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Abstract

Political polarization is a group phenomenon in which opposing factions, often of unequal size, exhibit
asymmetrical influence and behavioral patterns. Within these groups, elites and masses operate under
different motivations and levels of influence, challenging simplistic views of polarization. Yet, existing
methods for measuring polarization in social networks typically reduce it to a single value, assuming
homogeneity in polarization across the entire system. While such approaches confirm the rise of political
polarization in many social contexts, they overlook structural complexities that could explain its under-
lying mechanisms. We propose a method that decomposes existing polarization and alignment measures
into distinct components. These components separately capture polarization processes involving elites
and masses from opposing groups. Applying this method to Twitter discussions surrounding the 2019 and
2023 Finnish parliamentary elections, we find that (1) opposing groups rarely have a balanced contribution
to observed polarization, and (2) while elites strongly contribute to structural polarization and consistently
display greater alignment across various topics, the masses, too, have recently experienced a surge in align-
ment. Our method provides an improved analytical lens through which to view polarization, explicitly
recognizing the complexity of and need to account for elite-mass dynamics in polarized environments.
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1. Introduction

In an era of increasing political polarization (Bottcher and Gersbach, 2020; Karjus and Cuskley,
2024), the ability to dissect and understand the fractured structures within social systems is crucial.
The proliferation of online platforms has transformed the landscape of political discourse, creating
vast digital arenas where polarization can be observed, measured, and analyzed in unprecedented
detail.

Current approaches to measuring polarization often reduce complex social dynamics to a sin-
gle dimension (Salloum et al., 2022), thereby failing to expose hidden patterns behind the observed
societal divisions. While these methods have been successfully applied to report polarization
trends online, they fall short of capturing the full picture, obscuring the multifaceted nature of
polarization, where different groups and their members contribute to and experience division in
distinct ways.

Political polarization manifests in multiple modalities. This paper focuses on ideological polar-
ization, which can be analytically disaggregated into two constituent dimensions: issue divergence
(how far apart groups are on policy questions) and issue alignment (how tightly aligned individ-
uals’ views are across issues) (Lelkes, 2016). Our contribution is to show how the magnitude of
these dimensions can be estimated separately for elites and masses within a single social system.
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2 A. Salloum et al.

A common strategy is to model political interaction as a network, which then provides a foun-
dation for detecting polarized groups and quantifying their separation. To build such networks,
researchers often represent relevant interactions, such as friendships, agreements, or endorse-
ments, as ties between individuals or groups (Adamic and Glance, 2005; Akoglu, 2014; Conover
et al, 2021; Garimella et al., 2018). Once the network is constructed, community detection
techniques can be applied to reveal group structure, and structural polarization scores, such as
Random Walk Controversy (Garimella et al., 2018) or the Adaptive EI-index (Chen et al., 2021),
are used to evaluate separation and cohesion.

We propose a method that utilizes these existing polarization scores and network representa-
tions of social systems to measure polarization separately for elites and masses. We draw on the
well-established notion of core-periphery structure (Borgatti and Everett, 2000; Rombach et al,,
2017) to identify hierarchical groups in the network, as it closely matches the observation of
elites being central and well-connected in social and political systems (Castells, 2011; Rahman
Khan, 2012). Our approach not only unveils notable imbalances between polarized groups but
also highlights the disproportionate role of elites in shaping polarized environments.

The distinction between elite polarization and mass polarization is crucial for understanding
political division in modern democracies. While headlines and public discourse often paint a pic-
ture of a deeply divided populace, this perception may be skewed by the outsized influence of
political elites in media narratives. By conflating elite and mass polarization, we risk misdiagnos-
ing the stability of democratic systems and implementing misguided solutions. Separating these
measurements allows us to discern whether the apparent chasm in political attitudes truly reflects
widespread societal division or if it predominantly exists among a small, albeit influential, segment
of the population.

Traditionally, elites have been viewed as more ideologically coherent and predictable than the
general public, with some theories (e.g., Kinder and Kalmoe, 2017; Layman and Carsey, 2002)
even suggesting that the masses remain resistant to elite polarization while opposing elite groups
grow increasingly distant and internally homogeneous (Robison and Mullinix, 2016). However,
recent research complicates this narrative, revealing potential ideological realignment among the
masses (Kozlowski and Murphy, 2021; Levendusky, 2010).

Equally important is the substantial asymmetry in the relationship between political elites and
the public. Elites often serve as influential cue-givers (Diermeier and Li, 2019; Green et al., 2020;
Skytte, 2021; Van Boven and Sherman, 2021) who shape mass attitudes and behaviors (Alley, 2023;
Berinsky, 2007; Kousser and Tranter, 2018). This elite signaling phenomenon, in which followers
adjust their stances and behavior in response to elite ideological divergence (Banda and Cluverius,
2018; Fine and Hunt, 2023), has been linked to political polarization (Back et al., 2023; Skytte,
2021).

Because elites and masses play distinct roles in the process of polarization, it is critical to analyze
the contributions of each separately. Elites cue public positions and, when aligned, can produce
policy gridlock; the masses are slower to consolidate their partisan and ideological identities, but
when they do, they harden in- and out-group divisions. Our method provides a systematic way to
detect these dynamics and to assess whether and how elite-mass polarization patterns are evolving
in social systems. We demonstrate this by examining five topics that have become significantly
more polarized online in Finland between 2019 and 2023, a period marked by major global events
including a pandemic and a war in Europe. By analyzing polarization trends across two snapshots
of the Finnish Twittersphere-centered around the parliamentary elections of 2019 and 2023 - we
reveal distinct polarization dynamics across different networks. Our findings show that polarized
groups, and the elites and masses within them, shape polarization trends in markedly different
ways. Our analysis not only provides insight into Finland’s evolving political landscape but also
offers a method for understanding polarization dynamics in other contexts.

Our paper is structured as follows: Section 2 briefly reviews current polarization measures.
Section 3 outlines our method for inferring hierarchical structures in polarized networks, and
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Figure 1. Political polarization can be assessed either by the degree of divergence between groups’ opinions on a single issue
(A) or by the extent to which their positions align across multiple political topics (B). In illustration A, the scenario on the right
would show a higher degree of structural polarization than the one on the left, as the level of agreement between groups is
lower, resulting in a deeper divide. In illustration B, different quadrants represent distinct pairs of stances an individual may
hold on two separate topics (for-for, for-against, against-for, and against-against). The scenario on the left displays more
mixing, as stances do not appear to be linked to each other, whereas the situation on the right shows strong alignment, with
an individual’s stance on the first topic entirely determining their stance on the second topic.

decomposes polarization using these hierarchies. Section 4 presents our main findings, analyz-
ing hierarchical polarization trends on Twitter during the 2019 and 2023 Finnish parliamentary
elections. We conclude with a discussion in Section 5.

2. Polarization measures

Quantifying political polarization in society is a complex task and can be approached from dif-
ferent perspectives (see Figure 1). Traditional approaches have relied on survey-based data to
measure opinion bimodalities and issue alignment, estimating ideological shifts and relationships
between distinct issue positions (e.g., Kozlowski and Murphy, 2021). However, the research land-
scape has evolved with the emergence of social media platforms, which now serve as critical arenas
for daily political discourse and debate. This digital transformation has prompted researchers
to increasingly focus on these platforms as rich data sources for understanding contemporary
political dynamics (Bright, 2018; Conover et al., 2021; Cossard et al., 2020; Green et al., 2020).

Polarization is often assumed to impact social network structures, giving rise to two inter-
nally tightly-knit groups with sparse connections between them. This makes it possible to estimate
opinion distribution bimodality by measuring communication limitations or reachability between
opposing groups in a network (Garimella et al., 2018; Hohmann et al.,, 2023; Morales et al., 2015).
The underlying intuition is that sharper, more distant peaks in opinion distribution correspond to
more isolated communities in topic-specific discussion networks (see Figure 1A). This isolation
is often termed structural (Salloum et al., 2022) or interactional (Falkenberg et al., 2024) polar-
ization. Most methods designed to capture this phenomenon assess the separation of interaction
patterns between two distinct groups (Garimella et al., 2018), although recent work has expanded
to handle multiple groups (Martin-Gutierrez et al., 2023; Nair and Iamnitchi, 2024).

When measuring structural polarization in social systems, it is crucial to first represent the
system as a network that clearly distinguishes polarized group structures from other kinds of
interactions. This means defining the network carefully by determining which units (nodes)
and relationships (links) to include. Specifically, networks used to measure polarization with
these methods should represent positive relationships — such as friendships, similarity of pref-
erences, endorsements, or agreements (Akoglu, 2014; Conover et al., 2021; Garimella et al., 2018)
- between individuals, organizations, or even blogs (Adamic and Glance, 2005).

Measuring structural polarization in political communication networks typically involves three
steps (Salloum et al., 2022): First, a network is constructed from collected data. Second, functional
groups are identified using community detection techniques. Finally, the strength of the division
is evaluated using structural polarization scores. Examples of metrics for this final step include
Random Walk Controversy (Garimella et al., 2018), Dipole Index (Morales et al., 2015), Boundary
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Index (Guerra et al., 2013), and Adaptive El-index (Chen et al., 2021), which assess the degree of
inter-group isolation or intra-group cohesion. The common intuition behind most of these scores
is that they capture the extent to which individuals are “trapped” within their own ideological
communities or avoid engaging with opposing viewpoints.

Many polarization quantification methods require identifying key network figures, often using
endorsement counts (e.g., likes or reposts) as a proxy for importance or “eliteness” (Garimella
et al.,, 2018; Morales et al., 2015; Salloum et al., 2022). While some studies use known node labels
to mark politicians in a network (Falkenberg et al., 2022; Xia et al., 2024), this approach may over-
look influential users who lack explicit political affiliations, such as opinion leaders outside formal
politics, who often outpace actual politicians in social media popularity (Mukerjee et al., 2022).
Such influential figures might include media personalities, activists, cultural figures, or academics.
Although our method was not specifically designed to address this limitation, inferring key fig-
ures solely from structural properties can be advantageous in certain scenarios, particularly when
explicit labeling is unavailable or insufficient.

Structural polarization scores, while insightful, often have limitations. They typically focus on
two-group systems and single-issue interaction patterns, overlooking the critical aspects of issue
alignment and multi-group environments. Issue alignment - the degree of agreement across mul-
tiple topics — is increasingly recognized as a more pernicious form of polarization (Chen et al.,
2021; Mason, 2015; Tornberg, 2022). It occurs when individuals or groups adopt collective stances
on a range of issues based on shared values or ideologies (see Figure 1B), potentially exacerbating
societal divisions (Mason, 2015; Tornberg, 2022). Researchers have applied more classic statisti-
cal methods, such as correlation (Kozlowski and Murphy, 2021), and information theory-based
scores for quantifying issue alignment in polarized systems (Chen et al., 2021; Iannucci et al.,
2024). These methods, while mostly used in two-group settings, can be extended naturally to
multi-group systems.

3. Groups and hierarchies in polarized networks

Measuring polarization separately for elites and the masses requires the inference of their group
memberships and hierarchy. We focus on two polarized groups for this study, but this method
can be readily adapted to scenarios involving more than two opposing groups or hierarchies.

We begin by presenting the steps for identifying polarized groups in a network. Then, we par-
tition these groups into smaller hierarchical subgroups based on predefined connectivity patterns,
and conceptualize their possible interactions in a polarized environment. Finally, we connect the
opposing groups, their hierarchies, and actions to existing polarization measures.

3.1 Identifying the polarized groups

The conventional approach for finding the assortative groups in polarized networks is to use clus-
tering algorithms (Salloum et al., 2022). We use the stochastic block model (SBM), which is a
probabilistic model used to represent and analyze community structure in networks. It groups
nodes into blocks, where the probability of connections between nodes depends solely on their
block memberships. We specifically use a constrained version of this model, the planted-partition
model (Zhang and Peixoto, 2020), which has been previously applied to find polarized groups
(Peralta et al., 2024).

The generative nature of the SBM enables rigorous model selection, as one can apply the
Occam’s razor principle to select the configuration with the lowest description length (Griinwald,
2007). The property is particularly important as an observed community structure that could
be explained due to randomness can be flagged, as the description length for an SBM with no
community structure would be lower than that of a model attempting to overfit by dividing
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the network into two communities (Peixoto, 2014b, 2019; Yan, 2016; Zhang and Peixoto, 2020).
Therefore, when combined with model selection, SBM-based approaches would find zero polar-
ization in entirely random networks, which is in contrast to most commonly used polarization
pipelines introduced in the literature (Guimera et al., 2004; Salloum et al., 2022). We sweep the
number of blocks (groups) between one and two, and select the configuration leading to the lowest
description length.

3.2 Unraveling the hierarchical structure

Hierarchies naturally emerge within social groups where members exhibit varying levels of influ-
ence, expertise, and dominance (Koski et al., 2015; Urefia-Carrién et al., 2023). In political
contexts, one such common structure is the division between elites and masses. Elites are typically
defined as individuals or groups that hold a disproportionate amount of power, influence, and
resources in a given society (Rahman Khan, 2012). In contrast, the masses form the broader pop-
ulation with less direct control over political and economic decisions. This group often includes
ordinary citizens and voters, whose political engagement may vary considerably.

The central role of elites in society and their ability to maintain power through interconnected
networks (Castells, 2011) is mirrored in the structural characteristics of social networks. This has
been observed, for instance, in social media studies suggesting that the most-followed accounts
form cohesive clusters online, driven by social, cultural, and business forces (Motamedi et al.,
2020). To effectively analyze these dynamics, we employ the concept of a core-periphery structure,
which consists of a densely interconnected core surrounded by a sparsely connected periphery
(Rombach et al., 2017). This structural pattern is commonly observed in various contexts, includ-
ing social networks (Borgatti and Everett, 2000; Yang et al., 2018), economic systems (Csermely
etal., 2013; Wang, 2016), and many other fields (Csermely et al., 2013; Kojaku and Masuda, 2017).

In our operationalization, the core of each network is treated as the elites and the periphery as
the masses. These positions can be viewed as structural elites and structural masses, since status is
determined by network position rather than fixed attributes. In digital spaces with many ongoing
and distinct discussions that are open in principle to anyone, these categories are fluid and vary
across platforms and topics. An influential opinion leader in climate discussions, for instance,
may belong to the elite core in that context, while appearing as part of the masses in health policy
debates. This dynamic structural definition has the advantage of being flexible enough to capture
differences across domains and accurate in grounding elite-mass distinctions in observed network
structures rather than external assumptions - although externally defined elite and mass groups
could also be supplied if desired.

Several methods exist for inferring core-periphery structures in networks (Borgatti and Everett,
2000; Jeude et al., 2019; Kojaku and Masuda, 2017). To identify these structural hierarchies
embedded in previously detected polarized groups, we follow a method that infers core-periphery
structures using the SBM framework (Gallagher et al., 2021). Each group is treated indepen-
dently, allowing for separate comparisons between their observed hierarchies and a null model.
We use the common Erdés-Rényi model as the baseline, as it assumes no inherent hierarchical
structure, including hierarchies potentially explained by the network’s degree sequence (Kojaku
and Masuda, 2018). The strengths and limitations of this approach are discussed further in
Appendix B.

3.3 Interactions in polarized systems

To analyze polarization in greater detail, we distinguish among the types of interactions that can
occur within and between elite and mass members of polarized groups (Figure 2A). Current
approaches do not characterize these patterns separately, missing the conceptualization needed
for decomposing observed polarization.

Downloaded from https://www.cambridge.org/core. IP address: 216.73.216.184, on 18 Nov 2025 at 03:09:32, subject to the Cambridge Core terms of use, available at
https://www.cambridge.org/core/terms. https://doi.org/10.1017/nws.2025.10010


https://www.cambridge.org/core/terms
https://doi.org/10.1017/nws.2025.10010
https://www.cambridge.org/core

6 A. Salloum et al.

Figure 2. Our conceptualization enables categorizing the actions that lead to an increase in the structural polarization score.
(A) is an example of a polarized network that has been partitioned into two groups representing communities with distinct
stances on a specific political topic. Large nodes correspond to the elite members, while smaller ones indicate the mass. In
(B), a new connection is formed between two elite members, making the elite group more cohesive. Another polarization-
increasing action is when a new connection is formed towards the elite group either from an existing node or a new node.
Thisis depicted in (C) and the overall degree of this type of actions is called mass amplification. Lastly, a connection between
two members belonging to the mass, is shown in (D), illustrating the interpretation of mass cohesion. Lower mass cohesion
can be seen corresponding to higher centralized opinion leadership among the elites, as most connections are directed
towards them.

Elite-elite

Each new connection between two elites within their own group can be deemed as making the core
more connected, and therefore, increasing the elite cohesion of that group (Figure 2B). Structurally,
elite cohesion reaches its maximum when core members form a fully connected subgroup, or
clique. Conceptually, elite cohesion refers to the extent of consolidation among elite individuals,
where dense internal ties facilitate coordination, strengthen shared identity, and reinforce mutual
power (Knoke, 1993).

Mass-elite

Elites can receive endorsements from the surrounding masses, increasing the total mass ampli-
fication of the corresponding group in the system (Figure 2C). This interaction may arise when
an individual chooses to support an elite member, either due to shared beliefs or personal appeal
(Fishbein and Coombs, 1974). Mass amplification reaches its maximum when each mass member
has endorsed all elites within the group’s core.

Mass-mass

A polarized group may have a very centralized opinion leadership, where the masses primarily
amplify elites, or it may have a more evenly distributed pattern, where members of the masses in
the periphery also endorse one another. This is captured by the group’s mass cohesion (Figure 2D),
which increases as connections are formed between two mass members.

Bridge

While the majority of interactions in polarized systems tend to concentrate within one’s own
group, this sharp divide is often softened by the presence of a bridge. It refers to cross-group
connections, in which a member of one polarized group interacts with a member of the opposing
group. Depending on the context, this type of interaction is, in certain cases, seen to reduce echo
chambers or facilitate dialog within the system (Interian et al., 2023).

3.4 Defining structural polarization and issue alignment for groups and hierarchies

We define structural polarization for a system of two groups with hierarchies in Section 3.4.1.
Then, we derive the marginal polarization for the given structural score in Section 3.4.2. Finally,
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in Section 3.4.3, we show how alignment is computed for the overall system, separately for elites
and masses.

3.4.1 Structural polarization
A wide range of methods exist for quantifying structural polarization in networks. A compar-
ative assessment showed that the best-performing method in detecting polarized networks was
Adaptive El-index (AEIL Salloum et al., 2022). Intuitively, the AEI produces a score based on the
distribution of connections among nodes within and between groups, where a greater density of
links within groups relative to those between groups indicates a more polarized system.

Moving to a mathematical formulation, let G = (V, M) represent a network, where V is the set
of nodes and M is the set of links. We define a partition of G into two groups, denoted as A and B,
such that: V=V, U Vpand V4 N Vp =, where V4 and Vp represent the sets of nodes belonging
to groups A and B respectively. The AEI is defined for such a system as

ian +ip — 2eap
ia +ip+ 2eap

Pypr = (1)
where ix denotes the internal links density (observed links divided by the possible number of links)
within group X and e4p denotes the external links density between groups A and B.

In conventional applications of the AEL all links are treated homogeneously within each group,
which prevents it from distinguishing between the activity of the elites and the masses. However,
as discussed in previous sections, these links are qualitatively distinct. Therefore, we want to dis-
tinguish the link densities according to the hierarchies in the network. We do this by decomposing
the elements in P4gr further, such that

Iy +1py +1
ix = (2)

Tnx(ng —1)

where I, represents the interaction between group X's core nodes, while I, denotes the interac-
tion between its core and periphery, I, denotes the interaction among its periphery nodes, and
nx denotes the number of nodes in group X. We can now substitute the corresponding terms of
Eq. (2) into Eq. (1), which gives us

Group A contribution

Papr=( i, + icpy + ipa )
—— —— ——
elite cohesion  mass amplification ~ mass cohesion
+ ( iCB + ich + IPB) - Z?AB > (3)
——

—_—
Group B’s contribution bridge

where we use the hat symbol to denote the normalized form, where each component is divided
by the denominator in Eq. (1). Note that there is a one-to-one correspondence between the
polarization score and the bridge contribution: 2°e4g = (1 — Pagr)/2. For example, an increase
in polarization corresponds to a proportional decline in the bridge.

Werefer to Eq. (3) as polarization decomposition as it allows us to further study the direct effects
of different groups and hierarchies on the polarization score. By splitting the observed polarization
score into components, we can detect the differences between groups and their hierarchies on the
polarization measure and determine whether their contributions have changed over time. When
we say ‘contribution’ or ‘impact’ of a certain group on observed polarization, we specifically refer
to these components. This is valuable information in the context of polarization, where we are
often interested in monitoring the evolution of the opposing groups and their power dynamics.
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3.4.2 Marginal polarization
Our polarization decomposition measures the contributions of elites and the masses as groups,
and it cannot distinguish between the case where a large number of users each contribute small
amounts to the polarization score and the case with a small number of users that have a high
contribution. To distinguish between these cases we need to ask that what is the contribution of
an average user in the group in addition to asking what is the contribution of the whole group.

We operationalize this by defining marginal polarization. It measures how much the polariza-
tion score shifts when an average node of a given type, either an elite or a mass participant from a
particular group, is added to the system. By “average node” we mean a hypothetical node whose
attributes are drawn from the observed distribution for that type and whose edges are placed
according to the attachment patterns observed in the data. That is, marginal polarization mea-
sures sensitivity, i.e., how much additional polarization each type would generate if more of them
entered. Together with the polarization decomposition, it tells us whether a group’s contribution
comes from its number of members or the average effect of each member.

Formally, we define marginal polarization as the change in structural polarization when adding
a representative node of each type. Consider a core node in group A: it has k., links to other core
nodes in the same group, it receives k., links from the periphery and forms k,, external links
to group B. For a periphery node belonging to group A, it can have k;, links to other periphery
nodes. Itamplifies kp, core nodes and connects to ko, links outside its own group. By substituting
the average of observed values into these decomposed degrees, we can approximate the marginal
polarization for a mean core node as

(kcA> + (kcpA> . (kout3)> , (4)

2

ACAPAEI ~ o ( 11124 nAnE
where o denotes the denominator of Eq. (1). The formula is equivalent for the situation where
an average periphery node is added to the polarized system (A, Pag;), but the k, values must be
adjusted to reflect the link distribution of peripheral nodes. Interestingly, the formula shows that
having an equal number of links to the in-group and out-group is not enough to have zero net
impact on polarization when group A is smaller than group B. See Appendix A for full derivation
of this marginal polarization formula.

3.4.3 Issue alignment

In addition to structural polarization, we aim to quantify the degree of issue alignment separately
for the elites and masses. Issue alignment contributes to political polarization by creating a situa-
tion where individuals or groups align themselves along specific issues. When individuals strongly
identify with a particular issue or group and use it as a defining factor for their political stance
towards other topics, it can lead to several detrimental consequences (Chen et al., 2021). We mea-
sure alignment using the normalized mutual information (NMI) method (Chen et al., 2021) for
cores and peripheries separately. In essence, it quantifies the extent to which knowing the group
of a user in one topic informs us about the user’s group in another topic.

This can be exemplified as follows. Consider three individuals, i, j and k, who have participated
in discussions on both climate and immigration politics. In the climate discussion, individuals i
and j hold pro-climate stances (x(i) = 1, x(j) = 1), while k holds an anti-climate stance (x(k) = 0).
This results in the stance vector x = [1, 1, 0].

When analyzing the immigration network, two scenarios are possible. First, if i and j
share the same stance on immigration (pro-immigration) and k maintains an opposite view
(anti-immigration), the immigration stance vector is y; =[1,1,0]. In this scenario, there is
complete alignment between these individuals’ stances on climate and immigration, yielding
NMI(x, y1) = 1. This means we can perfectly predict individuals’ immigration stances based on
their climate positions. NMI would also yields maximum alignment when y; = [0, 0, 1], which
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is a desirable property for measuring alignment because what matters is the alignment of cleav-
ages. Alternatively, if i remains pro-immigration while j and k are anti-immigration, the stance
vector becomes y, = [1, 0, 0]. This scenario results in a lower alignment score, as NMI(x, y») < 1,
indicating reduced predictability regarding individuals’ stances on these issues.

To estimate user j’s stance on a specfic issue, we use its group membership, j € V4, orje Vp,
for the first network, and j € V4, or j € V3,, for the second network. Since this assessment requires
user’s presence in both networks, we add the stances for each node in Vi N V; in stance vectors, s;
and s;, corresponding to the respective issues, i.e., these stance vectors encode each user’s group
membership in the networks. Finally, we compute the issue alignment separately for the distinct

hierarchies: NMI(sS, s5) for the cores (elite alignment) and NMI(SII7 , sg) for the peripheries (mass
alignment). This measure is constrained between 0 and 1, where 0 indicates no alignment, and 1
indicates complete alignment between the issues in question.

4. Hierarchical polarization in Finnish parliamentary elections 2019 and 2023

In this section, we first present the data for our case study, which investigates polarization trends
during the 2019 and 2023 Finnish parliamentary elections. We demonstrate how the overall struc-
tural polarization and issue alignment have increased in four years, and then decompose the
polarization scores separately for the elites and the masses.

For both years, the networks undergo the exact same partitioning pipeline, as our goal is to
understand the dynamics between elite and mass user groups at the system level rather than ana-
lyzing specific sets of users. In other words, the comparison is between two like-for-like systems
(i.e., the same system at different time points) rather than between specific users at different time
points. This enables us to assess the current state of polarization based on the network’s present
structural hierarchy, ensuring that our analysis reflects the system’s current status rather than
being influenced by individuals who were relevant in the past.

4.1 Data

We use data collected from Twitter (Public API vl and v2) during the Finnish parliamentary elec-
tions in 2019 and 2023. To ensure consistency when comparing these two snapshots, we consider
the 12-week period leading up to the election day: January 21-April 14, 2019 for the first election
and January 9-April 2, 2023 for the second election.

For each election, we constructed five networks from sets of keywords related to larger topics,
such as immigration and climate change (for more details, see Chen et al., 2021). Before construct-
ing the networks, we removed retweets that included keywords from multiple topics, as they could
inflate the observed alignment between topic-specific networks. This filtering step yields a more
conservative estimate of actual alignment, ensuring that a user does not appear in multiple debates
simply due to a single tweet referencing distinct topics. In addition, we excluded quote tweets, as
these can carry disagreement or irony rather than endorsement.

Each network can be viewed as a graph where each user contributing to the topic is assigned to
one node. In this graph, an edge between two nodes represents a retweet, which can be deemed
as an agreement or a shared point of view on a selected issue between the corresponding users
(Metaxas et al., 2015). We removed self-loops and parallel edges. An average graph consists of
approximately 10,000 nodes and 30,000 edges (see Table in Appendix C for more details).

We confirm that our fitted models to this specific dataset provides sensible representations,
as political figures are 3-4 times more likely to appear in the core than in the periphery (see
Appendix D), and retweets predominantly flow from the periphery toward the core, supporting
the concept of mass amplification (see Appendix E).
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Figure 3. (A) demonstrates the increase in overall structural polarization across all networks, as measured by the AEI. Black
bar corresponds to the proportion explained by the null model. The largest increase in the portion not explained by the null
model was observed in the network representing economy-related discussions online. (B) The heatmaps depict the evolu-
tion of issue alignment over the four years, with 2019 on the left and 2023 on the right. Every pair of topics has experienced a
substantial increase in the degree of alignment, as measured by the adjusted NMI. Climate and immigration were already rea-
sonably aligned in 2019, however, the alignment doubled after four years. (C) illustrates the relationship between observed
alignment and the average structural polarization scores for all topic pairs in both years. Note that in 2019, although some
networks had high structural polarization scores, issue alignment remained relatively low. In contrast, by 2023, networks
showed both high structural polarization and high issue alignment.

4.2 Drastic increase in polarization

Before breaking down polarization by groups and hierarchies, we first report the overall structural
polarization and issue alignment across the networks in each snapshot (see Figure 3). In all systems
analyzed, polarization is computed between two groups, labeled as either left-leaning (A) or right-
leaning (B), based on the distribution of political parties within these groups (see Appendix F
for labeling details). We also confirm that the inferred group structure is more plausible than a
no-group structure using the assortativity test described in Section 3.

Structural polarization has increased in all the networks studied here, as shown in Figure 3.
Over these four years, the topics <climate> and <economy> experienced the highest increase. Not
only have the opposing groups moved further apart in some individual topics, they have also
become more aligned as the observed alignment values experienced an upward swing in each
pair of topics studied here. In other words, the tendency of the same individuals to be divided on
other topics as well has become more pronounced. In 2023, knowing an individual’s stance on
immigration politics provided the most information about their potential views on other topics,
where the strongest alignment was detected between <immigration> and <climate>, with an NMI
score of 0.6, twice as high as in 2019. The least aligned topics were <climate> and <economy>,
with an NMI value of 0.32, a slight increase from the 2019 alignment level of 0.25.

4.3 Groups have unequal impact on the overall structural polarization

Political polarization has clearly increased online in Finnish Twitter, a trend observed across
various offline contexts as well (Kestild-Kekkonen et al., 2024). But how do these patterns vary
across subgroups and different political processes? The decompositions in Figure 4A illustrate the
dynamic nature of structural polarization, specifically how the dominant polarized group (i.e., the
side accounting for the majority of the observed polarization) shifts over time and across issue
domains. The portions of observed polarization attributed to the left-leaning group are shaded in
red and correspond to the components i, (elite cohesion), ch , (mass amplification), and 7, ip, (mass
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Figure 4. (A) Polarization decomposition for structural contributions of different groups and their hierarchies to AEl-score.
Groups represent polarized communities on Finnish Twitter, with group A (red) belng left-leaning and group B (blue) right-
leaning. The flgure illustrates the predominant influence of elite cohesion (ICA & ICB), mass amplification (ICpA & lch) and
mass cohesion (/pA & IpB) on the overall score. The green part of spectrum represents the impact of the bridge between the
opposing entities (2 x €4g). The contributions of different hierarchical members not only vary within individual networks but
also across the distinct networks. The part of the spectrum that corresponds to the internal structures is shifted to the left by
an amount equal to the cross-interactions. This enables us to read the unadjusted AEI score for each network directly from
the figure. (B) Groups vary in their sizes, and mostly consists of the masses. Smaller groups can have a great impact on the
observed polarization. The group sizes are normalized by dividing the number of nodes in each group by the total number of
nodes in the graph. The pink and turquoise bars represent the proportion of mass members in groups A and B respectively
(number of mass members in each group divided by total graph size). The same normalization applies to elites’ group sizes.

cohesion). Similarly, the right-leaning group’s parts are represented by blue-shaded components
icg> icpy> and’, ips- The structurally depolarizing cross-interactions are captured by the green-shaded
bridge-component.

From these decompositions, we identified number of patterns indicating that the increase in
polarization from 2019 to 2023 involves distinct processes for elites and masses. Additionally,
these polarization dynamics are unevenly distributed between the two opposing groups, each
contributing to the overall observed scores to varying degrees.

First, focusing on the difference between elites and the masses, we observe that elites play a
substantially larger role than the masses in the polarization observed in the system. While the
public’s interaction patterns tend to explain large parts of the observed polarization in absolute
terms across all networks, the relative contribution (when adjusted to the sizes of these hierar-
chical groups) of the elite members is, on average, much greater, as is apparent from Figures 4B
and 5B. This was particularly striking in the immigration context, where right-leaning elites made
up less than 3% of users in 2019 but were responsible for over 30% of polarization. By 2023, they
still accounted for only about 4% of users but contributed roughly 20% of polarization. Similarly,
for education-related discussions in 2023, the right-leaning elites made up around 2% of partic-
ipants yet contributed roughly 18% to polarization. We report disproportionately concentrated
polarization for all groups and networks in Appendix G.

Second, we find that polarization patterns vary across opposing groups depending on context
and time. A particularly pronounced shift occurred in climate-related discussions. The left-leaning
group, dominant in 2019 (72% of polarization), saw its contributed share decrease to only 25%
by 2023 despite growing in size. Meanwhile, the right-leaning elites became substantially more
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consolidated, as their cohesion increased from 4 to 12%. There was also a notable rise in mass
polarization on the right, where amplification and cohesion combined rose from 24 to 63%. We
find similar patterns between the left and right across other issues. In fact, economic discussions
remained the only one where the left-leaning group was more polarized than the right across time,
with left-leaning elites nearly tripling their cohesion, from 9 to 25%, in 2023, whereas the overall
right group became only minimally more polarized.

Finally, our results also show signs that the gap between groups is solidifying. Communication
between polarized groups has mostly dropped or remained at the same level across all topics.
This type of communication, labeled as the bridge, and discussed in Section 3.3, is the only
interaction that structurally decreases polarization. Its share of the decomposition has declined
markedly in the <climate> and <social> networks, while remaining broadly stable in <education>,
<economy>, and <immigration> (see Figure 4A). Generally, in polarized networks, cross-group
interactions have a limited impact on polarization measures compared to intra-group interactions,
because they are often numerically and structurally outweighted by the internal organization of
each group. This further emphasizes the importance of analyzing these interactional patterns
separately.

The present discussion not only highlights the need to consider disaggregated sources of polar-
ization, it demonstrates how our method can be a tool for studying how these distinct mechanisms
drive polarization. Specifically, if a particular mechanism were indeed responsible for the observed
asymmetries, we would expect that mechanism to leave a corresponding pattern in the decompo-
sition results. For instance, previous studies have demonstrated that right-wing populist parties
often act as polarizing forces within political systems (Loxbo, 2024; Silva, 2018). Such polariza-
tion can occur either through the mobilization of masses by deepening the sociocultural divide
(Loxbo, 2024), or by reinforcing opposition among the adversaries (Nicholson, 2012). In our case,
the right-leaning group of both the <climate> and <immigration> networks are predominantly
composed of candidates from the right-wing populist party. In the decompositions of these net-
works, we observed that the right side of the climate debate gained a 39 percentage point increase
in mass amplification, suggesting that the increase in polarization primarily occurred through
mobilizing the masses. Meanwhile, the slight growth in the left group’s overall impact on immi-
gration reduced the earlier imbalance, suggesting that the intensified polarization in this case may
have occurred through reinforcing adversarial opposition.

Additionally, our method allows exploration of how group composition, such as the preva-
lence of specific political parties within groups, shapes polarization patterns (see Appendix F).
For instance, the notably low cohesion among right-leaning elites in the <economy> network
could reflect the more fragmented composition of this overall group, as it was the only network
where centrist parties were predominantly in the right-leaning cluster. Here, although centrist
and right-wing parties appeared to hold sufficiently similar views to form a single cluster, rela-
tively few endorsements between their elites were observed, demonstrating there are barriers to
elite cooperation across more diverse preferences in a polarized environment.

Figure 5B shows how marginal polarization varies across domains. In 2019, the entry of an elite
actor produced a particularly strong increase in polarization in the <economy> network, while
in <education> the effect of an additional elite was much closer to that of a mass participant.
Networks of <climate>, <immigration>, and <social> fell in between, where the entry of elites
shifted polarization somewhat more than masses but not to the same degree as in <economy>. By
2023, the same broad pattern held, with elite entry still producing stronger shifts in <economy>
and weaker shifts in <education>.

4.4 Elites are substantially more aligned than the masses

Given the crucial role elites play in shaping public discourse, we next analyze how issue align-
ment differs between elite and mass populations. To do this, we apply the method described
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Figure 5. (A) Elites are consistently more aligned than masses across all topic pairs. Elites became more aligned in 2023,
together with a smaller increase in the alignment of mass opinion on various issues. To capture the uncertainty around the
observed values, we bootstrapped 500 pairs of networks for each topic pair. Each bootstrap sample represents a subgraph of
the original network, where the sizes of cores and peripheries are subject to random fluctuations. We do this by sampling the
nodes into groups according to their original group probabilities. (B) Elites tend to have higher marginal polarization as well
compared to the masses. In both years, introducing a new elite member to the <economy=> network had the greatest impact
on its observed score. A weighted average of both groups’ marginal values is applied to obtain a single value representing
the hierarchy’s mean effect on AEL.

in Section 3.4.3, which measures alignment pairwise across all the topics studied. We find that
elites are consistently more aligned than the masses in all networks and across both elections, as
shown in Figure 5A, which indicates that elites regularly maintain more interdependent stances
on various political issues. This reflects the understanding that elites are generally more ideolog-
ically coherent and entrenched in their positions than the general public tends to be (Layman
and Carsey, 2002). Elites became even more aligned by 2023, with eight out of ten pairs of topics
having an NMI value over 0.8, which can be considered very high - especially when compared to
previous findings in the literature (Chen et al., 2021; Iannucci et al., 2024). As for the masses, they
showed relatively weak issue alignment in 2019, and the gap in mean alignment levels between
them and the elites not only persisted but even widened by 2023. Despite this, it is important to
highlight that the masses experienced a much sharper increase in issue alignment over the four-
year period compared to the elites. The mean alignment for the masses rose from 0.13 to 0.44,
representing an increase of approximately 228%, which was notably more pronounced compared
to the elites’ increase of 121%.

Looking deeper into specific areas of alignment, our findings show that immigration and
climate politics are more strongly aligned than immigration and social security issues, despite
social security and immigration often intersecting in policy debates (e.g., discussions about
welfare benefits for immigrants). In 2019, the topic pairs <immigration>-<education> and
<immigration>-<climate> showed the highest alignment, while pairs involving <social> showed
the lowest alignment. By 2023, <immigration>-<climate>had become the most aligned pair, with
<economy>-<climate> now showing the least alignment across both the elites and masses.

This pattern of immigration and climate politics being strongly aligned is consistent with
prior research that links this specific issue alignment to mechanisms of partisan sorting and the
broader universalist-communitarian divide (Chen et al., 2021). Our decomposition provides even
more details on this, as it reveals that by 2023, elites were about 1.6 times more aligned than the
masses on climate and immigration issues. Over time, alignment among elites had increased by
approximately 64%, while for the masses, it rose by 138%. Regarding the relatively low alignment
observed between climate and economic issues, one might have expected a stronger connection
given that economic growth, consumption patterns, and regulation are central to climate politics.
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Figure 6. Activity patternsin the most polarized networks in 2023 separated at group and hierarchy level. In all networks, the
largest jump in activity takes place approximately three weeks before the election day, particularly within the right-leaning
group in <immigration> network. Which opposing group is more active depends on the issue. For instance, activity within the
right-leaning elites is substantially higher in <immigration> and <economy=>, whereas in <climate>, <social> and <education>,
left-leaning elites appear to be more active. The extent of activity of a specific group does not translate into the observed
polarization. Figures for the remaining topics and for 2019 can be found in Appendix H.

Nevertheless, our analysis indicates that elites’ climate views were in fact 38% more closely aligned
with their positions on immigration than with economic politics.

Our method detects critical differences in issue alignment between elites and the masses. It
makes it possible to track, for example, whether a certain campaign, event, or shock, framed by
elites via multiple issues, has an aligning impact on the surrounding masses in the system. As for
now, the gap in issue alignment between elites and masses remains wide in the Finnish context.

4.5 Group sizes and activity patterns are inadequate indicators of polarization contribution

It may seem intuitive that larger or more active groups would contribute more to polarization.
However, our analysis reveals a more complex relationship. As shown in Figure 4B, larger groups
do not necessarily contribute more to polarization. For instance, in the immigration- or economy-
related discussions, smaller groups accounted for a substantially larger share of polarization.
Specifically, only 17% (in 2019) and 32% (in 2023) of participants belonged to the left-leaning
group in <economy>, yet their contribution to the observed polarization exceeded 70% in both
years.

Beyond group size, polarized groups also differ in activity patterns. From temporal activity
plots in Figure 6, we see that higher levels of activity do not directly dictate a group’s struc-
tural contribution to observed polarization. For instance, in <climate>, the elite cohesion of the
right-leaning group in 2023 was approximately twice that of left-leaning elites. Yet, left-leaning
elites consistently endorsed each other more frequently throughout the period. In contrast, the
<immigration> network showed correspondingly greater elite and mass activity for the right-
leaning group, aligning closely with their dominance in elite cohesion and mass amplification.
Additionally, differences in elite and mass activity clearly varies by issue. In <immigration> and
<economy>, mass-elite and elite-elite interactions saw similar activity levels, whereas in <cli-
mate>, the former substantially exceeded the latter, especially within the right-leaning group.
Taken together, these results support our claim that activity volume cannot be used as a proxy
for polarization contribution; organizational structure within groups better explains the observed
polarization. We further substantiate this claim in Appendix L
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5. Discussions and conclusions

A system becomes polarized when groups exhibit strong internal cohesion and sharp external
division. We already know how to measure the intensity of this division, but less is known about
the underlying structures contributing to it. This paper aimed to express the observed polarization
in terms of groups, as well as the elites and masses within these groups.

Decomposing polarization revealed (1) asymmetric contributions, highlighting that one
opposing group typically dominates in structural polarization; (2) a disproportionate role of elites,
who consistently demonstrate greater internal cohesion and issue alignment compared to the
masses; and (3) the dynamic nature of polarization, illustrated through significant shifts observed
in the Finnish political landscape between the 2019 and 2023 parliamentary elections. Instead of
just reporting continuously heightened polarization scores for different political or social systems,
we pinpointed the exact structures and the extent to which they contribute to polarization.

Our findings point to the critical and disproportionate role of elites in polarized systems. Elite
groups not only appear to be structurally more polarized but also exhibit stronger alignment
across different political issues. Given their central positions, elites serve as influential cue-givers
whose polarization can directly shape mass attitudes and behaviors. This dynamic holds potential
risks; elites propagating extreme or dangerous frames may significantly influence public discourse,
possibly intensifying polarization at the mass level. On the other hand, the increased clarity in elite
positioning may engage the public more actively in political discussions, reducing the perceived
gap between elites and masses that reduces overall political participation (Levendusky, 2010).

Importantly, our findings also show that mass groups have become increasingly aligned over
time, indicating that polarization is not confined solely to elite circles. This rise in mass alignment
suggests that some ideological realignment could be extending into broader segments of the
electorate, consistent with recent research (e.g., Kozlowski and Murphy, 2021) that challenges
some earlier theories positing that polarization primarily occurs among elites (e.g., Kinder and
Kalmoe, 2017).

We believe our method offers additional advantages beyond the insights already discussed. In
particular, the polarization decompositions provide a framework for testing hypotheses about the
origins and dynamics of emergent patterns. One notable strength of the approach is its capacity to
function as an analytical detector: any dominant underlying mechanism should leave discernible
traces, such as shifts, correlations, or other quantifiable features, within the decompositions. By
systematically comparing these decompositions for different scenarios, one can assess whether a
proposed mechanism is indeed a credible driver.

Our work helps make sense of today’s polarized environments. We demonstrate the impor-
tance of measures capturing layered group dynamics in these contexts. By distinguishing between
elite and mass polarization, we uncover patterns that are important to understanding how societal
divides emerge and evolve.
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Appendix A. Marginal polarization

Marginal polarization quantifies the incremental increase in overall structural polarization result-
ing from the addition of an “average” core (or periphery) node to group A (or B). Assume that an
average core node has k., connections to other core nodes within the same group, receives kp,
connections from the periphery, and establishes k,,; connections with the opposing group B. The
marginal polarization can then be expressed as follows:

(Ies + ke + Lipy +kepy +1p,) N (Le + Iopy + Ips)
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where I, is the observed number of links within the corresponding structure, and E denotes the
observed number of links between groups A and B. Each term is adjusted for density, as described
in the main text. We approximate o’ = . By substitution, we get:
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Similarly, for the remaining node types:
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Appendix B. Model selection

Our method requires the network to be partitioned into k polarized groups, based on the
assortativity assumption. Each of these polarized groups is then further decomposed into hier-
archical subgroups, following the hierarchy assumption. For example, when k = 2, the resulting
decomposition yields four distinct groups, as each larger group has their own elites and masses.

Many existing methods for uncovering the modular structure of networks struggle to differen-
tiate meaningful patterns from noise, often due to the lack of statistical validation. Our goal is to
address this limitation by asking two specific questions:

1. Is there enough evidence that the network can be decomposed into two polarized groups?
2. If so, is there sufficient evidence to further partition each group into hierarchical (core-
periphery) substructures?
To address these questions, we implement the following two-step partitioning pipeline:
1. The network is initially divided into two blocks using the non-uniform planted-partition
model.
2. Each group is then examined independently, applying the core-periphery detection algo-

rithm to identify hierarchical structure.

We adopt the traditional hub-and-spoke interpretation of core-periphery organization, as it
has been shown to better account for patterns of online amplification compared to the layered
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variant (Gallagher et al., 2021). This two-step decomposition process is repeated 100 times, and
each resulting partition is stored for model selection based on the minimum description length
principle (Griinwald, 2007; Peixoto, 2014b, 2019).

If the network does not exhibit significant assortative grouping, we conclude that it lacks struc-
tural polarization. In our experiments, however, all networks were more effectively described by
two groups, based on reductions in description length.

We then turn our attention to evaluating hierarchical structure within each group. Detecting
hierarchy is inherently more challenging than detecting its absence. A natural baseline for statisti-
cal comparison is the Erds-Rényi model, in which each possible edge (i, j) appears independently
with fixed probability p. Any apparent heterogeneity under this model can be attributed to random
fluctuations, making it a reasonable null model for our purposes.

A stricter alternative is the configuration model, which preserves the degree sequence of the
original network. While more constrained, this model presents limitations when applied to core-
periphery detection. Previous work has shown that, in some cases, the degree distribution alone
can account for the observed core-periphery structure (Kojaku and Masuda, 2018). We chose the
ER model over the configuration model for three key reasons:

1. Our objective is to identify structurally dominant users, and it is acceptable for this
dominance to correlate with higher degree (e.g., Garimella et al., 2018).

2. Prior studies (e.g., Yanchenko and Sengupta, 2023) have shown that the configuration
model can suffer from low statistical power in core-periphery detection. For the ideal struc-
ture, it may allow only the original network to satisfy the fixed degree sequence, making
rewiring impossible and resulting in a p-value of 1. Other work suggests that an additional
structural block-such as a community or another core-periphery-is needed to establish
significance (Kojaku and Masuda, 2018).

3. The Erdés-Rényi model is simple, intuitive, and avoids complications such as self-loops or
parallel edges.

Ideally, we would apply a constrained version of the nested stochastic block model (Peixoto,
2014a) to reflect the hierarchical nature of our approach. However, developing such a method is
beyond the scope of this study. Instead, we rely on the methodology outlined above for model
selection.

Appendix C. Summary of networks
See Appendix Table C1.

Table C1. Retweet networks were constructed for both election years, covering five distinct networks each.
These networks were constructed based on Twitter data obtained over a span of 12 weeks leading up to the
respective election day, which were 14.4. for 2019 and 2.4. for 2023. |N| represents the count of unique nodes
(users), and |E| denotes the count of unique edges (retweets) in the network after the preprocessing

Topic Label [N|19 [El19 [Nl23 |El23

Climate politics <climate> 16,639 50,605 11,264 34,509
Immigration politics <immigration> 6739 20,923 9519 36,889
Social security <social> 13,926 39,778 11,395 34,173
Economic policy <economy> 5880 10,962 10,031 37,111
Education policy <education> 9843 20,314 12,814 35,619
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Table D1. Values of y demonstrate the higher
chance of finding a politician from the cores
versus peripheries

Topic y

<climate> 33
<immigration> 2.8
<social> 3.1
<economy> 4.0
<education > 3.6

Appendix D. Political actors in cores versus peripheries

To verify that the presence of political elite is higher in the cores than in peripheries, we com-
puted the following for each network: How much more likely it was for a randomly selected node
from the cores to belong to the list of political candidates compared to a node sampled from the
peripheries, i.e.

Probability of core node being a candidate

V= Probability of periphery node being a candidate
We report the values of y for each network in Table D1.

Appendix E. Public amplification
See Appendix Figure E1.

2019 2023

EDU Periphery A - Core A
HEm Periphery B » Core B

ECO

SOC

IMM

cu

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
% of all interactions between core A (B) and periphery A (B)

Figure E1. To view the core-periphery interactions as mass amplification, we confirm that the majority of connections
are directed towards the core. In all networks examined, most of the links between the core and periphery consist of
retweets originating from the outer periphery. This proportion remains relatively consistent across different polarized
groups. Therefore, it is reasonable to characterize this dynamic as mass amplification.
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Appendix F. Political parties in inferred polarized groups

We verified that the inferred groups can be called either left-leaning or right-leaning based on the
real political affiliations of the political actors in the groups in Figure F1.

CLIMATE IMMIGRATION SOCIAL ECONOMY EDUCATION

[ I [—_— I
N N N I N
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Figure F1. Majority of the political candidates from left-leaning parties are grouped together in the inferred polarized
groups, as are those from right-leaning parties. The abbreviations used in the figure are expanded as follows: FP: finns
party, CD: christian democrats, NCP: national coalition party, SPP: swedish people’s party, CNT: center party, SDP: social
democratic party, GREEN: green league & LEFT: left alliance.

Appendix G. Concentration of polarization in divided networks
See Appendix Figures G1 and G2.

CLI IMM soc ECO EDU

Group Size Contribution

Figure G1. Concentration of polarization in 2019. Bars compare group sizes (left bar in each topic) with their respective
contributions to polarization (right bar), revealing that smaller groups often exert disproportionately larger influence on
observed polarization. For example, within the climate issue (CLI), the left elites constitute only 2.2% of the network size
yet account for 18.2% of the polarization contribution. Note also how the right elites, despite representing only 2.5% of the
immigration network, contribute over 12 times more to polarization relative to their size.
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cLl IMM socC ECO EDU

Group Size Contribution

Figure G2. Concentration of polarization in 2023. Bars compare group sizes (left bar in each topic) with their respective
contributions to polarization (right bar), revealing that smaller groups often exert disproportionately larger influence on
observed polarization. For example, within the immigration issue (IMM), the right elites constitute 3.6% of the network size
yet account for 21.2% of the polarization contribution. Left masses across topics tend to represent the largest subgroup but
do not necessarily have the largest proportional contribution.

Appendix H. Activity patterns
See Appendix Figures H1, H2 and H3.
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Figure H1. Activity patterns in <social> and <education> networks 2023. See caption of Figure 6 for more details.
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Figure H2. Activity patterns in <climate>, <immigration> and <economy> networks 2019. See caption of Figure 6 for more
details.
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Figure H3. Activity patterns in <social> and <education> networks 2019. See caption of Figure 6 for more details.

Appendix I. Activity versus Marginal polarization

To evaluate the relationship between activity and marginal polarization, we conducted two com-
plementary analyses. In both cases, we first applied least trimmed squares regression (Rousseeuw,
1984) in order to identify a robust set of points, and computed correlations only on this subset. In
the first analysis, we measured the correlation between the absolute group-level values of activity
and marginal polarization. In the second, we examined the correlation between their temporal
differences, using relative changes for activity. Both analyses (Figures I1, 12) consistently indi-
cate that neither activity itself, nor its change over time, is a reliable indicator of how polarized a
group is.
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Figure 11. Each point corresponds to a hierarchical group (elite or mass within groups A and B) in a given topic and year.
With five topics, four groups per topic, and two time points, the plot shows a total of 40 observations. For each observation,
the horizontal axis shows the group’s weekly mean activity, and the vertical axis shows the group’s marginal polarization.
The scatterplot shows that most groups cluster at low levels of marginal polarization, with just a few outliers reaching much
higher values. To reduce the impact of these outliers, the fitted line is obtained with least trimmed squares regression (LTS)
(Rousseeuw, 1984), which estimates the relationship using the 38 best-fitting points. Correlation coefficients, computed on
this set, are low and negative (Pearson r = —0.17, p = 0.30; Kendall t = —0.20, p = 0.08), indicating at best weak evidence.
Overall, there is no statistically reliable association between activity and marginal polarization.
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Figure 12. Each point corresponds to the change in activity and marginal polarization of a hierarchical group (elite or
mass within groups A and B) between the two observed years. With five topics and four groups per topic, the plot shows
a total of 20 paired observations. The horizontal axis shows the relative change in the group’s weekly mean activity, and
the vertical axis shows the corresponding change in marginal polarization. The results indicate weak associations (Pearson
r=0.28, p =0.26; Kendall T =0.29, p = 0.10). Overall, the evidence does not support a reliable link between changes in
activity and changes in marginal polarization.
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