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Abstract 
Agent-based modelling (ABM) and social network analysis (SNA) are both valuable tools for exploring the impact 
of human interactions on a broad range of social and ecological patterns. Integrating these approaches offers 
unique opportunities to gain insights into human behaviour that neither the evaluation of social networks nor 
agent-based models alone can provide. There are many intriguing examples that demonstrate this potential, for 
instance in epidemiology, marketing or social dynamics. Based on an extensive literature review, we provide an 
overview on coupling ABM with SNA and evaluating the integrated approach. Building on this, we identify current 
shortcomings in the combination of the two methods. The greatest room for improvement is found with regard 
to (i) the consideration of the concept of social integration through networks, (ii) an increased use of the co-
evolutionary character of social networks and embedded agents, and (iii) a systematic and quantitative model 
analysis focusing on the causal relationship between the agents and the network. Furthermore, we highlight the 
importance of a comprehensive and clearly structured model conceptualization and documentation. We 
synthesize our findings in guidelines that contain the main aspects to consider when integrating social networks 
into agent-based models. 
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1.  Introduction 

Many of the challenges society is facing today are not determined by individualistic action, but by behaviour 
embedded in complex networks of personal relationships, communities and markets. Climate change, for 
example, can only be tackled if people change their everyday behaviour, which strongly depends on actions of 
their surroundings (Kjeldahl & Hendricks, 2018; Senbel et al., 2014). Connections in a digitalized world allow 
communication independent of physical distances, but also bear specific risks (Kaplan & Haenlein, 2010; Pastor-
Satorras & Vespignani, 2001). Epidemics such as measles and Ebola spread more easily the more people resist 
proper prevention (Andre et al., 2008; Chowell & Nishiura, 2014), and global markets are largely dominated by 
the interaction of customers, suppliers and businesses (Garlaschelli & Loffredo, 2005; Gereffi, 1999). To 
understand these complex social processes of our time, it is essential that research draws attention both to 
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human behaviour and to the structure of social networks and their dynamics. A promising approach to address 
these two aspects is the combination of social network analysis (SNA) and agent-based modelling (ABM). 
 
Analysing social structure in a formalized way has attracted interest from a wide range of social and behavioural 
disciplines (Borgatti et al., 2009; Butts, 2009). As an approach to rigorously quantifying patterns of relations 
between social entities by means of formally defined graph-theoretic methods, SNA can contribute to the 
understanding of various social phenomena (Emirbayer & Goodwin, 1994; Scott, 2011; Wasserman & Faust, 
1994). On the other hand, ABM, too, has proven to be a valuable approach to address the complex task of 
analysing the interplay between individuals or groups (Gilbert, 2008; Squazzoni, 2010). Agent-based models are 
process-based simulation tools that can capture feedbacks between the behaviour of heterogeneous agents and 
their surroundings. In this context, agents can be entities such as humans, households, firms or institutions 
(Railsback & Grimm, 2012). On a micro-level, agents act interdependently according to prescribed rules and 
adjust their behaviour to the current state of themselves, of other agents and of the environment (Bonabeau, 
2002; Railsback & Grimm, 2012). On the macro-level, emergent patterns and dynamics arise from the 
aggregated individual behaviours and the interactions between the agents (Kiesling et al., 2012). 
 
As the interaction of agents with one another can be mapped to the concept of nodes and links established in 
the field of network science, a combination of both approaches can be easily achieved. Embedding networks in 
ABM makes it possible to define the set of agents with which a focal agent interacts not exclusively via spatial 
relationships, as in virtually all spatial agent-based models, but via the agent's social network, i.e. a (dynamic) 
set of other agents (Railsback & Grimm, 2012). Since individual behaviour and network structure are largely 
intertwined, social systems often show nonlinear and unpredictable behaviour. Integrating social networks in 
computer simulations such as ABM helps to understand these processes (Bonabeau, 2002; Squazzoni et al., 
2014). Furthermore, ABM can complement the sampling bias that is common in network structures mapped by 
empirical approaches of the social sciences (Costenbader & Valente, 2003; Stumpf et al., 2005). As complete 
network data is rare, a comprehensive picture of the whole node-ties landscape is often missing. Computational 
modelling can be used as a “virtual lab” to explore systems in space and time and to test hypotheses about 
causal relationships (Carley, 2009). A systematic combination of these theory-driven approaches with the 
empirically-driven aspects of network science thus helps to fill gaps that both approaches have and opens many 
possibilities to investigate human behaviour that neither the evaluation of social networks nor agent-based 
models alone can provide. 
 
The potential to explore the dynamics of social networks with agent-based models has been recognized in 
various disciplines of contemporary research. Examples can be found, among others, in the context of 
epidemiology (Eubank et al., 2004; Verelst et al., 2016), marketing (Kiesling et al., 2012; Rai & Henry, 2016; Rand 
& Rust, 2011) or social dynamics (Castellano et al., 2009; Macy & Willer, 2002; Squazzoni et al., 2014). Despite 
this broad range of application, the potential to combine both approaches is far from being exhausted, as will 
be shown in this review. 
 
The aim of this paper is threefold: (i) bring together different research streams, in which ABM is coupled with 
social networks, to enable an increased methodological cross-fertilization between disciplines, which has so far 
been hardly realized, (ii) detect current limitations in the combination of the two methods, and (iii) propose 
guidelines that provide a basis for a comprehensive and clearly structured model set-up which supports the 
application of a systematic and quantitative analysis of social networks in agent-based models. The guidelines 
take full advantage of combining both approaches to explore human interaction and are meant to serve 
modellers in future projects. 
 

2.  Methods 

To reveal the diverse range of applications and identify key challenges when combining agent-based models and 
social networks, we provide a review of a selection of exemplary studies. We evaluated 54 publications from 
different fields to gain an overview of the current usage of social networks in agent-based models and to find 
possible gaps in their implementation and analysis. Our search was limited to agent-based and multi-agent 
models, a term often used as a synonym for agent-based models, where it is explicitly stated that social networks 
are integrated (see Supplementary Material A for details). We are aware that especially in the area of network 
research there are other terminologies (e.g. network model or game-theoretic model) that refer to similar 
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concepts and do not fall under our search restrictions. However, we believe that ABM is a reasonable umbrella 
term for all these approaches and that most results are transferable. Furthermore, we did not aim to conduct a 
systematic review of all sampled models, but tried to cover the most recent and, according to the number of 
citations, the most established results (see Supplementary Material A for the selection criteria and 
Supplementary Material B for a detailed classification of the reviewed models).  
 
As an outcome of this investigation, we elaborate in the remainder of the review on the potential of linking ABM 
with social networks. We highlight three areas of common shortcomings and offer opportunities for 
improvement. First, we focus on the role of social networks in agent-based models in terms of their purposes. 
Second, we distinguish ways of integrating networks in agent-based models; and third, we emphasize currently 
used as well as potentially more beneficial approaches for model analysis. Table 1 summarizes all aspects on the 
classification for social networks in ABM that will be revealed in the course of the review. To address the 
observed deficiencies in terms of comprehensive and clearly structured model conceptualization and evaluation, 
we conclude with proposing guidelines covering all aspects that need to be considered for sound modelling and 
systematic analysis of social networks. 
 
Table 1: Summary of classification aspects for social networks in ABM used in this review with reference to the respective 
sections that address these aspects 

 Levels 

Purpose 
(section 3.1)  

Diffusion: Links between agents in a network 
serve as channels for transfer of material or 
non-material resources. 

Social integration: Social ties represent 
integration of actors in a group; agent’s 
network position provides social capital 
which leads to achievements, success or 
power. 

Network integration 
(section 3.2) 

Endogenous: Network 
topology evolves during the 
simulation based on 
individual decisions of 
agents and further impacts 
through the environment. 

Exogenous: Network 
topology is imposed and 
fixed during the simulation; 
focus on how social network 
structure affects state of the 
agents and system 
dynamics. 

Co-evolutionary: Feedback 
loop between changing the 
states of agents through 
their interaction and 
adapting the topology of the 
network leads to 
dynamically evolving 
network. 

Types of analysis  
(section 3.3) 

Agent-centric: Effect of 
parameters not related to 
the network. 

Network-centric: Effect of 
link properties or global 
network measures. 

Structurally explicit: Causal 
relation between agents 
and network structure, 
effect of local network 
measures. 

 

3. Potential of linking ABM with social networks 

The unmatched potential to address the dynamics of social interaction through a coupled social network and 
ABM approach has been recognized in various disciplines of contemporary research. By reviewing the selected 
publications, we identified three main areas of application, which are not without overlaps: epidemiology, 
marketing and social dynamics. To reveal the full spectrum of social networks in these contexts, we illustrate 
different (i) purposes, (ii) ways of network integration, and (iii) types of analysis of social networks in ABM and 
give recommendations on how to overcome common shortcomings. For all approaches in the following sections, 
we include key examples from the reviewed literature to illustrate different possible realizations and their 
suitability. 

3.1 Purpose 

Social networks in ABM have two main purposes: diffusion and social integration (Borgatti & Foster, 2003; 
Goldstone & Janssen, 2005; Granovetter, 2005; Klabunde & Willekens, 2016; Macy & Willer, 2002). The 
relevance of both is addressed separately in the following two sections. 
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3.1.1 Diffusion 

If diffusion is the model purpose, the linkages between agents in a network serve as channels for transfer of 
material (e.g. goods) or non-material resources (e.g. information). Implementing connections between agents 
allows to model how new ideas, practices or diseases spread within and between communities through 
interpersonal contacts (Valente, 2005; Wasserman & Faust, 1994). 
 
In epidemiology, ABM with integrated social networks is widely used to overcome the unrealistic assumptions 
of homogeneous mixing used in traditional models of disease spread based on differential equations (Eubank et 
al., 2004; Rahmandad & Sterman, 2008). As the transmission of a disease is directly influenced by the behaviour 
of individuals, social networks are not only included in the models to serve as a channel for the diffusion of 
epidemics but they allow the direct incorporation of social factors such as the propensity to vaccinate (Fu et al., 
2011) or hygiene compliance (Hornbeck et al., 2012) that can influence health outcomes (El-Sayed et al., 2012; 
Verelst et al., 2016). 
 
Marketing research addresses the spread of non-material processes when dealing with the diffusion of 
innovations (Kiesling et al., 2012; Peres et al., 2010). Agents exchange information with their peers which 
influences their decision towards a new product (Amini et al., 2012; Bohlmann et al., 2010; Goldenberg et al., 
2007; Haenlein & Libai, 2013; Hu, et al., 2018; Janssen & Jager, 2001, 2003; Libai et al., 2013; Negahban & Smith, 
2018) or technology such as sustainable mobility (Huétink et al., 2010), solar photovoltaics (Pearce & Slade, 
2018; Wang et al., 2018), water conservation (Rasoulkhani et al., 2018), smart metering (Zhang & Nuttall, 2011), 
flood prevention measures (Erdlenbruch & Bonte, 2018) or innovations like autonomous vehicles (Talebian & 
Mishra, 2018). 
 
Similar research questions are addressed with respect to social dynamics (Bianchi & Squazzoni, 2015; Macy & 
Willer, 2002). In this field, the main focus is on social influence on the dissemination of attitudes (e.g. regarding 
sustainable energy use (Moglia et al., 2018; Niamir et al., 2018) or organic farming (Kaufmann et al., 2009)), 
culture (Flache & Macy, 2011; Keijzer et al., 2018), language (Ke et al., 2008; Lou-Magnuson & Onnis, 2018), 
opinions (Biondo et al., 2018; Lu et al., 2009; Piedrahita et al., 2018), trends (Schlaile et al., 2018; Weng et al., 
2012) or information (Chareunsy, 2018; Frank et al., 2018). 
 

3.1.2 Social integration 

Interaction between agents, however, does not necessarily involve a direct exchange. Apart from being channels 
for transfer, social ties also represent the social integration of actors in a group. These connections to others 
provide possibilities and constraints for action (Bianchi & Squazzoni, 2015; Borgatti & Foster, 2003; Granovetter, 
1985; Macy & Willer, 2002; Smith & Christakis, 2008). The network structure can be seen as a form of 
coordination which enables collective action, self-organization and cross-scale support (Cumming, 2016; 
Rockenbauch & Sakdapolrak, 2017). An agent’s network position provides social capital which leads to certain 
achievements, success or power. Examples include the evolution of cooperation based on familiarity (Son & 
Rojas, 2011), similarities (Hadzibeganovic et al., 2018) or trust (Bravo et al., 2012; Growiec et al., 2018; Laifa et 
al., 2018). Additionally, a social environment can provide existential security (Gore et al., 2018) or can support 
people to promote an activity (Garcia et al., 2018). 
 

3.1.3 Recommendations 

We observe that ABM most often addresses the concept of networks as channels for transfers and considers 
social integration only rarely. We want to underline that the two different purposes of networks, however, both 
have their justification and want to encourage modellers to apply the concept of social integration which is one 
of the main thrusts of SNA in agent-based simulations. 

3.2 Network integration 

3.2.1 Exogenously imposed and endogenously emerging networks 

The critical specification for networks in agent-based models is whether their structure is exogenously imposed 
or endogenously emerging (Bruch & Atwell, 2015; Jackson, 2010; Macy & Willer, 2002; Namatame & Chen, 
2016). In the first case the network structure is fixed and the focus is on how social network structures affect 
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the state of the agents and system dynamics (Figure 1a). The vast majority of the models assessed in this review 
focuses on this approach. 
 
On the other hand, networks can also emerge based on predefined rules in the model. In this case, agents are 
aware of the impacts of each connection and decide whether they establish relations with other agents, 
depending on the gains these links provide (Figure 1b). In established network formation models such as random 
networks (Erdős & Rényi, 1959), small-world networks (Watts & Strogatz, 1998) or scale-free networks (Albert 
& Barabási, 2002), the formation rules are not necessarily appropriate to describe sociological questions (Flache 
& Snijders, 2008). Endogenously evolving networks in agent-based models of social networks enable the 
integration of individual decisions of agents and further impacts through the environment in the formation 
process and can therefore be used to investigate which structures are likely to emerge in certain contexts. 
Furthermore, ABM allows to analyse the effect of agents’ knowledge of the network on the choice of 
connections. Partial or imperfect information on existing and possible connections induces agents to create, 
maintain or strategically invest in their ties. Examples of network formation can be found mostly in context of 
social dynamics and include friendship selection in secondary schools (Fetta et al., 2018), relationships based on 
similar attitudes (Neal & Neal, 2014) or creation of urban networks due to spatial closeness of agents’ residential 
locations and workplaces (Zhuge et al., 2018). 
 
 

 
 
Figure 1 Exogenous, endogenous and co-evolutionary networks in agent-based models with social networks. a. Exogenous 
network: Social networks enable an appropriate representation of the social interaction between agents. The model dynamics 
are determined by the interaction of agents linked in an exogenously imposed network which is fixed during the simulation. 
Here, the focal agent (marked with a bulb) decides to change its state (black to grey) based on the current status of the agents 
it is linked to. b. Endogenous network: Agent-based models allow the integration of individual behaviour and environmental 
influences in models of network formation. Links between agents emerge and disappear, but the states of the agents do not 
necessarily change. Here, the focal agent decides to establish a new link to another agent. c. Co-evolutionary network: The 
combined approach of both aspects takes into account the feedback loop between state of agents and topology. Agents 
change their state according to their network connections and their network connections according to their state. Figure 
adapted from Gross & Blasius (2008). 

 

3.2.2 Co-evolutionary networks 

Models considering both endogenous network formation and a dynamic update of the state of the agents 
depending on the network and vice versa are often called co-evolutionary network models (Gross & Blasius, 
2008) (Figure 1c). The incorporation of the feedback loop between changing the states of agents through their 
interaction and adapting the topology of the network (i.e. the arrangement of nodes representing agents and 
links connecting them) through link formation and dissolution combines the advantages of pure network models 
and the modelling of human behaviour in agent-based models. We observed, however, that this has rarely been 
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used in ABM so far. Examples for co-evolutionary networks comprise agents that add or remove links to 
maximize the information they can gain from their acquaintances (Frank et al., 2018; Lozano et al., 2018; 
Moradianzadeh et al., 2018; Phan & Godes, 2018), to establish monogamous mating relationships (Simão & 
Todd, 2002), to express their dissatisfaction within a cooperation (Bravo et al., 2012) or if the trust between 
agents has vanished due to offenses between neighbours (Laifa et al., 2018). Additionally, modified spatial 
configurations that emerge from the behaviour of the agents (e.g. migration decisions (Fu & Hao, 2018)) or the 
appearance and disappearance of additional agents due to birth and death (Hadzibeganovic et al., 2018) can 
lead to changes in the network structure. 
 

3.2.3 Recommendations 

The choice of a suitable approach for network integration depends, apart from the research question at hand 
and the availability of data, largely on the time scale on which the relevant processes take place (Figure 2). Both 
the network structure and the interaction of the agents can change slowly or quickly (for an overview on the 
concept of slow and fast variables see e.g. Walker et al., 2012). A network that slowly adapts to the actions of 
the agents can be considered constant, i.e. it can be determined by fixed exogenously imposed structures. In 
cases where connections between agents change rapidly but their states adjust slowly, networks form 
endogenously without affecting the internal characteristics of the agents. If both processes run fast, co-
evolutionary networks are the appropriate method of choice. As many social connections change over time, this 
allows adopting concepts of dynamic social networks observed in reality for connections in agent-based models. 
We strongly recommend that modellers carefully determine the relevant time scales of network and agent 
dynamics in the specific cases to capture cross-fertilization between network topology and agent behaviour if 
needed. In situations in which either only the causes or only the consequences of networks are to be 
investigated, however, the use of endogenously emerging or exogenously imposed structures, respectively, is 
equally appropriate.  
 
 

 
 
Figure 2: Time scales of variation of network structure and agent states and adequate ways of integrating social networks in 
ABM. Fixed exogenously imposed networks are suitable if the states of the agents adapt rapidly but changes on the network 
structure are slow. Endogenously emerging networks capture situations with fast network changes and slowly adjusting agent 
states. In co-evolutionary networks both processes, variation of network structure and agent states, run fast. 
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3.3 Types of analysis  

Understanding overarching patterns that emerge from assumptions and model rules at the individual level is 
the key challenge in interpreting the outcomes of agent-based models. We distinguish three approaches to 
assessing social networks in agent-based models with increasing emphasis on structural characteristics: (i) 
agent-centric, (ii) network-centric, and (iii) structurally explicit analysis. Figure 3 illustrates all three types of 
analysis exemplarily. These distinctions mainly apply to exogenously imposed and co-evolutionary networks, 
since the analysis of models dealing with endogenous network formation is always network-centric. However, 
driving mechanisms behind endogenous network formation can be classified similarly. 
 
 

 
 
Figure 3: Agent-centric analysis, network-centric analysis, and structurally explicit analysis of social networks in agent-based 
models. a. Agent-centric analysis: The network plays an important role in the interaction between agents, but different model 
outcomes are obtained by varying input parameters that are not related to the network itself, such as agent states (1,2), which 
here are represented by the agent colours, or external influences such as policies (3). b. Network-centric analysis: Agent states 
are kept constant and the focus is on the impact of modifications at the network level such as varying initial network density 
(1, 2) or size (3). c. Structurally explicit analysis: Model outcomes are assessed not only based on agent or network properties 
but depend on the location of specific agents in the network. The example shows the initial condition for an innovation to 
spread (grey colour) for two different scenarios: highly connected agent as innovator (1) and loosely connected agent as 
innovator (2). 

 

3.3.1 Agent-centric analysis 

Topics that require agent-centric analysis cover cases where the network plays an important role in the 
interaction between agents, but the effect of its structure on model results does not need to be explicitly 
addressed. Figure 3a shows a stylized representation of the initial state of a diffusive system. Input parameters 
that are not related to the network itself, such as agent states, e.g. the number of black and grey agents, or 
external influences, e.g. policies, can have effects on the outcome, i.e. how many agents are of grey state at the 
end of the simulation. Examples from the literature include the comparison of agent properties like variable 
adoption thresholds (Bohlmann et al., 2010) or group identification of agents (Frank et al., 2018), or the inclusion 
of external influences such as policies accompanying the introduction of new products (Amini et al., 2012; 
Negahban & Smith, 2018), influencing risk prevention of individuals (Erdlenbruch & Bonte, 2018), mitigating 
influenza pandemics (Davey et al., 2008; Perlroth et al., 2010) or encouraging the transformation towards 
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sustainable behaviour (Kaufmann et al., 2009; Rasoulkhani et al., 2018; Wang et al., 2018; Zhang & Nuttall, 
2011). 
 

3.3.2 Network-centric analysis 

Network-centric analysis, on the other hand, is applicable for questions where agent properties can be kept 
constant and the focus is on the impact of modifications on the network level. This can be induced by varying 
link properties or global network measures (such as density or size, see stylized example in Figure 3b) or by a 
comparison of different network topologies. In contrast to modifications at the agent level, these changes affect 
the network as a whole. Global network measures map network properties to a single value (Araújo & Banisch, 
2016), thus modifying them also changes the entire network. SNA provides several metrics at this level such as 
network density (Chica et al., 2018; Growiec et al., 2018; Kaufmann et al., 2009; Phan & Godes, 2018) and size 
(Chen et al., 2012; Janssen & Jager, 2001; Ke et al., 2008; Laifa et al., 2018) or the rewiring probability in small-
world networks (Baggio & Hillis, 2018; Bohlmann et al., 2010; Janssen & Jager, 2001, 2003). In addition, the 
global clustering coefficient, network diameter and average path length fall under this category. For the 
comparison of network topologies, model outcomes emerge based on different network structures such as 
scale-free, small-world or regular networks (Bohlmann et al., 2010; Bravo et al., 2012; Chen et al., 2012; Chica 
et al., 2018; Erdlenbruch & Bonte, 2018; Fu et al., 2011; Hadzibeganovic et al., 2018; Heinrich, 2018; Huétink et 
al., 2010; Janssen & Jager, 2003; Ke et al., 2008; Keijzer et al., 2018; Lu et al., 2009; Moglia et al., 2018; Negahban 
& Smith, 2018; Rasoulkhani et al., 2018; Schlaile et al., 2018). Changes in link properties include strength 
(Goldenberg et al., 2007) and direction of social interaction (Flache & Macy, 2011). 
 

3.3.3 Structurally explicit analysis 

Both agent- and network-centric analysis methods capture the network as a way to connect agents, but do not 
address its internal characteristics. The third approach, a structurally explicit analysis, allows a shift to a more 
causal relation between agents and network structure (Bodin et al., 2011). Here, SNA is applied at the local level 
to determine the association between the state of the agents and their location in the network. This approach 
goes beyond the mere combination of agent- and network-centric analysis. The network is not evaluated 
separately, but directly associated with the properties of agents. Network metrics that can be considered from 
this perspective are for example degree distribution, local clustering and centrality measures. These local 
network measures provide information about the relative position to other agents, the importance of specific 
agents or the existence of subgroups. The stylized example in Figure 3c shows the initial condition for an 
innovation to spread for two different scenarios with either a highly or a loosely connected agent as innovator. 
With insights into the correlation between network and agents, implications of the network structure on human 
behaviour and vice versa can be sensibly addressed. In comparison to network-centric analysis, this allows a 
targeted modification of both network and model rules to compare the results of different scenarios. Agents 
can be selected and manipulated not only according to their properties, but also depending on their position in 
the network. 
 
An example that underlines this advantage is given in the context of models dealing with diffusion in networks. 
The position of the seed, i.e. depending on the context the first infected or convinced agents, strongly influences 
model outcomes, as the number and type of contacts of the selected agents can increase or decrease the 
dissemination. Although there exists an extensive theoretical background on this aspect in social network 
sciences (Borgatti, 2006; Freeman, 1979; Friedkin, 1991), we observed that in ABM the choice of specific key 
players based on network properties is often undervalued. In most models the set of actors from which a 
diffusion starts to propagate is selected randomly or according to agent-centric properties such as personality. 
Table 2 is based on the few examples among the articles in the literature review where common network 
measures have been used to determine individuals selected as first adopters of an innovation or technology 
(Beretta et al., 2018; Haenlein & Libai, 2013; Hu et al., 2018; Libai et al., 2013; Negahban & Smith, 2018). 
 

3.3.4 Recommendations 

In our evaluation, we observed that the use of agent- and network-centric analysis methods is widespread. 
However, the application of SNA at the local level to gain insights into the relation between network structure 
and agent properties is the exception. Examples for specifically targeted selection of first adopters were found 
only in models in the context of product or technology diffusion (Table 2), although this issue is also relevant for 
the dissemination of knowledge or information in social systems or with respect to epidemic diffusion. The most 
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common approach to assessing model outcomes is to implement various network structures and compare the 
results under these different assumptions. However, restricting the analysis to a limited set of network metrics 
that only monitor global properties of networks and omit the full range of SNA at the local level ignores a 
valuable aspect of the integration of social networks in agent-based models. Depending on the research problem 
and questions at hand, a structural analysis of the network is not a prerequisite to gain new insights. However, 
we would like to emphasize the additional benefits of the causal relation between network connections and 
agent properties and therefore encourage modellers to devote more attention to approach (iii), the structurally 
explicit analysis. 
 
Table 2: Overview of common network measures for the selection of seeding scenarios, i.e. depending on the context first 
infected or convinced agents, with application examples among the articles in the literature review where innovation diffusion 
is studied with ABM 

Network measure Description References 

Degree Select agents based on their number of neighbours. Select 
agents with high degree first. 

Haenlein & Libai (2013); Libai et 
al. (2013); Hu et al. (2018); 
Negahban & Smith (2018) 

Local clustering 
coefficient 

Select agents based on the number of edges between 
neighbouring nodes divided by the total number of 
possible edges between neighbouring nodes. Select agents 
with low clustering as there is less overlap between the 
neighbours. 

Negahban & Smith (2018) 

Closeness centrality 
(average path length) 

Select agents based on the average number of steps to 
reach any other node in the network. Select agents with 
the shortest average path length first. 

Beretta et al. (2018); Negahban 
& Smith (2018) 

Betweenness centrality Select agents based on the number of times they act as a 
bridge along the shortest path between two other nodes. 
Select agents with the highest betweenness centrality first. 

Beretta et al. (2018) 

Eigenvector centrality Select agents based on the centrality of their neighbours. 
The eigenvector centrality is higher the more central the 
neighbouring agents are. Select agents with the highest 
eigenvector centrality first. 

Beretta et al. (2018) 

 
 

3.4 Condensed classification of models included in the review 

Table 3 classifies all models evaluated in the review according to the types of analysis and the context of 
application (see Supplementary Material B for the corresponding references). It is clearly visible that most of the 
reviewed models focus on agent- or network centric analysis or a combination of both methods. Within the 
subset of studies we analysed for the review, structurally explicit analysis was found only in models in the 
context of marketing. Only one of the selected publications managed to combine all three methods: to evaluate 
the optimal combination of seeding and inventory build-up policies for new products, Negahban and Smith 
(2018) compared the effect of different strategies of initial dissemination, build-up periods before a product is 
launched and stylized network structures on adoption rates. In general, this overview provides a good starting 
point for a transfer of concepts between disciplines, as it facilitates seeing what has been successfully applied in 
one discipline and what is missing in others. We would like to stress that none of the categories is superior to 
the others. It is essential to consider the degree of feedback between network structure and agent states and 
the research questions that the model should address in order to make an informed decision about the 
appropriate levels of network integration and analysis. 
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4. Conceptualization and documentation of social networks in agent-based 
models 

When implementing social networks in agent-based models, several decisions have to be made about the 
structure and character of the network and the interaction of agents on it. As these choices decisively influence 
the model outcome, model conceptualization and documentation are crucial to make the modelling process 
transparent and reproducible. However, on the basis of our literature review, we observed, on the one hand, 
that the reasoning behind the choice of certain network topologies and network properties is often based on ad 
hoc assumptions, not on insights from the broad field of social network research. On the other hand, the model 
and in particular the network and the interactions on it are often not sufficiently documented. Similar aspects 
have been criticized in reviews with regard to the operationalization of decision making in agent-based models 
(Crooks et al., 2008; Flache et al., 2017; Groeneveld et al., 2017; Janssen, 2017; Kiesling et al., 2012; Müller et 
al., 2013). We build on the solutions to overcome the problems proposed in these studies and focus on (i) 
incorporating theoretical and empirical insights in the process of model conceptualization and (ii) guidelines as 
a basis for comprehensive and clearly structured model set-up and evaluation. 

4.1 Incorporating theoretical and empirical insights 

Modelling precisely how agents are linked is an essential task when integrating social networks in ABM (Amblard 
et al., 2015; Klabunde & Willekens, 2016). Inspired by empirical studies, a multitude of theoretical network 
topologies have been developed that allow an informed decision on the choice of suitable networks and their 
characteristics (Newman, 2003). Because of the variety of options available, the reasoning behind each choice 
of topology is particularly important (Amblard et al., 2015; Cointet & Roth, 2007; Zacharias et al., 2008). A 
thorough analysis of the impact of the underlying topology on the model outcome, which can then be tested 
with ABM, is required. Only when these considerations are made in advance, a meaningful conclusion can be 
drawn from the results. Additionally, hypotheses about the behaviour of humans in networks such as homophily 
(i.e. the tendency to form links with similar others), reciprocity (i.e. the number of reciprocated ties of an actor) 
or transitivity (i.e. friends of friends become friends), which can be drawn from empirical studies, should be 
integrated in the process of model design (Snijders et al., 2010). The inclusion of knowledge from empirical 
network research in the decision making of agents on the network is necessary to enable an adequate 
representation of the co-evolution of networks and behaviour. 

4.2 Guidelines for model set-up and evaluation 

Hand in hand with a sound justification of decisions made for the model conceptualization goes a precise 
documentation of the model (Grimm et al., 2006; Rand & Rust, 2011; Schmolke et al., 2010). The choice of a 
particular network model and the corresponding properties for the interaction of agents need to be 
substantiated in the model documentation to ensure comprehensibility, comparability and replicability of 
models which highly strengthens the advancement of the method and its use. We summarize the main aspects 
that need to be considered for agent-based models combined with social networks in guidelines which can easily 
be integrated in existing standards for the description of agent-based models, such as the ODD protocol (Grimm 
et al., 2006, 2010) or its extension concerning the integration of decision making, the ODD+D protocol (Müller 
et al., 2013). Following the categories of these formats, networks can, for example, be listed as state variables 
and referred to when specifying the design concepts “Interactions” and “Collectives”. Our proposed guidelines 
are divided into three main categories: network definition, dynamics of the network, and dynamics on the 
network. The first section covers different aspects of complexity concerning the set-up of nodes and links and 
network initialization. The two remaining sections focus on the co-evolution of networks and agents and 
comprise dynamics of and on the network (Gross & Blasius, 2008). Dynamics of the network cover the network 
itself as a dynamic system that changes according to specific rules. This section introduces the rules to be 
described when modifying the topology. Dynamics on the network deal with the dynamically changing state of 
each node, and comprise the conditions for interactions between agents, the interaction direction and the 
choice of interaction partners as well as the state transition of the agents and are thus only relevant for 
exogenously imposed and co-evolutionary networks.  
 
The guidelines with the main principles that need to be considered for model set-up and documentation are 
presented in Box 1. Modellers intending to design a model with endogenously emerging networks need to focus 
specifically on the section on the dynamics of the network. For models with exogenously imposed networks, the 
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section on the dynamics on the networks is most applicable. In models with co-evolutionary networks, all 
sections must be considered. Careful reflection and justification of all relevant aspects of the guidelines during 
the model building process provides a solid foundation for analysis. The guidelines ensure that all variables that 
can be investigated with an agent- or network-centric sensitivity analysis are properly introduced. In addition, it 
is particularly useful when local network metrics are evaluated in a structurally explicit analysis. 
 
Box 1: Guidelines for improved model set-up and documentation 

i. Network definition 
a. Nodes 

Level of aggregation: What is represented by an agent (c.f. “Collectives” in ODD design concepts)? 
The chosen subdivision that represents interacting partners has crucial influence on the network (Levin, 1992). Subdivisions 
depend on the level of decision making or action and the required level of accuracy but are limited by computational power 
(number of interacting agents grows fast if low level of aggregation is chosen). Possible subdivisions are: 

- Individual agents: used in situations where the personal context is relevant (e.g. epidemics, opinion formation) 
- Households: aggregated behaviour of family members or relevant decisions made by household head (e.g. land-

use context: farmers, energy consumption: data availability on household level) 
- Firms: similar to households but no relation to family (e.g. marketing: product diffusion can be either on 

individual or on firm level) 
- Higher level of aggregation possible (e.g. regions, countries)  

Typology of agents: Which entities are grouped together and treated in a similar manner? 
Within the levels of aggregation, agents are grouped according to their attributes to allow generalizations of individual 
actors (Arneth et al., 2014). This includes classification on the same organisational level with same (e.g. green vs. 
conventional farmers, early vs. late adopters) and different functions (e.g. buyers vs. sellers) or across hierarchical 
organisational scales (e.g. land users vs. government). 
 

b. Links 

Reciprocity: Are the links directed or undirected? 
Some problems need reciprocal links, some can deal with both but are probably more realistic with either directed or 
undirected links (opinion diffusion sometimes modelled in directed networks, sometimes in undirected), some need 
directed links (e.g. material transfer often only in one direction). 
Weight: Do the links include weighted relationships and preferences? 
Link strength allows including weighted relationships and preferences among neighbours. Link strength can be discrete 
(e.g. strong/weak) or continuous (assigning relative or absolute weights to links) and can be determined by the number of 
common contacts or emotional intensity such as trust or similarity of opinions. 
 

c. Initialization 

Initial condition: Which links are present as initial conditions? 

The network formation can start from scratch with no links between the nodes established at the beginning of the 
simulation or with links set up according to a specified topology. 

Network topology: How are initial links motivated? 

If links are set up according to a specified topology, initial network topologies can be calibrated with empirical data or with 
idealized topologies (e.g. random, small-world or scale-free).  

 

ii. Dynamics of the network 

Link formation: Why are links formed between agents? 
The formation of links between agents can be based on agent properties (e.g. spatial proximity or similarity), probability, 
utility maximization, etc.  
Network size: Does the number of nodes in the network vary during the simulation? 
Network size can be static if the network consists of the same nodes over the whole simulation or dynamic if the nodes 
vanish or appear during the simulation (e.g. due to extinction and reproduction processes or migration).  
 

iii. Dynamics on the network 

Condition for interaction: When do agents interact? 
In some contexts, interaction takes place independent of the network. Thus, no condition on the interaction is needed (e.g. 
if influence of social norms is always present). Alternatively, a threshold (e.g. number of neighbours, fraction of neighbours, 
distance (spatially or between opinions), properties of neighbours etc.) has to be reached before the agents interact 
(Granovetter, 1978). 
Interaction direction and partners: Who do agents interact with? 
The interaction direction has a large effect on the dynamics on the network as it influences the direction of causality and 
therefore the relevance of the positions of the agents. The acting agent can either be influenced by the agents in its network 
(“in”, unidirectional) or influence other agents it has links to (“out”, unidirectional). Additionally, both agents can change 
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their status based on the interaction (“both”, bidirectional). The acting agent can either pick one (“pairwise”), several 
(“selected”) or all other agents of its network as interaction partners. 
 

  direction 

  in out both 

p
ar

tn
er

 

pairwise    

selected 

   

all 

   
 
Agent state transition: How do agents change their status? 
Change of agent state is influenced by processes like e.g. imitation or averaging or based on probability, distance, utility, 
etc. The representation of agent state (i.e. behaviour, opinion, health condition etc.) is possible either as continuous traits 
(e.g. opinions) or distinct nominal categories (e.g. product adoption levels, epidemics). Change of agent state is possible 
either in one way only (e.g. adoption of an innovation: once somebody has adopted a product he will never come back to 
the non-adopted state; opinion dynamics: models of assimilative social influence (Flache et al., 2017)) or in two or more 
ways (e.g. opinion dynamics: models with repulsive influence, opinions can be influenced positively or negatively (Flache 
et al., 2017; Jager & Amblard, 2005); epidemiology: agents can get infected but also recover from a disease). 
 

 

5. Conclusion 

In this review, we analysed studies in the field of ABM and social networks with a focus on the conditions for 
sound implementation and evaluation. We stressed that ABM in combination with social networks is a promising 
approach to address the behaviour of interacting individuals. However, we also indicated that there is room for 
improvement and offered ways to overcome the deficits. Explicitly, we encourage modellers to improve the 
integration of the two methods with respect to three main aspects: (1) to not only focus on the network as 
channels for transfer of material or non-material resources, but also design models where the network provides 
social integration, such that an agent’s network position allows for certain achievements, success or power; (2) 
to carefully determine the appropriate approach for the integration of social networks in ABM, being it 
endogenously emerging, exogenously imposed or co-evolutionary, according to the research question at hand, 
the availability of data but also the relevant time scales of network and agent dynamics; and (3) to devote 
attention to structurally explicit analysis of the model, i.e. to use local network metrics to gain insights into 
causal relations between network connections and agent properties. 
 
In addition to these recommendations, we would like to point out that the integration of social networks in 
agent-based models highly benefits from interdisciplinary exchange. The core themes for the use of networks 
are similar in different contexts, regardless of the concrete problem they are applied to. Our cross-disciplinary 
review provides a starting point for this exchange, but is not intended to give a comprehensive overview of all 
possible realizations. Further efforts are needed to bring together the achievements in different areas and to 
lower disciplinary barriers that currently hinder a broader transfer of concepts. A systematic documentation of 
the model conceptualization, as supported by the guidelines, would facilitate this goal by allowing an efficient 
way of comparing models and their analyses. Additionally, as in many areas of ABM, also with regard to social 
networks in agent-based models the inclusion of empirical data is a crucial issue (Grimm et al., 2005; Laatabi et 
al., 2018). For this purpose, the approach of stochastic actor-oriented models is worth to consider. This statistical 
method is similar to agent-based models in the property to include local rules for actor behaviour and is an 
established tool for the analysis of longitudinal network data (Snijders et al., 2010; Snijders & Steglich, 2015). 
ABM has, however, more opportunities to include environmental constraints and heterogeneity among agents 
(Bruch & Atwell, 2015). Calibration of network initialization and validation of model outcomes with empirical 
data are therefore crucial next steps to fully exploit the potential of ABM. 
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