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have available. However, the extent to which this is the case remains unclear. Social
simulation scholars have provided valuable insights into the subject through opin-

ion dynamics models and agent-based modelling approaches. This article proposes

a social simulation approach to the topic of opinion dynamics from a political commu-
nication perspective to understand how social network configurations and the media
environment contribute to the emergence of national identity polarisation. We built
an agent-based simulation model of national identity dynamics with a multilayer
multiplex network of interacting agents in a hybrid media environment of both,
traditional media and social media platforms. We use the Catalan secessionist move-
ment to ground, contextualise and empirically inform parts of our model. We found
that the initial social network setup conditions had a large impact on the emergence
of polarisation amongst agents. In particular, homophily-based social networks com-
posed of a majority of like-minded individuals produced greater polarisation compared
to random networks. This was aggravated in the presence of social media filtering
algorithms, selectively exposing agents to supportive information. These results
emphasise the importance of both the selective exposure by social media filtering
algorithms and one’s social networks (echo chambers) for polarisation to emerge. This
interaction reinforces the influence of social media platforms and social networks have
on the emergence of polarisation.
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Introduction

Social media platforms have changed the way we communicate with each other as well
as the way we engage in politics. The effects of the social media environment have on
the polarisation of political attitudes are varied (Lelkes 2016; Dubois and Blank 2018;
Iyengar et al. 2012; Tucker et al. 2018). Social media platforms act as an amplifier for
polarisation due to the unrestricted discussions and commentary. Added to this is the
high connectivity between individuals and the anonymity granted in certain platforms.
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Studies have found that discussions of political issues online tend to polarize the users
involved (see Smith et al. 2014; Tucker et al. 2018; Li and Xiao 2017). However, numer-
ous studies have pointed out that such claims might be overstated and that online polari-
sation is either smaller than originally posited or non-existent at all (Osmundsen et al.
2021; Tucker et al. 2018; Guess 2021; Bakshy and Messing 2015; Dubois and Blank 2018;
Goel et al. 2010). The lack of consensus in the literature has shifted the focus away from
the mechanisms responsible for promoting attitude and opinion change.

One way in which it has been argued social media platforms shape opinions and
can promote polarisation is through filter bubbles (Pariser 2011). Social media plat-
forms select the information users are exposed to via their sorting algorithms. These
filter through the large amounts of information available and present the information
expected to be of greatest interest to the user (Iyengar and Hahn 2009). Filter bubbles
operate differently for each social media platform (Bozdag 2013; Bandy and Diakopou-
los 2021) but all follow the principles of selective exposure and personalisation. As peo-
ple are exposed to multiple sources, they select a few of them and interact with them.
The filter bubbles initially limit the user’s exposure to cross-cutting content (Maes and
Bischofberger 2015), content that might not agree with the user’s viewpoint. This tech-
nology-induced selective exposure of filter bubbles is problematic as it can reinforce
existing views (Trilling and Schoenbach 2013; Ross-Arguedas et al. 2022). Therefore,
contributing to online attitude polarisation (Flaxman et al. 2016), as shown by empiri-
cal research (Levendusky 2013). Yet, some empirical studies using survey data or pas-
sive tracking data disagree regarding the extent to which filter bubbles limit online user’s
exposure to diverse sources (see Dubois and Blank 2018; Flaxman et al. 2016; Fletcher
et al. 2021a; Beam et al. 2018).

Echo chambers are the result of that self-selective exposure and selective avoidance of
certain information and people. These are user-made homophilous clusters where most
users share the same views about an issue and where individuals primarily share infor-
mation that supports their views. Individuals tend to seek out information that supports
their beliefs while being critical of information that is contrary to their beliefs (see Lodge
and Taber 2000; Cioroianu et al. 2018; Tucker et al. 2018). Confirmation bias is the con-
cept used to describe this selective exposure and selective avoidance (Festinger 1957).
Numerous studies have found that individuals do indeed selectively expose themselves
to information, with varying degrees (see Kim and Lu 2020; Garrett and Stroud 2014;
Del Vicario et al. 2017). This process of selective exposure and selective avoidance is rel-
evant as it helps explain the emergence of polarisation.

Individuals select political sources that agree with them while minimizing the effort
of choosing between sources (Vaccari et al. 2016). Not only individuals will selectively
expose themselves to information that supports their views but will also be more
likely to believe such information and regard contrary information more negatively.
This is also known as disconfirmation bias (Taber and Lodge 2006, see Pennycook and
Rand 2019 for review on this topic). Experimental research has demonstrated that
indeed, individuals are more likely to select opinion-consistent sources, especially if
they hold strong ideological positions or are more politically interested (Iyengar and
Hahn 2009; Kim and Lu 2020; Garrett et al. 2013). Furthermore, only getting exposed
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to information that supports one’s views has been found to reinforce them (Axelrod
1997; Levendusky 2013; Stroud 2008).

Yet, certain authors have pointed out that the extent to which echo chamber exist
or are effective may have been overstated (Osmundsen et al. 2021; Tucker et al. 2018;
Guess 2021; Boutyline and Willer 2016). They argue that individuals have more auton-
omy over which sources to get exposed to and that citizens tend to seek out alterna-
tive opinions instead of choosing to remain solely exposed to supportive information
(Bakshy and Messing 2015; Dubois and Blank 2018; Goel et al. 2010). Survey studies
conducted across Europe, in Sweden (Dahlgren 2019), Spain (Masip et al. 2020), the
Netherlands (Bos et al. 2016), and the UK (Fletcher et al. 2021b) have found limited
evidence of the existence of echo chambers through self-selective exposure to parti-
san sources.

However, research has also found that citizens are rather passive with their informa-
tion environments, as they have limited or no interest in controlling these (see Taber
2003; Ross-Arguedas et al. 2022). Studies have shown that individuals tend to mute,
unfollow, and unfriend those who do not agree with them (Sibona and Walczak 2011).
Moreover,research has found that exposure to information that contradicts one’s opin-
ion can have a boomerang effect of reinforcing their beliefs rather than reducing opin-
ion differences (Bail et al. 2018; Jager and Amblard 2005; Macy et al. 2003). Hence, the
concern about echo chambers and polarisation (Vaccari et al. 2016; Flaxman et al. 2016;
Boutyline and Willer 2016).

Echo chambers and filter bubbles are two related but distinct concepts. While both
phenomena involve the selective exposure to information that reinforces existing beliefs,
they operate in slightly different ways and have distinct implications for political polari-
zation and information consumption. Echo chambers are the result of self-selective
exposure to certain content and people whereas the in-built platform algorithms (filter
bubbles) are a product of personalized algorithms used by online platforms to tailor con-
tent recommendations for users. Both phenomena contribute to the fragmentation of
public discourse and the exacerbation of political polarisation (Flaxman et al. 2016; Bak-
shy and Messing 2015; Guess et al. 2019). Yet, there are contradictory findings about the
polarisation potential of the combined role of social media filter bubbles and online echo
chambers (Ross-Arguedas et al. 2022; Dubois and Blank 2018).

Research on this topic has primarily focused on the presence or absence of echo
chambers based of social media data (see Ross-Arguedas et al. 2022) while ignoring
the importance of social networks for this process to occur. These online clusters are
made up of connected individuals influencing each other. Opinion dynamics (OD) mod-
els have explored how the interactions between individuals, prompted by their attitude
similarities (McPherson et al. 2001; Mis et al. 2010) and social influence, can promote
polarisation (Deffuant et al. 2000; Hegselmann and Krause 2002). Social simulation
models have shown that the principle of bounded confidence is sufficient for attitude
polarisation to emerge in a given population (Deffuant et al. 2000; Hegselmann and
Krause 2002; Deffuant et al. 2002). These abstract models define opinion similarity as the
difference between one’s opinion and that of someone else. A pre-determined threshold
bounds the agents’ interactions and decisions to change their opinions (Amblard and
Deftuant 2004; Jager and Amblard 2005).
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Subsequent models explored the underlying social influence processes of opinion
dynamics (Flache and Macy 2011; Flache 2018). Still, these types of models often have
not included social networks into their simulations. The notable exceptions include:
Flache and Macy 2011; Baumann et al. 2020; Banisch and Olbrich 2019; Milli 2021 which
modelled opinion dynamics over artificial networks with various degrees of realism.
Social networks composition, especially weak ties, or people who are not directly your
close friends and family (Granovetter 1978), are crucial for getting exposed to cross-cut-
ting content. Hence why it is important not just to focus on social media platforms and
the information environment but also the social network composition when looking at
polarisation.

Altogether, this paper proposes a theoretical synthesis of the political communica-
tion research assumptions about social media platforms and social influence along with
the social simulation opinion dynamics models. It presents an agent-based model of
social networks and the social media environment to explain the emergence of polari-
sation. This allows to unpack the mechanisms responsible for polarisation and observe
under which conditions polarisation can emerge. This study focuses on national identity
to provide a specific application of this model to a real-world problem such as inter-
group conflict brought on by secessionist movements and the erosion of social cohesion
through national identity polarisation.

Political opinions and partisanship have been the primary focus of this body of liter-
ature on polarisation (see Ross-Arguedas et al. 2022; Li and Zhao 2021; Barbera et al.
2015; Iyengar and Hahn 2009). There has been limited work on the issue domain of
national identification despite of the direct implications for social cohesion (Holtug
2020; Richards 2013). The presence of secessionist movements brings out the question
of national identity asking citizens to choose between them which may deepen the pre-
existing divisions of national identity and prevent reconciliation (Elliott 2018). Previous
studies have measured polarisation on a continuous scale ranging from 0 to 1 capturing
the left and right ideological space (Fowler and Smirnov 2005; Singh et al. 2011; Deffuant
et al. 2000; Schweighofer et al. 2020). This paper shifts the attention to national identity
changes over time measured by the Linz-Moreno 5-point Likert scale question (Moreno
1995) on dual national identities. We conceptualise polarisation of national identity
as the growing opposition of single versus dual national identities over time in a given
population.

Our empirical case, selected to provide context for the simulation model, is Catalonia,
the second most populated region of Spain. Since 2011, the Catalan secessionist move-
ment has divided the Catalan and Spanish society on the basis of national identity. It
has also shown signs of polarisation, reflected in the public opinion surveys collected by
the Catalan Centre for Opinion Studies (Centre d’Estudis d’Opinié, CEO 2022). We use
such data to inform the distribution of national identities in one version of the model to
draw comparisons with an abstract random distribution, like simulation previous mod-
els (Deffuant et al. 2000; Hegselmann and Krause 2002; Macy et al. 2003). This enables
us to explore the effects of one’s social networks and social media’s filter bubbles have on
the resulting national identity dynamics.

As mentioned previously, social media platforms in-built systems promote selective
exposure to certain content since they are designed to cater individual’s tastes and likes
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as recommendation systems (Finkel et al. 2020). Some authors are sceptical to the idea
of filter bubbles since they place more weight in the self-selective exposure than the
algorithmic selectivity (Fletcher et al. 2021a). They argue that people can still choose to
expose themselves to information that would contradict their views. Since determining
the likelihood of people actively seeking cross-cutting content against the algorithmic
default is out of the scope of this research, we propose to formally model two online
social media environments. One where users are exposed to a more diverse diet and
another where selective exposure to attitude-supportive content biases the media envi-
ronment. This allows us to test the extent to which these in-built algorithms promote
polarisation since, filter bubbles, in principle, can aggravate and may perpetuate the
selective exposure-avoidance problem (see Nyhan et al. 2023 for recent review).

Political communication research confirms the existence of homophily on Twitter net-
works (Barbera 2014; Williams et al. 2015) and also on Facebook (Bakshy and Messing
2015). Our model integrates offline as well as online social networks to better reflect the
duality of social networks as well as the effects of social influence. Both separate net-
works have their own topology to emulate the distinct features of offline social networks
and online social media platforms. Moreover, we created two distinct network config-
uration scenarios to test the effects of homophily in one’s network for the emergence
of national identity polarisation. More details about this are provided under the model
description section.

Overall, the purpose of the model presented here is to formalise social media plat-
forms’ filtering algorithms and the different social networks agents are embedded in to
explain the emergence of polarisation. It goes beyond existing models to propose a dif-
ferent perspective on the subject by integrating theory while explicitly modelling online
and offline social networks. It also provides a model of opinion dynamics applied to the
Catalan secessionist movement with some empirically-informed parameters from that
context to compare against an abstract model. Using this approach, enables us to untan-
gle how social networks, social influence, and social media filter bubbles can contribute
to the emergence of polarisation. In doing so, this work contributes to the existing litera-
ture of opinion dynamics and political communication by shedding light on the role of
social networks and the media environment play in the polarisation processes through a
theoretically-grounded simulation model.

The next section discusses the model specifications and assumptions based on the the-
ories discussed thus far. This is followed by the results and discussion sections where the
role of social networks and filter bubbles is explained and contextualised in the litera-
ture. Overall, we find that the initial network conditions in combination with the pres-
ence of filter bubbles are essential for the emergence of national identity polarisation.

Modelling social networks and social media filter bubbles

Agent-based models (ABM) are a computational method which allows to explicitly rep-
resent agents, their actions, and the environment in which these agent interactions take
place (Gilbert 2008). Specifically, using an ABM allows to model the micro-level agent
interactions and observe the resulting macro-level behaviours. This is not possible with
other methods. ABMs have been used to model the COVID-19 pandemic (Almagor and
Picascia 2020), organised crime (Elsenbroich et al. 2016) or civil violence (Epstein 2002).
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Furthermore, these interactions tend to be non-linear, they cannot be added up to one
another to explain the macro-level behaviours (Sayama 2020). The whole is more than
the sum of its parts, to put it colloquially.

Polarisation is a collective phenomenon emerging from the actions and interactions
of individuals. By studying the system as a whole, and representing individuals explic-
itly, we can be context-sensitive and understand better the mechanics responsible for its
emergence. From a methodological perspective, we develop an ABM of national identity
dynamics that enables us to test the extent to which social networks and social media
platform filtering algorithms promote polarisation towards a single national identity ver-
sus a dual national identity. Overall, our model provides a possible and plausible expla-
nation for how this process of polarisation can take place, applied to national identity.

General model description

Implemented in NetLogo, (Wilensky 1999), our model simulates a society (N = 2500) in
which individuals, embedded in their offline and online social networks, interact with
each other and the information they are exposed to. The model’s population size of 2500
was chosen to provide a setting and to allow comparison between both versions of the
model which start from a different distribution of national identities. The logic of the
model goes as follows: each step individuals receive information from the media or from
their social connections. Then, they decide whether or not to share it with their net-
works and then, they evaluate whether or not to update their national identities. The
model and all data used can be found on Github and OSF. For more details see the Data
availability and materials section.

Agents in the model
Agent-based models consist of three key elements: agents, attributes, and the environ-
ment in which the agents interact (Gilbert 2008). Agents represent individual entities
modelled with the capacity to make decisions and interact with the environment they
are in (Wilensky and Rand 2015). The agents, representing people in this model, have
attributes responsible for their behaviours. The list of agent attributes can be found in
Table 1.

The main attribute of interest in the model is national identification, a continuous
variable [—1,1] inspired from the 5-point Likert-scale Linz-Moreno (Moreno 1995)
dual national identity question. The categories were: “I feel...”: solely Catalan (1), more

Table 1 Agent attributes, heterogeneous across agents (N = 2500) and drawn from random-normal
distributions, Z~ n(0, 1)

Parameter Description Ranges
My information Represents the information received by the agent discussing national identity [=1,1]
National identity Indicates the agent’s national identity and consequently group identity [=1,1]
Uncertainty Indicates the strength of an agent’s convictions about their national identity [0,1]
Engagement Indicates the engagement levels or socialisation patterns of a given agent [0,1]
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Catalan than Spanish (0.5), equally Catalan and Spanish (0), more Spanish than Cata-
lan (-0.5), solely Spanish (-1).

We initialised our model with two different national identity distributions. In one ver-
sion, we used an abstract distribution (x = 0 and o= 0.40), as opposed to a uniform
one (Franken and Pilditch 2018; Keijzer and Més 2022; Flache and Macy 2011) to avoid
any overrepresentation of extreme opinions. In our second variant, we used survey data
from the 2011 Catalan Centre for Opinion Studies (Centre d’Estudis d’Opiniéon, CEO
2022) on Catalonia’s national identities. Fig 1 shows both distributions. We selected 2011
since it marked the start of the political institutionalisation of the Catalan secessionist
movement as the Constitutional Court of Spain ruled regarding the Catalan Statute of

Random Normal Distribution of National Identities

60~

Count

o
'

' ' ' ' '
10 0.5 0.0 0.5 1.0
National Identites

CEO 2011 Distribution of National Identities

60

IS
S
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1,‘[.‘ 0‘5 0‘0 -df -1‘.0
National Identites
Fig. 1 Two distinct distributions of national identities in the simulation. A) Random normal distribution with
X =0and o= 040 used for the abstract version. B) Right-skewed distribution from the CEO 2011 dataset with
X =045 and o= 0.52 used for the empirically-informed version of the simulation model
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Autonomy and the political elites of Catalonia begun shifting in favour of secessionism
(Lindez-Borras 2013; Parella 2015).

Agents in the model have two other attributes besides their national identification.
The uncertainty attribute, in Table 1, represents an agent’s strength of beliefs and open-
ness to accepting alternative ones. In this case, it represents their uncertainty about
their national identities. It is randomly distributed (1 =0, 0 =1) between 0 and 1 and
heterogeneous across agents, unlike previous opinion dynamics models (Deffuant et al.
2000; Amblard and Deffuant 2004; Jager and Amblard 2005). The reason for making this
an agent attribute and not a model fixed parameter is to acknowledge the susceptibil-
ity to persuasion or willingness to change one’s mind (Gil de Zuniga et al. 2022) more
realistically.

The engagement attribute, in Table 1, represents an agent’s propensity to sharing an
item of information received, the variable ranges from 0 to 1 and it is randomly distrib-
uted (1 =0, 0 =1) across agents. This is independent of the national identity position
in this model. It represents online activity patterns in an abstract manner to enable us
to explore the interaction between social networks and filter bubbles. The motivation
behind this parameter is to reflect people’s varying degrees of online social media activi-
ties with some individuals being very active whereas others are lurking or less engaged
(McClain 2021). The implications of formalising this assumption about engagement
are discussed later on the paper. Moreover, we were not able to find data to empirically
inform the uncertainty and online engagement parameters so we used a random normal
distribution instead as a starting point. Future iterations of this model could explore the
model’s sensitivity to such distributions.

Lastly, the my information attribute, in Table 1, represents a piece of information an
agent has received with a national identity value attached to it [-1,1]. The distribution
of this parameter is the exact same as the national identity values (1« = 0 and o= 0.40).
Agents have limited memory. The value of my information gets updated each time they
receive information from a tie or the media during a time step or tick. This stops when
agents decide to update their national identity since they can only update their opinions
once per tick. Moreover, agents do not have a memory of previous information received
on previous steps, it is limited to the single tick or time step.

Agent’s environment

The environment in which agents interact is a weighted multilayer multiplex social net-
work, Fig 2, addressing the need to formalise the social networks agents are embed-
ded in (Jager and Amblard 2005). These two layers are aiming to represent the hybrid
media system with corresponding online and offline social networks of a given popula-
tion. It is a multiplex network since the nodes on each layer represent the same entity,
unlike interconnected networks, in which nodes in different layers represent different
entities (Kinsley et al. 2020). Different layers in a multiplex network represent different
relationships among the nodes (Boccaletti et al. 2014, p.17). In this case, the relation-
ships are online and offline ties, which results in two distinct layers. The interlayer edges
link nodes representing the same individual instead of different individuals across layers
(Gbémez et al. 2013).
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Top layer
Online

Bottom Layer
Offline

Fig. 2 The Bottom layer represents offline social networks and follows a Small-World (Watts and Strogatz
1998) topology. The Top layer represents online social networks and follows a Scale-Free topology (Albert and
Barabasi 2002). The nodes are the same across layers but not all nodes are present since not every person
uses/has access to social media platforms. Full lines are intralayer connections between nodes and have
weights assigned to them representing social influence. Broken lines are interlayer connections representing
the same node across layers

The links or ties are weighted [0,1] in both layers or dimensions to represent the
social influence capacity of each of the agents. Such weights are assigned at random and
remain fixed throughout the simulation. Similarly, to the uncertainty and engagement
agent parameters, these values were drawn from a random normal distribution (X =
0 and o= 1) and have not been calibrated. Nonetheless, they represent the strength of
different social relations. Lastly, the number of ties for each of the layers as well as the
weights assigned to these remain fixed for the simulation.

The base layer represents an undirected offline social network and has a small-world
Watts-Strogatz topology (Watts and Strogatz 1998) (n=2500, k=23, p=0.1). Agents have
on average 23 ties or friendships and high clustering, characteristic of small-world net-
works. This value has been obtained from Lubbers et al. 2019 social network findings in
Spain. The second layer represents an undirected online network on social media plat-
forms and has a scale-free Barabdasi-Albert topology (Barabasi 2009) (n=2000, k=45).
The average node degree of the online networks is 45 which was scaled from Dunbar
et al. 2015 findings about social media networks. This enables us to observe more clearly
the effects of interpersonal social networks and the presence or absence of filter bub-
bles have on the emergence of polarisation. However, we recognise that such average
degree values may produce a higher density of ties than we would observe in the real
world which could potentially lead to a faster spread of information across the network.
To test this, we ran additional simulations with a lower average degree (not included
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but available upon request) and found no difference in the resulting general patterns of
polarisation, with the exception for the random networks in combination with filter bub-
bles where it slowed down the polarisation process.

One key feature of this model is not every agent has a social media presence. This is
to reflect the fact that not every person uses social media platforms, in general but also
to access the news (Gil de Zuiiiga and Diehl 2017). The online to offline node ratio was
obtained from Kemp 2022 . The proportion of social media users in Spain was of eighty
percent so it was scaled down to the population size of this model which meant that
500 agents, out of the 2000 would not have an online presence in the second layer. This
has direct implications as not every agent is exposed to the online filter bubbles, when
active, echo chambers or is able to share information on the online networks.

Given these social networks, agents have two parallel communication regimes,
inspired by (Keijzer 2022). Offline social networks in this model follow a one-to-one
communication regime, meaning agents interact with one other agent each time. Con-
versely, online social networks follow a one-to-all communication regime like on social
media platforms when someone posts on Facebook and all their friends will see it on
their feeds. In practice this means that agents may receive multiple pieces of information
from neighbours within a single time step or tick. They would process these sequentially
and would stop doing so once they have updated their national identity, as they are only
allowed to do so once per tick. These communication regimes have implications for the
resulting national identity dynamics, as shown by (Keijzer and Més 2022).

The model environment has two independent network topologies for each of the lay-
ers with their characteristic structural properties. Additionally, we created two separate
initial social network scenarios to test the effects of social network group composition
in the polarisation process. In the Random initial social network scenario, agents are
connected to each other following the topologies of the multiplex network environment
as described previously and no rewiring promoting national identity similarity was per-
formed on such networks to alter the group composition. In other words, the resulting
social networks were diverse with groups of mixed national identities.

In a second scenario, the Homophily-based initial social network, agents are con-
nected to each other on the basis of national identity similarity, following (Deffuant et al.
2000, 2002). The topology of the social networks remains a Watts-Strogatz and Barabasi-
Albert, for the offline and online layers respectively. However, the edges on the online
topology are rewired according to national identity similarity to enforce homophily of
national identities. This scenario represents a situation in which agents are in homophil-
ous clusters or echo chambers at the start of the simulation. This scenario promotes a
majority of ties, over 90% of ties, within the similarity threshold. The similarity thresh-
old, s, used here is the same as on previous bounded confidence opinion dynamics mod-
els (see Deffuant et al. 2000, 2002; Amblard and Deffuant 2004). We created this scenario
of large majorities to compare against a random national identity mix in social networks
and observe the resulting national identity dynamics. This scenario aims to capture the
presence of online echo chambers where individuals are segregated into homophilous
clusters.

Additionally, two social media environment scenarios were created to explore the
role filter bubbles, generated by social media platform algorithms, play in the process
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Table 2 Model parameters set at the start of each simulation and constant through time

Parameter Description Values
Information Representing the media’s reporting about the N = 2500

secessionist movement
Social networks Two social network setup scenarios Random; homophily-based
Social media Two social media filtering scenarios Filter bubble on; filter bubble off
s National identity similarity threshold 0.5
d National identity change constant 0.01

of national identity polarisation. These two scenarios only apply to agents part of the
online social network since we are interested in reproducing the percolation of informa-
tion from online to offline. The names of the random and selectively exposed scenarios
correspond to filter bubble On and Off, on the model parameters in Table 2, for simplic-
ity. The filter bubble Off scenario acts as a baseline scenario since here, agents have equal
probabilities of getting exposed to national identity-supportive and national identity-
discrepant information when they first receive information from the media. Having this
scenario allows us to observe the evolution of national identities in a media environment
where individuals get exposed to multiple sources of information, some that agree with
them, others that challenge their national identities.

Conversely, the filter bubble On scenario simulates an unbalanced media diet whereby
individuals get primarily exposed to information that supports their views (Iyengar and
Hahn 2009; Sibona and Walczak 2011) or national identities in this model. In practice,
agents that have online social networks would initially get information within their
national identity similarity threshold s, but it could be closer to either bound of that
information value, the upper or lower, based on a random probability. This scenario ena-
bles us to artificially test the effects of selective exposure to certain types of information
by social media’s sorting algorithms and the resulting effects on national identity.

The triple filter-bubble framework proposed by Geschke et al. 2019 formalised some
of the longstanding assumptions about self-made and platform-imposed selective expo-
sure to individuals and information. Yet, the social filter proposed by these authors was
rather constraining and ignored the principles of social influence. The model presented
in this paper, on the other hand, relaxes such constraint so that social influence prevails
over one’s national identity. Thus, maintaining the social connection between dissimilar
agents, serving as a weak tie (Granovetter 1973), through which agents can get exposed
to national identity-discrepant information. It should be noted that this process of infor-
mation filtering is independent of the choice agents make in the model to share infor-
mation which can either reduce or aggravate the selective exposure to certain kinds of
information promoted by the filter bubble scenario. Altogether, having these four simu-
lation scenarios allows to observe the effects social network composition and filter bub-
bles have on national identity polarisation and their interaction.

Table 2 shows all the model parameters, set at the start of the simulation run. The
Information parameter represents an information pool of sources available to agents dis-
cussing national identities. These are generated at the start of the simulation and remain
fixed throughout. They are drawn from a random-normal distribution (x = 0 and o=
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0.40). Similarly, the Social Networks parameter defines the initial social networks on
the simulation, either a Random network or a Homophily-based network. Depending
on the Social Media information regime selected, Filter bubble On or Filter bubble Off,
the probability of agents getting exposed to certain content changes. This filter bubble
On scenario only affects those agents present in the online social network layer. Beyond
these, there are general model parameters, fixed throughout the simulation, that deter-
mine the national identity similarity threshold, s, and a constant, d, to normalise the rate
of national identity change in the model.

Agent’s interactions and decisions

The model presented in this paper aims to realistically represent the process of informa-
tion receipt, evaluation, and sharing. Time in this model is treated as a discrete vari-
able and it is abstract. This means that it advances one unit or step once all the agents
have completed their actions or decisions, in line with previous simulation models (see
Epstein 2013; Deffuant et al. 2000).

In this model, agents do not simply update their national identity following encounters
with other agents, as seen in several previous models (Deffuant et al. 2000, 2005; Mis
et al. 2010). Here, agents have social networks that limit their exposure to information
and other agents, as mentioned previously. This is to account for the social networks
and hybrid media environment agents are embedded in. In doing so, agents in the model
interact through their social networks instead of being bound by their opinion similari-
ties like in (Hegselmann and Krause 2004; Deffuant et al. 2002; Flache and Mis 2008).
This allows us to explore the role social networks play in the polarisation process.

In every time step, agents receive information with a national identity value attached
to it and have two independent decisions to make: information share and national iden-
tity change. First one being whether or not to share that information with their social
networks. This decision depends on three factors: agent’s engagement, one’s social net-
works, and national identity similarity calculation.

Agents consider sharing information if their own engagement levels are greater than a
random probability drawn from a normal distribution. Otherwise, agents would not be
socially engaging with anyone and would move on to the next decision. This mechanism
aims to represent different engagement levels found on social networks where some
individuals may be more active, whereas others are rather passive or “lurking” (Rau et al.
2008; Rafaeli et al. 2004) without sharing among their networks. If their engagement lev-
els are greater than such model parameter, they proceed to evaluate the national iden-
tity similarity. This means they calculate they distance between the information received
and their own national identity, NatSim;, = abs(Natls; — Natls,). This evaluation fol-
lows the bounded confidence opinion dynamics models logic whereby every agent has a
similarity threshold, 0 < s > |0.5] (Deffuant et al. 2005; Jager and Amblard 2005; Flache
and Macy 2011). If the absolute difference between both values falls below the similarity
threshold of 0.5, then the national identity overlap is sufficient to make the agent share
the information with their ties. Sensitivity analyses were carried on this model param-
eter to justify its current value as the others were not a realistic evaluation. These can be
found in the Appendix 1 for reference.
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In line with the theories discussed in the previous section, individuals in the model
get exposed to information through the media and their networks. While social media’s
filter bubble adds an additional layer to the selective exposure and selective avoidance
processes in the model, an agent’s social network acts as initial filter to information. This
self-created selectivity integrates Noelle-Neumann’s (Noelle-Neumann 1974) Spiral of
Silence (SoS) cognitive process into the information sharing decision. The idea that indi-
viduals would refrain from sharing information that disagreed with the group’s opinion
in fear of being excluded due to their minority views (Chaudhry and Gruzd 2020). In
doing so, this would limit the group’s exposure to national identity-discrepant content.
The model presented here incorporates that assumption as a threshold in the agent’s
decision to share information and tests the extent to which different initial social net-
work configurations affect national identity polarisation while assuming SoS cognitive
process is present in such context.

The SoS assumption becomes active when there’s group consensus and the infor-
mation received disagrees with such majority. Agents compute their online network’s
homophily coefficient. This calculation represents group conformity (Karimi et al.
2022) and measures the proportion of agents that share similar and dissimilar national
identities to determine whether the agent belongs into the majority or the minority
group in their online social network. An agent’s network is considered homophilous
if the national identities of over seventy percent of those tied to the agent are within
the national identity similarity threshold, s;; < 0.5. This model relaxes the majority and
minority group proportions of Neuhauser et al. 2022.

Under these circumstances of group consensus and if the information’s similarity cal-
culation NatSim;, is greater than the similarity threshold, s, of 0.5 as mentioned previ-
ously, agents might only share with their social networks a small percentage of the time,
1/3 . In other words, when the information received exceeds the similarity threshold
and there is group consensus in terms of a majoritarian national identity among agents,
these would refrain from sharing such information most of the time but not always. This
threshold value accounts for the fact that sometimes, people share information with
their networks even if it contradicts the majority’s opinions. We established this thresh-
old as a reference point for this parameter since there is no data available to calibrate it.

Once the agent has decided to share the information they have received with their
social networks, two parallel communication regimes become activated. A one-to-one
communication regime is in place for the offline social network where one of the agent’s
offline ties gets chosen to receive information. This approach has previously imple-
mented in Keijzer 2022; Keijzer and Mis 2022. If the agent has online social networks, a
one-to-all communication regime is in place where all the agent’s online ties receive such
information. This replicates the logic of posting on Facebook and all your friends seeing
your post on their feed. These two regimes are very important for information cascades
and national identity change since information can be coming from the media or from a
tie. Agents may receive information from multiple of their social ties and evaluate each
of them individually. However, once they have updated their national identity as a result
of receiving information, they will stop evaluating incoming pieces of information dur-
ing that time step.

The pseudocode of the decision to share information:
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if Filter-Bubble On and any Online ties then
Receive filtered (biased) info - more national identity supportive
than -discrepant info

else
Receive random info - same probability of national identity supportive

& -discrepant info

end

while Agent Engagement > random number do
Compute national identity similarity Compute Group Homophily check

if s > 0.5 and there is Group Homophily then
| Share information - 20% of time (Spiral of Silence mechanism)

else
| Share information

end

end
Result: Share information

if Any Online ties then
Share w/ all ties - One-to-All communication
Ask ties to evaluate information

else
Share w/ one tie at random - One-to-One communication

Ask ties to evaluate information

end

The national identity change decision is the second decision agents make every step
of the simulation. It expands on previous bounded confidence models (Hegselmann and
Krause 2002; Flache and Macy 2011; Deffuant et al. 2005). After receiving information
from the media or a tie agents evaluate such information on the basis of national identity
similarity and compare it against their uncertainty parameter. An initial national identity
was assigned to every agent, starting from a different distribution depending on the vari-
ant of the model. We formalise existing research suggesting the information from social
connections tends to be more persuasive than from the media (Lazarsfeld et al. 1948;
Weeks and Holbert 2013) in our model. If the agent receives information from a tie, the
weight of that tie is added to the national identity similarity calculation, NatSim;;. This
is to reflect the social influence component in the decision to update the agent’s national
identity. In doing so, social influence is a contributing factor to the persuasion of the
uncertainty parameter extending previous OD models (Flache et al. 2017; Amblard and
Deffuant 2004; Deffuant et al. 2008) and making it more realistic.

The model presented here includes the three types of social influence, modelled by
Flache 2018, since it is crucial for understanding the role of interpersonal connections
play in polarisation. Assimilative influence (1), whereby agents’ pre-existing national
identity get reinforced with each interaction if the information they receive is within the
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national identity similarity distance threshold, NatSim;;. It also allows for negative influ-
ence (2) as agents interactions are not limited by their national identity, like in other
opinion dynamics models (Deffuant et al. 2005; Jager and Amblard 2005), but rather by
the social networks they are embedded in. Hence the importance of having two social
network scenarios that determine the initial network conditions for tie formation.
Agents can therefore get exposed to national identity-discrepant information through
weak ties (Granovetter 1973) and the media environment which could persuade them in
favour of that national identity. The other type of social influence is (3) repulsive influ-
ence (Macy et al. 2003) when exposure to national identity-discrepant content will rein-
force pre-existing beliefs meaning individuals will become more different to each other
in terms of their national identities.

In the case that the national identity value exceeds the bounds set by the scale of the
variable [—1,1], we truncate it to return it to the corresponding value within the distribu-
tion. The pseudocode of the decision to update their national identity:

if Information from tie then

Compute national identity similarity

if s + tie weight (social influence) < (national identity) Uncertainty then
| Update national identity

else
| Keep the same national identity

end

else

Information from the media if s < agent uncertainty then
| Update national identity

else
| Keep the same national identity

end

end
Result: National identity update

Model results and analyses

Since the model developed in this paper used two different distributions of national
identities, two sets of results and analyses are presented in this section. The first one
corresponds to the abstract model version in which national identities were drawn from
a random normal distribution. The second one set of results corresponds to the version
of the model where the initial distribution of national identities in the population was
based on the CEO 2011 data set on Catalan political attitudes (CEO 2022). A simulation
run ends at t=400 since national identity dynamics become stable, as measured by no
changes of the standard deviation not changing in the last 50 time following (Romero-
Moreno et al. 2021). Other times were tested and no change was observed.

Table 3 shows the 4 configurations of social media and initial social networks for the
two different initial distributions of national identity. The results were collected every 50
steps until the end of the simulation. These included the model set up parameters and
agent attributes. In doing so, we were able to track each agent’s changes in national iden-
tity over the course of the simulation. These individual changes are presented in Figs. 3
and 4 where each line on the graph corresponds to an agent. The population-level out-

comes are presented later in the paper.
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Table 3 Summary of the simulation configurations run in Netlogo BehaviourSpace and output
measures for the eight testing scenarios

Social network scenario Social media filter bubble Nat. Id distribution
Random Off Random normal
Homophilous On CEO 2011

Dynamics of Random Dist. National Identities
Scenario 1 Scenario 3

National identities

Scenario 2 Scenario 4

[ 100 200 300 100 200 300 400

400 [
time steps

Fig. 3 Individual-level national identity dynamics starting from a random normal distribution of national
identities over 400 model time steps. Scenario 1 = Random Network x Filter Bubble Off; Scenario 2 =
Homophilous Network x Filter Bubble Off; Scenario 3 = Random Network x Filter Bubble On; Scenario 4 =
Homophilous Network x Filter Bubble On

Dynamics of CEO Dist. National Identities
Scenario 5 Scenario 7

Scenario 6 Scenario 8

[ 100 200 200 100 200 300 400

400 0
time steps

Fig. 4 Individual-level national identity dynamics starting from the CEO 2011 (CEO 2022) empirical-based
distribution of national identities over 400 model time steps. Scenario 5 = Random Network x Filter Bubble
Off; Scenario 6 = Homophilous Network x Filter Bubble Off; Scenario 7 = Random Network x Filter Bubble On;
Scenario 8 = Homophilous Network x Filter Bubble On
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Fig 3 shows the national identity dynamics in the first four scenarios which are the
combinations of the Social Network and Social Media regimes in an idealised situation
in which national identities are initially distributed randomly across the population. Var-
ious national identity convergence patterns can be observed across all four scenarios.

First, the social media filter bubble Off for both initial Social Network set ups, Scenar-
ios 1 and 2 in Fig 3, produced national identity consensus, or single convergence (Def-
fuant et al. 2000), with the largest proportion of agents holding a national identity of
zero, meaning feeling equally Catalan and Spanish, and close to no agents at either end
of the national identity scale. Yet, there is a difference in the rate of convergence between
the social network initial setup whereby random networks, where ties are made regard-
less of national identity similarity. National identities converge faster and are more stable
compared to homophilous networks, in the absence of filter bubbles.

The presence of social media filtering algorithms for the two Social Network scenar-
ios, Random and Homophilous, scenarios 3 and 4 in Fig 3, produced moderate conver-
gence of national identities. Especially, the combination of filter bubbles and an initial
homophilous social network setup (scenario 4) preserves most of the initial variation in
national identities. It produces only moderate convergence at the centre. Alternatively,
the random social network scenario, combined with the selective exposure of filter bub-
bles (scenario 3), produced a moderate convergence towards the centre, but not the sin-
gle national identity cluster which emerged in the absence of filter bubbles.

Fig 4 shows the national identity dynamics in the last four scenarios of Table 4, in
which the initial distribution of national identity was based on the CEO 2011 survey data
set (CEO 2022). In these model scenarios we observe similar national identity dynam-
ics to those in Fig 3, with a constant clustering around zero feeling equally Spanish and
Catalan and varying proportions of agents at either extreme of the national identity
spectrum. This suggests that the national identity dynamics observed in the random dis-
tribution model version are well reproduced in the model version initialised with the
rightly-skewed distribution of the CEO 2011 survey data.

Similar to the other four scenarios, the effects of the social media filter bubble were
limited in the random social network setup, scenarios 5 and 7 in Fig 4, in terms of pro-
ducing national identity polarisation for this version of the simulation. Single conver-
gence towards zero, representing feeling equally Catalan and Spanish, can be observed
on both scenarios but at different rates. Initially homophilous social networks and no fil-
ter bubbles, scenario 6, converge slowly as more agents can be found in the upper bound
of the distribution, between 0.5 and 0.75 meaning feeling more Catalan than Spanish or

Table 4 Gini coefficient of the distribution of national identities for each of the four scenario
combinations across both versions of the model, abstract and CEO 2011 collected using NetLogo

BehaviourSpace
Social media Abstract dist. Empirical dist.

Social networks

Random Homophilous Random Homophilous
Filter On 0.12 0.21 0.11 0.17

Filter Off 0.08 0.1 0.09 0.12
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solely Catalan. This is not as prevalent in the initially random social network scenario
(5) where we see a faster convergence from a single national identity to a dual national
identity around zero. This suggests that homophily within social networks, a situation
which reproduces the phenomenon of echo chambers, does not prevent convergence
towards a single national identity cluster, but reduces the pace at which convergence is
produced when the media environment is mixed (filter bubble off).

On the other hand, the scenarios in which selective exposure to national identity-sup-
portive information is enabled by the filter bubbles, scenarios 7 and 8 in Fig 3, produce
two different national identity dynamics depending on the initial social network condi-
tion. The homophilous social network setup in the presence of filter bubbles, scenario 8,
produces national identity clustering and a bi-polarisation dynamic. This is the only sce-
nario where the proportion of agents at the lower bound of the distribution, -0.5 to —1,
representing feeling solely Spanish does not disappear but rather remains constant over
time. Conversely, this pattern is less clear on the random social network scenario 7 in
Fig. 3, where agents converge into two parallel clusters from the extremes of the national
identity distribution early in the simulation while also maintaining a relatively high num-
ber of agents in-between both national identity clusters.

Beyond the individual-level modelling outputs, we also collected population-level
national identity polarisation data in the same 50-step intervals as the individual-level
data. Previous studies have used the variance of a distribution as a measure of polarisa-
tion (Lelkes 2016; Deffuant et al. 2002; Pardos-Prado and Dinas 2010), in our case we
use the Gini coefficient since it is a more robust measure of the shape of the distribu-
tion (Badham 2013). This measure ranges from 0 to 1 to indicate perfect equality and
inequality in a distribution. Given that our outcome variable range includes negative val-
ues, we adjusted the scale by adding 1 to all values before calculating the Gini coefficient.
Table 4 presents such results for both versions of the model, averaged over a hundred
repetitions of a given parameter combination.

The first thing we observe is that the Gini coefficient is moderately low across all simu-
lation scenarios meaning moderate equality across the distribution of national identities
for both versions of the model. Yet, we can observe that initial social networks where
individuals were in a diverse group (Random in the parameter configuration) produced
less inequalities or polarisation compared to those where the initial social network that
promoted group similarity (Homophilous in the parameter configuration). Scenarios
where social media filter bubbles were present, regardless of the distribution of national
identities in the population (Fig 1), had the largest Gini coefficient values ranging from
0.11 to 0.21. In particular, scenarios where the initial social network was homophilous
and agents were selectively exposed to primarily supportive information through filter
bubbles produced the greatest largest Gini coefficient, Tab 4. This suggests more ine-
quality in the distribution of national identities or that polarisation may be present, as
the individual-level data has shown (see Figs. 3 and 4).

Moreover, those simulations that initialised the agent’s national identities from the
CEO 2011 data set produced slightly larger values of the Gini coefficient for all scenar-
ios, compared to those from the random distribution. Meaning that starting the simula-
tion from this empirical distribution and exploring the different scenario combinations
resulted in more unequal distributions of national identities across the population. The
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only exception to this was observed for the scenario where filter bubbles were present in
combination with an initially homophilous social network. Under such conditions the
Gini coefficient was 0.17 compared to 0.21 of the abstract random distribution. None-
theless, looking at the individual-level findings from 4, scenario 8, we observe more
clustering around the upper bound of national identity corresponding to feeling solely
Catalan and around the centre value zero corresponding to feeling equally Catalan and
Spanish and fewer individuals in-between both values suggesting the presence of polari-
sation but not the expected bi-modal distribution as shown in (Deffuant 2006; Mis and
Flache 2013). These patterns are less clear in the abstract model outcome scenario 4 in
Fig. 3 with more spread out values across the whole scale and slightly higher Gini coeffi-
cient. Overall, this section has presented the results from the two independent model set
ups and the effects of social media and social network scenario combinations had on the
resulting national identities at both the individual- and the population-level.

Discussion

This work has developed a theoretical agent-based model to study the effects social net-
works and social media filter bubbles in the polarisation process. The simplicity of the
model highlights their effects both individually and in combination. This model has been
applied to the case study of Catalonia’s national identities in the context of the ongoing
secessionist movement. Data from the Catalan Centre of Opinion Studies (CEO 2022)
has been used to empirically-inform the distribution of national identities in one version
of the model. The agents in this model are connected through social networks on two
layers representing offline network and their online social media counterparts. Moreo-
ver, they interact not just within their networks but also with a hybrid media environ-
ment with varying exposures to selectivity bias of information and people. Therefore,
formalising existing political communication and social influence theories and empirical
findings about the role social media platforms and social networks play in the process of
polarisation.

Research has shown that the presence of a social connection between the sender and
the information receiver directly affects the persuasion of the information received
(Metzger and Flanagan 2013; Metzger et al. 2010). Individuals modify their believes and
attitudes in an attempt to resemble those with whom they interact with (Axelrod 1997).
Lazarsfeld and colleagues (Lazarsfeld et al. 1948) found that is person-to-person influ-
ence has the most effect on those susceptible to change their opinion. Three types of
social influence have been identified in the literature (Flache et al. 2017): assimilative
influence, similarity based, and repulsive influence. The first type reflects the earliest
models of social influence where influence is bi-directional, reducing opinion differences
between people (Festinger 1957). In other words, it represents the rate of opinion con-
vergence, how long it takes for a group to converge around one opinion (Flache et al.
2017).

Previous opinion dynamics models have shown central convergence of opinions where
extremists are unable to exert influence on the population at the centre of the opinion
distribution (Deffuant et al. 2002). In this paper’s findings, we also observe this same
convergence towards the centre, representing feeling equally Catalan and Spanish on
the Linz-Moreno scale (Moreno 1995). This happens where an agent’s initial social
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network is composed of national identity-supportive and national identity-discrepant
others with equal likelihood. This exposes agents to diverse national identities in both
models, abstract and empirically-informed (see Figs. 3 and 4) where assimilative influ-
ence promotes national identity convergence. This is particularly relevant for the model
version which used the CEO 2011 data set of Catalonia’s national identity distribution. It
showed how in the absence of selective exposure to primarily national identity-support-
ive information through filter bubbles and through assimilative social influence from
social networks, the originally polarised distribution moderates over time towards con-
sensus around a dual national identity feeling equally Catalan and Spanish. Perceptions
of majority and minorities in social networks, as evidenced in Karimi et al. 2022 and
theorised by Festinger 1957; Latané 1996, help us explain these patterns. When indi-
viduals find themselves holding a minority view in a cohesive social group, they will be
persuaded to change their views to conform to the group’s, therefore creating consensus.
We observed similar patterns in our results about national identities (see Figs. 3 and 4).

Nonetheless, we also observe convergence of national identity towards a sin-
gle national identity cluster, at the centre of the distribution, corresponding to feeling
equally Catalan and Spanish, in the initial homophilous social network in the absence
of filter bubbles. This occurs at much slower rate without reaching a single cohesive
national identity cluster like in the initially random social network scenario (see Figs. 3
and 4). Granovetter’s work (Granovetter 1973) is relevant in this regard since it exempli-
fies that it is through weak ties or social connections individuals get exposed to alterna-
tive information and perspectives. These weak ties represent individuals whose national
identity differences are moderate but not sufficiently large to be too dissimilar and break
off that social connection. The strength of the social connection explains why those weak
ties are maintained over time. Having such connections allows for exposure to national
identity-discrepant information despite of similarity bias social influence being present.

We observe the strength of weak ties too where the initially homophilous networks,
with a majority of national identity-supportive ties, in the absence of social media filter
bubbles tend to converge towards zero forming a single large national identity cluster.
Under these conditions, initially extreme individuals that felt solely Catalan or solely
Spanish, under Linz-Moreno terms (Moreno 1995), shift their national identities in
favour of the majority as they get exposed to diverse information and diverse views evi-
dencing the importance of weak ties for slowing down the polarisation of national iden-
tity. These results are in line with political scholars who found that a diverse media diet,
getting exposed to national identity-consistent and national identity-disagreeing infor-
mation, reduces opinion differences and promotes consensus (Balietti et al. 2021).

Similarly, a new wave in computational social science has proposed bridging algo-
rithms on social media platforms as a way of increasing mutual understanding by pro-
moting content that will promote agreement across groups that hold opposite views
(Ovadya and Thorburn 2023). While our paper did not formally use such algorithms, the
filter bubble Off scenario did offer a more balanced information diet that showed a shift
towards a single opinion cluster under both initial social network scenarios instead of
increased polarisation. Future works could explore implementing different filter bubble
algorithms and observing their effects, in combination with different social networks, on
polarisation.
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Yet, previous research on social media platforms (Bail et al. 2018) have found that
when partisans get exposed to a diverse media diet this promotes national identity rein-
forcement, or repulsive influence in social simulation terms (Macy et al. 2003; Jager and
Amblard 2005). A recently published study about the effects of social media’s algorith-
mic filtering on opinion polarisation (Nyhan et al. 2023) partially explains this slower
shift towards a single national identity we observed in the simulation scenarios where
filter bubbles were absent and the initial social networks were homophilous (see Scenar-
ios 3 and 6 in Figs. 3 and 4). Their findings suggest that even when opinion-supportive
information is decreased in one’s Facebook feed, this would not in turn decrease polari-
sation as it was previously found (Guess 2021).

Our findings suggest that repulsive influence may not be as strong as those studies
claim. This is especially the case if we take into account the social networks individu-
als are embedded in as that moderates the polarisation process in the absence of filter
bubbles. This was the case when the initial social networks where homophilous as we
altered the group composition towards a majority of like-minded agents as opposed to
a diverse group of national identities. The strength of repulsive influence was indirectly
affected by this as shown in the individual- and population-level modelling outcomes
(see Figs. 3 and 4 and Table 3). In the absence of social media filter bubbles, even those
agents at the extremes of the national identity distribution, feeling solely Catalan and
feeling solely Spanish, tend to converge towards the centre as they are a minority that is
getting exposed to diverse others and information. This intermediate homophily range
produced by random networks promotes minority nodes to converge to the major-
ity views, as demonstrated by Karimi et al. 2022. Congruent with those findings are the
results presented here where individuals get exposed to a diverse media diet, as filter
bubbles are absent, those individuals on the extremes tend to shift their national identi-
ties in favour of the moderate majority holding a dual national identity feeling equally
Catalan and Spanish (see Figs. 3 and 4).

Moreover, very limited number of studies has explored the effects of filter bubbles
on opinion change from a simulation perspective, with a notable exception (Geschke
et al. 2019), which formalised some of the longstanding assumptions about self-made
and platform-imposed selective exposure to individuals and information. Nonetheless,
their social filter was rather constraining and ignored the principles of social influence
and kinship. The model developed in this paper, on the other hand, relaxes such con-
straint so that social influence prevails over one’s national identity, thus maintaining the
connection, serving as a weak tie (Granovetter 1973) through which individuals can get
exposed to opinion-discrepant information. Furthermore, this model formalised two
independent scenarios of social media filter bubbles to isolate the impact that these in-
built platform algorithms, selectively exposing individuals to primarily opinion-support-
ive content, have on the overall process of opinion change. Therefore, contributing to
understanding the role these filter bubbles have and also allowing to quantify the effects
selective exposure, through filter bubbles, has on opinion dynamics which has been a
longstanding demand in the political science literature (Ross-Arguedas et al. 2022).

Beyond the artificial selective exposure of social media platforms, information diffu-
sion plays a crucial role in polarisation and othering processes, given the growing impor-
tance of social networking sites for news sharing (Kumpel et al. 2015). Differing patterns
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of political opinion diffusion online have been found depending on the group size
and homophily levels of the social network (Halberstam and Knight 2014). Politically
engaged individuals tended to have greater networks, with more connections, and thus
more information supporting their political opinions. Moreover, Bakshy and colleagues’
Facebook experiment demonstrated that tie strength was directly impacting the diffu-
sion of information (Bakshy and Messing 2015). In particular, weak ties consume and
transmit information that one is unlikely to be exposed to, thus increasing the diversity
of sources of information on a given network. These findings were also found on Twit-
ter (Arnaboldi et al. 2016). This provides further support for creating two separate ini-
tial social network environments that varied the group composition in this paper’s ABM
model. Thus, allowing to observe the direct effect of social networks information diffu-
sion have on national identity polarisation. Under the random initial social network and
in the presence of social media filter bubbles, the higher density of network ties speeds
up the process of polarisation due to the higher information diffusion rate promoted by
mixed group composition and biased media environment. In contrast, initially homo-
philous networks are constrained by the majority and minority perceptions gate-keeping
the information to be shared beyond the number of neighbours. Additional experimen-
tal results on network density are available upon request. As a result, a clearer picture
of the combined role of social networks and social media’s filtering algorithms can be
drawn. This is much need in the literature since the extent to which echo chambers exist
on social media and increase online segregation has been contested (Dubois and Blank
2018; Cioroianu et al. 2018; Goel et al. 2010).

Limited empirical evidence has been found of the existence of echo chambers through
self-selective exposure to opinion-supportive content and its promotion of polarisation
(Masip et al. 2020; Fletcher et al. 2021a; Tucker et al. 2018). A social simulation approach
like the one offered in this paper is capable of addressing this gap in the literature regard-
ing the extent to which social media platforms’ filtering algorithms and social networks
contribute to the emergence of echo chambers, and polarisation more broadly. Similar-
ity bias models of social influence (Deffuant et al. 2000; Hegselmann and Krause 2002;
Macy et al. 2003) are relevant in the context of echo chambers since their core assump-
tion is that interactions between individuals are prompted by their opinion similarities
(McPherson et al. 2001; Més et al. 2010). Political communication research confirms
that birds of a feather do flock together on Twitter networks (Barberd 2014; Williams
et al. 2015) and also on Facebook (Bakshy and Messing 2015). This paper has shown that
starting from a homophilous social network where online echo chambers were present,
increased in the polarisation of national identity compared to initially random networks.
Therefore suggesting that indeed, similarity does breed similarity in social networks. The
social simulation approach provided in this paper was able to show how this phenome-
non may take place. This is in line with previous findings on the negative impacts of echo
chambers for polarisation (Barbera et al. 2015; Guess et al. 2020; Williams et al. 2015).
Thus, adding further evidence suggesting that echo chambers’ effect on online segrega-
tion maybe greater than expected (Flaxman et al. 2016; Dubois and Blank 2018; Garrett
et al. 2013).

The combination of social media filter bubbles with echo chambers has been an ongo-
ing concern in the politics literature (Ross-Arguedas et al. 2022; Fletcher et al. 2021a;
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Cardenal et al. 2019; Zuiderveen Borgesius et al. 2016) due to its polarisation potential
or lack thereof. This paper tested interaction between social media filter bubbles and
echo chambers for both model versions, abstract and empirical, in scenarios where the
filter bubble was On and the initial social networks were homophilous. When looking
at the polarisation of such social networks the picture is rather different in the presence
of social media filtering algorithms as shown by Figs. 3 and 4. The average proportion of
agents on the extremes of national identities is greater but it is only when combined with
a homophilous social network setup that the bi-polarisation pattern truly emerges, like
on Deffuant et al. 2000, 2005; Flache 2018 but not as extreme two-national identity clus-
ters and no individuals in-between as previous opinion dynamics models have found.

Furthermore, negative social influence can help explain this phenomenon since here,
individuals are not only exposed to like-minded others through their social network
configuration but also through the filtering algorithms on social media that reinforce
their national identities (Mids and Flache 2013). This is particularly evident among indi-
viduals in the middle of the distribution those that felt slightly more Catalan than Span-
ish which are drawn towards either extreme, feeling solely Catalan or towards feeling
equally Catalan and Spanish due to their social networks social influence and the preva-
lence of selective exposure through filter bubbles.

In the case of random networks, the explanation is slightly more complex since here
individuals have diverse social networks while being exposed to information that sup-
ports their existing national identity through social media filter bubbles. Exposure to
information that disagrees with one’s views has been found to reinforce existing beliefs
(Macy et al. 2003; Baldassarri and Bearman 2007; Del Vicario et al. 2016) instead of pro-
moting the opposite opinions. We would then expect then that individuals in an initially
random social network, would become more polarised over time due to this repulsive
social influence as they are exposed to national identity-supportive and national iden-
tity-discrepant others. Yet, we see that in the presence of social media’s filter bubbles,
promoting national identity-supportive information that not entirely the case. Once
more highlighting the effect of social media features like filtering algorithms in pro-
moting polarising content despite of individuals not setting out to get exposed to such
content, as shown by (Settle 2018). Yet, when these differences of opinions are too large
it may actually promote consensus (Takacs et al. 2016) or less defined national identity
clusters as seen in the random social network and social media filter bubble scenarios.
These simulation results bear resemblance to real-life context where individuals may be
segregating themselves into national identity clusters but yet, polarisation requires of
social influence to emerge (Flache and Macy 2011) as shown in the homophilous social
network and social media filter bubble condition.

Lastly, the presence of echo chambers and social media’s selective exposure through
filter bubbles was shown to increase the polarisation of national identity in both model
versions initialised with a different national identity distribution. These findings are in
line with much of the political communication literature suggesting the existence of echo
chambers on social media (Tucker et al. 2018; Franken and Pilditch 2018; Geschke et al.
2019) and provide further support for the prevalence of echo chambers disputed in the
literature (Dubois and Blank 2018). Therefore providing empirical support for the effect
of both, online echo chambers and filter bubbles, in the promotion of national identity
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polarisation. Overall, our model and findings highlight the importance of social network
configurations, social influence, and filter bubbles in the polarisation of national identity.

However, this research has some limitations and weaknesses. First, we used the Cat-
alan secessionist movement to test the mechanisms responsible for the emergence of
polarisation, applied to national identities in this case. Using a single case study is often
problematic as it limits the generalisability of the findings (Seawright and Gerring 2008)
as no other cases were used to compare against. Future research could explore if the
same mechanisms apply in different contexts.

Second, the value chosen to represent the assumption from the Spiral of Silence theory
(Noelle-Neumann 1974; Gibson and Sutherland 2020) was homogeneous across agents,
constant throughout the simulation and not drawn from empirical data. This value rep-
resented the likelihood that an agent would share national identity-discrepant informa-
tion with their social network when there is a majority-view in the group. This issue
could be addressed in further sensitivity analyses to determine whether such value has
an effect on the resulting national identity dynamics, but it is outside of the scope of this
paper.

In a similar fashion, greater online engagement has been found to be correlated with
holding more partisan or extremist views as well as higher exposure to misinformation
(Chen et al. 2021). This can in turn increase polarisation (Barbera et al. 2015). Yet, the
model presented here assumes online engagement is independent of holding extreme
views as it interested in exploring how interpersonal social networks and online filter
bubbles can foster polarisation, not the effects of online engagement on polarisation
itself. Future studies could look at how online engagement can affect polarisation and
the interaction of such relationship with one’s social network and social media’s filter
bubbles in this context.

Lastly, we acknowledge that the average degree used to inform our social networks
may produce greater density of ties than in the real world and therefore faster spread
of information. Yet, our goal was to formalise these online and offline networks and
compare their effects on polarisation in combination with two different social media
environment scenarios. Also, the homophilous social network scenario may have impli-
cations for the underlying structure of the online network layer. We used the initial net-
work topology of Barabdsi-Albert and rewired based on national identity similarities
which could have altered the structural properties of the network. Future work aims to
explore the differences in path lengths and centrality measures to see whether these are
essential for the national identity dynamics observed in the model.

Conclusion

To summarise, this paper aimed to explain the role social networks and social media
filtering algorithms play in national identity dynamics in a context where secessionist
movements were present. From a political communication perspective, this paper com-
bined the existing approaches of opinion dynamics and social influence. We developed
an agent-based simulation with two distinct and interrelated mechanisms, social net-
works and social media filter bubbles. The Catalan secessionist movement was chosen
to provide context for this model and survey data from the Catalan Centre of Opin-
ion Studies (CEO 2022) was used to empirically-inform the distribution of national
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identities. This allowed for comparison between the abstract theoretical model with an
initial random distribution of national identities and the CEO 2011 version of the model
and exploring the effects of the various mechanisms at play.

The model presented here makes two contributions to the existing social simulation
and political communication literatures. First, it explicitly models social networks in the
form of a weighted multilayer multiplex network of online and offline social networks.
Limited research has been explicitly modelled social networks in opinion dynamics
models, with some exceptions (see Geschke et al. 2019; Macy et al. 2003; Flache and
Macy 2011). As shown by the results, social networks were a crucial component to
understanding the emergence of national identity polarisation. The second contribution
this paper makes is that it shows how the presence of social media filter bubbles selec-
tively exposing agents to national identity-supportive information promotes multiple
national identity clusters and national identity polarisation under different initial social
network compositions.

Overall, this paper has provided valuable insights into the role social networks and
social media filter bubbles play on the emergence of polarisation through the national
identity dynamics simulation model developed. The findings suggest that while social
media filtering algorithms may promote certain content for its users, social network con-
figurations are ultimately essential for polarisation dynamics to emerge. While abstractly
representing the Catalan context, the simulation model presented here was able to show
how through social media filtering algorithms and one’s social network national identity
polarisation may take place. Therefore, offering a possible and plausible explanation for
how such polarisation may have taken place.

Appendix

The bounded confidence threshold of national identity similarity, s, has been used in
previous opinion dynamics OD models with different values and distributions across
agents (see Amblard and Deffuant 2004; Jager and Amblard 2005; Mis et al. 2010; Def-
fuant 2006). This parameter is an abstract value that cannot be derived from data since
it represents a person’s tolerance or openness to other’s opinions. Sensitivity analyses
were conducted on s to test the extent to which national identity dynamics are sensitive
to it. This parameter is present in three separate instances of the model. The first one
being used to build the homophilous social network. When agents are deciding who to
befriend at the start of the simulation when the social networks are created, they evalu-
ate the national identity differences, between themselves i and their neighbour ;. If such
difference is below s, then the neighbour is deemed similar.

The other two instances in which this parameter, s, is relevant is information shar-
ing and national identity change decisions. The information sharing decision involves
computing one’s neighbours’ national identity similarities, relevant for the group cate-
gorisation process. Furthermore, the bounded confidence threshold of national identity
similarity (s) is used to determine whether the information an agent receives supports
or disagrees with the agent’s national identity. In turn, this affects the national identity
decision.
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Fig. 5 Sensitivity Analyses of s for initial Random social network and the two Filter Bubble conditions

For both Social Network and Social Media Scenarios, s values between 0.1-0.8 were
tested. Ten runs were made for each parameter combination and they were averaged
across runs (N= 160). Only the abstract random distribution version of the model as that
is the original model we compare against an empirically-informed version. After test-
ing for the same parameter combinations, the bounded confidence threshold of national
identity similarity (s) was kept at 0.5 for the initial homophilous social network set up,
which establishes the initial social networks based on national identity similarity, as no
noticeable interaction effects were discovered in the resulting national identity dynam-
ics. This means that the information sharing and national identity change agent deci-
sions are sensitive to this parameter s, under the initial social networks and social media
filter bubble conditions.

Figure 5 shows the various values of s for initial Random social networks in the pres-
ence or absence of Social Media Filter Bubble conditions. The lowest value of s repre-
sents instances where the absolute difference between the agent’s national identity and
the information received or their neighbours’ national identity, as this parameter is used
to calculate both, is very small. When s is below 0.4 values, irrespective of the Social
Media filter bubble condition, we observe single converge around zero or feeling equally
Catalan and Spanish. There is a larger proportion of agents towards the centre of the
distribution, since the distribution of national identities in the population is normally
distributed. This draws in other agents from the extremes due to the small bounded
confidence national identity similarity threshold s. As a result, all agents adopt a dual
national identity of feeling equally Catalan and Spanish, forming a sole cluster sustained
over time, regardless of the Social Media filter bubble condition.

We can also observe that as this parameter increases, there is more fluctuation
around the centre of the distribution where the main national identity cluster is
located. These fluctuations are more visible in scenarios where the filter bubbles are
present (second and fourth columns) in Fig. 5. This can be explained by the fact that
these filtering algorithms selectively expose individuals to national identity support-

ive information which in combination with the initial social networks produces more
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Fig. 6 Sensitivity Analyses of s for initial Homophilous social network and the two Filter Bubble conditions

variability of national identities. There is a tipping point where the single national
identity cluster becomes two parallel ones, between 0.7 and 0.8 values of s. It is in
these two scenarios that we observe the traditional polarisation dynamics of previ-
ous opinion dynamics models (Flache and Mis 2008; Amblard and Deffuant 2004).
Agents have, still, a diverse social network with agents of various national identities
since they were initialised from a random social network where ties were created, at
random regardless of national identity similarity.

We can observe that the greater the value of s, or larger national identity similar-
ity threshold, the greater the number of national identity clusters. We can see that
in the presence of filter bubbles where agents mainly would get information within
their national identity similarity threshold, s, convergence towards a single national
identity cluster is reduced as s increases. Under these conditions, there is more scope
for diverse views, especially when s is but this does not necessarily mean that agents
get persuaded since their (national identity) uncertainty is heterogeneous and unique
to each agent. Moreover, these scenarios where s is greater than 0.5 are not realis-
tic because individuals may interact with others that completely disagree with their
own national identities, at the other end of the national identity distribution, but this
would not bring them any close as they are very different. Instead, this will act as a
repulsive force that would promote extremist views instead of convergence, as shown
by repulsive models of social influence (Flache et al. 2017).

A rather similar picture can be found when the initial social network is homophil-
ous instead of random, see Fig. 6. Yet, there are slight differences between the result-
ing national identity dynamics. We observe that lower values of national identity
similarity threshold, s, produce national identity convergence towards zero. In the
presence of social media filter bubbles this convergence is slower as we observe more
agents diverging from the centre of the distribution towards the values of (+/-0.5)
and eventually reaching the extremes of the distribution at the highest value of s I
tested. Under those conditions, the higher values of s produce a clearer bi-polarisa-
tion pattern, especially 0.7 and 0.8 values, unlike in the initially random social net-
work scenarios. Here, individuals were getting exposed to information that reinforced
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such views, through their homophilous social networks, increasing the proportion of
agents at the upper and lower bounds of the national identity distribution [1,—1].

Yet, when the value of the bounded confidence threshold of national identity similarity s
is 0.7 and 0.8 (see Fig. 6) we observe that the absence of filter bubbles moderates the emer-
gence of polarisation which is expected since agents will get exposed to diverse informa-
tion while being in a homophilous social network with a majority of neighbours that have a
similar national identity. This means that agents will maintain their national identity instead
of changing it in favour for the more extreme one. However, as this national identity differ-
ence becomes greater, s being greater than 0.6, these differences between agents only grow in
favour of the extremes due to the large tolerance to different national identities.

As mentioned at the start of the sensitivity analyses, the mechanism responsible for cre-
ating the homophilous social networks was set to 0.5, in terms of the bounded confidence
threshold of national identity similarity. This means that initially those agents at the centre
of the distribution, feeling equally Catalan and Spanish (0), get exposed to either neighbours
Jeeling more Catalan than Spanish (+0.5) or feeling more Spanish than Catalan (-0.5) since
this national identity similarity remains at 0.5. This means that as individuals receive infor-
mation, it will exceed their social networks national identity similarity since the value of s
is 0.8, leaving 0.3 difference which means that only those neighbours whose national iden-
tity similarity overlaps would be able to exert social influence. Hence why we observe such
strong patterns of bi-polarisation at the highest values of s. As individuals interact with each
other and exchange information, those at the extreme will draw in those initially at the centre
because of the homophily principle and the majority and minority national identity biases
(see Karimi et al. 2022; Neuhauser et al. 2022).

The findings from the sensitivity analyses suggest that indeed, national identity
dynamics are sensitive to changes in the bounded confidence threshold of national iden-
tity similarity, s, like previous OD models have shown (see Deffuant et al. 2008; Amblard
and Deffuant 2004; Miés et al. 2010). Depending on the initial social network and social
media filter bubble scenarios, certain values of s produced different national identity
dynamics from convergence to bi-polarisation. More specifically, the presence of social
media filter bubbles promoted polarisation of national identity national identities the
larger the value of s suggesting that getting exposed to information with a high national
identity-similarity threshold would actually promote bi-polarisation. Furthermore, the
initial social network condition had a significant impact on the resulting national iden-
tity dynamics, at the highest values of the bounded confidence threshold of national
identity similarity, s. Homophilous social networks, representing social networks where
the majority of one’s social connections shared a similar national identity, promoted
national identity polarisation, in combination with filter bubbles, at lower values of s
compared to initially random networks. In other words, online echo chambers, found
primarily on homophilous social networks, speed up the national identity polarisation
process promoted by social media filter bubble’s selective exposure.
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