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Abstract 

Understanding social polarization requires integrating insights from psychology, 

sociology, and complex systems science. Agent-based modeling provides a natural 

framework to combine perspectives from different fields and explore how individual 

cognition shapes collective outcomes. This study introduces a novel agent-based 

model that integrates two cognitive and social mechanisms: the desire to be unique 

within a group (optimal distinctiveness theory) and the tendency to simplify complex 

information (cognitive compression). In the model, virtual agents interact in pairs and 

decide whether to adopt each other’s opinions by balancing two opposing drives: 

maximizing opinion diversity within their local social group while simplifying the over-

all opinion landscape, with both evaluated using Shannon entropy. We show that the 

combination of these mechanisms can reproduce real-world patterns, such as the 

emergence of distinct heterogeneous opinion clusters. Moreover, unlike many exist-

ing models where opinions become fixed once opinion groups form, individuals in 

our model continue to adjust their opinions after clusters emerge, leading to ongoing 

variation within and between opinion groups. Computational experiments reveal that 

polarization emerges when local group sizes are moderate (consistent with Dunbar’s 

number), while smaller groups cause fragmentation and larger ones hinder distinct 

cluster formation. Higher cognitive compression increases unpredictability, while 

lower compression produces more consistent group structures. These results demon-

strate how simple psychological rules can generate complex, realistic social behavior 

and advance understanding of polarization in human societies.

Author summary 

When people split into opposing groups, such as political parties with differing 
views on social issues, it is called social polarization and is a growing global 
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concern. Understanding how it emerges, however, remains challenging. In this 
study, we use computer simulations to explore how simple psychological tenden-
cies can combine to produce complex social patterns. Our model brings together 
two ideas from psychology: people’s desire to be unique within a group and their 
tendency to simplify complicated information. We show that these two forces can 
drive social polarization. Unlike many existing models, individuals in our model 
continue to adjust their views after clusters form, leading to ongoing variation 
within and between opinion groups. The model also demonstrates that the way 
people simplify information, as well as the typical size of social groups, can make 
polarization either predictable or chaotic. Our results help explain why polariza-
tion may happen and how individual thinking shapes collective division.

Introduction

In today’s interconnected world, people’s opinions play a powerful role in shaping the 
social, political, and economic landscape. How these opinions are distributed across 
a population can influence public policy, cultural norms, and the success or failure of 
businesses. Political and ideological polarization is seemingly becoming increasingly 
pronounced, raising concerns about its impact on democratic institutions and social 
cohesion [1–4]. Many social mechanisms have been identified as contributing to opin-
ion polarization, including elite cueing [5], socio-political identity sorting [6], shifts in 
media environments [7], and socio-economic inequality [8], to name a few. However, 
how polarization emerges as a dynamic, self-organizing process from individual-level 
interactions in complex social systems remains less understood. Insights from social 
psychology, political science, and complexity science may be necessary to uncover 
the mechanisms through which such emergent polarization arises.

Societies and social groups are complex systems where various mechanisms 
operate on different scales, ranging from neurological mechanisms (such as cognitive 
limitations and biases) and individual reasoning and preferences to external factors 
(such as the information environment in which an individual operates) [9–11]. Mech-
anisms that work at the level of local interaction are among the major factors shaping 
the distribution of opinions in a population [12–14].

Various approaches are employed to study the complex system of opinion for-
mation, including behavioral experiments [15–17], survey research [18–21], data 
analysis of online social platforms [22,23], as well as mathematical and computa-
tional modeling [24–29]. Among computational approaches, agent-based models 
(ABMs) have become a popular tool for testing basic mechanisms that may underlie 
complex systems. In these models, we prescribe mechanisms that may facilitate 
decision-making at the individual level during interactions and aim to study how these 
micro-level mechanisms can lead to the formation of emergent population-level phe-
nomena such as consensus or polarization of opinions [30,31].

Several well-established ABMs have demonstrated that polarization can 
emerge from individual-level mechanisms such as bounded confidence in the 
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Deffuant-Weisbuch [24] and the Hegselmann-Krause [32] models, cultural similarity in the Axelrod’s model of Cultural Dis-
semination [26] and by averaging neighboring opinions in the DeGroot model [25]. In these models, opinion group forma-
tion arises as a result of limited interaction across different opinion groups and they typically converge to simplistic opinion 
distributions—either global consensus or a small number of homogeneous clusters where individuals hold same or near 
the same opinions. Once the opinion clusters are formed, agents stop updating their opinions entirely, becoming locked in 
rigid opinion groups. In contrast, real-world opinion landscapes are rarely so discrete. Even in strongly polarized societies, 
individuals within the same group do not hold identical beliefs; instead, there is always a degree of variation and ongoing 
opinion shifts. Introducing noise into these models addresses some of these limitations and leads to more complex behav-
ior [33,34]. Nevertheless, in their pure form, the mechanisms incorporated in these models lead to oversimplified, static 
outcomes.

Recent works in social psychology look at polarization as a fundamental process by which groups manage their iden-
tity [35–38]. Polarized social systems allow individuals to easily differentiate between in-group and out-group members, 
recognize their own belonging, and signal their identity. However, even while being motivated to affiliate with clearly 
differentiable groups, people still value individuality within those groups [39,40]. Theories of uniqueness [39] and individ-
uation [41,42] suggest that individuals strive to balance two opposing drives: the desire to belong to a well-defined social 
group and the desire to feel unique [43,44]. Thus, individuals prefer attitudinal positions that are close enough to their 
group to signal affiliation, yet distinct enough to assert personal identity [45]. In other words, when choosing an attitude 
or opinion, people favor positions that are locally complex but globally comprehensible. Moreover, optimal distinctiveness 
theory [40,46] argues that these two competing desires lead to social groups that are simultaneously sufficiently inclusive 
and sufficiently distinct, satisfying both needs in an intricate balance. Certainly, real-world polarization is characterized not 
by perfect homogeneity within groups, but by stable clusters that retain internal variability and allow for fluidity in opinion 
within group limits. In this paper, we propose that the desire for optimal distinctiveness may serve as a fundamental mech-
anisms for polarization and also explain the persistence of opinion diversity within cohesive social groups.

A second mechanism we investigate is cognitive compression. Originating from early work by Lippmann [47], this con-
cept highlights how humans simplify complex information into simplified cognitive representations—such as stereotypes 
or social categories, to process new information more efficiently. Experimental studies using the “telephone game” (i.e., 
transmission-chain experiments) have shown that people perceive and reproduce information in increasingly compressed 
forms as it passes through communication chains [48]. These findings support the observation that humans can compre-
hend and act in a complex world because they encode it in compressed forms that make it easy to categorize others into 
groups and identify social outliers [37,49].

In this paper, we develop a novel agent-based model in which individuals seek to balance their need for uniqueness 
within their social group with their tendency to simplify the broader opinion environment. These two competing desires 
work in opposite directions since greater local complexity limits the degree to which the opinion space can be simplified, 
and thus we expect the model to produce complex behavior. The central question of this study is: what population-level 
opinion patterns emerge when agents simultaneously optimize for local complexity and global simplicity, and under what 
conditions do these mechanisms lead to polarization? We show that these mechanisms can produce: a) population-level 
opinion group formation, b) sustained variability of opinions within social groups, and c) individual-level mobility within 
social groups, i.e., shifting positions within or between groups. By modeling these dynamics, we offer a new theoretical 
lens on polarization that explains not only the formation of distinct opinion groups, but also why diversity and movement 
persist within those groups in social systems.

Model of balancing local complexity and global simplicity in the opinion distribution

In the proposed model, agents interact in pairs and have an opportunity to swap their opinions to the opinion of the sec-
ond interacting agent during Monte Carlo simulations. To decide whether to adopt the second agent’s opinion or to keep 
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their current one, the agent evaluates whether the new opinion would place them in a better position within their local 
social group or make the overall opinion distribution in the population more comprehensible (or both). A better position 
within the local group means increased diversity within that group; a more comprehensible global distribution leads to 
easily identifiable clusters in the population.

Formally, we have N agents in the model that hold a univariate opinion ranging between 0 and 1. The opinion profile 
at time t is denoted by X(t) = {xi(t)}Ni=1 , where t is the time step of the simulation. Initially, the agents are assigned random 
opinions drawn from the continuous uniform distribution, X(0) ∼ Uniform(0, 1). For each agent i we also define a subset, 
Li(t) ⊆ X(t), which contains the opinions of the agents that agent i considers their local social group. How opinions are 
chosen for the local group will be explained below.

We then perform Monte Carlo simulations where, at each round, two agents are randomly selected for interaction, and 
the first agent has an opportunity to change their opinion to that of the second agent. To decide whether adopting a new 
opinion will position them “better” in the opinion space, the agent calculates the complexity of information in the opinion 
distribution within their local group and the entire population, both before the interaction and after the hypothetical change, 
using the Shannon entropy [50] Specifically, at each time step of the Monte Carlo simulations:

1.	Two agents are selected at random;

2.	The first agent considers the second agent’s opinion; and if accepting the new opinion would increase the first agent’s 
ratio of local to global entropy relative to their old one, they do so. Otherwise, they keep their current opinion.

The simulation continues until the bailout time, which allows sufficient time for the long-term behavior to stabilize. Fig 1 
illustrates the main steps of the opinion update procedure within a single Monte Carlo step.

We now explain in detail how we calculate the entropies. When agent i interacts with agent j, we calculate the Shannon 
entropy across the sets X(t) and Li(t) and refer to them as the total and local entropy prior to interaction. We then replace 
the opinion of agent i with the opinion of agent j and calculate the total and local entropy in the case that agent i decides to 
switch opinion, and compare their ratio. The opinion update rule then is:

	

xi(t + 1) =



xj(t) if

Hafter
local

Hafter
total

>
Hprior
local

Hprior
total

,

xi(t) otherwise. 	 (1)

where Hprior
local  and Hprior

total  represent the entropy of opinions within the agent’s local group and the entire population, respec-
tively, prior to the interaction, while Hafter

local  and Hafter
total  are the corresponding entropies in the case that agent i decides to 

change their opinion. Inequality (1) holds when either the local entropy increases meaning more variability within the 
local group or the global entropy decreases that indicates a simplified global opinion distribution. Algorithm 1 shows the 
pseudocode for the opinion updating rule.

To calculate Shannon entropy from the continuous distributions, we first divide the opinion space into n
bins

 discrete inter-
vals, or bins, and calculate the probability distribution across the binned distribution, pk . The entropy is then evaluated as

	
H(X) = –

nbins∑
k=1

pk log2 pk, where pk =
nk
N
,
	 (2)

where nk  is the number of opinions in the k-th bin. Algorithm 2 illustrates the algorithm for entropy calculation. This bin-
ning process reflects cognitive compression that agents apply when perceiving the opinion distribution in the population. 
Similar opinions are grouped into the same bin, rendering them indistinguishable for the purpose of entropy evaluation. 
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Fig 1.  Flow chart of the opinion update rule. At each Monte Carlo step, two agents are randomly selected, and the first agent tentatively adopts 
the second agent’s opinion. The change is accepted if it increases the ratio of local to global Shannon entropy, meaning either local opinion diversity 
increases or global complexity decreases (or both).

https://doi.org/10.1371/journal.pcsy.0000115.g001
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The number of bins, n
bins

, reflects the level of cognitive compression: a larger n
bins

 allows more detailed processing, while a 
smaller n

bins
 leads to more compressed, generalized information.

These bins operationalize psychological “chunking,” a core cognitive mechanism for organizing information across 
tasks and domains [51]. Classic work by Miller [52] demonstrated that people can reliably maintain roughly 7± 2 chunks 
of information. Subsequent studies have shown this to be on the higher side of human performance in most tasks; but that 
the optimal number of chunks remains relatively constant regardless of the complexity or level of abstraction of the task 
and that memory performance benefits from information compression similarly across both simple and complex material 
[53]. Thus, we assume that agents use the same level of information compression regardless of the level of abstraction 
being applied, whether chunking fine-grained (opinions of the local group) or coarse-grained (opinions of the whole popu-
lation) information. Translating this to our simulation, each agent encodes information, whether about the opinions in their 
local social group or in the entire population, into a roughly constant number of cognitive units, represented by the number 
of bins, which naturally yields finer-grained representations for smaller, more homogeneous opinions of the local groups 
and coarser-grained representations for opinions of the larger, more heterogeneous population.

A compression mechanism based on coarse- and fine-grained representations can be compared with the example of 
observing a crowd versus an individual: when observing an individual, we perceive finer details; when viewing a crowd, 
we see only general patterns. The number of bins used in entropy calculation, n

bins
, is our first control parameter.

Algorithm 1 Opinion update rule

1: Initialize opinions {xk} for all agents k. Define the set of all opinions as X .
2: while stopping criterion not met do
3:     Select two agents i and j uniformly at random
4:     Construct local group Li consisting of l nearest opinions of opinion xi
5:   �  Discretize opinions in Li into nbins

 bins to obtain opinion counts set {nb}Li, b = 1,...nbins, 
where nb is the number of opinions in bin b

6:     Compute Hpriorlocal from {nb}Li with algorithm 2 (below)
7:   �  Discretize opinions in the whole opinion space X  into n

bins
 bins to obtain opinion counts set 

{nb}X, b = 1,...nbins
8:     Compute Hpriortotal from {nb}X  with algorithm 2
9:     Temporarily substitute xi ← xj
10:   �  Repeat steps 4 and 5 for the updated opinions set to construct opinion count set {nb}′

Li
 

accounting for temporarily changed opinion xi
11:     �Repeat steps 7 and 8 for the updated opinions set to construct opinion count set {nb}′

X  
accounting for temporarily changed opinion xi

12:     Compute Hafterlocal from {nb}′
Li
 and Haftertotal from {nb}′

X  with algorithm 2

13:     if 
Hafterlocal

Haftertotal
>
Hpriorlocal

Hpriortotal
 then

14:       Accept update: xi ← xj
15:     else
16:       Reject update: keep xi unchanged
17:     end if
18: end while

Algorithm 2 Shannon entropy of discretised opinions

Require: Discretised opinion counts {nb}

Require: Total number of opinions N =
∑nbins

b=1 nb
Ensure: Shannon entropy H
1: H ← 0
2: for b = 1 to n

bins
 do

3:     if nb > 0 then
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4:         pb ← nb
N5:         H ← H – pb log(pb)

6:     end if
7: end for
8: return H

We now explain how we determine which agents belong to a given agent’s local group, i.e., how Li  set is defined. Several 
definitions could be motivated by social psychology; however, for simplicity, we define the local group as the set of individ-
uals whose opinions are closest to the current agent’s opinion. This choice is motivated by the concept of homophily—the 
tendency of individuals to associate with like-minded others.

The size of the local group, denoted by l, becomes our second control parameter. A larger l represents broader social 
groups to which individuals typically belong, while a smaller l indicates smaller social groups. By varying l, we can explore 
how the size of agents’ social groups affects the population-level distribution of opinions. A complete description of the 
model following the ODD (Overview, Design concepts, Details) protocol is provided in S1 Appendix.

Parameter selection

To choose plausible values for the parameters representing the model’s demographic structure, i.e., the size of the local 
social groups and the total population size, we look to empirical findings on the typical scale of human social organization. 
Ethnographic primate research associated with Dunbar’s social brain hypothesis [54,55] suggests that the size of social 
groups in which people can maintain stable social knowledge of one another, supporting the formation and reinforcement 
of shared norms through repeated interaction, is approximately 100–200 individuals [56–61]. Empirical studies of offline 
and online social networks suggest that this number typically lies between 100 and 300 [62,63]. This scale is therefore a 
suitable range for the individual’s immediate social environment, i.e., what in the model is called a local social group of an 
agent.

At the same time, archaeological studies of early human populations show that once settlements aggregate beyond 
this threshold, they expand into populations of several hundreds to low thousands, accompanied by the appearance of 
institutional or organizational mechanisms that stabilize cooperation among partially unfamiliar individuals [64,65]. Such 
supra-Dunbar populations correspond to what can be describe as tribal or regional network scales (≈ 500 – 2500 people), 
where social cohesion is no longer maintained solely by direct personal ties but by mesoscale structures (e.g., subgroups, 
norms, and signaling systems) [64].

The total number of agents in our study is fixed at N = 1000, which is consistent with these estimates of regional popu-
lation size. This number is also a common choice in agent-based models of opinion dynamics. Model sizes of this order 
are typically sufficient to avoid finite-size effects while remaining computationally efficient to allow the investigation of 
emergent collective patterns across repeated simulations [13,24,66]. Strictly speaking, the population size is an additional 
control parameter; however, due to the computational cost of the simulations, it was not explored systematically. It is worth 
noting that, instead of considering absolute values, one can use ratios of the local group size to the total population size, 
as well as the number of bins relative to the population size. This approach ensures that the control parameters remain 
independent of changes in population size. In that case, the absolute value of the population size would not matter, as 
long as it is sufficiently large. However, for the sake of clearer presentation of the results, we retain absolute values of the 
control parameters.

To motivate a plausible range of values for the number of bins used in entropy calculations, n
bins

, we draw on results 
from cognitive psychology on information compression and short-term memory capacity [51,52,67,68]. Miller’s work 
[52] and subsequent studies suggest that humans can reliably process on the order of 7± 2 discrete information units, 
often referred to as “chunks” [52,67]. We use this range as a reference when selecting values of n

bins
 for numerical 

experiments.
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Results

In this section, we present results from Monte Carlo simulations performed across a range of parameter values. We begin 
by examining the effect of social group size (l) on emergent population-level opinion patterns, followed by an analysis of 
how cognitive compression (as controlled by n

bins
) influences the stability and structure of opinion clusters.

A typical outcome of the simulation is shown in Fig 2. In Fig 2(a) the evolution of agents’ opinions over the course of 
the simulation is shown. There each line corresponds to the trajectory of the opinion of individual agent and where the 
color of the line is assigned based on agent’s initial opinion at the start of the simulation. This allows us to see how far 
each agent’s opinion travels in the opinion space. Trajectories of agents with initial opinions close to zero are shown in 
purple shades, while those starting near one are in yellow shades. With these model parameters, we observe that agents’ 
opinions shift considerably before eventually forming a single, well-defined cluster, while a small number of agents remain 
outside the main group. A notable feature of the model is the variability of opinions within clusters, which distinguishes it 
from previous models. Agents do not converge on the exact same opinion within a group; instead, we observe a distribu-
tion of opinions within each cluster, as shown in Fig 2(b). Moreover, agents continue to adjust their opinions while remain-
ing within the cluster. Occasionally, a few agents shift from the main cluster to outlier positions, and vice versa. In Fig 2(c), 
we plot the evolution of entropy and compressibility measures for the global opinion distribution. These reveal that entropy 
decreases as opinion clusters form and the overall distribution becomes more compressible.

Fig 2(d,e,f) show the same metrics for another simulation of the model with the same parameter values but a different 
initial opinion distribution (both drawn from a uniform distribution). Once again, we observe the formation of a single main 
opinion cluster with internal variability and a few outlier opinions that occasionally move in and out of the main group. 

Fig 2.  Two realizations of the model, both initialized with the same parameter values but different initial conditions. The top plots correspond to 
the first realization, while the bottom plots correspond to the second realization. (a, d) Evolution of individual opinions over time, showing the trajecto-
ries of each agent’s opinion for runs 1 and 2, respectively. The trajectories for each node are colored according to their initial value. (b, e) Final opinion 
clusters for runs 1 and 2. (c, f) Evolution of entropy (blue) and compressibility (red) of the entire system. Simulation parameters: N

nodes
 = 1000, n

bins
 = 10 

and local group size = 300.

https://doi.org/10.1371/journal.pcsy.0000115.g002
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However, the position of the main cluster and the outliers differs. This illustrates the model’s sensitivity to the initial opin-
ion distribution. It is possible that as the number of agents increases, the final position of the opinion clusters will become 
more robust to the choice of initial opinion distribution (in the examples discussed, the total number of agents in the sys-
tem is 1000).

Since we start with uniformly distributed opinions drawn from the continuous distribution, roughly speaking we had 
around 1000 unique opinions in the beginning of the simulation. As the model evolves, due to swapping mechanisms, the 
number of unique opinions decreases (or remains constant), with only a small number of unique opinions surviving by the 
time a stable cluster is formed.

To quantify how opinion diversity evolves over the course of the simulation, we track the number of unique opinion 
present in the population over time (Fig 3). We performed 10 independent runs, each starting from opinions drawn uni-
formly at random from [0, 1] and evolving for 106 steps. All runs exhibit a consistent decay in the number of surviving 
unique opinions and converge toward a small number (of the order of 10). The logarithmic scale on the y-axis illustrates 
an approximately exponential decline at early times, which slows as the opinion clusters form.

Effect of social group size on the macro-level opinion distribution

In Fig 2, the local group size was set to 300, which is considered large in our model. For such a large social group, the 
model tends to settle into what can be described as consensus. Next, we examine examples of outcomes produced by 
smaller local group sizes.

Fig 4 shows typical model outcomes for local group sizes (l) of 200 and 100. For l = 200, we observe the formation of 
two well-defined clusters, which illustrates opinion polarization. Agents continue to move within opinion clusters, with occa-
sional jumps between them, and variability persists within each group. As the group size decreases further (l = 100), more 
opinion clusters emerge—an outcome we describe as opinion fragmentation.

Now that we have seen that the in single realizations of the model produces clusters; we want to assess how the 
emergence of the number of clusters changes as we vary group size parameter, l. Naturally, as these simulations are 

Fig 3.  Evolution of the number of unique opinions over time for each of the 10 independent simulation runs (coloured lines), together with 
their average (black line). Simulation parameters: N = 1000 agents, nbins = 10, local group size l = 300.

https://doi.org/10.1371/journal.pcsy.0000115.g003
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stochastic in nature we are not certain to get the exact same behavior, even with the exact same initial conditions. 
This variability means that we may observe a different number of clusters emerging for the same parameter set. However, 
we are interested in the general trend over multiple realizations of the simulation.

To allow us to find the number of clusters in a semi‑automated way, we use hierarchical clustering with single linkage 
[69]. Hierarchical clustering is an agglomerative clustering algorithm that iteratively groups agents based on their pairwise 
Euclidean distances. At each step, the two closest groups are merged, where “closest” is defined by the smallest distance 
between any pair of agents belonging to different groups. This process continues until all agents form a single cluster. 
This procedure produces a tree-like structure, refereed to as a dendrogram, representing the possible cluster membership 
for each agent if we were to selected a desired number of clusters [69]. This cluster membership can be recovered by 
“cutting” the tree at a specified height, see Fig 5a) for an example dendrogram. Once we have this tree, we need a way to 
identify the optimal number of clusters present in it, i.e., which number of clusters best captures the variability in the data a 
given l, for this we use a Elbow plot [70].

A Elbow plot shows how the within‑sum of squares (WSS) varies across different possible cluster numbers. In this 
setting, the within‑sum of squares (WSS) measures the total squared distance between each agent and the centroid of 
its assigned cluster. As the number of clusters increases, the WSS decreases, since clusters become smaller and more 
homogeneous. By examining the rate of decrease in WSS as a function of the number of clusters, we can identify an 
“elbow” point where additional clusters provide only marginal improvements in fit. This elbow is taken as an estimate of 
the appropriate number of clusters. We perform this clustering on the last time point for each simulation and construct the 
Eblow plot from this data (Fig 5b)).

Fig 4.  Typical outcome for local group size (l) equal to 200 (a,b,c) and 100 (d,e,f). (a, d) Evolution of individual opinions over time, showing the 
trajectories of each agent’s opinion for l = 200 and l = 100, respectively. The trajectories for each node are colored according to their initial value. (b, e) 
Final opinion clusters for l = 200 and l = 100. (c, f) Evolution of entropy (blue) and compressibility (orange) of the entire system. Simulation parameters: 
N

nodes
 = 1000, n

bins
 = 10.

https://doi.org/10.1371/journal.pcsy.0000115.g004
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In Fig 5b), we can see how the number of clusters varies across simulations for each group size, where, in general, the 
number of detected clusters decreases as l increases. Examining each panel in Fig 5b), we see that when the group size 
is set to 100, we can see that between 3 and 4 clusters is reasonable, while when the group size is set to 200, we observe 
that two clusters explain almost all the variability within the clusters. Once the group size is set to 300 and 400, it appears 
that a single cluster is the best explanation of the variability between agents. To see the trajectories for each of these sim-
ulations with the clustering solutions, see S2 Appendix.

We observe a similarity between how social group size acts in our model and the role of the confidence bound parameter in 
the Deffuant model. In both cases, smaller values of the control parameters result in the formation of large number of clusters. 
In the Deffuant model, an analytical expression can be derived to predict the number of final opinion clusters as a function of 
the confidence bound [33,71]. However, unlike in the Deffuant model where opinions are drawn toward nearby clusters, in our 
model, opinions can end up in clusters located on the opposite side of the opinion space from their starting points.

We also observed some exotic outcomes. In some simulations with l = 100, four clusters form midway through the sim-
ulation, but one cluster subsequently dissolves into the others due to occasional jumps between clusters. Similar behavior 
has been observed in the Deffuant model, where such dissolution is attributed to noise [34]. In some simulations with a 
large group size (e.g., l = 500), no well-defined clusters appeared. Instead, agents kept shifting among a few unique opin-
ions distributed across the entire opinion space.

Effect of information compression on the macro-level opinion distribution

The second mechanism we explore is the level of compression people apply when processing diverse information. In the 
model, this is represented by the number of bins (n

bins
) used to compress opinion data before estimating its complexity via 

entropy. A smaller number of bins implies a higher level of compression.

Fig 5.   a) An example dendrogram, in which we can agents are group together via their proxomity in opinion space. In a dendrogram we can recover the 
cluster membership for the agents by “cutting” the tree a given height. b) Elbow plots of the within-sum of squares found when the number of clusters 
is fixed across different simulation runs using hierarchical clustering with single linkage. Panels show different group sizes, l, of 100, 200, 300 and 400. 
Simulation parameters: N

nodes
 = 1000 and n

bins
 = 10.

https://doi.org/10.1371/journal.pcsy.0000115.g005
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Given the stochastic nature of the model, we investigate how stable the number, structure, and positions of clusters 
are across simulations as the level of compression changes. To address this, we run a series of simulations with identical 
parameter values and starting opinion distribution, varying only n

bins
.

To analyze the emergent opinion structure, we applied K-means clustering [72] to the final opinion distribution of each 
simulation run, testing k = 2 to k = 10. The optimal k was selected by maximizing the silhouette score [73]. The resulting 
cluster assignments are visualized as horizontal box plots (Fig 6), where each row corresponds to an independent simu-
lation run and each box represents the distribution of opinion values within a single cluster. Boxes are colored by cluster 
identity (purple for cluster 0, orange for cluster 1). The box plots display the median, interquartile range, and whiskers 
extending to 1.5× IQR.

Fig 6 presents a statistical summary of opinion clusters across nine simulations for each value of n
bins

. With a local 
group size of 200, two distinct opinion clusters consistently form. However, when n

bins
 = 7, both the median and the width 

of the clusters vary noticeably between simulations. As n
bins

 increases (i.e., compression decreases), both the position and 
structure of the clusters become more predictable.

Compression level also affects the model’s convergence time. The simulation takes noticeably longer to converge 
as the number of bins increases and compression decreases, making low-compression scenarios harder to analyze. 
Nevertheless, we attempted to approximate a no-compression case by using n

bins
 = l for local entropy estimation and 

nbins = Nnodes  (where N
nodes

 is the total number of agents) for global entropy. We observe two types of outcomes. In one 
case, the system remains in a disordered state, similar to the case of very large local group sizes. In the other, we see the 
formation of equally sized, distinct clusters located on opposite ends of the opinion space. However, due to computational 
limitations, these results were not thoroughly investigated.

Discussion

In this study, we proposed a novel agent-based model of opinion formation inspired by optimal distinctiveness theory and 
theory of cognitive compression. The model explores how individuals’ competing desires—to be unique within their social 
group while maintaining a simplified perception of global opinion distributions—can shape population-level patterns such 
as opinion group formation and polarization. By incorporating cognitive compression alongside these identity-based mech-
anisms, we aimed to bridge psychological motivations with complex system dynamics.

Fig 6.  Statistical summary of distribution of opinions for 9 different simulations for different values of parameter nbins while keeping the other 
simulation parameters fixed: a) nbins = 7; b) nbins = 10; c) nbins = 100. The boxes correspond to the interquartile range of the cluster, central line rep-
resents the median with whiskers extending to the most extreme non-outlier points, and outliers shown as individual points. Each simulation resulted in 
two distinct clusters, where the first cluster is colored in purple while the second cluster is colored in orange. The average mean and standard deviation 
(Std) across all purple and orange clusters are also printed. Simulation parameters: N

nodes
 = 1000, and local group size = 200.

https://doi.org/10.1371/journal.pcsy.0000115.g006
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Our findings demonstrate that the individuals’ desire to having balance between local differentiation and global simplic-
ity of the opinion distributions in the population can lead to the formation of opinion groups and polarization. The model 
captures several empirically observed features of real-world opinion patterns: (i) the emergence of distinct opinion groups; 
(ii) variability of opinions within these groups; and (iii) ongoing opinion mobility, even after group structures have formed. 
These results suggest that investigated individual-level cognitive and social mechanisms can maintain diversity and 
dynamism within opinion groups, helping to explain why real-world polarization rarely results in total consensus or strictly 
homogeneous clusters.

With computational experiments performed on the model we found that individual’s social group size plays a critical 
role in shaping collective outcomes. When social group sizes are moderate (consistent with Dunbar’s number), opinion 
groups form leading to consensus, polarization or fragmentation in opinions. These findings provide a mechanistic basis 
for understanding how the size of individuals’ social group constrains or promotes polarization.

We also examined the role of cognitive compression (the degree to which individuals simplify complex information). 
Higher compression levels increased path dependence in simulations and led to greater unpredictability in the posi-
tioning of opinion clusters. Lower compression resulted in more stable and consistent opinion clusters across multiple 
simulations. These outcomes underscore how cognitive constraints can influence the predictability and variability of 
population-level opinion distribution.

To isolate the effects of these psychological and cognitive mechanisms, we intentionally adopted a minimal model, 
including the simplifying assumption of a fully connected population. Since it is well established that social network struc-
ture can significantly affect opinion dynamics [74–77], an important direction for future work is to incorporate heteroge-
neous network structures into the model. This would allow us to examine how various topologies, e.g., clustered, modular, 
or small-world networks, affect population-level opinion patterns.

Another promising extension of the model is to give agents memory, so that their perception of the global opinion dis-
tribution would be limited by their past interactions and memory capacity. In the current model, individuals have access to 
the full population-level opinion distribution when making a decision about changing their own opinion. In reality, however, 
individuals only encounter a subset of opinions shaped by past interactions and cognitive limitations. Incorporating limited 
memory to the agents could reveal how limited exposure affects opinion group‌‌ formation and stability.

In conclusion, we introduced a new opinion formation model that integrates cognitive compression with identity-driven 
motivations for uniqueness and inclusion. This framework offers a plausible psychological basis for the emergence of 
diverse yet structured opinion clusters in society. The model is both simple enough to yield insight into fundamental 
mechanisms and general enough to be of interest across disciplines including psychology, sociology, mathematics, and 
complexity science. We hope this work will encourage further interdisciplinary research into the cognitive and social foun-
dations of polarization, and inspire future models that connect individual motivations with emergent collective behavior in 
more realistic social settings.

Supporting information

S1 Appendix. ODD description of the model. Full description of the agent-based model following the ODD (Overview, 
Design concepts, Details) protocol, covering the purpose and patterns of the model; entities, state variables and scales; 
the process overview and scheduling; the design concepts (basic principles, emergence, adaptation, sensing, interaction, 
stochasticity and observation); and the details of initialization, input data and submodels.
(PDF)

S2 Appendix. Cluster membership for agents given l. Detailed description of the cluster assignments obtained for 
each of the 10 simulation runs at local group sizes l = 100, 200, 300 and 400, with the cluster membership of every agent 
shown in Fig A, Fig B, Fig C and Fig D respectively.
(PDF)
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