
Political Polarization and Fractionalisation from Rational Values-Based Inference
in an Agent-Based Graph Network

Nicolas Navarre∗ (nnavarre@ed.ac.uk) Julie M. E. Pedersen∗ (j.pedersen@ed.ac.uk)
School of Informatics, University of Edinburgh Department of Psychology, University of Edinburgh

10 Crichton St, Edinburgh, EH8 9AB UK 7 George Square, Edinburgh, EH8 9JZ UK

Adam B. Moore (amoore23@ed.ac.uk)
Department of Psychology, University of Edinburgh

7 George Square, Edinburgh, EH8 9JZ UK

Abstract

The rise in political polarization disrupts political consensus
and causes individual harm. We build on a theoretical frame-
work of political polarization that emerges from uncertain po-
litical identity inference and signaling mediated by moral val-
ues. The current computational model extends this frame-
work with rational inference tools and graph theory to better
capture the complex dynamics of value-based inference and
group formation. We find that minimally constrained signaling
and promiscuous inference and updating of moral values leads
to general network homogeneity. This contrasts with previ-
ous models using the same overarching theoretical framework
and highlights the influence of model implementation, which
should be further explored to triangulate the necessary causes
of polarization. We discuss future extensions to the model to
explore what facilitates political polarization as found in pre-
vious studies and the real world.
Keywords: Political polarization; Moral values; Agent-based
modeling; Graph clustering; Rational inference

Introduction
Politics and voters around the world continue to become
increasingly polarized (Boxell et al., 2023; Dimock et al.,
2014). This poses a wide range of threats including increased
rates of stochastic violence, lower efficacy for crisis manage-
ment, and endorsement of authoritarian leaders. While the-
ories on political polarization are promoting a social identity
approach (Iyengar et al., 2012, 2019), computational mod-
eling has remained largely focused on polarization of atti-
tudes/beliefs (i.e., issue polarization) in single agents (Kvam
et al., 2022) or networks (Baumann et al., 2020; Hahn et al.,
2018; Olsson, 2013; Young et al., 2025), or groups of agents
being influenced uni-directionally by media or other top-
down inputs (Tokita et al., 2021). Pedersen and Moore, 2023
and Pedersen, 2024 (P&M hereafter) proposed a heuristics-
driven agent-based model of political polarization grounded
in social identity approaches and linking to belief change dy-
namics via moral values as an identity signaling and social
inference mechanism. Here, we present a new model of po-
litical polarization grounded in the same theoretical frame-
work but implemented in a graphical network model with in-
formation theoretical updating and inference principles. This
approach allows us to begin to disentangle the relative influ-
ences of specific model implementation and the overarching
theoretical framework proposed in previous work, which lead
to polarization. It also naturally provides graph-based net-
work analyses of clustering and ingroup formation dynamics,
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which may inform future research on measuring polarization
in computational models.

Political Identity Polarization and Moral Values
While political and social scientists are largely regarding po-
litical polarization as a social phenomenon, computational
models of polarization typically operate at the level of in-
dividual agents’ beliefs and how they update in response to
evidence (Jern et al., 2014; Kvam et al., 2022; Tokita et al.,
2021) or other agents (Baumann et al., 2020). The former
presupposes that identity processes precede and moderate be-
liefs while the latter often assumes the inverse. Empirical
evidence largely supports identity-based political voter polar-
ization. That is, an individual has a social identification with
a political group (e.g., a political party or a political move-
ment), which shapes their political attitudes/beliefs and how,
or if, they are updated (Macy et al., 2019; Malka & Lelkes,
2010; Yudkin et al., 2019); e.g., attitudes are only polarized
on policy issues with clear disagreement between the parties
(Dias & Lelkes, 2022). In turn, increasing polarization is the
result of increased tensions / hate between political groups
(Baldassarri & Page, 2021; Iyengar et al., 2019) that causes,
rather than being driven by, the divergence of beliefs.

A satisfactory model of social identity-based political po-
larization must capture, among other factors, ingroup ho-
mophily preferences: people prefer to seek out and interact
with others who share their political identity group, i.e., the
ingroup, over those that do not, i.e., the outgroup (Axelrod,
1997; Hogg & Reid, 2006; Hogg & Turner, 1985). Schelling
(1971) showed that this homophily assumption leads to segre-
gation, or in the context of political polarization, self-selected
echo chambers (Theodoropoulos, 2022). However, most such
models assume that agents possess perfect information about
others’ political identity, despite individuals seemingly more
often signaling rather than disclosing their political identity
(Settle & Carlson, 2019; Smaldino, 2022; van der Does et al.,
2022). Consequently, people face a dual problem: they need
to simultaneously generate signals that effectively demon-
strate their social/political identity to other agents and decode
other agents’ signals to infer their ingroup status. But uncer-
tainty arises as to what signals should be sent and what re-
ceived signals mean. Resolving this requires agents to use
their own values as a proxy for their in-group’s true val-
ues and generate signals from these representations (Hogg &
Turner, 1985). An additional problem arises due to the lack of



grounding for political identities (Kinder & Kalmoe, 2017);
an agent should update their internal in-group values repre-
sentations as a function of the signals emitted from perceived
ingroup members (i.e., those inferred to be from the ingroup
based on their signals) to keep signals in line with other in-
group members’ expectations (Axelrod, 1997) (see Pedersen
(2024) for a full theoretical motivation and outline; see also
Rosario et al. (2024) and Levine et al. (2023) for similar the-
oretical work).

P&M implemented a heuristics-based agent-based model
of this process where moral values acted as the representa-
tion of ingroup norms, i.e., as the interface for generating sig-
nals (moral expressions) and inferring ingroup membership
from others’ signals, updated as a function ingroup mem-
bers’ signals. The use of moral values was supported by
multiple empirical findings necessary to a candidate mech-
anism: moral values are distinct between political identities
(see Figure 2) (Franks & Scherr, 2015; Graham et al., 2009,
2011, 2012; Milesi, 2016, 2017; Nilsson & Erlandsson, 2015;
van Leeuwen & Park, 2009; Waytz et al., 2019; Womick et
al., 2024), change over time (Hatemi et al., 2019; Smith et
al., 2017) and in response to perceived ingroup moral values
(Ciuk, 2018), and are used by both political leaders and vot-
ers to signal political groups (Atikcan & Hand, 2024; Bos
& Minihold, 2022; Kidd & Vitriol, 2022), accelerating infor-
mation spread within partisan social networks (Brady et al.,
2017, 2019). In short, malleable moral values are a promising
yet understudied pathway for modeling political polarization
as a function of social identity motivations.

A new Model for Identity Inference and Signaling
via Moral Values
In this study, we present a new model using tools from in-
formation and graph theory to model identity inference and
signaling with moral values. Previous studies have applied
these tools to model complex dynamics of belief updating
with argument exchange and self-censoring (Assaad et al.,
2023; Schöppl & Hahn, 2024). Thus, by using these tools,
we aim to expand the theoretical framework of previous com-
putational modeling work on identity inference and signaling
via moral values. We now outline critical, theoretically im-
portant, differences between the current work and previous
models of these processes.

P&M modeled agents in a grid space with latent political
identities (liberal/conservative) and a set of internal weights
representing the importance of different moral values. On
each time step, agents engaged in three principal actions. 1)
they attempted to infer the political identity of their neighbors
in a binary fashion (ingroup/not ingroup) using a limited set
of past signals. This prompts an update to their own moral
values based on differences in their inferred in-group’s and
their own signals (i.e., social influence). 2) they generated
new moral signals as a choice between two conflicting moral
values resolved with the weights corresponding to the choice.
3) They evaluate and decide whether to alter their position in
the grid based on the number of perceived ingroup members

Figure 1: Example fully connected directed network of 10
agents.

around them (i.e., homophily preference). In this formula-
tion, echo chambers or clusters were conceptualized based
on a heuristic: non-moving groups of agents with largely the
same latent identity.

Turning to the new model of moral signaling, we start with
the inference of other agents’ moral foundations. Agents in
this model aim to infer the latent moral values of other agents
rather than infer whether other agents should be in an in-
group. This allows us to use a Bayesian belief updating ap-
proach where moral values are represented as a distribution
and signals are treated as evidence to update that distribu-
tion. Furthermore, the grid dynamics of the previous model
are replaced by a graphical representation where each agent
is connected to one another in a fully connected graph (cf.
Figure 1).

This allows for the connections in the network to be
weighted and mediated by the perceived similarity between
agents, leaving room for graph theoretical clustering tools to
analyze the formation of clusters and echo chambers. More-
over, this relaxes the assumption made by P&M that agents
could only perceive a very limited number of other agents at
any given time (see Discussion). Thus, inferring other agents’
moral values as well as updating individual values within this
network is also determined by the strength of connections in
the graph which represents the degree of social influence be-
tween agents.

The Present Research
While the advance of political polarization and its conse-
quences continue world-wide, recent computational model-
ing work and theoretical advances on the underlying psy-
chological processes remain disconnected. In this paper, we
implement the identity-based approach to political polariza-
tion via moral values, but deviating from the original work
by using more common modeling tools in cognitive science:
information theoretical belief updating and inference in a
graph-based agent network. This captures the originally pro-



Figure 2: (A) Average simulated beta means and (B) mean MFQ responses from (Graham et al., 2011). Faint points in (A) are
simulation-level average means.

posed psychological process by which identity is signaled
and inferred using internal moral values while (1) exploring
model predictions of previous work beyond specific modeling
choices, and (2) providing insights into and future directions
on small-scale community formation and its role in political
polarization. These alterations could improve how polariza-
tion can be measured, thus, expanding validation methods and
accuracy for model predictions against empirical data.

Model Specification
Following P&M, we built an agent-based graph model where
agents with latent political identities iteratively (1) produce a
moral signal, (2) infer moral values similarity with connected
agents, and (3) update their own moral values as a function of
perceived similarity (Axelrod, 1997). All model code, sim-
ulation data, and analysis and supplementary materials are
available on GitHub.1

Initialization and Representation
We initiated the model with N agents in a fully connected,
directed graph. N was sampled from a normal distribution
to reduce the influence of sample size on results (see Simi-
larity). Each agent was randomly assigned a latent political
identity (liberal/conservative) and had five beta-distributed
moral values, each capturing the relevance to a moral value,
operationalized as the moral foundation from Moral Foun-
dations Theory (MFT; Graham et al.,2014): care, fairness,
ingroup loyalty, respect for authority, and purity. Based on
identity, each agent’s moral value distributions was param-
eterized with a randomly sampled empirical response to the
Moral Foundations Questionnaire (US-based participants; N
= 20,057; Nliberals = 16,621; Nconservatives = 3,436) 2, origi-

1Code link:
https://github.com/navarrenicolas/MoralABM/.

2Simulations contained an approx. equal number of liberals and
conservatives, thus, not reflecting the imbalance of the empirical
data.

nally collected and presented by Graham et al. (2011). As
seen in Figure 2, we successfully reproduce the structure
of the complete empirical dataset at the group-level. This
parametrization approach also captures inter-dependencies
between moral values. For an agent, i, at time t, we denote
the relevance distribution for moral value m as Equation 1.

vi, m, t ∼ Beta(α, β) (1)

Since the network is fully connected, all agents performed
similarity inference on all other agents in the network. Thus,
each agent was also initiated with N − 1 sets of moral value
distributions for all other agents in the network. Hence, agent
i at time t has an inferred distribution for any other arbitrary
agent a for each moral value m as shown in Equation 2. We
initialized these inferred distributions with random parame-
ters.

vi → a, m, t ∼ Beta(α, β) (2)

Similarity
At the start of a time step, all agents compute a perceived
similarity index for each of its connected agents. This per-
ceived similarity between an agent and one of its connec-
tions (wi→a, t in Equation 3) is given by the sum of the Kull-
back–Leibler divergence between that agent’s moral values
and its belief about its connection’s moral values:

wi→a, t = ∑
m

DKL(vi→a, m, t ||vi, m, t) (3)

For analysis purposes, we also computed the same similar-
ity index for the actual moral values each pair of agents:

wi,a, t = ∑
m

DKL(vi,a, m, t ||vi, m, t) (4)

Moral Value Inference
Each agent performs a two-step inference based on the moral
signals emitted on the previous time step (see signaling): 1)

https://github.com/navarrenicolas/MoralABM/
https://github.com/navarrenicolas/MoralABM/


inferring other agents’ moral values and 2) inferring personal
moral values that will best align with agents that are per-
ceived similar (i.e., social influence). Following methodlogy
in Fränken et al., 2024, the first step applies a beta-binomial
Bayesian update to the representation of a connected agent’s
moral values based on their signal, Sa, t ; increasing the like-
lihood for the distribution corresponding to the signal (see
Equation 5) and integrating the uncertainty about which other
moral value was defeated by the chosen signal (see Equa-
tion 6):

αi→a, m, t+1 =

{
αi→a, m, t +1, if Sa, t = m
αi→a, m, t , otherwise

(5)

βi→a, m, t+1 =

{
βi→a, m, t +

1
4 , if Sa, t ̸= m

βi→a, m, t , otherwise
(6)

The personal moral values inference step operates on the
same principles as the inference of other agents’ moral val-
ues. However, it incorporates the signals from all other agents
in the network and moderates their influence on the agent’s
moral values with their associated similarity index:

αi, m, t+1 = αi, m, t +∑
a

{
1

N−1 e−wi→a, m, t , ifSa, t−1 = m
δSa, t−1=m, if a = i

(7)

βi, m, t+1 = βi, m, t +∑
a

{
1

4(N−1)e−wi→a, m, t , ifSa, t−1 ̸= m
1
4 δSa, t−1 ̸=m, if a = i

(8)
The moderation by perceived similarity in Equations 7 and
8 captures our assumption that an agent updates their moral
values such that the signals of those it believes to be simi-
lar influences it strongly, but those who are dissimilar have
hardly any influence.

Signal Production
At the end of each time step, all agents emit a signal repre-
senting one of five moral values. We assume signaling is con-
strained beyond individual agents, leading to a limited set of
options for a given signal. To capture this, each agent faced a
moral choice pitting a randomly sampled pair of moral values
against one another (m1, m2). Each agent determined its sig-
nal from its pair using a soft-max decision rule, which took a
value for each competing moral value, vi,m1,t and vi,m2,t , sam-
pled from its current moral values distributions (see Equa-
tion 1).

Data Simulation Methods and Analysis
We simulated the model as specified above for 50 indepen-
dent simulations of 1,500 time steps with N ∼N(µ= 100,σ=
15) for each simulation.

Clustering Measures
The graphical representation of the system allows us to ex-
tract multiple measures of clustering (Ng et al., 2001; von

Luxburg, 2007). We use these to measure how agents would
cluster as function of actual and perceived similarity indices
at each time step for a given simulation. We can compare
these to the initial latent identity groups to extract the identity
homogeneity of clusters and accuracy of perceived similarity.

The model provides two bi-directional graph networks: the
perceived moral values graph, Gb and the actual moral values
graph, Ga. In the perceived moral values graph, connections
represent agents’ perceived similarity weighted as in Equa-
tion 3. Meanwhile, in the actual moral values graph con-
nections are weighted from the derived actual similarity be-
tween agent’s latent moral values as in Equation 4 3. Follow-
ing methodology in von Luxburg, 2007 we find an optimal
number of clusters to perform spectral clustering . Finally,
we use scikit-learn’s SpectralClustering tool to compute
the clusters (Pedregosa et al., 2011). We defer to the supple-
mentary materials for more detailed discussion about these
methods.

Cluster Identity Homogeneity Given the latent identities
of agents, we first estimate an index of the identity homo-
geneity of the estimated clusters. That is, to what extent do
agents manage to form clusters of mostly only their ingroup
based on their perceived moral values about others. For each
agent, i and its current cluster, Ci, t , this homogeneity index is
the number of agents in their current cluster of the same po-
litical identity, ingroup, relative to the total number of agents
in the simulation:

Hi, t =
1
N

ingroup(Ci, t) (9)

Moral Values Inference Accuracy Additionally, we com-
pute an index of how accurately agents’ perceived moral val-
ues maps to the actual moral values. In this analysis, we form
clusters based on the agents’ beliefs (Gb) and evaluate how
close those agents truly are to each-other looking at the simi-
larities between each-other in the actual graph (Ga).

Ai, t =
|Ci, t |

N ∑
a∈Ci, t

Ga(i,a) (10)

Results
To determine whether the network polarizes based on agents’
latent identities, we examine the change in their moral val-
ues over time and the change in the clustering measures over
time. Figure 3 shows the change in the means of moral val-
ues 4 across simulations. Clearly, both liberals and conser-
vatives converge on the same moderate moral values across
the simulations. This shift in centrality of agents’ moral val-
ues is further corroborated by reduced uncertainty 5 (initial

3Both graphs represent the KL-divergence between two nodes,
i.e., a measure of distance. We normalize this into a similarity matrix
with bounded weights (see supplementary materials for details).

4i.e., the averaged means of vi,m,t :
αi,m,t

αi,m,t+βi,m,t

5the averaged sd of vi,m,t :
√

αi,m,t βi,m,t
(αi,m,t+βi,m,t )2(αi,m,t+βi,m,t+1)



Figure 3: Mean agent moral values by identity over (A) time and (B) log(time). Thick lines indicate the trend across simulations,
and faint lines represent individual simulations.

mean σliberals < 0.18 and mean σconservatives < 0.18; final
mean σconservatives < 0.02 and mean σliberals < 0.02). Thus,
the original moral distinctiveness of each group is erased as a
result of the simulations.

Indeed, as shown in Table 1, agents formed multiple
smaller and largely heterogeneous clusters, a trend that in-
creased over time (see Supplementary materials). In line
with this result, both liberals and conservatives had consis-
tently near-zero accuracy (see Table 1), indicating that the
perceived similarity index did not capture real differences be-
tween agents.

Table 1: Homogeneity and accuracy averaged across simula-
tions (standard error).

Time step Homogeneity Accuracy
Conservative Liberal Conservative Liberal

1 0.44 (0.01) 0.42 (0.02) 0.15 (0.01) 0.15 (0.01)
500 0.26 (0.03) 0.24 (0.03) 0.07 (0.01) 0.07 (0.01)
1000 0.25 (0.02) 0.25 (0.02) 0.06 (0.01) 0.06 (0.01)
1500 0.26 (0.03) 0.26 (0.03) 0.07 (0.01) 0.07 (0.01)

We also see no major trend between the size of cluster
formed and the proportion of political identities as shown in
Figure 4. This indicates that agents had little preference with
regards to political identity when forming clusters, regardless
of its size. In turn, agents seemingly fail to make inferences
that distinguish them based on political identity which cor-
roborates the convergent homogeneity in Figure 3.

These results were robust against normalization of moral
values between time steps (see supplementary materials).

Discussion
We presented a computational implementation of political
identity inference and signaling via moral values, which built
on previous modeling efforts and a large empirical literature

Figure 4: (A) Correlation between cluster size and proportion
of conservatives over time averaged over simulations. (B)
Example time step showing how correlations were derived.
The blue x in (A) indicates the time step shown in (B).

indicating the importance of uncertainty in these processes.
In this model, however, we found no evidence of political
polarization or identity asymmetries. Rather, the simulations
indicated that liberals and conservatives symmetrically con-
verged on a homogeneous and moderate set of moral values.
Locally, agents formed heterogeneous clusters with no rela-
tionship to the original identity categories.

This symmetric convergence of liberals and conservatives
is in contrast to previous modeling work using the same theo-



retical framework and to existing empirical data. P&M found
echo chambers and moral convergence only among liberals.
Likewise, data on social media use and social connections in-
dicate that liberals and conservatives form and interact as dis-
tinct groups (Eady et al., 2019; Wu & Resnick, 2021; Yudkin
et al., 2019). Given modifications from P&M’s model, there
are many explanations for these divergent results. Firstly, we
assumed resource-rational processes without capacity or visi-
bility constraints. That is, agents integrated information from
all other agents and updated their moral values via a contin-
uous similarity representation including themselves. How-
ever, both assumptions are unrealistic. Moreover, the current
approach fails to capture the binary and polar nature of po-
litical/social identity in/out-group representations (Iyengar et
al., 2019; Puryear et al., 2024; Tajfel, 1978; Turner et al.,
1987). Agents were influenced in their beliefs proportional to
similarity, but at no point did they exclude any agents from
influencing them, which could lead to the observed value ho-
mogenization. This is in stark contrast to human reactions
to perceived out-group signals (Ditto & Lopez, 1992; Moore
et al., 2021; Ostrom et al., 1993; Thürmer & McCrea, 2018).
Individuals are not only attempting to infer and signal in line
with ingroup norms under multiple sources of uncertainty, but
also avoiding signaling as an out-group member (Berger &
Heath, 2008; Schöppl & Hahn, 2024). Alternatively, self-
influence could be a source of to convergence. Currently,
while social influence is weighted by the number of agents in
the network, self-influence is not. That is, agents may over-
fit to their personal choices, which are largely constrained by
uniform noise from the signal production process. We dis-
cuss how these misaligned assumptions are easily rectified
in the Future Directions section. Our results may indicate
that resource-rational agents would not polarize from uncer-
tain ingroup inference and signaling via moral values without
some or all of: representing ingroup membership as (a) bi-
nary, (b) the inverse to the out-group, (c) limitations on how
many other agents a given agent can perceive and update be-
liefs on, and/or (d) more proportional self-to-social-influence.
Further model development is needed to fully explore these
possibilities.

Most models that attempt to capture polarization discover it
often as strong bifurcation (Bramson et al., 2017). This chal-
lenges our ability to validate models of polarization and dis-
entangle the factors with real empirical implications or pre-
dictive power from model artifacts. By providing a model
framework that with permissive assumptions does not pro-
duce polarization, we can conduct systematic interventions
on agent processes and conditions to test what combination
of factors may predict polarization in a way that complies
with empirical literature. The graphical representations in our
models in particular may be suited to model polarization as a
nuanced rather bifurcated process.

Future Directions
There are multiple developments of our modeling frame-
work to reduce the dissonance with empirical and modeling

findings on political polarization. Any development should,
however, preserve the fundamental theoretical assumptions
whereby moral values serves identity motivations by func-
tioning as an interface to signal and infer political identity.

Based on the presented simulations, agents clearly did not
succeed in signaling their identity distinctively from the out-
group. We consider multiple alterations that may reduce the
noise around these inferences. One such development would
be to incorporate a binary ingroup/out-group inference of
other agents leveraging existing representations about other
agents’ moral values (see discussion for theoretical motiva-
tion). Following previous models of signaling and polariza-
tion (Schöppl & Hahn, 2024; van der Does et al., 2022), this
would lead to signaling dynamics where agents must engage
in more complex decisions to maximize their chances of find-
ing ingroup members while minimizing the risk of getting
ousted by other members. This complexity may be impor-
tant factor in political polarization not captured by our im-
plementation. This would require further decision-theoretic
commitments to the agents’ signal inference and production
processes. This may also include counter-signaling by which
moral values degrade if signaled by highly dissimilar agents.
Additionally, further resource-rational constraints could be
imposed on the agents’ signal and inference processes includ-
ing constraints on the representations of other agents’ moral
values or limiting the number of agents that an agent can ob-
serve. This could be implemented through a process of con-
nection decay and discovery.

Furthermore, we could capture hierarchies in social net-
works and how these moderate and inform signaling (Jost et
al., 2022). There are multiple empirical findings on political
leaders’/influencers’ social media behavior that is congruent
with guiding/disambiguating (moral) signaling, e.g., more ex-
treme beliefs (DeSilver, 2022), less signal variability (Zhang
et al., 2023) and faster signal spread (Brady et al., 2019). In
addition to the factors discussed above, these hierarchical fea-
tures may contribute to distinct signaling between political
groups, amplifying polarization. The graphical model rep-
resentation could be used to extract such hierarchical depen-
dencies with agglomerative clustering methods that capture
the structure of nodes with larger influence (Müllner, 2011).
However, this development would require additional theoret-
ical and potentially empirical work on leadership representa-
tions, and how they interact with the existing theoretical as-
sumptions.

Conclusion
We presented an initial graph agent-based model of political
identity inference and signaling via moral values. With the
graphical representation, we provided measures of polariza-
tion sensitive to small-level communities and dynamics that
may inform future modeling efforts on polarization. The re-
sulting network diverged from previous model instantiations
of the same theoretical framework, warranting and providing
a testing ground for further study to disentangle implementa-
tion artifacts from actual drivers of political polarization.
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