

unhealthy behaviors such as smoking and drinking. Further, cohort membership creates a shock 

to the health behavior composition of potential friends while leaving the exogenous attributes of 

potential friends relatively unchanged.  

 Now, we define a cluster c as all students in a school who are of the same type, have the 

same number of friends, and make the same friendship choices over “friendship type”. 

Definition 1: A cluster c in school s is defined so that Xis = Xks, ni = nk and 
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Our first important result is that the bias in our estimate  of 1β  in equation (4) limits to 

zero as the number of friends, or more generally the number of friendship choices, becomes 

large. In our empirical work, the number of choices made is substantially larger than the number 

                                                      
10 The assumption of a positive relationship between good type and the individual’s friendship formation propensity 
yis is made without loss of generality because one can reverse the relationship by designating healthy behavior as 
unhealthy. However, once this assumption is made, the sign of the relationship between yis and having friends who 
exhibit healthy behavior is meaningful. If this relationship is positive, then one’s type has the same effect on health 
behavior composition of friendships as it has on composition of friends over type, and this assumption cannot be 
undone by reversal because the definition of what individual type means is nailed down by β3 and the coefficient of 
one on εis in equation (5) 



of friends because students choose over many demographic attributes including race, ethnicity, 

and maternal education. Further, later in the paper, we demonstrate that our results are robust to 

focusing on the subsample of students with the largest number of friends.11  

Proposition 1: Under Assumptions 1 through 4 plus Definition 1, the bias arising from 

estimating the cluster fixed effects model in equation (4) limits to zero as ni becomes large for all 

i in the sample. 

Proof:  See Appendix 

 A key derivation in Proposition 1 is that the bias in the cluster fixed effects estimate of 

1β  can be written as  
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where cε and cH  are the cluster specific mean of isε  and isH
~

, respectively. The bias limits to 

zero because, as the number of choices becomes large, two individuals i and k can only belong to 

the same cluster if εis = εks. However, the within cluster variation in ε cannot limit to zero while 

within-cluster variance of H()* remains unless H()* contains variation associated with π. Therefore, 

the non-zero variance assumption in Assumption 4 is crucial to the consistency of our estimator. 

 Second, even when the number of friends is small, we can show that the inclusion of 

cluster fixed effects reduces the bias in estimates of the effect of friend’s health behavior on own 

health behavior with the imposition of a couple of additional assumptions. First, we create a 

linear projection of isH
~

 

 isiissis VXXH +++= 21

~~ λλλ         (8) 

such that ),,,
~

( isisiisis XXVV πε=
.
 We assume that the conditional expectation of Vis is zero and 

that the conditional variance of Vis is less than or equal to the variance of Vis. 

Assumption 5: 0],
~

|[ =iisis XXVE  and ][]|[ iscis VVarVVar ≤δ . 

 

                                                      
11 A second implicit assumption is that the number of observations or students increases more quickly than the 
number of friendship choices. This assumption is required in order to assure consistency in the fixed effect 
estimates. Later, in our empirical work, we demonstrate that key findings on behavior on-set are robust in 
subsamples that focus on individuals in friendship choice clusters that contain a larger number of students.  



The first part of Assumption 5 implies that  

 21

~
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~
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This restriction is essentially a law of large numbers style assumption where we assume that the 

average of this residual is zero over repeated realizations of isH
~

 and isX
~

 for a given Xi. This 

assumption would be standard if isX
~

 did not depend upon εis. The second half of Assumption 5 

is something that can be theoretically violated in principle, but in practice we expect that 

variances will decline after conditioning on additional information, and we also directly verify 

this assumption for estimates of Vis using our data. 

Proposition 2: Under Assumptions 1 through 5 plus Definition 1, the bias arising from 

estimating the cluster fixed effects model in equation (4) has the same sign and is smaller than 

the bias that arises for the OLS model described in equation (5). 

Proof:  See Appendix 

 In the appendix, we also consider a situation where the shock to friendship formation 

over health behavior isπ  also affects friendship formation over the exogenous attributes, which 

might be the case if we were considering two individual in the same grade who had unobservable 

differences (associated with themselves rather than the cohort) that lead them to choose friends 

with different health behaviors and so likely also caused them to choose friends with different 

attributes. We show that Proposition 1 may not hold when we relax Assumption 4 along this 

margin, and in fact the sign of the bias may be reversed relative to OLS when we control for 

friendship cluster FE’s that contain variation that does not satisfy Assumption 4, such as within 

grade variation in friends’ health behaviors. 

Simultaneity of Health Behavior and Friendship Sorting Model  

In this section, we extend the friendship formation function so that friendship formation 

over health behavior depends upon one’s own health behaviors creating true simultaneity 

between one’s own health choices and the selection of friends based on their health choices. 

Specifically, we relax Assumption 1 so that own health behavior influences the likelihood of 

having friends who exhibit a health behavior, but do not allow own health behavior to affect 

friendship formation over the observable attributes. So 

 ������� � 	, �� � �|��, ��, ���, ���, � � Κ�� � �������, ��, ���, ����   (10) 
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Therefore, the idiosyncratic error µis does not have a conditional expectation of zero because it 

influences the health behavior of friends jH
~

 
through one’s own health behavior, and the bias in 

the coefficient on friend’s health behaviors contains a second term φ1.  

Proposition 3: Under Assumptions 1 and 3 through 6 plus Definition 1 the cluster fixed effects 

model estimate of the effect of friends’ health behavior limits to a reduced form estimate that is 

the sum of β1 and φ1 as ni becomes large for all i in the sample. 

Proof:  See Appendix.  

 Proposition 3 illustrates why our fixed effects estimator only addresses bias from 

correlated unobservables, but not endogeneity where smoking causes someone to select friends 

who smoke. If β1 is zero, it is still possible for φ1 to be non-zero, because high values of µis will 

increase the likelihood of smoking and as a result lead to a larger numbers of smoking friends 

other things equal, isV . We cannot address this limitation theoretically, but later in the paper we 

examine an empirical model on the onset of health behaviors where reverse causality should not 

be a serious concern. At that time, we will present the methods for conducting the required two 

stage estimates. 

Friendship Data 

In order to accomplish our research goals, we use the only available national dataset 

containing rich friendship network information as well as health behaviors, the National 

Longitudinal Study of Adolescent Health (Add Health). The Add Health is a school-based, 

longitudinal study of the health-related behaviors of adolescents and their outcomes in young 

adulthood.12  For this paper, we focus on the In-School data collection, which utilized a self-

administered instrument to more than 90,000 students in grades 7 through 12 in a 45- to 60-
                                                      
12 In short, the study contains an in-school questionnaire administered to a nationally representative sample of 
students in grades 7 through 12 in 1994-95 and three in-home surveys that focus on a subsample of students in 1995 
(Wave 1), and approximately one year (Wave 2) and then six years later (Wave 3). The fourth wave of the survey 
was collected in 2008/9. The study began by using a clustered sampling design to ensure that the 80 high schools 
and 52 middle schools selected were representative of US schools with respect to region of country, urbanicity, size, 
type, and ethnicity. Eligible high schools included an 11th grade and enrolled more than 30 students. More than 70 
percent of the originally sampled high schools participated. Each school that declined to participate was replaced by 
a school within the stratum. 



minute class period between September 1994 and April 1995. The questionnaire focused on 

topics including socio-demographic characteristics, family background, health status, risk 

behaviors, and friendship nominations. In particular, each student respondent was asked to 

identify up to 10 friends (5 males, 5 females) from the school’s roster. Based on these 

nominations, social networks within each school can be constructed and characterized, linking 

the health behaviors of socially connected individuals.  

Of the nearly 90,000 students in the schools originally surveyed, several reductions in the 

sample size were made in order to construct the analysis sample. First, nearly 4,500 students did 

not have individual identification numbers assigned. Nearly 12,000 students did not nominate 

any friends and 5,000 individuals nominated friends who were not able to be linked with other 

respondents due to nominations based on incomplete information (“nicknames” rather than 

names, or the nominated friend did not appear on the Add Heath school roster, etc.) These issues 

reduced the sample to approximately 66,000 respondents. Appendix Table 1A presents an 

analysis of the correlates associated with individuals being dropped from the sample for these 

reason discussed above, as well as additional sources of selection arising from the empirical 

specification discussed below.13 

In this paper, our main focus is on individuals with same-sex/same-grade level friends, 

which reduces the sample to approximately 58,000 students.14 One reason to focus on same-sex 

friends is that romantic relationships may be nominated as “friends”. In addition, most previous 

studies of friendship networks also limit the network definition to same-sex friends. We limit our 

analysis to same-grade friends in order to use cross-cohort (grade) variation in friendship 

opportunities and choices, as we describe below. In order to retain sample size, we impute 

missing covariates, such as maternal education, and control for missingness, but we do not 

impute missing outcomes.  

                                                      
13. Briefly, race, gender, family structure, and missingness on other variables predicts sample selection in to the 
original 66,000 observations to some extent, however health behaviors are not robust important predictors. In 
regards to same-sex/same-grade friendship nominations, the likelihood of making such nominations increases by 
grade and is smaller for more advantaged students. We find that the proportion of smokers in the grade (potential 
friends) is not related to these nomination patterns, however, individuals with drinking grademates are slightly more 
likely to nominate same-grade/same-gender friends (a 10 point increase in grademates drinking is associated with a 
1 percentage point increase in the probability). 
14 Of the 66,000 students, 4,300 do not nominate any same grade friends and 4,100 do not nominate any same-
grade/same-gender friends (that is, they nominate same grade friends but no same-grade/same gender friends).  



Table 1 presents descriptive statistics of the analysis sample and shows that 

approximately 34% of the sample reports smoking and 54% of the sample reports drinking 

alcohol. The average adolescent nominates 2.4 same-sex friends. In Table 2 we present the 

distribution of friends’ health behaviors in the data. Friendship networks include considerable 

variation, including individuals who have no smoking/drinking friends through individuals who 

have all smoking/drinking friends.  

Evidence of Variation in Friendship Options 

As we demonstrate above, identification of the effect of friend’s health behavior requires 

a shock in exposure to potential friends with specific health behaviors. In our empirical analysis, 

we control for fixed effects associated with similar students who make the similar friendship 

choices on student attributes, but because they belong to different cohorts of the same school 

draw groups of friends who exhibit differing health behavior. That is, the dataset contains 

multiple cohorts within each surveyed high school, which allows us to combine our friendship 

type fixed effects with the use of cross-cohort, within-school variation and in doing so are able to 

compare students who face similar friendship options (are in the same school) and make similar 

friendship choices. This extension relies heavily on the assumption that individuals who attend 

the same school, but different grades, have essentially the same “types” of friendship options.  

 To what extent do students in the same school face similar friendship options? Using the 

Add Health data, we show below in Table 3 that controlling for school and grade effects can 

predict over 95% of the variation in racial composition of potential friends (classmates) in the 

data. Likewise, controlling for school and grade predicts 93% of the variation in peers’ maternal 

education level and 96% of the variation in classmate nativity. These findings suggest that 

students in different grades but who attend the same school have very similar friendship options 

based on race and family background of peers.  

In addition, there is substantially more variation across cohort, within schools in 

unhealthy behaviors. Using the same regression analysis, our data show that we only predict 77% 

of peer smoking rates and 81% of peer drinking rates. Thus, these results suggest that there is 

substantial variation in exposure to health behaviors of potential friends (classmates) even within 

school, while at the same time the friendship options based on race, maternal education, and 

nativity is nearly identical for students across grades within the same school. We use these 

features of our data to make comparisons within schools of students who face similar 



environments in terms of friendship opportunities and make similar friendship choices over 

attributes, but have different friendship outcomes over health behavior and unhealthy behavior 

outcomes.  

Empirical Specification 

Our friendship clusters are based on students in the same school choosing sets of friends 

with very similar demographic attributes. As there is evidence that adolescents have strong 

preferences to befriend classmates based on age, gender, and race (Mayer and Puller 2008; 

Weinberg 2008), we create our “individual type-friendship type clusters” by focusing primarily 

on those attributes. Given a limited sample, there is clearly a trade-off between how restrictive 

we make our definitions of observationally similar individuals and of same friendship types. We 

begin by placing the most weight on obtaining very specific “friendship-type” clusters. The 

reason behind this focus in that most of our demographic variables are binary and so after 

controlling for individual-type on those variables very little information is left that can be used in 

our specification tests in order to examine whether peer attributes can explain predetermined 

student attributes. For example, we examine whether peer attributes can explain student race or 

ethnicity in a model that only controls for within school friendship types. However, we also 

examine model specifications that include the student’s race (white, black, Hispanic, and Asian) 

and whether their mother is a college graduate in the creation of individual type-friendship type 

clusters, and then for years of maternal education we can test whether peer within cluster 

variation can explain a student’s own maternal education.  

The friendship clusters are based on the following exogenous characteristics of chosen 

friends, including (1) race (black vs. Hispanic vs. white vs. Asian vs. other) (2) maternal 

education (no college vs. some college vs. college graduate) (3) family structure (living with 

mother vs. not living with mother) and (4) nativity (native vs. foreign born). Specifically, the 

number of friends chosen from each characteristic is used in the cluster. Importantly, our clusters 

are quite flexibly created, such that an individual who chooses five black friends is in a different 

cluster than an individual who chooses four black friends.15 In yet another refinement of our 

                                                      
15 As an example, friendship cluster 15 could be created based on nominating four friends such that: friend A is 
white, has a college educated mother, lives with his mother, and is native born; friend B is white, has a mother with 
some college, lives with his mother ,and is native born; friend C is white, has a college educated mother, lives with 
his mother, and is foreign born; friend D is black, has a college educated mother, lives with mother, and is native 



cluster approach, in some analyses we also include grade levels-pairs within the clusters, so that 

7th and 8th graders are compared to each other (and 9th/10th and 11th/12th) in order to move closer 

to the thought experiment described in the introduction.  

In our final model, as discussed above, we restrict our comparisons to students in 

different grades who are observationally equivalent on X and chose the same friendship set on 

the X’s. Friends’ health behaviors are based on own-grade friendships, and so these estimates are 

based entirely on comparisons across cohorts. Specifically, one student’s friends’ health behavior 

could not vary from another student’s in the comparison group because one student selected a 

given student and another selected away from the same student. In order to accomplish this, we 

randomly choose only one student in each grade from each friendship type cluster so that the 

estimated effect of peer behavior cannot be identified off of within grade variation. In these 

estimates, the substantial differences in health behavior across cohorts provide the shock to the 

health behavior of potential same-grade friends that identifies the effect of friends on health 

behavior. In practice, we present the average of the parameter estimates resulting from several 

random draws of one individual in each cluster per cohort.  

Finally, the rich structure of friendship type clusters, as outlined above, will create 

singleton clusters of students—those students who have unique or “unusual” friendship 

preferences. These singleton clusters will, implicitly, not contribute to the identification of the 

network effects estimates, as there will be no within-cluster variation to exploit. Tables 2A and 

3A examines the significance of excluding the variation associated with these observations from 

our estimates of the effects of friends health behaviors. While we find some evidence that 

attrition on this dimension varies with observable attributes, the estimated relationship between 

smoking and drinking status and placement in a single cluster is fairly small (Table 2A). In 

addition, we repeat the substantive analyses presented below for subsamples excluding 

observations associated with singleton clusters and their exclusion has no effect on the pattern of 

estimates observed (Second row of Table 3A). 

Evidence of Friendship Selection 
We can partially test the validity of our approach by examining whether students seem to 

be sorting into specific friendship patterns within our friendship clusters. Specifically, we test 

                                                                                                                                                                           
born. Cluster 16 could be identical except the individual nominated four white friends instead of three white friends 
and one black friend; Cluster 17 could be identical to cluster 15 except all the nominated friends are native born.  



whether a student’s own observable attributes correlate with the attributes of their friends within 

student clusters. Following the logic of Altonji, Elder, and Tabor (2005), if individuals do not 

sort on observables into friendships within clusters, it is very unlikely that they have sorted based 

on unobservable characteristics. For example, if we find no evidence of additional correlation 

between an individual’s own parental education and the parental education of their friends after 

conditioning on the average level of correlation for all students in this cluster, which might 

include broader educational categories, then it is unlikely that students are sorting based on 

unobservable characteristics like the parents’ involvement with the students’ education or the 

parents’ educational and academic expectations since those unobservable characteristics are 

likely correlated with parental education. Similar diagnostic tests have been used elsewhere 

(Bayer, Ross and Topa 2008; Bifulco, Fletcher and Ross 2011).  

In Table 4A, we present evidence from these diagnostic tests. Each set of rows examines 

the correlation between a different “outcome” (individual-level characteristic) and friend’s 

characteristics. Columns add controls from left to right. The first column and row shows the 

correlation between whether an individual is of Hispanic ethnicity (vs non-Hispanic) and the 

average of his or her friends’ maternal education levels (-0.03). Column 2 controls for school 

fixed effects and reduces the coefficient by 1/3, but the estimated effect is still sizable and 

statistically significant. Column 3 controls for school by cluster fixed effects and reduces the 

coefficient to 1/10th the size of the baseline regression, and Column 4 yields similar estimates 

after adding grade-pairs to the clusters so that 7th/8th, 9th/10th, and 11th/12th graders are compared. 

Column 6 adds individual characteristics to the cluster definition, including race and whether the 

student’s mother graduated from college, and Column 7 estimates the Column 6 model selecting 

one observation per cohort per cluster and weighting clusters back up to their original size for 

comparability to Column 6, though the model is not identified for these two columns for this 

outcome (student race). Similar results arise for whether the individual is white in Row 2.16 

In Row 3, we examine the correlation between own-maternal education and the average 

maternal education of friends. Here, the correlation is quite high—0.33—in the baseline 

specifications. Again, the inclusion of school fixed effects leads to only a moderate reduction in 

the coefficient estimate. However, when we add school X cluster fixed effects in column 3, the 

                                                      
16 The estimated effects in OLS for explaining whether an individual is black is small relative to the standard error in 
our cluster fixed effect estimates and so a counterfactual based on whether the student is black is non-informative. 



coefficient estimate is reduced by more than two-thirds, but is still statistically significant. 

Finally, we include individual characteristics in Column 5 in the clusters definitions, and the 

correlation between own and friends’ maternal education falls to 0.01 and is not statistically 

significant. The one observation per cohort sample results in Column 6 indicate a slight increase 

in the magnitude of the estimates as compared to Column 6, but the effects are still statistically 

insignificant and substantially smaller than the estimates in the school fixed effects model. 

In a second set of balancing tests (Table 4B), we examine the correlations between 

individual characteristics and friends’ health behaviors in order to further assess our ability to 

control for observables and unobservables in our estimation strategy. In the first row, we show 

that maternal education is highly associated with friends’ drinking behaviors. However, when we 

control for clustering, the coefficient is reduced by over 90% and is no longer statistically 

significant. In row 2, we find similar evidence from the correlation between maternal education 

and friends’ smoking behaviors. In row 3, we find that individuals with highly educated mothers 

are more likely to have friends with caring mothers. However, as we add cluster fixed effects in 

the final column, this correlation is reduced over 80% and is no longer statistically significant. 

This result is a strong test of the adequacy of our clusters, as maternal caring might be a typically 

unobserved characteristic that researchers would worry is not completely captured in our 

clusters.17 In two of the three cases, the effect size increases when we shift to the one per cohort 

sample, but as before the estimated effects are still insignificant and small relative to the school 

fixed effect estimates. These findings are suggestive evidence that our cluster controls are 

significantly reducing endogeneity bias associated with students choosing their friends both 

overall and when compared to school fixed effect models.  

Finally, in Table 4C, we examine a placebo variable, chest pain, where we would not 

expect chest pain in one student to have a causal effect of chest pain for a second. While friend’s 

chest pain correlates with student chest pain even after including student fixed effects, this effect 

completely disappears once we have controlled for the type of friendship choices made by 

students. 

 

 

                                                      
17 Of course, we will control for maternal caring in our results, so any residual correlations in unobservables 
between the respondent and his friends will be net of these controls and the cluster fixed effects 



Results 

Table 5 presents estimates for adolescent smoking where same-sex/same-grade friends 

are used to define the friendship network. In Column 1, the baseline results suggest that 

increasing the share of friends who smoke by 10 percentage points would increase own-smoking 

by nearly 3.9 percentage points. In Column 2, we follow some of the previous literature and 

control for high school fixed effects; however this only reduces the coefficient from 0.388 to 

0.368 for friends’ smoking. In Column 3 we do not use school fixed effects, but instead use our 

friendship cluster fixed effects. As discussed above, we create cluster fixed effects based on 

several aspects of the respondent’s friendship nomination patterns, including (a) number of 

nominations (b) race of nominated friends (white vs. black vs Hispanic vs. Asian vs. other race), 

maternal education of nominated friends (college graduate vs. non college graduate), whether 

friend is native born, and whether friend lives with his/her mother. With the inclusion of cluster 

fixed effects, the coefficient estimate mirrors that of the school fixed effects results (column 1 vs. 

column 3) declining from 0.39 to 0.37 and little reduction in the estimates is observed. However, 

when we control for school by cluster fixed effects in column 4 and so control for same 

friendship-type choices given the same friendship opportunity set, we observe a substantially 

larger decline in the estimated to 0.31. The last three columns limit comparisons to adjacent 

grades (7/8, 9/10, 11/12), incorporate same observables into the cluster definitions and restrict 

the sample to one observation per cohort in turn.  

All of the estimates based on within friendship cluster comparisons fall between 0.295 

and 0.315. The lowest estimates are associated with models that contain variation within grade, 

which is consistent with the possibility that within grade-within cluster variation could bias 

estimates in the opposite direction from the bias in OLS or school FE models. Focusing on our 

preferred estimates using the one observation per cluster per cohort, we see less than a 10% 

reduction relative to our school fixed effect estimates with our inclusion of individual-friendship 

type fixed effects. Significantly, all reductions due to cluster fixed effects including those based 

on estimates that include variation within cluster and cohort are less than 20%, which is quite 

small relative to the declines in estimates across the same model specifications for our balancing 

tests where the declines are typically on the order of 75 to 90 percent. As discussed above, as we 

control for richer cluster definitions, the sample size used to identify the coefficients is reduced 

due to “singleton clusters”. As mentioned earlier in Appendix Table 3A, we show that the 



change in composition is not the explanation for our results by estimating the baseline results in 

Table 5 using the non-singleton sample across columns.  

 Table 6 examines drinking behaviors. Baseline results in column 1 suggest that a 10 

percentage point increase in friends’ drinking is associated with a 3.3 percentage point increase 

in own-drinking. Like the results for smoking, school fixed effects (added in column 2) reduce 

this association by a modest amount to 3.0. Using the same cluster definition as in smoking, the 

results using friendship-cluster fixed effects (but not school fixed effects) in column 3 the 

coefficient is reduced slightly, suggesting that increasing friends’ drinking by 10 points will 

increase own drinking by 3.2 percentage points. As before, when we control for school by cluster 

fixed effects in column 4, our estimated effect falls to about 2.5 percentage points. In our 

preferred specification, the one per cohort sample, the estimated effect is 2.8 percentage points, 

and our best estimate of causal effects is only 6 percent below the school fixed effect estimates.  

 The bottom line of these findings is that our estimates suggest only minimal bias from 

correlated unobservables in school fixed effect estimates of friends’ smoking or drinking on a 

student’s own behavior. After controlling for variables like gender, race, maternal education, 

gender, family structure and nativity, factors that are observed in many educational samples, 

friendship formation within a grade appears to be relative random at least in terms of 

unobservables that have a systematic influence on health behaviors. This finding has relevance 

for the growing empirical literature on networks (Calvo-Armengol et al. 2009, Trogdon et al. 

2008). Most studies in this area are identified by network fixed effects assuming that individual 

links within each network are formed randomly. At least after controlling for the role of readily 

observable demographics in friendship formation, our research is supportive of this assumption 

for smoking and drinking. However, the assumption of exogenous friendship formation may not 

be valid for other behaviors or outcomes, especially in light of our spurious results on chest pain 

for the school fixed effects model. 

Two Stage Models and an Application to Longitudinal Data 

 If our estimates are to capture the causal effects of friends’ behaviors, an additional 

assumption is required that a student’s own smoking behavior does not directly cause the student 

to form friendships with students who smoke. We can neither directly test whether this 

assumption holds or credibly argue that the assumption is reasonable. One reasonable option is to 

look at models of the on-set of health related behaviors with a longitudinal sample where reverse 



causality is less of a concern. However, quite frequently, longitudinal datasets are substantially 

smaller than cross-sectional samples, and the Add Health survey is no exception with the initial 

in-school survey attempting to interview the full population of each sampled school, while only a 

fraction of these students are followed over time.  

 However, the analysis described above generates information on εis associated with all 

individuals who are in the same cluster c. Therefore, we can combine this information with the 

longitudinal data for examining the onset of health behaviors, such as drinking and smoking, 

which by construction could not have caused the earlier friendship choices. The classic threat to 

identification in studies of the on-set of health behaviors is that the same set of unobservables 

that caused the student to select their friends also lead to later smoking, but in our case the 

information generated on each cluster can provide a control for those correlated unobservables.  

 Specifically, we estimate the fixed effect associated with each school, student type and 

friendship pattern cluster, and that fixed effect provides an estimate of the unobservable for each 

individual within the cluster. The fixed effect estimate for each cluster is an average across all 

cohorts including the cohort from which a student is drawn, which in small samples can lead to 

an overcorrection from the fixed effects and an understatement of the true estimate. The standard 

solution to this problem is to calculate the control, in this case the fixed effect, omitting the 

information that creates this correlation, in this case the information from the same cohort. 

Guryan, Kroft and Notowidigdo (2009), however, show that the estimated coefficient on this 

corrected control may be negatively biased because an individual’s own information is 

negatively correlated with the average of the relevant population (that omits the individual) from 

which that individual draws peers. In our context of a school fixed effects model, their 

recommended control for mitigating this bias is simply the average fixed effect estimate across 

all individuals in the school except for the cohort-cluster to which the subject individual belongs. 

The resulting estimating equation would be  
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where ic−ρ̂  and  is−ρ̂  are the estimated cluster fixed effect omitting the information on the fixed 

effect from a student’s own cohort and the mean (weighted by the number of students) of the 

cluster fixed effect estimates over all clusters at a school again omitting the student’s cohort 

contribution to their cluster fixed effect estimate. 



 In order to obtain the most precise estimates for our preferred specification, we collapse 

the data at the level of the student type, friendship choices, cohort and school in order to obtain 

estimated based only on cross-cohort information using the entire sample. The parameter 

estimates and the estimated student type-friendship choice-school FE’s are weighted based on 

the number of students in each student type-friendship choice-cohort-school cluster. We also 

focus in this analysis on comparisons across all grades in a school, again in order to increase the 

amount of information used to calculate the FE’s. Note that the fixed effects are only identified 

for friendship clusters in schools containing at least one student in at least two cohorts.   

 Table 7 presents models from the cross-sectional sample. The first two columns present 

both the school FE and the student type by friendship choice by school FE model estimates for 

the individual subsample where one individual is selected randomly per cluster. These cluster FE 

estimates are very similar to the cluster FE estimates in Tables 5 and 6, which controlled for 

adjacent grade pairs, with the smoking estimates being identical between the two models and the 

drinking estimate being less that 5 percent larger than the estimate that includes grade pairs in the 

cluster definition. The next two columns present the student weighted estimates using the 

collapsed data with school and school by cluster FE’s. The cluster FE’s estimates for these two 

samples are very similar and continue to indicate very little bias from correlated errors relative to 

the school FE estimates for smoking or drinking.  

 In the last two columns, we present the two stage estimates using the individual sample 

and the predicted cluster FE’s. The first of the last two columns includes our prediction of the 

cluster FE that includes information from an individual’s own cohort. Naturally, the estimate on 

the fixed effect is large and highly significant because it contains information on the individual’s 

own smoking behavior. The inclusion of this variable reduces the effect of friend’s smoking or 

drinking, representing a classic overcorrection that occurs with fixed effect estimates based on 

small samples. In the last column, we present the estimates for the fixed effect model that 

includes the predicted cluster fixed effect that excludes information from the individual’s own 

cohort plus the Guryan et al. (2009) control at the school level. The Guryan et al. control is 

negative and significant as expected. The estimate on the predicted fixed effect, however, is very 

near zero and statistically insignificant. As in the single stage fixed effect estimates, there is no 

evidence of substantial bias from correlated unobservables for friendship formation within 



schools, and the estimated effect of friends smoking or drinking is quite near to the school FE 

estimates. 

 Table 8 presents effect estimates for the onset of smoking or drinking as a function of the 

behavior of a student’s friends at baseline. The first two columns present the OLS and school 

fixed effect estimates for full sample of all students surveyed at followup who did not smoke or 

drink, respectively, at baseline. The third column presents the school FE estimates for a sample 

restricted to those for which a student type by friendship choice by school FE can be estimated 

(students present in the cluster in that school for at least two cohorts). The fourth column adds 

the predicted cluster fixed effect using information from the student’s own cohort and the fifth 

column controls for the predicted fixed effect omitting that information and for the Guryan 

control. The inclusion of school fixed effects erodes the OLS estimates for the friends’ effect on 

the onset of drinking, but has little impact on the effect of friends’ smoking on smoking onset. 

More significantly, the coefficient on the prediction of the cluster FE is effectively zero in the 

last two columns, and the effect of friends’ behavior is relatively unchanged as compared to the 

school FE presented in column 3. Note that the estimate on the predicted cluster FE are zero even 

when the own cohort information is included because the smokers and drinkers from the first 

wave who helped drive these cluster predictions have been deleted from the sample in order to 

study onset. Similarly, the Guryan control is relatively uninformative in these models.  

 The central threat to identification in our models of the on-set of smoking and drinking is 

that the fixed effects may contain considerable noise due to the smaller number of observations 

used to estimate each fixed effect. Table 9 presents results based on the size of the school- 

student type-friendship pattern clusters used to calculate the cluster FE. The average numbers of 

observations associated with the fixed effect estimates are 2.5 for the subsample of small clusters 

and 17 for the subsample of big clusters. Obviously, these subsamples are not randomly 

determined because, for example, clusters involving individuals with mostly own race friends 

will tend to have a substantially larger number of students than clusters of students who have 

many friends across racial lines. Regardless, if student friendship formation patterns capture 

information on unobservables that influence smoking or drinking, then we should find larger, 

more precisely estimated parameters on the predicted fixed effects when those fixed effects are 

more accurately measured because they are based on more observations. However, all our results 

are robust across the subsamples. The estimates on the predicted fixed effects are uniformly 



small and statistically insignificant, and all our results are robust to the inclusion of the predicted 

fixed effects. The coefficient on smoking does erode somewhat for the big cluster subsample 

when the additional controls are included, but we have verified that those changes are driven 

entirely by the inclusion of the Guryan et al. control, rather than the predicted fixed effect.   

Robustness to Number of Friends 

 One natural concern with our identification strategy is that students only report up to a 

maximum of five same gender friends and many report only 1 or 2 same gender friends. While 

students make friendship choices over a wide variety of student attributes that are observable, 

one still might be concerned that our positive estimates of friendship effects are driven by 

students who have a very small number of friends and that in those cases the number of choices 

being made is insufficient to eliminate the bias from student unobservables that influence 

friendship choice. In Table 10, we divide the sample by the number of friends where the first 

panel presents estimates for smoking and the second panel presents estimates for drinking. The 

general pattern of results remains the same with the inclusion of school by friendship cluster 

fixed effects leading to reductions in estimates by less than 10 percent relative to the school fixed 

effects for smoking and small increases, less than 5 percent, for drinking. In terms of the 

magnitudes, the changes in the estimated effect size due to the inclusion of cluster FE’s is 

actually smaller for the subsample of students with 4-5 friends for smoking and drinking in both 

percentage terms and absolute changes.  

 In Table 11, we present estimates for the effect of friends’ behavior on the on-set of 

smoking (first panel) and drinking (second panel) for the 1-3 and 4-5 friends subsamples. Since 

the restricted subsample for 4-5 friends is quite small (between 200 and 300 students), we 

estimate a joint model for the entire sample interacting dummies for number of friends with the 

share of friends smoking or drinking, rather than estimate separate models for each subsample.18  

In the first two columns, we present the school FE estimates for the individual longitudinal 

sample. The relationship between friends’ behavior and own behavior is robust in both 

subsamples for both drinking and smoking, and as in cross-sectional estimates of behavioral 

effects in Table 10 the relationship for on-set is also stronger for the subsample with 4-5 friends. 

                                                      
18 It is not realistic to estimate 60-70 school fixed effects in samples with only a couple of hundred observations. The 
pattern and significance arising from models using split samples are qualitatively similar to the estimates in columns 
3 and 4, but the magnitudes of the parameter estimates are quite unstable. 



Columns 3 and 4 then present the estimates for the restricted sample. Three of the four 

significant findings persist in the restricted sample, but the estimate on friend’s smoking for the 

4-5 friend subsample is very near zero. It is important to note that this zero estimate is for a very 

small subsample (less than 300 observations), and that the zero estimate does not provide 

evidence in either support of or against the validity of our identification strategy. Regardless, the 

inclusion of the predicted cluster FE has very little influence on any of the estimates, reducing 

the effect in the three positive and significant estimates by less than three percent and changing 

the zero estimate for friends’ smoking for 4-5 friends by only 0.002. Further, we can calculate 

the predicted cluster FE that does not omit own cohort for the entire longitudinal sample. When 

we estimate the model including those predicted FE’s, the estimated effects of friend’s smoking 

are 0.050 and 0.068 for 1-3 and 4-5 friends, respectively, and those reductions are nearly 

identical in magnitude across the two subsamples at about 6 percent.     

Conclusions 

While researchers typically examine peer effects by defining the peer group broadly, this 

paper focuses attention on actual friends and implements a new research design to study the 

effects of friend’s health behaviors on own health behaviors for adolescents. The main idea is to 

combine a cross-cohort, within school design with controls for friendship options and friendship 

choices through the use of “school-student type-friendship pattern” fixed effects. We show that 

in the Add Health data used in this paper, there is evidence that our design is successful in 

narrowing down relevant comparison groups by controlling for the friendship choices and 

friendship options of adolescents. Our initial estimates also suggest that all results are robust to 

the restriction of sample to one student per cluster per cohort, which assures that the model is 

only identified based on comparisons of students across cohorts in the same school. 

Further, we use a model of friendship formation to investigate the circumstances under 

which our identification strategy will provide consistent estimates. We find that our approach can 

be applied under quite general circumstances. For example, our model allows for a very general 

non-linear process of friendship selection and allows for correlation between observable 

attributes and unobservables that affect friendship formation. In addition, we show how to apply 

the information gained from our analysis to smaller longitudinal samples in order to control for 

correlated unobservables in models of behavior on-set where the simultaneity between own 

health behavior and friendship choice is unlikely to be able to explain the estimated effects of 



friends’ behaviors. The key assumptions required to apply this identifications strategy are that 

unobservable determinants of health behavior have a monotonic affect on the patterns of 

friendship formation and that individuals experience some type of shock in exposure to health 

behavior of potential friends that does not directly enter own health behavior. This shock assures 

that some variation remains in friends’ health behavior even after eliminating variation across 

individuals in friendship outcomes. In our application, this “treatment” is the variation across 

cohorts in the exposure to friends’ health behavior. Our empirical analysis is very supportive of 

this assumption in that we find very small variation in the demographic attributes of students 

across cohorts in the same school, but substantially larger variation in health behavior.  

Friends’ drinking and smoking appears to have a substantial impact on a student’s own 

smoking and drinking and on the onset of smoking and drinking, and controls for correlated 

unobservables does little to erode the estimated effect. However, counterfactual analyses of race, 

ethnicity, maternal education and chest pain find that no evidence of an effect of friends’ 

attributes remains after applying our identification strategy.  There continues to be little evidence 

of bias in the school FE models when we focus on a subsample of students that have the larger 

numbers of friends or on subsamples of clusters where we observed the largest number of 

students, which represent circumstances where our analysis should have the greatest potential for 

identifying bias.        
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Appendix One 

Proof of Propositions and Generalization of the Shock to Friendship Formation 

Proposition 1. Under Assumptions 1 through 4 plus Definition 1, the bias arising from 

estimating the cluster fixed effects model in equation (4) limits to zero as ni becomes large for all 

i in the sample. 

Proof: First, based on equations (5) and (6), the probability of a friend exhibiting healthy 

behavior depends upon the individual’s own observable and unobservable attributes that also 

directly influence own health behavior, the resulting correlations will bias OLS estimates of β. In 

order to characterize the bias from OLS estimation of equation (1) or (5), we write the 

expectation of equation (5) as 
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and substitute the linear projection of εis on the conditioning variables, 321

~~ φφφφ iisiss XXH +++ , 

into equation (5).19  This yields 

 )()(
~

)(
~

)(],
~

,
~

|[ 332211 φβφβφβφβ +++++++= itisisssiisjis XXHXXHHE  (A2) 

Based on this linear projection, we define the bias in the estimated coefficient on jH
~

 as 
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In terms of the health behavior equation, a cluster fixed effect will take on the following 

value 

 cciiscc XXH µεβββδ ++++= 321
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where cH , cε  and cµ  are the means of isH
~

, ε and µ within the cluster c.  

  

  

                                                      
19 This linear decomposition is typically imposed when examining problems associated with errors-in-variables in a 
linear model, Even without imposing any linearity assumptions, one can interpret the estimates of β as the best linear 
predictor of H conditional on 

isH
~ , 

isX
~ , Xi, and εis, and 

1iφ  is the relative bias in those estimates if one is unable to 

condition on εis. 
20 This arises from the standard omitted variables formula for a regressor that is orthogonal to all other regressors 
and othogonality is obtained using a conditioning argument where + � ,-. # ,/� # 0 can be rewritten as the 
following conditional regression + � ,-�. & 12.|�3� # ,-12.|�3 # ,/� # 0. 



 After controlling for cluster fixed effects in equation (5), the health behavior model takes 

the following form:  
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The bias associated with the estimated coefficient on )
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Note that the expectation of the within cluster deviation in isH
~

 is zero because all observable 

information that influences the composition of friends on health behavior, i.e. observed attributes 

(Xi) or proxies for unobservable factors (isX
~

 for ���) are the same for all individuals in a cluster.  

Now, the probability of a friend being of good type can be written as  

 ������� � 1� � ��--���, ���, ���� # ��-5���, ���, ���� � ��
6���, ����   (A7) 

where the derivative of ��
6 is positive. As the number of friends becomes large, 

  lim:;<=
X()* �  ��

6 ���, ����          (A8) 

because as the number of draws goes to infinity the empirical frequency must equal the 

probability.  

Since all individuals in cluster c have the same observable type  ��� and the same fraction 

of good type friends, X()*, equation (A8) implies that 
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6 ����, ���� � ��
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when the number of friends is large. 

However, equation (A9) can only hold if εis = εks for all i and k in the cluster, and so from 

equation (A6) 
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because the within cluster variation in ε limits to zero while the within cluster variance of H()* 

contains variation associated with π and so is strictly positive.# 21 
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 As the number of friends becomes large, the cluster fixed effect model acts as a non-parametric control function 
estimator for absorbing unobservables that influence both friendship choice and health behavior. Specifically, using 

our notation, Blundell and Dias (2009) formally define a δ for equation (5) as ciisisisis XXH δµε |),
~

,
~

(),( ⊥ , 



 

 

 

Proposition 2: Under Assumptions 1 through 5 plus Definition 1, the bias arising from 

estimating the cluster fixed effects model in equation (11) has the same sign and is smaller than 

the bias that arises for the OLS model described in equation (5). 

Proof:   Using equation (8), the bias from the cohort fixed effect model in equation (A6) reduces 

to  
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where cV  is the cohort mean of Vis. 

The variance of the mean of a set of correlated variables is a well known expression
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where mi is the number of individual in i’s cluster. Similarly, 
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so that the denominator of equation (A11) takes the form 
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Turning to the numerator of equation (A11), the three relevant covariance terms are 

],[ cis VCov ε , ],[ cisVCov ε  and ],[ cc VCov ε  , which take the following form as illustrated for 
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and conditional on δ OLS will yield consistent estimates of β. For large ni, observations in the same cluster do not 

vary over ε, isX
~

 or Xi, and µist is assumed to be an idiosyncratic disturbance. 

 



Using all three covariance terms, 
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and Equation (A11) can be rewritten using equations (A14) and (A16) as  
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Next, using equations (17) and (18) the OLS bias in equation (9) reduces to 
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Note that the first terms in the numerator and denominator in equation (A17) are the same as the 

numerator and denominator in equation (A18). Equation (A17) will be smaller than equation 

(A18) if the relative or percentage reduction in the first numerator term caused by the second 

numerator term in equation (A17) is smaller than the equivalent reduction in the denominator or 

if 
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Without additional loss of generality, we can create a linear projection of Vis on εis  

 isissis UV ++= 1ξεξ          (A20) 

where ),,,
~

( isisiisis XXUU πε=  and ],[ isis UCovε .  

Further, ],|,[ ckiUCov ksis ∈ε
 
and ],|,[ ckiUUCov ksis ∈

 
both also equal zero because the 

all sources of a linear relationship between the sH '
~

 within cohort has been eliminated. Uks 

depends on πks, but any linear dependence with εks and Xis has been eliminated from U through 

the linear projections and selection into clusters does not depend upon or correlate with πis due to 

Assumption 3 and so does not contribute to the covariances.  

  

                                                      
22 This condition holds regardless of the sign of the covariances. For example, if the covariances in the numerator of 
equation (A19) are both negative, they imply an increase in both the numerator and denominator and the bias is 
reduced if the numerator in equation (A18) increases by less. This requires that the right hand side of equation (A19) 
be larger magnitude, which is then smaller in value because the terms of negative.   



Using equation (A20) and the above results, we can rewrite equation (A19) as  
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The variance of Uis is unambiguously positive because of the variation associated with πis so this 

condition holds as long as ],|,[ ckiCov ksis ∈εε  is positive.  

From equation (A1) and Assumption 1, we know that the probability of having good type 

friends ��
6 increases monotonically with εis and so the expected value of isX

~
 must also increase 

monotonically with εis.
23 Therefore, we can express the fraction of good type friends as a 

monotonic function of εis and a stochastic variable of unknown form 

 �@�� � A�
6���, ���, B���         (A22) 

Since the two individuals in the same cluster have the same fraction of good type friends isX
~

 and 

are of the same type themselves iX   

 A�
6���, ���, B��� � A�

6���, �?�, B?��       (A23) 

where νis is an idiosyncratic error term so that 12���, C��3 � 0. 

The implicit function theorem and monotonicity assumption allows us to rewrite (A13) as  

 ��� � A"
D-���, B��, A�

6��?, �?�, B?��� E A�F�?�, ��, B��, B?��    (A24) 

where A"
D- is the partial inverse of A�

6 with respect to the εis argument and is monotonically 

increasing in the third argument, A�
6, for person k, and since �?� only enters the equation once 

and is inside of two monotonic functions A G can be defined as a monotonic function of �?�. The 

covariance can now be rewritten as 

 0],|),,,,(~[],|,[ >∈=∈ ckiXgCovckiCov ksksisiksksis ευυεεε    (A25) 

which is unambiguously positive due to the monotonicity of AH. 

In order to sign the cohort fixed effects bias in equation (A17) relative to the OLS bias in 

equation (A18), we substitute equation (A20) in the numerators of the bias expressions. For 

OLS, the expression reduces to  
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23 The following argument also holds for a monotonically decreasing function.  



which takes the same sign as ξ1. For the cohort fixed effects model,  
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which will take the same sign as ξ1 if both the terms in the numerator and denominator are 

unambiguously positive. The positive numerator and denominator hold due to Assumption 5 

combined with the fact that a covariance of two related draws from a distribution cannot exceed 

the variance of this distribution. Specifically, 

 ],|,[]|[][ ckiVVCovVVarVVar ksiscisis ∈≥≥ δ      (A28) 

#  

Generalizing the Shock to Friendship Composition 

 In this section, we relax Assumption (4) concerning the shock to friendship composition 

over health behavior so that this shock affects friendship composition over both health behavior 

and attributes. Assumption (4) is primarily supported by our across cohort identification strategy, 

and may be violated in models that are identified by within cohort variation in friendship 

choices. In that context, this extension is considered for two reasons: 1. To illustrate that 

Assumption (4) is crucial for our identification strategy and 2. To illustrate the potential bias in 

certain models that we estimate that include information from within cohort variation.  

One possible alternative is to redefine the set of functions that describe the likelihood of 

observing a specific health behavior His and type Xi as 

 ������� � 	, �� � �|��, ���, ���, � � Κ�� � �������, +�� � ��� # , ���, ����  (A29) 

and replace assumptions (3) and (4) with 

Assumption 7: 
�����

�I
# ���� 

�I
$ 0, 

�����

�I
# ��� �

�I
$ 0, 

�����

�%
� & ���� 

�%
$ 0 and 

��� �

�%
� & ��� �

�%
$ 0 

which retains our monotonicity assumption in the effect of attributes on friendship, but now over 

a linear combination of εis and πis. As the number of friends becomes large, 

  lim:;<=
X()* �  ��

6 ���, ��� # ,����         (A30) 

and 

  ��
6 ����, ��� # ,���� � ��

6 ����, �?� # ,�?��   for all cki ∈,
 

  (A31) 

where c is defined based on constant ��� and X()* as in Definition 1. This implies that 

 ��� # ,��� � �?� # ,�?�   for all cki ∈,
   

   (A32) 

 



Further, equation (A32) implies that 

 ��� & �JK �  ,���� & �LK�        (A33) 

where �JK and �LK are the cohort means of εis and πis.  

 Now as in Theorem 2, we expand Vis from equation (8) in terms of the relevant 

disturbances as 

isisisis UV
~

210 +++= ςπςες         (A34) 

And using equation (A23) 

)/)(()
~

()()( 2121 αςςεεςππςεε −−=−+−+−=− cisciscisciscis UUVV   (A35) 

where cU  is the cohort mean of isU
~

.  

 The bias from the cohort fixed effect model as shown in equation (A11) can be rewritten 

using equation (A35) as  
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The same substitution into the OLS bias expression from equation (A19) yields  

]
~

[][

][

][

],[

1

1
1

isis

is

is

isis

UVarVar

Var

VVar

VCov

+
==

ες
εςεφ

   
   (A37) 

because the unconditional covariance between ��� and isU
~

 is zero.  

In general, Proposition 1 will not hold for arbitrary values of the underlying parameters 

because the presence of πis allows within cohort variation in εis to remain even as the number of 

friends becomes large. Further, the sign of the bias may differ from the OLS bias. If for example 

OLS estimates overstate the effect of friends’ health behavior ( 01 >ς ), the cluster fixed effect 

estimates under Assumption 5 may understate the effect. Specifically, if effects of πis on 

friendship formation over attributes (α) differs in sign from the effects of πis on friends’ health 

behavior ( 2ς ), then αςς /21 +  is opposite sign of 1ς . This would arise if the direct effect of πis on 

friendship formation on health behavior was opposite in sign and dominated the effect through y. 

Finally, based on Proposition 2, the sign of the OLS and cluster FE estimates are the same when 

πis does not enter friendship formation over attributes and so our non-cohort cluster FE estimates 

that contain within cohort variation may produce estimates that lie below (relative to the OLS or 

school FE estimates) the true value of the parameter. 



Proposition 3. Under Assumptions 1 and 3 through 6 plus Definition 1 the cluster fixed effects 

model estimate of the effect of friends’ health behavior limits to a reduced form estimate that is 

the sum of β1 and φ1 as ni becomes large for all i in the sample. 

Proof:  Given the assumptions, the linear projections of isH  and isµ  can be written as 
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where using the expansion in equation (8) the new bias term may be expressed as  
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 Taking the expectation of the cluster fixed effects model in equation (A5) yields 
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The form of the bias in the estimated coefficient on )
~

( cis HH −  that is associated with the 

expectation over )( cis εε −  has been previously defined in equation (A6). Again exploiting the 

expansion in equation (8), the bias associated with the expectation over )( cis µµ −  is 
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(A43) 

 By equation (A40), the expectation of the estimate of the effect of friends’ health 

behavior in the cluster fixed effects model is )( 111
cc ϕφβ ++ , and Proposition 1 establishes that 

c
1φ  limits to zero with the number of friends.  

 Following the derivations in equations (A12) through (A17) except for µ instead of ε 

yields  
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However, membership in the cluster c only depends upon isX  and isX
~

 and so provides no 

information concerning the expectation of either isµ  or isV  since isµ  is orthogonal to these 

variables by assumption and isV  is orthogonal by construction. Therefore the covariance terms 

between i and k are zero,  
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Table 1 

Descriptive Statistics 

Add Health  

Analysis Sample From In School Survey:  Same Grade/Same Sex Friends 

N~65,000 

Variable Mean Std Dev Min  Max 
Smoke 0.35 0.48 0 1 
Drink 0.54 0.50 0 1 
Male 0.47 0.50 0 1 
White 0.59 0.49 0 1 
Hispanic 0.14 0.35 0 1 
Black 0.18 0.38 0 1 
Asian 0.06 0.23 0 1 
Live with Mom 0.93 0.26 0 1 
Maternal Years of Education 13.41 2.33 0 18 
Maternal Caring Scale 4.78 0.61 1 5 
Native Born 0.92 0.28 0 1 
Grade = 7 0.14 0.35 0 1 
Grade = 8 0.14 0.35 0 1 
Grade = 9 0.21 0.41 0 1 
Grade = 10 0.19 0.40 0 1 
Grade = 11 0.17 0.37 0 1 
Grade = 12 0.15 0.36 0 1 
Missing 0.43 0.49 0 1 
Number of Nominations 2.41 1.53 0 5 
Proportion White 0.60 0.43 0 1 
Proportion Black 0.17 0.35 0 1 
Proportion Hispanic 0.13 0.29 0 1 
Proportion Asian 0.06 0.19 0 1 
Proportion Other Race 0.04 0.14 0 1 
Proportion Mom Less High School 0.15 0.28 0 1 
Proportion Mom Some College 0.18 0.28 0 1 
Proportion of Mom College Grad 0.35 0.31 0 1 
Proportion Native 0.92 0.22 0 1 
Proportion Live with Mom 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 42.51 42.51 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   

 



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% 

 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 
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Table 4A 

Balancing Tests of Friendship Sorting 

Outcome Hispanic Hispanic Hispanic Hispanic Hispanic Hispanic 

Specification OLS OLS OLS OLS OLS OLS 

Fixed Effects None School School-Cluster 

School-GradePair-

Cluster 

School-GradePair- 

Cluster-X 

School-GP-Cluster-X 

One Per Cohort 

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 

Fixed Effects None School School-Cluster 

School-GradePair-

Cluster 

School-GradePair- 

Cluster-X 

School-GP-Cluster-X 

One Per Cohort 

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     

Outcome 
Maternal 

Education 
Maternal 

Education 
Maternal 

Education 

Maternal Education 

 
Maternal 

Education 

Maternal Education 

 

Specification OLS OLS OLS OLS OLS OLS 

Fixed Effects None School School-Cluster 

School-GradePair-

Cluster 

School-GradePair- 

Cluster-X 

School-GP-Cluster-X 

One Per Cohort 

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. 



Table 4B 

Balancing Tests of Friendship Sorting (Health Behaviors) 

Outcome 

Maternal 

Education 

Maternal 

Education 

Maternal 

Education 

Maternal 

Education 

Maternal  

Education 

Maternal  

Education 

Specification OLS OLS OLS OLS OLS OLS 

Fixed Effects None School School-Cluster 

School-GradePair- 

Cluster 

School-GradePair- 

Cluster-X 

School-GP-Cluster-X 

One Per Cohort 

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 

Outcome 

Maternal 

Education 

Maternal 

Education 

Maternal 

Education 

Maternal 

Education 

Maternal  

Education 

Maternal  

Education 

Specification OLS OLS OLS OLS OLS OLS 

Fixed Effects None School School-Cluster 
School-GradePair- 

Cluster 
School-GradePair- 

Cluster-X 
School-GP-Cluster-X 

One Per Cohort 

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 

Outcome 

Maternal 

Education 

Maternal 

Education 

Maternal 

Education 

Maternal 

Education 

Maternal  

Education 

Maternal  

Education 

Specification OLS OLS OLS OLS OLS OLS 

Fixed Effects None School School-Cluster 

School-GradePair- 

Cluster 

School-GradePair- 

Cluster-X 

School-GP-Cluster-X 

One Per Cohort 

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 4C 

Placebo Test of Friendship Effects (Chest Pain) 

Outcome 

Chest  

Pain 

Chest  

Pain 

Chest  

Pain 

Chest  

Pain 

Chest  

Pain 

Chest  

Pain 

Specification OLS OLS OLS OLS OLS OLS 

Fixed Effects None School School-Cluster 

School-GradePair- 

Cluster 

School-GradePair- 

Cluster-X 

School-GP-Cluster-X 

One Per Cohort 

Friends' Chest Pain 0.049*** 0.044*** 0.019 0.005 -0.020 -0.018 

  (0.012) (0.012) (0.023) (0.029) (0.030) (0.113) 

Observations 48,843 48,843 48,843 48,843 48,843 36,596 

R-squared 0.006 0.010 0.554 0.614 0.698 0.900 

All regressions control for grade-level fixed effects. 
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Table 5 

Friendship Network Effects on Smoking 

Outcome Smoke Smoke Smoke Smoke Smoke Smoke Smoke 
Specification OLS OLS OLS OLS OLS OLS OLS 

Friends 
Same Sex/ 

Same Grade 
Same Sex/ 

Same Grade 
Same Sex/ 

Same Grade 
Same Sex/ 

Same Grade 
Same Sex/ 

Same Grade 
Same Sex/ 

Same Grade 
Same Sex/ 

Same Grade 

Fixed Effects None School Cluster School-Cluster 
School- 

GradePair-Cluster 
School-GradePair- 

Cluster-X 
School-GP-Cluster-X 

One Per Cohort 
% Smoke 0.385*** 0.366*** 0.368*** 0.308*** 0.297*** 0.295*** 0.333*** 
  (0.010) (0.011) (0.012) (0.019) (0.022) (0.028) (0.097) 
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 OLS 

Friends 
Same Sex/ 

Same Grade 
Same Sex/ 

Same Grade 
Same Sex/ 

Same Grade 
Same Sex/ 

Same Grade 
Same Sex/ 

Same Grade 
Same Sex/ 

Same Grade 
Same Sex/ 

Same Grade 

Fixed Effects None School Cluster School-Cluster 
School-GradePair- 

Cluster 
School-GradePair- 

Cluster-X 
School-GP-Cluster-X  

One Per Cohort 
% Drink 0.329*** 0.302*** 0.316*** 0.253*** 0.239*** 0.235*** 0.297*** 
  (0.011) (0.011) (0.013) (0.019) (0.022) (0.033) (0.095) 
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. *** p<0.01, ** p<0.05, * p<0.1. Additional Controls: Grade dummies, Constant, Missing Indicator 

  



0 
 

Table 7 

Two Stage Estimates of Friendship Effects on Smoking and Drinking  

Outcome Smoke Smoke Smoke Smoke Smoke Smoke 
Specification 

 

School FE 

 
School-Cluster-X 

One Per Cohort 

School FE 

 

School-Cluster-X 

 
School FE, Cluster FE Est. 

w/ own Cohort 

School FE, Cluster FE Est. 

w/out own Cohort 

Sample Individual Individual Collapsed Collapsed Individual Individual 

% Smoke 0.340*** 0.333*** 0.363*** 0.336*** 0.318*** 0.328*** 

(0.014) (0.024) (0.017) (0.027) (0.010) (0.011) 
Predicted FE w/ or 1.037*** -0.002 
w/out own cohort (0.003) (0.009) 
Guryan et. al. -171.477*** 
Control (16.991) 
Observations 11,373 11,373 11,373 11,373 17,500 17,500 
R-squared 0.147 0.539 0.192 0.553 0.377 0.392 

Outcome Drink Drink Drink Drink Drink Drink 
Specification 

 

School FE 

 
School-Cluster-X 

One Per Cohort 

School FE 

 

School-Cluster-X 

 
School FE, Cluster FE Est. 

w/ own Cohort 

School FE, Cluster FE Est. 

w/out own Cohort 

Sample Individual Individual Collapsed Collapsed Individual Individual 

% Drink 0.289*** 0.312*** 0.320*** 0.321*** 0.287*** 0.288*** 
  (0.014) (0.024) (0.016) (0.023) (0.010) (0.012) 
Predicted FE w/ or 1.037*** 0.005 
w/out own cohort (0.004) (0.011) 
Guryan et. al. -179.230*** 
Control (15.565) 
Observations 11,340 11,340 11,340 11,340 17,435 17,435 
R-squared 0.154 0.550 0.209 0.568 0.385 0.403 



Table 8 

Longitudinal Analysis of the onset of Smoking and Drinking  

Outcome Smoke Smoke Smoke Smoke Smoke 
Specification 

 

OLS 

 

School FE 

 

School FE 

 
School FE, Cluster FE Est. 

w/ own Cohort 

School FE, Cluster FE Est. 

w/out own Cohort 

Sample Full Sample Full Sample Restricted Restricted Restricted 

% Smoke 0.063*** 0.061*** 0.053*** 0.051*** 0.045*** 

(0.011) (0.012) (0.016) (0.017) (0.017) 
Predicted FE w/ or -0.018 0.002 
w/out own cohort (0.035) (0.021) 
Guryan et. al. 11.743** 
Control (5.392) 
Observations 6,137 6,137 1,895 1,895 1,895 
R-squared 0.019 0.041 0.093 0.093 0.095 

Outcome Drink Drink Drink Drink Drink 
Specification 

 

School FE 

 

School FE 

 

School FE 

 
School FE, Cluster FE Est. 

w/ own Cohort 

School FE, Cluster FE Est. 

w/out own Cohort 

Sample Full Sample Full Sample Restricted Restricted Restricted 

% Drink 0.120*** 0.112*** 0.110*** 0.107*** 0.114*** 
  (0.015) (0.016) (0.027) (0.028) (0.028) 
Predicted FE w/ or -0.044 -0.028 
w/out own cohort (0.056) (0.028) 
Guryan et. al. -10.836 
Control (11.298) 
Observations 4,310 4,310 1,228 1,228 1,228 
R-squared 0.034 0.074 0.119 0.120 0.121 
  



Table 9 

Longitudinal Analysis of the onset of Smoking and Drinking  

Stratified by Cluster Size 

Outcome Smoke Smoke Smoke Smoke 
Specification 

 

School FE 

 

School FE 

 
School FE, Cluster FE Est. 

w/out own Cohort 
School FE, Cluster FE Est. 

w/out own Cohort 

Sample Restricted Restricted Restricted Restricted 

Small Cluster Large Cluster Small Cluster Large Cluster 

% Smoke 0.055* 0.052** 0.047 0.041** 

(0.029) (0.021) (0.031) (0.021) 
Predicted FE w/ or   -0.025 0.054 
w/out own cohort   (0.029) (0.036) 
Guryan et. al.   9.439 18.294** 
Control   (11.739) (8.465) 
Observations 833 1,062 833 1,062 
R-squared 0.190 0.125 0.191 0.133 

Outcome Drink Drink Drink Drink 
Specification 

 

School FE 

 

School FE 

 
School FE, Cluster 

w/out own Cohort 

School FE, Cluster 

w/out own Cohort 

Sample Restricted Restricted Restricted Restricted 

Small Cluster Large Cluster Small Cluster Large Cluster 

% Drink 0.151*** 0.079** 0.151*** 0.082** 
  (0.048) (0.037) (0.047) (0.038) 
Predicted FE w/ or   -0.015 -0.034 
w/out own cohort   (0.044) (0.070) 
Guryan et. al.   -1.374 -24.185* 
Control   (18.174) (14.256) 
Observations 571 657 571 657 
R-squared 0.238 0.175 0.238 0.179 



Table 10 

Friendship Effects by Number of Friends 

Outcome Smoke Smoke Smoke Smoke 
Specification 

 

School FE 

 

School FE 

 

School-Cluster-X FE 

 

School-Cluster-X FE 

 

Sample Collapsed Sample Collapsed Sample Collapsed Sample Collapsed Sample 

 1-3 Friends 4-5 Friends  1-3 Friends 4-5 Friends 

% Smoke 0.326*** 0.599*** 0.307*** 0.589*** 

(0.017) (0.031) (0.027) (0.058) 
Observations 9,201 2,154 9,201 2,154 
R-squared 0.187 0.284 0.546 0.604 

Outcome Drink Drink Drink Drink 
Specification 

 

School FE 

 

School FE 

 

School-Cluster-X FE 

 

School-Cluster-X FE 

 

Sample Collapsed Sample Collapsed Sample Collapsed Sample Collapsed Sample 

 1-3 Friends 4-5 Friends  1-3 Friends 4-5 Friends 

%Drink 0.290*** 0.539*** 0.297*** 0.543*** 
  (0.016) (0.033) (0.025) (0.063) 
Observations 9,173 2,149 9,173 2,149 
R-squared 0.201 0.313 0.559 0.621 
 

  



Table 11 

Friendship Effects on On-set by Number of Friends 

Outcome Smoke Smoke Smoke Smoke Smoke Smoke 
Specification 

 

 

School FE 

 

 

School FE 

 

 

School FE 

 

 

School FE 

 

 

School FE- Cluster FE Est. 

w/out own Cohort 

 

School- Cluster FE Est. 

w/out own Cohort 

 

Sample 

 
Individual 

 1-3 Friends 

Individual 

4-5 Friends 

Restricted 

 1-3 Friends 

Restricted 

4-5 Friends 

Restricted 

 1-3 Friends 

Restricted 

4-5 Friends 

% Smoke 0.053*** 0.073*** 0.067*** 0.001 0.066*** -0.001 

(0.015) (0.017) (0.020) (0.029) (0.021) (0.029) 
Observations 6,137 

0.042 
1,895 
0.094 

1,895 
0.094 R-squared 

Outcome Drink Drink Drink Drink Drink Drink 

Specification 

 

 

School FE 

 

 

School FE 

 

 

School FE 

 

 

School FE 

 

 

School FE- Cluster FE Est. 

w/out own Cohort 

 

School- Cluster FE Est. 

w/out own Cohort 

 

Sample 

 
Individual 

 1-3 Friends 

Individual 

4-5 Friends 

Restricted 

 1-3 Friends 

Restricted 

4-5 Friends 

Restricted 

 1-3 Friends 

Restricted 

4-5 Friends 

% Drink 0.088*** 0.151*** 0.083*** 0.220*** 0.081*** 0.217*** 
  (0.016) (0.029) (0.028) (0.071) (0.029) (0.073) 
Observations 4,310 

0.075 
1,228 
0.124 

1,228 
0.124 R-squared 

  



0 
 

Appendix Two 

Tables on Sample Selection due to Research Design 

Table 1A 

Predictors of Dropped Sample 

Outcome Means No ID 
No Friend  

Nominations 
No Found  

Nominations 
Any 
Drop 

No Same  
Grade 

No Same 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  

Predictors of “Unusual Type”—Single Cluster Membership 
  

Outcome 
Single  
Cluster 

Single  
Cluster 

Single 
 Cluster 

Single  
Cluster 

Single  
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) (0.011) 
Live with Mom -0.007* -0.049*** -0.069*** -0.153*** -0.162*** 
  (0.004) (0.008) (0.009) (0.011) (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 3A 

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) (0.011) (0.011) (0.012) (0.011) 
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 


