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Abstract

We apply a high order spatial autoregressive (SAR) model to simultaneously capture

heterogeneous peer effects from multiple gender and racial groups, and endogenous

network formation. In students’ GPA and smoking behaviors, we find that within-

gender endogenous effects are stronger than across gender. Females and whites are

more sensitive to peer influences and more influential than other students. Intra-

race spillover effects are stronger than inter-race effects for whites, but not for non-

whites. For contextual effects, we show that peers’ age, race and family background,

but not gender composition, are relevant for GPA and smoking behaviors. Homophily

in observed and unobserved characteristics are important for friendship formation.
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1 Introduction

Peer influences have been investigated intensively for a variety of behaviors and outcomes.1 How-

ever, many existing studies focus only on the average magnitude of peer influences, without paying

special attention to the possible heterogeneity nature along the gender and race dimensions of peer

effects. As a result, informative policy implications are difficult to draw from those studies. For in-

stance, to shed light on the debate about the benefits of single-sex versus coeducational schooling,

we need to know the mechanism of peer effects along the gender dimension, i.e., how an individual

affects and is affected by his/her male and female peers differently. Another example is the debate

on school segregation versus desegregation, which calls for the analysis on the mechanism of peer

interactions within and across racial groups.

Recently, a few studies have started to explore the heterogeneity of peer effects along the lines

of gender and race. However, most of these studies focus on the effects of gender or racial compo-

sition, in particular, female or black proportion, in a group on various outcomes.2 These effects are

termed “contextual effects” or “exogenous effects” by Manski (1993), which represent the effects

of peers’ predetermined characteristics, gender or race in this case, on an individual’s outcome.

Another type of peer effects are “endogenous effects”, which capture the effects of peers’ con-

temptuous outcomes on an individual’s outcome, and have only been examined in a few recent

papers.3 A typical assumption made in these studies is the absence of contextual peer effects.4 As

pointed out by Bramoullé et al. (2009), Fruehwirth (2010, 2013), Lee et al. (2010), Lin (2010),

1For example, for students’ academic achievement (Hanushek et al. 2003; Hoxby 2000; Lin 2010; Sacerdote 2001;

Zimmerman 2003); students’ use of tobacco, alcohol, and substance (Clark and Lohéac 2007; Fletcher 2010 and 2011;

Gaviria and Raphael 2001; Lundborg 2006; Powell et al. 2005); school enrollment decisions (Bobonis and Finan 2009;

Lalive and Cattaneo 2009); the spreading of obesity (Fortin and Yazbeck 2011); participation of retirement plan (Duflo

and Saez 2002), and so on.
2See Hoxby (2000), Lavy and Schlosser (2011), and Whitmore (2005) on gender proportion, and Angrist and Lang

(2004), Hoxby (2000), and Hanushek et al. 2009 on racial composition.
3Clark and Lohéac (2007), Kooreman (2007), Soetevent and Kooreman (2007) and Trogdon et al. (2008) study en-

dogenous peer effects along the dimension of gender, Nakajima (2007) investigates both gender and racial endogenous

interaction effects.
4A notable exception is Fruehwirth (2013), who examines not only the usual racial composition effects, but also the

contemporaneous peer achievement spillovers of different racial groups. But her model specification and identification

are different from ours, as will be discussed in Section 2.
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among others, separately identifying contextual and endogenous effects is important as endoge-

nous effects generate a social multiplier effect whereas contextual effects do not. Therefore, in

order to provide sound policy implications regarding single-sex versus coeducational schooling, as

well as school segregation versus desegregation, it is necessary to identify not only the contextual

effects along the dimensions of gender and race, but also the endogenous effects generated by peers

of different gender and racial groups.

Focusing on only one type of the peer effects in most existing studies is due in great part to the

identification challenge in peer effects estimation, i.e., the “reflection problem” (Manski 1993),

which refers to the impossibility to separate endogenous effects from contextual effects in the

conventional linear-in-means model without imposing priori restrictions on the parameters. To cir-

cumvent the “reflection problem”, conventional studies include only one type of social effects in

the model. Fortunately, recent developments in spatial autoregressive (SAR) models demonstrate

that the “reflection problem” is not an issue for SAR models as the nonlinearity introduced in the

peer measurement breaks down the linearity between endogenous and contextual peer measures

(e.g., Bramoullé et al. 2009; Calvó-Armengol et al. 2009; Lee et al. 2010; Lin 2010). In this

study, we employ a generalized SAR model to identify not only the effects of gender and racial

composition on students’ academic achievement and smoking behaviors, but also the contempo-

raneous spillover effects from the outcomes of peers from different gender and racial groups, an

under-explored feature in the literature. We investigate, for instance, whether the effects of black

students to white students are the same as those from whites to blacks, given some empirical

evidences that blacks smoke much less than whites, as well as the substantial achievement gap

between blacks and whites (e.g., Echenique et al. 2006; Kandel et al. 2004).

Another identification difficulty in peer effects estimation is the omitted variable bias problem,

caused by either endogenous group formation or unmeasured variables, e.g., school resources,

teacher quality, etc. (Moffitt 2001). To partially address this issue, existing studies exploit either

instrumental variable (IV) strategy (e.g., Evans et al. 1992; Rivkin 2001); or the experiment nature

of the data (e.g., Sacerdote 2001; Zimmerman 2003); or group fixed effect strategy (e.g., Bramoullé

et al. 2009; Calvó-Armengol et al. 2009; Lin 2010). However, for the IV strategy, it is not easy

to find a valid IV which is correlated with the peer variables while uncorrelated with the structural

errors. For the experiment type strategy, the requirements on data are rather strict. And the fixed
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effect strategy can capture the unobservables fixed at the group level, but not those varying within

the group.

As pointed out in Lin (2010) and Nathan (2008), among others, a more sophisticated strategy

to deal with the omitted variable bias problem is to develop an equation system to simultaneously

model both endogenous peer network formation and peer influences, which has recently been in-

vestigated by Hsieh and Lee (2013), Goldsmith-Pinkham and Imbens (2013), and among others.

In particular, Hsieh and Lee (2013) propose a network formation model in which distances of un-

observed variables are used to capture the influence of homophily on omitted variables in forming

friendship links. These unobserved variables are then applied to the SAR model as the control

function to correct for the bias caused by omitted variables. However, Hsieh and Lee (2013) only

consider peer interactions within one homogenous group and therefore the obtained peer effect can

be best explained as the average peer effect.

In this study, we use a high order SAR model to incorporate heterogeneous peer effects from

peers of multiple gender and racial groups while accounting for endogenous network formation

using the modeling approach of Hsieh and Lee (2013). Along the line of gender, we include four

spatial weighting matrices to capture the contemporaneous spillover effects from female to female,

male to female, male to male, female to male, respectively. For cross-race analysis, we specify nine

weighting matrices to capture the behavior spillover effects from white to white, black to white,

other racial groups to white, black to black, white to black, and the like.5 Estimating the high

order SAR model would be more complicated than the single order SAR model as the Jacobian

determinant in the log likelihood function of the high order SAR model cannot be easily calcu-

lated (Lee and Liu 2010). Besides, a constrained optimization for multidimensional endogenous

effect parameters to satisfy the stability condition needs to be performed. However, LeSage and

Pace (2009) indicate that the Bayesian approach with the Markov Chain Monte Carlo (MCMC)

sampling may have an advantage in estimating the high order SAR model because the stability

restriction can be easily imposed during the rejection step of the Metropolis-Hastings algorithm.

In this paper we thus follow the Bayesian estimation approach.

Data are from the National Longitudinal Study of Adolescent Health (Add Health). Our results

indicate that failing to include both endogenous and contextual social effects in the model, or

5We divide race into three categories to analyze racial peer effects: white, black and other racial groups.
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to control for the endogenous group formation could seriously bias the estimated peer effects,

especially for students’ academic achievement (GPA). For gender endogenous spillover effects,

we find that within-gender interaction effects are stronger than cross-gender effects, and females

are subject to larger within-gender spillover effects and more influential across gender. In terms of

racial spillover effects, our findings indicate that whites are most sensitive to contemporaneous peer

influences and most influential compared to black students and students from other racial groups.

Furthermore, for whites, intra-race spillover effects are stronger than inter-race effects. While for

blacks and students of other racial groups, the inter-race social interaction effects generated by their

white friends appear to be slightly stronger than intra-race interaction effects. And blacks appear

to be the least influential group across race, as they do not generate any significant endogenous

effect on their non-black friends. An important implication is that policy intervention targeting at

female and/or white students will be most effective due to the influential status of female and/or

white students as well as their responsiveness to peer influences. For contextual effects, we find

that peers’ age, race and family background such as mother’s education and mother’s occupation,

could generate significant effect on GPA and smoking behaviors. In contrast, gender composition

of peers do not appear to matter. The parameters from the network formation model show that

homophily in terms of both observed factors such as grade, race and gender, as well as unobserved

characteristics are important for friendship formation.

The remainder of the paper is organized as follows. Section 2 reviews the related literature.

Section 3 discusses our model in details. Section 4 describes the data and empirical results are

presented in Section 5. Section 6 briefly concludes. Technical details are provided in the Appendix.

2 Literature Review

This section reviews some papers that examine social interactions along the lines of gender and

race. As mentioned above, most existing studies focus on the contextual effects of female or black

proportion in a group. Some studies also estimate separated regressions for male and female or for

different racial subgroups to investigate how male and female or people of different races respond

differently to gender or racial composition in the group. Studies regarding endogenous gender or

racial peer effects are rather limited.
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Hoxby (2000) estimates gender and racial peer effects in Texas elementary schools by ex-

ploiting exogenous idiosyncratic variations in gender and race composition in a school-grade in

adjacent years. Regarding gender composition effects, she finds that both male and female achieve

higher test scores in reading and math when there are more female in the class. Using data from

an introductory undergraduate management course, Hansen et al. (2006) find that male-dominated

groups tend to perform worse than female-dominated and equally mixed gender groups in several

outcomes. Relying on within school variations in the proportion of female students across adjacent

cohorts in Israeli schools, Lavy and Schlosser (2011) show that a higher proportion of female peers

has a positive and significant effect on academic achievements, with similar magnitude for both

genders. They also find a positive and significant effect of female share on high school math and

science classes enrollment rates for boys, while a smaller and less significant effect for girls. Han

and Li (2009) use a randomized experiment data from a Chinese college and find that only female

students respond to their roommates’ influences. On the other hand, Whitmore (2005) exploits a

randomized experiment data from Tennessee’s Project STAR, and finds mixed results for the ef-

fects of female proportion. Christofides et al. (2011) show that having controlled for other more

precise peer variables and individual characteristics, the effect of female proportion in high school

is insignificant for either gender. Regarding endogenous gender peer effects, Soetevent and Koore-

man (2007) find that within-gender effects are significantly stronger than cross-gender interactions

for student truancy, after controlling for school fixed effects. Using a similar school fixed effect

strategy, Clark and Lohéac (2007) find that young males are more influential than young females,

but both young men and women are just as influenceable for several risky behaviors. Relying on

both school fixed effects and instrument variable strategies, Trogdon et al. (2008) show that fe-

males are more responsive to peer BMI and overweight status than males, but no evidence that

intra-gender effects are stronger. Using the same technique as Soetevent and Kooreman (2007),

Kooreman (2007) finds that within-gender interactions are larger than cross-gender interactions for

several outcomes, and that the effect of girls on boys is generally larger than that of boys on girls.

But cross-gender interactions are found to be stronger than within-gender interactions for alcohol

expenditures. The results in Nakajima (2007) indicate that peer interactions are stronger within

than across genders on students’ smoking behaviors.

A few studies have examined racial group based peer effects. The results in Hoxby (2000) show
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that intra-race effects are stronger than inter-race effects and that all students perform worse with a

large black share in the group. Using an approach similar to Hoxby (2000), Hanushek et al. (2009)

study the effects of racial shares in school on students’ academic achievement and find that a

higher percentage of black schoolmates negatively affects mathematics achievement of blacks,

while the effect on whites is insignificant. Angrist and Lang (2004) investigate the impacts of the

Metco — Massachusetts voluntary interdistrict integration program — on students in the receiving

districts. They find that blacks in the receiving district are more affected by the influx of lower-

achieving blacks brought by the Metco program, while white students in the receiving district

are unaffected. Several other studies, including Boozer, Krueger and Wolkon (1992), Grogger

(1996), Hanushek and Raymond (2005), and Nathan (2008), also find evidence for the effects of

school racial composition on academic and other outcomes. Meanwhile, Rivkin (2000) shows that

exposure to whites does not appear to increase academic attainment or earnings for blacks. Cook

and Evans (2000) find no evidence that racial concentration affects the black-white difference

in National Assessment of Educational Progress scores. With regard to endogenous racial peer

effects, Nakajima (2007) finds that within-race peer effects are generally positive and significant,

and that peer effects between white and black students are insignificant in smoking decisions, after

controlling for county fixed effects.

To the best of our knowledge, the only study that explores both contextual effects of racial

composition and contemporaneous spillovers from peers of different races is Fruehwirth (2013).

She examines classroom racial effects in North Carolina public elementary school students by gen-

eralizing the conventional linear-in-means model to incorporate the contemporaneous achievement

spillovers from the classmates, i.e., the average achievements of white and non-white classmates,

as well as the racial composition, i.e., the proportions of white and non-white students in the

class. The identification is achieved by an exclusion restriction generated by a student account-

ability policy, which is similar to the difference in difference strategy.6 Her results indicate a lack

of cross-racial behavioral spillovers: white students receive positive achievement spillovers only

from their white classmates and non-white students receive positive spillovers from their non-white

peers only. For contextual peer effects, she find that a higher proportion of non-white classmates

6As mentioned in that paper, “peer effects are identified by comparing classrooms with similar compositions of

low-achievers (those potentially affected by the policy) pre- and post-accountability.”
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negatively affects the performance of both whites and no-whites. However, the author does not ex-

plicitly study the effects of and on the blacks, neither does she study peer effects along the gender

dimension. In addition, due to data availability, peers are defined at the classroom level, instead

of the more relevant level of friendship networks.7 More importantly, the possible endogenous

formation of peer groups is not fully modeled.

3 Our Approach

In this paper we employ a high order SAR model with both endogenous and contextual effects,

as well as endogenous network group formation, to study heterogenous peer effects along the

lines of gender and race. Compared to previous applications of SAR models in Lee et al. (2010),

Lin (2010), Hsieh and Lee (2013), and others, where only a homogenous endogenous effect is

studied, we consider a specification of multiple spatial weighting matrices in the SAR model to

capture influences from friends with different characteristics and therefore turn the single order

SAR model to a high order one. Furthermore, our structural model system captures endogenous

network formation and peer influences simultaneously.

3.1 The High Order SAR Model

We consider an environment where individuals are placed in groups such as schools, g = 1, · · · ,G.

Two types of outcome variables of individual i in group g are observed: one is a continuous variable

yi,cg, such as a student’s academic performance measured by GPA and the other is a Tobit-type vari-

able yi,tg with left censoring at zero, such as a student’s smoking frequency. The mg-dimensional

vectors Ycg = (y1,cg,y2,cg, · · · ,ymg,cg)
′ and Ytg = (y1,tg,y2,tg, · · · ,ymg,tg)

′ summarize the outcome

variables of mg individuals in group g. Let xi,g be a k-dimensional row vector containing indi-

vidual i’s exogenous characteristics and the mg× k dimensional matrix Xg be a collection of such

vectors in group g. The friendship network of individuals in group g is represented by a mg×mg

spatial weighting matrix (adjacency matrix; sociomatrix) Wg. Each entry of Wg, wi j,g, is a dichoto-

mous indicator which equals one if individual i sends a friendship nomination to individual j and

7As demonstrated in many studies, such as Bramoullé et al. (2009), Calvó-Armengol et al. (2009), Haynie (2001,

2002), and Lin (2010), adolescents are significantly influenced by their friends in a variety of outcomes.
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zero, otherwise. The nomination is directed without guaranteed reciprocality.

To distinguish heterogeneous peer effects, we divide friends of different characteristics, e.g.,

gender and race, into several subgroups. For example, friends of an individual can be divided into

two subgroups based on gender – one for female friends and the other for male friends. Under

the SAR model setting, given p̄ subgroups in group g, the spatial weighting matrix Wg can be

divided into p̄× p̄ blocks, {W pq
g }p̄

p,q=1 = (W 11
g ,W 12

g , · · · ,W p̄ p̄
g ), where W pq

g is the matrix of links

between subgroups p and q in group g.8 By assigning different coefficients to represent different

peer influences within and across blocks, the SAR model can be specified as

Ycg = W̃g(λc)Ycg +Xgβ1c +W̃gXgβ2c + lgαcg + εcg, εcg ∼ i.i.d.Nmg(0,σ
2
εc

Img), g = 1, · · · ,G,

(1)

where

W̃g(λc) =


λ11,cW̃ 11

g · · · λ1p̄,cW̃
1p̄
g

... . . . ...

λ p̄1,cW̃
p̄1

g · · · λ p̄p̄,cW̃
p̄ p̄

g


with W̃ pq

g represents the normalized W pq
g by the row-sum; lg is the mg-dimensional vector of ones;

Nmg represents a multivariate normal distribution of dimension mg and Img is the identity matrix of

dimension mg.

In Eq. (1), λpp, p = 1, · · · , p̄, on the diagonal of W̃g(λc) represent peer effects within the same

subgroups and other λpq, p 6= q represent peer effects across subgroups. Alternatively, Eq. (1) can

be rewritten as:

Ycg = λ11,cW̃11,gYcg + · · ·+λp̄ p̄,cW̃p̄ p̄,gYcg +Xgβ1c +W̃gXgβ2c + lgαcg + εcg, g = 1, · · · ,G, (2)

where W̃pq,g is a mg×mg matrix with the corresponding (p,q)th block equal to W pq
g and 0 else-

where. The terms {W̃pq,gYcg}p̄
p,q=1 capture the contemporaneous outcomes of peers and the co-

efficients {λpq,c}p̄
p,q=1 represent the heterogeneous peer (endogenous) effects. The terms Xg and

W̃gXg and their coefficients capture the own and contextual effects from exogenous characteristics.

8Before we can divide the spatial weighting matrix Wg into p̄× p̄ blocks, we should first reorder individual obser-

vations in Yg, Xg, as well as Wg based on individual’s characteristic.
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We can incorporate heterogenous contextual effects in Eq. (2) similarly.9 The term αcg represents

the group fixed effect, which captures the effects of the environmental unobservables (correlated

effects) shared by all individuals in the same group, e.g., teacher quality, campus facility, etc. in a

school setting.

For Tobit-type outcome variables Ytg, we can specify a high order SAR model for the vector of

latent outcomes Ÿtg as follows:

Ytg(Wg) = max
(
0,Ÿtg

)
Ÿtg = λ11,tW̃11,gYtg + · · ·+λ p̄ p̄,tW̃p̄ p̄,gYtg +Xgβ1t +W̃gXgβ2t + lgαtg + εtg, g = 1, · · · ,G.

(3)

We use observed outcomes Ytg instead of latent outcomes Ÿtg on the right hand side of Eq. (3) to

capture peer effects, which implies that individuals only receive peer influences from their friends

with y j,tg > 0 but not from their friends with y j,tg = 0.

The high order SAR models (without endogenous peer group formation) have been specified

in several studies and estimated by the maximum likelihood (ML) method (Blommestein 1983,

1985), the general two-stage least square (G2SLS) method (Anselin and Bera 1998), or the general

method of moments (GMM) approach (Lee and Liu 2010). In this paper we demonstrate that the

Bayesian method has unique advantage over the traditional methods in estimating the high order

SAR model, especially when endogenous network group formation is taken into account.

3.2 Endogenous Network Formation

The advantage of using SAR models for studying social interactions is that one can prevent the

“reflection problem” inherited in the linear-in-means models. The identification of endogenous ef-

fects in the SAR model comes from the fact that friends of individuals are not perfectly overlapped.

Hence, variations on exogenous characteristics of friends’ friends will be valid instruments for en-

dogenous effects. However, the concern of the SAR model in studying interactions is the possible

endogenous friendship formation. If friendship formation and outcome variables are influenced by

common unobserved factors which are not controlled for in the model, the estimates of peer effects

9However, to better focus on endogenous effect, as well as to keep the model parsimonious, we do not consider

heterogenous contextual effects in this paper.
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could be biased. For instance, students’ ability level may affect not only their learning outcomes,

but also their friendship choices, i.e., high ability students may choose to associate with other high

ability students. The estimated peer effects on academic outcomes would be upward biased if

ability is not taken into account.

To deal with the endogeneity problem, Hsieh and Lee (2013) propose a structural approach to

simultaneously model the network formation and social interactions. They specify latent variables

in both network formation and selection-corrected SAR (SCSAR) models to capture unobserved

factors such as ability, taste, and others which may affect both friendship formation and outcomes.

As the number of underlying unobserved factors is unknown, Hsieh and Lee (2013) specify latent

variables in multiple dimensions. In both of their simulation and empirical studies, they show

that once enough dimensions of latent variables are controlled for, the endogeneity bias on the

estimated peer effect caused by friendship selection can be corrected.10 In this paper, we extend

the single order SCSAR model to a higher order one:

Ycg = λ11,cW̃11,gYcg + · · ·+λ p̄p̄,cW̃p̄ p̄,gYcg +Xgβ1c +W̃gXgβ2c +Zgρ + lgαcg +ucg, (4)

where Zg = (z1,g, · · · ,zmg,g)
′ represents unobservables which are correlated with Wg and ucg =

εcg−Zgρ is assumed from i.i.d. Nmg(0,σ
2
u Img) for g = 1, · · · ,G. The term Zgρ in Eq. (4) serves as

a control function to deal with the endogeneity of Wg.11 All regressors in Eq. (4) are uncorrelated

with ucg and thus the problem of endogenous bias dissolve.

To explicitly model the relationship between Zg and Wg, Hsieh and Lee (2013) consider a

network formation model, where the distances of individual unobservables zi,g’s (in a dimension

d̄) are used to explain homophily of unobserables on each friendship link decision. This network

10In an independent study done by Goldsmith-Pinkham and Imbens (2013), they also propose to use the latent vari-

able to control unobserved individual heterogeneity in both the network formation and interaction models. However,

the latent variable considered in their approach is binary and only has one dimension. Maybe due to this imprac-

tical specification, they did not find any evidence of bias correction resulted from their approach in the empirical

application.
11See discussions of the control function approach in Navarro (2008) and Wooldridge (2010).
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formation model is specified as:

P(wi j,g|ci j,g,zi,g,z j,g) =
exp(ψi j,gwi j,g)

1+ exp(ψi j,g)
,

ψi j,g = ci j,gγ +δ1|zi1,g− z j1,g|+ · · ·+δd|zid̄,g− z jd̄,g|. (5)

In Eq. (5), ci j,g represents a q̄× 1 vector of observed dyad-specific variables, which captures the

distances of observed characteristics, such as age, gender and race, between individuals i and j. By

conditioning on observed variables Cg = {ci j,g|i, j ∈ group g} and unobserved variables Zg, each

network link decision is assumed to be independent and thus for the whole network, we have:

P(Wg|Cg,Zg) =
mg

∏
i

mg

∏
j 6=i

P(wi j,g|ci j,g,zi,g,z j,g). (6)

The high order SCSAR model in Eq. (4) and the network model in Eqs. (5) and (6) form a system

to study social interaction effects, which captures the possible selection in friendship formation

and changes in outcomes due to unobservables. The joint probability of Ycg and Wg is

P(Ycg,Wg|Xg,Cg,θc,αcg) =
∫

Zg

P(Ycg|Wg,Xg,Zg,θc,αcg) ·P(Wg|Cg,Zg,θc) · f (Zg)dZg, (7)

where θc = (γ ′,δ ′,λ ′c,β
′
1c,β

′
2c,σ

2
u ,ρ

′).12

As mentioned, the way the SCSAR model corrects for the endogeneity problem is in line with

the control function approach, or the Heckman (1979) selection model in some aspects. It is known

that the identification of the Heckman selection model relies on the joint normality between error

terms and the exclusion restriction on exogenous variables, therefore, we would like to discuss the

role of these two identification conditions in our system of network formation and SCSAR models.

First, in order to decompose εcg in Eq.(2) into Zgρ +ucg in Eq. (4), we may either assume (i) there

is a joint normality between latent variables zi,g and the error term εi,cg, or (ii) the conditional ex-

pectation of εi,cg given zi,g is linear, and zi,g is from a known distribution. The second assumption is

weaker and suggested by Olsen (1980). Both assumptions feature the use of parametric estimation

approach based on full information likelihood. In this paper we adopt the second assumption and

assume the distribution of zi,g is normal. Second, although we use the full information likelihood

to estimate the SCSAR model, which is different from the inverse Mills ratio used by Heckman,13

12Replacing Ycg by Ytg in Eq. (7), we can get the probability specification for Tobit-type variables.
13The inverse Mills ratio is quasi-linear over a wide range of its arguments. Therefore, the set excluded variables (ex-

cluded from the main equation) is necessary for achieving identification of the inverse Mills ratio.
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the exclusion restriction would still help us to identify the model. It worths noticing that in our

system there are natural exclusion restrictions (Some exogenous variables used in the network for-

mation model are dyad-specific, which are naturally excluded from the SCSAR model). To provide

more details about the identification of parameters in the model, we demonstrate a semiparametric

identification strategy in Appendix A.

3.3 Bayesian Estimation

We estimate the high order SCSAR and the network models by the Bayesian method. The effec-

tiveness of the Bayesian method in handling estimation of models with random effects or latent

variables is demonstrated in Zeger and Karim (1991), Chib and Carlin (1999), and others. The pro-

cedure of Bayesian estimation is to specify first the prior distributions of the unknown parameters

and the unobservables in the models, such as unobserved characteristics {Zg}, and groups fixed

effects {αg}, according to the prior information. Then, given the prior distributions and the likeli-

hood functions of the models, we can derive the posterior distributions of the parameters and use

the MCMC sampling to simulate random draws from them to obtain the parameter estimates. Note

that during the posterior simulation, the unobservables of the models, such as unobserved charac-

teristics {Zg}G
g=1, groups fixed effects {αg}G

g=1, and latent variables {Ÿtg}G
g=1 for the Tobit case, are

simulated from their conditional posterior distributions and are used as augments in the conditional

posterior distributions of the model parameters to simplify or facilitate their sampling (Albert and

Chib 1993, Handcock et al. 2007). Details about the prior specifications and the derivation of the

posterior distributions are provided in Appendix B.

One question remains unanswered is how to choose the dimension of unobservables in the net-

work formation as well as SCSAR models. The optimal dimension should be determined during

the estimation procedure by appropriate model assessment tools. The standard model assessment

tool under the Bayesian framework is the Bayes factor, which is the ratio of marginal likelihoods

of two competing models. In practice, researchers usually use the MCMC methods to simulate

the marginal likelihood of the model (Chib 1995, and Chib and Jeliazkov 2001). However, when

random effects or latent variables are involved in the models like our SCSAR and network models,

using the MCMC method to calculate the model marginal likelihood would be difficult. There-
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fore, we evaluate SCSAR models with unobservables of different dimensions using the measure of

AICM (Akaike’s information criterion - Monte Carlo) proposed by Raftery et al. (2007). AICM is

an estimate of the conventional AIC, which is not directly obtained from the posterior simulation

as the maximum loglikelihood value may not be available. Given an appropriate assumption on

the distribution of the loglikelihoods from each posterior draws, we can obtain an estimate of AIC

as well as its standard error. Similar to the case of conventional AIC, the model with the highest

AICM value is the desired model. The assumptions on the distribution of the loglikelihoods and

derivation of the AICM are provided in Appendix C.

4 Data Summary

We employ data from Add Health, a nationally representative survey of adolescents enrolled in

grades 7-12 from 132 schools. Add Health provides information regarding respondents’ demo-

graphic backgrounds, academic performances, health related behaviors, as well as the most valu-

able information on their friendship networks. Four waves of surveys were conducted from 1994

to 2008. In the Wave I in-school survey, a total 90,118 students were interviewed and each respon-

dent was asked to nominate up to five male and five female friends. We use such information to

construct students’ friendship networks.

From 132 schools, we pick 14 high schools with students in in grades 9-12 as our sample.14

Each school is a network group in our analysis. There are 2,841 (3,369) respondents in the sample

of GPA (smoking).15 The dependent variables of GPA are constructed as the average grades of 4

subjects: English/Language Arts, Mathematics, History/Social Studies and Science. The depen-

dent variables of smoking are obtained from the survey questions: “During the past twelve months,

how often did you smoke cigarettes?”. We transform the responses of the students to a monthly

basis to obtain the Tobit variable of smoking frequency.16 We follow Lin (2010) to define the

independent variables used in the model. From Table 1, we can observe that female students have

slightly higher GPAs and smoking frequencies than males students. Among the three racial groups

14We choose these schools solely based on their sizes – the sizes of their grade 9-12 students range from 100 to 400.
15We remove missing observations on dependent variables from the sample and hence there is a subtle difference

between the sample size for GPA and smoking.
16For example, if a student chooses an answer, “once or twice a week”, then we code the variable by 1.5×4 = 6.
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of white, black and other, white students show the highest GPA, as well as the highest smoking

frequency, while those of blacks students are the lowest among the three groups. In particular, an

average white student smokes 5.286 times per month, while an average black student only smokes

1.84 times per month. For own characteristics, the samples of GPA and smoking show similar

patterns thus we focus our discussions on the sample of GPA. About half of the sample are male,

and the average age of the whole sample is 15.5. In terms of racial composition, 56% of the sample

are white, 31.3% are black, 2.1% are Asian, 5.7% are Hispanic, and 4.9% are of other races. More

than 70% of the students live with both parents. About 34.1% of the students have mothers with

high school education, 40.7% of the sample have mothers with more than high school education,

and 10.1% have mothers with education level less than high school. For mother’s occupations,

26.8% of the mothers work at professional jobs, 21.7% of the mothers stay at home, while 34.6%

of them work at other jobs. And 1.1% of the mothers receive welfare assistance.

We summarize the average number of nominated friends within and across gender and racial

subgroups in Tables 2 and 3. Table 2 shows that on average female and male students nominate

similar number of friends. Students have higher tendency to nominate friendships within the same

gender. Table 3 shows that on average white students nominate more friends than non-white stu-

dents. For both whites and blacks, cross-race friendship nominations are much less frequent than

intra-race nominations. In contrast, students from other racial groups are mostly likely to nom-

inates whites as friends. A general pattern exhibited in Tables 2 and 3 is that the majority of

friendship nominations are formed among people who shares similar characteristics, which points

to the importance of controlling for homophily on observed characteristics such as gender and race

in the network formation model.

5 Empirical Results

The empirical results for gender and racial peer effects for both GPA and smoking are presented

in Tables 4 to 11. For each case, we compare several models without endogenous network for-

mation, Models (1)-(4), with those explicitly model the endogenous network formation process,

Models (5)-(8). In particular, for the models without endogenous network formation, we consider

the model consists of endogenous social effects only, the model with contextual social effects only,
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as well as the model includes both social effects, with and without group fixed effects. To cap-

ture the endogenous network formation, all network models we consider control for homophily

on observed characteristics such as grade, sex and race, as well as unobservable in various dimen-

sions. Specifically, we start from the joint modeling of the SCSAR and the network models with

unobservable in one dimension, and then continuously increase the dimension to control for more

unobservables, until the estimated peer effect parameters become relatively stable, and the corre-

sponding highest AICM is reached. Then, we can be assured that most significant unobservables

affecting both endogenous network formation and outcomes have been effectively controlled for.

5.1 Gender Peer Effects

5.1.1 GPA

From Table 4, we can see that the model with either endogenous effect only, Model (1), or contex-

tual effect only, Model (2), gives very different results than the models with both effects, Models

(3) and (4). Both endogenous and contextual effects are shown to be significant in students’ aca-

demic performance. In addition, several estimated endogenous effects become smaller as the group

fixed effects are introduced, indicating the effectiveness of the fixed effect strategy in reducing the

contamination bias caused by the unobserved factors facing the group members.

Table 5 shows that several endogenous effect parameters in the SCSAR models drop signifi-

cantly as more unobservables are controlled for, implying that network formation is endogenous

and peer effects estimation would be biased if this feature is not accounted for. In particular, the

peer effect parameters slightly drop as one-dimensional unobservable is introduced in Model (5).

Although the estimated parameters do not change a lot when the dimension of unobservable is in-

creased to two in Model (6), the substantial increase in the AICM value, compared to its standard

error, indicates the great improvement of Model (6). As additional dimension of unobservable is

controlled for in Model (7), we can see that some estimated parameters substantially dropped. In

particular, the estimated contemporaneous achievement spillovers from same gender friends de-

creases from 0.136 to 0.109 for females, a significant drop of 25%, and decreases from 0.101 to

0.077 for males, a substantial drop of 31%. Finally, an increase in the dimension of unobservable

to four in Model (8) only slightly affects the estimated endogenous effects, yet it causes a drop

16



in the AICM value. Therefore, we take Model (7), which not only includes both endogenous and

contextual social effects, and group fixed effects, but also controls for endogenous network forma-

tions in terms of observed characteristics of grade, sex and race, as well as unobservable in three

dimensions, as our desired model.

For endogenous social effects, an immediate message from Model (7) is that same gender

friends generate stronger effects than cross-gender friends, especially for female. In particular, the

estimated achievement spillover effect from female friends on females, λ f f , is 0.109 and signif-

icant at the 1% level, whereas the effect of male friends is not significant.17 For male students,

the achievement spillover effect from male friends is 0.077, and the estimated effect from female

friends, λm f , is 0.067, both significant at the 1% level, with same gender spillover effect greater

than cross-gender effect by 15%. Compared to previous studies which also find stronger effects

from same gender friends, such as Kooreman (2007), Nakajima (2007), and Soetevent and Koore-

man (2007), and those studies which find that females are more sensitive to peer influences, e.g.,

Trogdon et al. (2008), our results provide more details regarding the mechanism of gender peer

effect. Specifically, the peer influences on females are solely generated by their female friends.

And compared to males, females receive larger spillover effect from their same gender friends, and

they are more influential across gender as they generate larger and significant effect on their male

friends. For contextual effects, we find that having older friends, having friends whose mothers

achieve less than high school education, or having friends with mothers receive welfare, gener-

ate negative effects on a student’s GPA, with estimated coefficients of -0.024, -0.173 (5% level),

and -0.504 (5% level), respectively. Contrary to several existing studies which find that the pro-

portion of females or blacks generates significant effects on an individual’s outcomes, such as

Fruehwirth (2013), Hanushek et al. (2009), Hoxby (2000), Hansen et al. (2006), and Lavy and

Schlosser (2011), we find that neither gender nor racial composition of friends generates signifi-

cant contextual effects on GPA.18 For own characteristics, most variables have the expected signs.

Specifically, male students tend to perform worse than females, and black students tend to score

17The indication of the significance level is based on frequentist’s approach. It provides a familiar and intuitive

interpretation of our results from Bayesian estimation.
18Note that for most of the studies aforementioned, endogenous effect is not included in the model. And for

Fruehwirth (2013) which includes both endogenous and contextual effects, the endogenous network formation is

not fully modeled.
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less than whites (10% level). Students who live with both parents, whose mothers have more than

high school education, whose mothers work at professional jobs (10% level) tend to perform better.

The parameters from the network formation model show that homophily in terms of observed

and unobserved factors are both important for friendship formation. For observed factors, the ef-

fects of grade, gender, and race are all significant, with grade effect being the strongest, followed

by race and then gender effects. For unobserved factors, all coefficients of distances between unob-

served characteristics are negative and significant, implying that the larger the difference between

students in terms of unobserved characteristics, the less likely they become friends. Note that not

all unobserved factors in the network model contribute to the correction of selection bias in the SC-

SAR model. For example, the unobserved taste of music may affect students’ friendship decisions,

while it may not directly affect students’ academic outcomes.

5.1.2 Smoking

For smoking, Table 6 shows that Models (1) through (4) generate different estimates, although

the distinctions are not as striking as the case of GPA. The group fixed effects slightly reduce the

estimated endogenous effects from Model (3) to (4). For the models with endogenous network

formation, Table 7 shows that controlling for unobservables does not appear to affect the estimated

results of SCSAR models, as evidenced by the small changes in the estimated parameters in Models

(5)-(8). We choose Model (7) as our desired model based on the AICM value.

The results in Model (7) show that all four endogenous spillover effects are significant at the

1% level and consistent with the results for GPA, peer influences are stronger intra-gender than

inter-gender, and females are more subject to peer effects than males. In particular, for female stu-

dents, the endogenous effect from female friends is 0.477, which is more than doubled that from

male friends, 0.198. For male students, the endogenous effect of same gender friends is 0.318,

whereas that of female friends is 0.231, with the former greater than the latter by 38%. Again,

females appear to be more influential across gender, with the cross-gender peer effect generated

by females larger than that of males by 17%. For contextual effects, friends’ age and race turned

out to be important. Specifically, having older friends or Asian friends (5% level) significantly

decreases smoking frequency of an individual, while having friends of other race increases smok-

ing frequency (10% level). For own characteristics, older students and students of other race (5%
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level) tend to smoke more, while black students tend to smoke less. Students living with both par-

ents smoke less, whereas students whose mothers have less than high school education (5% level)

or whose mothers receive welfare (5% level) smoke more. Results from the network formation

model indicate that, similar to the GPA case, homophily in terms of both observed factors such as

grade, race and gender, and unobserved characteristics are significant determinants of friendship

formation.

5.2 Racial Peer Effects

5.2.1 GPA

For racial peer effects, nine endogenous effect parameters are specified to capture the within and

across racial contemporaneous spillover effects among three groups: white, black and other racial

groups. Table 8 shows that for models without endogenous network formation, different model

specification gives rise to different estimation results and it is important to include both endogenous

and contextual effects, as well as group fixed effect in the model. Similar to the case of gender peer

effect for GPA, we can see from Table 9 that controlling for unobservables substantially affect the

estimated parameters. The estimated peer effects steadily drop as we increase the dimension of the

unobservable from one to two, and the fit of the model improves greatly as demonstrated by the

increase in the AICM value. As we continue to increase the dimension to three in Model (7), we

can see a significant drop in the estimated parameters, e.g., λww, which captures the endogenous

spillover effect of white friends on white students, changes from 0.243 to 0.194, a 25% decrease.

The AICM value indicates that Model (7) is the desired model.

The results in Model (7) show that white students are most sensitive to peer influences and at

the same time, most influential among the three racial groups. In particular, for white students,

the endogenous effect generated by their white friends, λww, is 0.194, and by their friends from

other racial groups, λwo, is -0.033 (5% level). Besides generating a large intra-race spillover effect,

white students also produce a significant endogenous spillover effect on their black friends, with a

coefficient of 0.098, as well as an endogenous effect of size 0.139 (5% level) on their friends from

other racial groups. For black students, they also receive a marginally significant spillover effect

from their same race friends, with an estimated parameter of 0.079 (10% level), which is slightly
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less than the spillover effect they receive from their white friends, 0.098. On the other hand, black

students appear to be the least influential group across race, as they do not generate any significant

endogenous effect on their non-black friends. And students from other racial groups appear to

interact only with their white friends; they receive an estimated endogenous effect of 0.139 (5%

level) from their white friends and produce a negative spillover effect on them. Previous studies,

such as Fruehwirth (2013) and Nakajima (2007), can only provide general evidence for strong and

significant within-race spillover effects, and insignificant cross-race peer spillover effects.19 In

contrast, our results shed light on the underlying mechanism of racial peer effects. It is worth noting

that within-race spillover effects are stronger than inter-race effects for whites, but not for either

blacks or students of other racial groups, who receive larger inter-race social interaction effects

from their white friends than intra-race interaction effects. In terms of contextual effects, many

variables are significant. Specifically, having older friends has a negative effect on GPA, while

having friends who are black (5% level), Asian, Hispanic, or of other race has a positive effect.

Regarding family background, having friends whose mothers have an education level less than

high school (5% level), or whose mothers receive welfare has a negative effect on GPA. For own

characteristics, male and black (5% level) students perform worse, while Asian students perform

better (10% level). Also students who live both parents, whose mothers with more than high school

education, or whose mothers work at professional jobs (10% level) tend to do better in school.

Again, the estimates from the network formation model confirms the relevance of homophily on

grade, race, gender, as well as unobservables in friendship formation.

5.2.2 Smoking

From Table 10, we can see that Models (1)-(4) give different estimation and the necessity to control

for both endogenous and contextual effects, as well as group fixed effect. As in the case of gender

peer effect in smoking, Table 11 shows that the estimated peer effect parameters are relatively

stable as we increase the dimension of unobservable for endogenous network formation in Models

(5)-(8). The AICM value indicates that Model (7) is the desired model.
19Note that in Nakajima (2007), only endogenous but not contextual peer effects are included in the model. And in

Fruehwirth (2013), the racial groups are divided into two broad groups of white and non-white only. In addition, as

mentioned above, the endogenous group formation is not modeled.
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Similar to the case of GPA, whites appear to be the racial group who are most subject to the

influences of peers and most influential. Specifically, the estimated λww and λwo are 0.511 and

0.127, respectively, with intra-race spillover effect more than four times the magnitude of inter-

race effect. In addition, white students generate large effects of 0.382 on their black friends, and

of 0.370 on their friends of other racial groups. Interestingly, for students of other racial groups,

the inter-race spillover effect generated by their white friends, λow, is slightly larger than the intra-

race spillover effect, which is 0.321. Again, blacks appear to be the least influential group as they

do not generate any significant spillover effect on their friends, even within race. The only social

interaction pattern exhibited by black students is that they receive a significant spillover effect from

their white friends. For contextual effect, the results show that having younger or Asian friends

helps significantly reduce smoking frequency. For own characteristics, older students or students

of other race (5% level) tend to smoke more, black students tend to smoke less. Students who live

with both parents tend to smoke less, whereas students whose mothers have less than high school

education (10% level), or whose mothers receive welfare (5% level) tend to smoke more. And

similar pattern for friendship formation is exhibited in the network formation model here.

6 Conclusions

Study of gender and racial peer effects provides insights on the underlying mechanisms of social

interactions and sheds light on several policy relevant debates, including those regarding the ben-

efits of single-sex versus coeducational schooling, as well as those on school segregation versus

desegregation. However, due to the “reflection problem”, most existing studies on gender or racial

peer effects have focused on contextual effects, i.e., the effects of gender or racial composition, in

particular, female or black proportion, in a group on various outcomes. And endogenous spillover

effects have only been examined in several recent papers. The only study that explores both con-

textual effects of racial composition and contemporaneous achievement spillovers from peers of

different races is Fruehwirth (2013). However, possible endogenous formation of peer groups is

not fully modeled in that paper.

In this study, we extend the singe order SAR model to higher orders to simultaneously model

heterogeneous peer effects from multiple gender and racial groups, and endogenous group for-
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mation. We identify not only the effects of gender and racial composition on students’ academic

achievement and smoking behaviors, but also the contemporaneous spillover effects from the out-

comes of peers from difference gender and racial groups. We specify four spatial weighting matri-

ces to capture the contemporaneous spillover effects within and across gender, and nine weighting

matrices to capture racial behavior spillover effects.

The results indicate that both endogenous and contextual social effects exist in GPA and smok-

ing, and failing to control for endogenous group formation could seriously bias the estimation

results, especially for GPA. Specifically, for endogenous spillover effects along the line of gender,

we find that within-gender interaction effects are stronger than cross-gender effects, and compared

to males, females are subject to larger within-gender spillover effect and are more influential across

gender as they generate larger effect on their male friends. In terms of racial spillover effects, our

findings indicate that whites are the racial group who are most sensitive to contemporaneous peer

influences and most influential compared to black students and students from other racial groups.

Furthermore, for white students, within-race spillover effects are stronger than inter-race effects.

While for blacks and students of other racial groups, the inter-race social interaction effects gen-

erated by their white friends appear to be slightly stronger than intra-race interaction effects. In

addition, black students appear to be the least influential group across race, as they do not generate

any significant endogenous effect on their non-black friends. An important policy implication is

that policy intervention targeting at female and/or white students will produce exceptionally large

effect due to two complimentary mechanisms. One is direct effect, female and/or white students

will generate substantial spillover effects on their friends due to their influential status. The other

is indirect effect, the direct effect produced by the intervention will be amplified through the feed-

back effect generated by their friends, as female and/or white students are most responsive to the

influences of peers. For contextual effects, we find that peers’ age, race and family background

such as mother’s education and mother’s occupation, could generate significant effect on students’

GPA and smoking behaviors. Contrary to the findings of several previous studies, we do not find

evidence that gender composition of peers significantly affect outcomes such as GPA and smoking.

The parameters from the network formation model show that homophily in terms of both observed

factors such as grade, race and gender, as well as unobserved characteristics are important for

friendship formation.
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Appendix A – Identification of the system of network formation and SCSAR
models

Our identification strategy is to first provide a heuristic argument on showing that the network

formation model is semiparametrically identified, i.e., parameters in the deterministic components

as well as distributions of disturbances (including unobservables Zg and the pure disturbance) are

identified. Then, given the identified distributions of disturbances (i.e., can be estimated from the

data), we discuss the identification constraints required for the parameters specified for unobsev-

ables Zg.

Our network model, which is similar to a standard dichotomous choice model, can be moti-

vated from the behavior of utility maximization. For each individual i, he/she chooses wi j,g = 1

if vi j,g(wi j,g = 1)− vi j,g(wi j,g = 0) > 0 and wi j,g = 0 otherwise, where vi j,g stands for i’s utility

function from the link i j. We can express the above utility difference as

vi j,g(wi j,g = 1)− vi j,g(wi j,g = 0) = µi j,g(Cg,γ)+ξi j,g(Zg,δ ), (8)

where the deterministic component µi j,g(Cg,γ) contains ci,gγ1 + c j,gγ2 + ci j,gγ3 for the observed

exogenous effect. The error component ξi j,g(Zg,δ ) contains δ1|zi1,g− z j1,g|+ · · ·+δd̄|zid̄,g− z jd̄,g|

for homophily on unobserved variables and ζi j,g for a pure i.i.d. disturbance.20 The dichotomous

choice model for the network implies the following single index equation,

E(wi j,g|Cg) = P(wi j,g = 1|Cg) = 1−Fξi j,g(−µi j,g), (9)

where Fξi j,g(·) is the unknown (nonparametric) distribution function of ξi j,g. The identification

results in Ichimura (1993) show that parameters in the linear index µi j,g are only identified up to

a scale and therefore a normalization on one parameter is needed. Also, to achieve identification

it requires the existence of at least one continuous exogenous regressor in µi j,g whose coefficient

is not zero.21 As the index function is identified, the distribution function Fξi j,g can be estimated

20When ζi j,g is treated as the difference of two extreme Type-I distributed disturbances, it results in the logit model

in Eq. (5).
21The continuous regressors requirement is for convenience purpose but not necessary. But with the presence of all

discrete regressors, some patterns of combinations of discrete values are needed for identification. With a parametric

function for ξi j,g, all of those are not needed in general.
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from the data by a nonparametric kernel regression with the index µi j,g as the regressor. Since the

disturbances are continuously distributed, by assuming that µi j,g can take on values which cover

the support of the probability density fξi j,g , fξi j,g and moments of ξi j,g are also estimable from the

data.

From central moments of ξi j,g, we can study the identification constraints required for the

coefficients of unobsevables Zg. We temporarily suppress the group subscript for simplicity. First

we consider a case where unobservables Z are in one dimension, i.e., ξi j(Z,δ ) = δ1|zi1−z j1|+ζi j.

The variance (second order central moment) of ξi j is equal to δ 2
1 Var(|zi1− z j1|)+σ2

ζ
, where σ2

ζ
is

the variance of ζi j and is normalized for the arbitrary scaling problem in discrete choice models.

Because Z is unobserved, in order to obtain δ1 alone, we normalize the variance of Z to one so

that Var(|z11− z21|) is a known value. This normalization is required for every dimension of Z we

consider.

Next we consider the case where unobservables Z are in two dimensions, i.e., ξi j(Z,δ ) =

δ1|zi1− z j1|+ δ2|zi2− z j2|+ ζi j. Note that under multiple dimensions, we need the independence

assumption between Z in different dimensions. Otherwise, unknown correlations between Z in

different dimensions will make identifying δd’s from central moments of ξi j impossible. The

variance of ξi j, with Z in two dimensions, is (δ 2
1 + δ 2

2 )Var(|zi1− z j1|)+σ2
ζ

. From it, We cannot

separately identify δ1 and δ2. Thus, we need to look for other identification conditions from higher

order central moments of ξi j. For example, in the third order central moment, we can obtain

(δ 3
1 + δ 3

2 )t +E[(ζi j−E(ζi j))
3], where t = E[(|zi1− z j1|−E(|zi1− z j1|))3]. In order to identify δ1

and δ2, we need to separate t from (δ 3
1 +δ 3

2 ), which requires t to be a known value. In other words,

unobservables Z need to be from a known distribution, e.g., normal distribution. Similarly, we need

to assume ζi j to be from a known distribution, e.g., logistic distribution for knowing the value of

E[(ζi j−E(ζi j))
3]. We can obtain other polynomial equations involving δ1 and δ2 from fourth and

higher order central moments of ξi j. Eventually, the system of these polynomial equations can be

used to solve values of δ1 and δ2. The only problem remained is that values of δ1 and δ2 can be

arbitrarily switched. To avoid this problem, we require |δ1| ≥ |δ2|. When Z has d̄ dimensions,

we will then require |δ1| ≥ |δ2| ≥ · · · ≥ |δd̄|. The implication of this constraint is that zi1 (zid̄)

represents the dimension of Z which has the greatest (smallest) influence on friendship formation.

Similarly, the identification of δd’s when Z are in three or higher dimensions can be retrieved from
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the second to higher order central moments of ξi j.

We next look at the outcome equation represented by the SCSAR model of Eq. (4). We first

use the difference approach to eliminate the group fixed effect in the SCSAR model. The variables

Yg, WgYg, Xg, WgXg, Zg, and ug are transformed to Y ∗g = TgYg, (WgYg)
∗ = Tg(WgYg), X∗g = TgXg,

(WgXg)
∗ = Tg(WgXg), Z∗g = TgZg, and u∗g = Tgug with a (mg−1)×mg matrix

Tg =


−1 1

−1 1

−1 1
. . . . . .

 .

After the transformation, we obtain

Y ∗g = λ (WgYg)
∗+X∗g β1 +(WgXg)

∗
β2 +Z∗gρ +u∗g, g = 1, · · · ,G. (10)

Next, taking an expectation of Eq. (10) conditional on Wg, we have

E(Y ∗g |Wg) = λE((WgYg)
∗|Wg)+E(X∗g |Wg)β1 +E((WgXg)

∗|Wg)β2 +E(Z∗g |Wg)ρ, (11)

for g= 1, · · · ,G. Note that, E(Y ∗g |Wg), E((WgYg)
∗|Wg), E(X∗g |Wg), E((WgXg)

∗|Wg), and E(Z∗g |Wg) in

Eq. (11) can be identified from the data. Especially, we can identify E(Z∗g |Wg)=
∫

z Z∗gP(Zg|Wg)dZg =∫
z Z∗g

P(Zg)P(Wg|Zg)
P(Wg)

dZg given that parameters in P(Wg|Zg) are identified (estimated) from the net-

work model. With a slight abuse on notations, we let E((WY )∗|W ), E(X∗|W ), E((WX)∗|W ) and

E(Z∗|W ) without the subscript g denote observations stacked across groups.

Let T = [E((WY )∗|W ), E(X∗|W ), E((WX)∗|W ), E(Z∗|W )], the condition that T′T has a full col-

umn rank will identify the parameters in Eq. (11). One more thing to note is that as P(Wg|Zg) is

the same for Zg and−Zg, plus P(Zg) is a symmetric distribution, we have E(Z∗g |Wg) = E(−Z∗g |Wg).

Therefore, for identification we need to normalize ρ to be positive.

Appendix B – Bayesian Estimation of the high order SCSAR model and the
network model

To estimate the high order SCSAR model for continuous variables, we follow closely to the

MCMC sampling procedure described in Hsieh and Lee (2013). One major difference is that
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candidate values of endogenous effect parameters are rejected during the Metropolis-Hastings step

if they violate the stationary condition required by the high order SCSAR model, i.e., |λ11,c|+ · · ·+

|λ p̄ p̄,c|< 1, as suggested by LeSage and Pace (2009).

The Tobit-type SCSAR model has not been studied in previous studies, thus we describe the

estimation procedure in details. First, we divide mg individuals in group g into two blocks, such

that the first mg1 individuals have yi,tg equals zero and the remaining individuals who are arranged

from mg1 +1 to mg have a positive yi,tg. Then, Eq. (3) can be conformably decomposed into Ÿtg1

Ytg2

= λ11,t

 W̃ 11
11,g W̃ 12

11,g

W̃ 21
11,g W̃ 22

11,g

 Ytg1

Ytg2

+ · · ·+λ p̄p̄,t

 W̃ 11
p̄ p̄,g W̃ 12

p̄ p̄,g

W̃ 21
p̄ p̄,g W̃ 22

p̄ p̄,g

 Ytg1

Ytg2


+

 X1g

X2g

β1t +

 W̃ 11
g W̃ 12

g

W̃ 21
g W̃ 22

g

 X1g

X2g

β2t +

 l1g

l2g

αtg +

 εtg1

εtg2

 ,

(12)

where Ytg2 > 0 and Ytg1 = 0 with the corresponding latent variables, Ÿtg1 ≤ 0. The joint probability

of Ytg and Wg is

P(Ytg,Wg|Xg,Cg,θt ,αtg)

=
∫

Zg

P(Ytg1 = 0,Ytg2|Wg,Xg,Zg,θt ,αtg) ·P(Wg|Cg,Zg,θt) · f (Zg) ·dZg

=
∫

Zg

(∫
Ÿtg1

I(Ytg1 = 0,Ÿtg1) ·P(Ÿtg1,Ytg2|Wg,Xg,Zg,θt ,αtg) ·dŸtg1

)
·P(Wg|Cg,Zg,θt) · f (Zg) ·dZg

=
∫

Zg

(∫ −Ag

−∞

∣∣∣Img−mg1−λ11,tW̃ 22
11,g−·· ·−λ p̄p̄,gW̃ 22

p̄ p̄,g

∣∣∣ · f (εtg1,εtg2|Wg,Xg,Zg,θt ,αtg) ·dεtg1

)
·

P(Wg|Cg,Zg,θt) · f (Zg) ·dZg, (13)

where θt = (γ ′,δ ′,λ ′t ,β
′
1t ,β

′
2t ,σ

2
u ,ρ

′); I(Ytg1 = 0,Ÿtg1) is a dichotomous indicator which equals 1

when Ÿtg1 is negative, and 0, otherwise; and

Ag =
(

λ11,tW̃ 22
11,gYtg2 + · · ·+λ p̄ p̄,tW̃ 22

p̄ p̄,gYtg2 +X1gβ1t +(W̃ 11
g X1g +W̃ 12

g X2g)β2t + l1gαtg

)
.

We specify the prior distributions of θt , unobserved characteristics {zi,g}, and group effects
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{αtg} as follows:

zi,g ∼Nd̄(0, Id̄), i = 1, · · · ,mg; g = 1, · · · ,G, (14)

φ = (γ ′,δ ′)∼T N q̄+d̄(φ0,Φ0), (15)

λpq,t ∼U [−τ,τ], p,q = 1, · · · , p̄, (16)

βt = (β ′1t ,β
′
2t)∼N2k(β0,B0), (17)

σ
2
u ∼I G (

κ0

2
,
ν0

2
), (18)

ρ ∼T N d̄(ρ0,ρ0), (19)

αtg ∼N (α0,A0), g = 1, · · · ,G, (20)

where T N represents a truncated normal distribution and I G represents an inverse Gamma dis-

tribution. The coefficients γ and δ in the function ψi j,g of Eq. (5) are grouped into φ with the

truncated normal prior to reflect the identification constraint |δ1| ≥ |δ2| ≥ · · · ≥ |δd̄|. For endoge-

nous effects λt , we employ uniform priors between −τ to τ .22 For coefficients ρ , we also employ

a truncated normal prior to reflect the identification constraint ρ ≥ 0. The rest are the commonly

used conjugate priors in the Bayesian literature.

We include the sampling of latent variables, Ÿtg1, during the MCMC procedure along with other

unobservables as an augmentation (Albert and Chib, 1993). By Bayes’ theorem, the joint posterior

distribution of the parameters and unobservables in the model is23

P
(
θt ,{αtg},{Ÿtg1},{Zg}|{Ytg},{Wg}

)
∝ π(θt ,{Zg},{αtg}) ·

G

∏
g=1

{(
mg1

∏
i=1

I(yi,tg = 0) · I(ÿi,tg ≤ 0)

)
·P
(
Ytg,Wg,Ÿtg1|Zg,θt ,αtg

)}
, (21)

where π(·) represents the density function of the prior distribution with independent variables {Xg}

and {Cg} suppressed from the above expression for simplicity. We assume independence between

prior distributions of all unobservables. Applying the Gibbs sampling, we simulate random draws

22The value of τ should reflect the stationary condition required by the high order SCSAR model for Tobit-type

variables, which is |Img−mg1−λ11,tW̃ 22
11,g−·· ·−λp̄p̄,gW̃ 22

p̄p̄,g|> 0. Due to the restriction imposed on the support of prior

distributions, we reject Metropolis-Hastings candidate values of {λpq,t} which violate this stationary condition during

the posterior simulation.
23We simplify the notation {Ag}G

g=1 to {Ag} to represent the collection of Ag across G groups.
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from this joint posterior distribution by iteratively drawing samples from conditional posterior

distributions for each parameter groups. Here we list the set of conditional posterior distributions

required by the Gibbs sampler:

(i) P
(

Ÿtg1
∣∣Ytg,Wg,θt ,αtg,Zg

)
, g = 1, · · · ,G.

By applying Bayes’ theorem, we have

P
(

Ÿtg1
∣∣Ytg,Wg,θt ,αtg,Zg

)
∝

(
mg1

∏
i=1

I(yi,tg = 0)I(ÿit,g ≤ 0)

)
P(Ÿtg1,Ytg,Wg|θt ,αtg,Zg). (22)

(ii) P(zi,g|Ÿtg1,Ytg,Wg,θt ,αtg,Z−i,g), i = 1, · · · ,mg, g = 1, · · · ,G.

By applying Bayes’ theorem,

P(zi,g|Ÿtg1,Ytg,Wg,θt ,αtg,Z−i,g) ∝ Nd̄(zi,g;0, Id̄) ·P(Ÿtg1,Ytg,Wg|θt ,αg,Zg), (23)

where Nd̄(.;0, Id̄) is the multivariate normal prior distribution of zi,g.

(iii) P(φ |{Wg},{Zg}).

By applying Bayes’ theorem, we have

P(φ |{Wg},{Zg}) ∝ T N q̄+d̄ (φ ;φ0,Φ0) ·
G

∏
g=1

P(Wg|Zg,φ), (24)

where T N q̄+d̄ (φ ;φ0,Φ0) is the truncated normal prior distribution of φ .

(iv) P(λpq,t |{Ÿtg1},{Ytg},{Wg},βt ,σ
2
u ,ρ,{αtg},{Zg}), p,q = 1, · · · , p̄.

By applying Bayes’ theorem, we have

P(λpq,t |{Ÿtg1},{Ytg},{Wg},βt ,σ
2
u ,ρ,{αtg},{Zg}) ∝

G

∏
g=1

P(Ÿtg1,Ytg|Wg,λt ,βt ,σ
2
u ,ρ,αtg,Zg),

(25)

where λpq,t ∈ [−τ,τ].

(v) P(βt |{Ÿtg1},{Ytg},{Wg},λt ,σ
2
u ,ρ,{αtg},{Zg}).

By applying Bayes’ theorem, we have

P(βt |{Ÿtg1},{Ytg},{Wg},λt ,σ
2
u ,ρ,{αtg},{Zg})

∝ N2k (βt ;β0,B0) ·
G

∏
g=1

P(Ÿtg1,Ytg|Wg,λt ,βt ,σ
2
u ,ρ,αtg,Zg).
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Since both N2k (βt ;β0,B0) and P(Ÿtg1,Ytg|Wg,λt ,βt ,σ
2
u ,ρ,αtg,Zg) are in terms of normal

density, we obtain the standard linear model results in which

P(βt |{Ÿtg1},{Ytg},{Wg},λt ,σ
2
u ,ρ,{αtg},{Zg}) ∝ N2k

(
βt ; β̂t ,Bt

)
β̂t = Bt

(
B−1

0 β0 +
G

∑
g=1

X′g(σ
2
u Img)

−1(Stg[Ÿ ′tg1,Y
′

tg2]
′−Zgρ− lgαtg)

)

Bt =

(
B−1

0 +
G

∑
g=1

X′g(σ
2
u Img)

−1Xg

)−1

, (26)

where Xg = (Xg,W̃gXg) and Stg = (Img−λ11,tW̃11,g−·· ·−λp̄ p̄,tW̃p̄p̄,g).

(vi) P(σ2
u |{Ÿtg1},{Ytg},{Wg},λt ,βt ,ρ,{αtg},{Zg}).

By applying Bayes’ theorem, we have

P(σ2
u |{Ÿtg1},{Ytg},{Wg},λt ,βt ,ρ,{αtg},{Zg})

∝ I G
(

σ
2
u ;

κ0

2
,
ν0

2

) G

∏
g=1

P(Ÿtg1,Ytg|Wg,λt ,βt ,σ
2
u ,ρ,αtg,Zg)

∝ I G

(
σ

2
u ;

κ0 +∑
G
g=1 mg

2
,
ν0 +∑

G
g=1 u′tgutg

2

)
, (27)

where utg = Stg[Ÿ ′tg1,Y
′

tg2]
′−Xgβ1t−W̃gXgβ2t−Zgρ− lgαtg.

(vii) P(ρ|{Ÿtg1},{Ytg},{Wg},λt ,βt ,σ
2
u ,{αtg},{Zg}).

By applying Bayes’ theorem, we have

P(ρ|{Ÿtg1},{Ytg},{Wg},λt ,βt ,σ
2
u ,{αtg},{Zg})

∝ T N d̄ (ρ;ρ0,ρ0)
G

∏
g=1

P(Ÿtg1,Ytg|Wg,λt ,βt ,σ
2
u ,ρ,αtg,Zg), (28)

where T N d̄ (ρ;ρ0,ρ0) is the truncated normal prior distribution of ρ .

(viii) P(αtg|Ÿtg1,Ytg,Wg,λt ,βt ,σ
2
u ,ρ,Zg), g = 1, · · · ,G

By applying Bayes’ theorem, we have

P(αg|Ÿtg1,Ytg,Wg,λt ,βt ,σ
2
u ,ρ,Zg) ∝ N (αg;α0,A0) ·P(Ÿtg1,Ytg|Wg,λt ,βt ,σ

2
u ,ρ,αtg,Zg).

(29)
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Similar to (v), we can further obtain

P(αg|Ÿtg1,Ytg,Wg,λt ,βt ,σ
2
u ,ρ,Zg) ∝ N (αg; α̂g,Rg),

α̂g = Rg(A−1
0 α0 + l′g(σ

2
u Img)

−1(Stg[Ÿ ′tg1,Y
′

tg2]
′−Xgβt−Zgρ)),

Rg = (A−1
0 + lg(σ2

u Img)
−1l′g)

−1. (30)

Appendix C – Derivation of the AICM

The conventional AIC (Akaike 1973) is defined as

AIC = 2`max−2d, (31)

where `max is the maximum loglikelihood and d is the dimension of the parameters in the model.

`max is not directly observable in Bayesian estimation approach because `max may not be reached

during the MCMC sampling procedure; however, following Raftery et al. (2007), it may be esti-

mated given the posterior distribution of the loglikelihoods,

`max− `t ∼ Gamma(d/2,1), (32)

where {`t : t = 1, · · · ,T} is a sequence of loglikelihoods from MCMC posterior draws with a

proper thinning so that they are approximately independent. The distributional assumption in

Eq. (32) is asymptotically evident when the amount of data underlying the likelihoods increases

to infinity (Bickel and Ghosh 1990; Dawid 1991). Based on the Gamma distribution, we know

E[`max− `t ] = d/2 and Var(`t) = d/2. Therefore, we can obtain the moment estimators d̂ = 2s2
`

and ˆ̀max = ¯̀+ s2
` , where ¯̀ and s2

` are the sample mean and variance of the `t’s, respectively. The

simulation-based (Monte Carlo) version of AIC is given as

AICM = 2 ˆ̀max−2d̂ = 2( ¯̀− s2
`). (33)

and its standard error can be calculated by

S.E.(AICM) =

√
4d̂/(2T )+4d̂(11d̂/4+12)/T (34)

by using the fact that Var( ¯̀)≈ d/(2T ) and Var(s2
`)≈ d(11d/4+12)/T and the approximate inde-

pendence between ¯̀ and s2
` .
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Table 1: Summary Statistics

GPA Sample Smoking Sample

Variable Min Max Mean S.D. Mean S.D.

GPA by the following groups:
Male 1 4 2.778 0.749 - -
Female 1 4 2.904 0.739 - -
White 1 4 2.945 0.750 - -
Black 1 4 2.658 0.688 - -
Other racial groups 1 4 2.827 0.780 - -

Smoking by the following groups:
Male 0 30 - - 4.307 9.745
Female 0 30 - - 4.625 10.059
White 0 30 - - 5.286 10.575
Black 0 30 - - 1.840 6.448
Other racial groups 0 30 - - 5.083 10.738

Explanatory variables:
Male 0 1 0.509 0.500 0.470 0.499
Female 0 1 0.491 0.500 0.530 0.499
Age 13 19 15.508 1.249 15.436 1.215
White 0 1 0.560 0.496 0.648 0.477
Black 0 1 0.313 0.463 0.228 0.420
Asian 0 1 0.021 0.143 0.037 0.189
Hispanic 0 1 0.057 0.232 0.046 0.209
Other race 0 1 0.049 0.216 0.041 0.199
Both parents 0 1 0.705 0.456 0.768 0.422
Less HS 0 1 0.101 0.302 0.085 0.279
HS 0 1 0.341 0.474 0.323 0.468
More HS 0 1 0.407 0.491 0.467 0.499
Edu missing 0 1 0.075 0.263 0.069 0.253
Professional 0 1 0.268 0.442 0.307 0.461
Staying home 0 1 0.217 0.412 0.210 0.408
Other Jobs 0 1 0.346 0.475 0.351 0.477
Job missing 0 1 0.082 0.275 0.069 0.253
Welfare 0 1 0.011 0.105 0.006 0.079

Network properties:
Network size 110 354 202.928 47.107 240.642 78.251
Outdegree 0 10 3.660 2.891 4.238 2.913
Indegree 0 23 3.660 3.419 4.238 3.525
Sample size 2,841 3,369
Num. of networks 14 14

Note:
1. Variable descriptions.
Both parents: living with both parents.
Less HS: mother’s education is less than high school.
Edu missing: mother’s education level is missing.
Professional: mother’s job is either scientist, teacher, executive, director, and the like.
Other jobs: mother’s occupation is not among “professional” or “staying home”.
Welfare: mother participates in social welfare programs.
2. The variables in italics are the omitted categories in estimation.
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Table 2: Average number of nominated friends within and across gender

Female Male Sum

GPA sample:
Female 2.317 1.589 3.906
Male 1.490 1.930 3.420
Smoking sample:
Female 2.576 1.960 4.536
Male 1.615 2.332 3.947

Table 3: Average number of nominated friends within and across race

White Black Other Sum

GPA sample:
White 3.959 0.087 0.419 4.465
Black 0.145 2.228 0.132 2.505
Other 1.942 0.366 0.654 2.961
Smoking sample:
White 4.041 0.117 0.449 4.607
Black 0.306 2.896 0.211 3.413
Other 2.481 0.392 0.957 3.830
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Table 4: GPA: Gender Peer Effects Without Endogenous Network Formation

Model (1) Model (2) Model (3) Model (4)

Endogenous effects:
λ f f 0.065∗∗∗ 0.146∗∗∗ 0.140∗∗∗

(0.016) (0.024) (0.024)
λ f m 0.009 0.045∗∗ 0.025

(0.015) (0.020) (0.020)
λmm 0.035∗∗ 0.133∗∗∗ 0.111∗∗∗

(0.016) (0.025) (0.024)
λm f 0.045∗∗∗ 0.085∗∗∗ 0.081∗∗∗

(0.015) (0.020) (0.021)
Contextual effects:

Male −0.045 0.031 0.060
(0.055) (0.093) (0.093)

Age −0.005 −0.035∗∗∗ −0.034∗∗∗

(0.005) (0.006) (0.006)
Black −0.001 −0.024 0.034

(0.065) (0.061) (0.064)
Asian 0.300∗ 0.122 0.250

(0.177) (0.171) (0.175)
Hispanic −0.088 −0.071 −0.087

(0.115) (0.112) (0.113)
Other race 0.052 0.024 0.095

(0.125) (0.021) (0.124)
Both Parents 0.159∗∗ 0.110∗ 0.097

(0.062) (0.060) (0.061)
Less HS −0.233∗∗∗ −0.148∗ −0.165∗

(0.090) (0.088) (0.089)
More HS 0.165∗∗∗ 0.068 0.113∗

(0.061) (0.055) (0.061)
Edu missing −0.158 −0.143 −0.105

(0.108) (0.107) (0.106)
Welfare −0.623∗∗∗ −0.396 −0.500∗∗

(0.248) (0.244) (0.244)
Job missing 0.023 0.026 0.032

(0.110) (0.108) (0.109)
Professional −0.026 −0.072 −0.063

(0.075) (0.073) (0.075)
Other Jobs −0.013 0.023 −0.013

(0.067) (0.064) (0.067)
Own effects:

Male −0.097∗ −0.105∗∗∗ −0.178∗∗∗ −0.165∗∗∗

(0.052) (0.029) (0.052) (0.052)
Age −0.028∗∗ −0.031∗∗ 0.001 −0.016

(0.013) (0.013) (0.011) (0.014)
Black −0.141∗∗∗ −0.130∗∗ −0.162∗∗∗ −0.130∗∗

(0.047) (0.056) (0.049) (0.055)
Asian 0.222∗∗ 0.182∗ 0.142 0.184∗

(0.096) (0.099) (0.097) (0.097)
Hispanic −0.071 −0.071 −0.058 −0.056

(0.062) (0.063) (0.061) (0.063)
Other race −0.016 −0.022 −0.008 0.004

Continued on Next Page
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Table – Continued

(0.063) (0.064) (0.063) (0.063)
Both Parents 0.096∗∗∗ 0.096∗∗∗ 0.097∗∗∗ 0.092∗∗∗

(0.032) (0.032) (0.031) (0.031)
Less HS −0.103∗∗ −0.088∗ −0.090∗ −0.082∗

(0.047) (0.047) (0.047) (0.047)
More HS 0.184∗∗∗ 0.192∗∗∗ 0.167∗∗∗ 0.179∗∗∗

(0.033) (0.034) (0.032) (0.033)
Edu missing 0.057 0.062 0.044 0.054

(0.053) (0.054) (0.053) (0.053)
Welfare −0.039 0.003 0.013 −0.005

(0.128) (0.129) (0.127) (0.127)
Job missing −0.105∗∗ −0.111∗∗ −0.121∗∗ −0.115∗∗

(0.053) (0.054) (0.053) (0.053)
Professional 0.069∗ 0.071∗ 0.069∗ 0.065∗

(0.039) (0.039) (0.039) (0.038)
Other Jobs −0.013 −0.004 0.002 −0.009

(0.035) (0.035) (0.034) (0.034)
Fixed Effect Yes Yes No Yes

Note:
1. Model (1): The SAR model without contextual effects.
Model (2): The SAR model without endogenous effects.
Model (3): The SAR model without group fixed effects.
Model (4): The full SAR model.
2. The MCMC runs for 150,000 iterations and the first 20,000 iterations
are dropped for burn-in.
3. Standard deviations of the posterior draws are in parentheses.
4. * Significant at the 10% level. ** Significant at the 5% level.
*** Significant at the 1% level. The indication of significance is based on
frequentist’s perspective.
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Table 5: GPA: Gender Peer Effects With Endogenous Network Formation

Model (5) Model (6) Model (7) Model (8)

Endogenous effects:
λ f f 0.136∗∗∗ 0.136∗∗∗ 0.109∗∗∗ 0.102∗∗∗

(0.023) (0.024) (0.024) (0.022)
λ f m 0.025 0.019 0.013 0.002

(0.020) (0.020) (0.020) (0.019)
λmm 0.109∗∗∗ 0.101∗∗∗ 0.077∗∗∗ 0.061∗∗

(0.025) (0.024) (0.025) (0.024)
λm f 0.078∗∗∗ 0.079∗∗∗ 0.067∗∗∗ 0.060∗∗∗

(0.020) (0.021) (0.020) (0.020)
Contextual effects:

Male 0.058 0.055 0.027 0.055
(0.093) (0.092) (0.091) (0.089)

Age −0.033∗∗∗ −0.031∗∗∗ −0.024∗∗∗ −0.024∗∗∗

(0.006) (0.006) (0.007) (0.006)
Black 0.008 −0.006 0.028 0.112∗

(0.064) (0.065) (0.064) (0.066)
Asian 0.256 0.201 0.112 0.141

(0.175) (0.177) (0.174) (0.176)
Hispanic −0.079 −0.064 −0.031 −0.024

(0.113) (0.114) (0.113) (0.113)
Other race 0.093 0.090 0.096 0.123

(0.123) (0.124) (0.121) (0.121)
Both Parents 0.102∗ 0.093 0.087 0.058

(0.061) (0.061) (0.062) (0.061)
Less HS −0.167∗ −0.161∗ −0.173∗∗ −0.105

(0.089) (0.088) (0.088) (0.087)
More HS 0.111∗ 0.087 0.047 0.048

(0.061) (0.061) (0.061) (0.060)
Edu missing −0.089 −0.085 −0.068 −0.033

(0.107) (0.107) (0.107) (0.106)
Welfare −0.480∗ −0.479∗ −0.504∗∗ −0.507∗∗

(0.246) (0.247) (0.249) (0.248)
Job missing 0.020 0.041 0.021 0.008

(0.109) (0.109) (0.107) (0.108)
Professional −0.058 −0.051 −0.058 −0.065

(0.075) (0.074) (0.075) (0.073)
Other Jobs −0.001 0.001 −0.025 −0.026

(0.067) (0.067) (0.067) (0.066)
Own effects:

Male −0.166∗∗∗ −0.168∗∗∗ −0.174∗∗∗ −0.166∗∗∗

(0.051) (0.053) (0.052) (0.053)
Age −0.017 −0.015 −0.018 −0.017

(0.011) (0.011) (0.012) (0.012)
Black −0.151∗∗∗ −0.157∗∗∗ −0.130∗ −0.072

(0.056) (0.056) (0.055) (0.056)
Asian 0.173∗ 0.157 0.125 0.126

(0.098) (0.097) (0.095) (0.095)
Hispanic −0.058 −0.059 −0.054 −0.042

(0.062) (0.062) (0.061) (0.061)
Other race 0.002 0.006 0.015 0.015
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Table – Continued

(0.063) (0.063) (0.062) (0.061)
Both Parents 0.097∗∗∗ 0.087∗∗∗ 0.081∗∗∗ 0.070∗∗

(0.031) (0.031) (0.031) (0.031)
Less HS −0.084∗ −0.078∗ −0.077∗ −0.068

(0.047) (0.046) (0.046) (0.045)
More HS 0.178∗∗∗ 0.174∗∗∗ 0.162∗∗∗ 0.159∗∗∗

(0.033) (0.033) (0.033) (0.032)
Edu missing 0.054 0.054 0.051 0.058

(0.053) (0.053) (0.053) (0.052)
Welfare −0.004 −0.002 0.002 −0.006

(0.127) (0.127) (0.127) (0.127)
Job missing −0.120∗∗ −0.108∗∗ −0.102∗∗ −0.099∗

(0.053) (0.053) (0.052) (0.052)
Professional 0.065∗ 0.070∗ 0.064∗ 0.059

(0.038) (0.038) (0.038) (0.037)
Other Jobs −0.009 −0.006 −0.012 −0.019

(0.034) (0.034) (0.033) (0.033)
Network variables:

Constant −3.762∗∗∗ −2.244∗∗∗ −0.905∗∗∗ 0.388∗∗∗

(0.041) (0.043) (0.054) (0.062)
Same Grade 2.021∗∗∗ 2.128∗∗∗ 2.197∗∗∗ 2.292∗∗∗

(0.025) (0.027) (0.032) (0.036)
Same Sex 0.327∗∗∗ 0.294∗∗∗ 0.291∗∗∗ 0.271∗∗∗

(0.022) (0.025) (0.026) (0.029)
Same Race 0.550∗∗∗ 0.521∗∗∗ 0.553∗∗∗ 0.598∗∗∗

(0.032) (0.036) (0.040) (0.045)
δ1 −4.461∗∗∗ −3.228∗∗∗ −2.746∗∗∗ −2.705∗∗∗

(0.095) (0.072) (0.077) (0.084)
δ2 − −3.020∗∗∗ −2.567∗∗∗ −2.334∗∗∗

− (0.066) (0.056) (0.068)
δ3 − − −2.445∗∗∗ −2.185∗∗∗

− − (0.059) (0.060)
δ4 − − − −2.033∗∗∗

− − − (0.063)
Fixed Effect Yes Yes Yes Yes
AICM -94,510 -86,299 -82,936 -84,326
S.E.(AICM) 134.048 149.767 177.542 227.103

Note:
1. Model (5): The SCSAR model with unobservable Z in one dimension.
Model (6): The SCSAR model with unobservable Z in two dimensions.
Model (7): The SCSAR model with unobservable Z in three dimensions.
Model (8): The SCSAR model with unobservable Z in four dimensions.
2. The MCMC runs for 150,000 iterations and the first 20,000 iterations
are dropped for burn-in.
3. Standard deviations of the posterior draws are in parentheses.
4. * Significant at the 10% level. ** Significant at the 5% level.
*** Significant at the 1% level. The indication of significance is based on
frequentist’s perspective.
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Table 6: Smoking: Gender Peer Effects Without Endogenous Network Formation

Model (1) Model (2) Model (3) Model (4)

Endogenous effects:
λ f f 0.463∗∗∗ 0.489∗∗∗ 0.479∗∗∗

(0.031) (0.031) (0.031)
λ f m 0.161∗∗∗ 0.213∗∗∗ 0.198∗∗∗

(0.034) (0.033) (0.034)
λmm 0.262∗∗∗ 0.334∗∗∗ 0.320∗∗∗

(0.038) (0.037) (0.038)
λm f 0.197∗∗∗ 0.246∗∗∗ 0.233∗∗∗

(0.037) (0.037) (0.037)
Contextual effects:

Male −1.278∗ −0.922 −0.942
(0.667) (0.641) (0.644)

Age −0.048 −0.316∗∗∗ −0.318∗∗∗

(0.065) (0.062) (0.063)
Black −2.165∗∗∗ 0.203 0.211

(0.816) (0.747) (0.774)
Asian −4.211∗∗∗ −3.364∗∗ −3.321∗∗

(1.575) (1.437) (1.507)
Hispanic 1.399 0.786 1.415

(1.398) (1.306) (1.331)
Other race 3.700∗∗ 1.635 2.243

(1.512) (1.405) (1.440)
Both Parents −1.731∗∗ 0.334 0.129

(0.773) (0.726) (0.734)
Less HS 3.839∗∗∗ 2.078∗ 2.105∗

(1.135) (1.063) (1.079)
More HS −0.373 −0.096 0.023

(0.737) (0.641) (0.698)
Edu missing 1.203 0.347 0.666

(1.295) (1.221) (1.230)
Welfare 0.051 −0.641) −0.678

(2.511) (2.451 (2.461)
Job missing 3.964∗∗∗ 3.914∗∗∗ 4.333∗∗∗

(1.277) (1.196) (1.205)
Professional −0.283 −0.153 −0.106

(0.871) (0.799) (0.820)
Other Jobs 0.455 −0.017 0.051

(0.808) (0.724) (0.767)
Own effects:

Male 0.296 −0.467 0.039 0.065
(0.363) (0.362) (0.381) (0.383)

Age 0.728∗∗∗ 0.985∗∗∗ 0.761∗∗∗ 0.769∗∗∗

(0.123) (0.136) (0.114) (0.136)
Black −1.999∗∗∗ −2.441∗∗∗ −2.551∗∗∗ −2.226∗∗∗

(0.519) (0.685) (0.612) (0.644)
Asian 0.344 0.050 0.612 0.707

(0.858) (0.919) (0.859) (0.867)
Hispanic 0.196 −0.838 −0.808 −0.434

(0.764) (0.811) (0.758) (0.766)
Other race 1.998∗∗ 1.760∗∗ 1.567∗∗ 1.671∗∗
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(0.787) (0.820) (0.769) (0.774)
Both Parents −2.162∗∗∗ −2.392∗∗∗ −1.927∗∗∗ −1.995∗∗∗

(0.392) (0.413) (0.387) (0.389)
Less HS 1.528∗∗∗ 1.300∗∗ 1.244∗∗ 1.294∗∗

(0.594) (0.626) (0.587) (0.587)
More HS −0.094 −0.181 0.041 0.091

(0.397) (0.417) (0.379) (0.392)
Edu missing 0.434 −0.286 −0.010 0.008

(0.652) (0.684) (0.641) (0.641)
Welfare 3.314∗ 3.761∗∗ 3.468∗∗ 3.283∗

(1.712) (1.775) (1.695) (1.696)
Job missing 0.304 0.504 −0.248 −0.057

(0.673) (0.700) (0.658) (0.659)
Professional −0.586 −0.333 −0.447 −0.432

(0.453) (0.473) (0.443) (0.445)
Other Jobs 0.405 0.760 0.541 0.576

(0.412) (0.432) (0.397) (0.406)
Fixed Effect Yes Yes No Yes

Note:
1. Model (1): The SAR model without contextual effects.
Model (2): The SAR model without endogenous effects.
Model (3): The SAR model without group fixed effects.
Model (4): The full SAR model.
2. The MCMC runs for 150,000 iterations and the first 20,000 iterations
are dropped for burn-in.
3. Standard deviations of the posterior draws are in parentheses.
4. * Significant at the 10% level. ** Significant at the 5% level.
*** Significant at the 1% level. The indication of significance is based on
frequentist’s perspective.
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Table 7: Smoking: Gender Peer Effects With Endogenous Network Formation

Model (5) Model (6) Model (7) Model (8)

Endogenous effects:
λ f f 0.476∗∗∗ 0.476∗∗∗ 0.477∗∗∗ 0.487∗∗∗

(0.031) (0.032) (0.031) (0.031)
λ f m 0.198∗∗∗ 0.198∗∗∗ 0.198∗∗∗ 0.203∗∗∗

(0.034) (0.034) (0.034) (0.034)
λmm 0.322∗∗∗ 0.320∗∗∗ 0.318∗∗∗ 0.325∗∗∗

(0.038) (0.038) (0.038) (0.038)
λm f 0.232∗∗∗ 0.232∗∗∗ 0.231∗∗∗ 0.238∗∗∗

(0.037) (0.037) (0.037) (0.037)
Contextual effects:

Male −1.005 −0.966 −0.992 −0.971
(0.661) (0.663) (0.662) (0.647)

Age −0.334∗∗∗ −0.328∗∗∗ −0.332∗∗∗ −0.326∗∗∗

(0.065) (0.065) (0.065) (0.064)
Black 0.265 0.180 0.213 0.321

(0.815) (0.820) (0.820) (0.790)
Asian −4.183∗∗ −4.007∗∗ −3.907∗∗ −3.175∗∗

(1.723) (1.724) (1.722) (1.516)
Hispanic 1.586 1.578 1.713 1.415

(1.481) (1.483) (1.483) (1.332)
Other race 2.818∗ 2.986∗ 2.684∗ 1.968

(1.628) (1.625) (1.628) (1.438)
Both Parents 0.159 0.083 0.129 0.143

(0.762) (0.761) (0.764) (0.738)
Less HS 2.315 2.373 2.516 1.879

(1.152) (1.157) (1.158) (1.074)
More HS 0.148 0.075 −0.053 0.259

(0.727) (0.726) (0.730) (0.705)
Edu missing 0.735 0.683 0.723 0.760

(1.351) (1.347) (1.348) (1.231)
Welfare −1.876 −2.134 −1.950 −0.419

(3.935) (3.957) (3.939) (2.461)
Job missing 5.079∗∗∗ 5.224∗∗∗ 5.146∗∗∗ 4.261∗∗∗

(1.330) (1.335) (1.333) (1.213)
Professional 0.102 0.058 0.205 0.003

(0.869) (0.863) (0.869) (0.823)
Other Jobs 0.237 0.229 0.348 −0.035

(0.809) (0.809) (0.809) (0.771)
Own effects:

Male 0.064 0.054 0.061 0.084
(0.386) (0.387) (0.386) (0.378)

Age 0.772∗∗∗ 0.783∗∗∗ 0.776∗∗∗ 0.728∗∗∗

(0.134) (0.129) (0.131) (0.138)
Black −2.323∗∗∗ −2.300∗∗∗ −2.406∗∗∗ −2.163∗∗∗

(0.669) (0.674) (0.672) (0.650)
Asian 0.874 0.825 0.918 0.770

(0.915) (0.913) (0.916) (0.868)
Hispanic −0.512 −0.425 −0.469 −0.352

(0.792) (0.795) (0.792) (0.764)
Other race 1.720∗∗ 1.731∗∗ 1.735∗∗ 1.656∗∗
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(0.802) (0.802) (0.800) (0.771)
Both Parents −2.028∗∗∗ −2.021∗∗∗ −2.015∗∗∗ −1.950∗∗∗

(0.393) (0.394) (0.394) (0.391)
Less HS 1.284∗∗ 1.274∗∗ 1.352∗∗ 1.247∗∗

(0.600) (0.601) (0.601) (0.585)
More HS 0.095 0.075 0.051 0.158

(0.396) (0.397) (0.398) (0.391)
Edu missing −0.050 −0.025 −0.037 0.012

(0.661) (0.660) (0.659) (0.640)
Welfare 4.712∗∗ 4.741∗∗ 4.856∗∗ 3.143∗

(2.022) (2.026) (2.027) (1.692)
Job missing −0.028 0.043 0.018 −0.108

(0.682) (0.680) (0.682) (0.656)
Professional −0.385 −0.381 −0.369 −0.430

(0.453) (0.455) (0.453) (0.444)
Other Jobs 0.631 0.643 0.641 0.516

(0.414) (0.415) (0.413) (0.407)
Network variables:

Constant −4.106∗∗∗ −2.589∗∗∗ −1.236∗∗∗ 0.033∗∗∗

(0.033) (0.037) (0.043) (0.055)
Same Grade 2.166∗∗∗ 2.246∗∗∗ 2.312∗∗∗ 2.388∗∗∗

(0.022) (0.024) (0.027) (0.022)
Same Sex 0.326∗∗∗ 0.300∗∗∗ 0.274∗∗∗ 0.244∗∗∗

(0.019) (0.021) (0.022) (0.023)
Same Race 0.681∗∗∗ 0.630∗∗∗ 0.650∗∗∗ 0.706∗∗∗

(0.027) (0.029) (0.033) (0.041)
δ1 −3.692∗∗∗ −2.825∗∗∗ −2.574∗∗∗ −2.394∗∗∗

(0.074) (0.044) (0.049) (0.067)
δ2 − −2.776∗∗∗ −2.472∗∗∗ −2.263∗∗∗

− (0.042) (0.045) (0.043)
δ3 − − −2.155∗∗∗ −2.028∗∗∗

− − (0.051) (0.044)
δ4 − − − −1.975∗∗∗

− − − (0.038)
Fixed Effect Yes Yes Yes Yes
AICM -142,340 -129,510 -127,940 -132,290
S.E.(AICM) 123.641 140.675 218.785 329.065

Note:
1. Model (5): The SCSAR model with unobservable Z in one dimension.
Model (6): The SCSAR model with unobservable Z in two dimensions.
Model (7): The SCSAR model with unobservable Z in three dimensions.
Model (8): The SCSAR model with unobservable Z in four dimensions.
2. The MCMC runs for 150,000 iterations and the first 20,000 iterations
are dropped for burn-in.
3. Standard deviations of the posterior draws are in parentheses.
4. * Significant at the 10% level. ** Significant at the 5% level.
*** Significant at the 1% level. The indication of significance is based on
frequentist’s perspective.
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Table 8: GPA: Racial Peer Effects Without Endogenous Network Formation

Model (1) Model (2) Model (3) Model (4)

Endogenous effects:
λww 0.100∗∗∗ 0.281∗∗∗ 0.253∗∗∗

(0.016) (0.030) (0.028)
λwb −0.014 −0.035 −0.025

(0.026) (0.026) (0.026)
λwo −0.005 −0.043∗∗ −0.036∗∗

(0.013) (0.017) (0.017)
λbb 0.037∗ 0.120∗∗∗ 0.112∗∗∗

(0.019) (0.040) (0.040)
λbw 0.026 0.122∗∗∗ 0.124∗∗∗

(0.034) (0.036) (0.037)
λbo 0.036 0.035 0.036

(0.029) (0.032) (0.033)
λoo 0.028 0.021 0.022

(0.027) (0.032) (0.032)
λow 0.050∗ 0.210∗∗∗ 0.189∗∗∗

(0.027) (0.039) (0.034)
λob −0.028 −0.022 −0.014

(0.036) (0.041) (0.040)
Contextual effects:

Male −0.046 −0.014 −0.023
(0.055) (0.054) (0.054)

Age −0.005 −0.049∗∗∗ −0.046∗∗∗

(0.005) (0.007) (0.007)
Black −0.001 0.408∗∗∗ 0.409∗∗∗

(0.065) (0.139) (0.137)
Asian 0.300∗ 0.584∗∗∗ 0.658∗∗∗

(0.177) (0.204) (0.206)
Hispanic −0.088 0.478∗∗∗ 0.405∗∗∗

(0.115) (0.159) (0.155)
Other race 0.052 0.492∗∗∗ 0.513∗∗∗

(0.125) (0.160) (0.158)
Both Parents 0.158∗∗ 0.126∗∗ 0.104∗∗

(0.062) (0.060) (0.061)
Less HS −0.233∗∗∗ −0.201∗∗ −0.211∗∗

(0.090) (0.087) (0.088)
More HS 0.165∗∗∗ 0.053 0.093

(0.061) (0.055) (0.060)
Edu missing −0.158 −0.125 −0.075

(0.108) (0.107) (0.107)
Welfare −0.623∗∗ −0.552∗∗ −0.639∗∗∗

(0.248) (0.243) (0.244)
Job missing 0.022 0.037 0.043

(0.110) (0.107) (0.109)
Professional −0.026 −0.091 −0.077

(0.075) (0.073) (0.074)
Other Jobs −0.013 −0.018 −0.036

(0.067) (0.063) (0.067)
Own effects:

Male −0.098∗∗∗ −0.105∗∗∗ −0.128∗∗∗ −0.116∗∗∗
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(0.027) (0.029) (0.029) (0.029)
Age −0.031∗∗ −0.032∗∗∗ 0.005 −0.014

(0.012) (0.012) (0.011) (0.013)
Black −0.063 −0.130∗∗ −0.172∗∗∗ −0.151∗∗

(0.070) (0.056) (0.060) (0.070)
Asian 0.319∗∗∗ 0.182∗ 0.206∗ 0.243∗∗

(0.119) (0.099) (0.118) (0.119)
Hispanic 0.018 −0.071 0.009 0.008

(0.083) (0.063) (0.081) (0.083)
Other race 0.078 −0.022 0.069 0.079

(0.091) (0.064) (0.089) (0.090)
Both Parents 0.094∗∗∗ 0.096∗∗∗ 0.094∗∗∗ 0.087∗∗∗

(0.032) (0.032) (0.031) (0.031)
Less HS −0.093∗∗ −0.088∗ −0.083∗ −0.077∗

(0.047) (0.047) (0.046) (0.046)
More HS 0.186∗∗∗ 0.192∗∗∗ 0.173∗∗∗ 0.183∗∗∗

(0.033) (0.034) (0.032) (0.033)
Edu missing 0.060 0.062 0.038 0.050

(0.054) (0.054) (0.053) (0.053)
Welfare −0.030 0.003 0.076 0.053

(0.127) (0.129) (0.128) (0.126)
Job missing −0.104∗ −0.111∗∗ −0.121∗∗ −0.112∗∗

(0.053) (0.054) (0.053) (0.053)
Professional 0.071∗ 0.071∗ 0.077∗∗ 0.074∗

(0.039) (0.039) (0.038) (0.038)
Other Jobs −0.015 −0.004 0.002 −0.007

(0.034) (0.035) (0.034) (0.034)
Fixed Effect Yes Yes No Yes

Note:
1. Model (1): The SAR model without contextual effects.
Model (2): The SAR model without endogenous effects.
Model (3): The SAR model without group fixed effects.
Model (4): The full SAR model.
2. The MCMC runs for 150,000 iterations and the first 20,000 iterations
are dropped for burn-in.
3. Standard deviations of the posterior draws are in parentheses.
4. * Significant at the 10% level. ** Significant at the 5% level.
*** Significant at the 1% level. The indication of significance is based on
frequentist’s perspective.
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Table 9: GPA: Racial Peer Effects With Endogenous Network Formation

Model (5) Model (6) Model (7) Model (8)

Endogenous effects:
λww 0.255∗∗∗ 0.243∗∗∗ 0.194∗∗∗ 0.175∗∗∗

(0.029) (0.026) (0.028) (0.029)
λwb −0.027 −0.029 −0.025 −0.033

(0.027) (0.027) (0.027) (0.027)
λwo −0.036∗∗ −0.034∗∗ −0.033∗∗ −0.029∗∗

(0.018) (0.018) (0.017) (0.017)
λbb 0.106∗∗∗ 0.105∗∗ 0.079∗ 0.058

(0.040) (0.042) (0.042) (0.039)
λbw 0.118∗∗∗ 0.120∗∗∗ 0.098∗∗∗ 0.087∗∗

(0.037) (0.037) (0.036) (0.037)
λbo 0.039 0.032 0.013 0.016

(0.034) (0.033) (0.033) (0.033)
λoo 0.021 0.019 0.010 0.006

(0.030) (0.029) (0.029) (0.030)
λow 0.189∗∗ 0.180∗∗ 0.139∗∗ 0.141∗∗

(0.036) (0.034) (0.035) (0.037)
λob −0.014 −0.024 −0.029 −0.027

(0.040) (0.040) (0.041) (0.039)
Contextual effects:

Male −0.021 −0.024 −0.046 −0.053
(0.054) (0.054) (0.054) (0.054)

Age −0.046∗∗∗ −0.043∗∗∗ −0.035∗∗∗ −0.034∗∗∗

(0.007) (0.007) (0.007) (0.007)
Black 0.441∗∗∗ 0.376∗∗∗ 0.350∗∗ 0.395∗∗∗

(0.144) (0.138) (0.144) (0.140)
Asian 0.627∗∗∗ 0.620∗∗∗ 0.560∗∗∗ 0.410∗

(0.207) (0.204) (0.209) (0.216)
Hispanic 0.393∗∗ 0.416∗∗∗ 0.405∗∗∗ 0.385∗∗

(0.158) (0.153) (0.153) (0.155)
Other race 0.501∗∗∗ 0.488∗∗∗ 0.494∗∗∗ 0.445∗∗∗

(0.159) (0.157) (0.155) (0.155)
Both Parents 0.091 0.099 0.088 0.065

(0.061) (0.062) (0.061) (0.061)
Less HS −0.193∗∗ −0.228∗∗∗ −0.205∗∗ −0.167∗

(0.088) (0.088) (0.089) (0.088)
More HS 0.093 0.098 0.058 0.062

(0.060) (0.061) (0.060) (0.060)
Edu missing −0.073 −0.070 −0.019 −0.007

(0.107) (0.107) (0.105) (0.108)
Welfare −0.660∗∗∗ −0.643∗∗∗ −0.702∗∗∗ −0.642∗∗∗

(0.243) (0.245) (0.249) (0.251)
Job missing 0.042 0.036 0.029 0.083

(0.109) (0.108) (0.108) (0.110)
Professional −0.066 −0.080 −0.075 −0.048

(0.074) (0.074) (0.073) (0.074)
Other Jobs −0.032 −0.036 −0.008 −0.002

(0.066) (0.066) (0.067) (0.068)
Own effects:

Male −0.115∗∗∗ −0.118∗∗∗ −0.124∗∗∗ −0.129∗∗∗

Continued on Next Page

49



Table – Continued

(0.029) (0.029) (0.028) (0.028)
Age −0.016 −0.016 −0.010 −0.021

(0.012) (0.012) (0.012) (0.013)
Black −0.127∗ −0.179∗∗ −0.146∗∗ −0.121∗

(0.070) (0.071) (0.074) (0.074)
Asian 0.244∗∗ 0.240∗∗ 0.200∗ 0.141

(0.119) (0.116) (0.118) (0.120)
Hispanic 0.010 0.010 0.019 −0.011

(0.084) (0.081) (0.083) (0.085)
Other race 0.076 0.081 0.098 0.052

(0.090) (0.088) (0.090) (0.090)
Both Parents 0.085∗∗∗ 0.085∗∗∗ 0.077∗∗∗ 0.071∗∗∗

(0.031) (0.031) (0.031) (0.031)
Less HS −0.076∗ −0.080∗ −0.078∗ −0.067

(0.046) (0.046) (0.046) (0.045)
More HS 0.182∗∗∗ 0.182∗∗∗ 0.173∗∗∗ 0.162∗∗∗

(0.033) (0.033) (0.032) (0.032)
Edu missing 0.047 0.054 0.054 0.050

(0.053) (0.053) (0.052) (0.052)
Welfare 0.040 0.046 0.025 0.030

(0.126) (0.127) (0.128) (0.126)
Job missing −0.112∗∗ −0.114∗∗ −0.111∗∗ −0.098∗∗

(0.052) (0.052) (0.052) (0.052)
Professional 0.073∗ 0.074∗ 0.067∗ 0.073∗

(0.038) (0.038) (0.037) (0.037)
Other Jobs −0.009 −0.008 −0.007 −0.007

(0.034) (0.034) (0.033) (0.033)
Network variables:

Constant −3.749∗∗∗ −2.242∗∗∗ −0.887∗∗∗ 0.403∗∗∗

(0.039) (0.045) (0.052) (0.066)
Same Grade 2.012∗∗∗ 2.115∗∗∗ 2.209∗∗∗ 2.272∗∗∗

(0.026) (0.028) (0.032) (0.036)
Same Sex 0.318∗∗∗ 0.298∗∗∗ 0.284∗∗∗ 0.267∗∗∗

(0.022) (0.024) (0.028) (0.029)
Same Race 0.559∗∗∗ 0.523∗∗∗ 0.536∗∗∗ 0.598∗∗∗

(0.032) (0.035) (0.040) (0.046)
δ1 −4.508∗∗∗ −3.152∗∗∗ −2.683∗∗∗ −2.611∗∗∗

(0.099) (0.055) (0.058) (0.079)
δ2 − −3.079∗∗∗ −2.606∗∗∗ −2.373∗∗∗

− (0.054) (0.047) (0.069)
δ3 − − −2.488∗∗∗ −2.190∗∗∗

− − (0.061) (0.059)
δ4 − − − −2.085∗∗∗

− − − (0.057)
Fixed Effect Yes Yes Yes Yes
AICM -90,553 -81,855 -81,535 -84,303
S.E.(AICM) 89.261 132.852 165.140 212.593
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Note:
1. Model (5): The SCSAR model with unobservable Z in one dimension.
Model (6): The SCSAR model with unobservable Z in two dimensions.
Model (7): The SCSAR model with unobservable Z in three dimensions.
Model (8): The SCSAR model with unobservable Z in four dimensions.
2. The MCMC runs for 150,000 iterations and the first 20,000 iterations
are dropped for burn-in.
3. Standard deviations of the posterior draws are in parentheses.
4. * Significant at the 10% level. ** Significant at the 5% level.
*** Significant at the 1% level. The indication of significance is based on
frequentist’s perspective.
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Table 10: Smoking: Racial Peer Effects Without Endogenous Network Formation

Model (1) Model (2) Model (3) Model (4)

Endogenous effects:
λww 0.466∗∗∗ 0.527∗∗∗ 0.507∗∗∗

(0.029) (0.029) (0.029)
λwb −0.035 −0.015 −0.019

(0.058) (0.057) (0.056)
λwo 0.114∗∗∗ 0.129∗∗∗ 0.126∗∗∗

(0.030) (0.030) (0.030)
λbb −0.023 0.117 0.078

(0.102) (0.101) (0.102)
λbw 0.338∗∗∗ 0.399∗∗∗ 0.372∗∗∗

(0.085) (0.086) (0.087)
λbo 0.152 0.225 0.203

(0.175) (0.171) (0.169)
λoo 0.316∗∗∗ 0.333∗∗∗ 0.330∗∗∗

(0.073) (0.073) (0.073)
λow 0.333∗∗∗ 0.376∗∗∗ 0.365∗∗∗

(0.071) (0.070) (0.070)
λob −0.232∗∗ −0.164 −0.185∗

(0.114) (0.113) (0.110)
Contextual effects:

Male −1.264∗ −0.825 −0.916
(0.667) (0.631) (0.635)

Age −0.049 −0.288∗∗∗ −0.301∗∗∗

(0.065) (0.061) (0.063)
Black −2.142∗∗∗ 0.146 0.119

(0.814) (0.758) (0.787)
Asian −4.214∗∗∗ −3.875∗∗∗ −3.782∗∗

(1.575) (1.447) (1.516)
Hispanic 1.417 0.952 1.625

(1.404) (1.319) (1.347)
Other race 3.698∗∗ 1.149 1.806

(1.510) (1.452) (1.480)
Both Parents −1.733∗∗ 0.188 −0.013

(0.774) (0.732) (0.741)
Less HS 3.850∗∗∗ 1.818∗ 1.739

(1.130) (1.069) (1.081)
More HS −0.341 −0.153 0.106

(0.738) (0.644) (0.696)
Edu missing 1.180 0.494 0.947

(1.296) (1.225) (1.234)
Welfare 0.018 0.430 0.235

(2.515) (2.457) (2.465)
Job missing 3.950∗∗∗ 3.116∗∗ 3.630∗∗∗

(1.273) (1.192) (1.210)
Professional −0.311 −0.374 −0.286

(0.868) (0.800) (0.821)
Other Jobs 0.462 −0.199 0.013

(0.806) (0.722) (0.765)
Own effects:

Male −0.181 −0.464 −0.304 −0.302
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(0.321) (0.360) (0.341) (0.341)
Age 0.714∗∗∗ 0.990∗∗∗ 0.783∗∗∗ 0.786∗∗∗

(0.131) (0.142) (0.115) (0.131)
Black −1.818∗∗∗ −2.459∗∗∗ −2.493∗∗∗ −2.091∗∗∗

(0.544) (0.685) (0.635) (0.673)
Asian 0.371 0.047 0.666 0.777

(0.874) (0.918) (0.872) (0.885)
Hispanic 0.198 −0.848 −0.864 −0.398

(0.794) (0.809) (0.787) (0.799)
Other race 1.920∗∗ 1.771∗∗ 1.450∗ 1.592∗

(0.847) (0.822) (0.832) (0.839)
Both Parents −2.344∗∗∗ −2.402∗∗∗ −2.064∗∗∗ −2.134∗∗∗

(0.394) (0.413) (0.389) (0.389)
Less HS 1.353∗∗ 1.307∗∗ 1.121∗ 1.138∗

(0.597) (0.625) (0.587) (0.590)
More HS −0.003 −0.184 0.107 0.155

(0.402) (0.415) (0.379) (0.395)
Edu missing 0.404 −0.300 −0.025 −0.012

(0.656) (0.681) (0.645) (0.645)
Welfare 3.868∗∗ 3.750∗∗ 3.901∗∗ 3.690∗∗

(1.719) (1.777) (1.700) (1.704)
Job missing 0.690 0.518 0.117 0.330

(0.675) (0.699) (0.662) (0.667)
Professional −0.520 −0.326 −0.370 −0.319

(0.455) (0.473) (0.444) (0.445)
Other Jobs 0.534 0.768∗ 0.621 0.717∗

(0.415) (0.433) (0.399) (0.410)
Fixed Effect Yes Yes No Yes

Note:
1. Model (1): The SAR model without contextual effects.
Model (2): The SAR model without endogenous effects.
Model (3): The SAR model without group fixed effects.
Model (4): The full SAR model.
2. The MCMC runs for 150,000 iterations and the first 20,000 iterations
are dropped for burn-in.
3. Standard deviations of the posterior draws are in parentheses.
4. * Significant at the 10% level. ** Significant at the 5% level.
*** Significant at the 1% level. The indication of significance is based on
frequentist’s perspective.

53



Table 11: Smoking: Racial Peer Effects With Endogenous Network Formation

Model (5) Model (6) Model (7) Model (8)

Endogenous effects:
λww 0.508∗∗∗ 0.513∗∗∗ 0.511∗∗∗ 0.520∗∗∗

(0.029) (0.028) (0.029) (0.029)
λwb −0.017 −0.024 −0.028 −0.012

(0.056) (0.057) (0.056) (0.057)
λwo 0.124∗∗∗ 0.128∗∗∗ 0.127∗∗∗ 0.134∗∗∗

(0.030) (0.030) (0.030) (0.031)
λbb 0.069 0.083 0.097 0.055

(0.102) (0.100) (0.100) (0.100)
λbw 0.364∗∗∗ 0.385∗∗∗ 0.382∗∗∗ 0.378∗∗∗

(0.085) (0.085) (0.085) (0.086)
λbo 0.196 0.206 0.176 0.160

(0.171) (0.172) (0.172) (0.170)
λoo 0.328∗∗∗ 0.332∗∗∗ 0.321∗∗∗ 0.337∗∗∗

(0.072) (0.073) (0.072) (0.072)
λow 0.360∗∗∗ 0.380∗∗∗ 0.370∗∗∗ 0.373∗∗∗

(0.069) (0.069) (0.072) (0.070)
λob −0.177 −0.173 −0.164 −0.175

(0.109) (0.108) (0.110) (0.111)
Contextual effects:

Male −0.922 −0.869 −1.016 −0.872
(0.634) (0.630) (0.633) (0.632)

Age −0.295∗∗∗ −0.295∗∗∗ −0.288∗∗∗ −0.308∗∗∗

(0.063) (0.063) (0.063) (0.063)
Black 0.156 −0.172 −0.037 0.260

(0.789) (0.797) (0.799) (0.794)
Asian −3.837∗∗ −3.217∗∗ −3.911∗∗∗ −3.374∗∗

(1.511) (1.509) (1.522) (1.527)
Hispanic 1.762 1.803 1.539 1.178

(1.346) (1.352) (1.350) (1.345)
Other race 1.730 2.017 1.707 1.593

(1.485) (1.480) (1.480) (1.485)
Both Parents −0.101 0.089 0.001 0.016

(0.742) (0.737) (0.742) (0.742)
Less HS 1.786∗ 1.506 1.251 1.558

(1.083) (1.085) (1.089) (1.081)
More HS 0.099 0.018 0.212 0.179

(0.698) (0.697) (0.697) (0.705)
Edu missing 1.082 0.997 0.968 0.877

(1.237) (1.233) (1.238) (1.236)
Welfare 0.308 0.105 0.192 0.473

(2.460) (2.476) (2.472) (2.476)
Job missing 3.620∗∗∗ 3.597∗∗∗ 3.771∗∗∗ 3.881∗∗∗

(1.217) (1.209) (1.223) (1.214)
Professional −0.331 −0.479 −0.646 −0.313

(0.819) (0.820) (0.828) (0.824)
Other Jobs −0.003 −0.102 −0.165 −0.053

(0.765) (0.766) (0.764) (0.770)
Own effects:

Male −0.289 −0.302 −0.309 −0.320
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(0.341) (0.340) (0.339) (0.340)
Age 0.773∗∗∗ 0.765∗∗∗ 0.734∗∗∗ 0.747∗∗∗

(0.138) (0.132) (0.137) (0.134)
Black −2.075∗∗∗ −2.264∗∗∗ −2.093∗∗∗ −1.885∗∗∗

(0.670) (0.674) (0.679) (0.678)
Asian 0.838 0.936 0.817 0.883

(0.879) (0.879) (0.882) (0.886)
Hispanic −0.337 −0.364 −0.400 −0.443

(0.797) (0.797) (0.798) (0.796)
Other race 1.599∗ 1.649∗∗ 1.634∗∗ 1.586∗

(0.833) (0.832) (0.836) (0.834)
Both Parents −2.161∗∗∗ −2.040∗∗∗ −2.071∗∗∗ −2.064∗∗∗

(0.388) (0.388) (0.389) (0.388)
Less HS 1.144∗ 1.041∗ 1.074∗ 1.109∗

(0.590) (0.593) (0.587) (0.587)
More HS 0.163 0.165 0.232 0.188

(0.394) (0.393) (0.390) (0.393)
Edu missing 0.055 −0.009 0.041 0.026

(0.644) (0.645) (0.644) (0.643)
Welfare 3.692∗∗ 3.611∗∗ 3.723∗∗ 3.657∗∗

(1.701) (1.699) (1.703) (1.700)
Job missing 0.328 0.236 0.356 0.377

(0.664) (0.663) (0.662) (0.667)
Professional −0.324 −0.371 −0.382 −0.307

(0.448) (0.447) (0.444) (0.446)
Other Jobs 0.712∗ 0.640 0.634 0.704∗

(0.409) (0.407) (0.406) (0.408)
Network variables:

Constant −4.175∗∗∗ −2.576∗∗∗ −1.258∗∗∗ 0.031∗∗∗

(0.035) (0.039) (0.043) (0.050)
Same Grade 2.161∗∗∗ 2.257∗∗∗ 2.339∗∗∗ 2.401∗∗∗

(0.022) (0.024) (0.027) (0.028)
Same Sex 0.323∗∗∗ 0.298∗∗∗ 0.266∗∗∗ 0.252∗∗∗

(0.019) (0.021) (0.022) (0.023)
Same Race 0.746∗∗∗ 0.622∗∗∗ 0.664∗∗∗ 0.705∗∗∗

(0.027) (0.031) (0.033) (0.036)
δ1 −3.612∗∗∗ −2.887∗∗∗ −2.480∗∗∗ −2.362∗∗∗

(0.076) (0.056) (0.043) (0.055)
δ2 − −2.752∗∗∗ −2.387∗∗∗ −2.230∗∗∗

− (0.049) (0.036) (0.047)
δ3 − − −2.311∗∗∗ −2.114∗∗∗

− − (0.038) (0.041)
δ4 − − − −1.963∗∗∗

− − − (0.047)
Fixed Effect Yes Yes Yes Yes
AICM -154,830 -129,820 -125,690 -126,680
S.E.(AICM) 244.372 146.665 196.969 274.037
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Note:
1. Model (5): The SCSAR model with unobservable Z in one dimension.
Model (6): The SCSAR model with unobservable Z in two dimensions.
Model (7): The SCSAR model with unobservable Z in three dimensions.
Model (8): The SCSAR model with unobservable Z in four dimensions.
2. The MCMC runs for 150,000 iterations and the first 20,000 iterations
are dropped for burn-in.
3. Standard deviations of the posterior draws are in parentheses.
4. * Significant at the 10% level. ** Significant at the 5% level.
*** Significant at the 1% level. The indication of significance is based on
frequentist’s perspective.
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