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Conclusion and discussion

This final chapter summarizes the developments of the stochastic actor-oriented

model presented in this dissertation, discusses their empirical applicability and

indicates directions for future research. The latter include methodological de-

velopments related to variable transformations and maximum likelihood esti-

mation. We also discuss three common assumptions in social network analysis.

7.1 Summary of the research

A social network consists of a set of actors and the ties between them. Social

networks and the characteristics of the actors constituting these networks are

not static; they evolve interdependently over time. People may befriend others

with similar political opinions or change their own opinion based on those of

their friends. The stochastic actor-oriented model has been developed to sta-

tistically analyze this type of dynamics, based on panel data (Snijders, 2001;

Snijders et al., 2007).

The stochastic actor-oriented model can be used to test social mechanisms in

network dynamics. Examples of such mechanisms in friendship networks are

reciprocity, transitivity (‘friends of my friends are my friends’) and homophily

(the preference to have friends who are similar). The model is defined as a

continuous-time Markov chain on the set of all possible networks on a given

actor set. Employing a continuous-time approach allows the model to represent

the unobserved network dynamics between the measurement moments. The

stochastic actor-oriented model assumes network change to occur through con-

secutive changes made by actors in their outgoing ties. The tie changes of an

actor are modeled by a multinomial logit model, in which the social mechanisms

enter as covariates.
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158 conclusion and discussion

To study social selection and peer influence simultaneously, the stochastic actor-

oriented model has been extended for the analysis of the co-evolution of networks

and individual attributes (Snijders et al., 2007; Steglich et al., 2010). This

work assumed attributes to be measured on an ordinal categorical scale. As

a consequence, in several studies scholars had to discretize their continuous

variables to fit them into the modeling framework.

In Chapter 2, we introduced the stochastic actor-oriented model for the co-

evolution of networks and continuous actor attributes. The model combines a

Markov chain model for the network dynamics and a linear stochastic di↵eren-

tial equation for the continuous attribute dynamics. The discrete-time conse-

quences of the linear stochastic di↵erential equation are expressed analytically

in the so-called exact discrete model (Bergstrom, 1984; Delsing and Oud, 2008).

The exact discrete model is used to evaluate the change in actors’ attributes

between consecutive network changes. The similarity of the stochastic di↵eren-

tial equation model to the the regular linear regression model facilitates, among

others, the interpretation of parameters and the development of a measure of

explained attribute variance. We illustrated the proposed method in Chapter

2 by a study of the relationship between friendship and psychological distress

among adolescents.

While Chapter 2 defined the stochastic actor-oriented model for the co-evolution

of networks and a single continuous attribute based on data collected at two

measurements, Chapter 3 extended the definition to more than two measure-

ments and more than one continuous attribute per actor. A period-specific

parameter was introduced into the stochastic di↵erential equation, analogous

to the period-specific rate parameter in the network evolution model, account-

ing for heterogeneity in period length between measurements. The model was

applied in a study of the co-evolution of friendship and body mass index among

156 adolescents based on three measurements. In a simulation study with a

similar setup we showed that parameters are re-estimated well.

Model parameters in Chapters 2 and 3 were estimated by the method of mo-

ments (cf. Snijders, 2001; Snijders et al., 2007), the most commonly used es-

timation method for the stochastic actor-oriented model. The procedure is

simulation-based; the moments are estimated by Monte Carlo simulation. It

applies stochastic approximation, using a adaptation of the Robbins-Monro

(1951) algorithm, to numerically solve the moment equations. In Chapter 2, we

derived suitable moment statistics for the parameters in the stochastic di↵eren-

tial equation.

As part of this dissertation, the model for the co-evolution of networks and

continuous attributes has been implemented in the R package RSiena, so far
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for a single co-evolving continuous attribute only. The contributions to this

package will be made available. Chapter 4 discussed how the package can be

used to estimate the co-evolution model for continuous attributes. Important

to consider when estimating this model is the number of network changes in a

simulation of the co-evolution process. If this number is too small, say smaller

than 100, the exact discrete model does not yield accurate simulations. If it is

large, a large number of simulations is required to reliably estimate standard

errors. The simulation study in Chapter 4 provided insight in the required

number of simulations.

Standard errors of parameter estimates in stochastic actor-oriented models

are estimated based on Monte Carlo simulations of the network evolution or

network-attribute co-evolution process under study, using the score function

method proposed by Schweinberger and Snijders (2007). In Chapter 5, we dis-

cussed that standard errors in converged models with a complex model specifi-

cation can be highly inflated, when the model includes some parameters whose

moment statistics are similarly sensitive to changes in the parameters. We pro-

posed the condition number of the Jacobian matrix of the moment statistics as

an indicator of potential standard error problems, and recommended consider-

ing standard error trace plots to check convergence.

In Chapter 6 we compared the stochastic actor-oriented models for the co-evo-

lution of continuous and discretized actor attributes. Even though the mathe-

matical frameworks for the attribute models are di↵erent, the parameters in the

models are comparable. A simulation study based on the data used in Chapter

2 showed that only the social influence parameter is stronly a↵ected by the

selected discretization. In the study, statistical power increased when more cat-

egories were used in the discretization and power was largest when behavior

was treated as a continuous variable. A real data study based on the data used

in Chapter 3 showed that for the discretization with the most categories, the

conclusions (in the form of t-ratios) about the attribute-related network evo-

lution parameters are most similar to those for the continuous behavior. We

expect that in small networks the treatment of the behavior variable will hardly

matter for conclusions based on significance tests.

7.2 Empirical applicability

The proof of a methodological pudding is in its applicability. The stochastic

actor-oriented model for the dynamics of social networks and continuous actor

attributes developed in this dissertation is likely to be of use in studies on the

sociology of health and the sociology of education, as many health-related (e.g.,
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body mass index, hormone levels, psychological well-being) and school-related

(e.g., scholastic performance) variables are measured on a scale that is su�-

ciently fine-grained to be considered continuous. Also in the context of organi-

zational sociology and management studies, where organizational performance

and individual attitudes are often measured as continuous variables, the model

is applicable. Because the model has been integrated into the RSiena package, it

can be combined with many of the extensions that already have been developed

for the stochastic actor-oriented model. These extensions include a model for

bipartite network dynamics.

A joint research project of Kenneth Wathne and Gennady Zavyalov at the Uni-

versity of Stavanger (Norway) applies the stochastic actor-oriented model for

the co-evolution of bipartite networks and continuous behavior to study the

evolution of an interlocking directorate network. Directors serving on multiple

boards create indirect relations between companies, which can be represented

by a bipartite network. The position of a company in such an interlocking di-

rectorate network has been found to be related to the company’s performance

(e.g., Bøhren and Strøm, 2010; Larcker, So, and Wang, 2013). The director rela-

tionships serve as important exchange channels between organizations and also

provide opportunities for the formation of new relationships. The stochastic

actor-oriented model is used to study the co-evolution of the bipartite inter-

locking directorate network and company performance, based on data of all

Norwegian public limited companies between 2007 and 2011. In the study,

performance is measured by Altman’s (2013) Z-score, a continuous variable

developed to predict corporate bankruptcy.

7.3 Directions for future research

The model developments discussed in this dissertation may inspire further re-

search. In the following, we discuss variable transformations and maximum

likelihood estimation in the context of the stochastic actor-oriented model for

the co-evolution of social networks and continuous actor attributes. We end by

discussing three currently standard, yet questionable assumptions in the field of

social network research. Reflecting on these assumptions in particular research

contexts may result in further substantive and methodological developments.

7.3.1 Non-linear transformations

The stochastic di↵erential equation, modeling the evolution of continuous be-

havior variables in the stochastic actor-oriented model, is based on conditionally
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normal distributions and linear relations between variables. It is possible, how-

ever, that assumptions of normality and linearity apply better to non-linear

transformations of the original behavior variable, cf. the use in regression anal-

ysis of non-linear transformations (Box and Cox, 1964; Atkinson, 1985). Meth-

ods for assessing such transformations could also be developed for continuous

behavior variables in the stochastic actor-oriented model.

For analyzing non-linear transformations of the dependent variable, one-dimen-

sional transformation families seem most relevant given the limited size of prac-

tical data sets. These would a↵ord little information for deciding about high-

dimensional families of transformations. A candidate transformation could be

the Box-Cox (1964) transformation. A diagnostic test for the transformation

would be necessary and could be developed based on the score-type test pro-

posed by Schweinberger (2012).

Also the use of alternative stochastic di↵erential equation specifications is a

potential direction for future research. For di↵erent types of variables, di↵erent

stochastic di↵erential equations (with di↵erent stationary distributions) could

be employed. For example, the Cox-Ingersoll-Ross model (Cox, Ingersoll, and

Ross, 1985) describes the evolution of interest rates and has a Gamma distri-

bution as stationary distribution.

7.3.2 Maximum likelihood estimation

Stochastic actor-oriented models are too complicated for calculating likelihoods

in closed form, which makes maximum likelihood and Bayesian estimation hard.

Currently, the method of moments procedure proposed by Snijders (2001) is

still the most commonly used methods for parameter estimation in stochastic

actor-oriented models.

Maximum likelihood estimators are expected to be more statistically e�cient

than method of moment estimators. They were developed for the regular

stochastic actor-oriented model (without continuous co-evolving attributes) by

Snijders et al. (2010), using the data augmentation principle proposed by Tan-

ner and Wong (1987), and stochastic approximation. The method augments the

observed data with a latent variable describing the network evolution between

observations. These techniques can also be used in the development of maxi-

mum likelihood estimators for dynamic networks and continuous actor variables,

when combined with methods developed for stochastic di↵erential equations.

When a di↵usion process Z(t), modeled by a stochastic di↵erential equation,

is observed at discrete time points only, the continuous-time path between
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the observation moments can be considered as missing data. Fundamental in

likelihood-based (and thus also Bayesian) inference for discretely observed dif-

fusion processes is the ability to simulate paths between two observations (e.g.,

Bladt and Sørensen, 2004; Beskos, Papaspiliopoulos, Roberts, and Fearnhead,

2006). A di↵usion process conditioned on an initial point, Z(0) = z0, and an

end point, Z(T ) = zT , is called a di↵usion bridge.

The main challenge to likelihood-based inference for di↵usion models is that the

transition density, and thus the likelihood function, is not explicitly available

and must be approximated. However, for the simple linear stochastic di↵eren-

tial equation used in this dissertation to model continuous actor behavior, the

transition density is tractable (Bergstrom, 1984; Delsing and Oud, 2008), and

so is its corresponding di↵usion bridge.

The bridge process corresponding to a stochastic di↵erential equation of the

form

dZ(t) = b(t, Z(t))dt+ �(t, Z(t))dW (t) (7.1)

is given by

dZ(t) = b̃(t, Z(t))dt+ �(t, Z(t))dW (t), (7.2)

b̃(t, x) = b(t, x) + [��>](t, x)rx log pt,T (x, v) (7.3)

with t 2 [0, T ] and Z(0) = u, and pt,T (x, v) the transition density for (7.1) from

x at time t to v at time T (e.g., Papaspiliopoulos and Roberts, 2012). We can

apply this to the linear stochastic di↵erential equation

dZ(t) = ⌧ [a+ b
>
u]dt+ g

p
⌧dW (t), (7.4)

in which u is a constant input vector and g or ⌧ can be set to zero to ob-

tain either of the identifiable model specifications proposed in this dissertation.

The di↵usion bridge corresponding to equation (7.4), for which Z(0) = z0 and

Z(T ) = zT , satisfies the distribution

Z(t) =
e
a⌧ t(e2a⌧(T�t)

� 1)

e2a⌧T � 1
z0 +

e
a⌧(T�t)(e2a⌧ t � 1)

e2a⌧T � 1
zT

+
e
�a⌧ t(ea⌧ t � 1)(ea⌧ t � e

a⌧T )

ea⌧T + 1

b
>

a
u+ w(t),

(7.5)

where w(t) is normally distributed with zero mean and variance

var(w(t)) = �
g
2(e2a⌧ t � 1)

a

e
2a⌧(T�t)

� 1

e2a⌧T � 1
, (7.6)

for any t 2 [0, T ]. Figure 7.1 shows an example of a regular di↵usion process

and a corresponding di↵usion bridge. In the limit of T going to infinity, and
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Figure 7.1: Five sample paths for a regular di↵usion and a di↵usion bridge
corresponding to equation (7.4) with a = �2, b = 10, g = 2 and u = ⌧ = 1, and
end point T = 2, zT = 4.

thus the influence of zT going to zero, expressions (7.5) and (7.6) reduce to the

exact discrete model.

Putting this result towards likelihood-based inference for continuous attributes

in the stochastic actor-oriented model, however, is not straightforward. First,

for the derivation of the di↵usion bridge formulated above, we have assumed

that input u in equation (7.4) is constant. As modeling social influence pro-

cesses requires u to be variable, the result will have to be incorporated in an

adapted form. Second, in the current implementation of the maximum likeli-

hood estimation procedure for stochastic actor-oriented models, the times be-

tween opportunities for network change are integrated out to obtain a simpler

MCMC algorithm (Snijders et al., 2010). However, these times are necessary

for the di↵usion bridge simulation. The earlier definition of the sample path for

network evolution in Koskinen and Snijders (2007), in this case, may still be of

use.

7.3.3 Revision of model assumptions

In the following, we discuss three common assumptions in network modeling,

concerning the homogeneity among network actors, the one-to-one relation be-

tween social mechanism and model e↵ect, and the observability of networks.

First, in order to draw statistical conclusions based on network data, we gener-

ally assume some degree of homogeneity among network actors. In applications

using stochastic actor-oriented models, di↵erences between actors are usually

represented by main e↵ects of individual covariates on network and behavior

dynamics. The goal of many studies is to disentangle selection and influence, as

was the outset of the methodological work by Snijders et al. (2007) and Steglich
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et al. (2010). However, it might be interesting to investigate whether and to

which extent the social mechanisms governing co-evolution dynamics operate

di↵erently for di↵erent actors. For example, are boys and girls equally suscep-

tible to peer influence? Is the role of academic performance or psychological

distress similar for boys and girls when it comes to friendship formation? Al-

though we acknowledge that a lack of statistical power can hamper the study

of such questions, especially when they concern behavior dynamics, this should

not keep researchers from asking them, and from transcending the ‘selection

versus influence’ narrative.

Second, substantive studies using the stochastic actor-oriented model often as-

sume a one-to-one relation between a social mechanism and an e↵ect in the

model. The reciprocity e↵ect models reciprocity and the average alter e↵ect

models social influence. However, the assumption of such a one-to-one relation

may be too simple and careful deliberation of how a mechanism plays a role in

a particular context should precede model selection.

Social influence o↵ers a good example here. While in stochastic actor-oriented

models the average alter e↵ect or average similarity e↵ect are usually used

to represent social influence, a minimum or maximum alter e↵ect could be

more appropriate in some studies. These alternative e↵ects are available in

RSiena. Also, di↵erent norms may apply to di↵erent subpopulations in the

data, which comes back to the assumption of actor homogeneity. Aggressive

behavior may, for example, be more common among boys than among girls.

Children therefore might qualify certain behavior as aggressive for a girl, but

not for a boy. This di↵erence in norms between boys and girls will a↵ect how

influence takes place; girls and boys are qualified as ‘aggressive’ not in relation

to the student population average, but in relation to their sex group. A standard

average alter e↵ect would not take this into account; an alternative e↵ect could

be implemented.

Third, most social network analysis methods assume that network data can be

measured directly (for example, by asking people about their relations), and

without error. In the examples presented in this dissertation, network data

was indeed obtained directly from respondents. Online network data, such as

friendship network data from social networking sites or collaboration data based

on co-authorship information, can also be retrieved directly through automated

procedures. However, in the case of criminal networks, where secrecy is essential

for the functioning of the system, this assumption is clearly flawed.

The assumption of absence of measurement error is likely to be invalid in all of

the contexts discussed above. When people report on their relations, di↵erences

in perceptions may be a source of error. Networks often represent abstract
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relations, such as friendship or trust, and di↵erent people might conceptualize

these relations di↵erently. Moreover, mistakes can occur in data collection or

data coding, also in the case of online network data.

To address the third issue, current ‘manifest’ social network models could be

complemented with a measurement model, relating the ties in a latent network

to observed (dyadic) variables. Such models would assume that the ties between

actors are latent. In a network model that is complemented with a measure-

ment model, the assumptions about dependence among ties are as stringent as

those in the original model. However, estimating such a model will be more

computationally challenging. Note that this is a di↵erent approach than the

one proposed by Ho↵, Raftery, and Handcock (2002), whose latent space mod-

els assume a latent Euclidean ‘social space’ in which the distance between two

individuals a↵ects the probability that a tie is observed between them. Latent

space models make for an elegant statistical framework, but do little justice to

the complexity of social relations.

Noisy social network data, but also big network data and multiplex network

data, in which many relationships are measured among the same set of actors,

pose new methodological challenges. Meanwhile, the development of statistical

network methods inspires substantive researchers to identify new and interesting

research questions and to collect new data. The model developments presented

in this dissertation are a new link in this chain of continuous interactions among

researchers to further our understanding of our networked world.
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