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Abstract: Group dynamics and inter-group relations influence the self-perception. The Social Identity Ap-
proach explains the role of multiple identities, derived from categories or group memberships, in social interac-
tion and individual behaviour. In agent-based models, agents interact with their environment to make decisions
and take actions. Thus, we examine to what extent the interaction in an agent-based model natively captures
core principles of the Social Identity Approach. To do so, we extend the Axelrod model and the agreement-
threshold model with explicit aspects of the Social Identity Approach to assess their influence on the simulation
outcomes. We study the variants of the Axelrod model by using Monte Carlo simulations and compare the simu-
lation results with longitudinal survey data of opinions. These extensive simulations favour the Axelrod model
and the agreement-threshold model. These models fit, without the explicit embedding of features from the
Social Identity Approach, the volatility of the opinion-based features better for the given data sets. Our two ex-
tensions of the Axelrod model formalise elements of the Social Identity Approach; however, they do not support
the fitness of the model to the data. In the simulations, even in the standard Axelrod model, the social identity
affects the development of the agents’ identity through the homophily principle, and the agents, in turn, shape
their own social identity by social influence. We argue that the Axelrod model and the agreement-threshold
model implicitly include social identities as emerging properties of evolving opinion-based groups. In addition
to that, the attitudinal data captures the hidden group structure in the attitude positions of the participants. In
this way, core features of the Social Identity Approach already implicitly play a role in these empirically-driven
agent-based models.
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namics, Axelrod”s Model of Cultural Dissemination
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Introduction

1.1 Social psychological theories explain how individuals experience themselves and interact, employing mecha-
nisms at varying levels of abstraction. For example, the Social Identity Approach (SIA) articulates how individ-
ual identities, perceptions, and behaviour are informed by groups and resulting social identities (Reicher et al.
2010). A groups describes a more abstract entity from an individual perspective that receives additional evalu-
ations on a group-level. Crucially, entities such as groups and individuals are mutually constitutive, and recip-
rocally influence each-other: individuals can collectively influence group identity; and group identity shapes
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individuals. Although the SIA is frequently applied only to explain how existing social structure (like group
categories, ingroup bias, and so on) shapes individual cognition and behaviour, Reicher (2004) warns against
“reductionist misreadings” of the SIA that only consider one-way influence of social structure on individuals.
Instead, to understand social identity as a dynamic system, we also need to understand how individuals’ be-
haviour shapes the system that shapes them. In other words, we need to consider individual and group levels
of analysis as different views on a recursive dynamical system (Lüders et al. 2022).

1.2 Agent-based models often aim to incorporate these theories to build up macro-level outcomes from micro-
level interactions. The understanding of complex emergence through agent-based model simulations relies on
capturing theories of interaction and their simpler formalisation (Epstein 2008). Within society, groups form
through social interactions among individuals, and, at the same time, define the individual’s identity by trans-
mitting common group values, beliefs and behaviours. Our goal is to explore roles of in- and out-group categori-
sation through the Social Identity Approach in variations of an agent-based model. In particular, we consider
cases of opinion-based categorisation, in which social groups can form around shared attitudes.

1.3 An important element of group identification is agreement on core attitudes (Bliuc et al. 2007; Maher et al. 2020)
and, in turn, this agreement can result in the formation of opinion-based groups (Dinkelberg et al. 2021b). These
groups can be represented in Axelrod’s model of cultural dissemination (Axelrod 1997) as emerging features
of social identity, where homophily and social influence shape the agents’ attitude positions and, therefore,
who they align with. In the model, agents have a number of attitudes which, to maintain consistency with Ax-
elrod’s original description, we refer to as traits. Each trait can take the value of one of a fixed set of cultural
features. The agents interact with other agents who are similar by copying one of their traits; the higher the mu-
tual similarity, the higher the tendency to interact. This model reveals the dynamics of the opinion-based group
formation in an early stage – clusters of people’s shared opinions characterise social groups (Kruglanski et al.
2006). Importantly, opinion-based social identities exist as emergent features at the macro level whilst shaping
decisions and trajectories at the micro level without any explicit parameterization or perception of identity. A
disadvantage of the Axelrod model in this respect it that it tends to converge to one cluster where every agent
ends up with the same opinion vector. This feature contradicts what we see in society where multiple groups
form and polarise on a number of different dimensions.

1.4 The Axelrod model has been extended with an agreement threshold to allow the use of opinions and to seed it
with survey data (see MacCarron et al. 2020a). The core idea in the agreement-threshold model is that people
will only adopt a different opinion if it’s reasonably close to their own views which describes a concept loosely
related to the "latitude of acceptance" (Sherif 1963). MacCarron et al. later demonstrate that the simulations
with an agreement threshold result in various opinion clusters rather than in the single cluster which we would
normally observe in the standard Axelrod model.

1.5 The Axelrod model is usually seeded uniformly at random (e.g., Klemm et al. 2003; Stivala et al. 2014; Pinto &
Balenzuela 2020) and shows how the progressive coordination of attitudes structures social groups (i.e., clus-
tering). In this paper, we seed both the Axelrod model and agreement-threshold model with empirical opinion
data from surveys randomly on a connected lattice. This allows us to explore how the structured attitudinal
data provides macro-level social identities through embedded group properties that, at the same time, shape
micro-level interaction dynamics. We also show how simple agent-based models can provide insights on the
potential evolution pathways of opinion-based identities using longitudinal empirical data.

1.6 Our simplest model is the Axelrod model, which is a multi-dimensional opinion dynamics model that is based on
simple interaction mechanisms. We test extensions of this model with aspects of the Social Identity Approach
to uncover its impact on the model’s outcome. We compare the outcome of two additional mechanisms de-
rived from the Social Identity Approach with the standard Axelrod model and the agreement-threshold model.
Both mechanisms rely on an additional explicit parameter. This parameter determines the group structure (i.e.,
party affiliation of an agent), so that the agents are able to distinguish between in- and out-group members.
The group categories determine the agents’ behaviour. To evaluate the formalisation of the Social Identity Ap-
proach, we conduct an analysis on randomly-generated data and extend this to empirical attitudinal data.

1.7 We apply three longitudinal survey data sets to seed the opinion dynamics models (see Dinkelberg et al. 2021a).
By having data in two or more time points, we know the previous and later stages of the participants. We draw
the estimated features changes between the states with the help of the agent-based models. The relative num-
ber of changes per feature indicates their expected volatility (likelihood of change) between two time points
and show us how likely a position change is, under the models that we test. We run Monte Carlo simulations
from the initial time step allowing for approximately the same number of changes as observed in the empirical
data. From the average of many simulations, we can identify to what extent the Axelrod model replicates the
outcome in the emerging opinion-based groups. The purpose of the model is explanatory as we compare sim-
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ulation results to empirical data; however, by doing this, we take the first step to shift the model’s purpose to
prediction (Edmonds et al. 2019).

1.8 In Section 2, we outline briefly the two base models that already exist in the literature, the Axelrod model and the
agreement-threshold model. We then discuss to what extent the Social Identity Approach is already, natively,
captured by these base models. From there, we draw parallels from the Social Identity Approach to newly in-
troduced mechanisms for in- and out-group interaction. We further evaluate the aspects of the Social Identity
Approach in the various versions of the Axelrod model by running simulations on randomly seeded models and
validate then the models’ functionality with empirical data. Finally, we conclude the influence of the Social
Identity Approach on the models’ outcomes and its role for the model’s fitness.

The Base Axelrod Models

2.1 Axelrod (1997) model of cultural dissemination is an agent-based model that addresses the phenomenon of
global divergence and local convergence in a system of agents that exert social influence due to similarity
(Flache et al. 2017). Two principles are core to the model’s dynamics: (1) homophily as the tendency of peo-
ple to prefer interaction with more similar people and (2) social influence which results in mutual assimilation
(Castellano et al. 2009). In the system, each agent has number of features (vector), each of which can take
the value of several available traits. Each feature is defined by a fixed number of traits. This so called cultural
vector has the length of the number of features. Interaction between the agents can unfold discretely in time,
such that, two neighbours are selected at random and interact with a probability proportional to their cultural
similarity. The similarity of cultural traits considers the number of traits that are the same in the each of the
agents’ cultural vectors. Interaction results in higher cultural similarity of the interaction partners and, by that
mechanism, cultural regions in the model can evolve. The model has been applied in various areas of research
such as Complex Systems, Social Simulations, Physics and Opinion Dynamics and still is topical over 20 years
after its inception (e.g., Nguyen et al. 2021 for Axelrod-based social influence model or Macy et al. 2021 for a
homophily-based model of polarisation).

2.2 In the Axelrod model, the agents are arranged on a 2D-lattice, each connected to four neighbours. Each agent
has a vector of features with different characteristics (traits). The agents’ features can chance via exposure to so-
cial influence by other, neighbouring agents. The probability of an agent being influenced in the system follows
the principle of homophily. The greater the similarities in their vectors, the higher the interaction probability.
The influence mechanism in the model consists of three steps: (1) randomly select two interaction partners; (2)
compute the chance to interact, as a function of their shared number of traits; and (3) if an agent is influenced,
it copies randomly a trait of its interaction partner on which they previously differed, and thereby become more
similar to each other. A possible outcome of Axelrod’s model are cultural regions of linked agents, in which all
share the same cultural vectors.

2.3 Previous work shows that the Axelrod model is well-suitable for use with attitudinal survey data (MacCarron
et al. 2020b; Dinkelberg et al. 2021a). The number of survey items from the survey corresponds to the features
in the model, whereas the number of response options on a scale defines the number of traits. Therefore, one
agent in the model represents a participant from the survey initialized with their responses to the survey items.
However, an issue with using Axelrod’s model to represent survey data is that, if the number of features is larger
than the number of traits, then the Axelrod model will always converge to a single dominate feature vector
(referred to as a culture) given long amounts of time. As a result, extensions often allow different cultures to
emerge in a broader set of parameters (Shibanai et al. 2001; Ulloa et al. 2016; Centola et al. 2007; MacCarron
et al. 2020b).

2.4 One notable extension is the agreement-threshold model, which incorporates an agreement threshold, limiting
the flexibility of feature adaption and social influence (MacCarron et al. 2020a). The agreement threshold allows
the agent to adopt features that are within a certain range and rejects adaption of traits that fall outside of it. To
introduce an agreement threshold, the traits of each feature are placed on an ordinal scale instead of a nominal
scale (for a more detailed description, see SI).

2.5 The ordinal scale for the traits in this agreement-threshold model makes it particularly suitable to seed with
attitudinal survey data. MacCarron et al. (2020b) show how attitude-related items (survey questions) can be
represented as features and response options as traits. The traits describe an opinion along a scale (e.g., steps
on a Likert-scale, often used for capturing opinions in surveys, Croasmun & Ostrom 2011). Further, the limitation
due to the agreement threshold prevents an agent from a sudden reversal of its opinion position, for example,
switching from an extremely negative to an extremely positive opinion. Instead, an agent can only switch to a
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trait that is positioned directly next to it on the ordinal scale. The underlying social network in survey data is
generally unknown and, therefore, we cannot know who can influence who. However, in recent work on plac-
ing the Axelrod model on different topologies (e.g., random network; complete graph), it was shown that the
topology does not affect the behaviour of the model; rather the homophily parameter of the agents outweighs
the topology of the underlying network (Dinkelberg et al. 2021a). As in MacCarron et al. (2020b), we soften the
assumption of cultural regions and explicitly observe here the forming of opinion-based groups (groups around
shared attitudes (Bliuc et al. 2007), based on similar or identical feature vectors). The higher the alignment in
feature and traits, the higher the likelihood of sharing the same cultural identity.

2.6 In our approach, we seed the Axelrod model, the agreement-threshold model and some model extensions,
which formalise additional elements of the Social Identity Approach. We then introduce the model’s input,
empirical, attitudinal survey data, to observe the opinion changes in the system. We use three longitudinal
data sets, a study on public health attitudes in the UK, data from two periods of the American National Election
Studies, and a data set on political attitudes before and after the 2020 US election.

Social Identity Approach in the (Extended) Axelrod Model

Social Identity Approach

3.1 We introduce the foundation of additional mechanism in the Axelrod model that determines the role of groups.
The Social Identity Approach (SIA) loosely combines the social identity theory (Tajfel et al. 1979) and the self-
categorisation theory (Tajfel & Turner 1986; Turner et al. 1987) to understand how individual and social identity
intersect, and shape group dynamics. Social identity, as a complementary concept to personal identity, de-
scribes the group memberships and group relations of a person. The social identity theory outlines the relations
between in-group and out-group and their values for identity construction (Abrams & Hogg 1990). To obtain in-
and out-groups in a social setting, people are divided into categorical social groups, for example gender or
political affiliation, etc. To the extent that people identify with their group membership, they adopt behaviour,
attitudes and values to conform with the group identity. The members of an in-group identify with the in-group,
and distinguish between in-group and out-group in perception and behaviour, thus making the identities psy-
chologically and materially real (Hornsey 2008). These aspects of social categorisation, social identification and
social comparison of the social identity theory are placed into a dynamic context by the self-categorisation the-
ory (Reicher et al. 2010). Due to social categorisation, individuals divide the social world into groups and select
group memberships. The process of group identification and alignment with the group identity is described
as social identification (Smaldino et al. 2012). The distinction between in-group and out-group generally leads
to a positive affinity for their in-group. This social comparison influences the inter-group relations and its dy-
namics. The self-categorisation theory emphasises the contextual variability of the manifold social identities
which a person incorporates and in which situation these become salient (Jenkins 2014). The SIA broadens this
identity concept from an individual and draws parallels to group behaviour and values.

3.2 In the Axelrod model and the agreement-threshold model, we formalise aspects of this fusion of social psy-
chological theories to consider group identification in the social dynamics. Scholz et al. (2021) examine the
representation of SIA in agent-based models, uncovering that only a few studies implement an agent-based
model with all aspects of SIA (see e.g., Mekni 2013). Up to this time point, most of the agent-based modeling
studies focus on one or few aspects of SIA such as group norms and social identities (Scholz et al. 2021). The au-
thors underline that a translation from this social psychological framework into an agent-based model requires
further interpretation from the modellers. Hence, in this paper, the examination and use of SIA in the Axelrod
model supports this to implement SIA and to improve the reflection of real-world processes in agent-based
models.

Embedded elements of the Social Identity Approach in the base Axelrod models

3.3 We stated previously that the Axelrod model involves aspects of SIA, as does the agreement-threshold model
(MacCarron et al. 2020a). The standard Axelrod model only explicitly incorporates one aspect of the SIA: that
people are motivated to maintain, and intensify, connections to people with whom they identify (where identi-
fication is represented as consensus across a vector of features – the opinions that they hold). The model does
not explicitly allow the agents to classify others by social categories and, at the beginning of the simulation runs,
there exists no explicit distinction between in- and out-group. However, different cultural regions (defined by
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agents that can no longer change their opinion due to their neighbour all sharing the same feature vectors) can
emerge and indicate group structure due to attitude alignment. The group structure is not embedded in the de-
cision process of the agents except as it is expressed in dyadic interactions between neighbouring agents. Given
that, the model excludes many aspects of social comparison, for example, ranking the own group higher in value
than out-groups to enhance self-esteem (Martiny & Rubin 2016). Nonetheless, through the multi-dimensional
component of the cultural vectors, the agents’ interactions are dependent on their similarities and, therefore,
on their emerging opinion-based groups. These emerging groups direct the agents to common social identities
which get more homogeneous over time. All in all, the standard Axelrod model captures some aspects of the
SIA, but misses explicit definitions of in-group and out-group as well as group-dependent behaviour.

3.4 In our analysis, we aim to reveal further elements of the SIA such as social identification that the agreement-
threshold model contains as well as their influence on the opinion dynamics. MacCarron et al. (2020a) extension
to the Axelrod model above involves the addition of an agreement threshold. The emerging opinion-based
groups are defined by gradually approaching agents in their opinion vectors. The simulations build upon survey
data which define the model’s starting conditions. In real-world attitudinal survey data, we expect to capture
existing opinion-based group structure; and expect that these opinions reflect aspects of social identities (Hogg
& Smith 2007). The similarities lead to a higher probability of interaction and have therefore a direct influence
on consequent social identity formation.

3.5 The agreement threshold operationalizes the social identification of the SIA, since it draws a line between the
in- and out-group from an agent’s position, based on dyadic comparison. An agent adapts its attitudes towards
a perceived in-group (within the agreement threshold), and will not be influenced by agents from a perceived
out-group (outside the agreement threshold). The model shows an opinion space with different opinion-based
groups which are set implicitly by an agent’s social categorisation. These opinion-based groups are defined
by agents’ features and, at the same time, they represent parts of the agents’ social identity. In-group interac-
tions shape the social identities. If the original or extended Axelrod models are shown to capture social identity
processes, then we have made some progress towards a (minimal) representation of Turner & Oakes (1986) vi-
sion of social identity, capturing "the continuous reciprocal (dialectical) interaction and functional interdepen-
dence between the psychological processes of individuals and their activity, relations and products as society"
(p. 240). Here, they explicitly reject reductionist versions of social identity, arguing that social structure and
individual agency are irreducibly intertwined.

Mechanisms to enhance the role of social identity approach in the Axelrod model

3.6 We next discuss further aspects of SIA which could be integrated as mechanisms and foster its representation in
the model. The distinction between in- and out-group plays an essential role in the SIA. The group-dependent
social identity drives the individual behaviour and values. As an additional mechanism, we adjust the agent’s
perception of the in- and out-group members. Therefore, we integrate the out-group homogeneity effect into
our model, which has been widely observed (Quattrone & Jones 1980; Park & Rothbart 1982; Boldry et al. 2007).
This effect derives from social comparison and underlines the situational importance of group membership.
The interaction will be influenced by an inter- or intra-group relation. The individual perceives the members of
the out-group and the in-group, in an inter-group comparison both as homogeneous. Despite potential individ-
ual alignments, the focus lies on the differences between the groups. Therefore, in the inter-group interaction,
the role of being group members is salient.

3.7 Nevertheless, when focusing only on the in-group, we can expect the opposite, an in-group heterogeneity effect
(Frederic & Falomir-Pichastor 2018). Although in-group members share a common social identity, they are per-
ceived as more heterogeneous from an in-group member. In the intra-group context, the individual’s positions
is set in contrast to the group and differences are emphasised here.

3.8 The social identity theory underlines the influence of the group membership on interaction. Brewer (1979)
detects an in-group bias that fosters a positive in-group relation. This bias shifts the interaction preference
from inter-group towards intra-group. The idea is related to the "echo chambers" in online social media, where
opinions are circulated among like-minded individuals and it works as a divisive factor for inter-group relations
(Baumann et al. 2020).

3.9 The agreement threshold already encapsulates aspects of SIA. To implement differences in the perception of
the in- and out-group, we introduce and test two new mechanisms to enhance the dynamics of the model.
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Additionally implemented mechanisms in the Axelrod model

3.10 Specifically, we use reported political affiliation as an indicator of group membership. For instance, a Democrat
is able to identify other Democrats (in-group) or Republicans (out-group). Therefore, we further extend the
model with a group affiliation parameter that indicates the agents’ group.

• Group-dependent perception: The members from out-groups are perceived as relatively homogeneous,
while in-group members are perceived as more heterogeneous. We implement these two perceptions
into our model by defining a group-dependent agreement threshold. The interaction between in-group
members takes place without the limitation of the agreement threshold (same as in the standard Axelrod
model). The in-group members are perceived as more diverse; however, the intention to align with the
in-group members is still prevailing. The inter-group interaction involves an agreement threshold, which
in turn just allows attitude changes within a certain range. Only out-group members who are perceived as
close to agent’s in-group (within the agreement threshold) are able to influence the agents’ attitudes. Due
to their attitude alignment, they can be perceived as an in-group member of an emerging opinion-based
group.

• In-group preference: The group parameter defines the group membership of the agents and represents
a salient social identity by creating a preference for interaction with in group members. We achieve this
by decreasing the probability of interaction with out-group members. Note that this probability is still
non-zero, thus inter-group interaction can still take place. If the two neighbours do not belong to the
same group, the probability of interaction is 10 percent.

Simulations

Synthetic data

Initialisation of models with randomly seeded simulations

4.1 Axelrod (1997) shows that local convergence and global diversity are possible in the same model within a range
of parameters. Nevertheless, global convergence with a low number of features and traits is the usual outcome.
Compared to the standard Axelrod model, the agreement-threshold model can obtain the global diversity with
the same parameters (MacCarron et al. 2020a). The dynamics and outcomes of the Axelrod model with the
additional mechanisms is unknown. We therefore construct a simulation case with synthetic data which is
comparable to the given data sets. We set up a model with 100 agents that are divided into two equally sized
groups. The length or the number of features of the cultural vector varies from 2 to 15. The number of traits is
set to 5.

Results from randomly seeded simulations

4.2 In Figure 1, we show the mean relative size of the biggest cluster as a macro outcome of the model assessing
the global convergence or diversity. A cluster is defined as a set of agents that share identical cultural vectors.
The standard Axelrod model converges rapidly with an increasing number of features towards a relative size of
the largest cluster equals the system size1, whereas the agreement-threshold model allows only a very limited
cluster size near the minimum (one single agent). The agreement-threshold model with the in-group preference
mechanism aligns with the outcomes of the agreement-threshold model. However, the same mechanism on
the standard Axelrod model produces a relatively large cluster around 85% of the total system size, and is more
similar to the standard Axelrod model. The Axelrod model with the group-dependent perception aligns even
more with the standard Axelrod model and produces from 5 to 15 features a dominant cluster which is very
close to the system size.
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Figure 1: Randomly seeded Axelrod model: We compare the four different versions (green and red are variations
of one model) of the Axelrod model and observe their outcomes over a large time span. Each marker point gives
the mean number of clusters at the end of the simulation runs. The model is set up with 100 agents, 5 traits
(q = 5), an equal division into two groups, and a variation of the number of features from 2 to 15. From this we
observe that the new variations are similar to the standard Axelrod model and the agreement threshold model.

4.3 The results show that the in-group preference mechanism only partly influences the models dynamics in the
long run, considering the relative size of the biggest cluster. The group-dependent perception mechanism does
not change the model dynamics and behaves like the standard Axelrod model.

Longitudinal data sets

4.4 The usual approach is to initialise the model with cultural vectors that are uniformly randomly distributed (Ax-
elrod 1997). The agreement-threshold model has already been tested with the uniformly randomly distributed
conditions (MacCarron et al. 2020b; Dinkelberg et al. 2021a). Here, we change the initial conditions and seed the
model with longitudinal data sets on political and health-related attitudes, but keep the agreement threshold
the same. We rely on the following three data sets:

• Data set 1: Survey data was collected around the 2020 US presidential election (Dinkelberg et al. 2021b),
with eight items on political attitudes derived from the ANES data set (see data set 2). The data was col-
lected online via Prolific (www.prolific.co) in four waves: three weeks before, two days before, two days
after, and three weeks after the 2020 US presidential election. The number of participants who responded
to all questions and took part in all four time points was N = 290.

• Data set 2: The American National Election Studies (ANES) are surveys collected in each US presidential
election cycle on a wide range of attitudes. From the ANES data set 2016 (ANES 2017) and 2020 (ANES
2021), we use a subset of eight items that refer to political, cultural and economic attitudes and relate
to eight politically-relevant topics, identified by Malka et al. (2014). While the number of participants per
cycle are usually over N = 4000, we selected only participants who took part in both 2016 and 2020 and
responded to all relevant items. The number of selected participants was N = 1635.

• Data set 3: Maher et al. (2020) (Study 1a) provide a longitudinal data set on public health attitudes from
2020 in the United Kingdom. The items were taken from the Wellcome Trust health survey (Wellcome
Trust and Ltd, The Gallup Organization 2019): eight items on trust in people and institutions (4-point
scale) and three items on vaccines (5-point scale). The items are an assessment of trust in institutions
and people. The size of this data set was N = 195.
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Initialisation with empirical data

4.5 The goal is to investigate which of the models reproduces feature dynamics with volatility most similar to those
observed in the actual survey. The model describes the relative number of changes between two time points
for each feature. We allow the simulations to run for the same number of changes as we observe in the data
sets between time points, i.e. the overall number of changes in the model stays the same but the number of
changes per feature varies. We then compare the number of changes for each feature in the longitudinal data
sets between time points with the cumulative results from the simulation runs.

4.6 With each one of the three data sets, we initialise all Axelrod models with the participants as agents and their
survey answers as their cultural vectors. The participants are randomly allocated to a grid (lattice) as normal
within model. The number of items per time point defines the number of features for the cultural vector and the
traits are the responses to the particular item. We use the 2D-Lattice as there is no information about the social
network or any additional information on how the participants are related. The size of the 2D-lattice depends
on the number of valid participants in the data set. The parameter settings are therefore fixed by the data sets
as the base Axelrod model does not allow any other parameter settings.

Measurement to quantify the differences between the model variations

4.7 We use the L2 distance as a numerical summary for these models, comparing each model variation to the ob-
served data (see Tables 1-3). The closeness of each model variation to the data is given by the mean euclidean
distance:

d(f1, f2) =
1

N

N∑
k=1

√√√√ M∑
i=1

(f1,i − f2,i)2 , (1)

where N determines the number of simulations per model, M is the number of features and f1 is the number
of changes for feature i for the simulation and f2 is the number of changes for feature i from the data set. From
Eq. 1, it is worth noting that we weight all features equally. The model with the smallest L2 mean distance is
closest to the data. With this metric, we are able to compare the model variations to each other, where the one
with the lowest, average, distance to the data being the more adventitious.

Results from empirical data

4.8 The variations of the Axelrod model describe the relative number of changes between time points. The box plots
in Figures 2 and 3 show the distribution of the accumulated changes for the US presidential election data from
time point one to time point four for each item for the Axelrod simulations. The red bars indicate the relative
number of changes per feature in the empirical data set and act as a benchmark for the simulation results.

4.9 In Figure 2, we focus on the simulations without agreement threshold: (1) the standard Axelrod model and (2)
the standard Axelrod model with in-group preference. Overall, the relative number of changes is always close
to the region between the 25th and 75th percentile of the simulations. The standard Axelrod model has a lower
standard deviation and the means are closer to the observed number of changes.

4.10 In Figure 3, we compare the changes from the empirical data set (red bars) to three different simulation settings
with an agreement threshold: (1) the agreement-threshold model (purple); (2) the agreement-threshold model
with the group-dependent perception (orange) and (3) the agreement-threshold model with in-group prefer-
ence (green). It is striking that the estimated changes for all three variations are close to the actual changes
over time. The relative number of changes from the empirical data lies in 7 of 8 features within the 25th and
75th percentile of the agreement-threshold model. The agreement-threshold model outperforms all the other
variations in their fitness and the variance, while including less additional parameters. The in-group preference
version of the model estimates close to all feature ranks like in the empirical data, as well as the agreement-
threshold version. The group-dependence preference performance is similar to the standard Axelrod model in
Figure 2.

4.11 The L2 mean distance quantifies what is depicted by the box plots: the agreement-threshold performs best for
the US presidential election data. The Table 1 summarises the results for the first data set (and the results for
the remainder data can be found Table 2 and 3 in the SI).
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Figure 2: US presidential election data and Axelrod simulations between time point T1 and T4 - The figure shows
the relative number of changes for (a) the US presidential election 2020 from time point one to time point two
(red). As box plots, the figure shows the results for 10000 simulations on (b) the standard Axelrod model (red);
and (c) the standard Axelrod model with in-group preference (green). All Axelrod model simulations runs count
1899 changes.

Figure 3: US presidential election data and Axelrod simulations between time point T1 and T4 - The figure shows
the relative number of changes for (a) the US presidential election 2020 from time point one to time point two
(red). As box plots, the figure shows the results for 10000 simulations on (b) the agreement-threshold model
(a = 1) (purple); (c) the agreement-threshold model with the group-dependent perception (orange) and (d) the
agreement-threshold model with in-group preference (green). All Axelrod model simulations runs count 1899
changes.
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Name Time point Agreement threshold Model variation L2 mean distance Std. deviation
Data set 1 T4 no Standard Axelrod model 96.97 12.01
Data set 1 T4 no In-group preference 105.85 16.71
Data set 1 T4 yes Agreement-threshold model 85.41 10.26
Data set 1 T4 yes Group-dependent perception 96.55 11.84
Data set 1 T4 yes In-group preference 99.94 15.76

Table 1: L2 mean distance for the standard Axelrod model and the agreement-threshold model, including SIA
variations, in comparison to the results from data set 3. The standard deviation for the 10000 simulation runs is
also displayed. Given the L2 mean distance metric, the standard Axelrod model performs better (lower score)
than the agreement-threshold model, with a lower standard deviation. This data set has 4 time points and the
changes in features are measured from time point 1 to time point 4.

4.12 The simulations on the data sets 2 and 3 (SI, Figure 6, 4 and 5) replicate the strong fitness from the standard
Axelrod model. The agreement-threshold model and the agreement-threshold model with the in-group prefer-
ence mechanism show high standard deviation in their model fitness. The standard Axelrod model, the model
with the in-dependent preference mechanism and the model with the group-dependent perception show sim-
ilar number of changes per feature (see SI, Table 2). This aligns with the results on the synthetic data, where
these variations of the model also depict the same macro outcomes as the base models (see Figure 1).

Discussion

5.1 Social identity processes are thought to play a key role in attitude maintenance and change, especially in rela-
tion to political events and social crises (Maher et al. 2020). A key challenge for efforts to model this is that social
group relations and identification are emergent phenomenon, which themselves are partially determined by
the structure of attitudes in society. In the Axelrod model, with attitudes as features, opinion-based groups
can emerge as features at the macro level and shape attitude change at micro level. In some cases, additional
mechanisms can improve this aspect of the model (MacCarron et al. 2020a), but it was previously unclear how a
explicit social identity related parameterisation would improve the explanatory power of the attitude changes.

5.2 Our theoretical analysis suggests that elements of the SIA are represented in all variations of the Axelrod model
but to a different extent. However, none of the model variations captures the SIA to a full extent. We integrated
the distinction between in- and outgroup and re-adjusted the viewpoints and behaviour for in- and outgroup
members. Reicher et al. (2010) evaluate the SIA to be a flexible theory of perception and impacts of social groups
that is applicable to various circumstances. In the outlined model(s), the model’s mechanisms are fixed and its
agents are missing decision-making power and adaption to different social situations.

5.3 The Axelrod models are missing relevant elements of SIA. The salience of social identities decides which social
identity is present and it changes dependent on the environmental circumstances. Preferences and positive
emotional association with a group provokes the salience of a social identity. Thus, an individual holds multi-
ple social identities, connected with behaviours, beliefs and norms. The positive association to groups influ-
ences the motivation of categorisation and the definition of in- and outgroups by the individuals. In the Axelrod
models, there are no overlapping group memberships, so that also the concept of salience is obsolete here.
The social identity eclipses with the personal identity or is determined by the group parameter. We focus in the
models more on the processes of SIA, i.e., the reaction of group members and the different treatment for in-
and outgroup members. For a further extension of these models, the multi-dimensionality of social identities
and concept of salience should play a more influential role. In the end, the empirical data limits our models,
providing no information on salience and multiple group categorisation.

5.4 Using three different longitudinal data sets, we investigated the performance of the Axelrod model in describing
attitude change over time, with and without explicit mechanism of social identification and attitude change
resistance. Our results highlight an overall strong performance of the original model in imitating the feature
changes between time points, given the approximate number of observed changes. Although not every feature
change falls into the region between the 25th and 75th percentile, the approximation of the features’ changes
reflect their high variability. The standard Axelrod model indicates the expected changes per feature over the
three data sets to a better extent than the models with additional mechanisms and parameters.

5.5 The explicit inclusion of a group parameter and the introduction of two additional mechanisms from the SIA
does not improve the ability to reproduce number of changes. The group-dependent preference mechanism in-
troduces a blend of the Axelrod model and the agreement-threshold model. For showing the expected number
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of changes, it lags behind the performance for the Axelrod model with or without agreement threshold. Without
a significant increase in the explanatory power of the model the increase in complexity is not warranted.

5.6 The introduction of the second mechanism, in-group preference, introduces a group-based limitation of inter-
action. The agents preselect their potential interaction partner and rely heavily on this group parameter. This
forces the groups to move into a more coherent opinion space within the group without being influenced much
by outgroup members. The changes are primarily within items in which the in-group members do not agree
on. Therefore, these items may not play an essential role for the group parameter and the social identity of the
group.

5.7 The determined in- and out-group structure, defined by the group parameter, could be irrelevant for the ac-
counted changes in the data. In that case, the group parameter might reflect differences based on social cate-
gories that are not relevant to the identity reflected in this item set. Nonetheless, the items were particularly
selected as a subset for the political identity (Dinkelberg et al. 2021b). From the data perspective, it could be
advantageous to try various social categories. For a detection of possible opinion-based groups and selection
of relevant items in the data set (Dinkelberg et al. 2021c).

5.8 It is noteworthy that the base Axelrod models performed as well as, or better than, the models that explicitly in-
cluded social categories and explicit SIA mechanisms. This is because the additional group parameter overlaps
elements of the SIA that are already implicitly embedded in the Axelrod model (especially when it is initial-
ized with naturalistic data), specifically, the homophily-dependent social influence mechanism which makes
dyadic interactions contingent on emergent social structure. If we apply the Axelrod model to attitudinal data,
the opinions, which then form the agents’ culture, indicate group structure. The alignment of attitudes in mul-
tiple dimensions marks the evolving group identity due to either the formation of opinion-based groups or the
group structure that is already incorporated in the data. Additionally, the possible members of the opinion-
based groups, in return, act as group members because they influence primarily other in-group members and
shape the social identity. Hence, the group parameter might interfere with this and shift the agents into alter-
native group structures.

5.9 The agreement-threshold model expands the implicit opinion-based group structure. The distinction between
the in-group (within the agreement threshold) and the out-group (outside the agreement threshold) integrates
a sharper social identification for the agents. The agreement threshold fosters the collective group formation
and adds a factor of identification between groups. The limitation on the opinion change has essential influence
on the agents’ behaviour as they do not interact with an agent outside their opinion space which is defined by
their agreement threshold.

5.10 The number of changes between two time points are based on data. If the number of changes in the model
runs towards unlimited time, the Axelrod model reaches, with a high probability, a global consensus state. The
Axelrod model with the agreement threshold would obtain a broader opinion landscape. Nguyen et al. (2021)
provide a possible explanation of conservation of multiple states for an Axelrod-based model with an increased
probability of interaction. The agents are faster in aligning with their local environment and get dynamically
fixed to local attitudes, which in turn provides the system to reach a global consensus state. Only one of the
two additional mechanisms (in-group preference), based on the explicit formalisation of SIA, behaves like the
agreement-threshold model. This extension of the model allows a more realistic representation of future states
of the presented data in an unlimited time frame.

5.11 The explicit formalisation of the SIA performs worse, or only as good as, the standard Axelrod model over all
three data sets. The additional mechanisms and the group parameter increase the model’s complexity without
substantial performance gain. Nevertheless, the differences in the results between the mechanisms and the
Axelrod model lead to starting points of a possible interpretation of the model results. For example, the in-
group preference shows a similar behaviour as the Axelrod model when the feature changes are mainly to be
found within the selected group structure. This room for analysis fosters the motivation to integrate further
elements of the SIA to evaluate which elements of it drive the model or which of them are not relevant.

5.12 The fact that the Axelrod model alone works has some key advantages: the model is well studied and it is a
model that takes no parameters, it just uses the number of survey items and their scales. The agreement thresh-
old and SIA additions all take additional parameters thus increasing their complexity. While we state earlier a
key disadvantage of the standard Axelrod model is that everyone ends up agreeing with everyone else, that is
in “infinite” time. Here we observe the actual number of changes in four years is nowhere near the large time-
scales required for Axelrod to converge. We cannot say that if all the participants were to live forever, in an
isolated system, that they will not eventually all agree with one another.

JASSS, 26(2) 2, 2023 http://jasss.soc.surrey.ac.uk/26/2/2.html Doi: 10.18564/jasss.4992



Conclusion

6.1 Social identities and the group structure are salient in the attitudinal data sets. The Axelrod model implicitly
includes these aspects in simulations of evolving opinion-based groups. The multi-dimensional representa-
tion of the opinions chains the personal identity and the social identity together. Social identity affects the
development of the personal identity through the homophily principle, and the agents, in turn, shape the own
social identity by social influence. This provides a minimal operationalisation of Turner and Oakes’ vision of
a recursive dynamic theory of social identity, where individual psychology and social structure are irreducibly
intertwined (Turner & Oakes 1986). Specifically, in the Axelrod model, agents’ attitude vectors capture their po-
sition in the social identity space; and an inter-group structure emerges through homophily-preserving dyadic
interactions. Indeed, the Social Identity Approach is in so far present in the Axelrod model that the data on
opinions and its structure leads to empirically valid simulation results.

6.2 Of course, the Axelrod model excludes various aspects of the Social Identity Approach such as the salience
of multiple identities and the agents’ need to choose between them in specific situations. The flexibility of
the social identities and the motivation to act as a group member are complex but essential mechanisms that
should be addressed in future work.

6.3 Overall, the results allow the conclusion that the Axelrod model captures some aspects of social identity, and
is able to detect volatility and future changes in opinion-based features. This addresses a common criticism
of the agent-based models (Garcia & Jager 2011), which tend to not be validated with empirical data. Here, we
elevate the Axelrod model from being pure conceptual ("toy model") to a empirically-driven agent-based model
to fit feature volatility in attitudinal data sets. Indeed, using the empirical data is essential because it provides
a starting point already imbued with emergent social identity.
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Supplementary Information

Agreement-threshold model

The agreement-threshold model (MacCarron et al. 2020a) enhances the Axelrod model to measure opinion dy-
namics and to allow more opinion diversity. The additional feature, the agreement threshold, limits the agents’
ability to jump between extreme opinions. The restriction is set on the copying process, whereas in the standard
Axelrod model random copying of traits was allowed, in the agreement-threshold model only features that are
closer from the agent’s actual position than the agreement threshold can be copied. The influence of agents
far away from the own opinion is limited and reflects commonly acknowledged constraints on social influence
(Sherif & Hovland 1962; Deffuant et al. 2000). Two individuals i and j can copy feature k, if |νi,k − νj,k| ≤ a.
This is similar to the idea of bounded confidence (Hegselmann & Krause 2002); however, it takes the threshold
into account before and not just after interacting. In MacCarron et al. (2020b), the agreement threshold with
a = 1 (distance of opinion which is perceived similar) was used and we will keep this parameter setting for
our simulations. The agreement threshold adjusts two mechanisms: likelihood of interaction and the possible
features which can be copied by an agent during an interaction. The likelihood of interaction now includes po-
sitions where the agents have identical values and where the features are within the agreement threshold. The
new mechanism is similar to the latitude of acceptance from the Social Judgement Theory set up by Sherif &
Hovland (1962) (for a more detailed description, see SI in Dinkelberg et al. 2021a).

Results on empirical data

Data set 2: American National Election Studies

The explanatory power of the relative number of changes for the ANES data set is worse in comparison to the
other two data sets. In Figure 4 and Figure 5, we measure the relative number of changes for the eight features
of the ANES data set. The relative numbers are shown as bars. The results from the Axelrod simulation are
displayed as box plots, first, to distinguish and, second, to display the distribution in more detail. Figure 4
holds the results for the simulation runs without agreement threshold and Figure 5 includes all simulations
with an agreement threshold. The level of fitness is the same for the standard Axelrod, the in-group preference
(no agreement threshold) and the group-dependent preference model. The relative number of changes are in
3 out of 8 times within the 25th and 75th percentile. The variations with an agreement threshold do not provide
information on the volatility of the features.
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Figure 4: US presidential election data and Axelrod simulations between time point T1 and T2 - The figure shows
(a) the relative number of changes between the 2016 (T1) and the 2020 (T2) US presidential election (red). It
depicts the changes for a time range of 4 years. The box plots show the results for 10000 simulations on (b)
the standard Axelrod model (purple); and (c) the standard Axelrod model with in-group preference (green). All
Axelrod model simulations runs count 5808 changes as in the data set.

Figure 5: US presidential election data and Axelrod simulations between time point T1 and T2 - The figure shows
(a) the relative number of changes between the 2016 (T1) and the 2020 (T2) US presidential election (red). It de-
picts the changes for a time range of 4 years. The box plots in the figure shows the results for 10000 simulations
on (b) the agreement-threshold model (a = 1) (purple); (c) the agreement-threshold model with the group-
dependent perception (orange) and (d) the agreement-threshold model with in-group preference (green). All
Axelrod model simulations runs count 5808 changes as in the data set.

There are two major constraints in the data set. The number of changes, measured as a differences between the
two time points, can only be an approximation. In the two other data sets, we observe changes in opinions over
a time period from less than 3 weeks. This limits the precision of the time parameter. The second limitation is
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Figure 6: Trust health survey in UK (2020) and Axelrod simulations between time point T1 and T3 - The figure
shows the relative number of changes for each of the 11 items. As box plots, the figure shows the results for
10000 simulations on (a) the standard Axelrod model (purple) and (b) agreement-threshold model. The total
number of changes between the time point 1 and 3 is 1207, which also is the number of changes for the simu-
lations.

given by the number of response options as they vary between the items. The items are based on a Likert-scale
and range from 1 to 3, 1 to 4 or 1 to 7 response options. The issue is primarily of relevance for the integration of an
agreement threshold (a = 1). The agreement threshold constraint is stricter for the items with more response
options. The agreement-threshold model and the ingroup-preference model show a very high variance in their
simulation results. For example, for the 6th item, the results ranges from around 5% to 70% of relative number
of changes. The standard Axelrod model and the group-dependent preferences model as well as the in-group
preference model (without agreement threshold) demonstrate the tendency of changes for the features. They
accurately describe the most changes for the three features with the highest changes in the data.

Data set 3: Trust health survey in UK (2020)

The longitudinal data set on trust in people and institutions as well as opinions on vaccines from Maher et al.
(Maher et al. 2020) reveals opinions at three different time points. The time of the data collection is the early
phase of the COVID-19 pandemic in 2020. Here, we simulate volatility in the features during this phase.
We compute the number of changes between the time points and determine in this way the number of changes
for the simulations. Unlike the other data sets, there is no additional information for a group parameter. There-
fore, the simulations runs include only the standard Axelrod model and the agreement-threshold model. The
model is seeded with 11 features for each agent, where as the data allows us N = 195 different agents. The
simulations run for 1207 changes, which are number of changes between time point 1 and 3. We run each model
for 10,000 times.
Figure 6 shows a comparison of the relative number of changes in the data set (red bars) and the distributions
of the simulation results on box plots for the standard Axelrod model (purple) and the agreement-threshold
model. The trend of the relative number of changes for each feature is picked up by the standard Axelrod model,
whereas the fitness of the agreement-threshold model show a high variability in their results.
The standard Axelrod model’s means are closer to the empirical number of changes and the variations are much
more narrow than for the agreement-threshold model. The differences between the two models are striking for
the features 2, 4 and 8 where the 95% confidence intervals do not overlap. The items display the trust in sci-
entists (2), the trust in doctors (4) and the trust in Science (8). The agreement threshold allows only changes
within the threshold, whereas the standard Axelrod model accounts for changes outside the agreement thresh-
old. This could be particularly important as the items show the trust in health and scientific community during
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a start of an epidemic. The attitudes towards could be influenced by an external shock, and usually stable atti-
tudes change.

Closeness of the model variations to results from the three data sets

The results in Table 2 and 3 show the L2 mean distance (see Equation 1) for data set 2 and 3. In Table 3, we only
compare the standard Axelrod model and the agreement-threshold model due to the fact that there was no
group parameter given in the data set. The standard Axelrod model, as already seen in the Figure 6, outperforms
the agreement-threshold model. Its L2 mean distance and the standard deviation are much lower.
Concerning the L2 mean distance for the simulations in data set 2 (see Table 2), three classes of different per-
formance are present. The best fitness of volatility has the standard Axelrod model with ingroup-preference
whereby the standard Axelrod model as well as the agreement-threshold model with group-dependent percep-
tion are very close it. The results of the agreement-threshold model with in-group preference is further away
from the observed data, and the agreement-threshold model performs worst. The standard deviation of worst
two performances is also much higher.

Name Time point Agreement threshold Model variation L2 mean distance Std. deviation
Data set 2 T2 no Standard Axelrod model 859.79 10.60
Data set 2 T2 no In-group preference 845.14 10.85
Data set 2 T2 yes Agreement-threshold model 1200.55 22.03
Data set 2 T2 yes Group-dependent perception 859.71 10.72
Data set 2 T2 yes In-group preference 1090.56 23.79

Table 2: L2 mean distance for the standard Axelrod, the standard Axelrod model with in-group preference, the
agreement-threshold model, agreement-threshold model with group-dependent perception and agreement-
threshold model with in-group preference in comparison to the results from data set 2. The standard deviation
for the 10000 simulation runs is also displayed. Given the L2 mean distance metric, the standard Axelrod model
performs better (lower score) than the agreement-threshold model, with a lower standard deviation. Every
row describes a model variation. The number of changes per feature, the value of comparison, is between time
point 1 and 2.

Name Time point Agreement threshold Model variation L2 mean distance Std. deviation
Data set 3 T3 no Standard Axelrod model 56.8 11.61
Data set 3 T3 yes Agreement-threshold model 172.31 16.6

Table 3: L2 mean distance for the standard Axelrod and the agreement-threshold model in comparison to the
results from data set 3. The standard deviation for the 10000 simulation runs is also displayed. Given the L2
mean distance metric, the standard Axelrod model performs better (lower score) than the agreement-threshold
model, with a lower standard deviation. The number of changes per feature is measured from time point 1 to
time point 3 (last time point in the data set).

Closeness of the aggregated results of the simulations and the fitted data points

The Axelrod model and the variations replicate, to a certain degree, the relative number of changes in the fea-
tures for the given data sets (see Simulations, Section 4.4). Nevertheless, the replication of the next states of the
data on a macroscopic level is not achieved by the simulations. Through the general conceptualisation of the
Axelrod model is as a "toy model", the model does not seek to accurately predict the underlying dynamics of a
social data set. Therefore, we did not expect the simulations to match the average level of the features from the
simulated data points. On the contrary, we expected the model to be very distinct to the data on the individual
level. To underline this, we compared the following:

• For the overall level, we compared the average level of each feature at the fitted time point to the average
level of each feature from the simulations. The absolute difference between the average level of the data
point and the simulation shows to what extent the simulations deviate from the fitted data point.

• To measure the difference between the data point and the simulations, we inspect the deviations on the
individual level. Hence, we calculate the Manhattan distance of the feature vector from every individual
for the simulated and the fitted time point. We then sum up the individual differences of the simulations.
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The results in Figures 7-12 show for all three data sets that the overall results of the simulations highly devi-
ate from the fitted time points. If we focus on the individual level where we compare each participant to its
simulated counterpart, the differences are more noticeable.

Figure 7: Absolute distance between the features’ means of the fitted time point (T4, data set 1) and of the
simulations.

Figure 8: Absolute distance between the features’ means of the fitted time point (2020, data set 2) and of the
simulations.
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Figure 9: Absolute distance between the features’ means of the fitted time point (T3, data set 3) and of the
simulations.

Figure 10: Absolute distance between the fitted time point (T4, data set 1) and the simulations. The distance is
the sum of deviations from each participant in the simulation and time point T4.

Figure 11: Absolute distance between the fitted time point (2020, data set 2) and the simulations. The distance
is the sum of deviations from each person in the simulation and time point 2020.
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Figure 12: Absolute distance between the fitted time point (T3, data set 3) and the simulations. The distance is
the sum of deviations from each person in the simulation and time point T3.

Notes

1We report here a normalised order parameter (Smax /N ) that describes the size of the largest cluster (Smax)
in relation to the system size (N ). It is widely used to describe the Axelrod model dynamics (Battiston et al. 2017;
Castellano et al. 2009; Flache & Macy 2011; Klemm et al. 2003)
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