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Abstract

Political conflict is an essential element of democratic systems, but can also threaten their existence if it becomes too
intense. This happens particularly when most political issues become aligned along the same major fault line, splitting
society into two antagonistic camps. In the 20th century, major fault lines were formed by structural conflicts, like
owners vs workers, center vs periphery, etc. But these classical cleavages have since lost their explanatory power.
Instead of theorizing new cleavages, we present the FAULTANA (FAULT-line Alignment Network Analysis) pipeline,
a computational method to uncover major fault lines in data of signed online interactions. Our method makes it possible
to quantify the degree of antagonism prevalent in different online debates, as well as how aligned each debate is to the
major fault line. This makes it possible to identify the wedge issues driving polarization, characterized by both intense
antagonism and alignment. We apply our approach to large-scale data sets of Birdwatch, a US-based Twitter fact-
checking community and the discussion forums of DerStandard, an Austrian online newspaper. We find that both online
communities are divided into two large groups and that their separation follows political identities and topics. In addition,
for DerStandard, we pinpoint issues that reinforce societal fault lines and thus drive polarization. We also identify issues
that trigger online conflict without strictly aligning with those dividing lines (e.g. COVID-19). Our methods allow us
to construct a time-resolved picture of affective polarization that shows the separate contributions of cohesiveness and
divisiveness to the dynamics of alignment during contentious elections and events.
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Significance statement

Online media can fuel and amplify societal division, particularly in relation to (perceived) political identities. While a number

of extremism and polarization mechanisms have been uncovered, effective mitigation interventions are yet to be determined.

Strategies that naively create common spaces between factions can easily generate backfire effects that, counter-intuitively,

worsen the situation. In our work, we gather existing methods previously mostly used in small-scale elite political systems and

generate a pipeline applied to large-scale online environments, in an effort to leverage platforms’ features such as fine-grained

temporal resolution and diversity of topics to study popular polarization.

© The Author(s) 2024. Published by Oxford University Press on behalf of National Academy of Sciences. This is an Open  
Access article distributed under the terms of the Creative Commons Attribution License  
(https://creativecommons.org/licenses/by/4.0/), which permits unrestricted reuse, distribution, and reproduction in any medium, 
provided the original work is properly cited.
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Introduction

It is nowadays difficult to watch a news broadcast, listen to

a campaign speech, or read a political commentary without

coming across the term polarization. It seems that, when

political commentators need a catchy, one-word description of

the current state of political affairs, they habitually default to

polarized. But this inflationary usage of the concept of political

polarization lumps together very different forms of political

conflict. In a world where even apparently apolitical questions

of lifestyle and taste have become associated with ideological

positions [1], it may seem like every political conflict is being

fought along the lines of left versus right, neatly splitting the

political spectrum into two opposed factions. But neither in

theory nor in practice is this the only way in which political

antagonism can manifest in democratic societies.

The conflation of concepts when talking about polarization

also explains the seemingly ambivalent role of political

antagonism in democratic societies: On the one hand,

polarization is usually conceptualized as detrimental to political

stability and efficient governance. On the other hand, conflict

and competition are recognized as essential parts of a

functioning political system. This apparent contradiction is

easily resolved by stipulating that political antagonism is not

automatically detrimental to the stability of the system, as

long as it is not exclusively located along the same dividing

line, or cleavage. If political antagonism is located along

multiple cross-cutting cleavages [2, 3], it can actually increase

systemic cohesion by putting political actors into ever-changing

configurations of alliances. In such a system, the opponents of

yesterday may become the allies of tomorrow (and vice versa),

which creates an incentive to maintain a minimum of civility

[4]. In contrast, if conflicts are predominantly organized along

a single cleavage, political actors will always find themselves

alongside, and across from, the same group of people. It is easy

to see why in such a system civility tends to be replaced by

partisan hostility and political sectarianism [5].

The analysis of cleavage structure has been a central concern

for political scientists (especially in Europe) since the seminal

work of Lipset and Rokkan in 1967 [6]. They theorized that

party systems in Western democracies are the results of four

basic societal conflicts: center vs. periphery, state vs. church,

owner vs. worker, and land vs. industry, which are present

to differing degrees in different societies. The four cleavages

initially introduced by Lipset and Rokkan in the 1960s have

since lost a large degree of their explanatory power [7]. New

cleavages have been proposed by various authors, determined,

for example, by conflicts around globalization [8], migration [9],

or European integration [10]. However, it has been criticized

that, similar to ’polarization’, the term ’cleavage’ has been

overexpanded, and thus lost most of its meaning, serving now

merely as a redescription of differences in political attitudes

among the electorate [11, 12].

In this study, we aim to harness the extensive and

longitudinal features of online environments to discover

cleavages based on high-resolution and contextualized data

as a supplementary approach to theorizing specific cleavages

ab initio. Moreover, once known the configuration of these

dividing lines, we identify and analyze two distinct factors of

popular political polarization: First, the degree of Antagonism

in a community, a metric reflecting the prevalence of negativity

in the interactions that are triggered by a controversial issue.

And second, the degree of Alignment of a community around

an issue, reflecting how much the issue ’fits’, and thereby

reinforces, these main dividing lines in a community. Our

intuition is that political polarization can then be defined as the

product of Antagonism and Alignment, both of which have to

be present for a system to fission into radically opposed factions.

Our detection of cleavages, as well as our quantification

of Antagonism and Alignment is based on the identification

of optimal divisions separating factions in networks of signed

relations. In such signed networks, each node represents an

individual and their relations are represented by positive or

negative edges.

In social media, positive interactions are captured by

liking, praising, forming friendships, or establishing trust,

while negative interactions are captured by disliking, toxic

behavior, hostility, or distrust. By considering explicitly

negative interactions within social media, we gain a deeper

understanding of community structures and relations than by

only analyzing positive interactions. For example, relying only

on positive interaction data creates biases that lead to an

overestimation of online fragmentation and distorted pictures

of the polarization of a community [13, 14]. This is particularly

important when assessing the degree of political polarization

in social media use, which might have been overstated due to

missing information on negative interactions [15].

There is a considerable set of literature considering the

detection of communities in signed networks. While most

methods utilize the concept of balance theory [16, 17], which

postulates that positive interactions happen with a higher

likelihood between individuals belonging to the same group

(e.g. political faction), whereas negative interactions happen

predominantly between opposed factions, we find different

approaches to it. On one hand, there are methods aimed at

detecting dense communities informed by balance [18, 19, 20,

21]. These could be strictly categorized as community detection,

as the groups found are cohesive and can easily be numerous.

On the other hand, we have what we could call faction detection

approaches, in which the aim is to solve a MINCUT problem

where you want to cut in a way that you minimize the number of

edges that violate the partition model (known as frustration)

[22, 23, 24, 25, 26]. These methods tend to offer solutions of

binary or few factions.

Building on the latter [27], we designed FAULTANA,

our proposed pipeline for detecting the fault lines of an

online community and assessing Alignment and Antagonism

in its interactions. Our framework can track changes in

Alignment over time and compare how group structure

manifests across issues in society. Furthermore, we analyze

the two independent mechanisms that contribute to Alignment,

namely Cohesiveness and Divisiveness [23], which account for

in-group agreement versus out-group disagreement. At present,

out-group disaffection is the most relevant variable in the

steep increase of political sectarianism, especially in the US

[5]. Hence, a proper consideration of negative interactions and

relations is crucial to the analysis of polarization within online

systems.

We apply this framework to two unique datasets that

contain explicit signed interactions between users extracted

from two different online platforms: Birdwatch, the US pilot

stage of a crowd-sourced fact-checking Twitter system; and

DerStandard, an Austrian online newspaper with discussions

on news pieces.

The signed network data of Birdwatch and DerStandard

offer a unique opportunity to directly measure positive and

negative relationships in large-scale systems, as previous

research struggled to infer negative relationship information

© The Author 2021. Published by Oxford University Press. All rights reserved. For permissions, please e-mail:
journals.permissions@oup.com
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from unsigned data [28, 29, 30]. This difficulty is particularly

pronounced in online social systems, where distinguishing

between users not interacting due to animosity versus chance

becomes infeasible [13]. Even the inference of positive

interactions from endorsing actions, such as retweets, has been

called into question [31]. However, there still are examples of

platforms with signed interaction features that have particular

functions away from general discussion (e.g. Epinions [32],

Slashdot [33] or Wikipedia RfA [34]), as well as datasets

obtained through the inference of implicit signed interactions

from text data such as Reddit [35, 36], or co-edit networks of

Wikipedia [37, 38].

Similarly to our approach but aimed at the context of

political elites, there has been plenty of work on faction

detection in systems of party politics and elite polarization,

such as an analysis on the House of Commons regarding Brexit

[39], government formation in parliamentary democracies [40],

the US Congress [41, 27] or the US House of Representatives

[22]. A key factor for the development of this type of work

is the existence of signed graphs of political elite interactions,

which are usually inferred from co-voting or co-sponsorship

data. These systems are small-scale, have a high density of

interactions and usually allow for manual labeling of node

attributes (e.g. party affiliation). Other work has covered the

study of international relations, which have similar features

[42, 43, 44, 45].

Alternatively, our two datasets provide information on

extensive general popular discussions with a strong presence

of political content and explicitly signed interactions in the

form of positive and negative user-author ratings based on

spontaneous behavior. Both datasets also have fine-grained

temporal information and contextualization features encoded in

news tags in the case of DerStandard and text in both datasets.

Our DerStandard dataset is novel and comprises eight

years of signed interaction information between regular users

of efficiently moderated news discussions. This dataset fills

a valuable gap that has been present in the study of signed

networks.

On the other hand, Birdwatch has been studied in previous

research [46, 47, 48, 49, 50, 51, 52, 53, 54, 55] and has been

found to be a strongly polarized platform: from general user

behavior in the platform [46] to the interplay of political

biases of the users and their assessments [47], as well as

the study of its network structure [48, 49]. This makes it an

interesting case study for our pipeline since it allows us to

unfold the particularities of this polarization. Moreover, there

is still ongoing doubt about the effectiveness of crowdsourced

approaches to fact-checking, which is reflected in other research

that has contrasted crowdsourced content in Birdwatch with

expert fact-checking, noting variations in content selection,

resource use, and efficiency [50]; explored believability and

harmfulness of Birdwatch posts [51] or their diffusion in retweet

cascades [52].

Data description and preparation

We use these key features of our two data sources: (a)

DerStandard: positive (+) and negative (-) ratings on postings

in the forum below articles on the online newspaper page.

(b) Birdwatch: agreement and disagreement between raters

and their notes, which we treat as positive and negative

interactions. In both cases we also have temporal information

(timestamp of postings or note).

We differentiate between: (i) Interactions: directed pairwise

interactions based on the reaction of a user (rater) to the

content posted by another user (author), with the timestamp

corresponding to the posting of that piece of content, and (ii)

Edges: undirected and signed relations between users of the

platform, based on aggregated interactions exchanged between

them through their postings or notes.

Network Creation: From interactions to edges

Both datasets contain pairwise interactions between users.

Considering a dataset of n users, we model each relation

between user i and user j from such interactions as a random

variable that follows a Bernoulli distribution with parameter

pij . We follow a Bayesian model using a beta prior for

estimating pij with parameters α0, β0. After observing all the

interactions between i and j in the dataset, the posterior

probability also follows a beta distribution, in this case

parametrized by α0 + pos, β0 + neg, where pos and neg

correspond to the number of positive and negative interactions

respectively.

From these posterior probabilities, we build an undirected

signed network G = (V,E, σ), where V is a set of n nodes,

E is a set of m edges, and σij is the edge sign. Edges are

only defined for pairs of users who have a certain bias towards

0 or 1, i.e., E[pij ] > 0.6 or E[pij ] < 0.4, and very low

uncertainty, i.e., Var[pij ] < 10−4, where E[pij ] = α
α+β and

Var(pij) = αβ
(α+β+1)(α+β)2 . For defined edges, we set their

sign according to σij = sign
(
E[pij ] − 1

2

)
, i.e, two users have

a positive (negative) edge if their expected posterior is above

0.6 (below 0.4) with high certainty.

Birdwatch

Launched in January 2021, the platform aimed at fighting

Twitter misinformation via crowd-sourced fact-checking by

selected volunteer users, or birdwatchers. These users assessed

tweet trustworthiness with evaluative notes, including sources

and arguments. The platform served as a small scale trial for

the current known Community Notes. Previous work analysis

has shown high political alignment and polarization among

users [46, 47, 48, 49] and a tendency to scrutinize content

from counter-partisans while following a partisan cheerleading

behavior in ratings [47].

Twitter regularly published updated and publicly available

datasets containing metadata of notes (text, tweet ID, note

timestamp, classification, note ratings) and anonymized users

data. We retrieved all data covering the time span between

the start of Birdwatch in January 2021 and August 2022.

Moreover, we re-hydrated the the content and metadata of the

targeted tweets with the academic access to the Twitter API

and computed an ideology score for the corresponding tweet

author with Bayesian Ideal Point Estimation [15] implemented

by the package tweetscores.

During the time span covered by our data, the platform

changed their rating procedure from a simple agree versus

disagree (Jan 2021 - Jun 2021) to helpful, somewhat helpful

and not helpful for the remaining months in our data set (Jul

2021 - Dec 2022). Moreover, the platform launched a new

algorithm to compute note statuses in February 2022, which

searched for agreement across different viewpoints [54]. Since

these are substantial platform changes, we split the dataset

into two parts accordingly: BW1, and BW2, and center our
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study mostly on BW1, leaving BW2 as comparison only since

it includes a series of platform changes. BW1 includes ∼ 32k

pairwise interactions between 2, 676 users, while BW2 is a

larger dataset comprising ∼ 235k pairwise interactions amongst

10, 662 users.

On this platform, positive and negative interactions are

present in similar proportions (see SI Appendix, Table S1).

Both interactions in Birdwatch, agreement and disagreement,

can be considered to be equally meaningful because they require

an argumentation. Consequently, we use a uniform prior for

the beta distribution that characterizes the user relations on

Birdwatch.

DerStandard

The web page of the Austrian newspaper has a long tradition

(dating back to the 1990’s) of offering users discussion

forums. Compared to other platforms with similar features,

DerStandard uniquely provides information on which users

rated a posting in addition to the sign of the rating (see SI

Appendix, Fig. S1 for an example of the interface). A recent

study shows that users that are active on DerStandard tend

to be more often male, younger, more highly educated, and

more often from Vienna or Upper Austria than respondents of

a representative survey in Austria [56].

With permission from DerStandard, we automatically

retrieved all publicly available postings and user ratings in

the discussion forums below each news piece on DerStandard

between Jan 2014 and Dec 2021. In addition to postings

and ratings, we also retrieved tags that classify news pieces

into topics according to the platform (e.g. sports, refugees in

Austria, Op-Ed columns, etc).

To analyze a stable user sample from DerStandard and

avoid results originated from a large influx or outflux of users,

we consider only users that rated at least once yearly in

our observation period (begin of 2014 - end of 2021), thus

removing accounts that have spurious activity levels. This

allows us to identify roughly 14.8k users that we track over

8 years, comprising a total of ∼ 76M pairwise interactions.

Our observation period spans major events, including the

European refugee crisis (2015-16), the Austria government

coalition dissolution due to corruption scandals (2019), and the

COVID-19 pandemic (2020-21).

On DerStandard, negative interactions are underrepresented

(SI Appendix, Table S1) and can carry a stronger signal than

positive interactions. To account for that, we use a prior

distribution that slightly favors negative interactions, especially

when the volume of interactions is low, i.e., a beta distribution

with α = 1 and β = 2. The resulting network contains a similar

number of negative and positive edges.

Partitioning methods for signed networks

Our approach is based on finding the main division lines in a

community and the posterior analysis of the reinforcement or

challenge of those divisions. To find a robust partition, we build

on previous work.

Main optimization problem

Following [57] notation, given a signed graph G = (V,E, σ),

and a partition P = {X,V \ X}, the frustration count will

be the sum of the frustration state of all edges, fG(P ) =∑
(i,j)∈E fij , where fij equals 1 for frustrated edges and 0

otherwise. Frustrated edges correspond to the edges that violate

the assumptions of the optimal partition model, i.e. negative

edges between members of the same group or positive edges

between members of different groups. The problem thus is

stated as finding the optimal partition P∗ with the minimum

number of frustrated edges L∗
G = minP fG(P ).

Computational methods

The computation of L∗
G is known to be NP-hard [58].

For small scale networks, however, exact computation of

the frustration index is feasible using the binary linear

programming formulation [58]. Several approximate methods

have been proposed that are applicable to large scale networks.

For example, Doreian and Mvar apply blockmodeling [59], in

which they optimize the criterion function P (X) = Ef,p+Ef,n

via a relocation algorithm, with Ef,p defined as the frustrated

positive edges and Ef,n the frustrated negative edges. In

practice, this method, combined with simulated annealing as in

the Signnet implementation [60], provides approximate values

of L∗
G that correspond to robust partitions. Moreover, given

that it involves a stochastic algorithm, we execute it 200

times and select the partition yielding the minimum L∗
G value.

Further details regarding this approach can be found in the

SI Appendix, section 2A. Any approximated value for L∗
G will

necessarily be equal or higher than its exact value, given that

there is no sub-optimal partition that can provide a smaller

number of frustrated edges, thus the best approximated value

will be an upper bound.

Generalization to more than two groups

All the previous definitions and methods are generalizable to

k > 2 partitions [61, 22]. In that case, each value of k provides

an optimal solution L∗
G(k), and a reasonable selection is to keep

the value of k which yields the minimum L∗
G. In [59], it is shown

that L∗
G follows a concave curve with a unique minimum value

of k, which we refer to as k∗. For all the case studies presented

in this paper we find k∗ = 2, ergo two differentiated factions.

See SI Appendix, section 2B for details in the multi-partition

selection for our data.

Previously defined useful metrics

Given a partition, a metric that can be useful in determining

the incidence of the general division on the community, or the

degree up to which the network can be easily separated into

groups, is the ”Normalized Frustration Index” [57]: 1 − L∗
G

m/2 .

The normalizing factor m/2, where m is the volume of edges

in the network, accounts for different network sizes and is a

soft upper bound on the number of frustrated edges. Note

that the index decreases the more frustration there is (i.e. the

more blended the groups are). Therefore, when working with

an approximated L∗
G, the index value is a lower bound.

Interestingly, we can understand this level of grouping

as a structural measure related to polarization under the

assumption that there is a small number of groups which are

of similar sizes. Otherwise, it would either be a complete

fragmentation into small groups or a case of a majority versus

minorities. We discuss further details and show an example of a

case where this assumption is not fulfilled in the SI Appendix,

Section S4A, Figures S10 and S11. For our data, we verify this

assumption in the Results section.

It is important to clarify that even though we draw

from previous research that aimed at defining partial balance
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Fig. 1. (Left) Schema of the FAULTANA pipeline: our analysis framework for Antagonism, Alignment, Cohesiveness, and Divisiveness.

Grey boxes indicate data structures and variables implicated in the pipeline. Step 1 creates the relation network based on an aggregation of interactions

through time. Step 2 applies the optimization algorithm, either exact or approximated, to obtain the optimal number of groups and optimal partition.

From these two steps we can retrieve a global Alignment metric SAIG. Then, by selecting subsets of the interaction data and with the optimal partition

information, steps 3 and 4 compute the four metrics of interest: Antagonism, Alignment, Cohesiveness (normalized) and Divisiveness (normalized).

(Right) Illustration of Antagonism and Alignment in signed network examples. The four networks have been constructed with the same

edge density, number of nodes, and partitioning of nodes. Negative edges are red and positive edges are blue. The two upper networks have a higher

proportion of negative edges, and thus higher Antagonism than the ones on the lower quadrants. Computed SAIR(i) values are provided to illustrate

that the two right quadrants exhibit a higher level of Alignment, which is due to the lower amount of frustrated edges. Only the right upper quadrant

corresponds to a strict definition of polarization in terms of both Antagonism and Alignment.

metrics, our aim diverges from assessing balance in these

networks. In that case, the use of frustration could lead to

incomplete descriptions of the interplay between polarization

and balance in certain scenarios [45] (See SI Appendix, Section

S4A). Instead, our focus lies on detecting a division between

two or more factions based on frustration and studying the

alignment of users to these factions.

Similar to earlier work [23], we can also analyze the two

mechanisms that are involved in the coherence of users’ links

to the partition: alignment with one’s own group (Cohesiveness)

and alignment against the opposing group (Divisiveness).

Cohesiveness (Divisiveness) is defined by the proportion of

internal (external) edges that are positive (negative). Given

our optimal partition P∗, internal edges are defined by Ei
p =

{(i, j) ∈ E|i, j ∈ X or i, j /∈ X} and external edges are defined

by Ee
p = {(i, j) ∈ E|i ∈ X, j /∈ X or j ∈ X, i /∈ X}.

The FAULTANA Pipeline

After constructing the signed relation network of each platform,

we obtain their optimal partitions using the methods described

above. Once the belonging of users to each group is fixed,

we can assess the status of the platform globally (network of

relations) or describe the status of directed sub-sets of the

data (network of interactions). These allow us to find four

metrics of interest: Alignment, Antagonism, Cohesiveness and

Divisiveness. We designate this set of steps as the FAULTANA

pipeline, which stands for FAULT-line Alignment Network

Analysis (See Figure 1).

Re-normalization and global metrics

In order to be able to compare across subsets of our data, we

have to re-think some of the characteristics of the previously

designated metrics like the ”Normalized Frustration Index”,

Cohesiveness or Divisiveness.

In the case of the ”Normalized Frustration Index”, we re-

normalize it by comparing the empirical estimate of L∗ versus

its mean value in repeated measurements of a null model.

The null model based on graph G randomly re-distributes sign

attributes while keeping the overall structure of the network

and the partition fixed (G̃). The value of L in the null model

simulations, LG̃, is consistently higher than the frustrated

edges in our datasets, proving to be a tighter bound than only

considering the number of edges with the term m/2. Thus,

we define the Global Signed Alignment Index, which we also

simply call Global Alignment, as:

SAIG = ⟨1 −
L∗

G

LG̃

⟩ (1)

We obtain 95% confidence intervals for SAIG from the

distribution resulting of repeated instances of the null model.

On the other hand, the measures of Cohesiveness and

Divisiveness defined above cannot be compared between

systems with different ratios of negative versus positive

interactions. For example, a system A with a higher ratio of

negative interactions than system B will have by construction

a higher Divisiveness even if it is not more strongly divided

along the fault line than system B. This can be observed in

simulations of our null model, which show that the expected

value of Divisiveness and Cohesiveness is perfectly correlated

with the fraction of negative interactions (Fig.S4). To solve

this, we design new metrics of Normalized Divisiveness and

Normalized Cohesiveness by subtracting from the original

metrics (i.e. not normalized) the mean values obtained in the

null model simulations. For brevity, we will use the original

metric names to refer to their normalized versions throughout

the remainder of the manuscript. We assess the uncertainty

of our measurements of Divisiveness and Cohesiveness through

bootstrapping. For each measurement, we create 10, 000
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bootstrap samples of the network with replacement and of

the same size as the original. On each bootstrap sample,

we calculate Divisiveness and Cohesiveness and we use the

resulting values to calculate the bootstrapping confidence

interval around our original measurement.

Formalization of Alignment

Our normalization approach allows us to obtain a meaningful

SAI for sub-sets of the interaction data. To do so, we maintain

the optimal partition obtained from the network of relations

(i.e. we fix the belonging of each user to a group that is defined

by the long-term relation between users), and we proceed to

assess how aligned the interactions within that subset of the

data are to this partition. We refer to this metric as Alignment,

or SAIR. Since it follows the same laws of frustration (e.g.

negative interactions within a group are frustrated interactions,

and so on), we just have to re-define the SAIG in the following

way:

SAIR = ⟨1 −
LR

LR̃

⟩ (2)

where R accounts for the network of directed interactions

within a set or subset of the data, denoted by R(t) in case of a

temporal subset, or (i) for a selection based on issue or topic.

LR is then the number of frustrated interactions in that network

given the existing assignment of nodes to groups. As in the case

of SAIG, R̃ denotes an instance of the null model applied on R,

by reshuffling the sign configuration while keeping the network

structures and groups.

Formalization of Antagonism

Additionally, we formally describe Antagonism as the

proportion of negative interactions in R, which is a simple

indication of the prevalence of conflict or general disagreement.

This measure is then not related to the network structure,

like Alignment, but it indicates a property of the user-content

interaction in terms of the overall presence of disagreement in

comparison to agreement.

Formalization of Cohesiveness and Divisiveness (local)

Besides computing Cohesiveness and Divisiveness for the

network of relations, providing a general overview of each

platform, we can also analyse these metrics for subsets of

interactions associated with topics or time periods, which

can show how Cohesiveness and Divisiveness contribute in

Alignment changes. Furthermore, given the directionality of

ratings in the network of interactions, we can examine group

asymmetries by calculating the separate contribution from each

group to these metrics (e.g. how much of the division between

two groups is driven by one of them).

Conceptualization of Alignment and Antagonism

The metric of Alignment captures how interactions follow the

division of the network into opposed groups, while our metric

of Antagonism captures the overall tendency towards negative

interaction in the network regardless of groups. By considering

both these measures, we can provide a more comprehensive

picture of polarization than when these two concepts are

not explicitly distinguished. Figure 1 shows how these two

metrics capture various polarization scenarios given a partition

of the network into groups and the positive and negative

interactions in the system. A network with low Alignment and

low Antagonism has few negative interactions and no strong

division into groups, corresponding to a situation with the

weakest polarization. The lower right part of the space, where

Alignment is high but Antagonism is low, corresponds to an

echo chamber case in which most interactions are positive but

happen between like-minded individuals and not across groups.

The upper left cases are networks with high Antagonism but

low Alignment, capturing scenarios where disagreement exists

but not necessarily following the division of the network into

groups. This can happen when everyone is against everyone

or where other divisions exist but do not follow the general

ideological separation of the network into groups. And finally,

the upper right part of the space corresponds to cases where

polarization is high, as both Antagonism and Alignment are

high. In this high-polarization case, there is a strong cleavage

between groups such that positive interactions are confined

within groups while frequent negative interactions happen

mostly across groups.

Results

Approximating Alignment in Birdwatch

In this section, we evaluate our methodology and its

performance based on the results obtained from the two

Birdwatch datasets. We use Birdwatch for two key factors.

Firstly, as described in Section Computational methods, we

can run the exact method for small networks, while for large

networks we have to run the approximate algorithm due to

the complexity of the problem. The size of BW1 allows us to

run both the exact and approximate algorithms and compare

the solutions to estimate the difference in signed networks of

this kind. The results of both algorithms are very similar in

BW1, with the approximated SAIG being 84% of the SAIG

obtained with the exact method and an average partition

overlap coefficient [62] of 0.89.

For both BW1 and BW2, we find that the optimal number

of groups is k∗ = 2, and the largest groups contain roughly

twice the number of users of their smaller counterparts (see

SI Appendix, Table S2 for more details). Figure 2 shows

the signed network of relations obtained from BW1. Previous

literature focused on Birdwatch suggests that the platform

is characterized by two opposing factions, corresponding to

Republican- and Democrat-leaning users, who attach notes to

tweets following behaviors of counter-partisan policing and

inner-partisan cheer-leading [47]. By building on the ideology

score extracted from the tweets, we test whether the groups

identified through our method reproduce this behavior, thereby

evaluating the coherence of our approach with other metrics of

political alignment.

When we retrieve the notes that users from each of these

partitions have given to tweets, we find evidence of these

policing-cheerleading patterns, as our largest group - which

we denote as inferred Democrats - is strongly biased towards

tagging Republican-leaning tweets as misleading. Contrarily,

the smaller partition - inferred Republicans - consistently rates

like-minded tweets as not misleading (see Figure 2).

Evolution of Alignment in Birdwatch

The lower part of Figure 2 shows the time series of SAIR(t)

in BW1. The fluctuations in the measure over time indicate

whether the level of Alignment among interactions increased

or decreased during that particular period. The time series of
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Fig. 2. (Upper figure) Signed network visualization of Birdwatch. Network of signed relationships for the BW1 dataset, comprising a total of

2,676 users and around 25,562 edges, negative colored red and positive blue. Node color corresponds to their group membership as identified by the

exact method. Nodes belonging to the largest (smallest) group are depicted in yellow (black). Negative edges tend to connect different groups, while

positive edges predominantly connect nodes within groups, demonstrating a considerable degree of balance.

Insets: Inferred ideology of the targeted tweet’s author separated by which group targeted the tweet and the nature of the note. We can only retrieve a

score for tweet authors that have connections to political actors (∼ 60% of the users that posted tweets targeted in Birdwatch). The larger group gives

misleading notes with more probability to tweets authored by Republican users, i.e. counter-partisan policing, with a slightly higher tendency to give

not misleading notes to tweets by Democrat users. Thus, we identify the larger group as Democrat-leaning. The smaller group is much more likely to

give not misleading notes to tweets authored by Republican users, showing a pattern of cheer-leading within Republicans and thus being identified as

Republican-leaning.

(Lower figure) Timeline of Alignment, Cohesiveness and Divisiveness in Birdwatch (BW1). The time series of each metric is calculated

over a rolling window of ten days with increases of 5 days, with values allocated on the right of each window. The shaded area around Alignment time

series shows 95% Confidence Intervals calculated against 10, 000 instances of the null model. Divisiveness is shown in red and Cohesiveness is shown

in blue, with lighter areas showing the contribution of Democrat-leaning users to each metric and the remaining area above showing the contribution

of Republican-leaning users. Bootstrapping intervals in Divisiveness and Cohesiveness are obtained for 10,000 bootstrap samples with replacement.

The Alignment measure, SAIR(t), oscillates around a mean value of 0.65. Divisiveness stays consistently above Cohesiveness, showing that negative

interactions are the main driver of Alignment. Detected peaks in SAIR(t) are marked with circles and notable political events in the US are marked

with vertical dashed lines for reference. For each peak, a summary text analysis of tweets in that period is shown in SI Appendix, Table S4, which can

be further contextualized as increases in Cohesiveness, Divisiveness, or both.

normalized Cohesiveness and Divisiveness contextualize these

movements, as they show whether peaks are due to higher

cohesion within groups or higher division between groups, and

what is the contribution of each group to these metrics. In these

time series, Antagonism and Alignment have a low correlation,

which emphasizes the need to consider them as two different

measures (more details can be found in SI Appendix, Fig. S5).
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We applied a peak detection algorithm and identified five

local maxima of SAIR(t) that are marked in Figure 2. To

understand the context of the tweets on the day of each

peak, we generated wordshift diagrams [63] for each peak in

comparison to the rest of the tweets. Details on the wordshift

diagrams can be found in SI Appendix, Fig. S7, Fig. S8 and

Fig. S9. Our analysis shows that peaks of Alignment happen

around controversial topics in the US. For example, we see that

the second peak, associated with events related to COVID-

19 vaccination (B), is driven by an increase in Divisiveness,

especially from Democrat-leaning users. Alternatively, the third

detected peak, which is associated with events about police

shootings (C,D,E) , has a stronger contribution of Cohesiveness,

especially within the Republican-leaning users. The other three

peaks (1st, 4th and 5th) are driven by a mix of Cohesiveness and

Divisiveness. The keywords and events at those time periods

point towards discussions regarding the US Government and

its policies (G), Donald Trump and 2020 election results (F),

and other relevant events such as the Capitol insurrection or

the Texas Power Crisis (A). A list of keywords and identified

relevant events can be found in SI Appendix, Table S4.

Results for DerStandard

Our approach to detecting groups in the DerStandard network

shows that this network has an optimal k∗ of two groups,

as in Birdwatch. The size of these groups is slightly more

similar, with the largest one comprising 62% of the nodes.

Even though the DerStandard dataset spans a much longer

period and contains more users than the Birdwatch datasets,

the Global Alignment of the network is substantially high

(SAIG = 0.3955), showing that alignment can appear across

different sizes and time scales. Divisiveness (0.2899) is still

considerably higher than Cohesiveness (0.1409), also mirroring

the results for Birdwatch. More details on these results can be

found in SI Appendix, Table S3.

Given the classification of news in DerStandard, we can

measure Alignment and Antagonism on the set of user ratings

focused on specific topics, thus locating issues in the space

of network structures shown in Fig. 1. The scatter plot

for Alignment and Antagonism of DerStandard topics is

shown in Figure 3, where the spread of values allows for

all four combinations outlined by our approach. Alignment

and Antagonism have a low correlation across topics (r =

−0.0016, p = 0.981, 95% CI [−0.134, 0.131]), suggesting that

these two concepts should not be conflated into a general

dimension of polarization. By inspecting the topics falling into

each quadrant of the plot, we find their distribution agrees

with intuitive expectations. For example, topics with a high

conflict potential such as migration, COVID-19 politics, gender

politics, climate change, and elections are on the high range of

Antagonism, whereas lifestyle, sports, and culture topics such

as movies, family, travel, art market or international football

are located in the low ranges of Antagonism. With regard to the

dimension of Alignment, we find that conflicting topics such as

national elections, abortion, military service, or climate change

are more aligned than migration or COVID-19 politics. These

last two were indeed issues that did not divide the Austrian

population clearly into left and right. Note that these patterns

cannot be explained by the number of ratings, posts, or articles

on each topic, as shown more in detail in the SI Appendix,

section 3B.

We highlight a few examples within each quadrant of Figure

3 to better illustrate how Alignment and Antagonism relate
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Fig. 3. Alignment versus Antagonism and Cohesiveness versus

Divisiveness across DerStandard topics. The upper figure shows

Antagonism and Alignment of the ratings of each news topic in

DerStandard. Topics have been selected based on the topic/subtopic

tags associated with the articles located above the postings (e.g., sports,

climate change, etc.). Dashed lines show the mean values of each metric

to identify the quadrants depicted in Figure 1. An interactive version

of this figure can be found at https://emmafrax.github.io/scatter.html.

The lower figure shows the scatterplot of Divisiveness versus Cohesiveness

for DerStandard rating sub-sets based on topics. These two measures,

which account for two different mechanisms that define Alignment,

have a significant correlation across topics of 0.8. The highlighted

outliers correspond to: (1) BVT (Austrian counterterrorism agency), (2)

Abortion, (3) Scheuba (Austrian comedian) and (4) ÖVP (Political Party)

to each other. While Refugees and COVID-19 politics are

identified as conflicting topics, resulting in higher levels of

Antagonism, they do not align precisely with the primary

division line. During the crucial years for those topics

of 2015/16 and 2020/21, we have seen some unexpected
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Fig. 4. Alignment timeline in DerStandard ratings sub-set of

political topics, with detailed fluctuations in election periods.

Upper timeline figure shows the Alignment measure obtained using a

rolling window of 120 days of width and a step of 14 days. The features of

the rolling window are selected so that the trends in Alignment through

the eight years are visible, e.g. the change in trend at the start of 2016.

In the lower figures we show more detailed changes of Alignment, with a

rolling window of 30 days of width and a step of 7 days, around the three

repetitions of the 2016 Presidential elections (A: 1,2 and 3) and the 2017

and 2019 Legislative Elections (B and C).

political alliances that do not follow from a classical left-

right spectrum. These include common platforms between

the anti-migration left and right-wing populists or the anti-

statist right and anti-vaccine parts of rather left-wing Green

parties. These agreements on certain issues between otherwise

ideologically distant parties have historically been described by

the term ”Querfront” (”cross-front”) [64]. Conversely, the tag

National elections exhibits both Antagonism and Alignment,

indicating a combination that favors polarization. This can be

explained by federal elections in a representative democracy

to lead to more discussion along traditional party lines.

Additionally, Corruption allegations pertains to specific events

involving some of the political parties in Austria. Although

it demonstrates Alignment, these particular events did not

generate substantial conflict within the platform. This could

potentially be due to a limited number of defenders of those

specific parties that have been covered much in the news in

a corruption context (FPÖ and ÖVP, resulting from their

joint government coalition), as DerStandard is historically

considered a more left-liberal-leaning newspaper. As expected,

a more offtopic tag such as Movies exhibits low levels of both

Alignment and Antagonism.

While Antagonism and Alignment across topics are

weakly correlated, Cohesiveness and Divisiveness are strongly

correlated, as shown on the lower panel of Fig 3. This

is expected, as the affective component of polarization

captured by Alignment implies a correlation between out-

group animosity and in-group support. Nevertheless, there are

topics that deviate from the association between Cohesiveness

and Divisiveness by having substantially higher Divisiveness:

BVT (Institution), Abortion, Scheuba (Austrian comedian)

and ÖVP (Political Party) (see lower panel of Fig 3), while

this pattern is not mirrored for Cohesiveness. As with the time

series of Alignment on Birdwatch, measuring Cohesiveness and

Divisiveness is informative even though they both form part of

the same phenomenon of Alignment.

The time series of Alignment in DerStandard reveals how

cleavages become salient around politically-relevant events.

Figure 4 shows the time series SAIR(t) for all DerStandard

discussions in news on three topics: national elections, parties,

and the federal president. This highlights political discussions

from other, less-contentious topics as identified above. There

is a clear change in the trend of Alignment at the beginning

of 2016, showing steady growth up to the beginning of 2017.

This falls into the time period of the so-called ”2015 European

migrant crisis” [65] when migrants arrived in Europe in numbers

that were unprecedented since World War Second. While

migration started before 2016, the rise in Alignment starts right

after the reporting of sexual assaults during New Year’s Eve

2015-2016 celebrations in Cologne, Germany[66], which were

widely covered in German-speaking media and debated over

the following year.

Political events can also drive decreases in Alignment,

especially if we consider that Austria has a multi-party system.

After an election, the political climate changes toward building

government coalitions with multiple parties, thus predicting

lower Alignment as suggested by the case of online networks of

Swiss politicians [67]. This can be observed in the time series

of Alignment in DerStandard if we zoom in to recent elections.

Panel A of Figure 4 shows the timeline of Alignment during

2016, where the increase in Alignment that year accelerates

after the result of a presidential election was overturned by the

Supreme Court of Justice. This controversial decision lead to

a period of increased Alignment towards the repetition of the

election, to then quickly reset to earlier levels of Alignment as

soon as the repeated election took place and a candidate won

by a large margin.

Panel B of Figure 4 shows a decrease in Alignment that

happened shortly before the 2017 legislative elections, which

was called early since there were clear favorite parties to form

a coalition in pre-election polls. The effect of the legislative

elections in 2019 (panel C) showed a sharp decrease in

Alignment afterward, as the result was not as clearly expected

as in 2017 and which led to a new government coalition with a

party that was not involved in the previous government.

Conclusions

We have successfully factored online polarization into two

dimensions: Antagonism, representing the level of hostility

or disagreement in an online discussion, and Alignment,

determined by the tendency of individuals to position

themselves in a discussion according to their belonging to a

group (or for that matter, their positioning across the ”other”

group(s)). These two measures, although both contributing

to polarization, have distinct characteristics and are weakly

correlated across topics. We discovered that large-scale online

political discussions exhibit an underlying polarized structure,

which becomes more prominent when examining discussions

centered around aligned topics. An essential takeaway is that

online polarization is a dynamic, responsive phenomenon deeply

influenced by contemporary political and societal events. It

exhibits rapid responses, but through an examination spanning

a sufficiently extended time frames, such as in the case of

DerStandard, we can discern overarching trends alongside

specific peaks.

Particularly, in terms of insights drawn from the study of

Birdwatch, we found that changes in polarization can arise from

different mechanisms (i.e. Cohesiveness or Divisiveness) within

one or both of the groups. Additionally, the identification

of Republicans and Democrats provides valuable insights into
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the status of each topic and positioning in relevant online

discussions. Our findings on Birdwatch, as a platform dedicated

to crowd-sourced fact-checking which has now been extended

globally, can be beneficial to understanding the dynamics

and effectiveness of using a wisdom-of-the-crowds approach to

combat misinformation.

On the other hand, through our comprehensive analysis

of DerStandard, we have uncovered that topics such as

COVID-19 politics and Refugees, despite their contentious

and relevant nature in online discussions, do not align with

Austria’s general Left-Right divide. This finding sheds light on

the political divisions within Austria and serves as evidence

that our methodology is capable of identifying cross-cutting

cleavages, as these are topics with high antagonism but lower

alignment. Furthermore, through an analysis of the temporal

trends of Alignment pertaining to politically relevant topics,

our findings demonstrate coherence with expected behaviors

given the context of the respective time frames.

FAULTANA, our proposed pipeline, is agnostic in terms of

political system (is applicable to multi-party as well as two-

party), language, or issue dimensions, and can be extended

to other use cases as long as positive and negative interaction

information is available. It can also be tuned to platform-

specific features, for example choosing the prior distribution

for user relations. In the specific cases of DerStandard and

Birdwatch, we were able to retrieve a division in the ideological

spectrum (left .vs. right), but it is possible that other platforms’

main divisions fall between other social, demographic or

ideological positionings. Therefore, it allows us to study the

main cleavage in a platform’s community without the need of

classifying users by their opinions a priori.

Our work is subject to several limitations, the main one

being that we have to use approximated methods to find (near)-

optimal partitions for large scale networks. However, even in

that situation, we still capture significant values for our metrics

and our approximated results are comparable to the exact

results for the BW1 dataset, which brings us to the conclusion

that we are still measuring what we aimed to, even if not at

the highest accuracy possible. Moreover, even in the exact

solution it is not possible to ensure a unique single optimal

partition, since the method only ensures a unique solution for

the minimum amount of frustrated edges, and several partitions

can satisfy that requirement [57].

On the other hand, a relevant assumption is on the fixed

belonging of users to a group defined by the optimal partition.

We are assuming there is a global clustering to which users

are aligned. This is not too far-fetched given the fact that

there tends to exist issue alignment in society [68, 1] and

we consider different numbers of clusters that lead to lower

alignment. However, for long time scales or unprecedented

global phenomena such as the COVID-19 pandemic, there could

be relevant changes in these structures.

We leave for future work the inclusion of a tracing system

that assesses the partition quality through time and updates

it accordingly. With access to longitudinal data for large

populations, our method could be very useful to automatically

detect shifts in the main lines of division, which would

provide more accurate pictures of polarization in terms of its

components of alignment and antagonism, how it manifests

across topics, and how it evolves over time .
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