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STARTING POINTS 

• The development of a model to estimate parameters that 
explain the influences on network change. 

 

• Assumes that networks evolve as a stochastic process driven 
by actors. 

 

• Modeling network change involves: 

a. Change opportunity process 

b. Change determination process 

 

• The network is the dependent variable 



INTRODUCTION 
 

• Statistical modeling of social networks difficult 
because of the complicated dependence structures 
underlying the formation of networks.  

• Model: Network is observed at discrete time points 
and there is an unobserved evolution between these 
points. 

•  The observed networks are represented as digraphs 
with adjacency matrices.  

   X (tm) = (Xij  (tm) ) for m=1,….., M, where  i and j range   

    from 1    to g 

• Assumption: Continuous-time network evolution i.e., 
the network X(t) is a continuous- time Markov chain.  

 



DESCRIPTION 
 

• Preliminary step before analysis of the longitudinal 
data is to develop the basic description of the 
network.  

 

• The basic descriptive statistics give the change 
counts indicating how many tie variables change 
from h to k from observation moment tm to tm+1.  

 

 





MODELLING NETWORK CHANGE 

• The continuous- time Markov chain is 
applied to stochastic processes where X is 
the set of all digraphs with elements x.  

 

• Stochastic process is a Markov process if for 
any time ta the conditional distribution of the 
future given the present and past is a 
function only of the present.  

 



MODELLING NETWORK CHANGE 

• The Markov chain has a stationary transition 
distribution and to reach state X form x the 
random process has a unique limiting 
distribution π   

• By imposing the detailed balance condition we 
arrive at a unique stationary distribution.   

• Changes take place unobserved between two 
or more observation moments 



MODELLING NETWORK CHANGE 

• Three types of longitudinal network models 

Total independence model Reciprocity  Model Popularity Model 

in which all arc variables X ij 
(t)  follow independent 
Markov processes.  
 

Continuous time chain Markov 
chain model for directed 
graphs where all dyads are 
independent and have the 
same transition distribution.  
Arc variables within the dyad 
are dependent. Assumption 
that dyads are independent is 
a severe restriction in this 
model 

Transition rates are 
determined by the in-
degrees is another 
attempt to model 
endogenous network 
evolutions.  



ACTOR ORIENTED MODELS 
 

• Encompassing Model: The probabilities of relational 
change depend on the entire network structure and 
not isolated effects as proposed in the previous 
restricted models.  

• This approach is labeled as macro- to -micro 
modeling where the entire network is the macro 
level and a tie or collection of ties of a single actor 
are seen at the micro level.  

• In this model, the perspective of the actor whose tie 
is changing is taken. It is assumed that actor i 
controls the set of outgoing tie variables (Xi1 .…, Xig).    



ACTOR ORIENTED MODELS 

• The network changes only by one tie at a time. Such 
a change is called a “ministep.” The changes either 
depend on network structures or attributes observed 
covariates. 

 

•  The “moment when” : Stochastically determined in 
the model by the rate function. 

 

• The “particular change to make” : Determined  by 
the objective function and the gratification function.  

 



ACTOR ORIENTED MODELS 

Rate Function Objective Function Gratification Function 

λi (x)  for actor i is the 
rate at which there 
occur changes in this 
actor’s outgoing ties. 
 

fi (x) of actor i is the 
value attached by this 
actor to the network 
configuration X. The 
objective functions 
contain known actor 
specific covariates. 
 

Represents difference 
in the desirability of 
the states of the 
network. The 
gratification Function 
gi (x,j) of actor i is the 
value attached by this 
actor to the act of 
changing the tie from i 
to j given the current 
network configuration 
x.  



SPECIFICATION 

• Objective Function: Weighted sum dependent on a 
parameter β. 

 

• Functions Sik (x) , represent meaningful aspects of 
the network as seen from the viewpoint of actor i.  

 

• Some potential functions are: Density Effect, 
Reciprocity Effect, Transitivity Effect, Balance, 
Number of Geodesic Distances two Effect, Popularity 
Effect, Activity Effect, etc.  

 



SPECIFICATION 

• Rate function is defined as a product of 3 factors: a. 
the effect of the period; b. the effect of actor bound 
covariate, c. the effect of actor position λi  ( ρ,  α x, 
m) 

 

• Gratification function is also defined as the weighted 
sum of breaking off a reciprocated tie, number of 
indirect links to create a new tie, effect of dyadic 
covariate on breaking of a tie.  

 



MCMC ESTIMATION 

• Network Evolution Model: Complicated for explicit 
calculations of probability but it can be simulated. 
 

• The principle of estimation through method of moment is 
to determine the parameters in such a way that the 
expected values of statistics are equal to the observed 
values.  

 
• Since the expected values cannot be calculated explicitly, 

they are calculated through simulations.  
 

• Robins-Monro procedure: To approximate the solution for 
the moment equation. 
 
 



AN ALTERNATIVE NARRATIVE 

• Actors in network evaluate position and constantly seek to 
maximize. 

• Changes ties at random moments 

• Change involves either creation or withdrawal of a tie 

• Networks are not events but distinct and enduring states 

• Network at the second point is the dependent variable, the 
state to be reached to maximize 

• The imperative to change is evaluation of the effects of 
change 



AN ALTERNATIVE NARRATIVE 

• The evaluation is represented by objective and gratification 
functions.  

• These are the weighted sums of network, actor and dyadic  

 co-variates 

• It is assumed that the actor who makes the change maximized 
the objective and gratification functions given the new state. 

• The rate of change may be constant or a function of actor 
attributes and degrees 

• Through simulation the parameters of the influence of 
degrees and attributes on change rate and the weights and 
functions of objective and gratification function are estimated 

 



CONCLUSION 

 

• An assumption in the actor oriented model is that 
actors optimize myopically considering only the 
situation to be obtained immediately after the next 
change they are going to make i.e., the objective and 
gratification functions represent what the actors try 
to achieve in the short run.  

• An alternative to this model would be a tie oriented 
or dyad oriented model driven not be changes made 
by optimizing actors but by changes in tie variables, 
which would be close to the ERGM model.  
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Evolution of Sociology Freshmen 
Into a Friendship Network 
 



STARTING POINTS 

• A study that describes and analyses the evolution of a 
friendship network process among students 

• Innovates on the conceptualization of stages and factors 
that determine the friendship process 

• Develops expectations and tests the relative influences of 
the factors in the different stages 

• Adopts the longitudinal model 

• Uses SIENA for statistical analysis of the data 

 



INTRODUCTION 
 

• The study explains how changes in network 
structures depend on four main network effects:    
 a. proximity, 

 b. visible similarity,  

 c. invisible similarity, and 

 d.  network opportunity.  

 



INTRODUCTION 
 

• The study seeks to fill two major gaps in the study of 
friendship formation:  

 

 a. the role of visible and invisible similarity at the 
 different stages of friendship development; 

 

  b. how the development of network of dyadic 
 relations provides opportunities for new relations to 
 emerge.  

 



BACKGROUND 

• Except transitivity studies, hardly any studies exist 
that examine the process of friendship formation 
and maintenance between individuals within the 
larger network contexts. 

• The study postulates that it is not a pure 
transitivity process of friendship choices 
determining friendships. Instead, it may be a 
combination of proximity and similarity effects. 

• To identify these it is important to study network 
change.  

 



RESEARCH QUESTION AND EXPECTATIONS 

 

• Two core questions inform the study: 

– What kinds of individual and network variables 
explain change over time within a friendship 
network? 

– At what stages and why are these variables 
important? 

• The study identifies two distinct stages. In the 
evolution of friendship: Meeting and Mating.  



EXPECTATIONS 

• Four main factors that determine change in friendship 
networks over time 

 a. Physical proximity factors 

 b. Visible similarity factors 

 c. Invisible similarity factors 

 d. Network opportunity factors 

• Three stages in the friendship development process  

 a. Initial stage 

 b. Middle stage 

 c. Final stage 





METHOD AND DATA 
 

• The Sociology freshmen at the University of Goringen in 
Netherlands.   

 

• Students were enrolled in two programs: the short term and 
the regular program. 

 

• Questionnaires were presented to the students seven times 
during their first year. t0  ,  t3 ,  t6 , t 13 ,  and  t35 

 



METHOD AND DATA 
 

• Friendships were rated according to Van de Bunt’s scheme of 
relationships; real, friendship, friendly, neutral, dissonant and 
unknown 

 

• Proximity variables: Program and Smoking.  

 

• Visible Variable: Gender 

 

• Invisible Variables:  activities and interests important to 
students like watching sports etc. 

 



RESULTS 

 





SIENA 
 

• The above analysis is static and a  much more 
complex analysis is needed to understand the 
differential effects. To attain this the authors used 
the program SIENA ( Statistical Investigation for 
empirical Network Analysis).  

 

• The simulation algorithm implemented in SIENA 
handles network change by modeling the changes as 
exogenous events that occur at given points. 

 



DESIGN OF ANALYSIS 

• Network of 38 actors and there were some missing actors. 

 

• A forward stepwise model procedure with structural effects 
included first followed by covariate related effects 

 

• Simulations of network effect used to select effects that may 
be candidates for inclusion. 

 

• When a t- statistic was larger than 2 the effect was included 

 

 

 



DESIGN OF ANALYSIS 

• The following effects were included: 

 a. General control variables- constant rate, density and reciprocity 

 b. Network opportunity effects- transitivity, balance, indirect  
 relations, popularity 

 c. Other network effects- Squared out-degree and activity 

 d. Network gratification and rate effects- 

 e. Actor attribute effects- proximity, visible and invisible variables 

• Simulations used to determine t-values  and  the largest included. 
This step is repeated . 

• Order of evaluation in terms of the hypothesized importance of 
effects 

  











CONCLUSION 

 
• Proximity and visible similarity important 

explanatory variables for friendship 
formation, mating process initially.  

• Balance is more important as a network 
proximity factor than transitivity in the 
mating process and plays a modest role 
in the later stages of the meeting process 



CONCLUSION 

• Program- most important proximity variable 

• Gender-most important visible similarity 
variable.  

• But they do not contribute to the explanation 
of fine-tuning of relationships at later stages 

• Network opportunity important throughout 
the meeting and mating process. 
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1. Introduction 

What is Stochastic actor-based models for network dynamics? 
 

• A type of models that have the purpose to represent network 
dynamics on the basis of observed longitudinal data, and evaluate 
these according to the paradigm of statistical inference. 

  
• Models should represent network dynamics as being driven by 

many different tendencies such as reciprocity, transitivity, 
homophily, and assortative matching.   
 

• Models should represent the stochastic dependence b/w the 
creation, and possibly terminations of different network ties. 
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1. Introduction 

• Most networks dynamics models lack an explicit estimation 
theory.  
 

• However, stochastic actor-based models have 
 
 Flexibility: allowing to incorporate a wide variety of 

actor-driven micro-mechanisms 
 

 Availability of procedures for estimating and testing 
parameters: allowing to assess the effects of a given 
mechanisms while controlling for the possible 
simultaneous operation of other mechanisms or 
tendencies 

3 



1. Introduction 

• Network Panel Data: empirical data consist of two and more 
repeated observations of a social network on a given set of actors 

 
• Actor covariates are: 
 characteristics of the actors  
 constant(sex, ethnicity) or changeable (opinions, attitudes, 

lifestyle behaviors) 
 among the determinants of actor similarity (same sex or 

ethnicity) or spatial proximity 
 b/w actors (same neighborhood) 

 
• Dyadic covariates are:  
 characteristics of pairs of actors  
 constant (kinship or formal status in an organization) or 

changeable (over time)  
 Residual random influences  
 4 



2. Model Assumptions 

1) Network ties states with a tendency to endure over time, 
NOT brief events. 
 

2) Changing network is the outcome of a Markov process, i.e., 
that for any point in time, the current state of the network 
determines probabilistically its further evolution, and there 
are no additional effects of the earlier past.  All relevant 
information is assumed to be included in the current state.  
 

• In this research,  
the tie variables constitute the network, represented by its 
n × n adjacency matrix x – (xij) (self-ties are excluded), 
where n is the total number of actors.  
The changes in these tie variables are the dependent 
variables in the analysis.  
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2.1 Basic assumptions 
 

• Directed relations: i   j has a sender i, ego, and a receiver j, alter 
 

1) Continuous-time assumption (↔ discrete-time model) 
 
• The underlying time parameter t is continuous, i.e., the process 

unfolds in time steps of varying length.  
 

• But the network is observed only at two or more discrete points 
in time. Observations are referred to as ‘network panel waves’.  
 

• This represent dependencies b/w network ties as the result of 
processes where one time is formed as a reaction to existence 
of other ties 

2. Model Assumptions 
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2. Model Assumption 

2.1 Basic assumptions (cont.) 
 
2) The Assumption of a Markov process 
 
• The changing network is the outcome of a Markov process. 
• The total network structure is the social context that influences the 

probabilities of its won change.  
• Lens through which we look at the data: it should help may distort.  

 
3) The Assumption of purposeful actors (actor-based assumption) 
 
• Actors control their outgoing ties on the basis of their and others’ 

attributes, their position in the network and their perceptions 
about the rest of the network.    
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2. Model Assumption 

2.1 Basic assumptions (cont.) 
 
4) Ties change one by one 
 

• One ‘ego’ changes one outgoing tie at a given moment.  
 

• Tie changes depend on each other only sequentially.  
 

• e.g. two actors cannot decide jointly to form a reciprocal tie.  
 

• If i  j, this means that actor i initiated a one-sided tie first, 
and “later” actor j reciprocated, and vice versa. 
 

• Ties are under control of the sending actor, which will exclude 
ties where negotiation or coordination is required.  
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2. Model Assumption 

2.1 Basic assumptions (cont.) 
 

The actor-based network change process is decomposed into two sub-
processes  
 
5) The change opportunity process 

• modeling the frequency of tie changes by actors. The change 
rates may depend on the network positions of the actors (e.g., 
centrality) and on actor covariates (e.g., age and sex).  
 

6) The change determination process 
• modeling the precise tie changes made when an actor has the 

opportunity to make a change. The probabilities of tie changes 
may depend on the network positions, as well as covariates, of 
ego and the other actors (‘alters’) in the network. This is 
explained below. 
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2. Model Assumptions 

2.1 Basic assumptions (cont.) 

 
• Snijder’s model uses the method of moments 

implemented by computer simulation of the network 
change process.  

 

• In this model, the first observed network is used only as 
the starting point of the simulations: the estimation 
procedures conditions on the first observation in 
statistical terminology.  
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2. Model Assumptions 

2.2 Change determination model 
 
• 1st step of the modeling: the choice of the focal actor (ego) 

 
• Selected focal actor may change one outgoing tie, or do nothing.  

 
• So, the set of admissible actions contains n elements: n-1 

changes and one non-change 
 

• Probability for a choice depends on “objective function”.  
 

• Objective function: a function of the network, as perceived by 
the focal actor expressing how likely ifis for the actor to change 
her/his network in a particular way.  
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2. Model Assumption 

2.3. Specification of the objective function 
 
• The objective function is assumed to be a linear combination of a 

set of components called effects 

𝑓𝑖 𝛽, 𝑥 = 𝛽𝑘𝑠𝑘𝑖 𝑥

𝑘

 

• 𝑓𝑖 𝛽, 𝑥 : value of the objective function of actor i depending on the 
state x of the network 
 

• 𝑠𝑘𝑖 𝑥 : effects, functions of the network that are chosen based on 
theory and subject-matter knowledge and correspond to the 
‘tendencies’. Aspects of the network as ‘viewed’ from the point of 
view of actor i. The effects depend on the network (x) but may 
depend on actor covariates, dyadic covariates, etc.  

  
• 𝛽𝑘: statistical parameters.  
  
 12 



2. Model Assumptions 

2.3. Specification of the objective function (cont.) 
 

[Interpretation]  
 

• If 𝛽𝑘  = 0, the corresponding effect plays no role in the network 
dynamics.  

• If 𝛽𝑘  = +, a higher probability of moving into directions where the      
corresponding effect is higher 

• If 𝛽𝑘  =  ̶ , converse  
 
 

The Model should be constructed based on  
 Theory-guided choice of effects 
 Data-driven elements  

  

If effects 𝑠𝑘𝑖 𝑥  depend only on  
 the network, they are called “structural and edogenous effects”. 
 externally given attributes, they are called “covariate or 

exogenous effects” 
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2. Model Assumptions 

2.3.1. Basic effects 
 

• The outdegree of actor i 
 
 included in all models as the most basic effects 
 Basic tendency to have ties at all  
 Its parameter = balance of benefits and costs of an 

arbitrary tie.   
 

• Reciprocity: the number of reciprocated ties of actor i. basic 
feature of most social networks. Usually quite high values 
for its parameter  
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2. Model Assumptions 

2.3.2. Transitivity and other triadic effects 

1) Transitivity (transitive closure): friends of friends become 
friends 

 

 

 

 

 

• Measuring transitivity: two ways measuring 
transitivity for actor i (when there are i, j, and h) 

 
 transitive triplets effect: counting the 

number of pairs j, h 
 

 transitive tie effect: counting the number of 
other actor h for which there is at least one 
intermediary j forming a transitive triplet of 
this kind   

15 



2. Model Assumptions 

2.3.2. Transitivity and other triadic effects (cont.) 
 

2) Balance: structural equivalence with respect to out-ties, the 
tendency to have and create ties to other actors who make the same 
choices as ego  
 

3)Triadic effect: the number of three-cycles that actor i is involved in.  

 

 
<Difference between transitivity and three-cycles> 

•  Although both of them are closed structures, the 
transitivity is in line with a hierarchical ordering 
while the three-cycle goes against such an 
ordering.  
 

• If the network has a strong hierarchical tendency, 
transitivity parameter would be positive and three-
cycle parameter would be negative.  

16 



2. Model Assumptions 

2.3.3. Degree-related effects  
 

1) Degree-related popularity 
 

• indegree-related popularity & outdegree-related popularity 
 

• If positive (higher indegree or higher outdegree), the nodes 
are attractive for others to send a tie to. 
 

• Measured by the sum of indegrees of the targets of i’s 
outgoing ties, and the sum of their outdegress, 
respectively.  
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2. Model Assumptions 

2.3.3. Degree-related effects (cont.) 
 
2) Degree-related activity  
 
• indegree-related activity & outdegree-related activity 

 

• If positive (higher indegree or higher outdegree), the nodes will 
have an extra propensity to from ties to others.  
 

• Thus, indegree-related activity effects and outdegree-related 
popularity effects are nearly collinear: we should decide which one 
is a more meaningful representation.  
 

• Measured by the indegree of i × i’s outdegree, and respectively, the 
outdegree of i × i’s outdegree  outdegree2  
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2. Model Assumptions 

2.3.3. Degree-related effects (cont.) 

 
• There four degree-related effects represent global hierarchy 

between nodes in network while triadic effects of transitivity 
and 3-cycles represent local hierarchy.  

 

• Assortativity-related effects: actors might have preferences 
for other actors based on their own the other’s degrees.  
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2.Model Assumptions 

2.3.4. Covariates: exogenous effects 
 

• Ego effect (covariated-related acitivity effect or sender 
effect): whether actors with higher V value tend to 
nominate more friends and hence have a higher outdegree  
 

• Alter effect (homophily effect): whether ties tend to occur 
more often between actors with similar values V.  
 

• Ego-alter interaction effect: when the ego and alter effects 
are included, we could use this effects; actors with higher V 
values have a greater preference for other actors who 
likewise have higher V values.  
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2. Model Assumptions 

2.3.4. Covariates: exogenous effects (cont.) 

 
Application of these effects: 

 

• for categorical actor variables: the same V effect measures the 
tendency to have ties between actors with exactly the same 
value 

 

• for a dyadic covariate (pairs of actors): there is one basic 
effect; the extent to which a tie between two actors is more 
likely when the dyadic covariate is larger.  
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2. Model Assumptions 

2.3.5. Interactions 

• Interaction of a covariate with reciprocity 

• e.g1. friendship network b/w exchange students (de Federico, 
2004) 

 negative interaction b/w reciprocity and having the same nationality 

 Why? Regard reciprocation as a response to an initially unreciprocated 
tie.  

 Unilateral invitation to friendship is more remarkable b/w students of 
different nationalities than the same nationality.  

 Because contacts b/w students with the different nationalities are 
more difficult than b/w students with the same nationality, cross-
national friendships are rare. Thus, this rarity leads to a stronger 
tendency to reciprocation in cross-national than same-nationality 
friendships.  

• e.g2. Girls may tend to a greater tendency toward transitive closure 
than boys.  
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3. Issues arising in statistical modeling 

3.1 Data requirements 
 

• Rules of thumb: the assumptions should be plausible in an 
approximate sense 
 

• Enough information in Data:  It depends on the number of actors, 
the number of observation moments (‘panel waves’), and the total 
number of changes b/w consecutive observations  
 

 number of panel waves: at least 2, usually much less than 10 
 

 number of actors: usually larger than 20, but a smaller number 
of actors are acceptable if the data contain many waves. 
 

 Number of changes b/w waves: should be large enough because 
changes provide information for estimating the parameters 
 

• Implication: the researcher should have a reasonable estimate how 
much change to expect 
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3. Issues arising in statistical modeling 
3.1 Data requirements (cont.) 
 
How to decide the data collection points? 

 
1) Use the Jaccard (1900) index measuring the amount of change b/w 
two waves by 

 
𝑁11

𝑁11 +𝑁01 +𝑁10
 

 
 N11 : number of ties present at both waves 
 N01 : number of ties newly created 
 N10 : number of ties terminated 

  
• Jaccard Index for appropriate data collection points  > 0.3 
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3. Issues arising in statistical modeling 
3.1 Data requirements (cont.) 
 

How to decide the data collection points? 
 

2) Look at the proportion of ties that have remained in existence at 
the next observation when the network is in a period of growth and 
the 2nd network has many more ties than the 1st.   

𝑁11
𝑁11 + 𝑁10

 

  
• P > 0.6 : preferable 
• 0.3 < P  < 0.6:  low but acceptable 

 
• Complete network data: but some of new actors and (network-

)leavers, and a limited amount of missing data are allowed. Or, you 
can specify that certain ties cannot exist (‘structural zeros’) or that 
some ties are prescribed (‘structural ones’) 
 25 



3. Issues arising in statistical modeling 
3.2 Testing and model selection 

 

• Normal distribution of the estimated of the parameter βk in the objective 
function 
 

• Information theoretic model selection criteria have not been developed well.  
 

• Current best option: to use ad hoc stepwise procedures, combining forward 
steps with backward steps based on significance test for the various effects 
that may be included in the model.  
 

• Guidelines for Model Selection Procedure 
 

1) Include all effects that are expected to be strong at the start 
2) Forward selection is easier than backward selection. 
3) Since forward selection steps often work better from the algorithmic point 

of view than backward steps, retain copies of the parameter values 
obtained from good model fits, for use as possible initial values later on. 

4) Do not drop the effects from the model which are highly correlated. 
(outdegree effect is often highly correlated with various other structural 
effects) 

5) Parameter can be tested by a score-type test without estimating them 
(significance tests) 
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3. Issues arising in statistical modeling 
3.2 Testing and model selection 
 

• Guidelines for Model Selection Procedure (cont.) 
 

6) Models selections should be guided by theory, subject-matter knowledge, and 
common sense.  

7) Include outdegree and reciprocity effects by default. Consider transitivity in 
almost all longitudinal data sets.  

8) Include some covariate effects predicted by theory as control effects in the 
model from the start.  

9) Check the degree-based effects (popularity, activity, assortativity) at some 
moment during the model selection process because they can be important 
structural alternatives for actor covariate effects.  

10) Consider how average degree develops over the waves if the data have three 
or more waves and the model does not include time-changing variables. And if 
the degree development does not follow a rather smooth curve, include time-
varying variables.  

11) Inspect the indegrees and outdegrees for outliers. The model specification 
should explain outlying actors having very high or very low outdegrees or 
indegrees. If you find outliers, seek for actor covariates or investigate the 
possibility that degree-related effects. If these cannot be found, use dummy 
variables for the actors concerned and represent their outlying behaviors.  
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3. Issues arising in statistical modeling 

3.3. Example: friendship dynamics 

 
• object: Friendship network in a Dutch secondary school  

 

• collection period: Sep 2003 and Jun 2004.  
 

• number of Actors: total 26 (17 girls & 9 boys, aged 11-13 at 
the beginning of the school year) 
 

• question: indicate up to 12 classmates which they considered 
good friends 
 

• number of data collection points: four at intervals of 3 months 
 

• average number of nominees: b/w 3.6 and 5.7  
 

• Jaccard coefficients for similarity b/w waves: between 0.4 and 
0.5  
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3. Issues arising in statistical modeling 

3.3. Example: friendship dynamics (cont.) 
 

Model Specification 
 

• Basic structural effects are included: reciprocity, transitive triplets 
and transitive ties, three-cycle effects 

 

• Basic covariates such as the same sex effect (dummy) are included 

 

• Control variables: exogenous control variables such as sender and 
receiver effects of sex, and a dyadic covariate indicating friendship 
in primary school reflecting relationship history, and degree-related 
endogenous effects such as in- and outdegree related popularity, 
and outdegree-related activity.  
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3. Issues arising in statistical modeling 

3.4 Parameter Interpretation 
  
• Parameter βk: unstandardized coefficients 

 
How to interpret the parameters in the objective function: 2 ways 

 
1) “Attractiveness” of the network for a given actor: compare how 

attractive various different tie changes are. What are small and 
large values: random disturbances are added to the values of 
the objective function with standard deviations equals2 to 1.28  
 

2) The contribution of a single tie variable xij is just a simple 
components of the objective function.  
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3. Issues arising in statistical modeling 

3.4 Parameter Interpretation 
• e.g.  

 Actor variable sex, V: values 1 for girls and 2 for boys 

 (All variables are centered) 

 The global mean of V = 1.346  the centered values vi = - 0.346 for 
girls & vi = 0.654 for boys 

 The model includes the ‘ego’ effect (βe), the ‘alter’ effect(βa), and the 
‘same’ effect (βs) 
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3. Issues arising in statistical modeling 

3.4 Parameter Interpretation (cont.) 

 

• So, the joint contribution of these V-related effects to the objective 
function is: 
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3. Issues arising in statistical modeling 

3.4 Parameter Interpretation (cont.) 
• Using the sex-related parameter estimates from Model 0 in Table 1, the 

contribution of the single tie xij to the objective function, considering only 
the sex-related effects, is given by  

Interpretation of this new table: both girls & boys prefer same-sex alters as 
friends, but for boys the difference is more conspicuous.  
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3. Issues arising in statistical modeling 
3.4 Parameter Interpretation (cont.) 

Another interpretation: 

• When actor i has the opportunity to make a change in her 
outgoing ties; 

• xa and xb: two possible results of the change  

• fi(xb,  β) - fi(xa,  β) : the log odds ratio for choosing between xa 
and xb 

• So, the ratio of the probability of xb and xa as new state:  
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4. More complicated models 

4.1. Differential rates of change: the rate function 

 

• Rate function: the average frequency at which actors get the 
opportunity to change their outgoing ties depending on 
attributes and network position of the actors.  

 

• Example: Model 2 in Table1.  
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4. More complicated models 
Interpretation of Rate Function: 
 
• Effect sex (M) on rate: negative meaning boys change their 

network ties less frequently than girls.  
 

• But, look at the p = 0.13  the difference is not significant. 
 

• Consider that the variables have an effect on the rate function 
AFTER an exponential transformation, with a multiplicative 
effect.  
 

• So, effect sex (M) on rate function, - 0.42, implies that  
   The estimated rate function = the base rate × exp(- 0.42vi) 
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4. More complicated models 

Interpretation of Rate Function: 
 
• The estimated rate function = the base rate × exp(- 0.42vi) 

 
 Base rate: 9.69  

 
 The centered values vi = - 0.346 for girls & vi = 0.654 for boys 

 
 Thus, for period 1, the expected number of opportunities for 

change 
 
 For girls: 9.69 × exp(-0.42 × (-0.346)) = 11.2  

 
 For boys: 9.69 × exp(-0.42 × (0.654)) = 7.4  
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4. More complicated models 
4.2. Differences between creating and terminating ties; the 
endowment function 
 

• Terminating one tie = the opposite of creating one? NO.  
 

• Why? 
  Terminating one reciprocal tie > the gain in creating one tie, or 
 Transitive closure works for the creation for new ties but hardly 

guards against termination of exiting ties. 
 

• This can be modeled by having two components of the objective 
function: evaluation function and endowment function 
 

• Evaluation function: when case as a result of the change to be made 
 

• Endowment function: a component that operates only for the 
termination ties and not for the creation. This function gives 
contributions to the objective function that are lost when dissolving 
ties.  
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4. More complicated models 

4.2. Differences between creating and terminating ties; the 
endowment function 

 
• Let’s see Endowment Function: Model 3 show an endowment 

effect related to reciprocity. 
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The parameter of reciprocity evaluation effect: 0.71  
The parameter of reciprocity endowment effect: 1.42 
  
The contribution of a tie being reciprocated: 0.71 for the creating of tie & 
2.13 (= 0.71 + 1.42) for the termination of the tie.  
  
Thus, here, reciprocity is more important for maintaining friendships 
than for creating friendships.  42 



4. More complicated models 

4.2. Differences between creating and terminating ties; the 
endowment function 

e.g. a girl’s choice towards other girls depending on reciprocity.  

• There are actor i, and four other girls,  j1, j2, j3 & j4.  

 

Assume that there four girls do not 
choose each other and further also are 
isolated from I’s network.  
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4. More complicated models 

4.2. Differences between creating and terminating ties; the 
endowment function 

 

• The centered values vi = - 0.346 for girls 

• Thus, the parameter estimates for Model 3: the contribution of girl-
girl tie xij to the objective function, considering only the sex-related 
effects, is given by 

 
                

                           (0.41 + 0.16) × ((-0.346 ) + 0.56 = 0.36 

 
• The basic contribution of a tie to the evaluation function: 0.36 + (-

1.59) = - 1.23 with outdegree effect of -1.59 
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4. More complicated models 
4.2. Differences between creating and terminating ties; the 
endowment function 

 

• The basic contribution of a tie to the evaluation function: 0.36 + (-1.59) = - 
1.23 with outdegree effect of -1.59 

 
• When girl i can change a tie variable, using this value of -1.23 for the 

combined effect of outdegree and the three sex-related effects for a girl-girl 
tie, there will be five options for actor i suggested below:  
 

• (Remind that the contribution of a tie being reciprocated is 0.71 for tie 
creation and 2.13 against tie termination!) 
 

A) drop reciprocated friendship tie to j1: −(−1.23) − 2.13 = −0.90; 
B) reciprocate friendship tie from j2 : −1.23 + 0.71 = −0.52; 
C) drop non-reciprocated friendship tie to j3 : −(−1.23) = 1.23; 
D) initiate friendship tie to j4 : −1.23; 
E) do nothing: 0.0. 
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4. More complicated models 
4.2. Differences between creating and terminating ties; the 
endowment function 

 
• However, these are contribution to logarithms of probabilities  

the proportionality factors between the probabilities of these 
events must be calculated as the exponential transformations of 
these values, which are 𝑒−0.90 = 0.41, 0.59, 3.42, 0.29, and 1, 
respectively.  
 

• But, then, we should consider how many the ‘ego’ girls under 
consideration. 
 

• Since the friendship network is sparse, with average degrees 
between 3.6 and 5.7, the cases of type (D) (meaning ‘initiate 
friendship tie) will be most numerous. 
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4. More complicated models 
4.2. Differences between creating and terminating ties; the 
endowment function 
 

• Let’s assume a girl with 3 mutual girlfriends (A), 2 non-reciprocated 
friendships to girls (C), 1 other girl who mentions her as a friend 
without reciprocation (B), and 10 girls without a friendship either 
way (D) and finally, no friendships with any of the 9 boys, and 
denote the option of establishing a friendship to a boy by (F).  

• Then, assume that all her network members are mutually 
unrelated. 

 

(Remember that outdegree effect = -1.59, βe = 0.41, βa = 0.16, the centered values 
for girls vi = - 0.346 and the centered value for boys vi = 0.654) 
  

• The baseline value of a tie from a girl to a boy: −1.59 + 0.41 × 
(−0.346) + 0.16 × 0.654 = −1.63, with exponential transform 0.20.  
 

• Taking into account the fact that the number of opportunities for 
options (A) to (F) are 3, 1, 2, 10, 1, and 9, the six proportionality 
factors have to be  divided by the denominator (3 × 0.41) + (1 × 
0.59) + (2 × 3.42) + (10 × 0.29) + (1 × 1) + (9 × 0.20) = 14.36.  
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4. More complicated models 
4.2. Differences between creating and terminating ties; the 
endowment function 
 

• Thus, for this girl, the probabilities are: 
A) of dropping any of the three reciprocated friendship ties: (3 ×   
0.41)/14.36 = 0.09; 
B) of reciprocating the incoming friendship tie: (1 × 0.59)/14.36 
= 0.04; 
C) of dropping one of the non-reciprocated friendship ties: (2 × 
3.42)/14.36 = 0.48; 
D) of initiating some new friendship tie to a girl: (10 × 
0.29)/14.36 = 0.20; 
E) of doing nothing: 0.07; 
F) and of extending a new friendship tie to a boy: (9 × 
0.20)/14.36 = 0.13. 

 

• So, the probability for this girl is slightly larger than 0.5 that the 
proportion of reciprocity in friendships will be increased.  
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5.Dynamics of networks and behavior 

• Behavior variables: endogenously changing actor variables 
may refer to behavior, attitudes, performance, etc, measured 
as ordinal discrete variables with values 1,2, etc. up to some 
maximum values.  
 

• The actor variables are changing as a function of themselves 
and of the network.  
 

• Social selection process: the dependence of the network 
dynamics on the total network-behavior configuration 
 

• Social influence process: the dependence of the behavior on 
the total network-behavior configuration 
 

• These two process lead to similarity b/w actors. 
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5.Dynamics of networks and behavior 

Question: whether this similarity is caused mainly by selection or 
influence process 

 

• Actor-based model can construct the combination of selection and 
influence where the dependent variables consist of the actors’ 
behavior variables as well as the tie variables. 
 

• Underlying assumptions for the actor-based model for the 
dynamics of network and behaviors: 
 

1) Time parameter is continuous 
2) The dynamics of network and behaviors are the outcome of a Markov process.  
3) At a given moment, a selected actor may change a tie, or behavior by going 

one unit up or down.  
4) The actors control their outgoing ties as well as their won behaviors. 
5) The moments were actors get the opportunity for a tie change or a behavior 

change are modeled as distinct processes, so these governed by a priori 
unrelated parameters. 

6) There are distinct processes also for tie changes and behavior changes, 
conditional on the possibility to make the respective type of change, so these are 
governed by a priori unrelated parameters. 
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5.Dynamics of networks and behavior 
5.1 The objective function for behavior 

 

• The objective function for behavior is the same as the 
evaluation function.  

 
 

 Where 𝑠𝑘𝑖
𝑧 (𝑥, 𝑧) = functions depending on the behavior of 

the focal actor I and the behavior of his network partners, 
his network position, etc.  

 

 𝛽𝑘
𝑧 : the effect parameters of behavior choices 

 

 Z: distinguishes between the effects and parameters for 
behavior change and those for network change.  
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5.Dynamics of networks and behavior 

5.1.1. Basic shape effects 
 
 

• A baseline definition for the evaluation function: a curve 
 

• If behavior variable is dichotomous: a linear function  
 

• If behavior variable has three or more values: a curvilinear function, quadratic 
function  
 
 Linear shape effect: linear coefficient 
 Quadratic shape effect: quadratic coefficient, the effect of Z on itself, a kind of 

feedback effect  
 

• If quadratic shape effect = positive, changes in behavior are self-reinforcing 
• If quadratic shape effect = negative, changes in behavior are self-correcting 
  
• When 𝛽1

𝑧 = the coefficient for the shape effect, 𝛽2
𝑧 = the coefficient for the 

quadratic shape effect, and 𝛽1
𝑧 + 𝛽2

𝑧 = the total contribution of these two effects.  
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5.Dynamics of networks and behavior 

5.1.2. Influence and position-dependent effects 
 

• The actor-based model represent social influence, i.e., influence 
form alters influence from alters’ behavior on ego’s behavior, in 
three different ways.  
 

• You can choose between these three based on theoretical grounds 
and/or on the basis of statistical significance. 
 

1) The average similarity effect:  the preference of actors to be similar in 
behavior to their alters, in such a way that the total influence of the alters is 
the same regardless of the number of alters (i.e., ego’s outdegree). 

2) The total similarity effect: the preference of actors to be similar in behavior 
to their alters, in such a way that the total influence of the alters is 
proportional to the number of alters. 

3) The average alter effect: actors whose alters have a higher average value of 
the behavior, also have themselves a stronger tendency toward high values 
on the behavior. 

 

• Network position itself affects the dynamics of the behavior 
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5.Dynamics of networks and behavior 

5.1.3. Effects of other actor variables 

 
• For each actor-dependent covariate as well as for each of 

the other dependent behavior variables, a main effect on 
the behavior can be included. 

 

• A main effect on the behavior represents the influence of 
the actor variable on changes in behavior.  

 

• This variable may moderate the influence effect, leading 
to an interaction between the variable and the influence 
effect. 
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5.Dynamics of networks and behavior 
5.2 Specification of models for dynamics of networks and 
behavior 
  

• The network-behavior co-evolution is uneasy to estimate.  
  
• So, estimate a model of only network evolution, and then use this 

as a baseline for the network part of the co-evolution.  
 

• Examples of specifications of the social selection part: Z-similarity 
and Z-ego × alter.  
 

• Examples of specifications of the social influence part: average 
similarity, total similarity, and average alter. 
 

• A difficulty is that we don’t know which specification would be 
better in a particular case.  
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5.Dynamics of networks and behavior 

(a kind of stopgap) Procedure using score-type test for 
parameters simultaneously  

 
1. Specify and estimate a baseline model ‘BM’ for network-behavior 
co-evolution in which the network and behavior dynamics are 
independent; that is, the model for network dynamics contains no 
effects dependent on the behavior variable, and vice versa. 
  
2. Choose a number of candidate social selection effects ‘SEL’ and a 
number of candidate social influence effects ‘INF’ on theoretical 
grounds, without considering the data. 
  
3. Test the effects in the sets SEL and INF by score-type tests in the 
baseline model BM. This gives the statistical evidence about the 
existence of influence and selection, not controlling each effect for the 
other. 
  
4. Select the effects that are individually most significant in either set, 
and denote these effects by SEL1 and INF1.  
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5.Dynamics of networks and behavior 
 

 

(a kind of stopgap) Procedure using score-type test for 
parameters simultaneously  

 
5.To test influence effects while controlling for selection, estimate the model 
BM + SEL1 (i.e., the baseline model extended with the most significant 
selection effect) and within this model test all of the effects INF jointly by a 
score-type test. 
  
6. To test selection effects while controlling for influence, estimate the 
model BM + INF1 and test all of the effects SEL jointly by a score-type test. 
  
7.To estimate a model with influence and selection, estimate the model BM 
+ SEL1 + INF1. 
  
8. It often will be sensible to conduct some further checks to guard against 
the danger of overlooking important effects. This can be done again with 
score-type tests. Candidate effects to be checked include the indegree and 
outdegree effects on the behavior variable 
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5.Dynamics of networks and behavior 

Example: dynamics of friendship and delinquency 
  
• Question: Does the data provide evidence for network influence 

processes playing a role in the spread of delinquency through the 
group defined by the classroom? 
 

• (Remember that network influence process is the dependence of 
the behavior on the total network-behavior configuration) 

  
• Four types of delinquency measured of the 4 waves: stealing, 

vandalism, graffiti, and fighting  
 

• The 5-point scale ranged from ‘never’ to ‘more than 10 times’ 
 

• Analysis Method: SIENA  
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5.Dynamics of networks and behavior 
 

• The baseline model is the model which for the friendship dynamics is model 3 
in Table 1, and for the delinquency dynamics includes the linear and quadratic 
shape effects and the effect of sex (as a control variable). 
 

• The effects potentially modeling social selection based on delinquency are: 
 delinquency ego  
 delinquency alter 
 delinquency similarity  
 delinquency ego × delinquency alter.  

  
• The effects potentially modeling social influence with respect to delinquency 

are: 
 average similarity  
 total similarity 
 average delinquency alter. 
 

• Results: evidence for social selection (p < 0.001) and for social influence (p < 
0.05), when these are not being controlled for each other.  
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5.Dynamics of networks and behavior 

• The separate tests suggest that strongest effects are delinquency 
similarity for the network dynamics and average similarity for the 
behavior dynamics 
 

• Also, there is clear evidence (p < 0.001) for delinquency-based 
friendship selection, and evidence (p = 0.04) for influence from 
pupils on the delinquent behavior of their friends. 
 

• The delinquent behavior does not seem to be influenced by sex.  
 

• The model for network dynamics yields estimates that are quite 
similar to those for the model without the simultaneous 
delinquency dynamics, except that the reciprocity effect has shifted 
more strongly towards the endowment effect. 
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6. Cross-sectional and longitudinal modeling 
• Dynamic equilibrium, where changes continue but may be regarded as 

stochastic fluctuations without a systematic trend, should be considered for 
understanding of this model.   

  
• Similarities and differences between ERGM and Actor-based Model 

 

 ERGM and Actor-based model are similar in that both models have statistical 
approaches.  

 ERGM is a model of a process in equilibrium: it simulates a process longitudinally until it 
may be assumed to have reached dynamic equilibrium (not fixed state), and then take 
samples form the process.   

 If tie-based version of longitudinal model is possible, it would be similar to ERGM. 
 But, cross-sectional data in the model which are far from equilibrium would be different 

from ERGM model.  
 

• The longitudinal actor-based model is more general than the ERGM because it 
does not require that the observed process be in equilibrium.  

 

• The advantage of longitudinal over cross-sectional modeling: the parameter 
estimates provide a model for the rules governing the dynamic change in the 
network, which often are better reflections of social rules and regularities. 
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7. Discussion 

To be useful actor-based model for statistical inference,  
 

• the models must represent the dependencies between 
network ties, and between network positions and behavior 
of the actors. 
 

• the models must contain parameters that can express 
theoretical considerations about tendencies driving 
network change. 
 

• the models must be flexible enough to represent several 
different explanations of change  
 
 

63 


	1Presentation777
	Snijider_Intro_to Stochastic_Actor_Based Model_PAD777_Eunhyoung Kim_09282012

