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ABSTRACT
The unifying theme of my dissertation is the study of social structures and
dynamics of human networks: how peers at the micro level and physical environments at
the macro level interact with the individual preferences and attributes and shape social
dynamics.

The dissertation is composed of three parts. The first essay, “Friendship Choices
and Group Effects in Adolescent Smoking” explores the Add Health network data for
modelling of peer effects. I analyze the association between group effects and individual
behavior, as well as how the composition of friendship choices is affected by the change
of an individual’s attribute. This paper acts as exploratory analysis and theory building
piece for the second paper.

The second essay, “Social Distance and Homophily in Adolescent Smoking,”
addresses the issue of peer selection vs. peer influence. Human social networks are
characterized by high levels of homogeneity and clustering, and the question I seek to
answer with the study of adolescent networks is which of the two dynamics is most
responsible for the problem of adolescent smoking.
I employ the concept of social distance to parse out the effects of selection and
influence: the key insight is that influence and selection, while seemingly confounded,
are differentiable with the use of social distance. Friendship between two peers socially
distant implies strong selection effect: the effect of influence becomes weaker as distance
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grows. I also address the concern for selection on observables by adjusting the findings
with the propensity score weights model with three treatment indicators.

In the third essay, “Collective Location for Collective Action,” I discuss
collective action and collective location problems as complex social dynamics that are
shaped by physical factors. Collective action can be seen as an example of multiple
prisoner’s dilemma game, in which the Pareto inferior Nash equilibrium is to always
defect. Mass protests are collective actions taking place in a single location. The
provision of collective action then depends on the solution to the collective location
problem. I show that by solving the n-person location problem, the solution of which is
the center of mass of any convex surface, mutual cooperation becomes the Nash
equilibrium solution to the collective action problem.
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FRIENDSHIP CHOICES AND GROUP EFFECTS IN ADOLESCENT SMOKING

INTRODUCTION (“Birds of a Feather Flock Together”)
The similarity of attributes and behaviors among friends has been observed and
studied by researchers for a long time. Lazarsfeld and Merton (1954) coined the term
“homophily” to denote the tendency among individuals to associate themselves with
peers of similar backgrounds. Friends were found to have similar heights and personality
profiles (Berkowitz 1969), as well as socio-economic characteristics (Mariano and
Harton 2005). So what drives the individuals towards like-minded peers?

The study of adolescents seems particularly well-suited for analyzing the
homophily effect. First, adolescence is a period when most individuals acquire their lifelong friendships and attendant social skills. Second, the social networks of adolescents
can be conveniently examined in the school setting: student roster provides complete
enumeration of the members of a social network, which helps with the validity of the
analysis involving such data.

Based on the studies of the adolescent networks, for a long time it was held as
self-evident that peer influence was the primary source of social homogeneity among
groups of individuals. Several studies indicated (Bronfenbrenner 1970; Dishion et al.
1999; Berndt and Keefe 1995) that peer pressure drove adolescents to assimilate to their
peers, and most school based intervention programs, which were mainly geared for health
education, were designed to teach adolescents ways to cope with peer pressure (Turner
and Shepherd 1999). While unrelated to the issue of adolescent peer behavior, Christakis
1

and Fowler (2007, 2008) found that the effect of influence is significant up to three
degrees of separation, implying that the behaviors may also spread like diseases (with
less infectiousness, figuratively speaking.)

What is behind the disease analogy is the concept of “meme,” which was first
proposed by Dawkins (1976). He compared the spread of behaviors, information, fads
and fashions to the spread of genetic information in the biological systems, and came up
with the term “meme,” from the Greek word that signifies “imitating” (mime). This
conceptualization of the informational and behavioral spreads implied that the latter had
some sort of autonomous tendencies, which made the existence of memes totally separate
from their “hosts”: i.e., memes had life of their own. Under this framework of thought
peer pressure would simply be the main conduit for the phenomena of behavioral
contagion, and theoretically the propagation of behaviors could be unlimited.

This conceptualization of information and behaviors having certain level of
infectiousness was however challenged by researchers who recognized that individuals
express preference for peers who have similar attributes to their own and select whom
they associated with. Moreover, individuals adapt their behavioral decisions according to
the environment they are in. For instance, Ahituv (1996) found there is a significant
association between the levels of demand for condoms and the local prevalence of HIV,
which in turn limited the propagation of the virus: individuals responded to the
environmental (read: contextual) factors and adapted their behaviors according to the
circumstances that surrounded them. In other words, individuals were not defenseless
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against contagion, but they responded to the external influence by making adequate
choice.

Similar studies have shown that it is advisable to take the selection effect into
account when it comes to estimating the influence effect. The magnitude of the bias
stemming from ignoring selection effect in the analysis of peer effects can be very large:
a study that analyzed dynamic network of global instant messaging activities of 27.4
million nodes (Aral et al. 2009) showed that the effect of “homophily” (i.e., selection on
attribute) dominated the behavioral “contagion” effect (i.e., influence). It found that
studies that don’t control for selection overstates the effect of peer influence on product
adoption decisions by between 300 to 700%.

Despite ample evidence against modeling influence effect without controlling for
selection, relatively few studies attempted to adjust for its confounding effects. This is
partly due to the methodological difficulties involved in separating the two effects. A
more stringent evaluation of peer influence and selection effects requires at the very least
the use of longitudinal network data, where each member of the network reports on
his/her own behavior. When the selection effect is taken into account, studies usually find
some evidence selection: in the context of adolescent smoking several studies have found
a mixed evidence for both effects (Alexander et al. 2001; Hall and Valente 2007; Kirke
2004; Mercken et al. 2009; Urberg et al. 1997).
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The main research question is then how to model peer effects. In this study I
attempt to elucidate these effects by taking two rather different approaches: in Part I I
model the peer influence effect through the group effect: groups are thought to be main
contexts in which peer pressure is applied. Dishion et al. (1999) finds significant peer
pressure effect in the group setting. However, the methodological difficulty associated
with using groups as the main unit of observation is related to the uncertainty of how to
establish group boundaries. Group structure is often dynamic in nature, and as the result
the periphery of the group can be diffuse, with fluctuating memberships for peripheral
alters. I address this question in Part I as well. In Part 2 I model the selection effect
expressed through friendship choice. I construct variables based on the observed changes
in friendships between Waves 1 and 2, and explain how smoking behavior is moderated
by contextual factors such as the school social norm towards smoking.

PART I: REPLICATION OF ENNETT AND BAUMAN
1.1. Group Effects in Adolescent Smoking
Numerous studies have found that adolescents are more likely to smoke if they
are exposed to friends who engage in this behavior (for review, see Kobus, 2003). Studies
reporting a correlation between the smoking behavior of adolescents and their friends
typically infer that this association is the result of peer influence (i.e., influence effect),
while ignoring the fact that adolescents may choose friends who are similar to themselves
in terms of smoking (i.e., selection effect). However, both of these tendencies may
contribute to the homogeneity in adolescent peer group smoking behavior. To fully
understand the extent to which influence vs. selection accounts for this homogeneity, it is
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critical to use longitudinal data in order examine changes in peer group affiliations and
smoking behavior over time. The problem of selection and influence is two folds. One is
the group effect, the other is how selection manifests itself through the

One of the first and most influential of these studies was conducted by Ennett and
Bauman (1994), who followed a cohort of 9th grade students in five North Carolina
schools over a one-year period from 1980-1981. Their primary contribution to the field
was the innovative use of group membership as indicators of peer influence and selection.
Ennett and Bauman used spectral decomposition techniques (Richards, 1995) to identify
clusters of friendships (i.e., friendship cliques), which were then used as the unit of
analysis. The analytical advantage of this approach over other studies that focus on the
dyadic friendship ties (Hoffman et al., 2007; Sieving et al., 2000) is that it enables the use
of standard statistical techniques by addressing the problem of autocorrelation that
typically occurs in network datasets. When the error structure in the data is known to be
correlated because of transitivity/reciprocity, one cannot use standard statistical
techniques that assume independence of errors, such as the OLS, because the results will
then be biased. Ennett and Bauman’s approach of group-based analysis was one of the
first attempts at solving the problem of autocorrelation by treating group membership as
categorical factor.

Ennett and Bauman’s study is often cited as providing evidence that both
selection and influence contribute moderately (and about equally) to peer group
homogeneity in adolescent smoking (Engels et al., 1998; Engels et al., 1997; Schofield.
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2001; Tucker et al, 2003). However, it is possible that their findings may have at least
partially been the product of the historical context of this study, given that the data were
collected in the early 1980s (prior to the decline in youth smoking that occurred
beginning in the mid ‘90s (Johnston, 2006) and the study population was students in
North Carolina schools, a state which has one of the highest rates of youth smoking in the
country.

To the best of my knowledge, the present study is the first to attempt to replicate
this influential study using the same spectral decomposition technique of group
classification, but in a nationally representative and more contemporary cohort of
adolescents.

1.2. METHODS
Participants
This study uses data from the National Longitudinal Study of Adolescent Health,
a longitudinal survey of American adolescents in grade 7 through grade 12 (Bearman et
al., 1997). Using a stratified sampling design, 80 high schools were randomly selected
from schools across the U.S. based on a combination of factors such as region, urbanicity,
racial composition, and size. Of the schools sampled, 16 of them were selected for the socalled “saturated” sample: the entire school’s student body was interviewed, creating a
map of complete socio-centric school network. I restricted the sample to adolescents who
were observed in both Wave 1 (1995) and Wave 2 (1996), had complete information on
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the study variables, and were classified as “group members”1 (see below). This resulted
in a final sample size of N = 1,223.

Smoking Behavior
Participants were classified at each wave as a “smoker” if they reported smoking
at least four days in the past 30 days. This level of smoking roughly corresponds to
weekly smoking and is the median number of days smoked in the past 30 days for
smokers in the entire dataset.

Group Membership
In order to measure group effects, I determined: a) individuals’ social positions in
the school social network; b) whether the group is a smoking or non-smoking group.
Individuals’ social positions fall into three broad categories: group members, liaisons,
and isolates. Group members are those with 50% or more ties directed to members of the
same group, liaisons are nodes that connect one or more groups with other groups or
nodes, and isolates are those with at most one tie with the rest of the network. In addition,
group members are assigned a unique group identifier. I used the NEGOPY software
(Richards, 1995) to determine social position, which is optimized when I have good
information on the number of connections as well as the strength of those connections.
For each nominated friend, adolescents were asked whether they had engaged in the
following behaviors during the past 7 days: 1) Visited the friend’s home; 2) Talked with
the friend over the phone; 3) Discussed a problem with the friend; 4) “Hung out” with the
friend after school; and 5) Spent time with the friend during the weekend. I obtained the

7

tie strength score by averaging the five items, and further transformed the scores by
giving more weight to those who shared more dyadic activities. I also addressed the
problem of missing and/or unobserved ties by imputing for the missing ties using the
Preferential Attachment algorithm (Huisman, 2007), which is based on the idea that
nodes that have the most in-degrees (i.e., receiving nominations) will attract even more
ties.

Having determined individuals’ social position in the school social network, I
followed Ennett and Bauman’s (1993; 1994) approach in classifying the groups as either
“smoking” or “nonsmoking.” I defined a “smoking group” as a group that included at
least one smoker and a “nonsmoking group” as a group that did not include any smokers.
Note that the focal adolescent’s own smoking behavior was not used to determine group
type. As the result, the group label (i.e., smoking/non-smoking) is not universally applied
to everyone in a given group, but rather depends on the presence/absence of smokers
other than the individual in question. For instance, a group containing one single smoker
is a non-smoking group for the smoker but a smoking group for the other group members.

We also classified groups as “surviving” or not based on the proportion of group
members that were members during both waves. Following Ennett and Bauman’s
definition, I define surviving groups as the ones that have at least 50% of members to
stay with the same group between the waves. Identification of groups as surviving or not
allows us to control for changes in group membership between the two waves of data
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collection. I refer to the analysis using surviving groups only as “reduced” sample and the
analysis that includes both the surviving and non-surviving groups as “full sample.”

1.3. RESULTS
Influence
We used crosstabs to test the two influence hypotheses for smoking initiation and
cessation, respectively: 1) Wave 1 nonsmokers in smoking groups will be more likely to
become smokers by Wave 2 than Wave 1 nonsmokers in nonsmoking groups; and 2)
Wave 1 smokers in nonsmoking groups will be more likely to become nonsmokers than
by Wave 2 Wave 1 smokers in smoking groups. Results for initiation were consistent
with an influence effect (see top of Table 1.1): initial non-smokers in the full sample who
belonged to a smoking group at Wave 1 were about 1.5 times more likely to start
smoking by Wave 2 compared to initial non-smokers who belonged to a smoking group
(OR = 1.48, 95% CI = 1.03-2.15, p = 0.03). However, this association was not found
when the analyses were done with the reduced sample. Results for cessation were also
consistent with an influence effect (see bottom of Table 1.1): initial smokers in the full
sample who belonged to a non-smoking group at Wave 1 were about twice as likely to be
non-smokers by Wave 2 compared to initial smokers who belonged to a smoking group at
Wave 1 (OR = 2.11, 95% CI = 1.10-4.06, p < .02). This association was even stronger in
the reduced sample (OR = 15.7, 95% CI = 2.65-93.4, p < .001). I infer from these results
that there is stronger evidence for peer influence in the case of smoking cessation than
smoking initiation. In addition, I measure the strength of association using the
contingency coefficient (Barton et al, 2003), which is an index of strength of association
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Table 1.1: Peer Influence on Initiation and Cessation: Crosstab of Wave 1 Clique
Membership Type (Smoking vs. Non-smoking) with Smoking Status at Wave 2
(Smoker vs. Non-smoker), by Wave 1 Smoking Status (in Percentages)
Among Wave 1 Non-Smokers:
Wave 2 smoking behavior
Smoker
N
Non-smoker
N
Total
N

Among Wave 1 Smokers:
Wave 2 smoking behavior
Smoker
N
Non-smoker
N
Total
N

Type of Wave 1 clique
Surviving only
All
Smoking
Non-smoking
Smoking
Non-smoking
9.4
13.9
18.0
12.9
5
17
92
52
90.6
86.1
82.0
87.1
48
105
418
351
100.0
100.0
100.0
100.0
53
122
510
403
χ2 = 0.68, p = 0.41
χ2 = 4.47, p = 0.03
OR=0.64 (0.22,1.84)
OR=1.48 (1.03,2.15)
Contingency coeff = 0.09
Contingency coeff = 0.10
Type of Wave 1 clique
Surviving only
All
Smoking
Non-smoking
Smoking
Non-smoking
77.8
18.2
68.9
51.2
21
2
184
22
22.2
81.8
31.1
48.8
6
9
83
21
100.0
100.0
100.0
100.0
27
11
267
43
χ2 = 11.62, p< 0.001
χ2 = 5.23, p = 0.02
OR=15.75 (2.65,93.46)
OR=2.12 (1.10,4.06)
Contingency coeff = 0.68
Contingency coeff = 0.18
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ranging from 0 to 1 that is scaled by the sample size. Contingency coefficients of 0.100.30 indicate a small effect, 0.31-0.50 a moderate effect, and a large effect if the
contingency coefficient is greater than 0.5 (Cohen, 1988). The contingency coefficients
for the two initiation influence effects (coefficient = .09 - .10), and the full sample
cessation influence effect (coefficient = .18) indicate that these effects are small (albeit
statistically significant). In contrast, the contingency coefficient for the reduced sample
cessation influence effect (coefficient = .68) indicates that there is a strong influence
effect on cessation among smokers in non-smoking surviving groups.

Selection
I evaluated the hypothesis that group members who changed groups between
waves would select groups with smoking behavior congruent to their own. As shown in
Table 1.2, there was a general tendency for both initial smokers and non-smokers to join
a smoking group by Wave 2. However, in the full sample, initial smokers were more
likely than non-smokers to join a smoking group by Wave 2, and non-smokers were more
likely than smokers to join a non-smoking group by Wave 2 (OR=1.95, 95% CI =
1.35,2.83). This general pattern was also found in the reduced sample, although it was not
statistically significant. In terms of strength of association, the contingency coefficient
indicates that the selection effect is weak in both samples (coefficient = .14-.16).
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PART II: FRIENDSHIP CHOICE
2.1. Testing of Influence and Selection Effects

Table 1.2: Peer Selection: Crosstab of Wave 1 Smoking Status (Smoker vs. Nonsmoker) by Type of Wave 2 Clique Joined (Smoking vs. Non-smoking) (in
Percentages)

Type of Wave 2 clique
joined
Smoking
N
Non-smoking
N
Total
N

Wave 1 Smoking Status
Surviving only
Smoker
Non-smoker
Smoker
62.5
50.0
10
27
37.5
50.0
6
26
100.0
100.0
16
53
χ2 =0.66 , p =0.41
OR=1.60 (0.51,5.05)
Contingency coeff = 0.14

All
Non-smoker

84.9
74.3
231
548
15.1
25.7
41
190
100.0
100.0
272
738
χ2 =12.83 , p < 0.001
OR=1.95 (1.35,2.83)
Contingency coeff = 0.16

Ennett and Bauman hypothesized (1994) that an adolescent’s reaction to peer
influence can manifest itself in two ways. First, adolescents can be influenced by peer
pressure and take up (or quit) smoking. Second, adolescents select peers who have
similar attributes to their own and/or break off ties with peers whom they don’t like.
In terms of what can be observed in the data, selection manifests itself as changes
in the structural ties, whereas under the influence effect structure stays unchanged and the
attributes of individuals change instead. As illustrated in Figure 1.1, one can take
advantage of such information to come up with possible schemes to separate the effects
of influence and selection. For the purpose of analyzing influence and selection effects I
estimate the changes in the numbers of smoking and non-smoking friends between Wave
1 and 2.
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As illustrated in Table 1.3, the changes in the numbers of friends of a smoking
type (yes/no) indicate possible selection/de-selection effect on smoking. For example, if a
smoker quits smoking because of the selection mechanism then the act of quitting (an
attribute change) would manifest itself in the number of smoking and/or non-smoking
friends that the quitter has. On the other hand, were the act of quitting due to influence,
then there would be no clear manifestation in terms of changes in the number of friends
of particular smoking type.
Naturally, any of the friendship changes could be due to randomness: there are
many reasons why adolescents forge or forgo friendships, and smoking is simply one of
them. Therefore I create appropriate reference groups for each smoking behavior. For
quitters, I compare their rates of friendship changes with the consistent smokers, and for
the takers I compare them with the consistent non-smokers.
Figure 1.1: Conceptualization of influence and selection effects

Table 1.3: Schematic of influence and selection effects
Selection Effect

Influence Effect






 (or slight decrease)
 (or slight increase)
 (or slight increase)
 (or slight decrease)

 in # of Smoking Friends
 in # of Non-Smoking Friends
 in # of Smoking Friends
Initiators
 in # of Non-Smoking Friends
Quitters
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Table 1.3 is the conceptualization of the separation scheme I outlined above. In
terms of statistical implementation the difference in the numbers of friendships of one is
tested against that of the reference group: if the selection effect is not significant, one can
argue that it was the influence effect that caused the adolescent to change his/her
behavior. In that sense what I am testing is the presence of selection in the data, influence
being the default effect that explains changes in the attributes (i.e. smoking behavior) of
the adolescent.

Summary


Influence and selection effects can be differentiated by looking at the changes in
the # of friendship ties



Influence effect by definition only affects the attribute of the respondent: Ties
=0



Selection effect by definition only affects the number of friendship ties: |Ties|
>0



By associating behavioral changes (“quitter"," initiator”) with Ties one can infer
whether a particular behavior is driven by influence or selection



Assumption that friendship ties stay stable for the influence effect to hold true

In addition to testing influence and selection effects, I also study the potential
confounding effect on the selection and influence effects by the school social norm effect
(Leatherdale et al. 1999). The prevalence of smoking at the school level, represented by
the proportion of smokers at the school, can moderate both effects: if there are few
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smokers in a school, smoking initiators would have a hard time selecting other smoking
peers. The converse is also true in the case of quitters. I use the social network data
included in the National Longitudinal Study of Adolescent Health (Bearman et al.1997),
also known as “Add Health”.

2.2. METHODOLOGY:
Bayesian Multilevel Analysis
I apply the varying intercept, varying slope multilevel level model framework for
the analysis (Gelman and Hill 2007). As I hypothesize above, there is strong ground to
expect the coefficient for selection to depend on the levels of smoking prevalence in each
of the schools. It is not possible to capture the moderating effect of the school social
norms on smoking using models that control for the school effects as fixed effects or
random effects without the varying slope/intercept: while such models can indicate the
moderating effect of the school level smoking prevalence by including interaction terms,
it cannot estimate the effects for each of the schools in one single model.

The data and the configuration of the variables are the same as in Part I of this
paper and they are as follows:

Y outcomes: the difference between Wave 1 and Wave 2 in


The total number of friends (ego network size)



The number of in-school friends



The number of smoking friends
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The number of non-smoking friends



The number of out-of-school friends

Each one of the outcome variables associates the changes in the attribute of the
individual i with the structural change in the ego’s network. The differences in the
numbers of smoking and non-smoking friends are the primary outcomes of interest. In
addition, the change in the total number of friends indicates the overall effect of selection.
I take advantage of the feature in the Add Health network data that differentiates inschool friends from out-of-school friends. The latter includes information on its
“existence” through the use of special dummy IDs for out-of-school friends, although
Add Health data doesn’t collect their personal information. The increase/decrease in this
quantity indicates the effect of smoking on the school attachment of the individual in
question and the social acceptance of the smoking behavior. A significant result would
indicate that initiators/quitters look for peers outside their own school. Finally, the
differences in the numbers of smoking and non-smoking friends are the primary
outcomes of interest.

The selection indicator represents the smoking type of the inference group versus
reference group. For initiation the inference group is the smoking initiators, and these are
compared to consistent non-smokers. Likewise, in the case of quitters the reference group
consist of consistent smokers.
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I also include a number of demographic and personal characteristics variables as
controls: Grade, Gender, Race, Parental Education, GPA, Self-Esteem, Depression
(CESD,) School Attachment, and Average Delinquency. The natural units of aggregation
are the sixteen “saturated” schools where the entire school’s student body was
interviewed, creating a map of complete socio-centric school network

The following is the list of variables and the corresponding symbols used in the
model:

sj: school level smoking prevalence
Ii: status (“quitter” vs. consistent non-smokers; “initiators” vs. consistent smokers)
Xp: demographics and background variables

For varying slope and the intercept ( and , respectively):
0: global intercept (across 16 schools)
1: global slope (across 16 schools)
error term

1) y i  ( 0   1 s j   j )  ( 0   1 s j   j ) I i   X p ,i   i
   0   1 s j    2
 j 
, 
2)   ~ N   

2 2






s
1
j      
 j
 0

 2 2  

 2  
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where j=1…16 and i=1…N

This is the straightforward application of the mixed effects model specified in
Gelman and Hill (2007). I use the WinBUGS program (Lunn et al. 2000) to take
advantage of its Bayesian analytic framework. Unlike many standard multilevel model
programs, WinBUGS treats group level information as “prior information” for the
estimation of the individual level coefficients. In the present context the prior
distributions that are used to better estimate the coefficients are specified in Equation 2:
the intercept and the slope are estimated with the school level information, sj, and the
variance-covariance matrix that correlates the two coefficients further add information to
the estimation. The gamma terms in turn have non-informative priors.
The main coefficients of interest are the gamma terms for the selection effect for
the schools, j, and j terms themselves. These coefficients each represent the moderating
trend of school social norms on smoking initiation (cessation), as well as the effect of
selection on friendship choice in each of the schools. WinBUGS is a Markov-Chain
Monte Carlo (MCMC) model and I apply 3000 runs for the estimation of the parameters.

2.3. RESULTS
For the results I include the detail results of the smoking initiation model only as
the model involving quitters do not indicate any significant levels of association between
the outcome and the variables of interest. This is made evident in Figure A.6: while some
school level trends are visible, the error bars for each of the school coefficients are too
wide to merit further attention. More results of the multilevel analysis are found in the
appendix A.

18

Focusing on smoking initiation, I find that the school trend for the difference in
the number of smoking friends is statistically significant (1 = 2.7, 95% CI = 0.59 – 4.90).
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Table 1.4: Multilevel model estimation with WinBUGS (School IDs are in quotes)
,1)

 ‘1’

 ‘2’

 ‘3’

 ‘7’

 ‘8’

 ‘28’

 ‘58’

 ‘77’
0.34
( -0.34 – 1 )

 Total
number of
friends

-0.03

0.67

0.73

0.27

0.74

0.73

0.73

( -6.4 – 4.5 )

( -0.77 – 2.6 )

( -0.33 – 2.5 )

( -1.6 – 1.2 )

( -0.39 – 1.9 )

( -0.27 – 1.9 )

( -0.25 – 2.4 )

0.77
( -0.016 – 1.5
)

 Number of
in-school
friends

0.99
( -3.8 – 5.273
)

-0.05
( -1.2 – 1.128
)

0.17
( -0.73 – 1.321
)

0.11
( -0.85 –
0.846 )

0.27
( -0.74 – 1.14
)

0.01
( -1.1 – 0.754
)

0.15
( -0.72 –
1.154 )

0.52
( -0.11 –
1.186 )

0.12
( -0.37 –
0.651 )

 Number of
smoking
friends

2.70

0.05

0.98

0.01

0.86

( -0.35 – 0.5 )

0.37
( -0.00029 –
0.71 )

0.86

( 0.59 – 4.2 )

0.09
( -0.39 – 0.83
)

( 0.49 – 1.2 )

( 0.53 – 1.5 )

( -0.49 – 0.4 )

( 0.63 – 1.1 )

0.14
( -0.056 –
0.34 )

-2.10

-0.23

0.19

-0.42

-0.66

0.09

( -7.2 – 2.7 )

( -2.1 – 1.4 )

( -0.88 – 1.8 )

( -1.6 – 0.5 )

( -1.7 – 0.29 )

-0.87
( -2.4 – 0.0085 )

-0.41
( -0.97 – 0.25
)

0.03
( -0.51 –
0.53 )

-2.20

1.00

0.68

0.00

0.47

( -6.6 – 2.5 )

( -0.49 – 2.7 )

( -0.53 – 1.9 )

( -1.6 – 0.91 )

0.20
( -0.29 –
0.71 )

 ‘81’

 ‘88’

 ‘106’

0.68

0.44

( -0.4 – 2.4 )
0.02

 Number of
non-smoking
friends
 Number of
out-of-school
friends

 Total
number of
friends

( -0.91 – 1.5 )

( -0.4 – 1.6 )

0.77
( -0.016 – 1.9
)

0.70
( -0.33 – 2 )

0.03
( -0.52 – 0.59
)

 ‘115’

 ‘126’

 ‘175’

 ‘194’

 ‘369’

0.51

0.63

0.76

0.39

0.73

0.85

( -1.1 – 1.4 )

( -0.74 – 2 )

( -0.85 – 2.4 )

( -0.31 – 2.6 )

( -1.4 – 2.2 )

( -0.7 – 2.5 )

( -0.34 – 2.8 )

0.10
( -1.1 – 1.168 )

0.00
( -1.1 – 1.038
)

0.15
( -0.97 –
1.414 )

0.17
( -1.3 – 1.571
)

-0.03
( -1.4 – 1.021
)

-0.09
( -1.4 – 1.191
)

0.06
( -0.47 – 0.6 )

0.46
( 0.073 – 1.1
)

0.04
( -0.41 – 0.56
)

 Number of
in-school
friends

( -1 – 0.958 )

0.21
( -0.95 –
0.955 )

 Number of
smoking
friends

-0.02
( -0.43 – 0.44
)

0.38
( -0.19 – 0.81
)

-0.01

0.18

( -0.45 – 0.49 )

( -0.3 – 0.79 )

0.01
( -0.45 – 0.47
)

-0.09

-0.49

0.12

0.08

0.34

0.31

-0.67

-0.36

( -1.3 – 1 )

( -1.8 – 0.47 )

( -1.1 – 1.4 )

( -1.3 – 1.4 )

( -0.85 – 1.9 )

( -1.2 – 2.1 )

( -2.7 – 0.58 )

( -2.1 – 1.1 )

0.87

0.39

0.74

1.00

0.62

0.99

( -0.72 – 2 )

( -0.29 – 2.5 )

1.00
( -0.0063 –
2.4 )

 Number of
non-smoking
friends
 Number of
out-of-school
friends

1.20
( -0.077 – 2.7
( -0.22 – 2.4 ) ( -0.72 – 1.6 )
( -0.42 – 2 )
( -0.29 – 2.3 )
)
95% CI in brackets. Borderline significant results were included for illustrative purposes.
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The trend is also visible in Figure A.3: there is clearly an uptrend in selection of smoking
peers with the increasing levels of smoking at the school. It indicates that when the
school level smoking prevalence is 34%, which is the maximum observed in the data, a
smoking initiator would almost gain an additional smoking friend compared to nonsmoking counterpart. The trends in the difference in the number of non-smoking friends
is decreasing, that is, with higher smoking school level prevalence smoking initiators
have fewer non-smoking friends. Whether these are the friends who also take up smoking
or new smoking friends is not clear in the model, but the fact that most smoking initiators
gain friends (Figure 1.1) indicates that they might be new friends. On the net, I infer there
is some selection effect of smoking.
While not statistically significant, the coefficient for the difference in the number
of out-of-school friends decreases with the increase in the school level smoking
prevalence. It is interesting to note that in low smoking prevalence schools a smoking
initiator might not be able to find peers who also smoke. If smoking is peer driven social
activity, it makes sense for isolated smokers in low smoking prevalence schools to look
for like-minded peers outside the school. The present analysis offers some evidence for
support.

DISCUSSION
Part 1 has as its aim the replication of Ennett and Bauman’s model with nationally
representative dataset. I find that influence and selection effects are both significant.
Contrary to Ennett and Bauman, however, I find that the strength of association is
stronger for smoking cessation than initiation for the influence effect, and overall the
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influence effect is stronger than selection effect. Contingency coefficients for the full
sample crosstabs indicate that the influence and selection effects are significant yet weak,
while it is strong for smoking cessation in the reduced sample; however, this could be an
artifact of the way surviving groups are determined, since one is more likely to observe
influence rather than selection effect among the members of surviving groups: surviving
groups might have unobservable cohesive factors that differentiate them from the nonsurviving groups. This is a significant flaw of Ennett and Bauman’s original design. In
fact very significant influence effect in smoking cessation might actually imply strong
selection effect on smoking. For the same reason, estimating selection effect with
surviving groups is likely to lead to non-significance, which is what I observe.

While the exclusive use of surviving groups is a significant flaw in the Ennett and
Bauman’s original design, I find the same pattern of similar levels of influence and
selection effects in the full sample judging by the test statistics. However, in terms of the
magnitude of those effects I find that both influence and selection effects are much
weaker than Ennett and Bauman’s analysis: I believe these differences are due to the use
of the nationally representative sample of adolescents that is also more contemporary.
Given the secular trend of decreasing smoking prevalence and increasing awareness, it is
to be anticipated for the peer effect on smoking to decrease over time as well. These
updated findings should be reflected in future studies of peer effects in adolescent
smoking.
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In Part II, I elaborate more on the idea of selection and influence by looking at the
differences in peer selection and influence in terms of changes in the numbers of friends
and peers of particular smoking type. I construct a clear framework that distinguishes
selection and influence effects on the basis of structural and attributes’ changes,
respectively, and apply it on the network data to test different hypotheses regarding the
adolescent smoking behaviors. With the Bayesian multilevel model framework I find
some indications to support selection effect in adolescent smoking, as well as how social
norms moderate the effect.
It is also noteworthy that there is no selection effect with respect to quitting. The
proposed analytic framework (Table 1.1) can only test for the absence of selection effect,
meaning one cannot rule out the effect of peer influence on quitting. The evidence for
peer influence effect for quitting was offered in the NEGOPY group analysis.
However, these findings are only preliminary in the sense that they don’t test for
selection and influence effects explicitly. Ideally a model should be able to incorporate
both effects, which would act as each other’s controls.
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SOCIAL DISTANCE AND HOMOPHILY IN ADOLESCENT SMOKING

INTRODUCTION
Adolescent smoking is a serious public health issue. Starting smoking before age
15 doubles the risk of contracting lung cancer, as well as increases the risk of breast
cancer, compared to starting at age 20 (Peto et al. 2000). Smoking initiation before the
age of 16 also doubles the risk of cardiovascular disease regardless of the amount of
exposure to smoking (Planas et al 2002). Despite the seriousness of smoking-related
health risks and the substantial efforts that have been directed at curbing smoking among
adolescents, the incidence of smoking among adolescents still remains high. The latest
figures from the Monitoring the Future survey show 20.1% of 12th graders and 13.1% of
10th graders have reported smoking at least once in the last 30 days, and 11.4% of 12th
graders reported smoking daily (Johnston et al 2009).
Several studies have highlighted peer influence as an important factor in
explaining the persistence of smoking (and other risky behaviors) among adolescence.
In fact, the idea that peer influence (or pressure) is the main driver of adolescent smoking
is the basis of many health education programs in school settings (Turner and Shepherd
1999), although evidence supporting the role of peer pressure in adolescent smoking is
rather mixed (Kobus 2003; Michel and West 1996). While it is well established that peer
relationships are associated with adolescent smoking, the nature of this association is not
well understood. This lack of clarity is especially acute when it comes to the direction of
this association – that is, whether the significant association that is typically found
between adolescent smoking and peer smoking is due to adolescents being influenced by
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the smoking behavior of their peers or to adolescents choosing to be friends with peers
who engage in similar smoking behavior.

Homophily in Adolescent Smoking Behavior
The tendency for making friendship choice based on similar traits leads to
behavioral congruence at the individual level, and the tendency for conformism towards
the social norm in the network leads to homogeneity at the group level. Studies reporting
a correlation between the smoking behavior of adolescents and their friends typically
infer that this association is the result of peer influence (i.e., influence effect), while
ignoring the fact that adolescents may choose friends who are similar to themselves in
terms of smoking (i.e., selection effect). Relatively few studies have attempted a more
stringent evaluation of peer influence and selection effects through the use of longitudinal
friendship network data, where each member of the network reports on his/her own
smoking behavior (Alexander et al. 2001; Hall and Valente 2007; Kirke 2004; Mercken
et al. 2009; Urberg et al. 1997).

It is critical to recognize that both influence and selection effects determine how
peer pressure is applied to adolescent behavior: influence involves an individual’s
attributes changing in response to the predominant behavior in the social network to
which the individual belongs (e.g., the adolescent begins smoking because of pressure
from friends who smoke or due to modeling their behavior), whereas selection involves
structural changes in an individual’s social network as the result of an individual
selecting to form or dissolve friendships with peers who hold certain attributes. For
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example, a smoking adolescent chooses to form friendships with other smokers, or sever
ties with peers who do not smoke.

Both the selection and the influence effects are processes that lead to the
homogeneity of peer networks. Through several iterations of selecting similar peers, their
shared social networks eventually display high levels of homogeneity (McPherson et al.
2001). Adolescents tend to associate with peers who have similar attributes as their own
such as age, socioeconomic status, and educational background (Mariano and Harton
2005). In addition, peers exercise peer pressure on the adolescents, which speeds up the
process of assimilation (Dishion et al. 1999). Since peer selection and peer influence
effects are both processes of network homogenization rather than its outcomes, the two
are indistinguishable if one ignores the pathways of network evolution and the levels of
network homogeneity over time. As the result, any identification strategy has to involve
some form of before-and-after longitudinal approach in order to identify the two effects.

Methodological Approaches to Differentiating Peer Influence from Peer Selection
Two insights from the above discussion suggest a novel analytic approach to
differentiating peer influence from peer selection effects. The first insight is that
selection is best expressed when an adolescent explicitly indicates a preference through
the action of choosing a peer with similar attributes or behaviors as his/her own. It then
follows that if selection on smoking is a statistically significant driver of smoking
behavior among adolescents, statistical analysis should show that the adolescent smoker
is more likely to choose smoking peers as friends rather than choosing non-smoking
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peers as friends. On the other hand, if peer influence is a significant determinant of
adolescent smoking behavior, one will observe that the smoking behavior of the focal
adolescent will change over time to be more consistent with the predominant smoking
behavior of the adolescent’s peers. In regards to the statistical analysis of the influence
effect, one can test whether being exposed to smoking peers in terms of both the quantity
(the number of smoking peers) and the duration (e.g.,one year) increases the chance of
smoking uptake compared to being exposed to non-smoking peers.

The second insight is that the social space matters when it comes to estimating the
selection and influence effects of peers. A major difficulty with the analysis of influence
and selection effects is the fact that much of the variation in individual behaviors is
highly correlated with those of the peers. Since the autocorrelation of behaviors
percolates through the entire network, one has to be especially careful when attributing
the source of influence to immediate peers (Calvo-Armengol et al 2005; Snijders 2001).
In addition, the difficulty of according sources of influence to one’s peers is also
discussed in the form of the “reflection problem” (Manski 1993), as the mean behavior of
the network depends on the behaviors of the individuals in the network and vice-versa
(i.e., endogeneity).

Figure 2.1: Social Space
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The approach to the solution of the seemingly intractable problem of identifying
peer influence and selection effects starts with the degrees of separation in the
adolescent’s social space (Figure 2.1), which I shall call “social distance.” Intuitively,
those peers who are socially distant from the focal adolescent are likely to be least
influential in affecting this adolescent’s behavior, whereas peers who are socially nearby
are likely to be the strongest sources of influence on the focal adolescent. In other words,
the strength of influence on the focal adolescent by a source should be proportional to the
social distance between the two. Having in mind the reflection problem, one can
approach the problem of differentiating the effect of peer influence from the contextual
effect by systematically identifying the characteristics of the peers (in the present case,
their smoking status) and their numbers in each degree of separation away from the focal
adolescent: the autocorrelated effect of influence decays as its source (be it an individual
or a group) is further distant from the focal adolescent and, as a result, the
differentiability between influence and selection effects should also increase with social
distance.

One important consideration is how large the social distance should be for this
model to be valid and lessen the problem of autocorrelation. A possible answer comes
from Christakis, Fowler and colleagues (Christakis and Fowler 2007, 2008; (Rosenquist
et al. 2010)), who found that the peer influence effect on health behaviors holds up to
three degrees of separation. That is, individuals are influenced by (and influence) their
friends, friends of friends, and friends of friends of friends, but not by those who are
located beyond the three degrees of separation. Their work is relevant to the present study
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because: 1) it provides the upper bound of the extent to which an individual can affect
and be affected by his/her social network; and 2) it establishes a useful cut-off point for
autocorrelation in peer behavior.

Returning to the first insight, which proposes that the effect of selection manifests
itself best when the focal adolescent indicates a preference through his/her choice of new
friends, one can construct selection (and de-selection) effects as the number of new (and
former) friends in each degree of separation. In this case, it is likely more fruitful to focus
on new friendships rather than existing ones: existing friendships represent both
(realized) peer selection and pathways of peer influence, whereas new friendships (except
for cases outlined below) are the effects of selection only and thus differentiate this
process from the peer influence effect.

Not all selection effects constructed this way are valid representations of the
selection effect, however. Sometimes the structure of the network is not the outcome of
selection, but its main driver, and it is also confounded by the problem of influence. The
most basic form of this type of structure forcing selection and group formation is called
“triadic closure” (Kossinets and Watts 2006). Triadic closure denotes the tendency for
individuals to befriend the friend of a friend rather than someone at random. That is, two
persons who share a friend in common are more likely to know each other than two
completely disconnected individuals. As a result, an adolescent may be more likely to
befriend a smoking peer not because of a preference for this individual, but for the
structural reason of having a common friend with the smoking peer.
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Figure 2.2: Triadic Closure

The group effect of the triadic closure and the possibility of almost simultaneous
behavioral change by many in the same social space due to the shared environmental
factor (autocorrelation/ reflection problem) means that the selection effect that is
represented by new friendship ties within three degrees of influence is likely to be the
product of influence rather than true selection effect. Therefore a major caveat in this
analytic scheme is the possibility of triadic closure being misinterpreted as evidence of
peer selection when in fact it is likely a form of influence. As a result, without controlling
for the triadic closure effect one may overstate the true extent of the peer selection effect
as quantified by the changes in friendship ties over time. One approach to avoid the bias
stemming from the clique effects of the “nearby” homophily is to consider the friendship
choice between the ego and peers who are more than 3 degrees away (or unconnected
previously) to be the strongest expression of selection.

Summary
To recap, the central thesis of the present study is that: 1) peer influence
and selection effects cannot be parsed out without a longitudinal data analysis; and 2)
peer selection and influence effects are confounded by contextual and structural factors.
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In this study, I examine peer influence and selection effects on adolescent smoking
initiation by using social distance (i.e., degrees of separation) to classify changes in
friendship ties for each adolescent in the sample. Differing rates of new/former friendship
formations (with smokers) between smoking initiators and non-smokers can be tested for
the significance of selection effect in adolescent smoking. That is, the evidence for
selection on smoking would be stronger if the smoking initiators formed friendship with
socially distal smokers at higher rates than comparably distal consistent non-smokers.

METHOD
Sample
The data on socio-centric school networks and individual health information come
from the National Longitudinal Study of Adolescent Health (Bearman et al 1997). Also
known as Add Health, it is a longitudinal study of American adolescents who were in
grade 7 through grade 12 at baseline. Using a stratified sampling design, 80 high schools
were randomly selected from schools across the U.S. based on a combination of factors
such as region, urbanicity, racial composition, and size. Of the schools sampled, 16 of
them were selected for the so-called “saturated” sample: the entire school’s student body
was interviewed, creating a map of the complete socio-centric school network.
Specifically, I restrict the sample to individuals in the saturated school sample
who were observed in both Wave I and Wave II, in addition to having complete
information for variables to be analyzed, resulting in the sample size of N = 2694. I
further restrict the sample to those who did not quit smoking in order to focus the analysis
on adolescent smoking initiation. The reason for excluding quitting smoking from the
analysis is because the number of observed instances of quitting smoking is low in the
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sample, and I also could not find discernible statistical association between quitting and
the other variables. Excluding quitters from the sample results in the final sample size of
N = 2124. While the variables of behavior and friendship ties are observed in both
Waves, I do not explicitly model the time dimension but instead I construct indicators of
changes on behavior (smoking uptake) and friendship ties (selection, influence).

Measures
Smoking behavior. Smoking information was collected at Wave I and Wave II as
part of the In-Home surveys. Participants were classified at each Wave as a “smoker” if
they reported smoking at least four days in the past 30 days. I set the cut-off point at four
days because this is the median number of days smoked in the past 30 days for smokers
in the entire Add Health dataset. In addition, this allows for separating consistent smokers
from casual smokers in the dataset. For the analyses that examined changes in smoking
behavior between Waves I and II, “initiators” were those classified as nonsmokers at
Wave I and smokers at Wave II, “consistent smokers” were those classified as smokers at
both Waves, and “consistent non-smokers” were those classified as non-smokers in both
Waves.

Friendship Ties. Friendship selection is best expressed when the individual
chooses new friends, or drops existing friendships. Adolescents who choose smoking
peers over non-smoking in a statistically significant way are expressing their preference
for smoking peers, which is selection on smoking. Similarly, selectively dropping
existing friendships based on the friends’ smoking status in a statistically significant way
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can be seen as de-selection on smoking. Following the analytic plan outlined in the
Methodology section, I proceed to classify new friendships and former friendships into
three categories:
Selection and De-Selection: I classified each respondents’ nominated peers into
new smoking friends (for selection) or former smoking friends (for de-selection) who are
two degrees away at Wave I (Wave II), three degrees away at Wave I (Wave II), and
more than three degrees away or unconnected at Wave I (Wave II), and counted the
occurrence of each for every respondent. I only consider the last type of (de)selection as
“pure” (de)selection effect per the concept of “three degrees of influence.” I consider the
first two friendship types as “clique effects,” which denotes the effect that the members,
who are not one’s immediate friends, exercise on the focal adolescent.
I construct the degrees of separation measures by applying the distance formula
for estimating the shortest path between any two nodes i and j for directed graphs
(Wasserman and Faust 1994).

1)

d (i, j )  min p xij[ p ]  0

Where p is the pth power of the adjacency matrix X.

Influence: In addition, I estimate the number of smoking peers who maintain ties
with the focal individual in both waves, which represents the effect of peer influence.
Those peers who stay one degree away from the focal adolescent at both Waves are
considered as having a “direct influence effect” on the adolescent, and an “indirect
influence effect” if they stay two and three degrees away from the adolescent in both
Waves. I denote the smoking peers who stay attached to the focus adolescent between
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waves as “same smoking peers” if two or three degrees away, and “same smoking friend”
if directly nominated by the focus adolescent.

Friendship nominations are directional for the analysis, and each friendship tie
represents a nomination of a peer by the focal adolescent. As the findings of Christakis
and Fowler (2007) suggest, the directionality of the nomination is a significant factor in
the strength of influence: simply being nominated by an alter did not result in a
significant influence effect, whereas nominating someone resulted in significant influence
effect of the nominee on the nominator. This finding implies that influence effect flows
from the nominated to the nominator, but not the other way.

Social Norms: I model the social environment factor (i.e., the prevailing school
social norm towards smoking) as the proportion of consistent smokers in the rest of the
school social network outside each individual social space, which is up to 3 degrees of
separation away from the focal adolescent. This allows separate identification of the
school social norm effect from the peer effects within the sphere of influence.
Leatherdale et al. (2005) also used the proportions of smokers in the school as proxy for
social norm in the multilevel model context, albeit without taking into account the social
space of each individual.

Covariates: I control for personal characteristics such as depression (CESD),
grade point average, self esteem, school attachment, and average delinquency that are
considered to be psycho-social factors that contribute to adolescent smoking, as well as
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demographic background variables such as parental education, gender, grade, race, and
parental smoking. All covariates were observed at Wave 1.

Analytic Approach
Missing Data Imputation. The saturated school data that was analyzed for the
study include a significant level of missingness. Around 30% of the sample has at least
one missing observation for the covariates. In a typical study the subset of data with
incomplete observations would be ignored, which is equivalent to deleting incomplete
observations list-wise. This may severely bias the inference depending on the underlying
missing mechanism (Schafer 1997). Consequently missing data was imputed in the
analysis using the expectation maximization (EM) with importance sampling (King et al.
2001). The software package Amelia (Honaker, King, and Blackwell 2008), implemented
in the R programming environment, was used for this purpose. I combined the inferences
made on each of the imputed datasets adjusting for the uncertainties caused by the
missingness in the data (Schafer 1997).

Mixed Effects Model. The lme4 package implementation in R was used (Bates,
Maechler, and Dai 2008) to fit the generalized mixed effects model. The use of the mixed
effects model follows naturally from the natural clustering of observations by the schools.
The school effects are modeled as random effects instead of fixed effects. While there is
significant heterogeneity in the size of the schools and the number of schools included is
manageable (n = 16) for fixed effects only models, I modeled the school effects as
random effects to take advantage of the flexibility offered by mixed effects models
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(Gelman and Hill 2007). The unbalanced nature of the data makes the use of the
restricted maximum likelihood (REML) appropriate for this study (Faraway 2006), which
is the default optimization method in the lme4 package.
In addition to the school random effects, I explicitly model the effects of school
social norms towards smoking. As explained in the previous section, it is modeled as the
proportion of consistent smoking peers outside the three degree social space of each
individual. In the model the outcome variable of interest is smoking initiation (1 = Yes; 0
= No), and the following is the specification for the full model.

Pr( yi  1)  log it 1 ( j  s j[ i ]  X i ,selection  X i ,inf luence  s j[ i ] * X i ,selection

2)

 s j[ i ] * X i ,inf luence  X i ,cov ariates )

 j ~ N ( 0 ,  2 )
where i = 1… N individuals and j = 1 … J schools in the sample

Where j is the varying school intercept, sj[-i] is the proportion of school’s consistent
smokers excluding those who lay in the individual i’s social space, X selection and X influence
are the sets of influence and selection variables of interest, respectively. sj[-i] * X selection
and sj[-i] * X influence are the respective sets of interactions with the school social norm
variable. Finally, X covariates is the set of demographic and personal characteristic
variables. I control for the heterogeneity in each individual’s network size with an offset
term, which is the size of each individuals’ egocentric network (i.e., the number of
nominated friends). No coefficient term is estimated for the offset term and therefore it is
not included in the tables of results.
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Propensity Score Analysis: The analysis above assumes that smoking initiators
and consistent non-smokers are, on average, comparable to each other in terms of
observable demographic and background characteristics prior to the moment (sometime
between Wave 1 and 2) when the initiators took up smoking. However, there remains the
possibility that this selection effect is driven by the confounding effects of demographic
and personal characteristics variables over time that create two different populations: for
example, adolescents who feel weakly attached to school might gravitate towards others
with similar dispositions (i.e., select peers of similar attributes), and in due time they
might take up smoking together. In more theoretical terms, the distributions of
background variables for smoking initiators and consistent non-smokers might be
significantly different, in which case simple adjustments with control variables in the
regression model would be insufficient to correct for this bias. I therefore apply
propensity score methods that address this issue by balancing the differences in the set of
observed variables between the two groups.

Propensity score methods (Rosenbaum and Rubin 1983) can be used to balance
the pre-treatment characteristics of the smoking initiators and the non-smokers. In order
to make sure that the results are not biased by the underlying differences between
smoking and non-smoking groups, a multi-treatment propensity score weights model was
implemented (Hirano et al. 2003). This is accomplished by first regressing the treatment
indicator on the set of covariates in the regression models, and then using the predicted
probabilities thus created as weights for a propensity score weighted regression model.
Propensity score weights were created with the boosting technique (McCaffrey et al,
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Table 2.1: Results

Proxy for School Social Norm (% of
consistent smoker at the school level)
Selection Effect: # of New Smoking Friends
(> 3 degrees away)
De-selection Effect: # of Former Smoking
Friends (> 3 degrees away)
Selection Effect: # of New Smoking Friends (3
degrees away)
De-selection Effect: # of Former Smoking
Friends (3 degrees away)
Selection Effect: # of New Smoking Friends (2
degrees away)
De-selection Effect: # of Former Smoking
Friends (2 degrees away)
Direct Effect: # of Consistent Smoking Peers
(1 degree)
Indirect Effect: # of Consistent Smoking Peers (2
degrees)
Indirect Effect: # of Consistent Smoking Friends
(3 degrees)
School Norm * Selection Effect (>3)
School Norm * De-selection Effect (>3)
School Norm * Selection Effect (=3)
School Norm * De-selection Effect (=3)
School Norm * Selection Effect (=2)
School Norm * De-selection Effect (=2)
School Norm * Direct Effect
School Norm * Indirect Effect (2 degrees)
School Norm * Indirect Effect (3 degrees)
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Influence (Model 1)
OR
95% CI
Sig.

Influence + Selection
(Model 2)
OR
95% CI
Sig.

Full Model (Model 3)
OR
95% CI
Sig.

5.43

3.86

(0.58,25.56)

2.86

(0.35,23.08)

2.34

(1.86,2.93)

***

2.97

(1.8,4.89)

0.79

(0.64,0.98)

*

0.97

(0.52,1.82)

1.36

(0.76,2.43)

0.83

(0.07,9.94)

0.70

(0.34,1.45)

1.02

(0.07,13.99)

1.56

(0.97,2.49)

1.09

(0.24,5.07)

0.73

(0.44,1.23)

0.81

(0.11,6.02)

1.83

(1.4,2.4)

0.99

(0.49,2)

(0.95,31.25)

.

.

1.88

(1.45,2.44)

0.90

(0.7,1.16)

0.81

(0.61,1.07)

0.69

(0.25,1.93)

0.94

(0.83,1.07)

0.96

(0.83,1.1)

0.49
0.42
0.51
5.84
0.32
3.29
0.57
10.99
1.45
6.39

(0.15,1.6)
(0.06,2.86)
(0.07,3.96)
(0,12720.88)
(0,1132.29)
(0.02,442.75)
(0,297.67)
(0.94,127.87)
(0.06,34.57)
(0.22,186.42)

***

***

***

.

Table 2.1: continued (Covariates)

Gender: Female
Grade 8 (reference group: Grade 7)
Grade 9
Grade 10
Grade 11
Grade 12
Race: African American (reference group: White)
Race: Asian
Race: Hispanic
Parental Education: High School (reference group:
Less than HS)
Parental Education: Some College
Parental Education: College or more
Depression
Grade Point Average
Self Esteem
School Attachment
Average Delinquency
Mother Smokes (Indicator)
Father Smokes (Indicator)
.

Sig. code: 0 ‘***’ < 0.01 ‘**’ < 0.05 ‘*’ < 0.1 ‘ ’
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Influence (Model 1)
OR
95% c.i.
Sig.

Influence + Selection
(Model 2)
OR
95% c.i.
Sig.

Full Model (Model 3)
OR
95% c.i.
Sig.

1.02
1.57
1.08
0.77
0.85
0.47
0.50
0.91
1.07

(0.75,1.4)
(0.75,3.32)
(0.44,2.64)
(0.39,1.52)
(0.43,1.7)
(0.16,1.37)
(0.27,0.91)
(0.52,1.59)
(0.62,1.86)

1.02
1.53
0.90
0.78
0.86
0.51
0.53
0.92
1.07

(0.74,1.4)
(0.73,3.22)
(0.35,2.3)
(0.39,1.54)
(0.43,1.71)
(0.17,1.5)
(0.29,0.97)
(0.53,1.61)
(0.61,1.87)

1.02
1.50
0.86
0.78
0.86
0.50
0.51
0.88
1.06

(0.74,1.41)
(0.71,3.15)
(0.32,2.29)
(0.39,1.56)
(0.43,1.72)
(0.17,1.46)
(0.28,0.93)
(0.5,1.54)
(0.61,1.86)

1.30
1.07
0.79
1.07
0.61
0.98
0.81
3.31
1.12
1.68

(0.76,2.22)
(0.59,1.95)
(0.42,1.5)
(1.02,1.13)
(0.48,0.79)
(0.75,1.28)
(0.66,1)
(2.11,5.18)
(0.82,1.54)
(1.24,2.28)

1.31
1.15
0.87
1.07
0.62
0.97
0.78
3.21
1.05
1.81

(0.76,2.25)
(0.62,2.14)
(0.45,1.67)
(1.02,1.13)
(0.48,0.8)
(0.74,1.27)
(0.63,0.96)
(2.03,5.09)
(0.76,1.45)
(1.32,2.47)

1.31
1.12
0.83
1.07
0.62
0.99
0.77
3.24
1.05
1.87

(0.76,2.26)
(0.6,2.07)
(0.43,1.6)
(1.02,1.13)
(0.48,0.8)
(0.75,1.29)
(0.62,0.95)
(2.04,5.15)
(0.76,1.45)
(1.37,2.55)

*

*
***
*
***
***

*

*
***
*
***
***

*

*
***
*
***
***

2004), which is a more robust way of estimating the propensity scores: standard logistic
regression can be biased if the functional form between the covariates and the assignment
is complex (e.g., includes multiple higher order interaction terms), and it is sensitive to
sample size issues and over-fitting. Generalized boosted models are robust to these
pitfalls.

RESULTS
Mixed Effects Model
The mixed effects model analysis was conducted in three stages, with the
outcome variable in each case being whether adolescents initiated smoking between
Wave I and Wave II. The predictor variables for Model 1 included influence effect
variables only, the predictor variables for Model 2 included both the influence and
selection variables, and the predictor variables for Model 3 (the full model) additionally
included interaction terms to examine whether school norms for smoking moderate peer
influence and selection effects on smoking initiation. All three models control for the
demographic and personal characteristics variables.

Selection Effect: I find there is evidence for a selection effect in smoking
initiation. Specifically, selecting an additional smoker who is more than 3 degrees away
as a friend more the doubles the odds of an adolescent starting to smoke (OR = 2.34, 95%
CI = 1.86, 2.93; see Model 2) compared to those who do not select a smoker as a friend.
Model 2 shows a significant de-selection effect as well. A non-smoker who has a former
smoking friend who is more than three degrees away at Wave II has a lower chance of
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smoking initiation (OR = 0.79, 95% CI = 0.64 – 0.98) than a consistent non-smoker. A
similar result for selection is found when including the influence effect terms and the
interaction terms (OR = 2.97, 95% CI = 1.80, 4.89; see Model 3), suggesting that the peer
selection effect on smoking is robust and consistent across different combinations of
conditioning variables. While no intermediate selection effects (between peers exactly
three degrees away and two degrees away) is found to be significant in any of the models,
the selection of smoking peers two degrees away (Model 2) is close to being statistically
significant at 0.05 level (OR = 1.56, 95% CI = 0.97, 2.49). The latter shows that there is
some triadic closure effect on adolescent smoking as hypothesized. As discussed earlier,
in order to be conservative with the estimates of influence/selection effect, I attribute the
said finding to a peer influence effect.

Readers should note that the magnitude of the main effect for selection in the full
model should not be interpreted as it is, since the marginal effects in non-liner models
such as logit and probit that includes interaction terms are not interpreted in the same
manner as in the linear models (Ai and Norton 2003).

Influence Effect: The influence only model is shown in the first column of Table
2.1. Results indicate that each smoking friend of one degree who stayed in touch with the
focal adolescent between Wave I and Wave II increased the odds that the focal adolescent
would start smoking by nearly 90% (OR=1.88, 95% CI = 1.45-2.45). This direct effect
remains, and is of similar magnitude, with the addition of the selection effects in Model 2
(OR = 1.83, 95% CI = 1.40, 2.40). Interestingly, Models 1 and 2 show that the effect of

45

peer influence does not extend beyond one degree of separation. However, as discussed
more next, when the interaction terms were added to the model (see Model 3), the direct
effect coefficient was no longer statistically significant (OR= 0.99, 95% CI = 0.49, 2.00).

Interactions: The main reason for including the interaction terms in the full model
is to test whether the effects of influence and selection depend on the levels of prevalence
of smoking in each of the schools. The interaction term tests whether two variables have
a multiplicative effect on the dependent variable (Cox 1984), and by comparing the
coefficient of interaction with models that only include the main effects one can infer the
nature of the relationship among the variables involved.

The borderline statistically significant interaction effect between the school social
norm and the direct effect in the full model (OR=10.99, 95% CI = 0.94, 127.87; see
Model 3) shows that the peer influence effect on smoking is only relevant when there is a
high level of school smoking. On the other hand, in the schools where consistent smokers
do not a constitute significant portion of the overall student body, being exposed to
smoking friends in the immediate friendship circle does not lead to smoking initiation.
Note that the scale of the school social norm variable, which ranges from 0.0 to 0.34,
results in wide confidence intervals for itself and related interaction terms.

Similarly, the triadic closure effect and de-selection effect on smoking initiation
that were found in Model 2 weakened and were non-significant with the inclusion of
interaction terms in Model 3 (triadic closure effect: OR = 1.09, 95% CI = 0.24, 5.07; de-
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selection effect: OR=0.79, 95% CI = 0.64 – 0.98). This indicates that these two effects
are also conditional on the level of school smoking prevalence. These results demonstrate
the importance of controlling for the contextual effects that might otherwise be attributed
wholly to the peer effects.

Effects of Demographic Backgrounds and Personal Characteristics: The results
for the covariates in all three models are consistent regardless of the combination of the
network variables or the inclusion of the interaction terms, and indicate that these
covariates are significant predictors of smoking uptake. As shown in Model 3, smoking
initiation was more likely among adolescents who engaged in greater delinquent behavior
(OR = 3.24, 95% CI = 2.04, 5.15), had a father who smoked (OR = 1.87, 95% CI = 1.37,
2.55), or had more depressive symptoms (OR = 1.07, 95% CI = 1.02, 1.13). In contrast,
being African American (OR = 0.51, 95% CI = 0.28, 0.93), having high GPA (OR =
0.62, 95% CI = 0.48, 0.80), and feeling well attached to the school community (OR =
0.77, 95% CI = 0.62, 0.95) all appeared to be protective factors against smoking uptake in
the full model.

Propensity Score Analysis
An important caveat to the significant peer selection effect found in the previous
section is the possibility that peer selection on smoking is caused by the observed
demographic and personal characteristics rather than smoking itself. The differences in
the distributions of the background variables between smoking initiators and consistent
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Figure 2.3 Propensity score balance check

PS Balance Check
School Social Norm (%)
Gender
7th Grade
8th Grade
9th Grade
10th Grade
11th Grade
12th Grade
White
African American
Asian
Hispanic
Parent Ed: < HS
Parent Ed: HS
Parent Ed: Some College
Parent Ed: College+
CESD
GPA
Self Esteem
School Attach
Avg. Delinquency
Mom Smokes
Dad Smokes
School 1
School 2
School 3
School 4
School 5
School 6
School 7
School 8
School 9
School 10
School 11
School 12
School 13
School 14
School 15
School 16
Ego Ntwrk Size
Ego Ntwrk Size Squared

Unweighted
PS Weighted

-0.2

0.0

0.2

KS.Stat
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0.4

non-smokers might explain the strong selection effect. The objective of the propensity
score analysis is to balance the observable differences in the “pre-treatment” conditions.

The effects of the propensity score weights in the analysis is to upweight the
“control” cases (i.e., those who do not report having friends who smoke and are similar to
the “treatment” cases in terms of their pre-treatment characteristics). On the flip side it
downweights those cases that are dissimilar from the treatment cases (Ridgeway 2006;
Morral, McCaffrey, and Ridgeway 2004). I validate the efficacy of the propensity score
weight in balancing the pretreatment characteristics using the Kolmogorov-Smirnov
statistics. The latter represents the maximum divergence (%) between the control and the
treatment group’s distributions for each of the variables. The graph of K-S statistics
shows that the unweighted averages of the covariates differ substantially between control
and treatment groups, but with the application of propensity score weights these
differences diminish substantially for most variables, demonstrating that the propensity
score adjustment does reduce the pre-treatment bias significantly (Figure 2.3).

In the particular case of peer influence and selection there are at least three
vectors of treatment as shown in the mixed effects model. Each of these sets of variables
can be considered as the effect of ‘treatment’ for the propensity score weights, but
propensity scores are the probabilities of being assigned to a single binary treatment
indicator, and the model has multiple continuous scale variables as treatments. Therefore
the numbers of new, former, and same smoking peers variables are dichotomized,
resulting in three “treatment” indicators. Because propensity score was used for the sole
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purpose of finding whether any strong selection effects that were obtained are due to the
pre-“treatment” bias, this simplified transformation is not problematic in my view.
Particular attention was paid to binary indicators of selection: following the
conservative approach of treating any selection effect taking place within three degrees of
separation as the result of influence effect, the selection indicator for the propensity score
is having any new smoking friend who was more than 3 degrees away or unconnected at
Wave I. This way the possibility of confounding selection with influence effect is
avoided.

Each combination of the treatments represents a particular subset of the sample.
The final propensity score model includes eight combinations of the three treatment
indicators, where T1, T2, T3 are the binary indicators that stand for selection, de-selection,
and influence effects, respectively. The combination of the selection effect, no deselection, and influence effect (T1= 1; T2= 0; T3= 1) was chosen as the “treatment” group,
since the cases that correspond to this particular combination of effects are the ones that
are most interesting in terms of policy.

Each observation from the comparison group that is assigned to the treatment
group receives a propensity score weight in the form of odds = pi/(1- pi), where pi is the
predicted probability of assignment to the treatment for individual i. To obtain the
propensity scores for the two groups I run seven separate binomial generalized boosted
regressions from the gbm package in R (Ridgeway 2007), the specification of which I
express in the form of standard logistic regression in order to aid its representation:
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3)

K
 P(Treatment ) 
   0    k X k
log
k 1
 P(Control  i ) 

i = 1 …7

Where the treatment group consists of the subset of the sample that corresponds to the
treatment combination of the form (T1= 1; T2= 0; T3= 1). The other seven combinations
each becomes the control group as the propensity scores are calculated by applying the
Equation 2 seven times. The fitted probabilities obtained from Equation 2 are the
propensity score weights wi.

Having obtained the weights, I replicate the results in the previous section with
the logistic regression with school fixed effects. Given that the generalized boosted model
does not have the offset option to control for the network size of each respondent, the
term for the network size is modeled explicitly. Since the use of propensity weights can
bias the error estimates, sandwich estimators (Zeileis 2004) for the variance in the
weighted propensity score model are used to obtain robust standard errors.

4)

K
 P(Y  1) 
   0  T1  T2  T3    k X k
log
k 1
 P(Y  0) 

with wi = 1 if (T1= 1, T2= 0, T3= 1); pi/(1- pi) otherwise. Y = 1 if smoking initiator; 0 if
consistent non-smoker.
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The results of the propensity score without interactions in Table 2.2 shows that
the selection effect adjusted with propensity score weights is statistically significant
(OR= 2.63, 95% CI = 1.49, 4.64). Neither the influence nor de-selection effect is
statistically significant. The results for the covariates indicate that being female, being
attached to school, and going to the 9th or 11th grades at Wave I are marginally significant
(p-value < 0.10) predictors of smoking uptake. The fact that being female and high school
attachment are predictors of smoking uptake, which was not the case in the nonpropensity score model, seems to echo the findings of Michell and Amos (1997): they
found that female adolescent smokers, contrary to the stereotypes of marginalized
individuals with low self esteem and social skills, were on average more self confident
and socially more developed than their non-smoking counterparts. Lower GPA, higher
delinquency, and having a father who smokes are significant predictor of smoking
uptake.
Table 2.2: Propensity score model without interactions (Model 4)
School Social Norm
Selection Effect
De-selection Effect
Influence Effect

OR
0.01
2.63
0.90
1.31

.

95% CI
(0,10x10^6)
(1.49,4.64)
(0.48,1.71)
(0.65,2.65)

P-val
0.84
0.00
0.76
0.45

Sig.
***

Sig. code: 0 ‘***’ < 0.01 ‘**’ < 0.05 ‘*’ < 0.1 ‘ ’

In Table 2.3, I change the specification by including the interaction terms of the
selection, de-selection, and influence indicators. For the propensity score analysis I am
less interested in the interactions of selection, de-selection, and influence effects with the
school social norm, because with the propensity score weights the pre-treatment
heterogeneity in school social norms is balanced with respect to selection and influence
effects. Instead, I focus on the multiplicative effects of selection and influence on
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smoking uptake. With the interaction terms one can infer whether the effects of interest
have multiplicative effect on the chance of smoking uptake, and also test whether the
main effect is in fact confounded with the multiplicative effect with the interacted
variable.
Table 2.3: Propensity score model with interactions (Model 5)
(Intercept)
School Social Norm
Selection Effect
De-selection Effect
Influence Effect
Selection * Influence
Selection * De-selection
De-selection * Influence
Selection * De-selection * Influence

OR
0.01
0.00
3.06
2.44
1.57
1.32
0.37
0.34
1.94

.

95% CI
(0,0.49)
(0,10x10^6)
(1.29,7.25)
(0.72,8.27)
(0.66,3.73)
(0.4,4.38)
(0.07,2.14)
(0.08,1.51)
(0.19,20.01)

P-val
0.02
0.81
0.01
0.15
0.31
0.65
0.27
0.16
0.58

Sig.
*
*

Sig. code: 0 ‘***’ < 0.01 ‘**’ < 0.05 ‘*’ < 0.1 ‘ ’

For instance, if the main effect is strongly conditional on a third factor, and if the
interaction between the two is not controlled, the model with the main effect alone might
give the misleading impression that the main effect by itself has a significant influence on
the outcome, when in fact it is conditional on another variable.
The result in Table 2.3 shows that the selection effect is statistically significant
(OR= 3.06, 95% CI = 1.29, 7.25) when the treatment interactions are included,
confirming the significant finding in Table 2.2 and other prior models. In addition, lower
GPA (OR = 0.49, 95% CI = 0.31, 0.80), higher delinquency (OR = 4.30, 95% CI = 1.67,
11.05), and having a father who smokes (OR = 3.53, 95% CI = 1.83, 6.83) are significant
predictors of smoking uptake.
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DISCUSSION
Several studies have found that adolescents surround themselves with peers of
similar background characteristics (Kandel 1978; de Leeuw et al. 2008), and some of
these characteristics are possibly susceptible to the contextual factors that create
favorable environment for smoking. In this study I apply the concept of social distance in
the context of differentiating selection and influence effects on the problem of adolescent
smoking initiation. Results from these analyses provide compelling evidence for a
selection effect on smoking, but much weaker evidence for a peer influence effect.

In terms of peer influence, two main findings suggest that this effect may be
relatively weak. First, although the results indicate a statistically significant effect of
influence on adolescent smoking initiation, this effect is no longer significant when it is
interacted with the school social norm for smoking. Second, with propensity score
analysis multiple possible sources of heterogeneity are balanced, including the school
social norm, and again the influence effect is found not to be present among significant
predictors of adolescent smoking initiation. Results from the propensity score modeling
indicate that the peer influence effect is not a statistically significant predictor of smoking
initiation when the pre-treatment differences are balanced. While this result is not
conclusive evidence that peer influence effect does not exist, it at least indicates that peer
influence might be a confounded result of several contextual and demographic factors,
proving that the reflection problem posited by Manski is indeed an intractable one.
Without carefully controlling for contextual factors and the effect of selection, it might
appear as if it is the closest peers who “influence” the adolescents to take up smoking,
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when it is in fact their personal preference for smoking that is translated to friendship
with the smoking peers.

In terms of selection, I find both selection and de-selection effects on smoking
initiation when controlling for influence variables. Furthermore, the selection effect
remains after additionally controlling for its interaction with the school social norm for
smoking. The strong effect of selection on adolescent smoking initiation is tested in a
rigorous manner in order to make sure that it is not due to differences in demographic and
personal characteristics between those adolescents who take up smoking and those who
do not. This “pre-treatment” difference in the sample can bias the inference on selection,
since it is possible that those adolescent who take up smoking select smokers as their
friends not because of smoking per se, but perhaps due to pre-existing personal attributes
that increase the chance of smoking uptake. These attributes could be attending schools
where there is high level of smoking, being White, having parents who have at most high
school level education, among others. I apply the propensity score method to balance the
observable differences between smoking initiators and consistent non-smokers, and find
that selection effect remains statistically significant after adjusting for the imbalance in
the observed characteristics. I also find that there is no multiplicative effect between
selection and influence (Table 2.3), and there is no influence effect present in the model.
This confirms the earlier conclusion that adolescent smoking is a selection driven
phenomenon.
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One should note that the operationalization of the concept of selection on smoking
initiation for policy intervention requires the discussion on the actual mechanism of
selection. Only clear inference emanating from the analysis is that non-smokers at Wave
1 who surround themselves with smoking friends whom s/he did not know about at Wave
1 not even as friends of friends of friends are more likely to be smoking at Wave 2
compared to non-smokers who don’t have such friends. While there is strong association
between smoking initiation and selection, the fact is one cannot infer from the data the
order of initiation: do smoking initiators select smoking peers first and then start
smoking, or do they take up smoking first and select smoking peers based on shared
preferences? The latter implies homophily, i.e. selection on similar attributes, but strictly
speaking it is not the cause of initiation. On the other hand, the effect of selection on
smoking initiation is the clearest in the case of economic incentives. Croghan et al (2003)
find that most adolescent smokers rely on their peers for cigarettes: cigarettes are
expensive, and adolescent smoking initiators may select smoking peers not just for
friendship, but also for sources of cigarettes. In this case selection clearly drives smoking
initiation.

The answer to the last question becomes more complicated if adolescent initiators
are attracted to smoking peers not because of shared liking for smoking, but for other
reasons, which are the unobservable characteristics that the model cannot control.
Propensity score methods (matching or weights) cannot adequately control for
unobservable confounders (DiPrete and Gangl 2004; Sosin 2002). Potential unobservable
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factors could be extracurricular and athletic activities that eventually lead to friendship
with smokers, which in turn increase the chance of smoking uptake.
Another confounding factor is whether the taste for risky behavior drives the
selection effect. While the model controls for this factor with the average delinquency
variable, it is still possible that non smokers with high average delinquency level befriend
other delinquent peers, who generally have higher than average smoking rate, and are
also more vulnerable to peer pressure than non-delinquent adolescents (Dishion et al.
1999). Smoking initiation would then be a by-product of peer selection on delinquency,
rather than the other way around. However, if the “taste” for delinquency is a proxy for
risky behavior, then selection is driven by preference for, or ignorance of, risks of both
smoking initiation and delinquency. The selection effect on smoking initiation would still
stand.
At any rate, the effect size of the selection variables and the social distance
involved in selecting a smoking friend (i.e., more than 3 degrees or completely
disconnected, either directly or indirectly) are both sufficiently large as to lower such
concerns: “nearby” friends are more likely to share any confounding extracurricular
activities than those farther away. In any case, unobservable characteristics such as
shared activities would also affect consistent non-smokers in equal measure, which would
lessen the concern for the results of the analysis. But the readers should be aware that the
strong effect of selection on smoking initiation could be inflated by the effects of
homophily.

57

Another issue is the possible obsolescence of the data. The data used in the study
was collected between 1994~95, which would make it at least fifteen years old. The trend
in adolescent smoking, while still high, has definitely changed for the better in the
meantime, and in turn this could potentially affect the generalizability of the findings.
Despite this potential weakness, I believe the decreasing trend in adolescent smoking is
not necessarily detrimental for the validity of the results. The finding of significant
selection effect is robust to conditioning on the school level smoking prevalence,
meaning the effect of selection is present both in schools with high proportion of smokers
and in schools with few smokers. As the overall incidence of smoking decreases, the
effect of selection would still be present in present day school environments.

While the significant finding of selection effect over influence might at first
suggest that there is little actual peer influence on adolescent smoking initiation, a more
precise interpretation of the findings would be that the vectors of peer influence are more
diverse than the selection’s. From the individual standpoint, there is little difference
between influence and the contextual effects: unless peer pressure on smoking initiation
is explicit, most adolescents would perceive peer influence effect as a contextual effect.
For instance, the fact that “most” of adolescent’s peers smoke would inform him/her that
the mean behavior is that of smoking and as the result s/he might feel pressured to adopt
the social norm. Would this constitute a form of peer pressure or a contextual effect?
Most school-based smoking prevention programs tend to emphasize peer pressure
resistance techniques, and they would still work even if the true nature of peer effect were
that of the context.
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On the other hand, schools with low proportions of smoking peers the peer effect
on smoking is clearly grounded on selection. In this situation typical smoking
cessation/prevention programs would do little to deter the onset of smoking. What the
influence effect in adolescent smoking behavior implies is that smoking is a contagious
condition and, not unlike flu, it spreads independently of the preferences and personal
characteristics of the affected adolescents. Smoking is actually the outcome of conscious
efforts by the adolescents to select peers who share their preference for smoking or
perhaps who can supply them with cigarettes. Smoking cessation/prevention programs
should therefore be sensitive to the proportions of smokers in the school, which could
determine the effectiveness of traditional school-based programs.

While the present study demonstrates that selection is the main driver of
adolescent smoking initiation, the inference derived from it does not extend to elucidating
what drives the tendency for selection. This is outside the scope of the present analysis,
but the fact that these adolescents are actively seeking peers who also smoke suggests
there might be some genetic basis in adolescent smoking behavior. The study by
Timberlake et al. (2006) showed that there are genetic components in adolescent
smoking, and Cleveland et al. (2005) and Guo (2006) found that adolescents who have
genetic affinity for nicotine naturally gravitate towards peers who have similar genetic
attributes. The role of genetic properties in actively shaping the social environments of
the adolescents was pointed out by Scarr and McCartney (1983).
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Ideally, effective smoking prevention/cessation programs would focus on those
whose demographic backgrounds and personal characteristics (both social and physical)
shape their preference for smoking. While there could be some concern for stigmatizing
specific groups of adolescents, the present study reveals that many adolescent smokers
are characterized by factors that could eventually marginalize them in the society: low
GPA, higher than average levels of delinquency, and depression. Extending a
comprehensive set of aids that addresses different facets of their many problems, of
which smoking is simply one of them, would be the ideal first step.
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COLLECTIVE LOCATION FOR COLLECTIVE ACTION

INTRODUCTION
Mass Protests as a Coordination Problem
The proposed hypothesis is that the physical properties of high density urban
landscape facilitate the solution to the collective action problem (Olson, 1965; Hardin,
1982), which usually makes the spontaneous coordination of many self-interested
individuals difficult. There is a close interaction between urban geography, focal points
created around transportation hubs, and large open urban spaces. A hub-and-spoke type,
high capacity transportation network paired with focal urban spaces lowers the “cost of
protest” faced by potential protest participants and results in the spontaneous emergence
of massive protests, independent of the seriousness of the contentious issue at hand.

The underlying analytic framework starts from the observation, possibly first
posited by Olson, that it is inherently difficult for mass protests to occur because
protesting is costly in terms of opportunity cost of labor and the possible punishment cost
by the law enforcement, among others. Therefore any rational actor would let others to
protest on his/her behalf- essentially, free ride on others. This flies against the commonly
held view of the protests as a show of solidarity in which participants altruistically give
up their self-interests for some “greater good.” In purely rational world (idealized game
theoretical terms) there would be no collective action (i.e., protests) as everyone is trying
to free ride on the efforts of others. This is known as the “Zero Contribution Thesis”
(Ostrom, 2000) in the field.
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In the real world, however, we do observe plenty of collective action cases,
implying that the problem of coordinating the actions and interests of many individuals is
not insurmountable. The question is then about the conditions under which the collective
action problem is overcome. Lichbach (1998) argues that the free-rider problem is related
to the cost of participation, therefore if the cost of protest is low “enough” collective
action would be feasible. In addition, Schelling (1973) produced a useful analytic
framework to solve the coordination problem of many individuals, by showing that
individuals derive payoffs from coordinating their actions with that of the (perceived)
majority.

Lohmann (1994; 2000) extends this idea to the model of short term protest
dynamics, and explains how massive protests can initiate from small initial fluctuations in
the size of the protests. In her analysis of mass demonstrations in the former East German
city of Leipzig in 1989, she showed that the protest turnout acted as a signal to the
population undecided whether to support the regime or not. Uncertain whether the
majority of the society opposed or supported the regime, individuals were swayed not so
much by political arguments from each side of the conflict, but rather by the increasing
turnout in the protests. In general, she posits that a high turnout by “moderates” often acts
as a cue to those who are undecided, and the growing number of protesters has the effect
of attracting even more protesters. In a word, it is not so much that “protesters” oppose
the regime because it did them wrong, but rather it is the size of protests that informs the
individual whether the majority in the society supports or opposes the regime.
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In fact, the “snowballing” effect of protest dynamics is based on the informational
cascade (Bikhchandani et al, 1992) effect. It argues that information and behaviors such
as fads and rumors can spread like wildfire in the population. Granovetter and Soong
(1983) devised an even simpler mathematical model, which showed that it is not
necessary for everyone in the society to share the same discontent or opinion in order for
protests to materialize: it is sufficient for only a few protesters to express strong opinions
for the informational cascade to take place. The issue at hand is of less importance as
long as individuals react to their internal threshold of protest participation, which is the
level of protest turnout.

The central hypothesis of my research is based on the insight that the urban
environment does affect the aforementioned process of signaling and crowd formation.
All self-organized mass protests are essentially coordinating action of many individuals.
Group coordination is difficult if not impossible unless population at large shares some
common knowledge of time and location of the protests. This simple insight goes as far
back as Schelling (1960), who described how certain locations in the city (often the main
intersections or public transportation hubs) may act as the group determined solutions to
the coordination problem. This process was labeled by Schelling as “tacit coordination.”
Tacit coordination does away with the centralized organization for mass protest to occur.
As the result, it reduces the search and informational cost that a potential protester faces.
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Since it is easy for protesters to gather, the expected size of the crowd is much
larger in densely populated urban areas like Seoul than in more geographically spread
ones like Los Angeles. Taking the argument from Lohmann (1994; 2000), the large size
of the crowd gives the immediate indication to the rest of the society about the support
that the regime enjoys. An easily formed large protest crowd can actually give wrong
information about the true level of support that the regime enjoys.

OVERVIEW OF EXISTING THEORIES
There are several existing theories of collective actions in the literature. I
summarize below some of the major theories of collective action.

1. Social Movements
The high level of "contentious politics" (Tilly and Tarrow, 2007) is attributed to
the existence of social movements. The relative immaturity of political institutions and
the need for social organization explain the reliance on mass protests as the main conduit
of political debate to the detriment of existing political institutions. From the perspective
of the social movement theory collective action is the results of altruistic behaviors of the
social groups. Facing protracted socio-political conflicts, social solidarity among
segments of the population becomes the main motivation behind collective actions.
Given the centrality of the social movement theories in the collective action
literature it is not surprising several derivative theories and applications exist: the
literature of social movements and resistance (Sharp 1993) are ideologically oriented and
employ value judgments to explain political conflicts. It prescribes active political
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resistance against policies and oppressive regimes. In addition, Chong (1991)
incorporates rational choice framework to the social movement framework, and explains
how rational actors overcome collective action problems and participate in the social
movements. Opp and Roehl (1990) discuss whether repressing protests create
disincentives for participating in social movements, or on the contrary it galvanizes the
protesters.

2. Smart Mob
Another potential explanation for mass coordination is “smart mob.” A smart mob
is defined as “mobile ad hoc social network,”1 which is different from the typical
definition of a mob in the sense that the behavior of a smart mob is efficient and
“intelligent.” Smart mob uses telecommunication technology such as the internet and
mobile phones –mainly texting for its broadcast capabilities- as the leverage to locate and
mobilize the like-minded among the population. While most examples of smart mobs
tend to be rather innocuous (such as the “flash mobs,”) recent anti-government protests in
Moldova were considered by some to be a smart mob phenomenon. Protesters of the socalled “Twitter Revolution” were said to have used text-message sized internet blog
messages to organize the protest gatherings2. However, it is doubtful that the mass
protests are instances of the smart mob phenomenon. First, the use of mobile
communication technology to coordinate protests is not entirely new. Mobile
communication tools had been available to the public since around the early 90s, and the
some protesters in the early 90s were already using pagers to coordinate their actions,
1

Howard Rheingold “Smart Mobs: the Next Social Revolution” (2002)
Evgeny Morozov “Moldova’s Twitter Revolution”
http://neteffect.foreignpolicy.com/posts/2009/04/07/moldovas_twitter_revolution Accessed on 5/29/09
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gather in multiple locations to avoid being blocked by the police, and “swarm” en masse
at the target location. Second, to the best of my knowledge there have not been instances
of smart mobs reaching the scales observed in the mass protests: while mass protesters
number in the tens of thousands, smart mobs usually number in the hundreds. Finally, the
so called smart mobs of the “Twitter Revolution” turned out to be not so “smart” after all.
Apparently there are very few Twitter users in Moldova, and evidences point towards old
fashioned political protests3.

3. Tacit Coordination4
In contrast to all of the above hypotheses, we forward an alternative explanation for
the coordination of massive crowds. This concept is well described by Thomas Schelling
(1960):

It is usually the essence of mob formation that the potential members have to know
not only where and when to meet but just when to act so that they act in concert. Overt
leadership solves the problem; but leadership can often be identified and eliminated by
the authority trying to prevent mob action […] Similarly, the city that provides no
“obvious” central point or dramatic site may be one in which mobs find it difficult to
congregate spontaneously; there is no place so “obvious” that it is evident to everyone
that it is obvious to everyone else”

3

Anne Applebaum “The Twitter revolution that wasn't” http://www.slate.com/id/2216529/ Accessed on
5/23/09
4
One way of explaining the society-wide learning experience of past mass gatherings is the radical
reduction in the transaction costs of coordinating thousands of individuals. Open public spaces in major
metropolises serve as mechanisms that greatly lower the transaction cost involved in coordinating
thousands of protesters.
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While most of us are well aware and share certain sets of common knowledge, and
Schelling’s explanation is certainly very intuitive and appealing, the downside of the
concept of tacit coordination is that it is not a testable assumption. That is, we have to
take at face value that it exists. A more rigorous explanation than an ex post facto
justification is needed.

4. Transportation logistics and the cost of protest
The gathering of hundreds of thousands in a small area downtown would not be
possible without a sophisticated, ubiquitous, and economical public transportation
system. The importance of a sophisticated public transit system becomes clear when one
imagines similar mass protest events happening in, say, Los Angeles, where the public
transit system only covers a small portion of the city’s inhabited area and residents almost
solely rely on personal automobiles for transportation. For a mass event to occur in Los
Angeles, organizers would not only need to provide the venue, but also arrange the
logistics for the transportation of the participants. If the event was self organized and each
participant would have get to the central location by his/her own means, the turnout
would be limited by the limited availability of parking and/or massive traffic congestions.
Thus, the existence of a reliable, high capacity public transportation system is a necessary
condition for self-organized mass protests to occur.

Another important factor that facilitates self-organized gatherings is the cost of
joining the protests (Lichbach 1998). The cost is an important part of each individual’s
utility maximization problem of protest participation: as long as the utility of
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participating in the protests is bigger than the cost of participating, the individual will join
the protest. A rational individual (who maximizes his/her utility) would in fact prefer to
free ride if possible (Moore 1995); therefore the cost has to be relatively low for mass
protests to take place. The components of the cost vary society to society, but are mainly
the following, in no particular order of importance:

1. Cost of transportation. Traveling to the site of protest costs both time and money,
and in many countries urban transit systems are either expensive or sophisticated,
but often times not both.
2. Opportunity cost of protest: when an individual participates in the protests s/he
has to forgo leisure time and/or work time.
3. Possible threats to personal safety and the costs of law enforcement: usually
protesters have to take into account the chance of getting arrested and with it high
legal costs.

The combination of the low costs of protests, and the sophisticated urban
transportation system may all serve to easily coordinate thousands of disparate groups
and individuals. However, while public transportation systems and the cost of protests are
necessary conditions for mass protests, they by themselves cannot initiate, let alone
coordinate mass actions.

What the above theories of collective action cannot or do not explain is the
mechanism of crowd formation. Most democratic revolutions in recent years relied on
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massive political demonstrations in order to topple authoritarian regimes. But the
coordination was difficult in most of these societies because the regime controlled the
communication networks. Then the question that arises naturally is how a small (albeit
determined) group of protesters organized massive demonstrations, without the benefits
of the logistics and sophisticated communication networks while being constantly
watched by the apparatus of the state. I argue that the answer lies with the locational
coordination of individual protesters built around open public spaces such as central
squares.

METHODOLOGY
What lends political significance to massive demonstrations is the agglomeration
of thousands of individuals in a single location. However how these massive
demonstrations materialize from a small group of core, committed protesters has received
little attention in political science and sociology. One noteworthy exception that explains
the formation of massive demonstrations is the ground-breaking paper by Granovetter
(1978). In Granovetter’s model each individual has some participation threshold n, where
n is the number of individuals observed participating in the protest. Assuming n ranges
from 0 to N, the person with the threshold of zero will always be protesting. Then the
second person with the threshold of n = 1 would join the first protester, and soon after the
second protester is joined by the third one who has a participation threshold of n =2. This
process would continue until the cascading effect overwhelms the society and everyone
ends up participating in the protests. A variation based on this model is Chwe (1999),
who takes Granovetter’s threshold model and applies to the network setting and finds that
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position of the agent in the network is also an important factor in determining the
threshold of participation.

Granovetter’s model of protest is simplistic, yet it powerfully explains why mass
protests sometimes seem to rise out of nowhere and rapidly engulf the whole society. At
the same time it hints at how the authorities can deal with mass protests, as the removal
of a single person with a low threshold of participation (preferably n = 1) would
theoretically prevent the whole chain reaction of protest from taking place. In fact, this
partly explains why authoritarian regimes zealously persecute the opposition even when
their numbers seem to be insignificant.

The difficulty of openly coordinating thousands of independent protesters is
compounded by censorship and the government control of the media, telecommunication
and computers networks. In the parlance of economics, the lack of a central organization
increases the transaction cost among the protesters to a prohibitive level (Young 1998),
which makes the transaction (protest gathering) too expensive to be feasible.

Herein lies the importance of open public spaces, such as squares, major
thoroughfares, and plazas. The problem of mass coordination is akin to settling on a
lunch place among a large group of people: from personal experience we all know the
time spent deciding on a lunch spot increases as more people are involved in the decision
making process. But if each individual chooses to maximize the number of lunch
participants, the solution is choosing the spot that is closest for the majority of the
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participants. But knowing beforehand that this would be the most likely outcome, lunch
participants might as well decide from the very beginning on the lunch spot that is
closest. Essentially, each participant would act preemptively, correctly guessing the
reaction of the others. This solution would greatly reduce the transaction cost while
obtaining the optimal solution of maximum participation5. I argue that the same
mechanism operates for massive demonstrations, as individual protesters would have to
guess where other protest participants would go for protests. S/he would correctly guess
that the likeliest spot for protests would be a location that is most convenient to reach for
the majority of the protesters, and this “equilibrium” solution would be robust to
deliberate misinformation and outright censorship exercised by the authoritarian regimes.
Table 3.1: Locations of mass demonstrations since 2000
Country
Event
Rallying Points
Serbia
Bulldozer Revolution
Republic Square
Kyrgyzstan
Tulip Revolution
Ala-Too Square
Ukraine
Orange Revolution
Independence Square
Georgia
Rose Revolution
Freedom Square
Iran
Green Revolution
Azadi (Freedom) Tower/Square
Thailand
Yellow Shirts
Democracy Monument
Philippines
EDSA Revolution
Epifanio de los Santos Avenue (EDSA)
South Korea
Candlelight Protests
Cheonggye Square/ Seoul Plaza
The rallying points included in Table 3.1 share the common characteristics of
having ample spaces (i.e., little space constraints for thousands of protesters), act as major
public transit hubs, and as a bonus are usually located closely to important government
buildings. Most importantly, open public spaces serve as mechanisms that greatly lower
the transaction cost involved in coordinating thousands of protesters, consequently their
existence does away with the need for a centralized organization to coordinate protesters’
actions. In fact, because each individual is taking into account the equilibrium strategies
5

Thomas Schelling calls this type of solutions “tacit coordination”
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of others, and no one has anything to gain by deviating from the collective equilibrium
solution, open public spaces have the characteristics of the Nash equilibrium. I further
expand this insight in the following section.

COLLECTIVE LOCATION MODEL
While there are many studies analyzing collective action problems, studies that
analyze location problems in the context of collective action is almost non-existent. Most
works on location problems are about solving public sector facility location problems
(Drezner and Hamacher 2004). I adapt the gravity model for facility location (Drezner
and Drezner 2006; Jung et al. 2008) and the collective location model of Jayet (1997) to
construct a model of collective location for collective action. The outline of the model is
to demonstrate that the social planner’s or a profit-seeking firm’s problem of locating a
single facility is the same the as the problem of coordinating the collective location of
utility maximizing individuals.

1. Single Facility Location Problem (Moradi and Bidkhori 2009):
A social planner who has to maximize the utilities of K agents on a plane faces
the following problem (assuming agents have transferrable utilities):

K

1) Min f ( x, y )   wk [( x  xk ) 2  ( y  y k ) 2 ]
k 1

Any point (x,y) that minimizes the equation above, (x*,y*) satisfies the following
condition:
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Thus, the solution to the central planner’s problem is the center of mass of a geographical
space.

2. The collective location model (Jayet 1997):

The location model by Jayet extends the original model by Mincer (1978) to
explain the co-location problem of private partnerships (e.g. law firms) or clubs, where
the members have equal voice in the decision making process. Since there is no central
planner in such organizations, the solution to the problem would require collective
decision making among many individuals.
Jayet’s collective location problem starts with the following utility maximization
problem for each individual:

4) max Vk (i, rk (i ))
iL
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Where Vk is the agent k’s reduced utility which is a function of location i and the
revenue that the agent can derive at that location. L is compact and convex subset of R2
(no irregular shape). Individuals only derive revenue/utility from cooperating with others
in the same location.

Assuming a reduced utility function, V, is separable between revenue r and a cost
function T that depends on the location.

5) Vk (i, r )  r  Tk (i )

Each agent k has a preferred location, lk, where his/her utility is maximized. lk is
distributed uniformly across the locational space L. The cost T is minimized at the
preferred location (agent’s home):

6)  Tk (i )  Tk (lk )  0

Assuming r is the same everywhere on this plane, then Dk (i )  Tk (i ) is the payoff
to agent k to convince him/her to diverge from his/her preferred location, lk. We call D
the “locational divergence payoff”.

Now let’s assume location i is where the collective action (be it a workplace,
market, or a group lunch) takes place. Then the locational divergence will depend on the
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distance d(i, lk), which is the distance between agent k’s preferred location, lk, and the
putative (yet-to be determined) collective location, i.

Then the locational divergence D is as follows:

7) Dk (i )  Tk (d (i, lk ))

The location i = (x,y) is characterized by the equation below:

8) d(x, y) = (d1(x, y),d2(x,y)) = ( ( x  x1 ) 2  ( y  y1 ) 2 , ( x  x2 ) 2  ( y  y 2 ) 2 )

Where (x1,y1) and (x2,y2) are the coordinates of the preferred locations’ of agents
1 and 2, respectively.

Assuming agents have the same transportation cost function, t (d k )  d k

1/ 

where

is the scale parameter. When  > 1, then the cost is decreasing to scale. When  < 1, the
cost is increasing to scale. When  > 1 the locational preferences are antagonistic; it is
complementary when  < 1.

With constant return to scale, the transportation cost function becomes:

9) t (d k )  d k
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Say there is a global utility function, g (i ) , in which the utilities of all the agents

engaging in collective action is maximized.

g (i )   Dk (i );

10)

kK

g (i )   d k
kK

It follows then that for collective location to be viable, it must satisfy the above
condition: the location where the sum of the global locational divergence is the lowest is
the likeliest candidate for collective location. It is the same as the social planner’s
solution to the problem of determining a single facility location for all agents k.

K

11) Min d ( x, y )   [( x  x k ) 2  ( y  y k ) 2 ]
k 1

Where (xk, yk) is the coordinate of lk.

The solution to the minimization problem is therefore the same as the social
planner’s when the weights = 1 and the scale factor is also equal to 1. That is, the ideal
location is the center of mass. If the space is circular in shape, then the optimal location is
the center of the circle.
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While Jayet’s solution is a Nash equilibrium since the revenue/utility obtained
through cooperation at the optimal location is exclusive to those who cooperate, the
collective action problem of mass protests is a multiple prisoner’s dilemma (MPD)
problem (Harsanyi 1963). Essentially a version of n-1 person prisoner’s dilemma game,
players can either elect to cooperate with others or defect and free-ride on others.
Defecting is the dominant strategy of the game, as well as its Pareto inferior Nash
equilibrium. The consumption of public good is by definition non exclusive and nonrivalrous, and those who cooperate in order to provide the public good cannot exclude
those who free-ride. Jayet’s model does not address the public good aspect of the
collective action problem, and agents in this collective location problem who are located
distant from the optimal location, i*, are mostly likely to defect since revenues/utilities
from locating at i* are not exclusive to those who participate in the collective action.
Free-riding is therefore a rational choice. As the result I adapt the Jayet model of
collective location for the MPD, and now the utility function of agent k is as follows:

12) Vk (i, rk (i )) = Vk (m, i )

Where m is the number of agents located at the optimal location i, which is the
center of the circle. V is a increasing function of m given i. As more people join the
collective action the utility and amount of public goods also increases. In addition
(Eriksson and Lindgren 2005),
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V ( D | m)  V ( D | m  1);

13) V (C | m)  V (C | m  1); and
V ( D | m)  V (C | m)

V (C | m)  V ( D | m  1) V (C | m  1)  V ( D | m)

The inequality shows that when an agent switches from defection to cooperation,
the global utility increases. These equations, which are a straightforward adaptation of
Boyd and Richardson (1988) and Gintis (2000), make the characteristics of MPD explicit.

Finally, each agent k will then have the following payoffs depending on the
strategy chosen:

Vk (m, i )  d (i )

14) u k  Vk (m, i )
V (0, i )  0
 k

Where the first payoff corresponds to when agent k cooperates and also m-1
others, and the second payoff occurs when agent k defects and m others cooperate, and
lastly if everyone defects then the payoff is zero. I assume that costs incurred by agent k
are proportional to the distance to the collective location i.

The solution to the MPD problem requires repeated games and punishment for
defecting, such as trigger strategies (Schelling 1973). In an infinitely repeated game with
trigger strategies, first m agents whose first payoff is positive will cooperate. That is,
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15)

V (m, i)   d
km

k

km

k

(i )

The solution to this problem is the same as Jayet’s solution to the problem of
collective location.

Furthermore, the inequality condition in 13) implies that cooperation is an
evolutionary stable strategy (Bierman and Fernandez 1998): there is more to gain from
switching to cooperation from defection. As the result, the number of the cooperating
agents will increase, and eventually everyone will cooperate at the optimal location i*.

The implication of the model is in Equation 15: at the optimal location i* the
global sum of locational divergences will be minimized, which in turn will reduce the
size of the coalition that is needed to overcome the dominant strategy. In other words, the
fact that center of mass exists increases the possibility of cooperation among agents. The
problem of collective action is more likely to be overcome in urban areas because the
center of mass of the populated areas coincides with the central location of the city,
which is also where major transportation networks converge. In the context of mass
protests this means that the initial coalition that precipitates the protests is more likely to
form in urban areas that are concentric in form.
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CASE STUDY
Seoul, Korea (2004-2009)
Figure 3.1: Map of major protest locations in Seoul

Figure 3.2: Ordered plot of the size of the protests 2004-2009
Ordered Plot of Protests (Green: Self-organized)
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To the best of my knowledge most studies of collective action focus on the long
term historical data, such as the ones available from the World Handbook of Political and
Social Indicators (Taylor and Jodice 1983). There is a complete lack of data that links
protests with locations, which might also explain the dearth of studies that address the
issue of collective location of mass protests. However, I have been able to obtain protest
and location data from the Korean National Police Agency, which provided me with the
records of mass protests and their locations that occurred between 2004 and early 2009.
The said data contains 83 instances of mass gatherings where the number of
participants was greater than or equal to 10,000 according to the police’s own
estimation6. I excluded 8 cases in which the gathering took place indoors (stadiums) or
were outdoor civic events such as concerts, bringing down the total to 75. Figure 3.1
shows the major locations of protests in Seoul. Data includes the names of the organizers
of the protests, and based on the news records I have classified them into two types,
centrally coordinated and self-organized. Centrally coordinated protests are often
organized by labor or farmers unions and professional associations, and tend to be around
specific issues such as labor strikes and farming subsidies/ free trade protests. On the
other hand, self-organized events tend to be broadly political and/or social. I use news
accounts of the day confirm the characteristics of each rally. Overall, there were 16
instances of self-organized events during the period and the rests were centrally
coordinated.
There are 8 major locations (or focal points) of protests in the data. Most
significant ones are Yoido, where the National Assembly building as well as the

6

There is a strong ground to believe these estimates actually undercount the true number of the
participants, however.
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headquarters of major TV stations are located, and Gwanghwamun-Cheonggye-City Hall
Plaza axis. The latter, which connects the three locations in a single straight line, has been
central to the political history of Korea since at least the late Joseon dynasty: during
ancient times the seat of power was located at Gyeongbok palace at the northern end of
the axis, and today the president’s office, the Blue House, is located behind the palace.
Mass protest events that occurred in this location have in more than one occasion
precipitated regime changes in the past. In many ways this location symbolizes the
“center” of the city (and the country), and it is also a major transportation hub for
subways and bus lines. Seoul Station and Maronie square act as substitutes for the
locations on the axis when events cannot take place due to either logistics or police
interventions.
Table 3.2: Descriptive statistics of the Korean protest data
N. of Protesters
Night time?
Duration (hr)

Centrally Coordinated
Mean
Median
Std. Dev.
20120
15000
15574
3%
0%
18%
3
2.6
1.6

Mean
23000
56%
4.5

Self-organized
Median Std. Dev.
15000
23203
100%
51%
3.33
3

Descriptively, box-and-whisker plots of the size of the protests, locations,
duration and the time of the day the events took place (Appendix C) indicate that selforganized protests tend to be larger and last longer, although there is a fair amount of
variability in the data. The ordered plot of the number of protesters (Figure 3.2) shows
large scale events are relatively rare –two events N greater or equal to 100,000 in six
years— and the bulk of the protests, both coordinated and self-organized, number in the
low tens of thousands. This is in fact what one would expect from rational agents, who
would rather free-ride than participate in a collective action. The fact that there are more
coordinated protests than self-organized ones also indicate that groups that can punish
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free-riders (i.e. labor and trade unions) can stage protests more often. Using the
information on the start and end times of each event I estimate the time of the day (Night
if the event starts after 6pm) the event took place as well as its duration.
Univariate statistics in Table 3.2 show that self-organized protests, while being
fewer in terms of occurrence, tend to last longer (4.5 hours vs. 3), much more likely to
start at night (56% vs. 3%), and slightly larger in terms of the average size (23000 vs.
20000). Also there is slightly more variability in the size of the protests for the selforganized type. One infers from these numbers that centrally coordinated protests, while
being more frequent, is costly in terms of coordination: members of labor unions, who
have rights to strike and don’t forgo wages while being on legally recognized labor
strikes, are more likely to participate in organized protests during day time, but they are
unlikely to sacrifice their leisure time at night to participate in the protests. This point
confirms Lichbach’s argument that protesters are sensitive to the protest costs.
Box-and-whisker plots of the size of the protests, locations, duration and the time
of the day the events took place (see Appendix C) indicate that self-organized protests
tend to be larger and last longer, although there is a fair amount of variability in the data.
It shows that Cheonggye and City Hall Plaza both attract the most number of selforganized protesters. This is made more evident in comparison to other locations. The
plots of yearly protests by type and location show that for self-organized events to occur
it requires the unimpeded access to central locations. There has been only two occasions
when self-organized protests occurred outside the central locations of Cheonggye and
City Hall Plaza. Meanwhile coordinated protests are more flexible with the locational
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choices as it can closely monitor and guide the participants, and the data amply
demonstrates this point.

POLICY IMPLICATIONS

Massive protests that have characteristics of self-organization are difficult to
disperse, mainly because the location where these self-organized protests occur is a Nash
Equilibrium because participating in a collective action at the central location is an
evolutionarily stable strategy (ESS). Hence self-organized protests have two main
characteristics: 1) it is large scale as the location of self-organized protests is a Nash
equilibrium solution; 2) it is difficult to disperse, yet relatively easy to prevent it from
materializing. One example that shows how problematic it is to disperse a self-organized
mass protests is the case of the Poll Tax Riot in England, where the police tactic of
charging at the crowd for dispersal only resulted in massive spread of the protesters
throughout the central London7 area.

Figure 3.3: Collective Location Problems

7

Peter Waddington “At boiling point” Birmingham Post. April 21, 2009
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In my collective location model the solution to the problem is to shut down the
access to the focal point, i.e., the center of mass where the protesters congregate. Most
self-organized protests require a coalition of cooperative protesters, which then attract
other sympathizers possibly from farther away. In fact, the process of protest
agglomeration could be self-reinforcing, as the size of the crowd itself can function as
signals to the potential protesters (or those on the fence) about the proportion of those in
the society who are favor of or against the government or its policies. This in turn may
initiate a cascade of protests that can ultimately change the regime or its policies (Kuran
1987).

The logic behind shutting down the access to the center point has some theoretical
justification: one of the assumptions of the collective location model is the convexity of
the space where agents are located. By removing the center point the space is no longer
convex (Figure 3.3), and as the result a single unique solution to the location problem is
no longer feasible. Instead, there might be several locations, or the locations might
fluctuate over time.

A more realistic exploration of the model would require the analysis of the model
dynamics through computer simulations, which is out of scope of this paper. However, a
study focusing on the modeling of crime hotspots (Jones et al. 2009) showed through
simulation that focusing on the hotspots of crime doesn’t simply displace criminal
activities but it effectively lowers the overall crime level in the system. In the context of
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collective action, a social planner maybe able to achieve similar policy goal of decreasing
levels of protest by restricting access to collective locations.

I propose the following policy outlines for managing future mass protests:

1. Restrict access to the focal points of protests: unlike the protesters who are
centrally coordinated, self-organized crowds by definition don’t possess
coordination. In this sense center points (the center of mass of a given geographic
area) can function as the central node of crowd gathering. By restricting the
access to these locations, authorities can disrupt the self-organization of protests.

2. Increase the cost of protests: increase in the cost of protests does not have to be
monetary. For instance, restricting the use of public transit systems that forces
protesters to reach their destination by foot is a form of rationing, which
effectively represents an increase of the distance cost. In addition participation in
the protests is opportunistic in its nature: as the size of the crowd grows, more
individuals reach their internal thresholds of protest participation (Granovetter and
Soong 1983) and participate in the protests without first evaluating the issue
carefully. Since most protesters are both opportunistic and have high opportunity
cost of protest participation, applying stiff monetary penalties to first time
protesters, not just the hard-core, repeat offenders, would be an effective act of
deterrence.
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3. Managing the public transit system: because self-organized crowds rely on public
transit systems to congregate, restricting public transit access to central locations
while facilitating departure would have the effect of increasing the outflow
pressure for the gathered crowd.

It follows from the model I proposed that collective action is more likely to occur
in densely populated areas. This implies that there could be an “over-production” of
collective action in certain societies, especially the ones in democratic transition where
deterrence cost is low. While collective action can be a force for good, in societies with
maturing political institutions protests can be come an example of the “tragedy of
commons.” The low cost of protests that each individual faces led to major social costs in
terms of lost productivity and the near paralysis in the business of the government. If the
individual cost is not in proportion to the social cost of protesting, it is necessary to align
individual cost to the total social cost. Simple, non-physical measures such as restricting
the access to central locations of protest could pay ample dividends in terms of political
stability.

91

REFERENCES

Bierman, H. S, and L. F Fernandez. 1998. Game theory with economic applications.
Addison Wesley.
Boyd, R., and P. J Richerson. 1988. “The evolution of reciprocity in sizable groups.”
Journal of Theoretical Biology 132:337–356.
Brock, William A., and Steven N. Durlauf. 2001. “Discrete Choice with Social
Interactions.” The Review of Economic Studies 68:235-260.
Cederman, L. E. 2005. “Computational models of social forms: Advancing generative
process theory 1.” American journal of sociology 110:864–893.
Chong, Dennis. 1991. Collective action and the civil rights movement. University of
Chicago Press.
Chwe, M. S. Y. 1999. “Structure and strategy in collective action.” American Journal of
Sociology 105:128-156.
Drezner, Tammy, and Zvi Drezner. 2006. “Multiple Facilities Location in the Plane
Using the Gravity Model.” Geographical Analysis 38:391-406.
Drezner, Z., and H. W Hamacher. 2004. Facility location: applications and theory.
Springer Verlag.
Eriksson, Anders, and Kristian Lindgren. 2005. “Cooperation driven by mutations in
multi-person Prisoner's Dilemma.” Journal of Theoretical Biology 232:399-409.
Gilbert, N., and R. Conte. 1995. Artificial Societies: the computer simulation of social life.
Taylor & Francis, Inc. Bristol, PA, USA.
Gilbert, N., and P. Terna. 2000. “How to build and use agent-based models in social
science.” Mind & Society 1:57–72.
Gintis, Herbert. 2000. “Strong Reciprocity and Human Sociality.” Journal of Theoretical
Biology 206:169-179.
Granovetter, M., and R. Soong. 1983. “Threshold Models of Diffusion and Collective
Behavior.” Journal of Mathematical Sociology 9:165-179.
Hardin, R. 1982. Collective Action. Resources for the Future.
Harsanyi, John C. 1963. “A Simplified Bargaining Model for the n-Person Cooperative
Game.” International Economic Review 4:194-220.
Jayet, H. 1997. “Collective location.” Annales d'Économie et de Statistique 139–160.

92

Jones, Paul, P. Jeffrey Brantingham, and Lincoln R. Chayes. 2009. “Statistical Models of
Criminal Behavior:
The Eects of Law Enforcement Actions.”.
Jung, W. S, F. Wang, and H. E Stanley. 2008. “Gravity model in the Korean highway.”
EPL (Europhysics Letters) 81:48005.
Kuran, T. 1987. “Preference Falsification, Policy Continuity and Collective
Conservatism.” Economic Journal 97:642-665.
Kuran, T., and C. R Sunstein. 1999. “Availability cascades and risk regulation.” Stanford
Law Review 51:683-768.
Lichbach, M. I. 1998. The rebel's dilemma. Univ of Michigan Pr.
Lohmann, S. 2000. “Collective action cascades: An informational rationale for the power
in numbers.” Journal of Economic Surveys 14:655-684.
Lohmann, Susanne. 1994. “The Dynamics of Informational Cascades: The Monday
Demonstrations in Leipzig, East Germany, 1989-91.” World Politics 47:42-101.
Mincer, Jacob. 1978. “Family Migration Decisions.” The Journal of Political Economy
86:749-773.
Moradi, E., and M. Bidkhori. 2009. “Single Facility Location Problem.” Pp. 37–68 in
Facility Location: Concepts, Models, Algorithms and Case Studies. Springer Verlag.
Olson, M. 1965. Tbe Logic of Collective Action. Harvard University Press.
Opp, K. D, and W. Roehl. 1990. “Repression, Micromobilization, and Political Protest.”
Social Forces 69:521-547.
Ostrom, Elinor. 2000. “Collective Action and the Evolution of Social Norms.” The
Journal of Economic Perspectives 14:137-158.
Schelling, T. C. 1960. The Strategy of Conflict. Cambridge, MA: Harvard University
Press.
Schelling, Thomas C. 1973. “Hockey Helmets, Concealed Weapons, and Daylight
Saving: A Study of Binary Choices with Externalities.” The Journal of Conflict
Resolution 17:381-428.
Tilly, C., and S. G Tarrow. 2007. Contentious Politics. Paradigm Publishers.

93

APPENDIX A: PLOTS OF SCHOOL TRENDS IN INITIATION AND CESSATION
Figure A.1: Changes in the total number of friends (initiators)
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Figure A.2: Changes in the number of in-school friends (initiators)
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Figure A.3: Changes in the number of smoking friends (initiators)
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Figure A.4: Changes in the number of non-smoking friends (initiators)
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Figure A.5: Changes in the number of out-of-school friends (initiators)
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Figure A.6: School Trends in Smoking Cessation (Quitting)
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APPENDIX B: DETAILED REGRESSION RESULTS
Table B.1: Background and Personal Characteristics
(Continuous)

Selection

Influence

Personal
Characteristics

Num. of Smoking New Friends (> 3 degrees away)
Num. of Smoking Ex-Friends (> 3 degrees away)
Num. of Smoking New Friends (3 degrees away)
Num. of Smoking Ex-Friends (3 degrees away)
Num. of Smoking New Friends (2 degrees away)
Num. of Smoking Ex-Friends (2 degrees away)
Num. of Consistent Smoking Friends (1 degree)
Num. of Consistent Smoking Peers (2 degrees)
Num. of Consistent Smoking Peers (3 degrees)
Num. of Nominated Peers at Wave I
% of consistent smokers at the school level
Depression (higher = worse)
Grade point average (higher = better)
Self Esteem (higher = better)
School Attachment (higher = better)

Min.
0
0
0
0
0
0
0
0
0
1
0
0
1
0
0

Median
0
0
0
0
0
0
0
0
0
2
0
3
3
4
3

Mean
0.26
0.35
0.05
0.04
0.07
0.06
0.23
0.25
0.42
2.39
16%
3.37
2.80
4.01
2.77

Max.
6
6
3
3
3
5
6
9
12
10
34%
15
4
5
4

N
2694
2694
2694
2694
2694
2694
2694
2694
2694
2694
2694
2687
1894
2688
2637

Average Delinquency (higher = worse)

0

0

0.31

3

2660

Male
Female
Grade 7
Grade 8
Grade 9
Grade 10
Grade 11
Grade 12
White
African American
Other
Hispanic
Asian
Less than HS
High School
Some College
College or more
No
Yes
No
Yes

N
1342
1352
253
261
335
826
773
183
1637
395
31
363
263
308
839
578
867
1582
1102
1479
1201

%
49.8
50.2
9.4
9.7
12.4
30.7
28.7
6.8
60.8
14.7
1.2
13.5
9.8
11.0
31.0
21.0
32.0
59.0
41.0
55.0
45.0

(Categorical)
Gender

Grade

Race

Parental
Education
Mother
Smokes
Father
Smokes
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Table B.2: Propensity score model without interactions (Model 4)
OR
School Social Norm
0.01
Selection Effect
2.63
De-selection Effect
0.90
Influence Effect
1.31
Gender: Female
1.76
Grade 8 (reference group: Grade 7)
2.36
Grade 9
3.88
Grade 10
2.61
Grade 11
4.34
Grade 12
1.46
Race: African American (reference group: White)
0.40
Race: Asian
1.36
Race: Hispanic
1.02
Parental Education: High School (reference group: Less than
HS)
1.01
Parental Education: Some College
1.21
Parental Education: College or more
0.57
Depression
1.04
Grade Point Average
0.48
Self Esteem
0.68
School Attachment
1.39
Average Delinquency
4.17
Mother Smokes (Indicator)
1.23
Father Smokes (Indicator)
3.46
Ego Network Size
1.10
Ego Network Size Squared
0.99
+ 16 School FE dummies (none significant)
.

Sig. code: 0 ‘***’ <0.01 ‘**’ <0.05 ‘*’ <0.1 ‘ ’
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95% CI
(0,10x10^6)
(1.49,4.64)
(0.48,1.71)
(0.65,2.65)
(0.96,3.25)
(0.43,13.08)
(0.87,17.36)
(0.59,11.52)
(0.94,20.01)
(0.16,13.17)
(0.06,2.63)
(0.32,5.73)
(0.3,3.5)

P-val
0.84
0.00
0.76
0.45
0.07
0.33
0.08
0.21
0.06
0.74
0.34
0.68
0.98

(0.4,2.57)
(0.45,3.29)
(0.19,1.69)
(0.94,1.15)
(0.3,0.77)
(0.41,1.14)
(0.97,2.01)
(1.62,10.76)
(0.62,2.42)
(1.8,6.65)
(0.63,1.94)
(0.93,1.05)

0.98
0.70
0.31
0.43
0.00
0.14
0.08
0.00
0.55
0.00
0.73
0.73

Sig.
***

.
.
.

**
.
**
***

Table B.3: Propensity score model with interactions (Model 5)
OR
95% CI
(Intercept)
0.01
(0,0.49)
School Social Norm
0.00
(0,10x10^6)
Selection Effect
3.06
(1.29,7.25)
De-selection Effect
2.44
(0.72,8.27)
Influence Effect
1.57
(0.66,3.73)
Selection * Influence
1.32
(0.4,4.38)
Selection * De-selection
0.37
(0.07,2.14)
De-selection * Influence
0.34
(0.08,1.51)
Selection * De-selection * Influence
1.94
(0.19,20.01)
Gender: Female
1.77
(0.95,3.32)
Grade 8 (reference group: Grade 7)
2.03
(0.39,10.63)
Grade 9
3.46
(0.75,15.91)
Grade 10
2.21
(0.48,10.16)
Grade 11
3.72
(0.8,17.32)
Grade 12
1.39
(0.14,13.37)
Race: African American (reference group: White)
0.41
(0.06,2.61)
Race: Asian
1.44
(0.34,6.12)
Race: Hispanic
0.99
(0.27,3.58)
Parental Education: High School (reference group: Less than
HS)
0.95
(0.38,2.36)
Parental Education: Some College
1.19
(0.45,3.16)
Parental Education: College or more
0.54
(0.18,1.61)
CESD
1.04
(0.94,1.15)
GPA
0.49
(0.31,0.8)
Self Esteem
0.72
(0.45,1.16)
School Attachment
1.36
(0.93,1.98)
Average Delinquency
4.30
(1.67,11.05)
Mother Smokes (Indicator)
1.23
(0.63,2.42)
Father Smokes (Indicator)
3.53
(1.83,6.83)
Ego Network Size
1.09
(0.61,1.97)
Ego Network Size Squared
0.99
(0.93,1.06)
+ 16 School FE dummies (none significant)
.

Sig. code: 0 ‘***’ <0.01 ‘**’ <0.05 ‘*’ <0.1 ‘ ’
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P-val
0.02
0.81
0.01
0.15
0.31
0.65
0.27
0.16
0.58
0.07
0.40
0.11
0.31
0.09
0.78
0.34
0.63
0.98
0.90
0.73
0.27
0.42
0.00
0.18
0.11
0.00
0.54
0.00
0.77
0.75

Sig.
*
*

.

.

**

**
***

Table B.4: PS Balance Check
PS Weighted

School Social Norm
Gender: Female
Grade 7
Grade 8
Grade 9
Grade 10
Grade 11
Grade 12
Race: White
Race: African American
Race: Asian
Race: Hispanic
Parental Education: Less than HS
Parental Education: High School
Parental Education: Some College
Parental Education: College or more
CESD
GPA
Self Esteem
School Attachment
Average Delinquency
Mother Smokes (Indicator)
Father Smokes (Indicator)
School 1
School 2
School 3
School 4
School 5
School 6
School 7
School 8
School 9
School 10
School 11
School 12
School 13
School 14
School 15
School 16
Network Size
Network Size Squared

Control
0.245
0.474
0.067
0.092
0.190
0.313
0.263
0.076
0.798
0.050
0.103
0.049
0.103
0.453
0.214
0.231
3.375
2.792
1.869
2.006
0.258
0.470
0.488
0.001
0.004
0.044
0.135
0.103
0.012
0.380
0.247
0.005
0.033
0.012
0.002
0.004
0.003
0.009
0.006
2.801
11.484
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Treatment
0.265
0.510
0.039
0.078
0.235
0.412
0.216
0.020
0.853
0.049
0.049
0.049
0.108
0.510
0.177
0.206
3.299
2.886
1.806
2.026
0.273
0.480
0.500
0.000
0.000
0.000
0.137
0.186
0.010
0.412
0.167
0.000
0.039
0.029
0.000
0.000
0.000
0.010
0.010
2.775
11.363

Unweighted
K-S
Statistics
0.147
0.036
-0.028
-0.013
0.046
0.099
-0.047
-0.056
0.055
0.000
-0.054
0.000
0.005
0.057
-0.037
-0.025
0.051
0.070
0.090
0.035
0.085
0.010
0.012
-0.001
-0.004
-0.044
0.003
0.083
-0.002
0.031
-0.081
-0.005
0.006
0.018
-0.002
-0.004
-0.003
0.001
0.003
0.021
0.021

Control
0.145
0.506
0.113
0.113
0.106
0.307
0.290
0.072
0.560
0.186
0.146
0.108
0.125
0.289
0.227
0.359
3.349
2.828
1.942
2.163
0.249
0.358
0.418
0.014
0.026
0.030
0.035
0.022
0.055
0.162
0.478
0.035
0.023
0.028
0.009
0.023
0.021
0.016
0.024
2.334
8.831

Treatment
0.265
0.510
0.039
0.078
0.235
0.412
0.216
0.020
0.853
0.049
0.049
0.049
0.108
0.510
0.177
0.206
3.299
2.886
1.806
2.026
0.273
0.480
0.500
0.000
0.000
0.000
0.137
0.186
0.010
0.412
0.167
0.000
0.039
0.029
0.000
0.000
0.000
0.010
0.010
2.775
11.363

K-S
Statistics
0.533
0.004
-0.073
-0.035
0.130
0.105
-0.074
-0.052
0.294
-0.137
-0.097
-0.059
-0.017
0.221
-0.051
-0.153
0.048
0.052
0.135
0.111
0.088
0.122
0.082
-0.014
-0.026
-0.030
0.102
0.165
-0.046
0.250
-0.311
-0.035
0.016
0.002
-0.009
-0.023
-0.021
-0.006
-0.014
0.145
0.145

APPENDIX C: ANALYSIS OF THE KOREAN PROTEST DATA
Figure C.1: Box-and-whisker plot of the size of protests and locations, by type
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Figure C.2: Box-and-whisker plot of the duration of the protests and locations, by
type
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Figure C.3: Box-and-whisker plot of the time of the day and the size of the protests,
by location
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Figure C.4: Map of the protest locations (N > 10,000) in Seoul, 2004
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Figure C.5: Map of the protest locations (N > 10,000) in Seoul, 2005
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Figure C.6: Map of the protest locations (N > 10,000) in Seoul, 2006
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Figure C.7: Map of the protest locations (N > 10,000) in Seoul, 2007
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Figure C.8: Map of the protest locations (N > 10,000) in Seoul, 2008-9

Accessed/created on April 15th 2009 from maps.google.com
Keys:

111

