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CO-EVOLUTION MODELS OF
LONGITUDINALLY MEASURED
INTERACTIONS

Jasperina Brouwer and Dominik E. Froehlich

Introduction

Social network analysis (SNA) has gained increasing attention in any context where
interactions take place, for example, in education among students or at the work-
place among employees. These analyses may focus on status (e.g., friendship) or
interactions (e.g., communication), the latter being emphasized in this chapter.
SNA investigates the social structures, which implies the ties (connections) among
the individuals (i.e., actors) within a certain network. The social network structures
need to be examined together with important attributes of the actors who make up
the social network. These attributes may be, for instance, background characteristics
(e.g., gender, age, grades) but also to attitudes or behaviors (Borgatti, Everett, &
Johnson, 2018)

Recent technological and methodological advancements have promoted
a plethora of cross-sectional or longitudinal methods to study group interac-
tions within the framework of SNA ranging from qualitative (Herz, Peters, &
Truschkat, 2015) and mixed approaches (Froehlich, 2020) to quantitative ones
(Snijders, Van de Bunt, & Steglich, 2010; Brouwer, Flache, Jansen, Hofman, &
Steglich, 2018), some of which are presented in this volume. In this chapter,
we will focus on the quantitative SNA approaches adopted for investigations
of interactions over time. Although various SNA approaches can be applied
to investigate interaction (see also in this volume Mejeh, 2020; Ryu, 2020;
Froehlich & Van der Wilt, 2020), this chapter introduces an example of peer
interactions within small group teaching to illustrate the method of analyz-
ing longitudinal social networks. We discuss the implications of the different
approaches for SNA findings and interpretations for the empirical investigation
of (peer) interactions.
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Methodological background

Most quantitative applications of SNA are rooted within the post-positivism para-
digm, which assumes the existence of a manifest but merely stochastically compre-
hensible reality and aims at testing hypotheses (Guba & Lincoln, 1994). SNA may
also be discussed under the banner of relational sociology, which promotes rela-
tional thinking over emphasizing individuals’ (or other entities’) attributes (Donati,
2010; Emirbayer, 1997).

One of the main mechanisms underlying interaction and network formation
is homophily. Homophily refers to the likelihood that individuals are connecting
to each other because they are similar to some degree in terms of characteristics
or behavior (McPherson, Smith-Lovin, & Cook, 2001). This raises the question
whether individuals either select others to interact with because they are similar
and/or influence each other over time during their interaction. Selection and influ-
ence are two network processes that both can explain homophily. Selection means
that individuals connect to each other based on certain characteristics (e.g., grades)
and influence means that individuals become more similar over time because of
their connections with others, who have certain characteristics (e.g., grades; Veen-
stra & Steglich, 2012).

To understand more about which process is predominant within a certain con-
text and at a certain moment, we need to disentangle selection from influence. Inves-
tigation of longitudinally collected complete (full) social network data provides
insight into selection and influence mechanisms. In complete networks, all network
ties within a certain boundary (e.g., classroom) are measured (Steglich, Snijders, &
Pearson, 2010). So far, various models have been developed for the analysis of
longitudinal social networks (see Snijders, 2005). For disentangling selection from
influence it is necessary that the evolution of networks within a continuous time
frame is modeled given the changes in actor attributes (i.e., behavior) simultane-
ously (Ripley, Snijders, Boda, Vorés, & Preciado, 2016; Steglich et al., 2010). Sto-
chastic actor-based modeling (SABM) is an inferential technique to test hypotheses
in longitudinal data where the observations are interdependent. Actor attributes
and ties are both independent and dependent variables when both changes are
modeled (Snijders, 2001, 2005, 2011; Snijders et al., 2010; Steglich et al., 2010;
Ripley et al., 2016).

SABM makes use of simulation. The model changes based on the perspective of
the actor and that an actor makes a “decision” of initiating the changes of the ties,
that is, maintaining, dissolving, or creating a tie (Ripley et al., 2016). It does not
mean that this is an active decision, but the actor controls the outgoing ties based
on the network position, attributes, and the perceived others in the network. This
changing network is the result of a Markov process implying that the network
state at a future time point can only be predicted probabilistically as a function
of the current network state. Therefore, it is important to include all meaningful
information as independent information (Snijders et al., 2010). The changes in a
network take place when actors have the chance to change their outgoing ties or
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behavior at a certain point in time. This moment of change in the outgoing con-
nections is captured with the rate parameter. The fundamental moment for change is
the ministep, which means that not more than one behavior or tie variable of one
actor can change. Changes of ties are decomposed in ministeps and modeled with a
probabilistic function. The moment that an actor in a network modifies one of his
connections may depend on the social network structure and actor attributes (see
for more details Snijders, 2005). The likelihood of the network change in a certain
way and from an actor’s perspective is determined by the objective function, referring
to the possible states of the social network, which are, in turn, dependent on the ties
and actor and/ or dyadic covariates (attributes of one actor and/or between a pair
of actors). An example of an objective function as a linear combination of elements
is the tendency of similarity/ homophily expressed in the ties from the focal actor
towards actors with the same grades (Snijders et al., 2010).

Applicability and requirements

The data to be collected needs to be in a relational format that is able to find inter-
dependencies between the observed cases. One of the main challenges is dealing
with missing data. Missing data of 10 percent can be acceptable; the model may
converge and the estimates are not too much biased (Ripley et al., 2016). Also,
consider ethical issues when doing (longitudinal) SNA. See for more information
about ethical issues when applying SNA, Borgatti and Molina (2003), Korir, Mit-
telmeier, and Rienties (2020), Palonen and Froehlich (2020). Quantitative longitu-
dinal network analysis is also dependent on your capabilities in applying statistical
and mathematical functions. The algorithms of analysis presented in what follows
are relatively complex and under current development. As such, you need to be
able (and confident!) to navigate in an environment where ready-made solutions
are potentially not (yet) available.

The software you need for this analysis is R (R Core Team, 2014). R is freely
available and is supported across operating systems. A disadvantage of using R is that
the researcher needs to learn the script language, which can be time-consuming
depending on previous program experience. For stochastic actor-based modeling
should be conducted with the R package SIENA (Simulation Investigation for
Empirical Network Data; Ripley et al., 2016). SIENA is a simulation method that
allows researchers to investigate the co-evolution of social network structures and
actor behavior over time (Veenstra & Steglich, 2012).

Workflow

Step 1: Check whether your research question aligns with the
method

Research questions addressed with quantitative longitudinal SNA empha-
size mutual impact of changing networks (i.e., relationships or interactions) and
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changing personal attributes. Research questions differ from cross-sectional social
network data, since one time point cannot inform us about change and, hence,
influence and selection effects. The advanced techniques for analyzing social net-
work data provide unique insights in changes in relationships or interactions over
time given the changes in the social network positions and behavioral attributes
(e.g., academic performance, smoking). Actors can become central over time by
network-related structural processes but also because of their personal characteris-
tics. For instance, consider the research questions posed by Van Duijn et al. (2003,
p. 155):“What kinds of individual and network variables explain changes over time
within a friendship network?” The question is at what stages and why these vari-
ables are important. Such research questions can be reformulated in hypotheses that
are testable with quantitative complete network data.

In the illustrative example, Brouwer et al. (2018) investigated whether students
select each other based on their grades and addressed the following research ques-
tion: “With whom do freshmen connect when they need study related support
during their first academic year?” They controlled for friendship, because friends
might be more willing to help. Based on the homophily principle (McPherson
et al., 2001) it is likely that friends achieve similarly. The next research question was:
“Do they ask more often a similar-achieving friend or a higher-achieving fellow
student who is not a friend?” Another example of a research question about school
networks, focusing on selection and influence, is: “To what degree can influence
and selection account for the co-evolution of substance use and friendship ties?”
(Steglich et al., 2010, p. 363). Research questions like these are addressed by apply-
ing stochastic actor-based modeling (Snijders et al., 2010).

Step 2: Define your network’s boundary

Longitudinal social network research generally use clearly predefined boundaries
by the researcher (Wasserman & Faust, 1994). For disentangling selection from
influence, networks need to have specified boundaries. The researcher needs to
define the network boundary prior to the start of the research project. The bound-
ary specification determines which actors are approached and included as partici-
pants. Why is it so important to collect quantitative data of a complete network
given the predefined network boundary? When a researcher wants to disentangle
selection from influence effects, insight into whom is nominating whom (selection)
but also who is not nominated by the other participant (non-selection) is needed.
Often, these complete networks are collected with surveys and to a lesser extent
with interviews (see Wasserman & Faust, 1994).

In the illustrative example, Brouwer et al. (2018) defined their boundary as
follows. They investigated learning communities, but they were also interested
in help-seeking relationships and friendships beyond the learning communities.
Therefore, they defined the boundary as one cohort of students that belong to one
faculty where they can all meet (and nominate) each other. The assigned learning
community was included as an attribute variable.
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Step 3: Safeguard high response rates

As discussed previously, the problem of missing data is particularly serious in social
network research, because the study outcomes can be biased if important ties are
missing (Ripley et al., 2016). The main reasons for missing data is non-response
because they feel that the questions are too personal or attrition of the study (Bor-
gatti et al., 2018).To prevent missing data, participants should be informed about the
importance of complete network data and confidentiality should be safeguarded.
A small amount of missing data (<10 percent) will not result in biased results. See
for more information Huisman and Snijders (2003) and Ripley et al. (2016).

In the illustrative example, Brouwer et al. (2018) had a high response rate of
90 percent in their study. This may be the result of intensive contact with the par-
ticipants during the study. Make sure to inform them very carefully about the added
value of longitudinal SNA, about the aim, and the duration of the study. It is also
important to inform participants about preliminary results and eventually reward
them with a voucher (or another small present). The researcher should be active
and available when participants email their questions or concerns about privacy
or other issues. Ensure that the survey is not too long — not more than four social
network questions.

Step 4: Have a timely follow-up

Longitudinal data measure a social networks in at least two waves, but it is pre-
ferred that more time points are measured. The measurement points should be not
too far apart from each other. However, the time gap between the first and final
measurement must be large enough to provide insight in the changes of a net-
work (Snijders, 2009). This implies that network data are collected over time but
also individual characteristics, attitudes, motivation, among others, such as personal
attributes and depending on the focus of the research.

Step 5: Organizing and analyzing the data

The models are estimated with the data-analysis package RSIENA (Simulation
Investigation for Empirical Network Analysis) and allows us to test binary com-
plete network data including existing ties (coded as 1) or no ties (coded as 0).
The social networks data set should therefore be dichotomized in zeros (non-tie)
and ones (tie) and stored in adjacency matrices. The behavior data can be stored
with one row for each participant consisting of the dichotomized or ordinal
values for the attributes (e.g., attitudes, motivation, grades). The network data
set and the attribute data set should be separately imported in R. Always check
whether your network and attribute files consist of the same number of actors
and whether the nodes are in the same order in attributes file as in the rows and
columns of the network matrix. See Ripley et al. (2016) for how to create the
SIENA objects in R.
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The data sets can be first analyzed in a descriptive way by making graphs of
each time point and by calculating network descriptives, such as in- and outde-
gree, density, and reciprocity. The changing peer networks in a complete program
and changing levels of the attributes can be jointly modeled in a co-evolution
model. In a co-evolution model, we test selection and influence effects by includ-
ing endogenous structural social network effects and exogenous cross-network
effects and covariates (such as measures of learning performance). The analyses
produce parameter estimates of the dynamics of social networks (structural net-
work and attribute-dependent selection effects) and behavior (behavior trends and
influence effects; Ripley et al., 2016). Check prior to the analysis whether enough
stability exists to see whether the SIENA method is appropriate for the data set.
This can be done by calculating the Jaccard index. As a rule of thumb, Jaccard
values of .30 or higher are good, whereas lower than .20 the estimation of the
models might be problematic. The model specification needs to be done based on
theory and prior knowledge (see Ripley et al., 2016). The structural effects, such
as outdegree (tendency to form outgoing ties), reciprocity (mutual ties), and (at
least one of the) transitivity parameters (two actors have a shared common tie) are
always included. Think also about the specification of control variables (e.g., age,
gender), degree-based parameters related to the actor covariates (e.g., indegree
achievement; outdegree achievement eftect), and dyadic covariate effects (same
achievement effect; Snijders, 2005; Snijders et al., 2010). See Veenstra and Steglich
(2012) for a more detailed explanation of a specification of a selection and influ-
ence model. For the networks, the actor-based model gives information about tie
creation, maintenance, and termination of ties. In case of a co-evolution model
instead of merely a selection model, the behavior in the actor-based model gives
information about increasing, decreasing, or maintaining a certain level of behav-
ior (e.g., achievement, smoking). Exogeneous individual and dyadic covariates are
not modeled but can be used as an explanation of network or behavioral changes.
After the modeling, the researcher checks whether the model converges. As a rule
of thumb, the t-ratios for convergence should be less than 0.1 and the overall
maximum convergence ratio of the model should be less than 0.25 (although these
are not strict rules). When this is not the case, re-running the analysis is one of the
possibilities. Check the RSIENA manual (Ripley et al., 2016) for more options.
The t-ratios of the estimates are based on an approximate normal distribution. The
estimate is divided by the standard error to get the t-value and belonging p-value
to get informed about the significance level (see for more details Snijders, 2005;
Snijders et al., 2010). After interpreting the results of the final model, the researcher
describes the results.

In the illustrative example showcased in this chapter, Brouwer et al. (2018) tested
in two steps whether students selected other fellow students for academic help
based on friendship, preference for collaboration, and grades, while controlling
for gender and self-efficacy. The hypothesis is that students ask for academic help
from their similar-achieving friends instead of their non-similar achieving fellow
students. The final model showed that when students are friends, they are more
likely to ask academic help from each other. This can be derived from the positive
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friendship effect on academic help networks (b = 0.93; SE = 0.22). Positive effects
are also found for achievement ego (b = 0.41; SE = 0.12) and achievement similar-
ity (b = 2.10; SE = 0.10). This means that the higher a student achieves, it is more
likely that he or she will ask others for academic support but also that students are
more likely to approach each other for academic help when they have similar levels
of achievement.

Strengths and weaknesses

There are few alternatives to doing relational or structural analysis across multiple
time points, especially when the benefits of quantitative research (e.g., handling of
big volumes of data) are useful for a particular research project. When it comes to
model testing, the longitudinal aspect is especially helpful for making more con-
fident conclusions about temporal causality. The advantages of these models are
that they assume a continuous time frame between the different discrete measure-
ments, take into account interdependencies between observations, and control for
the structural eftects (Veenstra & Steglich, 2012).

Despite these advantages, all the limitations of any longitudinal approach are
applicable when studying co-evolution models of longitudinally measured inter-
actions. This includes, for instance, attrition among study participants (which is
especially important given SNA’s high affordance in terms of network coverage)
or questions about the timing of measurements: What is the “right” lag between
the measurements points in relation to the effect that is being studied? What 1s a
meaningful start and end date? What is the meaning of time, to begin with (Pet-
tigrew, 1990)?

There are some specific limitations of this approach. First, as stated previously,
the method itself is still under rigorous development. This means that not all proce-
dures are fully in place. This means that not all procedures are fully in place yet (see
Niezink, 2018). Second, some assumptions of these models do not fully represent
reality. For example, the assumption that actors act independent from the other
actors in the network. Therefore, it is difficult to investigate group phenomena and
collective action with the analysis is RSIENA. Furthermore, you conduct this type
of analysis in a complete network where all actors can nominate each other, for
example friends outside the university (Baerveldt, Volker, & Van Rossem, 2008).
In reality, an actor will also select people outside this network. Fourth, the analy-
sis might be complicated for a beginning network researcher. However, many R
packages are already available, as well as introductory material, and online support
tools. Researchers who start with these types of analysis can also connect to other
experts in the field and ask for support directly and/ or contact the authors of this
book chapter.

Further reading

Ripley, R. M., Snijders, T. A. B., Boda, Z.,V6ros, A., & Preciado, P. (2016). Manual for R Siena.
Oxford: University of Oxford, Department of Statistics, Nuffield College.
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Snijders, T., Steglich, C., & Schweinberger, M. (2017). Modeling the coevolution of networks
and behavior. In K. Monfort, J. Oud, & A. Satorra (Eds.), Longitudinal models in the behav-
ioral and related sciences (pp. 41-71). London: Routledge.
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