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Contagion  effects,  also  known  as  peer  effects  or social  influence  process,  have  become  more and  more
central to social  science,  especially  with  the  availability  of  longitudinal  social  network  data.  However,
contagion  effects  are  usually  difficult  to identify,  as  they  are  often  entangled  with  other  factors,  such as
homophily  in  the  selection  process,  the  individual’s  preference  for the  same  social  settings,  etc.  Methods
currently  available  either  do not  solve  these  problems  or require  strong  assumptions.  Following  Shalizi
and Thomas  (2011),  I  frame  this  difficulty  as  an  omitted  variable  bias  problem,  and  I  propose  several
alternative  estimation  methods  that  have  potentials  to correctly  identify  contagion  effects  when  there
is an  unobserved  trait  that  co-determines  the  influence  and  the  selection.  The  Monte-Carlo  simulation
results  suggest  that  a latent-space  adjusted  estimator  is especially  promising.  It outperforms  other  esti-
mators  that  are  traditionally  used  to  deal with  the  unobserved  variables,  including  a structural  equation
based  estimator  and  an  instrumental  variable  estimator.

© 2018  Elsevier  B.V.  All  rights  reserved.

1. Introduction

Endogenous social effects, which have long been central to
the field of social science (Asch, 1952; Merton, 1957; Erbring and
Young, 1979; Bandura, 1986), are defined as the propensity for
the behavior of an individual to vary along with the prevalence of
that behavior in some reference group containing the individual
(Manski, 1993). Within the framework of social network analy-
sis, the endogenous social effects are also known as “contagion”
or “social influence”, and the reference group can be one’s net-
work neighborhood. Contagion effects have also received much
attention and have been widely studied (Kandel, 1978; Marsden
and Friedkin, 1993; Doreian, 2001; An, 2011) as they have vari-
ous implications for issues such as health behavior (e.g. obesity
and smoking), information diffusion, or change in teacher prac-
tices, among others (Christakis and Fowler, 2007, 2008; Valente,
1995, 1996; Frank et al., 2004).

However, these types of contagion effects are usually difficult
to identify, as it is difficult to separate such influences from other
processes when there is network autocorrelation in the data, i.e.
when we observe that people who are closely related to each
other tend to be similar in some salient individual behavior and
attitude dimensions, it is difficult to tell which is the underlying
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mechanism that generates these patterns. It could be influence
and contagion (Friedkin and Johnsen, 1999; Friedkin, 2001; Oetting
and Donnermeyer, 1998) whereby actors assimilate the behavior
of their network members; or selection mechanisms, more specif-
ically homophily (Lazarsfeld and Merton, 1954; McPherson and
Smith-Lovin, 1987; McPherson et al., 2001), where actors seek to
interact with similar others; or it could be due to different social
contexts where people with previous similarities can select them-
selves into the same social setting, and actual friendship formation
just reflects the opportunities of meeting in this social setting (Feld,
1981, 1982; Kalmijn and Flap, 2001).1 Several notable attempts
that try to identify contagion effects include modeling the co-
evolution of selection and influence (Snijders et al., 2007; Steglich
et al., 2010), using indirect ties from third parties as instrumental
variables (Bramoullé et al., 2009; An, 2011), or Propensity Score
Matching (Aral et al., 2009). But there is still considerable miscon-
ception about when it is problematic to identify contagion effects,
and why  these methods would need to be applied. Furthermore,
all the methods mentioned above require some form of strong

1 There are also structural constraints such as transitivity, preferential attachment
etc.  which could cause people to become friends. However these mechanisms in
themselves do not entangle with influence (e.g. one befriends with another having
high popularity but different behavior). In these cases another mechanism must
be present to induce similarity between these friends (e.g. selection of common
friends based on similarity in attributes), and thus the entanglement goes back to
the original three mechanisms, namely influence, selection based on homophily,
and social-environmental factors.
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assumptions such as the exponential-family parametric assump-
tion, the standard IV assumption, the assumption that all of the
dependence is captured by observable covariates, and so on, each
of which imposes substantial limits on the forms of data where
these methods can actually be applied.

The difficulty of identification caused by entanglement between
contagion effects and other confounding variables (social-
environmental factors, or the attributes of egos and alters, for
example) can be easily framed as an omitted variable bias problem.
What is less obvious is that the dilemma caused by co-evolution
of the influence and selection processes can essentially be framed
as an omitted variable bias problem as well. As pointed out by
Steglich et al. (2010), one of the important concerns is the “pos-
sibility that there may  be non-observed variables co-determining
the probabilities of change in network and/or behavior”. Shalizi and
Thomas (2011) have shown that when there is a latent trait that
co-determines both influence and selection in network data, conta-
gion effects are generally unidentifiable, mainly due to the fact that
contagion and homophily (selection) are generically confounded
through this latent trait.

In this paper, first I will clarify why contagion effects are diffi-
cult to identify; specifically, I will frame identification as an omitted
variable bias problem. Then I will give some simulation examples
exploring the magnitude of bias of the estimates for the contagion
effects when there is an unobserved variable that codetermines
influence and selection. Next, I will propose several estimation
methods that have potentials to correctly identify contagion effects,
and the focus of which is a latent-space based estimation method.
Finally I will carry out simulation studies to examine the perfor-
mance of these estimation methods.

2. Theoretical framework

2.1. Identifying contagion effects: where does the bias come from?

To understand where the bias comes from when identifying con-
tagion effects, first we need to specify our “causal” models in terms
of influence and selection. After specifying our model we  then show
how the estimation of contagion effects can suffer from bias.

A network behavioral (influence) model can be represented as

Yit = f
(
Zij, Yj, Xi, ci

)
(1)

where the behavior of node i at time t is a function of the behav-
ior of network members Yj, other variables X specific to node i,
network relations Z and unobserved effects ci. For example, adoles-
cents’ alcohol use (Yit) can be a function of their previous alcohol use
(Yit-1), their close friends’ alcohol use (Yjt-1), their own cigarette use
(Xit-1) and some latent disposition for substance abuse (ci). Specifi-
cally, one form of such behavior models can be in a dynamic linear
form (Friedkin and Johnsen, 1990)2:

Yit = ˇ0 + ˇ1Yit−1 + ˇ2
�Zijt−1Yjt−1

�Zijt−1
+ ˇ3Xit−1 + ci + eit (2)

where Yit−1 is the previous behavior of i, Zijt-1 is a dummy  vari-
able indicating if there is a link from i to j at time t − 1, i.e. 1

if yes and 0 otherwise, and
�Zijt−1Yjt−1
�Zijt−1

represents the weighted

average behavior among the network neighbors of i, which is the
exposure term (contagion) of interest,3 and Xit-1 represents other

2 Note that although we choose a linear form of the model with mean exposure
term, these assumptions can be easily relaxed and our arguments can be applied to
other types of models.

3 From now on I will use the term “contagion effects” to represent �2, “network

exposure term” to represent
�Zijt−1Yjt−1
�Zijt−1

.

variables that might affect the behavioral outcome Y. We  choose
this form of behavioral model for several reasons: (1) we choose
linear models as they have greater flexibility when compared with
models like SIENA (Steglich et al., 2010), and because of the avail-
ability of methods that they may  produce to deal with unobserved
time-constant actor differences (Steglich et al., 2010; Mouw, 2006);
(2) we  only use lagged endogenous variables (if X is exogenous,
i.e. if X is not “caused” by Y then X can be contemporaneous),
which to us is a more realistic assumption that there is some lag
in the transmission of social effects. In addition, such formula-
tions require less strict conditions for identification of social effects
(Manski, 1993). One might argue that there are also contempo-
raneous social effects that should be included, which constitute
the true “structural model” (Sims, 1980; Bramoullé et al., 2009).
Even if this is true, however, the identification of contemporane-
ous effects often requires strong structural restrictions or valid
instrumental variables (Sims, 1980; Manski, 1993; Wooldridge,
2010), and including both contemporaneous and lagged effects
when identifying contagion effects can cause problems both in
estimation and interpretation (Lyons, 2011; VanderWeele and An,
2013; VanderWeele et al., 2012). As Sims (1980) has argued for
vector-autoregressive models, the type of “reduced form” models
in model 2 do not require “too many incredible restrictions” for
identification, and are still very useful in forecasting and analy-
sis.

For the selection process, let Zijt = 1 if there is a connection from
node i to node j at time t, and let Z*

ijt be a latent variable defined as

Z∗
ijt = ˛0 + ˛1Zijt−1 + ˛2|ci − cj|
+˛3|Yit−1 − Yjt−1| + ˛4|Xit−1 − Xjt−1| + εijt (3)

where c represents a time invariant unobserved trait for i and j,
Y represents the behavior of interest, X represents the observed
variables and εijt∼N (0, 1). By defining Zijt as

Zijt =
{

1 if Z∗
ijt
> 0

0 otherwise
(4)

we know that Zijt follows a standard probit model (Wooldridge,
2010) where

P
(
Zijt = 1

)
= �(˛0 + ˛1Zijt−1 + ˛2|ci − cj|

+˛3|Yit−1 − Yjt−1| + ˛4|Xit−1 − Xjt−1| + εijt) (5)

The models described in Eqs. (2) and (5) are now called simply
models 2 and 5. Model 5 represents the selection model. Through
models 2 and 5 we now have described the co-evolution of the
influence and selection processes, which operate through the same
sets of observed and unobserved variables. And the magnitude of
contagion effects is represented by the parameter �2 in model
2.

To understand where any bias comes from, we need to know that
in order to get consistent estimates in model 2 using conventional
approaches such as OLS, one key assumption is that unobserved
errors have to be uncorrelated with observed variables. In this case,
if either the idiosyncratic error eit or a latent trait ci is correlated
with observed variables, we  will have biased estimates. For now
we only focus on the latent trait ci and assume that eit does not
correlate with observed variables in model 2. (Different exogeneity
assumptions must hold for different estimation methods, for more
details see Wooldridge (2010)). We  already know that ci correlates
with Yit−1, and if �2 < 0 in model 5, such that there is a homophily
based selection which operates through an unobserved trait, we
know (i) person i will select person j with a similar latent trait, and
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