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Abstract
Digital media is often blamed for deepening societal divides by fostering echo-
chambers that reinforce biases. However, the polarized opinions visible on the media 
may not necessarily indicate deeper fragmentation of hidden beliefs, which is often 
assumed to be driven by persuasion. Instead, public opinion polarization can emerge 
from contextual dynamics that decouple private attitudes from expressed opinions. 
This study explores these conditions through an agent-based model (ABM) that 
integrates the dynamics of attitude formation with the ‘spiral of silence’ theory. The 
simulations reveal that opinions can polarize or converge due to subtle contextual 
changes—such as changes in social connectivity or elite influence—even when the 
degree of attitude polarization remains moderate. Furthermore, the findings show 
that increased social connectivity attenuates the polarization of both attitudes 
and opinions, as greater exposure to diverse perspectives mitigates the effects of 
repulsion toward opposing views. These findings highlight how public opinions may 
fail to reliably reflect the true sentiments of the population, creating a misleading 
impression of a more fractured society while suggesting that increased connectivity 
could help mitigate such divisions.
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The widespread adoption of digital media acts as a double-edged sword in communi-
cation, enhancing citizens’ participation in public discourse while potentially amplify-
ing polarization and populism (Lorenz-Spreen et al., 2022). Social media, in particular, 
raises concerns about deepening societal divides by fostering echo-chambers, where 
individuals primarily interact with like-minded others (Flaxman et al., 2016; Sunstein, 
2017). Although diversifying the range of viewpoints presented to users has often been 
suggested as a remedy, recent studies indicate that encountering opposing opinions on 
social media may actually intensify polarization rather than mitigate it (Bail et  al., 
2018; Törnberg, 2022). Moreover, there is a concern that private attitudes may be 
more polarized than they appear, obscured by self-censorship or fear of social isolation 
(Hayes, 2007; Hayes et al., 2005; Mutz, 2002). This situation hints at a deeper societal 
fragmentation than what is immediately visible, as individuals hide their extreme 
viewpoints to avoid social consequences.

Conversely, an alternative perspective posits that the opinions prevalent on social 
media platforms may not accurately represent the variety of private beliefs, as evidence 
suggests that widespread attitude polarization is relatively uncommon (Baldassarri & 
Bearman, 2007; Prior, 2013). The concept of a ‘silent majority’, where individuals with 
moderate attitudes may opt for silence, leaving the public stage to vocal minority of 
extremists, exemplifies this point (Manfredi et al., 2020). Recent studies also indicate 
that exposure to polarized opinions can silence less extreme voices (Cinelli et al., 2021) 
and even discourage social media usage entirely (Nordbrandt, 2023), thereby effec-
tively enlarging the volume of silence within the public sphere. This suggests that the 
appearance of highly polarized opinions might not accurately reflect the true sentiments 
of the population, which remain relatively invariant, because a substantial portion of the 
population may choose to conceal their true beliefs.

These differing perspectives highlight the complexity of the issue but converge on 
a crucial insight—the distributions of private attitudes and expressed opinions do not 
always match. This distinction, often overlooked in academic research, is essential for 
comprehending public opinion dynamics (Banisch & Olbrich, 2019; Manfredi et al., 
2020). The visible landscape of opinions may significantly differ from actual attitudes, 
a notion tied closely with the spiral of silence theory (Noelle-Neumann, 1974), which 
explores how silence in the public sphere grows or recedes. However, much existing 
research on the spiral of silence has primarily focused on identifying the psychosocial 
factors leading to silence, often overlooking the intricate interplay between attitudes 
and publicly voiced opinions (Sohn, 2022; Sohn & Geidner, 2016).

The convergence or decoupling between underlying attitudes and expressed opin-
ions largely depends on how and what kinds of opinion climates individuals face, 
which is in turn dependent on the composition of local social neighborhoods they 
belong to as well as the topology of global social networks. When individuals interact 
within echo-chambers of similar views on social media, they may mistakenly believe 
their attitudes are more widely shared than they actually are, known as the phenome-
non of false consensus (L. Ross et al., 1977), and thus likely speak out them publicly. 
As illustrated by Mutz (2002), conversely, exposure to a diverse range of viewpoints 
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might lead to pluralistic ignorance, where individuals incorrectly perceive their views 
as less common than they are (Katz & Allport, 1931). This misperception may lead to 
a reluctance to share their attitudes openly.

The spectrum of potential scenarios between these two distinct situations is vast, 
shaped by the intricate ways individuals form, modify, and choose to disclose their 
attitudes during interactions with others. This complexity suggests that the distribu-
tions of attitudes and opinions emerge not merely from a collection of individual states 
but as a result of iterative, complex interactions among numerous interconnected indi-
viduals (Galesic et al., 2021). Every individual in this extensive network influences 
and is influenced through a series of local connections, creating a web of influence that 
governs the evolution of attitudes and opinions. Given the scale and complexity of 
these networks, it can be extremely cumbersome, if not impossible, to track these 
dynamics over time with traditional methods, such as variable-based modeling (Macy 
& Willer, 2002; Miller & Page, 2007).

In seeking an alternative approach, this study employs an agent-based model 
(ABM) that integrates the dynamics of attitudes with the mechanisms of opinion 
expression, extending from the spiral of silence theory. The utilization of computer 
simulations has been proven to be particularly suited for studying the emergent pro-
cesses involving complex social dynamics, such as public opinion and media effects 
(Cabrera et al., 2021; B. Ross et al., 2019; Sohn, 2022; Sohn & Geidner, 2016; Song 
& Boomgaarden, 2017; Waldherr, 2014). The primary objective of this study is to 
employ integrative simulations to explore under what conditions the distribution of 
publicly expressed opinions either polarizes or converges relative to the distribution of 
private attitudes within a networked communication environment.

Modeling the Interplay Between Attitudes and Opinions

Attitude is a private, evaluative response to an object or issue, reflecting an individu-
al’s internal beliefs or feelings. In contrast, an opinion is the outward expression of that 
attitude, manifesting as an observable statement or action, such as political arguments 
or votes. In public opinion research, these two terms are frequently used without clear 
distinction, and models that explore their dynamics typically adhere to one of two 
pathways: comparison-based processes, where individuals adjust their attitudes/opin-
ions by evaluating those of others, and alignment-based processes, where attitudes/
opinions shift to align with the majority or minority. Comparison-based processes, 
which are presumed to occur at the inter-individual level, can be modeled in various 
ways—using either discrete states, like in the Ising model (Li et al., 2019), or continu-
ous variables that change in pairwise interactions (Deffuant et  al., 2000) or group 
dynamics (Hegselmann & Krause, 2002). The continuous variable approach often fea-
tures the concept of bounded confidence, depicting individuals’ tendency to align with 
similar opinions and ignore those that significantly deviate from their existing beliefs 
(Deffuant et al., 2000; for comprehensive review of these models, see Castellano et al. 
(2009).



4	 Communication Research 00(0)

However, empirical evidences suggest that individuals might not only disre-
gard views significantly different from their own but could also actively adjust 
their attitudes to further distance themselves from conflicting perspectives (Bail 
et  al., 2018; Myers & Bishop, 1970; Sherif & Hovland, 1961). Building upon 
these insights, several models have been proposed that encapsulates the dual pro-
cesses of assimilation and differentiation (Keijzer et  al., 2024). For instance, 
Macy et al. (2003) adapted the Hopfield network model to simulate how individu-
als are drawn toward similar others and repelled by dissimilar ones, providing an 
early framework for the dual processes. Flache and Macy (2011) further expanded 
this approach to investigate how opinions within social networks assimilate or 
diverge, particularly in the context of long-range social connections. More 
recently, Axelrod et al. (2021) applied the attraction-repulsion rule to exploring 
the various circumstances that lead to the polarization or convergence of 
attitudes.

In models grounded in alignment-based processes, meanwhile, attitude adjustments 
occur between an individual and a group, depending on alignment with either major-
ity, or minority group norms. Social Impact Theory illustrates this, emphasizing that 
attitudes are shaped by the strength, immediacy, and number of sources of social influ-
ence (Latané & Wolf, 1981; Nowak et  al., 1990). These principles suggest that in 
majority contexts, individual attitudes are reinforced through the cumulative effect of 
multiple sources of social influence. Conversely, in minority settings, the relative lack 
of these reinforcing influences can lead to a weakening of these attitudes, a process 
akin to the spiral of silence (Noelle-Neumann, 1993). Leveraging these insights, a 
range of models have been developed, including discrete state models like the voter 
model (Clifford & Sudbury, 1973) and the majority rule model (Galam, 1997) and 
continuous variable models, to explore phenomena such as the spiral of silence (B. 
Ross et al., 2019; Sohn, 2022; Sohn & Geidner, 2016) and selective exposure to media 
(Song & Boomgaarden, 2017).

While these models undoubtedly offer valuable insights, they frequently conflate 
the concepts of attitudes and opinions, overlooking the intertwined relationship 
between them. Failing to discern these elements can yield an incomplete understand-
ing of social dynamics, potentially leading to ineffective decisions or misinterpreta-
tions (Manfredi et  al., 2020). For instance, businesses that consider only public 
customer reviews may fail to account for more enduring, private attitudes shaped by 
factors like brand loyalty, potentially leading them to overprioritize short-term gains 
rather than building long-term brand value. Likewise in politics, focusing on the loud-
est opinions can push positions to extremes, neglecting moderate or ambivalent atti-
tudes that remain publicly unspoken. Conversely, attending only to majority attitudes 
risks overlooking the crucial insights of vocal minorities (Moscovici, 1976; Prislin, 
2022). As these examples illustrate, conflating private attitudes with publicly expressed 
opinions may result in misattributing silence to broad consensus or polarization, when 
in reality many hold unvoiced, divergent beliefs. The need to bridge this gap is evi-
dent—attitudes and opinions are inseparably linked, and understanding this relation-
ship is pivotal for comprehending the various emergent patterns in social contexts, 
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particularly in platforms like social media where a substantial number of individuals 
choose silence (Sohn & Choi, 2023).

Moreover, the conflation of attitudes and opinions in these models presents a false 
dichotomy between comparison-based and alignment-based processes as mutually 
exclusive mechanisms. This overlooks the potential for these processes to coexist in 
shaping attitudes and opinions, with their occurrence varying depending on social 
contexts (Kendal et al., 2018). Alignment-based processes, for example, become par-
ticularly relevant under group pressures where individuals might mask their true atti-
tudes (Cialdini & Goldstein, 2004; Sassenberg & Jonas, 2007), suggesting its utility 
in modeling opinion expression rather than attitude adjustment, a domain where 
comparison-based processes might be more applicable. Distinguishing between pri-
vate attitudes and expressed opinions, therefore, reveals two distinct processes—
adjusting attitudes, which involves internal belief changes, and deciding to express 
opinions, which concerns the public articulation of these beliefs. Each requires its 
own mechanism, comparison for the former and alignment for the latter, highlighting 
the need for models that accommodate both aspects to fully capture the dynamics of 
social influence.

The Roles of Social Networks

Understanding the transition from private attitudes to expressed opinions requires an 
exploration of not only how attitudes are formed and changed but also the contexts and 
conditions under which individuals choose to reveal or conceal their attitudes (Cialdini 
& Goldstein, 2004; Noelle-Neumann, 1993). Research into the spiral of silence has 
extensively explored the reasons why individuals choose to stay silent when con-
fronted with majority opinions. Several moderating factors have been identified, 
including self-censorship (Hayes, 2007), communication apprehension (Neuwirth 
et  al., 2007), attitude certainty (Matthes et  al., 2010), disagreement and publicness 
(Chen, 2018), among many others (for metanalytic review, see Matthes et al. (2018)).

In addition to these psychological moderators, the decision to express opinions also 
hinges on the size and structures of the surrounding social networks (Sohn, 2022). 
When people have greater social reach—the spatial and structural range within which 
they form ties with others—they are more likely to encounter diverse opinion climates 
where majority pressures tend to be diluted. Since larger networks are more likely to 
include weak ties (Granovetter, 1973), the perceived social pressure from the majority 
may be reduced when those individuals are not closely connected. Conversely, limited 
social reach may confine individuals to more homogeneous environments, reinforcing 
dominant views and discouraging dissent. Overall, these patterns suggest that indi-
viduals’ willingness to publicly express their attitudes is shaped in part by their social 
reach and the structural composition of their networks.

Additionally, individuals who are centrally located in a network, often termed 
‘opinion leaders’ or simply ‘elites’, can yield greater influence over attitude change 
and opinion climates due to their numerous direct or indirect connections (Centola, 
2010; Watts & Dodds, 2007). Many studies have already shed light on the roles of 
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social network structures and elites in shaping public opinion (Watts & Dodds, 2007), 
the behavioral diffusion process (Assenova, 2018; Centola, 2018), the alignment of 
political issue domains (Baldassarri & Bearman, 2007), and the spiral of silence pro-
cess (Cabrera et al., 2021; Sohn, 2022; Sohn & Geidner, 2016). However, beyond their 
mere presence, the distribution of their voices—their level of consensus or disagree-
ment on specific issues—can significantly impact the formation of public opinion. For 
instance, recent studies found that unless there was convergence in news media opin-
ions, their impact quickly dissipated in the spiral of silence process (Sohn, 2022). This 
phenomenon can be partially explained by the concept of information entropy, a mea-
sure of uncertainty or disorder in an environment (Shannon, 1948). The mere presence 
of alternative viewpoints in a discourse can significantly increase the level of informa-
tion entropy, introducing a greater degree of uncertainty into the opinion landscape.

Besides the consensus or lack thereof, the intensity and extremity of the opinions 
these elites express can significantly determine the direction of public sentiment. For 
instance, extreme elites—those who hold and express views at the far ends of an atti-
tude spectrum—may exacerbate affective polarization (Druckman et al., 2021). They 
can attract individuals with similar attitudes while repelling those with differing atti-
tudes (Axelrod et al., 2021), which is particularly pronounced among those holding 
strong partisan attitudes or less politically informed (Bäck et  al., 2023; Banda & 
Cluverius, 2018). The presence of extreme elites could also embolden individuals 
whose attitudes are in the minority to voice their opinions publicly. As a result, these 
extreme elites can make the overall opinion climate appear more polarized, potentially 
impeding the convergence of individual opinions (i.e., the spiral of silence) and lead-
ing to the perception of a more divided public.

In contrast, the presence of moderate or ambivalent elites—those with viewpoints 
near the middle of the attitude spectrum—could potentially mitigate the tendency of 
individuals to express extreme viewpoints (Röchert et al., 2022). Just as experts can 
mitigate the diffusion of misinformation through corrective interventions (Lewandowsky 
et al., 2017), or framing polarization as problematic can prompt people to support bipar-
tisanship (Robison & Mullinix, 2016), moderate elites may similarly exert a moderat-
ing influence on public discourse. In a networked communication environment, these 
extreme or moderate elites might serve as guideposts toward which individual attitudes 
and opinions are attracted or repelled (Axelrod et al., 2021). Extreme elites could pull 
ambivalent attitudes toward more extreme positions, while moderate elites could poten-
tially attenuate affective polarization by allowing space for diverse perspectives.

Drawing on the issues discussed above, this study aims at exploring the following 
research questions:

RQ1. Under what conditions do the distributions of private attitudes and expressed 
opinions converge or diverge, and when they diverge, which tends to show greater 
polarization?
RQ2. Does increasing social reach—thereby increasing the average degree of indi-
vidual networks—mitigate or exacerbate the polarization of attitudes and 
opinions?
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RQ3. What role do the diversity and extremity of elite opinions play in the dynam-
ics of attitudes and opinions?

In the following sections, a model of attitude formation and opinion expression and 
simulation procedures are described in detail.

Model Development

The evolution of public opinion results from iterative interactions among a multitude 
of individual actors holding private attitudes dispersed across social networks. 
Therefore, to examine how these dynamics unfold, we need to adopt a bottom-up 
approach that initially establishes the rules for individual behaviors, specifically 
regarding the formation and change of attitudes through interactions with others 
(Miller & Page, 2007). Consider a society of N  individuals, each holding an attitude 
toward a contentious issue, such as the mandatory vaccination or the legalization of 
same-sex marriage. Some might support it, while others may oppose it, all with vary-
ing levels of intensity. Building upon the work of Sohn (2022), the attitude of an 
individual i  (denoted by ai ) is modeled as a composite of two elements: valence and 
confidence. Valence is a dichotomous variable with either a +1  or −1  value, signal-
ing the direction of the attitude, while confidence is a continuous vector with real 
values in [0, 1] range. When combined, these factors allow for the attitude value to 
range in [−1, 1].

Attraction-Repulsion Rule for Attitude Change

 Attitudes are not formed in isolation but are subject to various social influences 
(Cialdini & Goldstein, 2004; Sassenberg & Jonas, 2007). When people come across 
opinions that match their pre-existing attitudes, they often adjust their attitudes to 
align more closely with those views. Conversely, when faced with opinions that greatly 
differ from their own, they may shift their attitudes to further distance themselves from 
those conflicting views (Keijzer et al., 2024; Macy et al., 2003). To contextualize the 
dual processes, it is necessary to assume that individuals possess a psychological toler-
ance or latitude that establishes the limit for tolerating dissimilar opinions—below this 
limit, individuals assimilate with others, while beyond it, they distance themselves. 
Suppose we can quantify a person’s tolerance latitude on an attitudinal scale, repre-
sented by , which indicates the maximum extent of difference they can tolerate. For 
instance, an individual might have a tolerance level set at 1.0 on an attitudinal scale 
spanning from −1  to +1. This means that he or she can bear any opinion from others, 
as long as the distance from their own attitude is equal to or less than 1.0.

To put this formally, let’s consider the attitude of an individual i  at time t +1  is a 
function of their prior attitude at time t , and the absolute difference between their own 
attitude and the opinion of a randomly selected social neighbor j, denoted as 
d a oij
t

i
t

j
t( ) ( ) ( )� � . Here, dij

t( )  represents the distance in attitudes between two individu-
als on the attitudinal scale only if individual j ’s attitude is outwardly revealed; oj

t� �  
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represents individual j ’s expressed opinion at time t . If dij
t( )  is equal to or smaller 

than  , suggesting that individual i  finds the neighbor j ’s opinion within their toler-
ance limit, then individual i’s attitude at time t +1  may shift closer toward the arith-
metic mean of their current attitudes, µij

t( ) . Conversely, if dij
t( )  exceeds  , indicating 

the difference is beyond i ’s tolerance, individual i ’s attitude at t +1  will diverge 
from j ’s opinion by an amount proportional to the difference between their mean and 
i ’s current position.

A limitation of the described attitude adjustment model is that large differences in 
attitudes can lead to disproportionately large shifts, which contradicts empirical find-
ings suggesting that attitudes—especially extreme ones—are generally more resistant 
to change (Tormala & Petty, 2004). To reflect the diminishing likelihood of significant 
changes as attitudes approach the extremes, it is necessary to incorporate a responsive-

ness parameter, � a
s

a
i
t

i
t

� �
� �� � �

�1
, which reduces the magnitude of both attraction and 

repulsion in attitude adjustments as attitudes become more extreme. Here, s = 0 5.  sets 
the maximum responsiveness when attitude is near zero, gradually decreasing as the 
absolute value of the attitude increases. Additionally, to ensure attitudes remain within 

the predetermined range of [−1, 1], a damping factor, � a ai
t

i
t� � � �� � � �1
�
, is applied in 

situations where attitudes are further apart near the boundaries, with the parameter β  
set at 1.0. The rule can be summarized as follows (see Appendix for more details):

	 a
a a a if d

a a
i
t

i
t

i
t

ij
t

i
t

ij
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i
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i
t

�� �
� � � � � � � � � �
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�

� � � �� � �
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1
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�

, 

�� � � � � � �� � �� � � � �

�

�
�

�
� � �ij

t
i
t

i
t

ij
ta a if d, ( ) 

	 (1)

Opinion Expression Rule

Not all attitudes are outwardly expressed, with only a fraction made publicly observ-
able as opinions. In modeling this process, especially in the spiral of silence literature, 
it has been a common assumption that individuals maintain fixed thresholds for 
expression and only reveal those attitudes that surpass them (Cabrera et al., 2021; B. 
Ross et al., 2019; Sohn, 2022; Sohn & Geidner, 2016). To formally define the thresh-
old rule, let an individual i ’s expression threshold be denoted as φi , which varies 
across individuals but remains static over time. The probability of this individual 
revealing their own attitude can then be expressed as follows:

	 P expression
if a

if a
i
t i

t
i

i
t

i

( )

( )

( )

� � �
�

�

�
�
�

��

1

0

�

�
	 (2)
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Individual attitudes, typically modeled as comprising valence (direction) and con-
fidence (strength) on a scale, become more extreme as confidence increases in either 
direction. This equation formalizes that the likelihood of an individual publicly reveal-
ing their attitude depends solely on the degree of confidence, irrespective of its direc-
tion. While it is reasonable to assume that individuals reveal their attitudes only when 
confident enough, previous studies have typically assumed that this confidence 
changes based on individuals’ majority or minority status—introducing a separate 
mechanism for attitude change that diverges from the attraction-repulsion model 
described earlier. This presents a conceptual inconsistency, as it involves two distinct 
mechanisms to explain the same process of attitude change.

To integrate these two different mechanisms in a single model, we propose to 
change the once-static threshold for expression into an adaptive variable, �i

t� � , that 
adjusts over time in response to majority-minority dynamics an individual encounters. 
This modification can be implemented with a slight adjustment to the logistic function 
used in prior models (B. Ross et al., 2019; Sohn, 2022; Sohn & Geidner, 2016), as 
indicated in Equation 3.

	 �
��i

t l

e i
t

� � �
�1

( ) 	 (3)

Here, �i
t� �  represents individual i ’s expression threshold at time t , which dynami-

cally shifts in response to the surrounding opinion climate. This climate is quantified 

by the local opinion ratio, defined as: �i
t s

t
o
t

s
t

o
t

n n

n n
( )

( ) ( )

( ) ( )
�

�
�

, where ns
t( )  and no

t( )  represent 

the counts of directly observable opinions that share the same or opposite direction 
(i.e., +1 or −1) as individual i ’s own stance, irrespective of their confidence or 
strength.1 Consequently, �i

t� �  rises in minority scenarios (i.e., �i
t( ) � 0), reflecting a 

hightened reluctance to reveal one’s own attitude, but falls in majority ones (i.e., 
�i
t( ) � 0 ), indicating a higher propensity to share one’s opinion.
In this integrated model, there are thus two central variables—individuals adjust 

their attitudes by comparing them with their randomly selected social neighbors 
while concurrently modifying their expression thresholds according to whether their 
attitudes align with the local majority or minority opinions. This method allows us to 
holistically examine how private attitudes evolve through social comparison pro-
cesses and how these private attitudes transition into publicly expressed opinions as 
dictated by the principles of the spiral of silence theory. For example, if an individual 
perceives attitude being in the minority (or majority), the threshold for expressing it 
increases (or decreases), rather than the attitude itself changing. This means that even 
when an individual feels strongly about a particular issue, they may choose to keep it 
to themselves if they perceive themselves to be in the minority. This phenomenon, 
which is frequently observed in real-world situations, was not sufficiently represented 
in the earlier models.
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Polarization Indices for Private Attitudes and Expressed Opinions

Numerous formal measures to quantify polarization have been discussed in the litera-
ture, with Bramson et al. (2016) providing a comprehensive review. In line with our 
simulation’s primary goal of exploring the convergence or decoupling between atti-
tude and opinion distributions, a composite index is proposed to assess the degree of 
polarization in both private attitudes and publicly expressed opinions. This index, the 
attitude polarization index (API), is calculated using the product of the attitude vari-
ance at time t, denoted as σ att

t( ) , and the inverse of coverage, 1��att
t( ) . The index 

increases as variance grows and decreases as coverage increases.

	 API att
t

att
t� �� �� �( ) ( )1 	 (4)

The term, ‘coverage’, refers to the proportion of the attitudinal range that is actively 
occupied by individuals’ attitudes. It measures the extent to which attitudes are distrib-
uted across the entire attitudinal scale, as opposed to being clustered in specific regions 
(Bramson et  al., 2016). Coverage is calculated by dividing the number of distinct 
attitude bins occupied by the total number of possible bins in the attitudinal range. A 
high coverage value indicates that attitudes are widely distributed across the entire 
scale, reflecting greater diversity, while a low value suggests that attitudes are concen-
trated in specific areas, leaving other parts unoccupied.2

One advantage of the API is its ability to distinguish true polarization from other 
distributions that exhibit comparable spread. Although extreme clustering can yield 
marginally higher variance than a uniform distribution, this difference is often too 
subtle to be analytically useful. By weighting variance by the inverse of coverage (i.e., 
1—coverage), the API amplifies signals of polarization when attitudes are both widely 
spread and concentrated at the extremes, leaving the middle sparsely populated. This 
allows the API to more accurately capture polarization and differentiate it from mere 
attitudinal diversity. Conversely, consensus or convergence emerges when both vari-
ance and coverage are low, while a distribution with both high variance and high 
coverage reflects broad but non-polarized diversity (p. 15).3

For the index of opinion polarization (OPI), the same API formula will be applied, 
but only to those attitudes that are publicly expressed—that is, attitudes that exceed 
individuals’ expression thresholds. By restricting the calculation of API to publicly 
expressed attitudes, the index quantifies the polarization of opinion distributions based 
on attitudes that manifest overtly in public settings. This approach allows for consis-
tent quantification of both attitude and opinion polarization, simplifying comparisons 
and enabling a clearer understanding of the circumstances under which private atti-
tudes and publicly expressed opinions converge or diverge.

Simulation Settings and Procedures

This simulation begins by establishing a society of individual agents (N = 1,000) 
distributed over a two-dimensional toroidal plane, constructed with a simulation 
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program, NetLogo version 6.3.0 (Wilensky, 1999).4 There are global parameters that 
can be varied for experimentation, with the first being social reach, defined as a circu-
lar area with a specified radius. Each individual is initially assigned a social reach, and 
connections are formed exclusively between individuals located within overlapping 
circular areas, ensuring that both parties are within each other’s social reach and can 
reciprocate the connection (Hamill & Gilbert, 2009, 2010). Varying the social reach 
parameter affects both the average size of individuals’ local networks and the struc-
tural properties of the global network as a whole (see Table 1). This procedure gener-
ates networks that follow a slightly right skewed distribution of degrees, known to 
approximate the distribution of connection in ordinary social networks such as friend-
ships or workplace relationships (Broido & Clauset, 2019; Newman et  al., 2001; 
Rolfe, 2014; Sohn, 2022).5

The second parameter is the level of tolerance , which ranges between 0 and 2.0, 
meaning that once the level of   is determined, everyone in the simulation has the 
same tolerance level. With  =1 5. , for example, a person with an attitude score of 1 0. , 
an extreme positive attitude, sees a neighbor whose opinion score is −0 4.  as accept-
able as the distance is smaller than   (i.e., dij � �1 4.  ). With  = 0 5. , meanwhile, the 
same person with an attitude score of 1 0.  finds a neighbor whose opinion score is 0 3.  
as intolerable (i.e., dij � �0 7.  ). Given that the maximum distance in attitudes is 
capped at 2 0. , a higher tolerance level thus leads to individuals being more likely to 
encounter attractive opinions of others whereas a lower tolerance level increases the 
likelihood of individuals encountering opinions that they find repulsive.

In the simulation, another adjustable parameter is the presence of prominent indi-
viduals, termed ‘elites’, characterized by their greater social reach and influence com-
pared to others. When elites are present, a random sample of 1% of the entire population 
(10 out of 1,000 agents) is selected and assigned a social reach that is 1.5 times greater 
than the rest of the population. These elites have fixed attitudes that are always pub-
licly revealed, making them immune to both the attraction-repulsion rule and majority-
minority dynamics. The distribution of elite opinions can be varied as well in three 
different ways—they may unanimously embrace one position (10 0: ), the majority sup-
ports one position while there is a minority position (e.g., 7 3: ), or even split (5 5: ). 
Lastly, we can modify the extremity or intensity of elite opinion. In the extreme condi-
tion, all elites’ opinions are set to the maximum values, either +1 or, while in the 
moderate condition, their opinions are diluted to the values closer to the middle (e.g., 
−0 25.  or +0 25. ).

At the start of the simulation, agents are assigned random initial attitudes, 
a Ui ~ ,�� �1 1 , and expression thresholds, φi U~ ( , )0 1 , both drawn from a uniform dis-
tribution. Each agent then randomly selects a neighbor within their local network and 
evaluates whether the difference between their own attitude and the neighbor’s 
expressed opinion falls within their tolerance threshold . This evaluation only takes 
place if the neighbor has publicly expressed their attitude; silent neighbors are excluded 
from consideration. Agents express their attitudes publicly if their attitude surpasses 
their expression threshold, making them observable to others, while they opt for 
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silence otherwise. This procedure was repeated 1,001 times for each simulation run 
(from t = 0  to t =1 000, ). Each simulation run was then replicated 20 times for each 
of the 288 global parameter combinations, which were derived from the following fac-
tors—6 levels of tolerance, 4 levels of social reach, 2 conditions of elite presence, 3 
configurations of elite-opinion distribution, and 2 levels of elite opinion strength. 
Altogether, this generated a total of 5,765,760 data points.6

Results

To delve deeper into the effects of varying parameters (see Appendix for sensitivity 
analyses results), it is helpful to examine the simulation outcomes visually. Figure 1 
illustrates the changes in polarization indices for attitudes and opinions over time 
across different tolerance levels, with the data averaged over 20 simulation replica-
tions for each tolerance level. At lower tolerance ( <_ .1 2), both measures peak, indi-
cating the state of polarization, while at higher tolerance ( ≥1 6. ), they decrease and 
stabilize, showing convergence. This generally aligns with prior findings suggesting 
that attitudes can quickly converge or diverge outside of certain tolerance band 
(Axelrod et al., 2021). In between these cases, there exists a vast valley—at a mid-
range tolerance ( =1 4. ) , both API and OPI remain relatively stable over time, 
increasing only gradually and leveling off at approximately 0.1 and 0.2, respectively, 
by the end. Notably, the API remains consistently lower than the OPI over time, par-
ticularly at a tolerance level of 1 4. , suggesting that expressed opinions appear more 
diverse or widespread than the underlying attitudes.

This observation is further illustrated in Figure 2a, which compares both polariza-
tion indices and the proportion of silence at the end of the simulations (t = 1,000) 
across different tolerance levels. The OPI consistently exceeds the API, with the gap 
becoming most pronounced around a tolerance level of  =1 4. , coinciding with a 
dramatic increase in the proportion of silent population. Under conditions of severe 
polarization at lower tolerance levels, attitudes and opinions tend to converge closely, 
reducing the likelihood of a spiral of silence. However, as the tolerance level increases, 
phase transitions emerge around  =1 4. , where opinions and attitudes diverge signifi-
cantly. At this point, more individuals opt for silence rather than expressing their atti-
tudes. If this silence is disproportionately adopted by those with moderate (extreme) 
attitudes, public discourse may appear more (less) polarized than the underlying dis-
tribution of attitudes. A natural question that follows is whether those choosing silence 
are primarily individuals with moderate or extreme attitudes, a factor critical in shap-
ing the visible opinion landscape.

Figure 2b presents the individual-level distributions of attitudes and expressed 
opinions at the end of the simulations across three different tolerance levels (excluding 
those below  =1 4. , as both attitudes and opinions are highly polarized). Expressed 
opinions (blue) are more widespread than attitudes overall (red), consistent with the 
observation in Figure 2a that the OPI consistently exceeds the API. Interestingly, the 
distribution of silent attitudes (green) is more spread out than the overall attitude dis-
tribution, suggesting that silence encompasses not only ambivalent or moderate views 
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but also strongly held extreme ones. Rather than reflecting a lack of conviction, this 
pattern often arises because individuals perceive themselves to be in a local minority, 
which raises their expression thresholds, and leads them to withhold even resolute 
positions. Taken together, these findings align with the perspective that underlying 
attitudes are generally less polarized than the public opinions that surface—not simply 
because moderates refrain from speaking, but also despite the fact that some highly 
polarized individuals choose not to voice their views when they feel outnumbered (a 
phenomenon often referred to as ‘loud silence’).

To further explore the contextual conditions for phase transitions, Figure 3 illus-
trates how API and OPI vary with changes in two key variables: social reach and the 
presence of elites, while keeping the tolerance level fixed at  =1 4. . In Figure 3a, API 
decreases as social reach—which determines the size of individuals’ networks—
increases, especially when elites are absent (shown in blue). This depolarizing effect 
is more evident in Figure 3b, where OPI shows a sharp decline as network sizes 
expand. These patterns reflect changes in the opinion climates surrounding individu-
als—as networks grow, the surrounding opinion climates are likely to become more 
diverse and heterogeneous, as the probability of encountering entirely homogeneous 
opinions decreases rapidly. This diversification may elevate individuals’ expression 
thresholds, reducing the visibility of extreme opinions, which, in turn, fosters conver-
gence in private attitudes and ultimately decreases polarization.

Figure 1.  Temporal change of attitude and opinion polarization across different tolerance 
levels.
Note. The figure illustrates the evolution of (a) the attitude polarization index (API) and (b) the opinion 
polarization index (OPI) over time across varying tolerance levels. Lower tolerances (  ≤1 2. ) result 
in rapid polarization, whereas higher tolerance (  ≥1 6. ) promotes convergence. At an intermediate 
tolerance level (  =1 4. ), the OPI stabilizes at approximately 0.2, while the API remains low initially, but 
gradually increases to around 1.0.
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When elites are introduced (in red), however, the declines in both API and OPI 
become more gradual, suggesting that elites may counteract the depolarizing effects of 
increased social connectivity. That is, the presence of elites, whether moderate, or 
extreme, can disrupt the convergence of attitudes and opinions and potentially inhibit 
the spiral of silence effect. By attracting or repelling individuals—including those 
with initially neutral or ambiguous attitudes—toward more polarized positions, elites 
may homogenize rather than diversify opinion climates surrounding individuals. This, 
in turn, could stimulate greater vocal participation and reduce the prevalence of 
silence. However, does this mean that the presence of elites universally obstruct the 
convergence of attitudes and opinions, and entirely disrupts the spiral of silence pro-
cess? This proposition appears to conflict with prior research, which has shown that 
the news media, a form of elite, can actually facilitate the spiral of silence, especially 
when they present a unified or homogeneous view (Slater, 2007; Sohn, 2022).

To investigate this issue, the variations in API and OPI were analyzed in relation to 
the diversity and extremity of elite opinions. Figure 4 illustrates these changes under 
three scenarios of elite opinion diversity—unanimous (10:0), uneven (7:3), and evenly 
split (5:5)—and contrasts between moderate (in blue) and extreme elites (in red). Figure 
4a reveals that the presence of extreme elites significantly broadens the range of pos-
sible attitude polarization, in contrast to the condition with moderate elites, where API 
stays minimal. This pattern remains consistent regardless of the diversity of elite opin-
ions but becomes less pronounced as social connectivity increases. Figure 4b, similarly, 

Figure 2.  Polarization indices and attitude distributions across different tolerance levels.
Note: Panel (a) shows the attitude polarization index (API), opinion polarization index (OPI), and the 
proportion of the silent population across varying tolerance levels (ϵ) at time = 1,000. Panel (b) illustrates 
the distributions of private attitudes, expressed opinions, and the attitudes of silent individuals at three 
representative tolerance levels (ϵ = 1.4, ϵ = 1.6, and ϵ = 1.8). These agent-level attitude distributions were 
captured at time = 1,000 and averaged over 20 repetitions. For clarity, the distributions corresponding to 
a tolerance level of  <1 4.  have been omitted from part (b).
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showcases a marked reduction in OPI with the expansion of network sizes, a trend 
particularly pronounced in the presence of moderate elites. Conversely, extreme elites 
appear to mitigate the depolarizing influence that might otherwise result from greater 
social connectivity. These findings indicate that the influence of elites on the polariza-
tion of attitudes and opinions hinges on the extremity of their stances and the breadth of 
individual networks. Specifically, moderate elites may facilitate the convergence of 
attitudes, reducing the visibility of extreme opinions—an effect that is amplified when 
individual networks enlarge. Conversely, extreme elites intensify attitude polarization, 
increasing the visibility of extreme attitudes and counteracting the converging influ-
ence of enhanced social connectivity.

Figure 5 features contour plots that delve into the circumstances leading to conver-
gence or decoupling between attitudes and opinions, quantified as OPI minus API, 
examining a spectrum of the levels of tolerance and social reach. These differences are 
visually represented, with greater differences highlighted in shades of red, and smaller 
disparities depicted in shades of blue. Figure 5a illustrates conditions without elites, 
showing that larger discrepancies between attitudes and opinions, indicated by red 
shades, tend to emerge around tolerance levels of 1.2 and 1.4, especially within smaller 
networks. This suggests that when low-tolerance individuals happen to be in compact 
networks, the gap between API and OPI widens, making expressed opinions appear 
more polarized than underlying attitudes. This effect may result from limited exposure 
to diverse opinions in smaller networks, where individuals are more likely to encoun-
ter one-sided opinion climates. This environment not only facilitates attitude conver-
gence, but also lowers expression thresholds for majority-aligned individuals, leading 
to a dispersed but skewed distribution of expressed opinions. As tolerance increases 
beyond 1.4 and social connectivity improves, the API-OPI gap diminishes.

Figure 3.  Impact of elites on polarization across different social reach levels.
Note. The tolerance is fixed at  =1 4. . The figures showcase boxplots that reveal how the presence of 
elites (in red) versus their absence (in blue) affects (a) attitude polarization and (b) opinion polarization 
at varying levels of social reach.
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In Figure 5b, the introduction of moderate elites slightly shifts the red areas to cover 
a broader range of tolerance levels from 1.2 to 1.6, particularly in smaller networks. 
This widening may result from moderate elites promoting further attitude convergence, 

Figure 4.  Influence of extremity and diversity of elites on polarization across different levels 
of social reach.
Note: With the tolerance level set at  =1 4. , this figure depicts how (a) attitude polarization and (b) 
opinion polarization are influenced by the presence of elites with extreme (red) versus moderate (blue) 
viewpoints, across different distributions of opinions (unanimous/uneven/split).

Figure 5.  Contour plots of the disparities between attitude and opinion polarization.
Note. These contour plots illustrate how the difference between the polarization indices of attitude and 
opinion (i.e., OPI-API) vary as functions of tolerance and social reach, (a) without the presence of elites, 
with the presence of (b) moderate elites and (c) extreme elites. Areas of higher values are represented 
in red, while those with lower values are depicted in blue.
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while smaller networks, in parallel, lower expression thresholds for majority-aligned 
individuals, promoting the expression of more extreme opinions. These opposing 
dynamics—attitude convergence and the polarization of expressed opinions—amplify 
the observed disparities between attitudes and opinions. Figure 5c illustrates that, under 
the influence of extreme elites, the regions illustrating discrepancies expand consider-
ably, dominating much of the plot. This indicates a greater likelihood of opinions 
diverging substantially from underlying attitudes, even within larger networks, except 
at extremely low tolerance levels. This phenomenon may arise because extreme elites 
attract or repel individual attitudes in opposing directions. As network size increases, 
expression thresholds also rise, leading most individuals to refrain from expressing 
their views unless their attitudes are strongly held. Consequently, only highly polarized 
attitudes are publicly expressed, resulting in a more extreme distribution of expressed 
opinions than of underlying attitudes, thereby expanding the regions of attitude-opinion 
decoupling.

Discussion and Implications

Attitudes, being inherently private, are not directly observable by others. We infer 
them primarily through the prism of expressed opinions, the outward manifestation of 
inner beliefs. The current simulation results demonstrate that, as attitudes are selec-
tively revealed, the opinion landscape may often diverge from the actual distributions 
of individual beliefs, a finding consistent with prior modeling work (Banisch & 
Olbrich, 2019). Specifically, the findings indicate that opinion distributions are gener-
ally more dispersed or polarized than the underlying attitudes, aligning with one of the 
competing perspectives discussed earlier (Baldassarri & Bearman, 2007). This pattern 
reflects a phenomenon often referred to as ‘polarization without persuasion’, where 
overt behaviors, such as expressed opinions, or voting, appear more polarized or wide-
spread than underlying attitudes—a pattern documented in many empirical studies 
(see Prior, 2013, for review).

A particularly relevant example can be seen in the case of COVID-19 vaccination 
in the United States. While public discourse in the media often reflected deep polariza-
tion, polling data indicate that most individuals did not hold extreme pro- or anti-
vaccination views. In fact, over 60% of Americans reported that the benefits of 
COVID-19 vaccination outweighed the risks while exhibiting vaccine hesitancy or 
cautious support, often stemming from concerns about potential side effects or mis-
trust in medical authorities or government institutions (Funk et al., 2023). This decou-
pling between private attitudes and public expressions may be more widespread than 
commonly assumed. The current simulations help clarify how such divergence can 
occur by illustrating a potential mechanism through which expressed opinions become 
polarized, even in the absence of corresponding attitude polarization.

The results also indicate the presence of a critical tolerance band (i.e.,  ≈1 4. ), 
where uncertainty in the direction of attitude shifts increases, leading to more complex 
and less predictable dynamics between attitudes and opinions. Factors such as the pres-
ence and extremity of elite voices or changes in social connectivity can serve as tipping 
points, effectively breaking the previously observed coupling between attitudes and 
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expressed opinions. Analogous to how water solidifies around the freezing point of 
0°C , this suggests that a critical tolerance level sets the stage for dynamic phase transi-
tions in response to subtle contextual variables. While it remains unclear what the criti-
cal level of tolerance represents in reality—whether it represents individuals’ issue 
involvement, the strength of controversy, or other factors—under such critical condi-
tions, accurately inferring actual public sentiments from expressed opinions becomes 
increasingly challenging, as discussed by Manfredi et al. (2020).

The current simulation results further elucidate that the spiral of silence can be 
viewed as a specific form of opinion convergence, where expressed opinions gravitate 
toward majority views, while a substantial portion of population opt to conceal their 
true beliefs. This underscores that the spiral of silence is not an isolated phenomenon, 
but rather a specific pattern within a broader spectrum of intermediate states—where 
public opinion appears increasingly convergent, yet discrepancies between public 
expressions and private attitudes continue to exist. While this simulation revealed no 
instances where attitude polarization exceeded opinion polarization—making it 
unlikely that public opinion converges while highly polarized attitudes remain hid-
den—this does not imply that unexpressed attitudes are uniformly moderate. On the 
contrary, the results indicate that silent attitudes may be more dispersed than com-
monly assumed. This suggests that the spiral of silence may arise not only from the 
suppression of moderate or ambivalent views, but also from the concealment of strong 
or extreme attitudes, a phenomenon referred to as ‘loud silence’, in which expressive 
asymmetries obscure the true extent of attitude diversity (see Figure 2b and Appendix 
Figure A3).

The simulation results also show that as individuals’ social reach expands—thereby 
increasing their average network degree—the polarization of expressed opinions tend 
to decrease, which in turn reduces the divergence between attitudes and opinions. This 
effect likely arises because larger networks expose individuals to a wider array of 
opinions beyond their immediate neighborhoods, reducing the average path length to 
distant others (see Table 1) and creating more diverse and less homogeneous opinion 
climates. This diversification, in turn, elevates expression thresholds, potentially limit-
ing the visibility of extreme opinions and fostering further convergence as individuals 
adjust their attitudes to align with the prevailing sentiments. This finding is particu-
larly notable given that the simulation incorporates the assumption that individuals 
may inherently resist opposing viewpoints, as modeled by the attraction-repulsion rule 
(Axelrod et al., 2021). There is an ongoing debate regarding the impact of exposure to 
divergent views on social polarization—Mark Zuckerberg, CEO of Meta, has claimed 
that presenting people with conflicting opinions could exacerbate polarization, 
whereas Jack Dorsey, former CEO of twitter, has posited the opposite (Keijzer et al., 
2024).

Our simulation results contribute to this discussion, suggesting that even when 
individuals have the option to distance themselves from opposing views, increased 
exposure to a diversity of perspectives can indeed help in reducing polarization. This 
effect may stem from larger and more clustered networks, where the increased likeli-
hood of repeated exposure to others’ opinions facilitate the accumulation of social 
influence (Centola, 2018; Centola & Macy, 2007), which helps counterbalance the 
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repelling forces of opposing viewpoints. It is important to note, however, that the cur-
rent discussion does not consider the possibility that individuals may avoid exposure 
to opposing views through selective exposure or network reorganization, which could 
complicate the long-term dynamics between social networks and polarization.

While increased social reach is shown to reduce polarization, the current simula-
tions reveal that this depolarizing effect is contingent on the nature of elites—a finding 
largely consistent with prior empirical research (Bäck et al., 2023; Banda & Cluverius, 
2018). Moderate elites promote attitudinal convergence, which, when combined with 
network enlargement, further mitigates the polarization of attitudes and opinions. In 
contrast, extreme elites intensify attitude spread and polarization, counteracting the 
depolarizing effects of increased social reach (see Appendix Figure A4). These find-
ings highlight the interplay of two distinct mechanisms: the enlargement of individual 
networks generally reduces polarization, whereas extreme elites hinder—and moder-
ate elites enhance—the depolarizing effects of network enlargement.

In the simulations conducted for this study, no specific attributes related to the 
capabilities or skills of elites were modeled beyond the fact that they were individual 
agents endowed with larger social networks and attitudes that are always publicly 
disclosed. Once introduced into the network, these elites become locatable reference 
points that other, non-elite individuals can identify and align their attitudes with, or 
against. In this sense, the elites in these simulations function less as active shapers of 
public opinion and more as social focal points or ‘magnets’ that elicit reactions from 
non-elites. Their impact on public sentiment stems not so much from their active 
engagement, as traditionally understood, but from how their mere presence sets the 
tone for non-elites to either rally around or distance themselves from. The dynamics of 
public opinion, therefore, are significantly shaped by the collective response of non-
elites to these social magnets.

This sheds light on a crucial, yet often overlooked, aspect of the role that influential 
individuals play in shaping public opinion dynamics. For many years, the role of elites 
in shaping public opinion has been a focal point of academic inquiry, but the emphasis 
has largely been on the capabilities and characteristics of these elites. Traditional 
scholarship often highlights the centrality of these elites in social networks—mea-
sured, for instance, by their follower counts—as well as their aptitude for persuasive 
communication. Yet, this approach can inadvertently downplay the agency and role of 
ordinary individuals, or non-elites, in the dynamics of opinion formation. Watts and 
Dodds (2007) punctuated this oversight in their seminal work, arguing that ‘large cas-
cades of influence are driven not by influentials but by a critical mass of easily influ-
enced individuals’ (p. 441). This suggests that it is not merely the capability of elites 
that alters the landscape of public opinion, but rather how the non-elites perceive and 
interact with these elites. It is the mere presence of elites that can serve as a catalyst for 
change in public opinion, as the broader population can either be attracted to or 
repelled by them.

Overall, these findings offer a potential explanation for the polarization frequently 
observed in social media discussions. By bridging weak social ties, social media sub-
stantially expands individuals’ personal networks and exposes them to more diverse 
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opinion environments. At the same time, it reduces the average path length between 
individuals, increasing access to influential figures (Budrikis, 2023). As people assim-
ilate or distance their attitudes in response to extreme elites, their decisions to speak 
out or remain silent can inadvertently contribute to more polarized opinion climates—
creating the illusion of a deeply divided public. This distorted perception may lead 
individuals to overestimate the extent of societal disagreement, reinforcing the belief 
that reconciliation is impossible and increasing hostility toward others whose views 
may not be so different. Without intervention, this dynamic can escalate, as moderates 
withdraw or shift toward more extreme positions, eventually turning the illusion into 
a self-fulfilling reality. To counteract this, platforms and institutions could implement 
algorithmic strategies that prioritize exposure to diverse—often opposing—perspec-
tives, particularly from moderate and credible sources, helping to offset the dispropor-
tionate influence of extreme voices.

Limitations

Computer simulations inevitably have limitations when it comes to capturing the full 
complexity of real-world societies. Beyond the size of personal networks considered 
in this study, first, other network-structural elements—such as network positions, 
average distance, clustering, and community structures—may also play distinct roles. 
For instance, recent empirical evidence suggests that network positions significantly 
influence individuals’ social behaviors, including protest participation (Larson et al., 
2019). The cohesiveness of local networks could also shape how individuals respond 
to changes in opinion climates. Experiencing minority opinion status may vary signifi-
cantly depending on whether one belongs to a densely connected, close-knit network 
or a more loosely organized community (Cabrera et al., 2021). Additionally, the pres-
ence of long-range connections, which significantly reduces average path lengths 
between individuals, could have a critical influence on the dynamics of attitudes and 
opinions, which may be more effectively illuminated through the application of small-
world networks (Flache & Macy, 2011).

Further, this study did not account for the possibility of individuals engaging in 
selective exposure or reorganizing their social ties in response to shifts in the opinion 
climate. While such reorganization of ties may occur less frequently than short-term 
attitude adjustments (Lazer et al., 2010), strategies like selective media exposure and 
algorithmically curated content may exert a cumulative influence on the dynamics of 
opinions and attitudes (Prior, 2013). Moreover, individuals actively shape their net-
works over time, potentially creating feedback loops between perceived opinion cli-
mates and tie selection. Incorporating such mechanisms could introduce another layer 
of complexity to the dynamics explored here, particularly in relation to echo chamber 
effects and the co-evolution of network structure and opinion dynamics.

Second, the model simplifies the role of elites or opinion leaders by characterizing 
them solely based on their larger networks and fixed attitudes. In reality, elites may 
possess a range of skills and attributes, including their ability to persuade others. While 
the current simulations cast elites as social magnets that attract or repel attitudes, they 
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could be more proactive agents in shaping public opinion. Furthermore, elites often 
operate within interconnected network among themselves, facilitating information 
exchange, mutual influence and reinforcement—a factor not accounted for in the pres-
ent simulations. Also, the role of elites is simplified to the size of their networks in this 
study, neglecting other positional advantages they often hold in actual social networks. 
Elites may not only have extensive direct connections but could also be positioned to 
serve as bridges or brokers between various network clusters, including other elites 
(Burt, 2004). Such positional advantages can enhance their reach and influence, poten-
tially introducing different dynamics in the formation and expression of attitudes and 
opinions that were not captured in the current simulations.

Third, attitude-opinion decoupling may arise not only from contextual dynamics 
but also from individuals’ strategic decisions to maintain a degree of ambiguity or 
ambivalence. Particularly in controversial contexts, individuals might opt for covert 
signaling of their positions, rather than remaining silent or expressing them overtly to 
minimize associated risks (Smaldino & Turner, 2022). If individuals with strong atti-
tudes adopt such covert signaling strategies, they could influence others’s attitudes 
without overtly expressing their opinions, thereby introducing different, and more 
complex dynamics to the process, potentially amplified by other psychological biases 
(Steiglechner et al., 2024). Lastly, while individuals in the current simulations were 
assumed to have uniform levels of tolerance, tolerance levels in reality may vary 
widely. In future studies, a specific distribution of tolerance levels across individuals 
could be assumed to add another layer of complexity.
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Notes

1.	 In the current simulations, l  is set to 1.0 and τ  to 5 0. , ensuring the expression threshold 
remains bounded within [0, 1].

2.	 In Bramson et al. (2016), coverage is treated as a distinct measure of polarization, where 
higher coverage is associated with greater polarization. However, coverage alone fails to 
fully capture the degree of polarization in scenarios such as uniformly distributed attitudes 
or clustering at bipolar extremes. For instance, a uniform distribution exhibits higher cov-
erage than bipolar clustering, despite the latter being more representative of a polarized 
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state due to its concentration of attitudes at opposing extremes. This highlights the limita-
tions of coverage as a standalone measure of polarization.

3.	 In 0.1% to 0.2% of simulation runs, zero variance or full coverage (i.e., coverage = 1.0) 
were observed, both of which drive the API to zero. Because these cases were so rare, they 
were retained as corner cases, but not treated as meaningful outcomes.

4.	 Following the methodology proposed by Hamill and Gilbert (2009, 2010) for constructing 
spatially grounded social networks in agent-based simulations, this artificial society adopts 
a population density of just under 1% (approximately 1,000 out of 103,041 cells), as sug-
gested in their framework.

5.	 It is widely recognized that many large-scale networks, such as the Internet, scholarly 
collaborations, or neural networks, exhibit scale-free or long-tail degree distributions 
(Newman et al., 2001). While extended social acquaintances may sometimes follow that 
pattern, the smaller, denser circles of family, friends, and neighbors—with whom people 
regularly interact in day-to-day life—are less likely to do so. Empirical studies suggest that 
these ‘regular’ networks usually range from 10 to around 60 members, averaging about 
20 (Rolfe, 2014). Given that everyday political communication most often occurs in these 
smaller, tighter networks, this study adopts a network generator designed to reflect shorter 
average path lengths, higher clustering, and greater assortativity commonly observed in 
local social settings (Hamill & Gilbert, 2009, 2010). This approach aligns more closely 
with the context of frequent, local interactions emphasized in this study.

6.	 The simulation was repeated 20 times for each parameter combination due to the computa-
tional intensity of each run. While a larger number of replications could improve statistical 
robustness, 20 replications were deemed sufficient to capture general trends and variability 
within the computational constraints. The simulation was terminated after 1,000 updates 
because the model does not always converge to a single equilibrium. Instead, it often 
exhibits dynamic patterns or fluctuations depending on the parameter settings. Additional 
tests with extended runs on a subset of simulations showed no major changes in the results 
beyond 1,000 steps.
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Appendix

Additional Note on Attitude Change Model

With the attraction-repulsion model for attitude change, an individual’s attitude is updated 
as follows. Consider, for example, a person with ai

t� � � 0 7.  who is exposed to a neighbor 

j ’s expressed opinion oj = 0 6. . If the attitude distance dij
t� � � 0 1.  is smaller than a toler-

ance range , ai
t�� �1  adjusts closer to oj , calculated as 0.7 + (0.29) (0.65–0.7) = 0.6855. If 

the neighbor’s oj = 0 3.  and the distance dij
t� � � 0 4.  is greater than  , ai

t�� �1  shifts away, 
calculated as 0.7 − (0.29) (0.5–0.7) (0.3) = 0.7174. Note that there is a discontinuous jump 
from maximum convergence to repulsion at the tolerance threshold  , reflecting a sharp 
transition in the direction of attitude adjustment (see Appendix Figure A1).

Figure A1.  A visual example of attitude change.

https://doi.org/10.1111/jcom.12117
https://doi.org/10.1086/518527
http://ccl.northwestern.edu/netlogo/
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Table A1.  Sobol Sensitivity Analysis.

Parameters Output variable
First-order 
index (S1) First-order CI

Total-order 
index (ST) Total-order CI

Tolerance Attitude 
polarization

0.124 0.113, 0.135 0.021 0.018, 0.023

  Opinion 
polarization

0.363 0.341, 0.384 0.068 0.063, 0.073

Social 
reach

Attitude 
polarization

0.124 0.110, 0.137 0.032 0.028, 0.036

  Opinion 
polarization

0.579 0.542, 0.616 0.183 0.168, 0.197

Elite 
presence

Attitude 
polarization

0.129 0.114, 0.143 0.042 0.036, 0.048

  Opinion 
polarization

0.658 0.617, 0.700 0.236 0.218, 0.254

Elite 
diversity

Attitude 
polarization

0.003 −0.002, 0.009 0.002 −0.002, 0.007

  Opinion 
polarization

0.001 −0.006, 0.008 0.004 −0.003, 0.012

Elite 
extremity

Attitude 
polarization

0.127 0.114, 0.140 0.024 0.018, 0.029

  Opinion 
polarization

0.364 0.341, 0.387 0.072 0.063, 0.081

Note. First-order index (S1) shows the main effects of individual parameters while total-order index (ST) 
shows the total effects including interactions.

Sensitivity Analysis

Sobol sensitivity analysis (Sobol′, 2001) has been employed to decompose the variance 
of model outputs into contributions attributable to input parameters and their interac-
tions. This non-parametric sensitivity analysis technique is particularly useful for com-
plex, nonlinear models with interdependent parameters, as it offers a comprehensive 
view of the influence each parameter exerts on the output variance, both individually, 
and in combination with others (Thiele et al., 2014). Appendix Table A1 below sum-
marizes the analysis results and Figure A2 graphically illustrates how the model outputs 
were varied by the individual parameters and their interactions. First-order (S1) and 
total-order (ST) Sobol indices were calculated to quantify the main effects of five key 
parameters—tolerance, social reach, elite presence, elite diversity, elite extremity—on 
two output variables of the simulation—the indices for attitude polarization, and opin-
ion polarization—and their total effects, including interactions.

 For attitude polarization, the analysis revealed a relatively small but balanced con-
tribution from most parameters, with ‘elite presence’ showing a marginally higher 
first-order index, suggesting a slightly more pronounced direct effect on the output. 
However, the closeness of the total-order indices across all parameters indicates that 
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no single parameter or set of interactions dominates the output. In contrast, opinion 
polarization exhibited greater variability, with ‘elite presence and ‘social reach’ both 
showing significantly higher first-order and total-order indices, denoting their strong 
individual effects and their roles in interactions with others. As depicted in Figure A2, 
these parameters, along with ‘tolerance’ and ‘elite extremity’, are key drivers of the 
variability of opinion polarization, underscoring the influence of network structure 
and elite characteristics on the opinion distributions within the model.

The sensitivity analysis results highlight that the distribution of attitudes remains 
relatively stable and less influenced by circumstantial factors, in contrast to the distribu-
tion of expressed opinions, which is more susceptible to such influences. By integra-
tively combining attitude dynamics and opinion expression processes, the modeling 
approach clarifies under what conditions attitudes and expressed opinions diverge and 
elucidates the underlying reasons for these discrepancies. This holistic approach reveals 
that the public opinion landscape may appear more volatile and easily disrupted, often 
masking the underlying reality that people’s attitudes, thoughts, and beliefs remain rela-
tively unchanged, consistent with the key findings from the simulations.

Figure A2.  Bar chart for Sobol sensitivity indices.
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Additional Visualization of Individual Attitude Distributions

To further explore the dynamics of attitude change, additional visualizations of indi-
vidual attitude distributions are presented. These plots highlight how attitudes evolve 
under varying tolerance thresholds, social connectivity, and elite influences.

Figure A3.  Attitude distributions (social reach × tolerance).
Note. These agent-level attitude distributions were captured at time = 1,000 (SR: social reach). Results 
are averaged over 20 repetitions for each condition.
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Figure A4.  Attitude distributions (social reach × elite extremity).
Note. These agent-level attitude distributions were captured at time = 1,000, with the tolerance level 
fixed at 1.4 (SR: social reach). Results are averaged over 20 repetitions for each condition.


