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Abstract
Political polarization has become a growing concern in democratic societies, as it drives tribal alignments and erodes civic deliberation 
among citizens. Given its prevalence across different countries, previous research has sought to understand under which conditions 
people tend to endorse extreme opinions. However, in polarized contexts, citizens not only adopt more extreme views but also become 
correlated across issues that are, a priori, seemingly unrelated. This phenomenon, known as “ideological sorting”, has been receiving 
greater attention in recent years but the micro-level mechanisms underlying its emergence remain poorly understood. Here, we study 
the conditions under which a social dynamic system is expected to become ideologically sorted as a function of the mechanisms of 
interaction between its individuals. To this end, we developed and analyzed a multidimensional agent-based model that incorporates 
two mechanisms: homophily (where people tend to interact with those holding similar opinions) and pairwise-coherence favoritism 
(where people tend to interact with ingroups holding politically coherent opinions). We numerically integrated the model’s master 
equations that perfectly describe the system’s dynamics and found that ideological sorting only emerges in models that include 
pairwise-coherence favoritism. We then compared the model’s outcomes with empirical data from 24,035 opinions across 67 topics 
and found that pairwise-coherence favoritism is significantly present in datasets that measure political attitudes but absent across 
topics not considered related to politics. Overall, this work combines theoretical approaches from system dynamics with model-based 
analyses of empirical data to uncover a potential mechanism underlying the pervasiveness of ideological sorting.
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Significance statement

We investigate the mechanisms behind ideological sorting, a phenomenon in which people’s opinions become aligned on seemingly 
unrelated topics. By implementing a multidimensional agent-based model that includes only experimentally validated psychological 
phenomena such as homophily (the tendency for people to interact with those who share similar opinions) and pairwise-coherence 
favoritism (the tendency for people to interact with ingroups that hold politically coherent opinions), we found that ideological sorting 
is primarily driven by the latter. Moreover, we support our findings by linking the model to empirical data, revealing that the influence 
of pairwise-coherence favoritism is present in political attitudes but absent in issues not considered related to politics.
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Introduction
The increasing political polarization (1–3) has become a worrying 
concern in many different countries (4) and a serious threat to so
ciety and democracy itself (5). Polarization drives hatred among 
family members (6), enables the spread of misinformation (7, 8), 
promotes the segregation of societies, and reduces the chances 
of coherently responding to large-scale crises, as recently demon
strated by the COVID-19 pandemic (9–11). Concerned about the 

risks and societal impacts of this phenomenon, researchers and 
policymakers have tried to develop interventions to reduce polar
ization, obtaining mixed results, and demonstrating the complex
ity of the problem (12–14). In this context, understanding why 
societies tend to become more polarized has become a crucial is
sue in the behavioral and social sciences.

One promising way to understand the emergence of political 
polarization is by studying the behavior of agent-based models 
(ABMs) under different conditions of social influence and 
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interactions. From a modeling point of view, several mechanisms 
have been explored in order to explain issue polarization. For in
stance, bounded confidence (15–18), negative influence or repul
sion (19–21), or homophily in conjunction with other 
mechanisms such as social influence in cultural vectors (22–25), 
persuasive arguments theory (26, 27), or biased assimilation (28). 
Based on a few simplistic assumptions, most studies have focused 
on understanding under which conditions individuals may polar
ize and become more extreme on one single topic (29), even 
though this simplification lacks the possibility of modeling phe
nomena that arise due to the interplay of multiple issues.

While disagreement on policy issues has been extensively stud
ied in previous research, relatively less attention has been paid to 
understanding why people tend to be more aligned across diverse 
and seemingly unrelated topics (2, 30, 31). For example, an individ
ual who supports the women’s right to voluntarily terminate preg
nancy will be more likely to support stricter legislation on gun 
control, even though these topics are, a priori, unrelated to each 
other. While there is consensus on the existence and importance 
of this phenomenon, known as “ideological sorting”, there is debate 
about whether it has been increasing in recent years (32–35). In any 
case, the micro-level mechanisms underlying the emergence of 
ideological sorting in social systems remain poorly understood.

In a recent paper, a set of large-scale behavioral experiments have 
shown that people not only hold politically coherent opinions across 
very different issues but also that this property, i.e. political coher
ence, increases interpersonal attraction among co-partisans (36). In 
other words, individuals who hold coherent opinions are more at
tractive than those individuals having some degree of ambivalence 
in their attitudes (e.g. a person who is anti-abortion but supports 
gun control). This idea is in line with previous findings showing 
that people favor pro-norm deviants (37, 38). However, whether 
and how this driver of interpersonal attraction, called “pairwise- 
coherence favoritism”, relates to macro-level patterns of political po
larization and partisan-ideological sorting remains largely unknown.

This overreaching aim necessarily requires the formulation of 
multidimensional dynamic models where polarization could arise 
in independent individual topics (with no correlation between 
them) or as ideological states where topics are aligned and correla
tions between them are pronounced. In proportion, there are far few
er models that study opinion in multidimensional spaces, which 
could give rise to these phenomena (39–44). Ideological sorting has 
been previously modeled by considering continuous opinions and 
nonorthogonal and overlapping topics (45) or directional voting (46). 
However, none of these approaches have tested the effect of pairwise- 
coherence favoritism, given that it is a recently uncovered empirical 
finding in the social sciences. Here we show that by incorporating this 
rule of interpersonal attraction, issue alignment emerges, even when 
agents start from a random distribution of opinions. To demonstrate 
this, we first formulated the model, numerically integrated its master 
equations, and ran multiple computational simulations, always ob
taining the same consistent results. We then compared different final 
states with actual data from multiple datasets that include 24,035 
opinions on different controversial issues. All analyses indicate that 
homophily alone is insufficient to account for ideologically sorted 
states, highlighting the significance and impact of pairwise- 
coherence favoritism in political interactions.

The model
In previous research (36), the authors performed three different 
studies in different countries and found that people are more at
tracted to politically coherent ingroups rather than to those who 

hold ambiguous or ambivalent opinions. In that study, someone 
was considered coherent if her/his opinions were aligned with her/ 
his political ideology. For example, a coherent Democrat would be 
pro-choice regarding abortion and also favor stricter gun control. 
In two live crowd experiments, participants were arranged in dyads, 
discussed five controversial topics, and completed an interpersonal 
attraction questionnaire. In both cases, interpersonal liking in
creased as a function of similarity, but also of pairwise coherence. 
Interpersonal liking was found to be nonreciprocal: people with am
bivalent and uncertain political views were more attracted to coher
ent ingroups than vice versa. These results were validated by 
performing an online preregistered experiment where political co
herence was experimentally manipulated. Overall, these empirical 
results suggested that liking in the political domain may not be solely 
driven by homophily but by more complex notions of group affili
ation such as pairwise coherence.

Agents, opinions, and communities
We considered a system of N agents. Each agent holds a multidi
mensional vector opinion, where each dimension stands for the 
agent’s opinion on a particular issue (for the sake of simplicity, 
we considered only two issues). For each issue, the agent could 
be against, undecided, or in favor of the issue. Two considerations 
about how opinions are modeled are to be made: Firstly, the inclu
sion of a neutral or undecided state is grounded on modeling ap
proaches (47–50), behavioral experiments (48, 51), and surveys 
(e.g. ANES). Secondly, in order to define a metric for quantifying 
pairwise coherence, we assumed that every political issue ex
pressing a right-wing opinion will be labeled as +1, a left-wing 
opinion as −1, and undecided as 0. Additionally, we explored the 
implications of agents having more than three possible opinions. 
For example, when considering a scenario with five possible opin
ions, we found that the results are the same as when considering 
only three possible opinions, though the model becomes more 
complex (see supplementary material appendix for details).

Therefore, in terms of coherence, we can define four different 
communities: Coherent agents (C ): Agents that hold assertive 
and matching opinions on both issues. Left-wing coherent agents 
(CL) hold both left-wing opinions (O = (−1, −1)) and right-wing 
coherent agents (CR) hold right-wing opinions (O = (1,1)). 
Incoherent agents (I ): Agents that hold assertive but opposite 
opinions on the two different issues. Incoherent agents hold 
one left-wing opinion and one right-wing opinion (O = (−1,1) or 
O = (1, −1)). Weak agents (W ): Agents that hold an assertive opin
ion on one issue and are undecided regarding the other one. The 
agent’s ideology is determined by the political leaning of its assert
ive opinion (O = (−1,0) or O = (0, −1) are considered left-wing weak 
agents and O = (1,0) or O = (0,1) right-wing weak agents). Apathetic 
agents (A): Agents that are undecided on both issues (O = (0,0)). 
Following these definitions, every possible agent’s opinions can 
be mapped onto a 3 × 3 board as shown in Fig. 1A.

In this work, we focused on the populations’ dynamics of each 
community. The agents’ opinions were initially independent and 
uniformly distributed. Because the number of possible combina
tions of opinions is not the same for each community, the initial 
proportion of agents for each community varies. For example, 
the initial proportion of coherent and incoherent agents is 2/9, 
while the proportion of weak agents is 4/9.

Definitions of similarity and pairwise coherence
In what follows, we show how we defined similarity and pairwise 
coherence and how to implement them in the interaction 
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mechanism between agents. First, we defined similarity between 
the agents i and j (Sij) as a function of the Manhattan distance be
tween the agents’ opinions (i.e. the sum of the absolute differen
ces of their Cartesian coordinates). If two agents hold the same 
two opinions, similarity is 1, and it is 0 if they have opposite stan
ces on both issues. This is computed as:

Sij = 1 −
|(Oi − Oj)|1

4
. (1) 

For example, as depicted in Fig. 1B, for agents i and j with opin
ions Oi = (0,1) and Oj = (1,1), the similarity between them is Sij = Sji  

= 3/4, while for agent m with opinion Ok = (−1,0), the similarity 
with i is Sik = Ski = 2/4.

Second, in order to implement attraction from pairwise coher
ence, we define two metrics. The agents’ ideology is computed as:

Ii =
O(x)

i + O(y)
i

2
, (2) 

which ranges from −1 to 1. Ii = −1 corresponds to left-wing coher
ent agents holding two left-wing opinions and Ii = +1 corresponds 
to right-wing ones. Weak agents have an absolute value of Ii = 0.5 
and incoherent agents Ii = 0. The ideology’s sign value corre
sponds to the agent’s leaning: a positive value describes 
right-wing agents and a negative one describes left-wing agents. 
Agents whose ideology is 0 are neutral as they do not belong to 
any of the two groups. Pairwise coherence is computed as:

Cij = |Ii|δij (3) 

(where δ is 1 if i and j have the same ideology’s sign and 0 other
wise), depends on both agents’ ideology and the partner agent’s 

coherence. It takes positive values for dyads who share the 
same leaning and is 0 otherwise. Its maximum possible value cor
responds to coherent ingroup agents and it is 0 for outgroup 
agents. This measure is not commutative and this is in line with 
experimental results that showed that social influence is not al
ways reciprocal (52).

In Fig. 1C, we show an example involving agents i, j, and m. The 
pairwise coherence that j perceives from i is Cij = 0.5, while the co
herence that i perceives from j is Cji = 1. Meanwhile, the pairwise 
coherence between i and m is 0 as they have ideologies with oppos
ite signs. Interestingly, pairwise coherence for neutral agents is 0 
with all communities.

Interactions dynamics
In this model, agents interact with each other and these interac
tions influence agents’ opinions. At each time step, two agents 
are randomly selected and their interaction would lead one of 
the agents to influence the other with probability “P”. We incorpo
rated two different mechanisms that impact agents’ influence: 
homophily (53, 54) and pairwise coherence (36, 55), as defined pre
viously. This probability of influence is implemented as a linear 
combination of both mechanisms:

Pij = (1 − k)Sij + kCij. (4) 

The parameter k modulates the strength of each of the two 
terms and ranges from 0 to 1. When k is 0, interactions are only 
driven by homophily and, when it is 1, only by pairwise coherence. 
Any intermediate value takes into consideration both dynamics as 
proposed by previous experimental work.

Pairwise interactions lead to opinion changes that could occur 
only in one of the two issues. Following field-experiment results 
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Fig. 1. The model. A) Each agent holds an independent opinion on two different topics and, according to their opinions, they are classified in four different 
communities: coherent (C ), incoherent (I ), weak (W ), or apathetic (A). Additionally, agents’ opinions define their ideologies. Agents can be considered left- 
or right-wing (L or R) depending on whether most of their opinions are left- or right-wing oriented. B) Similarity measures how similar the opinions 
between two agents are. It is a commutative measure. Similarity between agents i and j (Sij = Sji = 0.75) is higher than similarity between i and m (Sim = 0.5) 
as the Manhattan distance is lower. C) Pairwise coherence measures the target agent’s political coherence. This is a noncommutative measure. Cji is 1 
because agent j is coherent, but Cij is 0.5 because i is a weak agent. Cmi is 0 because the agents do not share the same ideology. While i is a right-wing 
oriented agent, m is left-wing oriented. D) Interactions between similar agents are attractive (S ≥ T ). After an interaction between i and j, i changes its 
opinion and moves closer to j. E) Interactions between dissimilar agents are repulsive (S < T ). After an interaction between l and j, l changes its opinion and 
moves further from j. This movement could be to the left or down with probability 0.5.
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that showed that partisans who are taken out of their Twitter’s 
echo-chamber became more extreme (56), this model’s interac
tions can be attractive, repulsive, or have no effect, depending 
on agents’ similarity. When agents are similar enough, influence 
will be attractive and agent i will move closer to j by changing 
one of its own opinions as depicted in Fig. 1D. Conversely, for dis
similar agents they can repel or ignore each other. In the case 
where they are ignored (nonrepulsive model), the model can be 
thought of as an extension to 2D of a bounded confidence mech
anism (15, 18, 57). In the repulsion case, agent i changes one of 
its opinions (selected at random) moving further from agent j 
and reducing their similarity as shown in Fig. 1E. It can happen 
that the agent cannot move any further in the selected direction 
and, in this particular case, no change will be made and the inter
action would have no effect at all. For example, in the case of an 
agent holding O = (−1, −1) that cannot move further to negative 
values in any dimension. We set the attraction-similarity bound
ary, T, at similarity T = 3/4. This means that for greater or equal 
similarity values of 3/4, interactions are attractive and they are re
pulsive or have no effect otherwise. By setting T = 3/4, we ensured 
that there are no attractive interactions between agents from dif
ferent leanings, thus avoiding contradictions with previous ex
perimental findings (56). Moreover, we explored different values 
of T and found that alternative settings lead to final states where 
all agents converge to one type of population, a scenario that is not 
observed in actual opinion data (see supplementary material ap
pendix for details).

Summary of interaction rules
In summary, let N agents hold two different opinions initially ran
domly distributed. For each time step: (i) Two agents i and j are 
randomly chosen and we compute Sij, Iij, and Pij according to their 
opinions. (ii) Agent i influences j with probability Pij. The influence 
can be attractive, repulsive, or have no effect, depending on the 
agents’ similarity. (iii) The agent i can modify its opinion on one 
of the two issues.

Master equations
We developed a set of master equations that describe the dynam
ics of the agents’ communities. As at each interaction two agents 
are randomly selected, the probability of choosing an agent from a 
particular community depends on the community’s proportion. 
We computed the likelihood of changing opinions after pairwise 
interactions and obtained the flux’s expected values between pop
ulations. For example, the probability of a weak agent becoming 
coherent or vice versa was calculated by considering the four pos
sible scenarios in which this could occur: 

• A weak agent interacts with a coherent neighbor with prob
ability WC/2 (where W and C are the proportions of Weak 
and Coherent agents, respectively). With influence probabil

ity given by P = (1 − k) 3
4 + k, the weak agent would move to 

the coherent population.
• A weak agent interacts with another weak agent with an op

posite ideology with probability W2/4. With probability 

P = (1 − k) 1
2, it would become coherent due to a repulsive 

interaction.
• A weak agent interacts with an opposite ideology coherent 

agent with probability WC/2. With probability P = (1 − k) 1
4, it 

would move to the coherent population due to a repulsive 
interaction.

• A coherent agent interacts with an adjacent weak agent with 

probability WC/2. With probability P = (1 − k) 3
4 + k

2, the coher

ent agent would move to the weak population.

By repeating this analysis with the other communities, we ob
tained the following equations:

dC
dt

= WC
1 − k
16

+
k
4

􏼒 􏼓

+ W2 1 − k
16

(5) 

dI
dt

= WI
1 − k
16

+ W2 1 − k
16

(6) 

dA
dt

= −AC
1 − k

2
− AI

1 − k
2

(7) 

dW
dt

= −WC
1 − k
16

+
k
4

􏼒 􏼓

− WI
1 − k
16

− W2 1 − k
8

+ AC
1 − k

2
+ AI

1 − k
2

(8) 

We numerically integrate these equations with agents’ initial 
opinions randomly distributed (i.e. C(0)=I(0) = 2/9, A(0) = 1/9, 
and W(0) = 4/9). Then, we observed the final distribution of 
each community for different values of k, as presented in 
Fig. 2A. Particularly, when k = 0, interactions are only driven by ho
mophily. Coherent and incoherent populations exhibit the same 
behavior (dC/dt = dI/dt) and, consequently, the final agents’ propor
tions are the same for both communities (Fig. 2A top-left inset). We 
observe that as k increases so does the number of coherent agents 
(Fig. 2A top-right inset). When k = 1, interactions are only driven by 
pairwise coherence, and, on average, apathetic and incoherent 
populations do not change over time (dA/dt = dI/dt = 0).

We conducted an analysis of fixed points and stability for the 
system of equations. To do that, we set the equations equal to 0 
and assumed that k≠1. If W≠0, from equation 6, we obtained 
that W = −I. Given that the four variables represent proportions, 
their values should be between 0 and 1, it is not feasible for W to 
be nonzero; therefore, W = 0. If A≠0, from equation 7, we obtained 
that C = −I. Since these variables cannot take negative values, C 
and I must also be zero. Then, considering that C + I + A + W = 1, 
we concluded that A = 1, obtaining a fixed point at C = I = W = 0 
and A = 1. If A = 0, all the equations become null, so the set of 
points of the form I = 1−C, W = A = 0 are also fixed points. To ana
lyze the stability at these fixed points, we linearized the system 
and calculated the eigenvalues of the Jacobian matrix. The 
Jacobian for the first fixed point is:

0 0 0 0
0 0 0 0

−
1 − k

2
−

1 − k
2

0 0

1 − k
2

1 − k
2

0 0

⎛

⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎝

⎞

⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎠

(9) 

Thus, the obtained eigenvalues are 0, and the stability of this 
point cannot be determined. However, we observed that in the lin
earized system, and near this point, the derivative of A remains 
negative, indicating that the system is likely to be unstable. By 
examining the eigenvalues of the second set of fixed points, we 
found that two eigenvalues are 0, one is (−1 + k)/2, and another 
is (−1 + k)/16 − Ck/4. Therefore, all the eigenvalues are zero or 
negative, and we only observe attractive behaviors. In summary, 
we found an unstable fixed point where all agents are apathetic 
(A = 1, C = I = W = 0) and a subspace of stable fixed points given 
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by W = A = 0.
We also developed and solved the equations for the nonrepul

sive variant of the model. The terms involving repulsive inter
action are not present and the dynamic equations are as follows:

dC
dt

= WC
k
4

(10) 

dI
dt

= 0 (11) 

dA
dt

= 0 (12) 

dW
dt

= −WC
k
4

(13) 

In this variant, incoherent and apathetic communities, on 
average, do not change over time. When k > 0, all weak agents be
come coherent, and, as a consequence, their communities’ final 
proportions of agents do not depend on k. Figure 2B shows the nu
merical solutions for the nonrepulsive model. Additionally, we 
performed computational simulations for both variants of the 
model and obtained the same results (see supplementary mater
ial appendix for details).

Comparison with empirical data
Here, we focus on one of the multiple phenomena of political po
larization: ideological sorting, in which opinions on seemingly un
related topics display a strong correlation with each other. In the 
context of the proposed model, higher ideological sorting corre
sponds to an increase in the proportion of coherent agents. 
Next, we analyze the extent to which actual opinions on a wide 
variety of controversial issues are sorted and can be analyzed in 
the context of the developed model to study the role of homophily 
and pairwise coherence in opinion dynamics. We work with 

multiple data sources with 24,035 responses on 67 different polar
izing topics. All responses indicate whether participants agree or 
not to each different issue (Table 1).

Data sources
Zimmerman et al. 2022. They conducted multiple behavioral ex
periments in order to understand how people perceive politically 
coherent individuals. First, they performed an online survey ask
ing 180 participants from Argentina for their opinion on 28 differ
ent topics to select relevant and controversial political issues. This 
survey allowed them to select the five political issues and the five 
nonpolitical topics they used in an experiment with 5,038 
participants.

ANES 2020 and 2016. The American National Election Studies 
(ANES) are nationally representative surveys of eligible American 
voters. Surveys have been conducted before and after every presi
dential election since 1948. All the questions are related to US pol
itics. We only used the survey’s questions that express 
participants’ approval or disapproval of controversial issues, 
and we worked with data from the last two surveys. The survey 
performed before the 2020 presidential election was completed 
by 8,280 citizens, while the one before the 2016 election by 4,270.

Freira et al. 2021. They performed an online behavioral experi
ment in 2020 in four different countries to understand how parti
san differences influenced the COVID-19 pandemic perception. 
1,995 participants from Argentina, Brazil, Uruguay, and the USA 
expressed their opinion on eight different pandemic preventive 
political policies.

Pew Research 2020 and 2014 surveys. The Pew Research 
Center is an American think tank that provides information on so
cial issues and public opinion trends. Their different representa
tive surveys cover a wide variety of topics, such as US politics, 
climate, religion, and driverless vehicles. For our purposes, we se
lected two surveys: one oriented to understand the public’s opin
ion on American federal agencies and the other to study how 
religion influences the daily lives of Americans. The first one 
was performed in 2020 and 1,013 participants completed an 

B   Nonrepulsive modelA

Fig. 2. Final states. The model’s final states are shown for different values of k. A) Attractive–repulsive model: The figure depicts the numerical solution 
of the model. The coherent community is shown in purple, the incoherent one in orange, the apathetic community in gray, and the weak one in pink. 
For k < 1, as k increases, so does the final proportion of coherent agents. The top-left inset shows the agents’ opinions’ mean final distribution for k = 0 and 
the top-right inset for k = 0.9. B) Nonrepulsive model: The figure depicts the numerical solution of the nonrepulsive model. The coherent community is 
shown in purple, the incoherent one in orange, the apathetic community in gray, and the weak one in pink. For k > 0, the final proportions of coherent 
agents do not vary significantly with k.

Zimmerman et al. | 5
D

ow
nloaded from

 https://academ
ic.oup.com

/pnasnexus/article/3/7/pgae263/7708911 by H
arvard U

niversity Library user on 19 M
ay 2025



omnibus survey expressing whether they favor or not different 
American federal organizations. In the 2014 trends panel survey, 
3,278 Americans completed a self-administered web survey cov
ering a wide range of topics including religion and personal opin
ions. Within this survey, we focused on personal opinions on 
topics such as lying or meditation.

Although every popular opinion is of interest to political sci
ence, we observed that some of the selected datasets cover topics 
that are part of specific partisan agendas, e.g. abortion or gun con
trol, while others do not relate to any political platform, e.g. pets 
or food preferences. To confirm that our datasets included both 
political and nonpolitical issues and to determine whether the dis
tinction between these two categories is not arbitrary, we con
ducted a preregistered online survey. In this survey, participants 
on Prolific were asked to what extent they consider the statements 
from each dataset to be related to politics on a 7-point Likert scale 
ranging from “not at all related” to “extremely related”. Each par
ticipant (N = 100 US citizens, 50 male/female, mean age: 38.8, SD: 
12.6) was presented with five statements randomly chosen from 
six different data sources: two datasets from Zimmerman et al. 
2022, ANES 2020 or ANES 2016, Freira et al. 2021, Pew Research 
2020, and Pew Research 2014 (Table 1). Participants were in
structed to evaluate the set of statements as a whole rather 
than the individual statements within it. The study received ap
proval from the ethics committee for scientific and technological 
research at the Universidad Abierta Interamericana (protocol 
number 0-1104), and informed consent was obtained from all 
participants. Consistent with the preregistration, participants 
rated the datasets we had considered to be related to politics 
higher (M = 5.66 ± 0.08) compared to the nonpolitical ones (M =  
1.30 ± 0.06; linear mixed-effects model: b = 4.4 ± 0.1, t(499) = 39.7, 
p = 2 × 10−156). This result supports a consensus-based distinction 
between political and nonpolitical issues (see supplementary 
material appendix for details).

Sorting
For each dataset, we selected the questions that express partici
pants’ opinions on a particular topic. Moreover, we only consid
ered controversial issues in which there is not a majoritarian 
opinion. The selected issues’ responses exhibit high variance fol
lowing our selection criteria (σ2 > 0.5). Following the proposed 
model, all responses were mapped into three possible answers: 
−1, 0, or 1, where 0 expresses an undecided or neutral posture. 
For some questions this procedure was trivial, but for others, we 
merged different degrees of acceptance into one unique alterna
tive. For example, all the following answers were considered as 
an agreement in our model: “agree strongly”, “agree somewhat”, 
“very favorable”, and “mostly favorable”. This approach was ap
plied to the responses from the ANES data. However, to ensure 
that our results were not influenced by this classification method, 

we created two datasets for each ANES survey (2016 and 2020): 
one following the described merging procedure and another data
set that includes only answers to questions where participants 
had only three possible responses, thus eliminating the need to 
collapse data. This approach allows us to control for the influence 
of response categorization on our findings (see supplementary 
material appendix for details). Furthermore, in order to observe 
ideological alignment, we needed to code responses as in the mod
el: right-wing opinions as 1 and left-wing opinions as −1 regardless 
of how the question was presented. To do so, we followed the pro
cedure proposed by Zimmerman et al. 2022 where they projected 
the agree/disagree opinions to the data’s first principal compo
nent, which, in the political domain, is equivalent to coding 
them as left/right-wing answers and align the responses into their 
corresponding ideology.

Once we had responses on controversial issues categorized into 
three possible opinions (typical left-wing, neutral, and typical 
right-wing), we proceeded to contrast the data’s partisan-ideological 
sorting with the proposed two-dimensional model. This analysis 
focused on the relationship between the proportion of coherent 
(C ) and incoherent (I ) opinions. For each dataset, we examined 
every possible pair of opinions to identify the number of partici
pants presenting coherent opinions (both opinions aligning as 
1,1 or −1, −1) as opposed to incoherent opinions (1, −1 or −1,1). 
For each dataset, we calculated a single sorting value for each 
pair of opinions, which is the proportion of participants expressing 
coherent opinions relative to the total number of both coherent 
and incoherent opinions. Then, we computed the average sorting 
value for each dataset by considering all possible topic pair 
combinations. Therefore, sorting (S) was determined by averaging 
the proportion of pairwise coherent opinions in relation to the 
combined total of coherent and incoherent opinions across all 
potential opinion pairs within each dataset (see supplementary 
material appendix for details).

S =
C

(C + I)
(14) 

Figure 3A shows the mean sorting value for each dataset 
ranked from lowest to highest. Nonpolitical datasets are shown 
in light gray and political datasets in black. Noteworthy, the polit
ical datasets exhibit the highest sorting values.

Furthermore, we followed the same procedure to compute the 
mean sorting value of 100 simulations where k = 0, these are 
homophilic-only simulations. First, for each simulation’s final state, 
we projected the opinions to their first principal component, and 
then we computed the corresponding sorting value. The mean 
sorting value of the simulations (y = 0.52) is depicted in a dashed 
horizontal gray line (Fig. 3A). We observed that none of the non
political sorting values are significantly different from homophilic- 
only simulations (one sample t-test: ts < 3.1, ps > 0.013) and 10 out 
of 12 political sorting values are (ts > 5.7, ps < 0.0004).

Table 1. A summary of the most relevant characteristics of the six data sources considered in this work: the source, the year in which the 
survey was conducted, the number of selected issues, the number of participants who completed each survey, the country, and whether 
topics were considered related to politics or not. These data sources include 24,035 responses on 67 different topics.

Source and year Number of selected issues Number of participants Country Topic

Zimmerman et al. 2022 21 5,218 Argentina Political & nonpolitical
ANES 2020 14 8,280 USA Political
ANES 2016 28 4,270 USA Political
Freira et al. 2021 8 1,976 Argentina, Brazil, Uruguay & USA Political
Pew Research 2020 5 1,013 USA Political
Pew Research 2014 5 3,278 USA Nonpolitical
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Additionally, having the model’s numerical solution allowed us 
to obtain the model’s k-value that results in a final state matching 
the sorting value observed in each dataset. Because the proportion 
of the coherent community, and therefore sorting, increases 
monotonically with respect to k for k < 1, we were able to map 
each sorting value to a corresponding k-value. For each dataset, 
we used the range provided by the standard error of the mean 
sorting to determine the minimum and maximum k-values, and 
then we computed the mean k-value. This parameter allows us 
to quantify an underlying social mechanism derived from ob
served opinion data. The value of k quantifies the relevance of 
pairwise-coherence favoritism in relation to homophily across 
various contexts, such as different issues, countries, or popula
tions. A k-value of 0 would indicate that the observed data could 
be explained solely by considering homophily. A value of 0.5 
would highlight that pairwise-coherence favoritism is as relevant 
as homophilic interactions. A k-value of 1 does not take into ac
count the influence of homophily, which contradicts well- 
established findings in social science. Therefore, we focused our 
analysis on cases where k < 1. For each dataset, we derived a 
k-value from the model that could explain the observed levels of 
sorting. Moreover, through the online survey, we obtained their 
perceived politicalness. The results of social experiments have 
shown that pairwise-coherence favoritism is present in political 
discussions but not in nonpolitical issues (36). Consistent with 
this finding, we expected higher k-values among datasets catego
rized as political. As preregistered, we found that the datasets’ 
k-values were correlated with their mean perceived politicalness 
reported in the online survey (Spearman correlation: r = 0.62, 
p = 0.03; Fig. 3B).

Taken altogether, by combining the model with actual data, we 
found that nonpolitical controversial opinions exhibit the lowest 
observed levels of sorting, which can be explained by homophily 
and attractive–repulsive interactions. But, in the political domain, 
homophily alone cannot explain the emergence of the observed 
levels of ideological sorting. These results are in accordance 
with recent experimental work that showed that both homophily 
and pairwise-coherence favoritism are relevant in pairwise polit
ical interactions. Moreover, our model allowed us to study how 
these mechanisms impact the macroscopic opinion landscape. 

Particularly, how they relate to issue polarization and ideological 
alignment.

Discussion
In this work, we considered a multidimensional agent-based mod
el to study how pairwise-coherence favoritism, a finding from ex
perimental psychology, could explain the emergence of 
ideological sorting. This model considers two well-known and 
studied phenomena: agents who share similar opinions are 
more likely to interact and these pairwise interactions can be at
tractive or repulsive depending on their similarity. Moreover, we 
included a third and recent finding in which agents are more at
tracted to coherent ingroups rather than incoherent or outgroup 
members. Interestingly, by incorporating this last assumption, 
opinions become more aligned, and we were able to reproduce dif
ferent correlation patterns similar to those widely observed 
among political opinions, i.e. ideological sorting.

We developed a two-dimensional model as our main interest 
was to study the effect of pairwise-coherence favoritism in polit
ical interactions and its impact on ideological sorting. The com
monly used one-dimensional models of opinion formation lack 
the possibility to model these mechanisms as well as other rele
vant phenomena involving the relation between topics. The im
plementation of opinion models necessarily requires making 
assumptions to decide which dynamics should be implemented 
and how. Here, the criterion was to consider only mechanisms 
that are experimental findings from social psychology and not 
merely hypothetical assumptions. Additionally, we compared 
the model’s outcomes with 24,035 opinions on controversial is
sues. These opinions belong to multiple surveys that studied a 
wide diversity of topics in different countries. As we formulated 
and numerically integrated the model’s master equations, we 
were able to obtain the model’s parameter k. This allowed us to 
replicate the opinions’ distribution for every dataset, observe 
that there are different mechanisms involved in political and non
political discussions, and study which underlying psychological 
mechanisms could be driving the observed levels of ideological 
sorting. For instance, for the nonpolitical datasets, k was not 
found to be significantly different from 0, implying that pairwise 
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Fig. 3. Sorting patterns, model’s parameter k, and perceived politicalness. A) The figure shows the mean sorting value and its standard error (SEM) for 
each dataset ranked from lowest to highest. Dataset ID numbers correspond to different sets of questions, as detailed in Table S1. Nonpolitical datasets 
are shown in light gray and political datasets in black. Asterisks indicate whether the sorting value is significantly higher than the one observed in 
homophilic-only simulations (*P < 0.01). B) The figure shows the perceived politicalness obtained from the online survey (x-axis), and the model’s 
parameter k obtained from the opinions in each dataset through the model (y-axis). The figure shows the mean and SEM of these variables for each 
dataset. Nonpolitical datasets are shown in light gray and political datasets in black.
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coherence does not influence these debates. These results are 
consistent with previous studies that showed that pairwise coher
ence is characteristic of the political domain.

Moreover, our analysis helped us understand the relationship 
between the different data sources and the traditional political 
parties’ agendas. For example, the ANES’ results, which cover 
the most relevant and discussed topics within American politics, 
exhibit a higher proportion of coherent respondents. On the other 
end, the least aligned political topics are related to the COVID-19 
pandemic perception (58). On the one hand, opinions regarding 
the pandemic are recent and they are not expected, a priori, to 
be aligned with a particular political platform. On the other 
hand, the required response to control the virus’ spread is not 
merely political, as it involves both political and personal aspects 
of every citizen. Also, we know that the perception and compli
ance with the recommended behavior varied widely across differ
ent countries and contexts (59–62).

The simplicity of the proposed model comes with its own limi
tations. Firstly, we focused our study on controversial issues that 
exhibit a low proportion of undecided opinions. Whether and how 
the proposed model could explain other opinions’ distributions re
mains unexplored. Secondly, the model assumes that each agent 
holds an opinion on two topics. Extending the model to more 
topics has yet to be explored and presents unique challenges. 
One challenge is defining the incoherent population when the 
number of topics is odd, as it becomes impossible to have an equal 
number of views from each political leaning (positive and negative 
opinions). Additionally, when exploring a higher number of topics, 
there will always be two states of coherent agents (all positive or 
all negative opinions). In contrast, the incoherent ones can be rep
resented by multiple states, each having an equal number of posi
tive and negative opinions. This complexity should be taken into 
account when calculating sorting values. Thirdly, although it al
lows us to capture the temporal dynamics of opinions, it is hard 
to define an adequate time frame in order to match the model’s 
time evolution with actual observed opinion changes. Finally, 
we observed that it is not possible to replicate the correlation pat
terns of political opinions by only considering attractive and re
pulsive homophilic interactions. But this observation does not 
necessarily imply that pairwise-coherence favoritism is the one 
and only mechanism driving ideological alignment. More behav
ioral experiments are needed to understand the importance of 
each of the multiple factors associated with ideological sorting.

It has become urgent to find and implement solutions to the 
worryingly rising political polarization. As issue polarization, out
group hate and distrust, and political segregation increase, dem
ocracy gets weaker. One key element of this herculean mission 
is to fully understand the underlying social, political, and 
psychological mechanisms driving polarization. To do so, more 
combined efforts from experimental approaches, theoretical 
modeling, and large-scale empirical studies are needed.
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