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Introduction

In many statistical models, the assumption of independent observations is key

for making inference. Such an assumption is likely to be valid in, for example,

a survey study among a random sample of people from a large population.

If a group of people fills out a survey every year, observations are no longer

independent, because observations from the same individual are likely to be

correlated.

Temporal dependence is merely one form of dependence between observations.

A shared social context may be another reason to assume dependence, for ex-

ample for students in a classroom or employees in an organization. When the

crime rate in neighboring areas is similar, we speak of spatial dependence. All

these forms of dependence between observations are based on some notion of

shared context: the individual, the social context and the spatial context.

The interactions and relations between individuals within a social context in-

troduce another layer of dependence. They are the object of study in the field

of social network research (e.g., Wasserman and Faust, 1994; Scott and Car-

rington, 2011; Kadushin, 2012). Examples of social relations include friendship

(among students), collaboration (among firms) and advice-seeking (among col-

leagues). In these examples, the students, firms and colleagues are social actors.

The relations among social actors constitute social networks. Social networks

can be represented by (directed) graphs, where the nodes represent the actors

and the ties (directed edges) between pairs of nodes represent a relation between

actors.

Parts of this chapter are based on: Niezink, N.M.D. and Snijders, T.A.B. (accepted).
Always in interaction: Continuous-time modeling of panel data with network structure. In K.
van Montfort, J.H.L. Oud and M. Voelkle (Eds.), Continuous time modeling in the behavioural
and related sciences.
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2 introduction

The state of social ties can change over time. Countries that one year have

trade agreements may have no such agreements at a later moment in time.

The decision to dissolve agreements can be based on the economic situation of

these countries, and at the same time will a↵ect their economy. More generally,

social ties a↵ect and are a↵ected by the characteristics of individual actors. An

employee can increase his or her performance by seeking advice, and advice is

more likely to be sought from high-performing colleagues. As such, the advice-

seeking network and the performance of a group of colleagues may well develop

interdependently (co-evolve) over time. The same is true for the network of

trade agreements among countries and their economies.

A major reason for the fruitfulness of a network-oriented research perspective

is exactly this entwinement of social networks and the individual behavior, per-

formance, attitudes, etc. of social actors. The composition of the social context

of individuals influences their attitudes and behaviors, and the choice of inter-

action partners is itself dependent on these attitudes and behaviors. Studying

the entwinement of networks and actor-level outcomes is di�cult because of

the induced endogeneity: the network a↵ects the outcomes while the outcomes

a↵ect the network. One way to get a handle on the endogeneity is to model

the dynamic dependencies in both directions in studies of the co-evolution of

networks and actor attributes. This is called the co-evolution of networks and

behaviors, with ‘behavior’ as the catchword for the actor attributes in the role

of dependent variables, that can also represent other individual characteristics

such as performance, attitudes, etc. (Steglich, Snijders, and Pearson, 2010).

1.1 Stochastic actor-oriented model

The stochastic actor-oriented model is a continuous-time model that can be used

to analyze the co-evolution of networks and actor attributes, based on network-

attribute panel data (Snijders, Steglich, and Schweinberger, 2007). For the

analysis of network-attribute panel data, continuous-time models are a natural

choice. Many social relations and individual outcomes do not change at fixed

time intervals. Social decisions can be made at any point in time. Between the

measurement moments, changes in the network and actor attributes take place

without being directly observed. Therefore, we assume the measurements to

be the discrete-time realizations of a continuous-time process. Continuous-time

models allow us to model gradual change in networks and behavior and have the

additional advantage that their results do not depend on the chosen observation

interval, as they do in discrete time models (Gandolfo, 1993; Oud, 2007).
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In general, continuous-time models are fruitful especially for systems of variables

connected by feedback relations, and for observations taken at moments that

are not necessarily equidistant. Both issues are relevant for longitudinal data

on networks and individual behavior. Network mechanisms such as reciprocity

and transitive closure (“friends of friends becoming friends”) are instances of

feedback processes that do not follow a rhythm of regular time steps. The same

holds for how actors select interaction partners based on their own behavior

and that of others, and for social influence of interaction partners on an actor’s

own behavior.

The dependence structure in social network data is complex. Neither the actors

in the network, nor the ties between them are independent. For the study of so-

cial network dynamics, Snijders (2001) developed the stochastic actor-oriented

model, which deals with these intricate dependencies. This model is used to

test hypotheses about the social mechanisms governing network evolution. The

stochastic actor-oriented model was developed in the tradition of network mod-

els by Holland and Leinhardt (1977), as a continuous-time Markov chain on the

state space of all possible networks among a set of actors. The model represents

network dynamics by consecutive tie change decisions taken by actors. The tie

change decisions are modeled by a multinomial logit model (McFadden, 1974).

The network change observed in the panel data is considered the aggregate of

many individual tie changes.

Snijders et al. (2007) extended the stochastic actor-oriented model for the co-

evolution of social networks and actor attributes measured on an ordinal cat-

egorical scale. Greenan (2015) extended the model for the co-evolution with

binary behavior, non-decreasing over time, representing whether or not an ac-

tor has adopted an innovation. These models provide substantive researchers

with a way to gain insight into network autocorrelation puzzles (Steglich et al.,

2010).

For example, adolescent friends are often similar in their cigarette and drug use

(Kandel, 1978) and show similar delinquent behavior (Agnew, 1991). This type

of association on individual characteristics of related social actors is referred

to as network autocorrelation. Peer influence and homophilous selection are

among the possible causes of network autocorrelation. Does an adolescent start

smoking, because his friends smoke, or are smoking adolescents more likely to

befriend fellow smokers? These are typical examples of questions that arise

when studying a co-evolution process. The stochastic actor-oriented model for

network-attribute co-evolution can help to disentangle selection and influence

(Steglich et al., 2010).
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1.2 Required data

To study a co-evolution process as described above, we need repeated observa-

tions of a complete social network among a set of n actors and their attributes.

The social networks studied using stochastic actor-oriented models typically in-

clude between 20 and 400 actors. Networks of this size often still describe a

meaningful social context for a group of actors. For very large networks, such

as online social networks, this is no longer true.

The definition of the group, the set of actors between whom the relation is

studied, is part of the design in network research. It is assumed that relations

outside this group may be ignored for the purpose of the analysis – the validity

of this assumption depends on the context of a study. This is called the problem

of network delineation, or the ‘network boundary problem’ (cf. Marsden, 2005),

and it is considered to have been solved before embarking upon the analysis.

Generally, collecting complete social network data is a considerable e↵ort. Since

complete social network data are especially sensitive to missing data due to their

complex dependence structure (Huisman and Steglich, 2008), a high response

rate is very important. Respondents in complete network studies often form

a meaningful group (e.g., a school class or the employees of an organization).

Whether for large network data, of for example size 400, the concept ‘group’

is still meaningful depends on the context of a study. The meaningful group

provides a natural choice for the network boundary. Missing responses cannot

be compensated by the addition of a few randomly selected other individuals to

the study. At the same time, for the participants, answering multiple network

questions, such as “who in this school is your friend / do you study with / do

you dislike?” takes time, is repetitive and thus can be a wearying task. We

refer to Robins (2015) for guidance on collecting network data and doing social

network research.

Complete social network data contains the information about all n(n � 1) tie

variables xij between the actors. The presence of a tie from actor i to actor j

is indicated by xij = 1 and its absence by xij = 0. Adjacency matrix x = (xij)

summarizes all tie variable information. Figure 1.1 shows an example of a

network and the corresponding adjacency matrix.

Ties are assumed to be nonreflexive, that is, xii = 0. Reflexive social ties would

be either conceptually di↵erent from the ties actors have with others (“being

your own friend”) or would make no sense (“asking yourself for advice”). We

also assume ties to be directed, and so xij and xji are not necessarily equal.

Friendship, advice seeking and bullying are examples of directed relations; even
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Figure 1.1: Two representations of the same relational data.

though i calls j his friend, j may not call i his friend. Undirected relations,

such as collaboration, can be studied using the stochastic actor-oriented model

as well (Snijders and Pickup, 2016), but are not the focus of this thesis.

The network and attributes are measured at several not necessarily equidistant

points in time. The network changes between consecutive measurements provide

the information for parameter estimation, and therefore should be su�ciently

numerous. At the same time, the number of network changes should not be too

large. A very large number of changes would contradict the assumption that

the change process under study is gradual or, in case the change is gradual,

would mean that the measurements are too far apart (Snijders, Van de Bunt,

and Steglich, 2010).

The stochastic actor-oriented model is mostly applied to panel data with two to

five measurements. Theoretically it could also be applied to time series data. In

case that all network changes and the time points at which these changes occur

are known, as well as the attribute values of the actors at these time points, the

likelihood corresponding to a stochastic actor-oriented model can be formulated

explicitly. Parameters could then be estimated by maximizing this likelihood.

Unfortunately, fine-grained information of this sort about network evolution is

hard to collect and rarely available.

1.3 Related models

The stochastic actor-oriented model was developed in the tradition of network

evolution models by Holland and Leinhardt (1977), which model the evolution

of social structure by a continuous-time process. In particular, to study the

dynamics of social networks based on longitudinal network data, Holland and

Leinhardt (1977) proposed the use of continuous-time Markov chain models,

defined on the space of all possible directed networks on a specific actor set.

They assumed that, given the network state at a particular time, subsequent tie
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changes are conditionally independent of each other a small unit of time later.

This assumption implies that two ties cannot change simultaneously.

Holland and Leinhardt (1977) illustrated their approach through an indepen-

dent ties model and an independent dyads model. Their tie model focuses on

the change intensity of the ties between actors and assumes ties to evolve inde-

pendently. In the dyad model, as later elaborated by Wasserman (1980b) and

Leenders (1995), the independence assumption is transferred to the dyad level:

the model assume all pairs of actors (dyads) in a network to evolve indepen-

dently. Dyad models focus on the transition intensities between the possible

states of a dyad: a mutual, an asymmetric or no relation between two ac-

tors. Independent tie and dyad models, however, do not take into account the

more complex dependence structures that characterize many social networks

(for example, triadic structures representing transitive closure). The stochastic

actor-oriented model is the most elaborate model for network evolution in the

tradition of Holland and Leinhardt (1977) and can take into account the e↵ect

of structural mechanisms beyond the dyad level (Snijders, 1996; Snijders and

Van Duijn, 1997; Snijders, 2001).

Exponential random graph models (ERGMs) are a di↵erent class of models

that can take into account higher order networks dependencies, such as triadic

configurations. The ERGM was originally formulated for the study of cross-

sectional network data (Frank and Strauss, 1986; Wasserman and Pattison,

1996; Lusher, Koskinen, and Robins, 2013). The model is based on the idea

that all dependence between ties can be captured by local configurations. Re-

cently, several temporal extension of the ERGM framework have been proposed

(Robins and Pattison, 2001; Hanneke, Fu, and Xing, 2010; Snijders and Koski-

nen, 2013; Krivitsky and Handcock, 2014). A temporal extension of the social

relations model (Kenny and La Voie, 1984), again an independent dyads model,

that assumes relations to be the product of a sender, receiver and a relation-

specific e↵ect, has been elaborated by Westveld and Ho↵ (2011). Unlike the

models in the tradition of Holland and Leinhardt (1977), all these extensions –

except for the longitudinal ERGM proposed by Snijders and Koskinen (2013)

– are discrete-time based; they do not specify an underlying continuous-time

evolution process.

Block, Koskinen, Hollway, Steglich, and Stadtfeld (2018) compare the temporal

ERGM (Robins and Pattison, 2001; Hanneke et al., 2010), an auto-regressive

network model, and the stochastic actor-oriented model, a process-based model.

They conclude that continuous-time network models, such as the stochastic

actor-oriented model (Snijders, 2001) or the longitudinal ERGM (Snijders and

Koskinen, 2013), are to be preferred when researchers aim to explain net-
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work evolution. Continuous-time models yield parameters that are indepen-

dent of the duration of the process studied, a result that was already known for

continuous-time models of non-network panel data (e.g., Voelkle, Oud, Davi-

dov, and Schmidt, 2012). Moreover, stochastic actor-oriented models allow for

direct inference on the social mechanisms underlying network change (Block

et al., 2018).

The stochastic actor-oriented model aims to model the change of a network state

over time, based on ‘snapshots’ of this state. Stadtfeld (2012; see also Stadtfeld,

Hollway, and Block (2017)) generalized the model to time-stamped event stream

data. When people make phone calls, send e-mails, or visit each other, these

actions can be considered as directed dyadic relational events. Stadtfeld (2012)

models such events from an actor-oriented perspective. The model was used,

for example, in a study of the private message communication in an online

question and answer community of around 88,000 people over a three year time

span (Stadtfeld and Geyer-Schulz, 2011).

1.4 Model developments

In this dissertation, we address two challenges for stochastic actor-oriented

models: continuous behavior variables and standard error estimation. Many

attributes of social actors, such as the performance of an organization or the

health-related characteristics of a person, are naturally measured on a continu-

ous scale. As the co-evolution model proposed by Snijders et al. (2007) assumes

actor attributes to be measured on an ordinal categorical scale, continuous be-

havior variables have to be discretized to fit into this modeling framework.

Discretization often involves arbitrary choices, such as the number and width of

categories, and leads to loss of information. Moreover, the e↵ect of discretizing

continuous behavior variables on model outcomes are unknown.

This dissertation introduces a model for network-attribute panel data, in which

the attributes are measured on a continuous scale. While the models pro-

posed by Snijders et al. (2007) and Greenan (2015) can be entirely specified

within the continuous-time Markov chain framework for discrete (finite) out-

come spaces, the model presented here integrates the stochastic actor-oriented

model for network dynamics and the stochastic di↵erential equation model for

attribute dynamics (Øksendal, 2000). The probability model is a combination

of a continuous-time model on a discrete outcome space and one on a continuous

outcome space.
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During the research process, we were confronted with problems with standard

error estimation. For some analyses, repeated estimations of the same standard

errors yielded very di↵erent results: some small, some very large. Many other

scientists expressed similar experiences. This led us to face a second challenge:

standard error estimation for stochastic actor-oriented models.

One way to estimate parameters in a stochastic actor-oriented model is by

the method of moments (Snijders, 2001). Colloquially, method of moments

estimates are those parameter values for which the expected values of relevant

statistics of the data given the model equal their values in the observed data.

For stochastic actor-oriented models, these estimates are obtained by stochastic

approximation, an iterative procedure. However, the usual convergence criteria

for parameter estimates in stochastic actor-oriented models do not guarantee

the accurate estimation of standard errors. Standard errors in converged models

with a complex model specification can be highly inflated, especially when the

model includes parameters that are di�cult to estimate for the data set under

study. These very high standard errors will occur seemingly at random. A re-

estimation of the model may produce much smaller standard error estimates.

This behavior of the estimation procedure increases the risk of type II errors

(‘false negative’ findings). In this thesis, we identify the source of the inflated

standard error problem and define a diagnostic.

1.5 Overview

Following this introductory chapter, the remainder of this thesis addresses two

areas of development in the stochastic actor-oriented model. Chapters 2, 3, 4

and 6 are related to its extension for the co-evolution of social networks and

continuous actor behavior. Chapter 5 addresses the topic of inflated standard

errors in stochastic actor-oriented models.

Chapter 2 gives an introduction to the new co-evolution model. It gives a step-

wise definition of stochastic di↵erential equations and presents the model for

the co-evolution of a social network and a single continuous actor attribute be-

tween two measurements. The model is illustrated by a study of the relationship

between friendship and psychological distress among adolescents.

Chapter 3 presents the theoretical background of the model. It defines the model

for multiple continuous actor attributes and more than two measurements, and

discusses parameter estimation. A study of the e↵ects of peer influence and

social selection related to body mass index in adolescent friendship networks



1.5 overview 9

serves as an application of the model. The performance of the model is evaluated

in a simulation study.

Chapter 4 describes the software that can be used to estimate the new co-

evolution model, and discusses two technical details of the estimation proce-

dure that are specific to this model. As part of this dissertation, the model

was implemented in the package RSiena (Ripley, Snijders, Boda, Vörös, and

Preciado, 2018) in R, a free software environment for statistical computing (R

Core Team, 2017). A meta-analysis of the co-evolution of friendship ties and

mathematics grades among students in 39 classrooms illustrates how the model

can be applied.

Chapter 5 discusses the problem that the standard errors in converged stochastic

actor-oriented models sometimes become highly inflated. We adapt a diagnos-

tic developed in the context of collinearity in multiple linear regression to a

diagnostic for standard error inflation. The data studied in Chapter 3 are used

for illustration.

Chapter 6 discusses the similarities and di↵erences between the proposed co-

evolution model for continuous actor attribute dynamics and the existing model

for discrete attribute dynamics (Snijders et al., 2007). We compare the models

analytically, and assess the e↵ect of discretizing continuous attributes both in

real and simulated data. The simulation study is based on the analysis con-

ducted in Chapter 2.
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