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RESEARCH ARTICLE

Longitudinal social network methods for the educational and 
psychological sciences
Christian Bokhove a, Jasperina Brouwer b and Christopher Downey a

aSouthampton Education School, Highfield Campus, University of Southampton, Southampton, UK; bFaculty of 
Behavioural and Social Sciences, Department of Educational Sciences, University of Groningen, Groningen, the 
Netherlands

ABSTRACT
Social network analysis is useful for obtaining a better understanding of 
antecedents and mechanisms of relationship formation and interactions 
between individuals in educational and psychological contexts. Research 
utilising descriptive and cross-sectional applications of network analysis is 
regularly reported, but longitudinal analyses of networks have received 
less scrutiny. In this methodological article, we compare three commonly 
applied approaches for analysing longitudinal social network data: 
Multiple Regression Quadratic Assignment Procedure (MRQAP), 
Separable Temporal Exponential Random Graph Models (STERGM), and 
Stochastic Actor Oriented Modelling (SAOM) with research questions 
about correlations, social structures and mechanisms, respectively. We 
highlight advantages and disadvantages of the methods and illustrate 
differences between these methods by analysing longitudinal peer- 
communication network data of pre-service teachers. The key considera
tions by the researcher are summarised as ‘FACTS’ (Focus, Assumptions, 
Conceptualisation, Time points, and Size) as an aid to researchers in 
selecting the most appropriate method for the analysis of longitudinal 
social network data.
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Introduction

In recent decades, social network research has gained prominence due to the growing recognition of 
the importance of including social context in research, the ability to collect comprehensive network 
data, and the availability of sophisticated social network analysis (SNA) methods within the fields of 
education and psychology (Mishra, 2020; Li et al., 2021). A social network is typically defined as 
a set of relationships or ties between members of a group, often referred to as actors. These actors, 
which may include individuals or organisations, are represented as nodes in a graph, with the 
connections between them depicted as ties. Each actor possesses certain characteristics, such as 
gender, age, or motivations, collectively known as attributes. SNA techniques are employed to study 
both the actors and their attributes within the network (Wasserman & Faust, 1994). Freeman (2014) 
identifies four key properties that characterise SNA as a distinct approach: (1) It involves the 
intuition that links among social actors are important. (2) It is based on the data collection and 
analysis that records connections among actors. (3) Graphic imagery can display patterns in those 
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links. (4) It develops mathematical and computational models to describe and explain those 
patterns.

Analysis of network data requires different computational models. Conventional statistical 
methods, such as Ordinary Least Squares (OLS) regression, assume independence of observations. 
Social network data violates this assumption due to the interdependent nature of social ties between 
the actors in the network (Brouwer & de Matos Fernandes, 2023; Sweet, 2016). Some studies have 
employed conventional statistical methods, such as Hierarchical Generalized Linear Models 
(HGLM), to account for interdependencies in networks (Ennett et al., 2006; Meredith et al.,  
2020), but these are not specifically tailored to social network analysis. Longitudinal social network 
analysis techniques, such as Stochastic Actor-Oriented Models (SAOM; Snijders et al., 2010), are 
more appropriate for investigating social network mechanisms and patterns over time instead of 
investigating the variation in the outcome variable and taking into account the interdependent 
nature of the data as well as the social network structure.

Despite the availability of several tutorials and introductions to SNA (e.g. Kalish, 2020), 
researchers can feel overwhelmed by the variety of techniques and tools available for answer
ing their research questions. Research in psychology and education indicates that researchers 
often limit their analyses to visualizations, descriptive social network statistics (e.g. centrality 
measures), or merely associations between attributes and network characteristics, thereby 
overlook the dynamics of social networks (Baker-Doyle & Yoon, 2011; Bokhove, 2018; 
Mishra, 2020; Sabot et al., 2017). In order to advance our theoretical understanding and 
provide temporal, causal explanations of dynamic social contexts and their underlying social 
network mechanisms, we require statistical techniques appropriate for analysing longitudinal 
whole-network data (Li et al., 2021).

Sweet (2016) discussed a range of descriptive measures (e.g. betweenness and closeness central
ity) and methods tailored for SNA, such as ERGMs, and commonly applied in social sciences. While 
she acknowledges the advances in modelling longitudinal social networks, her valuable contribution 
to the literature does not cover a detailed discussion of the analysis of longitudinal social network 
data. This paper follows Sweet’s (2016) lead in highlighting the affordances of SNA methods for 
educational and psychological sciences, while also addressing specific considerations for conducting 
social network analyses of longitudinal social network data. Some previous studies have compared 
longitudinal SNA methods. Ragan et al. (2019) applied both conventional linear modelling 
approaches and the SAOM approach to analyse longitudinal data from school-community- 
university partnerships. Robins et al. (2012) compared Quadratic Assignment Procedures (QAP), 
Exponential Random Graph Models (ERGMs), and SAOMs, although their study prioritised non- 
longitudinal ERGMs. Goldenberg et al. (2010) reviewed a range of models and proposed 
a categorization of statistical network models. However, none of these studies reviewed both the 
theoretical underpinnings of commonly used methods and applied them to the same dataset to 
illustrate the differences between the models and provide practical insights. Although recent 
literature provides guidance on conducting social network studies and highlights the value of 
longitudinally collected social networks (Broda et al., 2023; Brouwer & Froehlich, 2023; Gilman 
et al., 2022), two critical challenges remain. Firstly, determining the analysis techniques most 
suitable for a specific research question. Secondly, understanding the data requirements, advantages 
and disadvantages of each method for longitudinal SNA.

This paper focuses on three commonly applied statistical techniques for analysing longitudinal 
social network data in the social sciences, including the fields of education and psychology: the 
Multiple Regression Quadratic Assignment Procedure (MRQAP; Dekker et al., 2007), Separable 
Temporal Exponential Random Graph Models (STERGM; Krivitsky & Handcock, 2013), and 
Stochastic Actor-Oriented Modelling (SAOM; Snijders, 1996). MRQAP is included because despite 
it not being a dedicated longitudinal network approach, it has been popular among network 
researchers.1 The other two methods can be situated under the dynamic variants of P1 models 
(Holland & Leinhardt, 1981), and they have been used in prior research by the authors. To improve 
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the reach of our work, we also required the methods to have up-to-date, open-source implementa
tions of the methods. See Figure S1 in the supplemental materials to situate the three chosen 
methods.

MRQAP is a regression technique designed to account for the interdependence of social 
network data, but it has been used by Rienties and Nolan (2014) in a longitudinal study of 
cultural background as a predictor of how friendship and learning networks develop between 
international and host-country students. By contrast, STERGM (Krivitsky & Handcock, 2013) 
and SAOMs (Snijders, 1996) are specifically designed for the analysis of longitudinal social 
network data, offering deeper insights into the dynamics and changes in social network 
structures and their associated attributes. Bjorklund and Daly (2021) employed STERGMs to 
examine the structure of pre-service teachers’ networks. The SAOM technique has been increas
ingly applied to study the dynamic social mechanisms of selection and influence, for example, 
the impact of students’ grades on the development of their networks (Brouwer & Engels, 2021; 
Brouwer et al., 2022; Lomi et al., 2011). Other studies include dynamic processes underlying 
within-school friendship ties, smoking cessation, music tastes, alcohol consumption, and bully
ing (Geven et al., 2013; Sentse et al., 2013; Steglich et al., 2006).

The aim of this paper is to provide guidance in the identification of the three selected and 
commonly used methods for specific research questions in longitudinal social network designs by 
outlining the data requirements, assumptions, advantages and disadvantages of these methods. 
After a review and comparison of the three methods, we illustrate their differences using long
itudinal communication network data from pre-service teachers (Brouwer et al., 2020). We suggest 
that the development of their support networks serves as an illustrative example of how longitudinal 
social networks and their underlying mechanisms, such as homophily (McPherson et al., 2021), can 
evolve in other settings. Additionally, the underlying data, research design, and research questions 
are applicable to all three selected methods. The overview and comparison of the three methods will 
assist researchers in selecting the most appropriate approach for analysing longitudinal social 
network data. Researchers should consider the requirements for data collection and design deci
sions, while also evaluating the strengths and limitations of each method at the start of a study. 
Importantly, the method selected should align with the specific research questions at hand. 
Selecting the most suitable method early in the research process is crucial, as it directly influences 
the quality of the research outcomes. As can be derived from supplementary Figure S1, we 
acknowledge that we are far from complete in our description of these longitudinal social analysis 
techniques, but we hope this helps the readers who want to apply MRQAP, STERGMs, or SAOMs.

Comparing MRQAP, STERGM and SAOM

Longitudinally collected social network data is often analysed using separate MRQAPs. The original 
QAP procedure, first proposed by Hubert (1987) and Mantel (1967), is a classic method used to 
assess bivariate associations between two networks. QAP can be extended to a more complex 
version known as MRQAP, which estimates regression coefficients similarly to standard (logistic) 
regression methods. Dekker et al. (2007) introduced a new permutation approach for QAP called 
‘double semipartialling’ (DSP), which has become one of the most robust methods and is widely 
used for analysing longitudinal network data. MRQAP models can be applied to longitudinal 
network data since they examine the extent to which the whole network structure at a prior time 
point is predictive of the whole network structure at a later point in time. With MRQAPs, 
researchers can test whether covariates are associated with the network. MRQAP is useful if the 
focus is not network structure, but on the linear relation between independent and dyadic 
dependent variables in a network setting, while taking into account the interdependency of the 
network data (Krackhardt, 1988).

The major advantage of MRQAP is its simplicity in interpreting output as a normal simple 
regression. The effect of external (exogenous) covariates from various attribute data known on each 
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network actor can be modelled by producing a matrix of dyadic characteristics such as difference in 
group affiliation between members of the dyad or the sum of interpersonal trust between members 
of the dyad. MRQAP has several disadvantages. First, QAP approaches cannot model the complex 
structures within networks, since the very permutation methods used to address the interdependent 
nature of network data in QAP, condition out these structural characteristics from the model. 
Second, QAP approaches do not explain how factors influence the processes of tie formation and tie 
dissolution, i.e. network development over time. Third, in QAP analysis covariates (e.g. attributes) 
must be transformed into matrices and so the interpretation of these results can be challenging. 
Finally, MRQAP is not based on an underpinning theoretical model of network dependencies 
(Cranmer et al., 2017), and so precludes any opportunity to learn about and test the models 
underlying social network patterns or mechanisms.

Exponential Random Graph Models (ERGMs), also known as p*-models, are statistical models 
specifically designed to analyse social network data (Harris, 2014). Initially, ERGMs were applied to 
cross-sectional data (Frank & Strauss, 1986; Lusher et al., 2013; Wasserman & Pattison, 1996). 
These models also allow us to account for both endogenous structural effects (e.g. reciprocity) and 
exogenous individual attributes that influence tie formation and dissolution within a time step 
(Lusher & Robins, 2013). Separable Temporal ERGMs (STERGMs) extend ERGMs in such a way 
that dynamic networks over discrete time intervals can be analysed (Krivitsky & Handcock, 2013). 
Unlike ERGMs, which provide a single model for the presence of ties in a cross-sectional network, 
STERGMs use two models to capture tie dynamics in a network over time: one for tie formation and 
another for tie dissolution. With STERGMs, researchers can test whether certain configurations 
(such as reciprocity, transitivity) would occur more often than we would expect by chance, enabling 
us to make inferences about tie patterns in the network. STERGMs, like all ERGM models, require 
the endogenous, structural characteristics of the network to be modelled and are tie-oriented (Block 
et al., 2019). An advantage of STERGMs is the possibility to model many of the structural factors 
which influence network development over time. There is a very wide range of structural factors 
that can be modelled in STERGM models, including and going beyond the basic dyadic and triadic 
structures related to reciprocity and transitivity and forms of closure (Krivitsky & Handcock, 2013). 
The breadth of variables that may be modelled will likely be key to research questions posed by 
those undertaking inferential network analysis, as these structural factors result from the inter
dependencies that exist between network actors and often lay at the heart of understanding network 
change.

STERGMs have several disadvantages. First, models are easily mis-specified when key factors are 
not included in the model and as a consequence, fitting models to the data can be difficult. A key 
challenge for the researcher is to select appropriate structural factors in a theoretically informed 
way. If researchers are more interested in variables other than those related to the endogenous 
network structure, then this can lead to challenges in specifying a model which will produce stable 
outputs. Second, estimating STERGMs can be computationally intensive, especially for large net
works. While cross-sectional ERGMs are usually estimated using maximum likelihood methods 
(MLE), this can be problematic for estimating more complex longitudinal models with more 
included effects. The efficiency of model estimation procedures can be increased using pseudoli
kelihood processes (MPLE), but this in turn can lead to underestimating parameters used to 
determine confidence intervals, leading to incorrect statistical inferences (Cranmer et al., 2017).

Stochastic Actor-Oriented Models (SAOMs) are particularly effective at modelling network co- 
evolution (Snijders, 2001, 2005, 2010), such as how changes in networks co-evolve with changes in 
actor attributes over time. SAOMs are actor-based, which means that an actor ‘decides’ to maintain 
(endowment), create or dissolve a tie. The commonly used estimation procedure in SAOMs is the 
Method of Moments, which compares the expected parameter values derived from model statistics 
to the observed values. These values are obtained stochastically through an iterative process 
(Niezink, 2018; Niezink & Snijders, 2017; Snijders, 2001, 2005). As a continuous-time model, 
SAOMs allow for the analysis of longitudinal whole-network data, enabling researchers to test 
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hypotheses related to selection effects (e.g. homophily, popularity, activity related to an attribute) 
and influence effects (e.g. whether individual grades are influenced by the average grades of the 
friendship network).

An advantage of SAOMs is that they are well-suited for disentangling selection and influence 
(Snijders et al., 2007, 2010). Selection relates to tie change as one actor preferentially selects another 
for contact, for example, establishing a tie based on similarities or homophily, whereas influence 
relates to attribute changes as actors become more similar over time as a result of their ties (e.g. 
Steglich et al., 2012). To be informed whether homophily plays a role in selection of friends or that 
friends become similar over time, we need complete or whole networks with a fixed boundary 
within a range of 20 to 400 actors, e.g. classroom or department. Information about non-selection is 
necessary to understand whether selection takes place based on certain attributes (Steglich et al.,  
2012; Veenstra & Steglich, 2012). Similar to the aforementioned methods, parameter (effects) 
significance is tested by dividing the parameter estimate by the standard error, with absolute values 
greater than or equal to 2 indicating significance (i.e. the absolute value ≥2 is significant2 (Ripley 
et al., 2024).

The SAOM approach has several disadvantages. First, estimation using SAOMs assumes gradual 
change in the network, so a large number of relatively rapid changes can be problematic (Snijders 
et al., 2010), as well as a response rate below 80%. Second, SAOMs are less suited for predicting rare 
events such as the creation of new ties in a sparse network (Block et al., 2018) and it can only model 
adjacent time points as one period without modelling the first time point itself (Snijders et al., 2010). 
Third, it can be particularly challenging for researchers to define the network boundary in SAOMs. 
The whole network data approach requires a definition of a network boundary, for example, 
a school class. Respondents can only nominate others within this network boundary, e.g. class 
mates (e.g. Laumann et al., 1983). Table 1 presents an overview and comparison of the three data 
analytic approaches.

Illustration in pre-service teacher networks

We illustrate the three different methods with data from of a single cohort of mathematics pre- 
service trainees (N = 37) of the secondary Initial Teacher Education (ITE) program at a university in 
the south of England, for whom we measured peer support, communication network data, and 
collected attributes (Bokhove & Downey, 2018; Brouwer et al., 2020). Permission for the data 
collection was sought and given by the university ethics board of the first author (id 7675). 
Participants provided informed consent to participation and using their data. However, at the 
time of data collection, we did not ask explicit permission to publicly publish the data. We therefore 
provide a simulated dataset to explore the provided R code via https://osf.io/6dz8c/?view_only= 
bb0abdc4f77448ae8d96f59afbf1be5e. The Supplemental Materials include a description of the raw 
data files.

Instruments and variables

Trainees were presented with names from their subject peer-group and asked whether they had any 
communication with this trainee during the last month. A positive response to this question would 
lead to participants being asked to indicate to which students they had turned for different types of 
support during the same time-period, including support with developing teaching strategies. 
Participants were also asked which of their peers they considered to be a personal friend. We 
refer to M1, M2, M3 and M4 as the data for the full (i.e. complete or whole) network for the 
mathematics trainees for time points 1, 2, 3 and 4 from this point onwards.

The dataset also includes two scale-based actor attributes. The scale for interpersonal trust 
includes items such as ‘Even in difficult situations, I can depend on my fellow trainees’, ‘I find that 
my fellow trainees are open to me’ and ‘I also share personal information with my fellow trainees’ 
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(Daly & Chrispeels, 2008; Hoy & Tschannen-Moran, 2003). Respondents answered on a 9-point 
Likert-type scale (1 = very strongly disagree to 9 = very strongly agree). Internal consistency of the 
scale was high (α (6 items) = 0.95, calculated over M1, M3, and M4, trust was not measured in M2). 
The scale self-efficacy includes classroom management, student motivation, and instructional skills 
(Tschannen-Moran & Hoy, 2001) with items, such as ‘How much can you do to get children to 
follow classroom rules?’, ‘How much can you help your students value learning?’ and ‘How well can 
you provide an alternative explanation or an example when students are confused?’ Participants 
answered on a 9-point Likert-type scale (1 = not at all to 9 = always). Internal consistency of the 
scale was high (α (12 items) = 0.96, calculated over all waves). For both scales, we used the 
unweighted mean of all items. Finally, the dataset includes dichotomous attributes for gender and 
program type. The response rate was at least 80% for each time point, which is acceptable (Ripley 
et al., 2024). As ‘deletion methods are commonly used and the default for most statistical programs’ 
(Krause et al., 2020, p. 101), we decided to use the default settings for the software used in this study. 
Given the nature of the social network dataset, we felt it was outside the scope of this article to 
include other missing data treatments, especially as Huisman and Krause (2018) show this is 
a complex affair. This is a limitation of our study; further research should explore to what extent 
other model-based methods and imputation methods influence the outcomes. For more informa
tion about the procedures used to collect this data, we refer to previous studies (Bokhove & 
Downey, 2018; Brouwer et al., 2020).

Descriptive network statistics

Visualisations and descriptive statistics are useful as a first step to gain some insight into the 
network data. We mainly present these now to provide context for the three data analysis 
approaches.

Figure 1 and Table 2 represent the evolution of the networks at the four timepoints. Figure 1 
suggests that the network at timepoint 1 is ‘denser’ than at the other time points, i.e. nodes are more 
clustered at the first time point. Density is calculated as the actual number of ties divided by the 
possible ties, whereas reciprocity is the proportion of actual mutual ties divided by the possible 
mutual ties (Borgatti et al., 2024).

Table 2 shows that density is decreasing over time in the communication network in mathe
matics teachers and reciprocity decreases initially and then increases over time. A potential 
explanation for the decrease in density is that connections often decrease during an 
academic year, due to pre-service students having placements in schools, and thus fewer contact 
moments later in the academic year than in the beginning of the academic year. Furthermore, the 
number of actors decreases over time as well due to drop-out. The changes in reciprocity might be 
due to the challenging nature of learning how to teach, with a need for more support from other 
trainees increasing in the later stages of the year, due to what sometimes is referred to as ‘wobble 
week’.

The more advanced analytical approaches that now follow can be held against this general 
description of the evolution of the networks.

Analytical approach

In applying the three methods to our data, we employ the following approaches as described before: 
MRQAP, STERGM, and SAOM.

Data analytical approach for MRQAP (study 1)
For MRQAP, we address the research question whether the attributes gender, program, trust or 
self-efficacy predict the development of communication networks. As MRQAP does not look at 
structural changes over time, for this method we included covariates to see if they predicted 
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future network compositions. As MRQAP is a permutation test, it makes no assumptions about 
the distribution of data. MRQAP models were fitted to all four mathematics networks M1, M2, 
M3 and M4 with four predictors. We built three series of models, with the communication 
network at the first time point M1 as predictor of that at the second time point M2, M2 for M3 
and M3 for M4. The main analyses were conducted with functions in the asnipe (Farine, 2019) 
R package (mrqap.dsp command, DSP estimation with 10 randomisations). Initial models were 
built including the communication network from the previous time point, and then each 

Figure 1. ‘Animation strip’ of the four timepoints M1, M2, M3 and M4. Created with the statnet package.

Table 2. Density and reciprocity of the communication network of 
maths pre-service teachers for timepoints M1-M4.

Timepoint Density Proportion reciprocity

M1 0.315 0.635
M2 0.236 0.622
M3 0.193 0.685
M4 0.115 0.742
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covariate (gender, program, trust and self-efficacy) by creating similarity, sum, and difference 
matrices as appropriate for each covariate. Gender and program type matrices were based on 
similarity, i.e. a score of ‘1’ in the matrices meant that two trainees have the same gender or 
program. The matrix for self-efficacy was based on a difference between self-efficacy of trainees, 
under the assumption that a large difference might influence ‘help-seeking’ from one trainee to 
another. The matrix for trust was based on the sum score of trust, under the assumption that the 
total amount of trust for a pair of trainees might influence communication between trainees. 
MRQAP is conservative with respect to missing data, and if one predictor or outcome or 
variable is missing, data in the corresponding position of all other variables matrices is treated 
as missing. In our data, this meant that at most 9 out of 37 data points were excluded, indicated 
by ‘NA’ in the accompanying R code.

Data analytical approach for STERGMs (study 2)
For STERGMs, we specify the same terms in both the formation and dissolution model (Statnet 
Development Team, 2019). We address the research question how likely it is that reciprocal 
relationships are formed. We utilise the R package statnet for these analyses (Butts, 2016). With 
the R package tergm from the statnet package each network was converted to a network object, 
and these were collected in one list. Models were then fitted with the stergm command. The 
models were fitted using three parameters: a formation formula which described the mechanism 
for forming ties, a dissolution formula which described the mechanism for dissolving ties, and 
an estimation method (Monte Carlo maximum likelihood estimation). These tie-based models 
were fitted for different sets of time points. In most practical situations not all these possibilities 
would have been looked at, but as the focus here is methodological, rather than substantive, we 
included all four time points M1 to M4, three time points for M1 to M3, and M2 to M4, and the 
subsequent pairs M1:M2, M2:M3 and M3:M4. In STERGMs the term ‘mutual’ refers to 
‘reciprocity’.

Data analytical approach for SAOMs (study 3)
We model SAOMs in the package Simulation Investigation for Empirical Network Analysis 
(SIENA, Ripley et al., 2024), which enables us to model the change of the communication 
networks while controlling for cross-network effects (support for developing strategies, friend
ships) and individual attributes like gender, self-efficacy and trust. For the participating mathe
matics trainees, we looked at selection in communication peer-networks, i.e. initiating 
connections with others and specifying one model across the consecutive waves (i.e. from M1 
to M2, from M2 to M3, and from M3 to M4). Prior to modelling, we checked the Jaccard 
Similarity index which indicates whether the stability in the networks is sufficient to estimate 
the model (Snijders, 2001; Snijders et al., 2010). This actor-based model includes network effects 
by default. A basic rate parameter denotes the change rate in communication over time. 
Outdegree/density is the tendency of trainee teachers to make (or break) communication ties 
to their peers regardless of any other processes, with reciprocity referring to the formation (or 
breaking down) of mutual ties. In addition to these basic network effects, the models include 
the tendency of group formation, so-called transitive triplets and transitive reciprocated triplets 
(i.e. transitivity), which can be recognised as ‘triangles’ in a network. The models also include 
cross-network effects of the previous time point, e.g. the impact of friendship networks. Finally, 
the models include demographic covariates of the development of the communication peer- 
networks: self-perceived self-efficacy, trust, gender (female compared to male), and program 
type, i.e. ego, alter, and similarity effects. For example, a positive ego self-efficacy effect means 
that the higher the self-efficacy, the more likely it is that someone is active in forming 
connections (more outgoing ties); a positive alter self-efficacy effect means that the higher 
a score on self-efficacy, the more likely it is that someone is popular in the network (more 
incoming ties; a positive similarity effect means that two actors who are more or less similar in 
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their self-efficacy score, the more likely that they form a tie. We use the data-analysis package 
RSIENA (Ripley et al., 2024) within the statistical software (RCore Team, 2021; R Studio Team,  
2021). For estimation, the Robbins-Monro algorithm is used in the models according to the 
Method of Moments (Ripley et al., 2024, p. 79). RSIENA allows missing data on network 
variables, on covariates, and on dependent variables.

In sum, we can contrast the three methods as follows:

(1) MRQAP models included covariates but no structural effects. For MRQAP, the research 
question is whether attributes predict the development of communication networks, where 
the model is correlational between variables.

(2) STERGMs were estimated without covariates but with structural effects. For STERGMs, the 
research question is about the likelihood of forming reciprocal relationships, where the 
model is tie-based.

(3) SAOMs were estimated with both covariates and structural effects. For SAOMs, the research 
question is about the change of the communication networks while controlling for structural 
effects, cross-network effects and individual attributes. More specifically, they yield infor
mation about selection and/or influence mechanisms in networks, where the model is actor- 
based.

Findings empirical example
In this section, we report on the results of the illustration of the three methods, respectively: 
MRQAP, STERGMs, and SAOMs, in network data of pre-service teachers. As the focus is more 
on comparison of the three methods, we have chosen to not present all the results tables in this text, 
but present a narrative summary of the findings. The Supplementary materials show the detailed 
results of the different social network analyses of maths teachers (see Tables S1 to S4). Based on the 
MRQAP-analysis (Study 1; Table S1), we could conclude the following. First, in all final models, the 
previous time points are significant positive predictors for communication at the future time point. 
Second, in all final models, Program is a significant negative predictor. Third, Trust is only 
a significant positive predictor from time points M3 to M4.3 Fourth, model fit, as measured by 
adjusted R-squared (percentage of variance explained by the model), over the time points ranged 
from 0.27 to 0.45.

For the STERGM (Study 2; Table S2), we see that when including all time points (M1 to M4), 
a relationship is much more likely to form if it will close a mutual pair; the conditional log-odds are 
increased by 2.16 which translates to an increase in the conditional odds of e2.16 ≈8.67. The 
reciprocity/mutual effect on dissolution also is positive and significant; the point estimate is an 
increase of 1.98 in the conditional log-odds of dissolution which implies that reciprocal/mutual ties 
are likely to dissolve. The coefficients for transitive ties (hierarchical triads) are positive and 
significant for both formation and dissolution. The coefficients for cyclical ties (egalitarian triads) 
are negative for both models, with only some of the model for dissolution significant at the .05 level. 
Overall, these results suggest that hierarchy plays a role in tie formation and dissolution in the 
communication networks of these mathematics trainees, and there might be a weak anti- 
egalitarianism dynamic. We can observe that model fit is better with fewer time points included, 
as those models exhibit lower AIC and BIC values. Technically, the interpretation of coefficients in 
terms of log-odds can make interpretation ‘. . . counterintuitive and challenging to interpret’ 
(Jaccard, 2001, p. 10). Intuitively, the modelling process of a STERGM can be compared with an 
omnibus test like an ANOVA: has any tie formation taken place across the included time points? 
Overall, we see a significant positive log-odds for transitivity in formation over time points M1 to 
M4 (0.91). However, zooming in on specific time periods it seems that from time point M1 to M2 
and M3 to M4, the log-odds are non-significant (0.66 and −0.06 respectively). This should be kept in 
mind while interpreting results over multiple time points.
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As the SAOM approach focuses on underlying change processes, four measures of change are 
included (Study 3; Tables S3 and S4). We can address the research question of whether maths 
teachers select their peers in the communication network based on support for their teaching 
strategies. When starting modelling in RSIENA, we checked the stability for the communication 
networks by looking at the Jaccard index. The Jaccard index was between 48% and 50%, which is 
above the heuristic value of 30%. We could expect sufficiently gradual change over time to estimate 
the model in RSIENA (see Ripley et al., 2024). Subsequent models of change, for pairs of 
consecutive waves, show that networks have significantly positive reciprocity coefficients and 
positive transitive triplets parameters, except from M3 to M4. This means that trainees tend to 
reciprocate communication ties and form triadic groups. In triads, it is less likely that trainees 
reciprocate the communication ties when they form a group (negative transitive reciprocated triplet 
parameter from M1 to M2 and M2 to M3).

Considering the research questions in detail, we see that the three methods answer different 
questions. With MRQAPs we aimed to find out whether attributes predict the development of 
communication networks. We saw that previous time points are significant positive predictors for 
communication at the future time point, with Program a significantly negative predictor, and Trust 
only a significantly positive predictor from timepoints M3 to M4. The STERGMs focussed on how 
likely it is that reciprocal relationships are formed. Our analysis showed that hierarchy plays a role 
in tie formation and dissolution in the communication networks of these mathematics trainees, 
with a weak anti-egalitarianism (less cyclical) dynamic. Finally, our SAOM focussed on change of 
the communication networks while controlling for cross-network effects and individual attributes. 
We could conclude that trainees tended to reciprocate communication ties and form groups 
(positive estimate for reciprocity). In triads, it was less likely that trainees reciprocated the com
munication ties when they formed a triadic group (negative effect for transitive reciprocated 
triplets). However, the main interest in SAOMs are the dyadic cross-network effects and the 
attribute-related effects (in this selection model). When individuals are friends, it is more likely 
that they communicate (positive estimate for friendship peer network). When maths trainees search 
for more support for their teaching strategies, it is more likely that they communicate with their 
peers at the beginning and at the end of the academic year (positive effect for teaching strategies 
peer network). We identified a homophily effect for attending the same school programme (positive 
estimate for school programme).

Given our analyses, we did not observe overt contradictions between the findings of the social 
network structures. These methods can be used in complementary ways but the different techniques 
provide insights in other aspects, e.g. STERGMs in social network structures and SAOMs in social 
network mechanisms based on actor attributes, which go beyond the correlational character of 
MRQAPs. MRQAP provides a fairly straightforward and relatively easy to interpret method for 
looking at the development of networks. However, MRQAP does not capture structural changes in 
social networks and lacks a theoretical model for the formation and dissolution of ties. Instead, 
MRQAP focuses on how the network as a whole develops based on specific factors included in the 
model. In contrast to conventional OLS regression methods, MRQAP models account for the 
interdependence of networks. Depending on whether analysts want to emphasise tie formation or 
actor decisions, STERGMs or SAOMs can both provide a more fine-grained lens for examining the 
(co-)evolution of networks. STERGMs and SAOMs are considerably more complex models, but 
they open analytical doors that other methods often can’t reach.

This brings us to the requirements that enable the researcher to select the most appropriate 
longitudinal social network analysis method by considering the aims, research questions, assump
tions, and advantages and disadvantages. Table 1 shows that several aspects can guide the researcher 
in selecting the analytical approach a priori. We summarise the key considerations with the acronym 
‘FACTS’, i.e. Focus, Assumptions, Conceptualisation, Time points, and Size. These aspects are 
important for selecting the appropriate analysis approach (see for a flow chart Figure S2). Firstly, 
an analyst should consider the Focus: Is the analyst interested in analysing whole networks in light of 

INTERNATIONAL JOURNAL OF SOCIAL RESEARCH METHODOLOGY 13



covariates (MRQAP), the ties in those networks (STERGMs) or actors (SAOMs). This focus is 
determined by the study aim and research question(s). With Focus the research context should 
also be considered, for example, curriculum phases which might impact relationship development. 
Secondly, each method has its own Assumptions, with MRQAP not assuming any distribution 
through permutation tests, STERGMs assuming dyads are independent and not sharing 
a common node and SAOMs assuming stability of the networks over time. Thirdly, all methods 
require theoretical Conceptualisation which informs the model building. Fourthly, the nature of the 
Timepoints over which network data was collected plays a role. With regular and consistent network 
measurements, MRQAP and STERGMs can be used, but if the time between measurements of 
complete network data isn’t equidistant then SAOMs are more appropriate. Finally, an analyst should 
consider the Size of the networks, as both STERGMs and SAOMs are less suitable for large, sparse 
networks (400+ nodes). We contend that considering FACTS is relevant for longitudinal network 
analyses in general. To illustrate the acronym FACTS, let’s consider interactions between teachers 
and students in a mathematics education classroom from a social network perspective (see Bokhove,  
2018). The first question to ask is whether the Focus, depending on the aim, research questions and 
context, is on the classroom as a whole, the interactions among dyads (i.e. two students), or the 
behaviour of students as actors. This already might necessitate a particular data analysis approach 
suitable for analysing the whole classroom, the nature of the interactions, or actors. This also involves 
Assumptions: perhaps the focus on teacher and student interactions contradicts the assumptions of 
STERGMs and SAOMs regarding the network boundary and interdependency, and so the analyst 
will have to ascertain whether these approaches can still be used. This then leads to a particular 
Conceptualisation of the classroom context one wants to model; for example, we might decide to 
focus on students’ interactions and behaviour over time. Decisions also depend on whether there are 
irregular or fixed observations intervals, i.e. Time points within and between lessons. In this case, we 
could observe classroom interactions not far apart during a lesson. However, if classroom interac
tions are too rapid, this might pose a challenge. Finally, a classroom context is bound to be limited in 
Size of the network, so this also has to be considered. In a classroom, we might have around 30–40 
actors. Given these FACTS, a priori this might point towards SAOMs as being an appropriate 
analysis method for this context (Bokhove, 2018, p. 23). Whichever analytical choice is subsequently 
made for a context based on FACTS, the findings can only be considered in light of that context as 
well, with an analysis perhaps yielding different recommendations for different contexts. As our focus 
here was on a methodological contribution, we do not elaborate further on this, but refer to our 
previous work (Bokhove & Downey, 2018; Brouwer et al., 2020).

Conclusion and discussion

Social networks methods have become very popular in the educational and psychological sciences 
(e.g. Broda et al., 2023; Brouwer & Froehlich, 2023; Gilman et al., 2022; Sweet, 2016). As networks 
arise in many situations where individuals interact, it is useful to study social network structures, 
patterns of interactions, and how networks evolve and change over time. This article provides an 
overview of three commonly applied longitudinal or dynamic SNA approaches, i.e. MRQAP, 
STERGMs and SAOMs. In line with Block et al. (2019), we argue that understanding the research 
context, requirements of the data and the underlying social processes is required. Importantly, 
model selection should be based on theoretical considerations. Furthermore, we should take into 
account the limitations of the models, such as not capturing social network structures (MRQAP), 
challenges with convergence of the models, especially in large networks (STERGMs), or the 
challenge of interpretation of the effect parameters and sufficient response rate (SAOMs). These 
issues are easily overlooked when we focus too much on advanced statistical techniques; they are, 
after all, a means to achieve a better theoretical and practical understanding of social phenomena.

Future research can inform the reader about other advanced and newly developed longitudinal 
social network models, for example, Autologistic Actor Attribute Models (ALAAM; Parker et al.,  
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2022) or the Group Partitioning Model (Hoffman et al., 2023). The former can be used for 
investigation of contagion based on attributes, whereas the latter can be used for investigation of 
the portioning of clusters or communities within the social networks. Both models can be complex in 
terms of data requirements, computations, or interpretation of the effects. Although both models are 
originally cross-sectional, more insights might be obtained when applied in longitudinal social 
network data (de Matos Fernandes et al., 2024; Hoffman et al., 2023; Parker et al., 2022; Snijders 
et al., 2006). Another recommendation for further research is to apply and compare (longitudinal) 
social network models in other psychological and educational contexts, such as primary, secondary 
education or organisations. It might also be informative to consider research fields other than 
psychology and education, such as environmental sciences to see, for example, how networks impact 
climate change behaviour (cf., Severijns et al., 2023) or policy making or legislation (Battaglini & 
Eleonora Patacchini, 2019). Regardless of the discipline where longitudinal networks are applied, 
consistent with FACTS, researchers should focus on the aims, research questions and context, 
consider the model assumptions, conceptualise the theoretical concepts and links that inform the 
model building, consider time points between the measurements, and consider the required network 
size. With the focus, the researcher should also take into account the research context rather than 
merely interpreting model effects and consider theoretical and practical implications, such as net
work support interventions for preservice teachers (Alwafi et al., 2020). Furthermore, a deeper 
exploration of the factors driving changes in network structure – such as seasonal variations, 
curriculum phases, and peer dynamics – can offer valuable insights into the observed patterns. 
Overall, comparing three widely used models for analysing longitudinal social network data will 
enable readers to make well-informed, evidence-based decisions in their own research.

Notes

1. In Web of Science https://www.webofscience.com/ the combination of ‘networks’ and ‘MRQAP’ yields 16 
publications and more than 600 citations in the last five years.

2. Note that we have quoted ‘larger than 2 in absolute value’ from Ripley et al. (2024, p. 82). The threshold at the 
5% level is actually slightly less at 1.96.

3. Note that we could not add trust from time points M2 to M3 because trust was not measured at timepoint M2.

Acknowledgments

We would like to acknowledge the support of the trainee teachers who participated in the study, and the programme 
leaders of the initial teacher education programmes for their support with arranging data collection across the four 
waves of this longitudinal study.

Disclosure statement

No potential conflict of interest was reported by the author(s).

Funding

This research project itself did not receive any specific grant from funding agencies in the public, commercial, or not-for- 
profit sectors. Research time of Jasperina Brouwer [second author] is funded by The Dutch Research Council [VI. 
Veni.191S.010] since 01.01.2020. Nederlandse Organisatie voor Wetenschappelijk Onderzoek [VI.Veni.191S.010].

Notes on contributors

Christian Bokhove is Professor in Mathematics Education at the University of Southampton. His work focuses on 
secondary mathematics education and research methods.

INTERNATIONAL JOURNAL OF SOCIAL RESEARCH METHODOLOGY 15

https://www.webofscience.com/


Jasperina Brouwer is Assistant Professor at the University of Groningen. She has broad experience in methods for 
social networks.

Christopher Downey is Professor of Education in the Faculty of Social Sciences at the University of Southampton. His 
research focuses on peer networks in education.

ORCID

Christian Bokhove http://orcid.org/0000-0002-4860-8723
Jasperina Brouwer http://orcid.org/0000-0002-7332-9320
Christopher Downey http://orcid.org/0000-0002-6094-0534

References

Alwafi, E. M., Downey, C., & Kinchin, G. (2020). Promoting pre-service teachers’ engagement in an online 
professional learning community. Journal of Professional Capital & Community, 5(2), 129–146. https://doi.org/ 
10.1108/JPCC-10-2019-0027  

Baker-Doyle, K., & Yoon, S. (2011). In search of practitioner-based social capital: A social network analysis tool for 
understanding and facilitating teacher collaboration in a us-based stem professional development program. 
Professional Development in Education, 37(1), 75–93. https://doi.org/10.1080/19415257.2010.494450  

Battaglini, M., & Eleonora Patacchini, E. (2019). Social networks in policy making. Annual Review of Economics, 11 
(1), 473–494. https://doi.org/10.1146/annurev-economics-080218-030419  

Bjorklund, P., & Daly, A. J. (2021). The ties that belong: Tie formation in preservice teacher identification networks. 
Teaching & Teacher Education, 97, 103223. https://doi.org/10.1016/j.tate.2020.103223  

Block, P., Koskinen, J., Hollway, J., Steglich, C., & Stadtfeld, C. (2018). Change we can believe in: Comparing 
longitudinal network models on consistency, interpretability and predictive power. Social Networks, 52, 180–191.  
https://doi.org/10.1016/j.socnet.2017.08.001  

Block, P., Stadtfeld, C., & Snijders, T. A. B. (2019). Forms of dependence: Comparing SAOMs and ERGMs from basic 
principles. Sociological Methods & Research, 48(1), 202–239. https://doi.org/10.1177/0049124116672680  

Bokhove, C. (2018). Exploring classroom interaction with dynamic social network analysis. International Journal of 
Research & Method in Education, 41(1), 17–37. https://doi.org/10.1080/1743727X.2016.1192116  

Bokhove, C., & Downey, C. (2018). Mapping changes in support: A longitudinal analysis of networks of pre-service 
mathematics and science teachers. Oxford Review of Education, 44(3), 383–402. https://doi.org/10.1080/03054985. 
2017.1400427  

Borgatti, S. P., Everett, M. G., Johnson, J. C., & Agneessens, F. (2024). Analyzing social networks (3rd ed.). Sage 
Publications.

Broda, M. D., Granger, K., Chow, J., & Ross, E. (2023). Using social network analysis in applied psychological 
research: A tutorial. Psychological Methods, 28(4), 791–805. https://doi.org/10.1037/met0000451  

Brouwer, J., & de Matos Fernandes, C. A. (2023). Using stochastic actor-oriented models to explain collaboration 
intentionality as a prerequisite for peer feedback and learning in networks. In O. Noroozi & B. de Wever (Eds.), 
The power of peer learning: Social interaction in learning and development (pp. 103–120). Springer. https://doi.org/ 
10.1007/978-3-031-29411-2_5  

Brouwer, J., de Matos Fernandes, C. A., Steglich, C. E. G., Jansen, E. P. W. A., Hofman, W. H. A., & Flache, A. (2022). 
The development of peer networks and academic performance in learning communities in higher education. 
Learning & Instruction, 80, 101603. https://doi.org/10.1016/j.learninstruc.2022.101603  

Brouwer, J., Downey, C., & Bokhove, C. (2020). The development of communication networks of pre-service teachers 
on a school-led and university-led programme of initial Teacher education in England. International Journal of 
Educational Research, 100, 1–13. https://doi.org/10.1016/j.ijer.2020.101542  

Brouwer, J., & Engels, M. C. (2021). The role of prosocial attitudes and academic achievement in peer networks in 
higher education. European Journal of Psychology of Education, 37(2), 567–584. https://doi.org/10.1007/s10212- 
020-00526-w  

Brouwer, J., & Froehlich, D. E. (2023). The dynamics of social networks: Towards a better understanding of selection 
and influence mechanisms in social capital building. In Re-theorising learning and research methods in learning 
research (pp. 112–125). Routledge. https://doi.org/10.4324/9781003205838-8  

Butts, C. (2016). R package ‘sna’. https://cran.r-project.org/web/packages/sna/index.html 
Cranmer, S. J., Leifeld, P., McClurg, S. D., & Rolfe, M. (2017). Navigating the range of statistical tools for inferential 

network analysis. American Journal of Political Science, 61(1), 237–251. https://doi.org/10.1111/ajps.12263  
Daly, A. J., & Chrispeels, J. (2008). A question of trust: Predictive conditions for adaptive and technical leadership in 

educational contexts. Leadership and Policy in Schools, 7(1), 30–63. https://doi.org/10.1080/15700760701655508  

16 C. BOKHOVE ET AL.

https://doi.org/10.1108/JPCC-10-2019-0027
https://doi.org/10.1108/JPCC-10-2019-0027
https://doi.org/10.1080/19415257.2010.494450
https://doi.org/10.1146/annurev-economics-080218-030419
https://doi.org/10.1016/j.tate.2020.103223
https://doi.org/10.1016/j.socnet.2017.08.001
https://doi.org/10.1016/j.socnet.2017.08.001
https://doi.org/10.1177/0049124116672680
https://doi.org/10.1080/1743727X.2016.1192116
https://doi.org/10.1080/03054985.2017.1400427
https://doi.org/10.1080/03054985.2017.1400427
https://doi.org/10.1037/met0000451
https://doi.org/10.1007/978-3-031-29411-2_5
https://doi.org/10.1007/978-3-031-29411-2_5
https://doi.org/10.1016/j.learninstruc.2022.101603
https://doi.org/10.1016/j.ijer.2020.101542
https://doi.org/10.1007/s10212-020-00526-w
https://doi.org/10.1007/s10212-020-00526-w
https://doi.org/10.4324/9781003205838-8
https://cran.r-project.org/web/packages/sna/index.html
https://doi.org/10.1111/ajps.12263
https://doi.org/10.1080/15700760701655508


Dekker, D., Krackhardt, D., & Snijders, T. A. B. (2007). Sensitivity of MRQAP tests to collinearity and autocorrelation 
conditions. Psychometrika, 72(4), 563–581. https://doi.org/10.1007/s11336-007-9016-1  

de Matos Fernandes, C. A., Hoffman, M., & Brouwer, J. (2024). Antecedents of student team formation in higher 
education. Learning & Instruction, 92, 101931. https://doi.org/10.1016/j.learninstruc.2024.101931  

Ennett, S. T., Bauman, K. E., Hussong, A., Faris, R., Foshee, V. A., Cai, L., & DuRant, R. H. (2006). The peer context of 
adolescent substance use: Findings from social network analysis. Journal of Research on Adolescence, 16(2), 
159–186. https://doi.org/10.1111/j.1532-7795.2006.00127.x  

Farine, D. R. (2019). R package ‘asnipe’. https://cran.r-project.org/web/packages/asnipe/index.html 
Frank, O., & Strauss, D. (1986). Markov graphs. Journal of the American Statistical Association, 81(395), 832–842.  

https://doi.org/10.2307/2289017  
Freeman, L. C. (2014). The development of social network analysis-with an emphasis on recent events. In The sage 

handbook of social network analysis (pp. 26–39). SAGE Publications Ltd. https://doi.org/10.4135/9781446294413  
Geven, S., Weesie, J., & Van Tubergen, F. (2013). The influence of friends on adolescents’ behavior problems at 

school: The role of ego, alter and dyadic characteristics. Social Networks, 35(4), 583–592. https://doi.org/10.1016/j. 
socnet.2013.08.002  

Gilman, R., Carboni, I., Perry, A., & Anderman, E. M. (2022). Social network analysis and its applications to school 
psychology: A tutorial. School Psychology, 37(6), 424–433. https://doi.org/10.1037/spq0000529  

Goldenberg, A., Zheng, A. X., Fienberg, S. E., & Airoldi, E. M. (2010). A survey of statistical network models. 
Foundations & Trends in Machine Learning, 2(2), 129–233. https://doi.org/10.1561/2200000005  

Harris, J. K. (2014). An introduction to exponential random graph modeling (Vol. 173). Sage Publications. https://doi. 
org/10.4135/9781452270135  

Hoffman, M., Block, P., & Snijders, T. A. B. (2023). Modeling partitions of individuals. Sociological Methodology, 53 
(1), 1–41. https://doi.org/10.1177/00811750221145166  

Holland, P. W., & Leinhardt, S. (1981). An exponential family of probability distributions for directed graphs. Journal 
of the American Statistical Association, 76(373), 33–50. https://doi.org/10.1080/01621459.1981.10477598  

Hoy, W. K., & Tschannen-Moran, M. (2003). The conceptualization and measurement of faculty trust in schools: The 
omnibus T-Scale. In W. K. Hoy & C. G. Miskel (Eds.), Studies in leading and organizing schools (pp. 181–208). 
Information Age Publishing.

Hubert, L. (1987). Assignment methods in combinatorial data analysis. Marcel Decker.
Huisman, M., & Krause, R. W. (2018). Imputation of missing network data. In R. Alhajj & J. Rokne (Eds.), 

Encyclopedia of social network analysis and mining (pp. 1044–1053). Springer. https://doi.org/10.1007/978- 
1-4939-7131-2_394  

Jaccard, J. (2001). Interaction effects in logistic regression. Quantitative applications in the social sciences. Sage 
Publications.

Kalish, Y. (2020). Stochastic actor-oriented models for the co-evolution of networks and behavior: An introduction 
and tutorial. Organizational Research Methods, 23(3), 511–534. https://doi.org/10.1177/1094428118825300  

Krackhardt, D. (1988). Predicting with networks: Nonparametric multiple regression analysis of dyadic data. Social 
Networks, 10(4), 359–381. https://doi.org/10.1016/0378-8733(88)90004-4  

Krause, R. W., Huisman, M., Steglich, C., & Snijders, T. (2020). Missing data in cross-sectional networks-an extensive 
comparison of missing data treatment methods. Social Networks, 62, 99–112. https://doi.org/10.1016/j.socnet. 
2020.02.004  

Krivitsky, P. N., & Handcock, M. S. (2013). A separable model for dynamic networks. Journal of the Royal Statistical 
Society: Series B, Statistical Methodology, 76(1), 29–46. https://doi.org/10.1111/rssb.12014  

Laumann, E. O., Marsden, P. V., & D, P. (1983). The boundary specification problem in network analysis. In 
L. C. Freeman, D. R. White, & A. K. Romney (Eds.), Research methods in social network analysis (pp. 61–88). 
Transition Publishers.

Li, N., Huang, Q., Ge, X., He, M., Cui, S., Huang, P., Li, S., Fung, S.-F., & Xiong, F. (2021). A review of the research 
progress of social network structure. Complexity, 2021(1). https://doi.org/10.1155/2021/6692210  

Lomi, A., Snijders, T. A., Steglich, C. E., & Torló, V. J. (2011). Why are some more peer than others? Evidence from 
a longitudinal study of social networks and individual academic performance. Social Science Research, 40(6), 
1506–1520. https://doi.org/10.1016/j.ssresearch.2011.06.010  

Lusher, D., Koskinen, J., & Robins, G. (2013). Exponential random graph models for social networks: Theory, methods, 
and applications. Cambridge University Press. https://doi.org/10.1017/CBO9780511894701  

Lusher, D., & Robins, G. (2013). Formation of social network structure. In D. Lusher, J. Koskinen, & G. Robins (Eds.), 
Exponential random graph models for social network analysis: Theory, methods, and applications (pp. 16–28). 
Cambridge University Press. https://doi.org/10.1017/CBO9780511894701.004  

Mantel, N. (1967). The detection of disease clustering and a generalized regression approach. Cancer Research, 27(2), 
209–220.

McPherson, M., Smith-Lovin, L., & Rawlings, C. (2021). The enormous flock of homophily researchers: Assessing 
and promoting a research agenda. In M. L. Small, B. L. Perry, B. A. Pescolido, & E. B. Smith (Eds.), Personal 

INTERNATIONAL JOURNAL OF SOCIAL RESEARCH METHODOLOGY 17

https://doi.org/10.1007/s11336-007-9016-1
https://doi.org/10.1016/j.learninstruc.2024.101931
https://doi.org/10.1111/j.1532-7795.2006.00127.x
https://cran.r-project.org/web/packages/asnipe/index.html
https://doi.org/10.2307/2289017
https://doi.org/10.2307/2289017
https://doi.org/10.4135/9781446294413
https://doi.org/10.1016/j.socnet.2013.08.002
https://doi.org/10.1016/j.socnet.2013.08.002
https://doi.org/10.1037/spq0000529
https://doi.org/10.1561/2200000005
https://doi.org/10.4135/9781452270135
https://doi.org/10.4135/9781452270135
https://doi.org/10.1177/00811750221145166
https://doi.org/10.1080/01621459.1981.10477598
https://doi.org/10.1007/978-1-4939-7131-2_394
https://doi.org/10.1007/978-1-4939-7131-2_394
https://doi.org/10.1177/1094428118825300
https://doi.org/10.1016/0378-8733(88)90004-4
https://doi.org/10.1016/j.socnet.2020.02.004
https://doi.org/10.1016/j.socnet.2020.02.004
https://doi.org/10.1111/rssb.12014
https://doi.org/10.1155/2021/6692210
https://doi.org/10.1016/j.ssresearch.2011.06.010
https://doi.org/10.1017/CBO9780511894701
https://doi.org/10.1017/CBO9780511894701.004


networks: Classic readings and new directions in egocentric analysis (pp. 444–470). Cambridge University Press.  
https://doi.org/10.1017/9781108878296  

Meredith, C., Schaufeli, W., Struyve, C., Vandecandelaere, M., Gielen, S., & Kyndt, E. (2020). Burnout contagion’ 
among teachers: A social network approach. Journal of Occupational & Organizational Psychology, 93(2), 328–352.  
https://doi.org/10.1111/joop.12296  

Mishra, S. (2020). Social networks, social capital, social support and academic success in higher education: 
A systematic review with a special focus on ‘underrepresented’ students. Educational Research Review, 29, 29.  
https://doi.org/10.1016/j.edurev.2019.100307  

Niezink, N. M. D. (2018). Modeling the dynamics of networks and continuous behaviour [doctoral dissertation]. 
University of Groningen, The Netherlands. https://research.rug.nl/en/publications/modeling-the-dynamics-of- 
networks-and-continuous-behavior 

Niezink, N. M. D., & Snijders, T. A. B. (2017). Co-evolution of social networks and continuous actor attributes. The 
Annals of Applied Statistics, 11(4), 1948–1973. https://doi.org/10.1214/17-AOAS1037  

Parker, A., Pallotti, F., & Lomi, A. (2022). New network models for the analysis of social contagion in organizations: 
An introduction to autologistic Actor attribute models. Organizational Research Methods, 25(3), 513–540. https:// 
doi.org/10.1177/10944281211005167  

Ragan, D. T., Wayne Osgood, D., Ramirez, N. G., Moody, J., & Gest, S. D. (2019). A comparison of peer influence 
estimates from SIENA stochastic Actor–based models and from conventional regression approaches. Sociological 
Methods & Research, 51(1), 357–395. https://doi.org/10.1177/0049124119852369  

R Core Team. (2021). R: A language and environment for statistical computing. R Foundation for Statistical 
Computing. URL. https://www.R-project.org/ 

Rienties, B., & Nolan, E.-M. (2014). Understanding friendship and learning networks of international and host 
students using longitudinal social network analysis. International Journal of Intercultural Relations, 41, 165–180.  
https://doi.org/10.1016/j.ijintrel.2013.12.003  

Ripley, R. M., Snijders, T. A., Boda, Z., Vörös, A., & Preciado, P. (2024). Manual for RSiena. University of Oxford, 
Department of Statistics; Nuffield College. http://www.stats.ox.ac.uk/~snijders/siena/RSiena_Manual.pdf 

Robins, G., Lewis, J. M., & Wang, P. (2012). Statistical network analysis for analyzing policy networks. Policy Studies 
Journal, 40(3), 375–401. https://doi.org/10.1111/j.1541-0072.2012.00458.x  

R Studio Team. (2021). RStudio: Integrated development for R. RStudio. URL. http://www.rstudio.com/ 
Sabot, K., Wickremasinghe, D., Blanchet, K., Avan, B., & Schellenberg, J. (2017). Use of social network analysis 

methods to study professional advice and performance among healthcare providers: A systematic review. 
Systematic Reviews, 6(208). https://doi.org/10.1186/s13643-017-0597-1  

Sentse, M., Dijkstra, J. K., Salmivalli, C., & Cillessen, A. H. (2013). The dynamics of friendships and victimization in 
adolescence: A longitudinal social network perspective. Aggressive Behavior, 39(3), 229–238. https://doi.org/10. 
1002/ab.21469  

Severijns, R., Streukens, S., Brouwer, J., & Lizin, S. (2023). Social influence and reduction of animal protein 
consumption among young adults: Insights from a socio-psychological model. Journal of Environmental 
Psychology, 90, 102094. https://doi.org/10.1016/j.jenvp.2023.102094  

Snijders, T. A. B. (1996). Stochastic actor-oriented models for network change. Journal of Mathematical Sociology, 21 
(1–2), 149–172. https://doi.org/10.1080/0022250X.1996.9990178  

Snijders, T. A. B. (2001). The statistical evaluation of social network dynamics. In M. Sobel & M. Decker (Eds.), 
Sociological methodology (pp. 361–395). Basil Blackwell. https://doi.org/10.1111/0081-1750.00099  

Snijders, T. A. B. (2005). Models for longitudinal network data. In P. J. Carrington, J. Scott, & S. Wasserman (Eds.), 
Models and methods in social network analysis (pp. 215–247). Cambridge University Press. https://doi.org/10. 
1017/CBO9780511811395.011  

Snijders, T. A. B., Steglich, C. E. G., & Schweinberger, M. (2007). Modeling the co-evolution of networks and 
behavior. In K. van Montfort, H. Oud, & A. Satorra (Eds.), Longitudinal models in the behavioral and related 
sciences (pp. 41–71). Cambridge University Press. https://doi.org/10.4324/9781315091655  

Snijders, T. A. B., Van der Bunt, G. G., & Steglich, C. E. G. (2010). Introduction to stochastic actor-based models for 
network dynamics. Social Networks, 32(1), 44–60. https://doi.org/10.1016/j.socnet.2009.02.004  

Snijders, T. A., Pattison, P. E., Robins, G. L., & Handcock, M. S. (2006). New specifications for exponential random 
graph models. Sociological Methodology, 36(1), 99–153. https://doi.org/10.1111/j.1467-9531.2006.00176.x  

Statnet Development Team. (2019). Temporal exponential random graph models (TERGMs) for dynamic network 
modeling in Statnet. https://statnet.github.io/Workshops/tergm_tutorial.html 

Steglich, C., Sinclair, P., Holliday, J., & Moore, L. (2012). Actor-based analysis of peer influence in a stop smoking in 
schools trial (ASSIST). Social Networks, 34(3), 359–369. https://doi.org/10.1016/j.socnet.2010.07.001  

Steglich, C., Snijders, T. A., & West, P. (2006). Applying SIENA. Methodology, 2(1), 48–56. https://doi.org/10.1027/ 
1614-2241.2.1.48  

Sweet, T. M. (2016). Social network methods for the educational and psychological sciences. Educational Psychologist, 
51(3–4), 381–394. https://doi.org/10.1080/00461520.2016.1208093  

18 C. BOKHOVE ET AL.

https://doi.org/10.1017/9781108878296
https://doi.org/10.1017/9781108878296
https://doi.org/10.1111/joop.12296
https://doi.org/10.1111/joop.12296
https://doi.org/10.1016/j.edurev.2019.100307
https://doi.org/10.1016/j.edurev.2019.100307
https://research.rug.nl/en/publications/modeling-the-dynamics-of-networks-and-continuous-behavior
https://research.rug.nl/en/publications/modeling-the-dynamics-of-networks-and-continuous-behavior
https://doi.org/10.1214/17-AOAS1037
https://doi.org/10.1177/10944281211005167
https://doi.org/10.1177/10944281211005167
https://doi.org/10.1177/0049124119852369
https://www.R-project.org/
https://doi.org/10.1016/j.ijintrel.2013.12.003
https://doi.org/10.1016/j.ijintrel.2013.12.003
http://www.stats.ox.ac.uk/~snijders/siena/RSiena_Manual.pdf
https://doi.org/10.1111/j.1541-0072.2012.00458.x
http://www.rstudio.com/
https://doi.org/10.1186/s13643-017-0597-1
https://doi.org/10.1002/ab.21469
https://doi.org/10.1002/ab.21469
https://doi.org/10.1016/j.jenvp.2023.102094
https://doi.org/10.1080/0022250X.1996.9990178
https://doi.org/10.1111/0081-1750.00099
https://doi.org/10.1017/CBO9780511811395.011
https://doi.org/10.1017/CBO9780511811395.011
https://doi.org/10.4324/9781315091655
https://doi.org/10.1016/j.socnet.2009.02.004
https://doi.org/10.1111/j.1467-9531.2006.00176.x
https://statnet.github.io/Workshops/tergm_tutorial.html
https://doi.org/10.1016/j.socnet.2010.07.001
https://doi.org/10.1027/1614-2241.2.1.48
https://doi.org/10.1027/1614-2241.2.1.48
https://doi.org/10.1080/00461520.2016.1208093


Tschannen-Moran, M., & Hoy, A. W. (2001). Teacher efficacy: Capturing an elusive construct. Teaching & Teacher 
Education, 17(7), 783–805. https://doi.org/10.1016/S0742-051X(01)00036-1  

Veenstra, R., & Steglich, C. (2012). Actor-based model for network and behavior dynamics. In B. Laursen, T. D. Little, 
& N. A. Card (Eds.), Handbook of developmental research methods (pp. 598–618). The Guilford Press.

Wasserman, S., & Faust, K. (1994). Social network analysis: Methods and applications. Cambridge University Press.  
https://doi.org/10.1017/CBO9780511815478  

Wasserman, S., & Pattison, P. (1996). Logit models and logistic regressions for social networks: I. An introduction to 
Markov graphs and P*. Psychometrika, 61(3), 401–425. https://doi.org/10.1007/BF02294547

INTERNATIONAL JOURNAL OF SOCIAL RESEARCH METHODOLOGY 19

https://doi.org/10.1016/S0742-051X(01)00036-1
https://doi.org/10.1017/CBO9780511815478
https://doi.org/10.1017/CBO9780511815478
https://doi.org/10.1007/BF02294547

	Abstract
	Introduction
	Comparing MRQAP, STERGM and SAOM
	Illustration in pre-service teacher networks
	Instruments and variables
	Descriptive network statistics
	Analytical approach
	Data analytical approach for MRQAP (study 1)
	Data analytical approach for STERGMs (study 2)
	Data analytical approach for SAOMs (study 3)
	Findings empirical example


	Conclusion and discussion
	Notes
	Acknowledgments
	Disclosure statement
	Funding
	Notes on contributors
	ORCID
	References

